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ABSTRACT

Touch latency has been shown to deteriorate users’ performances at levels as low as 25 ms, but this was tested only in
short experimental sessions. Real life usage of touchscreens
covers much longer periods. It provides training which could
lead to reduce the impact of latency.
We investigate users’ ability to compensate for touch latency
with training. Two groups of participants were trained on a
tracking task during ten different days over two weeks with either high or low latency. The gap of performances between the
two groups, observed at the beginning of the experiment, was
reduced by 54 % after training. Users can thus compensate
for latency, at least partially. These results nuance the negative effects of touch latency reported in previous work. They
suggest that long-term studies could provide better insights on
users’ behaviors when dealing with touch latency.
ACM Classification Keywords

H.5.2 User Interfaces: Input devices and strategies (e.g.,
mouse, touchscreen)
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INTRODUCTION

Touch latency, the delay between a user’s touch input and the
resulting feedback, has been shown to decrease users’ performances at levels as low as 25 ms [5, 15]. Current commercial
touchscreens exhibit latencies in the range of 50 – 100 ms [8],
at which users’ performance is still strongly affected. Touch
interaction is yet more and more present in our everyday life
on devices such as smartphones, tablets or larger interactive
surfaces. This recurrent use of touchscreens with substantial
levels of latency suggests that people may become used to
a digital world that answers to their actions with delay. It is
unclear, however, if they also learn to compensate for latency
over time. In other words, after a prolonged use of lagging
Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.
CHI 2017, May 6-11, 2017, Denver, CO, USA.
Copyright is held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-1-4503-4655-9/17/05 ...$15.00.
http://dx.doi.org/10.1145/3025453.3025585

touchscreens, are people able to execute tasks at the same
performance level as without latency?
The motor control literature provides insights into perturbation
compensation in the context of visuomotor recalibration experiences. The human brain was shown to quickly compensate
for different kinds of perturbation such as visual prism distortion and virtual force fields [30]. People also compensate
for delayed visual feedback [6, 10, 21], but it is unclear how
long it takes for this compensation to be efficient. These studies also focused on indirect interaction with the hand hidden
from the participant’s view. This situation is notably different
from the direct touch situation in which both the hand and the
delayed feedback are visible.
For direct touch, the HCI literature has recently provided several studies on the impact of touch latency on perception or
performance [1, 5, 9, 15, 16, 24, 25]. Participants of these
studies, however, are only exposed to latency for a short duration (usually less than an hour). In real life, people use their
devices every day, during longer periods of time, repeating
some tasks several times a day. Real-life usage, thus, offers
much more training and opportunity to develop compensatory
strategies to counteract the latency of the device. The detrimental effects of touch latency could then be different after
heavy exposure than at first exposure.
In this work, we investigate the following questions:
• Do users compensate for latency with practice? If they do,
is the compensation partial or total?
• How long does that take?
• How long does that last?
• Is this compensation limited to a specific task or can it be
transferred to similar tasks?
We focus on a tracking task. Two groups of participants are
trained on the task during 10 sessions spread on different
days over two weeks. The test group deals with a latency
comparable to that of current commercial devices while the
control group is trained with an almost unnoticeable latency.
Our goal is to evaluate if the test group, whose performances
should be negatively impacted by latency at the beginning of
the experiment, could catch up with the performances of the
control group with training.
In order to better understand changes induced by long-term
exposure to latency, we also test for transfer of learning to

another trajectory. If the compensation is not specific, it would
diminish greatly the negative influence of touch latency since
users would be able to deal with the delayed feedback on a
second task without a new learning phase. We also test for
long-term retention to see how long the compensation last.
The presentation of our work is divided as follow. First, we
introduce previous work on the detrimental effect of latency as
well as on touch latency compensation and transfer of learning.
We then explain the design choices of our user study, which
was meant to assess the effect of touch latency after several
days of training. Finally, we present and discuss the results
of the study and their contribution to the understanding of the
touch latency effect on users’ behaviors.
RELATED WORK
Detrimental effects of latency on interaction

The effects of latency on users’ performances were first studied for mouse interaction. MacKenzie and Ware showed that
latency decreases users’ performances for pointing tasks and
that the effect increases with task difficulty [20]. When latency
increased from 8 ms to 225 ms, movement time increased by
63 % and error rate more than tripled. They also observed
a floor effect since no difference in performance was found
between 8 ms and 25 ms. This result was recently refined
in a study by Friston et al.[11]. They evaluated users’ performances at various levels of mouse latency on both Fitts’
and Steering tasks, and showed that mouse latency begins
to affect performances at around 16 ms. The impact of latency with a mouse has also been studied for tracking tasks by
Pavlovych and Gutwin and then by Ivkovic et al. who showed
that above 50ms, latency significantly impacts the precision of
the tracking [14, 26].
In direct touch interaction, the temporal delay translates into
a spatial gap between the user’s finger and the feedback (a
cursor, or a dragged object for example). This makes latency
more perceivable than in indirect interaction. Ng et al. and
Deber et al. measured the Just Noticeable Difference (JND)
that users were able to perceive when dragging a square on
a touchscreen. They showed that, on average, users can detect latencies down to 6 ms when dragging a square [25] and
that they are capable to perceive a latency improvement of
8.3 ms [9]. However, this perception is strongly dependent
from the task. Deber et al. showed that the perception threshold is higher for tapping than for dragging [9]. Ng et al. and
Annett et al. showed that tasks implying more cognitive load
lead to higher thresholds of perception [1, 24]. Focusing on
the effect of latency on users’ performances rather than on the
JND. Jota et al. showed that users’ target acquisition time in
direct touch interaction is affected at latency levels as low as
25 ms [15]. Contrary to mouse interaction, no evidence of a
floor effect was found. These results were extended to higher
task difficulties by Cattan et al. [5].
While latency has been shown to affect performances at levels
as low as 25 ms, commercial touchscreens still exhibit latency
values in the range [50-100] ms [8]. Software solutions based
on prediction have been proposed to compensate for latency [5,
13, 22]. Users, however, by getting used to endure the latency

