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Abstract

Oversubscription planning assumes fixed utilities for goals.
The trade-offs between such goals are hard to understand and
therefore hard to fix a priori. Iterative planning, where users
make and modify choices of which subset of goals to enforce
based on example plans, was proposed as a remedy. A sub-
sequent line of work enriched this process with minimum-
unsolvable-goal-set (MUGS) explanations, which make the
dependencies across goals explicit. Here we further explore
this design space. First, we ask the question whether, given
the MUGS explanations, example plans are actually still use-
ful. Second, list representations of MUGS can be cumber-
some when lengthy, so we introduce a compact visual rep-
resentation based on set-of-set visualizations. We run a user
study evaluating these two changes. The results suggest that
neither example plans nor our visualization yield significant
advantages. These insights can guide further work on iterative
planning.

1 Introduction

Oversubscription planning (OSP, e. g. (Smith 2004; Domsh-
lak and Mirkis 2015)) assumes fixed utilities for goals. Yet,
as argued by Smith (2012), the trade-offs between such goals
are sometimes hard to understand for users, making it diffi-
cult to fix an a-priori trade-off. Smith proposes, as a remedy,
an iterative planning process where users make and modify
choices of which subset of goals to enforce based on exam-
ple plans. Subsequently, Eifler et al. (2020a; 2020b) (hence-
forth: Eif20) enriched this iterative planning process with
explanations in the form of minimum unsolvable goal sets
(MUGS). A MUGS is a set of OSP goals that is unsolvable,
but where every strict subset is solvable. MUGS are precom-
puted prior to the iterative planning process, and are used
during that process to explicate dependencies across goals.
To evaluate the benefits of this approach, Eifler et al. (2022)
(henceforth: Eif22) conducted a large online user study —
N = 100 for each of three benchmark domains — in Prolific
(https://www.prolific.co/), comparing user performance (value
of achieved goals) for users with vs. without access to the
MUGS explanations. Their results show that users with ac-
cess to MUGS tend to identify better trade-offs between the
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plan properties, indicating an improved understanding of the
planning task.

Here we further explore the design space for iterative
planning with MUGS explanations. First, are example plans
actually still useful when MUGS explanations are present?
This question is relevant as MUGS already contain infor-
mation about solvability, and as computing example plans —
done online as a function of the goals selected by the user —
can take substantial time, hindering the interactive nature of
the process. Second, Eif22’s presentation of MUGS is lim-
ited to simply showing a textual list. But there can be many
MUGS, making such a list cumbersome to read. Can this be
improved through visualization? A set of MUGS is a set of
sets, a fairly common data structure for which visualization
techniques have been proposed (Lex et al. 2014; Alsallakh
et al. 2016). We drew from those techniques to design a vi-
sual presentation of MUGS in iterative planning.

We follow Eif22’s design to conduct a user study evaluat-
ing these two changes, challenging both plan generation and
the presentation of MUGS as a list. The results show some
differences across the three designs compared, but these are
per-domain and with low statistical confidence, so no consis-
tent advantages emerge. For our first question, this provides
evidence that example plans may indeed not be needed. For
our second question, we conclude that a deeper integra-
tion of the visualization to the overall iterative planning is
needed. Future work should explore an iterative planning
process interacting directly with the visual representation,
rather than confining it to just one part of the process.

2 Background and Prior Work

Oversubscription Planning (OSP). We consider the OSP
setting from Eif20. Our OSP tasks are defined by the tuple
7= (V,A, e, I,GM G b, where V, A, ¢, I are the same
as in a finite-domain representation (FDR) (Backstrém and
Nebel 1995; Helmert 2009) with variables V' that induce a
set of states S, actions A, action cost ¢, and initial state 1.
G"d and G*°' can be understood as properties, where all
hard goals G"Y must be fulfilled and G* are additional
goals that do not need to be achieved but are desired. A so-
lution for such tasks is a sequence of actions (called a plan)
that can be applied to 7, and lead to a state that satisfies



G"d, Additionally, b is an action-cost budget that disallows
plans whose cost exceeds b. In contrast to typical OSP, we do
not have utilities over G*°", because these represent proper-
ties whose values are not directly comparable — their com-
parative values are determined online by domain experts.

