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Abstract

Reinforcement learning from human feedback (RLHF) has emerged as a key enabling technology for aligning Al behaviour with
human preferences. The traditional way to collect data in RLHF is via pairwise comparisons: human raters are asked to indicate
which one of two samples they prefer. We present an interactive visualisation that better exploits the human visual ability to
compare and explore whole groups of samples. The interface is comprised of two linked views: 1) an exploration view showing
a contextual overview of all sampled behaviours organised in a hierarchical clustering structure; and 2) a comparison view
displaying two selected groups of behaviours for user queries. Users can efficiently explore large sets of behaviours by iterating
between these two views. Additionally, we devised an active learning approach suggesting groups for comparison. As shown by
our evaluation in six simulated robotics tasks, our approach increases the final rewards by 69.34%. It leads to lower error rates
and better policies. We open-source the code that can be easily integrated into the RLHF training loop, supporting research on

human—Al alignment.

Keywords: interaction, human—computer interfaces,visualisation, visual analytics

CCS Concepts: * Human-centred computing — Visual analytics; Computing methodologies; Learning from critiques;

1. Introduction

Over the last decade, success with reinforcement learning (RL)
has expanded to a wide range of difficult tasks, among them Go
[SHM*16], Dota 2 [BBC*19], and Atari games [MKS*15]. The
main idea in this method of experience-based training for artificial-
intelligence (AI) models [SB18] is to reward preferred behaviours
and punish the non-preferred ones. By optimising for reward (i.e.,
a numerical value from a reward function that judges the model’s
behaviour), the AI model improves its policy, a mapping from each
state to an action. In this context, behaviours are segments of the
agent’s state—action sequences. For example, one might be part of
a written response; a generated image; or a time series of angles,
positions, and torques of a robot’s joints. The behaviour space en-
compasses the set of all behaviours sampled as of the given time to
present for human inspection.

Reward functions pose a problem, however. It has proven highly
challenging to link them to human preferences by means of math
ematical equations [Mah96, GCJ*24]. Therefore, research has
turned to human feedback as a source of guidance for RL. One
of the most popular methods of this kind is reinforcement learn-
ing from human feedback (RLHF) [CLB*17]. It applies the prin-
ciple that, repeatedly, human evaluators shown two behaviours by
an Al model (e.g., distinct images/videos) choose which of the two
they prefer, thus generating preference data that function in train-
ing a reward model, which serves as the reward function [CLB*17,
ZSW*19, OWJ#*22]. This concept has informed work on such hard-
to-formulate objectives as safety [DPS*23], factuality [SSC*23],
and aesthetics [WDR*23]; on fine-tuning models to generate images
better aligned with human preferences [BJD*23, LLR*23]; and on
stronger grounding for textual explanations of images [YYZ*23].
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(a) RLHF via standard pairwise comparison
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(b) RLHF via interactive groupwise comparison
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Figure 1: The standard RLHF uses pairwise comparisons and therefore requires a large number of comparisons leading to a high workload.
The comparison pairs are suggested by the system and cannot be chosen by the user. Our RLHF approach provides more agency to the user
and demands less work: we leverage the user’s visual abilities to effectively explore the behavior space via hierarchical grouping in the
‘exploration view’ and to select groups for comparison. RLHF, reinforcement learning from human feedback.

Standard RLHF [CLB*17] relies on pairwise comparisons—that
is, asking users to judge many pairs of behaviours in succession (see
Figure 1a) until a set comparison-count threshold is reached. This is
highly laborious work, though, and leaves no agency for the users,
who cannot choose which behaviours to compare. It displays major
limitations:

¢ Time-inefficiency: Looking at one pair of behaviours at a time
is time-consuming. Gathering enough human feedback requires
700-plus comparisons for even simple behaviours such as a robot
walking forward [CLB*17]. It is labour-intensive and costly.

e Lack of user agency: Users have a clear idea of what the desired
agent behaviour should look like, yet standard RLHF does not
permit them to explore and select behaviours interactively, to pro-
vide more effective feedback.

* [Inability to exploit context-related information: Standard imple-
mentations neither show nor utilise valuable context information:
there is no abstract overview of all behaviours, list of the compar-
isons already made by the user, and so forth. Users are left unable
to understand the broader behaviour space.

Therefore, standard RLHF can be impractical in applications that
require the expertise of a specialist (e.g., a medical doctor) and in
settings wherein the aim is to teach a model for a creative purpose
(such as game design). Such cases would benefit from more user
agency and a lower workload than the standard RLHF approach af-
fords [DKF22].

We set out to expand the reward-elicitation interface substan-
tially by visualising the entire behaviour space in a hierarchi-
cal manner and letting users navigate it freely, thereby exercis-
ing greater agency. We enabled them to categorise behaviours into
separate groups, then compare these groups with each other. Our
tests showed that this increases efficiency; more preferences can be
recorded in a given time span than with the standard approach, and
the final policy returns are improved, thanks to letting the user give
more informative feedback. Furthermore, we decisively augmented
the behaviour space’s depiction by visualising the progress thus far
and suggesting sets to compare next. The user gains power to review

earlier decisions and adapt the work accordingly. Figure 2 illustrates
the interface created.

Prior work tackling user interfaces for RLHF addresses modu-
lar environments’ role in rapidly developing such interfaces and
analysing the feedback [MLB*23, YHM#*24]. Groupwise com-
parison of behaviours has been discussed especially by Zhang
et al. [ZCBD22]. Our work goes significantly further, as Section 2.2
details, by advancing how the behaviour space is visualised (via a
hierarchical structure with information on the feedback history in-
stead of a scatterplot), the complexity of the RL cases addressed
(with movement patterns rather than still poses as goal behaviours),
and the level of empirical evaluation (using synthetic studies in six
environments, based on those environments’ original reward func-
tions, plus a non-synthetic one—as opposed to only synthetic eval-
uation in three environments with simplified reward functions).

This paper reports on several vital contributions:

* A novel user interface for interactive groupwise preference elic-
itation for RLHF based on thorough data and task abstractions
(see Section 3).

* Three case studies centred on interactive groupwise comparison
in training for complex novel behaviours in the robotics domain
(see Section 4).

