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1. Introduction

1.1 Motivation

Whether it is a user searching for information in a search system or a doctor
working with a cancer diagnostic system, humans and machine learning systems
are increasingly interacting with each other [1, 2]. This thesis studies the family
of human–machine interaction problems where the goal of the interaction is to
solve a prediction problem, i.e., predicting a response variable corresponding to
an input. Such problems can include predicting how much a user likes items
in a personalized search activity, or medical prediction about the response of a
cancer drug. An important common factor in these scenarios is that the number
of labeled data (known as training data) that the machine can use to make
predictions, is less than the dimension of the search space. This is known as the
“small n, large p” problem, where n refers to the number of available labeled
data and p the dimension of the problem determined by, for example, the number
of variables. In the applications considered in this thesis, p is usually between
three hundred to a few thousands and n is between one to one hundred. These
types of problems result in ill-posed statistical learning since there are limits in
how low in sample size statistical methods can go [3].

There are different ways to handle the limited labeled data challenge. The
most direct solution is to provide more labeled data for the model. However,
this can be costly (e.g., testing the drug response on a new patient in the drug
response prediction task) or even impractical due to the nature of the data
provider (e.g., reluctance of users to provide many feedbacks about their interest
in personalized search systems). An alternative direction is to restrict the model
family to a simpler family of solutions (for example by assuming linearity and/or
sparsity [4]) to prevent the model from overfitting to the few available labeled
data.

A less explored direction for tackling the limited data challenge in human-
in-the-loop systems is to make prior assumptions about how user interaction
with the system is generated and to exploit this knowledge to extract more
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information from the limited interaction. In other words, the machine can
maintain a model of the user to better explain the user interactions and to
optimize the interaction. In this thesis, we refer to machine’s model of the user
as the user model (see [5] for a broader definition of user modelling in the context
of human–computer interaction). The thesis focuses on user modelling in two
general types of applications:

Interactive intent modelling is the task of learning the hidden intent of a
user based on a sequence of interactions [6]. For example in personalized
recommender systems, the hidden intent can be the user’s interest over all items.
Interaction is done through a sequence of iteration of recommendation of items
and observing user feedbacks to them. The machine learning task here is to
predict the user intent and to recommend the highly relevant items as fast as
possible. The main challenge is that the users are usually reluctant to engage
with the system for a long time.

Knowledge elicitation is the task of extracting expert knowledge about a
prediction model with the goal to improve the prediction performance. For
example, in drug response prediction task, there are usually few training data
available, but experts in the field can have information beyond the training data
that potentially can help to improve the performance. Prior elicitation techniques
are classical methods to quantify experts’ knowledge through interaction with
statisticians who design the model [7]. We are interested in removing the
statisticians from the loop and directly collect the expert knowledge in the model.
The challenge here is to design a communication channel between the experts
and the prediction model and to efficiently extract the most gainful information.

In both of the mentioned applications, the model needs to design the interaction
in a way to achieve the goal with as few interactions as possible. As mentioned,
the user is considered either as the end-user of recommender systems, or field
expert in knowledge elicitation tasks. In both cases, the user does not require to
have any statistical or modelling knowledge.

1.2 Research questions and contributions

This thesis investigates methods to tackle the limited user interaction challenge
in interactive machine learning for prediction. The core idea of the thesis is to
jointly model the human user, as a probabilistic user model, with the data in a
unified probabilistic model and then perform sequential probabilistic inference
on the joint model to design improved interaction. The thesis claims that joint
modelling provides three advantages that otherwise would have been difficult to
achieve. First, the joint modelling makes it easier to integrate new interaction
channels to the data model. Second, having a joint probabilistic model of both
the user and the data enables the uncertainty to accurately propagate between
the two. This is important as the uncertainty guides the decision of what piece
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of information to ask from the user in interactive systems. Finally, more infor-
mation can be gained from an observed user feedback in the joint model, as
the user model can explain the unobserved thinking process that the user may
undergo to produce that feedback. To better structure the claims of the thesis,
the following research questions have been derived from the ideas and tasks
mentioned above.

RQ1 – Can we amend the limited feedback, without overwhelming the user, in
interactive intent modelling by adding new interaction domains?

Publications I and V contribute to this research question by proposing models
to incorporate new types of user feedback to improve interactive intent mod-
elling. The focused task is a document search scenario where a user needs
to sequentially provide relevance feedback to suggested keywords in order to
find the targeted document. In particular, Publication I couples user relevance
feedback on both documents and keywords by assuming a shared underlying
latent intent model connected through a probabilistic model of the relationship
between keywords and documents. The keyword and document recommendation
is then done by performing sequential inference on the intent with the goal of
finding the most relevant document with minimum interaction. Publication V
investigates the use of implicit relevance feedback from neurophysiology signals
for effortless information seeking. The work contributes by demonstrating how
to integrate this inherently noisy and implicit feedback source with scarce ex-
plicit interaction. A model for controlling the accuracy of the feedback given
its nature was introduced. Similar sequential inference to Publication I was
used for recommendation. Both publications were evaluated by user studies in
realistic information seeking tasks.
RQ2 – Can we improve prediction performance by directly extracting expert
knowledge about the model?

Publications II and III contribute by proposing a framework to directly connect
the expert to the model. Publication II models knowledge elicitation as a prob-
abilistic inference process, where the user knowledge is sequentially queried
to improve predictions on a “small n, large p” problem. It is assumed that the
experts have knowledge about the importance of variables, or of values of the
regression coefficients and can provide this information to the model if queried.
The work contributes by an algorithm and computational approximation for
fast and efficient interaction, which sequentially identifies the most informa-
tive queries to ask from the expert. Publication III builds on Publication II by
adding user knowledge about direction of relevance of variables and applying
the model in an important application of precision medicine to predict the effects
of different treatments using high-dimensional genomic measurements. Both
publications were evaluated by extensive simulations and user studies. Source
codes for methods presented in Publications II and III, and user study data from
Publication II are available at
https://github.com/HIIT/knowledge-elicitation-for-linear-regression and
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https://github.com/AaltoPML/knowledge-elicitation-for-precision-medicine.
RQ3 – Is it beneficial to model the expert as an active agent that updates its
knowledge during knowledge elicitation?

The user models in RQ2 consider the expert as a passive data source that is
not influenced by the interaction. Publication IV contributes to this research
question by modelling the human expert as a rational agent that updates its
knowledge about the underlying prediction task during the interaction. In partic-
ular, training data or its statistics are commonly revealed (for example through
visualizations) to the user during knowledge elicitation. The elicited knowledge
from the user may then be, to some extent, dependent on the knowledge coming
from the training data. This redundant knowledge can result in overfitting since
the model may not account for the dependencies between training data and
user feedback. We propose a user modelling methodology that assumes that the
observed user feedback is an outcome of the user’s rational knowledge update.
The user model can then perform the inverse of the update to extract user’s tacit
knowledge and then update the model. The proposed user modelling idea was
evaluated in a user study. Source code and user study data are available at
https://github.com/HIIT/human-overfitting-in-IML.

The works included in the thesis are related to several subfields of human–
computer interaction and interactive machine learning, with more emphasize
on the latter. In particular, the included publications have contributed and
borrowed ideas from cognitive science and computational rationality (to model
user behaviour), user interface design (to design interaction domains and user
interfaces), probabilistic inference (to learn user intents or knowledge), and
active learning (to optimize the interaction). Furthermore, the tasks studied
in the publications fit in the human–AI collaboration field that studies the
characteristics that an AI system needs to have to enhance and complement
human capabilities [8, 2]. In particular, the thesis briefly touches topics such as
transparency and user mental model of the AI [9]. An overview and discussion
to each field is provided in the corresponding section.

1.3 Organization of the thesis

The thesis is organized as follows. Chapter 2 provides an overview of probabilis-
tic modelling and introduces our approach of modelling the user and data as
a joint probabilistic model. Chapter 3 investigates the design of interactions
and reviews different utility functions for selecting the most informative query
to be asked from the user. The fourth chapter revisits the research questions
and summarizes Publications I-V. The thesis concludes with discussions and
suggestions for future directions for probabilistic user modelling.
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2. Probabilistic modelling of data and
user

This chapter provides a brief introduction to probabilistic modelling as the main
statistical framework that is used through the thesis. After some preliminaries,
Section 2.2 reviews the type of linear models that are used in Publications
I-V for prediction. Section 2.3 introduces different types of user interaction
with the linear model and explains how user knowledge about the model can
be incorporated as observational feedback. The computational solutions for
Bayesian inference are reviewed in 2.4.

