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Task: prediction for high-dim data
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User model

Joint model of user’s responses xu and drug responses y|x , 
coupled by the latent variable r which tells is a variable relevant 

User model: assume the user is uncertain about the relevance, and 
can make an error with probability err 

Decide the query by sequential experimental design: query the 
variable that maximizes expected utility. Utility is here the 
expected information gain in y
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Case: Predict cholesterol levels
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threshold in the meta-analysis (Kettunen et al., 2016)) as relevant (for

each target separately) and those with larger than 0.9 (arbitrary; sensi-

tivity to this is investigated in the result) as irrelevant. Directional feed-

back was generated for all relevant SNPs by taking the sign of the

regression coefficient in the meta-analysis results. This resulted in 13,

46, 39, and 11 SNPs being considered relevant and 1010, 859 620 and

628 SNPs not relevant for HCL-C, LDL-C, TC and TG, respectively.

The rest of the SNPs was considered to be of unknown relevance.

The hyperparameters of the prediction model were set as

ar ¼ 4; br ¼ 4; aq ¼ 2; bq ¼ 98; l ¼ "3:25; x2 ¼ 1
2, and ap ¼ 19;

bp ¼ 1 to reflect relatively vague information on the residual vari-

ance (roughly higher than 0.5), a preference for sparse models and

small effect sizes that one expects in SNP-based regression, and the

a priori quality of the expert knowledge as 19 correct feedbacks out

of 20. A sensitivity analysis with regard to the sparsity and effect

size parameters is given in the Supplementary Material.

For predictive performance evaluation, the data were divided

randomly into a training set of 1000 and a test set of 2918 individu-

als. The proposed methods are compared against two baselines: con-

stant prediction with the training data mean and elastic net. Elastic

net is a state-of-the-art method that includes ridge and lasso regres-

sion as special cases [Elastic net is implemented using the glmnet

R-package (Friedman et al., 2010) with nested cross-validation for

choosing the regularization parameters.]. The concordance index

(C-index; the probability of predicting the correct order for a pair of

samples; higher is better) (Costello et al., 2014; Harrell, 2015) and

the mean squared error (MSE; lower is better), computed on the test

set, are used as the performance measures. Bayesian bootstrap

(Rubin, 1981) over the predictions is used to evaluate the uncer-

tainty in pairwise model comparisons: in particular, we compute

the probability that model M1 is better than model M2 as follows Pr

ðM1 is better than M2Þ ¼ 1
B

PB
b¼1 IðM1 is better than M2 in bootstrap

sample bÞ, where I(C)¼1 if condition C holds and 0 otherwise

(Vehtari and Lampinen, 2002).

3.1.2 Simulated sequential elicitation user experiment

We simulated sequential expert knowledge elicitation by iteratively

querying (metabolite, feature) pairs for feedback, and answering the

queries using the generated feedback. At each iteration, the models

were updated and the next query chosen, based on the feedback eli-

cited up to that iteration, and the training data which does not

change. We compared the elicitation methods described in Section

2.2.1. The queries for the targeted sequential experimental design

approach were generated by running each test sample as a target in-

dividual separately. The queries were selected without replacement

from the 12 428 possible queries (4 metabolites % 3, 107 SNPs).

3.1.3 Results

Expert knowledge can improve genomics-based prediction accuracy.

Table 1 shows the prediction performance averaged over the four

target metabolites (see Supplementary Material for target-wise per-

formance measures; same conclusions hold for those as given here

for the averaged case). As a side result, the sparse linear model with-

out feedback (SnS no fb) improves over both baselines (data mean

and elastic net), with bootstrapped model comparison probabilities

for both MSE and C-index greater than 0.99 in favor of it. Next, we

established whether the simulated feedback improves the model.

Giving all of the feedback (SnS all fb) improves the performance

(Table 1), with bootstrapped model comparison probabilities

greater than 0.99 in favor of it against all other models.

Although the results show that the predictive models with feed-

back are confidently better, the absolute improvements in MSE are

small. Yet, the amount of explanatory power in GWAS is usually

small and especially when learning from small datasets. The meta-

analysis results, with a much larger dataset, explained 4–11% of the

variance among the four metabolites studied here (note that this is

also not predictive power but computed in the same dataset as the

association study). Computing the proportion of variance explained

(PVE) by the cross-validated predictions, PVE ¼ 1" MSE
MSEdatamean

, the

improvement is 1.4 percentage points, corresponding to almost dou-

bling (1:8% ) the predictive PVE from no feedback to all feedback

model (Table 1).

Feedback with the direction of the putative effect is more effect-

ive than general relevance feedback. We then examined the effect of

the directional feedback compared to using relevance feedback only.

