
Rethinking Opinion Measurement Interfaces for
Human-in-the-Loop Optimization∗

CHANGKUN OU, LMU Munich, Germany
SVEN MAYER, LMU Munich, Germany
DANIEL BUSCHEK, University of Bayreuth, Germany
ANDREAS BUTZ, LMU Munich, Germany

Strongly Disagree Strongly Agree
I don’t know

This is better This is better

They have the same quality

I don’t know

SUBMIT FEEDBACK

SUBMIT FEEDBACK

I’M SATISFIED

I’M SATISFIED

Excellent

Good

Fair

Poor

Terrible

I don’t knowD

A B

SUBMIT FEEDBACK I’M SATISFIED

1st Choice

2nd Choice

3rd Choice

4th Choice

I don’t know

D

A

B

SUBMIT FEEDBACK I’M SATISFIED

1st Choice

2nd Choice

3rd Choice

4th Choice

I don’t know

D

B C

SUBMIT FEEDBACK I’M SATISFIED
SUBMIT FEEDBACK I’M SATISFIED

Strongly Disagree Strongly Agree

I don’t know

Strongly Disagree Strongly Agree

I don’t know

Strongly Disagree Strongly Agree

I don’t know

Strongly Disagree Strongly Agree

I don’t know

UI1) 1-RS

UI2) 2-ANFC UI3) n-RS UI4) n-AFR UI5) n-ANFR UI6) n-ANFRD

C

A C

Fig. 1. Different opinion measurement interfaces: UI1) Single item Rating Scale (1-RS); UI2) Two Alternative
Non-Forced Choice (2-ANFC); UI3) 𝑛-items Rating Scales (𝑛-RS); UI4) 𝑛-Alternative Forced Ranking (𝑛-AFR);
UI5) 𝑛-Alternative Non-Forced Ranking (𝑛-ANFR); UI6) 𝑛-Alternative Non-Forced Ranking with Distance (𝑛-
ANFRD). The 1-RS and 𝑛-RS interfaces are rating scale-based measurements, and the 2-ANFC, 𝑛-AFR, and
𝑛-ANFR are preference-based ranking interfaces. As a combination, the 𝑛-ANFRD mixes absolute ratings
and preferential rankings, which permits expressing not only ranking orders but also local ordinal ranking
distance. All interfaces in this gallery also permit users to express their incomplete preference through “I
don’t know,” and to signal when a satisfactory result is achieved through “I’m satisfied.”

Human-in-the-loop optimization refers to systems that present choices to a human decision-maker and query
their judgment to optimize system parameters iteratively. The user interface typically provides either an ab-
solute rating scale or asks for a preferred option. However, these approaches can potentially suffer from
calibration problems, inconsistencies, and completeness violations of user preferences in such a sequential
evaluation. This paper revisits the design space of opinion measurement interfaces for human-in-the-loop
optimization. We conducted a study (N=360) using text summarization and image color enhancement tasks
to evaluate human sequential feedback in six representative opinion measurement interfaces. Based on our
analysis, we recommend using a listwise approach to support sequential opinion measurement, which coun-
terweighs individual rating and preferential choice limitations and conveys more information for subsequent
use. We further discuss the trade-offs in different user interface designs and provide guidelines to inform
future research.
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1 INTRODUCTION
Human-in-the-loop [46] (HITL) optimization has received increasing attention in HCI [11, 76].
Such systems query decision makers for their judgment among machine proposals, e.g., using
Bayesian optimization (BO) [34, 64] as the background AI and then optimize underlying system pa-
rameters toward user preferences according to the feedback. One of the benefits is that this adapta-
tion can support users to explore a design space [11, 32, 75] defined by finite criteria or retain more
control over pre-configured system decision strategies [63]. However, the opinion measurement in-
terface [51] used as input component in HITL optimization has many design parameters itself.
Depending on the types of human feedback required, the whole process has different limitations
due to the design of the input interface. For example, a commonly used pointwise user interface
(UI) asks the user to rate a given option as utility-based direct feedback, see Figure 2a. Although,
literature has shown that humans are not good at absolute judgments [70] and tend to give local
judgments [8].Therefore, a rating interface could suffer frommiscalibration and noisy human feed-
back, thus reducing human-AI cooperation performance. Another popular pairwise design [8, 13]
is to ask humans which of the two given system outcomes is preferred (preference-based indirect
feedback). However, indirect preferential feedback is less efficient in measuring human opinions
and requires querying more preferential feedback to model a latent preference function [24, 49, 66].
Additionally, it might suffer from interpretation ambiguity, intransitive and circular preferences
(e.g., prefer A over B, and prefer B over C, but prefer C over A, known as rock-paper-scissors rela-
tion), which also presents a challenge for input precision and overall system performance.

To overcome the limited number of evaluations at a time and collect more feedback, one can
extend pointwise (𝑛=1) and pairwise (𝑛=2) feedback to listwise ranking [10, 66] (𝑛 > 2), where 𝑛
is the number of alternative options. However, many input interface design variations depend on
the queried feedback type. Specifically, for direct rating feedback, the listwise approach needs to
use 𝑛 different rating scales; for indirect preferential feedback, the listwise approach requires a UI
to allow users to rank the given outcome alternatives. Despite different queried feedback types, a
listwise interface always implicitly facilitates comparisons, as it presents more options simultane-
ously. Recently, Ou et al. [54] presented a new approach to overcome current limitations using a
𝑛-alternative ranking approach which provides a “I don’t know” option for signal items. However,
the effectiveness is not yet understood. Thus, the main objective of this paper is to understand the
following two questions:
RQ1 What is the impact of using different opinion measurement interfaces for HITL optimization?
RQ2 What is the best-suited interface to use in a HITL optimization to leverage human opinions?

Due to the many design choices influencing opinion measurement interfaces, we first derived
the design space for opinion measurement interfaces on HITL optimization. We identified six de-
sign variations, including pointwise, pairwise, and listwise approaches depending on the type of
feedback queried. They can also be varied to support expressing indifference and incomplete pref-
erences. Based on our design space, we conducted an online between-groups study (N=360) to
understand the impact of six opinion measurement interfaces on HITL optimization. We selected
a text summarization task and an image color enhancement task to evaluate the different opinion
measurement interfaces in two domains. In both tasks, humans express their feedback using dif-
ferent user interfaces regarding the quality of text summarization or color enhancement.

As a key result, we recommend using a listwise approach and allowing users to express ranking
distance to support sequential opinionmeasurement.This design counterweighs individual ratings
and preferential limitations and conveys more direct and effective information for subsequent
usage in HITL optimization. The main contribution of this paper is an empirical investigation of
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how the design of opinion measurement interfaces can influence HITL optimization. We will also
discuss design implications and trade-offs for future HITL optimization research and applications.

2 RELATEDWORK
In this section, we will discuss the assumptions made when measuring human opinions and how
they relate to actual human decisions and preferences. Then, we will discuss how these assump-
tions could impact modeling human feedback with BO. Lastly, we will revisit the opinion mea-
surement interfaces commonly used today in non-sequential measuring contexts and how existing
HITL optimization systems design their opinion measurement interfaces.

2.1 Assumptions in Human Preferences and Decisions
Behaviorism argues that objective decisions and judgments of a human can be observed through
their behavior. However, this observation may be limited by the ambiguity of interpretation [68]
due to a lack of observation and impermeable states of mind [55]. Opinion measurement is an
important complement to behaviorism [51]. An opinion measurement UI measures “tendencies to
evaluate an entitywith some degree of favor or disfavor, ordinarily expressed in cognitive, affective,
and behavioral responses” [22], which reflect human preferences or decisions under uncertainty.

Traditional behavioral economics has widely studied rational choice [19], and the corresponding
algorithmic modeling to infer preferences relied on the transitivity and completeness assumptions.
The formulation of transitivity includes two aspects: strict and weak. Strict transitivity states that
one choice option is strictly preferred over another, while weak transitivity allows indifference
between given choice options. Transitivity as a modeling assumption assumes that people can give
consistent ranks to given choice options. However, this assumption may be violated mainly in a
sequential judgment context [5, 17] since a previous preferencemay be inverted later in the process
and result in a rock-paper-scissors relation due to context changes and cognitive biases [70].

Moreover, completeness assumes that people always have a preference, but this does not hold
for decision-making under uncertain information, where in some cases, the preference may be
undecided [52]. Identifying the violation of the completeness assumption is more fundamental and
complex by definition, as it is harder to define from a behavior perspective. Consequently, violating
these assumptions can be framed as preference or decision uncertainty, and it is often strongly
assumed that an inverted choice constitutes a noisy observation (e.g., [4, 24, 39, 58]) without a
detailed inspection from the human perspective.

2.2 Modeling Human Feedback with Bayesian Optimization
Bayesian optimization [47] is a technique used for the global optimization of expensive-to-evaluate
functions. It builds a probabilistic model of the objective function and iteratively selects the next
point to evaluate based on an acquisition function that balances exploration and exploitation. The
model is updated as new evaluations are made, improving its accuracy over time. Bayesian opti-
mization is beneficial when the objective function is black-box, expensive to evaluate, andmultiple
local optima exist. It has been successfully applied to various optimization problems in machine
learning, engineering, and science [64].

In addition to engineering aspects, BO can also model human feedback and enables HITL opti-
mization [64] utilizing, for example, biological measurements [18, 29], interaction behavior [12],
and measured preferential choices [8, 24, 33]. It learns a posterior from the measured human feed-
back and aims to search for a global maximumof an unknown function by exploration and exploita-
tion. In conjunction with measured human feedback, two popular genres of BO are actively being
researched, as shown in Table 1. Utility-based BO [47] requires measuring human feedback as a
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Table 1. Examples of different Bayesian Optimization (BO) frameworks. Types of feedback can be either
utility-based or preference-based. Most of the BO frameworks do not model indifference, and none of them
consider incomplete preferences. Note that 1) rating can be considered either as absolute utility or preferen-
tial ranking distance depending on the underlying preference model, 2) selection is a special case of ranking
where one item is strictly preferred over other options, and the ranking order of those unselected options is
not specified, which means that their preference relation may be considered incomplete.

Optimizer Input Form Feedback Type Options Modeled Indifference/Incompleteness

Naive BO [47] Rating Utility Pointwise No/No
2GC [8] Selection Preferential Pairwise No/No
PBO [24] Selection Preferential Pairwise No/No
EUBO [39] Selection Preferential Pairwise No/No
4GC [7] Rating Preferential Listwise No/No
SLS [33] Selection Preferential Listwise No/No
SPS [32] Selection Preferential Listwise No/No
PPBO [44] Selection Preferential Listwise No/No
Top-k BO [49] Ranking Preferential Listwise Yes/No

utility value. In contrast, preference-based BO (PBO) can propose examples using an acquisition
function, ask the human to provide a choice, and infer the underlying preference iteratively.