2.1 Preliminaries

The core idea of probabilistic modelling is to describe all unobserved parameters
and observed data as random variables from probability distributions. The unob-
served parameters include the unknown quantity of interest or other parameters
that affect the data or the quantity of interest. Bayesian inference provides
a powerful framework to fit the described probabilistic model to observational
data [10]. A core feature of Bayesian inference is that it provides probability
distributions as the solution, compared to providing just a value outcome. This
uncertainty quantification is of high interest in cases where few observational
data are available or when the data acquisition scheme is controlled by the
model. Both of these constraints are prominently present in the focused tasks of
this thesis.

The thesis follows the notation of [10] and uses p(.) to denote a probability
distribution and p(. | .) a conditional distribution. Consider the case where
there is a set of observations D = {y1, . . . , yn} that are generated from a model
with an unobserved parameter of interest θ. The observational model for an
observation y describes the conditional density of y given the parameter θ

and is denoted as y ∼ p(y | θ). It is usually assumed that the observations
are conditionally independent given θ, enabling us to write the model for all
observations as p(D | θ) = ∏n

i=1 p(yi | θ). The observational model is called
the likelihood function if perceived as a function of θ with fixed observation y.
One of the core tasks in statistical inference is to estimate the parameter of
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interest θ based on observations D. Bayesian inference answers this question
by computing the conditional distribution of θ given D following the Bayes rule

p(θ |D)= p(D | θ)p(θ)
p(D)

, (2.1)

where p(θ) represents the prior belief about θ and p(D) is called the marginal
likelihood and acts as a normalization factor as it does not depend on θ. The
marginal likelihood can be computed using the marginalization rule, i.e., p(D)=∫
θ p(D,θ)dθ = ∫

θ p(D | θ)p(θ)dθ 1. The conditional distribution p(θ |D) is called
the posterior and it expresses the knowledge (and uncertainty) about θ, after
updating the prior assumptions about θ (represented by p(θ)) with the knowledge
coming from the observations (represented by p(D | θ)).

In many cases, we may be more interested to make a prediction about an un-
known observable data point ỹ rather than the parameter θ. Bayesian inference
allows us to compute the conditional distribution of this unknown observable
data given the observed data points by averaging over the posterior:

p( ỹ |D)=
∫
θ

p( ỹ | θ)p(θ |D)dθ. (2.2)

The conditional distribution p( ỹ |D) is known as the posterior predictive distri-
bution and represents the uncertainty about a potential new observation. An
example usage of this distribution could be when we want to make predictions
about the test data. Since test data are unobserved, we can use posterior predic-
tive distribution as our best guess. However, in many applications, only a value
(and not a distribution) is required as the prediction. This can be handled by
using some statistics of the distribution (for example mean, mode, or median)
as the prediction. Still, the quantified uncertainty in the distribution can be
useful as it provides knowledge about how certain we are about our estimate. In
particular, this uncertainty can help us to design more efficient interaction with
a user, as will be discussed in Section 3.

2.2 Modelling data for prediction

Prediction is one of the core problems in statistical analysis and supervised
machine learning. Given a set of n input and output pairs, called training data,
denoted by D = {(xi, yi)}n

i=1, the goal is to find a mapping from inputs to outputs.
Here, xi = [x1

i , . . . , xd
i ]� ∈Rd is a d-dimensional column vector representing the

values of the ith data point2. The dimensions are commonly called features,
covariates, or attributes. The corresponding response (or target) variable to xi

is denoted by yi, which may take different forms depending on the underlying

1The integral turns to summation for discrete θ.
2We generally use bold font to refer to vectors, subscripts to index an specific item (e.g,
one particular observation out of several), and superscripts to refer to dimensions of a
variable.
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problem. In this thesis, we consider regression tasks, meaning that we model
response variables by real values, i.e., yi ∈R. The problem is called classification
in supervised learning if the response variable is restricted to a set of discrete
classes represented by a categorical variable.

2.2.1 Bayesian linear regression

A well-studied and widely practical type of regression, known as linear regres-
sion, assumes that the relationship between all inputs and their corresponding
response variables is linear. This relationship can be described as

yi =
d∑

j=1

x j
i wj +εi = x�

i w+εi, i = 1, . . . ,n, (2.3)

where w ∈Rd is the vector of regression coefficients or the model’s weights and
εi is the residual error between the linear prediction x�

i w and the response
value yi. Given the labeled data D, a commonly used error function to measure
the goodness of a weight vector w is the sum of squared of residual errors∑n

i=1(x�
i w− yi)2. By stacking the inputs in X = [x1, . . . , xn]� ∈Rn×d and outputs

in y = [y1, . . . , yn]� ∈ Rn the error can be expressed in vector format as (Xw−
y)�(Xw− y). One can directly find a point estimate for w that minimizes this
error (also known as least squares solution). It is straightforward to show that
ŵ = (X�X )−1X�y would be such point estimate solution given that (X�X )−1 is
invertible.

However, as mentioned, we are interested in directly quantifying the uncer-
tainty of the solution. The probabilistic way to model this problem is to explicitly
describe the model assumptions (likelihood and priors) as probability distri-
butions. In linear regression, the residual errors εi and the weights w are
modelled as random variables and the inputs xi as vector of values that are
given. A customary assumption is to model the residual errors as independent
zero-mean Gaussian random variables εi ∼ N(0,σ2), where σ2 is the variance
of the Gaussian distribution which indicates the residual error tolerance for
observations. It is common to also model σ2 as another random variable with
its own distribution assumptions, however, for now we consider it to be a fixed
hyperparameter for simplicity. The unknown quantity of interest in the linear
model is the regression coefficients. To complete the Bayesian inference loop,
we need to consider a prior distribution on w. There are many ways to do this
depending on the underlying task. One simple prior could be to assume that
coefficients are independent and each come from a zero-mean Gaussian distribu-
tion, encouraging the weights to be close to zero. This simple Bayesian linear
regression can be described by

y∼N(Xw,σ2 I), (2.4)

w∼N(0,τ2 I),
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where τ2 is the variance of the weights and I is the identity matrix. For simplicity
we assume that τ2 is also a fixed hyperparameter. Therefore, the only unobserved
parameters of this model is w. The Bayes’s theorem allows us to derive the
posterior for w as3

p(w |D)= p(D | w)p(w)
p(D)

= N(y | Xw,σ2 I)N(w | 0,τ2 I))
p(D)

. (2.5)

Generally, the posterior in many problems cannot be analytically derived (we
will discuss this issue more in Section 2.4). For this simple model, however, an
analytical solution is available. We will go through the steps of the posterior
inference for this model since a variation of it was used in Publication I. Before
starting, it would be useful to note that a multivariate Gaussian distribution
can be expressed by its mean vector μ ∈Rd and covariance matrix Σ ∈Rd×d as

N(w |μ,Σ)∝ exp
(
−1

2
(w−μ)�Σ−1(w−μ)

)

∝ exp
(
−1

2
w�Σ−1w+w�Σ−1μ

)
, (2.6)

after dropping all the terms that are constant with respect to w.
To derive the posterior, we follow Equation 2.5

p(w |D)∝ exp
( −1

2σ2 (y−Xw)�(y− Xw)
)

exp(
−1
2τ2 w�w)

∝ exp
( −1

2σ2 (y�y−2w�X�y+w�X�Xw)+ −1
2τ2 w�w

)

∝ exp
(
σ−2w�X�y− 1

2
w�(σ−2X�X +τ−2 I)w

)
(2.7)

where we dropped p(D) and all the other terms which were constant with respect
to w. Equation 2.7 has the same form to Equation 2.6 (with respect to w) and
therefore is proportional to a multivariate Gaussian distribution. This relation
shows that the posterior should be multivariate Gaussian, as both equations
should integrate to one, and thus its parameters can be found by matching
the terms of the two equations as Σ−1 = (σ−2X�X +τ−2 I) and Σ−1μ=σ−2X�y.
Finally, the posterior of our simple linear regression can be described as

p(w |D)=N(w |μ,Σ),where (2.8)

Σ−1 = (σ−2X�X +τ−2 I),

μ=Σσ−2X�y.