Using only the relevance feedback (SnS rel. fb) improves over the no

feedback model, but the performance is decreased compared to

using both relevance and directional feedback (SnS all fb). We fur-

ther ran a sensitivity analysis with respect to the amount of not rele-

vant feedback: removing all not relevant feedback had a small

deteriorating effect in this dataset, resulting in MSE of 0.986 and

PVE of 0.031.

Sequential knowledge elicitation reduces the number of queries

required from the expert. The sequential knowledge elicitation per-

formance was then studied. Figure 3 shows the MSE as a function of

the number of queried feedbacks for random, experimental design,

and targeted experimental design sequential methods. The random

method finds hardly any useful queries in 1000 steps. Both

Table 1. Performance in metabolite concentration prediction

Data mean Elastic net SnS no fb SnS all fb SnS rel. fb

C-index 0.500 0.519 0.540 0.558 0.556

MSE 1.017 1.010 0.999 0.984 0.988

PVE 0.000 0.007 0.018 0.032 0.028

Note: Values are averages over the four target metabolites. Best result on

each row has been boldfaced. SnS¼ spike and slab sparse linear model;

fb¼ feedback; Rel. fb¼Only relevance feedback; MSE¼mean squared error;

PVE¼proportion of variance explained.
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Fig. 3. Sequential experimental design performance in metabolite concentra-

tion prediction comparing random querying, information gain-based sequential

experimental design and its targeted version. First 1000 iterations of feedback

are shown and the result with all feedbacks is included for reference. For the

targeted sequential experimental design, each individual in the test set was the

target separately and the predictions in the resulting feedback sequence were

used for that individual. The curve is a mean over all these sequences
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Projective Preferential Bayesian Optimization

Bayesian optimization (BO): Optimization of a black-box function. 
Query f(x) at x, to find max f(x) 

Preferential BO: Query “f(x) < f(y)” ? 

Projective preferential BO: Give max f(x) on a 1D subspace, by 
adjusting a slider
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Task: help AI find max f(x)
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Help AI find max f(x)
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Results: People do not just passively give f(x)
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UMAP 2020

Figure 3: Humans performed significantly better than the Bayesian Optimization (BO) baseline.
Average score over iterations for all participants (red) and for baseline (blue) for the session with
10 and 5 iterations. The lighter-colored bands around the average lines represent the standard
error of the mean.

Finally, for all tests, we added the participant (user ID) as a random intercept into the model.
We report the results using the lme4[3] package in R, with Satterthwaite approximations for
degrees of freedom.

3.2 Results

Compared to the baseline Bayesian optimization, human participants generally performed better,
as seen in Figure 3. As a trial progresses and iterations increase, humans achieve higher scores
than the baseline. The overall performance was statistically significantly higher for humans
(H1), t(599) = 4.1, p < 0.001. Further, human scores increased faster than the baseline (H2),
t(596) = 2.2, p = 0.031. Figure 4 illustrates individual score improvement compared to the
baseline, by iteration, aggregated over all trials.

Finally, with the human-only subset of the data, we tested whether users with prior knowledge
about Bayesian optimization obtain higher scores than naive users (H3). Here, the main e↵ect
was not statistically significant, t(51) = �0.4, ns., but we did observe a statistically significant
interaction e↵ect between iteration and experience, t(289) = 2.0, p = 0.042. This could mean
that although both experienced and inexperienced users achieve similar scores in the end, the
experienced users can do this with fewer iterations. This result is shown in Figure 5, on the left.

We defined the steering amplitude as a value between 0 (no steering at all) to 100 (greatest
steering, limited by the user interface height). The average steering was at 19.7 (SD = 26.13,
skewness = 1.75) with most of the user responses far from the actual function values. The
performance of the users, grouped by di↵erent levels of steering, is shown in Figure 5, on the
right.

5

BO baseline

Human user

… and that improves performance!

Figure 5: Left: users with di↵erent understanding of Gaussian Processes have di↵erent levels
of performance. Right: amplitude of steering influences the average performance. The figure
suggests that moderate steering results in improved performance. Similar results were archived in
the session with 5 iterations.
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AI’s assumptions of the user: Levels of user modelsInteractive AI with a Theory of Mind Computational Modeling in HCI: ACM CHI 2019 Workshop, May 5, 2019, Glasgow, UK

However, we believe the results of ToM from human-human and agent-agent interaction also carry
to human-AI interaction. They o�er us ways to design intelligent systems that can collaborate with
humans be�er.

LEVELS OF AGENCY IN AI’S USER MODELS
User modelling is used to personalise user experiences and improve usability and performance of
collaborative human–computer systems [7]. To facilitate e�icient interaction, the computer makes
assumptions and possibly learns about the goals, intentions, beliefs, behaviour, or other a�ributes
of the user. Recently, user models have incorporated statistical and machine learning methods to
automatically interpret and generalise (across users and tasks) the data collected in the interaction.

