Human 1/0: Towards a Unified Approach to
Detecting Situational Impairments

Xingyu Bruce Liu”
University of California, Los Angeles
Los Angeles, California, USA
xingyuliu@ucla.edu

Xiang ‘Anthony’ Chen
University of California, Los Angeles
Los Angeles, California, USA
xac@ucla.edu

A. Egocentric

Video&Audio
B. Multimodal
SenSIng Environment: User is in a kitchen. Environment: User is at an outdoor concert
Hand: Holding a bow! Hand: Not detected
Volume: 65 dB Volume: 112 dB
C. Channel ® V|s10-n / Eyeg: ® Vlsw_n / Eyes: :
Availability Hearing: Available Hearing: Unavailable

< Vocal System: Available
Hands / Fingers: Affected

Jiahao Nick Li
University of California, Los Angeles
Los Angeles, California, USA
ljhnick@ucla.edu

& Vocal System: Unavailable
Hands / Fingers: Available

David Kim
Google Research
Zurich, SwitzerLand
kidavid@google.com
Ruofei Du’
Google Research

San Francisco, California, USA
me@duruofei.com

Activity: User is preparing food in a kitchen. Activity: User is attending an outdoor concert.  Activity: User is taking notes on a tablet device. Activity: User is showering a dog in a bathtub.

Environment: User is in a bathroom
Hand: Showering a dog
Volume: 58 dB

Environment: User is in an office
Hand: Taking notes
Volume: 42 dB

® Vision / Eyes: Affected
Hearing: Available

< Vocal System: Available
Hands / Fingers: Affected

@ Vision / Eyes: Affected
Hearing: Available

< Vocal System: Available
Hands / Fingers: Unavailable

Figure 1: We introduce a new approach to detecting situational impairments based on the availability of human input/output
channels. We instantiate this idea as Human 1/O, a system that (A) captures egocentric video and audio stream; (B) processes
input data and generates a description of the context; and (C) predicts the availability of vision, hearing, vocal, and hands

channels.

ABSTRACT

Situationally Induced Impairments and Disabilities (SIIDs) can sig-
nificantly hinder user experience in contexts such as poor lighting,
noise, and multi-tasking. While prior research has introduced algo-
rithms and systems to address these impairments, they predomi-
nantly cater to specific tasks or environments and fail to accommo-
date the diverse and dynamic nature of SIIDs. We introduce Human
1/O, a unified approach to detecting a wide range of SIIDs by gaug-
ing the availability of human input/output channels. Leveraging
egocentric vision, multimodal sensing and reasoning with large
language models, Human I/O achieves a 0.22 mean absolute error
and a 82% accuracy in availability prediction across 60 in-the-wild
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egocentric video recordings in 32 different scenarios. Furthermore,
while the core focus of our work is on the detection of SIIDs rather
than the creation of adaptive user interfaces, we showcase the effi-
cacy of our prototype via a user study with 10 participants. Findings
suggest that Human I/O significantly reduces effort and improves
user experience in the presence of SIIDs, paving the way for more
adaptive and accessible interactive systems in the future.
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1 INTRODUCTION

Everyone experiences Situationally Induced Impairments and Dis-
abilities (SIIDs). These impairments can arise due to various situ-
ational factors, such as noise, lighting, temperature, stress, social
norms, etc. For example, one might miss an important phone call
in a noisy restaurant, or struggle to reply to a text message when
doing dishes. These varied situational contexts in daily lives can
cause temporary declines in our physical, cognitive, or emotional
capacities, leading to unsatisfactory experiences.

Recently, researchers have developed systems to address SIIDs by
enhancing situational awareness of mobile devices. Most systems
employ a “sense-model-adapt” design pattern [53], that is, to first
build a model to identify a particular situation that causes specific
SIIDs, and then curate adaptations tailored to that context. For
example, detecting when a person is driving [5], walking [11, 20],
inebriated [38], distracted [37], or has rainwater on their touch
screen [50].

However, SIIDs are often dynamic and pervasive, making it chal-
lenging to scale previous one-off solutions to accommodate users’
changing impairments in real-time, across diverse scenarios. Con-
sider a typical morning routine: when a person is brushing teeth,
they may be constrained from engaging with voice assistants; when
washing face, they may struggle with reading urgent messages; and
when using a hairdryer, they may miss auditory notifications from
their phone. Although previous systems have developed models
tailored to specific situational impairments, manually designing
detection solutions for all possible scenarios and their combinations
is impractical and limited in scalability.