This simple Bayesian regression is used as the underlying data model in
Publication I. It is interesting to compare the posterior distribution with the

3We generally use the notation w ∼ N(0,τ2 I) to denote the random variable w and
N(w | 0,τ2 I) to refer to the density function.
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mentioned least squares solution ŵ = (X�X )−1X�y. For this purpose, the
posterior needs to be summarized as a point. Maximum a posteriori (MAP) is a
point estimate which represents the value in the posterior that has the highest
density. For multivariate Gaussian distributions, this would be equal to the
mean, which after some rearrangement, can be described as ŵMAP = (X�X +
σ2

τ2 I)−1(X�y). Comparing the mean of the posterior with the least squares
solution indicates that the two estimates are very similar with the only difference
that the MAP estimate has the added term σ2

τ2 I. This term is a direct outcome of
our assumptions for the prior of the model which was not present in our simple
problem formulation in Equation 2.3. This term can also be interpreted as a
regularization parameter that controls the variance of weights. The designer of
the model may want to consider different types of regularization or constraints
in the model, which in probabilistic modelling is usually done by incorporating
them in the prior distribution. Such problems may not have an analytical
posterior available. We will consider two more complex models in the following
subsections.

Sparsity-inducing priors
In many prediction problems, in particular those that require human interven-
tion, the number of available training data is smaller than dimensions of the
problem. If not regularized properly, a model trained in this setting may overfit
to the training data (achieving very low training error) while not being able to
generalize properly to unobserved data (high test data error). One way to tackle
this challenge is to directly regularize the model parameters so that they would
not have the flexibility to overfit to the observed data. The regularization can be
done by adding penalty terms, for example l1 norms of the weights, to the error
function in the non-Bayesian models with the general idea of pushing weights
that are not useful toward zero (see Lasso [4]). In probabilistic modelling, we
can achieve the same goal by selecting sparsity-inducing priors.

There are different priors that encourage sparsity which can be categorized
to two general groups of mixture priors, such as spike-and-slab prior [11], and
continuous shrinkage priors, such as horseshoe [12] and Laplace [13] priors.
The core idea of these priors is that their densities for coefficients peak at zero
but at the same time have good amount of probability mass in non-zero values.
In this thesis we consider the spike-and-slab prior as it introduces a binary
latent variable that explicitly indicates whether a coefficient should be non-zero
or zero (relevant and not-relevant groups). As will be shown in Section 2.3.1,
this explicit distinction between variables makes the inclusion of different user
feedback models straightforward.

The linear regression model with sparsity-inducing spike-and-slab prior on
coefficients w can be described as

y∼N(Xw,σ2 I), (2.9)
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σ−2 ∼Gamma(ασ,βσ),

wj ∼ γ j N(0,τ2)+ (1−γ j)δ0, j = 1, . . . ,d,

γ j ∼Bernoulli(ρ), j = 1, . . . ,d,

where δ0 is a Dirac delta point mass at zero, and γ j is the binary variable that
indicates whether the corresponding coefficient wj should be excluded from the
model (if γ j = 0, then wj = 0) or should it be addressed as a normal variable
(if γ j = 1, then wj ∼ N(0,τ2)). As we are also interested in the behaviour of
γ js, we considered a Bernoulli prior distribution on all of them with the prior
inclusion probability ρ that controls the expected number of non-zero covariates.
Unlike the simple model 2.4, here we considered σ2 as an unknown parameter
and assumed a prior distribution for it. For the three unobserved parameters
w, γ (as a vector of all γ js), and σ2, the posterior can be derived following the
Bayes rule p(w,γ,σ2 |D)= p(D|w,σ2)p(w|γ)p(σ2)p(γ)

p(D) . The hyperparameters ασ, βσ,
τ, and ρ should be tuned and fixed by cross-validation; Publication III gives an
example of further considering prior distributions on τ and ρ and tuning the
hyperparameters of the hyperpriors by cross-validation.

The posterior does not have an analytical solution. We will discuss different
methods to compute the posterior of these types of problems in Section 2.4.
The spike-and-slab sparsity-inducing model [11] is used as the underlying data
model in Publication II, III, and IV.

Detecting outliers
In regression, there may be observations that have response values substan-
tially different from those of other data. These highly noisy observations, called
outliers, can considerably affect the results if not accounted for properly. A
Bayesian way to handle this is to consider a different variance for the residual
error of each observation [14, 15]. This can be implemented by changing the
observational model from yi ∼N(x�

i w,σ2), where there was a global parameter
σ2 for the variance of all observations, to yi ∼ N(x�

i w, σ
2

νi
), where the new pa-

rameter νi controls the noise variance per observation. As νi is an unobserved
parameter, we consider an appropriate prior distribution for it. The model is
described as

yi ∼N(x�
i w,

σ2

νi
), i = 1, . . . ,n, (2.10)

νi ∼Gamma(αν,βν), i = 1, . . . ,n,

σ−2 ∼Gamma(ασ,βσ),

w∼N(0,τ2 I),

where αν, βν, ασ, βσ, and τ2 are fixed hyperparameters and n is the number
of observations. For the unobserved parameters w, σ2, and ν (as a vector of all
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νis), the posterior does not have an analytical solution and can be written as

p(w,ν,σ2 |D)= p(D | w,σ2,ν)p(w)p(σ2)p(ν)
p(D)

. (2.11)

In Publication V, we considered the task where some of the response variables
were generated from neurophysiological signals of a human user, which are
known to be very noisy. A variation of the mentioned model was employed to
handle the potential outliers in the data.

2.3 Modelling user interaction for prediction

A core idea in the thesis is to model user interaction with probabilistic models as
observational data about the model. We use feedback to refer to all data provided
by the user during the interaction. These feedbacks, like normal data, can be tied
to the model parameters via conditional distributions, which we call feedback
models. The posterior inference can then learn the unobserved parameters
given data observations (as introduced in the previous section) and feedback
observations (which will be discussed in this section). The feedback models are
used to incorporate the user knowledge into the regression models introduced in
the previous section. The following subsections explain the proposed feedback
models in Publications I-V and their relations to the probabilistic models.

2.3.1 User feedback as observation about model parameters

Publications II and III target the case where the user has knowledge about
the importance of variables of regression models and can provide feedback if
queried. As mentioned, we consider high-dimensional scenarios where few data
points are available. An example task could be a drug response prediction given
genomic features of patients [16]. The genomic features may exceed thousands
of variables, but only a small number of patient data might be available and
it may not be possible (or might be too expensive) to add new data, which
make the prediction task challenging. Fortunately, experts in the field may
have experience or knowledge from literature about which features, and in
what ways, are relevant for this prediction task. If suitably accounted for,
the expert knowledge can help the prediction performance. Another potential
scenario, which is more artificial but suitable for this study, is the sentiment
prediction problem [17] in cases where only few texts (e.g., textual reviews
of items) with known sentiments (e.g., score of the review) are available. A
classical representation of textual data known as bag-of-words, considers each
data as a vector of distinct words where the feature value indicates the number
of appearance of each word in the text4. Humans have intuitions about how

4It is also common to represent textual data in dense forms such as word2vec (see for
example [18]). We use bag-of-words due to interpretability of the features.
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Figure 2.1. Plate notation of the prediction model (Equation 2.9) and user feedback observations
(Equations 2.12, 2.13, and 2.14). User provides informative feedback about the model
parameters, with the informativeness specified by the dependency assumptions in
the figure. Circles represent variables (observed variables are shaded), and shaded
squares are the fixed hyperparameters.

individual words may be related to the sentiment (e.g., appearance of the word
"awful" in a review may indicate low review score). Our goal is to design
probabilistic models that can receive these types of expert knowledge, alongside
the training data, to boost the prediction performance.

We consider the linear regression model with sparsity-inducing spike-and-slab
prior on coefficients introduced in Equation 2.9 as the underlying data model.
The type of feedback naturally depends on the task and availability of user
knowledge. We consider three simple and natural types of user interaction with
the model:

• The user can provide feedback about the value of coefficients

f j
val ∼N(wj,ω2), (2.12)

where ω2 models the variance of error in user feedback (noise of the feedback).
Knowledge about the value of coefficients is very powerful, however, only
available in some specific applications (e.g., exploiting similar trained models
or reported coefficient values in related literature).