To di�erentiate theory-of-mind-based user modelling from previous work, we introduce a categori-
sation of user modelling approaches to four levels based their assumptions about the behaviour of
the user during interaction. In particular, we consider how adaptive the user is assumed to be with
regard to the system, with higher levels implying more complex learning problem of the user model
during the interaction (Figure 1):

(L1) fixed, prescriptive behaviour,
(L2) passive, reactive user behaviour,
(L3) actively planning user using a passive, stationary system,
(L4) actively planning user using an adaptive, non-stationary system.

  

  
  

(L1) 

(L2) 

(L3) 

(L4) 

  

  

Figure 1: AI’s assumption of the user.
Schematic of the four-level categorisation
of user modelling approaches. (L1) Pre-
scriptive and fixed model of the user. (L2)
Passive user profile that is learned from in-
teraction data. (L3) User as an active agent.
(L4) User as an active agent who has a
model of the systemor artificial agent that
adapts based on the user’s actions.

Level 1 prescribes a model for the user. This can include advanced and complex user models, for
example, based on cognitive architectures or principles of computational rationality. In particular,
fully specified, pre-trained reinforcement learning models (based on fixed, known reward function)
fall into this category. Yet, L1 user models do not adapt or learn based on the interaction data and
have limited means of accounting for individual variability. Level 2 models, on the other hand, learn a
profile (e.g., interests, preferences, goals, type) of the user from or during the interaction, but do not
otherwise model strategic behaviour. These models include collaborative filtering and multi-armed
bandits, which have been highly successful in recommendation systems.
Level 3 models acknowledge the user as an active agent who plans or at least acts based on a

static or stationary model of the environment. This level includes inverse reinforcement learning and
theory of mind models, such as the Bayesian theory of mind [2] and machine theory of mind [18],
that learn about and predict the agent’s behaviour by observing its actions. For example, Daee et
al. [5] modelled the user as an active agent who updates her knowledge while interacting with a
knowledge elicitation system. By inverting the knowledge update, the user model enables the system
to extract the user’s tacit knowledge. Level 4 further acknowledges that the user will form a model of
the interactive system which they are using. In particular, L4 di�ers from L3 when the system is also

Prescriptive and fixed 
model of the user

Passive user profile

Active agent
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Cognitive model of the user
Simulator-type models: Can 

simulate data given parameters 

Question (inverse modelling): 
How to infer the parameters 
given data? 
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Active user: sequential decision maker with limitations

Model for sequential decision-making: (Partially Observable) 
Markov Decision Process (PO)MDP 

Bounded rationality: With limitations 

Forward solution: Reinforcement learning (RL) 

Inverse modelling: Inverse Reinforcement Learning (IRL) 
- infer parameters given behavior data: goals, limitations 
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Inferring cognitive models from data

What is special in ABC: 
- very heavy simulator for MDP-based models: reinforcement learning in the inner loop 
- applicable to also other cognitive models 

What is special in IRL: 
- only coarse summary-level data available 
- infer not only reward function but user parameters
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Figure 2. Overview of the ABC inference process for HCI models: Ob-
served user data and priors of the parameters are fed into the ABC al-
gorithm, which then approximates the posterior distribution of the pa-
rameter values. The algorithm iterates by choosing values for the pa-
rameters of the model (here a CR model) and generating simulated user
data. For CR models, generating simulated data requires first training
a reinforcement learning agent using the given parameter values.

write down the formula for the most likely parameter values
given data. For complex models, such formula might not exist,
but it is often possible to write down an explicit likelihood

function, L(q |Yobs), which evaluates the likelihood of the pa-
rameters q given the observed data Yobs. When this likelihood
function can be evaluated efficiently, inverse modeling can be
done, even for reinforcement learning (RL) models [32, 39,
45]. However, this inverse reinforcement learning has been
only possible when precise observations are available of the
environment states and of the actions the agent took, which in
HCI applications is rarely the case.

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

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

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

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

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

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

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

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

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

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

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

Our solution: 
Approximate Bayesian 
Computation (ABC)
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in 3–4 orders of faster inference compared with the state-of-
the-art ABC algorithms. Details of the method are given in
the paper by Gutmann and Corander [18].

CASE: MODEL OF MENU SELECTION
Our case looks at a recent model for visual search of menus,
introduced by Chen et al. [13]. The purpose of this model is to
predict the visual search behavior (how eyes fixate and move)
and task completion times of a person searching for an item
from a vertical menu.

