


Recap

2

• Sample based UMDPs consider a finite set of possible models 
‣ Enables modelling dependencies between transitions 
‣ Enables less conservative behaviour 
‣ Enables adaptive behaviour 
‣ Problem becomes hard to solve optimally 

- We looked at approximation techniques

• Regret is a suitable measure which trades-off robustness and conservatism

• We optimise for regret where we assume -step rectangularity rather than ( -step) 
rectangularity 
‣ Consider  step dependencies

n 1

n



Course contents
• Markov decision processes (MDPs) and stochastic games 
‣ MDPs: key concepts and algorithms 
‣ stochastic games: adding adversarial aspects 

• Uncertain MDPs 
‣ MDPs + epistemic uncertainty, robust control, 

robust dynamic programming, interval MDPs, 
uncertainty set representation, challenges, tools 

• Sample-based uncertain MDPs 
- removing the transition independence assumption 

• Bayes-adaptive MDPs 
‣ maintaining a distribution over the possible models 
‣ usage in mission planning for robots 3



Bayes-adaptive MDPs



Adding prior over uncertainty set

5

ℳ = (S, s0, A, ", C, goal)

• Add prior  over p(P) "

• Turns the problem into a model-based Bayes-adaptive reinforcement learning (RL) 
problem

• We do not make assumptions on uncertainty set  or the form of its prior"
‣ We will see how to work explicitly with a finite "
‣ An open question is what are suitable ways of maintaining and updating  when  is 

continuous and has dependencies
p(P) "

- Problem specific

- We will discuss a few approaches later

p(P)



Bayes-adaptive MDP
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ℳ = (S, s0, A, ", C, goal)

• Add prior  over p(P) "

• The BAMDP for  is defined as , where:ℳ ℳ+ = (S+, A, s0, P+, C+, goal+)
‣  is the set of statesS+ = (S × A)* × S

- A state in the BAMDP is a state-action history (aka path) s+ = (s0a0s1a1…sn−1an−1sn)
- We will also use  and denote BAMDP states as h ∈ (S × A)* s+ = (hs)

‣ The transition function is defined as  

-  

‣ C+(hs, a) = C(s, a)
‣  if and only if hs ∈ goal+ s ∈ goal

p(P)

P+(hs, a, hsas′ ) = ∫P∈"
P(s, a, s′ )p(P ∣ hs)dP

For finite ,  " P+(hs, a, hsas′ ) = ∑
P∈"

P(s, a, s′ )p(P ∣ hs)



Calculating a posterior the uncertainty set
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p(P ∣ h) = p(h ∣ P)p(P)
p(h)

p(P ∣ s0) = p(P)

p(P ∣ hsas′ ) = P(s, a, s′ )p(P ∣ hs)

∑
P′ ∈"

P′ (s, a, s′ )p(P′ ∣ hs)

• Using Bayes rule, we can recursively compute the posterior over the uncertainty set 
given the observed history 
‣ This is our belief over which is the real model



Example
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North currents - 

• Action: move up ( )
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0.2

0.8

North currents - 

• Action: move east 
( )

PN
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0.2

0.8

North currents - 

• Action: move west 
( )

PN

W
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0.2

0.8

North currents - 

• Action: move south 
( )

PS
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1.0
North currents - 

• Action: move up ( )

PN

N



Example

13

" = {PZ, PN, PS, PW, PE}

p(P ∣ s0) = p(P) = [PZ : 0.2,
PN : 0.2,
PS : 0.2,
PW : 0.2,
PE : 0.2]

s3

s2

s1

P+(hs, a, hsas′ ) = ∑
P∈"

P(s, a, s′ )p(P ∣ hs)

p(P ∣ s0) = p(P)

p(P ∣ hsas′ ) = P(s, a, s′ )p(P ∣ h)

∑
P′ ∈"

P′ (s, a, s′ )p(P′ ∣ h)
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13

" = {PZ, PN, PS, PW, PE}

p(P ∣ s0) = p(P) = [PZ : 0.2,
PN : 0.2,
PS : 0.2,
PW : 0.2,
PE : 0.2]

s3

s2

s1

s0Ns0

s0Ns2

s0Ns3

s0Ns1

s0
N

P+(hs, a, hsas′ ) = ∑
P∈"

P(s, a, s′ )p(P ∣ hs)

p(PN ∣ s0Ns1) = p(PS ∣ s0Ns1) = p(PE ∣ s0Ns1) = 0.8 ⋅ 0.2
0.88 ≈ 0.182

∑
P∈"

P(s0, N, s1)p(P ∣ s0) = 1.0 ⋅ 0.2 + 0.8 ⋅ 0.2 + 0.8 ⋅ 0.2 + 1.0 ⋅ 0.2 + 0.8 ⋅ 0.2 = 0.88

p(PZ ∣ s0Ns1) = p(PW ∣ s0Ns1) = 1.0 ⋅ 0.2
0.88 ≈ 0.227

p(P ∣ s0Ns1) = [PZ : 0.227,
PN : 0.182,
PS : 0.182,
PW : 0.227,
PE : 0.182]

p(P ∣ s0) = p(P)

p(P ∣ hsas′ ) = P(s, a, s′ )p(P ∣ h)

∑
P′ ∈"

P′ (s, a, s′ )p(P′ ∣ h)

P+(s0, N, s0Ns1) =

0.88
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" = {PZ, PN, PS, PW, PE}

p(P ∣ s0) = p(P) = [PZ : 0.2,
PN : 0.2,
PS : 0.2,
PW : 0.2,
PE : 0.2]

s0Ns1

s0Ns0

s0
N

s0Ns2

s0Ns3

P+(hs, a, hsas′ ) = ∑
P∈"

P(s, a, s′ )p(P ∣ hs)

p(PZ ∣ s0Ns0) = p(PN ∣ s0Ns0) = p(PW ∣ s0Ns0) = p(PE ∣ s0Ns0) = 0.0 ⋅ 0.2
0.04 = 0

∑
P∈"

P(s0, N, s0)p(P ∣ s0) = 0.0 ⋅ 0.2 + 0.0 ⋅ 0.2 + 0.2 ⋅ 0.2 + 0.0 ⋅ 0.2 + 0.0 ⋅ 0.2 = 0.04

p(PS ∣ s0Ns0) = 0.2 ⋅ 0.2
0.04 = 1

p(P ∣ s0Ns0) = [PZ : 0,
PN : 0,
PS : 1,
PW : 0,
PE : 0]

p(P ∣ s0) = p(P)

p(P ∣ hsas′ ) = P(s, a, s′ )p(P ∣ h)

∑
P′ ∈"

P′ (s, a, s′ )p(P′ ∣ h)

P+(s0, N, s0Ns0) =

s3

s2

s1

0.88

0.04
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" = {PZ, PN, PS, PW, PE}

p(P ∣ s0) = p(P) = [PZ : 0.2,
PN : 0.2,
PS : 0.2,
PW : 0.2,
PE : 0.2]

s0Ns1

s0Ns0

s0
N

s0Ns2

s0Ns3

P+(hs, a, hsas′ ) = ∑
P∈"

P(s, a, s′ )p(P ∣ hs)

p(PZ ∣ s0Ns0) = p(PN ∣ s0Ns0) = p(PW ∣ s0Ns0) = p(PE ∣ s0Ns0) = 0.0 ⋅ 0.2
0.04 = 0

∑
P∈"

P(s0, N, s0)p(P ∣ s0) = 0.0 ⋅ 0.2 + 0.0 ⋅ 0.2 + 0.2 ⋅ 0.2 + 0.0 ⋅ 0.2 + 0.0 ⋅ 0.2 = 0.04

p(PS ∣ s0Ns0) = 0.2 ⋅ 0.2
0.04 = 1

p(P ∣ s0Ns0) = [PZ : 0,
PN : 0,
PS : 1,
PW : 0,
PE : 0]

p(P ∣ s0) = p(P)

p(P ∣ hsas′ ) = P(s, a, s′ )p(P ∣ h)

∑
P′ ∈"

P′ (s, a, s′ )p(P′ ∣ h)

P+(s0, N, s0Ns0) =

s3

s2

s1

0.88

0.04
0.04

0.04
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" = {PZ, PN, PS, PW, PE}

s0Ns1

s0Ns0

s0
N

s0Ns2

s0Ns3

N

P+(hs, a, hsas′ ) = ∑
P∈"

P(s, a, s′ )p(P ∣ hs)

p(P ∣ s0) = p(P)

p(P ∣ hsas′ ) = P(s, a, s′ )p(P ∣ h)

∑
P′ ∈"

P′ (s, a, s′ )p(P′ ∣ h)

∑
P∈"

P(s0, N, s1)p(P ∣ s0Ns0) = 1.0 ⋅ 0.0 + 0.8 ⋅ 0.0 + 0.8 ⋅ 1.0 + 1.0 ⋅ 0.0 + 0.8 ⋅ 0.0 = 0.8

P+(s0Ns0, N, s0Ns0Ns1) =

0.88

s3

s2

s1

0.04
0.04

0.04 s0Ns0Ns1
0.8

s0Ns0Ns0
0.2

∑
P∈"

P(s0, N, s0)p(P ∣ s0Ns0) = 1.0 ⋅ 0.0 + 0.0 ⋅ 0.0 + 0.2 ⋅ 1.0 + 0.0 ⋅ 0.0 + 0.0 ⋅ 0.0 = 0.2

P+(s0Ns0, N, s0Ns0Ns0) =

…

p(P ∣ s0Ns0) = [PZ : 0,
PN : 0,
PS : 1,
PW : 0,
PE : 0]



Bayes-adaptive MDP
• Optimally solves the exploration (improving belief over model) and exploitation (use 

current belief to achieve the goal) problem

• Possible models + prior can be viewed as a partially observable MDP (POMDP)
‣ Agent state fully observable
‣ Latent feature is the model we are executing in
‣ Observation set is the set of agent states
‣ The BAMDP is the belief MDP of this POMDP
‣ If the environment is dynamic then we need to model the problem as a POMDP (specifically a 

mixed-observability MDP)

• BAMDP state-space is infinite
‣ One can use adaptations of POMDP techniques
‣ We will look into one such technique, based on Monte-Carlo Tree Search, named Bayes-

adaptive Monte Carlo Planning (BAMCP) 17



Monte-Carlo Tree Search



MCTS
• In many cases it is expensive or difficult to enumerate states, or there is no access to 

an explicit transition function, but can simulate the transitions between states

‣ Use a Monte-Carlo (i.e sampling-based) approach to approximate the value function

• Monte-Carlo Tree Search (MCTS) is a trial-based tree search algorithm that has been 
extremely successful approximating solutions (e.g. AlphaGo)

‣ Allows for online (interleaving planning and execution) or offline planning

‣ Under certain configurations, provides PAC guarantees - “with probability 0.95 the solution 
from x trials is within 5% of optimal”

‣ In the limit (i.e. given infinite samples), produces the optimal value function, but can also 
function as an anytime algorithm



MCTS
• We introduce MCTS for MDPs 

• Two types of search nodes 

‣ Decision nodes - correspond to states and are use to keep estimate of  

‣ Chance nodes - correspond to state-action pairs and are used to keep estimate of 

V(s)
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6.2. SAMPLING-BASED TECHNIQUES 111

What happens to the algorithms we have explored in this book so far if they are run on an
MDP with an exponentially sized transition function, as above? Let us divide these techniques into
two (non-mutually exclusive) groups, those that compute Q-values via Definition 3.7 (e.g., RTDP)
and those that use determinizations (e.g., FF-Replan). Computing a Q-value requires iterating over
all of an action’s successors, whose number for the MDPs we are considering is exponential in the
problem description size. Thus, the first group of methods will need to perform a prohibitively
expensive operation for every state transition, rendering them impractical.1 The second group of
methods does not fare much better. In the presence of a large transition function, their preprocessing
step, generating the determinization, requires an exponential effort as well. Thus, all the machinery
we have seen seems defeated by such MDPs.

6.2.1 UCT
UCT [128] is a planning algorithm that can successfully cope even with exponential transition
functions. Exponential transition functions plague other MDP solvers ultimately because these
solvers attempt to enumerate the domain of the transition function for various state-action pairs,
e.g., when summing over the transition probabilities or when generating action outcomes to build
determinizations. As a consequence, they need the transition function to be explicitly known and
efficiently enumerable. Instead, being a Monte Carlo planning technique [89], UCT only needs
to be able to efficiently sample from the transition function and the cost function. This is often
possible using an environment simulator even when the transition function itself is exponentially
sized. Moreover, the fact that UCT only needs access to the transition and cost functions in the
form of a simulator implies that UCT does not need to know the transition probabilities (and action
costs) explicitly.

As Algorithm 6.2 shows, UCT works in a similar way to RTDP. It samples a number of
trajectories, or rollouts in UCT terminology, through the state space, and updates Q-value approxi-
mations for the state-action pairs the trajectories visit. The rollouts have the length of at most Tmax ,
a user-specified cutoff, as is common for RTDP as well. However, the way UCT selects an action
in a state, and the way it updates Q-value approximations is somewhat different from RTDP. For
each state s, UCT maintains a counter ns of the number of times state s has been visited by the
algorithm.The ns counter is incremented every time a rollout passes through s. For each state-action
pair 〈s, a〉, UCT maintains a counter ns,a of how many times UCT selected action a when visiting
state s. Clearly, for each s, ns = ∑

a∈A ns,a . Finally, for each 〈s, a〉, UCT keeps track of Q̂(s, a),
an approximation of the Q-value of a in s equal to the average reward accumulated by past rollouts
after visiting s and choosing a in s (line 30). In every state s, UCT selects an action

a′ = argmin
a∈A

{

Q̂(s, a) − C

√
ln(ns)

ns,a

}

(6.2)

1The use of ADDs may alleviate the problem of computing Q-values in some, though not all, such problems.

forces exploration by making under-
selected actions look cheaper

Upper confidence bound applied to 
trees (UCT)
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6.2. SAMPLING-BASED TECHNIQUES 111

What happens to the algorithms we have explored in this book so far if they are run on an
MDP with an exponentially sized transition function, as above? Let us divide these techniques into
two (non-mutually exclusive) groups, those that compute Q-values via Definition 3.7 (e.g., RTDP)
and those that use determinizations (e.g., FF-Replan). Computing a Q-value requires iterating over
all of an action’s successors, whose number for the MDPs we are considering is exponential in the
problem description size. Thus, the first group of methods will need to perform a prohibitively
expensive operation for every state transition, rendering them impractical.1 The second group of
methods does not fare much better. In the presence of a large transition function, their preprocessing
step, generating the determinization, requires an exponential effort as well. Thus, all the machinery
we have seen seems defeated by such MDPs.

6.2.1 UCT
UCT [128] is a planning algorithm that can successfully cope even with exponential transition
functions. Exponential transition functions plague other MDP solvers ultimately because these
solvers attempt to enumerate the domain of the transition function for various state-action pairs,
e.g., when summing over the transition probabilities or when generating action outcomes to build
determinizations. As a consequence, they need the transition function to be explicitly known and
efficiently enumerable. Instead, being a Monte Carlo planning technique [89], UCT only needs
to be able to efficiently sample from the transition function and the cost function. This is often
possible using an environment simulator even when the transition function itself is exponentially
sized. Moreover, the fact that UCT only needs access to the transition and cost functions in the
form of a simulator implies that UCT does not need to know the transition probabilities (and action
costs) explicitly.

As Algorithm 6.2 shows, UCT works in a similar way to RTDP. It samples a number of
trajectories, or rollouts in UCT terminology, through the state space, and updates Q-value approxi-
mations for the state-action pairs the trajectories visit. The rollouts have the length of at most Tmax ,
a user-specified cutoff, as is common for RTDP as well. However, the way UCT selects an action
in a state, and the way it updates Q-value approximations is somewhat different from RTDP. For
each state s, UCT maintains a counter ns of the number of times state s has been visited by the
algorithm.The ns counter is incremented every time a rollout passes through s. For each state-action
pair 〈s, a〉, UCT maintains a counter ns,a of how many times UCT selected action a when visiting
state s. Clearly, for each s, ns = ∑

a∈A ns,a . Finally, for each 〈s, a〉, UCT keeps track of Q̂(s, a),
an approximation of the Q-value of a in s equal to the average reward accumulated by past rollouts
after visiting s and choosing a in s (line 30). In every state s, UCT selects an action

a′ = argmin
a∈A

{

Q̂(s, a) − C

√
ln(ns)

ns,a

}

(6.2)

1The use of ADDs may alleviate the problem of computing Q-values in some, though not all, such problems.

forces exploration by making under-
selected actions look cheaper
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trees (UCT)
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6.2. SAMPLING-BASED TECHNIQUES 111

What happens to the algorithms we have explored in this book so far if they are run on an
MDP with an exponentially sized transition function, as above? Let us divide these techniques into
two (non-mutually exclusive) groups, those that compute Q-values via Definition 3.7 (e.g., RTDP)
and those that use determinizations (e.g., FF-Replan). Computing a Q-value requires iterating over
all of an action’s successors, whose number for the MDPs we are considering is exponential in the
problem description size. Thus, the first group of methods will need to perform a prohibitively
expensive operation for every state transition, rendering them impractical.1 The second group of
methods does not fare much better. In the presence of a large transition function, their preprocessing
step, generating the determinization, requires an exponential effort as well. Thus, all the machinery
we have seen seems defeated by such MDPs.

6.2.1 UCT
UCT [128] is a planning algorithm that can successfully cope even with exponential transition
functions. Exponential transition functions plague other MDP solvers ultimately because these
solvers attempt to enumerate the domain of the transition function for various state-action pairs,
e.g., when summing over the transition probabilities or when generating action outcomes to build
determinizations. As a consequence, they need the transition function to be explicitly known and
efficiently enumerable. Instead, being a Monte Carlo planning technique [89], UCT only needs
to be able to efficiently sample from the transition function and the cost function. This is often
possible using an environment simulator even when the transition function itself is exponentially
sized. Moreover, the fact that UCT only needs access to the transition and cost functions in the
form of a simulator implies that UCT does not need to know the transition probabilities (and action
costs) explicitly.