• The user can provide feedback about whether a coefficient should be included
or excluded from the model

f j
rel ∼ γ j Bernoulli(πrel)+ (1−γ j),Bernoulli(1−πrel). (2.13)

where πrel indicates the probability that the user is correct about the feed-
back. This relevant f j

rel = 1 (or not-relevant f j
rel = 0) feedback is a simple and

intuitive form of knowledge that a user may have about a regression task.

20



Probabilistic modelling of data and user

• The user can provide feedback about the direction of relevance of a coefficient,
i.e., whether a feature is positively or negatively correlated with the response
variable

f j
dir ∼ I(wj ≥ 0)Bernoulli(πdir)+ I(wj < 0)Bernoulli(1−πdir), (2.14)

where wj is the weight of the jth coefficient and πdir indicates the probability
that the user is correct about the feedback. Feedback about positive correlation
of feature j is coded as f j

dir = 1 and negative correlation as f j
dir = 0.

Connection between the three mentioned feedback models with the data model
(Equation 2.9) is shown as a plate diagram in Figure 2.1. In Publication II,
the probabilities that the user is correct about the feedback (πdir and πrel) are
considered as fixed hyperparameters that can be set based on the user’s expertise
level. Alternatively, in Publication III, we considered prior distributions for them,
allowing the model to determine the expertise level. The full posterior of the
unknown parameters given data observations and the user feedback can be
described as

p(w,γ,σ2 |D,F )= p(D | w,σ2)p(Fval | w)p(Frel |γ)p(Fdir | w)p(w |γ)p(σ2)p(γ)
p(D,F )

,

(2.15)
where Fval , Frel , and Fdir are the sets of collected feedback corresponding to
the three considered feedback types and F = (Fval ,Frel ,Fdir). The posterior
inference is discussed in Section 2.4.

Related works
The proposed feedback models act as communication channels to transfer ex-
pert’s knowledge to the unknown parameters of the model in an intuitive way.
Classical prior elicitation (see for example [7, 19]) aims at eliciting a distribution
to represent the expert’s knowledge by asking about summary information such
as quantiles of the parameters. This is done through iterations between the
experts familiar with the data and statisticians who design the model. Our work
goes beyond pure elicitation as it directly connects the expert to the probabilistic
model, without the need for the statistician. Furthermore, much of the work on
elicitation has been designed to maximize accuracy of the prior knowledge, while
a focus of our approach is in efficiency of collecting it. By exploiting the training
data and available feedback, the probabilistic model can facilitate the interaction
with the expert by asking the most important questions first (interaction design
will be discussed in Section 3).

We have considered three intuitive types of feedback models. The experiments
in Publication II and III, unsurprisingly, suggest that more detailed feedback
types result in higher improvements. In other words, feedback about the value of
the coefficient provides greater improvement than the directional feedback which
itself provides higher improvement than include/exclude feedback type. However,
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depending on the application, expert knowledge about complex feedback types
might not be available. A different type of feedback is the case where user has
knowledge about pairwise similarity of features with respect to the response
variable (i.e., asking the user about which pairs of features affect the prediction
output similarly) which has been investigated in [20, 21]. A large body of works
have studied the exclusion/inclusion of features (also known as feature selection
[22]) in different contexts, for classification [23, 24, 25], and regression [26]. The
previous approaches are different to ours from the modelling point of view (as
we jointly model the data and user and also investigate a sparse model), the type
of feedback, algorithmic solution for real-time performance (will be discussed in
Section 2.4), and most importantly, the design of interaction between the data
model and the user model (will be discussed in Section 3).

The feedback models introduced in this section are designed for one expert.
The multi-expert extension is left as a future work. Other than the challenge for
modelling the differences between the experts (such as the probability that the
expert is correct about the feedback), the sequential interaction design would
also introduce new challenges (such as selecting both the query and the expert
to ask the question from).

2.3.2 User feedback as outcome of a cognitive process

The feedback models proposed in the previous section consider the user as a
passive data provider which is not influenced by the interaction. However,
humans are active agents which constantly update their knowledge from the
interaction. Publication IV investigates a similar knowledge elicitation task to
the previous section, but aims at accounting for rational process that humans
may undergo during the interaction to produce the feedback. In other words, we
will define an active feedback model that accounts for the cognitive process of
the user, allowing to gain more information from just a simple feedback.

In many interaction scenarios, such as a visual analytic task or human-in-
the-loop machine learning systems, certain aspects of the training data, such
as statistics or outputs of the machine learning method, may be revealed to
the user [27, 28, 20, 29, 30, 31, 32, 33, 34, 26]. This is mainly done to provide
information about important characteristics of the data to improve decision
making or to guide the user to facilitate the interaction. For example, in the
mentioned knowledge elicitation tasks, the system may first show what it has
learned about the coefficients of the linear model from the training data and then
ask for user feedback about the same coefficients. This type interaction is prone
to overfitting, as the user feedback may not be independent of the knowledge
in the training data, while the machine learning methods commonly assume
independence between data and user input. Studies in cognitive science have
shown that humans are unintentionally biased toward the pieces of information
provided for them [35, 19]. We propose a user model that accounts for such
bias. In other words, the user model assumes that the user is rational, in a
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Figure 2.2. Plate notation of the prediction model (see Equation 2.9) and user model for feedback.
The observed user feedback about the probability of relevance of the jth coefficient,
p(γ j | D, f j), is generated from combination of latent user knowledge about the
coefficient, i.e., p( f j | γ j), and information visualized from the data model about
probability of relevance of the coefficient, i.e., p(γ j |D). The user latent knowledge is
needed to update the parameters of interest in the data model.

simple Bayesian sense [36], and combines the information presented with her
knowledge, and then provides the feedback. The user model can then undo the
bias in the feedback by performing the inverse of the same rational update.

In particular, we consider the case where the user provides feedback about
the probability of relevance of a coefficient. The belief of the model (based on
training data alone) about the probability of relevance of the coefficient, i.e.,
marginal posterior probability p(γ j |D), is visualized for the user. We make the
assumption that the user is rational in combining the visualized information
from data with her latent knowledge. The reported feedback is then from
the updated knowledge which is partially dependent to the information in the
training data. The model should consider this while inferring the posterior of
the parameters of interest given the user feedback.

We assume that the user combines her latent knowledge about the probability
of relevance of the jth coefficient, i.e., p( f j | γ j = 1), with the revealed information
from the training data, i.e., p(γ j = 1 |D), following a Bayesian update

p(γ j = 1 |D, f j)∝ p( f j | γ j = 1)p(γ j = 1 |D), (2.16)

and provides as feedback the resulting posterior p(γ j = 1 | D, f j). The latent
feedback model can be represented as p( f j | γ j)=π jγ j + (1−π j)(1−γ j), with π j

being the likelihood for latent feedback when γ j = 1. By doing the inverse of the
Bayesian update in 2.16, we can infer π j as:

p( f j | γ j = 1)=π j ∝ p(γ j = 1 |D, f j)
p(γ j = 1 |D)

. (2.17)

Note that the numerator in 2.17 is the observed feedback from the user and
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the denominator is the model’s posterior from the training data, which both are
available. We can then use the inferred user feedback p( f j | γ j), instead of the
observed one, to update the posterior for the parameters of interest. Figure 2.2
depicts a schematic of the data and user model for this problem. Publication IV
shows, in a user study, that the prediction performance in a simple sentiment
analysis task can be improved if the user model accounts for the rational updates
that the user may undergo.

Related works
Human belief updates or biases in interactive tools have been discussed in prior
elicitation [19] and visual analytics [37] fields. In particular, [19] reviews the
common human biases from psychological literature and provides guidelines
for how to reliably extract expert knowledge about uncertain quantities. In an
interactive system implemented in [37], the authors proposed a framework for
measuring biases in visual analytics tools and investigated how to inform the
user of potential biases. We see these biases as artifacts of the bounded rational-
ity of the user. Our work is fundamentally different as we are not limiting (by
following a guideline) or interrupting (by showing a warning) the interaction,
but rather, acknowledge the presence of such cognitive characteristics and allow
the user model, as part of the system, to account for those.