When dealing with preference-based human feedback, PBO as a specialized category of BO has
received increasing development in recent studies [24, 44]. While BO learns based on absolute util-
ity (e.g., absolute ratings of a given option), PBO learns relative rating or preferential selection as
ranking information. To avoid the violations of the transitivity described above, the recent exten-
sions [4, 32, 66] of PBO transited from using a binary pairwise comparison to using a reasonable
amount of options, resulting in a listwise comparison. These extensions could largely prevent vio-
lations of transitivity and infer more information at a time because they either consider choosing
a set of options as winners among all given options [4, 32]; or provide a ranking of all given op-
tions, where options may share the same level of rank [66]. Note that more ranking elements may
also increase the uncertainty for users and cause them to make imperfect decisions [46] due to
increased workload. Thus, one should carefully consider the presented number of elements. Al-
though PBO has used pairwise comparisons to mitigate various issues regarding unstable human
judgment, these current approaches could also violate preference assumptions due to cognitive
limitations. Tversky and Kahneman [70] have widely presented how heuristic biases might in-
fluence the choice behavior. External causes can also produce a considerable amount of noisy
observations in choice [27]. To overcome the violation of preference assumptions, PBO has also
considered handling noisy inputs [36] and guarantees theoretical convergence when dealing with
unstable choices. Despite all these developments in PBO, we still observe two challenges in prac-
tice. The first is that a human might change their objective during the optimization process, even
when using pairwise comparisons. However, PBO assumes a fixed implicit underlying choice func-
tion that it can learn. Although PBO can handle noisy input, the other challenge is that it requires
much more iterations to let the optimization converge. This is usually very costly when involving
a human. We, therefore, need to design the UI carefully to mitigate these challenges and reduce
errors.
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a) Pointwise examples b) Pairwise examples

c) Listwise examples

IMDB Ratings

Metacritic Review

Twi!er Likes

Tinder Likes

Amazon By Feature Ratings Two football teams bet

Spotify’s Default Music Order Google Scholar’s HCI Conference Ranking

Customer Survey

IMDB Top 5 Movies  

V.S.

Two candidates voting

Fig. 2. Real-world measured opinions in different interfaces: a) Commonly used rating scales to measure
opinion regarding one item; b) Two alternative candidates (non-)forced choice; c) Music album song orders
without specified criteria, and forced ranking of conferences and movies using a distance.

2.3 Opinion Measurement Interfaces
Conventional opinion measurement interfaces have different absolute measures, such as categori-
cal choice and ordinal Likert-scale measures. The underlying analysis is based on Thurstone’s law
of comparison [69]. The optimal design of a pointwise measuring UI has been explored in psychol-
ogy to reduce measuring error, for example, by asking repeated questions and checking the overall
consistency[65], regarding the influence of ticks [43], or by allowing users to express uncertainty
about their own input [25]. Previous work also discussed improving rating accuracy in the HITL
context [21, 50].

A first systematic evaluation regarding the design space was provided by Nobarany et al. [51].
They also observed that the rating interface might not be ideal for measuring opinions and dis-
cussed how to support ranking in the interface. In a way, this is similar to how PBO was de-
signed [7, 8, 24]; opinion measurement interfaces that support comparison were also found benefi-
cial here. Kalloori et al. [28] discussed a few reasons for better-measured opinions using preference-
based feedback: 1) Explicit rating utility suffers from calibration of drift, for concepts with different
types of interpretations might lead to differently rated results. 2) Users might change their opinion
from time to time due to anchoring [57]. 3) Relative questions might potentially be faster and eas-
ier to answer. Due to the increased complexity of feedback types, ranking UIs are rarely explored,
although there is initial work in this direction [41, 48].

Interfaces used in the Real World. Opinions are frequently measured in real life for a variety of
purposes. We can generally observe three genres of these UIs: pointwise, pairwise, and listwise
UIs, as shown in Figure 2.

Interfaces used in HITL Optimization. As shown in Figure 3, many designs for opinion measure-
ment interfaces are used in HITL optimization. Specifically, the presented examples can be treated
as a mix of pairwise and listwise comparisons. The underlying feedback type that models the UI’s
input form is either utility- or preference-based. Because of this diversity, we will provide a tax-
onomy to categorize them and determine our study design in the next section.
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a) n-ANFR b) n-ANFR c) 2-AFC d) 2-AFC

e) 2-ANFC ) n-RS g) 1-RS

h) n-AFR i) n-ANFRD

Fig. 3. Examples of opinion measurement interfaces being used in HITL optimizations: a) A user chooses
from a list of candidates to optimize illumination [42]; b) A user is asked to choose items that are closer
to a given reference [73]; c) A user is required to decide which of the two given options is closer to their
desired material [8]; d) A user is asked to choose which of two presented texts is more likely to be written on
Wikipedia by a human [72]; e) A user is required to choose which trained machine’s back-flip is better [13],
note that the interface uses a “can’t tell”; f) A user rates four presented graphics animations using a 3-step
rating scale to show how close an animation is to what they are looking for [7]; g) A user rates which
of the given paired designs is more preferred [30]; h) A user must select one target out of a list of choice
alternatives [32]. i)A user ranks the given design variations, and each rank position has an associated ordinal
rating label [54], and ties are allowed. These interfaces fit in a design space and are discussed in Section 3.1.

3 DESIGN SPACE
We revisit the design space of opinion measurement interfaces and extend it to include multiple
design variations of the listwise approach. Table 2 provides an overview of the design space of
opinion measurement interfaces. The design space formally contains these two dimensions: the
number of alternative options and the underlying feedback type.

The number of alternative options encodes the complexity when measuring opinion. With more
alternative options, we can gather more feedback from a user simultaneously. An interface is point-
wise if it only measures the opinion regarding one item. Similarly, interfaces that measure infor-
mation about two paired items are pairwise. With more than two options, the interface is listwise.
For example, in Figure 2a all interfaces are pointwise as they measure opinions regarding a single
instance. Conceptually, a listwise interface also covers interfaces that potentially allow exploring
infinite options (n=∞, e.g., Koyama et al. [33]). However, regardless of the number of options,
since a user has to select or mark a subset of preferential relations among all options, e.g., Wilber
et al. [73], a multiple-item selection can be considered a strict preference between selected and
unselected ones. In contrast, the preference order among (un)selected ones remains unspecified.
Note that although an interface presents paired options to measure human opinion, it could still
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ask humans to estimate the distance between two options, which only conveys absolute distance
utility as a rating regarding one item to the reference. Furthermore, although Figure 3f presents
four alternatives and asks how close they are to what the user is looking for, this is an absolute
rating only concerning the user’s idea of an optimum (which remains unknown to everybody else).
These considerations imply that the underlying feedback type, which the framed UI presents as a
usage instruction, is also crucial for opinion measurement.

The underlying type of feedback can be either utility-based or preference-based. Utility-based
interfaces query a human to provide an absolute ordinal or cardinal value regarding an option (the
interpretation of the value can differ depending on the context). Preference-based interfaces only
measure relative information regarding paired options and, therefore, need further consideration
to infer a latent utility. On the one hand, since utility-based interfaces only provide numeric in-
formation directly associated with the option, the relative information between options may not
be explicit. However, we can sort the utility value. On the other hand, preference-based interfaces
only provide local information. A hybrid feedback type provides a subtle design consideration to
mix utility- and preference-based information. Similarly, we have two design alternatives, either
strict or weak, depending on the type of preference.

3.1 Applicability
We can place the previously presented examples into this design space. Figure 2a contains 1-RS
and n-RS: Twitter and Tinder only utilize binary responses regarding one option (like or not). The
Amazon “by feature” rating example is n-RS but evaluates multiple dimensions using scales. In
Figure 2b, there are two examples of 2-AFC or 2-ANFC. Figure 2c shows three listwise interfaces:
n-AFR (songs are ranked without allowing ties and without information about how they are being
ranked), n-AFRD (options ranked with a distance, items with the same utility value are forced to
be placed on different ranks). Figure 3a and Figure 3b are 𝑛-ANFR because they require humans
to rank options (permitting ties) without specifying a distance to other options, Figure 3c and
Figure 3d are 2-AFC because they are judging two options and cannot tell indifference through
the UI, Figure 3e is 2-ANFC because it offers “can’t tell” to its user, Figure 3f is 𝑛-RS, and Figure 3g
is 1-RS because it is judging how far one item is away from the other, and only judges one option.
Figure 3h is 𝑛-AFR because it selects one out of all options as top-1 ranking. In fact, Figure 3a and
Figure 3h also use a meaningful 2D layout to present the alternative choices instead of a plain list.
While this may improve the efficiency and user experience in specific tasks, it does not change the
general structure and, therefore, the classification of the interface. Lastly, Figure 3i is 𝑛-ANFRD
that asks users to rank options with a distance but also allows ties.

4 HYPOTHESES
Using this design space, we identified six promising opinion measurement interfaces, i.e., 1-RS,
2-ANFC, 𝑛-RS, 𝑛-AFR, 𝑛-ANFR, 𝑛-ANFRD (UI1 to UI6), see Figure 1. Our selection is informed by
results from related work, which hints that some might be better than others. Thus, we formulate
four major hypotheses concerning the performance of HITL optimization when using such an
interface:

Hypothesis 1: Baseline. Early work on HITL optimizations has shown great performance when
using 2-ANFC [7–9]. Their results showed that 2-ANFC systems generally perform better than
1-RS and greatly support HITL systems. We use their initial findings as our baseline comparison
and to validate our apparatus. Thus, we hypothesize (H1) that the preference-based interface will
outperform the utility-based interface regarding performance measures (UI1 vs. UI2).
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Table 2. A design space of opinion measurement interfaces concerning feedback type, ordering type, and
batch size. The numbers in bold are those of the interfaces implemented in our study. All of them allow users
to express incomplete preferences using an “I don’t know” checkbox.

Alternative Options (𝑛 ∈ N)
Feedback Type Pointwise (𝑛 = 1) Pairwise (𝑛 = 2) Listwise (𝑛 > 2)

Utility 1-RS (UI1) 2-RS 𝑛-RS (UI3)
Preferential (strict) N/A 2-AFC 𝑛-AFR (UI4)
Preferential (weak) N/A 2-ANFC (UI2) 𝑛-ANFR (UI5)
Hybrid (strict) N/A N/A 𝑛-AFRD
Hybrid (weak) N/A N/A 𝑛-ANFRD (UI6)

Hypothesis 2: Impact of Listwise Approach. If H1 is true, this indicates that giving the user more
options for comparison will improve the overall system performance. In fact, this is what findings
by Cao et al. [10] suggest. Thus, we hypothesize that a listwise comparison (𝑛 > 2), will outper-
form comparisons with fewer options. As Listwise is the most flexible in terms of feedback, we next
investigate the different strategies that emerged from related work [32, 33, 44]. In this work, we
investigate design variations in which the human can either give preferential ratings (e.g., Koyama
et al. [30]), provide a strict ranking selection (e.g., Koyama et al. [32]), a weak ranking selection
(e.g., Marks et al. [42]), or a combination of those (hybrid). Consequently, we hypothesize (H2a)
that a listwise interface will outperform a pointwise interface when using utility-based feedback
(UI1 vs. UI3). And we hypothesize (H2b) that a listwise interface will outperform a pairwise inter-
face when using preference-based feedback (UI2 vs. UI5).

Hypothesis 3: Impact of Listwise Design Variations. Based on the initial findings by Mikkola et al.
[44], we additionally hypothesize H3a and H3b. In detail, we hypothesize H3a that a preference-
based listwise ranking interface will outperform a utility-based listwise rating interface (cf. [7–
9]) while allowing for expressing indifference (UI3 vs. UI5). Further, regarding indifference, we
hypothesize H3b that being able to express indifference in the interface (weak preference) will be
better than a forced choice (strict preference) (UI4 vs. UI5).