* A simulation study demonstrating that the interactive groupwise
approach outperforms the standard pairwise one by 69.34% in its
policy return (see Section 5).

» Evaluation with experts that identified a marked increase in effi-
ciency: eliciting 86.7% more preferences with interactive group-
wise comparison than with standard pairwise comparison (see
Section 6).

* Open-source code to support further research [Kom?25].

2. Background and Related Work

For a backdrop to our work, this section lays out the key concepts
behind RLHF in overview, then reviews work that informed our
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Figure 2: Our user interface’s two connected views: On the left, the Exploration View displays the model-supplied sampled behaviours in
a hierarchically arranged radial chart. Users can select groups or individual behaviours for comparison, using a mouse. Gray lines denote
machine suggestions for comparisons, while the system presents previously made comparisons in colour. This view shows two groups of videos,
and the user’s task is to specify a preference—that is, to state which group comes closer to the behaviour desired from the agent. Users can
edit these groups at any time by adding or deleting videos, or even moving them from one group to the other.

project: research into visualisations for RL and corresponding be-
haviour data.

2.1. Prerequisites for RLHF

Reinforcement learning, the branch of machine learning that teaches
autonomous agents how to perform tasks by interacting within an
environment [SB18], is formally defined as the sequential decision-
making problem expressed by the Markov decision process (MDP)
M =(S, A, T,R,y). At each time step ¢, the agent receives the
state observation s, € S from the environment, where S is the set
of possible states. The agent interacts with the environment by per-
forming action g, from the action space, .A. The environment enters
the the next state, s, , as defined by the state—action transition func-
tion, 7. At each step, the agent receives a scalar reward (r) from the
reward function (R) that reflects the agent’s performance in pursuit
of the goal set. An RL agent learns to maximise the accumulated re-
ward through a trial-and-error process by trying out actions and ob-
serving the resulting reward, which it tries to maximise. Usually, the
policy training employs deep reinforcement learning [FLHI*18],
which combines traditional RL algorithms with deep neural net-
works. This enables their use with potentially complex material,
such as images and other high-dimensionality observations.

In formulating an MDP for a real-world application, designing
the reward is perhaps the most decisive [SSPS21] but, at the same
time, most challenging element [Mah96, GCJ*24]. Empirical evi-
dence demonstrates the effectiveness of incorporating human pref-
erences into RL to enhance robotics [AAC*22, HWP*24] and to
tune large language models (LLMs) [ZSW*19, OWJ*22]. Learning
from user priorities exhibits greater efficiency when users compare
state—action trajectories by expressing their preferences [WAN*17,
ASS12, FHCP12], relative to when from users demonstrate their
desires [NR*00, ANO4]. Research in the RL field has homed in on

various methods of incorporating human feedback, with rankings,
ratings scales, clustering, and so forth [ASS11, PDD*11, ASS12,
DKV*15, EAPG*16, ZRL*18].

Meanwhile, other research has explored using preferences
rather than absolute rewards for reinforcement learning [FHCP12,
ASSS14]. Christiano and colleagues studied how to elicit hu-
man preferences from pairwise comparisons of trajectory seg-
ments [CLB*17]. This process of reward—modelling from human
feedback involves learning a user’s preferences from among sev-
eral options by collecting feedback from that user. Users are asked
to indicate their preferences via relative feedback, such as ‘I pre-
fer A over B.” Often, the preference elicitation is based on pairwise
comparison, where a user query is defined as ¢ = {(z;, 7;; 0)}, with
o = {<, >, ~} indicating the preference relation between the two
trajectories. The preference order is commonly defined on the ba-
sis of estimated expected return R for the trajectories 7; and ;. The
following equation captures how the user decides on the preference
order in light of the expected return implicitly given for each trajec-
tory and the level of noise:

T >1 ifR(Tw)+e>R(T)+e;
oft,t) =1t <1 ifR(T)+e <R(T)+e; (D
T~ 'Ej if]’é(f,‘)-{-é,' ZR\(TI)‘FGJ

where € is a term specifying the level of random noise that affects the
perception of an instance. The average magnitude of € is influenced
by factors such as the annotator’s cognitive abilities; in presentation
of a behaviour for the relevant query, this noise affects how the user
internally assesses the expected return for the behaviour, R(-), and
chooses accordingly. Through training on the order of preference
from many pairs, a neural network can be trained to predict the ex-
pected return of a trajectory directly, by means of the Bradley—Terry
model [BT52]. Loosely characterised, the neural network serves as
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the inverse of the function 1; that is, the model learns to predict I§(~)
for a trajectory t from a set of n queries Q@ = {qi, ..., ¢,}-

2.2. Visualisations and Graphical Interfaces for Deep RL

Liu et al. demonstrated the power of visual analytics to enhance
explainability and aid in implementing explainable AI [LYWY?24].
Other researchers created the tool SampleViz, to help visually with
analytics for RL and in debugging [LLG*24]. Scholarship is con-
cerned also with visual analytics tools in the setting of multi-Agent
RL [SZLS23, ZZ1.#24]. Visual analytics has shown use not only
with RL but also for new machine-learning paradigms such as foun-
dation models [YLWL24].

Along similar lines, DQNViz [WGSY18] offers a multi-level
visualisation system for Deep Q-Networks, incorporating training
statistics, trajectory displays, and segment-level details. This system
enables users to diagnose agent behaviours and refine strategies by
means of interactive visual exploration of agent experiences in Atari
environments. With focus on recurrent-neural-network-based deep-
RL agents, DRLViz [JVW20] and DRLIVE [WZY*21], in turn, vi-
sualise their internal memory representations. Recently, the VISI-
TOR framework [MBJ*#23] has expanded on these approaches, as
a general way of exploring state sequences. Efforts with Interac-
tive Reward Tuning [SZWO24] and RLHF-Blender [MLB*23] like-
wise emphasise a human-in-the-loop approach for Al alignment, let-
ting users interactively modify reward functions or provide multiple
types of feedback.

