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Abstract

The advent of large language models (LLMs) has sparked
significant interest in using natural language for prefer-
ence learning. However, existing methods often suffer from
high computational burdens, taxing human supervision, and
lack of interpretability. To address these issues, we in-
troduce MAPLE, a framework for large language model-
guided Bayesian active preference learning. MAPLE lever-
ages LLMs to model the distribution over preference func-
tions, conditioning it on both natural language feedback and
conventional preference learning feedback, such as pairwise
trajectory rankings. MAPLE employs active learning to sys-
tematically reduce uncertainty in this distribution and incor-
porates a language-conditioned active query selection mecha-
nism to identify informative and easy-to-answer queries, thus
reducing the burden on humans. We evaluate MAPLE’s sam-
ple efficiency and preference inference quality across two
benchmarks, including a real-world vehicle route planning
benchmark using OpenStreetMap data. Our results demon-
strate that MAPLE accelerates the learning process and ef-
fectively improves humans’ ability to answer queries.

Introduction
With recent advances in artificial intelligence, autonomous
agents are being increasingly deployed in real-world ap-
plications to address complex tasks (Zilberstein 2015; Di-
etterich 2017). A prominent method for efficiently align-
ing these agents with human preferences is Active Learning
from Demonstration (Active LfD) (Biyik 2022). Preference-
based Active LfD, a variant of LfD, aims to infer a pref-
erence function from human-generated rankings over a set
of observed behaviors using a Bayesian active learning ap-
proach.

Recent advancements in natural language processing have
inspired many researchers to leverage language-based ab-
straction for learning human preferences (Soni et al. 2022;
Guan, Sreedharan, and Kambhampati 2022). This approach
offers a more flexible and interpretable way of learning pref-
erences compared to conventional methods (Sadigh et al.
2017; Brown, Goo, and Niekum 2019; Brown et al. 2019).
More recent work (Yu et al. 2023; Ma et al. 2023) has fo-
cused on utilizing large language models (LLMs), such as
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ChatGPT (Achiam et al. 2023), with prompting-based ap-
proaches to learn preferences from natural language instruc-
tions. However, these methods often require significant com-
putational resources and taxing human supervision, as they
lack a systematic querying approach.

To address these challenges, we introduce a novel frame-
work: MAPLE (Model-guided Active Preference Learning).
MAPLE begins by utilizing a large language model (LLM)
to interpret the natural language instructions from humans
and to estimate an initial distribution over preference func-
tions. Then, it applies an active learning approach to system-
atically reduce uncertainty on the correct preference func-
tion. This is achieved through standard Bayesian posterior
updates, conditioned on both conventional preference learn-
ing feedback, such as pairwise trajectory rankings, and lin-
guistic feedback such as clarification or explanations of the
cause behind the preference. By integrating Bayesian infer-
ence with LLMs, MAPLE achieves higher preference in-
ference accuracy than a general-purpose pre-trained LLM
while offering greater sample efficiency and flexibility than
purely Bayesian methods.

To further ease human effort, MAPLE incorporates a
language-conditioned in-context (Dong et al. 2024) active
query selection mechanism that takes advantage of feedback
on the difficulty of previous queries to choose future queries
that are informative and easier to answer. MAPLE repre-
sents preference functions as a linear combination of ab-
stract language concepts, providing a modular structure that
enables the framework to acquire new concepts over time
and enhance sample efficiency for future instructions. More-
over, this interpretable structure allows for human auditing
of the learning process, facilitating human-guided valida-
tion (Mahmud, Saisubramanian, and Zilberstein 2023) be-
fore applying the preference function to optimize behavior.

In our experiments, we evaluate the efficacy of MAPLE
in terms of sample efficiency during learning, as well as
the quality of the final preference function. We use an envi-
ronment based on the popular Minigrid (Chevalier-Boisvert
et al. 2023) and introduce a new realistic vehicle routing
benchmark based on OpenStreetMap (OpenStreetMap Con-
tributors 2017) data, which includes text descriptions of the
road network of different cities in the USA. Our evalua-
tion shows the effectiveness of MAPLE on preference infer-
ence while improving the human’s ability to answer queries.
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Our contributions are threefold:

• We propose a Bayesian preference learning framework
that leverages task-independent pre-trained LLMs and
natural language explanations to reduce uncertainty over
preference functions.

• We provide a language-conditioned in-context active
query selection approach to reduce human burden.

• We perform extensive evaluations, including the design
of a realistic new benchmark that can be used for future
research in this area.

