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ABSTRACT
Historical user activity is key for building user profiles to
predict the user behavior and affinities in many web ap-
plications such as targeting of online advertising, content
personalization and social recommendations. User profiles
are temporal, and changes in a user’s activity patterns are
particularly useful for improved prediction and recommen-
dation. For instance, an increased interest in car-related web
pages may well suggest that the user might be shopping for
a new vehicle.In this paper we present a comprehensive sta-
tistical framework for user profiling based on topic models
which is able to capture such effects in a fully unsupervised
fashion. Our method models topical interests of a user dy-
namically where both the user association with the topics
and the topics themselves are allowed to vary over time,
thus ensuring that the profiles remain current.

We describe a streaming, distributed inference algorithm
which is able to handle tens of millions of users. Our re-
sults show that our model contributes towards improved
behavioral targeting of display advertising relative to base-
line models that do not incorporate topical and/or tempo-
ral dependencies. As a side-effect our model yields human-
understandable results which can be used in an intuitive
fashion by advertisers.

Categories and Subject Descriptors
I.2.6 [ARTIFICIAL INTELLIGENCE]: Learning; G.3
[PROBABILITY AND STATISTICS ]:

General Terms
Algorithms, Experimentation
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Computational advertising, content targeting, personal-
ized recommendation, and web search, all benefit from a
detailed knowledge of the interests of the user in order to
personalize the results and improve relevance. For this pur-
pose, user activity is tracked by publishers and third parties
through browser cookies that uniquely identify the user vis-
its to web sites. A variety of different actions are associated
with each user as web page visits, search queries, etc. They
are distilled into a compact description of the user profile.

In this paper we focus on generation of compact and ef-
fective user profiles from the history of user actions. One
of the key challenges in this task is that the user history is
a mixture of user interests over a period of time. In order
to reason about the user, the personalization layer needs to
be able to separate between the distinct interests to avoid
degrading the user experience.

The framework presented in this paper is based on topic
models. It is able to capture the user interests in an unsu-
pervised fashion. We demonstrate the effectiveness of this
framework for the audience selection task in display adver-
tising. Audience selection is one of the core activities in
display advertising where the goal is to select a good target
for a particular campaign.

There are several challenges with topical analysis of the
user action streams. First, for a production strength sys-
tem, the analysis has to scale to hundreds of millions of
users with tens, if not hundreds of actions daily. Most of
the topical analysis models are computationally expensive
and cannot perform at this scale. The second issue is that
of time dependence: Users’ interests change over time and
it is this change that proves to be commercially very valu-
able since it may indicate purchase intents. For example,
if a user suddenly increases the number of queries for the
Caribian and cruises, this may indicate interest in a cruise
vacation. The appearance of this new topic of interest in
the user’s stream of actions can be predictive of his interest.
Furthermore, there are external effects that may govern user
behavior. For instance, an underwater oil spill does not con-
vert users into deep sea exploration aficionados yet it affects
search behavior and thus needs to be filtered out.

Finally, generating good features that describe user be-
havior does not necessarily translate into good features that
are predictive of commercially relevant decisions. In other
words, we ultimately want to obtain discriminatively useful
features. Hence we would like to obtain a user profiling al-
gorithm which has at least the potential of being adapted to
the profiling task at hand.

We propose a coherent approach using Bayesian statis-



tics to achieve all those goals and we show that it excels at
the task of predicting user responses for display advertising
targeting. In summary our contributions are as follows:

• We develop a Bayesian approach for online modeling
of user interests.
• Our model incrementally adapts both the user-topic

associations and the topic composition based on the
stream of user actions.
• We show how topic models can be used for improved

targeting for display advertising, an application requir-
ing analysis of tens of millions of users in real time.

2. FRAMEWORK AND BACKGROUND
We begin by spelling out the intuition behind our model in

qualitative terms and describe the concepts behind the sta-
tistical model capable of addressing core profile generation
issues, which we will address below and in Section 3:

• unsupervised topic acquisition
• dynamic topic descriptions
• dynamic user topical description
• filtering-out of global events

When categorizing user behavior it is tempting to group
users into categories. That is, one might aim to group users
together based on their (similar) behavior. While this has
been used successfully in the analysis of user data [1] it
tends to be rather limited when it comes to large numbers
of users and large amounts of behavioral data: With mil-
lions of users it makes sense to use more than 1000 clusters
in order to describe the user behavior. However, an infla-
tion of clusters decreases the interpretability of the clusters
considerably. Secondly, we would like to exploit sharing of
statistical strength between clusters, e.g. if a number of clus-
ters contain users interested in Latin music one would like
to transfer modeling knowledge between them.

