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Abstract—Learning human preferences is essential for human-
robot interaction, as it enables robots to adapt their behaviors
to align with human expectations and goals. However, the
inherent uncertainties in both human behavior and robotic
systems make preference learning a challenging task. While
probabilistic robotics algorithms offer uncertainty quantifica-
tion, the integration of human preference uncertainty remains
underexplored. To bridge this gap, we introduce uncertainty
unification and propose a novel framework, uncertainty-unified
preference learning (UUPL), which enhances Gaussian Process
(GP)-based preference learning by unifying human and robot
uncertainties. Specifically, UUPL includes a human preference
uncertainty model that improves GP posterior mean estimation,
and an uncertainty-weighted Gaussian Mixture Model (GMM)
that enhances GP predictive variance accuracy. Additionally, we
design a user-specific calibration process to align uncertainty
representations across users, ensuring consistency and reliability
in the model performance. Comprehensive experiments and user
studies demonstrate that UUPL achieves state-of-the-art perfor-
mance in both prediction accuracy and user rating. An ablation
study further validates the effectiveness of human uncertainty
model and uncertainty-weighted GMM of UUPL. Video and code
are available at https://sites.google.com/view/nupl-rss25/home.

1. INTRODUCTION

Uncertainty is pervasive in human-robot interaction (HRI),
stemming from both robotic and human sources. On the robot
side, uncertainties may arise from noisy sensor measurements,
imperfect control models, unpredictable human behavior, and
many other aspects [1]. Properly modeling these uncertainties
enhances HRI efficiency and safety, while neglecting them
can lead to significant risks [2]. Established probabilistic
techniques, such as the Kalman filter and partially observable
Markov decision processes (POMDP), as well as modern
methods leveraging large language models for uncertainty esti-
mation [3, 4], enable effective quantification and management
of robot uncertainty, improving system performance.

In contrast, human uncertainty is inherently more chal-
lenging to quantify due to the stochastic nature of human
decision-making. Psychological and cognitive science theo-
ries, such as signal detection theory [5], provide valuable
frameworks for modeling this uncertainty. However, when
humans interact with autonomous agents, their uncertainty
becomes even more nuanced, shaped by subjective factors
like trust, familiarity with the technology, and individual risk
aversion [6]. Additionally, dynamic interactions with robots
during HRI tasks introduce more variability, as users adapt
their behaviors based on perceived system performance [7].
Despite these complexities, accounting for human uncertainty
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Fig. 1. Intuition on uncertainty unification for preference learning.
Imagine a robot inferring Alice’s (a human user) ideal trajectory for passing
a cup of coffee above a table using preference learning. In one sample pair,
trajectory (1) poses a risk of spilling coffee on the keyboard, while trajectory
23 risks spilling it on the headphones. The keyboard and headphones
are both valuable to Alice, so she responds that she weakly prefers x(2)
with hesitation, reflecting her uncertainty in the decision. An uncertainty-
averse model ignores this nuance, potentially learning a suboptimal and
undesirable trajectory (e.g., still passing above the headphones). In contrast,
an uncertainty-unified model incorporates Alice’s expressed uncertainty into
its uncertainty-aware framework, enabling it to learn an ideal trajectory that
aligns with her true preferences.

is crucial for optimizing both user experience and system
efficacy, and further facilitating smoother collaboration.

To date, research on robot and human uncertainties has
largely progressed in isolation. This misalignment between
two uncertainties can lead to inefficiencies, increased cog-
nitive load, and even failures in critical decision-making
scenarios like physical assistance and collaborations [8, 9].
Integrating these perspectives is vital for improving system
adaptability, and ensuring robust, human-centric Al design.
As this challenge is both technically complex and essential
for advancing trustworthy human-robot partnerships, we argue
a unified framework is necessary to tackle the misalignment.
Thus, we define uncertainty unification in HRI as integrating
human uncertainty into robotic uncertainty-aware algorithms,
enabling outcomes informed by both human and robot uncer-
tainties. To explore the potential of uncertainty unification, we
focus on preference learning, a key HRI domain where robots
learn from human feedback through comparative judgments.
As suggested by Laidlaw and Russell [10], this domain is
well-suited for our study due to its rich uncertainty dynamics.
Human uncertainty can be captured via self-reported confi-
dence levels, while Gaussian Processes (GPs) are used to



model robot’s estimation of human preferences, with robot
uncertainty quantified by the GP variances. Compared to
neural network-based uncertainty estimations, GP variances
offer advantages in interpretability, reliability, and sample
efficiency [11, 12]. Fig. 1 offers an intuitive example on the
motivation of uncertainty unification in preference learning.