Related Work
Learning from demonstration Most Learning from
Demonstration (LfD) algorithms learn a reward function us-
ing expert trajectories (Ng and Russell 2000; Abbeel and
Ng 2004; Ziebart et al. 2008). Some of these approaches uti-
lize a Bayesian framework to learn the reward or preference
function (Ramachandran and Amir 2007; Brown et al. 2020;
Mahmud, Saisubramanian, and Zilberstein 2023), and some
pair it with active learning to reduce the number of human
queries (Sadigh et al. 2017; Basu, Singhal, and Dragan 2018;
Biyik 2022). However, these methods are unable to utilize
natural language abstraction during Learning from Demon-
strations, whereas our method can use both. In addition, we
employ language-conditioned active learning to reduce user
burden, an approach not previously explored in this context.

A related method in this area, REVEALE (Mahmud,
Saisubramanian, and Zilberstein 2023), uses explanations
to detect misalignment and infer a distribution over pref-
erences. However, while REVEALE relies on feature
attribution-based explanation methods and incorporates hu-
man selection or random sampling for the learning and au-
diting process, our approach utilizes natural language expla-
nations and integrates active learning to enhance efficiency
for preference learning.

Natural language in intention communication With the
advent of natural language processing, several works have
focused on directly communicating abstract concepts to
agents (Tevet et al. 2022; Guo et al. 2022; Lin et al. 2022;
Wang et al. 2024; Sontakke et al. 2024; Tien et al. 2024;
Lou et al. 2024). The key difference is that this line of work
directly conditions behavior in natural language, whereas
we learn a language-abstracted preference function. This ap-
proach offers several advantages, including increased trans-
parency, more fine-grained trade-offs between concepts, and
enhanced transferability. The work most closely related to
ours is (Lin et al. 2022), which infers rewards from language
but restricts them to stepwise decision making.

Other lines of work (Yu et al. 2023; Ma et al. 2023) aim to
learn reward functions directly by prompting LLMs. How-
ever, these methods often struggle with identifying tempo-
rally extended abstract behaviors. Furthermore, these ap-
proaches cannot utilize conventional preference feedback,
whereas MAPLE can utilize both. In addition, they either
lack a systematic way of acquiring human feedback or rely
on data-hungry evolutionary algorithms. In contrast, our ap-
proach employs more efficient Bayesian active learning.

Abstraction in reward learning Abstraction in reward
learning helps simplify complex objectives, improves gen-
eralization, and facilitates interaction between AI systems
and humans. Several prior research efforts leverage abstract
concepts to learn reward functions (Lyu et al. 2019; Il-
lanes et al. 2020; Guan et al. 2021; Bobu et al. 2021; Icarte
et al. 2022; Guan, Valmeekam, and Kambhampati 2022;
Soni et al. 2022; Guan, Sreedharan, and Kambhampati 2022;
Silver et al. 2022; Zhang et al. 2022; Bucker et al. 2023; Cui
et al. 2023). Two methods closely related to our work are
PRESCA (Soni et al. 2022) and RBA (Guan, Valmeekam,
and Kambhampati 2022). PRESCA learns state-based ab-
stract concepts to be avoided, while RBA learns tempo-
rally extended concepts with two variants: global (eliciting
preference weights directly from humans) and local (tuning
weights using binary search). Our approach also leverages
temporally extended concepts but learns preference func-
tions from natural language feedback using active learning.
Unlike RBA, which relies on direct preference weights from
humans or binary search, our method uses LLM-guided ac-
tive learning for more expressive and informative preference
elicitation while reducing human effort.

Some works use offline behavior datasets or demonstra-
tions to learn various skills (Lee and Popović 2010; Wang
et al. 2017; Zhou and Dragan 2018; Peng et al. 2018; Luo
et al. 2020; Chebotar et al. 2021; Peng et al. 2021), which
complement our approach. While MAPLE may also utilize
such datasets in pre-training, the main purpose of MAPLE
is to encode human preferences using natural language.

Active learning Previous works have explored different
acquisition functions for active learning, typically focus-
ing on selecting queries that maximize certain uncertainty
quantization metrics. These metrics include predictive en-
tropy (Gal, Islam, and Ghahramani 2017), uncertainty vol-
ume reduction (Sadigh et al. 2017), uncertainty weighted
density score (Wray and Zilberstein 2016), mutual informa-
tion maximization (Biyik et al. 2019), and maximizing the
variation ratio (Gal, Islam, and Ghahramani 2017). Our ap-
proach complements these methods by integrating language-
conditioned query selection to reduce the user burden. Al-
though any of these methods can be paired with MAPLE,
we opt for the variation ratio because of its ease of calcula-
tion and high effectiveness.

LLMs and Probabilistic Reasoning Many previous and
contemporary research has examined the integration of
probabilistic reasoning with large language models (LLMs)
for active querying in classification and preference learning
tasks (Rao and Daumé III 2018; Yu et al. 2020; Piriyakulkij,
Kuleshov, and Ellis 2023; Grand et al. 2024; Andukuri et al.
2024). Among these, the work of Piriyakulkij, Kuleshov,
and Ellis (2023) is particularly relevant, as it focuses on ac-
tively learning a binary preference function for single-step
decision-making problems by combining LLMs and prob-
abilistic reasoning. However, there are two key differences
from our approach: their method does not leverage linguis-
tic explanations for preference learning (relying solely on
yes/no feedback) and does not utilize in-context learning for
query selection to reduce user burden.
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“I prefer routes that are safe, have minimal 
turns, and small changes in elevation. I have no 
preference for drive duration.”

