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Abstract

One of the significant challenges to generating value-aligned
behavior is to not only account for the specified user objec-
tives but also any implicit or unspecified user requirements.
The existence of such implicit requirements could be partic-
ularly common in settings where the user’s understanding of
the task model may differ from the agent’s estimate of the
model. Under this scenario, the user may incorrectly expect
some agent behavior to be inevitable or guaranteed. This pa-
per addresses such expectation mismatch in the presence of
differing models by capturing the possibility of unspecified
user subgoal in the context of a task captured as a Markov
Decision Process (MDP) and querying for it as required. Our
method identifies bottleneck states and uses them as candi-
dates for potential implicit subgoals. We then introduce a
querying strategy that will generate the minimal number of
queries required to identify a policy guaranteed to achieve
the underlying goal. Our empirical evaluations demonstrate
the effectiveness of our approach in inferring and achieving
unstated goals across various tasks.

Code — https://github.com/Silviatulli/implicitgoals

Introduction
Humans often omit details they consider obvious, unavoid-
able, or not worth mentioning when providing instructions.
In the context of human-AI interaction, such omissions
could lead to implicit goals and unstated preferences that AI
systems must navigate to achieve full alignment with user
intent (Hadfield-Menell et al. 2017; Mechergui and Sreed-
haran 2024b). One potential source of such unstated sub-
goals or preferences could be behaviors that the user may
identify as inevitable. The user would never bother stating
anything regarding such behaviors, since they believe that
they cannot be avoided. Take the case of visiting bottleneck
states in the context of goal-based Markov Decision Pro-
cess (MDP) (Puterman 2014). Here, bottleneck states refer
to environment states that the agent must pass through to
reach the stated goal. In many cases, the user may want the
agent to pass through or visit some bottleneck states in addi-
tion to the goal, thus forming a set of intermediate subgoals
(Sutton, Precup, and Singh 1999; Şimşek and Barto 2009).
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However, the user may never specify them since, as far as
the user is concerned, every path that leads to the goal passes
through all the bottleneck states. This should be all well and
good, provided the human bottleneck states are also bottle-
neck states for the agent. Otherwise, the agent must make
an effort to figure out what the user’s underlying subgoals
may be. To see how such problems may arise, consider an
agent tasked with guiding a tourist to a famous art museum.
The tourist simply says, “Get me a plan to get to the art mu-
seum,” unaware of the city’s metro system and expecting an
above-ground route passing certain landmarks. The agent,
however, would use the metro system, as some of the city
roads are under construction. For the metro route, bottle-
necks might include various stations and the transfers. For
the tourist’s expected route, they might include crossing a
river and passing through the city center, which they wanted
to visit. An AI system that blindly generates a goal-reaching
policy might end up skipping all of these intermediate im-
plicit goals. This misalignment stems from differing world
models: the agent’s comprehensive transit data versus the
tourist’s limited knowledge of the city’s layout and the cur-
rent state of its roads (Chakraborti et al. 2017; ?). The chal-
lenge in AI alignment lies in bridging this gap, identifying
and accounting for implicit aspects of the task that weren’t
mentioned.

This paper explores how an agent can learn and achieve
the implicit subgoals of another agent, particularly when
their understanding of the environment differs. We do so by
developing a novel approach that introduces and formalizes
the notion of implicit subgoals within the MDP framework.
Our method will then compute policies that align with im-
plicit subgoals even when the user’s knowledge about the
environment isn’t completely known (Shah et al. 2019; Liu,
Zhu, and Zhang 2022). Our planning approach will simulta-
neously use two distinct MDPs: the executing agent’s, i.e.,
the robot’s1 model of the environment, and the user’s, possi-
bly unknown, beliefs about the environment (Ho, Saxe, and
Cushman 2022). We will use the possible estimates for the
human model as a basis for generating candidate implicit
subgoals that the robot will try to achieve. When potential
implicit subgoals cannot be achieved, we will also make

1We use the term robot to denote an autonomous agent. Our
approach does not require the agent to be physically embodied.
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Figure 1: The robot computes policy π over the set of human models MH , treating bottlenecks B as candidate implicit subgoals.
When model discrepancies prevent reaching a bottleneck, the robot queries whether it is a human subgoal.

use of minimal querying to refine the agent’s hypotheses
about the human subgoals (Biyik, Anari, and Sadigh 2024;
Reddy et al. 2020). Figure 1 provides a visualization of our
proposed method. To evaluate our approach, we performed
empirical evaluations in MDP benchmark domains to de-
termine the computational characteristics of our proposed
method. We also present results from a small-scale user
study aimed at evaluating the usefulness of our approach to
non-AI experts.