Minimal Unsolvable Goal Subset (MUGS). Given an
OSP planning task 7 and G C G*f, we can enforce G by
modifying 7 with G4 U G as hard goals. G C G**" is a
MUGS (Eif20) if the task with G enforced is unsolvable,
but it is solvable for any G’ C G. Intuitively, this means
that for each MUGS G, we must stop enforcing at least one
contained soft goal g € G in order to get a solvable prob-
lem. MUGS can be used to analyse dependencies between
different subsets of soft goals, and Eif22 built their iterative
planning process on this idea.

Iterative Planning Process. Eif22’s iterative planning
process works in the following steps: (1) the user selects
Genr € G*; (2) a planner is called on the task with
Ghard | G,,¢ enforced; (3) if a plan 7 was found, the user can
ask about remaining goals p € G*°" “why does 7 not sat-
isfy p?” There are two cases: either Genr U {p} can be safely
enforced, and the answer is “you can enforce this goal,” or
Gent U {p} is unsatisfiable and the answer is a list of MUGS
with the semantic “you must remove from G, U {p} at least
one goal from each MUGS before Gens U {p} is satisfiable.”
Otherwise, if no plan was found, the user can ask “why is
there no plan?” The answer is again a list of MUGS with
the semantic “you must remove from Gy at least one goal
from each MUGS before Gy is satisfiable.” Next, the user
may choose to loop to step (1) or exit. The MUGS needed to
answer the questions in step (3) are computed before the it-
erative planning process starts, using algorithms from Eif20.

Eif22’s User Study Design.' Eif22’s user study was de-
signed to determine whether Eif20’s explanation facility
helps users to produce higher quality goal selection in the
iterative planning framework. Participants were divided ran-
domly into two groups: Q+ and Q- where participants ei-
ther did, or did not have access to the explanation facility,
respectively. In each session, a participant was asked to do
the following for one of the considered domains: (1) read
textual domain and tool description; (2) solve a small prob-
lem from the domain to get familiar with the tool; (3) solve
the evaluation problem from the domain to the best of their
ability within 30 minutes; (4) answer a questionnaire about
how useful they found the tool.

Three domains were considered: (1) Transport. Inspired
by the IPC NoMystery benchmark. The goals specify lo-
cations that delivery trucks need to visit or where pack-
ages need to be delivered, and more complex goals spec-
ify in what order packages should be delivered. Limited fuel
makes it impossible to achieve all goals. (2) Parent’s After-
noon. A parent must decide which errands to fit into their
afternoon, e. g., driving their kids to soccer practice and go-
ing shopping. All errands take time, and some errands need
to be performed at specific times, e. g., soccer practice be-
gins at 6pm. The timing constraints make it impossible to

A more detailed description of the user study can be found in
Eif22’s main author’s dissertation (Eifler 2025).

do everything. (3) Mars Rover. Based on the IPC Rovers
domain, the goals correspond to a Mars Rover’s daily scien-
tific missions, such as taking pictures or samples. The rover
is constrained by limited battery-life and data-storage capac-
ity, and time windows when certain tasks can be completed,
e. g., pictures can only be taken when there is sufficient sun-
light. One small problem for training, and one larger prob-
lem for evaluation were selected from each domain. To be
able to quantitatively measure user performance, Eif20 as-
signed a utility to each soft goal in the evaluation problem,
and asked users to maximize the summed-up utility. This is
not what happens in the targeted application scenario (where
users need to make up their minds about which soft goals
they prefer) but, as Eif20 argue, this is meaningful for eval-
uation as test persons need to understand goal dependencies
to perform well. Thus, the quantitative measurement is goal
utility achieved over time in the evaluation problem.

The questionnaire consisted of two parts. The first half
were Likert scale questions, where participants gave a re-
sponse on a 7-point scale. Some example questions: “How
difficult was the task for you?” and “The ability to ask ques-
tions helped you.” The second half of the questionnaire con-
sisted of questions with free-text answers, e.g., “Is there
anything we can improve, with respect to the interface?”

Participants were recruited with Prolific (Palan and Schit-
ter 2018). Eif22 made sure to have at least 50 participants
per group for each domain. Participants that made meaning-
ful progress in the evaluation problem of one domain were
invited to perform the experiment for other domains, with
the intention of allowing participants to get familiar with
the tool. For each session, users were given a base pay of
5£. Additionally, as motivation to look for high-quality so-
lutions, there was bonus reward of up to 2.50£, earned by
obtaining a better goal selection (to earn the maximum re-
ward of 2.50£, the participant had to achieve the maximum
possible utility).