In this paper, we propose Human I/O, a new approach that consid-
ers SIIDs not as context-specific impairments that require specific
detection models, but rather through a unified lens that focuses
on the limited availability of human input/output channels. For in-
stance, rather than devising individual models for activities like
face-washing, tooth-brushing, or hair-drying, Human I/O univer-
sally assesses the availability of a user’s vision, hearing, and hand
interaction channels. With the recent development of Large Lan-
guage Models (LLMs), which exhibit open-vocabulary few-shot
learning and reasoning capabilities, we see an exciting opportu-
nity to leverage LLMs and introduce a single, unified framework to
identify SIIDs. This abstraction broadens our thinking of SIIDs to a
comprehensive range of impairments, and allows for the develop-
ment of an extensible framework that empowers other researchers
and developers to continually expand. Our paper focuses on the
comprehensive technical framework to detecting SIIDs, deferring
the adaptation of SIID for future research.

We first conducted a formative study with 10 participants to
understand the scope of modeling SIIDs based on channel avail-
ability. These insights emphasize the need for systems to integrate
activity, environment, and direct sensing cues for channel availabil-
ity prediction, and recognize challenges in detecting attentional,
affective, and technological SIIDs. Our findings also suggest that
systems should provide varying levels of channel availability, rather
than a binary scale as previously assumed in most systems. This
will better align with users’ needs and allow developers to create
tailored strategies based on impairment severity. We iteratively
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developed a four-level scale for measuring channel availability:
available, slightly affected, affected, and unavailable.

These insights informed Human I/O, a unified system that can
automatically detect SIIDs in a wide range of daily activities. Hu-
man I/O leverages (1) an egocentric camera and microphone, (2)
computer vision and audio analysis models, and (3) the reasoning
capabilities of LLMs to detect SIIDs. In Human I/O’s computational
pipeline, the system first captures a user’s egocentric view with
audio and video streams, providing a first-person viewpoint of the
user’s state. The vision and audio models then process the input
data, converting it into textual representations. Finally, we leverage
LLMs with chain-of-thought reasoning [52] to analyze these textual
representations and predict the current availability of human input
and ouput channels.

We evaluated Human I/O on a dataset of 300 clips selected from
60 real-world egocentric video recordings covering 32 distinct sce-
narios. Human I/O reaches a 0.22 mean absolute error and 82%
average accuracy on channel availability predictions, with 96% of
predictions deviate by < 1 from actuals. We also deployed our sys-
tem in the real world and evaluated it with 10 participants, where
they experienced four different scenarios with and without Human
1/O. Participants found the detection and adaptation for SIIDs sig-
nificantly reduced their effort level, mental, physical and temporal
demands, and improved their user experience.

In summary, we contribute:

e A new approach to detecting SIIDs by modeling the avail-
ability of human input/output channels.

o Insights from a formative study that inform the design of
our system, highlighting the need for integrating contextual
cues, the scope of our proposed approach, and a four-level
scale for measuring channel availability.

o The design and implementation of Human I/O, which lever-
ages egocentric vision, multimodal sensing, and large lan-
guage models to predict channel availability across vari-
ous daily-life situations. Human I/O is deployed and open-
sourced at https://github.com/google/humanio.

o A technical evaluation of Human I/O’s performance on a
diverse set of 60 in-the-wild egocentric videos, and a user
study with 10 participants demonstrating its potential in
improving user experience in the presence of SIIDs.

2 RELATED WORK

Our work builds upon previous research in situationally aware
computing, egocentric vision, reasoning by large language models,
activity and environmental sensing.

