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ABSTRACT

When human operators of cyber-physical systems, such as the Space Force’s Space Surveillance Tracking
(SST) network, encounter surprising behavior, they often consider multiple hypotheses that might explain it.
In some cases, taking information-gathering actions such as additional measurements or control inputs given
to the system can help resolve uncertainty and identify the most accurate hypothesis. The task of optimizing
these actions can be formulated as a belief-space Markov decision process that we call a hypothesis-driven
belief MDP. Unfortunately, this problem suffers from the curse of history, similar to a partially observable
Markov decision process (POMDP). To plan in continuous domains, an agent needs to reason over countlessly
many possible action-observation histories, each resulting in a different estimate of the partially observable
system state. The problem is exacerbated in the hypothesis-driven context, since each action-observation
pair spawns several estimates resulting from the different hypotheses. This paper considers the case in which
each hypothesis corresponds to a different dynamic model in an underlying POMDP. We present a new belief
MDP formulation that: (i) enables reasoning over multiple hypotheses, (ii) balances the goals of determining
the (most likely) correct hypothesis and performing well in the underlying task, and (iii) can be solved with
sparse tree search.

1. INTRODUCTION

Over the past few years there has been an exponential increase in the number of resident space objects
(SOs), from about 19,000 to 30,000 objects in 2017 to 2024 [15], with an expected increase to hundreds of
thousands in the next few years [8]. This poses a significant challenge from a space domain awareness (SDA)
perspective. In addition to the task of maintaining a catalog of orbits for each of the SOs, an increasing
number of anomalous situations must be investigated.

Consider a scenario in which, during routine sensor tasking operation for catalog maintenance according to
a fixed, already optimized, schedule, an anomaly in the orbit of one of the SOs is detected (Figure 1). As
a result, the operator — potentially without access to the planning algorithm or model of the sensor tasking
system — is interested in exploring several hypotheses that might explain it: the first is that the OOI deployed
solar panels, which will result in an increase in drag and might change its orbit; the second is an engine
misfire, which instantaneously changes the velocity of the OOI; and the third is a change in the mass of the
OOI, potentially from a change in structure. For each of these hypotheses, the operator formulates a new
dynamics function, which captures the possible anomaly explanation.

Traditional formulations of the problem aim at capturing several different objectives, such as catalog mainte-
nance [4], maneuver detection [10], or estimating control modes [3]. However, these objectives are not always
aligned, as some of them require repeated observations of specific OOI, which is especially challenging in a
resource-constrained environment. Moreover, these often need to be defined a priori and cannot be added
to an existing plan in an ad hoc manner. In recent years, there has been a shift toward hypothesis-driven
approaches, which quantify questions, or hypotheses, as testable quantities, on which information can be
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Fig. 1: A team of human operators monitoring SOs, when one SO suddenly changes orbit. The operators
want to collect data that might help explain the reason for the change.

gathered. In [9], a formal framework for reasoning using Dempster-Shafer theory is proposed, where it is
suggested to incorporate ambiguity through evidential reasoning. Our approach focuses on a Bayesian formu-
lation of the problem, in the form of multi-hypothesis planning, where different hypotheses are converted to
a probability distribution, allowing the decision-maker to make an informed decision based on the gathered
data.

To resolve the uncertainty over the correct hypothesis, we augment the original sensor tasking schedule,
the “base problem”, and form a new planning problem — the “multi-dynamics hypothesis (MDH) planning”
problem, with objectives that compete with the objectives of the original tasking problem. For example,
the objective of the catalog maintenance schedule is to minimize the uncertainty over the entire catalog,
while in the MDH case, one of the objectives is to reduce uncertainty over a set of hypotheses over one
specific SO — the object of interest (OOI). This might lead to tasking sensors to gather information over
the OOI instead of scanning the entire catalog. This paper explores the hypothesis-driven sensor tasking
problem. We formulate the problem as a belief-space Markov decision process that we name a hypothesis-
driven belief MDP. This enables reasoning over multiple hypotheses while allowing tractable solutions using
existing sparse tree search algorithms such as Monte-Carlo tree search (MCTS). We focus on hypotheses that
stem from different dynamic models that might cause an anomaly in the OOI orbit and explore different
reward functions to balance the goals of determining the most likely hypothesis while performing well with
respect to the original tasking schedule.