Users are indeed bounded-rational, and many everyday human judgements
and decisions can roughly be modelled as Bayesian belief updates [38]. In our
proof-of-the-concept experiment, we modelled the users as simplified Bayesian
rational agents. However, the way users update their knowledge can be different
from person to person and in different conditions [39]. Designing more elaborate
user models that acknowledge the diversity of users is left as a future direction.

2.3.3 User feedback for intent modelling

Intent modelling describes the task of learning the hidden intent or interest
of a user on a set of items, based on user interaction with those items. Unlike
the previous mentioned scenarios where the user interaction was used as com-
plementary information to the training data, in Publication I and V the only
source of information about the parameter of interest, here intent, is the user
feedback. An important instance of this scenario is the interactive personalized
search system where in each iteration the system recommends items and the
user provides feedback regarding relevance of recommendations. The goal is
not just to better predict relevance of items for the user but also to find the
most relevant item with minimal interaction. In this section, we discuss the
probabilistic modelling of this task and later in Section 3.2 discuss how to design
the interaction so that the most relevant item can be learned as fast as possible.

Consider the case where a user is searching for scientific documents by form-
ing a query with keywords. The user might be uncertain about the targeted
document or how to express it as keywords, however, for a recommended doc-
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ument, the user can assess its relevance. This information seeking task is
usually performed in several iterations starting with an initial query, assessing
the recommended results, and modifying the query with the goal of getting
better results. This type of information seeking, with the user being uncertain
about her information need, is known as exploratory search [40, 41] and covers
around half of search behaviours of users [42] (see [43] for in depth review for
exploratory and standard lookup search).

The main bottlenecks of such search systems are that (i) the amount of user
feedback gathered on items is very limited compared to the size of the set of all
items, and (ii) the users are reluctant to assess more than a few recommended
items. To tackle these challenges, Publication I exploits the relationship be-
tween documents and their keywords and defines feedback likelihoods on both
keywords and documents, providing more flexibility for the user to express her
intent. Publication V investigates the modelling of noisy implicit, but effortless,
feedback generated from brain activity measured through electroencephalogra-
phy (EEG) and eye movements.

Formally, the user intent is a relevance profile of all items for the targeted goal.
In the document search example mentioned above, the intent can be defined as
an unknown function that maps all the keywords and documents to real values,
indicating the relevance of each item for the user. Due to receiving limited
feedback from the user, it is reasonable to use a simple linear model to represent
the intent function. The relation of user feedback on keywords to the intent can
be expressed as:

f kw
i ∼N(x�

i w,σ2
kw), (2.18)

where w represents the hidden intent and σ2
kw models the noise of the keyword

feedback. The keywords are represented in the keyword-document matrix
X ∈Rk×d where the element (i, j) describes weighting of keyword i (out of k total
keywords) in document j (out of d total documents), and x�

i indicates the ith row
of the matrix. The values of the keyword-document matrix can be represented
by the number of appearances of a keyword in a document or other commonly
used statistics such as term frequency–inverse document frequency.

Intent modelling for document search has previously done at the keyword
level [44] following 2.18. However, in this work we are also interested to tie the
intent over keywords to documents. We make the simplifying assumption that
the expected relevance of a document can be represented as a weighted sum of
the expected relevance of keywords that appear in it

E[ f doc
j ]=

k∑
i=1

p(i| j)E[ f kw
i ], (2.19)

where f doc
j indicates the relevance of the jth document, E[.] denotes the expected

value and p(i| j) is the probability of the ith keyword being present in the jth
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Figure 2.3. Plate notation of the intent modelling from feedback on recommended documents
and keywords. The feature transformations are not shown. The feature vector for
the ith keyword (shown as xi) is the ith column of the keyword-document matrix
X�, and for the jth document (shown as x j) is the jth column of X� X̂ .

document. The probability p(i| j) is not available but can be approximated by
normalizing X such that its columns sum up to one. Denoting the resulting
matrix as X̂ , writing Equation 2.19 in vector format, and following 2.18, the
feedback for relevance of documents can be described as

Fdoc ∼N(X̂�Xw,σ2
doc I), (2.20)

where Fdoc = [ f doc
1 , . . . , f doc

d ]� is the vector representation of relevance feedback
for all documents, and σ2

doc models the noise of the document feedback.
Given user feedback on keywords and documents, the posterior of the hidden

intent can be learned by assuming a Gaussian prior on the intent weights, i.e.,
w∼N(0,τ2 I). As both likelihoods follow a Gaussian distribution, the posterior
has a closed form solution and can be derived following the same derivations as
the simple linear model in 2.8. The hyperparameters of the model (τ2, σdoc, and
σkw) should be tuned and fixed during a piloting phase. Figure 2.3 illustrates
the schematic of user feedback models and its connection to the latent intent.

Implicit feedback model
The proposed model is simple as the noise of feedback is assumed to be known
and the only unknown parameter is the intent vector w. As mentioned, we are
interested to consider feedbacks from implicit sources such as neurophysiological
signals gathered from brain activity. These types of implicit feedback require
no physical effort from the user, but at the same time are extremely noisy. To
exploit this noisy source of feedback along with accurate explicit feedback, we
endow the model to decide on the variance of each feedback observation by using
the outliers detection model introduced in 2.10.
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Figure 2.4. Plate notation of the intent modelling from explicit feedback on recommended docu-
ments and noisy, implicit feedback on recommended keywords. The model is based
on 2.10 with the feedbacks likelihoods following 2.21 for keywords and 2.20 for
documents.

For simplicity, let’s assume that only the keyword feedback is generated from
an implicit source (it is straightforward to consider an implicit feedback source
for documents or to consider both explicit and implicit feedback for keywords or
documents). The implicit feedback likelihood for keywords can be expressed as

f kw
i ∼N(x�

i w,
σ2

kw
νi

), (2.21)

where the parameters follow the model 2.10. The model can then infer the
accuracy of each feedback, denoted by νi, based on the observed feedbacks. The
full model for the case of availability of explicit feedback on documents and
implicit feedback on keywords is depicted in Figure 2.4. The resulting posterior
is analytically intractable.

Related works
Intent modelling for personalized document search has been studied in [45, 6, 44].
These works are different to ours as they only define the intent on keywords and
use it as an input to a separate retrieval model based on a standard language
model, to retrieve ranked documents. We have proposed a natural document
likelihood that connects the documents to the intent model which allows the
model to directly rank the documents and also to gather user feedback on them.
The user’s task was to search for documents to write an essay about a given
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computer science topic. They were instructed to bookmark the documents that
they think are relevant to the topic. The user interface visualizes the top relevant
keywords, suggested by the intent model, on a radar-like interface (borrowed
from [45]) where the distance to the center for each keyword is proportional to the
predicted relevance in the intent model. The user can provide explicit feedback
by dragging a keyword toward the center (indicating positive relevance) or
further away from the center (indicating negative feedback). The recommended
documents are presented in a list interface. We considered click on a document
(to read the document) and setting bookmarks as positive explicit feedback on
the documents.

The extraction of implicit relevance feedback from physiological and neuro-
physiological signals has also been investigated in previous works [46, 47], but
few have attempted to integrate it in a fully integrated information retrieval
system as in our work.

We considered the user intent as an unknown, but fixed, parameter. In other
words, while trying to learn the intent, the model assumes that the intent will
not change during the interaction. Non-stationary user intent is beyond the
scope of this work; however, a natural extension could be to add a time dependent
parameter in the feedback likelihood 2.21 to increase the variance of earlier
feedbacks.

2.4 Posterior inference

Other than simple models (like the linear regression model introduced in 2.8),
the models proposed in this thesis do not have a closed-form posterior and pos-
terior predictive distributions. For low-dimensional unknown parameters, it
is still practical to approximate the posterior distribution by simulation meth-
ods such as numerical computation on grids or Monte Carlo simulations (see
[10, Chapter 10] for a review). However, as mentioned, we are interested in
high-dimensional problems (e.g., sentiment analysis and search with textual
data, or drug response prediction with genomic data), where simple simulation
methods cannot scale well due to the curse of dimensionality, i.e., the number
of evaluations grows exponentially with respect to the dimension. There are
two general families of methods to approach such intractable posteriors, namely
Markov chain simulation and deterministic posterior approximation methods.

