Predicting Mouse Click Position Using Long Short-Term
Memory Model Trained by Joint Loss Function
Datong Wei∗

Chaofan Yang∗

Peking University
Beijing, China

Peking University
Beijing, China

Xiaolong Zhang†

Xiaoru Yuan∗

Pennsylvania State University
Pennsylvania, USA

Peking University
Beijing, China

ABSTRACT
Knowing where users might click in advance can potentially improve the efciency of user interaction in desktop user interfaces.
In this paper, we propose a machine learning approach to predict
mouse click location. Our model, which is LSTM (long short-term
memory)-based and trained by joint supervision, can predict the
rectangular region of mouse click with feeding mouse trajectories
on the fy. Experiment results show that our model can achieve
a result of a predicted rectangle area of 58 × 79 pixels with 92%
accuracy, and reduce prediction error when compared with other
state-of-the-art prediction methods using a multi-user dataset.
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INTRODUCTION

With the advent of graphical user interfaces (GUI), mouse, as an
efcient pointing device, has become essential to various computer
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systems. Despite the emergence of many other input devices and
modalities in recent years, mouse is still a must-have input device
for users to interact with GUI-based applications.
Interaction designs and research on mouse control behaviors
largely focus on which mouse button is clicked, how the system
should respond to a particular click, and what GUI object a click
target. For example, Fitts’ Law[4], one of the foundation theories
in Human-Computer Interaction (HCI), modeled the relationship
among the time for a cursor to point to a target, target size, and target distance to the initial position of the cursor, and led to various
designs to assist mouse behaviors, such as target magnifcation[16]
and gravity wells[10]. Most of these methods require prior knowledge of users’ intentions when they control the mouse.
However, as user interfaces become more and more complex
and have more and more actionable interactive objects, simply
manipulating target size or distance to help mouse pointing may
become impractical. For example, in various visualization designs,
the location and size of an object are mapped to important attributes
of a data point that the object represents, and any change of its
location or size will indicate the change of the value of a particular
attribute and misinform users.
A similar challenge exists when users interact with networked
systems or applications. Currently, more and more applications
become services residing on a server on the internet, rather than
on the local machine. As user interactive activities and system
responses are separated by the internet, network latency can lead to
long waiting time for both users and the system, and consequently
degrade user experience.
One way to address this issue from the user side is to predict
a user’s mouse movement. If the system knows where the cursor
movement may end, the system can infer what actionable interactive objects are interesting to the user, and then take actions
in advance. Consequently, system delay can be reduced and user
experience can be improved.
Some methods [12, 20] have been developed to predict the position of the endpoint. However, they provided no data on the
reliability of the prediction results, so using their results may face
some challenges. For example, to prefetch data from the server
to reduce latency based on predicted actions, a web-based service
needs to know to what extent the predicted actions are accurate.
Otherwise, incorrect data prefetching may introduce more delay.
With information of predicated actions as well as the probabilities
of predictions, the service can make better decisions.
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The advances of deep learning techniques[14, 25] ofer opportunities to improve the accuracy of mouse movement prediction.
The mouse movement prediction problem can be translated into
a time series prediction problem, which can be solved by various
deep learning methods, such as Long Short-Term Memory (LSTM)
[9].
To obtain the reliability of prediction, it is necessary to make
the model output an interval rather than a point. However, in
usual machine learning methods, the model output is consistent
with the training data, and it is hard to collect mouse click data
with uncertain intervals. In this regard, we propose a custom loss
function that can still be used to update the model parameters
according to the true mouse click positions even if the model output
is an interval.
In this paper, we propose a method to predict possible mouse
clicking areas in real-time based on LSTM network trained by joint
supervision. It uses ongoing mouse trajectories for prediction. The
model output is an area where the mouse is likely to click rather
than a specifc endpoint. The size of the prediction area is associated
with a confdence level of the prediction. Experiment results show
that the mouse click position lies within our prediction area in 89%
of the cases.
The paper is structured as follows. We frst review relevant research in Section 2, and then describe our approach in Section 3.
Section 4 presents an experiment to collect user mouse behavior
data for model building and model comparison. After the discussion
of our research and the implications of our fndings in Section 5,
the paper concludes with future research directions in Section 6.
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equation obtained a prior with the least squares regression. Their
experimental results showed that the KEP algorithm can make correct prediction with a probability of 42% when a movement is 80%
completion. This algorithm was further simplifed by Ruiz and Lank
[21], which also proposed a technique to measure the stability of
position prediction.
Algorithms based on template matching rely on a template library, rather than a model, to predict endpoint. The prediction
method by Pasqual et al.[20], Kinematic Template Matching (KTM),
is an example of such algorithms. KTM uses the relationships between speed and time during mouse movement as templates, and
fnds the template that best matches a user’s mouse movement.
With the template and mouse movement data, the fnal position can
be calculated. The KTM method has been applied in ray pointing
prediction in VR[8]. Although KTM produces smaller errors than
KEP, its generability is limited, because KTM templates are user
dependent and demand large amount of user mouse behavior data
for template building. Both KTM and KEP don’t provide prediction
confdence, which limits their practical application.