To unify human uncertainty with robotic Gaussian un-
certainty, we propose uncertainty-unified preference learning
(UUPL), which focuses on leveraging human confidence lev-
els to refine the GP mean and covariance estimations. To
this end, we design a human preference uncertainty model
that captures varying levels of user’s uncertainty, which is
then integrated into the Laplace approximation algorithm to
enhance GP mean estimation. Recognizing the limitations of
the current GP predictive variance in preference learning (as
further elaborated in Fig. 5), we propose a human uncertainty-
weighted Gaussian Mixture Model (GMM) to provide a more
interpretable and adaptive GP variance estimation. This re-
fined predictive variance not only achieves synergy with the
acquisition function, but also has practical benefits in real-
world applications. Additionally, we introduce an uncertainty
calibration process to align uncertainty representations across
diverse users, ensuring consistency and reliability in the model
performance. Comprehensive simulations and real-world user
studies, evaluated through accuracy metrics and Likert scale
ratings, demonstrate the efficacy of UUPL. An ablation study
further highlights the contributions of each uncertainty-unified
component to overall system performance.

To sum up, the main contributions of our paper include:

e We propose uncertainty-unified preference learning
(UUPL) framework, which includes human preference
uncertainty modeling and the integration into Laplace
posterior mean estimation, uncertainty-weighted Gaus-
sian Mixture Model for GP predictive variance scaling,
and user-specific uncertainty calibration.

« We conduct comprehensive evaluations against three
baselines across three simulation tasks, demonstrating
significantly higher prediction accuracy. Additionally, we
conduct three user studies, providing insights into the
calibration process and illustrating practical applications
of unified uncertainty. An ablation study further analyzes
the contributions of individual components in UUPL.

II. RELATED WORK

This section first describes uncertainty quantification, fol-
lowed by past work on modeling robot and human uncertain-
ties in HRI, and finally discusses preference learning and its
connection to uncertainty.

A. Uncertainty Quantification and Modeling

Uncertainty can broadly be categorized into two types:
Aleatoric Uncertainty (AU) and Epistemic Uncertainty (EU)
[2]. AU, often referred to as stochastic or statistical uncertainty,
represents inherent randomness in the system and cannot be
mitigated through additional data or experiments. In contrast,
EU, or systematic uncertainty, reflects a lack of knowledge

about the system or environment and can potentially be
reduced through further data collection. From the robot’s
perspective, AU is generally quantifiable using traditional
probabilistic methods like Monte Carlo simulations, and EU
is typically estimated in Bayesian approaches. In Fig. 1, for
example, consider the robot modeling the reward value for
every possible trajectory. The uncertainties of trajectory z(!)
or £(*)’s reward values are dominated by AU because they
have been observed, while the uncertainties of other unseen
trajectories’ reward values are dominated by EU. For human
uncertainty in HRI, various methods have been explored
to model AU. Laidlaw and Russell [10] employed inverse
decision theory (IDT) to estimate human uncertainty, while
Fisac et al. [13] utilized a noisy-rationality model to predict
human motion under uncertainty, recursively updating model
confidence. Additionally, Xu et al. [14] incorporated human
uncertainty into the Conditional Value-at-Risk (CVaR) frame-
work to design an uncertainty-aware policy, and Holladay
et al. [15] proposed the Comparison Learning Algorithm for
Uncertain Situations (CLAUS) based on the Luce-Shepard
Choice Rule [16]. While significant progress has been made
in AU modeling for both robots and humans, EU modeling
for humans remains underexplored due to its inherently un-
measurable nature. Nevertheless, there is an emerging interest
in how robot behaviors might provide humans with additional
information about the environment, thereby indirectly reducing
human EU. Importantly, most existing studies focus on either
robot or human uncertainty in isolation, leaving a notable gap
in achieving an integrated approach to uncertainty modeling
in HRI. Although some work [13, 17, 18] attempt to consider
both human and robot uncertainties, they exclusively focus
on the AU part, achieving only partial unification. Our work
extends this by incorporating both aleatoric and epistemic
components, thus providing a more general and broader un-
certainty representation framework.