This can be addressed by topic models such as Latent
Dirichlet Allocation (LDA) [6]. There objects (users) are
characterized by a mixture of topics (interests). It is in-
tuitively clear that such a topical mixture may carry con-
siderably more information. For instance, even if we are
allowed to choose only two out of 1000 topics we can al-
ready model 500,000 possible combinations. In other words,
we can model the same variety of observations in a consider-
ably more compressed fashion than what would be needed if
we wanted to describe things in terms of clusters. The other
key advantage of such models is that they are fully unsuper-
vised. That is, they require no editorial data. Instead, they
build the entire model by attempting to describe the data
available. A key benefit in this setting is that it allows us
to cover the entire range of interests rather than only those
that an editor might be aware of. As a result this method is
not language and culture specific. In the following we will
be using the words topic and interest interchangeably.

Our strategy is thus to describe users as a mixture of
topics and to assume that each of their actions is motivated
by choosing a topic of interest first and subsequently a word
to describe that action from the catalog of words consistent
with that particular interest. For the purpose of this paper
the user actions are either to issue a query or view an
object (page, search result, or a video). We represent each
user as a bag of words extracted from those actions and we
use the term user action to denote generating a word from

Figure 1: Latent Dirichlet Allocation.

this bag. For instance, when issuing a query, each word in
the query is an action. Similarly, when viewing a video, each
tag of the video represents an action, and when viewing a
page, each word in the title of the page is an action.

In the following subsections we first review Latent Dirich-
let Allocation (LDA) and then give an equivalent Polya-Urn
scheme representation which will serve as the basis for the
time-varying model described later in the paper.

2.1 Latent Dirichlet Allocation
LDA was introduced by [6] for the purpose of document

modeling. The associated graphical model is given in Fig-
ure 1. In it, the variables wij correspond to the j-th action
of user i that we observe. All remaining variables are con-
sidered latent, i.e. they are unobserved.
The associated graphical model of LDA assumes a static set-
ting in which the order of the actions of each user wij is ir-
relevant. θi represents user i’s specific distribution over top-
ics (interests), and φk represents the topic distribution over
words. Typically one chooses for p(θi|λΩ) and for p(φk|β)
Dirichlet distributions, hence the name Dirichlet Allocation.
The full generative process is specified as follow:

1. Draw once Ω|α ∼ Dir(α/K).
2. Draw each topic φk|β ∼ Dir(β).
3. For each user i:

(a) Draw topic proportions θi|λ,Ω ∼ Dir(λΩ).
(b) For each word

(a) Draw a topic zij |θd ∼ Mult(θi).
(b) Draw a word wij |zij , φ ∼ Multi(φzij ).

K denotes the number of topics. The above generative pro-
cess factors out the global distribution over topics into two
parts: Ω and λ. Ω is a normalized vector, i.e., a probability
distribution and represents the prior distribution over top-
ics (interests) across users, and is sampled from a symmetric
Dirichlet prior parametrized by α/K. λ on the other hand,
is a scalar, and controls how each user’s distribution over in-
terests might vary from the prior distribution. This factored
representation is critical for the rest of this paper.

2.2 A Polya-Urn Representation of LDA
In order to make explicit how the above LDA generative

process captures local and global users’ interests, we present
an equivalent representation obtained by integrating out the
global topic distribution Ω and the user-specific topic distri-
bution θ. Let us assume that user i has generated j − 1
actions and considering generating action j. Among those
j−1 actions, let nik represent the number of actions express-
ing interest k. To generate action j the user might choose to
either repeat an old interest with probability proportional to
nik (and increment nik) or to consider a totally new inter-
est with probability proportional to λ. In the former case,
the user action is controlled by the user’s mindset, and in



the latter case the new interest is decided by considering the
global frequency of interests across all users. We let mk rep-
resent the global frequency by which interest k is expressed
across users. Thus, user i can select to express interest k
with probability proportional to mk + α/K and increment
mk as well as nik. This allows the model to capture the
fact that not every action expressed by the user represents
a genuine user’s interest. For example, a user might search
for articles about the oil spill just because of the large buzz
created about this incident. In summary we have

P (zij = k|wij = w, rest)

∝
(
nik + λ

mk + α
K∑

k′ mk′ + α

)
P (wij |φk) (1)

In the literature, this model is known as the hierarchical
Polya-Urn model [5] in which previously expressed inter-
ests have a reinforcing effect of being re-expressed either at
the user-level or across users. Moreover, this model is also
equivalent to a fixed-dimensional version of the hierarchi-
cal Dirichlet process (HDP) [25]. In Figure 2 we graphically
show this representation. The static model is equivalent to a
single vertical slice (with no prior over m nor n). This figure
makes explicit that every visit to the global process by user
i creates a new table which is denoted by a big circle. Thus
mk represents the total number of tables associated with
topic k across all users. Note that in the standard HDP
metaphor, to generate an action j, one first selects a table
proportional to its popularity (or a new table with proba-
bility ∝ λ), and then generates the action from the topic
associated with the selected table. The process described
above is strictly equivalent since the probability of choosing
topic k under this standard HDP metaphor is thus equal to
the number of words assigned to all tables serving topic k
(which we denoted by nik). In Section 3, we will describe
the time-varying version of this process.