of their devices, may also learn to develop themselves compensatory strategy by changing their behaviour when facing
latency. We did not find any elements to confirm or refute
this hypothesis in the HCI literature since all aforementioned
studies report brief exposures to high latencies, i.e. less than
an hour in a single session. Here, we investigate participants’
ability to compensate for latency through an experimental
paradigm involving a longer training.
Adaptation to delayed feedback

Adaptation to delayed feedback has been studied for a long
time in the motor control literature. We review studies which
provide some elements of answer to our questions, and in
particular “do people compensate for latency?” and “how long
does it take?”
Touch interaction can be divided in tapping actions and dragging actions. Adaptation to tap latency has been studied thoroughly in the motor control literature. Temporal Order Judgment or Simultaneity Judgment tasks enable to compute the
Point of Subjective Simultaneity (PSS) between a tap from
the user and a visual feedback. The PSS is naturally shifted
in negative delay value: the feedback feels simultaneous only
when appearing with some delay, a phenomena known as the
negative asynchrony [2, 16]. This might partially explain why
the latency in tapping interaction is less perceivable than in
dragging [9]. When continuously exposed to larger delays,
users’ PSS shifts even more negatively than the natural negative asynchrony, showing an adaptation to the delay [17, 31].
Keetels and Vroomen observed that the temporal recalibration
remains small (between 9.4 ms and 16.1 ms) compared to the
experiment delay (100 ms asynchrony) [17]. They make the
hypothesis that the PSS shift might become bigger with longer
exposures.
Latency for visual feedback in tap interaction is not an important bottleneck in HCI because the latency of current devices is
already close to the 69 ms perception threshold [9]. Moreover,
people are able to recalibrate their perception when exposed
to delayed feedback. We thus chose to focus on touch dragging, where latency appears as a notable hindrance for touch
interaction.
Latency compensation for continuous actions, like moving an
object or a cursor, has been studied in the motor control literature but for indirect interaction using a mouse or a joystick.
Cunningham et al. studied feedback delay compensation using
a mouse, doing one dimensional motion [6]. Participants had
to play a game, moving a plane horizontally on the screen to
avoid obstacles coming up. Participants were tested in a single
session experiment with a low delay first and then trained with
235 ms delay. After training, participants were roughly as
good as with low delay. This indicates a quick and complete
compensation from the subjects. Foulkes and Miall also uncovered latency compensation when tracking a target with a
joystick [10]. Three groups of participants with different latency levels (0 ms, 200 ms and 300 ms) were trained over 2-3
days on an unpredictable tracking task. A clear improvement
was seen on both delayed groups, “roughly proportional to the
magnitude of the delay”. However, they expressed that the
time required to compensate for latency was “very slow”. They

extrapolated that it would take about 5h of exposure to latency
for a complete compensation. Miall and Foulkes extended
their work in a new experiment with a similar design but with
five 1h sessions over 5 days. They showed that 5h exposure
was still not sufficient to see complete compensation [21].
Results about the time needed to compensate for the latency
seem contradictory. Rohde et al. argue that the unpredictability
of the tracking task used by Foulkes and Miall may be a factor
in latency compensation [29]. Rohde et al. experimented
with a predictable vs. unpredictable indirect tracking task
in a single session. They showed that only the group in the
predictable condition shows compensation with a decrease of
the tracking error with time. In a more recent work, Rohde and
Ernst argue that adaptation might occur only when feedback
delay is unequivocally identifiable “from other perturbations
that can produce superficially similar effects, such as inertial
changes, spatial offsets, etc...” [28].
Our experiment tests if the compensation, uncovered in the
case of indirect interaction, also occurs in the case of direct
touch. In indirect interaction, the user sees a unique feedback
and the studied inconsistency is between the proprioceptive
feedback of the hand and the visual feedback of the cursor
which represents the hand. With direct touch, the user can
see both the hand (which is not delayed) and the feedback (a
dragged object for example) which suffers from the system
latency. The inconsistency is thus between the expected behavior of the dragged object and its actual behavior. In this
situation, learning to compensate for latency could happen
differently.
Previous work also demonstrated that learning can take different durations depending on the nature of the task, we thus
designed an experiment spread over several days in anticipation of a potential long-term compensation.
Transfer of learning