2. BACKGROUND

2.1 Belief-MDP

The Markov Decision Process (MDP) is a fundamental framework in sequential decision-making under un-
certainty. A particular MDP is defined by the tuple (S,.A,7,R,~), where S, A are the sets of all possible
states and actions, respectively. T (s,a,s’) is a stochastic state transition model, which defines the prob-
ability of transitioning to state s’ € S from state s € S after taking action a € A. The reward function
R(s,a) determines the immediate reward for taking action a at state s, and v € [0, 1) is a discount factor.
A solution for an MDP is an optimal policy 7*(s) that maximizes the discounted sum of rewards,

mF = argmax E[thR(st, at)} . (1)
4 t=0

An extension to MDP is the partially observable MDP (POMDP), where the true state of the system is
unknown. In these problems the agent collects noisy measurements o to estimate the state, maintaining a
belief b(s) over states s € S. The belief summarizes the history h; of all actions taken and observations
received up to and including time step ¢ and starting from a prior belief by,

b(s) = p(st = s|ht), where hy = (bo,ag,01,0a1,...,0t). (2)
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Fig. 2: Planning - Acting - Observing - Estimating loop diagram and how it translates to the MCTS

algorithm.

Formally, a POMDP is defined by the tuple (S, A,T,0,Z, R,v), where O is the set of all possible observa-
tions, and Z(a, s, 0) is the observation function, defined as the conditional probability of seeing observation

o € O after taking action a and reaching state s’.
A fundamental issue of POMDPs is that the reward function depends directly on the state of the system.

While optimal POMDP policies may reduce uncertainty if such a reduction helps to maximize the reward,
there are many cases, such as hypothesis investigation in SDA, where there is an external reason for reducing

unceratainty that cannot easily be expressed using a state-based reward. In such cases, a reward that can
For example, in sensor tasking problems, we want a plan

explicitly penalize uncertainty is needed [1]
that prioritizes observations to support decisions and objectives that cannot be expressed with a reward
funciton on the physical states of the SOs. Such observations should be chosen to maximize some measure

of information, e.g. entropy reduction.
A solution to this problem is to reason about belief-states instead of states. A belief-MDP is a transformation

of a POMDP to belief space, defined by the tuple (B, .4, T, p,v). Where A and 7 are the same as before, B
is the set of possible belief states b € B, 7(b,a,b’) is the belief transition model [12] from the prior belief b
to the posterior belief &', which accounts for observations using Bayes’ rule,

(3)

7(b,a,b') = p(s'ls,a) = / p(s'|a, s,0) - p(o|a, s) do,
o€

and p(b,a) is the belief-dependent immediate reward [1]. Where p(b, a) can directly relate some measure of
uncertainty, such as Shannon’s entropy or Kullback-Leibler divergence, or indirectly via the expected reward,

when the state s is distributed according to b,
Ess [R(s,a)] = / b(s)R(s,a)ds. (4)

seS

2.2 Monte Carlo Tree Search
There are several terminologies used to describe the phases of sequential decision processes in the literature

One common set of terms for the steps needed to make a decision is the OODA loop: observe — orient
— decide — act. In this paper, we choose terms that relate to Bayesian estimation and decision making,
namely plan (decide) — act — observe — estimate (orient). The left diagram in Fig. 2 describes a cycle in an
online planning loop, where an agent plans based on its prior belief b, chooses an action a, interacts with
the environment, which omits a measurement o. Based on the action-measurement pair (a,0), and given its

(5)

uncertain models of the environment, the agent updates its belief,

b'(s") = p(s'|ht) x p(o|a,s’) - /es b(s) - p(s'ls,a)ds.

Monte Carlo tree search (MCTS) is a widely used technique to solve various reasoning problems, and in
recent years has been integrated with reinforcement learning systems such as AlphaZero [18] and AlphaStar
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[20]. In the context of Belief-MDP problems, at each planning step, MCTS builds a tree, consisting of belief
(circle) and action (square) nodes, as shown in Fig. 2 (middle), up to a predefined horizon. The result of the
simulation is the (current step) action that maximizes the belief-action value function (Q-function), when
following policy ,

Q(b,a) = Esmp [Z’ytp(bt, ag)|bop = b,a0 = a,ar = w(by)|. (6)

t=0

The Q-function represents the expected return when starting from a belief b, taking an action a and then
following a policy w. MCTS aims to estimate the optimal Q-function, @Q*, from which the optimal policy
can be recovered with argmax,Q* (b, a).