Results of Eif22’s User Study. Eif22’s results showed
that, overall, the explanation facility helped users. The mean
utility over domains was higher for O+ than Q- across the
entire timeline. Breaking down by domains: in Parent’s Af-
ternoon the advantage was statistically significant over the
whole timeline; in the other domains it was only statistically
significant over parts of the timeline. Participants’ subjective
satisfaction tended to be in favor of the explanation facility,
but with no statistically significant results. Eif22 observed
that familiarity with the tool can have a significant impact
on performance: the results for O+ in Mars Rover showed
that re-invited participants performed better than those who
saw the tool for the first time, with higher mean utility over
the entire timeline, and the advantage was statistically sig-
nificant towards the end of the timeline.

3 Removing the Example Plans
Eif22’s questions for interacting with the soft goals are
framed in terms of a plan, but we argue that plans are prob-
ably not needed. Each time that a user makes a selection
of enforced goals Gent, Eif22’s tool attempts to compute a
new plan that satisfies GM U Geyr. The plan itself is not
shown to the user; rather, the user is shown which goals
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Figure 1: Visualization of a small MUGS instance from the
Parent’s Afternoon domain. The bar chart at the top and cen-
tral matrix view count the occurrence of individual goals and
goal pairs respectively. The beads chart to the right lists the
actual MUGS.

were satisfied (if a plan was found), and any further interac-
tion is done via the explanations, which are extracted from
precomputed MUGS. Thus, the main function of the plan-
ning step is to determine if the enforced goals are satisfi-
able. However, with access to the precomputed MUGS, we
do not require a planner because Ghad | G, ¢ is satisfiable iff
3G € MUGS s.t. Geyr € G. With this, we can use the pre-
computed MUGS to efficiently compute satisfiability (takes
a few seconds), instead of computing plans from scratch
(takes a mean of 25 seconds per plan in our experiments,
up to 5 minutes). Based on this, we introduce a modified in-
terface where the user can ask “why is p not satisfied when
enforcing Genr?” and “why is enforcing Geyr unsatisfiable?”
instead of asking analogous questions about a plan.

Note that computing an example plan has the potential
advantage that the plan may satisfy additional goals beyond
those enforced by the user. But this is purely incidental (ex-
cept for the rare case in which the enforced goals G entail
fulfillment of other goals). Therefore, our hypothesis is that
access to such additionally satisfied goals does not yield a
systematic advantage.

4 Visualizing a Set of MUGS

Our visualization encodes the MUGS and goals in a com-
pact representation so that users can quickly identify con-
flicting goals. Since the MUGS as computed by the solver
do not possess any additional properties other than the con-
tained goals, the visualization focuses on the occurrence and
combination of goals across sets. A small instance of our vi-
sualization is shown in Figure 1.

We propose a tabular arrangement loosely inspired by
(Lex et al. 2014), incorporating three aligned charts: a cen-
tral matrix view, a beads view to its right, and a frequency
bar chart on top. Each matrix row is assigned a single goal.
The beads view lists MUGS in columns aligned to the ma-

trix, with visual markers (colored circles) indicating when a
goal is contained in a set. Vertical connections (grey lines)
further emphasize the assignment of goals to their respec-
tive MUGS. The color of the circles encodes goal types:
an optional domain-dependent property which categorizes
goals into, e.g., activities (do_music_lesson) or constraints
(shopping_before_sports), and might be relevant to the user’s
choices.

The matrix and bar chart show computed properties that
aim to inform the user of any conflicts among the goals. Ex-
amining goals individually, the frequency bar chart gives the
number of involved conflicts, i.e., the number of MUGS in
which the relevant goal occurs. This provides a user with
information about the overall conflict potential of a sin-
gle goal. The conflict count also governs the horizontal ar-
rangement of bars and vertical order of goals, showing more
conflict-rich goals at the left and top respectively. However,
MUGS are generally comprised of more than one goal and,
as such, the combination of certain goals is the main cause
of conflicts in the first place. Considering this, we addition-
ally count the pairwise shared conflicts between two goals
and plot the results in the central matrix view. Each matrix
cell (diagonal excluded) represents a pair of goals with the
color coding depicting the number of pairwise shared con-
flicts, i.e., in how many MUGS the relevant pairs of goals
occur (darker color means higher count). Goals are mirrored
along the matrix diagonal to map to the bar chart above. The
matrix chart thus offers information on which pairs of goals
often appear together and may hint at large overlaps in re-
source requirements that cannot be satisfied or leave too lit-
tle resources remaining for the rest of the goals.