We also question if the compensation for latency developed
for a given task is specific, or if it can be used on another task.
In the motor control literature, this phenomenon is studied
through the transfer of learning paradigm.
Learning a task leads to skill improvement and these modifications might have an impact when performing another task.
When an improvement of performances is observed on the
other task, a “transfer of learning” has occurred [27]. In this
paper, we study if latency compensation, through training on
a particular task, can transfer to another task with the same
amount of latency.
De la Malla et al. studied the transfer of learning of delay
compensation between different interception tasks [7]. They
showed that the learning can transfer to tasks with little variations from the training task (like a starting position displacement) but does not seem to transfer across different interception tasks, even if they seem similar. For example, there was
no evidence of transfer between a “target interception” task
and a “passing through a moving gap” task. In this experimental design, participant’s hand is hidden and users only see a
cursor on the screen. Transfer could be different in the case of
direct touch where the hand is visible.

This specificity of the transfer of learning was also observed
in a recent HCI study and was used as a behavioral metric of
the sensorimotor similarity between different interactions in
sequential pointing [3].
EXPERIMENT: DEALING WITH TOUCH LATENCY BEFORE AND AFTER PRACTICE
Experiment design

We design our experiment to test these two hypothesis:
• People can learn to deal with latency on a tracking task and,
through practice, their performances become as good as
when performing the task without latency.
• This learning can then be transferred to a similar task.
Participants perform a tracking task during ten practice sessions spread over two weeks. Our approach is to compare the
effect of the latency on the task at first exposure and after the
training. We expect to see an improvement of performances
with practice. We also need to distinguish in this improvement
which part accounts for the acquisition of skills specific to
the task (learn the trajectory and speed of the target or how
to track smoothly) and which part accounts for the compensation of latency. Thus, we used a control group trained on
the same task but with minimal latency (i.e. 25 ms, as low as
our system permits). The group dealing with latency is called
the test group. During the practice sessions, the improvement
of performances of the control group can only be due to the
development of tracking skills. By difference with the test
group, it enables to assess the improvement due to the learning
of latency compensation. The test group, having to deal with
latency, should show lower performances in the first session.
Comparison between groups at the last session also enables to
evaluate if latency can be totally compensated (performances
of the test group finally catch up those of the control group),
only partially or not at all.
The experiment imposes a between subject design: participants have to be tested in the same condition for two weeks,
and their training then prevent their participation in another
condition. The between subject design introduces a difficulty:
the performance difference between the test and control group
could be partly explained by a difference in the average participant performance of each group. We thus control the assignation of each participant to the test or control group by assessing
their performances on a tracking task that they perform before
the first session. The individual performance is computed on
ten trials of tracking with the high level of latency used in the
main sessions. We call this the balancing task. It is executed at
the very beginning of the experiment. This procedure enables
us to balance both groups in term of participant’s abilities to
track a target and to deal with latency.
The test group is trained with 75 ms of latency which approximates the latency of many current commercial devices [8]. In
an ideal case, the control group should be trained with no or
negligible latency. But a system offering touch interaction on
a large surface with negligible latency has never been achieved.
We approximate the zero latency condition by replicating the
system of Cattan et al. [5]. This system uses a low latency

(a) Graphical output during a trial. The red disc is controlled by the
participant’s finger, the white disc (partially covered) is the target,
which follows the ellipse path counterclockwise. Here, the target is
not totally covered by the red disc and the crescent moon is in front
indicating that the participant is late.

(b) At the end of a trial. The large white disc is the starting area for
the next trial. A bar chart (displayed only between two trials) presents
the results of the session’s previous trials. The horizontal red line
corresponding to the 0th trial is the averaged tracking error of the last
session and sets a goal for participants.

Figure 1. The display at two different moments of a session

device coupled to a prediction technique (details are provided
in the Apparatus section). We assume that the potential effect
of the remaining latency in the control group is negligible
compared to the effects of the 75 ms latency in the test group.
For simplification purpose, in the remainder of this article we
will refer to “with latency” for the test group, and to “without
latency” for the control group.
To investigate if the compensation is task specific, the transfer
of learning is assessed with a second tracking task, called
the “transfer task”. The transfer task follows a different path
than the main task; it is performed on the first and on the last
participant’s session.
20 persons (5 females) participated in the study, all righthanded, with a mean age of 28 (range 23–37, sd = 3.74).
Participants were mostly students coming from different
labs/schools from our campus. Most of them own a smartphone and/or a tablet and use it every day.

Apparatus

Since we want to have a control group with participants performing the tracking task with a latency as small as possible,
we need a touchscreen device that enables low latency. Literature introduces several examples of custom made devices with
latency lower than current commercial devices [1, 5, 25]. The
system used by Annett et al. and Ng et al. restricts the working area to a small surface of 24cm × 16cm with a grayscale
display only. We therefore choose to replicate the system used
by Cattan et al. [5]. It implements touch detection on a regular
screen using optical tracking. The system has a baseline touch
latency of 25 ms that we regularly check using a predictive
method [4]. Cattan et al. also used a linear prediction to virtually reduce the baseline latency of the system that we also
replicate. This linear prediction is well suited for our tracking
task since it implies no sudden change of speed. Cattan et al.
extrapolate that with the prediction, the system is equivalent
to a 9 ms or less latency system.

