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A GRAND CHALLENGE 
• It has become easy to collect data about users

• But: hard to explain and predict what, how, and 
why they are doing

advanced inference 
methods



TECHNICALLY…

• How to estimate (theoretically plausible) model 
parameters without intervention and from limited, 
noisy, naturalistic observational data? 

• Complicated by the strategic flexibility and 
idiosyncratic properties of the human. 

• Any behavior can be produced by numerous 
architectures 

• Absence of solutions to this challenge hampers 
theory-formation in this area



WHY DID YOU 
CLICK ‘EXCEL’?



MODELING AND INFERENCE

• Problem 1: Modeling: Build a model that is 
sufficiently flexible to capture a broad range of 
behaviors.  Such models unavoidably get complex

• Problem 2: Inference: How to set parameter 
values of the model such that the values agree 
with literature and the resulting predictions match 
with our observations?



CLASSES OF MODELS IN HCI
• Rule-based 

• Models expressed in logic

• Regression models

• E.g., Fitts’ law

• Simulation models

• Numerous examples…

MT = a+ b log2(D/W + 1)



EXAMPLE 1: A COMPLEX MODEL

Itti-Koch saliency map



EXAMPLE 2: A COGNITIVE SIMULATION

ACT-R



INVERSE MODELING

Given model           and observation data,
find the most likely parameter values θ and their 
distribution
such that the predictions made by the model agree 
with the observations (and literature)
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INFERENCE PROBLEM OVERVIEW



PREVIOUS WORK: IM IN HCI
• Models with simple algebraic form that allow 

writing down a formula for the most likely 
parameter values

• Complex models for which a likelihood 
function can be written                

• Complex models with no known likelihood 
function require likelihood-free methods
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SOME INVERSE MODELING 
PRACTICES IN HCI

1.Simplify models until traditional inference 
methods are possible (e.g., OLS)

2.Adopt values from literature
3.Adjust them without studying their effect on 
behavior

4.Manually iterate to find values that lead to 
acceptable performance

laborious, 
ineffective, and 

high potential for 
bias and cheating



Low   
explanatory  

power

Low  
inferential capability

High   
explanatory  

power

Motor laws

High  
inferential capability

Mental models
Neural models
Cognitive simulations
Manual control theory
Choice models

HCI



GOAL: A “MODELING ORACLE”
• Given observational data of user behavior from  

known enviroment (UI, task, ..), the task is to infer 
any of these:

• capacities and traits like visual acuity, working memory capacity, 
personality types…

• “conations”, or goals, interests and preferences

• mental representations: knowledge we have about a task

• behavioral strategies: individual and task-specific ways of acting



SEVERAL RESEARCH AREAS 
WOULD TAKE A LEAP FORWARD…

• User modeling

• Adaptive user 
interfaces

• Recommendation 
systems

• Interactive search

• Visualization and 
graphics

• Data-driven 
interaction design

• Computational 
interface design

• Psychometrics

• Cognitive sciences

• Developmental 
psychology



OPPORTUNITY FOR ML
• Could lift behavioral modeling and HCI 

from the rut where they now are … 

• But ML needs to seriously engage with the 
particular data, models, and modeling 
purposes…



SCOPE AND ACKS
• Based on one year of 

collaboration with Samuel 
Kaski, Antti Kangasrääsiö, 
Kumaripaba Athukorala, 
Luana Micallef, Ulpu Remes, 
Jukka Corander, Jussi Jokinen, 
Aki Vehtari, Zhengzin Wang

• A cognitive scientist’s 
point of view
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ABSTRACT
An important problem for HCI researchers is to estimate the
parameter values of a cognitive model from behavioral data.
This is a difficult problem, because of the substantial complex-
ity and variety in human behavioral strategies. We report an
investigation into a new approach using approximate Bayesian
computation (ABC) to condition model parameters to data and
prior knowledge. As the case study we examine menu interac-
tion, where we have click time data only to infer a cognitive
model that implements a search behaviour with parameters
such as fixation duration and recall probability. Our results
demonstrate that ABC (i) improves estimates of model pa-
rameter values, (ii) enables meaningful comparisons between
model variants, and (iii) supports fitting models to individual
users. ABC provides ample opportunities for theoretical HCI
research by allowing principled inference of model parameter
values and their uncertainty.
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INTRODUCTION
It has become relatively easy to collect large amounts of data
about complex user behaviour. This provides an exciting op-
portunity as the data has the potential to help HCI researchers
understand and possibly predict such user behavior. Yet, un-
fortunately it has remained difficult to explain what users are
doing and why in a given data set.

The difficulty lies in two problems: modeling and inference.
The modeling problem consists of building models that are

Permission to make digital or hard copies of part or all 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 third-party components of this work must be honored.
For all other uses, contact the Owner/Author.
Copyright is held by the owner/author(s).
CHI 2017, May 06–11, 2017, Denver, CO, USA
ACM 978-1-4503-4655-9/17/05.
DOI: http://dx.doi.org/10.1145/3025453.3025576

sufficiently general to capture a broad range of behaviors.
Any model attempting to explain real-world observations must
cover a complex interplay of factors, including what users
are interested in, their individual capacities, and how they
choose to process information (strategies). Recent research
has shown progress in the direction of creating models for
complex behavior [5, 13, 14, 16, 19, 21, 25, 27, 29, 36]. After
constructing the model, we are then faced with the inference
problem: how to set the parameter values of the model, such
that the values agree with literature and prior knowledge, and
that the resulting predictions match with the observations we
have (Figure 1). Unfortunately, this problem has been less
systematically studied in HCI. To this end, the goal of this
paper is to report an investigation into a flexible and powerful
method for inferring model parameter values, called approxi-
mate Bayesian computation (ABC) [42].

ABC has been applied to many scientific problems [7, 15, 42].
For example, in climatology the goal is to infer a model of
climate from sensor readings, and in infectious disease epi-
demiology an epidemic model from reports of an infection
spread. Inference is of great use both in applications and
in theory-formation, in particular when testing models, iden-
tifying anomalies, and finding explanations to observations.
However ABC, nor any other principled inference method,
have, to our knowledge, been applied to complex cognitive
models in HCI1.

We are interested in principled methods for inferring parame-
ter values, because they would be especially useful for process
models of behaviour. This is because the models are usually
defined as simulators, and thus the inference is very difficult to
perform using direct analytical means2. Such process models
in HCI have been created, for example, based on cognitive
science [2, 9, 11, 16, 26, 41], control theory [23], biomechan-
ics [4], game theory [10], foraging [38, 37], economic choice
[3], and computational rationality [13]. In the absence of prin-
cipled inference methods for such models, some approaches

1For simpler models, such as regression models (e.g., Fitts’ law),
there exist well-known methods for finding parameter values, such as
ordinary least squares.
2In technical terms, such models generally do not have a likeli-
hood function—defining the likelihood of parameter values given the
observations—that could be written in closed form.

[Kangasrääsiö et al. Proc. CHI’17]



THIS TALK: STATUS REPORT + VISION

1.Cognitive models and 
inverse modeling in HCI

2.First attempts at using 
ABC in HCI

3.On-going work and 
emerging challenges

4.Future opportunities
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Abstract.—Bayesian inference plays an important role in phylogenetics, evolutionary biology, and in many other branches
of science. It provides a principled framework for dealing with uncertainty and quantifying how it changes in the light
of new evidence. For many complex models and inference problems, however, only approximate quantitative answers are
obtainable. Approximate Bayesian computation (ABC) refers to a family of algorithms for approximate inference that makes
a minimal set of assumptions by only requiring that sampling from a model is possible. We explain here the fundamentals
of ABC, review the classical algorithms, and highlight recent developments. [ABC; approximate Bayesian computation;
Bayesian inference; likelihood-free inference; phylogenetics; simulator-based models; stochastic simulation models; tree-
based models.]

INTRODUCTION

Many recent models in biology describe nature to
a high degree of accuracy but are not amenable to
analytical treatment. The models can, however, be
simulated on computers and we can thereby replicate
many complex phenomena such as the evolution of
genomes (Marttinen et al. 2015), the dynamics of gene
regulation (Toni et al. 2009), or the demographic spread
of a species (Currat and Excoffier 2004; Fagundes
et al. 2007; Itan et al. 2009; Excoffier et al. 2013). Such
simulator-based models are often stochastic and have
multiple parameters. While it is usually relatively easy
to generate data from the models for any configuration
of the parameters, the real interest is often focused
on the inverse problem: the identification of parameter
configurations that would plausibly lead to data that
are sufficiently similar to the observed data. Solving
such a nonlinear inverse problem is generally a very
difficult task.