Background
The paper studies problems modeled as infinite horizon dis-
counted Markov Decision Processes (MDPs), focusing on
achieving specific goal states. An infinite horizon MDP is
defined as a tupleM = ⟨S,A, T, s0, γ, R⟩, where S is the
state space, A is the action space, T : S × A × S → [0, 1]
is the transition function (e.g., T (si, ai, s′) gives the prob-
ability of transitioning from state s to s′ under action a),
R : S → R is the reward function, s0 ∈ S is the initial state,
and γ ∈ [0, 1) is the discount factor. We generally consider
models where S and A are finite sets.

In this setting, the solution is a deterministic, stationary
policy π : S → A mapping states to actions. The value of
a policy π, denoted as V π : S → R, gives the expected cu-
mulative discounted reward from following the policy from
a given state. A policy is optimal if no policy with a higher
value exists. We focus on goal-directed problems, where the
set of goal states is SG ⊆ S. The reward function is sparse,
returning a small positive value for states in SG and 0 other-
wise. States in SG are absorbing, with all transitions out hav-
ing zero probability. In such cases, we represent the MDP in
goal terms asM = ⟨S,A, T, s0, γ, SG⟩.

We leverage the concept of goal-reaching traces. A goal-
reaching trace of a policy from a state s, denoted as τ ∼M
π(s), where τ = ⟨s, π(s), ..., sg⟩, is a state-action sequence
with non-zero probability that terminates at a goal state,
sg ∈ SG. Since reward is only provided by the goal, the
policy’s value in a state is directly proportional to the prob-
ability of reaching the goal state under the given policy. We

denote this as PG(s|π), given by

PG(s|π) =
∑

τ∼Mπ(s)

P (τ |π),

where τ are possible traces ending in a goal state and P (τ |π)
is their likelihood under the policy π.

Planning for Implicit Subgoals
Consider a scenario where the robot’s model of the task
MR = ⟨S,A, TR, s0, γ, SG⟩ differs from the user’s be-
liefsMH = ⟨S,A, TH , s0, γ, SG⟩ in terms of the transition
function. This difference leads the user to overlook specify-
ing subgoals they believe are inevitable.

We leverage the notion of a bottleneck state, where a
state is a bottleneck if it is reached in every path from the
initial state to the goal. Formally,
Definition 1. For a given MDP model M =
⟨S,A, T, s0, γ, SG⟩, a bottleneck state is a state s ∈ S that
must be in every valid trace starting from s0, for any policy,
with non-zero probability of reaching a state in SG. The set
of all bottlenecks is denoted as B ⊆ S.

Bottleneck states are objective properties of the MDP
structure, determined solely by the transition dynamics T
and goal specification SG, independent of any agent’s beliefs
or computational model. Implicit subgoals (IG) are a subset
of B that the user wants the robot to achieve en route to the
goal. From the user’s perspective, these subgoals need not
be specified since they are bottleneck states in their model.
However, due to model differences, what is a bottleneck in
one model may not be in the other. Our goal is to find a pol-
icy that achieves these subgoals in the robot’s model. For-
mally,
Definition 2. For a given model MR =
⟨S,A, TR, s0, γ, SG⟩ and implicit subgoal set IG (derived
from the human’s model MH ), a policy π is guaranteed
to achieve IG, denoted π |=MR IG, if every goal-reaching
trace from s0, τ ∼MR π(s0), passes through every state
s ∈ IG.
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The main challenge is finding a policy that achieves all
implicit subgoals without knowing them or the exact user
model. Here, we will assume: (1) access to a set of potential
user models MH , and (2) the ability to query the user about
potential implicit subgoals. This is represented by an oracle
function OIG

: S → {0, 1}, where

OIG
(s) =

{
1 if s ∈ IG
0 otherwise

Note that the first assumption is a rather weak one, as the
set MH could be infinite, and contain all possible models
that can be expressed in the current set of states.2 The sec-
ond assumption holds as long as the user is truthful, wants
to achieve the implicit subgoals, and can recognize the ones
they want to achieve when queried about them. We set the
cost of querying the user extremely high, aiming to mini-
mize the expected query cost.
Definition 3. For a given robot modelMR, a set of possi-
ble user models MH , and an oracle OIG

for an unknown
implicit subgoal set IG, the problem of query identification
for implicit subgoals is to choose states to query the oracle
to identify a policy π that achieves the implicit subgoal IG,
or determine that no such policy exists.