For the experiment, we use this 9 ms equivalent latency for
the control group. For the test group, a 75 ms condition is
simulated from the 25 ms baseline by adding 50 ms of idle
time before dealing with received touch events.
Task

We choose a task difficulty that is high enough to allow some
learning and performance improvement. We also choose a
novel task so that all participants have no training on the
task at the beginning of the experiment. In particular, we
avoid the common “dragging an object to a target” task: most
participants use touchscreens in their daily life, and thus they
have various levels of training on this task with various levels
of latency. A tracking task meets our requirements. In pilot
tests, we observed that complex paths were not required to
observe learning. Using a circle with constant speed, however,
would not suit our objective. A constant speed translates to a
constant spatial gap between the finger and the feedback. This
is a special case which flaws the temporal nature of the latency
and may, according to Rohde and Ernst [28], hide a learning
effect. Therefore we choose an ellipse path with a target speed
linked to the curvature by the 2/3 power law. According to
Lacquaniti et al [19], this speed profile follows the natural
motion of the hand.
Users control a red disc object (1.78cm radius) on the screen
with the index finger. The screen displays the path followed
by a white disc target (1.78cm radius). Displaying the path of
the target ensures that the target motion is predictable which,
according to Rohde et al. is a condition to have delay adaptation [29]. The target motion (position and speed) follows
these equations:

 0
x(t) = 840 + 720 ∗ cos(t)
x (t) = −720 ∗ sin(t)
y(t) = 640 + 270 ∗ sin(t)
y0 (t) = 270 ∗ cos(t)
x and y are coordinates expressed in pixels for a screen size
of 1920 × 1080 pixels, with a diagonal of 24 inches (pixel
size=0.277mm), and with the origin at the bottom left. The
time t is expressed in seconds. The target follows an ellipsoidal

trajectory, making a complete cycle in 2π seconds. The ellipse
is slightly off center to the top left to prevent that participants’
right hand hits the bottom and right edges of the screen when
performing the task.
Participants drag the object to a starting area at the rightmost
point of the ellipse. The target area turns green to indicate that
the object is inside. When the object is in the starting area for
0.5s, the target appears and begins its counterclockwise path
on the ellipse. The participants’ goal is to follow the target as
close as possible. Since the target and the object have the same
size, participant attempt to completely occlude the target with
the object. A complete occlusion is difficult, and the target
usually reveals itself as a white “crescent moon” under the
red object, creating a clear visual feedback indicating if the
participant is late (moon in front) or early (moon behind). The
display during a trial is illustrated on Figure 1a.
During a trial, the target makes three laps. Error is not measured during the first lap to let the participant catch up with
the target and get back the rhythm of the motion. During the
two following laps, the tracking error is sampled at 120Hz: it
is the distance between the disc center and the target center.
A trial lasts around 20s (3 × 2π). When the rightmost point
of the ellipse is crossed at the end of the third lap, the trial
ends. The trial error is recorded as the average tracking error
over the two final laps. The system moves the object back to
a fixed position at the bottom left of the screen, ready for the
next trial.
We allow participants to follow their progress by displaying
their trial error at the end of each trial, as illustrated on Figure 1b. The display is a bar chart where the first bar represents
the participant’s trial error averaged across the trials in his previous session. In the specific case of the first session, the first
bar just indicates the first trial error. The first bar has always
the same size on the different sessions and is emphasized by a
horizontal red line. The following bars represent the error of
the current session’s trials. The size of each bar is computed
relatively to the first one. Participants implicitly attempt to
not exceed the red line: this means that they improved their
performance compared to the previous session. The bar chart
disappears as soon as the object is dragged to the starting area
to begin the next trial.
We also define a second trajectory to study the transfer of
learning. The study by De La Malla et al. indicated that
transfer only occurs when tasks are very similar [7]. A task
too dissimilar to the ellipse would thus certainly lead to a
null transfer which would not be useful for interpretation. We
prefer a very close task to see what amount of transfer can
be observed in favorable transfer conditions. We choose the
eight-shaped curve defined by the following equations:
 0

x(t) = 840 + 720 ∗ cos(t)
x (t) = −720 ∗ sin(t)
y(t) = 640 + 405 ∗ sin(2t)/2
y0 (t) = 405 ∗ cos(2t)
The eight shape is interesting because the right side is very
similar to the right side of the ellipse, the left side of the eight
is similar to the ellipse but with the target going clockwise
instead of counterclockwise. And finally, the center part is a
diagonal trajectory in both directions that is not included in

Figure 2. Graphical output during a trial of the transfer task.

the ellipse. We thus can presume that the transfer of learning
from the ellipse to the eight could be different on these different parts. The display during a trial for the transfer study is
illustrated on Figure 2.
Temporal distribution of training sessions

