On-Pet Interaction
POINTY-POINTY HEAD, with feedback from Smart Guys

Fig. 1. Interaction scenarios of on-pet interfaces. Left: A user shakes the dog’s paw gently to open the light at the entrance (IoT
Devices Control); Middle: A user performs stroking gestures on the pet to turn pages in a tablet reading app (System Control); Right:
A user anchors a flashcard app on the pet in AR to recite Russian vocabularies while walking (Glanceable Display Anchors).
Disclaimer: This work DOES NOT intend to harm human-pet/animal relationships or use pets/animals as a “tool". As
mentioned in our design considerations (C1 in Section 3.1), it is essential to satisfy both pets and users. We also acknowledge
that “pets/animals cannot consent” at present, and there are many ethical considerations that need to be done before using
on-pet interfaces. Nevertheless, this work looks at on-pet interaction from a naïve design perspective, hoping to expand the
interaction horizons.
Abstract: This work investigates on-pet interaction, leveraging pet body as an input or output platform for computing purposes. We
explore pets’ unique features as a living interface. We further propose design considerations, a design space, and use cases, where we
illustrate the example use of the interface for system controls and as information display anchors. We also develop a proof-of-concept
prototype and conduct an initial evaluation. Our results demonstrate the feasibility of on-pet interaction.
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INTRODUCTION

Human-computer interaction research has increasingly used objects and artifacts distributed at different time and
space (e.g., human skins [8], walls [17], and tables [11]) as communication media with computing systems. Pets, as
human companions, have not yet been proposed as an interaction medium, while they possess unique features for
designs—they are alive creatures that own great autonomy comparing to non-living interfaces and also have an existing
intimate relationship with their owners (users).
To fill this gap, this work explores on-pet interaction, leveraging pet body as an input or output platform for
computing purposes. We consider a set of design considerations, including the satisfaction of both pets and users, the
need for fast personalization and short-term usage of the interface, and the requirement of system robustness and
reliability. We further introduce a three-dimensional design space considering the interfaces’ input and output and
the user and the pet’s relative motion. After that, we provide two example application scenarios of on-pet interaction
for system controls and as information display anchors, which can inspire future designs. Finally, we probe into one
interaction scenario with a proof-of-concept prototype and conduct an initial evaluation. Our research demonstrates
the potential usefulness and feasibility of on-pet interaction.
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RELATED WORK

On-pet interaction lies under the broad concept of ubiquitous computing and ubiquitous interaction [11, 15]. Other
than traditional mouse+keyboard and touchscreen input, existing research has explored various interaction paradigms
such as in-air gestures [2] and input on human skin [8] and everyday objects [10, 11].
Comparing to static interfaces such as walls [17] and tables [11], more close to on-pet interaction are interfaces
that own some dynamic features (e.g., robots [1, 13], self-actuate devices [12], or deformable objects [3]). For example,
recent research appropriated quadcopters as interactive props to provide haptic feedback in virtual reality systems [1]
and configured self-actuated shape displays to enable computing system manipulation [13]. As interfaces, pets can also
move dynamically as quadcopters and change their postures (shapes) as shape displays. Unlike those existing interfaces,
however, pets possess greater autonomy as living creatures, which reveals new design challenges and opportunities.
Furthermore, pets may have formed a more intimate relationship with humans than non-living artifacts, and human-pet
interaction (for computing purposes in our case) is suggested to have positive effects on users’ mental and physiologic
health status [6].
Another related idea is on-body (on-skin) interaction [7, 8], using human bodies (skins) as input surfaces and displays.
As an emerging interface, the human body may afford similar interactions as the pet body, allowing gesture input
like stroking, grabbing, and touching [14]. However, “borrowing” another person’s body like on-pet interaction for
computer input/output may pose social and acceptability concerns.
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We define on-pet interaction as leveraging pet body as an input or output platform for computing purposes. Comparing
to existing interfaces, on-pet interaction has the following unique properties:
• Pets are alive interfaces, which own great autonomy comparing to non-living interfaces.
• There are different types of pets, and even the same type of pets have various features and personalities.
• There are normally existing intimate relationship between users and their pets.
Those features unleash new design challenges and opportunities. Based on the unique properties of on-pet interaction,
we proposed the following design considerations.
3.1