3. TIME-VARYING USER MODEL
We now introduce our model — the Time-Varying User

Model (TVUM). In Section 2.1, we assumed that user ac-
tions are fully exchangeable, and that user’s interests are
fixed over time. It is reasonable though to assume that a
user’s interests are not fixed over time, instead, we may as-
sume that the proportions change and that new interests
may arise. For instance, after the birth of a baby users will
naturally be interested in parenting issues and their pref-
erences in automobiles may change. Furthermore, specific
projects, such as planning a holiday, purchasing a car, ob-
taining a mortgage, etc. will lead to a marked change in user
activity. In the classical document context of LDA this is the
equivalent of allowing the topics contained in a document to
drift slowly as the document progresses. In the context of
users this means that we assume that the daily user interest
distribution is allowed to drift slowly over time.

We divide user actions into epochs based on the time
stamp of the action. The epoch length depends on the na-
ture of the application and can range from a few minutes
to a full day. Figure 2 depicts the generative process of
TVUM. User actions inside each epoch are modeled using
an epoch-specific, fixed-dimensional hierarchical Polya-Urn
model as described in Section 2.2. As time goes by, three
aspects of the static model change: the global distribution
over interests, the user-specific distribution over interests

At time t At time t+1 At time t+2 At time t+3

User 1
process

User 2
process

User 3
process

Global
process

m

m'

n
n'

Figure 2: A time-varying hierarchical Polya-urn represen-

tation of the TVUM process (can also be regarded as a fixed-

dimensional,fully-evolving recurrent Chinese restaurant fran-

chise process [3]). Here (unlink in [3]) all levels are evolving.

The top level represents the global process that captures the

global topic trends. Each row gives the process for a given

user. Each bar represents a topic’s popularity (either global

popularity m, or user-specific popularity n). The dotted (bot-

tom) part of each bar represents the prior (m̃ for global topic

prior, and ñ for user-specific topic prior). To avoid clutter,

we only show first-order dependencies, however, the global

process evolves according to an exponential kernel and the

user-specific processes evolve according to a multi-scale ker-

nel as shown in Figure 3. Note here also that user interactions

are sparse and users need not appear at all days nor enter in

the system in the same day. Finally, small circles in user

processes represent words according to topics.

and the topic distribution over words φ. We address each of
which in the following subsections and then summarize the
full process in Section 3.4.

3.1 Dynamic Global Interests
The global trend of interests change over time. For ex-

ample, the release of the iPhone 4 results in an increase in
the global interest of the ’mobile gadgets’ topic (intent) for
a few days or weeks to follow. To capture that, we use a
similar idea to that introduced in [3] and stipulate that the
popularity of an interest k at time t depends both on the
topic usages at time t, mt

k, and on its historic usages at pre-
vious epochs, where the contribution of the previous epochs
is summarized as m̃t

k. We use exponential decay with kernel
parameter κ defined as follows:

m̃t
k =

t−1∑
h=1

exp
h−t
κ mh

k . (2)

3.2 Dynamic User’s Interests
Now we turn to model the dynamics in the user-specific

interests. The topic trends of a given user nik is now made
dependent on time via ntik. This is after all, the very variable
that we wish to estimate. We could use the same exponen-
tial decay idea that we used in modeling the change in the
global trends of interests, however, the change in the user’s
interests over time is rather more complicated. Consider the
set of actions observed from user i up to time t − 1 as de-
picted in Figure 3. For simplicity, assume that all of these
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Figure 3: An illustration describing how TVUM
captures users’ long and short-term interests.

actions are words from queries. Each day, we observe a set
of queries issued by the user. In the figure we also list a
set of 4 interests (topics). For each topic, we give the top
words in its distribution as recorded in φ. What could be the
expected interests of the user at time t? To answer this ques-
tion, we observe that we can factor out the interests of the
user into short-term interests and long-term (or persistent)
interests. For example, this user has a long-term interest
in Diet (Food) related materials. From the user history we
can also discern two transient short-term interests localized
on time: one over finding a job and the other over buying
a car. To discover the long-term interests of the user, we
could count the frequency of expressing interest k across the
whole user history. This gives the long-term interests of the
user. As depicted in Figure 3, this shows that the user has
a long-term interest over Diet. Similarly we could compute
the same quantity for the recent week and month to get the
short-term interests of the user. As shown in Figure 3, it is
clear that in the recent month, the user was mainly looking
for a job and then started to look for a car in the recent
week. Thus to get the expected user-specific’s popularity
over interests ñti for user i at time t, we combine these three
levels of abstractions using a weighted sum