Sleeping has been shown to be an important factor in the improvement of motor skill performances [32]. We thus choose
to spread our learning sessions on different days with the goal
of observing clear learning effects. Gerbier et al. showed that
an expanding schedule of repetition could optimize the retention [12] however we prefer to keep a rather flexible timetable
for participants’ convenience.
We choose to spread the complete training on the ellipsoidal
tracking on ten sessions of sixty trials each. The session length
is calibrated to last around half an hour. Pilot study showed
that longer sessions may introduce a strong effect of fatigue.
A semi-regular lapse of time between sessions is imposed: all
sessions are done on different days (i.e. with at least a night of
sleep between two sessions), two sessions cannot be separated
by more than three days and the whole ten sessions have
to fit within three weeks. In addition, participants perform
their sessions around the same hour of the day. Eventually,
due to schedule constraints, two participants of the test group
did two of their ten sessions on the same day (separated by
several hours). We do not observe any strong effect of the
session distributions: the learning curves are similar between
participants doing three sessions per week every other day and
participants coming every day of the week (except week-ends).
During sessions, short pauses are allowed between each trial
but longer 30s pauses are imposed every ten trials to prevent
participants to rush through and be jaded for the last trials.
Our secondary objective is to study the potential transfer of
learning between the ellipsoidal tracking and the eight-shape
tracking. For this purpose, we measure the performance of
participants on the eight-shape at the beginning of the first
session and at the end of the last session. This is the transfer
task. The distribution of sessions is summarized on Figure 3.
Measurement and analyzes

During the training part, 20 participants performed 10 sessions
of 60 trials, totaling 12000 trials. From these, 34 trials (0.3 %)

Session
Task
Ctrl
Test

bal.
10
10

1
trans.
10
10

2

60
60

... 9
Training
60 ... 60
60 ... 60

10
trans.
60
10
60
10

4

Figure 3. Summary of the temporal distribution of sessions depending
on the group: control (Ctrl) or Test. “bal.” is short for “balancing task”
and “trans.” for “transfer task”. Numbers indicate the number of trials
in each session. Grey cells are trials with latency, white cells are trials
without latency. Sessions 2 to 9 are identical.

We use the tracking error (i.e. the distance between the center
of the dragged object and the center of the target) as the performance metric. We define error, the dependent variable of
the experiment, as the average error per sample over all trials
of a participant’s session. error is used to assess improvement from training, but also for balancing the performances
of the control and test groups, and for measuring the transfer
of learning. In the case of the 10 trials, used to measure the
transfer of learning in the first and last session, the 5 first trials
are discarded because the abrupt switch from ellipse to eight
shape results in very high error. We thus measure the transfer
of learning after a quick (less than 2 min.) adaptation to the
new shape.
We study the effect of two factors on error:
• SESSION is within-subject, with levels 1 to 10. In the
specific case of the transfer of learning study, SESSION can
only take two values, 1 and 10.
• GROUP is between-subject, with levels control and test.
RESULTS
Balancing task

Averaged error for the control group (4.57mm ± 0.63) and the
test group (4.58mm ± 0.70) on the balancing task are very similar, indicating a good balance of user performance between
the two groups. An unpaired t-test reveals a high probability
of the NULL hypothesis (t(18) = −0.04, p > .96).
Training along sessions

error curves along sessions, averaged over groups, are presented in Figure 4.
There is a larger variability between participants in the test
group than in the control group. It can be seen on Figure 4
with larger confidence intervals for the test group. Both groups
showed approximately the same standard deviation between
participants on the balancing task (0.63 vs. 0.70), hence this
larger variability in the test group during the training demonstrates that people react differently when facing latency. Some
of them have their performances badly impacted while others
manage to compensate more quickly. On the contrary, in the
control group, the participants followed more or less the same
learning curve.
On the first session, performances are lower in the test group
than in the control group, showing the negative influence of
latency. There is a 18 % loss in performances due to latency

Average error (mm)

were removed as outliers due to optical tracking problems (the
optical marker was somehow hidden during the trial).
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Figure 4. Tracking error in both control (red) and test (blue) groups
averaged over the participants for each session.

(from 3.28mm to 3.86mm, a 0.58mm loss). While performance loss on target acquisition time has been well studied,
this first result shows that latency also greatly impacts participants’ tracking abilities.
On the ten practice sessions, a two-way ANOVA reveals a
strong global effect of SESSION (F9,162 = 125, p < .001). We
can see on Figure 4 that this effect is due to a continuous decrease of the tracking error with practice, showing the learning
of new skills. All participants improve their performances
after 10 training sessions: tracking error is significantly lower
on the last session compared to the first session (paired t-test,
t(19) = 16, p < .001). The intra session standard deviation
(variation on the sixty trials of a single session) globally decreases from 0.51mm to 0.25mm showing that participants
also improve their regularity through sessions. Participants do
not have the same learning speed. Some of them present stabilized performances on the last three sessions whereas others
are still making progress on the last session. Globally, 50 %
of the decrease of error happens between the first and the
third session. This is coherent with many previously observed
learning curves, indicating that improvement becomes more
difficult with time.
The ANOVA also uncovers an effect of GROUP on error
(F1,18 = 7.2, p = .015). The test group, dealing with latency,
has globally lower performances over the ten sessions. But
the ANOVA reveals an interaction between GROUP and SESSION (F9,162 = 3.7, p < .001). We compare the performance
difference between groups before and after the training. The
0.58mm performance loss due to latency, measured on the
first day, decreases to 0.26mm on the last day. This is a 54 %

