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Figure 1: The interface for optimizing 3D model simplification using an expert in the loop. In each iteration, the interface
presents four 3D models. Participants can drag and drop the top right blocks to a suitable rating region to provide a ranking at
submission. Each of the regions can contain multiple blocks. Blocks can be put into “I don’t know” to express an incomplete
preference. Participants can indicate their satisfaction by terminating the optimization loop. To inspect the 3D model quality,
they can zoom in/out, pan, and rotate the 3D models simultaneously using a mouse.

ABSTRACT

Human-in-the-loop optimization utilizes human expertise to guide
machine optimizers iteratively and search for an optimal solution
in a solution space. While prior empirical studies mainly investi-
gated novices, we analyzed the impact of the levels of expertise on
the outcome quality and corresponding subjective satisfaction. We
conducted a study (N=60) in text, photo, and 3D mesh optimization
contexts. We found that novices can achieve an expert level of qual-
ity performance, but participants with higher expertise led to more
optimization iteration with more explicit preference while keeping
satisfaction low. In contrast, novices were more easily satisfied and
terminated faster. Therefore, we identified that experts seek more
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diverse outcomes while the machine reaches optimal results, and
the observed behavior can be used as a performance indicator for
human-in-the-loop system designers to improve underlying models.
We inform future research to be cautious about the impact of user
expertise when designing human-in-the-loop systems.
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1 INTRODUCTION In particular, we are interested to segow the answers to these
Human-in-the-loop (HITL) p1] optimization uses human expertise questions could provide insights for designing future HITL systems
to improve machine capabilities. It optimizes system parameters 10 cover a spectrum of di erent application domains, we consider
according to human evaluation feedback and supports humans to text summarization [64], photo color enhancement [39 41], and a
obtain better outcomes in a variety of areas, such as co-creafish[ 3D model simpli cation task P1, 31, 53 to evaluate the relation
personalized recommendatioB], and decision-making4]. When between user expertise, satisfaction, and system outcome quality
designing a system that involves human feedback, a frequent design when interacting with an intelligent system. Figure 1 shows one of
decision is not to query absolute human ratings but to ask about OUr ranking interfaces for HITL optimization. Our selected tasks
the preferred option among a set of design alternatives[71]. If are not only challenging to design algorithms for and to solve
this is done repeatedly, the system iteratively models the user's technically, as they require not only objective measurements but
preferences from the given feedback to infer the next optimal set 2lS0 subjective opinionsZ 45. Therefore, we conducted a study to
of options. From a machine perspective, these options represent collect choice behaviors in a user group (N=60) with di erent levels
curiosity regarding what humans might prefer. of expertise in three contexts to assess the overall interaction and
When humans face a design problem that requires adjusting optimization loop. We also asked about their subjective satisfaction
various system parameters for the desired outcome, it is tedious regarding the nal system outcomes.

to tweak them without prior expertise with the system's behavior. ~ AS @ key result, we evaluate the connection between user exper-
To improve the feedback loop e ciency, one can substitute this ~ iSe, subjective satisfaction, and the quality of the system outcomes
process of choosing di erent parameters with adaptiegploration in an interactive feedback loop. Our evaluation indicates that novice

andexploitationusing human choices. Among many existing ap- subjects can produce an equal outcome quality even faster (and be

proaches, the Bayesian optimization (BO) technique is frequently More satis ed with it) than those with higher expertise. The main

used and preferredi[, 12, 61). With BO applied, the user interface contribution of this paper is an empirical investigation of the im-

(UI) can, for instance, present multiple design alternatives, from pact of involved human expertise on the overall HITL optimization

which users then make a decisiofiJJ. The system automatically performance. We also discuss design implications and potential

predicts the next best estimations and presents them again based future directions to consider the impact of user expertise in HITL

on past choices. The process not only removes the user workload OPtimization applications.

of tweaking parameters but is also expected to propose desired

outcomes eventually4d. An underlying assumption is thatthe 2 BACKGROUND AND RELATED WORK

system outcome could improve when more human expertise is 1o start, we brie y discuss the state-of-the-art approaches for model-

involved in this interaction loop. ing human feedback iteratively using Bayesian optimization. Then,
However, the system might not always be e ective in achieving e overview prior literature in the social sciences, mainly psy-

user satisfaction. There are several known reasons for this, such as cnology, to resolve the potential ambiguity regarding the terms

context[57, timing [24), trustworthiness B9, cognitive biases], satis cing and expertise and approaches to quantify them. They

and unstable and contradicting preferenceésy Speci cally, inco-  serye as the foundation of our problem description and support our

creation, a user is not always satis ed with the results generated by assessment of user expertise and satisfaction in HITL settings.

