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ABSTRACT

Haptic experiences are highly personal, with perception and preferences
potentially varying drastically between different people. While different per-
sonalization interfaces have been proposed in the past, we do not have
a detailed understanding of how people personalize a haptic experience.
Through this work, we aim to explore the vocabularies and mental models
that different users have for personalizing haptic experiences. To study this,
we introduce a conversational system based on the GPT-40 Large Language
Model (LLM), TacTalk, which enables users to describe and finetune virtual
haptic experiences on the fly, without the need for navigating different set-
tings or requiring expert interventions. Inspired by the manner in which
professional racing drivers communicate with their engineers to ensure their
car is functioning properly, we present an application using TacTalk alongside
a popular racing video game, Forza Horizon 5, along with evaluations of the
system’s usability and parameter tuning consistency. We show that LLMs can
be used to manipulate haptic feedback parameters in a predictable and valid
manner. Additionally, we conduct a user study and synthesize key themes of
user preferences towards customizing haptic feedback from interview and
questionnaire responses. Responses to the NASA-TLX and SUS question-
naires show that users prefer a conversational mode of interaction over a
visual interface offering the same capabilities. Additionally, we collect users’
responses to the Big Five Inventory and Player Traits questionnaires and probe
their correlation with personalization preferences. Our qualitative findings
show that when starting from scratch, users initially draw from real-world
experiences and metaphors, and subsequently refine haptic parameters based
on other metaphors or focus on specific aspects of the experience such as
in-game events and the video game controller being used. An average conver-
sation with TacTalk involves fewer than 5 back-and-forth interactions, with
users preferring voice-based interaction over a visual interface with the same
functionality. System architectures such as TacTalk, owing to the generality of
LLMs and their ability to use additional context without requiring retraining,
can be used in a plug-and-play manner with existing virtual experiences.
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INTRODUCTION

Researchers have established that individual differences exist in the perception
of haptic feedback [18, 44, 79, 97, 98, 108]. While certain experiences aim to
simulate reality, and thus cannot cater to what ‘feels’ best for individual
users, there exist other application areas such as entertainment and video
games where personalized haptic feedback may play an important role in
contributing to user experience.

Prior work has explored different strategies towards enabling the person-
alization of haptic feedback. This includes design tools [90, 95, 103] that
allow users to visualize and design their own haptic effects, as well as mor-
phing algorithms [20] that allow users to draw upon pre-existing libraries
of haptic effects to produce predictable and perceivable compound effects.
Seifi [93] specifically classifies different personalization approaches into three
categories: choosing, which involves selecting haptic effects from a larger
collection; tuning, which involves manipulating a given haptic effect based
on the variation of one or more perceivable parameters, such as frequency,
amplitude, duration etc.; and chaining, which involves stacking multiple
smaller chunks of haptic effects to obtain a larger, compound sensation.

Although this work has helped converge on more effective approaches
towards personalized haptic feedback, navigating haptic parameter spaces
for effective customization remains a difficult task for end-users, owing to
the various technical terms involved in rendering haptic sensations that need
to be manipulated. Users may be able to vaguely describe their intended
haptic feedback settings, but may not know exactly how their description
maps to underlying parameters. Towards this, previous works have explored
a language-based approach towards describing haptic feedback, specifically
focusing on affect (i.e., emotion). This includes psychophysical studies aiming
to understand the perceived tactile dimensions for various materials [33,
71], as well as approaches for capturing user experience [36, 70]. Another
interesting finding was the existence of a negative correlation between user
attention and affect, as found by Zheng and Morrell [115], where the use of
an intensity control was eventually recommended to account for individual
differences in vocabulary while still enabling personalization. On the end-
user side, previous works have attempted to understand the perceptual
dimensions of tactile stimuli [94, 96] but progress has been limited, with some
even arguing against the existence of a tactile language [38].

Towards this, Large Language Models (LLMs) have recently been shown to
possess strong capabilities of producing high-quality natural language outputs
[32, 39, 59, 73, 104], which can be extended to multimodal application contexts
through the concept of user interface transducers [10]. Additionally, LLMs
can keep track of context and can even understand the meaning of seemingly
vague natural language queries [4, 31, 59]. This presents the opportunity
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of using LLMs to map user descriptions of haptic feedback derived from a
diverse and non-standardized vocabulary to underlying control parameters.

In this thesis, we introduce TacTalk, a novel application of LLMs as a natural
language transducer for conversational personalization of haptic experiences.
We demonstrate TacTalk’s functionality in the context of a car-racing video
game and use it as a probe to study how people personalize haptics. We show
that our application enables users to easily customize technical controller pa-
rameters without knowing about the actual parameter names with significant
differences in perceived mental demand, success, effort and frustration in
addition to other usability factors compared to a visual interface. In addition,
we show that TacTalk can be used as part of a larger system to keep track of in-
dividual user profiles and navigate between different haptic feedback settings
through conversation. TacTalk shows consistency in terms of its ability to map
technical parameters to a given world model, which we demonstrate may
either be formed using user profiles or even the baseline GPT-40 model [32]
without providing additional context. Based on user interactions with TacTalk
and a semi-structured interview, we conduct a thematic analysis to learn
about how people personalize haptic feedback. We see that conversational
personalization follows a uni-directional, top-down process where users first
draw from real-world experiences and related metaphors to identify their pre-
ferred haptic feedback and subsequently hone in on specific aspects of their
experience, such as controller vibration/resistance or in-game events such
as driving the car over wet surfaces. Further, we observe that all metaphors
are not created equal, with users specifically employing motorsport-related
metaphors instead of more generic language. Lastly, we see that although
real-world experiences influence haptic feedback preferences, realistic haptic
feedback is not always preferred.



BACKGROUND

In this chapter, we discuss prior work related to haptic experiences, including
conceptual frameworks, empirical studies on the perception of haptic stimuli,
approaches towards personalization, the importance of language in haptics
and the role of LLMs in enabling new multimodal approaches towards user
interfaces.

2.1 USER EXPERIENCE AND HAPTIC EXPERIENCE

User experience (UX), as defined by Sharp, Preece and Rogers [86] and
further detailed by Schrepp et al. [92] is “a set of distinct quality criteria that
includes classical usability criteria, like efficiency, controllability or learnability, and
non-goal directed or hedonic quality criteria, like stimulation, fun-of-use, novelty,
emotions, or aesthetics.” UX depends on the user’s internal state of mind,
the environment within which an interface is being used, and varies from
individual to individual. It also varies over time - a user’s perception of UX
may be shaped based on previous interactions with a product, ongoing use,
and can even change after the interaction concludes [9, 55]. Owing to the
subjectivity of UX, there are various approaches that have been proposed
towards enabling the personalization of UX in different contexts, including
information systems for man-museum interaction [52], recommender systems
[43], augmented reality training systems [76], video games (with a focus
on accessibility) [3]. Some works have also explored domain- and device-
independent model-based methodologies towards UX personalization [34].
Haptic experience (HX) is a new, evolving area of UX that specifically aims
to address experiences involving technologies that engage the sense of touch.
Kim and Schneider [45] provided the first formal definition of HX, along
with a model representing the factors of HX. This model, shown in Figure 2.1,
was composed of five factors, namely Autotelics, Harmony, Expressivity,
Immersion and Realism. Sathiyamurthy et al. [88] further extended this work

De;ign Parameters ) 55 Usability Requirements @ Experi.ential Dimeqsions ) \ Personalization
Building blocks of haptic Pragmatic factors necessary for Hedonic factors that influence experience Support
experience positive experience Harmony Can people
. . ” : .
© Timeliness O Utility - & i " Does it fit with other senses? Cusm.mlze their
" ility - Is it useful? o : experience?
¥ Intensity Causality - G et Expressivity Autotelics
ii#é Density = thausa ty - ; far%o u . 7en % s there distinction Does it feel good
ATimbre ¢ cause of feeaback between effects? inand of itself ?
[ Consistency - Is it reliable?

[ Saliency - Is it appropriately . .
Designer noticeable? Immersion Realism User
Do you feel immersed?  Does it feel realistic ?

Figure 2.1: The first version of the HX model. Here, personalization support was
identified as an important factor for HX, but not as thoroughly explored
as design parameters, usability requirements and experiential dimensions.
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to validate the use of the five-factor HX model for vibrotactile experiences.
However, these works placed emphasis on vibrotactile feedback over other
haptic modalities, such as force-feedback, skin-stretch, thermotactile, mid-air
haptics etc. A subsequent study by Anwar et al. [5] aiming to generalize the
initial HX model beyond vibrotactile experiences derived a new four-factor
model of HX based on study results, consisting of Harmony, Expressivity,
Involvement and Realism. Even so, although the various versions of the HX
models acknowledge the existence of individual differences in the perception
of haptic feedback and mention personalization as a relevant factor of HX,
they do not capture personalization as a primary factor due to an incomplete
understanding of how users think about personalization. Further, the HX
model, even in its current state, is still under further development and the
HX questionnaire needs to be validated before being recommended for use in
hapticians’ day-to-day workflows.

2.2 PERSONALIZING HAPTIC FEEDBACK

Parallel to work formalizing the concept of HX, other lines of research also
include various approaches towards personalizing haptic feedback. For the
purposes of this thesis” context, we include personalization to include author-
ing haptic effects from scratch as well as finetuning existing haptic effects to
individual preferences. Tools supporting such personalization make use of
a wide variety of methods, including relative ranking and refinement using
machine learning [64], choosing from existing libraries of effects [96, 103],
drawing [95, 103], morphing and chaining [20, 90] and even voice-based
methods [66].

In addition to tools enabling haptic feedback personalization, previous
works have also attempted to characterize individual differences in the per-
ception of touch. Peck and Childers [79] in their work on consumer research
developed the Need For Touch (NFT) scale, composed of 12 items covering
autotelic and instrumental dimensions. In doing so, they emphasized the im-
portance of taking into account differences in haptic perception to understand
how consumers make purchase decisions. Stevens [97, 98] found a decline in
haptic stimulus perception with age across various regions of the body, with
some regions being more affected by aging than others.

Closely related to this work, Venkatesan et al. [108] investigated differences
in perception arising due to age- and sex-related factors, citing the following;:

(i) Changes in the physical structure of the skin
(ii) Changes to the number and morphology of tactile afferents
(iii) Differences in the functional use of hands
(iv) Differences in tissue conformation and thickness
(v) Differences in mechanoreceptor densities

(vi) Skin hydration levels
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(vii) Skin temperature levels

Li and Gerling [57] found the stiffness of individuals’ skin to play a role
in their ability to discriminate between different levels of compliance, with
more elastic skin deforming to a greater extent when pushing against a
surface and increasing compliance discrimination performance. They also
argue that differences in perception amongst young people arise mainly due
to differences in hand sizes, which corresponds with both differences in tactile
afferent densities (i.e., people with smaller hands have a higher density of
tactile afferents and subsequently are more sensitive to haptic stimuli) and
skin stiffness (i.e., people with smaller hands tend to have softer, more elastic
skin). Similar findings were also reported by Lofvenberg and Johansson [62]
for vibrations on the hand, Cholewiak and Collins [18] for the perception of
a vibrotactile pattern set, and by Kawai and Tanaka [44] for skin vibration
characteristics. Overall, a variety of studies show that individual differences in
the perception of haptic feedback exist, and a myriad of approaches towards
enabling haptic feedback personalization have been proposed in the form of
design tools and haptic effect libraries. More recently, Roy et. al [87] attempted
to extend the HX model and link it with end-user customization of haptic
effects, identifying signal intensity and spatial density as two independent
parameters that may be used for customization, while also acknowledging
that haptic feedback customization preferences varied between individuals
and also depended on the context of the virtual scenes they presented to
users.

2.3 HAPTIC VOCABULARIES

Language is a key factor of interest in the study of individual differences in
haptic perception. Works focusing on both personalized haptics [93] as well as
HX from a design perspective [91] acknowledge the importance of language,
especially affective language in describing haptic experiences. Language is a
useful tool to understand both how people perceive tactile stimuli at a basic
level, as well as how they talk about haptic experiences in a more abstract
sense in their day-to-day lives.