Markov chain simulation methods
Markov chain simulation methods are general methods to draw samples from
the target posterior, i.e., θs ∼ p(θ | D), by starting from an initial sample in
the parameter space and sequentially updating the samples toward the target
posterior distribution. The updating rule to create the sequence of dependent
samples follows the Markov property, i.e., the updating rule to get to θt+1 at
time t+1 only depends on the previous sample θt, and not the whole chain. It
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can be shown, under some assumptions for the updating rule and the Markov
chain, that by increasing the chain length toward infinity, the last sample in the
chain would be a sample from the target distribution [10, Chapter 11]. Recent
advances in Markov chain simulation methods have resulted in probabilistic
programming languages, such as Stan [48] and Pyro [49], that make the com-
putation of Bayesian inference straightforward for end users. The user of such
software needs to declare the model as a set of distribution assumptions, and
the probabilistic programming language performs the inference by providing
samples from the posterior. For example see [50] for a step-by-step guides to
do Bayesian modelling and inference using Stan. The posterior samples can be
used to compute predictive distributions, summaries (such as expected values
or other estimates), or utilities for decision making. A bottleneck of iterative
simulation methods is that they can sometimes be slow. This is particularly im-
portant in the works investigated in this thesis, as all of them require real-time
performance with a user.

Deterministic posterior approximation
The idea of deterministic approximation methods is to approximate the target
distribution, such as posterior distribution p(θ |D), with a simpler distribution
q(θ) (e.g., from the exponential family), i.e., p(θ | D) ≈ q(θ). The resulting
approximation does not fully represent the target distribution; however, in
many cases it can be efficient or accurate enough for the targeted task. There
are different ways, e.g., different objective functions or assumptions about the
approximated distribution, to perform the approximation. Here we briefly review
the methods that have been employed in this thesis.

Variational Bayes (VB) [51] considers q(θ) from a tractable family and refines
it to be similar to the target by minimizing the Kullback–Leibler (KL) diver-
gence between the approximation and the posterior. KL-divergence is a popular
asymmetric measure of how two distributions are different from each other. For

continuous θ it is defined as5 KL[q(θ) ‖ p(θ | D)] def= ∫
q(θ) log

q(θ)
p(θ |D)

dθ. This

objective is intractable as it requires the computation of the marginal likeli-

hood log p(D). Considering p(θ | D) = p(θ,D)
p(D)

, the objective can be written as

KL[q(θ) ‖ p(θ |D)]= log p(D)−∫ q(θ) log
p(θ,D)

q(θ)
dθ. Since KL is non-negative and

log p(D) is constant with respect to θ, the minimization of the KL-divergence

would be equivalent to maximizing L(q(θ))= ∫
q(θ) log

p(θ,D)
q(θ)

dθ. By an appro-

priate choice for the model family of q(θ), the maximization of L(q(θ)), also
known as evidence lower bound, becomes tractable (unlike the initial objec-
tive). In particular, by assuming q(θ) to factorize into independent parts as
q(θ)=∏m

j=1 q(θ j), where θ1, . . . ,θm are the partitions of θ, a general expression
for optimal q(θ j), that maximizes L(q(θ)), can be achieved. This approxima-

5For discrete θ the integral turns to summation.
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tion is known as the mean-field VB approximation which is implemented by
iteratively updating the approximated factors [52, Chapter 10].

Mean-field VB was used in Publication V for the posterior approximation
(Equation 2.11) and for the approximation of the residual variance in the sparse
linear model used in Publication II, III, and IV (σ2 in Equation 2.15).

Expectation propagation (EP) [53] considers the problem of finding q(θ) that
minimizes the KL-divergence between the posterior and the approximation,
i.e., KL[p(θ |D) ‖ q(θ)]. EP differs from mean-field VB from the objective func-
tion point of view, as the inputs of KL-divergence are reversed, and also in
the algorithmic solution of how it is computed. EP is suitable for approximat-
ing posteriors that can be written in the product form p(θ | D) =∏

j t j(θ) (for
example the posterior in 2.15 can be viewed as product of seven terms). It
it is sensible to consider the same structure for the approximated posterior
q(θ)=∏

j t̃ j(θ). As the minimization of the mentioned global KL-divergence is
difficult, EP instead minimizes site-specific KL-divergences. In other words, EP
approximates each term t j(θ) in the posterior by a simpler exponential family
form t̃ j(θ) such that

∏
j t j(θ)≈∏

j t̃ j(θ). Since the exponential family is closed
under products, q(θ) also follows a simple and tractable exponential form. To
optimize the terms, EP iteratively refines the parameters of t̃ j(θ) to minimize
KL[t j(θ)q\ j(θ) ‖ t̃ j(θ)q\ j(θ)], where q\ j(θ) denotes the approximated posterior
after removing the jth term, i.e., q\ j(θ) ∝ q(θ)

t̃ j(θ) . This is optimized by matching

the sufficient statistics of t j(θ)q\ j(θ) with those of t̃ j(θ)q\ j(θ). After refining each
t̃ j(θ), an updated approximation is achieved as q(θ) ∝ q\ j(θ)t̃ j(θ). This step is
repeated until convergence of all the terms. [54, 55, 56]

EP can provide a good estimate to uncertainty, e.g., in approximation for the
posterior covariance of the weights in the linear model [54]. This uncertainty
quantification is desirable for designing interaction with a user (experimental
design methods; see Section 3.1). Furthermore, for sequential interaction, the
inference can be sped up by only performing few iterations of parameter updates,
instead of waiting for full convergence, as suggested in [13]. EP was used in
Publications II, III, and IV for fast approximation of the posterior of the sparse
linear regression model with data and feedback observations (Equation 2.15).
The regression weights (w) were approximated by a multivariate Gaussian
distribution resulting in Gaussian posterior predictive distributions, which is
desirable for fast computation of the experimental design utility (see Section
3.1).
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3. User interaction with the probabilistic
model

The previous chapter introduced how the user input to a high-dimensional
probabilistic model can jointly be modelled with observational data and how
the resulting probabilistic inference can be computed. However, the number
of possible feedbacks that a human user can provide is usually limited due to
the user’s reluctance, e.g., in personalized system the user is usually willing to
provide only a couple of feedback, or the time and workload constraints, as there
is usually the possibility of providing feedback on thousands of items. To reduce
the burden of the user and to reach the target faster, the interaction with the
probabilistic model needs to be carefully designed.

We consider a sequential interaction scenario where at each iteration the
probabilistic model selects the next query and the user provides the feedback.
The design of the query should be based on the history of observed feedbacks
(along with training data, if available) and target of the interaction. Figure
3.1 depicts a schematic of this interaction. The key components of such an
interactive system can be summarized as

1. A data observation model p(D |θ,φD), where the data are in the form D =
{(xi, yi)}n

i=1, θ is the unknown parameter of interest, and φD are model param-
eters related to data model. The observational data may not be available in
some applications (see Section 2.2).

2. A user feedback model p( f | θ,φF ), where φF are model parameters related to
the user model (see Section 2.3).

3. A prior p(θ,φD ,φF ) for the hierarchical model description. The data and user
model are connected through the shared latent parameter θ.

4. A query algorithm that facilitates gathering feedback f iteratively from the
user (will be discussed in this section).

5. Bayesian inference for updating the model after user interaction (see Section
2.4).
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Model p

Data D (if available)

p(θ |D) p(θ |D, f1) p(θ |D, f1, f2)

Query 1, f1 Query 2, f2

User

Figure 3.1. Sequential interaction with the user. The probabilistic model uses the history of
interaction (and training data, if available) to query the next question from the user
and the user provides the corresponding feedback. For brevity, the user and data
parameters, φD and φF , are omitted from the posterior. See the text for explanation
of the notation. The figure is adapted from Publication II.

This chapter studies two general families of query algorithms for interaction
with the user. A query is a request for information, in the form of feedback, from
the user. Section 3.1 aims at designing a query that maximizes the predictive
performance of a probabilistic model. Section 3.2 reviews methods for finding
the most relevant (rewarding) query with the minimum number of interactions
with the user.