the machine due to the lack of practical creativity in the syste&t];

in a personalized recommendation, the machine may converge to 2.1 Modeling Preference from Human Feedback

some xed recommended content and cannot bring fresh ideas

for users BZ]; even in the process of Al-assisted decision-making, Human-in-the-loop optimization outcomes depend on the machine

users may not hold enough trust in the results provided by an algorithm capability as well as the preferential feedback expressed

algorithm [18]. by a human user. Studies on the term preference appear in many
Although there are strategies to mitigate these subjective imper- disciplines. For clarity in the subsequent discussions, in this paper,
fections on the human side, such as improving transparer@s,[ we follow Hausmar{27] in their counterargument against elimi-

interpretability [19], and control [72], the reported dissatisfaction, ~Nating preference using choic&f] and acknowledge the existence
lack of freshness, and trust remain subjective and are measured Of Preferencen our use of terms, shown in Figure 2, preference is
exclusively using subjective scales, Moreover, empirical studies also & Subjective concept representing an impermeable and unobserv-
mainly report based on novice user groupsd 40. The impact able state of an |nQ|V|.dyaI mind. A preferenc_e may or may not be
of the involved expertise on the overall system outcome quality is Present when the individual encounters multiple giveiptions A
rarely discussed. On the other hand, we can not easily assess the choicadenotes the objectively observable actions of the individual
objective outcome quality reliably if the results partially depend ~that selects at least one option among the given ones, @edsion

on subjective concepts. Since the expertise involved plays an im- O judgmentreveals a subjective realization process from a pref-
portant role in the obtained human feedback, we investigate the €rence towards a choice. A choice may not re ect the underlying
following two research questions: preference due to external in uences.

RQ1 How do HITL optimization outcomes di er objectively when [N existing theories regarding preferences in psychology and
using preferential feedback from humars®i economics, theoretical models tend to infer preference from com-
RQ2 What is the impact of the involved user expertise on the Parisons b and rely on basic axioms]] of this preference logic:
system outcomes and subjective satisfaction? completenesand transitivity. The completeness axiom assumes

the existence of preference, which guarantees that individuals can
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always express their preference by choosing among at least two
options; transitivity means that we can infer that A is preferred
over C if we prefer A over B and B over C.

Although these axioms are convenient for a rigorous discussion
of the logic of preferences, they are still strong assumptions that
may easily be violated. Behavioral literature shows that choices are
partly dominated by the context§7], and the transitivity axiom is
not applicable when implicitly involving other judgments that were
not previously considered. For example, when a human prefers
A over B and B over C involving only one objective, they may
implicitly involve another, previously unconsidered objective when
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choice B4. To overcome the violation of preference axioms, PBO
has also considered handling noisy inpu#d and guarantees the-
oretical convergence when dealing with unstable choices. Despite
all these developments in PBO, we still observe two challenges in
practice: The rst challenge is that a human might change their
objective during the integrative optimization, even using pairwise
comparisons, because PBO assumes a xed implicit underlying
choice function which it can learn. Although PBO can deal with
noisy inputs, another challenge is that it requires much more itera-
tions to let the optimization converge. This is usually very costly
when involving a human, and we also need to design the Ul carefully

choosing between A and C as a pair. As a result, C may be preferred to mitigate these issues and reduce user errors.

over A. Moreover, the completeness axiom may be violated when
the human thinks that | don't know or | don't care among
two subjectively indistinguishable options, thus causingaadom
choice

Since BO learns aosteriorfrom human feedback, it aims to
search for a maximum of an unknown function by exploring and
exploiting the solution space. Therefore, it can propose examples
using anacquisition functionask the human to provide a choice,
and then infer the underlying preference iteratively. When deal-
ing with choices from pairwise comparisons, preferential Bayesian
optimization (PBO) as a specialized category of BO has received
increasing development in recent studie®q 33 40 49, 6. While
BO learns based on absolute rating utility (rate and assign a score to
an option), PBO learns from human choice in pairwise comparisons
according to Thurstone's law of comparative judgmer@d. To
avoid the mentioned violations of the transitivity axiom, the recent
extensions 7, 40 67 to PBO transited from using a binary pairwise

Therefore, there are several major design considerations to ob-
tain reliable preference from choice: 1) the underlying learning
algorithm should e ectively deal with feedback uncertainty and
noisy input of an individual being, 2) the objective of the user task
should be provided to avoid incomplete preference, and 3) The
user interfaces should support users to express their incomplete
preferences explicitly.