3

METHOD

In this section, we present our method to predict possible mouse
clicking region. In this work, we view mouse movement trajectories
as time-series data, so possible clicking region prediction becomes
a forecasting task for time series data. Here, we frst introduce the
LSTM approach, which is efective in modeling time-series patterns
and making predictions, and then describe our LSTM implementation for mouse clicking region prediction.

RELATED WORK

Various algorithms have been proposed to predict mouse movement. Generally speaking, these algorithms follow two directions.
One direction is target-agnostic mouse click location prediction,
which only takes mouse movement data as input and produces a
result of the endpoint position on screen. We call this approach
position prediction. The other direction is target prediction, which
requires the information of clickable targets[2, 13, 17, 19, 26]. The
result of this approach is specifc targets in an application, so we
call it target prediction. Unlike the position prediction methods
mentioned above, the inputs of target prediction algorithms must
contain information about targets in an application. This requirement makes such algorithms more difcult to deploy. In this section,
we focus on position prediction algorithms.
For target-agnostic mouse click position prediction, the input
is only the mouse movement information. Algorithms on position
prediction can be classifed into two categories: algorithms based on
regression models, and algorithms based on template matching. The
method proposed by Assano et al.[1] used a simple linear regression model to predict where a click may be. The linear regression
model was built on the work by Takagi et al.[23], which described
the relationship between the peak velocity and the endpoint of
a movement, which is assumed as the position to click. A more
complicated prediction model by Lank et al. [12] was based on the
laws of motion - Kinematic Endpoint Prediction (KEP). This model
consists of two steps: 1) creating a curve of speed versus distance by
using mouse movement data, and 2) ftting the curve to a quadratic

3.1

Defnitions

Before describing the overall pipeline of our LSTM implementation,
we frst defne some involved concepts.
LSTM [9] is a type of RNN[3], which has been widely applied
nowadays due to its strong capabilities for feature modeling and
generalization[15]. LSTM improves the capacity of RNN in remembering past information. It is capable of handling motion sequences
with unfxed lengths. Mouse movement can be encoded as a sequence input to an LSTM model, while possible mouse clicking
region be the output of the model. LSTM captures features in the
mouse movement sequence and learns the implicit mapping of the
mouse movement sequence to the possible region in which it ends.
Mouse movement is defned as a set of data points, each of
which has a time stamp and a pair of 2-dimensional coordinates, denoted as: [t 0 , (x 0 , y0 ), t 1 , (x 1 , y1 ), t 2 , (x 2 , y2 ), . . . , tn , (x n , yn )]. If mouse
positions are sampled with a constant frequency, the time stamp
component can be omitted:[(x 0 , y0 ), (x 1 , y1 ), (x 2 , y2 ), . . . , (x n , yn )]
Mouse endpoint is a 2-dimensional point where mouse click
happens. Following the above defnition of mouse movement, the
endpoint is (x n , yn ).
Possible mouse clicking region is a 2-dimensional rectangular region in which click might happens. The region is defned by 4
boundaries: upper and lower bound in both x and y axis denoted
by [(xlower , ylower ), (xupper , yupper )]
The input for our proposed algorithm is [(x 0 , y0 ), (x 1 , y1 ), (x 2 , y2 ),
. . . , (x k , yk )], k < n and output is [(xlower , ylower ), (xupper , yupper )].
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Figure 2: Architecture of the LSTM model used for region prediction. Green horizontal arrows represent the model unfolded
in time.