2.1 Situationally Aware Computing

Previous research in human-computer interaction and accessibility
have developed systems to model different types of situational im-
pairments. A large body of work focused on making mobile devices
more situationally aware and capable of improving interaction for
users experiencing SIIDs. Kane et al. investigated walking user
interfaces (WUIs) [20] that adapt their layout based on user move-
ment, demonstrating comparable performance to static interfaces.
Goel et al. introduced WalkType [11], an adaptive text entry system
that leverages the mobile device’s accelerometer to compensate
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for movement while walking, improving typing performance. In
another study, they presented ContextType [12], a system that uses
hand posture information to enhance touch screen text entry. Mari-
akakis et al. developed SwitchBack [37], a system built upon Focus
and Saccade Tracking to help users resume tasks more efficiently
in the presence of distractions. They also explored drunk user inter-
faces [38], estimating blood alcohol levels using machine learning
models trained on performance metrics and sensor data. Tung et al.
proposed RainCheck [50], a solution that filters out water-caused
touch points on capacitive touchscreens, enhancing interaction
accuracy and target selection time.

Although prior art has advanced the field of mobile device usage
under various situational impairments, their limitations lie in their
narrow focus on specific situations. These efforts, while significant,
only address a fraction of all SIIDs. Therefore, there remains a
need for a more comprehensive approach to detect a broader range
of SIIDs. In this paper, we leverage egocentric vision and large
language models to address challenges of detecting SIIDs.

2.2 Egocentric Vision

The concept of using a wearable camera to gather first-person vi-
sual data dates back to the 1970s with Steve Mann’s “Digital Eye
Glass” invention [36]. Since then, wearable cameras have been em-
ployed in various health-related applications within the context
of Wearable Al The Microsoft SenseCam uses a lifelogging cam-
era with fisheye lens and trigger sensors, such as accelerometers,
heat sensing, and audio devices, to aid those with poor memory
as a result of disease or brain trauma [17]. Kanade and Hebert
proposed a prototypical first-person vision system which consists
of localization, recognition, and activity recognition components,
to provide contextual awareness for caregiving applications [19].
Early computational techniques for egocentric analysis centered
on hand-related activity recognition and social interaction analysis,
as well as addressing challenges of temporal segmentation [16]
and summarization [43] due to the unconstrained nature of video
data. Over the past decade, the field has diversified, with emerging
research topics including social saliency estimation [47], privacy-
preserving techniques, attention-based activity analysis, hand pose
analysis, understanding social dynamics and attention, and activity
forecasting [23].

In this work, we build upon previous egocentric vision research
to develop a more comprehensive approach to situational impair-
ment detection. We chose egocentric vision as a means for imple-
mentation since it provides the widest “bandwidth” of detecting a
broad ranges of SIIDs; but the key idea behind our system should
be independent of such implementation.

2.3 Reasoning Capabilities of Large Language
Models

Recent large language models have demonstrated reasoning capa-
bilities via different approaches including zero-shot learning [24],
few-shot learning [2], chain-of-thoughts [52] or incorporating mul-
timodal information [54]. These reasoning abilities are particularly
useful for tasks such as mathematical problem-solving [9, 30, 52],
image-based question answering [31, 54], understanding human
intents [34, 48], etc. They have been applied to a broad range of
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research in HCI community recently including interactive cod-
ing support [18, 51], social computing [41], and communication
augmentation [34]. For example, Social Simulacra uses LLMs to
simulate social interactions and behaviors as social computing pro-
totypes [41]. Visual Captions leverages a fine-tuned large language
model to proactively suggest relevant visuals in open-vocabulary
conversations [34]. InstructPipe [56] employs a node selector, a
code writer, and a code interpreter to create Al pipelines from
human instructions.

Such reasoning capabilities of large language models make it pos-
sible for our system to, in an open-vocabulary manner, predict the
availability of human input/output channels based on the detected
activity, environment, and other contextual information.

2.4 Activity and Environmental Sensing

A wide variety of sensing technologies and strategies [4, 10, 26—
29, 49] have been investigated to achieve detection of human activ-
ity and measuring a physical environment. More relevant to our
work are sensing approaches that utilize camera-based [1, 21] and
audio-based [25, 44] systems. For example, Mo et al. [39] applied
deep learning to classify 5 different locations and 12 distinct activi-
ties. BodyBeat [44] employs a piezoelectric microphone to detect
on-speech body sounds, such as eating noise, breathing, laughter,
and coughing. Other works [22, 45, 49] demonstrate promising
outcomes when using multiple modalities.

In our paper, we develop a novel framework that enables the
reasoning of human input/output channels through the use of com-
puter vision and audio analysis of video and audio streams. Lever-
aging large language models, our framework is highly adaptable,
allowing for easy integration with both existing and forthcoming
sensing technologies for activity and environmental monitoring.