Since the MCTS algorithm is not the focus of this paper, we now discuss the elements of the algorithm that
are relevant in the context of this paper and refer the interested reader to the survey by [2] for more details
about the MCTS algorithm and to the documentation of the POMDPs.jl framework [5] for implementation
details.

Fig. 2(right) shows a process diagram of one expansion of the tree — from a prior belief b to a posterior
belief b’. Note that after taking an action a from belief b, there are many possible posterior beliefs ', each
conditioned on a different possible observation 0. The two MCTS elements pertinent to this paper are the
environment model and the Bayesian belief update. In the context of POMDPs, an environment generative
model G(P,s,a) is a function that generates the next state s’, an observation o, and a reward r, given a
problem tuple, P, a prior state s, as described in Algorithm 1.

Assuming a Bayesian approach, a belief update refers to the process in which a prior distribution is prop-
agated according to the system dynamics and then updated according to a measurement, as described in
eq. (5). While the key update steps are general, the implementation differs based on the type of underlying
distribution, its representation, and the functions 7 and Z. Further discussion regarding the type of updater
(estimator) suited for the multi-dynamics hypothesis sensor tasking problem is given in Section 4.3.

Algorithm 1 Environment Generative Model G(P, s, a)

: Input: s, a, P={S,A,T,0,Z,R,~}
T=PT, Z=P.Z, R=P.R

s’ ~T(s,a,s)

o~ Z(a,s' o)

7+ R(s,a,s’,0)

: return (s',0,7)

S T W

2.3 Integer Linear Programming for Catalog Maintenance Tasking

As our base problem, we consider catalog maintenance, one of the core problems in space domain awareness.
It refers to the problem of tasking a set of sensors to maintain custody over an existing “catalog” of space
objects. This multi-sensor tasking problem can be formulated as a POMDP and has been solved via MCTS
[6], deep reinforcement learning [17], or policy-gradient model predictive control [19]. In this paper, we
choose to generate the optimal base plan 7%, a schedule for tasking observers to SO at different time slots,
using integer linear programming (ILP).

The base ILP [14] approach aims to allocate sensors to space objects over a fixed period, maximizing the
minimum observation count across all satellites. This ensures a fair distribution of observations, minimiz-
ing the disparity in how often each satellite is observed. In doing so, the approach satisfies the catalog
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maintenance objective for SDA. Formally, the ILP is given by

maximize T
subject to X, € {0, 1}7%/*T
Xijt < Oije Vi, gyt
T ZXijt Vi (7)

Jrt

> X =1 Vit
%

Here X;j; is a binary 3-dimensional control variable representing whether observer j observes object i at
time step ¢, and O;;; represents whether or not observer j is able to observe object ¢ at time ¢. Similar ILP
formulations have been widely applied in scheduling and sensor assignment problems [21, 13].

3. PROBLEM STATEMENT

Consider again the multi-hypothesis sensor tasking scenario described in the introduction, where a human
operator, monitoring an SDA system, operating according to a fixed, already optimized plan 7*, encounters
a surprising behavior of one of the objects, the OOI. In many cases, the operator doesn’t have access to
the OOT’s underlying transition model T, so to try and explain what they observe, they form a set of ny
hypotheses, or alternatives to the underlying (nominal) model. We define the set of questions of whether
model i is correct or not as the set of hypotheses H, where each hypothesis H; corresponds to transition
model 7;(6;), parameterized by the random variable (RV) 6;. For example, they hypothesize that the OOI
deployed solar panels, which would affect its trajectory due to drag, parameterized by 61 ~ p(61|H1), so the
new transition model is 77 (61). The agent’s task is to repeatedly decide whether to keep the original sensor
assignment (according to 7*), or to change it in order to infer the most likely hypothesis.