As Algorithm 6.2 shows, UCT works in a similar way to RTDP. It samples a number of
trajectories, or rollouts in UCT terminology, through the state space, and updates Q-value approxi-
mations for the state-action pairs the trajectories visit. The rollouts have the length of at most Tmax ,
a user-specified cutoff, as is common for RTDP as well. However, the way UCT selects an action
in a state, and the way it updates Q-value approximations is somewhat different from RTDP. For
each state s, UCT maintains a counter ns of the number of times state s has been visited by the
algorithm.The ns counter is incremented every time a rollout passes through s. For each state-action
pair 〈s, a〉, UCT maintains a counter ns,a of how many times UCT selected action a when visiting
state s. Clearly, for each s, ns = ∑

a∈A ns,a . Finally, for each 〈s, a〉, UCT keeps track of Q̂(s, a),
an approximation of the Q-value of a in s equal to the average reward accumulated by past rollouts
after visiting s and choosing a in s (line 30). In every state s, UCT selects an action

a′ = argmin
a∈A

{

Q̂(s, a) − C

√
ln(ns)

ns,a

}

(6.2)

1The use of ADDs may alleviate the problem of computing Q-values in some, though not all, such problems.

forces exploration by making under-
selected actions look cheaper

Upper confidence bound applied to 
trees (UCT)
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Bayes-adaptive Monte-Carlo Planning

38

1. Repeat (until goal reached) 
1. Repeat (until timeout) 

1. Sample  according to  (root sampling) 

2. Run MCTS trial under  

2. Execute action in the environment according to search tree 

3. Observe outcome and update  accordingly

P p(P)
P

p(P)

s0
3

7.5
s0, a1

2
7.5

s0, a2
1
9

s0a1s5
1
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1
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1
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s0a1s5, a2
1
5

s0a1s5a2s4
1
5

s0a1s5a2s4, a3
1
5
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Summary

39

• Putting a prior over the uncertainty set yields a model based Bayes-adaptive RL 
problem

• The problem can be encoded into a specific type of belief MDP, names Bayes-
adaptive MDP

• To plan for BAMDPs, we use an MCTS algorithm which incrementally builds and 
approximates the BAMDP solution

• Until now, we have not discussed an aspect that has been central in the previous 4 
lectures
‣ Robustness to model uncertainty
‣ BAMCP optimises in expectation
‣ We will address robustness in a BAMDP context in the end of this lecture
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Epistemically Uncertain Robots



Sequential decision-making techniques to allow 
long-lived autonomous robots to achieve their 

goals, under uncertainty



Mission planning for autonomous systems with 
probabilistic guarantees and rich specifications



Multi-robot coordination with team guarantees, 
resource constraints and continuous time



Planning with models acquired online or through learning
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algorithm policy execution
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controller, 

state machine, 
…

… 
domain, 
physics, 
causality
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(Offline) Robot Mission Planning
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Successful long-term robotic autonomy requires:
1. Data-driven model learning

2. Modelling and planning approaches that explicitly reason about the epistemic uncertainty 
inherent to models learnt from data

3. Incorporating rich specifications that go beyond typical reward maximisation in expectation

Position Statement
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Successful long-term robotic autonomy requires:
1. Data-driven model learning

2. Modelling and planning approaches that explicitly reason about the epistemic uncertainty 
inherent to models learnt from data

3. Incorporating rich specifications that go beyond typical reward maximisation in expectation

Using data to populate MDPs

Position Statement
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N. Hawes et al. “The STRANDS project: Long-term autonomy in everyday environments”. IEEE Robotics & Automation Magazine, 24(3), 2017. 48

• Robots are deployed for months of unsupervised autonomous behaviour in real 
end-user environments 

• Long- and short-term variation in tasks, resources and environments requires 
planning

Long-Term Autonomy



Transport Systems Catapult, Milton Keynes, UK



object search

door passing

docking to charge

activity learning



fail! fail!

planning must take into 
account the uncertainty 
associated with (at least) 
success and duration uncertain durations



Fig. 4. reconstructed signal for traversability and time along different time periods, top left figure is the action outcomes used for the model building, the
remaining three figures represent the predicted pe(t) state along different time frames, one month (top right), one week (bottom left) and one day (bottom
right). Weekly and monthly periodicities are presented starting from Monday, the day depicted in the bottom left figure is a Thursday.

policies that maximise overall expected success of the LTL
task.

In order to generate a policy at a given time t, we start
by creating an MDP model based on the topological map
T = hV,E,N,nav , PEi. This Navigation MDP at time t
is defined as a tuple Mt = hS, s, A, �i, where: (i) S =
V [ {sf} is a finite set of states, corresponding to the
topological nodes, plus a dump state sf , which is reached
after a navigation action failure; (ii) s 2 S is the initial
state, corresponding to the current position of the robot in
the environment; (iii) A = E is a finite set of actions,
corresponding to the edges in the topological map; (iv)
� : S ⇥A⇥ S ! [0, 1] is a probabilistic transition function,
where

P
s02S �(s, a, s0) 2 {0, 1} for all s 2 S, a 2 A. For

vi, vj 2 S, if there is an edge e = (vi, vj) in the topological
map, we define �(vi, e, vj) = pe(t), �(vi, e, sf ) = 1� pe(t)
and �(vi, e, v) = 0 for all v 2 S \ {vj , sf}.

In [20], it is shown how, given a co-safe LTL formula
' and a cost function defined over state-action pairs of the
MDP (in our case, such function would be the expected time
to navigate between two nodes in the environment), one can
create policies that minimize the accumulated cost to gener-
ate a trace of the system that satisfies '. Broadly speaking,
LTL allows for the specification of goals that are not simply
reaching a given target node in the environment, but can
be temporally extended goals that require, for example, a
set of nodes to be visited in a given order, or to visit a
given node while avoiding a set of forbidden nodes. The co-
safe fragment of LTL contains all the formulas that can be
satisfied by a finite trace of the system. An example of such
a task is a mail delivery robot that needs to distribute mail to
different rooms in a building, and minimise the time spent
in delivery so it can be available to do other tasks as soon
as possible.

We adapted the approach in [20], and use the PRISM

model checker [21] to generate a policy that maximizes
the probability of satisfying a co-safe LTL formula, i.e., we
generate the policy that fulfils the task while minimizing the
probability of occurrence of a continuous navigation failure.

The fact that we can specify tasks that involve visiting
more than one node in the topological map allows us to
analyse the different choices taken by the robot at different
times. More specifically, for the navigation MDPs obtained
from the topological map depicted in Fig. 2, we analyse the
policies obtained for formula (F v1_F v14), i.e., “visit either
node v1 or node v14”. This task allows the policy to choose
which node to try to visit first, taking into account the current
position of the robot, and the traversability probabilities for
the edges in the topological map. Furthermore, it is a type
of task that is common for mobile robots. For example, a
data gathering robot might want to unload its data, and in
nodes v1 and v14 there are data unloading stations it can use.
Thus, to increase the robustness of the system, we want the
robot to choose the station it can navigate to with the lowest
probability of failure.

In Table III, we show the probabilities of being able
to execute the task, starting on v5, without any navigation
failures, for different times of day. As expected, it is possible
to see that during the times where it is more probable
for people to be present in the office, the probability of
fulfilling the task without navigation failures is higher. This
is because the robot asks for human intervention when he has
problems navigating, and the presence of people to help it
increases the probability of fulfilling the navigation task (we
do not consider these interactions with humans as failures).
Furthermore, we also analyse the optimal action for v5 at
different times of day. This illustrates the choice the robot
makes on which area of the environment to visit when at
v5. We depict the choice of visiting v14 in light gray, and
the choice of visiting v1 in dark gray. This choice is heavily

states
actions transition probs

M = hS,A, T, Ci action costs

defined by the map 
and task

learnt from long-term 
experience data

n2n1

n3

fail

0.85

0.05

0.1

a1,2 2 A

B. Lacerda, F. Faruq, D. Parker, and N. Hawes. “Probabilistic planning with formal performance guarantees for mobile service robots”. The 
International Journal of Robotics Research, 38(9), 2019.
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Markov decision Processes



co-safe spec '+

57
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fail
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1. Be robust: Maximise probability of visiting a sequence of states that satisfies the spec

2. Do as much as possible: Even when the overall spec becomes unachievable (e.g., because of a task 
that is to be executed behind a closed door), continue executing and achieve as much of the spec as 
possible

3. Be efficient: Minimise expected time to execute the part of the task that is possible 

B. Lacerda, F. Faruq, D. Parker, and N. Hawes. “Probabilistic planning with formal performance guarantees for mobile service robots”. The 
International Journal of Robotics Research, 38(9), 2019.

Problem Specification - Partial Satisfiability 



co-safe LTL specification 'MDP M

DFA A'⌦

Product MDP M'

Pruned product MDP Mprune
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Progression function p'
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B. Lacerda, F. Faruq, D. Parker, and N. Hawes. “Probabilistic planning with formal performance guarantees for mobile service robots”. The 
International Journal of Robotics Research, 38(9), 2019.
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Solution Diagram
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Real World

<latexit sha1_base64="ch8Ihn8GPQTxPqdN/8cM8TEB2Rc=">AAAB+3icbVDLSgNBEJz1GeNrjUcvg0HwFHaDqMeACh4jmAckS5id9CZDZh/M9ErCkl/x4kERr/6IN//GSbIHTSwYKKq6e7rLT6TQ6Djf1tr6xubWdmGnuLu3f3BoH5WaOk4VhwaPZazaPtMgRQQNFCihnShgoS+h5Y9uZn7rCZQWcfSIkwS8kA0iEQjO0Eg9u3Q3TkAJiDjQW4ZmEvbsslNx5qCrxM1JmeSo9+yvbj/maQgRcsm07rhOgl7GFAouYVrsphoSxkdsAB1DIxaC9rL57lN6ZpQ+DWJlXoR0rv7uyFio9ST0TWXIcKiXvZn4n9dJMbj2MhElKZrrFh8FqaQY01kQtC8UcJQTQxhXwuxK+ZApxtHEVTQhuMsnr5JmteJeVi4equVaLY+jQE7IKTknLrkiNXJP6qRBOBmTZ/JK3qyp9WK9Wx+L0jUr7zkmf2B9/gDakJRS</latexit>

Experience Dataset
<latexit sha1_base64="g8MrgGgl9GUL01l+AJ1Ft9Ms5LE=">AAAB+nicbVBNSwMxEM36WevXVo9egkXwVHaLqMeCB70IFewHtEvJprNtaDZZkqxSan+KFw+KePWXePPfmG33oK0PBh7vzTAzL0w408bzvp2V1bX1jc3CVnF7Z3dv3y0dNLVMFYUGlVyqdkg0cCagYZjh0E4UkDjk0ApHV5nfegClmRT3ZpxAEJOBYBGjxFip55Zumc5MfA0CFDFS9dyyV/FmwMvEz0kZ5aj33K9uX9I0BmEoJ1p3fC8xwYQowyiHabGbakgIHZEBdCwVJAYdTGanT/GJVfo4ksqWMHim/p6YkFjrcRzazpiYoV70MvE/r5Oa6DKYMJGkBgSdL4pSjo3EWQ64zxRQw8eWEKqYvRXTIVGEGptW0YbgL768TJrVin9eOburlmu1PI4COkLH6BT56ALV0A2qowai6BE9o1f05jw5L8678zFvXXHymUP0B87nD0YWlAM=</latexit>

Mission Generator

<latexit sha1_base64="/uAunBT3BwnJ2QT2UsBSVrh3hkw=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2ARXJWZIuqy0o0LFxX6graUTJppQzPJkNwRy9iFv+LGhSJu/Q13/o3pY6GtBwKHc+7h3pwgFtyA5307mZXVtfWN7GZua3tnd8/dP6gblWjKalQJpZsBMUxwyWrAQbBmrBmJAsEawbA88Rv3TBuuZBVGMetEpC95yCkBK3XdozawBwjC9LZ6jcsqipVkEsZdN+8VvCnwMvHnJI/mqHTdr3ZP0SSyYSqIMS3fi6GTEg2cCjbOtRPDYkKHpM9alkoSMdNJp/eP8alVejhU2j4JeKr+TqQkMmYUBXYyIjAwi95E/M9rJRBedVIu4wSYpLNFYSIwKDwpA/e4ZhTEyBJCNbe3YjogmlCwleVsCf7il5dJvVjwLwrnd8V8qTSvI4uO0Qk6Qz66RCV0gyqohih6RM/oFb05T86L8+58zEYzzjxziP7A+fwBDoCWIQ==</latexit>

LTA Component

<latexit sha1_base64="ntyDTB4VYBRTc368RCx1AlXocBs=">AAACA3icbVDLSgMxFM3UV62vqjvdBIvgqswUUZeFbtwIFewD2qFk0kwbmkmG5I5YhoIbf8WNC0Xc+hPu/BvTdhbaeiBwOOdcbu4JYsENuO63k1tZXVvfyG8WtrZ3dveK+wdNoxJNWYMqoXQ7IIYJLlkDOAjWjjUjUSBYKxjVpn7rnmnDlbyDccz8iAwkDzklYKVe8agL7AGCML3hZhrCNRXFSjIJk16x5JbdGfAy8TJSQhnqveJXt69oEtlhKogxHc+NwU+JBk4FmxS6iWExoSMyYB1LJYmY8dPZDRN8apU+DpW2TwKeqb8nUhIZM44Cm4wIDM2iNxX/8zoJhFd+ymWcAJN0vihMBAaFp4XgPteMghhbQqjm9q+YDokmFGxtBVuCt3jyMmlWyt5F+fy2UqpWszry6BidoDPkoUtURdeojhqIokf0jF7Rm/PkvDjvzsc8mnOymUP0B87nD9fhmEo=</latexit>

Mission Component

<latexit sha1_base64="MWSN3DJxb31rvrA0U/ET3eq+sVg=">AAACE3icbVDLSgMxFM34rPVVdekmWARxUWYKPpYFXbgpVLQPaIeSydy2oZlkSDJCKf0HN/6KGxeKuHXjzr8x085CWw8EDuecy809QcyZNq777Swtr6yurec28ptb2zu7hb39hpaJolCnkkvVCogGzgTUDTMcWrECEgUcmsHwKvWbD6A0k+LejGLwI9IXrMcoMVbqFk6r1zWcaCb6+C5ONQNRLBXhuCpD4LimIGQ0zepuoeiW3CnwIvEyUkQZat3CVyeUNIlAGMqJ1m3PjY0/JsowymGS7yQaYkKHpA9tSwWJQPvj6U0TfGyVEPeksk8YPFV/T4xJpPUoCmwyImag571U/M9rJ6Z36Y+ZiBMDgs4W9RKOjcRpQThkCqjhI0sIVcz+FdMBUYQaW2PeluDNn7xIGuWSd146uy0XK5Wsjhw6REfoBHnoAlXQDaqhOqLoET2jV/TmPDkvzrvzMYsuOdnMAfoD5/MHzwKeJQ==</latexit>

MDP using Spatiotemporal Model Predictions

<latexit sha1_base64="Fbo2J38P8JYM7orGCxLFoWRnBPI=">AAACFnicbVBNSxxBFOxZTTSbr40ec2lcArlkMyNEPa7kkkMCio67sA7Lm543bmNPd9P9JrAs/gov+StePCRIruIt/yY96x78Kmgoqurx+lVulfQUx/+i1tLys+crqy/aL1+9fvO2827tyJvaCUyFUcYNc/CopMaUJCkcWodQ5QoH+enXxh/8ROel0Yc0tZhVcKJlKQVQkMadT98RnP6c2gII+YFtZMLKGgeK/zAFKs9NyXdFE/fjTjfuxXPwxyRZkC5bYG/cuTkujKgr1CQUeD9KYkvZDBxJofCsfVx7tCBO4QRHgWqo0Gez+Vln/ENQCl4aF54mPlfvTsyg8n5a5SFZAU38Q68Rn/JGNZU72UxqWxNqcbuorBUnw5uOeCEdClLTQEA4Gf7KxQQcCApNtkMJycOTH5OjzV6y1fuyv9nt9xd1rLL3bIN9ZAnbZn32je2xlAl2zi7Yb/Yn+hVdRlfR39toK1rMrLN7iK7/Axcwn1U=</latexit>

Learn/Update Spatiotemporal Models of Actions
<latexit sha1_base64="Fbo2J38P8JYM7orGCxLFoWRnBPI=">AAACFnicbVBNSxxBFOxZTTSbr40ec2lcArlkMyNEPa7kkkMCio67sA7Lm543bmNPd9P9JrAs/gov+StePCRIruIt/yY96x78Kmgoqurx+lVulfQUx/+i1tLys+crqy/aL1+9fvO2827tyJvaCUyFUcYNc/CopMaUJCkcWodQ5QoH+enXxh/8ROel0Yc0tZhVcKJlKQVQkMadT98RnP6c2gII+YFtZMLKGgeK/zAFKs9NyXdFE/fjTjfuxXPwxyRZkC5bYG/cuTkujKgr1CQUeD9KYkvZDBxJofCsfVx7tCBO4QRHgWqo0Gez+Vln/ENQCl4aF54mPlfvTsyg8n5a5SFZAU38Q68Rn/JGNZU72UxqWxNqcbuorBUnw5uOeCEdClLTQEA4Gf7KxQQcCApNtkMJycOTH5OjzV6y1fuyv9nt9xd1rLL3bIN9ZAnbZn32je2xlAl2zi7Yb/Yn+hVdRlfR39toK1rMrLN7iK7/Axcwn1U=</latexit>

Learn/Update Spatiotemporal Models of Actions
<latexit sha1_base64="Fbo2J38P8JYM7orGCxLFoWRnBPI=">AAACFnicbVBNSxxBFOxZTTSbr40ec2lcArlkMyNEPa7kkkMCio67sA7Lm543bmNPd9P9JrAs/gov+StePCRIruIt/yY96x78Kmgoqurx+lVulfQUx/+i1tLys+crqy/aL1+9fvO2827tyJvaCUyFUcYNc/CopMaUJCkcWodQ5QoH+enXxh/8ROel0Yc0tZhVcKJlKQVQkMadT98RnP6c2gII+YFtZMLKGgeK/zAFKs9NyXdFE/fjTjfuxXPwxyRZkC5bYG/cuTkujKgr1CQUeD9KYkvZDBxJofCsfVx7tCBO4QRHgWqo0Gez+Vln/ENQCl4aF54mPlfvTsyg8n5a5SFZAU38Q68Rn/JGNZU72UxqWxNqcbuorBUnw5uOeCEdClLTQEA4Gf7KxQQcCApNtkMJycOTH5OjzV6y1fuyv9nt9xd1rLL3bIN9ZAnbZn32je2xlAl2zi7Yb/Yn+hVdRlfR39toK1rMrLN7iK7/Axcwn1U=</latexit>

Learn/Update Spatiotemporal Models of Actions

<latexit sha1_base64="7/dNrpJwBe7DTM6vAegq4HgB7bQ=">AAACFXicbVDLSgNBEJz1GeNr1aOXwSB4kLAbRD0GRPAY0TwgCWF2tpMMmZ1dZnqFJeQnvPgrXjwo4lXw5t84eRw0saChqOqmuytIpDDoed/O0vLK6tp6biO/ubW9s+vu7ddMnGoOVR7LWDcCZkAKBVUUKKGRaGBRIKEeDK7Gfv0BtBGxuscsgXbEekp0BWdopY57Woml4Bm9yxT2wQhDUxWCpteJ3Q2R4LSqOGhkQmHWcQte0ZuALhJ/RgpkhkrH/WqFMU8jUMglM6bpewm2h0yj4BJG+VZqIGF8wHrQtFSxCEx7OPlqRI+tEtJurG0ppBP198SQRcZkUWA7I4Z9M++Nxf+8Zordy/ZQqCRFUHy6qJtKijEdR0RDoYGjzCxhXAt7K+V9phlHG2TehuDPv7xIaqWif148uy0VyuVZHDlySI7ICfHJBSmTG1IhVcLJI3kmr+TNeXJenHfnY9q65MxmDsgfOJ8/MHefeQ==</latexit>

