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Privacy-preserving machine learning

a

Learning

Data

Non-private data
(optional)

Predictive model

Privacy wall

Dimensionality reduction
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c

b

Figure 1: Di↵erentially private learning of a predictive model. a, The
modelling setup; most data (top) are available for learning only if their privacy
can be protected. b, Bounding the data increasingly tightly (B; green square)
brings 1D robust private linear regression models (blue lines illustrating the
distribution of results of the randomised algorithm) closer to the non-private
model (black line) as less noise needs to be injected. Blue points: data. c, The
data are bounded in robust private linear regression by projecting outliers within
the bounds (shown only for a subset of the points).
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What if data could be shared without losing privacy?

Honkela et al., Biology Direct 2018 
Heikkilä et al., NIPS 2017



Machine learning problem types
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Hugo human-centered 
designer:

• Humans use AI

Amanda AI / AI developer:

• AIs use humans
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Augmented intelligence?
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Marta Modeller: 
• Humans and AI are collaborating parts in a 

system, which can be modelled, in principle
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Abstract

Motivation: Precision medicine requires the ability to predict the efficacies of different treatments
for a given individual using high-dimensional genomic measurements. However, identifying
predictive features remains a challenge when the sample size is small. Incorporating expert know-
ledge offers a promising approach to improve predictions, but collecting such knowledge is labori-
ous if the number of candidate features is very large.
Results: We introduce a probabilistic framework to incorporate expert feedback about the impact
of genomic measurements on the outcome of interest and present a novel approach to collect the
feedback efficiently, based on Bayesian experimental design. The new approach outperformed
other recent alternatives in two medical applications: prediction of metabolic traits and prediction
of sensitivity of cancer cells to different drugs, both using genomic features as predictors.
Furthermore, the intelligent approach to collect feedback reduced the workload of the expert to ap-
proximately 11%, compared to a baseline approach.
Availability and implementation: Source code implementing the introduced computational meth-
ods is freely available at https://github.com/AaltoPML/knowledge-elicitation-for-precision-medicine.
Contact: first.last@aalto.fi
Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

An urgent challenge in computational biology is how to bring

machine learning and statistical models closer to clinical practi-

tioners. Toward resolving this, we study human-in-the-loop predic-

tion, in which a medical expert interacts with a machine learning

model with the goal to improve predictions for genomics-based pre-

cision medicine. In precision medicine, large-scale screening and

sequencing produce thousands of genomic and molecular features

for each individual, which can then be used for predicting a pheno-

type of interest, such as quantitative drug sensitivity scores (DSS) of

cancer cells. What makes the task particularly difficult is that the

sample sizes may be extremely small, possibly dozens of individuals

only, or even fewer, for example, in the case of rare cancers.

Statistical methods exist for learning predictive features and models

in omics-based data analysis tasks and are in principle applicable

across similar tasks. Commonly applied methods include multivari-

ate analysis of variance (Garnett et al., 2012) and sparse regression

models, such as lasso and elastic net (Garnett et al., 2012; Jang

et al., 2014). Kernel methods enable finding more complex nonlin-

ear combinations of the features (Ammad-ud din et al., 2016;

Costello et al., 2014). However, the scarcity of data poses a serious

challenge for accurate prediction with any of these techniques.

VC The Author(s) 2018. Published by Oxford University Press. i395
This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/by-nc/4.0/),
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Interactive expert knowledge elicitation
 

  Ex-vivo drug response

Sundin et al., Bioinformatics 2018

pðhjY ;XÞ ¼ pðY jX;w; r2Þpðwjc; s2ÞpðcjqÞpðqÞpðs2Þpðr2Þ
pðY jXÞ

:

The posterior distribution of w together with the observation

model is then used to compute the predictive distribution of the

traits ~y ¼ ½~y1; . . . ; ~yD%
> for a new individual ~x:

pð~yjY ;X ; ~xÞ ¼
ð

pð~yj~x;w; r2ÞpðhjY ;XÞdh: (1)

2.1.2 Incorporating expert feedback

We assume that an expert has provided feedback about the rele-

vance of some genomic features, for example, using elicitation tech-

niques described in the next section, corresponding to the expert’s

opinion of whether or not the features should be included into the

model when predicting a certain trait. In addition, we assume that

for some of the relevant features the expert has also indicated her ex-

pectation about the direction of the effect. These types of feedback

are assumed to be available for some or all of the feature-trait pairs

in the dataset, and they are treated as additional data when learning

the parameters of the spike-and-slab regression model. The rele-

vance feedback has been used in Daee et al. (2017) for univariate

prediction in textual data, which we extend by including directional

feedback (Micallef et al., 2017) in the multi-output scenario.