3.1 Sequential experimental design

In many problems, performing new experiments is expensive. Sequential exper-
imental design [57, 13, 58] (sometimes referred to as active learning [58]) is a
family of methods that allows the model to select the next experiment that would
potentially improve the model with respect to a utility measure. In the context
of machine learning, the experiments are in the data domain where we want to
actively select the best training data for the model. The data selection matters
as the data labeling might be expensive or slow and it may require some forms
of human intervention (e.g., identifying objects in a picture, flagging an email
as spam/no-spam, assessing the sentiment of a text). Bayesian approaches for
experimental design enable us to take full advantage of the model uncertainty
but require higher computational time and are more difficult to implement
compared to non-Bayesian methods [13].

In Section 2.3.1, we considered the interactions at a novel level where the user
could provide feedback about model parameters, such as direction of relevance
of features. Here we explain how sequential experimental design for such
interaction can be designed.

Given the training data D and the history of user interactions F , the aim of
our work is to improve prediction on a potential new data such as (x̃, ỹ). This
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utility is expressed by the posterior predictive distribution,

p( ỹ | x̃,D,F )=
∫
θ

p( ỹ | x̃,θ)p(θ |D,F )dθ, (3.1)

where ỹ is the unobserved response variable and x̃ is the corresponding feature
vector. The potential hyperparameters for user and data models (φ f and φD)
are omitted for brevity. The goal of interaction is to query the user such that
the corresponding user response would maximally improve the above predictive
distribution. The queries are asked about the feature as explained in Section
2.3.1.

There are different utility functions, which are usually based on Shannon’s
entropy, to measure the gain in information after receiving the new observation
[59]. Here, the improvement is measured by comparing the posterior predictive
distribution after and before receiving the feedback, using KL-divergence, i.e.,
KL[p( ỹ | x̃,D,F , f j) ‖ p( ỹ |, x̃,D,F )], where f j is the user feedback after query-
ing feature j. This utility is known as the information gain and it measures
the impact of the new feedback on the posterior predictive distribution of the
data. Information gain cannot be computed as (i) the unobserved data (x̃, ỹ)
is not usually available, and (ii) the user feedback f j is observed only after
querying j from the user. Rather than computing the utility on unobserved
data, we use the available training data set. Furthermore, unobserved feed-
back can be handled by computing the expected feedback that the user may
provide after the query. This expectation would be taken with respect to the
posterior predictive distribution of user feedback which is the distribution that
the system believes the feedback would be generated from, i.e., the user model
p( f̃ j |D,F )= ∫

θ p( f̃ j | θ)p(θ |D,F )dθ. The best query can then be selected as

j∗ = argmax
j∉F

Ep( f̃ j |D,F )

[
n∑

i=1

KL[p( ỹ | xi,D,F , f̃ j) ‖ p( ỹ | xi,D,F )]

]
. (3.2)

This new utility, known as expected information gain, is expensive to compute.
For each potential query, it requires the computation of the posterior predictive
distribution before and after the new feedback (which itself requires the compu-
tation of the corresponding posterior and solving the integral in Equation 3.1),
computation of the KL-divergence, and computation of the posterior predictive
distribution of the feedback necessary for deriving the expectation.

Publications II and III used expected information gain to sequentially extract
the experts’ knowledge about the model (see Section 2.3.1 for a summary about
the types of knowledge extracted). The real-time computation was realized by ap-
proximating the posterior by a multivariate Gaussian distribution using the EP
algorithm which resulted in simple forms for posterior predictive distributions
and an analytical solution to the KL-divergence.

It should be noted that the sequential experimental design introduced above
is not optimal due to the posterior approximations, and more importantly, the
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fact that it is greedy in its query selection. Optimal sequential experimental
design requires the computation of the whole query sequence, before asking the
next query from the user [60]. Here, to limit the computation, we only select
the immediate next best query, without considering the entire horizon of future
queries.

3.2 Multi-armed bandits and Bayesian optimization

Consider the optimization problem x∗ = argmaxx∈X f (x), where X is the design
space, and f (.) is the function of interest. In many applications the target func-
tion is unknown and expensive to evaluate. For example, f (.) can represent user
interest over a set of items where the only way to evaluate it is to query the
user with an item xq ∈ X and observe the corresponding feedback f (xq). The
goal of such black box optimization problem could be to find the highest point
of the function x∗ with as few function queries as possible. This problem has
been extensively investigated in the multi-armed bandit [61] and Bayesian opti-
mization [62, 63] literatures. Due to limited query budget, these methods need
to compromise between querying points that provides new information about
the target function in less-explored areas, versus exploiting the current best
estimates about the position of the maximum. This is known as the exploration–
exploitation trade-off and methods in the literature propose different query
strategies, known as acquisition functions, to balance it. Bayesian optimization
and multi-armed bandits methods have been used in many applications such
as clinical trials for finding the best treatment for a patient out of several alter-
natives [61], ad placement for finding the ad that would have the highest user
click chance [64], automatic machine learning for searching in space of machine
learning models [65], reinforcement learning for finding the best action of an
agent [62], design of new materials [66, 67], and personalized search systems
[6].

A focus of this thesis is personalized search systems, where the goal is to find
the most relevant item for a user with minimum interaction. One can map
this problem to the black-box optimization problem introduced above as the
user relevance profile over items is unobserved and can only be queried, i.e.,
querying an item x and observing the corresponding feedback f . In particular,
the problem can be formulated as finding (recommending) the item that has the
highest expected relevance or equivalently highest expected feedback value. We
mainly study linear models where the expected relevance of items have a linear
relationship with the unknown parameter θ1 that expresses the user intent.

1Note that we have changed the notation for the unknown weight vectors w in Section
2.3 to θ for consistency.
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The optimization can then be described as finding the x∗ for which:

x∗ = argmax
x∈X

E[ f | x]= argmax
x∈X

x�θ. (3.3)

Given a history of interaction at time t, Ft = {(xi, f i)}t
i=1, the loss of the query

algorithm can be measured by the expected cumulative regret defined as:

regrett = tx∗�θ−
t∑

i=1

x�
i θ. (3.4)

Note that the cumulative regret is minimized if the most relevant item is recom-
mended to the user. The relevance profile of the user over items is determined
by θ. Since we are using Bayesian statistics, we have an ongoing posterior given
the history of user feedback p(θ |Ft) which can help us to better design the next
query to ask from the user. There are different forms of acquisition functions
that exploit the model uncertainty to design the next query. Two common ones
are upper confidence bound (UCB) [68, 69] and Thompson sampling [70], which
both enjoy theoretical guarantees (for some family of problems) regarding how
well they control the regret.

Publications I and V used Thompson sampling to balance the exploration
and exploitation of the recommendations. Thompson sampling follows the
probabilistic idea and selects the next query according to its posterior probability
of being the best query:

Pr(xq)=
∫
θ

I(argmax
x∈X

x�θ=xq|θ)p(θ |Ft)dθ, (3.5)

where Pr(xq) is the Thompson probability for selecting query point xq, and I(.)
is the indicator function which returns 1 if the condition in front of it holds and
zero otherwise. Selection of the query at time t+1 according to the Thompson
probabilities can be realized through the following steps:

1. Draw a sample from the posterior: θs ∼ p(θ |Ft).

2. Find the query that has the highest expected relevance given the posterior
sample: xq = argmaxx∈X x�θs.

3. Ask the query from the user, observe the user feedback, and update the
posterior given the new observation: p(θ |Ft+1), where Ft+1 =Ft ∪ {(xq, fq)}.

In Publications I and V we considered expected feedback models for items, i.e.,
keywords and documents, which had a linear relation with the unknown intent
parameter (see likelihoods 2.18, 2.20, and 2.21 in Section 2.3.3.). Thus, the same
algorithm can be applied with the addition that at each iteration different query
types (documents and keywords) are selected to be recommended to the user.
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4. Summary of the contributions

This chapter briefly summarizes the contributions of Publications I-V with
emphasis on answering the research questions of the thesis.

4.1 Interactive intent modelling from multiple feedback domains
(Publications I and V)

RQ1 was “Can we amend the limited feedback, without overwhelming the user,
in interactive intent modelling by adding new interaction domains?”

Publications I and V investigated ways to improve interactive intent modelling
by considering new feedback domains. The application considered in these pub-
lications was a personalized document search problem where at each iteration
the system recommends a list of documents and keywords, given the history of
user interaction, and the user provides feedback to them with the goal to find
the most relevant document faster.