Scenerio 1: A   B. Explanation: “A looks safer and has 
less curves. I am indifferent about the drive duration”

Scenerio 2: “I’m unable to rank the trajectories as they 
are very similar in terms of safety.”

MAPLE

BA

Do you prefer 
route A or B?

Prior Posterior

Aligned 
Route 
Planner

Figure 1: Application of MAPLE to the Natural Language Vehicle Routing Task.

Background
Markov decision process (MDP) A Markov Decision
Process (MDP) M is represented by the tuple M =
(S,A, T, S0, R, γ), where S is the set of states, A is the set
of actions, T : S × A × S → [0, 1] is the transition func-
tion, S0 is the initial state distribution, and γ ∈ [0, 1) is the
discount factor. A history ht is a sequence of states up to
time t, (s0, . . . , st)1. The reward function R : H × A →
[−Rmax, Rmax] maps histories and actions to rewards. For
some problems, a goal function G : H → [0, 1] is provided
that maps histories to goal achievements. In such problems,
the reward function is typically R : H × A → [−Rmax, 0]
and R(ht ∪ sg, a) = 0 for G(ht ∪ sg) = 1. A policy
π : H × A → [0, 1] is a mapping from histories to a dis-
tribution over actions. The policy π induces a value function
V π : S → R, which represents the expected cumulative
return V π(s) that the agent can achieve from state s when
following policy π. An optimal policy π∗ maximizes the ex-
pected cumulative return V ∗(s) from any state s, particu-
larly from the initial state s0.

Bayesian Preference Learning A preference function ω
maps a trajectory τ to a real number representing how well
the trajectory aligns with a human’s objectives. The goal
of preference learning is to infer this function from human
feedback, enabling it to be directly used as the reward func-
tion in a Markov Decision Process (MDP) or to construct a
reward function (discussed further in later sections).

One common approach is to learn this function from a
dataset of pairwise preferences, represented as

D = {(τ11 ≻ τ21 ), (τ12 ≻ τ22 ), . . . , (τ1n ≻ τ2n)}.

Here, τ1i and τ2i are two trajectories, and τ1i ≻ τ2i indicates
that τ1i is preferred over τ2i .

Using a Bayesian framework, as outlined in Ramachan-
dran and Amir (2007), preference learning defines a proba-
bility distribution over preference functions conditioned on
the dataset D via Bayes’ rule:

P (ω | D) ∝ P (D | ω)P (ω).

The likelihood function P (D | ω) is modeled in various
ways. Following BREX (Brown et al. 2020), we use the

1A history is can also be a sequence of observations.

Bradley–Terry model (Bradley and Terry 1952), which de-
fines the likelihood as:

P (D | ω) =
∏

(τ1
i ≻τ2

i )∈D

eβω(τ1
i )

eβω(τ1
i ) + eβω(τ2

i )
. (1)

Here, β ∈ [0,∞) is the inverse-temperature parameter.

Variation Ratio Given a conditional probability distribu-
tion P (· | X) with support {yi}ki=0, the variation ratio of an
input X is defined as follows:

Variation Ratio(X) = 1− argmax
yi

P (yi | X)

Problem Formulation
MAPLE We define a MAPLE problem instance as the tu-
ple (M|R,H,L, C,Ω, Dτ ), where:

• M|R is an MDP with an undefined or partially defined2

reward function R.
• H is the human interaction function that acts as the inter-

face between the human and MAPLE. Humans provide
their feedback, preferences, and explanations in response
to natural language queries posed by MAPLE.

• L is the LLM interaction function that generates natural
language LLM queries and returns structured output.

• C is an expanding set of concepts in natural language
{c1, c2, . . . , cn}. We also use C(·) to refer to a mapping
model that takes a trajectory embedding ϕ(τ) and a natu-
ral language concept embedding ψ(ci) and maps them
to a numeric value indicating the degree to which the
trajectory τ satisfies the concept ci. For non-Markovian
concepts, ϕ(·) may be a sequence model such as a
transformer. For Markovian concepts, we can define
C(ϕ(τ), ψ(ci)) =

∑
s ∈ τ C(ϕ(s), ψ(ci)), where ϕ(s)

is the state embedding.
• Ω is the space of all preference functions. In MAPLE,

preference functions ω over a trajectory τ are modeled as
a linear combination of the concepts and their associated
weights:

ω(τ) =
∑

ci ∈ C
ωci · C(ϕ(τ), ψ(ci)) (2)

2A partially defined reward function may be a sparse reward
function that encodes signals for goals but not path preferences.
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• Dτ is a dataset of unlabeled trajectories {τ1, τ2, . . . , τm}.
The objective of MAPLE is to model the repeated interac-

tion between a human and an agent, where the human com-
municates their task objective OH

T in natural language, and
the agent is responsible for completing the task in alignment
with that objective. MAPLE accomplishes this by actively
learning a symbolic preference function ω using large lan-
guage models (LLMs), enabling the agent to optimize its
behavior according to this function to ensure that its actions
align with human preferences.