B. Preference Learning

Preference learning has become increasingly popular in
robotics, though its definition can vary across domains. Fol-
lowing Fiirnkranz and Hiillermeier [19], we define preference
learning as the task of learning a reward function from a
set of comparison pairs with known preference relationships,
formally defined in Section III-A1. In the context of reinforce-
ment learning (RL), preference learning can be seen as a gener-
alization of inverse reinforcement learning (IRL), wherein the
goal is to infer a reward function based on human feedback.
Several approaches have been proposed in preference learn-
ing. Sadigh et al. [20] represented the reward function as a
weighted sum of features, updating the weights using Bayesian
inference from human preferences. Nevertheless, this linear
feature assumption limits the generalizability of the model.
Chu and Ghahramani [21] employed Gaussian processes (GPs)
to model reward functions, capturing nonlinearity. However,
this approach lacked a strategy for generating next preference
query. Later works, such as Biyik et al. [22] and Biyik
et al. [23], addressed this limitation by integrating predictive
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Overview of UUPL. Imagine a robot inferring a user’s preferred room temperature. For each query, we collect the user’s preference with the

associated uncertainty level. To begin, a calibration process (blue box) interprets the user’s definitions of “confident” and “uncertain”, ensuring these subjective
assessments are accurately quantified with uncertainty factors «. Then, we construct the human preference uncertainty model as a probit model using Gaussian
CDEF, with the calibrated w as the standard deviation (left part of purple box). This model improves the GP mean estimation accuracy (right part of purple box).
Additionally, we introduce a weighted GMM (left part of red box) to adaptively scale the GP predictive variance (right part of red box) based on the human
uncertainty level, enhancing its interpretability. Through this approach, UUPL effectively integrates human uncertainty into both the GP mean and variance,
achieving comprehensive uncertainty unification, and thus provides a more accurate, interpretable, and user-aligned learning result (rightmost picture).

entropy to guide query selection, leveraging information gain
principles as proposed by Houlsby et al. [24]. Despite these
advances, preference learning methods rarely account for hu-
man uncertainty. Some studies have explored weak preference
modeling for human uncertainty. For example, Wilde et al.
[25] used continuous-scale preference feedback to weight
linear feature models, and Cao et al. [26] incorporated weak
and equal preference options into deep neural network-based
frameworks. However, these preference learning approaches
focus solely on human uncertainty without considering robot
uncertainty, leaving the challenge of integrating both sources
of uncertainty unresolved. We bridge this gap by unifying
uncertainties from both human and robot to achieve better
preference learning results.

III. PROBLEM FORMULATION AND METHODS

In this section, we begin by formulating the problem of
preference learning and uncertainty unification. Then we de-
scribe how we model human uncertainty, providing an intuitive
explanation of the approach. Finally, we introduce the GP
framework for preference learning, and detail our uncertainty
unification techniques with the calibration process.

A. Problem Formulation

1) Preference Learning: Given: (1) A sample space O such
that the instances O; &€ O are any comparable data type
(e.g., trajectory, state, object, ...), (2) a feature extraction
function ¢ : @ — R”™ transforming each instance to a feature
z; = ¢(0;),z; € R", and (3) a human internal reward
function R(O;) : O — R assigning each instance a real value.
The goal of preference learning is to learn a function f(x;) :
R™ — R to approximate R(O;) from N pairs of comparison
data X = {(z\V 2, @87 2, . 2V, )} and the
corresponding human choices C = {C4, Cs,...,Cy}, where
C; = {xf-l) - xf-z)} if R(Ogl)) > R(ng)),and vice versa.
{%E)l) - xf-z)} denotes feature xil) is preferred over feature
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x,”’, implying that the corresponding option Ogl) is also

preferred over option Oi@). In later sections, we use O and
R(O) for models from human perspective, = and f(x) for
models from robot perspective.

2) Uncertainty Unification: In general, when an HRI task
includes, either in an explicit way or a probabilistic representa-
tion, both human uncertainty " and robot uncertainty u*, we
say an algorithm f is uncertainty unified if it utilized both u*!
and u®, ie. f(X,u!,uf?) =y, where X,y are the original
model input and output for the HRI task. This formulation
is fundamentally different from uncertainty-aware algorithms
expressed as f(X,u") = y, which takes only robot uncer-
tainty without considering human uncertainty [27, 28]. The
intuition behind uncertainty unification is inspired by human-
human interactions, where individuals often infer each other’s
confidence or uncertainty through verbal and non-verbal cues,
using this information to guide joint decisions [29, 30].
Similarly, uncertainty unification in HRI enables algorithms
to model and mimic such communication, integrating both
human and robot uncertainties into decision-making processes.

