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Warming Up to Cold Start Personalization
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Smart agents face abandonment if they are unable to provide value to the users from the very first interaction. Existing
smart agents take time to learn about new users before they can offer them personalized services. We present a method for
learning personalization information about users quickly and without placing unnecessary hardship on them. Our method
enables smart agents to pick which questions to ask the user when they first interact to maximize the agent’s overall
knowledge about the user. We demonstrate our method on two publically available US census datasets containing 172 user
variables from 1,799,394 training and 1,618,489 testing users. The questions selected using our method improve the agent’s
accuracy when inferring information about future users, including information that they did not ask about. Our work
enables smart agents that assist the user with personalized services soon after they start interacting.
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1 INTRODUCTION
Smart agents that run on personal and mobile devices (e.g., Cortana, Google Now, Siri) provide people with relevant
information and assist them in everyday tasks. We focus on agents that provide personalized, content-based services that
are relevant to the users’ preferences and needs. They are unlike purely context-based agents that provide services using
current context, or information from the environment relevant to the current interaction [3]. For example, an agent that
recommends the best route for the user to drive home uses context to determine the user’s current location, but also
requires personal information, such as where the user lives and if she drives, to offer a truly personal experience.
Personalized services for specific users make interactions with mobile devices more efficient [23] and enjoyable [2].
Different online learning methods for cold start personalization (e.g., those using Active Learning [11]) enable the agent to
dynamically learn about the users over time. However, sensing and learning user information takes time even with those
methods. This leads to significant downtime between when the user starts using the agent and when the agent has learned
enough about the user to offer personalized services. For example, the smart agent that erroneously notifies a user who
does not own a car about driving conditions could diminish the user’s trust in its abilities [4]. Thus, the existing agents
that cannot provide relevant quality services early on could lead to user frustration or even abandonment of the
technology [27].
Existing smart agents face the cold start personalization problem: how to provide relevant personalized services to the
new user about whom the agent knows little. The designers of existing agents often make them default to assumptions
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about preferences of the majority of users (as in the vehicle example above). Alternatively, agents could gather knowledge
about the users by asking them questions about their preferences. For example, the agent could ask the user whether they
own a vehicle and drive to work right after the user unboxes the device. However, this may encumber the users by having
to answer questions about each service before their general-purpose agent can provide those specific services to them.
The existing cold start personalization methods for specialized agents that focus on predicting a particular variable in a
particular domain do not apply to general-purpose smart agents that assist the users in variety of domains. We would have
to run the existing methods impractically many times for each domain and each variable covered by the general-purpose
agent. Thus, we require novel approaches that consider all the different variables across different domains that are
relevant to the users in a single run.
In this work, we focus on a specific aspect of the cold start personalization problem for general-purpose smart agents.
We explore what small number of questions the agents should ask the users the first time they interact to learn as much
about them as possible and infer the rest of their properties [22]. We learn the best questions to ask offline on a population
of exiting mobile users, which makes the questions readily available before the agent encounters a new user. For example,
the agent could learn about the user’s home location and try to infer the user’s age and income from this information (Fig.
1). This is similar to marketing strategies that target specific consumers based on their demographics or stated preferences
[21]. Unlike the traditional marketing strategies, which require expert knowledge about the users that marketers develop
over time, we use an automated approach to select variables that the agent should learn about from existing user data.

Fig. 1. Learning users’ home location improves the agent’s ability to infer users’ age and income. Figure shows estimated
joint probability distribution of age and income of smartphone users (from left to right): in the United States, Compton,
CA, Southeast Atlanta, GA, and Upper East Side New York City, NY.
We build our variable selection approach on the insight that the best subset of variables to ask the user about is the one
that gives the most information about the rest of the variables that were not selected; i.e., the subset of variables that
maximizes the mutual information between the two subsets. We propose an optimization algorithm that avoids selecting
variables that the agent can determine from device sensors and settings (e.g., preferred language, home location), but
considers the information that those variables provide about other variables. The algorithm also avoids selecting variables
that may be impolite or inappropriate to ask about when the user first interacts with the agent (e.g., age, income,
education) [24], but that the agent needs to infer to provide the user with services.
We solve this NP-hard optimization problem by leveraging the submodularity of mutual information between subsets
of user variables. We extend the work by Krause and Guestrin [12], who proved that mutual information between subsets
of random variables is submodular. We prove that submodularity of mutual information holds when the algorithm is
prevented from selecting certain variables, but needs to include those variables in calculations of mutual information. We
illustrate how our approach can be used in practice on the publically available 2013 American Community Survey (ACS)
dataset from United States Census Bureau [27] containing 172 user properties (e.g., age, gender, home location, income)
from 1,799,394 smartphone users. We evaluate the accuracy of our method to infer user variables on another ACS from
2015 [27], which contained the same 172 properties from another 1,618,489 smartphone users. We show that answers
about a selected subset of variables improve the agent’s accuracy to infer the rest of the user properties by up to 8.62%
compared to a non-informative baseline.
Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies, Vol. 1, No. 4, Article 124. Publication date:
December 2017.