Bayesian inference provides a principled framework
for solving the aforementioned inverse problem. A prior
probability distribution on the model parameters is
used to describe the initial beliefs about what values
of the parameters could be plausible. The prior beliefs
are updated in light of the observed data by means
of the likelihood function. Computing the likelihood
function, however, is mostly impossible for simulator-
based models due to the unobservable (latent) random
quantities that are present in the model. In some
cases, Monte Carlo methods offer a way to handle the
latent variables such that an approximate likelihood is
obtained, but these methods have their limitations, and
for large and complex models, they are “too inefficient
by far” (Green et al. 2015, p. 848). To deal with models
where likelihood calculations fail, other techniques
have been developed that are collectively referred to

as likelihood-free inference or approximate Bayesian
computation (ABC).

In a nutshell, ABC algorithms sample from the
posterior distribution of the parameters by finding
values that yield simulated data sufficiently resembling
the observed data. ABC is widely used in systematics.
For instance, Hickerson et al. (2006) used ABC to
test for simultaneous divergence between members of
species pairs. Fan and Kubatko (2011) estimated the
topology and speciation times of a species tree under
the coalescent model using ABC. Their method does
not require sequence data, but only gene tree topology
information, and was found to perform favorably in
terms of both accuracy and computation time. Slater
et al. (2012) used ABC to simultaneously infer rates
of diversification and trait evolution from incompletely
sampled phylogenies and trait data. They found their
ABC approach to be comparable to likelihood-based
methods that use complete data sets. In addition, it
can handle extremely sparsely sampled phylogenies and
trees containing very large numbers of species. Ratmann
et al. (2012) used ABC to fit two different mechanistic
phylodynamic models for interpandemic influenza
A(H3N2) using both surveillance data and sequence
data simultaneously. The simultaneous consideration
of these two types of data allowed them to drastically
constrain the parameter space and expose model
deficiencies using the ABC framework. Very recently,
Baudet et al. (2015) used ABC to reconstruct the
coevolutionary history of host–parasite systems. The
ABC-based method was shown to handle large trees
beyond the scope of other existing methods.

While widely applicable, ABC comes with its own
set of difficulties, that are of both computational and
statistical nature. The two main intrinsic difficulties are
how to efficiently find plausible parameter values and
how to define what is similar to the observed data and
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APPROACH STUDIED IN THIS WORK

Figure 1. This paper studies methodology for inference of parameter
values of cognitive models from observational data in HCI. At the bot-
tom of the figure, we have behavioral data (orange histograms), such as
times and targets of menu selections. At the top of the figure, a cognitive
model generates simulated interaction data (blue histograms). In this
paper, approximate Bayesian computation (ABC) is investigated to iden-
tify the model parameter values that yield the best fit between the real
data and simulator-generated data, while keeping the parameter values
reasonable given prior knowledge.

have included: (1) simplifying models until traditional infer-
ence methods are possible; (2) using values adopted from the
literature or adjusting them without studying their effect on
behavior; or (3) manually iterating to find values that lead to ac-
ceptable performance. Compared to this, principled inference
methods might reduce the potential for ambiguity, miscalcu-
lation, and bias, because model parameter values could be
properly conditioned on both literature and prior knowledge,
as well as the observation data.

ABC is particularly promising for inferring the values of pro-
cess model parameters from naturalistic data—a problem that
is known to be difficult in cognitive science [31]. The reason is
that ABC does not make any further assumptions of the model,
apart from the researcher being able to repeatedly simulate
data from it using different parameter values. ABC performs
inference by systematically simulating user behavior with dif-
ferent parameter configurations. Based on the simulations,
ABC estimates which parameter values lead to behavior that
is similar to observations, while also being reasonable consid-
ering our prior knowledge of plausible parameter values.

As a challenging and representative example, this paper looks
at a recent HCI process model class in which behavioral strate-
gies are learned using reinforcement learning [13, 16, 17, 36].
These models assume that users behave (approximately) to
maximize utility given limits on their own capacity. The mod-
els predict how a user will behave in situations constrained by
(1) the environment, such as the physical structure of a user
interface (UI); (2) goals, such as the trade-off between time
and effort; and (3) the user’s cognitive and perceptual capabil-
ities, such as memory capacity or fixation duration. This class
of models, called computational rationality (CR) models, has
been explored previously in HCI, for example in SNIF-ACT
[16], economic models of search [3], foraging theory [38], and
adaptive interaction [36]. The recent interest in this class is
due to the benefit that, when compared with classic cognitive
models, it requires no predefined specification of the user’s

task solution, only the objectives. Given those, and the con-
straints of the situation, we can use machine learning to infer
the optimal behavior policy. However, achieving the inverse,
that is inferring the constraints assuming that the behavior is
optimal, is exceedingly difficult. The assumptions about data
quality and granularity of previously explored methods for
this inverse reinforcement learning problem [32, 39, 45] tend
to be unreasonable when often only noisy or aggregate-level
data exists, such as is often the case in HCI studies.

Our application case is a recent model of menu interaction
[13]. The model studied here has previously captured adap-
tation of search behavior, and consequently changes to task
completion times, in various situations [13]. The model makes
parametric assumptions about the user, for example about the
visual system (e.g., fixation durations), and uses reinforcement
learning to obtain a behavioral strategy suitable for a partic-
ular menu. The inverse problem we study is how to obtain
estimates of the properties of the user’s visual system from
selection time data only (click times of menu items). How-
ever, due to the complexity of the model, its parameter values
were originally tuned based on literature. Later in Study 1, we
demonstrate that we are able to infer the parameter values of
this model based on observation data, such that the predictions
improve over the baseline, while the parameter values still
agree with the literature. To the best of our knowledge, this is
also the first time such inverse reinforcement learning problem
has been solved based on aggregate-level data.

We also aim to demonstrate the applicability of ABC, and
inference in general, in two situations: model development
and modeling of individuals. In Study 2, we demonstrate how
ABC allows us to make meaningful comparisons between mul-
tiple model variants, and their comparable parameters, after
they all have been fit to the same dataset. This presents a
method for speeding up the development of these kind of com-
plex models, though automatic inference of model parameter
values. In Study 3, we demonstrate how ABC allows us to
infer model parameter values for individual users. We discover
that overall these individual models outperform a population-
level model fit to a larger set of data, thus demonstrating the
benefit of individual models. As a comparison, it would not
be possible to fit individual models based on literature alone,
as the information generally only applies on population level.

OVERVIEW OF APPROACH
This paper is concerned with inference of model parameter val-
ues from data, which is also called inverse modeling. Inverse
modeling answers the question: “what were the parameter
values of the model, assuming the observed data was gener-
ated from the model?” Our goal is to assess the usefulness of
approximate Bayesian computation (ABC) [42] to this end.

We now give a short overview of inverse modeling in HCI, after
which we review ABC and explain its applicability. We finally
provide a short overview of the particular ABC algorithm,
BOLFI [18], we use in this study.

Inverse Modeling Approaches for Cognitive Models
For models that have simple algebraic forms, such as linear
regression, inverse modeling is simple, as we can explicitly



• Unlike traditional cognitive models, a 
model should not require a predefined 
specification of the user’s task

MODELING ISSUE

Example: manually 
created task 
specification in GOMS



APPROACH: COMPUTATIONAL RATIONALITY

• Assume that users behave (approximately) to 
maximize utility given limits on their own capacity. 

• Learn optimal behavioral strategies using RL  

• Predict how a user will behave in situations 
constrained by (1) the environment; (2) goals; and 
(3) the user’s cognitive and perceptual capabilities



COMPUTATIONAL RATIONALITY

[Howes et al. Psych Review 2009]

Behavior 
what-when-how

Objectives

Environment Capabilities



APPROXIMATE BAYESIAN COMPUTATION

• A principled method for finding parameter values for 
complex HCI models, including simulators, based on 
observed data and prior knowledge 

• Repeatedly simulates data using different parameter 
values, in order to find regions of the parameter space that 
lead to simulated data that is similar to the observed data. 

• The only assumption needed is that the researcher is 
able to repeatedly simulate observations with different 
parameter values. 