ñtik = µweek ñ
t,week
ik + µmonth ñ

t,month
ik + µall ñ

t,all
ik . (3)

Here ñtik is our estimate for user i’s interest over topic k at
time t, and ñt,week

ik =
∑t−7
h=t n

h
ik, nhik is the frequency of ex-

pressing interest k by user i at time h, and ñt,week is just the
sum of these frequencies over the past week. The other two
quantities ñt,all and ñt,month are defined accordingly over
their respective time ranges. The set of weights µ gives
the contribution of every abstraction to the final estimate.
In Figure 3, we show the final estimate at time t and it
shows that we expect that the user will continue to look for
cars, might still look for ’diet’ related content, or with some
probability considers a new job. There are a few observa-
tions here. First, if we had used an exponential decay as we
employed for modeling the global trends, the model would
have forgotten quickly about the user’s long-term interest in
’diet’. This happens because the user history is sparse and
the time between the user’s activities might range from days
to weeks. However, for modeling the change in the global
trends of topics, it is enough to consider the preceding days

to get a good estimate about the future: if an interest starts
to fade, it is likely that it will die soon unless the data at
future days tells us something else. The second observation
is that ñti is not enough to capture what the user will look
for at time t, as the user might still consider a new interest.
For example, the user might develop an interest in obtain-
ing a loan to finance his new car purchase. To model this
effect, we combine the aforementioned prior with the global
distribution over interests, as we will detail in Section 3.4,
to generate the user actions at time t.

Finally, it is hard to fit or tune three different weights as
in (3), thus we use µweek = µ, µmonth = µ2 and µall = µ3,
where µ ∈ [0, 1]. For values of µ close to 0, more weight is
given to the short-term interests and for values of µ close to
1 a uniform weight is given to all levels which implies more
weight given to the long-term interests as they are aggre-
gates over a longer time period. µ could be either optimized
per user or set to a default value for all users.

3.3 Dynamic Topics
The final ingredient in our model is rendering the topics

themselves dynamic. Indeed as we observe more user in-
teractions, we expect the topic distribution over words to
change in response to world events like the release of a new
car. This feature is related to earlier work in dynamic topic
models [7, 3] which uses non-conjugate logistic normal priors
(which are challenging during inference) and [16] which uses
multi-scale priors similar to Figure 3. Our approach here
resembles [16] but with a simpler form for the prior. We
achieve this dynamic effect by making the topic distribution
over words φk time dependent, i.e. we have φtk which now
depends on the smoothing prior β̃tk in addition to the static
prior β. The component β̃tkw of β̃tk depends on a decayed
version of the frequencies of observing word w from topic k
at times 1 : t − 1. This is similar to the way we modeled
the dynamics of the global distribution over interests, and
we use an exponential decay kernel parametrized by κ0:

β̃tkw =

t−1∑
h=1

exp
h−t
κ0 nhkw, (4)

Here nhkw is the frequency of observing word w from topic
k at day h. Finally, we have φtk ∼ Dir

(
β̃tk + β

)
Note that the decision to add β to the above prior enforces

that the components of the prior corresponding to new words
(i.e. words that have β̃tkw = 0) is nonzero and as such new
words can appear as time goes by.

3.4 Model Summary
We now put all the pieces together and give the full gen-

erative process of TVUM. Consider generating action j for
user i at time t. User i can choose an interest k with prob-
ability proportional to ntik + ñtik and then increments ntik.
Alternatively, the user can choose a new interest with prob-
ability proportional to λ. To select this new interest, he
considers the global trend of interests across users: he select
interest k with probability proportional to mt

k + m̃t
k + α/K

and increment mt
k as well as ntik. Finally the user gener-

ates the word wtij from topic k’s distribution at time t, φtk.
Putting everything together, we have

P (ztij = k|wtij = w, rest)

∝
(
ntik + ñtik + λ

mt
k + m̃t

k + α
K∑

k′ m
t
k′ + m̃t

k′ + α

)
P (wtij |φtk) (5)



In fact, taking the limit of this model as K →∞ we get the
recurrent Chinese restaurant franchise process as in [3] albeit
with all levels being evolved and with different level-specific
time-kernels. In [3] only the top level evolves since a given
document does not persist across time epochs. Moreover,
our fixed-dimensional approximation is more amenable for
distributed inference and is still not highly affected by the
number of topics as we will demonstrate in the experiments.

