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SmartRSVP: Facilitating Attentive
Speed Reading on Small Screen
Wearable Devices
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messages on a 1.5-inch screen is inherently
challenging, especially when a user’s attention is
divided. We present SmartRSVP, an attentive speed-
reading system to facilitate text reading on small
screen wearable devices. SmartRSVP leverages
camera-based visual attention tracking as a play/pause
control channel, and uses implicit physiological signal
sensing to adjust speed in real-time to make text
! reading via Rapid Serial Visual Presentation (RSVP)
' more enjoyable and practical on smart watches.
Q | Through two pilot studies, we received positive
Speed Regularization feedback on the visual attention controlling feature and
‘”/MMAW"_' A\ confirmed the feasibility of the speed adjusting feature
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1 Or one visual item a time for
stimuli such as pictures.

2 Although cameras are only
available on a small portion of
smart watches today, e.g.
Samsung Gear 2, more device
manufacturers may include
cameras once compelling usage
scenarios of camera are
discovered.

Introduction

Small screen wearable devices are flourishing
nowadays. By staying on users’ wrists, smart watches
provide instant access to important notifications and
frequent tasks. Smart watches are also ideal for
tracking users’ activities and physiological signals for
personal wellbeing. Although many interaction
techniques [4] and input modalities [12, 15] have been
invented for smart watches, text reading on a 1.5-inch
small display, the primary output channel for today’s
smart watches, is inherently challenging.

At least three major challenges arise when a user reads
textual information on a smart watch. First, the small
screen of a watch only affords showing three or four
words per line in small fonts, thus demanding a higher
cognitive workload and more frequent lateral
movements of eye gaze, i.e., saccade; Second,
showing fewer words per screen also leads to more text
scrolling actions, exacerbating the notorious “fat finger
problem” in scenarios where both hands of a user are
occupied; Third, text reading on a watch increases the
likelihood of experiencing divided attention and higher
interruption due to the envisioned usage scenarios.
Paradoxically, the ever growing amount and type of
information accessible via smart watches increases our
exposure to such reading interfaces.

We present SmartRSVP (figure 1), a novel speed-
reading system to facilitate text reading on small
screen wearable devices. SmartRSVP leverages real-
time visual attention tracking and implicit physiological
signal sensing to make text reading via Rapid Serial
Visual Presentation (RSVP) more enjoyable and
practical on smart watches. SmartRSVP determines the
visual attention of a user via camera-based facial
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orientation estimation and eye gaze tracking, and
leverages the information on visual attention to
play/pause the presentation of dynamic texts.
SmartRSVP also uses the cognitive workload inferred
from Heart Rate Variability (HRV) features to regulate
the speed of RSVP. Overall, SmartRSVP employs the
spatial and temporal efficacy of the RSVP technique,
and reduces its high workloads in both visual attention
and cognitive processing via a perceptual and affect-
aware interface. In this paper, we first describe the
design of SmartRSVP, and then report preliminary
findings from two studies.

Related Work

RSVP is a visualization technique that displays textual
information one word at a time! in sequential order.
RSVP has both spatial and temporal efficacy when
compared with traditional reading. However, RSVP also
raises unique challenges such as higher visual attention
[3], higher recovery cost, attentional blink [18], and
repetition blindness [14]. In this paper, we explore how
unique sensors, such as the front camera® and the
photoplethysmography (PPG) sensor on a smart watch,
can be used to make RSVP more practical for daily use
on small screen wearable devices.

Our visual attention tracking feature was inspired by
the "gaze locking" technique [22] and the seeTXT
technique [6]. Gaze locking refers to the robust binary
sensing of eye contact in a static image via computer
vision algorithms. seeTXT relies on a customized
infrared eye-contact sensor (ECS) to augment media
consumption on mobile devices. In comparison, the
SmartRSVP technique focuses on improving the speed-
reading experiences on smart watches via on-device
sensing capabilities. In addition to real-time visual
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3 We also explored the same
front camera to extract both
visual attention and PPG signals
from facial images. We chose a
dedicated PPG sensor or a
separate camera pointing at
the arm or the finger for higher
signal-noise-ratio (SNR).

attention tracking, SmartRSVP can also infer cognitive
workload from implicit PPG sensing on unmodified
mobile devices. Hansen et al [11] demonstrated the
feasibility of using a commercial gaze tracker to control
RSVP playback running on a PC. Dinger and colleagues
[7] demonstrated gaze controlled RSVP with a head-
mounted gaze tracker and visual markers. In
comparison, SmartRSVP does not rely on external eye
trackers and also offers implicit cognitive state sensing
for the dynamic speed regulation of RSVP.