Warming up to Cold Start Personalization • 124:3
Our main contribution is the insight that submodularity-based optimization is a principled, computationally efficient
way to find a subset of variables that best describe any user. We contribute a set of considerations that will guide smart
agents when learning about users using our approach. Variables selected using our method represent fundamental
properties of users that inform future user modeling efforts and can bootstrap the existing cold start personalization
methods that infer user properties from small subsets of data [22] or that match users based on their demographics [16].

2 CHALLENGES IN COLD START PERSONALIZATION
Existing agents face challenges when trying to provide personalized services to users about whom they have limited or no
information. Such agents often need to learn explicit information about the user based on a history of interactions with the
user [20] (e.g., an agent that personalizes music playlists will play new songs based on previous songs that the user has
listened to). Such systems take time to collect user information and cannot provide personalized services to new users.
The existing cold start personalization approaches focus on providing the best personalized experience for specific
service they provide (e.g., recommending a movie or a book to a new user). They use the smallest subset of user properties
that map to variables that are relevant to the service they provide (e.g., [6]). For example, agents may personalize services
by grouping or clustering users based on limited knowledge about their demographics (e.g., [15,16]). The agents then find
which group a new user belongs to and provide the new user with services that are relevant to that particular group. They
may also use implicit data about some user properties to infer the other properties required to personalize their services
(e.g., [18,19,20]). Those existing approaches assume that some knowledge about the user is available beforehand. To learn
this information without placing a burden on the user, the agents may elicit only the most relevant preferences (e.g.,
[7,26]). However, it is not clear what that relevant prior knowledge is for general-purpose agents that provide multiple
personalized services (e.g., Cortana, Google Now, Siri) and how to acquire this knowledge quickly for each of the services
they offer.
Finding a small subset of questions that contributes to all possible services is challenging. Traditional variable and
feature selection methods [9] can be used to rank user properties based on how predictive they are about a specific target
variable. Existing cold start personalization methods (e.g., [11]) use properties of information (e.g., maximum entropy) to
express uncertainty about new features that the system has not seen and the impact of those features on a specific
prediction the algorithm is trying to make. As such, they may be useful to select variables for specific services, but not
across services. To select subsets of variables using such approaches would require algorithms that are NP-hard [9].
Recent approaches based on greedy maximization of submodular functions [17] allow approximate solutions to this
NP-hard problem in polynomial time [10]. However, existing work explores such optimization in the domain of sensor
selection, and there is no evidence that it applies to the domain of selecting variables that best describe users. Krause et al.
[14] have developed a specific variable set selection algorithm that penalizes certain variables and thus limits the chances
that such variables will be selected. Their approach allows penalized variables to be selected given that the value of the
variable information is high enough. That may be acceptable in the domain of privacy where users tradeoff their privacy
for more accurate search results. However, that may not be applicable to the cold start personalization setting where the
agents should never ask about certain user properties no matter how desirable that property is.

3 PICKING THE BEST QUESTIONS TO ASK
One of the design goals of smart agents is to solve the cold start personalization problem: to start providing relevant
information to the user as fast and with as little effort as possible [16]. Users expect that the agent will be able to provide
them with relevant services right out of the box. However, when the user interacts with the agent for the very first time,
the agent is forced to make inferences about the user without any specific knowledge about that particular user. If the
agent makes too many mistakes in these early interactions, the users may stop using it [4].
One way the agent can start learning about the user right away is to ask questions that will help the agent make more
accurate inferences. However, there is a limit to the number of questions that the agent can ask before the user grows tired
of answering too many questions. The agent should not waste time asking questions that it can compute from the sensors
and settings on the users’ devices (e.g., using GPS location traces to infer the user’s home and work locations). Also, the
users may not appreciate being asked about questions that are impolite or inappropriate [24] no matter how much
information they contain about the user. Incidentally, some of those inappropriate questions (e.g., about age, income) are
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most sought after by marketers because they believe they contain the most information about the user [25]. Therefore, the
agent has to choose carefully which questions to ask.
When selecting a limited number of questions to ask, the agent has to consider three important factors: 1) how much
information does the question’s answer provide about the user? 2) is there a way to determine this information without
asking the user? and 3) is this question appropriate when the user first starts interacting with the agent? Our goal is to
select a subset of user variables that most effectively reduces the uncertainty about all other user variables, while taking
advantage of known variables and avoiding selecting overly sensitive variables. A natural measure of the relationship
between subsets of selected variables and the rest of the variables is mutual information.

