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Abstract

User simulation models support predictive evaluation of interface
designs by generating synthetic interaction behavior. While exist-
ing models can accurately simulate unconstrained pointing and
clicking, many common graphical user interface interactions im-
pose geometric constraints on cursor motion, where the path taken
directly affects interaction outcomes. We present a parametrizable
generative user simulation model that generates realistic cursor
trajectories for such tasks by formulating constrained movement
as a receding-horizon optimization problem using Model Predic-
tive Contouring Control. The model balances speed, smoothness,
and continuous path and boundary compliance. Evaluation against
human data in both abstract tunnel steering tasks and realistic in-
terface scenarios, including cascading menus and lasso selection,
shows that the simulated trajectories closely match human behav-
ior and support scalable, trajectory-level analysis of path-sensitive
interface designs.
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1 INTRODUCTION

User simulation models let researchers and designers reason about
interaction behavior before testing or deploying interfaces [16]. By
generating realistic interaction traces, these models can predict user
performance, support rapid iteration, and detect usability issues
early in the design process. Prior work has developed simulation
models for unconstrained mouse pointing tasks, where users move
a cursor from a source to a target [6, 12] and click [5]. These tasks
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are “unconstrained” in the sense that the cursor is allowed to take
any path from the source to the target.

However, several important mouse-based interactions are con-
strained—the path that the cursor takes affects the outcome of the
interaction, meaning successfully performing an action requires
following a constrained path. For example, most cascading menus
require the cursor to stay within an “interaction corridors” connect-
ing a parent menu to its submenu to prevent menu closure. Also,
tasks such as lasso-selecting a cluster of icons or freehand image
segmentation require the user to maintain precise spatial bounds
to preserve the intended meaning of the action.

Prior work has established robust performance models for such
tasks—most notably the Steering Law [1] and its extensions [4, 19,
20]. However, performance models can only predict aggregate com-
pletion time; they do not produce user trajectories, giving limited
insight into cursor dynamics or failure modes. Simulating con-
strained movement is non-trivial because it requires balancing
traversal speed with boundary compliance. Further, while standard
pointing success depends only on reaching the final destination,
constrained pointing tasks are defined by the trajectory itself. To
reveal usability bottlenecks, a model must capture the nuanced
behaviors inherent in human movements that occur during tra-
versal—for instance, strategic corner cutting for efficiency and in-
termittent corrective maneuvers—which aggregate performance
laws fail to represent. We present a parameterizable simulation
model for constrained cursor control. Our model generates realistic
trajectories that mirror the path and speed profiles found in human
data, and can be tuned to simulate particular users’ movement char-
acteristics. Furthermore, our approach is designed for extensibility,
enabling the scalable evaluation of diverse, path-sensitive cursor
tasks. Specifically, this paper contributes:

o the first user simulation model that can model human cursor
movement for “constrained” pointing tasks, which follow
geometric constraints on the interface,

e a comparative study that demonstrates the accuracy of the
model in successfully predicting human-like velocity profiles
and trajectories, and

e a series of use cases demonstrating how the model can be
used to evaluate interface design variants, providing a scal-
able alternative to preliminary human trials in interface de-
sign process.

2 RELATED WORK

Traditional HCI user modeling relies on performance models like
Fitts’ Law [7] for point-to-point tasks and the Steering Law [1]
for constrained paths. While these models are considered the gold
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standard for evaluating UI efficiency and can be extended to more
complex applications, they only predict expected completion time
for a given design. They offer limited insight into the interaction
process itself, such as the user’s trajectory or specific failure points—
areas where simulation-based approaches excel. To bridge this gap,
simulation models have integrated biomechanical and cognitive
components to predict intent and ergonomics [5, 10, 11, 17]. How-
ever, these typically focus on unconstrained movement. Similarly,
early foundational frameworks, such as GOMS [3] that focused on
discrete keystroke-level sequences to model procedural interactions,
and more recently, LLM-based agents [14, 18] automate high-level
usability testing. However, they are generally limited to output
discrete event logs (e.g., button clicks). Our work differs by focus-
ing on the low-level, continuous kinematics of cursor movement,
simulating how users navigate geometric UI constraints.

Model Predictive Control (MPC) has emerged as a powerful
framework for simulating interactive movements due to its abil-
ity to handle nonlinear multi-objective optimization and explicit
constraints [9, 11] . Originally developed in the field of control and
robotics, MPC works by solving an optimization problem over a
finite time horizon at each step, executing the first move, and then
re-calculating based on new feedback. We leverage Model Predic-
tive Contouring Control (MPCC) [13] and refer to its extension
works for handling constraints [2]. MPCC builds upon MPC prin-
ciples but adapts the objective function to explicitly handle path
geometry, allowing seamless switching between path following and
precise positioning. This allows the model to naturally slow down
in narrow corridors and speed up in open spaces, providing a more
authentic simulation of constrained Ul navigation.