The closest relative to our technique is CLRVis, by Zhang
et al. [ZCBD22], alluded to above. They too considered groupwise
comparisons of behaviours. In their system, human labellers ex-
plore the behaviour space t-SNE projections. Yet t-SNE is not ideal
for such a scenario, as we show in Section 3.3, since this mecha-
nism often fails to group similar behaviours together. Furthermore,
the CLRVis system creates the dataset from a comparison of two
groups (of sizes m and n) by enumerating all possible pairs and
hence obtaining m x n pairwise comparisons—a method not eval-
uated by real users. We visualise the behaviour space quite differ-
ently, create the training dataset differently, and also show compar-
ison progress and suggestions. In further contrasts, CLRVis focuses
on ranking time steps (images), whereas we enable ranking of se-
quences (videos). Also, we conducted empirical evaluation of our
setup and can attest to its utility for more complex tasks.

2.3. Visual Interactive Labelling

Visual interactive labelling (VIL) constitutes another area of re-
lated work. Several studies by Bernard et al. [BZL*18, BZSA18,
BHS*21] address this technique, in which the users find the sam-
ples in need of labels with the aid of data visualisations, whereas
active learning (AL) relies on algorithms to find those samples
(in both cases, the user does the labelling). From comparing the
two especially [BHZ*18], their findings underline that VIL can
outperform AL provided that the dimensionality-reduction tech-
nique separates the data well. Crucially, VIL can help bridge the
‘cold start’ problem that plagues AL. Therefore, the team provided
a strong foundation on which we could build, even though they

did not work on RLHF or examine VIL’s utility in the context of
providing human feedback for iteratively training an RL agent.
In other work, Matt et al. [MSB*25] highlighted the advantage of
shifting from class-to-instance assignment to instance-to-class as-
signment in VIL. Our work differs in focusing on preference ratings
for RL rather than classification. Also, our interface-design goals
were informed by Bernard et al.’s proposal of an optimal labelling
strategy that consists of a ‘Discovery, Consolidation, and Fine-
Tuning’ phase [BHL*18]. Finally, Grossmann et al. [GBSW21]
showed that interface layout has little effect on accuracy estima-
tion in VIL. Therefore, rather than seek the single most effective
layout, we focus on enabling interactions that support an optimal
labelling strategy.

2.4. Visualising Agent Behaviours

One can regard behaviours of RL agents as event sequences of
varying length [WYYZ20]. Hierarchy-based visual representations
adeptly organise and aggregate these sequences, affording the emer-
gence of valuable insight. For instance, LifeFlow [WGGP*11] ex-
ploits a tree structure to visualise common patterns through ici-
cle plots (which depict hierarchical data by using rectangular sec-
tors that cascade from root to leaves [KL83]). Similarly, Core-
Flow [LKD*17] illustrated branching patterns via nodes and links to
highlight frequently occurring paths. GestureAnalyzer [JER14], in
turn, portrayed hierarchical clustering of behaviours in a pose tree,
visually representing motion trends. The follow-on system Motion-
Flow [JER15] emphasised transitions’ depiction through flow dia-
grams and facilitates direct user interaction to refine a ‘pose tree’.
Other progress has come from ViewFusion [TTD12], which com-
bined hierarchical structures with time-dependent activities by us-
ing treemaps, and from ActiviTree [VJC09] which offerd an interac-
tive node—link tree layout for exploring event sequences. Although
these methods capture hierarchical relationships well, displaying the
data linearly can limit inter-group comparisons. We sought a design
that enriches the hierarchical relations’ graphical presentation, fa-
cilitates clustering, and improves comparative analysis.

3. Interactive Groupwise Comparison of Behaviours

To describe our approach, we begin by characterising the data and
the task analysis undertaken, then, from the starting point thus pro-
vided, describe the approach to rendering the behaviour space vi-
sually accessible to users through data clustering and discuss three
design alternatives and the visualisation interface. Integrating these
methods into an interactive RLHF system culminated in the novel
approach of interactive groupwise comparison for RLHF.

3.1. Characterisation of the Data

The behaviour space comprises the sequences of states and agent
actions. What a state represents depends on the agent, but a state
generally can be understood as a vector of numbers, with the agent’s
behaviour being a series of these vectors. In our robotics examples
(see Section 4), the joint angles and positions of the robotic skele-
ton constitute the state, which could easily extend to 20 dimensions
or more.
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Our work focused on agents whose behaviour can be represented
in the form of videos or images. Although the system was not set
up to learn from the videos or images themselves, doing so would
not fundamentally change the setup, as long as a distance metric
between videos can serve to represent each behaviour in a lower-
dimensional space. Since the state changes over time, it can be han-
dled as n-dimensional time-series data. Behaviours are likely to dif-
fer in their length, so all analysis and visualisation algorithms ap-
plied had to be able to cope with multi-variate time-series data of
varying lengths. User exploration of the behaviour data (detailed
in 3.2) created a need for reducing the dimensionality of the be-
haviour space.

For our purposes, a sequence’s frame rate is 30 images per second.
Since the video clips in this setting are one second long, each be-
haviour is defined as a sequence of 30 frames. Other settings should
be equally viable, though. Longer clips can give the model more in-
formation but grow harder for a human to judge. This tradeoff needs
to be balanced.

3.2. Task Description

In around of feedback in RLHF, users are asked to identify desirable
and undesired behaviours when presented with behaviours of an
agent (typically, 100-200 [CLB*17, GTR*22]). On this basis, the
behaviours identified as better get rewarded such that the system can
learn from human feedback.

The standard RLHF approach boils this overarching task down
to a beguilingly simple one: pairwise comparisons (see Figure 1a).
The user is shown two behaviours, 7; and 7;, in the form of an im-
age or video. Then the user has to state a preference, for 7; over t;
or the other way around. It is possible also to specify no preference
between 7; and t;. The pairwise-comparison task is easy for humans
to understand but brings with it a massive workload, since updating
the underlying model requires quite a large number of such compar-
isons. Furthermore, without agency over which behaviours to com-
pare, the user ends up acting as a mere tool performing a simple task
many times, stoically.

We strove, then, for a system that gives the user more agency
in the interaction. For this, we still addressed the overarching task
defined above, but we broke it into four sub-tasks.