3.1 Maximizing Mutual Information
Mutual information between subsets of random variables expresses the amount of information one subset gives about the
other. If there is high mutual information between what the agent knows and it what it does not know, it can use the
variables it knows to estimate values of the variables it does not yet know. It may be tempting for the agent to ask about
variables with the highest entropy. However, the advantage of using mutual information to select variables instead of
simply picking the variables with the highest entropy is that maximizing entropy aims to reduce the uncertainty of
selected variables without considering the predictive power of the selected variables [12]. Krause and Guestrin [12]
formalize this selection problem as nonmyopic selection of the most informative subset of variables for graphical models.
Formally, in Krause and Gustrin’s conception [12], let 𝑉 be a finite set of variables that describe the user, and 𝐴 be a
subset of these user variables. 𝐴 is the subset of variables we want to select for directly questioning the user. Then the
mutual information between subsets of selected variables and non-selected variables is given by 𝐼 𝐴; 𝑉\𝐴 = 𝐻 𝑉\𝐴 −
𝐻(𝑉\𝐴|𝐴), where 𝐻 𝑉\𝐴 is the entropy of the set of unselected variables and 𝐻(𝑉\𝐴|𝐴) is the conditional entropy of
𝑉\𝐴 given the variables in subset 𝐴. Intuitively, this means that the subset 𝐴 that maximizes 𝐼 𝐴; 𝑉\𝐴 is the subset that
best reduces the uncertainty of unselected variables (or the entropy of the set of unselected variables).
In our specific case we have two additional subsets of variables. For simplicity, and without loss of generality, we
simply add the subset of variables that the agent can detect on its own to the subset 𝐴 prior to our optimization. These are
variables that could be sensed and inferred automatically by the user’s own devices or by external sensors. For variables
that we cannot select (e.g. those that are too sensitive to ask about), we define a subset 𝑍 ⊆ 𝑉, where for any subset 𝐴 we
pick, 𝑍 ∩ 𝐴 = ∅; i.e., 𝐴 cannot contain any elements of 𝑍.
PP
Selecting the most informative set of variables is NP -complete [10] (i.e., brute force approaches that check each
combination of variables are infeasible). Instead, we use a method based on theory of submodular functions [17].

3.2 Submodularity of Mutual Information
Submodularity of functions allows for greedy algorithms that approximate optimal solutions in polynomial time with
constant function approximation constraints [12]. Using the definition by Nemhauser et al. [17], a set function 𝐹 is
submodular if for all 𝐴 ⊆ 𝐴2 ⊆ 𝑉 and 𝑦 ∈ 𝑉\𝐴2 :
𝐹 𝐴 ∪ {𝑦} − 𝐹 𝐴 ≥ 𝐹 𝐴2 ∪ 𝑦

− 𝐹 𝐴2

(1)

Here we can think of 𝑦 as a variable to ask about and add to set 𝐴. In our algorithm, we are trying to maximize the
mutual information function 𝐼 𝐴; 𝑉\𝐴 , using a special greedy optimization function for the subset of variables 𝑍 ⊆ 𝑉,
where for any selected subset 𝐴, 𝑍 ∩ 𝐴 = 𝜙. Thus, we have:
𝐹 𝐴∪ 𝑦

=

𝐼 𝐴 ∪ 𝑦 ; 𝑉\𝐴 ∪ 𝑦 , 𝑖𝑓 𝑦 ∉ 𝑍
𝐼 𝐴; 𝑉\𝐴 , 𝑖𝑓 𝑦 ∈ 𝑍

(2)

In other words, when the function comes across a variable 𝑦 ∈ 𝑍, it does not add it to the subset 𝐴, which in turn does
not change mutual information 𝐼 𝐴; 𝑉\𝐴 .
Note that Krause and Guestrin [12] proved that mutual information between sets of variables is submodular for the
case when 𝑦 ∉ 𝑍. Here we prove the other case (𝑦 ∈ 𝑍):
𝐹 𝐴∪ 𝑦

−𝐹 𝐴 =𝐹 𝐴 −𝐹 𝐴 =0

0 = 𝐹 𝐴2 − 𝐹 𝐴2 = 𝐹 𝐴2 ∪ 𝑦

− 𝐹 𝐴2

(3)
(4)
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Therefore, our special greedy optimization function, which does not select variables that we cannot ask questions
about, is also submodular.

3.3 The Algorithm
We now describe our greedy algorithm that estimates the optimal subset of variables by picking a variable that maximizes
the increase in entropy at each step. The number of greedy steps corresponds to the number of variables (𝐿) that the
algorithm is intended to select. To simplify our notation, let 𝑀𝐼 𝐴 = 𝐼 𝑋F ; 𝑋G\F , and let 𝐴 mean 𝑉\𝐴 ∪ {𝑦}. Then, at
each of 𝐿 step, our algorithm picks the single variable 𝑦 that maximizes [13]:
𝑀𝐼 𝐴 ∪ 𝑦

− 𝑀𝐼 𝐴 = 𝐻 𝑦 𝐴 − 𝐻 𝑦 𝐴

(5)