Policy Synthesis under Epistemic Uncertainty

<latexit sha1_base64="OwbTo8umyExh2OIglhjx1MhE7hU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeKF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilhxuG/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPYzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSatW9S6rF/e1Sr2ex1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHyU6jbU=</latexit>

Act

<latexit sha1_base64="iZ8VaU4oIhgPunvEtbUp28PRQYk=">AAACGHicbVDLSgMxFM34rPVVdekmWARXdabgY1lQwWWFvqAt5U7mtg3NZIYkI5bSz3Djr7hxoYjb7vwbM20X2nogcO659xDO8WPBtXHdb2dldW19YzOzld3e2d3bzx0c1nSUKIZVFolINXzQKLjEquFGYCNWCKEvsO4PbtJ9/RGV5pGsmGGM7RB6knc5A2OlTu68okBqng60rCIffC7shJqCDOjdU4zMYEBvEzU16E4u7xbcKegy8eYkT+Yod3KTVhCxJERpmACtm54bm/YIlOFM4DjbSjTGwAbQw6alEkLU7dE02JieWiWg3UjZJw2dqr8dIwi1Hoa+vQzB9PXiLhX/2zUT071uj7iME4OSzT7qJoKaiKYt0YArG1wMLQGmbCGMsj4osGUonbUleIuRl0mtWPAuCxcPxXypNK8jQ47JCTkjHrkiJXJPyqRKGHkmr+SdfDgvzpvz6XzNTlecueeI/IEz+QFdDaCZ</latexit>

Transition Probabilities and Expected Durations
<latexit sha1_base64="iZ8VaU4oIhgPunvEtbUp28PRQYk=">AAACGHicbVDLSgMxFM34rPVVdekmWARXdabgY1lQwWWFvqAt5U7mtg3NZIYkI5bSz3Djr7hxoYjb7vwbM20X2nogcO659xDO8WPBtXHdb2dldW19YzOzld3e2d3bzx0c1nSUKIZVFolINXzQKLjEquFGYCNWCKEvsO4PbtJ9/RGV5pGsmGGM7RB6knc5A2OlTu68okBqng60rCIffC7shJqCDOjdU4zMYEBvEzU16E4u7xbcKegy8eYkT+Yod3KTVhCxJERpmACtm54bm/YIlOFM4DjbSjTGwAbQw6alEkLU7dE02JieWiWg3UjZJw2dqr8dIwi1Hoa+vQzB9PXiLhX/2zUT071uj7iME4OSzT7qJoKaiKYt0YArG1wMLQGmbCGMsj4osGUonbUleIuRl0mtWPAuCxcPxXypNK8jQ47JCTkjHrkiJXJPyqRKGHkmr+SdfDgvzpvz6XzNTlecueeI/IEz+QFdDaCZ</latexit>

Transition Probabilities and Expected Durations

<latexit sha1_base64="UYFPMPpmwhlgkNDKtNM0sYJP3tQ=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwY0kKPpaFLnTRRcW+oA3lZjpph04yYWZSKKF/4saFIm79E3f+jdM2C209cOFwzr3ce48fc6a043xbuY3Nre2d/G5hb//g8Mg+PmkpkUhCm0RwITs+KMpZRJuaaU47saQQ+py2/XF17rcnVComooaextQLYRixgBHQRurbdlVcPUFAca1Rw/cCeN8uOiVnAbxO3IwUUYZ63/7qDQRJQhppwkGpruvE2ktBakY4nRV6iaIxkDEMadfQCEKqvHRx+QxfGGWAAyFNRRov1N8TKYRKTUPfdIagR2rVm4v/ed1EB3deyqI40TQiy0VBwrEWeB4DHjBJieZTQ4BIZm7FZAQSiDZhFUwI7urL66RVLrk3pevHcrFSyeLIozN0ji6Ri25RBT2gOmoigiboGb2iNyu1Xqx362PZmrOymVP0B9bnD6Gnkl4=</latexit>

Co-Safe LTL Goal
<latexit sha1_base64="snwxa4c5MocHgmWm3OcNBL9ibfc=">AAACAnicbVC7SgNBFJ31GeMraiU2g0GwMewGfJSBNBYpInlCsoTZyd1kyOzsMjMrhCXY+Cs2ForY+hV2/o2TZIuYeODC4Zx7ufceL+JMadv+sdbWNza3tjM72d29/YPD3NFxU4WxpNCgIQ9l2yMKOBPQ0ExzaEcSSOBxaHmj8tRvPYJULBR1PY7ADchAMJ9Roo3Uy52Ww6sa8QFX6hVci4AueHm7YM+AV4mTkjxKUe3lvrv9kMYBCE05Uarj2JF2EyI1oxwm2W6sICJ0RAbQMVSQAJSbzF6Y4Auj9LEfSlNC45m6OJGQQKlx4JnOgOihWvam4n9eJ9b+nZswEcUaBJ0v8mOOdYineeA+k0A1HxtCqGTmVkyHRBKqTWpZE4Kz/PIqaRYLzk3h+qGYL5XSODLoDJ2jS+SgW1RC96iKGoiiJ/SC3tC79Wy9Wh/W57x1zUpnTtAfWF+/2PiWdg==</latexit>

Co-Safe LTL Specification

<latexit sha1_base64="86ey3joFMVTJsFAClvuEl2jHR7c=">AAACBnicbZDLSsNAFIYn9VbrLepShMEiuCpJwcuyogt3VrAXaEOZTCbt0MkkzEUooSs3voobF4q49Rnc+TZO0iy09cDAx/+fw5nz+wmjUjnOt1VaWl5ZXSuvVzY2t7Z37N29toy1wKSFYxaLro8kYZSTlqKKkW4iCIp8Rjr++CrzOw9ESBrzezVJiBehIachxUgZaWAfXuIM4K1WOI6IhIgH8FqL3JYDu+rUnLzgIrgFVEFRzYH91Q9irCPCFWZIyp7rJMpLkVAUMzKt9LUkCcJjNCQ9gxyZlV6anzGFx0YJYBgL87iCufp7IkWRlJPIN50RUiM572Xif15Pq/DCSylPtCIczxaFmkEVwywTGFBBsGITAwgLav4K8QgJhJVJrmJCcOdPXoR2veae1U7v6tVGo4ijDA7AETgBLjgHDXADmqAFMHgEz+AVvFlP1ov1bn3MWktWMbMP/pT1+QPwp5jM</latexit>

Action Outcomes and Durations
<latexit sha1_base64="86ey3joFMVTJsFAClvuEl2jHR7c=">AAACBnicbZDLSsNAFIYn9VbrLepShMEiuCpJwcuyogt3VrAXaEOZTCbt0MkkzEUooSs3voobF4q49Rnc+TZO0iy09cDAx/+fw5nz+wmjUjnOt1VaWl5ZXSuvVzY2t7Z37N29toy1wKSFYxaLro8kYZSTlqKKkW4iCIp8Rjr++CrzOw9ESBrzezVJiBehIachxUgZaWAfXuIM4K1WOI6IhIgH8FqL3JYDu+rUnLzgIrgFVEFRzYH91Q9irCPCFWZIyp7rJMpLkVAUMzKt9LUkCcJjNCQ9gxyZlV6anzGFx0YJYBgL87iCufp7IkWRlJPIN50RUiM572Xif15Pq/DCSylPtCIczxaFmkEVwywTGFBBsGITAwgLav4K8QgJhJVJrmJCcOdPXoR2veae1U7v6tVGo4ijDA7AETgBLjgHDXADmqAFMHgEz+AVvFlP1ov1bn3MWktWMbMP/pT1+QPwp5jM</latexit>

Action Outcomes and Durations

<latexit sha1_base64="Zm3mpYEdxYEk0Ja6BkEN1GqBsUc=">AAACDXicbVDLSsNAFJ34rPUVdelmsAquSlLwsawo6M4K9gFtKJPJpB06mYR5CCX0B9z4K25cKOLWvTv/xkmahbYeGDhzzr3ce4+fMCqV43xbC4tLyyurpbXy+sbm1ra9s9uSsRaYNHHMYtHxkSSMctJUVDHSSQRBkc9I2x9dZn77gQhJY36vxgnxIjTgNKQYKSP17cNrpIZEwAuc/eGtVjiOiISIB/BKi7xK9u2KU3VywHniFqQCCjT69lcviLGOCFeYISm7rpMoL0VCUczIpNzTkiQIj9CAdA3lyIz00vyaCTwySgDDWJjHFczV3x0piqQcR76pjMzyctbLxP+8rlbhuZdSnmhFOJ4OCjWDKoZZNDCggmDFxoYgLKjZFeIhEggrE2DZhODOnjxPWrWqe1o9uatV6vUijhLYBwfgGLjgDNTBDWiAJsDgETyDV/BmPVkv1rv1MS1dsIqePfAH1ucPB/abjQ==</latexit>

Gather Action Outcomes and Durations
<latexit sha1_base64="Zm3mpYEdxYEk0Ja6BkEN1GqBsUc=">AAACDXicbVDLSsNAFJ34rPUVdelmsAquSlLwsawo6M4K9gFtKJPJpB06mYR5CCX0B9z4K25cKOLWvTv/xkmahbYeGDhzzr3ce4+fMCqV43xbC4tLyyurpbXy+sbm1ra9s9uSsRaYNHHMYtHxkSSMctJUVDHSSQRBkc9I2x9dZn77gQhJY36vxgnxIjTgNKQYKSP17cNrpIZEwAuc/eGtVjiOiISIB/BKi7xK9u2KU3VywHniFqQCCjT69lcviLGOCFeYISm7rpMoL0VCUczIpNzTkiQIj9CAdA3lyIz00vyaCTwySgDDWJjHFczV3x0piqQcR76pjMzyctbLxP+8rlbhuZdSnmhFOJ4OCjWDKoZZNDCggmDFxoYgLKjZFeIhEggrE2DZhODOnjxPWrWqe1o9uatV6vUijhLYBwfgGLjgDNTBDWiAJsDgETyDV/BmPVkv1rv1MS1dsIqePfAH1ucPB/abjQ==</latexit>

Gather Action Outcomes and Durations

• Data: Action outcomes and durations
• Model: MDP
• Specification: Partially satisfiable co-safe LTL (lexicographic optimisation)

B. Lacerda, F. Faruq, D. Parker, and N. Hawes. “Probabilistic planning with formal performance guarantees for mobile service robots”. The 
International Journal of Robotics Research, 38(9), 2019.

Long-lived Mission Planning and Learning



• This approach has generated months of long-term behaviour 
• Execution framework run for ~1 year, handling >23,000 tasks 
• Evaluating the policy guarantees and effects of long-term adaptation is harder (and dependent 

on learning mechanisms, environment, people etc.)

60

Long-lived Mission Planning and Learning



61

Successful long-term robotic autonomy requires: 
1. Data-driven model learning 

2. Modelling and planning approaches that explicitly reason about the epistemic uncertainty 
inherent to models learnt from data 

3. Incorporating rich specifications that go beyond typical reward maximisation in expectation 

Explicitly modelling model uncertainty

Position Statement



• Robot exploration with safety constraints over an environmental feature whose distribution 
is unknown a priori 
‣ Explore the environment whilst maintaining the level of radiation exposure under a bound

• We present a novel decision making under uncertainty model and show how it can be 
used for efficient exploration 
‣ Markov decision processes + Gaussian processes

62

Safe Exploration Overview



• Underlying (known) MDP for navigation 
• A priori unknown radiation - can be sensed at each location  
• Bound on max radiation exposure at each location 
• Goal: Estimate radiation across the whole environment whilst 

avoiding going over bound

66

Problem Setup



• Collection of random variables, any finite number of which have a joint Gaussian 
distribution 

• Model is updated taking noisy observations at different locations
• Allows for prediction at unobserved locations

67

Gaussian Processes



+ =

68

Estimated MDP

Radiation 
level function  is unknown 

a priori and will be 
approximated by a GP

f

Springer Nature 2021 LATEX template

6 Safe Exploration and Mapping

Definition 6 (Unknown Processes) The unknown pro-
cesses at environment X are defined as f : X ! O

where O = Rm, with m being the number of modelled
unknown processes. The robot can observe noisy sensor
measurement ! : X ! Rm of the form:

!(x) = f(x) + ✏, (7)

where ✏ = [✏1, . . . , ✏m] is an m-dimensional vector of
Gaussian observation noise, i.e. ✏j ⇠ N (0,�2

j ) for all
j 2 {1, . . . ,m}.

For the remainder of the paper, we will con-
sider m = 1, i.e., we assume there is a single
unknown process. However, the methods proposed
can easily generalise to more than one unknown
process, either using a multi-output GP (Osborne,
Roberts, Rogers, Ramchurn, & Jennings, 2008) or
multiple single-output GPs. The former assumes
non-independent feature dynamics, where learning
about one could improve predictions of another.

For the purpose of planning and navigation, we
represent the environment as a set of d waypoints
V = {x1, . . . , xd} ⇢ X, and consider a stochastic
model of navigation between waypoints under the
influence of the unknown process.
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transition function is defined such that the action
outcomes are a distribution over only the set of
waypoints. This is because the underlying state
is uniquely defined by the value of the waypoint
v, i.e., s

O = (v, f(v)). Furthermore, since f is
unknown and the robot is only able to make noisy
observations, the UMDP cannot be directly used
for planning. Finally, note S

O is not a discrete set
because its component O is continuous. We will
propose a model that estimates the UMDP later.

The formalisation of the unknown process as a
state feature allows for modelling the impact of its
value at the location where an action is executed in
its dynamics. This allows for richer modelling than
previous approaches which modelled the unknown
process as a cost function rather than as part of
the state. For example, if the unknown process
is underwater currents acting on an autonomous
underwater vehicle (AUV), high magnitude cur-
rents could push the robot into waypoints other
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even be entirely infeasible because the water cur-
rent velocity from the goal waypoint towards the
AUV is higher than the maximum water-frame
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2022). If the unknown process is terrain steep-
ness, higher terrain gradients could make it more
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point (Rutherford, Duckworth, Hawes, & Lacerda,
2021).

We also consider a safety function defined over
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A simple safety function could be an upper-
bound threshold b 2 R on the value of the
unknown process, as used in Section 8. However,
our approach allows for safety to be defined as an
arbitrary Boolean function over the state-space of
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Definition 11 Let MO = hSO
, sO, A

O
, T

O
, C

Oi be
a UMDP, I be the set of safe and unsafe intervals,
and D be a dataset of observations of the unknown
process f . The estimated MDP is a tuple MD =

hSD
, sD, A

O
, T

D
, C

Oi, where T
D : (V⇥I) ⇥ A

O ⇥
(V⇥I) ! [0, 1], where:

• S
D = V ⇥I, i.e., the state space are pairs of way-

points and intervals over the unknown process
value at those waypoints;

• sD = (v, I[!(v)]), where v 2 V is the initial
waypoint of the robot;

• The transition function is defined as

T
D((v, I), (v, vg), (v

0
, I

0) =

T
O((v, I), (v, vg), v

0)PGP(f(v0) 2 I
0 | D),

(9)

where T
O ((v, I), (v, vg), v0) is the average of

T
O((v, o), (v, vg), v0) along interval I = [l, u]:

T
O((v, I),(v, vg), v

0) =
R

u

l
T

O((v, o), (v, vg), v0)do

u � l
.

(10)

The EstMDP defines a transition function for
which we can plan for using standard techniques. It
does so by (i) defining the transition function over
intervals of O rather than O itself, by averaging
it along each interval; and (ii) “completing” the
transition definition, by weighing the transition
probabilities in T

O the GP estimate with the GP
posterior over each possible interval, given the set
of observed data D.

Figure 2 illustrates the construction of T
D.

The EstMDP will be at the core of the
exploration algorithms presented in the next two
sections. To reason about safety on the EstMDP,
we define the set of unsafe EstMDP states.

Definition 12 Let MD be an EstMDP. The set of
unsafe states of MD is defined as

S
unsafe = {(v, I) 2 S

D | I 2 Iunsafe}. (11)
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Fig. 2: Construction of the Estimated MDP
transition function T

D, combining the UMDP prob-
abilistic transition function T

O and GP predictive
posterior given the dataset.

6 SafeEstMDP-Process:

Modelling an unknown

hazard

In this section, we present our approach to Prob-
lem 2, i.e., when we assume a known underling
navigation graph V and our goal is to predict f as
well as possible. Given that we will use a GP to
estimate f , we will stop exploration when the pre-
dictive variance of the GP is within some bound
for all waypoints in V that can be reached safely.

6.1 Algorithm description

The flow diagram (Figure 3) provides a high-level
description of the exploration approach. At each
exploration step, the robot uses its current knowl-
edge of the UMDP to determine which goal state it
should next visit in order to best improve its knowl-
edge of other uncertain states. It uses the EstMDP
to represent its current knowledge of the UMDP
and makes decisions based on this estimation. Note
that the EstMDP construction is only triggered
when a new goal waypoint must be selected. To do
so, it uses the most up to date GP posterior, which
is maintained within the GP manager module, and
the UMDP given as input. In the next section, we
will discuss how we can also build an UMDP incre-
mentally, based on occupancy data sensed by the
robot.

We provide further detail on the approach in
Algorithm 1. The algorithm receives a UMDP Mo
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Maximise score based on: 
  1. Probability of safely reaching state (reach-avoid as partial satisfiability) 

  2. Expected time to reach state (reach-avoid as partial satisfiability) 
  3. How uncertain state is (GP variance)

Exploration Algorithm
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Exploration Algorithm

• Data: Online observations of unknown function
• Model: MDP + GP
• Specification: Safe exploration, sequence of reach-avoid problems

Safe Exploration



• UMDP + GP = BAMDP
‣ The GP is encoding our belief over which is the true transition function
‣ We can use BAMCP for planning in unknown environments with GP predictions

72Matthew Budd, Paul Duckworth, Nick Hawes, and Bruno Lacerda. “Bayesian Reinforcement Learning for Single-Episode Missions in Partially 
Unknown Environments”. In CoRL 2022. 
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6 Safe Exploration and Mapping

Definition 6 (Unknown Processes) The unknown pro-
cesses at environment X are defined as f : X ! O

where O = Rm, with m being the number of modelled
unknown processes. The robot can observe noisy sensor
measurement ! : X ! Rm of the form:

!(x) = f(x) + ✏, (7)

where ✏ = [✏1, . . . , ✏m] is an m-dimensional vector of
Gaussian observation noise, i.e. ✏j ⇠ N (0,�2

j ) for all
j 2 {1, . . . ,m}.