B. Human Preference Uncertainty Modeling

To achieve uncertainty unification in preference learning,
it is essential to model the human uncertainty behind their
choices. Given a query with two options {O™M O®@}, in
addition to collecting human choice C, we also collect the
human uncertainty level [ and get the corresponding human
uncertainty factor u' regarding this choice. In this work,
we categorize human uncertainty levels into four discrete
values: [ € {1 (very confident), 2 (confident), 3 (uncertain),
4 (very uncertain)}. These levels reflect the perceived similar-
ity between O") and O, For instance, “very uncertain” im-
plies that the options are nearly indistinguishable, while “very
confident” indicates a strong preference. The uncertainty factor
u' maps human uncertainty level to robot model parameters,
and is further introduced in Section III-CS. To represent the
probability of a human choosing O") with uncertainty level [,
we introduce a reward uncertainty residual v ~ N(0, (u!)?):
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Fig. 3. Intuition behind our human preference uncertainty modeling.

The x-axis represents the reward residual R(O(1)) — R(O(2)), while the y-
axis indicates the probability of selecting OW Fora given query (marked by
the red dashed line), confident human choices (low uncertainty level [ / small
u) correspond to high probabilities, represented by the intersection between
the red dashed line and the green CDF with « = 0.1. Conversely, uncertain
human choices (high / / large u) lower the modeled probability, as shown by
the intersection between the red dashed line and the yellow CDF with v = 3.
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where ® is the cumulative distribution function (CDF) of the
standard normal distribution. The model is shown as the left
part of the purple box in Fig. 2.

Fig. 3 further illustrates the relationship between the re-
ward residual R(O™) — R(O®) and the choice probabil-
ity P (O<1)being chosen) with multiple human uncertainty u
(modeled as the Gaussian variance ¢). The more the human
is uncertain, the less likely O(") is chosen, as explained in the
caption of Fig. 3.

C. Gaussian Process for UUPL

GPs are employed to model the human reward function,
with their predictive variance serving as an indicator of un-
certainty. In the context of preference learning, GPs estimate
the uncertainty of the reward function across the entire feature
space, and can be further integrated with the human preference
uncertainty model described above. We develop a generalized
framework for preference learning, built upon the Gaussian
processes methodology introduced by Chu and Ghahramani
[21] and Biyik et al. [23], with these prior works emerging as
special cases (i.e., zero human uncertainty) within our broader
approach. In this section, we briefly introduce GPs, during
which we emphasize how the human uncertainty is integrated
into the framework to achieve unification. For more details on
how GPs work in general, please refer to [31].

1) Kernel: In a GP, the kernel k(xf-l),xl(-z)) is a positive
semi-definite function that defines the covariance between any
two feature points. In this work, we choose the most common
radial basis function (RBF) kernel which is defined as

B, ) = elled - @)

where v is a hyperparameter controlling kernel’s smoothness.

2) Prior: Given X = {(xgl),xgz)), e (xs\}),xﬁ))},
the corresponding predicted reward values are denoted by
£ o= [faEM), @), f@W), F@))T. Assuming a
zero mean for f, the prior is fully specified by the covariance
matrix K, which is a 2N x 2N matrix with the (i5)" element

(2~(i mod 2)) (2—(j mod 2))
be the kernel & (SC ri/2] Trj/2]

then be expressed as a multrvarrate Gaussian:
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3) Likelihood: The likelihood function takes the form of
human preference uncertainty model as introduced in Sec-
tion III-B. To express it from the robot’s GP perspective, the
likelihood for the i comparison can be rewritten as
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Furthermore given a dataset D = {(z <1)( Yz <2)) ey
(:cs\})(%lN Jzw )} the likelihood for the dataset is the joint
probability of observing each choice with reward f, which
can be written as the product of individual likelihood

(1) (2)
P(DIf) — II¢< )iﬂ%)>

4) Posterior: Based on Bayes’ theorem, the posterior can
be represented as

“)

&)

p(f)P(DIf)

P(EID) = =5,

(6)

Since a closed-form solution for this posterior is not avail-
able due to the existence of Gaussian CDFs in the likeli-
hood [32], we employ Laplace approximation: the mean of
the new Gaussian refers to the maximum a posteriori estimate,
and the variance refers to the inverse Hessian of the negative
log-likelihood with respect to reward f. Next, we focus on
introducing the integration of human uncertainty into Laplace
approximation framework.