We focus on minimizing the expected query cost, where
each query has a cost, and querying ends once the agent can
determine if a policy exists that satisfies all implicit subgoals
and the original goal. The optimal query minimizes the ex-
pected value.
Definition 4. For a given identification problem, with a set
of remaining bottlenecks B and known implicit sub-goals
KI ⊂ IG, where the existence of the policy that achieves
all implicit sub-goals cannot be determined, a state query
sq is said to be optimal if it minimizes the expected query
cost for the bottleneck states and known sub-goals, i.e.,

Q((B,KI), s) = C(s) + (P (s ∈ IG) ∗ V(B \ {s},
KI ∪ {s}))+

P (s /∈ IG) ∗ V((B \ {s},KI))),

where Q() is the total expected query cost, P (s ∈ IG) and
P (s /∈ IG) are the probabilities of the state being, and
not being, an implicit goal, respectively, C(s) is the spe-
cific cost of querying about s, V() is the minimal expected
cost associated with a set of bottleneck states and known
implicit subgoals. Here, V((B′, κ′)) = 0 if κ′ is unachiev-
able or if the set B′ ∪ κ′ is achievable, else V((B′, κ′)) =
minsQ((B′, κ′), s).

Note that here, we are making an implicit assumption that
responses to all queries are deterministic, and the user is al-
ways able to answer correctly. We believe this is a reason-
able assumption to make given that this is the first work to
deal with this problem. Additionally, we expect a user to be
capable of correctly identifying whether a given state is an
implicit subgoal or not in most simple scenarios.

2In practice, a smaller set of possible human models can also
be effectively learned (Sreedharan, Chakraborti, and Kambhampati
2018).

We map the problem into finding an optimal policy in an
MDP, introducing a query MDP in the next section.

Query Identification for Implicit Subgoals Set
We now explore algorithms to identify queries for implicit
subgoals. Our approach involves finding a set of potential
implicit subgoals and querying the user to narrow it down to
an achievable set. To start with, we need a way to identify
potential implicit subgoals. We can do so by exploiting two
salient facts about our setting. Firstly, all implicit subgoals
are bottleneck states, and secondly, bottleneck states are
preserved through determinization, i.e., converting stochas-
tic transitions into deterministic ones (Keller and Eyerich
2011).
Definition 5. For a given MDP model M =
⟨S,A, s0, T, SG⟩, a determinized model δ(M) is given as
δ(M) = ⟨S,A′, s0, T

′, SG⟩, such that for every non-zero
transition T (si, ai, s

′) in M, there exists a new action
a′i ∈ A′, such that T (si, a′i, s

′) = 1.

Proposition 1. Given a model M and its determinization
δ(M), a state s is a bottleneck state forM if and only if it
is a bottleneck state in δ(M).

Note that the number of possible unique determinized
models for finite state and action sets is finite. Thus, the set
of all determinized models δ(MH) is finite and |δ(MH)| ≤
|MH |. This means that even if we initially had an infinite
set of possible human models, we can calculate the possible
implicit subgoal by operating over a finite set of models. To
identify bottleneck states in a determinized model, we cre-
ate a modified MDP where passing through the queried state
is penalized. If the state under test is not a bottleneck, the
optimal policy avoids it, resulting in a positive value for s0.
Proposition 2. For a determinized model δ(M) =
⟨S,A, T, s0, γ, SG⟩, and for a target state si, we create a
new MDPMsi = ⟨S,A, T, s0, γ, R

si
SG
⟩, such that

R(s) =


n when s = si
p when s ∈ SG

0 otherwise

where n < 0, p > 0 and |n| > p. Here si is not a bottleneck
state if and only if V ∗(s0) > 0 under the optimal policy for
Msi .

The validity of the proposition follows from the fact that
if state si is not a bottleneck state, then there should ex-
ist a path from s0 to the goal that doesn’t pass through si,
which should result in a positive value for s0. The require-
ment |n| > p is required to ensure that any path that does
pass through si doesn’t result in a positive value.