Design Considerations

Due to the unique features of on-pet interfaces, we made the following considerations when designing on-pet interaction.
C1. On-pet interaction needs to satisfy both users and pets. When interacting with computing devices through on-pet
interfaces, users need to consider pets’ needs and respect their dignity. For example, use gentle gestures on certain
petted areas tailored for the pet (e.g., stroking on its back) to ensure pleasant and safe human-pet contact [5, 9].
Ideally, we should avoid instrumenting sensors on pets to capture the interaction gestures; a more acceptable
approach may be placing sensors on the users’ side (like using a smartwatch).
C2. On-pet interaction demands fast personalization. There are different types of pets, and the same types of pets can
have different features (like body shapes) and personalities (e.g., preferred petting gestures and areas). Also, users
may favor different ways of petting. Therefore, on-pet interfaces have to adapt to each person’s and pet’s needs
quickly.
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C3. Preparing on-pet interaction for only short-term usage. Since pets are living creatures and can leave the interaction
context at any time, on-pet interfaces should only be prepared for short-term usage. They should be able to switch
to other alternative interfaces once pets are no longer available for interaction.
C4. On-pet interaction needs to be robust and reliable. As a general requirement for developing user interfaces, the
technologies need to ensure on-pet interaction is robust and reliable to guarantee its usability.
3.2

Design Space

We came up with the following design space based on the features and design considerations regarding on-pet interaction.
D1. Input: User input can be either on-pet or off-pet. On-pet input means that users need to touch directly on pets
to enter information to computing systems (e.g., using on-pet gestures like stroking). In contrast, off-pet input
implies that users interact with the on-pet interfaces remotely (e.g., through in-air gestures). Different input might
require the use of different sensors and modalities.
D2. Display: Computer information can be displayed either on-pet or on other devices. For example, users might want
to have information displayed close to and anchored on their pets (e.g., with AR glasses), or displayed across other
devices [4] (e.g., on a tablet, a PC screen, or a smartphone).
D3. Relative Motion: The relative motion of a user and a pet can be static, constrained, or free. Pets can be relatively
static (e.g., lying aside the user) if considering the user as a reference point. They may be constrained within a
certain distance but still can be seen by the user (e.g., kept on a leash). In some cases, they move around the space
freely and can be out of the user’s sight (e.g., running freely on the grass and getting occluded by trees [16]).
3.3

Example Uses

We illustrate the example usage of on-pet interfaces through the following two interaction scenarios.
3.3.1 Scenario 1 (Figure 1 Left, Middle) – For Relative Static Motion. Alice comes back home after school, and her pet
dog is welcoming her warmly at the door. She shakes the dog’s paw gently, and the light opens at the entrance (IoT
Devices Control). Alice then goes to sit on a soft to read her favorite book via a tablet and puts on her earphones to listen
to music. Her pet dog is lying next to her, and her hand is placed on the back of the dog. She is somewhat lazy to put
her hand back onto the touchscreen to turn pages, so she performs a stroking gesture on the back of the pet from head
to tail to proceed to the next page of the book (Reading Application Control). She strokes on the back of the pet from tail
to head to return to the previous page as she thinks she missed something there. She also notices the music from the
earphones is too loud, so she strokes anti-clockwisely on the pet’s back to turn down the volume (Music Application
Control). After a while, she thinks she does not need the music anymore, so she double taps lightly on the pet’s back to
stop the music.
3.3.2 Scenario 2 (Figure 1 Right) – For Relative Constrained Motion. Alice is taking her dog for a walk, while she also
wants to review some Russian vocabularies she learned yesterday in the class. So she grabs her AR glasses, anchors
the flashcard app on the pet, and goes out for the walk. Along the way, she recites the vocabularies displayed on
the pet and uses in-air gestures to flip to different flashcards. She also enjoys the road view without being distracted
by always-on head-up displays in AR glasses (Glanceable Content in AR Displays) or hand-occupying devices like
smartphones (Hands-free Information Display Anchors).
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Fig. 2. Six on-pet gestures applied in our proof-of-concept demo.
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IMPLEMENTATION AND EVALUATION

We probed into the interaction scenario when the relative motion of the user and the pet is static. We implemented a
proof-of-concept demo that classifies on-pet gestures with a smartwatch. We further evaluated the prototype to test its
ability of fast personalization and robustness.
4.1

Proof-of-Concept Demo

4.1.1 Device and Apparatus. We used an Apple Watch (Series 3) to capture on-pet gestures and a MacBook Pro with a
Dual-Core i5 processor, 8 GB RAM, and an Iris Plus Graphics 640 graphical card to train the prediction model.
4.1.2 Model. We applied an activity classifier in Create ML, which is a shallow long short-term memory (LSTM)
network, to predict targeted on-pet gestures. Processed device motion data, including the watch’s orientation (3 axes)
and user-generated acceleration vector (3 axes), were used as the input predictors. The training settings were as follows:
maximum iterations = 20, batch size = 8, prediction window size = 10, and sample rate = 20.
4.2