Figure 5 shows the result of the exponential fit on the learning curves of both groups. The fit is done by a least square
minimization of the error with the following equation (with
three degrees of freedom): y = Ae−Bx + C. The fit is very
good in both conditions with R2 = 0.97 for the control group
and R2 = 0.99 for the test group. With the models, the gap
of performances between the groups continues to reduce after
the tenth session until it reaches an asymptotic level. The
convergence levels are 2.02mm and 2.05mm for the control
and test groups, respectively. This extrapolation indicates that
people dealing with latency are able, through practice, to almost entirely compensate for 75 ms of latency for a tracking
task.

4

Average error (mm)

3

2

However, we tested fitting our model on a smaller number of
sessions and we observed that the asymptotes of both groups
systematically lower as we add further sessions in the fits. This
indicates that despite the good fit, the exponential model may
converge too quickly compared to the real learning curves. In
other words, the model certainly still overestimates the actual
asymptotes, even with 10 points for each group.
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Figure 5. Extrapolation of the learning data for the control (red) and the
test (blue) group with exponential models.

reduction. The negative influence of latency is thus more than
halved in ten practice sessions. The test group is catching up
progressively with the control group. As the only difference
between groups is the presence of more latency in the test
group, it shows that in addition to tracking skills, participants
in the test group also develop specific mechanisms that enable
them to compensate for latency.
We also run two post-hoc unpaired t-tests (with Bonferroni
correction) on the first and last session which reveal a significant difference between the two groups in the first session (t(18) = −2.98, p = .016) but not in the last session
(t(18) = −1.64, p > 0.2). These tests have to be interpreted
cautiously though. The continuity of the curves shape in Figure 4 suggest that the difference in the last session is not
random.
These results show that people can compensate at least partially for a delayed feedback on the tracking task. The strong
negative influence of latency that is usually observed at initial
exposure may not be as problematic as previously thought
when considering long term exposure.
Curve extrapolation

The curves in Figure 4 did not reach a plateau. This suggests
that more progress could be expected if participants had trained
on more sessions. To get an idea of the final performances
gap between the two groups, we experimented with curve
extrapolations. Learning curves are known to be described by
power or exponential laws [23]. After trying various models,
we obtained a good fit with an exponential model.

Transfer task

The results for the transfer task are illustrated on Figure 6.
We analyze error on the global eight-shaped trajectory in
sessions 1 and 10 (Figure 6, “Global”). An ANOVA shows a
strong effect of GROUP (F1,18 = 25, p < .001) meaning that
the test group, dealing with latency, has a bigger error. It also
shows a strong effect of SESSION (F1,18 = 123, p < .001)
meaning that participants better perform the tracking task on
the eight shape in the last session compared to the first.
In the control group, the averaged tracking error on the eight
shape is reduced from 4.03mm on the first day to 2.88mm
after the training on the ellipse. This 28 % reduction of the
error is too large to be attributed only to the training offered
by the 10 trials of the first session: the two sessions were
separated by at least 10 days without training. Furthermore,
the training between sessions 1 and 2 of the ellipse only leads
to a 17.6 % improvement while offering six times more trials.
Hence, this amplitude of improvement reveals a transfer of
learning between the two tasks. The transfer appears as incomplete because the 28 % reduction is smaller than the 39 %
error reduction that occurred on the ellipse (from 3.28mm to
2.01mm).
The ANOVA also uncovers an interaction between GROUP
and SESSION (F1,18 = 6.9, p = .017) which indicates that the
test group had more transfer than the control group. This
indicates that not only the tracking skills are transferred, but
also the skills which enable to compensate for the latency.
The error difference between groups, due to the latency, is
1.42mm on the first session (4.03mm and 5.45mm). It is larger
than with the ellipse because the velocity profile on the eight
shape is more variable and has higher peaks, which makes
latency harder to tackle. The difference is reduced to 0.72mm
(2.88mm and 3.60mm) in the last session. This is a 49 %
reduction of the gap of performances between the two groups,
similar to the 54 % found for the ellipse. This confirms that
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Figure 6. Transfer or learning. Tracking error in both control (red) and test (blue) groups averaged over the participants for the transfer task. The
“Global” graph gives the transfer for the whole shape while the next graphs give the detailed transfer for different sections of the eight shape.

the ability to compensate for latency can transfer between the
two tasks.

compared to the ellipse and a velocity which cannot be found
in the ellipse velocity profile.