APPROXIMATE BAYESIAN COMPUTATION

• Inputs: Model M with unknown parameters θ , 
observations Yobs

• Outputs: Estimates of likely values for parameters 
θ and their uncertainty. 

• Should produce M(θ)≈Yobs, while still being 
plausible given prior knowledge. 



APPLICATION TO HCI

Figure 2. Overview of the ABC inference process for HCI models: Ob-
served user data and priors of the parameters are fed into the ABC al-
gorithm, which then approximates the posterior distribution of the pa-
rameter values. The algorithm iterates by choosing values for the pa-
rameters of the model (here a CR model) and generating simulated user
data. For CR models, generating simulated data requires first training
a reinforcement learning agent using the given parameter values.

write down the formula for the most likely parameter values
given data. For complex models, such formula might not exist,
but it is often possible to write down an explicit likelihood
function, L(q |Yobs), which evaluates the likelihood of the pa-
rameters q given the observed data Yobs. When this likelihood
function can be evaluated efficiently, inverse modeling can be
done, even for reinforcement learning (RL) models [32, 39,
45]. However, this inverse reinforcement learning has been
only possible when precise observations are available of the
environment states and of the actions the agent took, which in
HCI applications is rarely the case.

When the likelihood function of the model can not be evaluated
efficiently, there are generally two options left. The traditional
way in HCI has been to set the model parameters based on past
models and existing literature. If this has not led to acceptable
predicted behavior, the researcher might have further tuned
the parameters by hand until the predictions were satisfactory.
However, this process generally has no guarantees that the
final parameters will be close to the most likely values. An
alternative solution, which we have not seen used in HCI con-
text before, would be to use likelihood-free inference methods,
that allow the model parameters to be estimated without re-
quiring the likelihood function to be evaluated directly. These
methods are derived based on mathematical principles, and
thus offer performance guarantees, at least in the asymptotic
case. ABC is one such method [42], and we will explain it
next in more detail.

Approximate Bayesian Computation (ABC)
ABC is a principled method for finding parameter values for
complex HCI models, including simulators, based on observed
data and prior knowledge. It repeatedly simulates data using
different parameter values, in order to find regions of the
parameter space that lead to simulated data that is similar to the
observed data. Different ABC algorithms differ, for example,
in the way in which they choose the parameter values.

The main benefit of ABC for HCI is its generality: the only
assumption needed is that the researcher is able to repeat-
edly simulate observations with different parameter values.
Therefore, while in this paper we examine only a particular
simulator, the approach is of more general value. To be precise,
ABC can be used in the following recurring scenario in HCI:

• Inputs: A model M with unknown parameters q ; prior
knowledge of reasonable values for q (for example from

literature); observations Yobs of interactive behavior (for
example from user study logs)

• Outputs: Estimates of likely values for parameters q and
their uncertainty. Likely values of q should produce a close
simulated replication of observed data: M(q)⇡ Yobs, while
still being plausible given prior knowledge.

The process of using ABC is depicted in Figure 2. First the
researcher implements her model as an executable simulator.
Values for well-known parameters of the model are set by hand.
For inferred parameters q a prior probability distribution P(q)
is defined by the researcher based on her prior knowledge
of plausible values. The researcher then defines the set of
observations Yobs that q will be conditioned on. Next, the re-
searcher defines a discrepancy function d(Yobs,Ysim)! [0,•),
that quantifies the similarity of the observed and simulated
data in a way meaningful for the researcher. Finally, an ABC
algorithm is run; it selects at which parameter values {qi} the
simulator will be run, and how the conditional distribution of
the parameter values, also known as the posterior P(q |Yobs),
is constructed based on the simulations.

BOLFI: An ABC Variant Used in This Paper
This paper employs a recent variant of ABC called BOLFI
[18], which reduces the number of simulations3 while still
being able to get adequate estimates for q . An overview of the
method is shown in Figure 3.

The main idea of BOLFI is to learn a statistical regression
model—called a Gaussian process—for estimating the dis-
crepancy values over the feasible domain of q from a smaller
number of samples that do not densely cover the whole pa-
rameter space. This is justified when the situation is such that
small changes in q do not yield large changes in the discrep-
ancy. Additionally, as we are most interested in finding regions
where the discrepancy is small, BOLFI uses a modern opti-
mization method called Bayesian optimization for selecting
the locations where to simulate. This way we can concentrate
the samples to parameter regions that are more likely to lead
to low discrepancy simulated data. This approach has resulted

3The naive way to use ABC would be to simulate a large amount of
samples densely covering the parameter space and keep those that
have the lowest discrepancy values. This method is also known as
Rejection ABC. However, as in our case the simulations take multiple
hours each, this approach has infeasible total computation time.

Figure 3. Left: BOLFI finds parameter values that are best able to re-
produce empirical observations Y0 (here the best sample is Y3, produced
by simulating with parameter values q3). Right: BOLFI first constructs
a statistical regression model for predicting the discrepancy values d as-
sociated with different parameter values q , and then uses Lower Confi-
dence Bound (LCB) values for choosing the next sample location qnext .

An ABC variant called BOLFI was used in this work
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Figure 3: A part of a solution to a Markov Decision Pro-
cess (MDP) for searching the Safari Window menu. Red
circles labelled ‘s’ represent states. Green circles rep-
resent actions. ‘q’ values represent learned state-action
values. ‘t’ values represent state-action to state transi-
tion probabilities. Action ‘fixate 1’ is the consequence
of choosing the highest value action. The model subse-
quently transitions to state ‘s3’ with probability 0.2.

Action Semantic relevance fixation Shape relevance
start N,N,N,N N N,N,N,N
fixate 1 0, N,N,N 1 0, 0, N,N
fixate 3 0, N, 0.3, N 3 0, 0, 1.0, 1.0
fixate 4 0, N, 0.3, 1.0 4 0, 0, 1.0, 1.0
select 4

Table 1: Example changes in the state representation for
a 4 item menu (N = null). The semantic relevance had 5
levels [Null, 0, 0.3, 0.6, 1].

Next Tab’ and so the relevance of ‘Minimize’ relative to this
goal is likely to be low. The model also encodes shape rele-
vance about neighbouring items in accordance with Equation
2. However, the exact values encoded are subject to noise
because visual information processing is uncertain. As a con-
sequence, the model might end up in either state s2, s3, or s4,
or perhaps back in state s1 if no new information was encoded
after the previous action. The transition probabilities to these
states, t, are shown in the figure. These transition probabil-
ities are a consequence of the interaction between the model
of the visual system and the external environment. After any
action the model is more likely to transition to a state that is
(a) more likely in the environment and (b) more likely to be
encoded by the perceptual model.

Subsequently, assuming that the model has transitioned to
state s3 representing low semantic and low shape relevance,
then the highest value action from this state is to fixate on
item 3 (q=7). In other words, because of the low relevance of
item 1, the model has skipped item 2 and focused on an item
in the next semantic group.

Assumption Description
Utility Utility = 10000 × correct − 10000 ×

error− time, where correct and error are
Boolean variables; the unit of time is ms.

Ecology The ecology concerns the statistical struc-
ture of menus. Menus, in the world, have
a distribution of length (number of items)
and a distribution of group size. Menu
items have a distribution of semantic rele-
vance and shape/length (number of chars).
See Figure 4.

Mechanism People can estimate the semantic relevance
of the foveated menu item. They can also
estimate the shape/length of items in the
periphery, although acuity decreases with
eccentricity. See Equations 1 and 2.

Strategy A strategy (or policy) for menu search is
optimised to Utility, Ecology and Mecha-
nism assuming a state space that consists
of the relevance vectors and the fixation.

Table 2: Summary of assumptions for the adaptive model
of menu search.

Table 1 gives an example of how the state vector is updated
as information is gathered through eye movements and visual
perception.

State and action space
For a set of menus that have a maximum of n items, a state is
represented as a vector V with 2×n+1 elements. This con-
sists of n elements for the shape, n for the semantic relevance,
and 1 for the fixation location. The semantic/alphabetic rele-
vance had 5 levels [Null, 0, 0.3, 0.6, 1]. The shape relevance
had 2 levels [0 for non-target length; 1 for target length]. The
fixation was an integer representing one of the menu item lo-
cations [1..n]. From each state there were n + 2 actions, in-
cluding n actions for fixating on n menu item locations, an
action for selecting the fixated item, and an action to exit the
menu without selection (target absent).