Hypothesis 4: Impact of Hybrid Approach. Based on hypotheses H1-H3 and assuming that their
outcome in this work is in line with prior work, Ou et al. [54] used a new hybrid feedback interface.
For this, n-ANFRD (UI6), we pick what we consider to be the best to support the HITL optimization,
thus, getting the most information from the user. Thus, we hypothesize that the hybrid listwise
interface will outperform:H4a the pairwise interface (UI2),H4b the listwise rating interface (UI3),
H4c the listwise strict ranking interface (UI4), and H4d the listwise weak ranking interface (UI5).

5 USER STUDY
We conducted a user study to investigate how different opinion measurement interfaces impact
the overall HITL optimization performance to answer our research questions (RQ1 and RQ2 in
Section 1) and verify our four hypotheses. Here, we compare the six user interfaces (6 conditions:
UI1-UI6, Table 2 and Figure 1) using a between-subject design (InteRface). We used tasks from
two domains as a between-subject variable (Domain) to shorten the participation time and prevent
a learning effect. One group did text summarization tasks from the natural language processing
domain.The other group did image color enhancement tasks from the design domain. As dependent
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variables, we calculated interaction measures from usage logs and feedback from questionnaires
(individual rating scales and open questions.)

5.1 User Interfaces
As shown in Figure 1, we selected six generic interfaces from this design space (1-RS, 2-ANFC,
𝑛-RS, 𝑛-AFR, 𝑛-ANFR, 𝑛-ANFRD) to facilitate our study design better. All interfaces are shown in
Figure 4 for both tasks. The following describes the behavior of the six user interfaces:
UI1 1-RS uses a bipolar slider-based Likert scale, similar to 𝑛-RS.
UI2 2-ANFC uses two radio buttons for preference indication.
UI3 n-RS uses a bipolar slider-based Likert scale to indicate the preference for each option.

UI4/5 𝑛-AFR requires a full ranking of all options, and the interface does not allow expressing
indifference in this case, whereas 𝑛-ANFR (UI5) can, which characterizes strict and weak
preferences.
To guarantee a pure ranking behavior in the interface, 𝑛-AFR (UI4), and 𝑛-ANFR (UI5) auto-
matically adjust the distance between options. For example, if a user dropped two boxes on
the 1st and 4th choice container box.Then the 4th choice will automatically move up to the
2nd choice and inform users that their ranking is automatically aligned and normalized.

UI6 𝑛-ANFRD is the most flexible listwise ranking interface that permits users to place the
option box in any given container box.

Additionally, all interfaces include either checkbox options or container boxes to allow users to
express incomplete preferences.

5.2 Task
Asmany applications use HITL optimization, any domain with a set of system parameters to be de-
termined could be used as a HITL optimization task. Examples of such domains are text summariza-
tion [54, 67], image color enhancement [31–33, 54], melody composition [76], 3D meshing [53, 54],
3Dmaterial design [8], 3D animation [7], and 3D illumination [42]. In line with previous work [54],
we selected text summarization and image color enhancement for the following reasons: First, text
and image responses between client and server are easy to handle, lightweight, and fast. Second,
the quality of text summarization and image color enhancement is a partly aesthetic judgment, for
example, regarding the exact wording and color style. Therefore, it is still challenging to measure
this quality objectively [6, 54], making it plausible to bring a human into the loop.

5.3 Apparatus
We developed the frontend UI1 to UI6 (see Figure 4 and Supplement Video that illustrates the
use of all interfaces) using Material UI1 and React DnD2. We wrote out backend in Go for easier
concurrency management. It serves our frontend interfaces, data collection, and communications
with other dedicated computing microservices, including two domain services and an optimizer
service. We deployed the backend on our institute infrastructure (Ubuntu 20.04, 8-Core Intel Core
i9-9900K, 64GB RAM, and NVIDIA GeForce RTX 2080 Ti with 11GB of GPU memory).

5.3.1 Domain Services: Text Summarization. For text summarization, we initially used GPT-3 by
OpenAI for text summarization. However, we switched to our self-hosted language model for re-
producibility and unlimited quota in the main study. We implemented the backend using Flask

1https://mui.com/, last accessed 2026–10–10
2https://react-dnd.github.io/react-dnd/about, last accessed 2026–10–10

https://mui.com/
https://react-dnd.github.io/react-dnd/about
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Lionel Messi scored for the sixth game in a row as 
Barcelona defeated big-spending Atletico Madrid 3-0 to 
stay in touch with Primera Liga leaders Real Madrid. Messi 
(left) is congratulated by Ronaldinho after scoring again in 
Barcelona's 3-0 win over Atletico Madrid. Barcelona had 
thumped Atletico 6-0 on their own ground last season and 
the visitors were out for revenge -- but conceded twice in 
four minutes. After 15 minutes, Italian goalkeeper Christian 
Abbiati let a routine Messi cross slip out of his hands and 
Deco rolled home into the empty net. Four minutes later 
Messi played a great one-two with Ronaldinho and rifled a 
shot past Abbiati for his sixth goal of the season and Xavi 
added a third late on. "It was a deserved victory against a 
rival that we have had problems with in the past," 
explained Barca coach Frank Rijkaard. "We scored twice 
in quick succession and then we controlled the match 
using aggression and with the team attacking and 
defending as a unit." "Conceding two early goals inside 
four minutes is not easy to turn around especially against 
Barcelona,\" admitted Atletico coach Javier Aguirre. It was 
Barcelona's fourth straight league win but they still trail 
Real Madrid by two points after the champions beat 

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in a last minute to keep Real two points 
clear. Real's first-ever league win since 1991 as Real Madrid make their best start since 1991.

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in their La Liga clash to stay two points 
clear of Real. Real's Gonzalo Higu

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in their La Liga clash to stay two points 
clear of Real. Real's Gonzalo Higuain scores late winner to keep Real two points behind Real Madrid at the top.

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in a last minute to keep Real two points 
clear. Real's Abel Resino becomes first Spanish league coach to be sacked this season.

Provide feedback using the ranking interface about summarized 
text to archive these objectives:
Objective 1: Let AI summarize the article as much as possible
Objective 2: Preserve the meaning of the original article

Total: 462 words

Explain why did you give this feedback
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optimized results.
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AI Summarized Article A
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Original News Article

Lionel Messi scored for the sixth game in a row as 
Barcelona defeated big-spending Atletico Madrid 3-0 to 
stay in touch with Primera Liga leaders Real Madrid. Messi 
(left) is congratulated by Ronaldinho after scoring again in 
Barcelona's 3-0 win over Atletico Madrid. Barcelona had 
thumped Atletico 6-0 on their own ground last season and 
the visitors were out for revenge -- but conceded twice in 
four minutes. After 15 minutes, Italian goalkeeper Christian 
Abbiati let a routine Messi cross slip out of his hands and 
Deco rolled home into the empty net. Four minutes later 
Messi played a great one-two with Ronaldinho and rifled a 
shot past Abbiati for his sixth goal of the season and Xavi 
added a third late on. "It was a deserved victory against a 
rival that we have had problems with in the past," 
explained Barca coach Frank Rijkaard. "We scored twice 
in quick succession and then we controlled the match 
using aggression and with the team attacking and 
defending as a unit." "Conceding two early goals inside 
four minutes is not easy to turn around especially against 
Barcelona,\" admitted Atletico coach Javier Aguirre. It was 
Barcelona's fourth straight league win but they still trail 
Real Madrid by two points after the champions beat 

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in a last minute to keep Real two points 
clear. Real's first-ever league win since 1991 as Real Madrid make their best start since 1991.

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in their La Liga clash to stay two points 
clear of Real. Real's Gonzalo Higu

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in their La Liga clash to stay two points 
clear of Real. Real's Gonzalo Higuain scores late winner to keep Real two points behind Real Madrid at the top.

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in a last minute to keep Real two points 
clear. Real's Abel Resino becomes first Spanish league coach to be sacked this season.

Provide feedback using the ranking interface about summarized 
text to archive these objectives:
Objective 1: Let AI summarize the article as much as possible
Objective 2: Preserve the meaning of the original article

Total: 462 words
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Explain why did you give this feedback

UI1) 1-RS

Original News Article

Lionel Messi scored for the sixth game in a row as Barcelona defeated big-spending Atletico Madrid 
3-0 to stay in touch with Primera Liga leaders Real Madrid. Messi (left) is congratulated by Ronaldinho 
after scoring again in Barcelona's 3-0 win over Atletico Madrid. Barcelona had thumped Atletico 6-0 on 
their own ground last season and the visitors were out for revenge -- but conceded twice in four 
minutes. After 15 minutes, Italian goalkeeper Christian Abbiati let a routine Messi cross slip out of his 
hands and Deco rolled home into the empty net. Four minutes later Messi played a great one-two with 
Ronaldinho and rifled a shot past Abbiati for his sixth goal of the season and Xavi added a third late 
on. "It was a deserved victory against a rival that we have had problems with in the past," explained 
Barca coach Frank Rijkaard. "We scored twice in quick succession and then we controlled the match 
using aggression and with the team attacking and defending as a unit." "Conceding two early goals 
inside four minutes is not easy to turn around especially against Barcelona," admitted Atletico coach 
Javier Aguirre. It was Barcelona's fourth straight league win but they still trail Real Madrid by two 
points after the champions beat Recreativo Huleva 2-0. Dutch international Ruud van Nistelrooy, the 
league's top-scorer last season, scored on 72 minutes before Gonzalo Higuain netted in the final 
minute to keep Real at the summit. Luck deserted them when Wesley Sneijder hit the post but Van 
Nistelrooy scored in the final quarter hour before Higuain struck to keep them two points clear at the 
top. Real have made their best start since 1991 but coach Bernd Schuster's rotation policy has been 
questioned with the German chopping and changing his team. "It was an important victory because it 
is the final match before we go away on international duty," said Dutch winger Arjen Robben. "We are 
now top for the next two weeks and can build on that when we return." Villarreal, now four points 
behind Real, lost for only the second time in 15 matches with a 3-2 reverse against Osasuna. Sevilla, 
third last season, are in a crisis after losing their fourth league game in a row with a goal from Riki 

AI Summarized Article

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores 
sixth goal of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in a last minute to keep 
Real two points clear. Real's first-ever league win since 1991 as Real Madrid make their best start since 1991.

Provide feedback using the ranking interface about summarized text to archive these objectives:
Objective 1: Let AI summarize the article as much as possible
Objective 2: Preserve the meaning of the original article

Total: 462 words

Strongly Disagree Strongly Agree
I don’t know

SUBMIT FEEDBACK I’M SATISFIED

Explain why did you give this feedback

I think AI did an excellent summarization.

UI3) n-RS

AI Summarized Article A

AI Summarized Article B

AI Summarized Article C

AI Summarized Article D

Original News Article

Lionel Messi scored for the sixth game in a row as 
Barcelona defeated big-spending Atletico Madrid 3-0 to 
stay in touch with Primera Liga leaders Real Madrid. Messi 
(left) is congratulated by Ronaldinho after scoring again in 
Barcelona's 3-0 win over Atletico Madrid. Barcelona had 
thumped Atletico 6-0 on their own ground last season and 
the visitors were out for revenge -- but conceded twice in 
four minutes. After 15 minutes, Italian goalkeeper Christian 
Abbiati let a routine Messi cross slip out of his hands and 
Deco rolled home into the empty net. Four minutes later 
Messi played a great one-two with Ronaldinho and rifled a 
shot past Abbiati for his sixth goal of the season and Xavi 
added a third late on. "It was a deserved victory against a 
rival that we have had problems with in the past," 
explained Barca coach Frank Rijkaard. "We scored twice 
in quick succession and then we controlled the match 
using aggression and with the team attacking and 
defending as a unit." "Conceding two early goals inside 
four minutes is not easy to turn around especially against 
Barcelona,\" admitted Atletico coach Javier Aguirre. It was 
Barcelona's fourth straight league win but they still trail 
Real Madrid by two points after the champions beat 

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in a last minute to keep Real two points 
clear. Real's first-ever league win since 1991 as Real Madrid make their best start since 1991.