Technically, the expert knowledge is incorporated into the model

via feedback observation models. The relevance feedback

f rel
d;m 2 f0; 1g, where 0 denotes not relevant, 1 relevant, of feature m

for trait d follows:

f rel
d;m & cd;m Bernoulliðp rel

d Þ þ ð1 ( cd;mÞ Bernoullið1 ( p rel
d Þ;

where p rel
d is the probability of the expert being correct. For example,

when the mth feature for trait d is relevant in the regression model

(i.e. cd;m ¼ 1), the expert would a priori be assumed to say f rel
d;m ¼ 1

with probability p rel
d . In the model learning (i.e. calculating the poster-

ior distribution in Equation (2) below), once the expert has provided

the feedback based on his or her knowledge, p rel
d effectively controls

how strongly the model will change to reflect the feedback.

The directional feedback f dir
d;m 2 f0; 1g, where 0 denotes negative

weight and 1 positive, follows:

f dir
d;m & Iðwd;m ) 0ÞBernoulliðpdir

d Þ þ Iðwd;m < 0ÞBernoullið1 ( pdir
d Þ;

where I(C)¼1 when the condition C holds and 0 otherwise, and pdir
d

is again the probability of the expert being correct. For example,

when the weight wd;m is positive, the expert would a priori be

assumed to say f dir
d;m ¼ 1 with probability pdir

d . To simplify the model,

we assume p d ¼ pdir
d ¼ p rel

d and set a prior on pd as

pd & Betaðap ; bp Þ:

Given the data Y and X and a set of observed feedbacks F encod-

ing the expert knowledge, the posterior distribution is computed as

follows:

pðhjDÞ ¼ pðY jX;w; r2Þpðwjc; s2ÞpðcjqÞpðqÞpðs2Þpðr2Þ
pðY ;FjXÞ

* pðFjc;w; pÞpðpÞ;
(2)

where D ¼ ðY ;X ;FÞ and h now includes also p. The predictive dis-

tribution follows from Equation (1). Figure 2 shows the plate dia-

gram of the model.

The computation of the posterior distribution is analytically in-

tractable. We use the expectation propagation algorithm (Minka

and Lafferty, 2002) to compute an efficient approximation. In par-

ticular, the posterior approximation for the weights w is a multivari-

ate Gaussian distribution and the predictive distribution for ~yd is

also approximated as a Gaussian (Daee et al., 2017; Hernández-

Lobato et al., 2015). The mean of the predictive distribution is used

as the point prediction in the experimental evaluations in Section 3.

2.2 Expert knowledge elicitation methods
The purpose of expert knowledge elicitation algorithms is to sequen-

tially select queries to the expert, such that the effort from the expert

Fig. 1. Overview. Predictions in small-sample-size problems are improved by asking experts in an elicitation loop. The system presents questions for the expert

sequentially to maximize performance with a minimal number of questions, i.e. on a budget. The expert answers the questions by indicating whether a feature is

relevant in predicting quantitative traits, such as cancer cell’s sensitivity to a drug. The expert can also indicate in which direction the effect is likely to be

Fig. 2. Plate notation of the quantitative trait prediction model (right) and

feedback observations (left) as introduced in Section 2.1. The feedbacks f rel

and f dir are sequentially queried from the expert based on an expert know-

ledge elicitation method

Genomics-based predictions through active elicitation of expert knowledge i397
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Sequential knowledge elicitation reduces the 
number of queries required from the expert

• Task: predict drug effectiveness on MM based on genomics

Sundin et al., Bioinformatics 2018

knowledge on the direction only as relevance) to a model with

both types of feedback. Table 5 shows that the directional feed-

back improves the performance markedly, especially in the case of

the senior researcher (who gave more directional feedback than

the doctoral candidate; see Table 2). The bootstrapped probabil-

ities are 0.79 in the C-index and 0.96 in the MSE in favor of both

types of feedback compared to relevance only feedback for the se-

nior researcher and, similarity, 0.50 and 0.85 in the case of doctor-

al candidate. For the senior researcher, we also tested discarding

all ‘not-relevant’ feedback (doctoral candidate didn’t give any):

this didn’t have a noticeable effect on the performance (MSE:

1.025).

