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Gesture + Haptic-Guided Interaction

Meeting Prep (Marketing for Breakfast Cereal)

| Ask me about Toprepare| [Askmeabout| | The target audience for the new breakfast cereal | User- The meeting transcript
< ?7 the social “ " Berry Blast includes customers who are health- generated Nudge didn't specify where the
arget audience | N Target " N . N N i N
pithanthd media ‘audience ‘ conscious and interested in natural ingredients. | content natural ingredients used
Content ideas strategy... ! The social media strategy also aims to reach a campaigns... in the breakfast cereals
[Analytics tools ~ : wider audience through influencer partnerships <~ | come from.
W - | and user-generated content campaigns. -
3 x&; L_@i Where did the natural
P ingredients that you
use in the breakfast
| cereals come from?
Play Followups Replay Play Followups Select Followup Tell me More Skip Wake ~

Figure 15: Lack of Multimodal Input. A common “side-effect” of the GESTURE+HAPTIC-GUIDED interaction techniques was the
infrequent use of voice input, which participants could activate via the Wake gesture. Here, P1 resists using voice input until the
end of their Task 2 (Meeting Prep) conversation, despite performing a few unintended gestures that derailed the conversation.

6.3 Navigational Flow

Next, we discuss three qualitative themes around how partici-
pants leveraged voice and gestures to navigate the system’s re-
sponses. Participants noted a difference in who was leading the con-
versation: VOICE-DRIVEN interaction felt more user-driven, while
GESTURE+HAPTIC-GUIDED interaction felt more system-driven. Turn-
taking behaviors also varied across conditions: VOICE-DRIVEN in-
teraction facilitated a balanced cadence of user and system speech,
while gestures supported more interruptive actions.

Voice-only conversations were perceived as user-driven
with open-ended possible actions. Based on the SASSI question-
naire responses (Appendix A.2), all participants felt in control of the
conversation when using VOICE-DRIVEN interaction. A majority of
participants attributed this sense of leadership to their familiarity
with the system’s interaction language (P2, P4-12), as they “don’t
have to learn how to speak” (P2), and the expressiveness of the
voice modality, as they “can ask for whatever [they] want” (P12).

However, participants experienced a loss of control when they
were “stumped on what to ask” (P7) or lacked a mental model of
the floor and ceiling of the system’s capabilities, in line with prior
empirical studies of voice interfaces [32]. P3 expressed that voice-
only interaction was “too flexible,” as they “could end up going
down a tangent” without an “indication of what’s important.”

With gesture & haptic guidance techniques, conversations
were perceived as system-driven with constrained possible
actions. Participants found that GESTURE+HAPTIC-GUIDED inter-
action introduced an extra step of translating their own intent into
specific commands in the system’s gesture language (P1, P3-5, P8-9,
P11-12, P14). As P8 explained, “I was not thinking about what I
want to ask; I was more thinking [about] how I can ask it using
gestures.” The scoped set of gesture-based functions, along with the
system’s haptic nudges to highlight possible follow-up actions, gave
participants the impression that “the leader in the conversation is
the voice assistant” (P5).

These system-driven operations benefited participants by “adding
structure” to the conversation (P9) and demonstrating effective
ways to prompt the system using voice: “knowing that the assistant
can add a follow up helped me realize what all I can ask” (P2). Several
participants adapted strategies from our gesture-based functions to
support their conversations in the Voice-DRIVEN condition (P2, P8,
P11, P13-14), e.g., speaking “Tell me More” and “Replay.”

However, participants tended to fixate on the constrained set
of gestures rather than verbally clarifying their intent. On aver-
age, only 28.36% of participants’ gestures were used to Wake the
mic, compared to other nonverbal commands. We observed this
adherence to gestures even when conversations went off track. For
example, P1 struggled to obtain a useful summary in Task 2 (Meet-
ing Prep) due to consecutively performing incorrect gestures but
did not switch to voice input until the end of the 2-min period
(Fig. 15). Participants were hesitant to use multimodal interaction
for various reasons: preferring subtle gestures over voice input in
a public context for the Task 2 (Meeting Prep) scenario (P3), be-
ing more comfortable performing taps than the WristRoll gesture
to activate the mic (P7), and lacking a mental model for which
interactions are best suited for voice versus gestures (P8).