3.5 Inference
The problem of inferring interests for millions of users over

several months is formidable and it considerably exceeds the
scale of published work on scalable topic models including
[23]. As a result exact inference, even by sampling, is com-
putationally infeasible: for instance, in a collapsed sampler
along the lines of [13, 26] the temporal interdependence of
topic assignments would require inordinate amounts of com-
putation even when resampling single topic assignments for
user actions: it affects all actions within a range of one
month if we use a correspondingly long dependence model
to describe the topic and interest evolution.

A possible solution is to use Sequential Monte Carlo (SMC)
methods such as those proposed by [9] for online inference of
topic models. The problem is that due to the long-range de-
pendence the particles in the SMC estimator quickly become
too heavy, so we need to rebalance and resample fairly fre-
quently. This problem is exacerbated by the sheer amount
of data — we need to distribute the inference algorithm over
several computers. This means that whenever we resample
particles we need to transfer and update the state of many
computers. Such an approach very quickly becomes infeasi-
ble and we need to resort to further approximations.

We make the design choice of essentially following an infer-
ence procedure. That is, we only perform forward inference
through the set of dependent variables for each time step
and we attempt to infer zt only given estimates and obser-
vations for t′ ≤ t. This allows us to obtain improving results
as time progresses, alas at the expense of rather suboptimal
estimates at the beginning of the inference chain.

A second reason to use forward sampling is practicality:
data keeps on arriving at the estimator and we obviously
would like to update the user profiles as we go along. This is
only feasible if we need not revisit old data constantly while
new data keeps on arriving. Our setting allows effectively
for an online sampling procedure where we track the current
interest distribution and the nature of interests relative to
incoming data. Thus to summarize, our inference procedure
incrementally runs a fast batch MCMC over the data at
epoch t given the state of the sampler at earlier epochs.

Sampling Details
Our sampler resembles the collapsed, direct-assignment sam-
pler with augmented representation as described in [25]. We
collapse the topic multinomials (φt) and compute the poste-
rior over zt given assignments to hidden variables at previous
epochs. As noted in (5), sampling z would couple topic in-
dicators across all users via mt: recall from Figure 2 that
mt
k is the number of tables across all users serving topic k.

This fact is undesirable especially when users are distributed
across machines. To remedy this, we augment the represen-
tation by instantiating and sampling the global topic dis-
tribution at time time, i.e. Ωt. Thus the sampler alternate
between sampling zt,mt, and Ωt. It should be noted that
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Figure 4: Synchronization during a sampling cycle.

collapsing φt also introduces coupling across users, however
we deal with that using the architecture of [23].

Sampling ztij: The conditional probability for ztij has the
same structure as in LDA albeit with the previously defined
compound prior. We have,

P (ztij = k|wtij = w,Ωt, ñti)

∝
(
nt,−jik + ñtik + ΛΩt

) nt,−jkw + β̃tkw + β∑
l n

t,−j
kl + β̃tkl + β

(6)

where ntkw is the number of times a word w was sampled
form topic k (this is known as the topic-word matrix). Λ de-
notes the influence of the common activity distribution. The
superscript −j means excluding the contribution of word j.
The structure of (6) allows us to utilize the efficient sparse
sampler described in [26] which in fact was another reason
to our choice of using the augmented representation, i.e. for
instantiating Ωt.

Sampling mt
k: Since our sampler does not explicitly

maintain the word-table assignments, we need to sample
mt
k =

∑
im

t
ik. Where mt

ik is the number of tables in user i’s
process serving topic k. This last quantity mt

ik follows what
is called the Antoniak distribution [25]. A sample from this
distribution can be obtained as follows. First, set mt

ik = 0,

then for j = 1 · · ·ntik, flip a coin with bias
λΩtk

j−1+λΩt
k

, and

increment mt
ik if the coin turns head. The final value of mt

ik

is a sample from the Antoniak distribution. Recall that ntik
is the number of words expressing interest k from user i at
time t.

Sampling Ωt: By examining the structure of (1) and (5)
and the equivalence between the construction in Section 2.2
and LDA, it is straightforward to see that

P (Ωt|mt, m̃t) ∼ Dir(m̃t + mt + α/K).

This constitutes a single Gibbs cycle. For each time epoch
(day) we iterate this cycle 100 times over all active users
in that day. 100 iterations were enough due to 1) the small
size of user observations at each day, and 2) the informative
prior from earlier days.