Learning
The q-values, as illustrated in Figure 3, represent control
knowledge and are learnt with a reinforcement learning al-
gorithm. The reinforcement learning algorithm used was a
standard implementation of Q-learning. We do not present
the details of the algorithm here but they can be found in any
standard Machine Learning text (e.g. [38]).

Q-learning requires reward and cost feedback so as to learn
the state-action values. A state-action value can be thought
of as a prediction of the future reward minus costs that will
accrue if the action is taken. The rewards and costs must
be combined into a single utility score. We assumed a sim-
ple utility function in which there is a reward for success, a
penalty for an error, and a penalty for time. The time cost is
measured in milliseconds and is determined by the visual in-
formation processing and motor assumptions and by the num-
ber of fixations made. The reward for a correct menu item
selection was +10000; the penalty for an incorrect selection



OVERVIEW OF PROBLEM

• Given realistic data (menu design and log 
of how long it took to select an item),

• infer a model with plausible parameters of the 
human perceptual system and its deployment 
strategy

• Compare against ground truth measurements 
(“baseline”) 
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constraints imposed by the mechanisms concern saccade and
fixation latencies [35] and also the reduction of acuity with
eccentricity from the fovea [25]. It has been shown that given
these constraints, strategies can be derived through the use
of reinforcement learning algorithms [12, 19, 37], though it
is possible that strategies may be acquired by other learning
mechanisms, for example, by cultural transmission, through
instructions, or by evolution.

The approach that we take is also influenced by ideas in opti-
mal control and Machine Learning [5, 36, 38]. A key contri-
bution of this literature has been to provide a formal basis
for learning an optimal control policy given only a defini-
tion of the reward function, the state space, and the action
space. Control knowledge is simply knowledge that deter-
mines what-to-do-when. In the case of menu search it con-
cerns where to move the eyes and when to select an item.
In this framework, the expected value of an action given a
state is the sum of the immediate reward plus the rewards
that would accrue from subsequent actions if that action were
selected. This simple assumption has provided a means of
deriving human visual search strategies in well-known labo-
ratory tasks [12]. It also provides a means by which to de-
rive rational menu search behaviour given assumptions about
utility, ecology and psychological mechanisms but only if the
user’s menu search problem can be defined as a reinforcement
learning problem. In the following section we report a model
that does just that.
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Figure 2: An overview of the adaptive menu search model.

THEORY AND MODEL
Imagine that the goal for a user who is experienced with
menus, but who has never used Apple’s OS X Safari browser

before, is to select ‘Show Next Tab’ from the Safari Window
menu. This task and menu are illustrated to the bottom-left
of Figure 2. A user might solve this goal by first fixating the
top menu item, encoding the word ‘Minimize’; rejecting it
as irrelevant to the target, moving the eyes to the next group
of items, that begins ‘Show Previous Tab’, noticing that this
item is not the target but is closely related and also noticing, in
peripheral vision, that the next item has a similar word shape
and length to the target; then moving the eyes to ‘Show Next
Tab’, confirming that it is the target and selecting it. The aim
of the modelling is that behaviours such as this should emerge
from theoretical assumptions. Importantly, the aim is not to
model how people learn specific menus and the location of
specific items, rather the aim is to model the menu search
task in general. The requirement is that the model should
learn, from experience, the best way to search for new targets
in new, previously unseen, menus.

To achieve this goal we use a state estimation and optimal
control approach. In Figure 2 an external representation of
the displayed menu is fixated and the state estimator encodes
a percept containing information about the relevance of word
shapes (‘Minimise’ and ‘Zoom’, for example have different
lengths) and semantics (word meanings). This information is
used to update a state vector, which has an element for the
shape relevance of every item in the menu, an element for the
semantic relevance of every item in the menu, and an element
for the current fixation location. The vector items are null un-
til estimates are acquired through visual perception. Updates
are made after every fixation, e.g. after fixating ‘Minimize’
in the above example. After having encoded new informa-
tion through visual perception, the optimal controller chooses
an action on the basis of the available state estimate and the
strategy (i.e., the policy that determines a state-action value
function). The chosen action might be to fixate on another
item or to make a selection, or to exit the menu if the target
is probably absent. State-action values are updated incremen-
tally (learned) as reward and cost feedback is received from
the interaction. The menu search problem is thereby defined
as a reinforcement learning problem [38].

The paragraph above offers only a very brief overview of the
theory and it leaves out many of the details. In the following
subsections more detail is provided about how the state esti-
mation and optimal controller work. Subsequently a model
walkthrough is provided.

State estimator
The state estimator (the bottom right of Figure 2) encodes
semantic, alphabetic and shape information, constrained by
visual and cognitive mechanisms.

Semantic relevance
In common with many previous models of menu search [8,
15, 28, 34, 33], our model assumes that people have an abil-
ity to determine the semantic relevance of items by matching
them to the goal specification. To implement this assumption,
we used average pairwise relevance ratings gathered from hu-
man participants (which are taken from [2]). These relevance
ratings are described in detail below. For now, consider the
following example: if the model sampled the goal Zoom and

Markov Decision  
Process

Task environment

Model of attention

Q-learning



THREE STUDIES
• Study 1. ABC 

compared to 
manual tuning

• Study 2. ABC in 
model development

• Study 3. ABC in 
modeling individual 
differences

Parameter Description
fdur Fixation duration
dsel Time cost for selecting an item

(added to the duration of the last fix-
ation of the episode if the user made
a selection)

prec Probability of recalling the seman-
tic relevances of all of the menu
items during the first fixation of the
episode

psem Probability of perceiving the seman-
tic relevance of menu items above
and below of the fixated item

Table 1. Parameters inferred with ABC in Studies 1-3.

[5]. To comply with this and to reduce the complexity of the
state space, we assumed that there is no detectable difference
in the length of the items. Thus we used the model variant
from Chen et al. [13] where the only detectable feature is
the semantic similarity to the target item. In Study 2 reported
below, we will explore three additions to the model and their
effect on the predictions. All model parameters inferred with
ABC, across the studies, are listed in Table 1.

EXPERIMENTS AND RESULTS
In the rest of the paper, we show with three case studies how
ABC can be used to improve the current modeling practices.
All studies use the Chen et al. model [13], and the core prob-
lem in all is inverse modeling: Given aggregate observation
data (task completion times), find the most likely parameter
values q and their distribution, such that the predictions made
by the model agree with the observations.

1. Study 1. ABC compared to manual tuning: We demon-
strate that ABC can improve model fit by inferring parame-
ter values from data, compared to the common practice of
setting them manually based on the literature.

2. Study 2. ABC in model development: We demonstrate
how ABC helps in improving models, by fitting multiple
models to same data, exposing differences and anomalies.

3. Study 3. ABC in modeling individual differences: We
demonstrate how individual models can be fit with ABC, by
conditioning the model to individual data.

We use the same dataset as Chen et al. [13], which is a subset
of a study reported by Bailly et al. [5] and based on the study
design of Nilsen [33]. In the study, a label is shown and the
user must click the correct item in a menu with 8 elements
as quickly as possible. Items were repeated multiple times to
understand practice effects. Multiple menus were used, and
target position and absence/presence of target systematically
varied. Eye movement data were collected and processed
for fixation and saccade durations. Twenty-one paid partici-
pants took part in the study. Further details of the study that
produced the data are reported in [5].

We implemented the BOLFI algorithm in Python. Parts of the
source code were later published within an open-source library
for likelihood-free inference [24]. Running the experiments

took around one day each on a cluster computer. Further
technical details of the experiments and implementation are
described in the Appendix.

Study 1. ABC Compared to Manual Tuning
Our aim in the first study was to analyze how much we can
improve the predictions made by the model by conditioning
values of key parameters on observation data instead of the
standard practice of choosing all of the parameter values man-
ually. The case study was chosen to represent the common
setting in HCI research where only aggregate data may be
available.

We used the model of Chen et al. [13], and compared the
parameter values inferred by ABC to those set based on litera-
ture in the original paper [13]. We predicted task completion
times (TCT) and fixation durations with both models, and
compared them with observation data from [5]. For simplic-
ity, we inferred the value of only one parameter q with ABC,
the fixation duration fdur. The rest of the model parameter
values were set to be identical with the baseline model. The
value of this parameter was conditioned on the observed ag-
gregate task completion times (TCT; combined observations
from both menu conditions: target absent—referred to as abs,
target present—referred to as pre). Chen et al. [13] set the
value of this parameter to 400 ms based on a study by Brumby
et al. [8].