5) Posterior Mean Approximation: Let the approximated
GP mean be fi,,. Then, combining with Eq. 6, we have

fiap = argmax P(f|D)
£

N (1) 2)
f( ) — flx) Lopy1
g In® v — K 'f
arg;nax n < o 5

=1

)
For more detailed derivation please refer to Appendix A.
In Eq. 7, the first part is a summation of N monoton-
ically increasing functions over differences of f, and the
second term is a quadratic penalization over f. For sim-
plicity, we set N = 1, which means onlgf one palr of

preference data is collected. Then f = N <2)
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Intuitively, the human uncertainty level of a choice reflects
the difference of their internal reward function values of the
query: greater uncertainty corresponds to a smaller reward
difference, meaning the rewards of the two choices should
be closer. To achieve this in Eq. 7, we need to find a set of
ul = {u u?,u3,u*}, such that for each query( <) E )) a
larger ui results in a smaller A fi op = | frap (gcl ) fLap( ))|,
which requires us to find the relationship between u and the
posterior mean difference A fi,p,.

Since solving -2 S(f) = 0 directly is intractable due to the
Gaussian CDF ®, we approach it analytically by determining
A frap against various u. Denote d as the monotonically
decreasing part of A fiap (i.e., where u > 10), then we design
ut = {u',u? u? u*} to be the four percentage points of
d(u) as shown in Fig. 4. When human uncertainty level [ =
1 (very confident), u' takes d* (dmax)- When human uncer-
tainty level [ = 2 (confident), u? takes d— ( 3dmax) When hu-
man uncertainty level [ = 3 (uncertain), u® takes d~ ( max )-
Lastly, when human uncertainty level | = 4 (very uncertain),
u* takes d~!(le — 3). This mapping ensures that as human
uncertainty [ increases, the posterior mean difference between
rewards A fi,, decreases proportionally, aligning with the
intuition of uncertain preferences. The resulting posterior GP
mean with different human uncertainty levels is shown as the
right part of the purple box in Fig. 2.

User-specific Uncertainty Calibration: Given individual
differences in defining “confident” or “uncertain”, a fixed
mapping from [ to u' may be inadequate. Thus, we propose
a calibration process to tailor u! values to individual users,
by asking each user to describe a given reward function and
customize their uncertainty factors from their answers. Specifi-
cally, we design a calibration function f,;, and perform a data
collection process of M iterations: At iteration ¢, a feature pair
(xf-l), xf-z)) is sampled and the user is told to assume the func-
tion values ( fcahb( ) fcahb( )) reflect their internal re-

ward values, i.e., fcahb( ) R( <k)) k € {1,2}. Then the

— LTK 1y

Algorithm 1: User-specific Uncertainty Calibration

Input ¢ featiby A frap(u) as in Fig 4; Xeaip with
uniformly generated (x(%, %)
Output sul,u? ud v
1 Imit list,1 < [], list,2 < [, list,s < [], list,a < []
2 for (z; (1) 52)) in Xcain do
3 Collect user uncertainty level [;

a | tistyr add(] fean (257) = fean(@)])

s for [ in {1,2,3,4} do

/* Get mean value */
6 Afcahb «avg(list,;1)
/% Get quantile */

el .
l Afca]ibfmm(fca]ib)

7 T maxFoaio)—min Foan)

/* Get ul with the same quantile */
8 d < the monotonically decreasing part of A fia,
9 ut  d7 g - dinax)

user specifies their uncertainty level l and the corresponding
value difference A feam = | fcahb( ) fcahb( )| is saved
together with their chosen uncertainty level I, € {1,2,3,4}.
After collecting M pairs of data, the mean value difference for

each uncertainty level Af_,;;, and the corresponding quantiles

g = rﬁmw—%’l € {1,2,3,4} are calculated. We then

get A leap and further more the corresponding u' with the same
quantile on the function as in Fig. 4. The pseudo-code for the
calibration process is provided as Algorithm 1.

6) Posterior Covariance Approximation: To approximate
the GP covariance, we take the negative inverse Hessian of
the logarithm of the un-normalized posterior with respect to
f [23, 31, 32]. Let the approximated covariance be K, then

Kiap = —(VV(ln P(D|f) + In P(f))) "
=(W4+KH!

where W is the negative Hessian of the log-likelihood, and

K is the 2V x 2N covariance matrix of /N preference pairs.

7) Uncertainty-unified Prediction: One benefit of GP is that
it provides a closed-form solution for prediction. Suppose we
have a test preference pair x; — (xgl) (2 )) let the predictive
mean be py = [f(x <1)),f(gcgz))]T , and the covariance be

(8

WO S0E)
I 2(2)(1) 2(2)@) , then we have:
pe =kl K M, ©
=K~ kI'(W+K )k, (10)
T
here T, — | R g R ),k 2
where ¢ = 2 1) (2) _(2) 2 (2
k( t 3 1 )a (t axl )aak( t axN)
e 1 @
and Kt: ( a )a k('xt axt )

ki, o), k(e l?)