Evaluation

4.2.1 Methodology. To provide training and testing data for the model under the current COVID-19 constraints, one
researcher performed six on-body gestures on a toy pet (as shown in Figure 2). The six on-pet gestures were:
• Stroke: Stroking the back of the pet from head to tail.
• RStroke: Stroking the back of the pet from tail to head.
• Rest: Resting the hand on the pet.
• HStroke: Stroking the head of the pet.
• Rotate: Performing hand rotation on the back of the pet.
• Tap: Tapping the back of the pet lightly.
The researcher repeatedly performed each gesture 50 times in a 1 second time window with 10 frames per second
logging rate. The smartwatch beeped every time to indicate the start of each trial. Among the 50 trials, 5 trials (10%)
were used as training data, and the rest 45 trials (90%) were used as testing data. In all, we collected 30 trials of training
data (6 on-pet gestures × 5 trials) and 270 trials of testing data (6 on-pet gestures × 45 trials).
4.2.2 Results and Discussion. After training the model, the training accuracy was 100%, and the overall testing accuracy
was 93.7%. The confusion matrix was summarized in Table 1. The model accurately classified the Stroke, RStroke, HStroke,
and Rest gestures, but occasionally miscategorized Rotate and Tap to other gestures. The overall testing accuracy was
reasonable, given the small set of training data.
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Table 1. Confusion matrix of the six on-pet gestures. The overall testing accuracy is 93.7% with 5 training samples (10%) and 45
testing samples (90%) for each gesture.

Stroke
RStroke
HStroke
Rest
Rotate
Tap

Stroke
100%
0%
0%
0%
0%
0%

RStroke
0%
100%
0%
0%
0%
0%

HStroke
0%
0%
100%
0%
0%
0%

Rest
0%
0%
0%
100%
0%
0%

Rotate
0%
2%
4%
4%
87%
2%

Tap
7%
0%
16%
2%
0%
76%

Our evaluation, though preliminary, indicated that current technologies could support quick personalization with a
small amount of training data (5 trials for each gesture in our case) and quite robust classification of on-pet gestures
(with an testing accuracy of 93.7%), demonstrating the feasibility of our concept and designs.
5

CONCLUSION AND FUTURE WORK

In this research, we explored on-pet interaction, which leverages pet body as an input or output platform for computing
purposes. We laid out design considerations, a design space, and two use case scenarios regarding on-pet interfaces.
Further, we implemented a prototype probing into the condition when the user and the pet were relatively static
and conducted an initial evaluation. Our research showed the potential usefulness and concept feasibility of on-pet
interaction. Future work can investigate deeper from both the technology side and the users’ side. For example, we
can explore different sensing modalities and intention prediction models to allow quick on-device learning of a large
set of input gestures. Moreover, we can conduct more extensive user studies with real pets to gather users’ feedback
regarding on-pet interfaces and their potential effect on users’ emotional states.
REFERENCES
[1] Parastoo Abtahi, Benoit Landry, Jackie (Junrui) Yang, Marco Pavone, Sean Follmer, and James A. Landay. 2019. Beyond The Force: Using Quadcopters
to Appropriate Objects and the Environment for Haptics in Virtual Reality. In Proceedings of the 2019 CHI Conference on Human Factors in Computing
Systems (Glasgow, Scotland Uk) (CHI ’19). Association for Computing Machinery, New York, NY, USA, 1–13. https://doi.org/10.1145/3290605.3300589
[2] Roland Aigner, Daniel Wigdor, Hrvoje Benko, Michael Haller, David Lindbauer, Alexandra Ion, Shengdong Zhao, and JTKV Koh. 2012. Understanding
mid-air hand gestures: A study of human preferences in usage of gesture types for hci. Microsoft Research TechReport MSR-TR-2012-111 2 (2012), 30.
[3] Alberto Boem and Giovanni Maria Troiano. 2019. Non-Rigid HCI: A Review of Deformable Interfaces and Input. In Proceedings of the 2019 on
Designing Interactive Systems Conference (San Diego, CA, USA) (DIS ’19). Association for Computing Machinery, New York, NY, USA, 885–906.
https://doi.org/10.1145/3322276.3322347
[4] Frederik Brudy, Christian Holz, Roman Rädle, Chi-Jui Wu, Steven Houben, Clemens Nylandsted Klokmose, and Nicolai Marquardt. 2019. Cross-Device
Taxonomy: Survey, Opportunities and Challenges of Interactions Spanning Across Multiple Devices. In Proceedings of the 2019 CHI Conference
on Human Factors in Computing Systems (Glasgow, Scotland Uk) (CHI ’19). Association for Computing Machinery, New York, NY, USA, 1–28.
https://doi.org/10.1145/3290605.3300792
[5] Adam Ellis. 2014. 15 Charts That Perfectly Illustrate How To Properly Pet Animals. Retrieved Jan 5, 2021 from https://www.buzzfeed.com/adamellis/
charts-that-perfectly-illustrate-how-to-properly-pet-anim
[6] Erika Friedmann and Heesook Son. 2009. The human–companion animal bond: how humans benefit. Veterinary Clinics of North America: Small
Animal Practice 39, 2 (2009), 293–326. https://doi.org/10.1016/j.cvsm.2008.10.015
[7] Chris Harrison, Shilpa Ramamurthy, and Scott E. Hudson. 2012. On-Body Interaction: Armed and Dangerous. In Proceedings of the Sixth International
Conference on Tangible, Embedded and Embodied Interaction (Kingston, Ontario, Canada) (TEI ’12). Association for Computing Machinery, New York,
NY, USA, 69–76. https://doi.org/10.1145/2148131.2148148
[8] Chris Harrison, Desney Tan, and Dan Morris. 2010. Skinput: Appropriating the Body as an Input Surface. In Proceedings of the SIGCHI Conference
on Human Factors in Computing Systems (Atlanta, Georgia, USA) (CHI ’10). Association for Computing Machinery, New York, NY, USA, 453–462.
https://doi.org/10.1145/1753326.1753394
5