Studies have attempted to analyze the different perceivable dimensions of
haptic stimuli based on psychophysical methodologies. For instance, Hollins
et al. [33] ran a study to isolate common perceivable dimensions of tactile sur-
face texture, finding a three-dimensional space to provide the most satisfactory
representation of the combined data of texture classification from 20 individ-
uals. Two of these dimensions - roughness-smoothness and hardness-softness,
were found to be quite robust and orthogonal, whereas the third dimension
was found to correspond to the compressional elasticity of the surface upon
post-hoc analysis. Okamoto et al. [71] conducted a similar analysis to under-
stand the tactile perception of textures using psychophysical methods. They
found three primary dimensions - roughness-smoothness, hardness-softness
and coldness warmness. Further, they saw that the roughness-smoothness
dimension could be split into two - macro, and fine roughness; likewise, they
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acknowledged the existence of a friction dimension, related to the perception
of moistness-dryness and stickiness-slipperiness. Thus, they found five overall
dimensions of tactile perception. Adjacent to this work, Kaneda et al [42]
investigated the relationship between physical attributes and onomatopoeic
language when pressing a soft object, finding changes in the contribution of
certain explanatory variables of onomatopoeia based on different physical
conditions.

Focusing on end-users, tools such as VibViz [96] enable choosing vibrotac-
tile effects based on different types of language, including metaphors (e.g.,
drums, engine, snoring etc.), physical filters (e.g., short note, long note, varied
rhythm etc.), emotional filters (e.g., ticklish, sharp, anxious, agitating etc.)
and usage example filters (e.g., battery low, warning, confirmation, incoming
message etc.). These provide users with multiple options for describing haptic
sensations and selecting those that are most appropriate for them. Voodle
[66], another design tool as well as an interaction technique, enables user
customization of haptic feedback in the form of the motion of a 1-degree-of-
freedom robot. This work explored the use of iconic vocalizations such as
those found in onomatopoeic words such as boom, woof, and ding instead
of more complex phrases or affective terms. However, the use of haptic vo-
cabularies is still not perfectly understood, and there is a lack of consensus
about the existence of a tactile language [38]. Moreover, the use of language
for iteratively tuning haptic feedback has yet to be thoroughly explored for
interactive applications such as video games.

2.4 LARGE-LANGUAGE MODELS AND UI TRANSDUCERS

Recent advances in the domain of natural language processing (NLP) and
more broadly deep learning, have resulted in the introduction of LLMs, prob-
abilistic models of language built using decoder-only transformer artificial
neural networks [107]. LLMs are capable of general-purpose language un-
derstanding and text generation, and are hypothesized to possess emergent
knowledge about language relevant to various domains as well as world mod-
els based on the vast amounts of text they are trained on as well as their scale
[11, 101], even though this is not universally agreed upon and is yet to be fully
understood [89]. As a consequence of their data sources, they also possess
biases and inaccuracies [40, 41, 48, 53, 63, 68, 85] which can be somewhat
accounted for using different techniques such as data augmentation [63, 83,
109, 116] , data filtering [12, 26, 74, 102], data generation [46, 99, 105] and even
in-training mitigation approaches [41, 60, 75, 80, 85].

Despite their limitations, LLMs are widely used today for various applica-
tions, including conversational assistants [22, 32, 46, 58], text classification [8,
17, 82], text summarization [81, 100, 114], math [117] and computer program
synthesis [7, 19, 21, 29, 37, 69]. Moreover, with techniques such as prompt
engineering and associated support tools [6, 27, 111], LLMs have been used
to perform increasingly complex tasks, such as role-playing in social simu-
lacra [77], web design [119] and virtual reality (VR) scene generation [21].
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In particular, the paradigm of using LLMs as transducers for user interfaces
(i.e., UI Transducers) [10] has emerged, showing the potential of applying
LLMs’ powerful language capabilities to modalities beyond text input and
output. For example, when acting as digital characters in social simulacra
[77], LLM instances were provided text-based descriptions of the graphical
simulacra environment along with descriptions of the characters they played,
which they used as context to inform their actions. When being used for
VR scene generation, a similar framework was constructed to enable both
scene understanding and inter-LLM communication as part of the system
architecture [21], which allowed the system to control the visuals and physics
as well as sensor integration for scenes in the Unity3D game engine [106].
Moreover, LLMs are also being explored as potential tools for personalization,
with techniques such as the use of misaligned responses [47] and smartphone
sensor data [113] being introduced to enable personalization without having
to retrain separate models for different users.

However, despite their promising capabilities and the flexibility of systems
such as LLMR [21], LLMs have not been applied in the context of haptic
experiences. This presents an opportunity to explore the use of LLMs (more
specifically, conversational LLM systems) as a potential interaction technique
for users to personalize their haptic experience. Such systems can not only
be used to enable end-user-driven personalization, which has been shown
to improve user experience in conversational interactions [84], but also as a
probe into the use of language for describing and manipulating haptic effects.
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With added context about personalized haptic feedback, the interplay between
haptics and language, and the potential for LLMs as UI transducers, we now
describe the system design for TacTalk, a conversational assistant using the
GPT-40 model for language processing. As discussed in Chapter 2, various
approaches towards personalized haptic feedback exist, differing in the ways
in which they present haptic effects to the user. However, more clarity is still
needed in terms of how users want to personalize their haptic feedback. We
motivate TacTalk as a probe towards understanding how people approach the
personalization of haptic feedback through conversation, and demonstrate its
functionality in the context of Forza Horizon 5 [2], a popular car-racing video
game.

Racing games were decided as the primary context for our study due to
the similarity between a driver talking to their race engineer over the radio,
along with the potential for rich haptic sensations in car-racing that evolve
on the fly. This includes revving the engine, accelerating and braking rapidly,
driving on different surfaces, and losing traction while drifting. Moreover, the
specific choice of Forza Horizon 5 was motivated by the game’s accessibility
to a wide range of audiences, easy-to-learn controls, and arcade-like physics
engine which does not necessarily require the controller to mimic realistic
physical sensations.

In order to provide high-fidelity haptic feedback to users, we use the Du-
alSense PS5 controller [1] which offers triggers with force feedback capabilities
that can mimic a wide variety of effects, such as drawing a bow and firing
an arrow, shooting a gun, and accelerator/brake pedal effects. However, the
DualSense controller’s rich haptic feedback capabilities are not supported by
Forza Horizon 5 by default. To work around this issue, we use the ForzaDSX
mod [118] (shown in Figure 3.1) along with the DualSenseX mod application
[24]. This allows us to render haptic effects on the DualSense controller’s
triggers using telemetry data exported by Forza Horizon 5. Similar methods
have also been used previously to synthesize haptic feedback from telemetry
data, in the context of custom controllers and haptic feedback devices [56].

3.1 SYSTEM ARCHITECTURE

The overall system architecture is summarized in Figure 3.2. The four layers
involved in the system are described in more detail below:

INPUT PROCESSING This layer deals with processing user voice inputs.
The system’s voice recording functions may be triggered using either the wake-
word (or rather, wake-phrase) ‘Hey, TacTalk!” or via a manual button-press. In
our implementation of TacTalk, we use the Porcupine wake-word detection
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Figure 3.2: An illustration of TacTalk’s system architecture, divided into four layers:
INPUT PROCESSING, CONTEXT, RESPONSE and UPDATE.

engine [35] to trigger voice recording activation. Once the user has completed,
a button-press stops the recording. Audio processing techniques may also be
used for detecting silence, but was omitted in our implementation of TacTalk
due to the nature of our study design (justified by the design of our study,
discussed in Chapter 5). The recorded user query is then passed to a speech-
to-text engine (we use OpenAl’s Whisper API [72] in our implementation),
which returns the query in plain-text format.

coNTEXT This layer involves constructing prompts to be provided as
input to the LLM backend of TacTalk. The primary tasks that TacTalk is
required to do are (1) change the haptic feedback configuration of the game
controller and (2) maintain a profile of the user’s preferences regarding haptic
feedback. To achieve these tasks, four different text inputs are relevant:

* A meta-prompt string outlining the task for LLM queries, consisting of a
“You are an expert at...” task context description, the name of the video game
being played, and the controller being used for gameplay. This information
helps in preventing the system’s justification from including hallucinated
information.

* The user’s existing profile, which helps improve the system’s adherence
to individual preferences by highlighting specific words and phrases from
past interactions for the system to consider when making changes to
settings.

¢ The existing controller setting values, along with example query-response
pairs to improve the consistency of system-generated responses.

* A brief sliding window of the system’s conversation history, to enable
short-term memory.

10
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900 1.5

Gryat Drift 250
) | W

Acceleration along the car's
forward direction
contributes to vibration
using the Forward
Acceleration Scale

The Acceleration Limit
determines the extent to
which vibration and
resistance increase in
strength while speeding up

Sideways acceleration
contributes to vibration
using the Turning
Acceleration Scale
The lower the Grip Loss
Sensitivity, the earlier
vibrations begin if the car
loses grip when turning

Figure 3.3: A screenshot from Forza Horizon 5, illustrating how the settings from
ForzaDSX take effect during gameplay. Refer to Table 3.1 for more details
about each setting.

The exact prompt strings used in our implementation can be found in
Appendix A.

RESPONSE This layer is primarily handled by TacTalk’s LLM backend.
Once the appropriate prompts have been composed in the CONTEXT layer,
two separate queries are made to the LLM backend. The first one is assigned
the task of recommending changes to the controller’s settings along with
corresponding justifications for each change. The second one, on the other
hand, is assigned the purely qualitative task of processing the existing user
preference profile and updating it based on the LLM’s response to the first
query. Between the two prompts, the numeric data from the first query’s
response is validated to ensure that the system isn’t capable of producing
incorrect haptic feedback configurations, such as those including incompatible
data types, out-of-range values and invalid minimum-maximum value pairs.

UPDATE The final layer deals with applying the response generated by
the LLM to the relevant software layers while also setting up the system
for subsequent user queries. In the case of our implementation built using
ForzaDSX and DualSenseX, we modify the config.xml file for the mod
and trigger an application restart to apply the changed settings on the fly.
Moreover, we modify the prompt strings, namely the existing controller
settings and the user profile to ensure continuity for subsequent interactions.

In the next two sections, we discuss our rationale behind the construction
of the two LLM queries used as inputs for TacTalk’s LLM backend - the
controller setting modification query, and the user profile update query.

11



3.1 SYSTEM ARCHITECTURE

Parameter Name

Targeted
Control

Acceptable
Values

Significance

Trigger Mode

Effect Intensity

Grip Loss Sensitivity

Forward /Turning
Acceleration Scale

Acceleration Limit

Minimum/maximum
Vibration

Minimum /maximum
Resistance

Throttle +
Brake

Throttle +
Brake

Throttle +
Brake

Throttle

Throttle

Throttle +
Brake

Throttle +
Brake

OFF,

RESISTANCE,

VIBRATION

0-100

0-100

0-100

0-100

0-100

0-100

Set triggers to
passive, render
only uniform
resistance or
resistance and
vibrations.

The overall
intensity of the
rendered
haptic
feedback.

The threshold
traction loss
required to
start vibrations
on the triggers.

The forward
acceleration’s
contribution
towards
throttle
vibration.

The proportion
of acceleration
beyond which
the haptic
feedback
remains
constant.

The minimum
vibration
frequency.

The minimum
resistance
magnitude.

Table 3.1: The list of parameters exposed by ForzaDSX for haptic feedback modifica-
tion. All numeric values are percentages represented as unsigned integers.
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User Wake-word /button press

Audio cue (beep)
User
W’
TacTalk Frontend
Beep
Transfer query transcript
User

TacTalk Backend

TacTalk Frontend

7

Apply modified settings to
controller LLM query: update user profile

continued interaction...

LLM query: modify settings
+

User

Figure 3.4: A process diagram illustrating one iteration of the interaction loop be-
tween a user and TacTalk.