3 METHOD

To simulate constrained cursor control, we adopt a MPCC frame-
work that models control as a negotiation between speed, smooth-
ness, and path and boundary compliance. The system consists of
three core components: (1) optimal reference path generation
constructs a reference path for contouring that balances efficiency
and smoothness (e.g., capturing the human tendency to “cut cor-
ners”), based on a sequence of task-specified critical waypoints,
(2) constraint representation defines the interactive boundaries
(e.g., menu tunnels) as lateral distance functions relative to the
reference path, and (3) receding horizon optimization executes
a continuous feedback loop and solves optimization problems at
each time step, to predict human-like cursor control.

(1) Optimal Reference Path Generation: We first generate a
reference path that represents a foundation for the user’s interaction
intent. We capture users’ tendencies to minimize distance and effort
by formulating reference path generation as an optimization prob-
lem. Starting from a set of waypoints {wi}?i ; that define the nomi-
nal path geometry—such as the centerline in tunnel steering tasks
or the selection boundary in lasso operations—we seek a smooth,
length-efficient path p.r(s) defined as pyer(s) = C(s) + d(s)ng(s)
fors € [0, L]. Here, C(s) represents a base curve (e.g., a cubic spline)
connecting the waypoints, d(s) is the lateral offset (the decision
variable), and ng(s) is the unit right-pointing normal vector. The
variable s denotes the arclength along the base curve of total length
L. The problem is formally defined as:
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J* =min [j;mooth(d) + jength(d) + Abias]
(s 1)
st. d(0)=0, d(L)=0, |[d(s)| <W.

The objective function balances two factors: Jynooth penalizes
high-order derivatives of d(s) to ensure curvature continuity; Jiength
minimizes the total path length, effectively encouraging “inside-
cutting” on curves where the curvature ¥ > 0 (the local bending
factor of the base curve C(s) at discretization knots). The con-
straints d(0) = d(L) = 0 ensure the path begins and ends at the
specified waypoints, and the constant constraint W set the range
of reasonable deviations. We discretize this into a convex quadratic
program (QP) over K knots (where the number of knots is chosen to
balance computational efficiency and path resolution), the solution
of which is fitted with a cubic spline to provide a continuous refer-
ence for the MPCC controller. The generated reference path from
above is not strictly collision-free. To ensure practical feasibility,
we introduce a bias term Ap;,¢ that enables the model to balance
movement efficiency, smoothness, and conservative adherence to
the base curve C(s) according to task constraints.

(2) Constraint Representaiton: To represent the geometric
constraints that bound the interaction path, we define a tuple of
functions (Wiefi(s), Wright (s)) that represent the safe lateral dis-
tance from the reference path at any arclength s. These bounds can
be static for fixed-width tunnels, dynamic for varying geometries
like funnels, or unconstrained. We compute these bounds by sam-
pling the environment along the reference path’s normal direction
ng(s) at discrete intervals. For tasks without explicit walls on one
side, one of the bounds is set to large constants to effectively disable
constraint enforcement.

(3) Receding Horizon Optimization We simulate the con-
strained cursor control process by solving a receding-horizon opti-
mization problem at each time step. Given reference path p,.¢(s)
and corridor constraints (W, (s), Wr(s)), the model minimizes a
multi-objective cost function over a prediction horizon N to deter-
mine the optimal control sequence. The problem is formally defined
as:

* .
= min

{ue Ak Y

N-1
Z [j;mooth(uk) + jiorogress (Xfet1)
k=0

Iracking(xkﬂ) + Jeorridor (Xk+1)] @
st Xpp1 = f(xXp, ug), X given,

ukEW, XkEX

We define the state vector x; = [PZ’ V;C'—, a,:, sk T and the control
input ug = [j, v ] ", where pg, vk, a € R? represent the cursor’s
position, velocity, and acceleration. s; denotes a virtual reference
position on the reference path, ji is the jerk (rate of change of
acceleration), and v i is the virtual speed along the reference path.
The state dynamics f(xg, u) implement a linear kinematic update:
position and velocity evolve via integration of acceleration, acceler-
ation evolves via the commanded jerk, and s advances based on the
virtual speed v ;.. The constraint sets U/ and X enforce the physical
and safety limits, to prevent extreme control input or cursor state.
To replicate human-like speed-accuracy trade-off in constrained



Simulating Human Cursor Trajectories for Path-Sensitive GUI Evaluation

Speed (m/s)

A P
o /_/\/\/ L
/

0% 25% 50% 75% 100%
Progress

(a) Sine Speed (b) Sine Traj.