By integrating fip, the predictive mean u; in Eq. 9 has
already taken human uncertainty into account, which can
generate more accurate reward values. While for the predictive
covariance X; in Eq. 10 we introduce a Gaussian Mixture
Model (GMM) based method to unify human uncertainty with
robot uncertainty, as introduced below.



Uncertainty-weighted Gaussian Mixture Model Un-
der the uncertainty-unification setting, the GP covariance
Cov(f(gcgl)),f(xgz }) should reflect both robot and human
uncertainty for any test feature pair (;c§1>,x§2>). Robot
uncertainty is expressed by the predictive covariance 3,
as Eq. 10, and we design human uncertainty to be a
GMM G built upon all the N (query, uncertainty) pairs

(@, 2, ul), (@, 2$2), ul)),
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where w is a bijection mapping {u!,u? u3 u*} to
{w!, w? w3, w*} representing decreasing weights for increas-
ing uncertainty level!. Then, we define the uncertainty-unified
predictive covariance matrix X} as:

;o™ o 1y e o0 1
i = (2] 2t ()
(12)
or equivalently
var (/@) = Ga™) PR m e 12y

Cov'(f(a"), () = G () MG () mV

An example of uncertainty-weighted GMM @ and the scaled
predictive variance Var’ is shown in the red box in Fig. 2.
Intuitively, all preference pairs and the corresponding human
uncertainty levels impact the variance of f (gcgm)), m e {1,2}:
If many query points are observed near :cgm) (i.e., large value
for ./\/'(xgm);xf-k), 0?)), then Var(f(gcgm))) should be scaled
down; If the human has relatively low uncertainty level [ (i.e.,
high confidence) for the preferences, then x;"" should also
reflect a relatively low uncertainty from the robot’s perspective
(i.e., large value for w(u't)). Conversely, if the observed points
are all far away from xﬁ"”, or the human demonstrates high
uncertainty (i.e., low confidence), then the uncertainty of the
test point should also be high. We claim that this unified design
provides a rational variance estimation that benefits both theo-
retical acquisition functions (described in the next section) and
practical applications in robotic experiments (Section IV-C).
Variance analyses in Section IV-A2 and Fig. 5 further validate
the effectiveness of uncertainty-weighted GMM.

§8) Acquisition Function: The acquisition function gener-
ates a new data pair to query the user preference and uncer-
tainty. Biyik et al. [23] proposed an acquisition function that
maximizes the query information gain and at the same time
minimizes human’s burden of answering the question [22].
Here, we improve this design with our uncertainty-unified

Lw1+2:34 are hyperparameters determined empirically such that w! >

w? > w? > w* > 0 and g(z§m>) >1,m € {1,2}.

variance Var’ and covariance Cov’. Let the next query be

T, = (x&l), xg)) and H be the information entropy, then:
z,. = argmax I(f; C|Q,D)
2D 5 (14)
which can be further written as
v _,®
hio i —m(x)  (15)

@ 1 g, <)

where h is the binary entropy function, ¢ and m can be written
as

g, x2) = Var'(f(x1)) + Var'(£(x))
- 200V (£(x ), £(x))

(1) (20,2
7 In(2)(u!)” exp (*w1n<z><<51>2+59<>3<1>7x<2>>)

V(@) ()’ + 29(x D, x2)

(16)

m(x) =

7
where Var’ and Cov’ are defined in Eq. 13. For a more detailed
derivation of such result, please refer to Biyik et al. [23].

It is important to emphasize that this acquisition function is
designed to select the next query based on two key criteria:
similar reward values and high variances. In traditional binary
preference settings, users may struggle to make selections
when presented with two options with similar rewards (e.g.,
" and () in Fig. 1). By incorporating uncertainty, our
approach improves the user experience by allowing users to
express their confidence levels alongside their choices. This
claim will be supported later in user study sections.

Additionally, under the uncertainty-unification framework,
the GP variance is further enriched by integrating human un-
certainty. This enhances the representativeness of the selected
query by maximizing information gain, taking into account the
joint uncertainties of both humans and robots. For example,
when faced with two queries observed the same number of
times (i.e., identical robot uncertainty), our model prioritizes
the one with higher human uncertainty, as it exhibits greater
entropy. Intuitively, this means the robot is more likely to
generate queries labeled as “uncertain” rather than “confident”,
thereby focusing on grounding the uncertain areas. As a result,
the proposed method selects more informative queries, which
we hypothesize will accelerate the convergence of the GP
model. This claim is validated in the experiment section.