Note that this update step works for the disallowed variables in 𝑍 as well because ∀𝑦 ∈ 𝑍, 𝑀𝐼 𝐴 ∪ 𝑦 − 𝑀𝐼 𝐴 = 0,
which follows from Equation 2. This allows us to use the greedy algorithm proposed by Krause and Guestrin [12]. Their
algorithm offers a guarantee that the solution is an approximation that is within (1 − 1/𝑒) from the optimum, assuming
the function is approximate monotone on the selection interval [13]. Although mutual information is not monotonic (e.g.,
mutual information will start to decrease after subset 𝐴 becomes larger than 𝑉\𝐴), it is approximately monotone for the
small number of variables we want to select in our case, where the size of 𝐴 remains smaller than size of 𝑉\𝐴.
The pseudo code for our final algorithm is presented in Algorithm 1. Our main departure from the algorithm by Krause
and Guestrin [12] is that we prepopulate set 𝐴 with known (or easily attainable) variables 𝑊 at the start, and that we
prevent the algorithm from picking variables from the restricted set 𝑍.
ALGORITHM 1: Modiﬁed Greedy Algorithm
input:
𝐿 > 0; 𝑔𝑟𝑎𝑝ℎ𝑖𝑐𝑎𝑙 𝑚𝑜𝑑𝑒𝑙 𝐺 𝑓𝑜𝑟 𝑉;
𝑠𝑒𝑡 𝑜𝑓 𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 𝑍 ⊆ 𝑉;
𝑠𝑒𝑡 𝑜𝑓 𝑘𝑛𝑜𝑤𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 𝑊 ⊆ 𝑉\𝑍.
output: 𝐴 ⊆ 𝑉\𝑍.
begin
𝐴←𝑊
𝜹←𝟎
for 𝑖 in 1: 𝐿 do
for each 𝑦 in 𝑉\𝐴 do
if 𝑦 ∉ 𝑍 then
𝑠𝑎𝑚𝑝𝑙𝑒 𝐻 𝑦 𝐴) 𝑓𝑟𝑜𝑚 𝐺
𝑠𝑎𝑚𝑝𝑙𝑒 𝐻 𝑦 𝑉\𝐴 ∪ {𝑦}) 𝑓𝑟𝑜𝑚 𝐺
𝛿f ← 𝐻 𝑦 𝐴) − 𝐻 𝑦 𝑉\𝐴 ∪ {𝑦})
else
𝛿f ← 0
end if
end for
𝑥 ← argmax 𝑦
mn

end for

𝐴 ← 𝐴 ∪ {𝑥}

end

4 METHOD FOR SELECTING QUESTIONS
Algorithm 1 offers an efficient way to estimate the subset of variables that maximize the information about all other user
variables. However, the efficiency of the algorithm depends on the ability to quickly compute the mutual information
between the subsets of variables or the conditional entropies used to compute the mutual information increase at each
greedy step. A naïve approach would be to compute the conditional entropies in Equation 4 using a plug-in estimator 𝑝
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that computes joint and conditional probabilities directly from the data. The algorithm would then use the estimator 𝑝 in
entropy calculations:
𝐻 𝑦𝐴 =−

𝑝(𝑦) ∙ log 𝑝 𝑦 𝐴

(6)

f

However, such estimators may not be representative of the true distributions, because the data may not contain
examples of all different combinations of variables. Also, the estimation error grows as the number of variables that
describe different properties of users increases. Instead, we use a graphical model to represent the relationship between
user variables. We then use this probabilistic model to estimate the conditional entropies.

4.1 Modeling User Properties
In this section, we describe our approach to build a probabilistic model of relationships between variables that describe the
users (e.g., age, gender, home location, income). Although it is possible to build graphical models manually and using
expert knowledge, this process becomes tedious when there are many user variables in the data. Instead, we use an
automated approach to infer the structure of the model and the conditional probabilities between the variables in it.
To build graphical models that can be used with Algorithm 1, the training data for our automatically extracted model
should include the variables that fully describe the user. Also, we assume that data from each variable is present in the
dataset. To make it feasible to build the model and properly estimate the conditional probabilities of variables from the
data, we perform unsupervised discretization on continuous and ordinal variables into equal sized bins. To further reduce
the dimensionality of the data that can affect the accuracy of the model, it is possible to manually inspect categorical data
and further group values together.
We then use the pre-processed data to build the model using the Chow-Liu tree algorithm [1]. The algorithm builds the
graphical model by first calculating the mutual information between each pair of the variables in the model. Then the
algorithm greedily picks the pair with highest mutual information at each step until all variables are included in the tree.
Although this particular algorithm approximates the true distribution using a second-order dependency tree, the main
advantage of this algorithm is that it is a fast and efficient way to automatically train the graphical model from large data
sets with many variables.

4.2 Sampling Conditional Entropy
The graphical model allows us to sample conditional entropies required to select the next variable in each greedy step of
Alg. 1. We use the conditional probabilities between variables in the graphical model to compute the joint and conditional
probabilities used in Eq. 5 to estimate the conditional entropy. However, computing the joint and conditional probabilities
directly from the graphical model takes time when there are many variables with many values.
In our approach, we use Krause and Guestrin’s [12] efficient sampling algorithm for conditional entropy using a
graphical model. The algorithm generates samples using the graphical model and then uses the probabilistic inference to
compute the joint and conditional probabilities on those samples. In our approach, we use Gibbs sampling which
approximates observations based on the probability distributions specified in the graphical model.