This model presents a particularly challenging problem for
inference of parameter values because substantial computation
is required by the reinforcement learning algorithm to calculate
the search behavior policy, given a particular parameter set.
The parameters of Chen et al.’s model [13] describe cognitive
characteristics of a user, such as the duration of a saccade
when searching through the menu. In contrast to Chen et
al. [13], where parameters were largely set to values in the
literature4, the inference problem that we study here is to
estimate parameter values based on limited behavioral data:
click times for menu items. Across the studies, we condition
the parameter values of this model, and it’s variants, to this
type of data in different settings.

Introduction to Computational Rationality
An important property of the model we examine [13] is that
it computes computationally rational policies—behavior pat-
terns optimized to maximize the utility of an agent given its
bounds and goals [28]. The bounds include limitations on the
observation functions and on the actions that the agent can
perform. These bounds define a space of possible policies.
The use of computationally rational agents to model cognition
has been heavily influenced by rational analysis, a method
for explaining behavior in terms of utility [1, 12, 35], an idea
used for example in information foraging theory and economic
models of search [3, 38]. Computational rational agents have
4 For example, the saccade duration parameters were set based on a
study by Baloh et al. [6] and the fixation duration parameters based
on a study by Brumby et al. [8].

Figure 4. Case model: A simulation process figure of the computational
rationality model of user interaction with drop-down menus, adapted
from Chen et al. [13]. The Q-table is constructed in the training phase;
in the simulation phase it is kept fixed.

been used to model a number of phenomena in HCI [36]. Ap-
plications relevant to this paper include menu interaction [13]
and visual search [20, 30, 34, 44].

CR models use reinforcement learning (RL) methods to com-
pute the optimal policies [43]. Applying RL has two prereq-
uisites. First, an environment is needed, which has a state
that the RL agent can observe, and actions that the agent can
perform to change the state. The environment is commonly a
Markov decision process (MDP), and designed to approximate
the real-world situation the real user faces. Second, a reward
function is required—a mapping from the states of the envi-
ronment to real numbers—which defines what kind of states
are valuable for the RL agent (higher rewards being favorable).
The RL algorithm finds the (approximately) optimal policy by
experimenting in the environment and updating the policy un-
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of the environment and of the reward function, which have
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Overview of Menu Selection Model
We summarize here all key details of the original model of
Chen et al. [13] (Fig 4).

The environment is a menu composed of eight items, arranged
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conditions for the menu: either the item is present in the menu,
or absent. At the beginning of an episode the agent is shown a
target item. The task of the agent is to select the target item in
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does not contain the target item.
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items, select the fixated item or declare that the item is not
present in the menu (quit). Fixating on an item reveals its
semantic relevance to the agent, whereas selecting an item
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observes the state of the environment, represented with two
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the current fixation location. The agent receives a reward after
each action. After a fixation action, the agent gets a penalty
that corresponds to the time spent for performing the saccade
from the previous location and the fixation to the new item.
If the agent performs the correct end action, a large reward is
given—otherwise an end action results in a large penalty.

The RL agent selects the actions based on the expected cumu-
lative rewards the action allows the agent to receive starting
from the current state—also known as Q-value of the state-
action pair in RL terminology. These Q-values are learned in
the training phase, over 20 million training episodes, using the
Q-learning algorithm. To select an action, the agent compares
the Q-values of each action in that state (see the Q-table in Fig
4) and chooses the action with the highest value.

Variants
Above we described one model variant reported in Chen et al.
[13]. According to the description of the observation data, no
items in the menus had more than 3 letters difference in length

Example task: Menu search
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Abstract
Inverse reinforcement learning (IRL) aims to explain observed strategic behavior by fitting
reinforcement learningmodels to behavioral data. However, traditional IRLmethods are only
applicable when the observations are in the form of state-action paths. This assumption may
not hold inmany real-worldmodeling settings,where only partial or summarized observations
are available. In general, we may assume that there is a summarizing function σ , which acts
as a filter between us and the true state-action paths that constitute the demonstration. Some
initial approaches to extending IRL to such situations have been presented, but with very
specific assumptions about the structure of σ , such as that only certain state observations
are missing. This paper instead focuses on the most general case of the problem, where
no assumptions are made about the summarizing function, except that it can be evaluated.
We demonstrate that inference is still possible. The paper presents exact and approximate
inference algorithms that allow full posterior inference, which is particularly important for
assessing parameter uncertainty in this challenging inference situation. Empirical scalability
is demonstrated to reasonably sized problems, and practical applicability is demonstrated by
estimating the posterior for a cognitive science RL model based on an observed user’s task
completion time only.
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Approximate Bayesian computation

1 Introduction

Inverse reinforcement learning (IRL) has generally been formulated (Russell 1998; Ng and
Russell 2000) as:
Given (1) a Markov decision-process (MDP) with reward-function R(s; θ), where the θ are
unknown parameters; (2) a set of state-action pathsΞ = {ξ1, . . . , ξN } demonstrating optimal
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AI’s assumptions of the user: Levels of user modelsInteractive AI with a Theory of Mind Computational Modeling in HCI: ACM CHI 2019 Workshop, May 5, 2019, Glasgow, UK

However, we believe the results of ToM from human-human and agent-agent interaction also carry
to human-AI interaction. They o�er us ways to design intelligent systems that can collaborate with
humans be�er.