2.5 SIIDs as the Availability of Human I/O
Channels

Our motivation for using the availability of human input/output
channels for detecting SIIDs lies on Dix et al’s fundamental model
of human-computer interaction [6]: humans, similar to computer
I/O, receive and send information via different channels. For ex-
ample, we use vision, hearing, tactile, etc. to receive information
coming from the world (input); and use vocal system, eye gaze, hand
gestures, etc. to convey information (output). He and Card [3] both
describe human as an “information processing system” with limited
capacity to process information through various channels. In addi-
tion, Microsoft’s Inclusive 101 Guidebook? provides an overview
chart of four types of permanent, temporary, and situational impair-
ments: touch, see, hear, and speak, categorized by human sensory
channels. Similarly, CrossA1ly [35] divides video accessibility is-
sues into lack of information in the visual and auditory channels.

Building upon these inspirations, we hypothesized that modeling
the availability of human input/output channels might provide a
more unified approach to detecting SIIDs. We summarize a list
of human input/output channels from prior work (Figure 2). In
this paper, we focus on channels that are most commonly used in
human-computer interaction: vision, hearing, tactile (input), and
eyes/gaze, vocal system, hands/fingers (output).

!Microsoft’s Inclusive 101 Guidebook: https://inclusive.microsoft.design
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Figure 3: An example brainstorming whiteboard from a par-
ticipant.

3.2 Findings

Two researchers organized and analyzed participants' responses
with the a nity diagram approach. Informed by the set of themes
derived from the grouped notes, we present insights o 15)
around methods to predict channel availability, the scope of our
approach in detecting SlIDs, and di erent levels of channel avail-

ability.
Figure 2: Human input/output channels with channels most 3.2.1 Methods to Predict Channel Availabilitfe rst asked par-
commonly used in human-computer interaction highlighted ticipants to brainstorm for each channel, what were some situations
in black. We designed and implemented Human 1/O based that would make it unavailable. Participants brainstormed 82 situa-
on these channels. tions in total. We found that these situations can be broadly detected

via three ways (with overlaps{l1):

Activity-based46 mentions): Participants identi ed that some-
times unavailability of a channel is due to the user's engagement
3 F_ORMATIVE_ S__TUDY in activities, such as driving, cooking, or attending a meeting.

To validate the feasibility and further explore the scope of mod-  Environment-base@6 mentions): Environmental factors were

eling SlIDs as the availability of human input/output channels, recognized as another source of channel unavailability, such as
we conducted a remote whiteboard session with 10 participants. traveling on an airplane or studying in a library.

We report on our insights and how they informed our design and Channel-base(20 mentions): Participants also noted that some

implementation of the Human 1/O system. situations could be directly sensed by detecting the state of sensory
channels, such as a user wearing headphones, in aloud environment,

3.1 Procedure or holding an object in their hand.

We recruited 10 participants via group email invitations and inter- ~ Participants’ identi ed situations align with observations made

nal communication channels in Google. Participants had various PY Sears et al4f, which emphasizes the contribution of both the
technical and non-technical backgrounds, including software engi- €nvironment and activity on the existence of impairments and dis-
neers, researchers, UX designers, visual designers, students, etc. In @bilities. In addition, direct sensing of channels emerged as a third
90-minute online brainstorming session, we rstintroduced and ex- theme. By measuring metrics such as the current environmental
plained what SIIDs are, showed videos of previous systems that can Volume level, or whether the hand is occupied, systems can leverage
detect and adapt to SIIDs, and presented our initial ideas on identi- More direct, lower-level information to predict channel availability.
fying SIIDs by estimating the availability of human input/output Furthermore, participants mentioned that some situations can
channels. Participants then brainstormed on a digital whiteboard impact more than one channel. For example, playing drums would
(Figure 3) based on three prompts: (1) For each input/output chan- & ct both the user's ability to hear and their hands for interacting
nel, what are some situations that make it unavailable? (2) For each With devices. Certain channels might also be correlated with each
input/output channel, when it is unavailable, what are some im-  Other. In particular, the input channel of vision and the output
plicated consequences? (3) For each impairment, to what extent channel of eyes/gaze are almost always available or unavailable
would you like to have an adaptive system to intervene versus together, similarly for tactile and hands/ ngers. In Human 1/O, we
overcoming it yourself? We went over each participant's responses combine human input/output channels into four categories:

and asked them to explain and elaborate on their examples after Vision / Eye

brainstorming. Hearing



Vocal System
Hands / Fingers

3.2.2 Scope & Limitationg/e conducted a comprehensive review
of the generated situations to understand the boundaries of our
approach. Speci cally, we sought to identify what types of SIIDs
can be e ectively modeled by evaluating the availability of human
input/output channels and the inherent limitations. We compared
participants' generated situations to the Situational Factors tax-
onomy proposed by Wobbroclksg, and reviewed what types of
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of the ongoing activity, the duration of unavailability, or the user's
ability to overcome the situation.

Moreover,availability of a channel depends not only on the cur-
rent situation, but also on the incoming t¢EX. For instance, one
participant mentioned, when a user's hands are wet, they might still
be usable to perform simple actions such as tapping on the screen
to answer an incoming phone call. However, the same hands might
be deemed insu cient for more intricate tasks, such as typing to
respond to a text message. This relates back to our previous point
that SIIDs are non-binary e.g, the wet hand does not cause a

situations can be properly detected. Wobbrock analyzed a decade's binary impairment, but rather exhibits a variable bandwidth in its

work from 2008 to 2018 on situationally aware mobile devices and
categorized di erent kinds of SIIDs into six categorieBehavioral
EnvironmentalAttentional A ective, SocialandTechnological
Our ndings suggest that our approach is capable of identifying
situational impairments centered around human sensory abilities,
including those induced byehaviorale.g, walking, driving, oper-
ating machine)environmental(e.g, ambient noise, darkness), and
social(e.g, conversation, crowd) factors. These situations often have
a direct impact on the availability of human input/output channels.
However, the approach exhibits limitations in SIIDs that di2):
Intrinsic to Human Our approach may not be as e ective in
identifying impairments related to cognitive stateise, attentional
(divided attention, distraction)a ective factors (stress, fear, fa-
tigue) factors, which may indirectly in uence the availability of
input/output channels. There is often not a clear mapping between
one's mental states and their ability to use input/output channels.
Technologicalmpairments induced by technological constraints,
like power shortages, weak Wi-Fi connectivity, or hardware limita-
tions are not directly discernible through the human input/output
channel metrics. Such SIIDs will need supplementary techniques
or synchronization with device-centric data.

3.2.3 Levels of Channel Availabilifty understand participants'
preferences on how they would like to deal with SIIDs, we also
asked them to discuss the extent they would desire system in-
tervention versus overcoming the impairment themselves. This
provided insights into 106 impairments, along with their preferred
levels of system intervention. Some interesting examples include:
to delay noti cations when people's vision channel is currently
engaged in activities like driving or biking, generate automatic
replies when people's hands are not available to text, and turn on
live captions [33] when the hearing channel is not available.
Participants highlighted thaadaptations may not always be nec-
essary or preferrgdi3), especially if the unavailability is temporary
or can be easily overcome. For instance, when holding a remote
controller that occupies the hand, instead of switching to voice
input to interact with the device, a user might prefer to put the
remote down temporarily and use the hands as the input method
again. When taking a sip of co ee, users might not need adaptations
for the brief moment when their vocal channel is unavailable.
These observations led us to reconsider, tbhannel availabil-
ity (and SIIDs in general) is not binafi4), as assumed in many
previous situationally aware systems. We should not simply model
a channel as available or unavailable, impaired or notim-
paired . There are many cases in which the channel has a gradient
of availability. This could depend on factors such as the di culty

channel depending on the task at hand.

3.3 Design Implications

Based on the insights from our formative study, we outline design
implications for systems that models SlIDs based on the availability
of human input/output channels:

(1)Consider activity, environment, and direct sensing cues for
predicting channel availability (I11): To more accurately predict
channel availability, systems should take into account a combi-
nation of activity-based, environment-based, and directly sensing
cues. Systems can provide a more comprehensive understanding of
the user's situation.

(2) Acknowledge the limitations (I12) : This approach may strug-
gle to identify SIIDs that are attentional, a ective, or technological.
Designers should be aware of these limitations and consider addi-
tional methods for these types of SIIDs.