We collect all bottleneck states for each determinized
model in δ(MH) to form our initial hypotheses set for im-
plicit goals (H0

I). Our objective is to identify the set of max-
imal subsets ofH0

I for which the robot can generate achiev-
able policies. We will denote the set of maximally achievable
subsets of bottleneck states as I. Every element I ′ ∈ I, must
satisfy the following three conditions, namely, I ′ ⊆ H0

I ,
there exists a policy π in the robot model that satisfies I ′ and
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finally, there exists no other set of bottleneck state Î ⊇ I ′
that can be achieved in the robot model, such that Î ⊆ H0

I .
Before we discuss the search procedure to find maximal

subsets I, we need a procedure that can identify policies that
achieve any given subgoal, if such a policy exists. Unfortu-
nately, it’s not easy to determine this from the original MDP,
but one could test for its existence in two different planning
problems. Firstly, one that will only count goal achievement
if the trace passes through all the subgoals.

For an MDP M = ⟨S,A, T, s0, γ, SG⟩ and a subgoal
set Ŝ, we create a new MDP MŜ to identify policies that
achieve the subgoals. The new MDP tracks subgoal visits
and rewards only traces passing through all subgoals.
Proposition 3. For an MDP M = ⟨S,A, T, s0, γ, SG⟩,
and a subgoal set Ŝ, we create a new MDP MŜ =

⟨SŜ , A, T Ŝ , s0, γ, R
Ŝ⟩, where SŜ includes information

about visited subgoals, updated via T Ŝ , and RŜ rewards
only traces passing through all subgoals. For an optimal
policy π̂ forMŜ , all traces must exit at the goal state copy
after visiting all subgoal, if and only if, exists a policy π for
M that achieves Ŝ.

This proposition is true since any trace that ends in a goal
state without passing through all the subgoal states will not
result in a positive reward. However, one might not be able
to tell if the identified policy corresponds to such a policy
from its value. One needs to run a test over the determinized
version ofMŜ , similar to Proposition 2, to do so. However,
here the actions in each state are limited to the one listed by
π̂. Here, the test is run for each potential state in Ŝ.

We search for maximally achievable subsets over the
union of all bottleneck states across potential human models
using a recursive depth-first approach with pruning. The al-
gorithm systematically explores combinations of bottleneck
states, confirming maximality by checking if adding any re-
maining element makes the subset unachievable. Algorithm
1, gives a pseudo-code for the overall procedure. Generate-
AndTestSubsets function represents the recursive procedure
that goes over each possible subsets by dropping one bottle-
neck state at a time. The procedure stops when the current
subset is achievable (i.e., there exists a policy π such that π)
or if the bottleneck set passed is an empty one.

With the identification of I, we move on to the problem
of generating queries, which we again convert into an MDP
planning problem.
Definition 6. For a set of potentially achievable subgoals I,
selected from a bottleneck setB, the query MDP is defined as
MQ = ⟨SQ, AQ, TQ, sQ0 , γ, R

Q⟩, where each component is
defined as follows:
• SQ: Each state consists of known implicit subgoals and

those known not to be, i.e., SQ = 2B × 2B.
• AQ: One action to query each element in B.
• TQ: Transition function replicating potential oracle out-

comes and determining absorber states.
• sQ0 : Start state where nothing is known.
• RQ: Reward function returning a heavy penalty for

queries and positive values for achievable states.

Algorithm 1: Find the set of maximally achievable subsets
of the set of all possible human bottleneck states.

1: Input:MR, B
2: Output: Set of maximal achievable subsets I
3: function FINDMAXACHIEVABLESUBSETS(MR, B)
4: return GenerateAndTestSubsets(B,MR)
5: end function
6: function GENERATEANDTESTSUBSETS(B̂,MR)
7: if CheckAchievability(B̂,MR) then
8: return {B̂}
9: end if

10: if |B̂| == 0 then
11: return ∅
12: end if
13: Î = {}
14: for si ∈ B̂ do
15: current subset← B̂ \ {si}
16: max subsets←GenSubsets(current subset,MR)

17: for Ŝ ∈max subsets do
18: Î = Î ∪ Ŝ
19: end for
20: end for
21: return Î
22: end function

• γ: High discount factor to consider future query costs.
Proposition 4. An optimal policy for the MDPMQ, corre-
sponds to an optimal query strategy (as per Definition 4).