IV. EXPERIMENT

The primary contribution of this work is demonstrating
that uncertainty unification significantly enhances the perfor-
mance of preference learning tasks. We conduct comprehen-
sive experiments to validate the effectiveness of our method
(UUPL) both quantitatively and qualitatively. First, we design
three simulation experiments to illustrate the rationality of
our uncertainty-unified framework, and analyze its accuracy
compared to other baseline methods. Following, we present
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Fig. 5. GP variance visualizations. The ground truth function and the learned GPs (mean + 1.96 xstd) of three baseline methods and UUPL are provided.
The data comes from comparisons of 19°C with all other integer temperatures, and the results showcase the rationality of our learned variance.

an ablation study which investigates the contributions of indi-
vidual components. Finally, we present three user studies to
demonstrate the efficacy of UUPL, especially our user-specific
uncertainty calibration (Section III-C5) in real-world settings,
and analyze user feedback through Likert scale ratings.

A. Simulation Experiments

For simulation experiments, we design ground truth func-
tions to simulate human reward functions and decide choices
C with uncertainty levels 1 based on Eq. 1. The human
uncertainty v = {u!, u?, u* u*} is determined proportionally
according to Section III-C5. Each experiment is repeated six
times, with IV iterations per trial (N = 50 for Simulations
1 and 2, N = 100 for Simulation 3). In each iteration, C is
generated from the relative function values, [ is calculated from
the function value differences, and finally, the GP is updated.
We record the accuracies and their variances across the 6 trials.
The goal is to compare the learned functions from different
methods with the ground truth function.

1) Metrics & Baselines: With a fine granularity, we dis-
cretize the learned GP mean and the ground truth function such
that Fpred == [/Lpred(xl); /Lpred($2); v ;/Lpred(xn)] and Fg1 =
[fe(1), fa(m2),. .., fee(wn)], with the corresponding means
be .4 and f . Then we use the sample correlation coefficient
r to be our accuracy metric for simulation experiments:

- Z?:l(ﬂpred(xi) - ﬁpred)(fgl(xi) - 7gt)
Ve (prea(1) — Pea)? Sy (fe() — Fo)?

The sample correlation coefficient is scale-invariant and
focuses on the trend of the data. This property is ideal for
evaluating preference pairs, as the absolute alignment of Fjeq
and Fy is less critical than their relative ordering and overall
trajectory (i.e., ensuring that the functions evolve similarly).

For the baseline methods, we choose three other GP-
based preference learning methods: Baseline 1 as Chu and
Ghahramani [21], Baseline 2 as Benavoli and Azzimonti [33],
and Baseline 3 as Biyik et al. [23], each with different kernel
designs, approximation methods, and acquisition functions.
Note that none of these baselines are uncertainty unified.

2) Simulation 1 — Thermal Comfort: The first simulation
experiment focuses on a conceptual scenario of learning a
user’s preferred room temperature, inspired by Benavoli and
Azzimonti [33]. The feature is a 1D scalar representing the
temperature in Celsius: z; € [10,26], and the ground truth
function f(x;) is illustrated in Fig. 6(a). This function reflects
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localized preferences for room temperature based on activities
such as cooking, working, and sleeping.

We first demonstrate the rationality of our uncertainty-
unified predictive variance (Section I1I-C7) qualitatively, lever-
aging the intuitiveness of the 1D variance. The results are
shown in Fig. 5. Suppose in (a) the feature x = 19 (ie.,
19°C) has been observed 17 times, with comparisons made
against uniformly selected features x = 10, 11,...,26. Chu
and Ghahramani [21] assign zero variances to all the observed
points, despite most of them only appeared once. Benavoli
and Azzimonti [33] assign uniformly high variances across
all points, ignoring the observation effects. Biyik et al. [23]
initialize a reference point f(17) with zero variance due to
its kernel design, which does not contain insightful mean-
ing and requires careful hyperparameter tuning. In contrast,
UUPL is tuning-free and assigns the smallest variance to
f(19), effectively capturing the impact of observations on
variance reduction and improving the variance interpretability.
Moreover, our human preference uncertainty model allows
the learned function to quickly identify two local maxima,
whereas baseline methods only detect a single maximum. This
demonstrates the representational power of our uncertainty-
unified framework.