For the remainder of the paper, we will con-
sider m = 1, i.e., we assume there is a single
unknown process. However, the methods proposed
can easily generalise to more than one unknown
process, either using a multi-output GP (Osborne,
Roberts, Rogers, Ramchurn, & Jennings, 2008) or
multiple single-output GPs. The former assumes
non-independent feature dynamics, where learning
about one could improve predictions of another.

For the purpose of planning and navigation, we
represent the environment as a set of d waypoints
V = {x1, . . . , xd} ⇢ X, and consider a stochastic
model of navigation between waypoints under the
influence of the unknown process.

Definition 7 A navigation MDP under
an unknown process (UMDP) is a tuple

MO = hSO
, sO, A

O
, T

O
, C

Oi where:

• S
O = V ⇥O, i.e., the state space is com-

posed of a location in the environment v and
the corresponding value f(v) of the unknown
process;

• sO = (v, f(v)), where v is the robot’s initial
position;

• A
O = V ⇥ V is a set of navigation actions such

that (v, v
0) 2 A

O if the robot can navigate from
v to v

0 without visiting any other waypoint on
the way;

• T
O : (V ⇥O) ⇥ A

O ⇥ V ! [0, 1], where
T

O((v, o), (v, v
0), v00) is the probability of the

robot reaching waypoint v
00 given that it

attempted to reach waypoint v
0 from v, and the

value of the unknown process at v is o;
• C

O : (V ⇥O) ⇥ A
O ! R�0 is the cost function,

where C
O((v, o), (v, v

0)) is the cost of attempting
to navigate from waypoint v to waypoint v

0 when
the value of the unknown process at v is o.

Note that a UMDP is not a standard MDP
as formalised in Definition 1. In particular, the
transition function is defined such that the action
outcomes are a distribution over only the set of
waypoints. This is because the underlying state
is uniquely defined by the value of the waypoint
v, i.e., s

O = (v, f(v)). Furthermore, since f is
unknown and the robot is only able to make noisy
observations, the UMDP cannot be directly used
for planning. Finally, note S

O is not a discrete set
because its component O is continuous. We will
propose a model that estimates the UMDP later.

The formalisation of the unknown process as a
state feature allows for modelling the impact of its
value at the location where an action is executed in
its dynamics. This allows for richer modelling than
previous approaches which modelled the unknown
process as a cost function rather than as part of
the state. For example, if the unknown process
is underwater currents acting on an autonomous
underwater vehicle (AUV), high magnitude cur-
rents could push the robot into waypoints other
than the intended goal waypoint (Budd, Duck-
worth, Hawes, & Lacerda, 2022). Some actions may
even be entirely infeasible because the water cur-
rent velocity from the goal waypoint towards the
AUV is higher than the maximum water-frame
speed of the AUV. Wind can have similar e↵ects
on an unmanned aerial vehicle (Badings et al.,
2022). If the unknown process is terrain steep-
ness, higher terrain gradients could make it more
likely that a wheeled robot slips into an unintended
waypoint while trying to navigate to the goal way-
point (Rutherford, Duckworth, Hawes, & Lacerda,
2021).

We also consider a safety function defined over
the values of the unknown feature.

Definition 8 A safety function is a mapping � : O !
{0, 1} where �(o) = 1 when s is considered safe and
0 otherwise. The sets of safe and unsafe states can
then be defined as safe� = {o 2 O | �(o) = 1} and
unsafe� = O \ safe�.

A simple safety function could be an upper-
bound threshold b 2 R on the value of the
unknown process, as used in Section 8. However,
our approach allows for safety to be defined as an
arbitrary Boolean function over the state-space of
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8 Safe Exploration and Mapping

Definition 11 Let MO = hSO
, sO, A

O
, T

O
, C

Oi be
a UMDP, I be the set of safe and unsafe intervals,
and D be a dataset of observations of the unknown
process f . The estimated MDP is a tuple MD =

hSD
, sD, A

O
, T

D
, C

Oi, where T
D : (V⇥I) ⇥ A

O ⇥
(V⇥I) ! [0, 1], where:

• S
D = V ⇥I, i.e., the state space are pairs of way-

points and intervals over the unknown process
value at those waypoints;

• sD = (v, I[!(v)]), where v 2 V is the initial
waypoint of the robot;

• The transition function is defined as

T
D((v, I), (v, vg), (v

0
, I

0) =

T
O((v, I), (v, vg), v

0)PGP(f(v0) 2 I
0 | D),

(9)

where T
O ((v, I), (v, vg), v0) is the average of

T
O((v, o), (v, vg), v0) along interval I = [l, u]:

T
O((v, I),(v, vg), v

0) =
R

u

l
T

O((v, o), (v, vg), v0)do

u � l
.

(10)

The EstMDP defines a transition function for
which we can plan for using standard techniques. It
does so by (i) defining the transition function over
intervals of O rather than O itself, by averaging
it along each interval; and (ii) “completing” the
transition definition, by weighing the transition
probabilities in T

O the GP estimate with the GP
posterior over each possible interval, given the set
of observed data D.

Figure 2 illustrates the construction of T
D.

The EstMDP will be at the core of the
exploration algorithms presented in the next two
sections. To reason about safety on the EstMDP,
we define the set of unsafe EstMDP states.

Definition 12 Let MD be an EstMDP. The set of
unsafe states of MD is defined as

S
unsafe = {(v, I) 2 S

D | I 2 Iunsafe}. (11)

p ⇥ P
GP

(f(v
0
) 2 I1 | D)

P
GP

(f(v
0
) | D)

a1

p

(1 � p)

(v
0
, f(v

0
))

T
o :

a1

(1 � p)

T
D :

(v
0
, I1)

p ⇥ P
GP

(f(v
0
) 2 I2 | D)

(v
0
, I2)

(v
0
, I3)

(v
0
, I4)

p ⇥ P
GP

(f(v
0
) 2 I3 | D)

p ⇥ P
GP

(f(v
0
) 2 I4 | D)

(v, I1)

(v
0
, o)

Fig. 2: Construction of the Estimated MDP
transition function T

D, combining the UMDP prob-
abilistic transition function T

O and GP predictive
posterior given the dataset.

6 SafeEstMDP-Process:

Modelling an unknown

hazard

In this section, we present our approach to Prob-
lem 2, i.e., when we assume a known underling
navigation graph V and our goal is to predict f as
well as possible. Given that we will use a GP to
estimate f , we will stop exploration when the pre-
dictive variance of the GP is within some bound
for all waypoints in V that can be reached safely.

6.1 Algorithm description

The flow diagram (Figure 3) provides a high-level
description of the exploration approach. At each
exploration step, the robot uses its current knowl-
edge of the UMDP to determine which goal state it
should next visit in order to best improve its knowl-
edge of other uncertain states. It uses the EstMDP
to represent its current knowledge of the UMDP
and makes decisions based on this estimation. Note
that the EstMDP construction is only triggered
when a new goal waypoint must be selected. To do
so, it uses the most up to date GP posterior, which
is maintained within the GP manager module, and
the UMDP given as input. In the next section, we
will discuss how we can also build an UMDP incre-
mentally, based on occupancy data sensed by the
robot.

We provide further detail on the approach in
Algorithm 1. The algorithm receives a UMDP Mo
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T+((s, h), a, (s0, has0)) = TO((v, o), a, v0)PGP(f(v0) = o0 | Dh)

=

for all i 2 {0, · · · , t� 1}. We denote the set of all histories of M as HM. A stationary, deterministic
policy is a mapping ⇡ : S ! A that defines the action to take at each state. A policy is proper in a
state s if it reaches a goal state sg 2 G when starting from s with probability 1. In an SSP MDP
there must exist a policy that is proper in all states, and all improper policies must incur infinite cost.
Under these assumptions, there exists a cost-optimal proper policy [16].

Bayesian RL. In BRL, an agent uses Bayesian inference to maintain a posterior distribution, or
belief, over the true dynamics of the underlying model given some prior distribution. For an MDP,
either or both of the transition function T and cost function C could be a priori unknown. We focus on
the case where only T is unknown. C can be assumed to be known in our setting, as it represents the
known effect of a given instance of environment dynamics on the robot. For example, the time cost
of travelling against given water current vectors can be calculated given the value of the vectors and
the vehicle’s known dynamics. Given a history h = s0a0s1a1 · · · at�1st, it is possible to generate
the posterior belief over the transition function T given h. This can be carried out with successive
applications of Bayes’ rule p(T | hi) / p(hi | T )p(T ) from the initial history h0 = s0 up to the
full history ht = h. This allows for the definition of a Bayes-adaptive MDP (BAMDP) [11], which
achieves Bayes optimality by adding histories to its state representation, and encoding uncertainty over
T in its transition function. Let M = hS, s0, A, T, C,Gi be an MDP with a prior belief p(T ) over the
true transition function T . The corresponding BAMDP is an MDP M

+ = hS
+
, s

+
0 , A, T

+
, C

+
, G

+
i,

where S+ = S ⇥H
M; s+0 = (s0, h0); C+((s, h), a) = C(s, a); G+ = {(s, h) 2 S

+
| s 2 G}; and

T
+((s, h), a, (s0, has0)) =

Z

T
T (s, a, s0)p(T | h)dT. (1)

Although the state-history pairs in S
+ are redundant because the current state can be extracted from

the history, we use the (s, h) notation for clarity as in [6]. A policy in a BAMDP is a mapping
⇡ : S ⇥ H

M
! A. The optimal policy ⇡

⇤ minimises the expected cumulative cost to reach G
+,

given the prior over T . This policy is stationary in S
+ but is history-dependent in the original MDP.

⇡
⇤ considers the posterior p(T | h) and adapts its action selection to account for the conditional

distribution of T given the observed h.

Gaussian Processes. A GP is a collection of random variables, any finite number of which have
a joint Gaussian distribution [5]. A GP regression is of the form o(s) ⇠ GP(m(s), k(s, s0)),
giving a probability distribution over functions fully specified by the mean m(s) and kernel k(s, s0)
functions. We can let m(s) = 0 without loss of generality. Given a dataset of n noisy observations
D = {(si, o(si) + ✏i)}ni=1 for locations si and where ✏i ⇠ N (0,�2

⌘) is Gaussian observation noise,
GP regression predicts unknown environment feature values at all inputs s⇤. The kernel function
k is parameterised by hyperparameters ✓. Given hyperparameter priors p0(✓), their values are
commonly optimised by maximising the log marginal likelihood for the model given the dataset. The
resulting Gaussian posterior, conditioned on the observations o = [o(s1) + ✏1, . . . , o(sn) + ✏n]T, is
a multivariate normal pGP

�
o(s⇤) | s⇤,D)

�
⇠ N (µ⇤,⌃⇤), where µ⇤ = KT

⇤ (Kn + �
2
⌘I)

�1o, and
⌃⇤ = K⇤⇤ �KT

⇤ (Kn + �
2
⌘I)

�1K⇤.

The positive semi-definite kernel matrix Kn = [k(s, s0)]s,s02sn , K⇤ = [k(s, s0)]s2sn,s02s⇤ , K⇤⇤ =
[k(s, s0)]s,s02s⇤ , and I 2 Rn⇥n is the identity matrix. We can sample functions from the GP posterior
at a finite set of m points, incurring O((n+m)3) computational cost.

4 Approach

4.1 Problem Formulation

In order to clearly separate known system transition dynamics from the unknown environment
dynamics, we represent the unknown environment and its effect on the agent as an MDP with

Unknown Feature Values (U-MDP) [4].

Let Sk be a set of state features with discrete, known values (e.g. pose of a robot in a grid map)
and Se a set of state features with unknown values in R (e.g. the water current vector at a pose).
Let o : Sk ! Se be an a priori unknown mapping that specifies the values o(sk) 2 Se observed at
locations sk 2 Sk. An SSP U-MDP is a tuple Mo = hS

o
, s

o
0, A

o
, T

o
, C

o
, G

o
i where: S

o = Sk⇥Se;

3
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belief, over the true dynamics of the underlying model given some prior distribution. For an MDP,
either or both of the transition function T and cost function C could be a priori unknown. We focus on
the case where only T is unknown. C can be assumed to be known in our setting, as it represents the
known effect of a given instance of environment dynamics on the robot. For example, the time cost
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+ are redundant because the current state can be extracted from

the history, we use the (s, h) notation for clarity as in [6]. A policy in a BAMDP is a mapping
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! A. The optimal policy ⇡

⇤ minimises the expected cumulative cost to reach G
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given the prior over T . This policy is stationary in S
+ but is history-dependent in the original MDP.

⇡
⇤ considers the posterior p(T | h) and adapts its action selection to account for the conditional

distribution of T given the observed h.

Gaussian Processes. A GP is a collection of random variables, any finite number of which have
a joint Gaussian distribution [5]. A GP regression is of the form o(s) ⇠ GP(m(s), k(s, s0)),
giving a probability distribution over functions fully specified by the mean m(s) and kernel k(s, s0)
functions. We can let m(s) = 0 without loss of generality. Given a dataset of n noisy observations
D = {(si, o(si) + ✏i)}ni=1 for locations si and where ✏i ⇠ N (0,�2

⌘) is Gaussian observation noise,
GP regression predicts unknown environment feature values at all inputs s⇤. The kernel function
k is parameterised by hyperparameters ✓. Given hyperparameter priors p0(✓), their values are
commonly optimised by maximising the log marginal likelihood for the model given the dataset. The
resulting Gaussian posterior, conditioned on the observations o = [o(s1) + ✏1, . . . , o(sn) + ✏n]T, is
a multivariate normal pGP
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[k(s, s0)]s,s02s⇤ , and I 2 Rn⇥n is the identity matrix. We can sample functions from the GP posterior
at a finite set of m points, incurring O((n+m)3) computational cost.

4 Approach

4.1 Problem Formulation

In order to clearly separate known system transition dynamics from the unknown environment
dynamics, we represent the unknown environment and its effect on the agent as an MDP with

Unknown Feature Values (U-MDP) [4].

Let Sk be a set of state features with discrete, known values (e.g. pose of a robot in a grid map)
and Se a set of state features with unknown values in R (e.g. the water current vector at a pose).
Let o : Sk ! Se be an a priori unknown mapping that specifies the values o(sk) 2 Se observed at
locations sk 2 Sk. An SSP U-MDP is a tuple Mo = hS

o
, s

o
0, A

o
, T

o
, C

o
, G

o
i where: S

o = Sk⇥Se;
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For s = (v, o) and s0 = (v0, o0):

for all i 2 {0, · · · , t� 1}. We denote the set of all histories of M as HM. A stationary, deterministic
policy is a mapping ⇡ : S ! A that defines the action to take at each state. A policy is proper in a
state s if it reaches a goal state sg 2 G when starting from s with probability 1. In an SSP MDP
there must exist a policy that is proper in all states, and all improper policies must incur infinite cost.
Under these assumptions, there exists a cost-optimal proper policy [16].

Bayesian RL. In BRL, an agent uses Bayesian inference to maintain a posterior distribution, or
belief, over the true dynamics of the underlying model given some prior distribution. For an MDP,
either or both of the transition function T and cost function C could be a priori unknown. We focus on
the case where only T is unknown. C can be assumed to be known in our setting, as it represents the
known effect of a given instance of environment dynamics on the robot. For example, the time cost
of travelling against given water current vectors can be calculated given the value of the vectors and
the vehicle’s known dynamics. Given a history h = s0a0s1a1 · · · at�1st, it is possible to generate
the posterior belief over the transition function T given h. This can be carried out with successive
applications of Bayes’ rule p(T | hi) / p(hi | T )p(T ) from the initial history h0 = s0 up to the
full history ht = h. This allows for the definition of a Bayes-adaptive MDP (BAMDP) [11], which
achieves Bayes optimality by adding histories to its state representation, and encoding uncertainty over
T in its transition function. Let M = hS, s0, A, T, C,Gi be an MDP with a prior belief p(T ) over the
true transition function T . The corresponding BAMDP is an MDP M

+ = hS
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i,

where S+ = S ⇥H
M; s+0 = (s0, h0); C+((s, h), a) = C(s, a); G+ = {(s, h) 2 S

+
| s 2 G}; and

T
+((s, h), a, (s0, has0)) =

Z

T
T (s, a, s0)p(T | h)dT. (1)

Although the state-history pairs in S
+ are redundant because the current state can be extracted from

the history, we use the (s, h) notation for clarity as in [6]. A policy in a BAMDP is a mapping
⇡ : S ⇥ H

M
! A. The optimal policy ⇡

⇤ minimises the expected cumulative cost to reach G
+,

given the prior over T . This policy is stationary in S
+ but is history-dependent in the original MDP.

⇡
⇤ considers the posterior p(T | h) and adapts its action selection to account for the conditional

distribution of T given the observed h.

Gaussian Processes. A GP is a collection of random variables, any finite number of which have
a joint Gaussian distribution [5]. A GP regression is of the form o(s) ⇠ GP(m(s), k(s, s0)),
giving a probability distribution over functions fully specified by the mean m(s) and kernel k(s, s0)
functions. We can let m(s) = 0 without loss of generality. Given a dataset of n noisy observations
D = {(si, o(si) + ✏i)}ni=1 for locations si and where ✏i ⇠ N (0,�2

⌘) is Gaussian observation noise,
GP regression predicts unknown environment feature values at all inputs s⇤. The kernel function
k is parameterised by hyperparameters ✓. Given hyperparameter priors p0(✓), their values are
commonly optimised by maximising the log marginal likelihood for the model given the dataset. The
resulting Gaussian posterior, conditioned on the observations o = [o(s1) + ✏1, . . . , o(sn) + ✏n]T, is
a multivariate normal pGP

�
o(s⇤) | s⇤,D)

�
⇠ N (µ⇤,⌃⇤), where µ⇤ = KT

⇤ (Kn + �
2
⌘I)

�1o, and
⌃⇤ = K⇤⇤ �KT

⇤ (Kn + �
2
⌘I)

�1K⇤.

The positive semi-definite kernel matrix Kn = [k(s, s0)]s,s02sn , K⇤ = [k(s, s0)]s2sn,s02s⇤ , K⇤⇤ =
[k(s, s0)]s,s02s⇤ , and I 2 Rn⇥n is the identity matrix. We can sample functions from the GP posterior
at a finite set of m points, incurring O((n+m)3) computational cost.

4 Approach

4.1 Problem Formulation

In order to clearly separate known system transition dynamics from the unknown environment
dynamics, we represent the unknown environment and its effect on the agent as an MDP with

Unknown Feature Values (U-MDP) [4].

Let Sk be a set of state features with discrete, known values (e.g. pose of a robot in a grid map)
and Se a set of state features with unknown values in R (e.g. the water current vector at a pose).
Let o : Sk ! Se be an a priori unknown mapping that specifies the values o(sk) 2 Se observed at
locations sk 2 Sk. An SSP U-MDP is a tuple Mo = hS

o
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o
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o
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o
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o
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o
i where: S

o = Sk⇥Se;
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Observe

• Data: Online observations of unknown function; historical current data
• Model: BAMDP with GP belief
• Specification: Stochastic Shortest Path
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BAMDP with GP belief

Mission Planning under Unknown Conditions
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C. Costen, M. Rigter, B. Lacerda, N. Hawes. “Planning with hidden parameter polynomial MDPs”. In AAAI 2023.