Formally, we define the augmented problem P, of deciding which hypothesis is correct, while performing
well in the underlying problem P (with respect to 7*), as the multiple-dynamics hypothesis belief MDP
(MDH-BMDP), which allows us to explicitly reward uncertainty reduction over the hypotheses’ beliefs,

P = (B, A,7(0),p,7). (8)
Here B, A, 7(f), p, and v are as defined in Section 2.1; and the bar indicates augmented quantities that will
be detailed in the next section.
Given the planning problem P, we seek an optimal policy 7*, that maximizes the discounted sum of rewards,
7" = argmax E [ Z 7 p(by, at)] . (9)
g t=0

Where the optimal policy must balance between two potentially competing requirements — deciding which
hypothesis H,; is (most likely) correct, while still performing well with respect to the optimal policy 7* of
the original underlying problem P. Note that in cases where the two requirements align, acting according
to 7* should result in the same performance in the underlying problem as if the agent were acting based on
the original policy 7*.

4. HYPOTHESIS-DRIVEN SENSOR TASKING

Consider an underlying multi-sensor tasking problem P, with n,s observers (sensors) and ng, space objects,
which can be posed as a POMDP [6]. We define P by the tuple,

P = (SxaAz7T7O7Z7RI77>7 (10)
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, where S, is the state space of the underlying system, A, is the underlying action space, T, O, Z are the
transition function, the observation space, and the observation function, respectively. An optimal solution
for P is a policy 7*(s;), which maximizes the cumulative sum of discounted reward R, (s, a,) according to
eq. (1), with a discount factor ~.

Typically, POMDP problems reason about one transition model 7, and one observation function Z associated
with the problem definition tuple P. This section describes the solution approach for the MDH-planning
problem that enables the use of existing algorithms (e.g., MCTS) to solve the hypothesis-driven problem,
balancing between the original plan objective, and determining which hypothesis is most likely correct.

There are two key design choices in our approach to the problem. First, we model the augmented problem
P as a belief-MDP, which enables rewarding uncertainty reduction over the hypothesis belief. Second, we
frame each hypothesis as a POMDP P;, which allows flexibility in the definition of hypotheses.

4.1 The MDH-BMDP

Given the underlying POMDP problem P (equation (10)), and a set of ny hypotheses that we want to
consider, which differ by their transition model,

{Hl(ﬂ)7H2(7é)a"-aHnH('Y;L'H)}v (11)
where each transition model 7 is parameterized by 6;. We define the elements of the MDH-BMDP tuple
P =(B,A,7(0),p,7) in equation (8) as follows:

e B = B, x By x By is the joint belief space, based on the underlying state space S, the parameter space
0, and the hypotheses state space Sy = H1, Ha, ..., Hn,, . As a result a belief state b € B is given by,

b(5) = p(sa,0, 5%) = p(sn) - p(sa,0]53) - (12)
by ba i

Where by is a categorical distribution, and with slight abuse of notation, b, is the conditional
distribution of the underlying state and 6 given the hypothesis . In our sensor tasking problem, we
model it as a Gaussian distribution. Thus, the joint belief b is a mixture of distributions, weighted
by the probability of each hypothesis H; being correct. To allow the agent to decide when to commit
to a certain hypothesis, i.e., declaring which hypothesis it believes is most likely correct, we add a
deterministic state that we name resolved. The resolved state can take values of 0 : ny, where 0
indicates no commitment, and 1 : ny indicates which hypothesis it decides to commit to.

e A is the action space, where a € A is the tuple (ay,az). Here az = 0 : ngps, with 0 meaning leaving the
plan as is, and otherwise changing the plan of observer j = 1 : nys to take an observation of the OOI.
ay gives the agent the option to decide whether to commit to a decision regarding which hypothesis
is correct (agyy = 1), or not (ay = 0).

e 7(b,a,b) is the transition function, defining how to update a new joint belief &, from b, after taking an
action a. More details about 7 are given in Section 4.3, but notice that 7 depends on the underlying
transition model 7, observation space O, and observation function Z, and the set of hypotheses
transition models 71, ... 75,

e p is the joint belief-dependent reward function defined later in Equation (15). It transitions the
underlying state-dependent reward R, to a belief-dependent reward using Equation (4) and adds the
hypothesis reward pz. Further discussion on the reward function is given in Section 4.4.

e 7 is the discount factor, inherited from the underlying POMDP problem P.