3.2

Joint Loss Function

The data structures of training data and model output are not identical, so usual loss functions such as Mean Abusolute Error (MAE
) can’t be used. We propose a joint loss function consisting of the
following three loss functions for model training.
Span loss is the span of prediction region, and it penalizes the
model when the span of the prediction region is large. Span loss
of x dimension is calculated as Lspan x = |xupper − xlower |. Span
loss is composed of losses of both x and y dimensions: Lspan =
Lspan x + Lspany , and the same is true for miss loss and order loss.
Miss loss penalizes the model when the true end point lay out
of the output region:
|(xupper − x n ) · (xlower − x n )|
+ 1),
Lmisscoe f x = (
(xupper − x n ) · (xlower − x n )
Lmiss x = Lmisscoe f x · |(xupper − x n ) · (xlower − x n )|.
x n stands for the ground truth mouse endpoint in x dimension.
The result of the fraction is 0 when the denominator is 0, the same
is true for order loss.
Order loss penalizes the model when the lower bound of the
output is greater than the upper bound:
|xlower − xupper |
+ 1) · |xupper − xlower |.
Lor der x = (
xlower − xupper
The formula of the joint loss function is L = α · Lspan + β ·
Lmiss + θ · Lor der , α < β < γ .

3.3

LSTM Model for Region Prediction

Figure 2 shows the architecture of our proposed model. It is composed of 4 layers, and the number of LSTM units in each layer are

20, 40, 20, and 1, respectively. The hidden layers are fully connected.
The model takes mouse position sequences as input, and output
the possible clicking regions.
The LSTM model is implemented with Python, and the deep
learning framework is Keras, which is based on Tensorfow. We
tested diferent coefcients for joint loss function described in Section 3.2 and found that α = 0.01, β = 1 and θ = 100 is a suitable
setting. Training data of the model includes incomplete mouse
trajectories and their corresponding endpoints. More details on
training data are provided in Section 4. The model is trained with
the Back Propagation Through Time (BPTT) method[22, 24] and
the Adam optimizer[11].
During the training process, we divide the dataset into a training
set and a validation set. While the training set is used to train the
model, the validation set helps to monitor the change of the loss
function value and prevent overftting.

4

EXPERIMENT

We conducted a controlled experiment to collect data for model
building and evaluate the predictive accuracy of our model.

4.1

Participants and Apparatus

Eight participants (age between 22 and 25) were recruited for this
study. They came from both college and industry, and had diverse
backgrounds. All of them were right-handed and indicated that
they were familiar with computers.
Tasks were performed in a desktop PC, with a 21.5 inch screen
set to a resolution of 1920 × 1080 pixels. A wired optical mouse was
used as the input device under the system default mouse settings.
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We developed a web-based application with JavaScript to capture
mouse movement data. The application was run on Google Chrome.