This follows from the structure of the MDP. The cost and
transition function, here, are selected so the Bellman equa-
tions for the MDP replicate the optimality equations referred
to in Definition 4 (with min replaced with max to reflect the
switch from costs to rewards). One point of departure here
from the earlier definition is the allocation of positive re-
wards to absorber states where the reward is proportional
to its value associated in the model MŜ . Given the role
played by discount factor, this means that a higher value is
associated with bottleneck subsets where the goals and sub-
goals are achieved over shorter traces. This means that the
problem of finding subgoal sets that are easier to achieve be-
comes a secondary objective for the MDP. However, please
note that the larger penalty for the query cost means that this
secondary objective will never be pursued at the cost of a
potentially larger number of queries.

Now, even though there are efficient MDP solvers, solving
the above MDP could be computationally expensive if there
exists a large number of possible bottleneck states. However,
it is possible to show that we can actually build a smaller
MDP that first filters out all the bottleneck states that cannot
be achieved in the robot model and create a new query MDP
only containing the remaining states. We will refer to the
resulting MDP as the pruned query MDP (and represent it as
M̂Q). Now, we will create a meta query policy that will first
query about all non-achievable bottlenecks before switching
over to the optimal policy for the pruned query MDP (π̂Q).
We will refer to this new modified query as ΠQ, and it is
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defined as

ΠQ((KI ,K¬I)) =


si if |B \ (KI ∪K¬I)| > 0,

where si ∈ B \ (KI ∪K¬I)

π̂Q((KI \ B,K¬I \ B)) Otherwise,

where B is the set non-achievable bottleneck states. Even
though such a pruning method could result in an exponen-
tial reduction in the state space of the MDP problem to be
solved, we can show that this new policy is, in fact, optimal
for the original query model. Or more formally,
Theorem 1. The meta policy ΠQ is an optimal policy for
the query MDPMQ.

Proof Sketch. The primary proof for the above statement re-
lies on establishing the fact that in a non-absorbing state
for MQ, the cost of querying a non-achievable bottleneck
state is always going to cheaper than or equal to the cost of
a query about a state that is part of some achievable sub-
set of bottlenecks. This can be shown by the fact that any
query not involving a non-achievable state must involve at
least one outcome, with at least one future query guaranteed
to be required. This guarantee follows from two facts. For
such a query, at least one of the outcomes must contain a
potentially achievable subset. Without such an outcome, the
original query state would be unachievable and thus an ab-
sorbing state. As for the at least one guaranteed future query
comes from the fact that since this query skipped over a non-
achievable bottleneck, the achievability of the outcome can
only be established after resolving whether or not the non-
achievable bottleneck is part of the human implicit subgoal.

Now, there can, at most, be one outcome where further
querying is possibly required. In this case, future querying
is also not guaranteed because, after the removal of the un-
achievable state, it could just result in a query state that cor-
responds to an absorber state for an achievable subset. In
other words, the query about a non-achievable bottleneck is
always guaranteed to remove a future query from all out-
comes. But for bottleneck states that can be achieved under
some policy, we are guaranteed that we need to query about
the non-achievable bottleneck at some point in the future.
Finally, the order in which the non-achievable states need to
be queried does not matter as its not part of any achievable
subsets and thus it doesn’t affect how any of the potentially
achievable subsets can be queried. Finally, the secondary ob-
jective doesn’t really affect this order, as it relates to reduc-
ing the expected number of queries and the secondary objec-
tive is dominated by the cost of the number of queries.

Empirical Evaluations
We present two forms of empirical evaluations: a computa-
tional experiment and a human-user study.

Computational Experiments
We evaluate our approach on standard Markov Decision
Process (MDP) benchmarks using value iteration with con-
vergence threshold ϵ = 0.001 and maximum 1000 itera-
tions. For larger state spaces, we employed sparse matrix im-
plementation and robust vectorized versions handling edge

cases (Puterman 2014). Experiments were conducted across
multiple environment types with varying grid sizes and ob-
stacle percentages. For reproducibility, each configuration
(world type, grid size, human models, obstacle percentage)
was run 3 times with random seeds sampled from [1,10000]
controlling robot/human model generation and stochastic al-
gorithm elements. Policy extraction used standard or robust
methods depending on environment complexity and state
space size3.