T.1 : Explore behaviours from among the set of all behaviours

T.2 : Class behaviours into two groups (preferred vs. non-
preferred)

T.3 : Compare between groups of behaviours

T.4 : Track the progress of comparison

This approach calls for more agency on users’ part, since they can
see which behaviours have/have not been compared and are em-
powered to select the behaviours to compare next. Machine support
remains available but as an offer that need not be accepted. Further-
more, we capitalise on humans’ natural pattern-recognition: people
can categorise behaviours and group them together [Zel13]. Lastly,
groupwise comparison leads to a much lower workload [ZCBD22],
thanks to working with more feedback at a time, than pairwise com-
parison (see Figure 1b).

3.3. Hierarchical Structuring of the Behaviour Space

Users engaging with RLHF need support for exploring given be-
haviours, categorising them into preference groups, comparing
groups, and tracking progress. To make the behaviour space inter-
pretable, we evaluated three methods: dimensionality reduction via
principal component analysis (PCA) [MR93], t-SNE [VDMHO8],
and agglomerative hierarchical clustering [DE84]. All operated
on pairwise distances computed with dynamic time warping
[SCO7].

Dimensionality-reduction methods yield a 2D embedding that
can be visualised as a scatterplot. However, group-selection then
requires an additional clustering step performed by the user. In con-
trast, hierarchical clustering directly produces clusters at multiple
levels of granularity [CAKMTM17], enabling immediate selection
of groups through the tree structure.

To compare methods, we measured intra-cluster variance with re-
spect to the true reward in 10 runs for an environment for which the
true reward is known [TKT*24, ETT12]. Paired ¢-tests showed that
hierarchical clustering (hc) yields significantly lower intra-cluster
variance than PCA or t-SNE (hc < PCA: ¢t = 6.54, p = 0.0001; hc
< t-SNE: 1t =4.47, p = 0.0016). We concluded that hc forms more
reward-consistent groups.

In summary, we found hierarchical clustering better suited to our
purpose: it avoids an additional grouping step and supports multi-
level exploration. The supplementary material supplies details of the
data-processing pipeline and documents our analysis of the design
[Kom25].

3.4. Visualisation of the Behaviour Space

For a solid design, it is crucial that the user not rely solely on trial and
error when selecting behaviours. Therefore, the exploration view
incorporated cues that the user can take as guidance. In addition
to the hierarchical relations between behaviours, the data depiction
captures adjacency relations between the leaves in the hierarchy—
namely, which behaviours the user has compared with each other
and which behaviours the system recommends for comparison. This
directly supports handling sub-task 3.2. Following Holten’s lead in
detailed exploration of graphically presenting hierarchies with ad-
jacency information [Hol06], we experimented with several options
for visualising adjacency relations (the most promising are shown
in the supplemental materials [Kom25]). Proceeding from these ex-
periments alongside Holten’s work and that of Schulz [Sch11], we
reached the following conclusions with regard to 3.2, 3.2, and 3.2:

¢ The layout needs to be space-efficient. Treemaps and radial lay-
outs make good use of the space available and can accommodate
quite a few nodes on the screen, whereas classical node—link rep-
resentations are likely to waste space from growing more in one
direction than the other.

* Each node in the tree must be selectable by the user. Radial lay-
outs and node-link representations simplify this while treemaps
produce item overlaps that complicate it.

¢ The selectable nodes should remain non-obstructed by the adja-
cency information. Although treemaps’ space-filling nature pre-
cludes that, a few radial layouts can meet this requirement.
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Neither classical node-link nor icicle representations excel
here [Hol06].

We decided on the radial layout at the left in Figure 2. In such a
layout, the innermost segments represent leaf nodes and the outer
layers point to parent nodes.

Within the radial chart, curved lines connecting leaf nodes ex-
press relations between behaviours. There are two types of lines:
gray lines denote comparison recommendations based on the vari-
ance in the predictions, while colored ones track the user’s feed-
back history, maintaining guidance and orientation throughout the
interaction. The lines are bundled together to avoid visual clutter.
The main purpose behind the gray lines is to give a window to
which comparisons the reward predictors are most ‘unsure’ about.
Although the coloured lines’ core purpose is to record which com-
parisons have been made, so that these are not repeated, they fill
a secondary function of supporting exploration by presenting the
preferred versus non-preferred behaviours from each past compar-
ison. Although endpoints in different colours may connect similar
behaviours, users can easily track their past decisions, both avoid-
ing repetition and benefiting from the colour gradient as a cue for
remembering their preferences.

To prevent undue influence on the user’s decision, the interface
omits the absolute predictions of the reward and the mean of the
predicted rewards. For RLHEF, it is pivotal that users focus on their
own preference without being swayed by external inputs.

3.5. Interactive Comparison of Behaviour Groups

At the heart of the user-interface design are two views: dubbed the
Exploration View and the Comparison View (see Figure 2). The be-
haviours visualised in these views are linked. Clicking any item dur-
ing exploration selects the corresponding behaviour set for compar-
ison. Importantly, clicking a parent node brings in all behaviours
falling under it, and individual behaviours can be added to or re-
moved from a group by clicking on the relevant leaf. This com-
bines efficiency with free selection of behaviours. From the view
on the right, which displays the groups selected for comparison,
the user can judge between two groups of behaviours (per 3.2),
deciding which group matches the desired outcome more. Man-
aging each group by removing outliers or transferring behaviours
to the other group before the choice enhances flexibility and the
preference feedback’s quality both. After providing a preference
decision, users are free to select the next groups via the Explo-
ration View or request the system-recommended group-comparison

query.

Label generation: Given the feedback on the two groups, of sizes
m and n, the system samples max(m, n) pairs of behaviours from
these groups as the preference data. Instead of using the Cartesian
product of the two groups for the sampling pool (giving us m x n
pairs), we sample max(m, n) pairs such that each group member is
present in a pair at least once. Sampling fewer pairs per group com-
parison avoids overfitting to a suboptimal reward. When we sampled
with the Cartesian product as proposed by Zhang et al. [ZCBD22],
the resulting policies often got stuck in local optima. Hence, we
turned to max(m, n) pairs of behaviours.

Active learning for suggestions: Our approach adapts techniques
from active-learning heuristics in pairwise comparison [CLB*17]
to groupwise comparisons by calculating a group-variance score.
This score is higher if the reward predictors are uncertain which of
the two groups is the better one (finding the correct choice requires
querying a human) and is lower if they are less certain about the
quality of the behaviours within the groups (i.e., when the groups
are not uniform). Also, it applies a slight penalty for size differences
between the groups. For details, refer to the Supporting Information
[Kom25].