3.2 DECIDING WHICH SETTINGS TO CHANGE

The complete list of settings that can be modified along with their role in
haptic feedback rendering is explained in Table 3.1. A screenshot from Forza
Horizon 5 is also shown in Figure 3.3, illustrating how the settings take effect
in-game. The first query passed to TacTalk, derived from the user’s transcribed
instructions, includes a preliminary prompt to provide necessary context
about the LLM’s role. To begin, the prompt tells TacTalk that its role is to
accept a user query along with a short conversation history, the current haptic
feedback configuration, and a user profile summarizing the user’s interactions
with the system and their preferences for haptic feedback at different points in
time. It then lists the different haptic feedback settings, along with acceptable
ranges of values, and plain-text explanations for how each value influences
the rendered haptic feedback. TacTalk is then instructed to return a JSON
object, containing a list of parameters that need to be modified, along with
their previous and new (modified) values, and a justification for the changes
proposed.

It is well-known that LLMs tend to struggle with complex mathemati-
cal reasoning, although prompting techniques such as Chain-of-Thought
prompting [110] and In-Context Learning [23] have shown to help with this
to some extent. The TacTalk prompt includes some basic examples to help
illustrate the role of different parameters, and the inclusion of a justification
field further adds to the consistency and reasoning behind the modifications

13



3.2 DECIDING WHICH SETTINGS TO CHANGE

made by the LLM. The system prompt also ensures that valid values are
clearly specified for each of the exposed haptic feedback parameters to help
avoid LLM responses with invalid values. Moreover, the LLM’s temperature
is fixed at o to minimize variations in responses to the same query; high
temperatures were also found to lead to frequent JSON syntax errors. Further,
these parameters are chosen to be more abstract than the low-level control
attributes used by the DualSense controller at the hardware level. This means
that instead of manipulating haptic rendering parameters for each frame (e.g.,
implementing a PID controller), TacTalk manipulates hyperparameters that
influence the quality of haptic feedback in different situations such as slipping,
acceleration, braking and collisions. For instance, the ‘Grip Loss Sensitivity’
parameter sets a fixed threshold for the amount of traction loss that needs to
be achieved before the DualSense controller’s triggers start vibrating, instead
of dynamically evaluating whether or not to trigger grip loss vibrations at
each time-step. This means that we compromise on the dynamic range of
sensations that may be achieved in the game in favour of more consistent,
stable performance. For example, users are unable to set different grip loss
sensitivity values for different weather conditions or different road surfaces.
Instead, they can only fix one global value, which only indirectly applies to
different weather conditions and surfaces (e.g., during rain or when driving
off road, the game’s telemetry depicts higher slippage due to the game’s
physics engine which in turn leads to more frequent vibrations). Furthermore,
due to Forza Horizon 5's DRM settings, a brief context switch occurs each
time the haptic feedback configuration is updated, requiring users to tap
the circle button to resume the game. This keeps TacTalk from being truly
interruption-free, but was deemed an acceptable limitation for the purpose of
our evalution.

We also perform a technical evaluation of TacTalk’s performance, discussed
in detail in Chapter 4. Performance in our context is poorly defined, since the
aim of TacTalk is to cater to individual differences and mapping user queries
to technical parameters may have different ‘correct’ approaches for different
people. Thus, we attempt to understand the system’s performance in terms of
the validity of generated responses as well as the statistical consistency of the
system’s responses for different queries in the form of t-SNE dimensionality
reduction. In general, we find that TacTalk produces no errors in terms of
invalid parameter values, and that the system’s responses were consistent
based on 51 queries asking the system to produce the sensation of different
types of cars. Finally, we empirically validate both TacTalk’s parameter map-
ping consistency and ability to cater to individual differences by asking users
to match different sensations to different types of vehicles, thus also learning
whether or not different haptic configurations are perceivably different for
users (see Chapter 5).

14



3.3 UPDATING THE USER PREFERENCE PROFILE

3.3 UPDATING THE USER PREFERENCE PROFILE

Once the system produces a response with new values for haptic feedback
parameters, TacTalk’s second phase of LLM processing performs an update
to the system’s long-term summary of user preferences. LLMs are useful
for analyzing text for summarization and sentiment analysis, and thus this
component was a logical step towards enabling the ‘understanding’ of users’
haptic vocabularies. The summary produced by TacTalk is of interest for
two primary reasons. First, it helps the system retain information about
the user’s preferences for haptic feedback beyond the 3-interaction history
passed with each user query. If, for instance, a user’s expectations from a
query differ from TacTalk’s initial prediction and they make a follow-up to
rectify it, the user profile serves as a long term record to ensure the system
remembers the difference for future interactions. Second, and more crucially
for our studies, the user preference summary helps us understand the various
terms (e.g., adjectives, onomatopoeia, metaphors etc.) that different people
use to describe the haptic sensations they would like to experience. Thus, the
preference profile serves as a supplement to the interviews conducted in our
user study, providing crucial information about the language of user queries
that the system is able to pick up on effectively. In future applications using
similar architectures, the user profile may also be used to understand user
sentiments regarding interactive experiences, or to infer common attributes
across larger user bases.

3.4 INTERACTION LOOP

Now that we have described TacTalk’s system architecture in detail, we
move to discuss the overall interaction loop from the user’s perspective. The
process diagram in Figure 3.4 shows how information flows in a typical user
interaction with TacTalk. Throughout their interaction with the system, users
only see the TacTalk frontend - this is where users activate voice recording
and make queries to the system. The frontend then transfers the transcript of
the user’s query to the backend. This is where most of the processing occurs;
the user query is composed along with additional context and passed to the
LLM in two queries. Finally, the responses from the LLM are validated, and
the backend applies the changes to the game controller via ForzaDSX.

Figures 3.5 and 3.6 illustrate how a user might approach interactions with
TacTalk. The basic interaction loop is simple - submit a query via voice
commands, and wait for the system to apply changes to the game. Our
implementation of TacTalk allows users to present different types of queries
with the following intents:

* To explore haptic feedback settings freely, with no prior idea of the
underlying system parameters.

* To modify specific haptic feedback parameters, such as vibration
frequency or resistance intensity.
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’I 2 I'd like the
Hey, car to feela
TacTalk! little
heavier.
Audio cue
() Forza Horizon 5 — Forza Horizon 5
TacTalk TacTalk
T % o) %
3 To make 4
the car feel heavier,

increase resistance, reduce
grip loss sensitivity, and...

< Forza Horizon 5 Horizon &
TacTalk TacTalk

Figure 3.5: A storyboard illustrating how users may interact with TacTalk. Here, a
user asks for the car to feel heavier, and TacTalk responds with a modified
haptic feedback configuration that results in stronger resistance on the
DualSense controller’s triggers, mimicking a heavier vehicle’s throttle.

¢ To undo changes and go back to a previous configuration.

* To save a configuration and possibly retrieve it at a later point in time.
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Hmm, that

A Cool! Can you B doesn't feel right.
make the pedals Can you make the
buzz a bit more? car feel more
grippy instead?
T Forza Horizon 5 Forza Horizon 5
TacTalk TacTalk

‘%% ;%%

Actually, scrap
that. Can you go
back to the
previous
settings?

Forza Horizon 5

Figure 3.6: Here, based on the results of the earlier interaction, a user may choose to
follow up with the system in one of three ways. If the response aligns with
their preferences, they may only tune minor aspects of the experience,
but if not, they may look towards other attributes to try and achieve
a preferable setting. They may also choose to revert to the previous
configuration.
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TECHNICAL EVALUATION

In this chapter, we discuss the technical evaluation of TacTalk’s performance.
In particular, we examine TacTalk’s ability to generate modified parameter
configurations given a potential user’s initial query. The task of generating
an ‘ideal” response for a given query is poorly defined, and the open-ended
nature of haptic vocabularies and individual differences makes it difficult
to objectively evaluate the system’s response to a query like ‘I want the car
to feel more grippy’. As a result, for our technical evaluation we focus on
two aspects - an error analysis of TacTalk’s generated responses, and a t-SNE
dimensionality reduction of the generated responses across multiple queries
to examine TacTalk’s statistical consistency.

4.1 PROMPT DATASET

For our evaluation, we constructed a small dataset of 51 user queries, each one
of the form ‘I want the car to feel like a...” followed by the name of different
cars. We used this query structure to allow TacTalk to freely manipulate any
parameters, as opposed to inducing bias with specific queries of the form ‘I
want the car to have less/more grip’, ‘I want the throttle to feel more/less
stiff” etc. Based on each car’s general usage (e.g., public transport vehicles,
everyday vehicles, racing vehicles etc.), we divided the dataset into three
groups - high performance, average performance and low-performance. Thus,
we had a dataset with 17 cars belonging to each group. It is important to note
that the classification of high/average/low performance cars is somewhat
arbitrary and itself is based on existing bias in the public perception of
vehicle performance. A garbage truck is termed a low performance vehicle
whereas a Toyota Supra is termed a high performance vehicle, even though
the former has a more powerful engine. Similarly, the Mini Cooper is classified
as average performance, even though there are specific variants of the car that
are used in track races. Nevertheless the classification, although imperfect,
still provides an appropriate level of clarity to distinguish between cars and
their performance levels. The complete dataset can be found in Appendix C.

4.2 ERROR ANALYSIS
4.2.1  Methods

To evaluate the system’s error when generating haptic feedback configurations,
we focus on the following criteria:

1. Whether or not TacTalk responded with valid JSON, containing all
the required fields.
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2. For categorical parameters, whether or not the system produces a
valid value (i.e., whether or not the trigger mode is set to ‘Off’,
‘Resistance’ or “Vibration’).

3. For numeric parameters, whether or not the system produces valid
values.

4. For associated minimum-maximum parameter pairs, whether or not
the system produces consistent combinations (i.e., is the minimum
value less than the maximum value?).

Furthermore, we compute error rates for these factors in the following two
conditions:

1. Providing only a single LLM prompt to obtain both the modified
haptic feedback settings as well as an updated user profile.

2. Providing two separate LLM prompts, one for haptic feedback settings
and one for updating the user profile. In this condition, the prompt
for haptic feedback settings includes example query-response pairs.

4.2.2  Results

We ran our tests 50 times on the 51-prompt dataset, for a total of 2550 queries
to TacTalk. Additionally, we used the initial settings sheet as specified in
Appendix B, which was empirically found to be a reasonable starting point -
setting all parameters to just their maximum or minimum value was found
to confuse the model, causing instances where settings were manipulated
redundantly (e.g, increasing the resistance on the throttle would do nothing
when the throttle effect intensity was set to 0). The results of our analysis are
summarized in Figure 4.1.

4.3 T-SNE DIMENSIONALITY REDUCTION
4.3.1  Methods

In addition to evaluating how well TacTalk generates syntactically valid
responses, we also conduct a statistical evaluation of the system’s consistency.
For this, we used the same dataset of 51 queries as detailed in Section 4.1,
obtaining system-generated responses to each query. We then ran t-SNE
dimensionality reduction [65] on the generated parameter vectors.

4.3.2  Results

The results of the t-SNE evaluation (learning rate = 10, perplexity = 20, random
initialization) are shown in Figure 4.2. From the plot, we see that TacTalk-
generated parameter configurations belong to relatively distinct clusters for
high, average, and low performance vehicles, with little overlap between the
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Figure 4.1: A summary of the number of errors encountered for each style of prompt-
ing. Using multiple prompts with example query-response pairs resulted

in only 54 errors, as compared to 1932 errors when using a single prompt
for all tasks.
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Figure 4.2: The t-SNE visualization obtained from the dataset of 51 user queries. The
plot shows that the haptic feedback configurations generated by TacTalk
possess some structure, with vehicles of similar performance clustered
together. There are also some visible outliers, as highlighted.

average and low performance vehicle groups. It should be noted that the
magnitude of distances does not hold much significance in t-SNE visualiza-
tions, and alternative dimensionality reduction techniques for non-linear data
such as UMAP [67] have also been shown to provide to the same essential
functionality as t-SNE, differing only in their initialization strategies [50, 51].

Overall, our statistical evaluation of TacTalk grounds the implementation
of the interface by showing evidence that the system is capable of inferring
implicit patterns from user queries and changes values based on these infer-
ences, and not completely randomly. Having validated TacTalk’s performance
from a technical standpoint, we use TacTalk as a probe in an empirical study
to understand how users approach conversational personalization of haptic
feedback. In addition, we measure users’ perceived cognitive load and us-
ability ratings to compare TacTalk with a visual interface offering the same
capabilities.