LEVELS OF AGENCY IN AI’S USER MODELS
User modelling is used to personalise user experiences and improve usability and performance of
collaborative human–computer systems [7]. To facilitate e�icient interaction, the computer makes
assumptions and possibly learns about the goals, intentions, beliefs, behaviour, or other a�ributes
of the user. Recently, user models have incorporated statistical and machine learning methods to
automatically interpret and generalise (across users and tasks) the data collected in the interaction.

To di�erentiate theory-of-mind-based user modelling from previous work, we introduce a categori-
sation of user modelling approaches to four levels based their assumptions about the behaviour of
the user during interaction. In particular, we consider how adaptive the user is assumed to be with
regard to the system, with higher levels implying more complex learning problem of the user model
during the interaction (Figure 1):

(L1) fixed, prescriptive behaviour,
(L2) passive, reactive user behaviour,
(L3) actively planning user using a passive, stationary system,
(L4) actively planning user using an adaptive, non-stationary system.

  

  
  

(L1) 

(L2) 

(L3) 

(L4) 

  

  

Figure 1: AI’s assumption of the user.
Schematic of the four-level categorisation
of user modelling approaches. (L1) Pre-
scriptive and fixed model of the user. (L2)
Passive user profile that is learned from in-
teraction data. (L3) User as an active agent.
(L4) User as an active agent who has a
model of the systemor artificial agent that
adapts based on the user’s actions.

Level 1 prescribes a model for the user. This can include advanced and complex user models, for
example, based on cognitive architectures or principles of computational rationality. In particular,
fully specified, pre-trained reinforcement learning models (based on fixed, known reward function)
fall into this category. Yet, L1 user models do not adapt or learn based on the interaction data and
have limited means of accounting for individual variability. Level 2 models, on the other hand, learn a
profile (e.g., interests, preferences, goals, type) of the user from or during the interaction, but do not
otherwise model strategic behaviour. These models include collaborative filtering and multi-armed
bandits, which have been highly successful in recommendation systems.
Level 3 models acknowledge the user as an active agent who plans or at least acts based on a

static or stationary model of the environment. This level includes inverse reinforcement learning and
theory of mind models, such as the Bayesian theory of mind [2] and machine theory of mind [18],
that learn about and predict the agent’s behaviour by observing its actions. For example, Daee et
al. [5] modelled the user as an active agent who updates her knowledge while interacting with a
knowledge elicitation system. By inverting the knowledge update, the user model enables the system
to extract the user’s tacit knowledge. Level 4 further acknowledges that the user will form a model of
the interactive system which they are using. In particular, L4 di�ers from L3 when the system is also

Prescriptive and fixed 
model of the user

Passive user profile

Active agent
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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 [12]. Yet, they lack in abilities that are important in human
social contexts, o�en involving ambiguous, context-dependent information and communication. This
cripples human–AI collaboration.
Humans interact with intelligent systems every day for tasks that are growing in complexity.

However, currently the AI does not understand humans and humans do not understand the AI. We
argue that these two problems have the same solution and that the solution is the key to e�icient

Computational Modeling in HCI: ACM CHI 2019 Workshop, May 5, 2019, Glasgow, UK
2019.
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AI to understand its user

Ever tried to get an AI system to 
actually do stuff? That would work 
much better if it understood that you 
do have a goal. 
•We give the AI learner the capability 
to understand that the user has a 
goal and a plan, by learning a user 
model 

•Further, we give an AI teacher the 
ability to teach an active learner
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Level 1 prescribes a model for the user. This can include advanced and complex user models, for
example, based on cognitive architectures or principles of computational rationality. In particular,
fully specified, pre-trained reinforcement learning models (based on fixed, known reward function)
fall into this category. Yet, L1 user models do not adapt or learn based on the interaction data and
have limited means of accounting for individual variability. Level 2 models, on the other hand, learn a
profile (e.g., interests, preferences, goals, type) of the user from or during the interaction, but do not
otherwise model strategic behaviour. These models include collaborative filtering and multi-armed
bandits, which have been highly successful in recommendation systems.
Level 3 models acknowledge the user as an active agent who plans or at least acts based on a