Motivating example Consider an intelligent route plan-
ning system that takes a source, a destination, and user pref-
erences about the route in natural language, as illustrated in
Figure 1. Datasets for several preference-defining concepts
such as speed, safety, battery friendliness, smoothness, au-
topilot friendliness, and scenic views can be easily obtained
and used to pre-train the concept mapping function C(·).
The goal of MAPLE is to take natural language instruc-
tions from a human and map them to a preference function
ω interactively so that a search algorithm can optimize it
to find the preferred route. MAPLE incorporates preference
feedback on top of natural language feedback to address is-
sues such as hallucination (Huang et al. 2023) and calibra-
tion required to directly apply a pre-trained LLM to unseen
tasks. Additionally, MAPLE allows the human to skip diffi-
cult queries and applies in-context learning to identify which
query to present, making the system more human-friendly.
Furthermore, the preference function inference process in
MAPLE is fully interpretable, enabling a human to audit the
process thoroughly and provide the necessary feedback for
improvement. Finally, the interaction with the human is re-
peated, allowing MAPLE to acquire and memorize new con-
cepts and become more efficient for future tasks.

Detailed Description of the Proposed Method
A key innovation of MAPLE is the integration of con-
ventional feedback from the preference learning literature
with more expressive linguistic feedback, formally cap-
tured within a Bayesian framework introduced in RE-
VEALE (Mahmud, Saisubramanian, and Zilberstein 2023):

P (ω | Fb, Fl) ∝ P (Fb | ω)P (Fl | ω)P (ω) (3)

Above, Fb represents the set of feedback observed in con-
ventional preference learning algorithms, specifically in the
context of this paper pairwise trajectory ranking.3 Fl denotes
the set of linguistic feedback. We can rewrite the equation as:

P (ω | Fb, Fl) ∝ P (Fb | ω)︸ ︷︷ ︸
Bradley-Terry Model

P (ω | Fl)︸ ︷︷ ︸
LLM

P (Fl)︸ ︷︷ ︸
Uniform

(4)

∝ P (Fb | ω)︸ ︷︷ ︸
Bradley-Terry Model

P (ω | Fl)︸ ︷︷ ︸
LLM

(5)

Here, the likelihood of Fb given ω is defined using the
Bradley-Terry Model. The likelihood of ω given Fl is es-
timated using an LLM. Beyond incorporating linguistic

3MAPLE can handle any conventional feedback for which
P (Fb | ω) is defined.

Algorithm 1: MAPLE

Require: Human instructionOH
T , Acquisition functionAf ,

Number of LLM query K
1: Fb, Fq ← ∅, ∅
2: Fl ← {OH

T }
3: ΩT ← {ωi}ni=0 ∼ P (ω | Fl)
4: while condition not met do
5: Q← {(τi, τj) : τi, τj ∈ Dτ ∧ i ̸= j ∧ (τi, τj) ̸∈ Fb}
6: q ← Query Selection(Af , Q, Fq , ΩT , L, K)
7: (fb, fl, fq)← H(q)
8: Fb, Fl, Fq ← Fb ∪ {fb}, Fl ∪ {fl}, Fq ∪ {fq}
9: ΩT ← {ωi}ni=0 ∼ P (ω | Fb, Fl)

10: end while
11: return ΩT

feedback via LLMs, MAPLE advances conventional active
learning methods. Conventional active learning typically fo-
cuses on selecting queries that reduce the maximum uncer-
tainty of the posterior but lacks a flexible mechanism to ac-
count for human capability in responding to certain types of
queries. MAPLE’s Oracle-guided active query selection en-
hances any conventional acquisition function by leveraging
linguistic feedback to alleviate the human burden associated
with difficult queries. In the rest of this section, we provide
more details on MAPLE, particularly Algorithms 1 and 2.

Initialization
MAPLE starts by taking natural language instruction about
task preference OH

T and initializes the pairwise preference
feedback set Fb, linguistic feedback Fl, and feedback on
query difficulty Fq (lines 1-2, Algorithm 1). After that, the
initial set of weights is sampled using the LLM from the
distribution P (ω | Fl) as Fb is still empty (line 3, Algo-
rithm 1). To sample ω from P (ω | Fl), we explore two sam-
pling strategies described below.