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in their La Liga clash to stay two points 
clear of Real. Real's Gonzalo Higu

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in their La Liga clash to stay two points 
clear of Real. Real's Gonzalo Higuain scores late winner to keep Real two points behind Real Madrid at the top.

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in a last minute to keep Real two points 
clear. Real's Abel Resino becomes first Spanish league coach to be sacked this season.

Provide feedback using the ranking interface about summarized 
text to archive these objectives:
Objective 1: Let AI summarize the article as much as possible
Objective 2: Preserve the meaning of the original article

Total: 462 words
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I think AI did an excellent summarization in A.

I think AI did an excellent summarization in B.

I think AI did an excellent summarization in C.

I think AI did an excellent summarization in D.

SUBMIT FEEDBACK I’M SATISFIED

Explain why did you give this feedback
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AI Summarized Article A AI Summarized Article BOriginal News Article

Lionel Messi scored for the sixth game in a row as 
Barcelona defeated big-spending Atletico Madrid 3-0 to 
stay in touch with Primera Liga leaders Real Madrid. Messi 
(left) is congratulated by Ronaldinho after scoring again in 
Barcelona's 3-0 win over Atletico Madrid. Barcelona had 
thumped Atletico 6-0 on their own ground last season and 
the visitors were out for revenge -- but conceded twice in 
four minutes. After 15 minutes, Italian goalkeeper Christian 
Abbiati let a routine Messi cross slip out of his hands and 
Deco rolled home into the empty net. Four minutes later 
Messi played a great one-two with Ronaldinho and rifled a 
shot past Abbiati for his sixth goal of the season and Xavi 
added a third late on. "It was a deserved victory against a 
rival that we have had problems with in the past," 
explained Barca coach Frank Rijkaard. "We scored twice 
in quick succession and then we controlled the match 
using aggression and with the team attacking and 
defending as a unit." "Conceding two early goals inside 
four minutes is not easy to turn around especially against 
Barcelona,\" admitted Atletico coach Javier Aguirre. It was 
Barcelona's fourth straight league win but they still trail 
Real Madrid by two points after the champions beat 

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga 
leaders Real Madrid. Lionel Messi scores sixth goal of the season for the 
Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in a last minute to 
keep Real two points clear. Real's first-ever league win since 1991 as Real 
Madrid make their best start since 1991.

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga 
leaders Real Madrid. Lionel Messi scores sixth goal of the season for the 
Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in their La Liga 
clash to stay two points clear of Real. Real's Gonzalo Higu

Provide feedback using the ranking interface about summarized 
text to archive these objectives:
Objective 1: Let AI summarize the article as much as possible
Objective 2: Preserve the meaning of the original article

Total: 462 words

This is better This is better

They have the same quality

I don’t know

SUBMIT FEEDBACK I’M SATISFIED

Explain why did you give this feedback
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AI Summarized Article A

AI Summarized Article B

AI Summarized Article C

AI Summarized Article D

Original News Article

Lionel Messi scored for the sixth game in a row as 
Barcelona defeated big-spending Atletico Madrid 3-0 to 
stay in touch with Primera Liga leaders Real Madrid. Messi 
(left) is congratulated by Ronaldinho after scoring again in 
Barcelona's 3-0 win over Atletico Madrid. Barcelona had 
thumped Atletico 6-0 on their own ground last season and 
the visitors were out for revenge -- but conceded twice in 
four minutes. After 15 minutes, Italian goalkeeper Christian 
Abbiati let a routine Messi cross slip out of his hands and 
Deco rolled home into the empty net. Four minutes later 
Messi played a great one-two with Ronaldinho and rifled a 
shot past Abbiati for his sixth goal of the season and Xavi 
added a third late on. "It was a deserved victory against a 
rival that we have had problems with in the past," 
explained Barca coach Frank Rijkaard. "We scored twice 
in quick succession and then we controlled the match 
using aggression and with the team attacking and 
defending as a unit." "Conceding two early goals inside 
four minutes is not easy to turn around especially against 
Barcelona,\" admitted Atletico coach Javier Aguirre. It was 
Barcelona's fourth straight league win but they still trail 
Real Madrid by two points after the champions beat 

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in a last minute to keep Real two points 
clear. Real's first-ever league win since 1991 as Real Madrid make their best start since 1991.

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in their La Liga clash to stay two points 
clear of Real. Real's Gonzalo Higu

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in their La Liga clash to stay two points 
clear of Real. Real's Gonzalo Higuain scores late winner to keep Real two points behind Real Madrid at the top.

Barcelona beat Atletico Madrid 3-0 to stay in touch with Primera Liga leaders Real Madrid. Lionel Messi scores sixth goal 
of the season for the Catalan giants. Real Madrid beat Recreativo Huleva 2-0 in a last minute to keep Real two points 
clear. Real's Abel Resino becomes first Spanish league coach to be sacked this season.

Provide feedback using the ranking interface about summarized 
text to archive these objectives:
Objective 1: Let AI summarize the article as much as possible
Objective 2: Preserve the meaning of the original article

Total: 462 words
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Provide feedback about AI-enhanced photos using the ranking tool on the 
right, to tell how good the enhanced photo color is, compared to the original.

The AI running in the background will improve the enhanced photos iteratively 
according to your feedback. You can click the “I’m satisfied” button to 
terminate if you think one of the photo fit your preference.
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terminate if you think one of the photo fit your preference.
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I think AI did an excellent color enhancementOriginal Photo

Please provide feedback about AI-enhanced photos using the rating tool on the right to tell how good the enhanced photo color 
is, compared to the original. The AI running in the background will improve the enhanced photos iteratively according to your 
feedback. You can click the "I'm satisfied" button to terminate if you think one of the photo fit your preference.
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The AI running in the background will improve the enhanced photos iteratively 
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Original Photo
Please provide feedback about AI-enhanced photos by selecting the better photo on the 
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(b) Image Color Enhancement

Fig. 4. The twelve UIs we implemented in our studies for text summarization and image color enhancement,
with (a) a news article selected from the CNN daily email dataset, and (b) a photo taken from Sequential
Gallery [32].
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and handled text summarization with GPU acceleration. A pressure benchmark shows the back-
end can handle an average of 6 concurrent requests per second, which determines our rate control
to launch parallel participation in our study. We used a pre-trained BART model3 for text summa-
rization. The model is fine-tuned for CNN daily mail with inference time 307ms, ROUGE-2 score
of 21.26, and ROUGE-L score of 30.59, which outperforms a popular baseline [37].

We use Nucleus sampling [26] as a stochastic text decoding strategy4 for our inference use
case because it allows for a bounded parameter space (between 0 and 1) and can generate diverse
human-like sentences in the inference phase. Since we designed our user task to consider the
length of summarization as a decision criterion, we used a summarization ratio parameter as a
hard limit that controls the text generation length and a length penalty parameter as a selected soft
limit that encourages themodel to generate shorter text. As a result, our hosted text summarization
service allows 4 adjustable system parameters at every model inference stage: 1) summarization
ratio, 2) length penalty, 3) top-p, and 4) temperature.

5.3.2 Domain Services: Color Enhancement. For image color enhancement, we used a parameter-
ized photo enhancer [31–33] as an image processing service. It allows 5 adjustable system param-
eters that can range from 0 to 1: 1) brightness, 2) contrast, 3) saturation, 4) temperature, and 5) tint.

5.3.3 Optimizer Service and Bayesian Optimizers. We used Bayesian optimization to give users
new options based on their input history. As there is no one Bayesian optimizer to cater to the
needs of all six interfaces, we selected the best Bayesian optimizer for each interface. In detail,
UI1 and UI3 used naive BO [45], UI2 used EUBO [39], and UI4-UI6 used the same advanced EUBO.
While this could lead to performance differences, we perform benchmark comparisons to ensure
they have equal performance; see Appendix A for full details.

We used BoTorch [2] to implement all selected optimizers, which reads the user responses to esti-
mate the next optimal system parameters for exploration.The Bayesian optimizer for rating-based
interfaces (UI1 and UI3) used the Gaussian process as a surrogate model with Martern 5/2 kernel.
The acquisition function is an expected improvement acquisition function that models noisy in-
puts [36]. We used EUBO [39], a BO variate cf. Section 2.2, as a state-of-the-art PBO optimizer
that considers noisy inputs to estimate system parameters for the pairwise interface (UI2). The
acquisition function is the Analytic Expected Utility Of Best Option acquisition function [39]. The
design of the EUBO algorithm guarantees that the current optimum is included in pairwise or list-
wise comparisons, and we can use the maximum posterior expected utility [14] to understand the
impact on outcome utility.

To guarantee fair comparisons and control experiment variables, instead of using different op-
timizers for all other listwise interfaces (i.e., UI4, UI5, and UI6), we extended EUBO to fit all list-
wise interfaces5: We first fit a Gaussian process using the user’s rank data, then use the optimizer
learned latent utility 𝑓 (·) to fit another Gaussian process and infer the next batch of exploration
positions. As EUBO maximizes the outcome utility difference between iterations, one can use the
utility to analyze the optimization process. Moreover, in UI2 and UI4-UI6, although EUBO does not
assume noiseless observations, we discarded indifference and incomplete preference input instead
of generating a random preference order as 1) EUBO does not model indifference, 2) providing
noisy input can decrease optimization performance and make a strong assumption about the pref-
erence model. These three Bayesian optimizers can optimize for our objectives and outperform
pure random exploration in various simulated tasks, see Appendix A for comparisons.
3https://huggingface.co/sshleifer/distilbart-cnn-12-6, last accessed 2026–10–10
4https://huggingface.co/blog/how-to-generate, last accessed 2026–10–10
5See Supplemental Material for the implementation and further discussions on https://github.com/pytorch/botorch/
discussions/1367, last accessed: 2026–10–10

https://huggingface.co/sshleifer/distilbart-cnn-12-6
https://huggingface.co/blog/how-to-generate
https://github.com/pytorch/botorch/discussions/1367
https://github.com/pytorch/botorch/discussions/1367
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Domain: Text Summarization

Domain: Image Color Enhancement
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Fig. 5. The study procedure. Each participant completed three news articles or three photos, and each task
item underwent at least 4 initial iterations for exploring the participant’s preference prior.

5.4 Procedure
The overall procedure for the participants is visualized in Figure 5. Participants started the study
with an informed consent form and answered initial demographic questions, including their age,
gender, and levels of language proficiency.

The opinion measurement interface then presents a set of evaluation options to the participants.
The main task is to provide feedback, using the UI, to the AI to summarize the given news articles as
much as possible while preserving the meaning of the article or enhance the image color as much as
possible according to the preferences of the participants. Because the optimizers need initialization
samples, in the first 4 iterations, a participant evaluated outcomes produced by quasi-random Sobol
sampled [60, 74] system parameters. After acquiring these preference priors from participants,
starting from the 5th iteration, the optimizer is used, and participants can freely terminate when
satisfied with the current system outcomes. The task ends automatically after 20 iterations to limit
participation time. After termination, participants answered six questions about their satisfaction
with the system outcomes and their experience using the interface to provide feedback.