Sequential knowledge elicitation reduces the number of queries

required from the expert. In the results presented so far, the experts

had evaluated all (drug, feature) pairs and given their answers. We

next present the main result, of how much the sequential knowledge

elicitation models are able to reduce the impractical workload of the

experts to give feedback on all drug-feature-pairs. We compare the

effectiveness of the elicitation methods developed in this paper using

a simulated user experiment (see Section 3.2.3). The results in

Figure 4 show that both methods achieve faster improvement in

prediction accuracy than the random selection, as a function of the

amount of feedback. With sequential knowledge elicitation, 80% of

the final improvement is reached in the first 230 (81) and 1871 (35)

feedbacks for the targeted experimental design and non-targeted ex-

perimental design methods, respectively, using senior researcher

feedback (doctoral candidate feedback). For comparison, 1362

(1619) feedbacks are required for similar accuracy if the queries are

chosen randomly. Thus, on average, the targeted sequential experi-

mental design requires only 11% (senior researcher: 17%, doctoral

candidate: 5%) of the number of queries compared to random elicit-

ation order, and the sequential experimental design model 70% [SR:

137%, DC: 2% (The improvement, however, is not stable for doc-

toral candidate for sequential experimental design)], to achieve 80%

of the potential improvement.

4 Discussion and conclusion

Our goal was to study open questions in expert knowledge elicit-

ation in the context of precision medicine. In summary, we intro-

duced expert knowledge elicitation methods for and studied their

feasibility in the challenging task of prediction in precision medicine.

To our knowledge, this kind of approach has not been evaluated

previously in precision medicine. Our results show that accumulat-

ing expert knowledge with intelligent, experimental design-based

algorithms can improve the predictive performance in an efficient

manner considering the effort from the expert. This is particularly

important as evaluating the queries can be time-consuming for the

expert, and involve searching through databases, literature and data

(although here, in the real expert experiment, we evaluated the algo-

rithms based on the tacit knowledge of two well-informed experts).

Table 3. Performance of drug sensitivity prediction without expert
feedback

Data mean Elastic net Spike-and-slab

C-index 0.500 0.505 0.577

MSE 1.079 1.153 1.050

Note: Values are averaged over the 12 drugs. Best result on each row has

been boldfaced.

Table 4. Predictive performance of spike-and-slab regression with
and without expert feedback

No feedback Doctoral candidate Senior researcher

C-index 0.577 0.582 0.597

MSE 1.050 1.040 1.025

Note: Values are averaged over the 12 drugs.

Table 5. Performance of drug sensitivity prediction with only rele-
vance feedback and with relevance and directional feedback

Doctoral candidate Senior researcher

Relevance fb All fb Relevance fb All fb

C-index 0.583 0.582 0.578 0.597

MSE 1.048 1.040 1.048 1.025

Note: Values are averaged over the 12 drugs.
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Fig. 4. Performance improves faster with the active elicitation methods than with randomly selected feedback queries. The curves show MSEs as a function of the

number of iterations for the three query methods, with feedback of the doctoral candidate (left) and senior researcher (right). In each iteration, a (drug, feature)

pair is queried from the expert
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Inferring Cognitive Models from Data
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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

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.