4.2 Constructing the MDH-BMDP

The key idea in the implementation of the MDH-BMDP framework is to define an array P of ny “hypothesis
conditioned”-POMDPs P;,

(S$7A9377'Z:507 ZaRwa'Y)a (13)
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where, 7; is based on the underlying POMDP problem P, but with a dynamics function f; corresponding
to hypothesis H;. Note the subtle difference between the dynamics function f; and the transition model T
— while f; describes the equations of motion, 7 depends on f; and represents a distribution over possible
states s7. The rest of the tuple elements are inherited from P. To be able to use the different POMDPs P;
with existing solvers within the POMDPs.jl ecosystem [5], construction of the MDH-BMDP is performed in
three key steps:

1. Constructing a single hypothesis POMDP P; for each dynamic model f;. For example, f; is the
nominal equations of motion for satellite dynamics, with minimal drag, i.e., 6 close to 0; and f; has
higher drag, i.e., assuming some distribution of # that is larger than the nominal.

2. Transforming each POMDP P; into a belief-MDP P; by changing the states to belief-states, adding
the parameter 6 to the belief-state, and adding an updater. For example, in our SDA problem, we
choose to model our belief over the 3D position and velocity SO state, s,, and the parameter 6, as a
Gaussian, by ~ N ([z,6]; i, ). For our updater we choose the unscented Kalman filter (UKF) [11].

3. Constructing the MDH-BMDP P, -
(P,B,A,7(0),p.7), (14)

where we added a tuple of BMDPs P = (P4, P,...P,,,) to the definition in Equation (8).

This structure of the MDH-BMDP allows for the belief update of the multi-hypothesis belief b, as discussed
in the next section.

4.3 Belief Transition Model

Planning in belief-MDPs requires reasoning over belief-states instead of over states, thus a generative model
as defined in Algorithm 1 has to be modified to propagate the belief b and not the state s, as described in
Algorithm 2. Propagating a prior belief b to a posterior belief b’ in a Bayesian belief updater (estimator)
includes two main steps: prediction and correction (Equation 5). In the prediction step, the belief is
propagated according to the transition model T (s, a,s’) = p(s'|s,a). In the correction step, also known as
measurement update, Bayes’ rule is used to fuse an observation according to the model’s observation model
Z(a,s',0) = p(o|]s’,a). However, since we are reasoning over a belief state, we don’t have a unique state s’ to
sample an observation, as in line 4, Algorithm 1. Instead, we need to sample a state from the belief, by first
sampling a hypothesis state sy = H; out of by, and then an underlying state s, and the parameter 6 are
sampled from the conditional distribution p(s,|s3) (lines 4-5). An observation is generated using Algorithm
1, called on the POMDP P;_,,,, corresponding to the sampled hypothesis state sy,.

We can see here that the structure of the MDH-BMDP allows for the use of the hypothesis-relevant transition
and observation models within the environment generative model G. Similar use is done within the update
and reward calls on lines 7-8, respectively.

In the case of MDH-BMDP, the joint belief b is defined as in Equation (12), where by is a categorical
distribution, Thus b is a mixture of distributions. The belief updater is then of multiple-model (MM) type,
with the key steps described in Algorithm 3. More details regarding different versions of MM estimators can
be found in [16], where for the sensor tasking problem, where we model the belief over the underlying state
as a Gaussian, we implement a Gaussian mixture (GM) estimator.

Lastly, the deterministic “resolved” state needs to be updated (lines 10 — 13). This update is determined
by the agent’s action and the prior state — if the state is not yet resolved, and the agent decides to commit
(agy = 1), the state is updated to the maximum likelihood estimate of the hypothesis (with an appropriate
tie-breaking method).