• Goal: Decide who takes control of the robot at each 
timestep 
‣ Human state is uncertain and time-varying
‣ Modelled as a set of n possible performance profiles 

(Markov chains)
• Planning MDP plus human models yield a mixed-

observability MDP
‣ Maintain belief over current state of the human

• Novel hidden-parameter polynomial MDPs generalise to 
continuous spaces of human performance
‣ Loses the time-varying aspect though :(

Shared Autonomy Systems
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Observe

• Data: Historical data of human performance
• Model: BAMDP/MOMDP
• Specification: Expected reward maximisation
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<latexit sha1_base64="OwbTo8umyExh2OIglhjx1MhE7hU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeKF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilhxuG/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPYzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSatW9S6rF/e1Sr2ex1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHyU6jbU=</latexit>

Act

<latexit sha1_base64="BXnv0E0k3uwcrLc9L1dcTAlKtVc=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeCF29WsB/QhrLZTtqlm03Y3RRK6I/w4kERr/4eb/4bt20O2vpg4PHeDDPzgkRwbVz32ylsbG5t7xR3S3v7B4dH5eOTlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7Gd3O/PUGleSyfzDRBP6JDyUPOqLFS+yHQqCbYL1fcqrsAWSdeTiqQo9Evf/UGMUsjlIYJqnXXcxPjZ1QZzgTOSr1UY0LZmA6xa6mkEWo/W5w7IxdWGZAwVrakIQv190RGI62nUWA7I2pGetWbi/953dSEt37GZZIalGy5KEwFMTGZ/04GXCEzYmoJZYrbWwkbUUWZsQmVbAje6svrpFWretfVq8dapV7P4yjCGZzDJXhwA3W4hwY0gcEYnuEV3pzEeXHenY9la8HJZ07hD5zPH2Q/j5s=</latexit>

Observe

<latexit sha1_base64="uXQx9nGbwF54ttQBJuyf91OdvsA=">AAAB7HicbVDLSgMxFL1TX7W+qi7dBIvgqswUfGyEajduhApOW2gHyaSZNjSTDElGKEO/wY0LRdz6Qe78G9N2Ftp6IHA451xy7wkTzrRx3W+nsLK6tr5R3Cxtbe/s7pX3D1papopQn0guVSfEmnImqG+Y4bSTKIrjkNN2OGpM/fYTVZpJ8WDGCQ1iPBAsYgQbK/k313eN5mO54lbdGdAy8XJSgRw2/9XrS5LGVBjCsdZdz01MkGFlGOF0UuqlmiaYjPCAdi0VOKY6yGbLTtCJVfookso+YdBM/T2R4VjrcRzaZIzNUC96U/E/r5ua6DLImEhSQwWZfxSlHBmJppejPlOUGD62BBPF7K6IDLHCxNh+SrYEb/HkZdKqVb3z6tl9rVK/yusowhEcwyl4cAF1uIUm+ECAwTO8wpsjnBfn3fmYRwtOPnMIf+B8/gDh5o4S</latexit>

BAMCP

<latexit sha1_base64="VUibqGexgne5xNLsG69b4+s3klc=">AAAB/XicbVDJSgNBEO2JW4zbuNy8NAbBU5gJuFyEuIBehBHMAskQejo1SZOehe4eJQ7BX/HiQRGv/oc3/8ZOMgdNfFDweK+qu+p5MWdSWda3kZubX1hcyi8XVlbX1jfMza2ajBJBoUojHomGRyRwFkJVMcWhEQsggceh7vUvRn79HoRkUXinBjG4AemGzGeUKC21zZ3zs5tLBz8w1cNXDvb0Q+C3zaJVssbAs8TOSBFlcNrmV6sT0SSAUFFOpGzaVqzclAjFKIdhoZVIiAntky40NQ1JANJNx9sP8b5WOtiPhK5Q4bH6eyIlgZSDwNOdAVE9Oe2NxP+8ZqL8EzdlYZwoCOnkIz/hWEV4FAXuMAFU8YEmhAqmd8W0RwShSgdW0CHY0yfPklq5ZB+VDm/LxcppFkce7aI9dIBsdIwq6Bo5qIooekTP6BW9GU/Gi/FufExac0Y2s43+wPj8AXlOk/Q=</latexit>

BAMDP with GP belief
<latexit sha1_base64="jfgE56i/o3xXEMpvuOdPPMO5UzA=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2ARXJWZgo+NUHDjsoJ9QB1KJr3ThmaSIckoQ+3CX3HjQhG3/oY7/8a0nYW2HrhwOOfe5N4TJpxp43nfTmFpeWV1rbhe2tjc2t5xd/eaWqaKQoNKLlU7JBo4E9AwzHBoJwpIHHJohcOrid+6B6WZFLcmSyCISV+wiFFirNR1Dx6YGeBE8kzImBGOQ/sURF237FW8KfAi8XNSRjnqXffrridpGoMwlBOtO76XmGBElGGUw7h0l2pICB2SPnQsFSQGHYym+4/xsVV6OJLKljB4qv6eGJFY6ywObWdMzEDPexPxP6+TmugiGDGRpAYEnX0UpRwbiSdh4B5TQA3PLCFUMbsrpgOiCDU2spINwZ8/eZE0qxX/rHJ6Uy3XLvM4iugQHaET5KNzVEPXqI4aiKJH9Ixe0Zvz5Lw4787HrLXg5DP76A+czx8sn5Yx</latexit>

with polynomial belief
<latexit sha1_base64="jfgE56i/o3xXEMpvuOdPPMO5UzA=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2ARXJWZgo+NUHDjsoJ9QB1KJr3ThmaSIckoQ+3CX3HjQhG3/oY7/8a0nYW2HrhwOOfe5N4TJpxp43nfTmFpeWV1rbhe2tjc2t5xd/eaWqaKQoNKLlU7JBo4E9AwzHBoJwpIHHJohcOrid+6B6WZFLcmSyCISV+wiFFirNR1Dx6YGeBE8kzImBGOQ/sURF237FW8KfAi8XNSRjnqXffrridpGoMwlBOtO76XmGBElGGUw7h0l2pICB2SPnQsFSQGHYym+4/xsVV6OJLKljB4qv6eGJFY6ywObWdMzEDPexPxP6+TmugiGDGRpAYEnX0UpRwbiSdh4B5TQA3PLCFUMbsrpgOiCDU2spINwZ8/eZE0qxX/rHJ6Uy3XLvM4iugQHaET5KNzVEPXqI4aiKJH9Ixe0Zvz5Lw4787HrLXg5DP76A+czx8sn5Yx</latexit>

with polynomial belief
<latexit sha1_base64="jfgE56i/o3xXEMpvuOdPPMO5UzA=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2ARXJWZgo+NUHDjsoJ9QB1KJr3ThmaSIckoQ+3CX3HjQhG3/oY7/8a0nYW2HrhwOOfe5N4TJpxp43nfTmFpeWV1rbhe2tjc2t5xd/eaWqaKQoNKLlU7JBo4E9AwzHBoJwpIHHJohcOrid+6B6WZFLcmSyCISV+wiFFirNR1Dx6YGeBE8kzImBGOQ/sURF237FW8KfAi8XNSRjnqXffrridpGoMwlBOtO76XmGBElGGUw7h0l2pICB2SPnQsFSQGHYym+4/xsVV6OJLKljB4qv6eGJFY6ywObWdMzEDPexPxP6+TmugiGDGRpAYEnX0UpRwbiSdh4B5TQA3PLCFUMbsrpgOiCDU2spINwZ8/eZE0qxX/rHJ6Uy3XLvM4iugQHaET5KNzVEPXqI4aiKJH9Ixe0Zvz5Lw4787HrLXg5DP76A+czx8sn5Yx</latexit>

with polynomial belief

<latexit sha1_base64="EkhjEBy2rwZ/zVNVQPY5/Ff9Ww0=">AAAB7HicbVDLSgMxFL3js9ZX1aWbYBFclZmCj41Q6MaNWMFpC+0gmTTThmYyQ3JHKKXf4MaFIm79IHf+jWk7C209EDiccy6594SpFAZd99tZWV1b39gsbBW3d3b39ksHh02TZJpxnyUy0e2QGi6F4j4KlLydak7jUPJWOKxP/dYT10Yk6gFHKQ9i2lciEoyilfzG3W298VgquxV3BrJMvJyUIYfNf3V7CctirpBJakzHc1MMxlSjYJJPit3M8JSyIe3zjqWKxtwE49myE3JqlR6JEm2fQjJTf0+MaWzMKA5tMqY4MIveVPzP62QYXQVjodIMuWLzj6JMEkzI9HLSE5ozlCNLKNPC7krYgGrK0PZTtCV4iycvk2a14l1Uzu+r5dp1XkcBjuEEzsCDS6jBDTTABwYCnuEV3hzlvDjvzsc8uuLkM0fwB87nDwzHji4=</latexit>

POMCP

<latexit sha1_base64="bZCfzQ7NnKHMv1XIfJK4rTORO3s=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBHcWJKCj41QcONGqGAf0IYymdy0QyeTMDMphlJ/xY0LRdz6Ie78G6dtFtp64MLhnHu59x4/4Uxpx/m2VlbX1jc2C1vF7Z3dvX374LCp4lRSaNCYx7LtEwWcCWhopjm0Ewkk8jm0/OHN1G+NQCoWiwedJeBFpC9YyCjRRurZpTv2CMFZ7CuQI+IzznTWs8tOxZkBLxM3J2WUo96zv7pBTNMIhKacKNVxnUR7YyI1oxwmxW6qICF0SPrQMVSQCJQ3nh0/wSdGCXAYS1NC45n6e2JMIqWyyDedEdEDtehNxf+8TqrDK2/MRJJqEHS+KEw51jGeJoEDJoFqnhlCqGTmVkwHRBKqTV5FE4K7+PIyaVYr7kXl/L5arl3ncRTQETpGp8hFl6iGblEdNRBFGXpGr+jNerJerHfrY966YuUzJfQH1ucPGPyVDw==</latexit>

Mixed-observability
<latexit sha1_base64="bZCfzQ7NnKHMv1XIfJK4rTORO3s=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBHcWJKCj41QcONGqGAf0IYymdy0QyeTMDMphlJ/xY0LRdz6Ie78G6dtFtp64MLhnHu59x4/4Uxpx/m2VlbX1jc2C1vF7Z3dvX374LCp4lRSaNCYx7LtEwWcCWhopjm0Ewkk8jm0/OHN1G+NQCoWiwedJeBFpC9YyCjRRurZpTv2CMFZ7CuQI+IzznTWs8tOxZkBLxM3J2WUo96zv7pBTNMIhKacKNVxnUR7YyI1oxwmxW6qICF0SPrQMVSQCJQ3nh0/wSdGCXAYS1NC45n6e2JMIqWyyDedEdEDtehNxf+8TqrDK2/MRJJqEHS+KEw51jGeJoEDJoFqnhlCqGTmVkwHRBKqTV5FE4K7+PIyaVYr7kXl/L5arl3ncRTQETpGp8hFl6iGblEdNRBFGXpGr+jNerJerHfrY966YuUzJfQH1ucPGPyVDw==</latexit>

Mixed-observability

Shared Autonomy
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Successful long-term robotic autonomy requires: 
1. Data-driven model learning 

2. Modelling and planning approaches that explicitly reason about the epistemic uncertainty 
inherent to models learnt from data 

3. Incorporating rich specifications that go beyond typical reward maximisation in expectation 

Robustness to model uncertainty

Position Statement



• When we can quantify uncertainty over models, we can consider a notion of risk 
• We will consider conditional value at risk (CVaR) 
‣ Expected value of the alpha% worst cases

78

• We will look into risk aversion for BAMDPs

Risk Aversion



79M. Rigter, B. Lacerda, and N. Hawes, “Risk-Averse Bayes-Adaptive Reinforcement Learning,” in NeurIPS 2021. 

 is an adversarial perturbation to 
the transition probabilities in the 
BAMDP

ξ

• Pose problem as a stochastic game:
1. Agent takes in action in the BAMDP to maximise the expected reward
2. Adversary perturbs the transition probabilities (subject to budget) in the BAMDP to 

minimise the expected reward

• Perturbing BAMDP transition probabilities can mean two things:
‣ Perturbation to the prior over the true MDP - epistemic uncertainty
‣ Perturbation to the transition probabilities in all possible MDPs - aleatoric uncertainty

Risk Aversion in BAMDPs as a Game



• Difficult to solve exactly: BAMDP state space is large and adversary actions are 
continuous 

• Solution: Two-player BAMCP 
‣ Progressive widening with Bayesian optimisation for continuous adversary action space

80M. Rigter, B. Lacerda, and N. Hawes, “Risk-Averse Bayes-Adaptive Reinforcement Learning,” in NeurIPS 2021. 

Solution Method



81M. Rigter, B. Lacerda, and N. Hawes, “Risk-Averse Bayes-Adaptive Reinforcement Learning,” in NeurIPS 2021. 

Results
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<latexit sha1_base64="VFzEoVraPwX00yV6ILgek2zxj/o=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeCF49V7Ae2oWw2k3bpZhN2N0Ip/RdePCji1X/jzX/jts1BWx8MPN6bYWZekAqujet+O4W19Y3NreJ2aWd3b/+gfHjU0kmmGDZZIhLVCahGwSU2DTcCO6lCGgcC28HoZua3n1BpnsgHM07Rj+lA8ogzaqz0eI9UkHaiRNgvV9yqOwdZJV5OKpCj0S9/9cKEZTFKwwTVuuu5qfEnVBnOBE5LvUxjStmIDrBrqaQxan8yv3hKzqwSkihRtqQhc/X3xITGWo/jwHbG1Az1sjcT//O6mYmu/QmXaWZQssWiKBPEJGT2Pgm5QmbE2BLKFLe3EjakijJjQyrZELzll1dJq1b1LqsXd7VKvZ7HUYQTOIVz8OAK6nALDWgCAwnP8ApvjnZenHfnY9FacPKZY/gD5/MHH0SQjw==</latexit>

Real World

<latexit sha1_base64="ntyDTB4VYBRTc368RCx1AlXocBs=">AAACA3icbVDLSgMxFM3UV62vqjvdBIvgqswUUZeFbtwIFewD2qFk0kwbmkmG5I5YhoIbf8WNC0Xc+hPu/BvTdhbaeiBwOOdcbu4JYsENuO63k1tZXVvfyG8WtrZ3dveK+wdNoxJNWYMqoXQ7IIYJLlkDOAjWjjUjUSBYKxjVpn7rnmnDlbyDccz8iAwkDzklYKVe8agL7AGCML3hZhrCNRXFSjIJk16x5JbdGfAy8TJSQhnqveJXt69oEtlhKogxHc+NwU+JBk4FmxS6iWExoSMyYB1LJYmY8dPZDRN8apU+DpW2TwKeqb8nUhIZM44Cm4wIDM2iNxX/8zoJhFd+ymWcAJN0vihMBAaFp4XgPteMghhbQqjm9q+YDokmFGxtBVuCt3jyMmlWyt5F+fy2UqpWszry6BidoDPkoUtURdeojhqIokf0jF7Rm/PkvDjvzsc8mnOymUP0B87nD9fhmEo=</latexit>

Mission Component
<latexit sha1_base64="OwbTo8umyExh2OIglhjx1MhE7hU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeKF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilhxuG/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPYzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSatW9S6rF/e1Sr2ex1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHyU6jbU=</latexit>

Act

<latexit sha1_base64="BXnv0E0k3uwcrLc9L1dcTAlKtVc=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeCF29WsB/QhrLZTtqlm03Y3RRK6I/w4kERr/4eb/4bt20O2vpg4PHeDDPzgkRwbVz32ylsbG5t7xR3S3v7B4dH5eOTlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7Gd3O/PUGleSyfzDRBP6JDyUPOqLFS+yHQqCbYL1fcqrsAWSdeTiqQo9Evf/UGMUsjlIYJqnXXcxPjZ1QZzgTOSr1UY0LZmA6xa6mkEWo/W5w7IxdWGZAwVrakIQv190RGI62nUWA7I2pGetWbi/953dSEt37GZZIalGy5KEwFMTGZ/04GXCEzYmoJZYrbWwkbUUWZsQmVbAje6svrpFWretfVq8dapV7P4yjCGZzDJXhwA3W4hwY0gcEYnuEV3pzEeXHenY9la8HJZ07hD5zPH2Q/j5s=</latexit>

Observe

• Data: N/A
• Model: BAMDP
• Specification: Optimise for CVaR

<latexit sha1_base64="VUibqGexgne5xNLsG69b4+s3klc=">AAAB/XicbVDJSgNBEO2JW4zbuNy8NAbBU5gJuFyEuIBehBHMAskQejo1SZOehe4eJQ7BX/HiQRGv/oc3/8ZOMgdNfFDweK+qu+p5MWdSWda3kZubX1hcyi8XVlbX1jfMza2ajBJBoUojHomGRyRwFkJVMcWhEQsggceh7vUvRn79HoRkUXinBjG4AemGzGeUKC21zZ3zs5tLBz8w1cNXDvb0Q+C3zaJVssbAs8TOSBFlcNrmV6sT0SSAUFFOpGzaVqzclAjFKIdhoZVIiAntky40NQ1JANJNx9sP8b5WOtiPhK5Q4bH6eyIlgZSDwNOdAVE9Oe2NxP+8ZqL8EzdlYZwoCOnkIz/hWEV4FAXuMAFU8YEmhAqmd8W0RwShSgdW0CHY0yfPklq5ZB+VDm/LxcppFkce7aI9dIBsdIwq6Bo5qIooekTP6BW9GU/Gi/FufExac0Y2s43+wPj8AXlOk/Q=</latexit>

BAMDP with GP belief
<latexit sha1_base64="5Zy7yyfB756cbHeNVzBIRzGsGn0=">AAAB+XicbVDLSgMxFM34rPU16tJNsAhuLDMFHxuh2o0boUJf0A4lk95pQzOTIclUytA/ceNCEbf+iTv/xrSdhbYeCBzOOZd7c/yYM6Ud59taWV1b39jMbeW3d3b39u2Dw4YSiaRQp4IL2fKJAs4iqGumObRiCST0OTT9YWXqN0cgFRNRTY9j8ELSj1jAKNFG6tp27UmcVzkZg8R3tw+VatcuOEVnBrxM3IwUUAaT/+r0BE1CiDTlRKm268TaS4nUjHKY5DuJgpjQIelD29CIhKC8dHb5BJ8apYcDIc2LNJ6pvydSEio1Dn2TDIkeqEVvKv7ntRMdXHspi+JEQ0Tni4KEYy3wtAbcYxKo5mNDCJXM3IrpgEhCtSkrb0pwF7+8TBqlontZvHgsFco3WR05dIxO0Bly0RUqo3tURXVE0Qg9o1f0ZqXWi/VufcyjK1Y2c4T+wPr8ARa4kqU=</latexit>