Inverse Reinforcement Learning from Summary Data

Antti Kangasrääsiö
1

Samuel Kaski
1

Abstract

Inverse reinforcement learning (IRL) aims to ex-
plain observed complex behavior by fitting re-
inforcement learning models to behavioral data.
However, traditional IRL methods are only ap-
plicable when the observations are in the form
of state-action paths. This is a problem in many
real-world modelling settings, where only more
limited observations are easily available. To ad-
dress this issue, we extend the traditional IRL
problem formulation. We call this new formu-
lation the inverse reinforcement learning from
summary data (IRL-SD) problem, where instead
of state-action paths, only summaries of the paths
are observed. We propose exact and approxi-
mate methods for both maximum likelihood and
full posterior estimation for IRL-SD problems.
Through case studies we compare these methods,
demonstrating that the approximate methods can
be used to solve moderate-sized IRL-SD prob-
lems in reasonable time.

1. Introduction

Inverse reinforcement learning (IRL) has generally been
formulated (Russell, 1998; Ng & Russell, 2000; Ra-
machandran & Amir, 2007; Ziebart et al., 2008) as:

Given (1) a set of state-action paths ⌅ = {⇠1, . . . , ⇠N},
where ⇠i = (si0, a

i
1, . . . , a

i
Ti�1, s

i
Ti
); (2) a Markov

decision-process (MDP) with reward-function R(s, a; ✓),
where the ✓ are unknown parameters; and optionally (3)
prior P (✓).1

Determine a point estimate ✓̂ or a posterior P (✓|⌅).

Methods for solving the IRL problem have been used
for parameter inference in multiple real-world modelling
situations where complex behavior has been observed in

1Helsinki Institute for Information Technology HIIT, Depart-
ment of Computer Science, Aalto University, Finland. Correspon-
dence to: Antti Kangasrääsiö <antti.kangasraasio@aalto.fi>,
Samuel Kaski <samuel.kaski@aalto.fi>.

Copyright 2017 by the author(s).
1 The notation is elaborated in Section 2.

the form of state-action paths. Examples include driver
route modelling (Ziebart et al., 2008), helicopter acrobat-
ics (Abbeel et al., 2010), learning to perform motor tasks
(Boularias et al., 2011), dialogue systems (Chandramo-
han et al., 2011), pedestrian activity prediction (Ziebart
et al., 2009; Kitani et al., 2012), and commuting routines
(Banovic et al., 2016). An overview of existing methods is
given in Section 2.

However, a limitation with the traditional problem formu-
lation is the assumption that full paths containing both ac-
tions and states have been observed.2 In many real-world
situations such fine-grained observations may not be avail-
able, or acquiring them may be prohibitively expensive. In
fact, it can be argued that the number of cases where only
more limited observations are available is probably much
larger than those with accurate path data.

It is a common scenario that various other types of obser-
vations of the behavior of the agent are available, and we
would like to estimate the preferences, tasks or properties
of the agent. One such example would be identifying the
capabilities of computer users based on observations from
them “in the wild”, where the types of observations may
vary case-by-case (Wobbrock et al., 2011).

To extend IRL to the kind of situations where instead of
state-action paths, arbitrary summaries of the underlying
true paths are observed, we formulate the inverse reinforce-
ment learning from summary data (IRL-SD) problem, de-
fined in Section 3.

In Section 4 we derive the likelihood function for this prob-
lem, but observe that evaluating it is computationally ex-
pensive. To address this issue, we propose a surrogate that
is faster to evaluate in practice. For inference, we propose
a Bayesian optimization based method.

In Section 5 we demonstrate that by using the surrogate we
get results comparative to using the exact likelihood. We
also demonstrate that we are able to infer ML estimates
for moderate-sized toy models and the full posterior for a
model of human visual search, based on only summary ob-
servations.

2 Or in some formulations, a sufficient amount of separate
state-action transitions.
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Abstract

This paper addresses a common challenge with computational cognitive models: identifying
parameter values that are both theoretically plausible and generate predictions that match well
with empirical data. While computational models can offer deep explanations of cognition, they
are computationally complex and often out of reach of traditional parameter fitting methods. Weak
methodology may lead to premature rejection of valid models or to acceptance of models that
might otherwise be falsified. Mathematically robust fitting methods are, therefore, essential to the
progress of computational modeling in cognitive science. In this article, we investigate the capa-
bility and role of modern fitting methods—including Bayesian optimization and approximate
Bayesian computation—and contrast them to some more commonly used methods: grid search
and Nelder–Mead optimization. Our investigation consists of a reanalysis of the fitting of two pre-
vious computational models: an Adaptive Control of Thought—Rational model of skill acquisition
and a computational rationality model of visual search. The results contrast the efficiency and
informativeness of the methods. A key advantage of the Bayesian methods is the ability to esti-
mate the uncertainty of fitted parameter values. We conclude that approximate Bayesian computa-
tion is (a) efficient, (b) informative, and (c) offers a path to reproducible results.