Systems Aspects
To be able to apply the model to tens of millions of users, we
use a distributed implementation following the architecture
in [23]. The state of the sampler comprises the topic-word



set days users vocabulary campaigns size
1 56 13.34M 100K 241 242GB
2 44 33.5M 100K 216 435GB

Table 1: Basic statistics of the data used.

counts matrix, and the user-topic counts matrix. The former
is shared across users and is maintained in a distributed hash
table using memcached [23]. The later is user-specific an can
be maintained locally in each client. We distribute the users
at time t across N clients. Each client executes a foreground
thread to implement (6) and a background thread that syn-
chronizes its local copy of the topic-word counts matrix with
the global copy in memcached. As shown in Figure 4, after
this step, Ωt and mt

k should be sampled. However, sampling
Ωt requires a reduction step across clients to collect and sum
mt
ik. First, each client writes to memcached its contribution

for mt
k (which is the sum of the values of mt

ik for users i as-
signed to this client), then the clients reach a barrier where
they wait for each other to proceed to the next stage of the
cycle. We implemented a sense-reversing barrier algorithm
which arranges the nodes in a tree and thus has a latency
that scales logarithmically with N [21]. After this barrier, all
counts are in memcached and as such one client sums these
counts to obtain mt, uses it to sample Ωt, and finally writes
the sampled value of Ωt back to the memcached. All other
clients wait for this event (signaled via a barrier), and then
read the new value of Ωt and this finalizes a single cycle.

4. EXPERIMENTS
• We show that the discovered user interests are effective

when used as features for behavioral targeting. This
holds both in the sense of generating interpretable fea-
tures and in the sense of generating predictive models.
• Secondly we demonstrate the scalability of our infer-

ence algorithm across both the number of machines
and number of users. In particular we demonstrate
that our algorithm is capable of processing tens of mil-
lions of users. This is over 10 times larger than the
datasets analyzed by [23] who only discuss LDA.
• Third, we show that our model and inference algo-

rithm are robust to a wide range of parameter settings.
Hence it applies to a wide range of problems without
the need to excessively hand-tune its parameters.

4.1 Datasets and Tasks
We used two datasets each of which spans approximately

two months. The exact dates of each dataset are hidden
for privacy reasons. In each case we collected a set of ad-
campaigns and sampled a set of users who were shown ads in
this campaign during the covered time period. For each user,
we represented the users’ interaction history as a sequence
of tokens. More precisely, the user is represented at day t
as a bag of words comprising the queries they issued at this
day and the textual content of the pages they view on this
day. This constitutes the input to all the models discussed
in the following subsections. Thus all datasets are Yahoo!
privacy policy compliant, since we don’t retain the precise
page the user viewed on Yahoo! Sports (for instance) but
rather retain only the description of the page at a higher
level in terms of words extracted from the content.

For evaluation purposes, we also collect the user’s response
to individual ads: the ads they converted on (positive re-
sponse); and the ads they ignored either by not clicking or
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Figure 5: Characteristics of the data sets.
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Figure 6: Dynamic interests of two users.

not converting post-click (negative response). We used the
users’ responses to ads in the last week of the dataset as a
test set and the remaining responses as a training set. The
characteristics of each dataset are shown in Figure 5 and Ta-
ble 1. As evident from Figure 5, the first dataset is sparser
than the second which presents a challenge for any model.

Our task is to build a model based on users’ history that
can predict whether or not a user will convert given an ad.
We break this problem in two parts. First, we translate the
user’s history into a feature-vector profile using the TVUM
and other baselines. Second, the profiles are used to build
an SVM model that is evaluated over the test set using the
area under the ROC curve as a metric.

4.2 Interpretability
Figure 6 qualitatively illustrates our model. For each user

we plot the interest distribution over 6 salient topics. For
each topic we print the top words as recorded in φ. The
top part of the figure shows the dynamic interest of two
users (User A — left; User B — right) as a function of
time. Our model discovers that A has a long-term interest
in dating, health, and celebrity albeit to a varying degree.
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Figure 7: Performance vs. number of conversions.

In the last 10 days, A developed a short-term interest in
baseball, quite possibly due to the global rise in interest in
baseball (within our dataset). On the other hand B has a
long-term interest in sports and finance; B was interested
in dating in the first week, and was mainly looking for jobs
in the last month. These discovered time-varying features
for each user are useful for timely targeting of users with
products. The following experiments buttress this intuition.

4.3 Performance
To show that the proposed TVUM is effective for ex-

tracting user interest we compare it to two baselines: a bag
of words model (BOW) which does not incorporate any
topical or temporal dependencies, and a static LDA model
which incorporates topical information but no time depen-
dence. The bag of words (BOW) model just outputs the
concatenation of the user history up until time t as its rep-
resentation of the user’s interest at time t. This is in fact a
very strong baseline. One advantage of the TVUM is that it
is capable of processing user data in an online fashion, that
is, we may estimate the user interest distribution one day at
a time, sweeping through the dataset.