We tested our hypothesis that the transfer could be different
on different sections of the eight shape. We cut the eight
into three parts (x < 600, 600 < x < 1080, 1080 < x) and we
included the factor EIGHT_PART with levels LEFT, CENTER
and RIGHT. Figure 6, “Left”, “Center” and “Right” shows the
tracking error on the three parts for both groups in session 1
and 10.

These results indicate that the transfer of latency compensation
for a tracking task can depend on both the trajectory shape but
also the velocity profile of the target.

In session 1, the tracking error is larger in the center part for
both groups since in this area, the target is at its highest speed,
making it harder to follow. In addition, participants of the
test group had worse results on the right part compared to the
left part: the position of the hand tends to hide the delayed
feedback on the right part which makes the tracking more
difficult.
The transfer of learning appeared to be strong for both groups
in the center part, which is surprising since the trajectory is
very different from the ellipse in this section. However, the
amplitude of the tangential velocity is very similar. The ability
to transfer tracking skills may thus be related to the velocity
in a larger part than to the shape of the trajectory.
A triple interaction between GROUP, SESSION and
EIGHT_PART indicates that the difference of transfer between the two groups is not the same for each eight part
(F2,36 = 3.5, p = .04). The strong negative impact of latency
in the test group on the center and right parts creates a lot of
room for improvement, which may explain a bigger transfer
in the test group than in the control group in these sections.
On the center, the velocity of the target has also a bell-shaped
profile, which is similar to the ellipse which certainly favors
the transfer. On the contrary, on the left part, latency compensation does not seem to transfer: there is the same amount of
transfer in both groups. This can be explained by the combination of two elements: a trajectory in an opposite direction

POST-EXPERIMENT: LEARNING RETENTION

Hypothesis and design

Our participants are able to greatly improve their performances
after 10 training sessions on the course of 3 weeks. But would
this persist over time? We ask to available participants of our
study to come back between 7 and 9 weeks after their last training session. 12 participants (6 control - 6 test) are available
for this post-experiment test. We check that, during this time,
none of them had any exposure to tracking tasks similar to our
experimental task. The task is equivalent to half a session of
training (i.e. 30 trials). It is performed by participants in the
same condition as in the training experiment.
On the control group, we expect participants’ performances to
drop a little compared to the tenth session due to the lack of
practice. A similar drop is expected on the test group for the
same reason. However, since latency is usually considered as
a perturbation, our hypothesis is that the latency compensation
would only be temporary. We expect participants of the test
group to lose their ability to compensate for latency, and thus
to observe a larger drop of performances than in the control
group.
Since we need to compare the between-subject groups, we
also verify that the two sub-groups of 6 participants are still
balanced. The average errors of the two sub-groups are very
close: 4.36 for the control group and 4.28 for the test group,
the difference is not significant as revealed by an unpaired
t-test (t(10) = 0.3, p > .77).

Ctrl

The test group shows bigger improvements during the training,
catching up progressively with the control group. This means
that, in addition to skills related to tracking, participants of the
test group also developed mechanisms specific to the presence
of latency in order to compensate for it.
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Different velocity profile on the ellipse and on the eight shape
lead to different spatial gaps between the finger and the disc
when dealing with latency. Relying only on visual feedback
would give only spatial indications and thus would not lead
to any transfer of latency compensation between the ellipse
and the eight. The substantial transfer to the eight trajectory
that we observed in the test group thus indicates that other
mechanisms must have been developed by participants in the
test group to integrate the temporal nature of the delay and to
manage to apply them to another trajectory.
Latency seen as an inherent feature of touchscreens

Figure 7. Error in sessions 1, 10 and in the Post-test for the Control
(Ctrl) and Test groups.

Results

Since participants did not practice the task for at least seven
weeks, the post session reveals a notable improvement during the session. We consider the first twenty trials to be a
quick (less than 10min) re-familiarization with the task and
we measure the tracking error on the ten last trials. Results
are illustrated on Figure 7. An ANOVA is run to evaluate the
effect of SESSION (10th vs. post-test) and GROUP on the
error.
The tracking error on the post-session is significantly above the
error level of the tenth session (F1,10 = 6.39, p = .03), but the
loss of precision is minimal: +0.2mm. In particular, this is a
small step back compared to the improvement achieved in the
training (−1.39mm). There is no significant effect of GROUP
(F1,10 = 0.46, p > .5) nor interaction between GROUP and
SESSION (F1,10 = 0.16, p > .69). This means that participants
are able, in less than 10 minutes, to reach a similar level
of performances to that of their tenth training session. In
addition, the drop of performance between the tenth and the
post sessions is found similar in the two groups.
Our hypothesis of the temporary learning of latency compensation is thus invalidated: latency compensation allowed participant of the test group to acquire a sustainable amelioration
of their baseline performance on the tracking task.
In the next section, we discuss the consequences of the results
of the experiment and the post-experiment.
DISCUSSION
Latency compensation through practice

Considering only the control group, the results of the study
show that, with practice, participants have learned skills related to tracking a target on a touchscreen. The tracking on
the eight shape shows that these skills are not specific to the
ellipse trajectory but are more general and can transfer to
another trajectory with a different velocity profile.