In particular, Publication I exploited the relationship between documents and
keywords and proposed a joint probabilistic model that ties the user feedback on
both keywords and documents to the latent user intent (see Figure 2.3 for model
description). Previous works [45, 6] only defined the user intent on keywords and
had a separate language model to retrieve documents. The joint probabilistic
model allows to learn the user intent with fewer interaction rounds and at the
same time provides a unified way to recommend keywords and documents by
using Thompson sampling on the posterior of the latent intent (see Section 3.2
for details). Furthermore, feedback on recommended documents was designed
as bookmarks or clicks on them which would naturally happen in any document
search scenario and would not add more interaction burdens on the user. The
model was evaluated in a simulated study and a user study with 10 participants
using the exploratory search system SciNet [45].

Publication V investigated the inclusion of noisy neurophysiological signals
gathered from brain activity as a new source of feedback, along with scarce
explicit interactions. Both feedback types were gathered on the same domain of
items, however, the different nature of noise made the integration challenging.
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To enable the model to account for the noisy feedback, we considered a per-
observation noise parameter that controls the variance of feedback. The posterior
of that parameter determines the accuracy of the feedback and allows the model
to discard outlier feedbacks which are common in neurophysiological sources
(see Figure 2.4 for model description). We used the same approach as Publication
I to connect the feedback on documents and keywords and to recommend new
items. The model was evaluated in a user study with 16 participants in a first-
of-its-kind fully integrated information retrieval system that used the real-time
generated feedback from brain activity (EEG) and eye movement tracking (to
map the brain signal to visualized items), and scarce mouse click feedback.

The conclusion to RQ1 is that interactive intent modelling can benefit from
adding new domains of feedback as long as the uncertainty of the feedback
source and connection of the feedback to the latent intent is properly accounted
for. In particular, we modeled both the user interaction and recommendation
in one probabilistic model. This is particularly important as recommendation
based on exploration-exploitation principle is fundamentally guided through
the uncertainty. Having a joint probabilistic model of both the user and the
task allows the uncertainty to accurately propagate in the recommendation and
results in more efficient exploration.

4.2 Expert knowledge elicitation for high-dimensional prediction
(Publications II and III)

RQ2 was “Can we improve prediction performance by directly extracting expert
knowledge about the model?”

Publications II and III studied the ways user knowledge about the parame-
ters of a model can be encapsulated as likelihood functions and how they can
sequentially be queried to improve the performance of a prediction task. Expert
knowledge is particularly important in “small n, large p” scenarios where the
number of available data points (n) is fewer than the dimension of the problem
(p). An example application that was investigated in Publication III is the drug
response prediction given few patient profiles, where it is very costly, or in some
cases impossible, to add new data to the training data set but expert knowledge
is available.

Both publications contributed to the research question by introducing feedback
models for extracting expert knowledge (see Figure 2.1 for the three suggested
feedback types) and designing the interaction with sequential experimental
design to query the most informative expert knowledge earlier (see Section 3.1 for
details). Both publications were evaluated by extensive simulated experiments
and studies with real users/experts.

In conclusion, the experiments in these works indicate that (i) adding expert
feedback, in a joint probabilistic model of user and data, improves the prediction
performance of the model. In particular, publication II compares the amount of
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improvement from adding new feedback to the improvement achieved by adding
new data observation in two sentiment analysis tasks. The results show that
even though the improvement from adding new data points is usually higher
than adding new feedbacks, the amplitude of improvements are still comparable.
This is very valuable as in many applications adding intuitive expert feedback is
cheaper than adding new data points. (ii) The order of queries from the experts
significantly affects the improvement rate. In particular, compared to a random
query, the improvement rate is more than four times higher during the initial
queries using the proposed sequential experimental design.

4.3 User modelling beyond passive feedback provider in
knowledge elicitation (Publication IV)

RQ3 was “Is it beneficial to model the expert as an active agent that updates its
knowledge during knowledge elicitation?”

Publication IV investigates the complementary question to RQ2 of what if
we acknowledge that the knowledge elicitation is being performed on a human
user which comes with their own preset of biases and cognitive characteristics.
We considered anchoring bias as one of the well-studied cognitive biases [35]
and ask what if the knowledge elicitation system explicitly accounts for this
behaviour while gathering user feedback. In particular, while querying the
user about the model, some aspects of the training data, such as statistics
or scatter plots, may be revealed to the user. The user knowledge can be
influenced by the information in the training data which makes the extracted
knowledge dependent on the training data. This dependency is undesirable as
most human-in-the loop systems model the user inputs as an independent source
of information. Rather than alarming the user about this potential defect [37],
we proposed a probabilistic model that acknowledges the dependency. The user
model assumes that the user updates her latent knowledge with the information
in the training data that has been revealed and provides the feedback based
on the updated knowledge. The model then accounts for the dependency by
performing the inverse of the knowledge update. This allows the user model to
extract the tacit knowledge (see Figure 2.2 for model description). The proposed
user model was evaluated on a simple user study with 49 participants and
the results showed that modelling the user’s thinking behaviour in knowledge
elicitation improves the prediction performance.

The conclusion to RQ3 is that interactive models can gain more from an
observed user feedback if they correctly model the unobserved thinking process
that the user may undergo to produce the feedback. The finding is striking as it
opens a new horizon for user modelling in human-in-the-loop machine learning
systems where the user model acknowledges how the human interacts and is
able to condition on the thinking process to have more informative updates from
an observed interaction.

39





5. Discussion

The thesis has focused on modelling the user interaction with a machine learning
system as a unified probabilistic model of both the user model, i.e., model of
user interaction in the form of feedback and intention, and the data model.
The user interaction with the model has then been designed as a sequential
probabilistic inference problem where the most informative query from the
user is selected at each iteration (see Figure 3.1). The thesis demonstrated
how probabilistic user modelling can improve the prediction performance in
personalized recommendation systems and expert knowledge elicitation tasks
where only few labeled data are available. The publications included in the thesis
contribute to the fields of human-in-the-loop machine learning and human–
computer interaction from several aspects.

Studies about human interaction with intelligent interactive systems indicate
that user interaction does not necessarily follow model assumptions about the
user [7, 37, 71]. For example, the users may be influenced by cognitive biases
such as anchoring effect [7, 37] or their goal of the interaction may be different
from the system’s goal [71]. We believe that user modelling, similar to one
introduced in Publication IV, can help systems to acknowledge the users as
active agents with their own agenda which can ultimately improve the quality of
interaction. Few works have investigated the benefits of such explicit modelling
of human aspects in human-in-the-loop machine learning. In [72] the authors
noted that humans are sometimes uncertain about the labels of some queries
in an active learning scenario and only later accumulate enough information to
be able to make labeling decisions. They investigated the query complexity of
active learning under such human behaviour. In a later work [73], we showed
that the performance of a personalized search system can be improved if the
user model acknowledges that the user is also modelling the system they are
interacting with and exploiting this knowledge in their interaction. These works
suggest that elaborate user modelling can potentially have significant impact on
the task performance. Future works should investigate the practicality of these
ideas in everyday recommendation systems.

The thesis studied interactive machine learning from the user modelling
perspective and only employed preliminary user interfaces in the knowledge

41



Discussion

elicitation tasks of Publications II, III, and IV. However, the user interface, as
the medium between the machine learning model and the user, influences the
quality of interaction. As observed in Publication IV, revealing information
about the model results in more complex interactions. We also observed this
in [71], where the state of the model was fully visualized for the users in an
interactive optimization task. This study suggests that revealing the model’s
state in the user interface follows a strategic user behaviour change, which
ultimately improves the task performance. This finding is promising, and one
can think of other types of interactions between the interface design and the
user model which studying the two independently will miss. Future work should
further investigate possible interactions between these two fields.

We believe that probabilistic user modelling would be of great importance
in human-in-the-loop machine learning systems as it (i) makes it easier to
integrate new interaction channels to the model, (ii) improves interaction design
by exploiting the quantified uncertainty in the joint user and data models, and
(iii) allows to gain more information from an observed user feedback. User
modelling can provide the machine with a model of how users perceive the world,
and the works in this thesis show that exploiting this knowledge can improve
the interaction.
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