(3)Predict multiple levels of channel availability (13, 14, I5):
Systems should provide di erent levels of availability to align users'
needs. Itis important to note that sometimes users may not want the
system to adapt to their situations. Hence, it's essential to provide
users with the agency to decide how their SIIDs should be managed.
This will also allow developers to design di erent strategies based
on the severity.

For Human I/O, we developed a four-level channel availability
based on insights from our formative study. We randomly selected
a total of 20 situations proposed by participants during the ses-
sion, 5 from each of the vision/eye, hearing, vocal system, and
hands/ ngers channels. Iteratively, two researchers rst proposed
descriptions of di erent levels, then coded the 20 situations with
the drafted levels, and revised the description of the levels based on
the disagreements or ambiguities. Researchers repeated this process
for three meetings until full agreement was reached. We identi ed
four levels of channel availability:

Available : The channel is currently not involved in any ac-
tivity, or constrained by any environmental factors. It takes
low to zero e ort to use the channel to do a new task.
Example: A user is sitting at their desk with their hands free,
eyes not engaged in any task, and no background noise inter-
fering with their hearing or speech.

: The channel is engaged in an activity or
constrained by an environmental factor. Given a new task
that requires the channel, users can multitask, easily pause
and resume to the current activity, or easily overcome the
situation.
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Example: A user is holding a remote control, which can be4.2 Data Capture

quickly put down to free up their hand for another task.

A ected : The channel is involved in an activity or con-
strained by an environmental factor. Given a new task, the
user may experience inconvenience or require some e ort
to use the channel.

In our research setup, Human 1/0 uses a webcam (Logitech C930e)
and its integrated microphone to obtain real-time video and audio
streams for data capture. We envision that future implementations
of Human 1/0 would seamlessly integrate with lightweight, all-day
AR glasses4( equipped with an array of sensors, such as cameras,

Example: A user is carrying grocery bags in both hands, mak-| ipaARs, microphones, eye trackers, and inertial measurement units

ing it challenging to use their hands for other tasks without
putting the bags down rst.

Unavailable : The channel is completely unavailable due
to an activity or environmental factor, and the user cannot
use it for a new task without substantial changes, signi cant
adaptation or changing the environment.

Example: A user is attending a loud concert, making it im-
possible for them to hear incoming noti cations or carry on a
conversation without stepping outside.

We observed that the distinction amongst these four levels hinges
on the amount of e ort for a user to free up a channel for an
interactive task and re-occupy the channel later. To validate the
consistency and applicability of these levels, we continued to label
all remaining situations independently. We computed the inter-
rater reliability and the result shows a high level of agreement
between raters, with Cohen's Kappa= 0.847.

4 HUMAN I/O SYSTEM

Following our formative study insights, we developed Human I/O, a
system that detects situational impairments based on the availability
of human input/output channels.

4.1 Overview

The Human I/O computational pipeline, illustrated in Figure 4,
consists of three components: (1) An egocentric camera and mi-
crophone capturing video and audio streams of the user's current

(IMUs). These sensors will enable richer data capture and provide
more comprehensive input to enhance the system's capability.

4.3 Processing Module

Human I/O recognizes the user's context by analyzing video and
audio data in one-second intervals.

4.3.1 Activity Descriptiofo detect the current activity in an ego-
centric video, we employ a two-step process. First, we generate an
image caption of the current video frame (compressed to@v8D)
using the state-of-the-art image captioning model in early 2023,
BLIP-2 B1]. Although BLIP-2 generates high-quality and objec-
tive descriptions, it occasionally falls short in providing an explicit
activity description, i.e, what the person wearing the camera is
doing. For instance, consider the examples shown in Figure 5.
The BLIP-2 output for a tennis court frame ia tennis court with
lights on at night, while for a frame capturing the inside of a bus,
it outputs a view of the inside of a passenger blifiese captions
describe the scenes but do not e ectively convey the user's actions.
To address this limitation, we integrate the BLIP-2 model with
GPT-3 text-curie-001, a faster version of the GPT-3 model capable
of simpler tasks. We use the following prompt structure to guide
the GPT-3 model to generate a more accurate activity description
(full version in Appendix C):

An egocentric view of User is showing +

<BLIP-2 output> +

Describe what User is doing concisely. Answer in the
format of "Useris ...