Environments. We focused on popular domains from MDP
planning literature where we could easily randomize the dy-
namics and the possible set of bottlenecks. This included
basic navigation settings like Maze and Four-rooms. Pud-
dleWorld domain introduces a penalty for navigating over
puddles. And finally, we looked at RockWorld, which fea-
tures two types of rocks: valuable rocks that provide rewards
when collected and dangerous rocks that incur penalties.
This domain helped us test our method in scenarios requir-
ing resource management and risk-reward trade-offs.

Methodology. Our framework runs multiple independent
trials with varying parameters including grid sizes, obstacle
percentages, and different numbers of human models to test
scalability with varying levels of preference diversity. Each
model uses a unique obstacle seed to ensure statistically
independent trials. We compared the condition in which
the robot queries for all the bottleneck states (Query-All)
with the condition in which it queries strategically, based on
the achievable bottleneck states (Strategic Query). We set a
query threshold of 1000.

Results. Our analysis reveals significant performance im-
provements across environments. For 4×4 grids, Strategic
Query showed particularly strong results in Four Rooms
(p < 0.001) and Rocks (p = 0.012), with query counts
reduced from 3.7 − 4.8 (Query-All) to 2.0 − 3.3 queries,
achieving reductions of 22−41%. Query times remained ef-
ficient at 2−3 seconds. In 6×6 environments, while pruning
times increased, efficiency gains persisted with query counts
of 3.2−4.3 versus 3.7−7.7 for Query-All, yielding 13−40%
reductions, though with marginally significant differences
(Puddle: p = 0.053, Rocks: p = 0.073). Analysis across 20
human models with 10% obstacle density demonstrates con-
sistent performance, particularly in basic grid environments
(35.6% reduction). More complex environments like Rocks
and Puddle maintained substantial improvements (26−33%
reduction). The stability of these improvements across vary-
ing model counts suggests robust scalability. Notably, Four
Rooms showed the strongest statistical significance in 4× 4
grids (p < 0.001) while maintaining performance benefits
in larger environments, albeit with reduced statistical signif-
icance (p = 0.411 for 66) (Figure 2).

Query times remained efficient at 2 − 3 seconds. In
6 × 6 environments, while pruning times increased, effi-
ciency gains persisted with query counts of 3.2 − 4.3 ver-
sus 3.7 − 7.7 for Query-All. Scaling to 8 × 8 grids further

3Experiments were executed on a server with 64 cores (AMD
EPYC Milan) and 2048 GB DDR4 memory, running 4 parallel
workers processing batches of 10 configurations.
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Domain State Space Size Pruning Pruning Str. Query Query Red. Human
Size Time (s) Speedup Count All (%) Bottlenecks

Maze 64 308.237±6.308 1.05x±0.03 3.2±1.6 11.6±2.9 71.9±10.9 5.8±1.5
Four R. 64 324.602±6.013 1.00x±0.01 3.2±1.0 3.2±1.0 0.0±0.0 1.6±0.5

Table 1: Performance comparison with 64 states. Maze, Puddle, and Rocks domains showed similar performance metrics.
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Figure 2: Performance comparison between Strategic Query
and Query-All approaches across four environments with 16
states. Results show mean execution times ± standard devi-
ation based on 20 human preference models, 10% obstacle
density, and 3 runs per configuration.

validates the effectiveness of our approach. Strategic Query
maintained consistent query counts (3.2 ± 1.6) across en-
vironments while Query-All increased to 11.6 ± 2.9 (ex-
cept Four Rooms: 3.2± 1.0), resulting in substantial reduc-
tions (71.9 ± 10.9%) for Maze, Puddle, and Rocks envi-
ronments. While pruning times increased to ∼ 308 − 325
seconds, the method achieved consistent speedup (1.05×)
across all environments. Human bottleneck values stabilized
around 5.8 ± 1.5 (Four Rooms: 1.6 ± 0.5), demonstrating
reliable preference modeling despite increased environmen-
tal complexity (Table 1). Further analysis with varying pa-
rameters reveals interesting trends. With 10 human models
and 0.1 obstacle density, bottleneck finding times remained
consistent (1.7 − 1.8s) with total runtimes of 4.1 − 9.2s.
Reducing to 5 human models improved computational effi-
ciency (0.8 − 0.9s bottleneck finding, 2.1 − 4.0s total run-
time). However, increasing obstacle density to 0.15 signif-
icantly impacted performance, particularly in environments
like Maze and Rocks (27.4s and 13.7s bottleneck finding
respectively), with total runtimes increasing to 13.1− 50.7s
and higher human bottleneck values (3.3−4.2). This demon-
strates the method’s stability with increased human models
but sensitivity to higher environment complexity.