Heart rate signals are widely explored to infer learners’
cognitive and affective states in different interaction
tasks, such as learning [13], operating user interfaces
[21], and gaming [10]. In this paper, we propose the
sensing and modeling of PPG signals to facilitate speed-
reading on smart watches. We believe that with the
ability to stay on a user’s wrist 24/7 and collect the
user’s physiological signals implicitly, smart watches
will become a promising test bed for the next
generation of affect/emotion aware interfaces.

Design of SmartRSVP

Figure 1 shows SmartRSVP in action. SmartRSVP
continuously monitors the visual attention of a user by
analyzing the user’s facial orientation and gaze contact
in real-time through a front camera. RSVP will pause if
there is no human face in the camera viewport, or the
user’s eye gaze is not in direct contact with the watch
screen. SmartRSVP also infers the cognitive workload of
the user via implicit PPG sensing through a dedicated
PPG sensor or a back camera® [10]. The speed of RSVP
will be adjusted based on the cognitive workload.

SmartRSVP includes three major components: 1) The
RSVP module; 2) Algorithms for tracking and using the
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owner’s visual attention; and 3) a user-independent
statistical model to predict the cognitive states of the
owner.

RSVP

We use a 20dp monospace font with a 2.1mm average
height to render words in our RSVP module, which
provides good legibility on a 1.5-inch watch screen and
can display words as long as 12 characters without line
breaking or resizing. SmartRSVP also visualizes the
Optimal Recognition Point (ORP) [2] in a red color
(Figure 1). ORP intends to make the gaze fixation point
of a word, which may not be the first character of a
word, stay in a fixed region to avoid unintended
saccades when the gaze fixes on words of different
lengths [2]. The display speed of our RSVP module can
vary from 200 wpm to 500 wpm.

Visual Attention Tracking

Figure 2. Visual Attention Tracking via face detection, face

alignment and eye contact estimation. The x-axis is time (~17
sec). Row (a) is the predicted horizontal eye gaze locations:
Row (b) is the predicted vertical eye gaze locations. Green
circles highlight moments when user are not having gaze
contact with his smart watch.
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Figure 3. Three reading interfaces.
From top to bottom: Normal Watch
Reading Interface, Traditional
RSVP interface, and SmartRSVP.

Due to the limited availability of front facing cameras
on smart watches, we used a Google Nexus 5x smart
phone running Android 6.0 to simulate a 42.0mm by
35.9mm smart watch screen. Following practices of
existing research on smart watches [5, 17], we
allocated the same physical region on the screen of the
Nexus 5x for display and touch input.

Each image frame captured by the front camera goes
through the following three steps to generate a binary
prediction on visual attention. 1) Face detection. A
Viola-Jones face detector is used to detect the
existence and location of a human face; 2) Face
Alignment. We use Cascaded Pose Regression [8] to
estimate the facial orientation and landmark points on a
face; and 3) Eye contact estimation. Similar to [16,
22], we rely on the location of the pupil relative to the
rest of the eye to estimate the direction of eye gaze.
Given the small display size of smart watches, it's not
necessary to estimate the absolute location of eye gaze
on the watch. Instead, we trained a binary eye contact
classifier from five volunteers. We also use a low-pass
filter to reduce false positives and false negatives from
per-frame estimations. Figure 2 shows the continual
output of the eye gaze prediction algorithm and the
binary eye contact estimation.