3.6. Visual Mapping of Tasks

In summary, 3.2 is mapped to a hierarchical radial chart (HRC)
within the exploration view. Sub-task 3.2 maps to the comparison
view. The mapping for 3.2 uses the two views in combination. Fi-
nally, 3.2 maps to employing the HRC’s edge bundles as part of
the exploration view and displaying the number of feedback in-
stances completed.

4. Example Cases

Deployments in three MuJoCo [TET12] environments commonly
utilised in RL and RLHF research [CLB*17] (HalfCheetah, Walker,
and Hopper) demonstrate our approach. MuJoCo is a popular
free and open-source physics engine designed to facilitate re-
search and development in robotics, biomechanics, graphics, an-
imation, and other areas necessitating fast yet accurate simula-
tion [TET12]. Although we follow prior work’s lead in placing
the robotics domain in an illustrative role, our approach holds po-
tential for video games, image- and video-generation, and many
other applications. The objective is to arrive at policies to exe-
cute behaviours for which no predefined reward functions exist;
RLHF can help us train such policies. Using the interface affords
purposeful provision of comparisons linked to the final intended
behaviour.

The first of the three interactive-groupwise-RLHF case studies
used HalfCheetah. Its original objective was to apply torque to the
joints for running in the forward direction. After approximately 35
min of exploration, selection of groups, and groupwise compari-
son via our interface, we had 601 preferences, since each compar-
ison led to multiple preferences. HalfCheetah succeeded in learn-
ing how to stand up and sit. Second, we taught Walker, a robot
originally designed to walk forward by means of torques to the six
hinges connecting its seven body parts, to do the splits, from 616
preferences found in 40 min of exploring, selecting groups, and
making groupwise comparisons. Finally, the initial goal with Hop-
per was to move the hopper forward in hops by applying torques
to the three hinges connecting its four body parts. Drawing inspi-
ration from Christiano et al. [CLB*17], who taught it to do back-
flips with RLHF from 900 pairwise queries (completed in less than
an hour), we used the groupwise interface for exploration, groups’
selection, AL, and groupwise comparison to get the robot to per-
form a double backflip from 1032 preferences, gathered within
34 min. Figure 3 presents sample frames capturing the case-study
results.
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(¢) Hopper learned to double-backflip from 1,032 binary preferences.

Figure 3: Behaviours not coupled with ground-truth rewards can be effectively learned from interactive groupwise comparisons. For each
behaviour, we present a five-frame sequence (the project page links to the video represented [Kom25]).

5. The Simulation Study

Research evaluating human-feedback settings often utilises models
of people’s decision-making [BCD*21, ZCBD22, SZW024, B122,
AKU*18]. In aims of understanding the general conditions in which
human experts would be able to benefit from our approach, we
conducted a simulation study modelling a human DECISION-MAKER
(DM) engaged in RLHF.

Running experiments in six environments with the physics
engine MuJoCo, we used five runs, with different seeds, for
each setting. We modeled DMs with three distinct approaches:
standard pairwise comparison (PAIRWISE-DM), groupwise com-
parison (GROUPWISE-DM), and interactive groupwise comparison
(INTERACTIVE-DM). PAIRWISE-DM takes RLHF’s traditional
approach, wherein one pair of behaviours gets evaluated at a time.
It relies completely on the pairs presented to the DM by active
learning. In GROUPWISE-DM, an approach permitted only through
a data-pre-processing step (see Section 3.3), two groups are com-
pared each time. This method too relies entirely on the samples
chosen by AL based on the adapted heuristic with group-variance
score. In INTERACTIVE-DM’s groupwise comparison, the compar-
isons are found not via active learning but interactively, through
exploration of the behavior space, something that is possible only
through an exploration interface. In summary, PAIRWISE-DM is the
baseline approach, INTERACTIVE-DM is ours, and GROUPWISE-DM
is is a no-exploration ablation of the latter.

We chose six popular robotics tasks for execution in MuJoCo: to
(a) teach Hopper to make hops and move, (b) teach Cheetah to run
forward, (c) teach Walker to run forward, (d) teach Reacher to touch
a randomly positioned target, (e) teach the agent in GridWorld to
move to the goal position, and (f) teach MountainCar to drive to the
finish line. The environments’ order of complexity (indicated by the
length of the observation and action vectors) from simplest to most
complex is MountainCar (3), GridWorld (9), Reacher (12), Hopper

(14), HalfCheetah (23), Walker2d (23). The policy was learned via
a reward model trained on the feedback from the DM, and the true
reward function acted as the utility function to evaluate how well
the trained policies reached these behaviours.

5.1. The Decision-Maker

We built DMs by modelling two key steps in PAIRWISE-DM,
GROUPWISE-DM, and INTERACTIVE-DM: (1) how users select
pairs/groups for comparisons and (2) how they supply their prefer-
ences. The variance score across the ensemble of reward predictors
informs the active-learning suggestions.

¢ PAIRWISE-DM: The content with the most variance in predictions
between reward predictors gets recommended for comparison.

* GrROUPWISE-DM: The group-variance score (see Section 3.5) dic-
tates the groups for comparison. The suggested groups’ maximum
size is set to eight behaviours to keep any group from covering too
many (an excessive number could make comparisons difficult for
humans in real-world settings).

¢ INTERACTIVE-DM: Groups to be compared are found by compar-
ing the real average return values of the groups—something per-
ceptible only to the human who can explore and find comparisons,
not through the reward-predictor models. We employed a strategy
aimed at an even spread from comparing behaviours with low re-
wards to comparing ones with high rewards.

We modelled the preferences of the DM based on the noisy
user model defined in Equation (1) [CLB*17]. For PAIRWISE-DM,
preferences were determined from the true rewards plus noise
value €. For GROUPWISE-DM and INTERACTIVE-DM, the group
whose behaviours’ rewards had a higher mean, including €, was
considered the preferred one. In the event of significant interfer-
ence between the rewards of the two groups, comparison was
skipped.
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Table 1: The average final reward and the standard deviation over
five policies for each environment tested Active-learning-only groupwise
comparison (GroupwisE-DM) outperformed standard pairwise comparison
(PAIRWISE-DM) in four of the six environments, and interactive groupwise
comparison (INTERACTIVE-DM) did the same in every environment.