Voice-only interaction led to balanced turn-taking and
complete exchanges; gestures facilitated more interruptive
actions to direct conversations. The Voice-DRIVEN condition
resulted in significantly fewer interruptions than gesture-driven
interaction (Sec. 6.1); participants typically allowed the system to
finish speaking before posing new prompts, even when it delivered
repetitive or irrelevant information. Participants attributed this
hesitance to social norms in human-to-human interaction (P2, P4-5,
P9, P13). P4 expressed, “it felt like I'm talking to somebody... so
I let him finish the sentence, because it felt rude to just stop.” In
contrast, interrupting with gestures was considered more socially
acceptable: “I don’t have to commit the act of interrupting by voice.
I just kind of send a signal” to the system (P13).

6.4 Temporal Flow

Finally, we present three themes around how participants managed
the timing of conversations in either condition. They found ges-
tures to support more efficient information access, but could more
quickly verify the system’s alignment with their intent when using
voice-driven interaction. Additionally, haptic cues interleaved with
system speech increased participants’ perception of time pressure.

Accessing information with gesture & haptic-guided in-
teraction required less perceived time and effort. Participants
expressed that the combination of gestures and audio-haptic cues
increased their awareness of possible ways to extract details from
the voice interface, like “having information at your fingertips” (P7).
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With Voice-DRIVEN interaction, many participants noted that speak-
ing the Wake Phrase disrupted the flow of conversation (P1, P3,P6-7,
P10-P13) and found it “bothersome and slow” to “ask all questions
[themselves]” (P6). In contrast, participants felt gestures offered
more expressive power [20], often yielding a similar amount and
quality of information while requiring less effort (P2, P6-7, P9, P11,
P13-14): “I can ask [the system] to elaborate on what it knows
instead of having to think about what I should ask it” (P2). This
difference between conditions is also evident from our timeline anal-
ysis: conversations in the Voice-DRIVEN condition were sparser,
whereas the GESTURE+HAPTIC-GUIDED conversations had more
instances of system speech surfacing new details (Fig. 13).

Direct specification of prompts through voice saves time
in the gulf of evaluation; indirect specification through ges-
tures can cause uncertainty about the system’s understand-
ing. When using voice to explicitly pose prompts to the voice
interface, some participants felt “better aware of the response” (P5)
and had more confidence that the system understood “what type of
interaction [they] wanted” (P1). However, when guiding the con-
versation via gestures, they sometimes lacked a clear understanding
of how the system was acting upon their input (P1, P4, P5, P7-8,
P14). This uncertainty primarily arose for the Select Keyword in-
teraction, which required precisely timing gestures to target words
in the system’s response and waiting a few seconds to receive a
new response. P5 expressed: “I feel distracted because I don’t have
full trust that my response is going to be interpreted in a timely
manner... which is taking up space from me retaining information.”

Voice-only interaction led to slower paced conversations;
gesture & haptic-guided interaction induced more time pres-
sure. As discussed in Sec. 6.3, participants felt it socially unaccept-
able to interrupt in the Voice-DRIVEN condition, which led to a
more leisurely turn-taking pace. Participants appreciated the slower
pace for enabling them to carefully listen to and process informa-
tion in Task 1 (Learning; P3-6, P8-9, P13), but some considered their
performance in Task 2 (Meeting Prep) to be more successful in
the GEsSTURE+HAPTIC-GUIDED condition, as gestures better lent
themselves to efficiently summarizing topics (P2, P5, P7, P9, P13).

A side effect of the system’s haptic nudges on keywords, com-
bined with the ease and speed of gestures, was an increased sense of
time pressure (P3, P5-6, P8-9, P12-13). While some participants felt
that “haptics kept [them] interested” in the conversation (P7), others
found their attention divided, as if “multi-tasking between hearing
and feeling” (P13). Despite being able to replay responses or ver-
bally specify topics to dive deeper into, participants felt pressured
to act immediately on haptic nudges to avoid missed opportunities.
P6 described this as being “in a chase” with the system, wanting
“more time and space to think” about their next actions. While
participants’ SASSI ratings for the Speed dimension showed no sig-
nificant differences, most reported that GEsTURE+HAPTIC-GUIDED
interaction required high concentration and made them feel tense.