4.3 Selecting the Variables
It is worth noting that repeatedly running Algorithm 1 to select a subset of variables may still return different subsets.
Although the algorithm always selects the variable with the highest increase in mutual information at each greedy step,
the procedure for sampling conditional entropy above may return different results between runs. Picking a large enough
sample size to estimate the conditional entropy reduces this error bound significantly [12]. Thus, Algorithm 1 still finds an
approximate solution that is within (1 − 1/𝑒) from the optimum. In our approach, we are comfortable performing
variable selection only once, knowing that both estimation errors are bounded and low.

5 LEARNING ABOUT USERS FROM CENSUS DATA
We now illustrate our approach on the American Community Survey (ACS) Public Use Microdata Sample [27] dataset
collected by United States Census Bureau in 2013. This dataset contains detailed information from a sample of
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approximately 3,000,000 people living in the United States. The 172 variables collected in the survey include information
about people’s demographics (e.g., their race, ethnicity, age, gender); where they live (e.g., their home location, the type of
building, if they rent or own), where they work, if employed, or where they go to school, if students; their preferred
transportation; their income; their marriage status; etc. Also, this particular dataset for the first time contains data about
people’s computer and phone use. We use this dataset to illustrate our approach because it is one of the most complete,
systematically collected representative samples of potential personalized agent users in the United States.

5.1 Data Pre-processing and Variable Labeling
We begin by training a graphical model on the user data to build a probabilistic model of the potential users. Since most
modern personalized agents run primarily on smart phones, we removed all the records for people that reported that they
do not own a mobile phone. We also removed children who were 10 and younger at the time of the census. This left
1,799,394 records in the dataset. We performed unsupervised binning of continuous variables (e.g., age, income) into
approximately equal sized bins. We then ran the Chow-Liu algorithm [1]. to approximate the structure of the graph and
calculated the conditional probability tables for each pair of parent and child variables.
We then manually labeled variables that the algorithm should not select. Those variables included information about
the user’s gender, age, income, cost of living, marriage status, education level, and any specific questions related to their
employment status. Although questions about some of these variables can be asked in a non-threatening way (e.g., “What
do you do for a living?”), we decided to err on the side of caution and simply not ask them. We also removed any variables
that could lead to awkward questions (e.g., whether the user’s home has a toilet). Disallowed variables could be
customized by the agent’s creators, and our choices illustrate a possible example set.
We also labeled variables that the agent can detect through use of phone sensors and settings soon after the user
interacts with the agent for the first time. These variables included home location, work or school location, and when they
leave home to go to work or school, all of which can be detected using the location services on the phone in the few days
following the first interaction. We also labeled variables about users’ access to mobile and wireless data, and other
computers the users own because the phone can detect this information based on the users’ data connection and
computers it connects to. We assume that the agent can detect all of these variables on its own, so they are excluded from
the set of variables the agent might ask about. As with the disallowed variables, the set of detectable variables can be
adjusted to suit the particular agent.

5.2 Variable Selection Run
To evaluate our approach, we performed three different variable selections: 1) baseline, a random selection run where we
randomly selected variables without any restrictions; 2) full, where we used our selection approach, but did not withhold
any variables and did not assume that any variables are already known to the agent; and 3) restricted, where we used our
selection approach, and withheld variables that the agent should not ask about and assumed knowledge of variables that
the agent can detect on its own. To estimate the average mutual information we would get by running the random
selection, we repeated the baseline run 100 times. Scenario (3) is the most realistic, because it illustrates using our method
with restrictions on what can be asked and inferred. We then compare the estimated mutual information for each
condition across different numbers of selected variables. We hypothesize that full and restricted conditions will produce
variable subsets with which mutual information is higher than that of randomly selected variables in the baseline
condition.
We also explore different numbers of questions that the agent can ask the users on the first interaction. Although, the
agent should keep the number of questions it asks low, it is still not clear what that number should be. Also, we
hypothesize that the benefit of asking more questions (i.e., adding more variables) over time will decrease, and thus our
method may be able to calculate a natural break for the number of variables to select. To compute the final subset of
questions, we first pick a small number of variables based on mutual information curves across different number of
variables, and then for each condition we selected the subset of variables of that size that had the highest mutual
information. However, unlike full and restricted conditions, the random baseline condition cannot offer any guarantees
about the solution it produces.
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5.3 Results
A large mutual information between the known and unknown variables indicates that the known variables can be used to
infer the unknown variables. Thus, we aim for high mutual information. We plot mutual information between selected
variables and other variables for different number of selected variables (from 1 to 20) in the three conditions in Fig. 2.
As we expected, the two submodularity-based conditions outperform the baseline. Although the curve in the baseline
condition continues to increase on the interval, the baseline mean mutual information does not come close to either of the
other two conditions. Also, mutual information in the restricted condition is higher than in the full condition across all
variable counts.
Fig. 2 shows that curves in both full and restricted conditions start to tail off after selecting five variables. This number
coincides with our informal review of the existing phone agents and how many questions they ask when they interact
with users for the first time (e.g., an early mobile version of Cortana asked the user three questions the first time they
interacted). This small number of questions reduces the chances that the questions will burden or bore the users the first
time they interact with the agent. We thus choose a cutoff point at 5 variables.