Results
As shown in Figure 5, the parameter value inferred with ABC
lead to the model predictions matching better to observation
data not used for the modelling. This holds both for TCT
and fixation duration. In detail, the ground truth aggregated
TCT was 0.92 s (std 0.38 s). The manually fit model pre-
dicted 1.49 s (std 0.68 s), whereas the ABC fit model predicted
0.93 s (std 0.40 s). For predictions, we used the maximum a
posteriori (MAP) value predicted by ABC, which was 244 ms
for fixation duration (detail not shown). This corresponds to
values often encountered in e.g. reading tasks [40].

In summary, inferring the fixation duration parameter value
using ABC lead to improved predictions, compared to setting
the parameter value manually based on literature. The inferred
parameter value was also reasonable based on literature.

Observations on the Resulting Models
A closer inspection of predictions made by the models exposed
two problematic issues which led to improvements in Study
2. The first issue is that while the aggregate TCT predictions
were accurate, and all predictions with ABC were better com-
pared to manual tuning, even ABC-fitted predictions were not
reasonable when split to sub-cases according to whether the
target was present in the menu or not. This is clearly visible
in Figure 5 (rows two and three), where we notice that the
predicted TCT when target is absent is actually around four to
six times as long as the actual user behavior.

The second issue concerns the search strategies predicted by
the model. Chen et al. [13] showed that their model was able
to learn a behavior strategy, where the agent would look first
at the topmost item, and second at the 5th item, which was



HOW BOLFI WORKS

Figure 2. Overview of the ABC inference process for HCI models: Ob-
served user data and priors of the parameters are fed into the ABC al-
gorithm, which then approximates the posterior distribution of the pa-
rameter values. The algorithm iterates by choosing values for the pa-
rameters of the model (here a CR model) and generating simulated user
data. For CR models, generating simulated data requires first training
a reinforcement learning agent using the given parameter values.

write down the formula for the most likely parameter values
given data. For complex models, such formula might not exist,
but it is often possible to write down an explicit likelihood
function, L(q |Yobs), which evaluates the likelihood of the pa-
rameters q given the observed data Yobs. When this likelihood
function can be evaluated efficiently, inverse modeling can be
done, even for reinforcement learning (RL) models [32, 39,
45]. However, this inverse reinforcement learning has been
only possible when precise observations are available of the
environment states and of the actions the agent took, which in
HCI applications is rarely the case.

When the likelihood function of the model can not be evaluated
efficiently, there are generally two options left. The traditional
way in HCI has been to set the model parameters based on past
models and existing literature. If this has not led to acceptable
predicted behavior, the researcher might have further tuned
the parameters by hand until the predictions were satisfactory.
However, this process generally has no guarantees that the
final parameters will be close to the most likely values. An
alternative solution, which we have not seen used in HCI con-
text before, would be to use likelihood-free inference methods,
that allow the model parameters to be estimated without re-
quiring the likelihood function to be evaluated directly. These
methods are derived based on mathematical principles, and
thus offer performance guarantees, at least in the asymptotic
case. ABC is one such method [42], and we will explain it
next in more detail.

Approximate Bayesian Computation (ABC)
ABC is a principled method for finding parameter values for
complex HCI models, including simulators, based on observed
data and prior knowledge. It repeatedly simulates data using
different parameter values, in order to find regions of the
parameter space that lead to simulated data that is similar to the
observed data. Different ABC algorithms differ, for example,
in the way in which they choose the parameter values.

The main benefit of ABC for HCI is its generality: the only
assumption needed is that the researcher is able to repeat-
edly simulate observations with different parameter values.
Therefore, while in this paper we examine only a particular
simulator, the approach is of more general value. To be precise,
ABC can be used in the following recurring scenario in HCI:

• Inputs: A model M with unknown parameters q ; prior
knowledge of reasonable values for q (for example from

literature); observations Yobs of interactive behavior (for
example from user study logs)

• Outputs: Estimates of likely values for parameters q and
their uncertainty. Likely values of q should produce a close
simulated replication of observed data: M(q)⇡ Yobs, while
still being plausible given prior knowledge.

The process of using ABC is depicted in Figure 2. First the
researcher implements her model as an executable simulator.
Values for well-known parameters of the model are set by hand.
For inferred parameters q a prior probability distribution P(q)
is defined by the researcher based on her prior knowledge
of plausible values. The researcher then defines the set of
observations Yobs that q will be conditioned on. Next, the re-
searcher defines a discrepancy function d(Yobs,Ysim)! [0,•),
that quantifies the similarity of the observed and simulated
data in a way meaningful for the researcher. Finally, an ABC
algorithm is run; it selects at which parameter values {qi} the
simulator will be run, and how the conditional distribution of
the parameter values, also known as the posterior P(q |Yobs),
is constructed based on the simulations.

BOLFI: An ABC Variant Used in This Paper
This paper employs a recent variant of ABC called BOLFI
[18], which reduces the number of simulations3 while still
being able to get adequate estimates for q . An overview of the
method is shown in Figure 3.

The main idea of BOLFI is to learn a statistical regression
model—called a Gaussian process—for estimating the dis-
crepancy values over the feasible domain of q from a smaller
number of samples that do not densely cover the whole pa-
rameter space. This is justified when the situation is such that
small changes in q do not yield large changes in the discrep-
ancy. Additionally, as we are most interested in finding regions
where the discrepancy is small, BOLFI uses a modern opti-
mization method called Bayesian optimization for selecting
the locations where to simulate. This way we can concentrate
the samples to parameter regions that are more likely to lead
to low discrepancy simulated data. This approach has resulted

3The naive way to use ABC would be to simulate a large amount of
samples densely covering the parameter space and keep those that
have the lowest discrepancy values. This method is also known as
Rejection ABC. However, as in our case the simulations take multiple
hours each, this approach has infeasible total computation time.

Figure 3. Left: BOLFI finds parameter values that are best able to re-
produce empirical observations Y0 (here the best sample is Y3, produced
by simulating with parameter values q3). Right: BOLFI first constructs
a statistical regression model for predicting the discrepancy values d as-
sociated with different parameter values q , and then uses Lower Confi-
dence Bound (LCB) values for choosing the next sample location qnext .
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ther demonstrated that the predictions made by the individual
models were better compared to a model fit to a large amount
of population-level data.

Together, these contributions help address a substantial prob-
lem in understanding interactive behaviour that has been evi-
dent in HCI and Human Factors for more than 15 years [27].
The problem is how to estimate model parameter values given
the strategic flexibility of the human cognitive system [22, 27,
28]. One of the consequences of strategic flexibility has been
to make it difficult to test theories of the underlying informa-
tion processing architecture; because behaviour that is merely
strategic can be mistakenly taken as evidence for one or other
architectural theory or set of architectural parameters [22].
ABC, and inverse modeling methods in general, addresses this
problem by establishing a principled mathematical relation-
ship between the observed behaviour and the model parameter
values.

In the future, inverse modeling might provide a general frame-
work for implementing adaptive interfaces that are able to
interpret user behavior so as to determine individual prefer-
ences, capabilities, and intentions, rather than merely mapping
actions directly to effects. In summary, we consider ABC to
provide ample opportunities for widespread research activity
on both HCI applications, and as a core inference methodology
for solving the inverse problems arising in research.
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APPENDIX: ABC BOLFI IMPLEMENTATION
We implemented BOLFI in Python with the following details.
We used a Gaussian process (GP) model from the GPy Python
library to model the discrepancy. The kernel was Matern 3/2
with variance 0.01, scale 0.1, and noise variance 0.05. The
first Ninit sample locations were drawn from the quasi-random
Sobol sequence (equal to the number of CPU cores allocated
for the job). The remaining sample locations were decided as
follows. We created a function that computed the lower confi-
dence bound (LCB) for the GP: LCB(x) = µGP(x)�bsGP(x).
We used b = 1.0. For asynchronous parallel sampling, we
needed a way to acquire multiple locations that were reason-
able, but also sufficiently well apart. For this purpose we
created a function that calculated the sum of radial-basis func-
tion kernels that were centered at the locations P currently
being sampled: R(x) = Âp2P aexp((x� p)2/l). We used a =
0.04, l = 0.04. The acquisition function for the next sample
location was A(x) = minx[LCB(x)+R(x)]. Additionally, there
was a 10 % chance of the location being drawn from the prior
instead of the acquisition function.