Preference weight sampling from LLM We directly
prompt the LLM L to provide linear weights ω over the
abstract concepts. Specifically, we provide L with a prompt
containing the task description T , a list of known concepts
C, human preference OH

T , and examples of pairs of in-
struction weights, along with additional answer generation
instructions G. The LLM processes this prompt and returns
an answer OL

ωi
:

OL
ωi
← L(prompt(T , C,DI , G,OH

T ))

We can take advantage of the text generation temperature
to collect a diverse set of samples. We define the set of all the
generated weights as OL

ω . Then, P (ωj | Fl) can be modeled
for any arbitrary ωj as follows:

P (ωj | Fl) = exp
(
−βlEωi∈OL

ω
[Distance(ωi, ωj)]

)
(6)

In this case, Euclidean or Cosine distance can be applied.

Distribution weight sampling using LLM The second
approach we explore is distribution modeling using an LLM.
Here, we use similar prompts as in the previous approach;
however, we instruct the LLM to generate parameters for
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P (ω |Fl). For example, for the weight of each concept ωci ∈
ω, we prompt L to generate a range ωrange

ci = [ωmin
ci , ω

max
ci ].

Then we can define P (ω | Fl) as follows:

P (ω | Fl) =

{
1, if ωci ∈ ωrange

ci , ∀ωci ∈ ω

0, otherwise.
(7)

We can similarly model this for other forms of distribu-
tion, such as the Gaussian distribution. Once the initializa-
tion process is complete, MAPLE iteratively reduces its un-
certainty using human feedback.

LLM-Guided Active Preference Learning
After initialization, MAPLE iteratively follows three steps:
1) query selection, 2) human feedback collection, and 3)
preference posterior update, discussed below.

Oracle-guided active query selection (OAQS) At the be-
ginning of each iteration, MAPLE selects a query q (a pair of
trajectories) (lines 5-6, Algorithm 1) from Dτ that would re-
duce uncertainty the most while mitigating query difficulty
based on human feedback. The query selection process is de-
scribed in Algorithm 2, which starts by sorting all the queries
based on an acquisition function Af . In this paper, we use
the variation ratio for its flexibility and high efficacy. In par-
ticular, for trajectory ranking queries, the score for (τi, τj) is
calculated as:

Eω∼ΩT [1−max(P (τi ≻ τj | ω), P (τj ≻ τi | ω))]
Note that other acquisition functions can also be used. Once
sorted, OAQS iterates over the top K queries and selects the
first query that the oracle (in our case, an LLM) evaluates
to be answerable by the human (lines 2-11). Finally, Algo-
rithm 2 returns the least difficult query q among the top K
queries selected byAf . We now analyze the performance of
OAQS based on the characterization of the oracle.
Definition 1 Let Q denote the set of all possible queries,
and QA ⊆ Q represent the subset of queries answerable by
H. The absolute query success rate (AQSR) is defined as
the probability that a randomly selected query q belongs to
QA, i.e., P (q ∈ QA).
Definition 2 The query success rate (QSR) of a query se-
lection strategy is defined as the probability that a query q,
selected by the strategy, belongs to QA, i.e., P (q ∈ QA |
strategy).
Proposition 1 The QSR of a random query selection strat-
egy: P (q ∈ QA | random) = AQSR

Proposition 2 Assuming the independence of AQSR from
acquisition function ranking, the QSR of a top-query selec-
tion strategy, which always selects the highest-rated query
by Af , P (q ∈ QA | top) = AQSR.
Proposition 3 The QSR of the OAQS strategy is given by

AQSR · Y1 ·
1− [AQSR · (1− Y0 − Y1) + Y0]

K

1− [AQSR · (1− Y0 − Y1) + Y0]
,

where Y0 = P (L(Fq, q /∈ QA) = False)
and Y1 = P (L(Fq, q ∈ QA) = True).
Here, we assume the independence of AQSR, Y0, and Y1
from acquisition function ranking.

Algorithm 2: Oracle-Guided Query Selection

Require: Acquisition function Af , List of queries Q,
Query preference feedback Fq , Weights from current
posterior ΩT , Oracle L, Number of Oracle queries K

1: Qsort ← sort(Q|Af ,ΩT )
2: Qtop ← Qsort[0 : K]
3: for q ∈ Qtop do
4: sq ← L(prompt(Fq, q))
5: if sq is True then
6: return q
7: end if
8: end for
9: return Qsort[0]

Corollary 1 Based on Proposition 3, the OAQS will have a
higher QSR than the random query selection strategy and
the top-query selection strategy iff, Y0+Y1 > 1 asK →∞.

Definition 3 The optimal query success rate (OQSR) of a
strategy is defined as the probability that the strategy returns
the query q∗ with the highest value according to an acquisi-
tion function Af , among all answerable queries, i.e.,

P (q∗ = argmax
q∈Q
Af (q)I(q ∈ QA)),

where q∗ is the query returned by the strategy.

Proposition 4 Under the assumption of Proposition 2, the
OQSR of a random query selection strategy equals 1/|Q|.
Proposition 5 Under the assumption of Proposition 2, the
OQSR of a top-query selection strategy equals the AQSR.