The training data for the SVM consists of the user’s distri-
bution over intent at time t (or a bag of words alternatively)
and the user’s response to the ad. For the TVUM, we used
the following default parameters:1 we set the number of top-
ics K = 200, β = 0.01, µ = e−1 ≈ .6, κ = κ0 = λ = 1.

In Figure 7, we show a comparison between this BOW
baseline and the TVUM as a function of the number of pos-
itive conversions in each campaign. In this figure, we also
show a third model that combines the BOW features with
the TVUM features. As evident, our model improves over
the baseline in both datasets across all the campaigns. We
observe that, in general, the number of positive examples
in ad campaigns is scarce. Therefore, models that feature a
compact representation of the user’s history overall perform
better and can leverage the BOW features to further im-
prove its performance. We can also notice from this figure
that the gain over the BOW baseline is larger in campaigns
with medium to small number of conversions. We also ex-
perimented with a variation of the BOW baseline featuring
BOW+time decay. In this variation of BOW, we use an

exponential decay of the form at
′−t over the word counts in

the BOW baseline such that distant history will be given less
weight at time t, however, the best result in this case was
obtained when a = 1 (i.e. ignoring time), thus our model
was able to leverage temporal information in a better way.

1It is possible to learn µ for users with long history (greater
than two weeks). The likelihood of µ is Drichlet-multinomial
compound and µ can be learnt using gradient descent. We
leave this as a future work.

Table 2: Average ROC measure (TVUM: time-
varying user model, BOW: bag of words baseline).

BOW TVUM TVUM+BOW LDA+BOW
dataset 1 54.40 55.78 56.94 55.80
dataset 2 57.03 58.70 60.38 58.54

Table 3: Time (in minutes) per a Gibbs iteration

topics 50 100 200
dataset 1 50 machines 0.7 0.9 1.2
dataset 2 100 machines 0.9 1.1 1.5

Table 4: Effect of # topics on predictive accuracy.

topics TVUM TVUM + BOW
dataset 1 50 55.32 56.01

100 55.5 56.56
200 55.8 56.94

dataset 2 50 59.10 60.40
100 59.14 60.60
200 58.7 60.38

Table 5: The effect of the topic-decay parameter on
the performance of TVUM+BOW.

Decay(κ0) none 1 2 3
dataset 1 200 topics 56.2 56.94 56.51 56.51
dataset 2 100 topics 60.68 60.60 60.40 60.40

To summarize the performance of each model over all cam-
paigns, we give in Table 2 a weighted average of the ROC
measure across campaigns, where the weight of each cam-
paign is proportional to the number of positive examples in
the campaign.

Finally, Table 2 also shows a comparison with a static
LDA model+BOW features. Due to the large scale of this
dataset, we can not apply batch LDA directly over it. In-
stead, we sampled 2M users from the training set and built
a static LDA model over them. Then, we used variational
inference to infer our estimate of the user’s interest at time
t, where t can be in the training or test set. Note here that
LDA does not have the notion of a user in the model in a
sense that when predicting the user’s history at time t1 and
later at t2, the user history up until time t1 and time t2 are
presented as separate documents to the model. As evident
from Table 2, our model beats static LDA on both datasets
due to its ability to model time, and to maintain a coherent
representation of the user as a time-evolving entity (note
that in this application of predicting conversion, an increase
of 1-2 points of the ROC measure is considered significant)

4.4 Speed and Efficiency
One key advantage of our model is its ability to process

data in an online and distributed fashion. This allows us to
process data at a scale quite unlike any system that we are
aware of. Rather than processing a small number of millions
of documents (i.e. users) [27, 28] while requiring a large clus-
ter of computers, and rather than being able to process tens
of millions of documents without time dependence [23], we
are able to process tens to hundreds of millions of users in a
dynamic fashion at a speed of two hours per day of data
being processed. This is quite a significant improvement and
makes topic models suitable for Yahoo’s user base.

Table 3 provides the time for a single Gibbs-sampling iter-



ation for different number of topics and using different num-
ber of machines. Since dataset 2 is almost double the size of
dataset 1 in terms of the number of users, we doubled the
number of machines when processing dataset 2. As shown in
this table, the time per iteration is almost the same across
the two datasets. The slight increase in time for dataset 2
arises because of the cost of synchronization and inter-client
communications which was kept low thanks to the logarith-
mic complexity of the tree-based barrier algorithm.

4.5 Sensitivity Analysis
We evaluate the results’ sensitivity to the model’s param-

eters. Bayesian models depend on the specification of the
parameters which encode our prior belief. However, no mat-
ter what prior is used, as long as the prior does not exclude
the correct answer, the model can reach the true conclusion
as the size of the dataset increases (which is true in our ap-
plication). We first study the effect of the number of topics
and then the effect of the decay parameter κ0 for the topic
distribution over words. The effect of κ was negligible.