CHI EA ’26, April 13-17, 2026, Barcelona, Spain

04
o °
03
02 \%
01 \/
25% 75%

0%

Speed (m/s)

50%
Progress

100%

(c) Square Speed (d) Square Traj.

Figure 1: Comparison of Trajectories and Speed Profiles for Sine (a-b) and Square (c-d) Tunnel Steering.

cursor control, we define the objective function J as the sum of
followings:

i) Tracking. The control objectives are formulated to balance spa-
tial accuracy with traversal speed by evaluating the system’s state
within a local Frenet frame relative to the reference path. Following
[13], the tracking error ey is decomposed into a lateral contouring
error e, and a longitudinal lag error e ;. The contouring error
e i represents the orthogonal distance between the current cursor
position pg and the reference point p,ef(sg), effectively penalizing
lateral deviations from the intended path. Conversely, the lag error
e) . represents the tangential deviation along the path direction, pe-
nalizing the agent for falling behind or overshooting the reference
progress. Using a weighting factor w, the tracking cost is defined

as: tracking(xk) = Wt(eik + elz,k)’

ii) Progress. The progress along the path is stimulated by a qua-
dratic penalty on the difference between the actual velocity v and
a reference velocity vges, which is planned and tuned given spe-
cific path [2, 13]. This cost term weighted with w}, encourages the
controller to make progress, balancing with other objectives like
smoothness or tracking accuracy: Jprogress (Xx) = wp (Vg — Vies)?-

iii) Smoothness. To encourage fluid motion, we penalize high-
frequency control efforts by incorporating a jerk-based cost term.
This term weighted with w; ensures the resulting trajectory mini-
mizes abrupt changes in acceleration, a behavior consistent with
the minimum-jerk hypothesis observed in human motor control

(8]: Fmooth () = wjlljrII*-

iv) Corridor Compliance. Rather than enforcing boundaries as
rigid hard constraints—which can induce solver instability—we
implement a deadband penalty mechanism. This reflects the event-
driven nature of human steering control [15]; the deadband de-
fines a zero-cost corridor where the model prioritizes velocity
and smoothness within safe bounds of the UI, only triggering
corrective behavior when the safety margin is breached. The
penalty activates quadratically upon violation: J.orridor(Xk) =
Weorr [maX(O, €k — VVL(SIC))2 +max(0, —ecx — WR(sk))z]'

4 Evaluation

We performed an evaluation to validate the fidelity of our model
against human motor control benchmarks and to demonstrate its
applicability for UI tasks.

We recruited 10 participants via Prolific, screening for desktop
users with physical mice to minimize hardware-induced variance.

Participants were instructed to use default OS sensitivity for con-
sistency. In a within-subjects design, participants completed three
interaction paradigms: abstract tunnel steering (varying widths
for a range of Task Difficulties), adaptive cascading menus, and
icon group layouts. The study was delivered via a custom web
application. For model fitting, we used one participant’s data to
estimate a stable set of control weights. The participant completed
three rounds per task condition. For each candidate weight set
and task, we generated four simulated trajectories and compared
them against all three human trajectories from the corresponding
condition.

4.1 Experiment 1: Validation via Tunnel
Steering

To evaluate the low-level motor fidelity of our simulation, we first
compared its output against human performance in abstract tunnel
steering tasks. These tasks—specifically a sine wave and a square
wave path (Figure 1)—represent fundamental steering challenges
found in constrained GUI navigation, such as cascading menu nav-
igation. We fitted our model to one of the participants to obtain
reasonable model parameters using similar approach used in [11];
the participant completed three rounds per tunnel condition, and
for each candidate model weight set we generated four simulated
trajectories per task and compared them against all three rounds.

Qualitative analysis of the generated trajectories indicates that
the simulation model successfully replicate human-centric navi-
gation strategies. As illustrated in Figure 1, the simulation model
(orange) effectively captures the characteristic “rhythmic” accel-
eration and deceleration patterns observed in human participants
(blue).