Two-Player BAMCP
<latexit sha1_base64="5Zy7yyfB756cbHeNVzBIRzGsGn0=">AAAB+XicbVDLSgMxFM34rPU16tJNsAhuLDMFHxuh2o0boUJf0A4lk95pQzOTIclUytA/ceNCEbf+iTv/xrSdhbYeCBzOOZd7c/yYM6Ud59taWV1b39jMbeW3d3b39u2Dw4YSiaRQp4IL2fKJAs4iqGumObRiCST0OTT9YWXqN0cgFRNRTY9j8ELSj1jAKNFG6tp27UmcVzkZg8R3tw+VatcuOEVnBrxM3IwUUAaT/+r0BE1CiDTlRKm268TaS4nUjHKY5DuJgpjQIelD29CIhKC8dHb5BJ8apYcDIc2LNJ6pvydSEio1Dn2TDIkeqEVvKv7ntRMdXHspi+JEQ0Tni4KEYy3wtAbcYxKo5mNDCJXM3IrpgEhCtSkrb0pwF7+8TBqlontZvHgsFco3WR05dIxO0Bly0RUqo3tURXVE0Qg9o1f0ZqXWi/VufcyjK1Y2c4T+wPr8ARa4kqU=</latexit>

Two-Player BAMCP

Risk-averse BAMDPs
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<latexit sha1_base64="AFZSIOoJlQZMOpbiPq/KWtFr51s=">AAACFnicbVDLSgMxFM3UV62vqks3wSK4aZkpoi4LKrgpVHDaQjuUTOZOG5rJDElGKEO/wo2/4saFIm7FnX9j+lho64HA4Zx7uLnHTzhT2ra/rdzK6tr6Rn6zsLW9s7tX3D9oqjiVFFwa81i2faKAMwGuZppDO5FAIp9Dyx9eTfzWA0jFYnGvRwl4EekLFjJKtJF6xfJNYpZAZATOR2VXUJCaMIGvgbJJCtfJkIk+rscB8F6xZFfsKfAyceakhOZo9Ipf3SCmaQRCU06U6jh2or2MSM0oh3GhmypICB2SPnQMFSQC5WXTs8b4xCgBDmNpntB4qv5OZCRSahT5ZjIieqAWvYn4n9dJdXjpZUwkqQZBZ4vClGMd40lHOGASqOYjQwiVzPwV0wGRhGrTZMGU4CyevEya1YpzXjm7q5ZqtXkdeXSEjtEpctAFqqFb1EAuougRPaNX9GY9WS/Wu/UxG81Z88wh+gPr8wdRNJ9z</latexit>

Epistemically-Uncertain Decision Making Model
<latexit sha1_base64="AFZSIOoJlQZMOpbiPq/KWtFr51s=">AAACFnicbVDLSgMxFM3UV62vqks3wSK4aZkpoi4LKrgpVHDaQjuUTOZOG5rJDElGKEO/wo2/4saFIm7FnX9j+lho64HA4Zx7uLnHTzhT2ra/rdzK6tr6Rn6zsLW9s7tX3D9oqjiVFFwa81i2faKAMwGuZppDO5FAIp9Dyx9eTfzWA0jFYnGvRwl4EekLFjJKtJF6xfJNYpZAZATOR2VXUJCaMIGvgbJJCtfJkIk+rscB8F6xZFfsKfAyceakhOZo9Ipf3SCmaQRCU06U6jh2or2MSM0oh3GhmypICB2SPnQMFSQC5WXTs8b4xCgBDmNpntB4qv5OZCRSahT5ZjIieqAWvYn4n9dJdXjpZUwkqQZBZ4vClGMd40lHOGASqOYjQwiVzPwV0wGRhGrTZMGU4CyevEya1YpzXjm7q5ZqtXkdeXSEjtEpctAFqqFb1EAuougRPaNX9GY9WS/Wu/UxG81Z88wh+gPr8wdRNJ9z</latexit>

Epistemically-Uncertain Decision Making Model

<latexit sha1_base64="AFZSIOoJlQZMOpbiPq/KWtFr51s=">AAACFnicbVDLSgMxFM3UV62vqks3wSK4aZkpoi4LKrgpVHDaQjuUTOZOG5rJDElGKEO/wo2/4saFIm7FnX9j+lho64HA4Zx7uLnHTzhT2ra/rdzK6tr6Rn6zsLW9s7tX3D9oqjiVFFwa81i2faKAMwGuZppDO5FAIp9Dyx9eTfzWA0jFYnGvRwl4EekLFjJKtJF6xfJNYpZAZATOR2VXUJCaMIGvgbJJCtfJkIk+rscB8F6xZFfsKfAyceakhOZo9Ipf3SCmaQRCU06U6jh2or2MSM0oh3GhmypICB2SPnQMFSQC5WXTs8b4xCgBDmNpntB4qv5OZCRSahT5ZjIieqAWvYn4n9dJdXjpZUwkqQZBZ4vClGMd40lHOGASqOYjQwiVzPwV0wGRhGrTZMGU4CyevEya1YpzXjm7q5ZqtXkdeXSEjtEpctAFqqFb1EAuougRPaNX9GY9WS/Wu/UxG81Z88wh+gPr8wdRNJ9z</latexit>

Epistemically-Uncertain Decision Making Model

<latexit sha1_base64="7/dNrpJwBe7DTM6vAegq4HgB7bQ=">AAACFXicbVDLSgNBEJz1GeNr1aOXwSB4kLAbRD0GRPAY0TwgCWF2tpMMmZ1dZnqFJeQnvPgrXjwo4lXw5t84eRw0saChqOqmuytIpDDoed/O0vLK6tp6biO/ubW9s+vu7ddMnGoOVR7LWDcCZkAKBVUUKKGRaGBRIKEeDK7Gfv0BtBGxuscsgXbEekp0BWdopY57Woml4Bm9yxT2wQhDUxWCpteJ3Q2R4LSqOGhkQmHWcQte0ZuALhJ/RgpkhkrH/WqFMU8jUMglM6bpewm2h0yj4BJG+VZqIGF8wHrQtFSxCEx7OPlqRI+tEtJurG0ppBP198SQRcZkUWA7I4Z9M++Nxf+8Zordy/ZQqCRFUHy6qJtKijEdR0RDoYGjzCxhXAt7K+V9phlHG2TehuDPv7xIaqWif148uy0VyuVZHDlySI7ICfHJBSmTG1IhVcLJI3kmr+TNeXJenHfnY9q65MxmDsgfOJ8/MHefeQ==</latexit>

Policy Synthesis under Epistemic Uncertainty

<latexit sha1_base64="7/dNrpJwBe7DTM6vAegq4HgB7bQ=">AAACFXicbVDLSgNBEJz1GeNr1aOXwSB4kLAbRD0GRPAY0TwgCWF2tpMMmZ1dZnqFJeQnvPgrXjwo4lXw5t84eRw0saChqOqmuytIpDDoed/O0vLK6tp6biO/ubW9s+vu7ddMnGoOVR7LWDcCZkAKBVUUKKGRaGBRIKEeDK7Gfv0BtBGxuscsgXbEekp0BWdopY57Woml4Bm9yxT2wQhDUxWCpteJ3Q2R4LSqOGhkQmHWcQte0ZuALhJ/RgpkhkrH/WqFMU8jUMglM6bpewm2h0yj4BJG+VZqIGF8wHrQtFSxCEx7OPlqRI+tEtJurG0ppBP198SQRcZkUWA7I4Z9M++Nxf+8Zordy/ZQqCRFUHy6qJtKijEdR0RDoYGjzCxhXAt7K+V9phlHG2TehuDPv7xIaqWif148uy0VyuVZHDlySI7ICfHJBSmTG1IhVcLJI3kmr+TNeXJenHfnY9q65MxmDsgfOJ8/MHefeQ==</latexit>

Policy Synthesis under Epistemic Uncertainty

<latexit sha1_base64="7/dNrpJwBe7DTM6vAegq4HgB7bQ=">AAACFXicbVDLSgNBEJz1GeNr1aOXwSB4kLAbRD0GRPAY0TwgCWF2tpMMmZ1dZnqFJeQnvPgrXjwo4lXw5t84eRw0saChqOqmuytIpDDoed/O0vLK6tp6biO/ubW9s+vu7ddMnGoOVR7LWDcCZkAKBVUUKKGRaGBRIKEeDK7Gfv0BtBGxuscsgXbEekp0BWdopY57Woml4Bm9yxT2wQhDUxWCpteJ3Q2R4LSqOGhkQmHWcQte0ZuALhJ/RgpkhkrH/WqFMU8jUMglM6bpewm2h0yj4BJG+VZqIGF8wHrQtFSxCEx7OPlqRI+tEtJurG0ppBP198SQRcZkUWA7I4Z9M++Nxf+8Zordy/ZQqCRFUHy6qJtKijEdR0RDoYGjzCxhXAt7K+V9phlHG2TehuDPv7xIaqWif148uy0VyuVZHDlySI7ICfHJBSmTG1IhVcLJI3kmr+TNeXJenHfnY9q65MxmDsgfOJ8/MHefeQ==</latexit>

Policy Synthesis under Epistemic Uncertainty
<latexit sha1_base64="VFzEoVraPwX00yV6ILgek2zxj/o=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeCF49V7Ae2oWw2k3bpZhN2N0Ip/RdePCji1X/jzX/jts1BWx8MPN6bYWZekAqujet+O4W19Y3NreJ2aWd3b/+gfHjU0kmmGDZZIhLVCahGwSU2DTcCO6lCGgcC28HoZua3n1BpnsgHM07Rj+lA8ogzaqz0eI9UkHaiRNgvV9yqOwdZJV5OKpCj0S9/9cKEZTFKwwTVuuu5qfEnVBnOBE5LvUxjStmIDrBrqaQxan8yv3hKzqwSkihRtqQhc/X3xITGWo/jwHbG1Az1sjcT//O6mYmu/QmXaWZQssWiKBPEJGT2Pgm5QmbE2BLKFLe3EjakijJjQyrZELzll1dJq1b1LqsXd7VKvZ7HUYQTOIVz8OAK6nALDWgCAwnP8ApvjnZenHfnY9FacPKZY/gD5/MHH0SQjw==</latexit>

Real World

<latexit sha1_base64="ntyDTB4VYBRTc368RCx1AlXocBs=">AAACA3icbVDLSgMxFM3UV62vqjvdBIvgqswUUZeFbtwIFewD2qFk0kwbmkmG5I5YhoIbf8WNC0Xc+hPu/BvTdhbaeiBwOOdcbu4JYsENuO63k1tZXVvfyG8WtrZ3dveK+wdNoxJNWYMqoXQ7IIYJLlkDOAjWjjUjUSBYKxjVpn7rnmnDlbyDccz8iAwkDzklYKVe8agL7AGCML3hZhrCNRXFSjIJk16x5JbdGfAy8TJSQhnqveJXt69oEtlhKogxHc+NwU+JBk4FmxS6iWExoSMyYB1LJYmY8dPZDRN8apU+DpW2TwKeqb8nUhIZM44Cm4wIDM2iNxX/8zoJhFd+ymWcAJN0vihMBAaFp4XgPteMghhbQqjm9q+YDokmFGxtBVuCt3jyMmlWyt5F+fy2UqpWszry6BidoDPkoUtURdeojhqIokf0jF7Rm/PkvDjvzsc8mnOymUP0B87nD9fhmEo=</latexit>

Mission Component
<latexit sha1_base64="OwbTo8umyExh2OIglhjx1MhE7hU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeKF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilhxuG/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPYzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSatW9S6rF/e1Sr2ex1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHyU6jbU=</latexit>

Act

<latexit sha1_base64="BXnv0E0k3uwcrLc9L1dcTAlKtVc=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeCF29WsB/QhrLZTtqlm03Y3RRK6I/w4kERr/4eb/4bt20O2vpg4PHeDDPzgkRwbVz32ylsbG5t7xR3S3v7B4dH5eOTlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7Gd3O/PUGleSyfzDRBP6JDyUPOqLFS+yHQqCbYL1fcqrsAWSdeTiqQo9Evf/UGMUsjlIYJqnXXcxPjZ1QZzgTOSr1UY0LZmA6xa6mkEWo/W5w7IxdWGZAwVrakIQv190RGI62nUWA7I2pGetWbi/953dSEt37GZZIalGy5KEwFMTGZ/04GXCEzYmoJZYrbWwkbUUWZsQmVbAje6svrpFWretfVq8dapV7P4yjCGZzDJXhwA3W4hwY0gcEYnuEV3pzEeXHenY9la8HJZ07hD5zPH2Q/j5s=</latexit>

Observe

<latexit sha1_base64="VFzEoVraPwX00yV6ILgek2zxj/o=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeCF49V7Ae2oWw2k3bpZhN2N0Ip/RdePCji1X/jzX/jts1BWx8MPN6bYWZekAqujet+O4W19Y3NreJ2aWd3b/+gfHjU0kmmGDZZIhLVCahGwSU2DTcCO6lCGgcC28HoZua3n1BpnsgHM07Rj+lA8ogzaqz0eI9UkHaiRNgvV9yqOwdZJV5OKpCj0S9/9cKEZTFKwwTVuuu5qfEnVBnOBE5LvUxjStmIDrBrqaQxan8yv3hKzqwSkihRtqQhc/X3xITGWo/jwHbG1Az1sjcT//O6mYmu/QmXaWZQssWiKBPEJGT2Pgm5QmbE2BLKFLe3EjakijJjQyrZELzll1dJq1b1LqsXd7VKvZ7HUYQTOIVz8OAK6nALDWgCAwnP8ApvjnZenHfnY9FacPKZY/gD5/MHH0SQjw==</latexit>

Real World

<latexit sha1_base64="ch8Ihn8GPQTxPqdN/8cM8TEB2Rc=">AAAB+3icbVDLSgNBEJz1GeNrjUcvg0HwFHaDqMeACh4jmAckS5id9CZDZh/M9ErCkl/x4kERr/6IN//GSbIHTSwYKKq6e7rLT6TQ6Djf1tr6xubWdmGnuLu3f3BoH5WaOk4VhwaPZazaPtMgRQQNFCihnShgoS+h5Y9uZn7rCZQWcfSIkwS8kA0iEQjO0Eg9u3Q3TkAJiDjQW4ZmEvbsslNx5qCrxM1JmeSo9+yvbj/maQgRcsm07rhOgl7GFAouYVrsphoSxkdsAB1DIxaC9rL57lN6ZpQ+DWJlXoR0rv7uyFio9ST0TWXIcKiXvZn4n9dJMbj2MhElKZrrFh8FqaQY01kQtC8UcJQTQxhXwuxK+ZApxtHEVTQhuMsnr5JmteJeVi4equVaLY+jQE7IKTknLrkiNXJP6qRBOBmTZ/JK3qyp9WK9Wx+L0jUr7zkmf2B9/gDakJRS</latexit>

Experience Dataset
<latexit sha1_base64="g8MrgGgl9GUL01l+AJ1Ft9Ms5LE=">AAAB+nicbVBNSwMxEM36WevXVo9egkXwVHaLqMeCB70IFewHtEvJprNtaDZZkqxSan+KFw+KePWXePPfmG33oK0PBh7vzTAzL0w408bzvp2V1bX1jc3CVnF7Z3dv3y0dNLVMFYUGlVyqdkg0cCagYZjh0E4UkDjk0ApHV5nfegClmRT3ZpxAEJOBYBGjxFip55Zumc5MfA0CFDFS9dyyV/FmwMvEz0kZ5aj33K9uX9I0BmEoJ1p3fC8xwYQowyiHabGbakgIHZEBdCwVJAYdTGanT/GJVfo4ksqWMHim/p6YkFjrcRzazpiYoV70MvE/r5Oa6DKYMJGkBgSdL4pSjo3EWQ64zxRQw8eWEKqYvRXTIVGEGptW0YbgL768TJrVin9eOburlmu1PI4COkLH6BT56ALV0A2qowai6BE9o1f05jw5L8678zFvXXHymUP0B87nD0YWlAM=</latexit>

Mission Generator

<latexit sha1_base64="/uAunBT3BwnJ2QT2UsBSVrh3hkw=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2ARXJWZIuqy0o0LFxX6graUTJppQzPJkNwRy9iFv+LGhSJu/Q13/o3pY6GtBwKHc+7h3pwgFtyA5307mZXVtfWN7GZua3tnd8/dP6gblWjKalQJpZsBMUxwyWrAQbBmrBmJAsEawbA88Rv3TBuuZBVGMetEpC95yCkBK3XdozawBwjC9LZ6jcsqipVkEsZdN+8VvCnwMvHnJI/mqHTdr3ZP0SSyYSqIMS3fi6GTEg2cCjbOtRPDYkKHpM9alkoSMdNJp/eP8alVejhU2j4JeKr+TqQkMmYUBXYyIjAwi95E/M9rJRBedVIu4wSYpLNFYSIwKDwpA/e4ZhTEyBJCNbe3YjogmlCwleVsCf7il5dJvVjwLwrnd8V8qTSvI4uO0Qk6Qz66RCV0gyqohih6RM/oFb05T86L8+58zEYzzjxziP7A+fwBDoCWIQ==</latexit>

LTA Component

<latexit sha1_base64="ntyDTB4VYBRTc368RCx1AlXocBs=">AAACA3icbVDLSgMxFM3UV62vqjvdBIvgqswUUZeFbtwIFewD2qFk0kwbmkmG5I5YhoIbf8WNC0Xc+hPu/BvTdhbaeiBwOOdcbu4JYsENuO63k1tZXVvfyG8WtrZ3dveK+wdNoxJNWYMqoXQ7IIYJLlkDOAjWjjUjUSBYKxjVpn7rnmnDlbyDccz8iAwkDzklYKVe8agL7AGCML3hZhrCNRXFSjIJk16x5JbdGfAy8TJSQhnqveJXt69oEtlhKogxHc+NwU+JBk4FmxS6iWExoSMyYB1LJYmY8dPZDRN8apU+DpW2TwKeqb8nUhIZM44Cm4wIDM2iNxX/8zoJhFd+ymWcAJN0vihMBAaFp4XgPteMghhbQqjm9q+YDokmFGxtBVuCt3jyMmlWyt5F+fy2UqpWszry6BidoDPkoUtURdeojhqIokf0jF7Rm/PkvDjvzsc8mnOymUP0B87nD9fhmEo=</latexit>