4.2

Tasks

The tasks were similar to those used to evaluate the algorithm
performance on mouse endpoint prediction [20]. Participants were
asked to click a series of 500 circular objects, the radius of which
was 16 pixels. All these targets were randomly distributed within a
circular ring with an inner radius of 50 pixels and an outer radius
of 400 pixels (Figure 3). The appearing sequence of the 500 targets
was a variant of ISO 9241-9[5, 6].
The targets were shown one by one. A new target appeared
only after the click action was made to the previous target, again
regardless whether the hit was accurate or not.

4.3

Procedure

In each trial, we frst briefed what participants needed to accomplish
and answered their questions. Considering the fact that clicking
is a common task people perform regularly, we did not ofer task
practice and asked participants to start a trial after the brief.
For each participant, clicking tasks were divided into several
stages and each stage contained 25 trials. To start a stage, participants must click a ‘Start’ button located at the upper left corner
of the screen. After the click, the button disappeared and the frst
target was shown. The frst target was right above the center of
the screen with a random distance to the center between 50 to 400
pixels. The mouse movement from the ‘Start’ button to the frst
target was not recorded.
The total time for a participant to complete all tasks was about
25 minutes on average.

4.4

Mouse Movement Data Processing

Data collected from the experiment has to be processed frst before
used for modeling training. In this section, we provide an overview
of the data and explain the data processing procedure.
4.4.1 Data Overview. Participants completed a total of 4284 mouse
clicks and the rate of a successful hit was 92.0%. Among all these
clicks, 32.3% of mouse movements overshoot the target. This means
that overshooting is common in mouse movements, so we included
all these movements as valid data rather than removing them. Those
mouse movements that did not hit the target were dropped. Eventually, we collected a total of 3942 valid movements.
We examined the distributions of target distance and task completion time. Because of the back-and-forth paths of mouse movements for target clicking and the random target positions in our
experiment, the distribution of target distance is the sum of two
independent uniform distributions. The distribution of task completion time is close to a Gaussian. The average task completion
time is 700 ms, and the range is between 400 and 1000 ms. Only
8.7% of the data had a task completion time longer than 1000 ms
and only 6.7% of the data shorter than 400ms.
4.4.2 Data Processing. The sampling time of mouse position sequences was not evenly distributed due to the limitation of the web
application, so we re-sampled the sequences with a sampling interval of 20ms and linearly interpolated the two data points adjacent
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to the sampling time points to obtain new sampling points. We
compared position sequences after re-sampling and did not fnd
signifcant diference between raw and re-sampled data.
Then, we randomly assigned the complete mouse trajectories
to two separate sets in a 4:1 ratio: 80% of mouse trajectories for
the training set and the rest 20% for the test set. The training set
was used to train our LSTM model and the test set to evaluate the
performance of our algorithm. Thus, 3109 mouse movements were
assigned into training set while 833 into the test set.
We processed the training data for our LSTM model with the
following steps:
(1) Normalization: Having all mouse movements start at 0 and
end at (x,y), with both x and y being positive and the range
of mouse position coordinates being between 0 and 1 under
a global scaling factor.
(2) Cutting: Obtaining an incomplete trajectory from each complete mouse trajectory. The minimum time span of an complete trajectory is 200 ms, and the maximum is 1000 ms.
The increment is 20 ms. For mouse movements shorter than
200 ms, no segment would be created. For mouse movements longer than 1000 ms, 50 segments were taken. For
mouse movements between 200ms and 1000ms, the number
of segments increases linearly with movement time. Under
this cutting approach, slow mouse movements have greater
weights in the training data.
After the above operation, we intercepted 79998 incomplete
motion trajectories from 3109 complete motion trajectories as the
model input of the training data, and their corresponding endpoints
are the model output.