21



USER STUDY

In this chapter, we describe our methods for the empirical evaluation of
TacTalk, primarily aiming to address the following research questions:

RQ1 Can an LLM effectively function as a Ul transducer for mapping
vague, natural language user queries to technical haptic feedback
parameters?

RQ2 How do people think about haptic feedback personalization using
language, without any assistance in the form of visualization?

RQ3 How does a voice-based personalization interface compare with a
visual interface offering the same functionality in terms of usability
and users’ perceived cognitive load?

5.1 PARTICIPANTS

We recruited 11 participants (10 male, 1 female; self reported) for the main
study, and 1 for a pilot (1 female; self reported). All participants had to answer
a screening questionnaire, which focused primarily on their experience with
driving and motorsport (see Appendix D for the complete questionnaire).
For the purpose of our study, we exclusively included people who were
experienced with some form of racing - real-world racing, virtual driving
simulators or even arcade racing games (highly unrealistic games such as
Mario Kart did not count towards racing experience). This exclusion criterion
was enforced to make sure that participants (1) could get familiar with the
video game relatively faster, and (2) would have an idea of their desired
haptic experience. We ensured that the recruited participants had varying
levels of experience with motorsport resulting in diverse yet domain-relevant
vocabularies. Each session of the study took approximately one hour, and
participants were compensated with Amazon gift cards worth CA$20 each
for their time. Written informed consent was obtained from all participants
prior to the sessions. The study was approved by the University of Waterloo
Research Ethics Board (#46230).

5.2 APPARATUS

All study sessions were conducted indoors, with participants seated in front
of a PC monitor where the game was displayed. The PC had an AMD
ThreadRipper Pro 5975WX 32-core CPU, an RTX 4080 GPU and 64GB of RAM.
A second laptop (an M1 MacBook Air) displaying the TacTalk voice interface
application was placed on the left of the PC monitor. Finally, participants
were given a pair of headphones and the DualSense controller to be able to
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Figure 5.1: The apparatus used for the study, including a PC, a laptop, a pair of
headphones, and the DualSense controller.

hear game audio and play the game. Figure 5.1 illustrates the setup used for
the study, and Figure 5.2 shows a participant seated for the study. For the
entire study, we decided to use the in-game bumper camera which hid the
car from the player in order to remove visual bias for participants.

5.3 TASKS

Each study session consisted of two phases, which we refer to as FREE-

PERSONALIZATION and CAR-CLASSIFICATION. Before the study commenced,
participants filled out the Big Five Inventory and Player Traits questionnaires

to provide information about their personality traits and preferences towards

video games - this data added to our analysis of user preferences for the per-
sonalization of haptic feedback. The remaining stages of the study proceeded

as follows:

* Participants were shown the capabilities of the DualSense controller using
the DualSenseX mod application, which provides multiple preset examples
of haptic effects on the triggers, including bow-and-arrow, automatic gun
firing and uniform resistance. This provided context to participants who
did not have experience using the DualSense controller prior to the study.
This step took around 5 minutes.
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Figure 5.2: A participant seated for a user study session.

* Participants were given 5-10 minutes to familiarize themselves with Forza
Horizon 5, including the game’s controls, the way cars handled in the game
and the generic rumble haptic feedback effect that the game provides.

* The FREE-PERSONALIZATION phase was conducted. This step took around
30 minutes.

* The CAR-CLASSIFICATION phase was conducted. This step took around
15 minutes.

* Participants filled out the Big Five Inventory and Player Traits question-
naires. This took around 5 minutes.

5.3.1 FREE-PERSONALIZATION

In this phase of the study, participants were allowed to freely customize
their in-game haptic feedback, first using TacTalk and then using the visual
ForzaDSX interface, thus following a within-participants experiment design.
This order was preserved across all trials so as to avoid inducing bias from
participants learning the names of the technical parameters used in ForzaDSX.
When using TacTalk, participants were told to describe the haptic feedback
they would like to feel, and based on the system’s response, would iterate
until they arrived at a configuration that they felt comfortable with. Similarly,
when using ForzaDSX, participants would switch to the mod’s visual interface
during gameplay and change the haptic feedback settings until they arrived
at a configuration they felt comfortable with. In both cases, semi-structured
interview questions were asked to identify users about their intent behind
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queries/actions; this helped inform our inquiry into how people think about
haptic feedback. Once users were done using each interface, they answered
the NASA Task Load Index (NASA-TLX) [30] and System Usability Scale
(SUS) [14] questionnaires before moving on to the next phase.

5.3.2 CAR-CLASSIFICATION

In the second phase of the study, participants were asked to try out three
randomly-ordered haptic feedback configurations generated using TacTalk
and guess which configuration corresponded to which vehicle from a list of
options. The vehicles chosen for this task included a Formula One racing
car, a double-decker bus and an everyday sedan. To ensure that participants
weren’t biased by visuals or audio from the game, a first-person camera
was used and all car engine noise was disabled. Before providing their
final answers, participants were allowed to freely switch between different
configurations. Once they had provided their final responses, they were asked
to verbally describe their expectations for haptic feedback for each vehicle.
This description was then provided to TacTalk to provide user context, and
the same task was repeated. We included this task to help understand our
first research question, and more specifically the following related questions:

RQ1.1 Can TacTalk generate perceivably distinct haptic feedback settings?

RQ1.2 Are the settings generated by TacTalk consistent with user expecta-
tions when no additional context is provided?

RQ1.3 If TacTalk’s responses do not align with user expectations, can the
inclusion of user profiles correct this misalignment?

5.4 QUANTITATIVE RESULTS

We now present the results of our quantitative evaluations, namely the NASA-
TLX and SUS scores from the FREE-PERSONALIZATION phase in addition to
confusion matrices from the CAR-CLASSIFICATION phase and responses to
the Big Five Inventory and Player Traits questionnaires.

5.4.1 FREE-PERSONALIZATION Results

NASA-TLX scores can be seen in Figure 5.4. Upon running the Wilcoxon
Signed Rank Test to compare TLX scores, we find that TacTalk leads to
significantly lower mental demand (p = 0.003), perceived success (p = 0.043),
perceived effort (p = 0.003) and perceived frustration (p = 0.012) when
compared to the ForzaDSX visual interface.

Users also rated TacTalk as a more usable interface than ForzaDSX - on
running a paired t-test between the SUS scores for TacTalk (u = 68,SD =
10), and ForzaDSX (i = 50,SD = 14), significant differences are observed
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Figure 5.3: Scatterplots visualizing Player Traits and Big Five Inventory dimensions
and their relationship with NASA-TLX and SUS responses.

(p < 0.001). We also computed the Cohen’s d and observed a large effect size
(d =1.44).

Computing the Pearson Correlation Coefficient for responses to the Big
Five Inventory and Player Traits questionnaires, we found a statistically
significant positive correlation between users’ Social Orientation and their
Perceived Success when using TacTalk (p = 0.63, p = 0.028). Additionally, a
significant negative correlation was observed between the users’ Aesthetic
Orientation and their SUS scores for the ForzaDSX interface (o = -0.73, p =
0.006). Finally, a significant negative correlation was also observed between
the users’” Neuroticism score within the Big Five Inventory and their Temporal
Demand scores from the NASA-TLX (p = -0.63, p = 0.027). These findings
are visualized in Figure 5.3. No other significant correlations were found
when comparing the Player Traits and Big Five Inventory dimensions with
NASA-TLX and SUS responses. An « value of 0.05 was used for all statistical
tests.

5.4.2 CAR-CLASSIFICATION Results

For the CAR-CLASSIFICATION task, we see that participants were able to
achieve a slightly higher classification accuracy when they provided addi-
tional context about their preferences to the system. Interestingly, participants
performed better than expected even when the system had no additional user
preference context, indicating that the LLM’s internal ‘world model” based on
its training dataset was still able to capture signals related to haptic feedback
attributes for different vehicles. Thus, our proxy for TacTalk’s alignment in-
dicates that although additional context is helpful, the model is capable of
aligning with some users’ preferences by default.

Overall, with no user context provided, a classification accuracy of 63.89%
was achieved (95% CI = (46.22%, 79.18%)). The class-wise sensitivity values
observed were: ‘bus’ - 0.667, ‘race-car’ - 0.667, ‘sedan’ - 0.583; the specificity
values observed were: ‘bus’ - 0.833, ‘race-car’ - 0.833, ‘sedan’ - 0.792. When
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Figure 5.4: Box plots illustrating the NASA-TLX scores for TacTalk and the ForzaDSX
visual interface.
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Figure 5.5: Confusion matrices visualizing users’ classification accuracy when match-
ing haptic feedback to vehicles.

context was provided, participants achieved an overall accuracy of 86.11%
(95% CI = (70.5%, 95.33%)). The class-wise sensitivity values observed were:
‘bus’ - 0.917, ‘race-car’ - 0.833, ‘sedan’ - 0.833; the specificity values observed
were: ‘bus’ - 0.958, ‘race-car’ - 0.917, ‘sedan’ - 0.917.

From our quantitative results, namely the SUS and TLX responses, we see
that overall, users perceived significantly lower cognitive load when interact-
ing with TacTalk as opposed to when they were using its visual counterpart,
ForzaDSX. In particular, although users perceived similar physical and tem-
poral demands for both interfaces, likely due to the fact that they had plenty
of time to think about their queries before they actually talked to the system,
and the actual interactions involved similar amounts of physical activity, they
perceived a lower mental demand when using TacTalk. As further justified
through the users’ interview responses, this was primarily due to the fact
that users were free to describe their desired haptic feedback in any way they
liked, as opposed to when they were using ForzaDSX and had to map their
internal vocabulary to the parameters listed in the visual interface. Further,
the overall perception of success was significantly higher for TacTalk than
for ForzaDSX, and correspondingly the perceived effort and frustration was
significantly lower for TacTalk than ForzaDSX. This was interesting, because
the TacTalk interface did not respond with any confirmation or natural lan-
guage beyond a simple audio cue, whereas ForzaDSX provided users with
visual confirmation of their actions. However, the reason for this may have
been due to the fact that people found it harder to understand the causal
relationship between different parameters and the haptic feedback rendered
on the controller. Notably, participants always started the study by interacting
with TacTalk - we did not use a counterbalanced order so as to avoid biasing
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participants’ vocabulary. This may also have contributed to the higher per-
ceived frustration and effort for ForzaDSX. Finally, the usability scores for
TacTalk and ForzaDSX also had significant differences, implying that TacTalk
was a more usable interface than ForzaDSX when referring to the SUS.

5.5 QUALITATIVE RESULTS

For qualitative analysis, we collected audio recordings of participants” study
sessions, including interview responses and interactions with TacTalk and
ForzaDSX. Video recordings were also collected for consenting participants.
In total, we analysed 353 minutes of audio and 132 minutes of video.

We followed the Reflexive Thematic Analysis methodology as described
by Braun and Clarke [13]. In particular, we adopted an inductive style of
analysis, allowing codes to emerge from the dataset. Our dataset consisted of
audio recordings of participant interviews, video recordings of participants
who provided consent for us to do so and interaction logs from the TacTalk
system. The audio data was transcribed using Microsoft Word’s transcription
tool and subsequently cleaned manually.

After conducting our analysis, we identified the following primary themes:

5.5.1 Users favor a few-shot approach towards personalizing haptics through con-
versation

From the recorded data, we saw that haptic feedback personalization through
TacTalk was typically a few-shot process, with only one participant (P3)
posing more than five queries. On average, participants posed 3.5 queries to
the system, with four participants (Po, P1, P6, P9) only making one query.
When asked whether they felt content with the haptic feedback generated
by TacTalk, Po said ‘I think I'm very content... I'm pretty accurate.” This was
interesting, since Po thought that TacTalk’s ability to generate a desirable
haptic feedback configuration was at least partially due to their own ability
to phrase what they expected from the system. Their query was long but
directly referred to the throttle and brake pedals: ‘I need the accelerator to be a
little more firm, so less sensitive. I also need it to feel a lot like I am accelerating, so
more rumble as I accelerate and as I go faster, as I hit the accelerator harder, I want
it to feel a lot more rough. And then what, For the brake, I do want it to be a little
less sensitive and I guess brake a little more smoother, so I don’t want to feel as many
vibrations, unless I'm hitting the handbrake.” Similarly, when asked if they would
like to make any further changes using TacTalk, P9 said ‘No, I think this is
comfortable.” However, Pg9’s query made use of a metaphor instead of directly
addressing haptic feedback, since they asked for TacTalk to ‘get haptic feedback
that is most similar to a Toyota GR86.” This shows that although different users
may have different initial ideas about their desired haptic feedback, TacTalk
is able to navigate the haptic feedback parameter space efficiently, requiring
few interactions before reaching a setting that suits users’ preferences.
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In addition to the interaction duration, we also saw trends in participants’
use of adjectives. The adjectives used referred to various qualities of both
vibrotactile and force feedback including smoothness ("Make the accelerator
vibration smoother’), hardness/softness ("Make accelerator vibrations softer’, ‘Increase
the brake vibrations to be harder than accelerator vibrations’) and stiffness (“Make
the throttle less stiff’), which aligns with the perceptual dimensions discussed
in prior work by Okamoto et al. [71] and Hollins et al.[33] excluding the
coldness-warmness dimension, since the DualSense controller does not have
thermal feedback capabilities.