static or stationary model of the environment. This level includes inverse reinforcement learning and
theory of mind models, such as the Bayesian theory of mind [2] and machine theory of mind [18],
that learn about and predict the agent’s behaviour by observing its actions. For example, Daee et
al. [5] modelled the user as an active agent who updates her knowledge while interacting with a
knowledge elicitation system. By inverting the knowledge update, the user model enables the system
to extract the user’s tacit knowledge. Level 4 further acknowledges that the user will form a model of
the interactive system which they are using. In particular, L4 di�ers from L3 when the system is also

user = teacher, 
MDP

teacher model has a model 
of the AI system = learner
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Active learning for decision-making
Task: Decision support for personalized 

medicine. Improve predictions at  

Solution: Include a model of user’s 
decision making task as the active 
learning criterion 

Proposed additionally a new query type: 
counterfactual elicitation

Active Learning for Decision-Making

we describe how imbalance decreases decision-making per-

formance by increasing Type S error rate (Gelman & Tuer-
linckx, 2000), which is the probability of the model inferring
the sign of the treatment effect wrong. Second, we propose
a Bayesian estimate for the Type S error rate, which al-
lows quantifying the reliability of a decision-support model.
Third, we propose to alleviate the consequences of imbal-
ance by actively collecting more data. To this end, we
introduce decision-making aware active learning criteria

that improve decision-making performance by minimizing
the estimated Type S error rate.

Finally, in many cases there are restrictions on what can
be measured. For example, in medicine it is in general not
ethical to do an experiment on a patient in order to get in-
formation to improve the treatment plan of another patient.
Therefore, regular active learning would not be possible and,
instead, any new information has to be acquired indirectly.
For this reason, we introduce the idea of counterfactual elic-

itation which means soliciting indirect observations about
counterfactual outcomes, that is, what would have been
the outcome had x been treated with a0 instead of a. We
demonstrate the effectiveness of the proposed active learn-
ing criteria applied to counterfactual elicitation.

Main claims of this paper: 1. Reliability of decision-making
is hindered by imbalance in data. 2. Bayesian estimate of
the probability of error is a good estimate for the decision-
making performance. 3. If there is a way to acquire more
data (a simulator, new experiment, ask an expert), decision-

making error can be minimized by decision-making aware

active learning.

Technical contributions

1. We state sufficient conditions under which imbalance
will cause decision-making error, measured in Type S
error rate.

2. We introduce the principle of decision-making aware
active learning, and propose a decision-making aware
acquisition function. Our formulation allows both con-
tinuous and discrete outcomes.

3. We propose two types of queries for counterfactual
elicitation. (a) Observation is a scalar-valued point es-
timate of a counterfactual outcome from a noisy oracle.
(b) Observation is a (potentially erroneous) pairwise
comparison between factual and counterfactual out-
comes for one unit in the training data.

4. We show empirically that the proposed estimate of
the Type S error rate has strong correlation with the
observed Type S error rate, and that the active learning
that aims at minimizing the Type S error rate increases
the decision-making performance faster than standard
active learning methods.

x

y

Response observations
from treatments •, and control N

Estimated treatment responses

p0

x̃

x

y
True treatment responses

x̃

Figure 1. An example decision-making task is to choose a treat-
ment for a specific x̃ (red mark). Upper graph shows the posterior
means of the potential outcome models given observations, and
the prior mean p0. The true responses are in the lower graph,
which shows that there are three regions with different response
types (marked in green, blue and magenta). Lower y is better. The
problem is that there are no observations about treatment • in the
green region, which causes it to appear to be the best choice for x̃,
although that is incorrect.

2. Related Work
Active learning is commonly used to acquire class labels
during model training to improve classification performance,
by selecting unlabeled training instances for humans to la-
bel. The selection criteria are usually based on uncertainty
and correlations of the training instances, see e.g. Fu et al.
(2013) for a survey. Some active learning works also con-
sider richer input than just labels, for example about impor-
tance of features (Brooks et al., 2015; Ribeiro et al., 2016).
Active learning proposed by Javdani et al. (2014) aims at
improving automated decision-making by reducing model
uncertainty so that the remaining hypotheses are confined to
the same decision region. The importance of active learning
for decision-making tasks has been noted in other fields,
where e.g. Saar-Tsechansky & Provost (2007) developed a
heuristic method for deciding which consumers to target in
marketing campaigns.