Study 1: The model was trained with Q-learning for 20
million training episodes, after which we simulated 10,000
episodes for visualizing the behavior predicted by the trained
model. The observation data has the target item absent in 10 %
of the sessions, but in the Chen et al. paper [13] it was assumed
that it was absent in 50 % of the cases. We tried both splits
in training data (10% and 50%), but did not find a large over-
all difference in the results. In the subsequent experiments,
we also used the 10 % split, as it might remove a possible
source of bias. Our prior for fdur was a truncated Gaussian
distribution with mean 300 ms, std 100 ms, min 0 ms, max
600 ms. The prior was set with the intuition that values be-
tween 200 ms and 400 ms should be likely (± 1 std), whereas
values between 100 ms and 500 ms could still be accepted
if the data really supported those values (± 2 std). BOLFI
computed discrepancy at 100 locations using 40 CPU cores.
Of the 10,000 simulated episodes, we only used the first 2,500
for calculating the discrepancy. This was done as it is more
sensible to compare datasets of similar size. Altogether the
model fitting took 20 h (in wall-clock time), each individual
sample taking 6 h. The discrepancy was based on the mean
and standard deviation of the aggregate task completion time.
It was constructed so that it would fit the mean accurately
(L2-penalty) and the standard deviation with lower priority
(L1-penalty). The formula was:

d = a⇥ (meanobs �meansim)2 +b⇥ |stdobs � stdsim|,

where we used a = b = 10�6 for a reasonable scale and the
used feature was the aggregate TCT.

Study 2: Our prior for dsel was a truncated Gaussian distribu-
tion with mean 300 ms, std 300 ms, min 0 ms, max 1000 ms.
300 ms was selected as our initial best guess for the delay,
as the second peak in observed fixation duration when target
was present (Figure 5) was around 600 ms and we thought it
likely that the normal fixation duration was around 300 ms.
However, as we had relatively high uncertainty about this,
we chose a quite flat prior. Our prior for prec and psem were
uniform distributions with [min 0, max 1]. Uninformative
priors were used as we were uncertain about the possible true
values of these parameters. The discrepancy was the average
of d(TCTpre) and d(TCTabs). As the parameter space sizes
varied, we chose the number of samples and CPUs for each
case separately. Baseline: 100 samples, 40 CPUs (20 h). Vari-
ant 1: 200 samples, 80 CPUs (16 h). Variant 2: 400 samples,
80 CPUs (30 h). Variant 3: 600 samples, 100 CPUs (37 h).

Study 3: The prior for prec was a truncated Gaussian distribu-
tion with [mean 69 %, std 20 %, min 0 %, max 100 %]. The
prior for psem was similar but with mean 93 %. The priors
were based on the knowledge gained from Study 2, and thus
centered on the MAP estimate of Variant 3, but were reason-
ably flat to allow for individual variation. The discrepancy
was the same as in Study 2. Out of the total 10,000 simulated
sessions, we used the first 200 for calculating the discrepancy
to match the individual dataset sizes. For each of the users, we
computed 200 samples using 60 CPUs (22 h each).



STUDY 1: COMPARISON

Figure 5. Comparison of manual tuning to ABC inference (Study 1). Predictions made by conditioning parameter values on both aggregate-level
observed data and prior knowledge (ABC inference; blue bars in the middle column) agree better with observation data not seen by the model (orange
bars on the right column) than predictions made by setting parameter values manually based on literature (Manual tuning; blue bars in the left column).
ABC searched for parameter values that resulted in small discrepancy between the model predictions (green) and observed aggregate-level data (brown).
Left column: Manual tuning: all parameter values were set based on literature and manual tuning. Center column: ABC inference: the value of fdur
has been conditioned on observation data using ABC. Right column: Observation data (ground truth) from Bailly et al. [5]. All: Aggregated data from
both conditions. Abs: Data from when target was absent from the menu. Pre: Data from when target was present in the menu.

the first item of the second semantic group. This was seen as
a clear spike on the fifth item in the “proportion of gazes to
target” feature. However, not every attempt to replicate this
result succeeded (Fig. 6), and similar variation in predicted
strategies was observed with the ABC-fitted model as well5.

Our conclusion is that there likely exist multiple behavior
strategies that are almost equally optimal, and the RL algo-
rithm may then find different local optima in different real-
izations. This is possible, as Q-learning is guaranteed to find
the globally optimal strategy only given an infinite amount of
learning samples; with only finite samples, this is not guaran-
teed. Because of this issue with the inference of the behavioral
strategies, we do not discuss in detail the inferred strategies,
but only report results that we were able to repeat reliably.

Study 2: ABC in Model Development
We next demonstrate how ABC can be used in the model
improvement cycle, where new models are proposed and com-
pared. As a baseline, we start with the model introduced in
Study 1, to which we add features to fix the issues we ob-
served in Study 1. We show that with ABC multiple different
models can be conditioned to the same observation data, in
5 The only technical difference between the original vs. our imple-
mentation was that in the original [13] Q-learning was performed on a
predetermined set of 10,000 menu realizations, whereas we generated
a new menu for every training session. The original implementation
thus converged slightly faster, as it explored a smaller part of the state
space.

Figure 6. Study 1: Repeated execution of the Chen et al. [13] model
yields variations in search patterns. None of the three independent re-
alizations (Replication 1-3) was able to reproduce the noticeable spike
on the 5th item (i.e., the first item of the second semantic group) in the
Observation data. The bar charts illustrate average proportions of gazes
to target in search episodes, as a function of the target location. Larger
proportions indicate that targets at that location are on average found
earlier, as fewer gazes to non-target items are required.

order to compare their predictions and (compatible) parameter
estimates. Doing the same manually would be very laborious.

The model variants we propose are as follows:

• Variant 1: Chen et al. [13] model + selection latency:
The agent incurs a delay dsel when selecting an item.

• Variant 2: Variant 1 + immediate menu recognition:
The agent is able to recognize the menu based on the first
item with probability precall .

• Variant 3: Variant 2 + larger foveated area: The agent
can perceive the semantic relevance of the neighboring

Improved predictions compared to 
manual tuning of parameters



STUDY 2: MODEL DEVELOPMENT

Figure 7. Study 2: ABC exposes how changes to the model (Variants 1-3) result in changes to the predictions when parameter values are conditioned to
empirical data. Baseline: Same model as in Study 1, but now conditioned on observed behavior in both target conditions (absent, present) at the same
time. Variant 1: Selection delay feature added to baseline (parameter dsel ). Variant 2: Menu recall feature added to Variant 1 (parameter prec). Variant
3: Peripheral vision feature added to Variant 2 (parameter psem). Observation data: Same as in Study 1. Reported results are with the MAP parameter
values. Color coding: Same as in Figure 5. Abs: Data from when target was absent from the menu. Pre: Data from when target was present in the menu.

as the models became more flexible, but also provided evi-
dence that these features probably reflect actual user behavior
as well. Furthermore, ABC was found useful in hypothesis
comparison, as we avoided manually trying out a large number
of different parameter values manually to find values that lead
to reasonable predictions.

Study 3. ABC and Individual Differences
Most modeling research in HCI aims at understanding general
patterns of user behavior. However, understanding how indi-
viduals differ is important for both theoretical and practical
reasons. On the one hand, even seemingly simple interfaces
like input devices show large variability in user behavior. On
the other hand, adaptive user interfaces and ability-based de-
sign rely on differentiating users based on their knowledge
and capabilities.

Our final case looks at the problem of individual differences
in inverse modeling. In Study 3 we select a group of users
and fit an individual model for each of these users. We then
compare how good predictions these individual models are
able to produce, compared to the same model fit with the data
from all of the users in the dataset (population level model).

We selected a representative set of 5 users for Study 3. We
first selected all users from the dataset of whom there were 15
or more observations in each menu condition (target absent,
present), leaving 11 users. We then ordered the users based
on their difference in TCT to population mean, summed from
both menu conditions. To get a good distribution of different
users, for this experiment we selected the users who were the
furthest (S8), third most furthest (S5), and fifth most furthest
away (S23) from the population mean – as well as the users
who were the closest (S19) and third most closest (S18) to the
population mean.