Number of Topics: We varied the number of topics in the
range 50, 100, 200. Results are presented in Table 4. From
these tables, we first observe that the effect on the final per-
formance is not quite large in both datasets. This is largely
due to the fact that our inference algorithm optimizes over
the topic’s global distribution Ω which allows it to adapt the
effective number of topics for each dataset [29]. For dataset
1, the performance increases as we add more topics. This is
due to the sparsity and inhomogeneity of this dataset. Thus,
the arrival of new users at each day requires more topics to
model their intents properly. Whereas dataset 2 was more
homogeneous, and as such, 100 topics were enough. We rec-
ommend setting the number of topics in the low hundreds
for behavioral targeting applications.

Topic-Distribution Decay: Decaying the topic’s word
distribution has two important roles. First, it allows the
model to recover from a poor initial estimate, and second, it
enables the model to capture drifts in the topic’s focus. As
shown in Table 5 this feature helps in the first dataset due
to the initial poor estimate of the topics in the first few days
because of the low number of available users. However for
the second homogeneous dataset, the performance slightly
increases if we turn this feature off. We recommend setting
κ0 to a value between 1 and 3. It is possible to learn this
parameter, however, this requires the storage of all the past
topic distributions over time which is prohibitive in terms
of storage requirements. In our implementation, because of
the form of the decay function, we only need to discount the
topic-word counts at the end of each day and use this as the
initial estimate for the following day.

5. RELATED WORK
The emergence of the web has allowed for collection and

processing of user data magnitudes larger than previously
possible. This has resulted in a spike of interest in user data
analysis and profile generation as reported in [10, 12, 17,
19]. Profile generation has been reported for a few different
applications. In [24] the authors describe profiles for search
personalization. Here, the authors build profiles based on
the query stream of the user and users similar to it. The
authors also report an alternative that is based on the rele-
vance feedback approaches in information retrieval over the

documents that the user have perceived as relevant. Both
techniques are orthogonal to the work presented in this pa-
per and could be used to produce a potentially richer set of
of features that will serve as an input to the topical analysis.

User profile generation is also studied in other online set-
tings and also for content recommendation (e.g., [14, 18,
20]). Most of these focus on detecting the user’s short term
vs long term interest and using these in the proposed ap-
plication. In our case, we blend the short term and long
term interests into a single profile. A survey of user profile
generation can be found in [12].

In the area of audience selection, Provost et al. [22] have
recently shown that user profiles can be built based on co-
visitation patterns of social network pages. These profiles
are used to predict the performance of brand display ad-
vertisements over 15 campaigns. In [10] the authors discuss
prediction of clicks and impressions of events (queries, page
views) within a set of predefined categories. Supervised lin-
ear poisson regression is used to model these counts based
on a labeled set of user-class pairs of data instances.

While there are many profile generating algorithms sat-
isfying a partial set of requirements outlined in this paper
we are unaware of methods covering the entire range of the
desiderata. In the topical analysis area, there are many pre-
dictive algorithms which try modeling the observed data
via static generative model. The examples include singu-
lar value decomposition of the (user, action) matrix thus
yielding a technique also known as Latent Semantic Index-
ing [11] or more advanced techniques such as Probabilistic
Latent Semantic Indexing [15] or Latent Dirichlet Allocation
[6]. However, while reducing the dimensionality of the space
(the number for unique features), LSI and PLSI yield a dense
vectorial representation. All of these approaches are static
in terms of the user and to be able to apply new data we
need to recompute the topical model from scratch. Finally,
several models exist in the literature that could accommo-
date the evolution of topic global trends, topic distribution
over words [7, 16] and the number of topics [3]. However, we
are not aware of any attempts to model the intra-document
drift of topics which corresponds to a user in our application
– which is the main contribution of this paper.

6. CONCLUSION
In this paper, we addressed the problem of user profile

generation for behavioral targeting. We presented a time-
varying hierarchical user model that captures both the user’s
long term and short term interests. While models of this
nature were not known to scale for web-scale applications,
we showed a streaming distributed inference algorithm that
both scales to tens of millions of users and adapts the in-
ferred user’s interest as it gets to know more about the user.
Our learnt user representation was experimentally proven to
be effective in computational advertising.

There are several directions for future research. First, we
focused in this paper on the dynamic aspect of user pro-
files, and integrated all available user actions into a single
vocabulary. While this approach seems promising, it would
be beneficial to model each facet of the user action inde-
pendently perhaps using a different language model for each
facet. It is also possible to build a supervised model as in [8]
that uses the users’ responses to historical ads in inferring
the user’s interests.
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