Proposition 6 Under the assumption of Proposition 3, the
OQSR of the OAQS strategy is given by

OQSR = AQSR · Y1 ·
1− [(1−AQSR)Y0]K

1− (1−AQSR)Y0
.

Corollary 2 Based on Proposition 6, the OAQS strategy
will have a higher OQSR than the top-query selection strat-
egy if (1 − AQSR)Y0 + Y1 > 1 as K → ∞, and
higher OQSR than the random query selection strategy if
AQSR · Y1 > 1−(1−AQSR)Y0

|Q| as K →∞.

Human feedback collection MAPLE queries the human
H using the query q returned by Algorithm 2 to collect feed-
back. For each query q, MAPLE provides a pair of trajecto-
ries, and H returns an answer OH

τ = (fb, fl, fq), where fb
is binary feedback, fl is an optional natural language expla-
nation associated with that feedback—possibly empty if the
human does not provide an explanation—and fq is an op-
tional natural language feedback about the difficulty of the
query. Each piece of feedback is then added to the corre-
sponding feedback set (lines 7-8, Algorithm 1).

LLM-guided posterior update Once feedback is added
to the set, we update our current weight sample ΩT by sam-
pling P (ω | Fb, Fl) ∝ P (Fb | ω)P (ω | Fl) using MCMC
sampling, where P (ω | Fb) is given by Equation 1, and
P (ω | Fl) is given by Equations 6 and 7.
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Source: 740 N Pleasant St, Amherst, MA 01003

Destination: 440 Russell St, Hadley, MA 01035

Human Instruction: I want scenic roads, driving friendly route for a new driver

Calculate Route

Figure 2: OpenStreetMap Routing

Stopping criteria While MAPLE can employ various
stopping criteria for active query generation, in this paper,
we use a fixed budget approach, where MAPLE operates
within a predefined maximum query limit.

Handling unknown concepts It should be noted that hu-
mans may provide instructions OH

T that cannot be ade-
quately captured by the concepts available in the concept
maps. Although this case is beyond the scope of this paper,
several remedies exist in the literature to address this issue.
LLMs can be prompted to add new concepts when generat-
ing weights. By leveraging the generalization capability of
C(·), we can attempt to apply these new concepts directly.
If the new concept is significantly different from those in C,
few-shot learning techniques can be employed. In particu-
lar, during interactions, if a new concept is important, we
can use nonparametric few-shot learning from human feed-
back, such as nearest-neighbor search, to improve concept
mapping (Tian et al. 2024). Finally, if a new concept arises
repeatedly, it can be added to the concept map by retrain-
ing C with data collected from multiple interactions through
few-shot learning, as considered in (Soni et al. 2022).

Policy Optimization
The method for utilizing the weights generated by MAPLE
to optimize the policy varies based on the trajectory encod-
ing and the chosen policy solver algorithm. For example,
for Markovian preferences, the weights can be used directly
with an MDP solver. In non-Markovian settings, the weights
can be used to rank trajectories and directly align the pol-
icy with algorithms such as DPO (Rafailov et al. 2024),
or train a dense reward function (Guan, Valmeekam, and
Kambhampati 2022) using preference learning algorithms
such as TREX (Brown et al. 2019), and then use that reward
function with reinforcement learning algorithms.

Experiments
In this section, we describe a comprehensive evaluation of
MAPLE within the two environments detailed below. It is
important to note that none of the models used in our ex-
periments were fine-tuned for the tasks. We ran the local

Figure 3: HomeGrid

language model, specifically Mistral-7B-instruct-v0.3 (4-bit
quantization), on a computer equipped with 64GB RAM and
an Nvidia RTX 4090 24GB graphics card. For larger mod-
els, we relied on public API infrastructure. Due to space
constraints, we present results using preference weight sam-
pling as it outperformed distribution weight sampling in
both benchmarks.

OpenStreetMap Routing We use OpenStreetMap to gen-
erate routing graphs for different states in the United States.
The environment (Fig. 2) includes a concept mapping func-
tion capable of using ten different concepts: 1) Time, 2)
Speed, 3) Safety, 4) Scenic, 5) Battery Friendly, 6) Gas Sta-
tion Nearby, 7) Charging Station Nearby, 8) Human Driv-
ing Friendly, 9) Battery ReGen Friendly, and 10) Autopilot
Friendly. The goal is to find a route between a given source
and destination that aligns with user preferences. To gen-
erate Dτ , we used 200 pairs of random sources and desti-
nations with weights randomly sampled from Ω. For mod-
eling human interaction, we utilized two different datasets,
each containing 50 human interaction templates. Each inter-
action includes a ground truth preference weight and a nat-
ural language description generated based on those weights.
The first dataset, called “Clear,” provides clear, knowledge-
able instructions. The second dataset, called “Natural,” ob-
fuscates the “Clear” dataset with more natural language typi-
cal of everyday conversation and contextual information, for
example:

Clear: “I prefer routes that are safe and scenic, with a mod-
erate focus on speed and low importance on time.”
Natural: “I’m planning a weekend drive to enjoy the coun-
tryside, so I’m not in a hurry. I want the route to be as safe
as possible because I’ll be driving with my family. It would
be great if the drive is scenic too, so we could take in the
beautiful views along the way. Speed isn’t a top concern,
and we’re really just out to enjoy the journey rather than
worry about how long it takes to get there.”