4.4 Reward Function

The last element in the definition of the MDH-BMDP P is the belief-reward function p. The goal is to
construct a reward function that will balance two requirements: (i) making a decision regarding the most
probable hypothesis, and (ii) solving the original underlying problem P with minimal effect on the original
policy.
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Algorithm 2 Belief Transition Model

Input: b, a, P = (P,B, A, 7(9),p,7)

p="P.p _

by = b.by, by = b.by

su ~ by

Sz ~ by [SH]

o+ G(P sH,sw,a,c) >
b« update(P,b,a,o0) >
r + p(b,a,b,0)

return (b, r)

Algorithm 3 MM Belief Update

1: Input: P, b, a, o
2: by = B.bx, by = l_).bq.(
3: fori=1,...,ny do

// Update conditional belief over the underlying state:
4: updater = P.P[i]
b [i] < predict(updater, b, [i], az)
6: b'.b,[i] < correct(updater,bly [i], as,0)

// Correct belief over hypotheses:

biﬂ [’L] — b'H[Z] . fwa;[i] p(0|Hi,SE)d:L'

8: end for
9: b/ by = b/ >, biyli] >
10: b’ .resolved = b.resolved
11: if ay == 1 & lb.resolved then
12: b resolved = maz (b’ .by,)
13: end if
14: return b’

@

Similar to [7], we define the reward function as the convex sum of the expected state-action reward and a
belief-dependent reward,

ﬁ(bvd) = (1_w)'px(bmaaz)+w'pﬂ(bﬂvaﬂ)7 (15)

with w = [0, 1] is the weight parameter to balance between the two requirements, and

bxvax - Z bH z|’}~[[7, Z bH / z|H[z](Sw)Rw(sz7aw)d8w (16)

i=1ny 1=1ny

That is, the underlying task reward is the weighted sum of the rewards of the hypothesis-conditioned belief-
state.

We now focus our attention on the hypothesis-related reward function py;(by, ag;). The agent is expected to
generate a new plan, or to make changes to the original plan, that balances between the underlying system
objectives, and maximizes the probability of determining which hypothesis is correct. In a realistic scenario,
the human user or operator might want to make a decision within a time limit 7.

To minimize uncertainty, or maximize probability, a natural choice for the belief-dependent reward is to use
some measure of information [1], [7], e.g., negative Shannon’s entropy,

pr(br,az) = > bu(sn)logbu(sn). (17)
SHESH

However, while this type of reward function can incentivize information-gathering actions that reduce entropy,
thus trying to “push” one of the hypotheses’ probabilities in the direction of 1, it does not explicitly set a
time limit on making a decision. We suggest a new simple sparse reward function, which we name “commit-
reward”, that explicitly accounts for making a decision of which hypothesis is correct within time 7'. We add
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a commit action to the action space, allowing the agent to decide when to commit to a certain hypothesis,
thus autonomously balancing between the hypothesis and the underlying system’s rewards.

max(by) if ay =1& t <T & !b.resolved

. (18)
0.0 otherwise .

P by, an) = {
In other words, the agent can collect the hypothesis reward if it commits to an hypothesis by the time limit
T. Tt can only collect this reward once, if it hasn’t committed yet (b.resolved == 0). The hypothesis reward
then equals the maximum probability, as there is no reason to commit to any other hypothesis than the one
that is most likely. Lastly, note that the commit-reward is a finite-horizon reward (commit by time T ),
while the underlying reward p, is, in general, an infinite-horizon reward. To compute the Q-value function
(Equation (6)), we multiply the commit reward by 7%, to cancel the effect of discounting on that part of
the joint reward.

5. EXPERIMENTS

As our base problem we consider catalog maintenance, one of the core problems in space domain awareness.
Consider again a scenario where, during routine operation of the sensor tasking schedule, the “base” optimal
policy, or plan, 7*, an anomaly in the orbit of one of the SOs is detected. As a result, the operator is
interested in determining the origin of the anomaly, e.g., due to an engine misfiring, a deployment of solar
panels, or possibly an intentional maneuver, which defines our augmented multi-hypothesis problem P.