When asked for feedback on the implementation of TacTalk, the idea of
having a physical button on the controller to activate TacTalk was favoured
over voice-based activation by all participants except two - P5 (‘I would prefer
if there is an inbuilt voice assistant and I can say “Hey!”, just how we speak to
Siri or Alexa.”) and P6. Participants even suggested using a combination
of the two interfaces in different ways. For instance, P1 suggested initially
setting up haptic feedback using a slider-based interface like ForzaDSX and
using TacTalk for subsequent fine-tuning of vibrations ‘because it’s just a little
bit changed, compared to the beginning.” P2 made a similar point, citing their
prior experience with racing simulator games and real-life motorsport: “...
so basically, I can set up the parameters roughly before I start. Then I'd talk to the
voice interface to adjust more precisely.” In contrast, other participants (P4, P9g)
felt that it would be easier to start out by using TacTalk to explore the haptic
parameter space using more generic queries and subsequently make smaller
adjustments using ForzaDSX. P5 even recommended using a combination of
TacTalk and ForzaDSX where users may set custom words as slider parameters
and manipulate them to explore different sensations. They suggested using
this as a teaching tool for children to demonstrate how different (potentially
dangerous in real life) haptic sensations feel while introducing new language.
These overall trends in participants” usage of TacTalk and their suggestions
helped us observe an archetypal process of conversational personalization.
This process is unidirectional, has multiple points of entry and goes from users
describing their intended haptic feedback using more abstract metaphors (e.g.,
Pg’s usage of a Toyota GR86) to specifying minute details (e.g., P3’s query to
make both controller triggers equal in stiffness and vibration characteristics).
We saw that more experienced participants often started this process further
downstream, making less use of abstract metaphors and using more specific
driving-related vocabulary to describe their desired haptic feedback.

5.5.2 A realistic world suggests using knowledge of real-world haptics

Forza Horizon 5 was described as a game with realistic visuals by multiple
participants (P4, P5, P9, P10). This perceived realism of the game’s world in
turn led to participants drawing from their real-world knowledge of haptics.
Depending on their individual experiences, participants referred to both real-
world driving and driving simulator experiences when talking about their
haptic feedback preferences. P10, for instance, said ‘I think it’s more like what
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I have felt when I was in a racing simulator... in the go-kart, that’s the kind of the
sensation you have accelerating” when talking about their preference for haptics
on the throttle trigger. Similarly, some participants (Po, P2, P5, P11) alluded
to real-world driving experience, either from go-karting (P2) or day-to-day
driving (Po, P5, P11) when describing the haptic feedback they expected from
the controller.

In addition to serving as an aid for querying TacTalk, real-world experience
sometimes proved to confound participants; one participant (Pg) said ‘I don’t
know how much haptic feedback I would expect from an accelerator... the point of the
haptic feedback is to just know more about the car... even in a real car, the accelerator
just goes down or up, right? It's just controlling the throttle... I don’t know what
I expect from the accelerator. I would expect different things from the brake or the
handbrake or the steering wheel like maybe in the joystick in this case.’In particular,
Pg pointed out the disparity in form-factor between the DualSense controller
and a real car setup including a steering wheel and pedals as the primary
reason behind their confusion. In this case, P9 resorted to asking for haptic
feedback similar to a “Toyota GR86" as we saw earlier. This ties back into the
unidirectional nature of conversational personalization; starting from a lack
of clarity about their desired feedback, P9 drew upon a realistic metaphor to
explore the system’s capabilities.

Just as real-world knowledge was used to describe preferences for haptic
feedback, participants often used real-world analogies when describing the
outputs generated by TacTalk. Of course, these included simple comments
about the capabilities of the DualSense controller, such as when P4 men-
tioned that they would like force feedback on the analog sticks (‘I don’t think
PlayStation controllers have that feature yet’) or when P2 said that the intensity
of the force feedback was limited by the hardware (‘I would like to get some
more feedback from both the brake and accelerator pedals, which may be due to the
limitation of the controller”). However, participants also brought up real-life
driving experiences, such as the observation that the brake pedal in a real car
is harder to press than the accelerator (P8).

An interesting observation from participants” use of real-world knowledge
was the existence of individual perceptions of realism. We as authors recognize
our own individual idea of realism may differ from the participants’ opinions,
which adds to the subjectivity of our analysis and is important to acknowledge
before discussing our findings in more depth. While some participants (P6,
P8) referred to their idea of a realistic driving experience (driving a muscle
car, feeling both resistance and vibrations on the triggers), others referred to
the in-game terrain they were driving on (P5, P7) and one even referred to
their belief that real-world cars have brakes that are less stiff so as to stop
faster (P1).

5.5.3 Using haptic feedback to represent changing environment and state is preferred

In line with participants” expectations being influenced by the realistic visuals
of the game, the haptic feedback was also expected to follow real-world causal
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relationships. This meant that participants expected certain haptic cues to
correspond to specific in-game events. This behaviour was initially seen in
participants’ justifications for different haptic sensations - for instance, P4,
Ps5, Pg and P1o stated that they preferred realistic haptic feedback for Forza
Horizon 5 due to its visual fidelity. This was observed for both the vibrotactile
sensations (‘there is some vibration - screeching tires, I think”) and force feedback
(‘when it lost traction this time, there’s actually a lot more feedback on the brake’,
‘I'm on a slope, I can feel some sort of resistance here’) rendered on the controller.
Just as participants justified haptic feedback based on in-game events, their
preferences for haptic feedback were also shaped around these events. Some
participants (Ps5, Py, P11) paid attention to different environmental factors
when describing their desired haptic feedback, including mud, snow, and rain
into the conversation. P7 even commented on the lack of controls in ForzaDSX
that could manipulate weather-related haptic effects, mentioning that they
“‘wanted to configure like how they (i.e., the triggers) should behave. Like for example
in winter you need winter tires’. In other cases (P5, P6, P7), track-related factors
were mentioned, referring to the incline (‘I do feel some kind of resistance also
because this is an incline’) and on/off-road conditions (‘I want the accelerator to
be smoother when I'm off road”). Notably, none of the participants commented
on the haptic feedback combined with audio - references were mainly drawn
from visual in-game events. Even so, the sounds made by the controller when
the triggers vibrated were noticed by participants, who either liked (P2, P3, P4)
or disliked them (Ps5, P7, P10). In the case of P10, we even saw that the in-game
telemetry was a valid artifact for participants to derive their preferences from
('l want my index finger from the left to have a lot of shake when I'm accelerating,
especially between when I start and until I go to 100km/h’). All of these sub-themes
combined inform the notion of haptic feedback that represents changes in
the environment and state of an experience. Specifically, the visual modality
is found to be favoured over audio in participants” framing of preferences
for haptic feedback, involving both UI elements and actual in-game objects.
Thus, haptic feedback should also be personalized using an approach that
accounts for changes in the environment and state of the experience.

5.5.4 Knowing about ‘reality” does not imply a preference for it

Although we saw that all participants drew from real-world knowledge when
both describing their preferences and justifying TacTalk’s outputs, this did
not always mean a preference for realistic haptic feedback. As seen in Py and
P8’s interactions, real-world experiences could also be used as a reference
to look for factors causing frustration, such as increased throttle stiffness
when driving off-road, intense vibrations indicating grip loss and increased
resistance when driving up an incline. Similarly, P3 distinguished their haptic
feedback preferences from real life, mentioning that they were looking for
something that ‘feels good for the game’. P5, after narrowing down on their
preferred haptic feedback configuration was then intrigued by TacTalk’s
capabilities and attempted to experiment with different, more unrealistic
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sensations, asking for the accelerator to feel ‘like a spring” and ‘as light as
air.” These two queries were the only observed instances where a participant
made a query to TacTalk that directly referred to unrealistic metaphors for
driving. Even so, this indicates that the open-ended nature of voice-based
interactions might invite users to play around with different haptic feedback
configurations, irrespective of whether they are easy to define in terms of
technical parameters or not. Further, this indicates that at a global scale, users
have a preference for a large, varied haptic parameter space, allowing for
both realistic and unrealistic haptic feedback.

5.5.5 Domain-specific metaphors are a valuable tool

Describing haptic feedback through language is often difficult, and a similar
trend was seen in the participants” interactions with TacTalk. Five participants
(P1, P3, P4, P8 and P9) indicated that they had difficulty thinking of queries to
pose to the system due to various reasons, from not knowing what language
TacTalk would be able to understand to not having a clear sense of the haptic
feedback they wanted. In such circumstances, metaphors proved useful. Just
like how Ps5 used ‘spring” and ‘air” as metaphors for the behaviour of the
accelerator, other participants used metaphors to describe different scenarios.
P6 asked TacTalk to replicate the sensation of driving ‘a sturdy muscle car’,
stating that they wanted to experience something similar to an old Mustang.
Pg similarly used the metaphor of a Toyota GR86 to obtain an initial haptic
feedback setting from TacTalk to subsequently fine-tune from there (although
they ended up feeling satisfied with the initial configuration).

Other notable cases of metaphor usage included P3 and P9’s descriptions
of the haptic feedback they felt - they used onomatopoeic vocabulary, such
as ‘thuk-thuk-thuk-thuk’, ‘buzzy’, and ‘dhuk-dhuk-dhuk-dhuk’. However, such
sounds were not used when talking to TacTalk, but rather when responding
to interview questions. In fact, P3, P8, and Pg explicitly pointed out not being
able to ascertain whether or not TacTalk would be able to pick up on such
descriptions. Thus, we found that metaphors were valuable to participants
when it came to describing their expectations, even if they did not feel that
a computer would be able to understand their intention. Participants that
did not make use of metaphors instead focused on basic haptic adjectives,
such as stiffness and vibration and directly asked for them to be modified, as
discussed earlier in T1.

Overall, we found that domain-related metaphors were brought up by
participants most frequently, and more generic metaphors such as those used
by P5 were rare. In fact, P5’s description of making a trigger feel like “air” or
like a ‘spring” were the only instances were a domain-unrelated metaphor
was used when interacting with TacTalk. Moreover, when participants were
prompted to describe how they came up with their queries, all participants
except for P7 brought up metaphors related to cars (P7 instead mentioned the
experience of riding a bicycle uphill when describing their intended haptic
feedback on inclined roads, which was still somewhat related to driving a
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car). In this sense, when viewed in light of the prior themes exploring how
participants drew upon real-world knowledge and ideas of realism when
describing haptic feedback preferences, we see that this domain specificity
stands out as a common element. Language unrelated to the task domain does
not commonly show up in participant interactions, and thus conversational
personalization interfaces should ensure participants can explore the design
space using domain-specific terminology.

5.5.6 Summary

Overall, we see that users consistently make more use of generic metaphors in
the early stages of personalization, and subsequently move towards low-level
details until they achieve their intended configuration. Along the way, users
draw upon real-world knowledge, even if they may not necessarily be looking
for realistic haptic feedback - the realism of the game world plays a key role
in influencing this. As mentioned earlier, in P5’s case, once an intended effect
is achieved, a user might wish to play around with the interface’s capabilities
further, but this is not part of the original personalization process anymore;
it is simply an exploration of the interface after personalization has already
been completed.