For modeling fl, the human clarifies the type of car (gas,
autonomous, or electric) with a probability of 0.2 per feed-
back. For fq , the human cannot answer when the two con-
cepts with the highest weights (based on the ground truth) in
both trajectories are closer than a predefined threshold.
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Figure 4: Test accuracy (OSM Routing)
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Figure 5: Test accuracy (HomeGrid)

HomeGrid The HomGrid environment (Fig. 3) is a sim-
plified Minigrid (Chevalier-Boisvert et al. 2023) setting de-
signed to simulate a robot performing household tasks (Lin
et al. 2023). It features a discrete, finite action space and a
partially observable language-based state space for a 3 × 3
grid, detailing the objects and floors in each grid square,
within a truncated 12 × 14 grid. The abstract concepts in-
clude: 1) avoiding objects such as tables and chairs, 2) avoid-
ing walls, 3) avoiding placing objects such as bottles and
plates on the floor, 4) avoiding placing objects on the stove,
and 5) avoiding placing objects on the left chairs. A total of
60 trajectories were manually generated to update the poste-
rior distribution of the weights ω for each method. For mod-
eling fl, the human highlights the concept that was the most
influential for their preference. The modeling of fq follows
a similar approach to that used in OSM Routing.

Experimental Results
We use three key metrics for evaluation: 1) the cosine dis-
tance between inferred preference weights (MAP of the dis-

0 5 10 15 20 25 30
Number of Queries

0.1

0.2

0.3

0.4

0.5

Av
er

ag
e 

Co
si

ne
 D

is
ta

nc
e

B-REX
MAPLE (Clear)
MAPLE (Natural)

Figure 6: Cosine distance (OSM Routing)
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Figure 7: Cosine distance (HomeGrid)

tribution) and ground truth preference weights; 2) preference
prediction accuracy, which evaluates the model’s ability to
generalize and accurately predict human preferences from
an unseen set of trajectories; and 3)The policy cost differ-
ence compares the true cost of two policies: one trained
using the ground truth preference function and the other
trained using the learned preference function, with both eval-
uated against the ground truth preference function.

Impact of linguistic feedback Figures 4, 6, and Table
1, present the results of the OSM routing domain. In this
experiment, we did not apply OAQS; instead, we selected
queries randomly from the dataset to isolate the impact of
language. Several noteworthy insights emerge from the re-
sults. First, observe that MAPLE, utilizing only linguistic
feedback, outperforms B-REX on both the natural and clear
datasets when provided with at least 10 instances of con-
ventional feedback, highlighting the effectiveness of com-
bining complex language feedback with conventional feed-
back. Additionally, as the feedback increases, the accuracy
of B-REX begins to approach that of MAPLE. This sug-
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OSM Routing
Model Test Accuracy Expected Cost ∆
B-REX 0.79± 0.04 0.66± 0.10
Mistral-7B-Ins. 0.85± 0.02 0.34± 0.07
GPT-4o 0.88± 0.01 0.22± 0.05
GPT-4o-mini 0.87± 0.02 0.29± 0.07
Gemini-1.5-Pro 0.86± 0.01 0.26± 0.05
Mistral-Large-2 0.85± 0.02 0.27± 0.06

Table 1: Test accuracy and cost for different models with
5-feedback (OSM Routing, Natural)

gests that MAPLE is particularly advantageous when feed-
back is limited, such as in online settings where the agent
must quickly infer rewards. Examining the cosine distance
offers further insight. Language alone appears to be almost
sufficient to align the reward angle, as the cosine distance re-
mains static despite the increasing number of queries. This
suggests that preference feedback is more effective in cali-
brating the magnitude of the preference vector than its direc-
tion. In contrast, while B-REX achieves good accuracy with
large amounts of feedback, it seems to exhibit significant
misalignment, which could suggest overfitting and potential
failure in out-of-distribution scenarios. Lastly, we evaluated
existing publicly available models and found that both GPT-
4o and GPT-4o-mini outperformed other models. However,
the smaller local model (Mistral-7B Instruct) proved to be
competitive, so we used it to generate all the results shown
in Figures 4, 5, 6, and 7.