The model we used in this study, for both individual and
population level modeling, corresponded to Variant 3 from the

previous section. To simplify the analysis, here we only infer
the values of two of the parameters for each user, keeping
the rest fixed. The inferred parameters were prec and psem.
Based on the Study 2, it seemed to us that there was less
variation in fdur and dsel , whereas the use of memory and
acuity of peripheral vision could plausibly vary more between
individuals. We fixed the value of fdur to 280 ms and dsel to
290 ms, according to the MAP estimate in Study 2.

For each of the selected users, we collected all of the ob-
servations of that user from the dataset, and conditioned the
parameter values of the individual model for that user on that
small dataset. The parameter values of the population level
model were the same as inferred in Study 2 for Variant 3. The
accuracy of the predictions made for each user by their indi-
vidual model was compared with the predictions made by the
population level model. In the comparison, we considered the
predicted TCTs and numbers of fixations at each condition to
the observed values, and report the magnitude (absolute value)
of the prediction errors.

Results
The predicted MAP parameter values are collected in Table 2.
The individual model parameter values deviate around ±10
percentage points from the population level model parame-
ter values, which is a reasonable magnitude for individual
variation.

We calculated the magnitude of prediction errors for all of the
models by taking the absolute difference in model predicted
means and observed data means for each feature. The predic-
tion errors of the population level model on the population data
and on individual user data are shown in Figure 8. Overall,
the prediction errors with a population level model tend to be
larger for individual users than they are for the whole popu-
lation. This shows that population level models that are good
for explaining population level dynamics may perform badly

Theoretically plausible changes to model 
further improved predictions…



STUDY 3: IND. DIFFERENCES

Model prec psem

S5 61 % 89 %
S8 54 % 87 %
S18 70 % 96 %
S19 76 % 91 %
S23 73 % 92 %
POP 69 % 93 %

Table 2. MAP estimates of parameter values for individual models (S5,
S8, S18, S19, S23) and the population level model (POP) in Study 3.

when used for explaining subject level dynamics. Furthermore,
as could be expected, prediction errors with a population level
model tend to be larger for users who differ more from the pop-
ulation mean. This presents a clear motivation for developing
individual models, as they could help to understand subject
level dynamics, especially regarding users who differ from the
population mean.

The prediction errors of the individual models on individual
user data are shown in Figure 9. Overall we observe a rather
consistent quality in the predictions made by the individual
user models. The only exception is user S8, who was the
furthest away from the mean. It is likely that user S8 might
have performed the task overall in a very different way from
the rest of the users. For example, the number of fixations
taken by this user when target was absent was 3.1, but only 2.7
when the target was present. This could indicate that the user
was unusually careful in examining the menu before declaring
that the target was not present.

Improvements in prediction error magnitude when changing
from population level model to an individual model are shown
in Figure 10. The overall trend is that individual user models
improve prediction quality, although not always in all parts.
With most users the prediction errors decreased in at least
three of the four predicted features.

We conclude that by using ABC we were able to fit CR models
to data from individual users, and that the resulting individ-
ual models were able to produce better predictions than a
population level model fitted to the whole participant pool.
Performing this modeling task would not have been possible
with just choosing the values based on literature, as such infor-
mation tends to only apply for population level models. On the
other hand, choosing the parameter values manually for each
user would have required a considerable amount of manual
labour, which ABC was able to automate. Moreover, inverse
modeling helped us expose a behavioral pattern that was not
well explained by the model (user S8).

DISCUSSION AND CONCLUSION
We have demonstrated that ABC is applicable for inverse mod-
eling of computationally rational models of complex human
behavior based on aggregate behavioural data.

We highlighted advantages ABC has over alternative methods
for inferring model parameter values in HCI. First, the method
is applicable for a wide range of models, as it relies on only
few assumptions. Second, the parameter value estimates are
conditioned both on the observation data, as well as any prior

Figure 8. Study 3: Leftmost: Prediction error for population level data
with population level model (POP). Right: Prediction errors for individ-
ual users (from most to least similar to population mean) with popula-
tion level model. Unit of TCT is 100 ms, unit of number of fixations is 1
fixation.

Figure 9. Study 3: Prediction errors for individual users (from most to
least similar to population mean) with models conditioned on observa-
tions of the individual user. Unit of TCT is 100 ms, unit of number of
fixations is 1 fixation.

Figure 10. Study 3: Decrease in prediction error when using individual
models (Figure 9) instead of the population level model (Figure 8) for
individual users (from most to least similar to population mean). Unit of
TCT is 100 ms, unit of number of fixations is 1 fixation.

knowledge the researcher might have of the situation. This
way over-fitting the model to the observation data may be
avoided, which could happen if we had only tried to maximize
the ability of the model to replicate the data. Third, the in-
ference process produces a full posterior distribution over the
parameter space, instead of only a point estimate, allowing for
better analysis of the reliability of the estimates.

In Study 1 we demonstrated that ABC was able to achieve
better model fit compared to setting the model parameter value
based on literature and manual tuning. We also identified
problems with the existing state-of-the-art model for visual
search [13], related to both the quality of the predictions and
convergence issues.

In Study 2 we demonstrated the applicability of ABC in model
comparison by fitting four different models to the same dataset
and comparing the resulting predictions and inferred model
parameter values. We also proposed improvements to the
existing state-of-the-art model, and demonstrated that they
resulted in improved quality of predictions.

In Study 3 we demonstrated that with ABC it is possible to
fit one of the models from Study 2 to data collected from a
single individual, thus creating an individual model. We fur-

Individual differences could be inferred 
despite decreasing amount data…



TECHNICAL CHALLENGES
• Discrepancy function 

designed by hand 
• Not known: how many 

samples are needed 
• BO sampling behavior 

• GP kernel parameters? 
• Inaccurate generative 

model 
• Poor convergence of RL 
• Slow RL

Figure 5. Comparison of manual tuning to ABC inference (Study 1). Predictions made by conditioning parameter values on both aggregate-level
observed data and prior knowledge (ABC inference; blue bars in the middle column) agree better with observation data not seen by the model (orange
bars on the right column) than predictions made by setting parameter values manually based on literature (Manual tuning; blue bars in the left column).
ABC searched for parameter values that resulted in small discrepancy between the model predictions (green) and observed aggregate-level data (brown).
Left column: Manual tuning: all parameter values were set based on literature and manual tuning. Center column: ABC inference: the value of fdur
has been conditioned on observation data using ABC. Right column: Observation data (ground truth) from Bailly et al. [5]. All: Aggregated data from
both conditions. Abs: Data from when target was absent from the menu. Pre: Data from when target was present in the menu.

the first item of the second semantic group. This was seen as
a clear spike on the fifth item in the “proportion of gazes to
target” feature. However, not every attempt to replicate this
result succeeded (Fig. 6), and similar variation in predicted
strategies was observed with the ABC-fitted model as well5.

Our conclusion is that there likely exist multiple behavior
strategies that are almost equally optimal, and the RL algo-
rithm may then find different local optima in different real-
izations. This is possible, as Q-learning is guaranteed to find
the globally optimal strategy only given an infinite amount of
learning samples; with only finite samples, this is not guaran-
teed. Because of this issue with the inference of the behavioral
strategies, we do not discuss in detail the inferred strategies,
but only report results that we were able to repeat reliably.

Study 2: ABC in Model Development
We next demonstrate how ABC can be used in the model
improvement cycle, where new models are proposed and com-
pared. As a baseline, we start with the model introduced in
Study 1, to which we add features to fix the issues we ob-
served in Study 1. We show that with ABC multiple different
models can be conditioned to the same observation data, in
5 The only technical difference between the original vs. our imple-
mentation was that in the original [13] Q-learning was performed on a
predetermined set of 10,000 menu realizations, whereas we generated
a new menu for every training session. The original implementation
thus converged slightly faster, as it explored a smaller part of the state
space.

Figure 6. Study 1: Repeated execution of the Chen et al. [13] model
yields variations in search patterns. None of the three independent re-
alizations (Replication 1-3) was able to reproduce the noticeable spike
on the 5th item (i.e., the first item of the second semantic group) in the
Observation data. The bar charts illustrate average proportions of gazes
to target in search episodes, as a function of the target location. Larger
proportions indicate that targets at that location are on average found
earlier, as fewer gazes to non-target items are required.

order to compare their predictions and (compatible) parameter
estimates. Doing the same manually would be very laborious.