4.5

Result

To compare with previous algorithms, we calculated the error based
on the distance between the actual click position and the center of
the predicted rectangular region. We compared our LSTM model
with KEP[12] and KTM[20]. We implemented the KEP and KTM
algorithms by using Python. The KEP algorithm needs no training
data, while the KTM algorithm requires full mouse movement to
build a template library. We used full mouse movements of the
LSTM training data to build the kinematic template library. It is
worth noting that we mainly wanted to test the generalizability of
our model for diferent users, so the training data was composed of
mouse movement trajectories from diferent users. This approach
difers from the initial implementation of the KTM algorithm, which
used data from one user, and may lead to lower than expected
performance by KTM.
All these three algorithms were tested using the same incomplete
mouse movement dataset. The sampling of the test data was consistent with that of the training data, again based on equal intervals
with a minimum time span of 200 ms.
Our LSTM model achieves the best performance of the three.
When mouse movement is 70% completion in terms of time (Figure
5), the average errors by KEP, KTM, and LSTM are 40, 60, and 26
pixels, respectively. From the perspective of distance percentage
(Figure 4), at the point of 70% completion the errors by KEP, KTM,
and LSTM are 129, 115, and 68 pixels, respectively.
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The error of LSTM is signifcantly smaller than that of KEP and
KTM according to a Wilcoxon signed-rank test (p < 0.01) from 10%
to 80% completion in terms of time. At 90% completion in terms of
time, the error of LSTM is signifcantly smaller than the error of
KTM (p < 0.01), but not signifcantly smaller than that of KEP (p =
0.15). When it comes to distance completion, LSTM achieves better
performance from 10% to 90% completion compared with the other
two algorithms (p < 0.01).
We also evaluated the hit rate of the predicted region as well as
the length and width of the region, as shown in Figure 6 and Figure
7. The hit rate stays above 84%. And the hit rate is 96% when the
percentage of time is 90%, meanwhile, the span in the x-direction
is 48 pixels and the span in the y-direction is 72 pixels.
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DISCUSSION

Experimental results show that the prediction error of our LSTM
model is signifcantly lower than that of previous works. The use
of the LSTM model to assist user click interaction has considerable
application promise. For example, when a click operation requires
longer than expected responding time in situations like using the
mouse to interact with a wall-size display or using a networked
service with long network latency, accurate prediction of mouse
movement endpoints allows the system to take certain actions in
advance, such as pre-loading a dataset or pre-sending a network
request, to improve user experience.
Of the past studies on enhanced mouse interaction, few studies
has used deep learning models. Deep learning algorithms perform
better on various tasks compared to traditional algorithms , although they require more computational resources and may be
difcult to be applied in certain real-time, demanding scenarios.
However, with the popularity of deep learning, various acceleration
solutions [18] have been proposed and some complex deep learning
models can even run on mobile devices[7]. Real-time interaction
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optimization based on deep learning becomes possible. In our tests,
running on a regular desktop with an Intel i7-6700K CPU and 16GB
RAM without GPU acceleration on, our model can predict from
20000 mouse movement sequences within about 20 seconds, or 1 ms
for each prediction. We believe that the computation power of regular computers like laptops can meet the requirement of prediction
in real time with our LSTM model.
Training LSTM models requires a lot of data, similar to what
traditional template matching algorithms do. The diference is that
the parameters and details of a template matching algorithm often
require human involvement, whereas deep learning algorithms
automatically update parameters based on back propagation and
gradient descent. In addition, template matching algorithms can
only fnd matches from a template library, which has only a limited
collection of templates, while the LSTM model, as a continuous
function, can supply unlimited results.

6

CONCLUSION

In this paper, we proposed a deep learning approach for mouse
movement prediction. Our LSTM model can predict possible regions where user may click with feeding mouse trajectories on the
fy. Experiment results show that compared with state-of-the-art
prediction methods, our approach can reduce prediction error rate
by over 30%.
Our model can be further improved in the future. First, although
the current model can give region prediction, the distribution of
possibility is unknown. We will improve our model to provide
such information so that people who use the model can better
understand prediction results. Second, we will test our model in
real applications. We plan to integrate the model into web-based
applications. Doing so, we can collect user behavior data in the
wild, which in turn can ofer insight into the improvement of our
model.
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