Figures 5, 7, and Table 2 show the results of the Home-
Grid experiments. In this environment, we observe that natu-
ral instructions do affect performance, but MAPLE still sig-
nificantly outperforms B-REX in both datasets. Notably, the
Mistral-Large-2 models surpassed B-REX by a wide mar-
gin, achieving nearly one-third of the cost difference. Sur-
prisingly, GPT-4-mini performed poorly, with a cost differ-
ence that was worse than that of B-REX. This is due to the
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Figure 8: Efficacy of OAQS (OSM Routing, Natural)

HomeGrid
Model Test Accuracy Expected Cost ∆
B-REX 0.82± 0.04 1.40± 0.24
Mistral-7B-Ins. 0.92± 0.02 0.67± 0.13
GPT-4o 0.87± 0.03 0.89± 0.20
GPT-4o-mini 0.83± 0.04 3.90± 0.66
Gemini-1.5-Pro 0.87± 0.04 1.00± 0.18
Mistral-Large-2 0.85± 0.04 0.55± 0.14

Table 2: Test accuracy and cost for different models with
5-feedback (HomeGrid, Natural)

inference of highly misaligned preference weights for cer-
tain instructions. In this environment, we also see that most
of the angle alignment was done using language feedback,
and B-REX remains highly misaligned even after 30 rounds
of feedback.

Impact of OAQS The results of the OAQS using an LLM
as an oracle are shown in Figures 8 and 9. In this experi-
ment, we use K=10. In the routing environment, the Active
Query Success Rate (AQSR) is approximately 0.64, while
in the HomeGrid environment, it is 0.46. We first evalu-
ated the ability of various models for the selection of in-
context queries (Table 3) using a dataset of 500 queries. The
Mistral-7B model, used in the previous experiment, failed
to meet the condition Y0 + Y1 > 1 in both environments.
The Gemini-1.5-Pro model showed the best overall perfor-
mance among the publicly available models and was used to
generate Figures 8 and 9.

Figures 8 and 9 compare the test accuracy of Active B-
REX with MAPLE, with and without OAQS. In both envi-
ronments, MAPLE with OAQS achieved the highest perfor-
mance, with a significant margin in the OSM routing envi-
ronment. We also calculated the Query Success Rate (QSR)
for all three algorithms: 0.43 for Active B-REX, 0.43 for
MAPLE without OAQS, and 0.58 for MAPLE with OAQS
in the routing domain. The QSR was lower than the AQSR
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Figure 9: Efficacy of OAQS (HomeGrid, Natural)
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OSM Routing HomeGrid
Model Y0 Y1 Y0 Y1

Mistral-7B-Ins. 0.30 0.65 0.17 0.77
GPT-4o 0.84 0.43 0.53 0.58
GPT-4o-mini 0.56 0.48 0.36 0.75
Gemini-1.5-Pro 0.62 0.72 0.50 0.87
Mistral-Large-2 0.50 0.78 0.49 0.84

Table 3: Performance of different models for in-context
query selection (See Propositions 3 and 6)

for the top-query selection strategy due to a violation of the
independence assumption, suggesting that the variation ratio
is more likely to select more challenging queries. We refer
to this experimental metric as the Effective Query Success
Rate (EQSR). Based on Proposition 3, the QSR for MAPLE
with OAQS should be 0.77, but it was observed to be lower
for the same reason. Replacing AQSR with EQSR in Propo-
sition 3 gives us a value of 0.59, which closely matches the
experimental value. Therefore, we conclude that EQSR is
a more practical metric to estimate the success of a model
based on Y0 and Y1. This phenomenon is also observed in
HomeGrid. Finally, in the HomeGrid environment, the over-
all EQSR was low, around 0.2; therefore, even with OAQS,
we saw a modest increase of 1-3 feedback signals after 30
queries, which was not enough to create a large margin, and
therefore we see only a modest difference between MAPLE
with and without OAQS.

Conclusion

We introduce MAPLE, a novel framework for active pref-
erence learning guided by large language models (LLMs).
By combining the capabilities of LLMs with language-
conditioned query selection mechanisms, MAPLE system-
atically reduces uncertainty in inferred user preferences
while simultaneously minimizing the burden on human
feedback. Through experiments in two domains, includ-
ing a real-world vehicle route planning task using Open-
StreetMap data, we demonstrated the superior sample effi-
ciency and high-quality preference inference of the frame-
work. These results highlight the potential of integrating ac-
tive learning with LLM-guided mechanisms in preference-
driven decision-making systems.

Our study reveals key areas for further exploration. Al-
though MAPLE effectively identifies and prioritizes infor-
mative queries, its performance can be constrained in set-
tings where user feedback is ambiguous or noisy. In future
work, we plan to extend MAPLE to more complex environ-
ments and tasks, explore different types of linguistic feed-
back, and conduct user studies to evaluate its usability and
effectiveness. We are also interested in leveraging multi-
modal feedback (e.g., combining textual input with visual
or haptic cues) to improve alignment in scenarios where tex-
tual feedback alone is insufficient.
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