Environment Pairwise-DM Groupwise-DM Interactive-DM
M +— M +— M +—
Hopper 1221 471 1754 851 2053 443
HalfCheetah 579 195 1372 799 1269 1583
Walker 92 155 118 268 603 642
Reacher (-) —280 110 —239 78 —202 49
MountainCar 18059 389 18363 263 18259 261
GridWorld 762 85 712 23 770 31

Note: INTERACTIVE-DM outperformed GROUPWISE-DM in four of the en-
vironments. There are large differences in rewards from one environment
to another, stemming from the environments’ true reward functions differ-
ing greatly in their scales; however, in every environment a higher reward is
better than a lower one.

5.2. The Results

The rewards achieved by the final trained policies are presented
in Table 1, and Figure 4 shows the training curves. Simpler RL
environments (e.g., Gridworld) let us solve properly every time
with relatively simple networks (2 fully-connected layers, with
64 neurons) and fairly few feedback instances (400); harder RL

GridWorld

HalfCheetah

problems (e.g., Walker2d) sometimes do not get solved. For this
reason, the average training curve of the Walker2d environment
slopes downward after 2-3 million steps and HalfCheetah shows
very high variance. Generally, INTERACTIVE-DM outperformed
PAIRWISE-DM across all environments.

Both GROUPWISE-DM and INTERACTIVE-DM yielded a slight de-
crease in errors made in binary comparisons relative to PAIRWISE-
DM. Incorrect comparisons grow less likely when the choice is be-
tween uniform groups as opposed to single behaviours. The proba-
bility that the perceptions of the rewards are skewed in the wrong di-
rection (such that the wrong result emerges) is lower for two groups
with multiple observed rewards than it is for just two behaviours
with one reward each. Our user study (reported upon in Section 6)
confirmed this finding.

Because the DMs in INTERACTIVE-DM often compared more sim-
ilar groups—ones unlikely to be suggested by the active-learning
technique—they did more post-selection discarding of groups.
Therefore, they made fewer comparisons than in GROUPWISE-DM
with its pure active learning. Therefore, they made fewer com-
parisons (expressing roughly the same number of preferences as
in PAIRWISE-DM). The remaining comparisons sufficed for cre-
ation of a more robust reward model that had better knowl-
edge of different degrees of ‘goodness.” The optimal strategy
for DM agents and real-world users alike is themselves find-
ing comparisons that cover the range from the most desired
to most undesired behaviours well, to guide the agent with a

Reacher
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Figure 4: Simulation-study training logs for six environments, grounded in the true rewards. Each trajectory is the average of five separate
runs, the shaded region denotes the confidence interval. In most environments, groupwise active-learning-only comparisons (Grourwise-DM)
led to higher true rewards in the final policy than did pairwise comparisons (PAIrRwisE-DM), on average. Interactive groupwise comparisons
(IntERACTIVE-DM) did the same relative to Grourwise-DM. With all environments, INTERACTIVE-DM outperformed Pairwise-DM in terms of the

average final reward.
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denser reward signal in all the steps needed for reaching a good
policy.

Delving into the results from training the agents with 400 com-
parisons (see Table 1) reveals that for four of the six environments
INTERACTIVE-DM led to higher returns than GROUPWISE-DM on
the true reward. In the other two (HalfCheetah and MountainCar-
Continuous), GROUPWISE-DM performed better but not by much;
furthermore, the training curve for HalfCheetah shows that the av-
erage of INTERACTIVE-DM reached the maximum reward before a
million steps while it took six million steps before the average of
GROUPWISE-DM overtook INTERACTIVE-DM.

In summary, our statistical comparison examining normalised fi-
nal rewards (scaled such that the interquartile range lies in [0,1])
produced three main conclusions:

1) Both GROUPWISE-DM and INTERACTIVE-DM outperform
PAIRWISE-DM. The latter reaches a 69.3% higher average re-
ward than PAIRWISE-DM, with statistically significance (1 =
2.684, p = 9.456e — 03). GROUPWISE-DM’s corresponding ad-
vantage over it, 41.3%, does not have statistical significance
(t =1.636, p=1.072¢ — 01).

2) INTERACTIVE-DM and GROUPWISE-DM yield comparable
rewards. Although INTERACTIVE-DM yields a 28.0% higher re-
ward, on average, than GROUPWISE-DM, this difference lacks
statistical significance (f = 1.147, p = 2.560e¢ — 01).

3) GROUPWISE-DM elicits numerous binary preferences
while INTERACTIVE-DM is more efficient. On average,
PARWISE-DM yields 400 preferences, INTERACTIVE-DM
690, and GROUPWISE-DM 1,209. Groupwise-DM supplies
significantly more preferences than PAIRWISE-DM (r = 2.663,
p=1.129¢ — 02), while INTERACTIVE-DM exceeds the
ParRwise-DM figure somewhat but not significantly ( = 1.033,
p = 3.083¢ — 01), and it yields significantly fewer preferences
than GROUPWISE-DM (¢t = —2.107, p = 4.175¢ — 02).

5.3. Implications

Both GrouPwISE-DM and INTERACTIVE-DM surpass PAIRWISE-
DM in terms of reward. However, INTERACTIVE-DM does so more
efficiently, from substantially fewer preferences.