2.2 Bounded Rationality and Satis cing

Understanding the satisfaction of users when they are involved
in a loop requires deeper insights from human psychological fac-
tors regarding bounded rationality and satis cing. Sim¢@3] rst
coined the termbounded rationalityo describe the perceived in-
formation limits individual rationality. This observation provides a
su cient discussion base for interpretations regarding irrational

comparison to using a reasonable amount of options. These exten- decisions. As previously discussed, Tversky and Kahnefaah

sions can largely prevent violation of the transitivity axiom and
infer more information at a time because they either consider choos-
ing a set of options as winners among all given optiors 4(; or
provide a ranking of all given options, where options may share the
same level of rank§2. Note that more ranking elements may also
increase the uncertainty for users to make imperfect decisios [
due to increased workload. Thus, one should carefully consider the
presented number of elements.

Although PBO has used pairwise comparisons to mitigate var-
ious issues regarding unstable human judgments, these current
approaches could also violate preference axioms due to cognitive
limitations. Tversky and Kahnemaf67] have widely presented
how heuristic biases might in uence the choice behavior. Exter-

emphasized one possible category of systematic errors from the cog-
nitive perspective. In recent discussions] 23, researchers take
a statistical perspective and underline that recurring noise could
also contribute equally34 to bounded rationality. This is met by
matching behavior from the preference point of view, as bounded
rationality appears in the decision or judgment process and causes
the violation of the completeness axiom duedatis cing.

Satis cing is a good enough decision strateg$§ 63 that ends
the search process when a certain threshold quality is met. When
some of the presented options are subjectively acceptable, the e ects
of bounded rationality and satis cing cause the process to terminate
with a sub-optimal outcome. An opposite decision tendency is called
maximizing where a nal decision cannot be made without enough

nal causes can also produce a considerable amount of noise in information. Schwartz et al[60] provided evidence by assessing

Iwe use PBO as a more general term to represent a category of methods that infer
preference from choice, in contrast to the speci c approach by Gonzalez et al. [24].

Figure 2: A decision process turns an internal preference
state into an observable choice. The choice may not re ect
the underlying preference due to external in uences.

subjective happiness and individual di erences in what people
aspire to when they make decisions in various domains of their
lives. People who use a maximizing strategy desire the best possible
result. Although the authors did not nd any strict causality for a
maximizing strategy producing signi cantly lower satisfaction with
life than satis cing, they argue that a maximizing decision strategy
might constantly look for better objective outcomes. In modern
recommender systems, for example, prior woJ showed that a
satis cing strategy leads to quicker selections and increased content
viewing time. In contrast, subjects using a maximizing strategy
spent signi cantly more time on selection activities. In comparison,
subjects using satis cing decision strategies spent signi cantly less
viewing time, regardless of subjective content quality.
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The objective reasons why HITL optimization systems work dif-
ferently for bounded rational human agents remain underexplored.
Although previous psychology research correlated rationality with
using satis cing and maximizing decision strategies, there is little
discussion about what objective properties lead to the reported
subjective dissatisfaction in this new context. Especially as the pre-
viously reported unsatisfactory results rarely evaluate the objective
quality of optimized choice options while involving di erent levels
of rationality, we also wonder if an unsatisfactory result has compa-
rably lower quality or whether satis cing is su cient to maximize a
machine learner's capability. In addition, with proper selection on a
task, the quality of a rational choice is also part of the consequence
of human intelligence, known as expertise . Concerning decisions
using expertise, empirical research also reports that people with
high expertise apply more criteria during their decision, especially
clinic decisions 25, which proved less e cient and more corre-
lated to a maximizing strategy. Still, it remains unclear what the
satisfaction would be in this case.

2.3 Expertise in Context

To analyze the concept of expertise and quantify the impact of
involved expertise, one of the most straightforward questions re-
garding expertise is: what is an expert? Depending on the domain
context, there are di erent decompositions of the concept of exper-
tise. In particular, Garrett et a[22] describe six di erent dimensions
regarding expertise, whereas Collifis5] suggests three dimensions
and Kotzee and Sm[B8] suggest only two dimensions based on
social aspects. On a higher level, Bourne e8] argues for inter-
preting expertise as a descriptive term that involves knowledge and
skills, which are mental or cognitive concepts rather than physical
talent. Therefore, tasks that might be physically quickly adapted
and measured regarding e ciency are less suited to verifying the
expertise involved.

To quantify the loosely de ned concept expertise, a range of

theoretical models have been developed, e.g., by describing a game

between a decision-maker and an expert who proposes optidas [
For our purpose here, we are interested in quantifying the level of
expertise of a speci ¢ human within a particular context. Treem and
Leonardi[66] propose to de ne 1) an observer who knows what it
looks like and 2) an expert who has an objective communicative skill
that outperforms the observer who can infer their expertise. Ooge
and Verber52] further developed this concept and introduced a
third metric for inferring expertise by using a preliminary task to
measure a person's performance.