3) Simulation 2 — Tabletop Importance: This simulation
explores a more realistic setting: a tabletop scenario similar
to Fig. 1. Imagine a user sitting at a table cluttered with
various objects, such as electronics, stationery, and snacks,
while a home robot attempts to deliver a cup of coffee from the
opposite side of the table. To successfully complete the task,
the robot must learn the user’s preferences to minimize the
risk of spilling coffee onto critical objects. Directly assigning
scores to all points on the tabletop is impractical for users,
and general “common sense” rules (e.g., electronics are often
considered to be more important than snacks) often fail to
account for individual preferences, making preference learning
with GP an appropriate choice.

The task, illustrated in Fig. 6(b), models the tabletop as a
2D feature space where x; € ([—5,5] x [—5, 5]). Three hills
of varying shapes and scales represent objects on the table,
with the function value at each point indicating the importance
at the corresponding location — higher values correspond to
higher importance. It is worth noting that, compared to directly
comparing trajectory features as in Fig. 1, our design offers
additional insights, such as the uncertainty in specific areas of
the tabletop. This information can be further leveraged and will
be demonstrated in the first robot experiment in Section IV-C2.
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Fig. 6. Three simulation experiments and their results. (a) The 1D thermal comfort function used in Simulation 1, with results shown in (d). (b) The 2D
tabletop importance function for Simulation 2, with results plotted in (e). (¢) Simulation 3, where the left panel depicts two possible trajectories for the red
user car based on the blue agent car’s action, and the right panel shows the functions of the four trajectory-related features. Results are presented in (f).

TABLE I
Accuracies (mean + std) of three baseline methods and UUPL on the three simulation experiments.

Baseline 1 [21]

Baseline 2 [33]

Baseline 3 [23] UUPL

0.8260 £+ 0.0370
0.2830 £ 0.0515
0.4018 £ 0.0293

Sim 1 — Thermal Comfort
Sim 2 — Tabletop Importance
Sim 3 — Driving choice

0.8523 £ 0.0281
0.7997 £ 0.0655
0.4733 £0.1202

0.9949 + 0.0024
0.9653 + 0.0039
0.8764 + 0.0094

0.9087 £+ 0.0402
0.7659 £+ 0.0332
0.7254 £ 0.0479

Moreover, the desired trajectory can be computed using off-
the-shelf path planning algorithms, seamlessly integrating the
learned reward function into the robot’s planning process.

4) Simulation 3 — Driving Choice: The last simulation
builds on scenarios described by Sadigh et al. [34] and Biyik
et al. [23]. As illustrated by Fig. 6(c), an agent (blue) car and a
user (red) car navigate a three-lane road. The agent car intends
to switch from the left to the middle lane, prompting the user
car to respond by slowing down, switching lanes, or adopting
other behaviors. At each iteration, two possible trajectories
(green and orange arrows) are presented. The features are
designed to consider four important aspects: Distance to the
front car, speed, heading angle, and distance to the closest lane
center (all normalized to [0, 5]), so z; € ([0, 5] x [0, 5] x [0, 5] x
[0, 5]). We design four complex functions for each feature as
shown on the right part of Fig. 6(c), and the ground truth
reward function f(z;) : R* — R is the sum of four function
values for each feature. Due to the experiment’s complexity,
the number of preference collection was increased to 100.

5) Simulation Results Analysis: The mean and variance
of the accuracy for all three simulations are presented in

Fig. 6(d)-(f) and Table 1. To provide a comprehensive evalua-
tion, we analyze the results from three perspectives: accuracy,
efficiency, and stability.

« Accuracy: For all three simulations, UUPL demonstrates
the highest final accuracy, achieving 0.9949, 0.9653,
and 0.8764 for Simulation 1, 2, and 3, respectively.
This superior performance is largely attributed to the
human preference uncertainty model. By allowing users
to express uncertainty levels and integrating this informa-
tion into the Laplace approximation, UUPL refines the
posterior mean estimation. As shown in the purple box
in Fig. 2, this integration ensures the posterior mean is
scaled more accurately based on the uncertainty levels,
leading to improved accuracies across tasks.

« Efficiency: UUPL exhibits the fastest convergence rates.
For Simulation 1, UUPL reaches an accuracy of 0.7
within just 5 iterations. Although Baseline 2 achieves a
comparable performance of 8 iterations, its results deteri-
orate after reaching (.8 accuracy. Baseline 3 and 1 require
13 and 30 iterations respectively to reach (.7 accuracy.
In Simulation 2, UUPL attains 0.7 accuracy in only 5
