To demonstrate how MDH-BMDP is used for multi-hypothesis sensor tasking, we consider the following
scenario: there are 5 SOs in low Earth orbit (LEO), and an anomaly is detected on one of them, the OOI,
which spawns several hypotheses regarding the dynamic model: the first is the nominal model, which states
that nothing happened and the OOI continues its orbit according to the original dynamics model. Other
models, as will be described later, consider dynamic models (hypotheses) that include drag, engine misfire
(Av), and a change in mass. Given a nominal catalog maintenance sensor-tasking plan P, generated with ILP
(Section 2.3), for 3600 seconds with a time step of 60 seconds, the MDH-BMDP problem P seeks to determine
the correct hypothesis within 2400 seconds, with minimal change to the original plan. In this problem, when
transitioned into an MDH-BMDP, the belief over the OOI state is approximated as a Gaussian distribution
and propagated using an unscented Kalman filter (UKF) [11], one for each hypothesis.

In hypothesis-driven planning, the planning agent optimizes for actions that both reduce uncertainty and
still perform well in the underlying problem. The simulation analysis then focuses on parameters relating to
decision quality — was the decision correct, and was it made in time, and how much the performance of the
underlying problem was affected — as measured by the state-action dependent cumulative discounted reward
(“base reward”).

5.1 Commit vs. Entropy Reward

The multi-hypothesis sensor tasking problem is a type of information gathering problem, where we aim to
motivate the agent to deviate from the original plan and take observation actions to the OOI. However, we
have competing objectives — on the one hand, we wish to increase the probability of the correct hypothesis
by the “deadline” of 2400 sec, on the other hand, we wish to minimize the changes to the original catalog
maintenance schedule. To account for changes in the original catalog maintenance plan, each additional OOI
observation action incurs a penalty of —1, i.e., R(8z,a,) = —1 if a,! = 0.

This section focuses on: (i) exploring two possible hypothesis reward functions pg: the Shannon entropy
function (eq. (17)), which is commonly used in information gathering problems, vs. our new “commit”
reward function (eq. (18)); and (ii) choosing the reward weight w, which balances the competing objectives.
In the simulation scenario, there are 3 hypotheses: in the first, the correct hypothesis, the OOI has minimal
drag, in the second and third, it is hypothesized that the OOI deployed medium and large solar panels,
respectively. The parameter 6 of the two new transition models 7 (6) represents the solar panels’ area as a
normally-distributed continuous random variable (RV).

Figure 3 presents averaged results from 100 Monte-Carlo (MC) simulations. For each reward, we show the
Pareto front as a function of the weight w (Figure 3(a)-(b)) of the two objectives as quantified by the base
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Fig. 3: Pareto front, success rate, and hypothesis probabilities trajectory for the commit (upper row) and
entropy (lower row) reward functions.

discounted reward and the hypothesis reward. From Figure 3(a), we can see the trade-off between the two
objectives: as w decreases from the pure hypothesis objective (w = 1), the base reward increases, due to
fewer changes to the original plan. At a certain point, for w < 0.92, the penalty for changing the plan is too
large, so the agent chooses to keep the original plan, and does not take observations to the OOI. The belief
over the hypotheses does not change from the prior, equally probable belief, and the base reward is 0. The
picture is similar for Shannon’s entropy reward in Figure 3(d). However, due to the different ratio between
the rewards, the effect of w is different. Here we see that values larger than 0.85 give very similar results,
and might be considered statistically the same. For w < 0.85 we see that the agent starts to make fewer
changes to the plan.

Since all points on the Pareto front are Pareto-optimal, improving one objective comes at a cost for the other
objective. The human operator then needs to decide what is a reasonable trade-off from their perspective.
In this example, we suggest using a measure of success for determining which hypothesis is correct, in time,
i.e., by the 2400 sec (40 time-steps) deadline. Figure 3(c)-(d) present the success rate across 100 simulation,
where success is measured by the maximum likelihood estimate of the correct dynamic model, as measured
at the deadline. For example, for the commit reward function, w = 0.94 has a high success rate (Figure
3(c)), while a relatively high base reward (Figure 3(a)). Notice that for w = 0.92, a small gain in the base
reward means about 15% decrease in the success rate. From similar reasons, for the entropy reward, we
would choose w = 0.75 as the weight value.