The model variants we propose are as follows:

• Variant 1: Chen et al. [13] model + selection latency:
The agent incurs a delay dsel when selecting an item.

• Variant 2: Variant 1 + immediate menu recognition:
The agent is able to recognize the menu based on the first
item with probability precall .

• Variant 3: Variant 2 + larger foveated area: The agent
can perceive the semantic relevance of the neighboring





TOPICS FOR FUTURE WORK
• Perceptual capabilities due to low-level (physiological, retinal, 

cortical) issues

• Cognitive capabilities like working memory capacity 

• Mental representations (e.g., associative memory structures)

• Interests, goals, preferences - all studied extensively in cognitive and 
social psychology

• Personality and other more stable traits 

• Cultural differences 

• …



POTENTIAL OF ABC FOR HCI
• Better account of variability of human behavior by 

disentangling idiosyncratic and task-specific factors

• Advance theorizing and model-building by more 
rigorous conditioning of models to data

• Improve hit rates in adaptive systems, 
recommendation engines etc

• Foundations of self-optimizing interactive technology



ABILITY-BASED OPTIMIZATION

Given tapping data on a smartphone, the task 
is to infer psychometric properties like visual 

acuity, tremor, dyslexia…





Table 1. Individual abilities modeled by Touch-WLM

Variable Explanation Domain

Eye movements
e
K

Encoding time Foveal encoding
e
k

Eccentricity factor Parafoveal encoding
t
prep

Saccade preparation Oculomotor command
t
exec

Saccade execution Oculomotor command
t
sacc

Saccade velocity Oculomotor performance

Motor performance
m

k

Total resource Motor performance
m

↵

Speed–accuracy bias Motor performance

Strategy
m

a

Finger accuracy Motor strategy
l Letters before proofing Cognitive strategy

Constants
s
key

Search time for key Visual search
t
confirm

Backspace confirmation Thinking

Mean parameter values for the young and the old adults group
(YA and OA) with the layout and baseline are displayed in
Table 3. These parameters were obtained empirically WHo-
min and -max are multiplied by 1000 to obtain the parameters
for the model (easier to handle integers). Also, in the model,
WPL reading and proofreading are both done at lth letter.

Optimization was carried out using exhaustive search.

RESULTS
This section reports our first results. We emulated multiple
user groups and present here four of them (Figure 6) with
their final designs.

Effects of decreasing finger speed
Our first exercise emulated a user with decreasing finger
speed. This corresponds to the persons having tremor and
perkinson’s. We found that decreasing finger accuracy (m

a

)
negatively affects baseline. Larger keys are better in this case.
Setting m

k

to a large value (1.0) (low finger SAT resources),
the layout displayed (Figure 6(a)) improves the WPM over
baseline by 13.83% to 2.21. In addition, adjusting the m

↵

,
i.e., the finger strategy weight parameter, between the ex-
tremes [0.1, 0.9] does not change the overall result.

Table 2. Design factor value ranges in design optimization

Parameter Range

Number of rows in the prediction list 1–5
Elements in each row of the prediction list 3
Row height 0.03%–0.07%*
Number of rows in text display area 2–7

* = represented as percentage of the display height (in pixel)

Table 3. Model parameter values

Parameter YA mean OA mean Baseline Variable

EMMA(s) 0.0134 0.0135 0.007 t
sacc

EMMA(p) 0.292 0.326 0.333 t
prep

WHo-k 0.116 0.138 0.126 m
k

WHo-a 0.616 0.681 0.577 m
a

WHo-min 0.00613 0.00714 7*
WHo-max 0.0753 0.0538 150*
Proofing 2.71 2.87 l
Bspace decide 0.781 1.43 1 t

confirm

Vis search (ms) 1066 1401 s
key

* = spread

Figure 6. We design four keyboard layouts supporting several abilities:
(a) this layout is designed for people who has essential tremor or parkin-
son’s, (b) this layout is suitable for incurring lesser visual search time
to the people who have prior knowledge about the layout, (c) and (d)
these layouts support in achieving less proofreading time while typing,
specially for users having reading disabilities, i.e. dyslexia.

Essential tremor Users unfamiliar 
with Qwerty

Reading  
disfluencies

Reading  
disfluencies 2

PRELIMINARY FM RESULTS



Inference of user simulators 
from naturalistic data

They can drive online/offline 
optimization of UIs 

White-box models are interpretable and 
can be augmented by expert insight

“CO-ADAPTIVE TECHNOLOGY”
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Adaptation considers individual diffs

And the benefits and costs of changes



END: GRAND OPPORTUNITIES
• MACHINE LEARNING: Improve capacity to condition 

white-box models to data

• ARTIFICIAL INTELLIGENCE: An approach to augment 
human capabilities with machine intelligence, instead of 
overriding them

• COGNITIVE AND BEHAVIORAL SCIENCES: Develop 
models that offer a better account of the incredibly rich 
space of human behaviors

• HUMAN-COMPUTER INTERACTION: Use these 
models to improve the fit of technology to individual 
differences and tasks
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ABSTRACT
An important problem for HCI researchers is to estimate the
parameter values of a cognitive model from behavioral data.
This is a difficult problem, because of the substantial complex-
ity and variety in human behavioral strategies. We report an
investigation into a new approach using approximate Bayesian
computation (ABC) to condition model parameters to data and
prior knowledge. As the case study we examine menu interac-
tion, where we have click time data only to infer a cognitive
model that implements a search behaviour with parameters
such as fixation duration and recall probability. Our results
demonstrate that ABC (i) improves estimates of model pa-
rameter values, (ii) enables meaningful comparisons between
model variants, and (iii) supports fitting models to individual
users. ABC provides ample opportunities for theoretical HCI
research by allowing principled inference of model parameter
values and their uncertainty.

ACM Classification Keywords
H.1.2 User/Machine Systems: Human factors, Human infor-
mation processing

Author Keywords
Approximate Bayesian computation; Cognitive models in
HCI; Computational rationality; Inverse modeling

INTRODUCTION
It has become relatively easy to collect large amounts of data
about complex user behaviour. This provides an exciting op-
portunity as the data has the potential to help HCI researchers
understand and possibly predict such user behavior. Yet, un-
fortunately it has remained difficult to explain what users are
doing and why in a given data set.

The difficulty lies in two problems: modeling and inference.
The modeling problem consists of building models that are
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sufficiently general to capture a broad range of behaviors.
Any model attempting to explain real-world observations must
cover a complex interplay of factors, including what users
are interested in, their individual capacities, and how they
choose to process information (strategies). Recent research
has shown progress in the direction of creating models for
complex behavior [5, 13, 14, 16, 19, 21, 25, 27, 29, 36]. After
constructing the model, we are then faced with the inference
problem: how to set the parameter values of the model, such
that the values agree with literature and prior knowledge, and
that the resulting predictions match with the observations we
have (Figure 1). Unfortunately, this problem has been less
systematically studied in HCI. To this end, the goal of this
paper is to report an investigation into a flexible and powerful
method for inferring model parameter values, called approxi-
mate Bayesian computation (ABC) [42].

ABC has been applied to many scientific problems [7, 15, 42].
For example, in climatology the goal is to infer a model of
climate from sensor readings, and in infectious disease epi-
demiology an epidemic model from reports of an infection
spread. Inference is of great use both in applications and
in theory-formation, in particular when testing models, iden-
tifying anomalies, and finding explanations to observations.
However ABC, nor any other principled inference method,
have, to our knowledge, been applied to complex cognitive
models in HCI1.

We are interested in principled methods for inferring parame-
ter values, because they would be especially useful for process
models of behaviour. This is because the models are usually
defined as simulators, and thus the inference is very difficult to
perform using direct analytical means2. Such process models
in HCI have been created, for example, based on cognitive
science [2, 9, 11, 16, 26, 41], control theory [23], biomechan-
ics [4], game theory [10], foraging [38, 37], economic choice
[3], and computational rationality [13]. In the absence of prin-
cipled inference methods for such models, some approaches

1For simpler models, such as regression models (e.g., Fitts’ law),
there exist well-known methods for finding parameter values, such as
ordinary least squares.
2In technical terms, such models generally do not have a likeli-
hood function—defining the likelihood of parameter values given the
observations—that could be written in closed form.

[Kangasrääsiö et al. Proc. CHI’17]