Fig. 2. Mutual information between the selected variables and the rest of the variables across the conditions for different
number of selected variables. In the baseline condition, the mutual information represents mean across all 100 runs and
the error bars indicate 95% confidence intervals.
The final subsets of five selected variables for each of the conditions (baseline includes the best subset in 100 runs)
included: 1) gender, rent paid last year, home location, if the user were widowed in the past year, and age (MI(A)=11.08) in
the baseline, 2) home location, work location, place of birth, the user’s home location in the past year, and income in the
past year (MI(A)=11.38) in the full condition, and 3) place of birth, the user’s home location one year ago, year that the
home was built, number of people in household, and birthday season (MI(A)=13.96, including known variables) in the
restricted condition. The restricted condition starts at a relatively high point in mutual information, because it already
knows about some of the user’s variables, i.e. those that can be inferred by other means
The highest baseline run was incidentally close to the full condition and high compared to the mean mutual
information of five selected variables in the baseline condition (mean=4.11). However, there is no guarantee that randomly
selecting variables would again yield a subset with such high mutual information. Also, without a principled method, such
as ours, it would be difficult to know how close the randomly selected subset is to optimal solution.
The variables selected in the full condition may better describe other user properties than restricted condition variables
without the known variables. However, they also contain variables that the agent can detect (e.g., home location) and
variables that the agent should not ask about (e.g., income). Asking questions about those variables would unnecessarily
waste the user’s time or could reduce the rapport between the user and the agent. Thus, we continue our analysis on the
variables selected in the restricted condition.
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5.4 What Selected Variables Tell about Users
Our algorithm selects the variables that best describe the user from a pool of available variables. However, our algorithm
does not offer an explanation why certain variables are predictive of the others. The five variables that the algorithm
selected in the restricted condition may not be obvious choices. We offer some hypotheses about why these variables are
important (i.e., what information they carry about other variables). We randomly selected 1,000 people from the training
data and manually inspected how truthfully answering the five questions affects knowledge about the rest of the variables.
We illustrate this in two scenarios with representative users we identified in our random sample (Fig. 3). We focus on
decisions the algorithm made on the training dataset. Later in Section 5.5, we validate our approach on the test dataset and
show an increase in inference accuracy on a set of unseen users after they hypothetically answered our questions.
In the first scenario, we pick variables that have been traditionally sought after by advertisers and marketers [21]: age
and personal income. Such variables enable smart agents to make decisions about age-sensitive content and target users
with appropriate advertisements. Our second scenario explores variables used to automatically suggest transportation
options and commute times to a frequent location. Existing agents, such as Google Now, already provide this service to
their users (e.g., suggesting routes based on commute time when driving to work). For this scenario, we chose to examine
users’ main means of transportation and the users’ employment status (including if they are students). Knowledge about
these variables helps the agent avoid making gross assumptions about the user based on the majority of users in the
United States (e.g., assuming that everybody has a car or that most people are employed and go to work).

Fig. 3. Joint distribution of age and personal income (left) and users’ employment and main transportation (right) in the
United States: 1) without any knowledge about the user (top left), and 2) from select 11 randomly sampled people from
the US census data assuming the users have answered the selected questions truthfully and the agent has detected the
other variables correctly. Black dot indicates actual user properties.

5.4.1 Scenario 1: User Age and Personal Income
It is difficult to infer the user’s age and income just from the joint probability distribution of income and age of all
potential users in the United States (see top left in Fig. 3). This is because users are close to uniformly distributed across
different age groups (i.e., the entropy of the probability distribution of ages is high). Although slightly skewed towards
lower values, users can also have a wide range of incomes. However, we see that information from variables we select in
the restricted condition contained information about both variables (Fig. 3 left).
Fig. 3 (left) shows the joint distributions of age and personal income before and after the algorithm selected the
questions for 11 representative people from the US census dataset. We found that in the majority cases the method was
able to narrow down the joint probabilities towards the people’s actual age and personal income. This is in part due to the
variables the agent can detect on its own. For example, home location can tell the difference between affluent and povertystricken areas. It can also shift the distribution of ages in case of, say, university towns. User answers to agent questions
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further help narrow down the probability distributions. For example, user answers about the year their home was built
helped the algorithm differentiate young home owners from older people who have owned their home for a long time.
Knowing these variables would enable a smart agent to provide personalized services to the user as soon as the user
completes answering the questions. For example, a match-making service could use the two variables directly to match
people based on their age and income. Smart agents can also use age and income indirectly to infer other preferences. A
service that provides up-to-date financial news could target users with high income. A service that recommends new
restaurants, shopping, or entertainment could also use this information to personalize its suggestions to the user.