Note that the matrix is symmetric, i.e., both the lower and
upper triangular matrix currently represent the same corre-
lation. In next versions, we will explore showing different
pairwise measures. Furthermore, we currently only count
occurrences of pairs of goals, which is intuitively suited to
the 2D matrix. However, future work might research the use-
fulness of counting larger goal combinations, e.g., on user
demand.

To aid the visual assignment of chart elements to goals,
hovering the mouse pointer over any element will highlight
all related entries in the charts. This is especially useful in
the matrix chart, as this will highlight the two goals repre-
sented by the hovered cell, supporting quick cross-reference.

Our visualization is integrated directly into the iterative
planning tool, replacing the previous textual representation.
When an unsolvable set G, of enforced goals occurs (see
Section 2: either from direct selection by the user, or when
asking a question about an additional goal p to enforce), the
relevant MUGS are supplied to a separate component that
builds the visual representation. Users can then inspect the
charts and gain understanding of the existing conflicts and
involved goals, aiding the decision on which goals are best
to forego to make the plan satisfiable again. As the individ-
ual and pairwise conflict counts together indicate goals with
high potential of conflict, a user may consider these first
while selecting goals to no longer be enforced in the next
iteration step.



S User Study Design and Results

User Study Design. We compare three variants of the tool:
(1) the version used by Eif22 without a visualization and
computing plans for each iteration step, (2) our extension
with a visualization, (3) our extension where plans are not
computed (and without the visualization). This gives us
three groups: V-P+, V+P+, V-P—, respectively. We largely
follow the user study design of Eif22, given that we build
on their work. We used the same three domains, with the
same problems for Parent’s Afternoon and Mars Rover, and
a variant for Transport.

The main departure from Eif22’s user study design was to
the structure of experiment sessions. We asked participants
to: (1) watch an instructional video and pass comprehension
checks about it, (2) solve a small instance of Transport to get
familiar with the tool, (3) solve all the evaluation instances
to the best of their ability, with 20 minutes per instance,
for Transport, Parent’s Afternoon, and finally Mars Rover
(in that order), (4) fill in the questionnaire. Each participant
used the same tool variant for all tasks, according to their
assigned group. The comprehension check filtered our par-
ticipants who did not understand the instructions, and were
unlikely to make meaningful progress in the study. In con-
trast to Eif22, our step (3) had participants solve an evalua-
tion problem from each domain in one sitting. This builds
on Eif22’s observation that there was a significant differ-
ence between reinvited participants already familiar with the
tool, and new participants who saw it for the first time — we
wanted to focus on users familiar with the tool. Otherwise,
there is the danger that our study evaluates how intuitive the
variants are to learn, rather than how helpful the variants are
to experienced users.” We gave a base reward of 18.£ and
a bonus reward of up to 3£ per evaluation problem (so a
maximum bonus reward of 9.£ is possible).

We removed data for a participant in a specific task when
the participant asked fewer than 2 questions on that evalu-
ation task (i.e., did not make use of the tool). We had 30
participants per group; after applying our filter, for (V—-P+,
V+P+, V-P-) there remained (28, 28, 29) participants for
Transport, (29, 28, 28) for Parent’s Afternoon, and (26, 28,
30) for Mars Rover. Note that each participant only filled in
one questionnaire, not one per task. We kept the question-
naire data for all 30 participants per group — we filtered all
participants that asked 0 questions over all evaluation tasks,
but there were no such participants in our data.

User Study Results. We evaluate the effectiveness of the
three tool variants by comparing the max. utility achieved
over time by each group (V-P+, V+P+, V-P-). The mean,
95% CI, and median results per group are shown in Figure 2
for each task. Overall, there is no significant difference be-
tween the performance of the three groups, except that V-P+
performed better than V—-P - in Transport.