We used the Qualcomm Snapdragon SDK to accelerate
the tracking process. The per-frame image processing
time is 17 ms, and we can achieve 21 frames per
second on the hexacore Snapdragon 808 CPU in the
Nexus 5x. We are exploring the use of alternative face
alignment algorithms such as Regressing Local Binary
Features [19] to further accelerate the tracking speed.
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Cognitive State Inference

Since the current SmartRSVP prototype runs on a
smart phone rather than a smart watch, we do not
have access to the heart rate sensor on mainstream
smart watches such as Apple Watch, Moto 360, and
Samsung Gear 2. Instead, we used commodity camera-
based PPG sensing through the back camera of a smart
phone. After detecting the transparency change of
fingertips via the build-in camera [1], we used the
LivePulse algorithm [10] to extract the raw PPG
waveforms. We expect cleaner PPG signals and higher
prediction accuracies after switching to dedicated PPG
sensors on smart watches.

It’s possible to calculate the HRV from instant
heartbeats and use a constant threshold on HRV to
determine the cognitive workload of a user [21].
However, we found that we can achieve significantly
more robust predictions by extracting multiple
dimensions of features from the raw PPG waveforms
and training a user-independent classifier to predict a
user’s cognitive workload.

We used a fixed-size sliding window to extract features
from the temporal PPG signal. We extract 9 dimensions
of heart rate and HRV features from each window,
including 1) MHR (mean heart rate); 2) SDHR
(standard deviation of heart rates); 3) rMSSD (the
square root of the mean squared adjacent RR intervals’
difference); 4) pNN12 (percentage of more than 12ms
difference between adjacent RR-intervals); 5) pNN20,
6) pNN50; 7) MAD (median of absolute deviation of RR-
interval); 8) AVNN (average RR-intervals); and 9)
SDNN (standard deviation of the RR-intervals). After
normalization, these 9 dimensions of features are used
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Smart RSVP

Figure 4. Distracters (random 3-
digit numbers) appear on a 15-inch
laptop screen. Left: reading an
email message via SmartRSVP;
Right: turning left to read the
distracter.
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Figure 5. Comprehension rates by
reading interfaces. Error bars
represent one standard deviation.

to train a statistical classifier to predict users’ cognitive
workload within this sliding window.

We ran two studies to understand the performance and
preference of SmartRSVP. During the first user study,
we evaluated SmartRSVP together with today’s reading
interface on smart watches as well as traditional RSVP
in a sitting condition. We took a closer look at the
cognitive-state inference module in SmartRSVP
together with a controlled color-counting task in the
second user study.

User Study 1

We ran an 18-participant (3 females) within-subjects
user study to evaluate the efficacy of the speed-reading
technique and visual attention based play/pause
channel of SmartRSVP.

The study included three interfaces, i.e. Normal watch
reading (NWR), traditional RSVP (T-RSVP), and
SmartRSVP (Figure 3). Each participant read 10 email
messages * 3 reading interfaces = 30 unique email
messages (U = 47 words or 3.5 sentences) in total. To
simulate reading activities under divided attention, we
also included 3 distractions during each reading (Figure
4). Every 4 to 6 seconds, the laptop generated a beep
sound, and a 3-digit random number was shown on the
laptop screen lasting for 2 seconds during reading.
Once the participant heard the beep sound, she was
required to look at the number (Figure 4, right) and
read it out loud. The participant could resume the
reading task after reading the number out. After
finishing each email, the participant then answered one
literal question to test her text comprehension. There
are three levels of text comprehension, i.e. literal,
inferential, and evaluative [9]. We only used literal
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questions, i.e. recalling key information that was
explicitly stated in the email, in our study because we
focused on evaluating and comparing reading interfaces
rather than testing the language and logical skills of
participants. At the beginning of the user studies, users
went through a warm up session to get familiar with
the interfaces as well as choose a desirable speed that
applied to NWR (Display duration = Number of Words /
speed + 3 seconds for distractions), T-RSVP and
SmartRSVP. The average user selected speed was 220
wpm in this study.