Active learning has also been used to design interventions
that improve identifiability of causal networks (Hauser &
Bühlmann, 2014). In addition, Bottou et al. (2013) stud-
ies carefully how counterfactual inference can be used for
active learning. Closest to our work is the work on active
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Active Learning for Decision-Making from Imbalanced Observational Data
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Abstract
Machine learning can help personalized decision
support by learning models to predict individual
treatment effects (ITE). This work studies the re-
liability of prediction-based decision-making in
a task of deciding which action a to take for a
target unit after observing its covariates x̃ and
predicted outcomes p̂(ỹ | x̃, a). An example
case is personalized medicine and the decision
of which treatment to give to a patient. A com-
mon problem when learning these models from
observational data is imbalance, that is, difference
in treated/control covariate distributions, which
is known to increase the upper bound of the ex-
pected ITE estimation error. We propose to assess
the decision-making reliability by estimating the
ITE model’s Type S error rate, which is the prob-
ability of the model inferring the sign of the treat-
ment effect wrong. Furthermore, we use the esti-
mated reliability as a criterion for active learning,
in order to collect new (possibly expensive) obser-
vations, instead of making a forced choice based
on unreliable predictions. We demonstrate the ef-
fectiveness of this decision-making aware active
learning in two decision-making tasks: in simu-
lated data with binary outcomes and in a medical
dataset with synthetic and continuous treatment
outcomes.

1. Introduction
A promising application domain of machine learning is
to augment human intelligence in decision-making tasks
by providing predictions of outcomes under alternative ac-
tions (Schulam & Saria, 2017). To fit a model to this task,
we need data recording previous actions a, observed out-
comes y, and any features relevant to the context of the
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decision, x. Then, the goal is to estimate p(Y | X =
x,A = a) and, further, individual treatment effect (ITE),
⌧(x) = E[Y [1] � Y [0] | X = x], where Y [a] denotes the
potential outcome of treatment A = a (Rubin, 1978). ITE
provides sufficient information to choose between two ac-
tions. The estimation of ITE is susceptible to many error
sources (Pearl, 2009; Schulam & Saria, 2017; Mitchell et al.,
2018), of which we concentrate on imbalance (Gelman &
Hill, 2007).

Imbalance is defined as the difference in covariate dis-
tributions in the treated and control groups. Imbalance
makes correct model specification essential for avoiding
bias in treatment effect estimates (Gelman & Hill, 2007).
Mis-specification of the model could be avoided by using
non-parametric models, but their variance increases quickly
when extrapolating. Recently, imbalance has been shown
to increase the upper bound of the model error in estima-
tion of ITE (Shalit et al., 2017). Furthermore, imbalance
becomes the more prevalent issue the higher-dimensional
the covariate space is (D’Amour et al., 2018).

There are many existing ways to deal with imbalance when
learning the average treatment effect (ATE). In causal in-
ference, the most common methods are propensity score
matching or weighting (Rosenbaum & Rubin, 1984; Hirano
et al., 2003; Lunceford & Davidian, 2004), and modeling
the potential outcomes (Imbens & Rubin, 2015; Hernán &
Robins, 2018), as well as doubly robust methods which
implement both (Bang & Robins, 2005; Funk et al., 2011).

Even though these methods can decrease bias in treatment
effect estimates, they will increase variance, and therefore
may make the decision-making less reliable. This is es-
pecially the case with ITE; For example, in the areas of
covariate space where there are more control units than
treated, intuition is that the model for the treated outcome ei-
ther has to generalize from less-representative observations
(increasing bias) or extrapolate (increasing variance). Either
way, there is higher uncertainty about the treated outcome,
which makes reliable decision-making difficult. An extreme
case of this is illustrated in Fig. 1. A natural question then
is, could other data sources be exploited instead of making
a forced choice based on insufficient observational data.

This work has three main contributions, which are comple-
mentary to each other and can be used independently. First,
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we describe how imbalance decreases decision-making per-

formance by increasing Type S error rate (Gelman & Tuer-
linckx, 2000), which is the probability of the model inferring
the sign of the treatment effect wrong. Second, we propose
a Bayesian estimate for the Type S error rate, which al-
lows quantifying the reliability of a decision-support model.
Third, we propose to alleviate the consequences of imbal-
ance by actively collecting more data. To this end, we
introduce decision-making aware active learning criteria

that improve decision-making performance by minimizing
the estimated Type S error rate.

Finally, in many cases there are restrictions on what can
be measured. For example, in medicine it is in general not
ethical to do an experiment on a patient in order to get in-
formation to improve the treatment plan of another patient.
Therefore, regular active learning would not be possible and,
instead, any new information has to be acquired indirectly.
For this reason, we introduce the idea of counterfactual elic-

itation which means soliciting indirect observations about
counterfactual outcomes, that is, what would have been
the outcome had x been treated with a0 instead of a. We
demonstrate the effectiveness of the proposed active learn-
ing criteria applied to counterfactual elicitation.