5.4.2 Scenario 2: User Work Status and Transportation Preferences
Users’ work status and transportation preferences variables differ from age and income variables because, unlike age and
income, the joint probability distribution of work status and transportation in the United States is highly skewed towards
employed people who own a vehicle or non-employed people who do not commute frequently (see top left corner in Fig. 3
(right)). This means that without any additional information the smart agent will inadvertently suggest a car as the
preferred transportation option (as is the case with existing smart agents that offer this service). This could also lead to
uncomfortable situations of suggesting “work” as a destination to people who are unemployed.
Fig. 3 (right) shows the joint distribution of employment status (including if the user is a student) and transportation
before and after the algorithm selected the variables for 11 representative people from the US census dataset. We found
that in most cases the selected variables helped strengthen the algorithm’s belief about whether the user owns a vehicle
and is employed or not. The algorithm reduced uncertainty about people that take public transportation to work,
especially for users living in urban areas. However, selected variables did not provide the algorithm with information
about the users that walk or bike to work or school due to a small number of people who have such preference.
The agent can make a suggestion about commutes based on the user’s employment status and transportation
preferences. For example, instead of suggesting the car option to a user who does not drive, the agent could offer public
transportation with appropriate timetables. Inferring that the user is a student could allow the agent to suggest different
content (e.g., learning materials and resources). It could also advertise different discounts available only to students.

5.5 Validating Inference Accuracy
Our goal is to show that the agent can make accurate inferences about the user based on the answers to the five questions.
Unlike in the previous section where we looked at why the algorithm made certain decisions on the training data, here we
use a hold-out set of new users to show that the inference generalizes. Our algorithm already offers theoretical guarantees
that the agent will increase knowledge about the users. We hypothesize that inference accuracy will improve as well.

5.5.1 Method and Data Pre-processing
We used another American Community Survey (ACS) Public Use Microdata Sample [27] dataset collected by United States
Census Bureau in 2015. The testing dataset contained the same 172 demographics variables from approximately 3,000,000
different people living in the United States. The sampling method used by United States Census Bureau ensures no overlap
between the two datasets. We again removed records for people that reported that they do not own a mobile phone and
children who were 10 and younger at the time of the census, which left 1,618,489 phone users in the testing dataset.
We then used the graphical model we built on the training data to perform inference in three conditions: 1) baseline, in
which we did not use answers to any questions in our inference, 2) full, in which we assumed that the users in the test
dataset truthfully answered questions from the full set of questions we obtained in our variable selection run, and 3)
restricted, in which we assumed that the users in the testing dataset truthfully answered questions from the restricted set of
questions and that the phone obtained the rest of the variables in that set.
We measured the accuracy for each of the 172 variables in the dataset. We compared the average accuracy over all 172
variables between the three conditions because we wanted to measure the ability of the agent to learn as much about the
users rather than about any particular user variable.

5.5.1 Results
The average accuracy for the default, full, and restricted conditions was 67.56%, 72.95%, and 76.18% respectively. The
obvious source of increase in average accuracy were variables that the agent learned from the users (e.g., home location
accuracy increased from less than 0.1% in the default condition to 100% in the full and restricted conditions). However,
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known variables are only a fraction of the 172 total variables, and the increase came from the gain in overall knowledge
about each user.
To illustrate this, we again compare the four unknown variables we explored in the previous section: age, income,
employment, and transportation. To contrast full and restricted conditions we also include a variable that describes if a
child lives in the same home. The average accuracy for each of these variables across different conditions are in Tab. 1.
The results show improvement in accuracy in all but one of these variables (age). The increased accuracy in restricted
condition comes from nuanced knowledge about additional user variables compared to the full condition.
Table 1. Average accuracy for select variables across conditions.
Condition
baseline
full
restricted