7 Discussion

With the broader goal of enabling users to effectively leverage
intelligent capabilities of wearable voice interfaces, we developed a
suite of interaction techniques that integrate gestures and haptics
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as parallel I/O channels alongside voice and audio, building on prior
HCI research in conversational and multimodal interaction [22, 59].

Our evaluation of these techniques demonstrated that gestures
and haptics afforded participants more flexible control over the
navigational and temporal flow of conversations. Specifically, they
enabled (1) more efficient information access, (2) socially acceptable
techniques for interrupting and re-directing system speech to align
with users’ goals, and (3) greater awareness of what future actions
are possible and how to prompt the voice interface to execute them.

However, our interaction techniques also introduced unintended
side effects, reflected by participants’ feedback and SASSI ratings:
(1) hesitation to use multimodal input, (2) uncertainty about the
system’s understanding of intent when using gestures to indirectly
prompt the system, and (3) a sense of time pressure caused by
haptics interleaved with system speech. Participants attributed
some of these challenges to the strict roles assigned to I/O modalities
(i.e., voice and audio for conversation content and gestures and
haptics for control). While this separation of roles was necessary to
enable efficient multi-tasking, there is a need for flexibility.

We propose three design recommendations to improve the inte-
gration of these multimodal I/O techniques. In particular, we iden-
tify opportunities for voice to complement gestures in clarifying
users’ intent and for verbal audio to work alongside audio-haptic
cues to make the system state more transparent.

Facilitate automatic transitions between gestures and voice
input. Participants avoided using voice when gestures were avail-
able, as they perceived transitioning between input techniques as
high effort. To promote more natural voice-driven communication,
we envision two approaches. First, the microphone could automati-
cally activate after a gesture, allowing users to clarify their intent
with brief voice commands without needing to manually Wake the
system. Second, the output channels could be leveraged to guide
users toward the most suitable input technique for a given system
function (linking audio to voice and haptics to gestures). In our
current implementation, haptic feedback during system speech indi-
cates opportunities to silently interrupt or redirect the conversation
via gestures. Extending this, audio feedback while the system loads
could prompt users to refine their request via voice.

Confirm not only that the system received users’ input,
but also how it interpreted users’ intent. Gesture-driven in-
teractions that implicitly convey user intent (e.g., Tell Me More
or Go Deeper) led participants to doubt whether the system fully
understood them. This suggests that the audio-haptic feedback
confirming gestural input was not always descriptive enough to
communicate the system’s state. To provide more transparency,
participants recommended incorporating verbal audio feedback to
recap the contextual details detected by the system. For example,
during a Go Deeper interaction, the system could repeat the key-
word it believes the user is focusing on, allowing users to quickly
correct misunderstandings.

Offer advanced notice and delayed actions to reduce time
pressure. Our haptic nudges interleaved with system speech to
highlight interaction opportunities led some participants to fixate
on the nudges and feel compelled to act immediately. To alleviate
time pressure, we propose two strategies. First, haptic patterns could
be adjusted from short bursts to a series of pulses to give users’
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advanced notice that an opportunity is approaching, e.g., “ramping
up” to a keyword event or signaling the end of system speech.
Second, gesture variations could distinguish between immediate
and delayed actions (e.g., Pinch could translate to Go Deeper Now,
while Pinch Hold could queue up detailed responses for later).

8 Limitations

We discuss the main limitations of our research: generalizability of
our system and study to other form factors and usage scenarios, the
need to study with novice and differently-abled users, and potential
novelty effects.

Generalizability to other form factors and sensing ap-
proaches: We used a ring-based gesture input device that sup-
ports a subtle interaction style (i.e., on-skin gestures that users
can perform with hands on their lap or to their side). Future stud-
ies should explore to what extent our findings generalize to other
gesture recognition approaches. In particular, we anticipate that
users’ perception of subtle gestures as a socially acceptable alterna-
tive to voice interruptions may not hold for camera-based gesture
recognition, which future smart glasses could enable.