Results

Figure 5 shows the average comprehension rates of the
three reading interfaces under distracted visual
attention. There are significant differences of
comprehension rates between NWR and T-RSVP
(52.2% vs. 23.9%, p<0.0001) as well as between
SmartRSVP and T-RSVP (57.5% vs. 23.9%, p<0.0001).
However, there was no significant difference between
NWR and SmartRSVP (52.2% vs. 57.5%, p=0.39).
Similar for the reading efficiencies (actual reading
speed * comprehension rate, wpm): there were only
significant differences between NWR vs. T-RSVP (65.16
wpm vs. 43.93 wpm, p<0.005), as well as between
SmartRSVP vs. T-RSVP(67.16 wpm vs. 43.93 wpm,
p<0.005). The subjective ratings of perceived comfort
(on scale of 1 to 5) were 3.78 (0 = 0.73), 2.06 (0 =
0.96), and 3.28 (o = 0.94) for SmartRSVP, T-RSVP and
NWR respectively (Figure 6). All the 18 participants
gave positive feedback on the use of eye-gaze as an
implicit control channel for RSVP.

The results indicated that by leveraging camera-based
visual attention tracking, SmartRSVP was able to
overcome the recovery cost of traditional RSVP when a
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Figure 6. Subjective ratings on
perceived comfort on a 5-point
Likert scale (1 = not comfortable at
all, 5 = very comfortable).
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Figure 7. The classifiers’ optimal
kappa by local window size in user
independent models.

user switched visual attention. Although there was no
significant difference in comprehension rate or reading
efficiency between SmartRSVP and NWR, SmartRSVP
could serve as an effective complement to NWR when a
user needs to read a message on her watch when both
hands are occupied.

User Study 2

We conducted an 18-participant (same participants as
user study 1) within-subjects study to investigate the
feasibility and performance of predicting cognitive
workloads in SmartRSVP through implicit PPG sensing.

The study includes two SmartRSVP conditions: low
(single reading task) and high cognitive workload
(multi-task includes reading and counting). Each
participant read one article under each condition. We
adopted the color counting task [20] to induce a high
cognitive workload. During reading, a computer placed
on the side spoke the names of nine different colors
randomly at the speed of one-second per word.
Participants were told to focus on the reading but also
count the total times that the target colors were
spoken. After finishing each article, participants
answered 5 questions to test their comprehension.

Results

The users' comprehension test scores were 56.67% and
26.67% for low and high cognitive workload
respectively. We were able to use PPG waveforms
collected to train a user-independent model to predict a
participant's cognitive workload when using
SmartRSVP. We used the leave-one-participant-out
technique to train the user-independent models of
RBFSVM classifier, which led to promising results
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(window size = 25s, accuracy = 77.5%, precision =
78.3%, recall = 85.0%, kappa=0.55) (Figure 7).

We also ran the cognitive workload prediction (CWP)
module on Android devices, which took 63.2ms per

estimate on a Nexus 5x using a single core via Java

based runtime.

Conclusions and Future Work

We present SmartRSVP, a novel speed-reading system
to facilitate text reading on small screen wearable
devices. We investigated the performance of the
camera-based visual attention control channel of
SmartRSVP as well as the feasibility of real-time speed
regulation based on implicit PPG sensing.

We plan to further improve SmartRSVP from the
following perspectives in the near future: 1) Evaluating
the usability and efficacy of SmartRSVP in more

realistic environments (e.g. walking and different
illumination conditions). 2) Investigating the real-time
speed adaptation feature via a formal study. In addition
to the current binary speed adaptation mechanism
commonly used in today’s adaptive interfaces [23], we
are also interested in exploring the feasibility of
continuous speed adaption via physiological feedback. 3)
Exploring the use of alternative output modalities (e.g.
vibration, sound) to provide complementary feedback
when a user is not paying visual attention to the display;
4) Exploring the use of wrist gestures to assist user’s
fine-grained control of display speed.

We thank Xiang Xiao, Xiangmin Fan, Phuong Pham, and
Shumin Zhai for the constructive feedback. We also
thank Byte Dance Telecommunications Co. Ltd. and
Lenovo Corp. for the generous support for this project.
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