34



DISCUSSION

In this chapter, we discuss the implications of the results obtained from our
user study, classified primarily into quantitative and qualitative findings
based on whether the results were obtained through user interactions and
interviews or through questionnaire responses.

6.1 LLMS CAN BE USED TO MAKE PREDICTABLE AND VALID PARAMETER
ADJUSTMENTS FOR HAPTICS

Through our technical evaluations, we see that an LLM-based application
such as TacTalk can make valid parameter adjustments for haptic feedback. In
particular, we notice that making use of a multi-prompt structure, breaking
down the task of modifying haptic feedback and subsequently updating a
summary of user preferences leads to valid results much more often than
providing a single, monolithic query. This falls in line with prior evidence of
how techniques such as Chain-of-Thought [110] and few-shot prompting [47]
yield better LLM responses.

Through our t-SNE evaluation, we verify the predictability and consistency
of TacTalk’s generated responses. As observed using a small test dataset,
TacTalk is able to generate configurations that fall in line with expectations
related to vehicle names. Even though the classification between high, average
and low performance vehicles only considered popular beliefs and could
be somewhat arbitrary, a visible distinction between classes was observed
using t-SNE. Even for the cases that TacTalk ‘mis-classified’, an argument
can be made for TacTalk’s classification may also be considered ‘correct’. For
instance, TacTalk misclassified the Mini Cooper, placing it closer to the high
performance cluster than the Toyota Supra. However, the Mini Cooper is
also involved in motorsport, which may have been a contributing factor in
TacTalk’s response. Similarly, a Fiat 500 and a Subaru 360 may be considered
average performance cars by some, and not necessarily low performance. Our
claims are further validated through our user study, where we see that most
users only submitted fewer than 5 queries before finding a haptic feedback
configuration that they enjoyed. Thus, we see that TacTalk’s responses are
predictable and consistent.

6.2 CONVERSATIONAL PERSONALIZATION IS MORE USABLE THAN A
VISUAL INTERFACE

When considering the context of the study, i.e., customizing haptic feedback

on the fly in a racing video game, users rated the usability of TacTalk signifi-
cantly higher than ForzaDSX, the visual counterpart, as measured through the
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SUS scores. Users noted that the ability to make changes without switching
to another application on the PC was helpful, and that TacTalk was easier to
use since it did not require users to learn any interface- or domain-specific
language. This ease-of-use was further shown in the NASA-TLX responses, as
users reported feeling a lower mental demand, perceived effort and perceived
frustration, and higher perceived success when using TacTalk as compared to
ForzaDSX. Thus, we infer that for real-time, interactive applications, using a
different modality for personalizing haptic feedback may help reduce users’
cognitive load and improve usability.

63 PERSONALITY DIFFERENCES MAY IMPACT PERSONALIZATION PREF-
ERENCES

As seen in our correlation test results, there is some evidence that personality
differences may interact with users” preferences when it comes to personal-
ization.

The potential existence of a positive correlation between users’ social orien-
tation and their perceived success when using TacTalk may have to do with
the fact that voice-based interaction is inherently perceived to be more social
than a visual computer interface. Similarly, users who have a higher aesthetic
orientation would not prefer the information overload seen in the ForzaDSX
interface, thus justifying a negative correlation with SUS scores for ForzaDSX.
Lastly, users with higher neuroticism scores perceived lower temporal load
when using TacTalk. Although after applying Holm-Bonferroni corrections,
no significant correlations were found, these initial signs of correlation may
still be worth examining in future work, especially with a larger sample size.

64 PREFERENCE CONTEXT IMPROVES USERS’ CLASSIFICATION ACCU-
RACY, BUT NOT BY MUCH

One of the key features of TacTalk’s system design was its use of a user
preference profile to keep track of specific aspects of the haptic experience
mentioned by the user, especially if they differed from TacTalk’s base ‘knowl-
edge’. However, in practice, it did not significantly impact users’ classification
accuracy, as seen in the results of the CAR-CLASSIFICATION task. Although
including user-specified features did improve classification performance, we
found that users did not fare much worse when the system did not account
for their preferences, indicating that when performing relative comparisons,
TacTalk’s consistency in generating haptic feedback configurations can also
be perceived by users moderately well, even if the settings do not align with
their preferences.
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65 CONVERSATIONAL INTERFACES SHOULD USE SIGNPOSTING TO MAKE
USERS’ LIVES EASIER

As we found in our thematic analysis, when interacting with a realistic world,
users often look to their real-world knowledge to inform their preferences
for haptic feedback. However, this may result in confusion when trying
to compare across different haptic modalities. For example, a DualSense
controller does not render force feedback on the joysticks, even though users
may expect a centering force on the steering wheel while driving a car. In the
case of visual personalization interfaces, we find that using example libraries
can be used to prompt creative user-driven exploration of haptic feedback, as
seen in the RecHap [103] and VibViz [96] tools.

In the context of voice-based interfaces, it is known that interaction possi-
bilities range from the use of natural language to humming and other, more
vague sounds [28, 61]. Voice-based interfaces for haptic feedback, such as
Voodle [66], also offer users the ability to communicate intended haptic feed-
back using onomatopoeic phrases. However, as opposed to visual interfaces,
voice-based approaches, especially when deployed in contexts where users
typically perform another primary task (e.g., driving) do not rely on visual
cues to prompt exploration. Moreover, people may not know the full capabili-
ties of voice-based systems unless explicitly shown examples. Systems like the
Google Assistant achieve this through both advertising and allowing users
to ask the system what it can do. It is important in such cases, however, to
make sure that the system’s responses create realistic expectations - telling the
user ‘I can change your haptic experience’ is broad and vague, whereas simply
adding examples such as ‘I can make your brake pedal shake a bit less if that feels
better’ or ‘I can make the car feel less sluggish when you drive on sand” grounds the
system’s abilities [78]. Another way to show users system capabilities may
be to use a visual tutorial when first starting up the application. For TacTalk,
we did not use any tutorials, since the goal of the study was to understand
users’ approach towards customization without introducing any biases. Even
so, we saw that two users looked to the system for suggestions, although
their queries were direct requests to make the controller feel like specified
cars. Another user also attempted to explore the system’s capabilities using
different types of vocabulary and metaphors like ‘light as air’” and ‘Tike a spring’.
However, we found that most users did not naturally think of asking the
system for recommendations. As a result, it is important for conversational
interfaces to employ signposting effectively

6.6 INTERFACES ENABLING PERSONALIZATION OF HAPTIC FEEDBACK
SHOULD EMPLOY NARRATIVE FRAMING EFFECTIVELY

In the previous subsection, we discussed the need for signposting when it
comes to helping users learn about an interface’s personalization capabilities
in the context of the hardware being used. In general, with conversational
interfaces, we find that users tend to trust the system more when voice-based
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feedback is also included in the system [16]. This may be used as another
way to nudge the user towards exploring system capabilties. However, the
narrative of the virtual experience is a key consideration. As mentioned in
Section 5.5, users employ metaphors when describing their desired haptic
feedback. However, domain-specific metaphors are much more commonly
used than generic vocabulary. Thus, an interface enabling personalization
should focus on domain-specific narrative framing, as it can signficantly
impact how users think about in-game events and their corresponding haptic
feedback [15]. In the context of a racing game, for instance, it would make
sense for a conversational interface acting as a race engineer, talking about
in-game environmental factors when describing changes made to the haptic
feedback. Responding with ‘I've tried increasing your grip loss sensitivity,
try using the e-brake and you should notice the throttle feel more slippery’
not only describes the changes effected by the system, but also frames the
explanation in a manner that the user can easily understand and even test
out (here, by using the e-brake).

67 CONVERSATIONAL INTERFACES CAN BE A VALUABLE LEARNING
TOOL

When dealing with specific domains such as motorsport, vocabulary is an
important tool. For example, picking up marbles, trail-braking and aquaplan-
ing are terms that people familiar with racing may know, but newcomers
are unlikely to have heard outside of motorsport, similar to how sommeliers
use specialized vocabulary when describing wines. Prior work has explored
the use of conversational interfaces for education [49], especially learning
by teaching such interfaces [54]. However, we may also use these interfaces
to actively teach users and help them familiarize themselves with different
aspects of the experience:

* How haptic feedback is rendered on their specific device

* How haptic feedback relates to in-game events and environmental factors

For example, if a user feels unsure when describing their desired haptic
feedback, a conversational interface can help them learn about the various
factors involved behind haptic rendering in the game (such as frequency,
vibration, intensity etc.) and subsequently help them hone in on the specific
parameters they would like to change. This ‘teaching” may be direct, with
the interface directly referring to the physical controller being used and its
triggers, motors, buttons etc. However, it can also be tied in with the idea of
narrative framing - a conversational interface may use purely narrative-related
language to communicate with the user, making it easier for them to focus
on the virtual experience without having to switch contexts when thinking
about personalization. This may have a positive effect on user experience, or
more specifically, user involvement/immersion.
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6.8 CONVERSATIONAL PERSONALIZATION IS A UNIDIRECTIONAL PRO-
CESS

As mentioned in Chapter 2, prior work on HX has brought up the importance
of personalization, but the way in which end-users approach personalization
is still poorly understood. Seifi [93] defined different approaches towards
enabling end-user customization, namely choosing, tuning and chaining, but
even this work does not study how users think about personalization, espe-
cially in a conversational context. In our study, we found that personalization
takes the form of a unidirectional process. This process does not have a fixed
starting point or end point, since different users may begin with different
notions of how in-depth they want to be and may choose to end early if
they achieve their preferred configuration. However, the direction in which
user interactions flowed indicated that users consistently follow a top-down
approach towards haptic feedback customization, despite the affordance of a
bottom-up approach enabled by TacTalk.

More specifically, by top-down, we mean that personalization often com-
mences from a relatively generic idea of the intended experience for a user.
This is where metaphors are most valuable. In such situations, users often
expect example libraries or other suggestion mechanisms to better understand
exactly what they want. In the use-case of TacTalk, this took the form of asking
TacTalk to mimic an existing vehicle or other generic metaphor. Once this
starting point is achieved, we see that users tend to zoom in on specific aspects
of the settings they have, and attempt to fine-tune them. In our study, this
includes remarks on how the throttle and brake pedals (triggers) feel different
and what changes need to be introduced. This process is iterative, and is
often where users spend the most time. However, in our analysis we found
that this process was also unidirectional, with users starting from a sensation
and making subsequent changes to it with reverting to previous settings. This
may be attributed to the lack of visual elements indicating haptic feedback
settings in a conversational interface, but despite being informed that they
could ask the system to go back to a previous setting, none of the participants
presented such a query. It is important to note that this phenomenon differs
from query-repair, which is common among users of voice interfaces [112].
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CONCLUSION

In this thesis, we conducted an inquiry into the personalization of hap-
tics through conversation. We identified that personalization is not a well-
understood part of HX, despite the existence of frameworks describing effec-
tive strategies for creating personalization tools (Chapter 2). We presented
a conversational interface, TacTalk, that can be used as a voice assistant to
customize haptic feedback on the fly (Chapter 3). This interface was then
evaluated both technically and empirically.

Our technical evaluations (Chapter 4) show that TacTalk is capable of pro-
ducing consistent mappings of haptic feedback configurations, with t-SNE
visualizations showing separation between cars of different performance lev-
els and an error analysis showing that TacTalk’s use of examples and multiple
prompts to break down the system’s functions result in better performance
than when using a single longer meta-prompt.

In addition, our empirical evaluation (Chapter 5) shows that when com-
pared to a visual interface, ForzaDSX, TacTalk has higher usability ratings
(SUS scores) and lower perceived cognitive load ratings (NASA TLX). Fur-
ther, we present a preliminary thematic analysis of participants” interview
responses and interactions with TacTalk, describing how users approach the
task of personalization, specifically through purely voice-based interaction.
We find that conversational personalization functions as a unidirectional
process, with users initially making use of broad metaphors before identi-
fying specific aspects of haptic feedback that need to be manipulated. We
also see that although a realistic virtual world leads to users drawing upon
real-world knowledge of haptics, realism does not always align with user
preferences. In all of this, metaphors emerge as a powerful tool used in lieu
of other, more effective ways to communicate haptic feedback preferences
when communicating purely through conversation. Additionally, we see that
task- or domain-specific metaphors are more commonly used as compared to
generic, unrelated metaphors. In Chapter 6, we discuss our key findings and
their potential implications for conversational interface design in the context
of the personalization of haptic feedback.