We quantified steering precision using Root Mean Square Error

(RMSE =
trajectories spatially resampled to decouple temporal variance from
accuracy. The simulation was executed across 10 independent runs
(unique random seeds) per tunnel condition and compared against
an outlier-cleaned baseline of 10 human participants. Across tunnel
widths of 2-4cm, the model achieved an average RMSE = 0.439cm,
closely matching the human average of 0.451cm. The resulting
average absolute Z-score of |Z| = 0.567 (|Z| < 1.0) confirms the
simulated performance is well within one standard deviation of the
human mean and empirically representative of real human behavior.
Regarding temporal dynamics, the simulator completed trials with
lower variance and faster completion times (M = 4.14s, SD = 0.59s)
compared to human participants (M = 6.35s, SD = 2.26s). This gap

% > |lpi — ¢ill?) relative to the tunnel centerline, with
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Figure 3: Trajectories for lasso-selecting groups of icon (2 example trajectories from human and simulation are highlighted).

suggests that, although the model reproduces the average spatial
path well, it still abstracts away important variation in how people
regulate speed and negotiate turns.

4.1.1 Limitations and Opportunities for Future Improvement. Con-
sistent with the observed temporal mismatch, the model does not
yet fully capture the diversity of human steering strategies. As
shown in Figure 1(c), the participant decelerated more aggressively
before corners and executed sharper, near-90° turns rather than cut-
ting corners, producing speed profiles that differ visibly from those
of the simulation. Steering strategies also appear to depend on cur-
vature and corner type, which our current fixed-weight controller
does not capture. Future work could model such strategy-level vari-
ability through conditional control policies or mixture models to
improve trajectory and velocity profile realism.

4.2 Experiment 2: Model Application in UI
Design Optimization

To evaluate the practical utility of our simulation, we applied the

model to two common interface design challenges, assessing its

ability to predict human performance and inform the selection of

optimal UI parameters.

4.2.1 Cascading Menu Navigation. Navigating cascading menus
represents a path-sensitive pointing task where users must traverse
a narrow diagonal “safe zone” to reach a submenu without trigger-
ing adjacent items. We tested three layout designs with varying
item widths to evaluate the simulation’s predictive accuracy re-
garding menu collapse. Visual analysis in Figure 2 demonstrates
that the model replicates the steering constraints and accidental
cursor excursion patterns observed in human users. Quantitatively,
the simulation’s spatial accuracy mirrored human performance
with high precision; we observed a mean trajectory deviation from

the base path RMSE = 1.96cm for the simulation compared to
RMSE = 1.80cm for human users. In terms of completion time, the
simulation achieved M = 1.61s (SD = 0.21s) compared to human
users at M = 1.50s (SD = 0.50s). Notably, the simulation exhibited
lower variance in its paths (¢ = 0.13cm) compared to the wider
range of strategies employed by humans (o = 0.32cm). Despite this
difference in variance, both the human participants and the sim-
ulation exhibited a clear inverse relationship between item width
and the probability of accidental hovering over adjacent items—a
primary cause of navigation failure.

4.2.2  Lasso-Selection in Icon Grids. We evaluated a lasso selec-
tion task requiring users to circumscribe a specific target cluster
while avoiding neighboring distractors (Figure 3), the task also dis-
cussed in [19]. A critical challenge for designers is negotiating the
trade-off between maximizing icon size and maintaining sufficient
inter-element spacing to prevent selection errors. In this study, we
varied icon spacing between 3.4cm and 3.6cm to assess the model’s
sensitivity to density. As illustrated in Figure 3, the simulated trajec-
tories (orange) maintain high spatial fidelity to the human ground
truth (blue). Quantitatively, we computed RMSE by comparing the
trajectories to the centerline of the corridor between icons and
got average simulation RMSE = 2.55cm vs. user RMSE = 2.49cm.
In terms of completion time, the simulation achieved M = 9.40s
(SD = 0.12s) compared to human users at M = 9.34s (SD = 1.90s).
Both human and simulated paths transition from conservative ma-
neuvers in dense layouts to smoother, momentum-driven behaviors
as spacing increases. This suggests the simulation replicates the
transition from high-precision avoidance to relaxed interaction. For
designers, the model serves as a proxy for identifying the “comfort
threshold”—the point where spatial constraints no longer impose
significant motor or cognitive burdens
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5 Conclusion

This paper presents a parameterizable simulation model for con-
strained pointing tasks, addressing a critical gap in trajectory-level
GUI modeling where the cursor path directly influences interaction
outcomes. By formulating movement as a receding-horizon opti-
mization problem via MPCC, the model balances speed, smoothness,
and boundary compliance. Unlike traditional performance models
like the Steering Law that only predict aggregate completion time,
our generative approach produces realistic synthetic trajectories
mirroring human cursor dynamics and “corner-cutting” strategies.
Empirical evaluation supports the model’s high fidelity; in tunnel
steering, simulated trajectories closely track human ground truth,
though the sample size limits strong statistical claims. Furthermore,
application to ecological scenarios, such as lasso selection and cas-
cading menus, demonstrates the model’s utility as a robust, in-silico
alternative to human trials for identifying interface friction and
predicting navigation failures.
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