One could object to this interpretation since there are two de-
pendent variables: the number of preferences and the final reward.
Therefore, we conducted additional analysis in which we limited the
number of preferences that each comparison approach is allowed to
return. In that condition — which is far from realistic, since com-
parison of groups enables supplying many more preferences—we
again used five training runs per method in all six environments.
In this testing, GROUPWISE-DM reaped worse normalised rewards,
with a mean of -0.003 (STD 1.238) than PAIRWISE-DM, with a 0.582
mean (STD 0.780) (t = -2.154, p = 3.544e-02). INTERACTIVE-DM
reached a higher mean, 0.920 (STD 0.650), relative to PAIRWISE-
DM (t = 1.792, p = 7.834e-02) and to GROUPWISE-DM (¢ = 3.555,
p =17.601e-04). Figure 5 crystallises the approach-specific distribu-
tions of the final returns when the number of preferences is fixed.
GROUPWISE-DM shows the lowest returns on average if we limit
the number of preferences to be the same as with PAIRWISE-DM.
That makes sense, in that GROUPWISE-DM’s key advantage is that

Fixed number of preferences

|
- o - N w
o

Mean normalized final reward
U
N

GroupWise-DM Pairwise-DM Interactive-DM

Figure 5: An unrealistic setting, created for controlled analysis—
when the number of preferences is fixed, Grourwise-DM does not
bring higher average rewards than Pairwise-DM. Although group-
wise comparison’s main benefit is that more preferences can be
elicited within the same time, INTERACTIVE-DM outperformed both
other approaches even with the preference count held constant. The
boxes denote the interquartile range, and the black line in each rep-
resents the median.

it affords returning more preferences. That said, even with the com-
parison count capped, INTERACTIVE-DM proved much better than
GroOUPWISE-DM and slightly (though not significantly in this ex-
periment) better than PAIRWISE-DM.

In conclusion, mistakes seem less commonplace when two ho-
mogeneous groups rather than two atomic behaviours get mutually
compared. The general conditions in which users can benefit from
the approach arise when they (a) increase the number of pairs judged
by using groupwise comparison to their advantage and/or (b) find
suitable candidate comparisons by exploring the behaviour space,
thereby giving more meaningful preferences to the reward model.
People who explore might provide fewer comparisons in all but can
assure that their feedback gives more information about the target
behaviour they want to teach the RL agent.

6. The User Study

We carried out a user study aimed at evaluating the real-world effi-
ciency, usefulness, and ease of use of interactive groupwise compar-
ison (INTERACTIVE-UI) versus a baseline of standard pairwise com-
parison (PAIRWISE-UI). The participants were all experts applying
RL in their day-to-day work.

6.1. The Study Design

Participants: We recruited 10 expert users (identified as E1-E10)
with at least a year’s RL experience. The users, three of whom were
female, averaged 2.5 years of experience with RL (SD = 1.58).
Eight were already familiar with RLHF, while E4 and ES encoun-
tered it for the first time during our study.
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Figure 6: A participant performing the task from a Firefox browser
on a desktop computer running Ubuntu, with a 27-inch retina
display.

Experiment procedure: We invited the experts to engage in two
RLHF sessions, with different tools: one with PAIRWISE-UI and the
other with INTERACTIVE-UI. We chose the hopper test environment,
thanks to its easy-to-understand goal for participants. The experts
were instructed that ‘the centre of the robot is the joint closest to the
pointy end. The first priority is for the centre of the robot to move
to the right (moving to the left is worse than not moving at all). If
the two robots are roughly tied by this metric, then the tiebreaker
is how high the centre is.” With INTERACTIVE-UI, the participants
were instructed to follow the active-learning suggestions two thirds
of the time.

Experiment design: The study employed a within-subjects de-
sign in which there was one independent variable, with two levels:
Parwisg-UI and INTERACTIVE-UI. We counterbalanced the order
of the two conditions.

The experiment protocol: All sessions were held in a lab setting
(shown in Figure 6), that used a Firefox browser on a Ubuntu desk-
top platform with a 27-inch retina display (2560 x 1440, 60 fps)
and a commodity GPU (NVIDIA GeForce RTX 2080). Each expert
began with 30 min of training to guarantee an opportunity for fa-
miliarity with the usage of the tools. The first 10 min consisted of a
tutorial giving an introduction to the tools. Then, participants freely
tested the environments and played with the tools. After the training
came the two RLHF sessions, each lasting about 35 min. The time
for giving feedback in RLHF was fixed, with all participants com-
pleting seven 3-min rounds of feedback (for 21 min of user work per
tool). After each round, the models were retrained for about 2 min,
and new videos were generated for user analysis. Each tool recorded
the number of preference choices returned and logged training per-
formance as measured by the true reward. After completing both
sessions, which a researcher observed, the experts completed a ques-
tionnaire and the researcher conducted a post-experiment interview
lasting about 20 min. Each study lasted roughly 2 hours. Participants
received a 30-euro gift voucher as compensation for their time.

6.2. Results

Overall ratings: Per the overall ratings from the questionnaire, out-
lined in Figure 7, INTERACTIVE-UI comparison fared better than
Parwisg-UT’s for efficiency and usefulness. The participants rated
Patrwisg-UI higher for ease of use.

Efficiency and the feedback’s accuracy: For each approach, we
tabulated the number of preferences that the participants supplied

J. Kompatscher et al. / Interactive Groupwise Comparison for RLHF
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Figure 7: Participants’ ratings on a five-point Likert scale (the
vertical lines show the standard deviation). The experts found
InTERACTIVE-UI more efficient and useful than Pairwise-UL
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Figure 8: The number of preferences supplied by the users, by com-
parison type: Pairwise-UI versus INTERACTIVE-UI The vast majority
of the experts (E1-E10) produced more preferences in the time given
when using INTERACTIVE-UI rather than Pairwise-UL

(see Figure 8). All experts but one offered more preferences with
INTERACTIVE-UI than PAIRwWiISE-UI. On average, users supplied
86.7% more in the same span of time when using INTERACTIVE-UL
We also factored in the number of mistakes that the experts made
in their preference indications, based on the true reward known for
the task. Their error rate was generally lower with INTERACTIVE-
UI (10.8% of preferences) as compared to PAIRWISE-UI (12.8%). In
summary, INTERACTIVE-UI yields more preferences in total, along
with an error rate lower than PAIRWISE-UI’s. Adhering to the ini-
tial instructions fairly well, participants obtained comparison can-
didates from the exploration view about a third of the time. They
often succeeded in producing lower error rates, more preferences,
and better policies.

Quality of the trained policies: The average reward from
INTERACTIVE-UI was 1043, which is 60.9% higher overall than
the reward value from PAIRWISE-UI, 648. However, the sample in
the user study was quite small, not permitting claims of statis-
tical significance. In 7 of the 10 sessions, INTERACTIVE-UI pro-
duced better policies than PAIRWISE-UI after the set feedback-
provision time. From those seven sessions, the hopper learned to
move forward, bringing higher scores than the PAIRWISE-UI con-
dition. INTERACTIVE-UI yielded the four best policies, with the top
one having a true reward of over 2500.