Thus, our evaluations address the following research questions:

RQ1 Can an LLM effectively function as a Ul transducer for mapping vague,
natural language user queries to technical haptic feedback parameters?
(Yes, it can!)

RQ2 How do people think about haptic feedback personalization using lan-
guage, without any assistance in the form of visualization? (People rely
on visual context of the application and their prior related experience,
start from high-level, vague descriptions of intent and subsequently nar-
row down on specific desired attributes. There may also be evidence
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that personality traits correlate with different users” approaches towards
customization, but this needs to be further studied.)

RQ3 How does a voice-based personalization interface compare with a visual

7

interface offering the same functionality in terms of usability and users
perceived cognitive load? (A voice-based interface is preferred over a visual
alternative, with higher usability ratings and lower perceived cognitive
load.)

7.1 FUTURE WORK

Future investigations into voice-based interactions for haptic feedback cus-
tomization may provide insight into haptic feedback customization across
different tasks and haptic devices, thus moving further towards a robust
model of personalization while also evaluating how LLMs fare with changing
contexts for both the application domain and haptic device being used. Multi-
ple interaction modalities should also be investigated to better understand
whether the unidirectional nature of conversational personalization can also
be seen outside of a voice assistant.

The user study presented in this thesis only found initial evidence that
user preferences towards personalization may also be related to individual
personality traits. Future work may explore this concept with different mea-
sures of personality traits with larger sample sizes and different modalities
for personalization.

TacTalk itself, being a modular, largely plug-and-play system, can be used in
various other contexts. For example, it can be used in tandem with frameworks
such as LLMR [21] to offer haptic feedback customization capabilities for
virtual environment authoring tools. Video games such as F1 [25] already have
voice-based interactions with race engineers to perform in-game tasks, such
as obtaining race statistics and modifying race strategy; these systems can be
augmented with abilities similar to TacTalk to improve their fidelity further -
one can imagine a scenario where an F1 free practice session involves users
constantly talking to their virtual race engineer to tweak haptic sensations
alongside elements relevant to in-game physics, such as increasing downforce
and subsequently experiencing higher frequency vibrations while driving on
a winding road. Based on comments from our user study, we suggest using
TacTalk as a supplement to a visual interface, where users can press a button
for voice-based customization or pause and manually change their experience.
Users who were experienced with motorsport said that they would like to
start off by manually choosing a configuration and subsequently use TacTalk
to fine-tune specific parameters, whereas users who did not have racing
experience said that they would prefer using TacTalk for exploration (i.e., to
learn what the controller can do), and if needed, use a visual interface to
modify specific parameters.
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TACTALK SYSTEM PROMPTS

In this section, we provide additional context and materials that were used as
part of the development and evaluation of TacTalk. In particular, we provide
the different prompts used for TacTalk, the settings that were used as the
initial configuration for TacTalk and the list of 51 prompts used for TacTalk’s
technical evaluation.

A.1 WHEN USING A SINGLE PROMPT

You're a helpful racing engineer assistant who converses with the driver

to modify the haptic feedback on the PS5 Dualsense controller

in the racing game Forza Horizon 5. Given a user’s prompt as well as a summary

of the user’s past preferences for haptic feedback, you need to

identify which controller settings need to be changed from the following list of
parameters and specify, for all parameters, what their new value will be. Finally,
you need to provide the reason for selecting the settings you chose.

Additionally, you need to return an updated version of user’s preference

summary.

# Guidelines to follow
- Format your response as a JSON object with four fields - ’'settings_list’,
'old_value’, ’'new_value’, 'justification’ and ’'updated_summary’. DO NOT
RETURN ANYTHING EXCEPT JSON.
- ’'settings_list’ is a list of settings that need to be modified
- 'old_value’ is the existing list of values for the settings in
"settings_list’
- 'new_value’ is the new suggested list of values for the settings in
'settings_list’

"justification’ is a string explaining the reason behind the choice of
new values

'updated_summary’ is a string containing the updated user preference
summary for haptic feedback

# The list of settings to choose from, along with a definition of their
meaning. Note that all values except for the Brake Trigger Mode and Throttle
Trigger Mode should be percentages between 0 and 100.

- Brake Trigger Mode: Whether the brake should not render haptics at all
(value = 0), render only uniform stiffness (value = 1), or render rich
vibrations (value = 2).

- Throttle Trigger Mode: Whether the throttle should not render haptics at all
(value = 0), render only uniform stiffness (value = 1), or render rich

59



A.1 WHEN USING A SINGLE PROMPT

vibrations (value = 2).

- Brake Effect Intensity: The strength of the forces and vibrations produced by
the brake.

- Throttle Effect Intensity: The strength of the forces and vibrations

produced by the throttle.

- Inverse Brake Grip Loss Sensitivity: The lower this value (i.e., closer to 0),
the more the haptic feedback conveys grip loss for the brakes. The higher
(i.e., closer to 100), the less responsive the haptic feedback is for grip loss
for the brakes.

- Inverse Throttle Grip Loss Sensitivity: The lower this value (i.e., closer to
0), the more the haptic feedback conveys grip loss for the throttle. The

higher (i.e., closer to 100), the less responsive the haptic feedback is for
grip loss for the throttle.

- Turning Acceleration Scale: The higher this value, the more of an

effect turning will have on producing haptic feedback. For example, turning
sharply will cause the throttle trigger to become more stiff or vibrate if

the turning acceleration scale is high.

- Forward Acceleration Scale: The higher this value, the more of an

effect forward movement will have on haptic feedback. For example,

sharp accelerations will cause the throttle trigger to become more stiff or
vibrate if the forward acceleration scale is high.

- Acceleration Limit: This value determines how high the acceleration needs to
get before the throttle haptic feedback renders a constant sensation. If the
car accelerates any more than this, the haptic feedback won’'t change.

- Minimum Brake Vibration: The minimum frequency at which the brake can

vibrate. For ideal responses, this value should always be less than

the Maximum Brake Vibration and above 20 percent. A value of 0 means no
vibrations will be felt.

- Maximum Brake Vibration: The maximum frequency at which the brake can

vibrate. This value should always be kept above the Minimum Brake Vibration. A
value of 0 means no vibrations will be felt.

- Minimum Throttle Vibration: The minimum frequency at which the

throttle can vibrate. For ideal responses, this value should always be less than
the Maximum Throttle Vibration and above 20 percent. A value of 0 means

no vibrations will be felt.

- Maximum Throttle Vibration: The maximum frequency at which the

throttle can vibrate. This value should always be kept above the Minimum Throttle
Vibration. A value of 0 means no vibrations will be felt.

- Minimum Brake Resistance: The minimum resistance that the brake can produce.
- Maximum Brake Resistance: The maximum resistance that the brake can produce.
- Minimum Throttle Resistance: The minimum resistance that the

throttle can produce.
- Maximum Throttle Resistance: The maximum resistance that the
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throttle can produce.

# The existing values of the settings listed above are shown in the following:
<Settings list appended here>

<User preference profile appended here>

A.2 WHEN USING MULTIPLE PROMPTS
A.2.1  Stage 1: Modifying Haptic Parameters

You're a helpful racing engineer assistant who converses with the driver

to modify the haptic feedback on the PS5 Dualsense in the racing

game Forza Horizon 5. Given a user’s prompt as well as a summary of the user’s
past preferences for haptic feedback, you need to identify which controller
settings need to be changed from the following list of parameters and specify, for
all parameters, what their new value will be. Finally, you need to provide the
reason for selecting the settings you chose. Your response will then be

forwarded to another mechanic assistant, who will actually apply changes

to the settings.

# Guidelines to follow
- You should pay attention to the driver’s requests during your conversation
and come up with a list of settings to change based on the driver’s query.

- The settings you mention should be taken from the list of settings provided
to you in this prompt. DO NOT list any settings that are not provided in this
prompt.

- Your reason needs to be specific and well-motivated. DO NOT give an
unrealistic reason for your response.

- If a query mentions that the user does not want to feel vibrations, set the
Brake Trigger Mode and Throttle Trigger Mode to uniform stiffness before
turning it off completely.

- Return the new value of the settings EXCEPT Brake Trigger Mode and Throttle
Trigger Mode as a percentage between 0 and 100. Do not return values

outside the 0-100 range!

- IF YOU MODIFY SETTINGS WITH Brake Resistance IN THEIR NAME, MAKE SURE THE
Brake Trigger Mode IS SET TO 1 OR 2

- IF YOU MODIFY SETTINGS WITH Throttle Resistance IN THEIR NAME, MAKE SURE THE
Throttle Trigger Mode IS SET TO 1 OR 2

- IF THE Brake Trigger Mode IS SET TO 1 OR 2, MAKE SURE THE Brake Effect Intensity
IS GREATER THAN 0

- IF THE Throttle Trigger Mode IS SET TO 1 OR 2, MAKE SURE THE Throttle Effect
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A.2 WHEN USING MULTIPLE PROMPTS

Intensity IS GREATER THAN 0
- Format your response as a JSON object with four fields - ’'settings_list’,
'old_value’, 'new_value’ and 'justification’. DO NOT RETURN ANYTHING EXCEPT
JSON.

"settings_list’ is a list of settings that need to be modified

"old_value’ is the existing list of values for the settings in
"settings_list’
- 'new_value’ is the new suggested list of values for the settings in
"settings_list’
- "justification’ is a string explaining the reason behind the choice of
new values
- Again, DO NOT RETURN ANYTHING EXCEPT JSON!!

# The list of settings to choose from, along with a definition of their meaning

- Brake Trigger Mode: Whether the brake should not render haptics at all

(value = 0), render only uniform stiffness (value = 1), or render rich
vibrations (value = 2).

- Throttle Trigger Mode: Whether the throttle should not render haptics at all
(value = 0), render only uniform stiffness (value = 1), or render rich
vibrations (value = 2).

- Brake Effect Intensity: The strength of the forces and vibrations produced by
the brake.

- Throttle Effect Intensity: The strength of the forces and vibrations

produced by the throttle.

- Inverse Brake Grip Loss Sensitivity: The lower this value (i.e., closer to 0),
the more the haptic feedback conveys grip loss for the brakes. The higher
(i.e., closer to 100), the less responsive the haptic feedback is for grip loss
for the brakes.

- Inverse Throttle Grip Loss Sensitivity: The lower this value (i.e., closer to
0), the more the haptic feedback conveys grip loss for the throttle. The

higher (i.e., closer to 100), the less responsive the haptic feedback is for
grip loss for the throttle.

- Turning Acceleration Scale: The higher this value, the more of an

effect turning will have on producing haptic feedback. For example, turning
sharply will cause the throttle trigger to become more stiff or vibrate if

the turning acceleration scale is high.

- Forward Acceleration Scale: The higher this value, the more of an

effect forward movement will have on haptic feedback. For example,

sharp accelerations will cause the throttle trigger to become more stiff or
vibrate if the forward acceleration scale is high.

- Acceleration Limit: This value determines how high the acceleration needs to
get before the throttle haptic feedback renders a constant sensation. If the
car accelerates any more than this, the haptic feedback won’'t change.

- Minimum Brake Vibration: The minimum frequency at which the brake can
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vibrate. For ideal responses, this value should always be less than

the Maximum Brake Vibration and above 20 percent. A value of 0 means no
vibrations will be felt.
- Maximum Brake Vibration: The maximum frequency at which the brake can
vibrate. This value should always be kept above the Minimum Brake Vibration. A

value of 0 means no vibrations will be felt.
- Minimum Throttle Vibration: The minimum frequency at which
throttle can vibrate. For ideal responses, this value should

the
always be less than

the Maximum Throttle Vibration and above 20 percent. A value of 0 means

no vibrations will be felt.

- Maximum Throttle Vibration: The maximum frequency at which the
throttle can vibrate. This value should always be kept above the Minimum Throttle

Vibration. A value of 0 means no vibrations will be felt.

- Minimum Brake Resistance: The minimum resistance that the brake can produce.

- Maximum Brake Resistance: The maximum resistance that the brake can produce.