In our analysis, we followed Eif22: with 1-minute inter-

2The focus of our work is on the usefulness of the tool in the
hands of users who are familiar with it. For example, this line of
research was initiated by Smith (2012) in the context of planning
Mars Rover missions, which would be performed daily by special-
ists — clearly, they would be familiar with the tool they use.

vals, we considered each participant’s maximum achieved
utility up to that point in time, and then applied the Stu-
dent’s t-test and Wilcoxon rank-sum test (also known as
the Mann-Whitney U test) to these values, comparing the
baseline V-P+ pairwise with V+P+ and V-P—-. We consider
the difference between groups to be significant when both
Student’s t-test: p < 0.05 and Wilcoxon test: p < 0.05.
The only significant difference in our data is on Parent’s
Afternoon between V-P+ and V-P- from 12 minutes on-
wards, with Student’s t-test: p = 0.022 and Wilcoxon test:
p = 0.025 at 12 minutes, and no larger p-values later, in
favor of the baseline V-P+.

For the questionnaire data, we compared the Likert scale
responses with the same two tests, and similarly only con-
sider a difference between groups to be significant if both
p < 0.05 for both tests. The only case where this occurs
in our data, is in response to In solvable steps, the question
“Why is ‘goal X’ not satisfied?” helped you with Student’s
t-test: p = 0.019 and Wilcoxon test: p = 0.023 in favor
of V+P+ over V-P+. The free text responses were diverse,
without any clear themes or consistent criticisms.

Comparing V-P+ with V-P-. In the Transport task,
V-P+ performs better. Recall that the only potential advan-
tage of the tool for V—P+ over V-P- is that there may be
additionally satisfied goals, which suggests that the addition-
ally satisfied goals are helpful in achieving higher utility in
this particular task, but this advantage does not appear in
the other tasks. This likely occurs because in this task, more
than in the other tasks, it happens in more cases that a par-
ticipant makes a selection of goals that are suboptimal, but
with additionally satisfied goals it becomes an optimal solu-
tion. There is no significant difference in the other tasks, nor
in the questionnaire. This suggests that having additionally
satisfied goals on the other tasks is approximately equally
useful as solving the problem faster without additionally sat-
isfied goals.

Comparing V-P+ with V+P+. There was no discernible
difference in performance on the evaluation tasks between
the two groups. One possible factor why V+P+ did not yield
the expected improvement, is that our non-expert partici-
pants potentially did not fully understand the visualization,
and therefore failed to make full use of the information it
provides. Another possible factor, is that the tasks were rel-
atively small, so the visualization’s additional information
may not have been necessary. In terms of the questionnaire,
there was no significant difference except that participants in
V+P+ found the response to “Why is ‘goal X’ not satisfied?”
for solvable problems more useful than those in V-P+. It is
surprising that there was significant difference here, but not
for In unsolvable steps, the question “Why is the selection
of enforced goals unsolvable?” helped you, given that the
visualization is the same, but there are usually more MUGS
displayed as a response to the latter question. Without mak-
ing strong claims, this hints that participants do in fact find
the visualization more helpful at a subjective level, but we
would require a larger sample size to confirm.
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Figure 2: Utility over time: x-axis is time (mins) and y-axis is max utility achieved up to that point in time.

6 Conclusion

Iterative planning has been introduced to enable users to
identify their preferred trade-offs between goals in oversub-
scription planning. MUGS explanations have been shown to
help with that, but some design choices deserve further at-
tention. Here we focused on the use of example plans, and
the presentation of MUGS. The results indicate that 1. ex-
ample plans offer no advantage in the presence of MUGS,
and 2. using visualization only for MUGS presentation does
not seem useful.

Future work should explore an iterative planning process
interacting directly with the visual representation, rather
than confining it to just one part of the process. This will re-
quire interaction paradigms for our visualization, e.g. click-
ing on goals to enforce or de-enforce them, permitting to ex-
plore the effects of the selection. Also, there is still room for
incorporating more information into the visualisation, e.g.
including a second pairwise measure in the matrix, or show-
ing information about goal subsets of size > 2, as previously
mentioned. Furthermore, future work should investigate the
effect of additionally satisfied goals. In particular, we note
that algorithms for computing MUGS also compute maxi-
mal solvable goal subsets (Eifler et al. 2020b), which can be
used as maximal additionally satisfied goals.
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