Each participant completed three Latin square-shuffled 1) news articles selected from the CNN
daily mail6 dataset, which covered topics of sports, politics, and entertainment7, or 2) photos8
selected from the Sequential Gallery by Koyama et al. [32].

5.5 Participants
We recruited participants worldwide via Prolific. Because participants had different median com-
pletion times in different experimental conditions, we paid between £3 to £9 upon completion, cor-
responding to an hourly wage of £9/h. Participation was under informed consent, and the study
adhered to the European General Data Protection Regulation (GDPR). In total, we collected data
from 635 participants from 25 countries. To guarantee high-quality responses, we only consider
participants if they: 1) had an approval rate of 95%, 2) completed the study only once, 3) answered
with consistent demographics, e.g., not more than five years of age difference in the study com-
pared to the platform registration information, and 4) provided their response in at least a reason-
able amount of time, i.e., spent longer than 3 seconds in each iteration to read the summarized text,
longer than 1 second in each iteration to check the image and interact with the interface according
to our pilot study observations.Therefore, we will report our results based on 360 participants (171
female, 185 male, and 4 diverse; age 𝜇 = 28.14, 𝜎 = 8.39, range 18-66), with varied self-indicated
English proficiency (CEFR scale9: A1 0.55%, A2 0.55%, B1 3.89%, B2 21.67%, C1 43.33%, C2 30.00%)
6https://huggingface.co/datasets/cnn_dailymail, last accessed 2026–10–10
7Article IDs: ea06fd0b25cb9793397a, 35f0e33de7923036a97a, 42c027e4ff9730fbb3de
8https://github.com/yuki-koyama/sequential-gallery/tree/main/resources/scaled, last accessed 2026–10–10
9CEFR scale: https://www.coe.int/en/web/common-european-framework-reference-languages/table-1-cefr-3.3-common-
reference-levels-global-scale, last accessed 2026–10–10

https://huggingface.co/datasets/cnn_dailymail
https://github.com/yuki-koyama/sequential-gallery/tree/main/resources/scaled
https://www.coe.int/en/web/common-european-framework-reference-languages/table-1-cefr-3.3-common-reference-levels-global-scale
https://www.coe.int/en/web/common-european-framework-reference-languages/table-1-cefr-3.3-common-reference-levels-global-scale
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and varied self-indicated image color enhancement expertise (None 12.2%, Novice 46.7%, Interme-
diate 30.0%, Experienced 10.6%, Expert 0.6%). We tested the six InteRfaces with 30 participants
per Domain (Text Summarization and Image Color Enhancement).

5.6 Performance Indicators and Measurements
A high-performance HITL optimization loop is considered successful from the human side when
the human spends less time on providing feedback, can achieve a satisfactory result in fewer it-
erations, and the interface allows the human to give more precise and clear feedback. From the
machine side, the underlying optimizer can learn human feedback more effectively and propose
outcomes of high objective quality faster. Therefore, we measured participants’ interaction details
in each interface as behavior measures. Next, we recorded participants’ provided feedback and cor-
responding system outcomes as feedback measures for the optimization loop. Lastly, we measured
users’ subjective experience with the system after each completion as questionnaire measures.

5.6.1 Behavior Measures. We measured the participants’ interaction in each interface using six
measurements. 1) Decision Time per Iteration, measured from when the evaluation options were
presented to the last time when participants interacted with the interface, 2) Decision Time per
Item, the Decision Time per Iteration divided by the number of items shown, 3) number of iterations
per task, 4) Number of Ranking Interactions, the number of operations to rank the given system
outcomes in listwise interfaces, 5) Number of Indifferent Preference, number of pairs that are rated
the same, and 6)Number of Incomplete Preference counted as the number of times the “I don’t know”
option was ticked per task.

5.6.2 Feedback Measures. To evaluate the optimization loop on the human side, we collected par-
ticipants’ rating and preferential ranking data in each iteration. Here, we used the normalized
number of iterations as PRogRess over the course of the HITL optimization. Moreover, we quantify
human feedback using the user feedback from direct rating (UI1, UI3, and UI610) or the optimizer
learned latent utility from preferential rankings (UI2, UI4, UI5, and UI6). The learned latent utility
is a Laplace approximation of the posterior mean of the estimated utility values [14]. As EUBO
maximizes the posterior expected utility [39], it represents the estimated user feedback when the
query is chosen in the input space based on the available data and the current Gaussian process
model. By comparing the posterior mean values at different iterations, we can gain insights into
how the optimizer performs and whether it converges toward the user’s expected solution.

On the machine side, we computed the Length of the text, the ROUGE (ROUGE-1, ROUGE-2, and
ROUGE-L) [38], and BLEU [56] scores for the optimized text summarization to measure the objec-
tive quality of summarized texts as they correlate positively with human evaluation. Ou et al. [54]
used the exact same measures in their HITL text summarization task. ROUGEmeasures howmany
human-summarized words appear in the machine-generated summaries, and BLEU measures pre-
cision regarding howmany words in the machine-generated words appear in the human reference
summaries. For the image color enhancement, we computed Saturation, Contrast, and Brightness
using a mean of pixel-wise subtraction between source and outcome in the H, S, and V channels
correspondingly. Furthermore, we computed the mean pixel-wise difference of U channels in YUV
color space for Tint changes and similarly in the V channel for Temperature changes. These five
measures are also in line with prior work by Ou et al. [54].

Note: While the computed quality metrics are not true measurements of quality per se, together
with the strategy of the optimizer to always show the current best choice, a consistent trend here
can be seen as an indication of continued improvements and considered a successful optimization

10The ranking distance labels in UI6 are mapped to utility accordingly, e.g., 0 for Terrible and 100 for Excellent.
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if at least one measured objective is being improved. Thus, we measure the semantic meaning
of text summarization and only compare it to one human writer’s ground truth, provided in the
CNN daily mail dataset. Similarly, the color metrics only correlate to human judgment and do
not measure individual color preferences. Although those metrics stay technical, they positively
correlate with human judgment.

5.6.3 Questionnaire Measures. In line with work by Ou et al. [54], we asked six questions to obtain
100-point bipolar Likert scale responses for robust input [23] without ticks to prevent biases [43].
Q1) I strongly agree the final result matches my expectation of the results; Q2) I firmly believe I can
do better a result alone than this AI ; Q3) I am strongly satisfied with the final result; Q4) I strongly
believe the AI indeed improved the result based on my feedback.; Q5) I think the “I don’t know” option
helped me to express my feedback to the AI more precisely, and Q6) I believe I had given clear feedback
to the AI. Here, Ou et al. [54] showed that Q1-Q4 have a high correlation and therefore used the
aggregated value as an indicator for Satisfaction. Q5 indicates whether expressing “I don’t know”
was considered helpful, and Q6 indicates whether users think that the UI can give feedback clearly.
Lastly, we obtained open-ended responses from participants with the instruction “Describe your
experience while working with this AI.”

6 RESULTS
In this section, we first present participants’ behavior regarding interface interactions, including
their total iterations, decision time per iteration, and how they express indifference and incomplete
preferences. Then, we show the effectiveness of the feedback optimization loop regarding the ob-
jective quality and feedback utility. Finally, we present subjective responses and comments from
the questionnaire. Since our hypothesesH1 andH2 in Section 4 compare two UIs, we analyze nor-
mally distributed data using a t-test or a Mann-Whitney-Wilcoxon test in case the Shapiro-Wilk
test [59] indicates that the normality is violated. We use linear mixed models (LMMs) [3, 35] for
H3 and H4 to report our results and to quantify the optimization loop statistically. The models
include participants as a random effect and compare pairwise and listwise UIs between groups. For
non-significant independent two-sample tests, we conduct either a Bayesian independent t-test or
a Bayesian Mann-Whitney test and analyze the Bayes Factor [62, 71] to quantify the likelihood
of hypotheses. The full results are available from reproducible scripts in supplemental materials:
https://github.com/changkun/rankui.

6.1 Behaviors and Interactions
We show comparisons between all InteRfaces in Figure 6 and complement them with detailed
statistics across Domains in Table 3. Below, we will elaborate on the results regarding interaction
behavior in all interfaces for both studied domains (text summarization and image color enhance-
ment) in light of our hypotheses.

6.1.1 Decision Time per Iteration. ForH1, for decision time per iteration, we found no significant
difference between UI1 and UI2 in text summarization, but UI1 caused a significant increase in
decision time compared to UI2 in image color enhancement, see Figure 6 and Table 3. Regarding
average decision time per item, there is a significant difference between UI1 and UI2. This means
that providing comparisons enables faster decisions. For H2, UI3 results in a significantly longer
decision time per iteration than UI1, and UI5 has a significantly longer decision time per iteration
than UI2, which is true for both domains. This indicates that users need more decision time to judge
more given options.

https://github.com/changkun/rankui
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(b) Image Color Enhancement

Fig. 6. Comparisons between opinion measurement interfaces, from left to right: 1) Decision time: Listwise
approaches (UI3, UI4, UI5, UI6) significantly increased decision time per iteration. However, decision time
per item in listwise approaches does not differ from the pairwise (UI2); 2) Iterations: Participants iterate
significantly more in the pointwise (UI1) than in a pairwise (UI2) or listwise (UI3) approach; 3) Ranking
interactions: There is a significant difference between listwise interfaces, when indifference is not permitted
(UI4 vs. UI6) in the text domain, but not in the image domain; 4) Indifference: Participants express more
indifference in listwise approaches if they can (UI5 and UI6) than in the pairwise approach (UI2.) Note
that UI1 and UI4 cannot express indifference; 5) Incomplete preferences: Participants express incomplete
preferences significantly more when they cannot express indifference in listwise approaches (UI4 vs. UI5
and UI6.)

6.1.2 Decision Time per Item. However, when checking decision time per item, UI1 takes signif-
icantly more time than UI3 in both domains, while we found no significant difference between
UI2 and UI5. This indicates that the listwise approach did not increase decision time per item. Finally,
we fitted general linear mixed models for H3 and H4 using the Gamma family with an inverse
link [40]. None showed significant differences in UI3-UI6 regarding decision time, except H4a: It
compares UI2 to UI6, and the effect of UI2 is statistically significant and positive regarding decision
time per iteration. Although the pairwise interface enables faster total decision time when there are
more options, it does not make per-item decisions significantly faster than the listwise approach.

6.1.3 Interaction Behavior – Number of Iterations. For the total iterations, we found that partici-
pants explored significantly more with UI1 than with UI2 (H1) and UI3 (H2a) in both domains, see
Figure 6 and Table 3. However, we found no significant differences between UI2 and UI3 (H2b).
We fitted Poisson mixed models for H3 and H4, and in total iterations, there were no significant
differences for most of the comparisons between pairwise and listwise interfaces (UI2-UI6) in both
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domains.While the pointwise interface (UI1) resulted in significantlymore iterations than the other in-
terfaces, there were no significant differences across domains between pairwise and listwise interfaces
(UI2-UI6).