Domain State Space Str. Query Red.
Size Query All (%)

Maze 16 2.6±0.9 3.9±1.8 22.0±30.1
36 3.8±1.5 6.8±3.9 35.6±33.6

Four R. 16 2.0±0.8 3.7±0.7 0.0±0.0
36 3.2±1.0 3.7±0.7 13.3±22.1

Puddle 16 3.3±1.6 4.8±1.4 26.7±29.7
36 4.3±3.3 7.7±4.0 40.7±29.6

Rocks 36 2.5±0.9 4.8±1.4 41.1±27.1
36 4.1±2.4 6.9±3.1 33.7±29.4

Table 2: Query counts and reduction percentages, same con-
figuration of Figure 2.

User Study
We now compare our strategic querying method against an
exhaustive baseline via a user study on Prolific (Palan and
Schitter 2018).

Study Design and Hypothesis. We employed a within-
subjects design where participants (n = 54) were asked to
evaluate two robot models, XR35 (using exhaustive query-
ing) and ST55 (using our strategic querying approach). Par-
ticularly, participants were asked to evaluate which of the
two robots they preferred to purchase by being randomly
assigned to one of two scenarios: a Tour Guide scenario
(n = 28), in which participants wanted to visit a museum
while passing by the port (a bottleneck in their mental model
due to believing ferry transport was necessary); and an Office
Assistant scenario (n = 26), where participants requested
coffee with an implicit expectation that the robot would use
dark roast beans from the shelf (believing the robot could
not access the fridge or pantry where light roast was stored).
These scenarios were designed to create natural discrepan-
cies between user and robot world models, where users have
implicit subgoals based on perceived bottlenecks.

For each robot, participants first observed the robot ask-
ing questions about their task preferences, then watched a
video of the robot executing the task. Specifically, the XR35
robot asked exhaustive questions about every possible loca-
tion or action, while the ST55 robot asked only one targeted
question about a critical bottleneck state identified by our
algorithm. After experiencing both robots, participants in-
dicated which model they would purchase and provided a
justification for it. Moreover, they rated each robot on six di-
mensions using 7-point Likert scales: willingness to use the
robot, perceived competence, behavioral predictability, reli-
ability, faith in future performance, and overall trust. More
details about the study (including a detailed description, de-
mographics, etc.) can be found in the supplement.
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Our main hypothesis for this study is as follow:
H1: Users will significantly prefer agents performing
strategic querying over ones that perform exhaustive
querying, when asked to pick one over the other.

Results. Our analysis revealed that a clear majority of par-
ticipants (68.5%) preferred the ST55 robot over the XR35
(31.5%) across both scenarios. Using a binomial test against
the null hypothesis of no preference, this difference is statis-
tically significant with p = 0.009 and a medium effect size
(Cohen’s h = 0.38). Examining each scenario individually,
we observed consistent but varying levels of preference: in
the Tour scenario, 71.4% of participants (20/28) preferred
ST55, a statistically significant preference (p = 0.03), while
in the Office scenario, 65.4% of participants (17/26) pre-
ferred ST55, which did not reach statistical significance (p =
0.16). Despite the difference in statistical significance be-
tween scenarios, a chi-square test of independence revealed
no significant difference in preference patterns between the
two scenarios (p = 0.85), suggesting that the preference for
strategic querying is robust across different task contexts.
The stronger preference in the Tour scenario may reflect the
greater query burden in that context, where the exhaustive
approach required 22 questions compared to only five in the
Office scenario. Participants demonstrated moderate accu-
racy (68.1%) in selecting responses matching optimal ex-
ecution, with a mean of 4.08 mistakes (median: 4.0, SD:
3.15). Error distribution varied: 18.6% made two or fewer
mistakes, while 42.4% made exactly four. Navigation ques-
tions yielded 2.37 mistakes per participant versus 1.71 for
Office scenarios, suggesting clearer decision space in the lat-
ter. Certain questions proved particularly challenging, cof-
fee bean loading (96.4-100% error rates) and visiting station
D4 (85.7% error), indicating pronounced model discrepan-
cies. These patterns validate strategic querying at critical
decision points, supporting H1: bottleneck-based querying
provides better user experience than exhaustive approaches
while confirming users hold implicit subgoal assumptions
differing from optimal robot execution.