- Minimum Throttle Resistance: The minimum resistance that the
throttle can produce.
- Maximum Throttle Resistance: The maximum resistance that the
throttle can produce.

# Some example interactions

User: I want the car to feel heavy and unresponsive, not very
sensitive to slipping and without too many vibrations.

Initial Settings:

brake trigger mode: 2

throttle trigger mode: 2

brake effect intensity: 60

throttle effect intensity: 60

inverse brake grip loss sensitivity: 20
inverse throttle grip loss sensitivity: 20
turning acceleration scale: 80

forward acceleration scale: 100
acceleration limit: 80

minimum brake vibration: 40

maximum brake vibration: 60

minimum throttle vibration: 40

maximum throttle vibration: 60

minimum brake resistance: 20

maximum brake resistance: 40

minimum throttle resistance: 20

maximum throttle resistance: 40
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Response:

‘‘‘json

{
"settings_list": ["brake effect intensity", "throttle
effect intensity", "inverse brake grip loss sensitivity",
"inverse throttle grip loss sensitivity", "turning acceleration
scale", "acceleration limit", "minimum brake vibration", "maximum
brake vibration", "minimum throttle vibration", "maximum
throttle vibration", "minimum brake resistance", "maximum
brake resistance" "minimum throttle resistance", "maximum

throttle resistance"],

"old_value": [60, 60, 20, 20, 80, 80, 40, 60, 40, 60, 20, 40, 20, 40],
"new_value": [90, 90, 90, 90, 30, 30, 10, 20, 10, 20, 70, 100, 70,
10017,

"justification": "To make the car feel heavy and unresponsive, the
force feedback on the controller is increased. To achieve

this, both the brake effect intensity and throttle effect

intensity are increased from 60% to 90%, and the minimum brake
resistance, maximum brake resistance, minimum throttle

resistance and maximum throttle resistance values are increased

from 20%, 40%, 20% and 40% to 70%, 100%, 70% and 100% respectively.
To make the car feel more unresponsive, a lot of vibrations

should not be felt while turning the car, especially when grip

loss is encountered. Towards this, the minimum and maximum

throttle and brake vibrations are reduced for low frequency
vibrations, and the inverse grip loss sensitivity values are

also increased for both the brake and throttle to delay the sensation
of losing grip. To further make the car feel heavy, the turning
acceleration scale is reduced to 30% to reduce the vibrations
generated due to turning. Lastly, the acceleration limit is

reduced to 30% to make the throttle response bottom out early during
acceleration instead of ramping up further."

User: I want the car to feel grippy and responsive, like a formula one racing
car.

Initial Settings:

brake trigger mode: 2

throttle trigger mode: 2

brake effect intensity: 60

throttle effect intensity: 60

inverse brake grip loss sensitivity: 20
inverse throttle grip loss sensitivity: 20
turning acceleration scale: 80

forward acceleration scale: 100
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A.2 WHEN USING MULTIPLE PROMPTS

acceleration limit: 80

minimum brake vibration: 40
maximum brake vibration: 60
minimum throttle vibration: 40
maximum throttle vibration: 60
minimum brake resistance: 20
maximum brake resistance: 40
minimum throttle resistance: 20
maximum throttle resistance: 40

Response:

‘“*json

{
"settings_list": ["brake effect intensity", "throttle
effect intensity", "inverse brake grip loss sensitivity",
"inverse throttle grip loss sensitivity", "turning acceleration
scale", "acceleration limit", "minimum brake vibration", "maximum
brake vibration", "minimum throttle vibration", "maximum
throttle vibration", "minimum brake resistance", "maximum
brake resistance" "minimum throttle resistance", "maximum

throttle resistance"],

"old_value": [60, 60, 20, 20, 80, 80, 40, 60, 40, 60, 20, 40, 20, 40],
"new_value": [90, 90, 0, 0, 100, 100, 60, 80, 60, 80, 70, 100, 70,
1007,

"justification": "To make the car feel responsive, the force
feedback and vibrations on the controller are increased. To achieve
this, both the brake effect intensity and throttle effect

intensity are increased from 60% to 90%, and the minimum brake
resistance, maximum brake resistance, minimum throttle

resistance and maximum throttle resistance values are increased
from 20%, 40%, 20% and 40% to 70%, 100%, 70% and 100% respectively.
To make the car feel more grippy, a lot of vibrations should be
felt while turning the car, especially since a formula one car rides
low and close to the road, particularly when grip loss is
encountered. Towards this, the minimum and maximum throttle and
brake vibrations are increased for strong, high frequency
vibrations, and the inverse grip loss sensitivity values are

also decreased for both the brake and throttle to deliver the
sensation of losing grip early. To further make the car feel light
and nimble, the turning acceleration scale is increased to 100% to
increase the vibrations generated due to turning. Lastly, the
acceleration limit is increased to 100% to make the throttle
response ramp up as the car reaches its top speed."

User: I want to feel some vibrations when I accelerate, especially when
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I'm slipping, but I don’'t want to feel any vibrations on the brake. Oh also, both
pedals should be stiff, with the brake being stiffer than the
accelerator.

Initial Settings:

brake trigger mode: 2

throttle trigger mode: 2

brake effect intensity: 60

throttle effect intensity: 60

inverse brake grip loss sensitivity: 100
inverse throttle grip loss sensitivity: 100
turning acceleration scale: 50

forward acceleration scale: 50
acceleration limit: 255

minimum brake vibration: 0

maximum brake vibration: 0

minimum throttle vibration: 0

maximum throttle vibration: 0

minimum throttle resistance: 0

maximum throttle resistance: 0

minimum brake resistance: 0

maximum brake resistance: 0

Response:

‘“*json

{
"settings_list": ["brake effect intensity", "throttle
effect intensity", "inverse brake grip loss sensitivity",
"inverse throttle grip loss sensitivity", "turning acceleration
scale", "acceleration limit", "minimum brake vibration", "maximum
brake vibration", "minimum throttle vibration", "maximum
throttle vibration", "minimum brake resistance", "maximum
brake resistance" "minimum throttle resistance", "maximum

throttle resistance"],

"old_value": [60, 60, 20, 20, 80, 80, 40, 60, 40, 60, 20, 40, 20, 40],
"new_value": [90, 90, O, O, 100, 100, 60, 80, 60, 80, 70, 100, 70,
1007,

"justification": "To make the car feel responsive, the force
feedback and vibrations on the controller are increased. To achieve
this, both the brake effect intensity and throttle effect

intensity are increased from 60% to 90%, and the minimum brake
resistance, maximum brake resistance, minimum throttle

resistance and maximum throttle resistance values are increased

from 20%, 40%, 20% and 40% to 70%, 100%, 70% and 100% respectively.
To make the car feel more grippy, a lot of vibrations should be

felt while turning the car, especially since a formula one car rides
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low and close to the road, particularly when grip loss is
encountered. Towards this, the minimum and maximum throttle and
brake vibrations are increased for strong, high frequency
vibrations, and the inverse grip loss sensitivity values are

also decreased for both the brake and throttle to deliver the
sensation of losing grip early. To further make the car feel light
and nimble, the turning acceleration scale is increased to 100% to
increase the vibrations generated due to turning. Lastly, the
acceleration limit is increased to 100% to make the throttle
response ramp up as the car reaches its top speed."

# The existing values of the settings listed above are shown in the following
<Settings list appended here>

<User preference profile appended here>

A.2.2  Stage 2: Updating User Preference Profile

You are a helpful racing engineer analyst who processes

conversation data between a racing driver and their engineer to

summarize your understanding of the driver’s haptic

feedback preferences for their car.

In addition, you are given an existing summary of the driver’'s preferences to
begin with. The summary you generate should add to this existing document, WITHOUT
EXCEEDING 500 WORDS TOTAL.

# Guidelines to follow

- You should pay attention to the driver’s queries to the race engineer, and keep
track of the specific words they use to describe the haptic feedback. For
example, adjectives such as 'bumpy’, ’'slipping’, ’'sliding’, ’strong’, ’'weak’
etc. are important to understand the words that the driver uses to describe
different haptic effects.

- You should ensure that the summary generated DOES

NOT contain any information that cannot directly be inferred from the
conversation’s transcript.

- Make sure that the generated summary also contains as much

information from the existing summary so as to not lose information
unnecessarily.

- If the existing summary contains something that conflicts with the
conversation data, prioritize the more recent data (i.e., the

conversation data) when forming the final summary.

- Make sure that the generated summary is LESS THAN 500 words.
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- If the existing summary provided to you is empty, ignore it and rely only on

the conversation data to generate your summary.
- ONLY return the summary as a JSON object with one field titled ’'summary’.

- DO NOT include any paragraph breaks in the summary. Make sure it is
all in one paragraph.

# The following is the existing summary for the user’s profile, along with
the most recent chat transcript.

<User preference profile appended here>

<Past 3 chat interactions appended here>
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INITIAL SETTINGS CONFIGURATION

The following initial settings were used with TacTalk. The initial seed was an
important hyperparameter, since it influenced TacTalk’s parameter changes
in the long run, and could potentially cause deadlocks in cases where TacTalk
modified a redundant parameter repeatedly without looking at other pa-
rameters. For instance, if the effect intensity was set to o in the beginning,
TacTalk would not increase it before modifying attributes such as vibration
and resistance.

brake trigger mode: 2

throttle trigger mode: 2

brake effect intensity: 60

throttle effect intensity: 60

inverse brake grip loss sensitivity: 100
inverse throttle grip loss sensitivity: 100
turning acceleration scale: 50

forward acceleration scale: 50
acceleration limit: 100

minimum brake vibration: 0

maximum brake vibration: 0

minimum throttle vibration: 0

maximum throttle vibration: 0

minimum throttle resistance: 0

maximum throttle resistance: 0

minimum brake resistance: 0

maximum brake resistance: 0
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TECHNICAL EVALUATION DATASET

C.1 PROMPTS USED FOR TECHNICAL EVALUATION

The following prompts were used for TacTalk’s technical evaluation. All of
these prompts follow a ‘I would like the car to feel like a ...” structure, followed
by the name or defining traits of a car. These names/traits were grouped into
high, average and low performance categories as shown in the following:

# High Performance Cars
Ferrari LaFerrari
Formula 1 Car

Red Bull RB20 F1 Car
Lamborghini GT3 Car
Toyota Le Mans Hyper Car
Super Formula Car
Nissan GTR Skyline
Formula 1 McLaren MCL38
Ferrari 458 Italia
Toyota Supra

Porsche 911

Koenigsegg Jesko
McLaren P1

Lamborghini Gallardo
Mercedes AMG One
Bugatti Veyron

Pagani Huayra

# Average Performance Cars
Hyundai Elantra

Honda Civic

Toyota Corolla

Honda Accord

Toyota Camry
Volkswagen Jetta
Volkswagen Golf
Mid-Size Family Sedan
Small Hatchback

Fiat Panda

Chevrolet Spark

Ford Focus

Mini Cooper

Suzuki Swift
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Kia Seltos
Nissan Rogue
Honda CRV

# Low Performance Cars
Garbage Truck

Semi Truck

Hearse

Slow, 0ld Car

Tacoma Pickup Truck
Chevrolet Silverado
Schoolbus

Sambabus

Limousine

Soapbox Racer

Fiat 500

Ford Model T

Renault Dauphine
Subaru 360

Ford Pinto

City Rover
Underpowered sluggish car
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SCREENING QUESTIONNAIRE

The following screening questionnaire was used to select participants for the
TacTalk user study. Participants were required to 1) be above 18 years of age,
2) know at least 4 terms, and 3) have played at least 1 game not including
Mario Kart.

Ql. Enter your email:

Q2: Please state whether your age is 18 or above:
Q3: Please select the driving-related words/phrases that you are familiar with:
- Traction/Grip

- Throttle

- Brake

- Drifting

- Burnout

- Trail Braking

- Differential

- Brake Bias

- Centring Force

- RPM (Revs Per Minute)

- Aquaplaning

Q4: Please select the racing games that you have played:
- Mario Kart

- Need For Speed (series)

- Burnout (series)

- Forza Horizon (series)

- Driveclub

- Forza Motorsport (series)

- Gran Turismo (series)

- F1 (series)

- Assetto Corsa (series)

- BeamNG
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