Our experiment proved that users can learn to compensate for
latency with practice. According to Krakauer, there are two
different learning processes: “adaptation”, and “skill learning” [18].
Adaptation is a modification of brain mechanisms in order
to perform action accurately in the presence of a sensorial or
mechanical perturbation. For example, it is well known that
people adapt quickly their actions when facing a displacement
of their field of view induced by prismatic glasses: with training, their performance in reaching or pointing tasks quickly
attains pre-perturbation levels [30]. When the perturbation is
removed, the observation of a negative after-effect shows that
the user continues to behave as if the perturbation was still
there. This after-effect is taken as an evidence of an adaptation:
some visuomotor recalibration occurred in the users’ brain.
“Skill learning” is defined as a shift in the speed-accuracy tradeoff for a task when no systematic perturbation is present. In
contrast to adaptation, which is the adjustment to a perturbation in order to get back to the pre-perturbation performances
baseline, skill learning is the improvement of this baseline.
Skill learning requires more time than adaptation. A more
complete review of the learning processes can be found in
Krakauer et al. [18].
Since touch interaction has been designed to mimic actions
of the physical world, which does not suffer from latency, we
assumed that a delay on a touchscreen device would be seen
as a perturbation to which people could adapt. Participants
indeed developed mechanisms to compensate for latency on
our tracking task and their performances came close to those
of a group trained with almost no latency. Adaptation, however, as defined in the motor control field, is certainly not the
correct term to describe this progress. The learning retention
experiment showed that the mechanisms developed to compensate for latency were still present after seven weeks without
practice. This demonstrates that these mechanisms are more
related to skill learning, i.e. the improvement of a baseline
performance using a device with latency.
Considering the everyday use of touchscreens, when users
deal with a laggy device, they may not see it as a perturbation,
but rather as a tool that takes time to be accustomed with. In

the motor control studies where the hand was not visible or
the interaction indirect [6, 7, 10, 21], adaptation occurred. In
the case of touch latency, the interaction is direct and it is as if
the hand manipulates a (lagging) tool. Hence, observing skill
learning is not surprising.
One way to consider latency is as an inherent feature of a
touchscreen device. For an analogy, someone may learn to
drive an old car with no power steering. This person may take
more time to learn how to turn the steering wheel correctly
compared to someone learning on a power steering car, but
this will not be seen as a perturbation. And this person should
be able to reach the same driving performance as the one who
learned with power steering.
This view of latency is strengthened by the time required by
the gap of performances to decrease. As stated by Krakauer,
“Skill learning takes much longer than adaptation” [18]. In our
study, the difference between the two groups did not disappear
after one or two sessions but decreased progressively for the
whole ten sessions. This may also explain some participants’
comments found in Ng et al. [25]: they report that users can
be unaware of latency as long as the comparison is not explicit.
But once participants have tried a very low latency device
(≈1 ms), they find the latency of current devices “completely
unacceptable”. Before having experienced a better device,
users may not have considered latency as a perturbation, but
rather as an inherent feature of the touchscreen device.
Impact of touch latency on users performances

The development of new skills through 10 practice sessions
resulted in the reduction of 54 % of the negative impact of
latency on the tracking task. Furthermore, there is retention of
these skills, even after more than seven weeks without training.
Hence, our study indicates that the impact of touch latency on
users’ performances is less severe than what could be expected
from previous work.
We chose an experimental task with a predictable trajectory,
and a task in which latency cannot be confused with other
perturbations (spatial or inertial). The goal was to favor learning [29, 28]. More common HCI tasks will have to be studied
to assess the generality of our results. Target acquisition tasks
include motions that are strongly erratic during the adjustment
phase [5], hence compensating for latency on such motion
should be more difficult than for the smooth trajectory used in
our work.
The transfer of learning between different levels of latency
would be another interesting investigation since users interact
with many devices and applications that exhibit different levels of latency. Such study could tell if the skills developed to
compensate for the latency in one condition could propagate
easily to different activities, or if new learning phases would
be necessary. A lack of transfer between different levels of latency would argue for systems and applications with identical
latency levels.
Finally, although this work indicates that the impact of latency
may be less harmful than previously thought, this should not
restrain the development of low latency devices: learning to
compensate for latency takes a lot of time, and may only

transfer to very similar tasks. More importantly, compensating
for latency may have a cost. Users dealing with latency may be
able to reach performances similar as with no latency but this
might imply more concentration and cognitive load and induce
fatigue. These effects should also be objectively evaluated in
future studies.
CONCLUSION

We presented a study aimed at getting a better insight on
the negative effects of touch latency on users’ performances.
We demonstrated that users can learn new skills that enable
them to compensate substantially for the negative influence of
latency on a tracking task. The performance loss due to latency
was more than halved with 10 half-hour training sessions. The
retention of this skill was good more than seven weeks after
the last training session. These results nuance the results of
previous studies where the effect of latency was only tested on
short sessions. Latency should still be considered as a major
hindrance since learning to compensate for latency requires
a sizable effort, it may not occur or transfer to every types of
tasks, and it may have a high cognitive cost. All these will
have to be studied in further experiments.
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