Pointy-Pointy Head

[9] Franziska Kuhne, Johanna C Hößler, and Rainer Struwe. 2014. Behavioral and cardiac responses by dogs to physical human–dog contact. Journal of
Veterinary Behavior 9, 3 (2014), 93–97. https://doi.org/10.1016/j.jveb.2014.02.006
[10] Pranav Mistry, Pattie Maes, and Liyan Chang. 2009. WUW - Wear Ur World: A Wearable Gestural Interface. In CHI ’09 Extended Abstracts on
Human Factors in Computing Systems (Boston, MA, USA) (CHI EA ’09). Association for Computing Machinery, New York, NY, USA, 4111–4116.
https://doi.org/10.1145/1520340.1520626
[11] Albrecht Schmidt, Martin Strohbach, Kristof Van Laerhoven, and Gellersen Hans-W. 2002. Ubiquitous interaction—using surfaces in everyday
environments as pointing devices. In ERCIM Workshop on User Interfaces for All. Springer, 263–279. https://doi.org/10.1007/3-540-36572-9_21
[12] Julian Seifert, Sebastian Boring, Christian Winkler, Florian Schaub, Fabian Schwab, Steffen Herrdum, Fabian Maier, Daniel Mayer, and Enrico
Rukzio. 2014. Hover Pad: Interacting with Autonomous and Self-Actuated Displays in Space. In Proceedings of the 27th Annual ACM Symposium on
User Interface Software and Technology (Honolulu, Hawaii, USA) (UIST ’14). Association for Computing Machinery, New York, NY, USA, 139–147.
https://doi.org/10.1145/2642918.2647385
[13] Alexa F. Siu, Eric J. Gonzalez, Shenli Yuan, Jason B. Ginsberg, and Sean Follmer. 2018. ShapeShift: 2D Spatial Manipulation and Self-Actuation of
Tabletop Shape Displays for Tangible and Haptic Interaction. In Proceedings of the 2018 CHI Conference on Human Factors in Computing Systems
(Montreal QC, Canada) (CHI ’18). Association for Computing Machinery, New York, NY, USA, 1–13. https://doi.org/10.1145/3173574.3173865
[14] Martin Weigel, Vikram Mehta, and Jürgen Steimle. 2014. More than Touch: Understanding How People Use Skin as an Input Surface for Mobile
Computing. In Proceedings of the SIGCHI Conference on Human Factors in Computing Systems (Toronto, Ontario, Canada) (CHI ’14). Association for
Computing Machinery, New York, NY, USA, 179–188. https://doi.org/10.1145/2556288.2557239
[15] Mark Weiser. 1999. The Computer for the 21st Century. SIGMOBILE Mob. Comput. Commun. Rev. 3, 3 (July 1999), 3–11. https://doi.org/10.1145/
329124.329126
[16] Difeng Yu, Qiushi Zhou, Joshua Newn, Tilman Dingler, Eduardo Velloso, and Jorge Goncalves. 2020. Fully-Occluded Target Selection in Virtual
Reality. IEEE Transactions on Visualization and Computer Graphics 26, 12 (2020), 3402–3413. https://doi.org/10.1109/TVCG.2020.3023606
[17] Yang Zhang, Chouchang (Jack) Yang, Scott E. Hudson, Chris Harrison, and Alanson Sample. 2018. Wall++: Room-Scale Interactive and Context-Aware
Sensing. In Proceedings of the 2018 CHI Conference on Human Factors in Computing Systems (Montreal QC, Canada) (CHI ’18). Association for
Computing Machinery, New York, NY, USA, 1–15. https://doi.org/10.1145/3173574.3173847

6