Because of the interpretation ambiguities and di erent argu-
ments about proper measures in other contexts, instead of asking
about an absolute level is A an expert?, identifying a person with
a comparatively higher level of expertise than another appears to be
a more reliable local assessment. This transition turns the expertise
assessment into a ranking question is A better than B in context
C? similar to preference orderingdd. Ferrod et al[20]turned the
problem of detecting the level of expertise of a user from dialogues
into a text classi cation task that concerns and emphasizes exper-
tise in the telecommunication domain. Although their measures
are not directly transferable to a general context, the classi cation

Ouetal.

methodology con rms thatrelativeexpertise inferred from classi -
cation can avoid de ning absolute levels. The literature analysis in
this section identi ed that expertise is highly context-dependent,
and that human experience is relevant. To measure the involved
expertise in a feedback loop, one does not only need to measure the
human experience but also needs to consider the context involved.

3 USER STUDY

We designed the following user study to answer our research ques-
tions RQ1 andRQ2). To understand the impact of expertise on
satisfaction, we hypothesize that by using HITL optimization, partic-
ipants with a higher level of expertise will produce a better outcome
quality and perceive higher satisfaction than novice participants. To
verify this, we designed a between-group controlled experiment in
three problem contexts: text summarization, photo color enhance-
ment, and 3D model simpli cation. As dependent variables, we
measured participants' expertise in a domain context, interactions
with the system, and feedback from nal questionnaires (individual
rating scales and open questions).

3.1 Problem Context

In a HITL optimization context, it is more tting to use decision-
making tasks that sit between pure subjective preference matter
(e.g., favorite colors) and well-de ned objective optimization prob-
lems that can be solved procedurally (e.g., nding the global min-
imum of a strict convex continuous function). We need to select
tasks where users provide ranking feedback using their expertise.
A task should also be iterative for observing progress and partially
subjective because users could balance the trade-o on di erent
objectives.

We selected tasks that include text summarization, photo color
enhancement, and 3D model simpli cation for the following rea-
sons: 1) They all partially involve rational, objective judgment, and
subjective components. 2) Each domain requires di erent levels
of human expertise: text summarization only requires language
pro ciency, which is a fundamental human expertise; photo color
enhancement requires an understanding of aesthetics and color
theory; 3D model simpli cation requires domain-speci c technical
3D modeling expertise. 3) All these contexts had been discussed in
the HITL optimization literature B9 41, 53 64 individually but
not compared to each other together.

3.2 User Interfaces for Data Collection

Figure 1, and 3 show our Uls in the HITL optimization main task
for 3D model simpli cation, text summarization, and photo color
enhancement, respectively. All interfaces collect a participant's ex-
pertise at the beginning of the study, then present four variants
through the interface. When a task is over, the interface presents
six nal questions and an open question regarding their satisfaction
and overall experience when interacting with the system. In all sys-
tem interfaces, users can express their ranking choices, and users
provide a ranking of the current four result variants on the inter-
face's right side. Additionally, in the 3D model simpli cation task,

a user can rotate, zoom, and move the four models simultaneously
to inspect and compare the quality of the models. In line with prior
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(a) Al-based text summarization.

(b) Al-based photo color enhancement. The photo is taken from Koyama et al. [40].

Figure 3: The ranking interface for a) text summarization and b) photo color enhancement. In each iteration, the interface
presents four options. Participants can drag and drop the top right blocks to a suitable rating region to provide a ranking of the
options regarding the given objectives. Each of the regions can contain multiple blocks. Blocks can be putin the | don't know
region to express an incomplete preference.

work by Ou et al [53], we use a listwise interface with four vari- 3.3  Apparatus

ants instead of two pairwise comparisons to increase the collected g developed the frontend Uls using MaterialJReact Dni3
feedback in each iteration without increasing system processing  and three.jé. Apart from the frontend, our backendore service
and data transmission time. After the user submits the ranking s written in Go° for easier concurrency management. It serves

information, the background system will utilize this information o frontend interfaces, data collection, and communications with
and then optimize and infer the next optimal set of variants. We

also added an | don't know container box to the ranking Ul and zhttpsﬂ/mui-com/,last accessed February 13, 2023

allowed participants to express incomplete preferences. This design https://react-dnd.github.io/react-dnd/abougst accessed February 13, 2023

.. N . X 4https://threejs.orgjast accessed February 13, 2023
is intended to prevent the violation of the completeness axiom. Shitps://go.devlast accessed February 13, 2023
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