Main claims of this paper: 1. Reliability of decision-making
is hindered by imbalance in data. 2. Bayesian estimate of
the probability of error is a good estimate for the decision-
making performance. 3. If there is a way to acquire more
data (a simulator, new experiment, ask an expert), decision-

making error can be minimized by decision-making aware

active learning.

Technical contributions

1. We state sufficient conditions under which imbalance
will cause decision-making error, measured in Type S
error rate.

2. We introduce the principle of decision-making aware
active learning, and propose a decision-making aware
acquisition function. Our formulation allows both con-
tinuous and discrete outcomes.

3. We propose two types of queries for counterfactual
elicitation. (a) Observation is a scalar-valued point es-
timate of a counterfactual outcome from a noisy oracle.
(b) Observation is a (potentially erroneous) pairwise
comparison between factual and counterfactual out-
comes for one unit in the training data.

4. We show empirically that the proposed estimate of
the Type S error rate has strong correlation with the
observed Type S error rate, and that the active learning
that aims at minimizing the Type S error rate increases
the decision-making performance faster than standard
active learning methods.

x

y

Response observations
from treatments •, and control N

Estimated treatment responses

p0

x̃

x

y
True treatment responses

x̃

Figure 1. An example decision-making task is to choose a treat-
ment for a specific x̃ (red mark). Upper graph shows the posterior
means of the potential outcome models given observations, and
the prior mean p0. The true responses are in the lower graph,
which shows that there are three regions with different response
types (marked in green, blue and magenta). Lower y is better. The
problem is that there are no observations about treatment • in the
green region, which causes it to appear to be the best choice for x̃,
although that is incorrect.

2. Related Work
Active learning is commonly used to acquire class labels
during model training to improve classification performance,
by selecting unlabeled training instances for humans to la-
bel. The selection criteria are usually based on uncertainty
and correlations of the training instances, see e.g. Fu et al.
(2013) for a survey. Some active learning works also con-
sider richer input than just labels, for example about impor-
tance of features (Brooks et al., 2015; Ribeiro et al., 2016).
Active learning proposed by Javdani et al. (2014) aims at
improving automated decision-making by reducing model
uncertainty so that the remaining hypotheses are confined to
the same decision region. The importance of active learning
for decision-making tasks has been noted in other fields,
where e.g. Saar-Tsechansky & Provost (2007) developed a
heuristic method for deciding which consumers to target in
marketing campaigns.

Active learning has also been used to design interventions
that improve identifiability of causal networks (Hauser &
Bühlmann, 2014). In addition, Bottou et al. (2013) stud-
ies carefully how counterfactual inference can be used for
active learning. Closest to our work is the work on active



Bayesian models that are both understandable and predictive 

How to make models both predictive 
and interpretable? 

Widespread approach: Use only simple 
models 

- Bayesian version: prior which favours 
simple models 

Our proposal: Fit an accurate 
(reference) model, and include 
interpretability into the utility to be 
maximized given the model.

Figure 1: Illustrative example: The reference model (green) is a highly predictive non-
interpretable model that approximates the true function (black) well. The interpretable model
fitted to the reference model (magenta) approximates the reference model (and consequently
the true function) well, while the interpretable model fitted to the training data (blue) fails to
approximate the predictive behavior of the true function.

is to choose a proxy model that trades o↵ between human interpretability and fidelity (w.r.t. the
original model).

2.2 The Issue with Interpretability in the Prior

Let M denote the assumptions about the data generating process and I the preferences toward
interpretability. Consider an observation model for data y, p(y | ✓,M), and alternative prior
distributions p(✓ |M) and p(✓ |M, I). Here, ✓ can, for example, be continuous model parameters
(e.g., weights in a regression or classification model) or it can index a set of alternative models
(e.g., each configuration of ✓ could correspond to using some subset of input variables in a
predictive model). Clearly, the posterior distributions p(✓ |D,M) and p(✓ |D,M, I) (and their
corresponding posterior predictive distribution) are in general di↵erent and the latter includes a
bias towards interpretable models. In particular, when I does not correspond to prior information
about the data generation process, there is no guarantee that p(✓ |D,M, I) provides a reasonable
quantification of our knowledge of ✓ given the observations D or that p(ỹ |D,M, I) provides good
predictions. We will give an example of this below. In the special case where I does describe
the data generation process, it can directly be included in M.

For example, Lage et al [17] propose to find interpretable models in two steps: (1) fit a set of
models to data and take ones that give high enough predictive accuracy, (2) build a prior over
these models, based on an indirect measure of user interpretability (human interpretability score).
It is not obvious that this leads to a good trade-o↵ between accuracy and interpretability: in
practice, it requires choosing the set of models for step 1 to contain interpretable models, mixing
knowledge about the data generation process with preferences for interpretability.

4

Example: Decision tree for interpretability
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