By combining the two models, we obtain a re ned activity de-

video and audio data in one-second intervals using a combination
of computer vision, natural language processing, and audio anal-
ysis algorithms, and generates a rich set of data, including the
user's activity, environment, and direct sensing of speci c chan-

nels (Figure 4.2). (3) A reasoning module that leverages a large

language model to process the contextual information. It employs
chain-of-thought prompting to predict the availability of vision/eye,
hearing, vocal, and hands/ ngers channels. A smoothing algorithm
is incorporated at the end to enhance system reliability (Figure 4.3).
We implemented Human I/O as a web application to o er a versa-
tile and accessible platform both for users to learn about their SIIDs
in daily lives, and developers to debug and evaluate detection meth-
ods (Figure 7). This approach enables connectivity with di erent
cameras and microphones and allows for easy experimentation on

the examples in Figure 5.1 and 5.2, the integrated output for the
tennis court frame becomesJser is playing tennis at night on a lit
court, while for the bus frame, it produce&)ser is riding on a bus

4.3.2 Environment Descriptidio identify user's current environ-
ment, we once again combine the outputs of the BLIP-2 and GPT-3
text-curie-001 model. We forward the image caption from BLIP-2
to GPT-3 using the following prompt structure:

An egocentric view of User is showing +

<BLIP-2 output>+

What location or environment is User likely to be in?
Answer in the format of “Useris in....

This improves the quality of environment descriptions. For in-
stance, consider an egocentric video frame showing a person wash-

di erent devices, such as mobile phones, tablets and AR glasses. Fur-ing dishes (Figure 5.3). The original BLIP-2 caption stafepgrson

thermore, the web app supports testing on both live video streams
and pre-recorded videos, providing a exible environment for eval-
uation and user studies. A live demo and open-sourced repository
of Human 1/O can be found at https://github.com/google/humanio.

washing dishes in a sinkWith the integration of the GPT-3 model,
the output is re ned to, User is in a kitchen For a video frame
displaying a person playing a computer game (Figure 5.4), the
initial BLIP-2 caption readsA person playing a video game on a
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Figure 4: The Human 1/O pipeline comprises three components: (1) an camera and microphone capturing the user's egocentric
video and audio stream; (2) video and audio data processing using computer vision, NLP, and audio analysis to obtain contextual
information, including user's activity, environment, and direct sensing ; and (3) sending contextual information to a large
language model with chain-of-thought prompting techniques, predicting channel availability, and incorporating a smoothing

algorithm for enhanced system stability.

Figure 5: Examples of using GPT-3 (text-curie-001) to re ne
raw image caption results from BLIP-2 to get more accurate
descriptions of the current activity and environment.

computer: Following the integration with GPT-3, the description
becomes:User is in a room, likely indoors

4.3.3 Direct Sensingince activity and environment detection
may miss information that is not be adequately represented by
their high-level descriptions, we also implement direct sensing
techniques to gather a more comprehensive set of data. Speci cally,

we consider hand detection, volume level, audio classi cation, and
environmental brightness.

First, our hand detection algorithm consists of three stages. We
rst use the MediaPipe Hands modeb§ to obtain keypoint local-
izations of 21 3D hand-knuckle coordinates for both hands. If no
hand is detected at this stage, the process is halted, and outplats
hand is detected.

If a hand is detected, we proceed by utilizing the MediaPipe
object detection model (e cientdet_lite0)1[4] to detect if either
hand is holding any object and what object is it holding (details
in Appendix B). If a hand is holding an object, the system outputs
Hand is holding<Object>.

Finally, if a hand is detected but not holding an object, we use
the BLIP-2 Visual Question Answering (VQA) model to ask, What
are the hands doing? . This unconstrained approach is particularly
useful when hand landmarks or objects are not accurately recog-
nized €.g, object detection model cannot identify drumsticks), or
in complex scenarios such as typing, washing hands, etc. In this
case, we use the result of BLIP-2 VQA as output.

In addition, Human I/O directly senses the availability of the
hearing and vision channels through volume level, audio event
classi cation, and brightness measurements. Volume level is deter-
mined using the Web Audio API, and measurements are smoothed
and converted to decibels. Audio event classi cation leverages the
pre-trained YAMNet model4Z, capable of detecting 521 distinct
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