Keywords: Parameter estimation; Inference; Cognitive models; Machine learning; Computational
statistics; Bayesian optimization; Approximate Bayesian computation
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Interactive AI with a Theory of Mind
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search. ABSTRACT

Understanding each other is the key to success in collaboration. For humans, a�ributing mental states
to others, the theory of mind, provides the crucial advantage. We argue for formulating human–AI
interaction as a multi-agent problem, endowing AI with a computational theory of mind to understand
and anticipate the user. To di�erentiate the approach from previous work, we introduce a categorisation
of user modelling approaches based on the level of agency learnt in the interaction. We describe our
recent work in using nested multi-agent modelling to formulate user models for multi-armed bandit
based interactive AI systems, including a proof-of-concept user study.

KEYWORDS
multi-agent reinforcement learning, probabilistic modelling, theory of mind, user modelling

INTRODUCTION
Artificial agents, constructed using deep learning and probabilistic modelling, have achieved human-
level or super-human performance in specific well-defined domains, such as competitive games and
character recognition and generation [11]. Yet, they lack in abilities that are important in human
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Abstract

Machine teaching addresses the problem of finding the best training data that can1

guide a learning algorithm to a target model with minimal effort. However, for2

sequential learners which actively choose their queries, such as multi-armed bandits3

and active learners, the teacher can only provide responses to the learner’s queries.4

We formulate this sequential teaching problem, which the current techniques in5

machine teaching do not address, as a Markov decision process. Furthermore, we6

address the complementary problem of learning from a teacher: to recognise the7

teaching intent of received responses, the learner is endowed with a model of the8

teacher. We test the formulation with multi-armed bandit learners in simulated9

experiments and a user study. The results show that learning is improved by (1)10

computing teaching policies from the model and by (2) the learner having a model11

of the teacher. The approach gives tools to taking into account strategic (planning)12

behaviour of users of interactive intelligent systems, such as recommendation13

engines, by considering them as boundedly optimal teachers.14

1 Introduction15

Humans, casual users and domain experts alike, are increasingly interacting with artificial intelligence16

or machine learning based systems. As the number of interactions in human–computer and other17

types of agent–agent interaction is usually limited, these systems are often based on active sequential18

machine learning methods, such as multi-armed bandits, Bayesian optimization, or active learning.19

These methods explicitly optimise for the efficiency of the interaction from the system’s perspective.20

On the other hand, for goal-oriented tasks, humans create mental models of the environment for21

planning their actions to achieve their goals [1, 2]. In AI systems, recent research has shown that22

users form mental models of AI’s state and behaviour [3, 4]. Yet, the statistical models underlying23

the active sequential machine learning methods treat the human actions as passive data, rather than24

acknowledging the strategic thinking of the user of the system.25

Machine teaching studies a complementary problem to active learning: how to provide a machine26

learner with data to learn a target model with minimal effort [5–7]. Apart from its fundamental27

machine learning interest, machine teaching has been applied to domains such as education [8] and28

adversarial attacks [9]. In this paper, we study the machine teaching problem of active sequential29

machine learners: the learner sequentially chooses queries and the teacher provides responses to them.30

Importantly, to steer the learner towards the teaching goal, the teacher needs to appreciate the order31

of the learner’s queries and the effect of the responses on it. Current techniques in machine teaching32

do not address such interaction. Furthermore, by viewing users as boundedly optimal teachers, and33

solving the (inverse machine teaching) problem of how to learn from the teacher’s responses, our34

approach provides a way to formulate models of strategically planning users in interactive AI systems.35

Our main contributions are (1) formulating the problem of machine teaching of active sequential learn-36

ers as planning in a Markov decision process, (2) formulating learning from the teacher’s responses37

as probabilistic inverse reinforcement learning, (3) implementing the approach in Bayesian Bernoulli38
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