6.1.4 Interaction Behavior – Number of Ranking Interactions. We recorded the ranking interaction
from UI4 to UI6 for H4, see Figure 6. In text summarization, a fitted Poisson mixed model showed
that compared to the total ranking interactions in UI6 (𝛽=1.627, SE=0.023, t=69.873, p<.001), the
effect for UI4 is statistically significant and positive (𝛽=0.065, SE=0.033, t=1.986, p=.047). For UI5,
the effect is statistically non-significant and positive (𝛽=0.037, SE=0.032, t=1.156, p=.248). However,
in image color enhancement, compared to the total ranking interactions in UI6 (𝛽=4.700, SE=0.064,
t=73.761, p < .001), the effects for UI4 (𝛽=-0.001, SE=0.092, t=-0.008, p=.994) and UI5 (𝛽=-0.001,
SE=.092, t=-.008, p=.479) are both statistically non-significant. In sum, we found that with the same
BO optimizer under the hood, participants tend to produce fewer ranking interactions with UI6 than
with other listwise interfaces (UI4 and UI5).

6.1.5 Preference Type – Expressing Indifference. Following our study design, UI1 and UI4 cannot
express indifference for indifference preference. Thus, we do not evaluate H2a and H3b here. We
found that UI5 prompted participants to express significantly more indifference preference than
UI2 (H2b) for preference-based feedback; see Figure 6 and Table 3. However, we found no sig-
nificant difference between UI3 and UI5 for expressing indifference preference. We fitted Poisson
mixed models forH4a,H4b, andH4d, comparing them to UI6, see Figure 6 and Table 3. The effect
of UI3 is statistically significant and negative compared to UI6. The effect of UI5 is statistically
significant and negative. These results apply to both domains we studied. Hence, compared to all
other UIs, participants express indifference significantly more often when using UI6.

Table 3. Statistics of participants’ behaviors and interactions. Results for H1, H2a, and H2b are tested using
Wilcoxon (W×105), and LMMs are used for H3 and H4. Note that 1) 𝐵𝐹10 are provided for non-significant
results; 2) it is not possible to express indifference in UI1 and UI4; hence H1, H2a, and H3b statistics are
omitted; 3) ranking behavior is onlymeasured for listwise interfaces (UI4-UI6: H4c andH4d), and their results
are shown in Section 6.1.4.

Decision InteRaction PRefeRence
Time BeHavioR Type

per iteration per item number of interactions indifference incompleteness

Text Sum. W r BF10 p W r BF10 p W r BF10 p W r BF10 p W r BF10 p

H1: UI1 vs. UI2 2.140 −.040 .085 .168 2.930 .310 − <.001 .049 .210 − .007 − − − − .037 −.080 .314 .202
H2a: UI1 vs. UI3 1.650 −.290 − <.001 1.360 −.360 − <.001 .047 .180 − .028 − − − − .036 −.100 .386 .128
H2b: UI2 vs. UI5 3.220 .390 − <.001 2.150 .010 .072 .697 .043 .050 .188 .506 .030 −.270 − .002 .043 .070 .227 .255

𝛽 SE t p 𝛽 SE t p 𝛽 SE t p 𝛽 SE t p 𝛽 SE t p

UI5 vs. .015 .001 13.307 <.001 .059 .004 13.307 <.001 1.978 .046 42.693 <.001 1.075 .154 6.997 <.001 −1.741 .437 −3.984 <.001
H3a: UI3 .001 .002 −.572 .567 −.004 .006 −.572 .567 −.001 .065 −.013 .990 −.010 .213 −.047 .963 .312 .566 .550 .582
H3b: UI4 −.001 −.002 −.552 .581 −.003 .006 −.552 .581 −.065 .066 −.984 .325 − − − − 1.831 .542 3.376 <.001

UI6 vs. .015 .001 11.021 <.001 .057 .005 12.357 <.001 1.897 .043 44.615 <.001 1.940 .100 19.359 <.001 −1.904 .440 −4.329 <.001
H4a: UI2 .010 .002 5.020 <.001 −.005 .006 −.736 .462 .042 .059 .712 .476 −1.367 .157 −8.713 <.001 .528 .567 .932 .351
H4b: UI3 −.001 .002 −.355 .723 −.002 .006 −.320 .749 .086 .059 1.463 .143 −.836 .149 −5.61 <.001 .482 .570 .845 .398
H4c: UI4 −.001 .002 −.271 .786 −.002 .006 −.281 .779 .021 .060 .358 .720 − − − − 1.998 .547 3.653 <.001
H4d: UI5 .000 .002 .198 .843 .002 .006 .246 .806 .090 .059 1.534 .125 −.764 .150 −5.084 <.001 .170 .577 .295 .768

Color Enh. W r BF10 p W r BF10 p W r BF10 p W r BF10 p W r BF10 p

H1: UI1 vs. UI2 5.480 .270 − .001 7.130 .650 − .001 .048 .200 − .023 − − − − .026 −.360 − .001
H2a: UI1 vs. UI3 1.870 −.520 − .001 .674 −.800 − .001 .058 .420 − <.001 − − − − .040 −.001 .198 .986
H2b: UI2 vs. UI5 .674 −.800 − .001 1.590 −.520 − .001 .053 .310 − <.001 .026 −.360 − <.001 .044 .100 .252 .203

𝛽 SE t p 𝛽 SE t p 𝛽 SE t p 𝛽 SE t p 𝛽 SE t p

UI5 vs. .046 .004 12.170 <.001 .059 .004 13.307 <.001 1.978 .046 42.693 <.001 1.075 .154 6.997 <.001 −1.741 .437 −3.984 <.001
H3a: UI3 .005 .005 .994 .320 .021 .021 .994 .320 .045 .086 .520 .603 .424 .307 1.381 .167 −1.726 .526 −3.282 .001
H3b: UI4 −.001 .005 −.100 .920 −.002 .021 −.100 .920 .007 .087 .077 .938 − − − − .759 .460 1.651 .099

UI6 vs. .046 .001 45.100 <.001 .183 .017 10.791 <.001 2.200 .060 36.631 <.001 2.197 .154 14.304 <.001 −1.682 .343 −4.907 <.001
H4a: UI2 .095 .001 87.911 <.001 .112 .024 4.572 <.001 .050 .085 .586 .558 −2.740 .258 −10.612 <.001 1.978 .428 4.624 <.001
H4b: UI3 .005 .001 4.984 <.001 .022 .024 .901 .367 −.089 .085 −1.038 .299 − − − − −.326 .482 −.676 .499
H4c: UI4 −.034 .001 −.319 .750 −.002 .024 −.077 .939 −.127 .086 −4.926 <.001 2.0345 .4273 4.762 <.001
H4d: UI5 .000 .001 .044 .965 .001 .024 .022 .983 −.134 .086 −1.557 .119 −1.405 .234 −6.005 <.001 1.308 .436 3.001 .003
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6.1.6 Preference Type – Expressing Incompleteness. We first inspected the Wilcoxon signed rank
test for participants who moved their sliders and used the “I don’t know” checkbox in UI1 and UI4
because these interfaces cannot express indifference preference.We found no significant difference
between adjusting the slider to the midpoint and clicking “I don’t know” (W = 239.50, p = .219; r =
-0.24,𝐶𝐼95% = [−0.55, 0.13], 𝐵𝐹10 = 0.638).This result verifies the prior work regarding the indifference
between incomplete preference and midpoint rating [1] in a bipolar Likert scale and validates our
apparatus. In text summarization, forH1, participants with UI2 did not express significantly more
incomplete preferences than with UI1, similar when comparing UI1 vs. UI3 (H2a), and UI2 vs. UI5
(H2b), see Figure 6 and Table 3. For H3, a fitted Poisson mixed model shows when compared to
UI5, UI3 is statistically non-significant and positive, but the effect of UI4 is statistically significant
and positive. Another fitted Poisson mixed model for H4 shows that, compared to UI6, only UI4
is statistically significant and positive. Similarly, in image color enhancement, results showed that
UI6 is expressed significantly less than UI2, UI4, and UI5. Therefore, compared to all other UIs,
participants tend to express fewer incomplete preferences when using UI6.

6.2 The Optimization Loop
The overall optimization loop produces three types of data: 1) the optimized system outcomes,
2) user feedback (either absolute ratings or preferential rankings), and 3) an optimizer-inferred
(latent) utility function. To analyze the optimization loop, we selected a similar approach that an-
alyzes the stationarity of rating responses [53] and the optimizer predictions [54]: in a successful
optimization loop, the system outcomes should align and come closer to user expectations over
iterations based on user feedback. Otherwise, the system outcomes should go back and forth or
further away from user expectations. As a result, to compare how the optimization loops work
differently in different UIs, we should expect to observe: 1) The objective quality (see Section 5.6.2
for the selected metrics) of optimized system outcomes progress significantly in at least one ob-
jective. 2) User feedback should give higher utility responses progressively. 3) Optimizer learned
latent utility (see Section 5.3.3) increases progressively.

6.2.1 ObjectiveQuality of SystemOutcomes. Thegoal of all InteRfaces is to reduce the text length
while preserving the meaning of the text or to enhance the image color towards participants’
preferences depending on the Domain.

In summary, our results of the objective quality validate that all interfaces can optimize objective
metrics with a consistent trend. In more detail, for the text summarization domain, we measured ob-
jective quality using Length, ROUGE (ROUGE-1, ROUGE-2, and ROUGE-L) and BLEU, which com-
pare the system outcome throughout the optimization loop. We show the progress of the HITL
optimization over time for the measurements in Figure 7a, and all statistical results are consoli-
dated in Table 4. Regarding summarized text Length, UI6 outperforms UI2 and UI4, and the effect
of PRogRess is statistically significant. Moreover, UI6 outperforms UI3 with respect to ROUGE-1,
and the effect of PRogRess is statistically significant for ROUGE-1. For the image enhancement do-
main, we computed how five different metrics changed with PRogRess and looked for consistent
trends. Namely we investigate Brightness, Contrast, Saturation, Temperature, and Tint. We show the
progress of the HITL optimization over time for the measurements in Figure 7b, and all statistical
results are consolidated in Table 4. Here, UI6 outperforms UI3 in terms of Brightness. Moreover,
the effect of PRogRess is statistically significant for all color metrics except Saturation.

6.2.2 User Feedback and Optimizer Learned Utility of Preferences. When using UI1 and UI3, we
asked users to provide absolute ratings of system-generated solutions (for utility-based optimiz-
ers), which we consider a user feedback. In contrast, in UI2, UI4, and UI5, users provide ranking
responses (for preference-based optimizers) that give local preference relations between system
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Fig. 7. Comparing objective quality between interfaces. The blue line is the average utility. The red line is a
linear regression of the blue line, with each individual slope indicated in red.
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outcomes. Based on this, the Bayesian optimizers then infer the learned latent utility. Lastly, in
UI6, as it mixes absolute ratings and rankings, we can analyze both user feedback and the learned
latent utility. We specify the construction of the measure in Section 5.6.2. Thus, we can use either
the user feedback or the learned latent utility to compare the optimization progress between UIs.

In total, we use four LMMs to compare the different UIs using either user feedback or lerned
latent utility as dependent variables. Therefore, we fitted four LMMs regarding user feedback and
lerned latent utility independently from the Domain. We used InteRface and PRogRess as fixed
main effects to compare the performance between UIs; see Figure 8, Figure 9, and Table 4. First,
we investigate the user feedback in both domains. For the text summarization domain, the LMM
results showed the effect of iteration is statistically significant and positive, and UI6 outperforms
UI1 and UI3; see “User feedback” in Table 4. For the image color enhancement domain, the results
show that UI6 significantly outperforms the other UIs. Second, we investigate the learned latent
utility in both domains. The results of the LMM for the text summarization domain showed the
effect of iteration is statistically non-significant and negative. However, UI6 is significantly better
than UI2, UI4, and UI5. For the image color enhancement domain, UI6 significantly outperforms
the other UIs.