Age

Income
20.61%
19.38%
19.38%

6.75%
28.27%
28.27%

Employment
80.31%
98.45%
98.45%

Transportation
15.19%
80.66%
80.66%

Child at Home
36.81%
36.81%
80.32%

6 DISCUSSION
We presented both a theoretical guarantee and empirical evidence that the selected subset of variables will help the agent
make, on average, more accurate inferences about the users. The mutual information comparison results in Fig. 2 show
that our algorithm will improve on the ability to infer user properties compared to doing the same inference from simple
priors or by asking random questions about the user. Our algorithm performs the selection in a principled way that also
avoids asking questions that may negatively impact the rapport with the user.
Both our manual analysis of the training data and our empirical evidence show that the algorithm picked meaningful
variables. For example, our results indicate that the location variables (e.g., home, work) provide significant amount of
information about the user and should be inferred as soon as possible. We also found that the place of birth, which was
present in both full and restricted conditions, could be descriptive of the user because it could indicate whether the user is
a citizen, a naturalized citizen, or an immigrant. If the user was born in the same place he or she lives now, it might also
mean that the user had time to build social capital among people that live in the same place and could affect variables
related to the person’s employment. Similarly, the location the user lived in the past year indicates whether the user
moved or not. Moving residence to another city or state may indicate changes in jobs, school, or even family relations,
such as marriage. The number of people that live with the user could indicate whether the person is married and has a
family (has children or is living with parents) or lives alone.
Other variables provided more nuanced description of the users. A high number of people living in the same residence
could also indicate the user lives in a university dorm. The age of the building where the user lives may be indicative of
their social and economic status: an old home may be indicative of the poverty in neighborhoods where the average
income of residents is low, or it may indicate that the user lives in an old mansion, if the general area is affluent.
A notable exception is the birthday season, which illustrates a possible pitfall with our algorithm. This variable may
not have a direct impact on other variables, but it may be difficult to guess even when knowing other variables because
the entropy of this variable is very high. Thus, the algorithm may be inclined to select variables with high entropy that are
not descriptive of other variables. To counter this, we could iterate and add such variables to the list of variables that the
algorithm should not select.
Our approach assumes that people will answer all the questions the agent asks and answer them truthfully. In reality,
some people many not want to answer any questions or may provide false information if forced to answer them.
Additionally, some people may not take the questions seriously and give humorous answers that are not true. Further
research is required to determine the likelihood of people answering certain questions and how this impacts our method.
Results of such future research may also relax some of the restrictions we have placed on the impolite questions, or may
add further questions to the “do not ask” list. Furthermore, since we have access to the underlying probability
distributions, we may be able to detect some untruthful answers as those that are highly unlikely.
Our algorithm selects the variables, but does not specify how the agent should ask the questions. This requires
additional planning by the agent designers. For example, asking user directly: “How many people do you live with?” may
feel awkward. Modifying the question to be playful or conversational changes the tone (e.g., offering some information
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about the agent in exchange for information from the user). This is similar to the usual conversations between people that
could also build rapport between the agent and the user. Based on the top five variables we selected, we suggest the
following questions:
• For place of birth: “I was born in Seattle. Where were you born?”
• For moving home location: “Have you lived in this place long or have you moved recently?”
• For season of birth: “I was born in summer. How about you?”
•
For number of people living at the user’s home: “This is going to be my first time living with roommates. How
many people will I be living with?”
• For the year the home was built: “I am excited to share the home with you. What year was our home built?”
One limitation of our use case dataset is that it did not contain all variables that could be relevant to mobile
personalization services (e.g., application preference, music preferences). However, it is unrealistic to expect that every
training dataset will always contain all possible user properties. Therefore, it is important to consider the ability to
combine data from multiple sources. Because our approach uses a graphical model in the optimization, it is able to use any
probabilistic model that has been estimated from multiple data sources.
In our work, we focus on a small subset of questions that the agent should ask the first time it interacts with the user.
However, our approach can be used to select a larger subset of variables to ask the users about over time. Also, as the
rapport between the user and the agent grows, the agent may be able to start asking some of the restricted questions. For
example, after the agent has established rapport with the user, the agent may be able to ask some of the more personal
questions, such as their actual age or if they are employed or not. In such cases, it may be beneficial to repeat our
approach for different stages of user-agent interactions, where certain questions are removed from the “do not ask” list
over time. This would make our approach an essential part of the process of learning about the users throughout their
interaction with the agent.

7 CONCLUSION AND FUTURE WORK
We presented a generalizable approach that enables agents to automatically learn fundamental user properties. Our
approach does this in a principled way by maximizing the mutual information between sets of variables that describe the
users. We extend the existing algorithms that take advantage of the submodularity of the mutual information function to
include cases when the algorithm cannot select a subset of variables, but still wants to maximize information about them.
As such, our work enables future agents to learn about the users without asking inappropriate questions, which could
negatively impact the rapport between the agent and the users.
To offer the best service to the users, future agents will need the ability to consider all variables relevant to the services
they offer. However, it is difficult to collect training data that contain all of the user’s properties in one dataset. Thus, it is
important to find ways to combine data from multiple sources into a single probabilistic model of the users. Although our
variable selection algorithm makes no assumptions about the underlying user model, future work should explore what
fundamental properties of users the algorithm would be able to detect using those complete user models.
Future work should also explore the cases where the users are unable or choose not to answer certain questions. Future
algorithms should consider the probability of people answering certain questions and the probability that the answers are
correct. Furthermore, some questions may be easier to answer than the others and future algorithm should consider the
difficulty of answering questions when selecting the best subset of variables to ask about.
Our work focuses on immediately improving the first interaction between the agent and the user. However, the agent
will progress to learn more about the user after their first interaction. Thus, future research should explore how our work
can support continued learning. This includes how algorithms should decide the order of future questions, including how
the subsequent answers impact what the agent should ask next.
Our work produces holistic user profiles that help general-purpose agents (e.g., Cortana, Google Now, Siri) when
trying to provide value to the user in multiple domains. We envision a future in which such general-purpose agents will
try to find out and keep track of as much holistic information about the user as possible to be able to delegate this
information to other specialized agents. A consequence of this vision is that future smart agents will have much more
high-level knowledge rather than specialized knowledge about the users at first. Our method has implications for future
specialized agents, because it will provide them with a starting point for inference about the specific information they
need to make their specialized predictions and recommendations.
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