Generalizability to in-the-wild usage scenarios: Our studies
were conducted in a controlled lab environment; however gesture
and speech recognition performance would vary in the wild. For
example, noisy environments increase the risks of false positives
and negatives in speech recognition, while users’ interactions with
real-world objects can lead to false positives in gesture recognition.
Future work could explore alternative sensing techniques or gesture
sets to accommodate multi-tasking (e.g., microgestures that transfer
across different hand poses and location constraints [19]).

Study sample: A majority of study participants were experi-
enced voice interface users; as such, their insights into the benefits
and challenges of Voice-DRIVEN and GESTURE+HAPTIC-GUIDED
interaction may not generalize to novice users. However, our re-
sults suggest that our gesture-driven interaction techniques are
approachable for novices, given that all participants learned the
gestures within a 10-min training period and successfully com-
pleted the study tasks. Further research is required to explore the
needs of users with hearing or motor impairments. Personalization
mechanisms could further improve the accessibility of the interac-
tion techniques (e.g., adjusting voice speed and choosing custom
gesture mappings that are more memorable and comfortable).

Novelty effects: Finally, given the novelty of the gesture and
haptic-driven interactions, our results could be subject to par-
ticipant response bias [11]. We mitigated potential bias by prob-
ing into both the easy and challenging aspects of the interaction
techniques. Participants’ SASSI questionnaire responses rated the
VoIce-DRIVEN condition more favorably for Likeability and Cog-
nitive Demand, with similar ratings across other UX dimensions.
This suggests that participants did not exhibit a bias toward the
GESTURE+HAPTIC-GUIDED condition.

9 Future Work & Conclusion

To reduce friction in conducting complex conversations with intel-
ligent voice interfaces, we developed a suite of multimodal inter-
action techniques that introduce gestures and haptics as alternate
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I/0 modalities to voice and audio. This enables a role-based collab-
oration: voice and audio focus on conversation content, gestures
control conversation flow, and haptics convey interaction opportu-
nities. Our development was informed by a review and classification
of multimodal interaction in existing conversational Uls. Through
a study with 14 end-users, we found that our gesture and haptic
guidance techniques enabled more efficient information access, of-
fered socially acceptable alternatives to interrupting system speech,
and raised participants’ awareness of future actions they could take
in the conversation. To address challenges faced by participants,
we propose design recommendations to smoothly transition be-
tween I/O modalities and reduce time pressure when interleaving
gesture-based interactions with system speech.

We identify two promising avenues for future work. First, tech-
nical improvements could explore mixed-initiative approaches to
interpreting the meaning of gestures to minimize users’ effort. For
example, a one-to-many mapping of gestures to system functions
could enable a smaller, more memorable gesture set by inferring
meaning from the timing and context of the conversation. Users’
speech and gesture characteristics could be leveraged in implicit
interactions to guide conversation flows, e.g., users inhaling or
repositioning their hands could signal a desire to speak, prompting
the system to Wrap Up its response. To reduce the need for users
to prompt with follow-up actions, the system could automatically
resume the main conversation thread after a Go Deeper interaction.

Second, future empirical studies could investigate considerations
for using similar multimodal interaction techniques in real-world
contexts. As next generation smartglasses increasingly integrate
camera-based input, it would be interesting to explore how our
techniques translate to new types of conversations such as world-
querying, lifelogging, or receiving guidance on physical tasks.
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A Appendix
A.1 Results: Voice & Gesture Input Characteristics

Mean Standard Deviation Minimum Maximum

Total Interactions (VOICE-DRIVEN) 9.796 1.424 8 12
Total Interactions (GESTURE+HAPTIC-GUIDED) 17.857 3.92 11 27
Interruptive Inputs (Task 1 Learning, VOICE-DRIVEN) 0.214 0.579 0 2
Interruptive Inputs (Task 2 Meeting Prep, GESTURE+HAPTIC-GUIDED) | 0.357 0.497 0 1
Interruptive Inputs (Task 1 Learning, VOICE-DRIVEN) 1.357 1.008 0 3
Interruptive Inputs (Task 2 Meeting Prep, GESTURE+HAPTIC-GUIDED) | 2.786 1.626 0 6
Error Rate (VOICE-DRIVEN) 0.137 0.111 0.0 0.4
Error Rate (GESTURE+HAPTIC-GUIDED) 0.203 0.14 0.056 0.444

Table 1: Descriptive Statistics for Voice & Gesture Interaction (across all 14 participants).