Lastly, there are two key differences when comparing the two reward functions: first, the base discounted
reward, which reflects how much we deviated from the original plan. With the commit reward, for w = 0.94
the base reward is higher than —2, reflecting 6.8 changes to the original plan on average. While with the
entropy reward, for w = 0.75, the base reward is about —5.5, reflecting 26 changes to the original plan. The
second point is that when comparing the two reward functions can be seen from Figure 3(e)-(f), showing
the probability of each hypothesis as a function of time steps for w = 0.94 and w = 0.75, respectively. We
can see that for the commit reward function, the probabilities do not change after the decision time limit of
time step 40, since the agent already committed to one hypothesis, and is not motivated to change the plan
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Fig. 4: Pareto front, success rate, and hypothesis probabilities trajectory for the 4-hypotheses example.

and take further observations of the OOI. On the other hand, with the entropy reward, the agent continues
to take observations to the OOI after a decision should have been made. For these reasons, the significantly
fewer changes to the original plan, and the explicitness of when we want to make a decision, we therefore
adopt the commit reward for subsequent experiments.

5.2 Varied Hypotheses and Parameters

This set of experiments focuses on exploring a more varied selection of hypotheses. The scenario is similar to
the one described before, only now we add dynamic behaviors that result from a change in mass and engine
misfire, modeled as instantaneous velocity addition. We thus have four hypotheses, parameterized by the rv
0;: H; is the nominal, with drag area of 6 ~ N (1,0.2) [m?] and mass of 8 [kg]; in hypothesis Ho the OOI
deployed solar panels, with area of 2 ~ N (20,1) [m?], which adds drag; hypothesis H3 describes an engine
misfire which adds unknown velocity at time 0, 85 ~ AN (7,2) [m/s]; and lastly hypothesis H, describes a
situation where the OOI lowered its mass, so the new mass is 4 ~ N(1.33,0.1) [kg]. The true hypothesis is
hypothesis 2, with a drag area of 20m?2. Notice that §; for different hypotheses represents a different type of
parameter, e.g., in hypotheses 1 — 2 it is the drag area, and in hypothesis 4 it is the OOI’s mass. This gives
flexibility in how hypotheses are defined.

The results in Section 5.1 show that for the commit reward, w values smaller than 0.9, do not result in
information gathering actions, and leave the base policy unchanged. Figure 4 present average results from
150 MC simulations, where we only considered w > 0.9. We can see that for the previously chosen weight
w = 0.94, the performance is not as good as before, with success rate of about 55%. From the Pareto
graph we see that for all values of w the hypothesis reward have decreased, even in the limit of w = 1. We
attribute these results to similar orbits between the hypotheses: while H3, the engine misfire is quickly ruled
out as unlikely (Figure 4(c)), it is hard to distinguish between the three other hypotheses by the deadline
(red, black, and green lines lie on top of each other). Figure 4(c) shows the mean belief for w = 0.94 and
w = 0.98. It can be seen that for w = 0.94 the agent takes, on average, only one observation, at early time
steps, where the OOI orbits, under different dynamic models, are still very similar. On the other hand, with
w = 0.98, the agent takes 8.6 observations on average of the OOI, and we can see that the probability of the
correct hypothesis increases. The success rate is then also improved to 65%.

6. SUMMARY

This paper explores the hypothesis-driven sensor tasking problem in SDA scenarios, where the goal is to
determine the most accurate hypothesis, while minimally affecting the underlying plan. These types of
problems naturally arise in human-machine collaboration, when the human detects a surprising behavior or
unexpected outcome and wants to explore it. We formulate the problem as a belief-MDP, dubbed MDH-
BMDP, and structure it such that a given POMDP problem can be augmented with different hypotheses that
relate to one or more of the problem’s models, and then solved using existing sparse tree search algorithms.

To motivate actions that can help resolve uncertainty and determine the most probable hypothesis while still
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performing well in the underlying planning problem, we suggest a new reward function, explicitly rewarding
in-time decisions. Simulation results demonstrate the advantage of the new reward function over the entropy-
based reward, balancing between timely hypothesis decisions and the underlying problem objectives. The
trade-off between the competing objectives can be tuned by the weight w. We explore different values for w
and show that for the problem and hypotheses considered in this paper, as we increase w from 0.9 to 1, the
agent takes more information gathering actions, observations to the OOI, but at the expense of deviating
from the underlying plan. This w gives the human operator a tuning knob, or control, on how much they
prioritize determining the most likely hypothesis vs. adhering to the original plan.
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