In summary, UI6 significantly outperforms the other UIs regarding optimizer lerned latent utility
and user feedback. These results show that through HITL optimizations, UI6 produced significantly
higher utility than all other interfaces (UI1-UI5) in both domains.

6.3 Questionnaire Results
We asked participants six questions (Q1-Q6) to verify their satisfaction (see Section 5.6.3), and the
results are shown in Figure 10. Among these questions, in line with Ou et al. [54] are intended
to measure subjective satisfaction (fairly high Cronbach’s 𝛼=0.792, 𝐶𝐼95%=[0.771, 0.812]). Hence,
we aggregate these questions to a combined Satisfaction indicator. Overall, all interfaces in both
Domains received, on average, positive ratings for satisfaction (>50).

In text summarization, for H1, participants did not report significantly higher satisfaction in
UI2 (M=63.75, SD=18.66) compared to UI1 (M=57.02, SD=20.32). For H2a, also UI1 compared to
UI3(M=59.01, SD=18.45) showed no significant difference. Finally, for H2b, the results show a

Table 4. Statistics of the optimization loop. The main effect of iteration is evaluated for all measured metrics
in text summarization and image color enhancement. Similarly, the main effect InteRface is evaluated by
the comparison between UI6 to all other interfaces. User input utilities are only compared between rating
interfaces (UI1/UI3.) Learned latent utilities are only compared between preferential interfaces (UI2/UI4/UI5.)
Results indicate UI6 outperforms all other interfaces in utility, and the progress over iterations showed that
the optimization loop has a consistent trend. See also Figure 7, Figure 8, and Figure 9 for visualizations.

Opinion MeasuRement InteRfaces (UI6 vs.)
PRogRess UI1 UI2 UI3 UI4 UI5

𝛽 SE p 𝛽 SE p 𝛽 SE p 𝛽 SE p 𝛽 SE p 𝛽 SE p

Text Summerization
User Feedback .005 .001 <.001 −.078 .031 .012 – – – −.042 .031 .169 – – – – – –
Learned Latent Utility .011 .001 <.001 – – – .229 .028 <.001 – – – −.007 .028 .780 −.024 .028 .390
Length −.087 .020 <.001 .260 .427 .544 −.914 .427 .033 −.596 .427 .164 −.949 .427 .027 −.803 .427 .061
ROUGE-1 .000 .000 .495 −.007 .004 .070 .000 .004 .897 .009 .004 .038 .004 .004 .333 .008 .004 .063
ROUGE-2 −.000 .000 .905 −.008 .004 .065 −.005 .004 .256 .007 .004 .114 .002 .004 .625 .006 .004 .138
ROUGE-L −.000 .000 .999 −.008 .005 .093 −.006 .005 .189 .007 .005 .135 .004 .005 .453 .007 .005 .177
BLEU −.000 .000 .553 −.004 .004 .218 −.005 .004 .186 .005 .004 .160 .001 .004 .675 .005 .004 .165

Image Color Enhancement
User Feedback .012 .001 <.001 −.123 .028 <.001 – – – −.183 .028 <.001 – – – – – –
Learned Latent Utility .003 .001 .001 – – – −.170 .028 <.001 – – – −.061 .028 .032 −.062 .028 .028
Brightness .721 .118 <.001 −.896 3.012 .766 1.036 2.985 .729 7.059 2.985 .019 −.616 2.959 .835 −1.355 2.959 .647
Contrast −1.245 .158 <.001 3.154 4.310 .465 1.344 4.271 .753 4.663 4.271 .276 −3.247 4.235 .444 −.734 4.235 .862
Saturation .034 .069 .619 2.296 1.962 .243 −1.503 1.945 .440 1.036 1.945 .595 .067 1.928 .972 −1.326 1.928 .492
Temperature .229 .046 <.001 −1.165 1.206 .335 .804 1.195 .502 .111 1.195 .926 1.210 1.185 .308 .901 1.185 .448
Tint .164 .038 <.001 .485 1.104 .661 .433 1.094 .692 −.624 1.094 .569 −.636 1.085 .558 .182 1.085 .867
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Fig. 8. The user feedback (user input rating utility through the UIs directly) throughout the optimization
loop. The blue line is the average user feedback, and the red line is a linear regression of the blue line. An
increasing user feedback trends indicate the optimization goes more toward the users’ preferences. Thus,
increasing their feedback over time. Here, UI6 outperforms UI1 and UI3 in both domains after completing
the optimization.
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Fig. 9. The optimizer learned latent utility (inferred ranking utility through preferential Bayesian optimiza-
tion) throughout the optimization loop. The blue line is the average utility, and the red line is a second-order
polynomial regression of the blue line. An increasing utility (either direct or latent) trend indicates the opti-
mized text is more toward users’ preferences. In latent utility comparisons of the two domains, UI6 outper-
forms UI2, UI4, and UI5.

significant difference when comparing UI2 to UI5 (M=73.67, SD=20.39). For H3 and H4, we found
no significant differences between all interfaces (UI2-UI6) in terms of satisfaction. Similarly, we
found allowing expressing incompleteness preference in UI6 is significantly less helpful compared
to UI2-UI5 (all p<.050) but not when compared to UI1 in the image color enhancement domain.
For Q6, we found that participants felt they gave more clear feedback when using UI6 compared
to UI2 (𝛽 = −13.933, 𝑆𝐸 = 3.851, 𝑡 = −3.618, 𝑝 < .001) - H4a in image color enhancement domain.

These questionnaire results show that participants were significantly more satisfied (Q1-Q4) with
listwise interfaces than with a pairwise interface. They reported that UI6 was clearer in expressing
their preference and hence expressed fewer incomplete preferences (Q5) and could give more clear
instructions (Q6).
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Table 5. Statistics of ending questionnaire answers. Results for H1, H2a, and H2b are tested using Wilcoxon
(W×105), and LMMs are used for H3 and H4. Note that 𝐵𝐹10 are provided for non-significant results.

Satisfaction (Q1-Q4) Incompleteness Indication (Q5) Feedback Clarity (Q6)

Text Summarization
W r BF10 p W r BF10 p W r BF10 p

H1: UI1 vs. UI2 .028 −.300 – <.001 .039 −.050 .221 .578 .039 −.050 .196 .588
H2a: UI1 vs. UI3 .155 −.040 .274 .511 .135 −.160 – .008 .160 −.008 .189 .902
H2b: UI2 vs. UI5 .053 .310 – <.001 .041 .003 .174 .970 .047 .150 .498 .076

𝛽 SE t p 𝛽 SE t p 𝛽 SE t p

UI5 vs. 59.306 2.694 22.015 <.001 35.722 4.484 7.967 <.001 71.222 3.254 21.886 <.001
H3a: UI3 −3.483 3.810 −.914 .363 1.022 6.341 .161 .872 1.744 4.602 .379 .706
H3b: UI4 −1.692 3.810 −.444 .658 8.144 6.341 1.284 .202 2.200 4.602 .478 .634

UI6 vs. 64.669 2.740 23.601 <.001 38.956 4.335 8.986 <.001 75.211 3.111 24.177 <.001
H4a: UI2 4.675 3.875 1.206 .230 −3.233 6.131 −.527 .599 .878 4.399 .200 .842
H4b: UI3 −8.847 3.875 −2.283 .024 −2.211 6.131 −.361 .719 −2.244 4.399 −.510 .611
H4c: UI4 −7.056 3.875 −1.821 .071 4.911 6.131 .801 .424 −1.789 4.399 −.407 .685
H4d: UI5 −5.364 3.875 −1.384 .168 −3.233 6.131 −0.527 .599 −3.989 4.399 −.907 .366

Image Color Enhancement
W r BF10 p W r BF10 p W r BF10 p

H1: UI1 vs. UI2 .037, −.10 .251 .256 .025, −.37 – <.001 .052, .28 – .001
H2a: UI1 vs. UI3 .035 −.14 .634 .098 .030 −.26 – .002 .038 −.07 .185 .412
H2b: UI2 vs. UI5 .033 −.19 – .029 .049 .22 – .011 .028 −.32 – <.001

𝛽 SE t p 𝛽 SE t p 𝛽 SE t p

UI5 vs. 64.344 2.760 23.312 <.001 36.189 4.042 8.954 <.001 78.822 2.799 28.158 <.001
H3a: UI3 −3.597 3.903 −.922 .359 5.144 5.716 .900 .371 .678 3.959 .171 .864
H3b: UI4 −2.722 3.903 −.697 .487 6.756 5.716 1.182 .240 −2.078 3.959 −.525 .601

UI6 vs. 60.061 2.786 21.558 <.001 21.900 3.912 5.599 <.001 82.800 2.723 30.408 <.001
H4a: UI2 −1.894 3.940 −0.481 .631 24.644 5.532 4.455 <.001 −13.933 3.851 −3.618 <.001
H4b: UI3 .686 3.940 .174 .862 19.433 5.532 3.513 .001 −3.300 3.851 −0.857 .393
H4c: UI4 1.561 3.940 .396 .693 21.044 5.532 3.804 <.001 −6.056 3.851 −1.573 .118
H4d: UI5 4.283 3.940 1.087 .279 14.289 5.532 2.583 .011 −3.978 3.851 −1.033 .303

7 DISCUSSION
Overall, we found significant differences in that all other interfaces outperform the pointwise
interfaces in both studied domains. Still, there are subtle differences between the list- and pair-
wise user interfaces. In this section, we structure the results according to our initial hypotheses
and summarize possible implications and trade-offs when determining the use of an interface for
HITL optimization.

7.1 Validating Hypotheses
H1: Baseline Apparatus Verification. Based on our results, the 2-ANFC pairwise interface (UI2)

outperforms the 1-RS pointwise interface (UI1) because it has a significantly lower decision time
per item and fewer iterations. The 2-ANFC also helped participants to express indifference and
their incomplete preference for better system parameter exploration and exploitation. Participants
using 2-ANFC also reported significantly higher satisfaction compared to 1-RS. This result verifies
that our apparatus is valid and aligns with discussions in prior work [7–9].
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Fig. 10. Questionnaire results. Participants answered six questions per task andwere collected using a bipolar
slider-based Likert scale from text summarization and image color enhancement tasks. 100 means “Strongly
agree“, and 0 means “Strongly disagree”. Participants also provided open-ended responses, which are quan-
tified to sentiment ratings. The results indicate significant differences between the pointwise (UI1) and pair-
wise (UI2) approaches, and the hybrid approach (UI6) outperforms other listwise approaches (UI3, UI4, and
UI5) but shares similar satisfaction and sentiment compared to the pairwise interface (UI2). When using UI6,
participants considered expressing incomplete preference using “I don’t know” as the least useful.

H2:The Listwise Approach. In terms of UI interactions, our results showed that listwise interfaces
(𝑛-RS/𝑛-ANFR, UI3/UI5) provide the following advantages (compared to 1-RS/2-ANFC, UI1/UI2):
1) they allow users to evaluate more options without increasing decision time and iterations;
2) users express more indifferent preferences and less incomplete preferences; 3) they allow im-
plicit comparisons among all given options. However, the direct use of the listwise approach (i.e.,
usingmore sliders to ratemore items than 1-RS or rankmultiple itemswithout distance in𝑛-ANFR)
did not significantly improve the performance of the optimization loop.