Related Work
Our work intersects with several areas of research.

Subgoal Discovery. Subgoal discovery improves RL
sample efficiency through hierarchical decomposition via
goal-space planning (Lo et al. 2024), slow dynamics (Li
et al. 2021), sub-goal trees (Jurgenson et al. 2020), and
high-probability occurrence on successful trajectories (Pa-
teria et al. 2022). Other methods include option discovery
(Sutton, Precup, and Singh 1999), successor representations
(Kulkarni et al. 2016), and bottleneck-based approaches
(Stolle and Precup 2002; Şimşek and Barto 2009). These
methods assume a shared world model and optimize the
agent’s planning efficiency. In contrast, our method identi-
fies states users may expect the agent to reach or avoid due
to differing understanding of task feasibility.

Reward Misspecification. Inverse reward design
(Hadfield-Menell et al. 2017) addresses reward mis-
specification by inferring true objectives from reward
specifications. Extensions include risk-sensitive inverse

RL (Majumdar et al. 2017), implicit preferences (Shah
et al. 2019), reward hacking (Gleave et al. 2021), and
formalizing misspecification through agent-user expectation
discrepancies (Mechergui and Sreedharan 2024a). Our work
extends these ideas by focusing on unspecified subgoals
arising from differing task models.

Planning with Different World Models. Agents and hu-
mans often have different world models, explored in AI
planning and human-robot interaction. Model reconcilia-
tion (Chakraborti et al. 2017; Sreedharan, Chakraborti, and
Kambhampati 2021; Vasileiou et al. 2022, 2024) bridges
knowledge gaps between users and AI systems for explain-
able planning. Related work addresses learning from correc-
tions with differing feature spaces (Bobu et al. 2018) and
representation misalignment (Peng et al. 2024). Theory of
mind research suggests abstract causal models enhance in-
tervention planning (Ho and Griffiths 2021), complementing
model reconciliation approaches.

Handling Unspecified User Goals. Query mechanisms
enable clarification under ambiguous rewards. Hidden Goal
MDPs provide decision-theoretic frameworks for intelli-
gent assistance under objective uncertainty (Fern et al.
2007), while assistive games use human reward infer-
ence (Hadfield-Menell et al. 2016). Within hierarchical
RL, POMDP frameworks query humans about subgoals
(Nguyen, Bisk, and III 2022), and natural language opti-
mizes abstractions to minimize queries (Zheng et al. 2023).
Our work leverages estimates of human task model under-
standing to identify more effective queries.

Preferences in Planning. Preference-based planning has
evolved from simple goal satisfaction to frameworks captur-
ing user intentions and quality criteria (Baier and McIlraith
2008), including temporal preferences (Gerevini and Long
2006), soft versus hard constraints (Gerevini et al. 2009),
and hierarchical knowledge (Sohrabi, Baier, and McIlraith
2009). Preference elicitation remains a major bottleneck
(Mantik, Li, and Porteous 2022). Our subgoal querying
method contributes to preference elicitation approaches.

Conclusions
The paper presents a way a planning system can identify
hidden subgoals of users, even when the human model may
not be fully known. We present algorithms to both iden-
tify potential candidates and generate an optimal number
of queries. We evaluate the effectiveness of the proposed
method on a set of standard benchmark problems and with
a user study. As future work, we would like to investigate
other forms of user preference, including trajectory prefer-
ences expressed through various temporal logical fragments.
As a related effort, we will also consider other forms of
querying strategy, including querying about possible prefer-
ence between trajectories, similar to ones adopted by RLHF
(Ouyang et al. 2022). We also plan to investigate various
forms of approximations, including faster suboptimal algo-
rithms and the use of pre-trained large language models as
proxies for user models (Zhou et al. 2024). We also hope to
extend and test our approach in continuous state-space do-
mains such as robotics.
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