Mission Component

<latexit sha1_base64="Ryvlm+CeBsOU5M/NlgzEMfeVBKA=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNF1GVBQZcV7AOmQ8mkd9rQTGZI7gil9DPcuFDErV/jzr8xbWehrQcCh3PuJeeeMJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMkmmOTR5IhPdCZkBKRQ0UaCETqqBxaGEdji6mfntJ9BGJOoRxykEMRsoEQnO0Er+HcMhaHrLkPXKFbfqzkFXiZeTCsnR6JW/uv2EZzEo5JIZ43tuisGEaRRcwrTUzQykjI/YAHxLFYvBBJN55Ck9s0qfRom2TyGdq783Jiw2ZhyHdjK2Gc2yNxP/8/wMo+tgIlSaISi++CjKJMWEzu6nfaGBoxxbwrgWNivlQ6YZR9tSyZbgLZ+8Slq1qndZvXioVer1vI4iOSGn5Jx45IrUyT1pkCbhJCHP5JW8Oei8OO/Ox2K04OQ7x+QPnM8fts2Q4g==</latexit>

Gather Data

<latexit sha1_base64="MWSN3DJxb31rvrA0U/ET3eq+sVg=">AAACE3icbVDLSgMxFM34rPVVdekmWARxUWYKPpYFXbgpVLQPaIeSydy2oZlkSDJCKf0HN/6KGxeKuHXjzr8x085CWw8EDuecy809QcyZNq777Swtr6yurec28ptb2zu7hb39hpaJolCnkkvVCogGzgTUDTMcWrECEgUcmsHwKvWbD6A0k+LejGLwI9IXrMcoMVbqFk6r1zWcaCb6+C5ONQNRLBXhuCpD4LimIGQ0zepuoeiW3CnwIvEyUkQZat3CVyeUNIlAGMqJ1m3PjY0/JsowymGS7yQaYkKHpA9tSwWJQPvj6U0TfGyVEPeksk8YPFV/T4xJpPUoCmwyImag571U/M9rJ6Z36Y+ZiBMDgs4W9RKOjcRpQThkCqjhI0sIVcz+FdMBUYQaW2PeluDNn7xIGuWSd146uy0XK5Wsjhw6REfoBHnoAlXQDaqhOqLoET2jV/TmPDkvzrvzMYsuOdnMAfoD5/MHzwKeJQ==</latexit>

MDP using Spatiotemporal Model Predictions

<latexit sha1_base64="Fbo2J38P8JYM7orGCxLFoWRnBPI=">AAACFnicbVBNSxxBFOxZTTSbr40ec2lcArlkMyNEPa7kkkMCio67sA7Lm543bmNPd9P9JrAs/gov+StePCRIruIt/yY96x78Kmgoqurx+lVulfQUx/+i1tLys+crqy/aL1+9fvO2827tyJvaCUyFUcYNc/CopMaUJCkcWodQ5QoH+enXxh/8ROel0Yc0tZhVcKJlKQVQkMadT98RnP6c2gII+YFtZMLKGgeK/zAFKs9NyXdFE/fjTjfuxXPwxyRZkC5bYG/cuTkujKgr1CQUeD9KYkvZDBxJofCsfVx7tCBO4QRHgWqo0Gez+Vln/ENQCl4aF54mPlfvTsyg8n5a5SFZAU38Q68Rn/JGNZU72UxqWxNqcbuorBUnw5uOeCEdClLTQEA4Gf7KxQQcCApNtkMJycOTH5OjzV6y1fuyv9nt9xd1rLL3bIN9ZAnbZn32je2xlAl2zi7Yb/Yn+hVdRlfR39toK1rMrLN7iK7/Axcwn1U=</latexit>

Learn/Update Spatiotemporal Models of Actions
<latexit sha1_base64="Fbo2J38P8JYM7orGCxLFoWRnBPI=">AAACFnicbVBNSxxBFOxZTTSbr40ec2lcArlkMyNEPa7kkkMCio67sA7Lm543bmNPd9P9JrAs/gov+StePCRIruIt/yY96x78Kmgoqurx+lVulfQUx/+i1tLys+crqy/aL1+9fvO2827tyJvaCUyFUcYNc/CopMaUJCkcWodQ5QoH+enXxh/8ROel0Yc0tZhVcKJlKQVQkMadT98RnP6c2gII+YFtZMLKGgeK/zAFKs9NyXdFE/fjTjfuxXPwxyRZkC5bYG/cuTkujKgr1CQUeD9KYkvZDBxJofCsfVx7tCBO4QRHgWqo0Gez+Vln/ENQCl4aF54mPlfvTsyg8n5a5SFZAU38Q68Rn/JGNZU72UxqWxNqcbuorBUnw5uOeCEdClLTQEA4Gf7KxQQcCApNtkMJycOTH5OjzV6y1fuyv9nt9xd1rLL3bIN9ZAnbZn32je2xlAl2zi7Yb/Yn+hVdRlfR39toK1rMrLN7iK7/Axcwn1U=</latexit>

Learn/Update Spatiotemporal Models of Actions
<latexit sha1_base64="Fbo2J38P8JYM7orGCxLFoWRnBPI=">AAACFnicbVBNSxxBFOxZTTSbr40ec2lcArlkMyNEPa7kkkMCio67sA7Lm543bmNPd9P9JrAs/gov+StePCRIruIt/yY96x78Kmgoqurx+lVulfQUx/+i1tLys+crqy/aL1+9fvO2827tyJvaCUyFUcYNc/CopMaUJCkcWodQ5QoH+enXxh/8ROel0Yc0tZhVcKJlKQVQkMadT98RnP6c2gII+YFtZMLKGgeK/zAFKs9NyXdFE/fjTjfuxXPwxyRZkC5bYG/cuTkujKgr1CQUeD9KYkvZDBxJofCsfVx7tCBO4QRHgWqo0Gez+Vln/ENQCl4aF54mPlfvTsyg8n5a5SFZAU38Q68Rn/JGNZU72UxqWxNqcbuorBUnw5uOeCEdClLTQEA4Gf7KxQQcCApNtkMJycOTH5OjzV6y1fuyv9nt9xd1rLL3bIN9ZAnbZn32je2xlAl2zi7Yb/Yn+hVdRlfR39toK1rMrLN7iK7/Axcwn1U=</latexit>

Learn/Update Spatiotemporal Models of Actions

<latexit sha1_base64="7/dNrpJwBe7DTM6vAegq4HgB7bQ=">AAACFXicbVDLSgNBEJz1GeNr1aOXwSB4kLAbRD0GRPAY0TwgCWF2tpMMmZ1dZnqFJeQnvPgrXjwo4lXw5t84eRw0saChqOqmuytIpDDoed/O0vLK6tp6biO/ubW9s+vu7ddMnGoOVR7LWDcCZkAKBVUUKKGRaGBRIKEeDK7Gfv0BtBGxuscsgXbEekp0BWdopY57Woml4Bm9yxT2wQhDUxWCpteJ3Q2R4LSqOGhkQmHWcQte0ZuALhJ/RgpkhkrH/WqFMU8jUMglM6bpewm2h0yj4BJG+VZqIGF8wHrQtFSxCEx7OPlqRI+tEtJurG0ppBP198SQRcZkUWA7I4Z9M++Nxf+8Zordy/ZQqCRFUHy6qJtKijEdR0RDoYGjzCxhXAt7K+V9phlHG2TehuDPv7xIaqWif148uy0VyuVZHDlySI7ICfHJBSmTG1IhVcLJI3kmr+TNeXJenHfnY9q65MxmDsgfOJ8/MHefeQ==</latexit>

Policy Synthesis under Epistemic Uncertainty

<latexit sha1_base64="OwbTo8umyExh2OIglhjx1MhE7hU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeKF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilhxuG/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPYzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSatW9S6rF/e1Sr2ex1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHyU6jbU=</latexit>

Act

<latexit sha1_base64="iZ8VaU4oIhgPunvEtbUp28PRQYk=">AAACGHicbVDLSgMxFM34rPVVdekmWARXdabgY1lQwWWFvqAt5U7mtg3NZIYkI5bSz3Djr7hxoYjb7vwbM20X2nogcO659xDO8WPBtXHdb2dldW19YzOzld3e2d3bzx0c1nSUKIZVFolINXzQKLjEquFGYCNWCKEvsO4PbtJ9/RGV5pGsmGGM7RB6knc5A2OlTu68okBqng60rCIffC7shJqCDOjdU4zMYEBvEzU16E4u7xbcKegy8eYkT+Yod3KTVhCxJERpmACtm54bm/YIlOFM4DjbSjTGwAbQw6alEkLU7dE02JieWiWg3UjZJw2dqr8dIwi1Hoa+vQzB9PXiLhX/2zUT071uj7iME4OSzT7qJoKaiKYt0YArG1wMLQGmbCGMsj4osGUonbUleIuRl0mtWPAuCxcPxXypNK8jQ47JCTkjHrkiJXJPyqRKGHkmr+SdfDgvzpvz6XzNTlecueeI/IEz+QFdDaCZ</latexit>

Transition Probabilities and Expected Durations
<latexit sha1_base64="iZ8VaU4oIhgPunvEtbUp28PRQYk=">AAACGHicbVDLSgMxFM34rPVVdekmWARXdabgY1lQwWWFvqAt5U7mtg3NZIYkI5bSz3Djr7hxoYjb7vwbM20X2nogcO659xDO8WPBtXHdb2dldW19YzOzld3e2d3bzx0c1nSUKIZVFolINXzQKLjEquFGYCNWCKEvsO4PbtJ9/RGV5pGsmGGM7RB6knc5A2OlTu68okBqng60rCIffC7shJqCDOjdU4zMYEBvEzU16E4u7xbcKegy8eYkT+Yod3KTVhCxJERpmACtm54bm/YIlOFM4DjbSjTGwAbQw6alEkLU7dE02JieWiWg3UjZJw2dqr8dIwi1Hoa+vQzB9PXiLhX/2zUT071uj7iME4OSzT7qJoKaiKYt0YArG1wMLQGmbCGMsj4osGUonbUleIuRl0mtWPAuCxcPxXypNK8jQ47JCTkjHrkiJXJPyqRKGHkmr+SdfDgvzpvz6XzNTlecueeI/IEz+QFdDaCZ</latexit>

Transition Probabilities and Expected Durations

<latexit sha1_base64="UYFPMPpmwhlgkNDKtNM0sYJP3tQ=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwY0kKPpaFLnTRRcW+oA3lZjpph04yYWZSKKF/4saFIm79E3f+jdM2C209cOFwzr3ce48fc6a043xbuY3Nre2d/G5hb//g8Mg+PmkpkUhCm0RwITs+KMpZRJuaaU47saQQ+py2/XF17rcnVComooaextQLYRixgBHQRurbdlVcPUFAca1Rw/cCeN8uOiVnAbxO3IwUUYZ63/7qDQRJQhppwkGpruvE2ktBakY4nRV6iaIxkDEMadfQCEKqvHRx+QxfGGWAAyFNRRov1N8TKYRKTUPfdIagR2rVm4v/ed1EB3deyqI40TQiy0VBwrEWeB4DHjBJieZTQ4BIZm7FZAQSiDZhFUwI7urL66RVLrk3pevHcrFSyeLIozN0ji6Ri25RBT2gOmoigiboGb2iNyu1Xqx362PZmrOymVP0B9bnD6Gnkl4=</latexit>

Co-Safe LTL Goal
<latexit sha1_base64="snwxa4c5MocHgmWm3OcNBL9ibfc=">AAACAnicbVC7SgNBFJ31GeMraiU2g0GwMewGfJSBNBYpInlCsoTZyd1kyOzsMjMrhCXY+Cs2ForY+hV2/o2TZIuYeODC4Zx7ufceL+JMadv+sdbWNza3tjM72d29/YPD3NFxU4WxpNCgIQ9l2yMKOBPQ0ExzaEcSSOBxaHmj8tRvPYJULBR1PY7ADchAMJ9Roo3Uy52Ww6sa8QFX6hVci4AueHm7YM+AV4mTkjxKUe3lvrv9kMYBCE05Uarj2JF2EyI1oxwm2W6sICJ0RAbQMVSQAJSbzF6Y4Auj9LEfSlNC45m6OJGQQKlx4JnOgOihWvam4n9eJ9b+nZswEcUaBJ0v8mOOdYineeA+k0A1HxtCqGTmVkyHRBKqTWpZE4Kz/PIqaRYLzk3h+qGYL5XSODLoDJ2jS+SgW1RC96iKGoiiJ/SC3tC79Wy9Wh/W57x1zUpnTtAfWF+/2PiWdg==</latexit>

Co-Safe LTL Specification

<latexit sha1_base64="86ey3joFMVTJsFAClvuEl2jHR7c=">AAACBnicbZDLSsNAFIYn9VbrLepShMEiuCpJwcuyogt3VrAXaEOZTCbt0MkkzEUooSs3voobF4q49Rnc+TZO0iy09cDAx/+fw5nz+wmjUjnOt1VaWl5ZXSuvVzY2t7Z37N29toy1wKSFYxaLro8kYZSTlqKKkW4iCIp8Rjr++CrzOw9ESBrzezVJiBehIachxUgZaWAfXuIM4K1WOI6IhIgH8FqL3JYDu+rUnLzgIrgFVEFRzYH91Q9irCPCFWZIyp7rJMpLkVAUMzKt9LUkCcJjNCQ9gxyZlV6anzGFx0YJYBgL87iCufp7IkWRlJPIN50RUiM572Xif15Pq/DCSylPtCIczxaFmkEVwywTGFBBsGITAwgLav4K8QgJhJVJrmJCcOdPXoR2veae1U7v6tVGo4ijDA7AETgBLjgHDXADmqAFMHgEz+AVvFlP1ov1bn3MWktWMbMP/pT1+QPwp5jM</latexit>

Action Outcomes and Durations
<latexit sha1_base64="86ey3joFMVTJsFAClvuEl2jHR7c=">AAACBnicbZDLSsNAFIYn9VbrLepShMEiuCpJwcuyogt3VrAXaEOZTCbt0MkkzEUooSs3voobF4q49Rnc+TZO0iy09cDAx/+fw5nz+wmjUjnOt1VaWl5ZXSuvVzY2t7Z37N29toy1wKSFYxaLro8kYZSTlqKKkW4iCIp8Rjr++CrzOw9ESBrzezVJiBehIachxUgZaWAfXuIM4K1WOI6IhIgH8FqL3JYDu+rUnLzgIrgFVEFRzYH91Q9irCPCFWZIyp7rJMpLkVAUMzKt9LUkCcJjNCQ9gxyZlV6anzGFx0YJYBgL87iCufp7IkWRlJPIN50RUiM572Xif15Pq/DCSylPtCIczxaFmkEVwywTGFBBsGITAwgLav4K8QgJhJVJrmJCcOdPXoR2veae1U7v6tVGo4ijDA7AETgBLjgHDXADmqAFMHgEz+AVvFlP1ov1bn3MWktWMbMP/pT1+QPwp5jM</latexit>

Action Outcomes and Durations
• Long-term autonomy 
‣ Epistemic uncertainty not 

considered 
‣ Assumes (single) model is 

correct when planning

• Epistemic uncertainty 
‣ Single mission 
‣ No offline learning from 

mission data

Current Situation
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tinuously varying, open-world) true environment dynamics,
it is unlikely that the data set available for model learning
will ever be fully representative of the future environment
dynamics the robot will experience. This means any single
MDP (or other planning model) built from this data will be
mismatched with future execution environments, and this
will lead to behaviour which is incorrect (or over-confident)
in the “true” model (i.e. a hypothetical model which cor-
rectly describes the execution environment). This problem
will be exacerbated when features within the dataset are non-
stationary, either due to time-varying dynamics or long-term
drifts in environment behaviour.

In all but the simplest static environments, the above as-
sumptions yield a mismatch between the learned model used
for planning, and the environment in which the synthesised
policy is executed. Therefore we view it as essential that
the model is constructed in a way which captures this inher-

ent epistemic uncertainty, and that the planning algorithm

takes this epistemic uncertainty into account when producing

a policy. Further, by making observations during mission
execution, the robot should refine its epistemic uncertainty,
effectively adapting to the environmental conditions faced at
mission time.

We propose a model-based approach to long-term mission
planning because we do not expect to have the amount of ex-
perience data require for model-free reinforcement learning
(RL), and also recognise that the online exploration required
for such approaches can be expensive and yield unsafe be-
haviour. Give this, we postulate that an offline model learning
approach that uses the data gathered by the robot to learn a
model of the relevant environmental dynamics is the more
appropriate approach. The use of a model also provides other
benefits, such as explanatory power and the ability to provide
guarantees over long-horizon behaviour.

In the following sections we describe our proposed frame-
work in more detail, and then provide examples of existing
work that either instantiates the framework in some way, or
could be used to populate elements of it.

Framework
Overview
Fig. 1 presents our proposed framework. We propose split-
ting the reasoning into two components which run at differ-
ent time frames. For the higher, long-term autonomy (LTA)
component, machine learning approaches are used to learn
a (set of) formal model(s) of world dynamics from an ex-
perience dataset obtained online during previous missions.
We also consider a mission generator, which creates mission
specifications (goals, constraints, etc.) for the robot. Mission
specifications could be created in an asynchronous manner
by users, defined a priori, or arrive at uncertain times1. Fur-
thermore, they can represent exploratory missions which aim
to improve the accuracy and confidence of the learnt models.
We leave the format of the specifications undefined, noting
that a wide range of specifications have been investigated.
Common goals are minimising the expected cost to reach

1An interesting direction for future work is to include the learn-
ing of task arrival models within the LTA component.