Experts’ remarks: All but one of the participants found
INTERACTIVE-UI efficient to work with (e.g., ‘It is efficient because
I have a global overview,” ‘Yes, more control over similar cases,’
and ‘Yes, I can control what I wanna compare’). Only E1 deemed
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Parwise-Ul efficient, thanks to its simplicity (‘It’s efficient because
it only provides three options’), while declaring INTERACTIVE-Ul in-
efficient since ‘although I get more detailed visualisation and more
options, it is not efficient [when] compared to only three options.’
Seven users reacted negatively to the information from PAIRWISE-
UI, and the others remained neutral; for example, E3 stated, ‘Local,
limited, does the job but minimally, so it’s slightly boring and repet-
itive.” All of the experts gave favourable assessments of the infor-
mation supplied by INTERACTIVE-UI: ‘More inclusive of the bigger
picture, more complete visualisation of the data coverage so far,” ‘It
was useful to be able to see previous preferences and where in the
‘trajectory space’ the clips came from,” “The tool[’s] suggestions
[were] nice, to select better videos,” and so forth.

Although three experts expressed neutral opinions about
Parwise-UT’s controllability and the other seven responded neg-
atively (‘It is simple but not helpful in exploring the behaviours,” ‘It
does not [let one] see a lot of behaviours,” ‘The pairwise tool did
not allow much exploration; I imagine that mistakes in the pairwise
tool would be quite costly’ and so forth.), all but one stated that they
sensed more control with INTERACTIVE-UL

That said, INTERACTIVE-UI was experienced as harder to use.
For example, one participant stressed that the way of comparing
clips in this tool ‘needs several rounds to get used to.” Even E7,
who racked up the highest scores across all experiments, said of
INTERACTIVE-UI that ‘I could do more comparisons at the same time
and choose better videos but it was more cognitively demanding’
while PAIRWISE-UI made it ‘quick to select the best video and less
cognitively demanding.” Indeed, his score in the pairwise experi-
ments was the second highest.

The experts’ input in summary: We conclude that INTERACTIVE-
UI offers efficient, flexible functionality but requires more cogni-
tive effort. On the other hand, PAIRwisg-Ul is simpler, with limited
exploration and control capabilities. These tradeoffs emphasise the
importance of considering task complexity and user cognitive load
in future iterations of comparison tools.

7. Discussion

Notwithstanding the clear advantages ushered in with the explo-
ration view and tools for groupwise comparison, we recognise
some limitations.

Granting users the power to provide quality feedback in larger
quantities brings a danger of drawing in more meaningless feed-
back and added noise if they pay little attention or work in very
broad strokes only. The user must strike a careful balance so as to
be quick yet still provide variety-rich, accurate feedback. Our study
with real human users spotlighted this factor. Although giving them
a set time for both interfaces, to afford fair comparison between the
two, might be a somewhat unrealistic constraint, properly judging
the relative advantages of the interface demanded it. These condi-
tions revealed that some experts could mesh INTERACTIVE-UI with
their way of working and train much better policies while others
gave less valuable feedback—so much so that their policies’ rewards
were lower than with the standard interface even though they stated
more preferences in absolute terms. Skills and effort are required.
Cognitive load, stress, and so forth, rear their head here. In the inter-

views, some users cited the mental burden in the interactive visuali-
sation as greater than with a tool that does not allow for exploration.
The questionnaire data echo this sense of higher perceived cognitive
load: INTERACTIVE-UI received lower average scores for only ease
of use, relative to the pairwise baseline.

The design’s scalability imposes further limits. Although our sys-
tem enables user agency and exploration, its radial design faces
restrictions and might not scale well to behaviour spaces where
two behaviours can differ on many thousands of dimensions (e.g.,
LLaMa 3 applies a 4096-dimension token-embedding vector for
each token). Although the specific design we deployed serves
smaller cases better, enabling its methods for user agency and ex-
ploration could still benefit handling other cases too.

This design is limited also in that the visualisation of the be-
haviour space remains quite abstract until a behaviour or group of
them gets selected. Therefore, a feature pointing out representative
behaviours within a group could be worthwhile: this should let users
see at a glance what characterises the group before they choose it.
Another idea for future work came from one of the expert users,
who suggested showing a preview of the clips next to the mouse
upon hovering over a behaviour in the exploration view. Although
the current design does not support these features, they could be
added, advancing the tool greatly in future design iterations.

In theory, comparing groups rather than individual behaviours
could increase error rates, since outliers within a group may distort
the labels generated. Empirically, we observed the opposite. Further
research is needed to identify the conditions under which this error-
reduction tendency occurs and whether it reverses in some other cir-
cumstances.

There are various avenues for developing design features that
enhance the approach further. For now, the most obvious safe-
guards for success in applying it are to be sure the sample from
the behaviour space is not overly large (sampling fewer than 200
behaviours per round is best) and work with well-trained, atten-
tive users.

8. Conclusions

Our central contribution is a novel approach for interactive group-
wise comparison of behaviours for RLHF. Evaluations of its inter-
active visualisation, which includes a hierarchical radial chart and
edge bundling to aid in exploring and analysing behaviours for com-
parison, attest to the trained policy returns improving by 69.34%
with respect to the baseline. Its efficiency benefits were highly ev-
ident from the evaluation study carried out with experts, in which
the number of preferences elicited within a given time frame rose
by 86.7%. Moreover, the interactive approach reduced error rates
(incorrect preference input). Expert interviews support concluding
that the new approach empowers users to control their exploration
and gain comprehensive understanding of the context.

There are inherent tradeoffs to consider when reflecting on in-
teractive groupwise comparison against the backdrop of standard
pairwise comparison. Our approach offers high efficiency but may
require longer training, to familiarise users with its visual-analysis
features. Also, it demands more cognitive investment during use.
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However, users exposed to it emphasised its efficient functioning
and flexibility. Through such advances, visualisation research has
much to offer processes for training Al models (RLHF and others)
by designing interfaces with room for strong user agency and that
help users make full use of their cognitive capabilities.
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