‘ Test Statistic (Z) p-value Effect Size (r)

*Total Interactions ‘ -3.296 0.001 -0.881
*Interruptive Inputs (Task 1 Learning, both conditions) -2.578 0.009 -0.689
*Interruptive Inputs (Task 2 Meeting Prep, both conditions) -3.059 0.002 -0.818
Interruptive Inputs (VoIcE-DRIVEN condition, both tasks) -0.913 0.424 -0.244
*Interruptive Inputs (GEsTURE+HAPTIC-GUIDED condition, both tasks) -2.04 0.043 -0.545
Error Rate \ -1.538 0.132 -0.411

Table 2: Statistical Analysis for Voice & Gesture Interaction Characteristics. The data was analyzed via a Wilcoxon signed-rank
test for two paired samples; significant differences are indicated by (*). Due to the small sample size, we also report the effect
size to assess the magnitude of observed differences. For all statistically significant differences (p < 0.05), we observed a large
effect size (|r|> 0.5).

We observed a significantly higher number of total interactions and interruptive inputs for both tasks in the GEsTURE+HAPTIC-
GUIDED condition. Comparing across tasks, we observed significantly more interruptions in the faster-paced Task 2 (Meeting
Prep) than in Task 1 (Learning) for the GESTURE+HAPTIC-GUIDED condition. No significant effects were observed between
tasks for VoICE-DRIVEN interaction. Additionally, no significant differences between error rate for voice and gesture input
were observed.
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‘Mean Standard Deviation Minimum Maximum

System Response Accuracy (VOICE-DRIVEN) 5.087 1.0 3.667 6.778
System Response Accuracy (GESTURE+HAPTIC-GUIDED) | 4.484 0.892 2.667 5.889
Likeability (Voice-DRIVEN) 6.016 0.442 5.333 6.778
Likeability (GEsTURE+HAPTIC-GUIDED) 5.071 1.07 3.111 6.444
Cognitive Demand (VOICE-DRIVEN) 5.329 0.795 3.8 7.0
Cognitive Demand (GEsTURE+HAPTIC-GUIDED) 4.114 1.055 2.2 5.4
Annoyance (VOICE-DRIVEN) 4.857 1.191 2.6 6.6
Annoyance (GESTURE+HAPTIC-GUIDED) 4.743 1.273 2.6 7.0
Habitability (VoICE-DRIVEN) 4.393 0.848 3.0 5.75
Habitability (GEsTURE+HAPTIC-GUIDED) 3.821 1.443 1.5 6.25
Speed (VoIiCE-DRIVEN) 45 2.0 1.0 7.0
Speed (GESTURE+HAPTIC-GUIDED) 4.179 1.957 1.0 6.5

Table 3: Descriptive Statistics for the Subjective Assessment of Speech User Interfaces (SASSI) Questionnaire. Ratings are on a
7-point Likert scale, where higher scores indicate more favorable responses (1=Strongly Disagree, 4=Neutral, 7=Strongly Agree).

Test Statistic (Z) p-value Effect Size (r)

System Response Accuracy 1.922 0.059 0.514
*Likeability 2.731 0.007 0.73
*Cognitive Demand 2.605 0.01 0.696

Annoyance 0.314 0.779 0.084

Habitability 1.381 0.173 0.369

Speed 0.804 0.43 0.215

Table 4: Statistical Analysis for the Subjective Assessment of Speech User Interfaces (SASSI) Questionnaire. The questionnaire
data was analyzed via a Wilcoxon signed-rank test for two paired samples. Due to the small sample size, we also report the
effect size to assess the magnitude of observed differences. For all statistically significant differences (p < 0.05), we observed a
large effect size (|r|> 0.5).

Dimensions where the Voice-DRIVEN condition scored significantly higher than the GEsTURE+HAPTIC-GUIDED con-
dition (Likeability and Cognitive Demand) are marked with (*).
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