<latexit sha1_base64="AFZSIOoJlQZMOpbiPq/KWtFr51s=">AAACFnicbVDLSgMxFM3UV62vqks3wSK4aZkpoi4LKrgpVHDaQjuUTOZOG5rJDElGKEO/wo2/4saFIm7FnX9j+lho64HA4Zx7uLnHTzhT2ra/rdzK6tr6Rn6zsLW9s7tX3D9oqjiVFFwa81i2faKAMwGuZppDO5FAIp9Dyx9eTfzWA0jFYnGvRwl4EekLFjJKtJF6xfJNYpZAZATOR2VXUJCaMIGvgbJJCtfJkIk+rscB8F6xZFfsKfAyceakhOZo9Ipf3SCmaQRCU06U6jh2or2MSM0oh3GhmypICB2SPnQMFSQC5WXTs8b4xCgBDmNpntB4qv5OZCRSahT5ZjIieqAWvYn4n9dJdXjpZUwkqQZBZ4vClGMd40lHOGASqOYjQwiVzPwV0wGRhGrTZMGU4CyevEya1YpzXjm7q5ZqtXkdeXSEjtEpctAFqqFb1EAuougRPaNX9GY9WS/Wu/UxG81Z88wh+gPr8wdRNJ9z</latexit>

Epistemically-Uncertain Decision Making Model
<latexit sha1_base64="AFZSIOoJlQZMOpbiPq/KWtFr51s=">AAACFnicbVDLSgMxFM3UV62vqks3wSK4aZkpoi4LKrgpVHDaQjuUTOZOG5rJDElGKEO/wo2/4saFIm7FnX9j+lho64HA4Zx7uLnHTzhT2ra/rdzK6tr6Rn6zsLW9s7tX3D9oqjiVFFwa81i2faKAMwGuZppDO5FAIp9Dyx9eTfzWA0jFYnGvRwl4EekLFjJKtJF6xfJNYpZAZATOR2VXUJCaMIGvgbJJCtfJkIk+rscB8F6xZFfsKfAyceakhOZo9Ipf3SCmaQRCU06U6jh2or2MSM0oh3GhmypICB2SPnQMFSQC5WXTs8b4xCgBDmNpntB4qv5OZCRSahT5ZjIieqAWvYn4n9dJdXjpZUwkqQZBZ4vClGMd40lHOGASqOYjQwiVzPwV0wGRhGrTZMGU4CyevEya1YpzXjm7q5ZqtXkdeXSEjtEpctAFqqFb1EAuougRPaNX9GY9WS/Wu/UxG81Z88wh+gPr8wdRNJ9z</latexit>

Epistemically-Uncertain Decision Making Model

<latexit sha1_base64="AFZSIOoJlQZMOpbiPq/KWtFr51s=">AAACFnicbVDLSgMxFM3UV62vqks3wSK4aZkpoi4LKrgpVHDaQjuUTOZOG5rJDElGKEO/wo2/4saFIm7FnX9j+lho64HA4Zx7uLnHTzhT2ra/rdzK6tr6Rn6zsLW9s7tX3D9oqjiVFFwa81i2faKAMwGuZppDO5FAIp9Dyx9eTfzWA0jFYnGvRwl4EekLFjJKtJF6xfJNYpZAZATOR2VXUJCaMIGvgbJJCtfJkIk+rscB8F6xZFfsKfAyceakhOZo9Ipf3SCmaQRCU06U6jh2or2MSM0oh3GhmypICB2SPnQMFSQC5WXTs8b4xCgBDmNpntB4qv5OZCRSahT5ZjIieqAWvYn4n9dJdXjpZUwkqQZBZ4vClGMd40lHOGASqOYjQwiVzPwV0wGRhGrTZMGU4CyevEya1YpzXjm7q5ZqtXkdeXSEjtEpctAFqqFb1EAuougRPaNX9GY9WS/Wu/UxG81Z88wh+gPr8wdRNJ9z</latexit>

Epistemically-Uncertain Decision Making Model

<latexit sha1_base64="7/dNrpJwBe7DTM6vAegq4HgB7bQ=">AAACFXicbVDLSgNBEJz1GeNr1aOXwSB4kLAbRD0GRPAY0TwgCWF2tpMMmZ1dZnqFJeQnvPgrXjwo4lXw5t84eRw0saChqOqmuytIpDDoed/O0vLK6tp6biO/ubW9s+vu7ddMnGoOVR7LWDcCZkAKBVUUKKGRaGBRIKEeDK7Gfv0BtBGxuscsgXbEekp0BWdopY57Woml4Bm9yxT2wQhDUxWCpteJ3Q2R4LSqOGhkQmHWcQte0ZuALhJ/RgpkhkrH/WqFMU8jUMglM6bpewm2h0yj4BJG+VZqIGF8wHrQtFSxCEx7OPlqRI+tEtJurG0ppBP198SQRcZkUWA7I4Z9M++Nxf+8Zordy/ZQqCRFUHy6qJtKijEdR0RDoYGjzCxhXAt7K+V9phlHG2TehuDPv7xIaqWif148uy0VyuVZHDlySI7ICfHJBSmTG1IhVcLJI3kmr+TNeXJenHfnY9q65MxmDsgfOJ8/MHefeQ==</latexit>

Policy Synthesis under Epistemic Uncertainty

<latexit sha1_base64="7/dNrpJwBe7DTM6vAegq4HgB7bQ=">AAACFXicbVDLSgNBEJz1GeNr1aOXwSB4kLAbRD0GRPAY0TwgCWF2tpMMmZ1dZnqFJeQnvPgrXjwo4lXw5t84eRw0saChqOqmuytIpDDoed/O0vLK6tp6biO/ubW9s+vu7ddMnGoOVR7LWDcCZkAKBVUUKKGRaGBRIKEeDK7Gfv0BtBGxuscsgXbEekp0BWdopY57Woml4Bm9yxT2wQhDUxWCpteJ3Q2R4LSqOGhkQmHWcQte0ZuALhJ/RgpkhkrH/WqFMU8jUMglM6bpewm2h0yj4BJG+VZqIGF8wHrQtFSxCEx7OPlqRI+tEtJurG0ppBP198SQRcZkUWA7I4Z9M++Nxf+8Zordy/ZQqCRFUHy6qJtKijEdR0RDoYGjzCxhXAt7K+V9phlHG2TehuDPv7xIaqWif148uy0VyuVZHDlySI7ICfHJBSmTG1IhVcLJI3kmr+TNeXJenHfnY9q65MxmDsgfOJ8/MHefeQ==</latexit>

Policy Synthesis under Epistemic Uncertainty

<latexit sha1_base64="7/dNrpJwBe7DTM6vAegq4HgB7bQ=">AAACFXicbVDLSgNBEJz1GeNr1aOXwSB4kLAbRD0GRPAY0TwgCWF2tpMMmZ1dZnqFJeQnvPgrXjwo4lXw5t84eRw0saChqOqmuytIpDDoed/O0vLK6tp6biO/ubW9s+vu7ddMnGoOVR7LWDcCZkAKBVUUKKGRaGBRIKEeDK7Gfv0BtBGxuscsgXbEekp0BWdopY57Woml4Bm9yxT2wQhDUxWCpteJ3Q2R4LSqOGhkQmHWcQte0ZuALhJ/RgpkhkrH/WqFMU8jUMglM6bpewm2h0yj4BJG+VZqIGF8wHrQtFSxCEx7OPlqRI+tEtJurG0ppBP198SQRcZkUWA7I4Z9M++Nxf+8Zordy/ZQqCRFUHy6qJtKijEdR0RDoYGjzCxhXAt7K+V9phlHG2TehuDPv7xIaqWif148uy0VyuVZHDlySI7ICfHJBSmTG1IhVcLJI3kmr+TNeXJenHfnY9q65MxmDsgfOJ8/MHefeQ==</latexit>

Policy Synthesis under Epistemic Uncertainty
<latexit sha1_base64="VFzEoVraPwX00yV6ILgek2zxj/o=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeCF49V7Ae2oWw2k3bpZhN2N0Ip/RdePCji1X/jzX/jts1BWx8MPN6bYWZekAqujet+O4W19Y3NreJ2aWd3b/+gfHjU0kmmGDZZIhLVCahGwSU2DTcCO6lCGgcC28HoZua3n1BpnsgHM07Rj+lA8ogzaqz0eI9UkHaiRNgvV9yqOwdZJV5OKpCj0S9/9cKEZTFKwwTVuuu5qfEnVBnOBE5LvUxjStmIDrBrqaQxan8yv3hKzqwSkihRtqQhc/X3xITGWo/jwHbG1Az1sjcT//O6mYmu/QmXaWZQssWiKBPEJGT2Pgm5QmbE2BLKFLe3EjakijJjQyrZELzll1dJq1b1LqsXd7VKvZ7HUYQTOIVz8OAK6nALDWgCAwnP8ApvjnZenHfnY9FacPKZY/gD5/MHH0SQjw==</latexit>

Real World

<latexit sha1_base64="ch8Ihn8GPQTxPqdN/8cM8TEB2Rc=">AAAB+3icbVDLSgNBEJz1GeNrjUcvg0HwFHaDqMeACh4jmAckS5id9CZDZh/M9ErCkl/x4kERr/6IN//GSbIHTSwYKKq6e7rLT6TQ6Djf1tr6xubWdmGnuLu3f3BoH5WaOk4VhwaPZazaPtMgRQQNFCihnShgoS+h5Y9uZn7rCZQWcfSIkwS8kA0iEQjO0Eg9u3Q3TkAJiDjQW4ZmEvbsslNx5qCrxM1JmeSo9+yvbj/maQgRcsm07rhOgl7GFAouYVrsphoSxkdsAB1DIxaC9rL57lN6ZpQ+DWJlXoR0rv7uyFio9ST0TWXIcKiXvZn4n9dJMbj2MhElKZrrFh8FqaQY01kQtC8UcJQTQxhXwuxK+ZApxtHEVTQhuMsnr5JmteJeVi4equVaLY+jQE7IKTknLrkiNXJP6qRBOBmTZ/JK3qyp9WK9Wx+L0jUr7zkmf2B9/gDakJRS</latexit>

Experience Dataset
<latexit sha1_base64="a4U21s875m25Exf8nP9tyLzHxCc=">AAAB9HicbVBNSwMxEM3Wr1q/qh69BIvgqewWUY8FLx4UKtgPaJeSzc62odlkTbKFsvR3ePGgiFd/jDf/jWm7B219MPB4b4aZeUHCmTau++0U1tY3NreK26Wd3b39g/LhUUvLVFFoUsml6gREA2cCmoYZDp1EAYkDDu1gdDPz22NQmknxaCYJ+DEZCBYxSoyV/HsZAsd3QJQA1S9X3Ko7B14lXk4qKEejX/7qhZKmMQhDOdG667mJ8TOiDKMcpqVeqiEhdEQG0LVUkBi0n82PnuIzq4Q4ksqWMHiu/p7ISKz1JA5sZ0zMUC97M/E/r5ua6NrPmEhSA4IuFkUpx0biWQI4ZAqo4RNLCFXM3orpkChCjc2pZEPwll9eJa1a1busXjzUKvV6HkcRnaBTdI48dIXq6BY1UBNR9ISe0St6c8bOi/PufCxaC04+c4z+wPn8AWQikds=</latexit>

Model Learner
<latexit sha1_base64="g8MrgGgl9GUL01l+AJ1Ft9Ms5LE=">AAAB+nicbVBNSwMxEM36WevXVo9egkXwVHaLqMeCB70IFewHtEvJprNtaDZZkqxSan+KFw+KePWXePPfmG33oK0PBh7vzTAzL0w408bzvp2V1bX1jc3CVnF7Z3dv3y0dNLVMFYUGlVyqdkg0cCagYZjh0E4UkDjk0ApHV5nfegClmRT3ZpxAEJOBYBGjxFip55Zumc5MfA0CFDFS9dyyV/FmwMvEz0kZ5aj33K9uX9I0BmEoJ1p3fC8xwYQowyiHabGbakgIHZEBdCwVJAYdTGanT/GJVfo4ksqWMHim/p6YkFjrcRzazpiYoV70MvE/r5Oa6DKYMJGkBgSdL4pSjo3EWQ64zxRQw8eWEKqYvRXTIVGEGptW0YbgL768TJrVin9eOburlmu1PI4COkLH6BT56ALV0A2qowai6BE9o1f05jw5L8678zFvXXHymUP0B87nD0YWlAM=</latexit>

Mission Generator

<latexit sha1_base64="/uAunBT3BwnJ2QT2UsBSVrh3hkw=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2ARXJWZIuqy0o0LFxX6graUTJppQzPJkNwRy9iFv+LGhSJu/Q13/o3pY6GtBwKHc+7h3pwgFtyA5307mZXVtfWN7GZua3tnd8/dP6gblWjKalQJpZsBMUxwyWrAQbBmrBmJAsEawbA88Rv3TBuuZBVGMetEpC95yCkBK3XdozawBwjC9LZ6jcsqipVkEsZdN+8VvCnwMvHnJI/mqHTdr3ZP0SSyYSqIMS3fi6GTEg2cCjbOtRPDYkKHpM9alkoSMdNJp/eP8alVejhU2j4JeKr+TqQkMmYUBXYyIjAwi95E/M9rJRBedVIu4wSYpLNFYSIwKDwpA/e4ZhTEyBJCNbe3YjogmlCwleVsCf7il5dJvVjwLwrnd8V8qTSvI4uO0Qk6Qz66RCV0gyqohih6RM/oFb05T86L8+58zEYzzjxziP7A+fwBDoCWIQ==</latexit>

LTA Component

<latexit sha1_base64="ntyDTB4VYBRTc368RCx1AlXocBs=">AAACA3icbVDLSgMxFM3UV62vqjvdBIvgqswUUZeFbtwIFewD2qFk0kwbmkmG5I5YhoIbf8WNC0Xc+hPu/BvTdhbaeiBwOOdcbu4JYsENuO63k1tZXVvfyG8WtrZ3dveK+wdNoxJNWYMqoXQ7IIYJLlkDOAjWjjUjUSBYKxjVpn7rnmnDlbyDccz8iAwkDzklYKVe8agL7AGCML3hZhrCNRXFSjIJk16x5JbdGfAy8TJSQhnqveJXt69oEtlhKogxHc+NwU+JBk4FmxS6iWExoSMyYB1LJYmY8dPZDRN8apU+DpW2TwKeqb8nUhIZM44Cm4wIDM2iNxX/8zoJhFd+ymWcAJN0vihMBAaFp4XgPteMghhbQqjm9q+YDokmFGxtBVuCt3jyMmlWyt5F+fy2UqpWszry6BidoDPkoUtURdeojhqIokf0jF7Rm/PkvDjvzsc8mnOymUP0B87nD9fhmEo=</latexit>

Mission Component
<latexit sha1_base64="OwbTo8umyExh2OIglhjx1MhE7hU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeKF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilhxuG/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+anTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPYzoZIUuWKLRWEqCcZk9jcZCM0ZyokllGlhbyVsRDVlaNMp2RC85ZdXSatW9S6rF/e1Sr2ex1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHyU6jbU=</latexit>

Act

<latexit sha1_base64="BXnv0E0k3uwcrLc9L1dcTAlKtVc=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeCF29WsB/QhrLZTtqlm03Y3RRK6I/w4kERr/4eb/4bt20O2vpg4PHeDDPzgkRwbVz32ylsbG5t7xR3S3v7B4dH5eOTlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7Gd3O/PUGleSyfzDRBP6JDyUPOqLFS+yHQqCbYL1fcqrsAWSdeTiqQo9Evf/UGMUsjlIYJqnXXcxPjZ1QZzgTOSr1UY0LZmA6xa6mkEWo/W5w7IxdWGZAwVrakIQv190RGI62nUWA7I2pGetWbi/953dSEt37GZZIalGy5KEwFMTGZ/04GXCEzYmoJZYrbWwkbUUWZsQmVbAje6svrpFWretfVq8dapV7P4yjCGZzDJXhwA3W4hwY0gcEYnuEV3pzEeXHenY9la8HJZ07hD5zPH2Q/j5s=</latexit>

Observe

<latexit sha1_base64="Ryvlm+CeBsOU5M/NlgzEMfeVBKA=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNF1GVBQZcV7AOmQ8mkd9rQTGZI7gil9DPcuFDErV/jzr8xbWehrQcCh3PuJeeeMJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMkmmOTR5IhPdCZkBKRQ0UaCETqqBxaGEdji6mfntJ9BGJOoRxykEMRsoEQnO0Er+HcMhaHrLkPXKFbfqzkFXiZeTCsnR6JW/uv2EZzEo5JIZ43tuisGEaRRcwrTUzQykjI/YAHxLFYvBBJN55Ck9s0qfRom2TyGdq783Jiw2ZhyHdjK2Gc2yNxP/8/wMo+tgIlSaISi++CjKJMWEzu6nfaGBoxxbwrgWNivlQ6YZR9tSyZbgLZ+8Slq1qndZvXioVer1vI4iOSGn5Jx45IrUyT1pkCbhJCHP5JW8Oei8OO/Ox2K04OQ7x+QPnM8fts2Q4g==</latexit>

Gather Data

Figure 1: Interactions between the LTA and the mission com-
ponents.

a goal state, or maximising the expectation on the accumu-
lated reward during the mission. Furthermore, many robot
missions require richer specifications, such as safety, tempo-
ral logics, multi-objective optimisation, resource constraints,
risk-averse behaviour, or robustness. The mission specifica-
tion is dependent on the model and the application domain,
and different mission specifications require different policy
synthesis methods. Furthermore, some mission specifications
require explicit reasoning over epistemic uncertainty.

The outputs of the mission generator and model learner are
then brought together in a decision-making model within the
mission planning component. This component makes use of
model-based decision-making under uncertainty techniques
to optimise the robot’s behaviour to meet the specification,
taking into account the current model and corresponding
epistemic uncertainty. This yields actions to be executed by
the robot. Central to our proposed framework, the outcomes
of these actions are used for two purposes in addition to
achieving the specification. These purposes are to:
1. update the robot’s estimate of model parameters that were

not fully known at mission planning time;
2. generate experience data to be used within the LTA com-

ponent to build more accurate models.
In the following sections we provide more detail on the

model learning and mission planning components, describing
the features that are key to our proposal.

Experience Dataset & Model Learning
We assume that the experience dataset contains execution
traces which describe how the robot’s state and environment
evolve as it executes actions. This is similar to a replay buffer

in RL. In planning system that already sits above a symbolic
system, the data may already be described using a set of fea-
tures and structured as state-action transitions. Alternatively,
the data may be less structured observations the robot makes
as it acts.

From this data we propose to learn a model which de-
scribes how the state of the robot and its environment evolves
as the robot acts, and potentially how other parts of the en-
vironment evolve independently of the robot’s action (e.g.
how people move, how tasks arrive etc.). Since part or all
of the model is to be learned from data, it will necessarily
be an inaccurate and underspecified representation of the
real world. Therefore the model should explicitly capture

• How to use mission data to learn models that consider epistemic uncertainty?
• How to develop planning approaches that appropriately consider epistemic uncertainty when 

synthesising robot behaviour?
‣ How to best represent and maintain the belief over the real model? 
‣ How to consider dynamic world models?

The Future
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Successful long-term robotic autonomy requires:
1. Data-driven model learning

- Transition probabilities, action duration, task request dynamics, battery dynamics, human behaviour, 
predictions from historical data

2. Modelling and planning approaches that explicitly reason about the epistemic uncertainty 
inherent to models learnt from data

- MDPs with GP predictions, BAMDPs, polynomial MDPs, sample-based uncertain MDPs

3. Incorporating rich specifications that go beyond typical expected reward maximisation
- Temporal logics, multi-objective, regret minimisation, risk-averse behaviour, chance constraints

Summary



Course contents
• Markov decision processes (MDPs) and stochastic games 
‣ MDPs: key concepts and algorithms 
‣ stochastic games: adding adversarial aspects 

• Uncertain MDPs 
‣ MDPs + epistemic uncertainty, robust control, 

robust dynamic programming, interval MDPs, 
uncertainty set representation, challenges, tools 

• Sampling-based uncertain MDPs 
‣ removing the transition independence assumption 

• Bayes-adaptive MDPs 
‣ maintaining a distribution over the possible models 
‣ usage in mission planning for robots 86