H3: Design Variations of The Listwise Approach. When comparing design variations regarding
querying different feedback types for ranking (H3a: 𝑛-RS vs. 𝑛-ANFR, i.e., UI3 vs. UI5), allowing
expressing indifference and incomplete preferences (H3b: 𝑛-AFR vs. 𝑛-ANFR, i.e., UI4 vs. UI5) in
listwise approach, we did not find enough evidence to show a difference in decision time, involved
iterations, and the performance of the optimization loop. The subjectively reported satisfaction
also did not differ significantly from each other. However, 𝑛-AFR expresses significantly more
incomplete preferences compared to 𝑛-ANFR.

H4: The Hybrid Approach. We found that the hybrid approach (𝑛-ANFRD, UI6) did not differ
from 2-ANFC (H4a), 𝑛-RS (H4b), 𝑛-AFR (H4c), 𝑛-ANFR (H4d) in terms of decision time per item
and involved iterations, and subjective satisfaction. However, 𝑛-ANFR lets participants express
indifference significantlymore than other interfaces, resulting in fewer ranking interactions.When
checking the performance of the optimization loop, 𝑛-ANFRD showed significantly higher user
input utility throughout the loop and higher latent preferent utility compared to pairwise and
other listwise interfaces.

7.2 Interpretation and Implications
While we initially assumed using a listwise approach that increased the number of parallel compar-
isons could improve the overall performance, the results did not support this assumption, partic-
ularly for acquired decision time. Based on the validation of H3, neither 𝑛-RS (UI3, utility-based)
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nor 𝑛-ANFR (UI5, preference-based) show a significant advantage and only increased the over-
all decision time in the loop compared to 2-ANFC (UI2, preference-based). This might be because
neither 𝑛-RS nor 𝑛-ANFR provided enough support for participants to reduce the overall noisy
observations, and there is room for improvement when using a BO optimizer specifically designed
for listwise UIs. In 𝑛-RS, despite multiple given alternatives, participants might not notice the rel-
ative position between different sliders; in 𝑛-ANFR, the UI did not demonstrate enough absolute
cues to participants on how pure ranking can influence their input, and a pure local ranking may
not give participants information on a global overview.

Instead, the 𝑛-ANFRD (UI6) hybrids collect utility-based and preference-based feedback by pro-
viding rating scales in the regular listwise ranking UI. Similar to other listwise UIs, based on the
validation of H4, although𝑛-ANFRD increased total decision time, our results show the general ad-
vantage of preference elicitation (expressing more indifference, fewer ranking interactions, fewer
incomplete preferences, and better performance in the optimization loop). This could be inter-
preted as the UI starting to offer participants implicit recall support for their past ratings if their
ranking positions are improving. In addition, 𝑛-ANFRD resulted in fewer ranking interactions and
made it clearer for participants to express a ranking decision compared to other purely listwise
ranking interfaces. Furthermore, our results regarding designing UIs to support indifference and
incomplete preferences offer implications for future modeling algorithms. In Bayesian optimiza-
tion, indifference preference behavior could be an indicator to inform the acquisition function
to avoid exploiting these areas; incomplete preferences might be another indicator to balance ex-
ploration and exploitation. Depending on the context, one might design the algorithm to a) avoid
exploring a space where people had an incomplete preference to reduce input uncertainty, or alter-
natively b) explore it evenmore for creativity support and then integrate the measured preferences
with more interaction behavior, such as interface features and task completion time [20], to better
support the optimization process.

7.3 Design Trade-Offs
Aswe validated in our hypotheses, there aremany subtle differences between pairwise and listwise
interfaces when permitting users to express indifference and incomplete preferences. This gives us
evidence of how they could impact HITL optimization performance. Below, we discuss potential
trade-offs when using these interfaces.

7.3.1 Guideline 1: Pointwise Approach. The pointwise slider-based interface has proven useful in
many disciplines, such as psychology, subjective scale measures, etc. It is useful to identify social
agreement among populations and measure the direct utility given by a human. The technique
for processing these types of data is also mature. But it is precarious and problematic when di-
rectly applying it to individual sequential measurements. Future HITL optimization systems or
any sequential measurement should generally avoid using this approach.

7.3.2 Guideline 2: Pairwise Approach. A pairwise interface only requires a human to judge based
on the comparison of two given items. Since there is no measured utility and it only provides rel-
ative information about two items, the modeling of the latent utility function could suffer from
a change of criteria and intransitive preference when the anchoring point between two sessions
is not chosen properly. When an iteration receives an incomplete preference, the underlying op-
timizer could not receive much useful modeling information. However, when a design objective
is to optimize for fast decisions, the pairwise approach (2-ANFC) is a winner among alternative
listwise designs.
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7.3.3 Guideline 3: Listwise Approach. Listwise interfaces establish a comparison by increasing the
number of alternatives. Similar to the pairwise interface, a listwise interface without measuring
ranking distance (𝑛-AFR and 𝑛-ANFR in our study) requires a properly sampled anchoring option
between iterations to establish a ranking function. Otherwise, there is no direct association be-
tween iterations. Instead, a listwise interface that allows expressing ranking distance (𝑛-RS and
𝑛-ANFRD in our study) conveys an implicit association between different iterations regardless of
whether the human provides local or global judgments it is more suited to use in a HITL opti-
mization context. Furthermore, 𝑛-ANFRD is better than 𝑛-RS because a concentrated participant
may not notice the relative slider position between parallel judging options in 𝑛-RS, but 𝑛-ANFRD
explicitly visualizes the ranking in the UI for users, which helps users more clearly express their
opinion in a sequential task. As design suggestions, when there is a limited measuring budget, e.g.,
one can only query humans for a very limited number of opinions, applying listwise interfaces is
considered better than pairwise because it provides more measurement of their opinion and does
not decrease the optimization performance. Furthermore, allowing users to express the ranking
distance (𝑛-ANFRD) is the winner of all listwise variations (𝑛-RS, 𝑛-AFR, and 𝑛-ANFR).

7.3.4 Guideline 4: Measuring Indifference and Incomplete Preferences. When measuring more ac-
curate user opinions, allowing them to express indifference and incomplete preferences is crucial.
For the pointwise interface, these two different types of preference were implicitly ignored and
treated as being indicated by centering the slider. This interpretation of a central slider position
may be true with proper task wording. Still, it may be easily misused and produce more noisy
input when a user does not know how to express their opinion with the interface. Therefore, in
the HITL optimization scenario, it is better to explicitly design these two functionalities to support
users in expressing their indifference and incomplete preferences. This information could also in-
form optimizers to avoid exploring these areas. This is particularly important when the evaluation
budget is very limited in the HITL optimization context.

7.4 Limitations and Future Work
Our study used a text summarization task and an image color enhancement task to explore the
impact of interfaces in HITL optimization. While these domains are common and make it easy to
run a study online at scale, we did not verify our results on more domains. Although we did not
find a large difference between the text and image domains, the same study paradigm could be
evaluated in other domains, such as the 3D domain, where visual decisions are harder to make
due to the complexity of geometry, which may result in different observed behaviors. This might
be interesting for future investigation.

Since our optimization context is highly dependent on humans and modeled human feedback
as objective functions, the system performance highly depends on the quality of human input.
The responses collected online may be influenced by participants’ environments, such as slow
decision time due to external distractions. Moreover, for the preferential settings, depending on
the underlying optimizer (e.g., Brochu et al. [8]), the decision time might be different if the system
repeatedly returns the current optimum.

Our study evaluated opinion measurement interfaces, not optimizers. However, differently de-
signed listwise interfaces could benefit from dedicated Bayesian optimizers. Without a specialized
BO optimizer, our suggested 𝑛-ANFRD interface supports the user to express a ranking distance
and still outperforms other interfaces in various aspects, such as fewer ranking interactions, more
clearly stated indifference, and rarely expressed incomplete preferences. We also did not look into
a detailed inspection of the cause of indifference and incomplete preference. This leaves a large
potential for 1) future HCI research to study factors, such as involved expertise, and 2) future BO



Rethinking Opinion Measurement Interfaces for Human-in-the-Loop Optimization 25

algorithmic research to model the influence of different optimizers on the same interface, the in-
teraction effects between interfaces and optimizers, and more realistic modeling of indifference
and incomplete preference.

Lastly, we focused on the design space for aggregated preferences and used Bayesian optimizers
that assumed one latent preference function. However, this could be limited by the human pref-
erence aggregation process, where multiple criteria may not be expressed simultaneously. Future
work can extend the design space to multi-criteria opinion measurement interfaces and further
exploit multi-objective Bayesian optimization methods [4, 16]. Similarly, our discussed taxonomy
and design space only considered structured measures. Hence, we did not explore UIs that utilize
unstructured input, such as text prompts [15] and human-sketched edits [12] of generative models.

8 CONCLUSION
In this paper, we revisited the design space of opinion measurement interfaces in the HITL op-
timization context. Concretely, we aimed to determine the best-suited interface to query human
judgments in sequential evaluation. We found subtle differences between pairwise opinion mea-
surement interfaces and listwise ones: In particular, listwise interfaces helped users express more
indifference preferences over incomplete preferences than the pairwise interface. Moreover, the
hybrid interface that mixes the utility-based and preferential ranking-based feedback to counter-
balance the limitations of each approach could better emphasize the relative relation of options
for users and achieve better HITL optimization performance. As winners, both 𝑛-ANFRD and 2-
ANFC have unique advantages. The design decision between them is a trade-off of decision time,
the precision of measured human feedback, and overall optimization loop performance.

Looking ahead, the exploration of interface designs for HITL optimization does not end here:
Our considered design space only covers structured human inputs bound to suitable optimizers,
i.e., utility and preferential data. With the increasing developments in large language models, it
would also be interesting and challenging to explore, quantify, and evaluate human-in-the-loop
interfaces that allow unstructured inputs such as using a text prompt [15] to alter media data
using diffusion models [61]. Our results here provide a starting point in this direction.

OPEN SCIENCE
We encourage readers to reproduce and extend our results. Our developed user interfaces, op-
timizers, collected datasets, and analysis scripts are open source and made available at https:
//github.com/changkun/rankui.
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Fig. 11. The performance benchmark for validating our implemented Bayesian optimizers (for different UIs)
compares to a random exploration (baseline). Higher y-axis utility values mean better exploitation perfor-
mance. The upper row shows exploitation performance using a random sampler for the initial samples. The
bottom row shows exploitation performance using a Sobol sampler. Each column shows the performance of a
different synthetic function. The results validate our implemented BOs and outperform random exploration.

As described in Section 5.3.3, for utility-based UIs (1-RS/𝑛-RS, UI1/UI3), we implemented a utility-
based BO; for preference-based UIs, we use EUBO [39] that is designed for pairwise comparisons
(2-ANFC, UI2); but also for all listwise interfaces (𝑛-AFC/𝑛-ANFC/𝑛-ANFCD, UI4/UI5/UI6), to not
introduce another experiment variable.We adopted EUBO so that the optimizer can infer a batch of
outcomes based on ranking preferences. To demonstrate the validity of our implemented Bayesian
optimizer, we selected four standard synthetic functions11: Weighted Vector Sum (5D), Hartmann
(6D), Levy (10D), and Ackley (20D) for the benchmarks. The results in Figure 11 demonstrate that
all of our implemented Bayesian optimizers outperform random exploration. Full implementation
details can be found in the supplemental material.

11See https://www.sfu.ca/~ssurjano/optimization.html for exact definitions, last accessed 2026–10–10

https://www.sfu.ca/~ssurjano/optimization.html
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