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ABSTRACT
Developing transparent predictive analytics has a�racted signi�-
cant research a�ention recently. �ere have been multiple theories
on how to model learning transparency but none of them aims to
understand the internal and o�en complicated modeling processes.
In this paper we adopt a contemporary philosophical concept called
“constructivism”, which is a theory regarding how human learns. We
hypothesize that a critical aspect of transparent machine learning
is to “reveal” model construction with two key process: (1) the as-
similation process where we enhance our existing learning models
and (2) the accommodation process where we create new learning
models. With this intuition we propose a new learning paradigm,
constructivism learning, using a Bayesian nonparametric model to
dynamically handle the creation of new learning tasks. Our em-
pirical study on both synthetic and real data sets demonstrate that
the new learning algorithm is capable of delivering higher quality
models (as compared to base lines and state-of-the-art) and at the
same time increasing the transparency of the learning process.
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1 INTRODUCTION
Developing transparent predictive analytics has a�racted signi�-
cant research a�ention recently [1, 5]. �ere are many applications
where transparent models are critical for the successful deploy-
ment of such systems. For example in the medical domain, it is
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hard for a physician to use results from predictive modeling with-
out knowing how the results are derived. To be�er train robots,
�omaz and Breazeal showed that if a learning algorithm can reveal
its uncertainty of an action in reinforcement learning, that infor-
mation provides great help for human to be�er train robots [27].
In addition in legal system for recidivism prediction, using black
box predictive analytics may lead to unfair treatment of minority
groups and thus commit illegal discrimination [31].

�ere is intensive discussion on how to de�ne transparency and
how to introduce transparency in a predictive analytics. A large
body of literature focuses on explaining the results of the prediction
[8, 13]. �e premise is that if we are able to explain the model results,
we improve the transparency of the model and in this sense inter-
pretability and transparency are two closely interleaved concepts.
Exemplar work in this category includes sparse linear models [28],
prototype based methods such as Bayesian case models [12], and
approximating opaque models using local and interpretable mod-
els with low complexity [20], among others. Additional theoretic
model includes Situated Learning �eory [27], regarding human
learning in the context of social interactions and “black box in a
glass box” [6, 9] where di�erent levels of modeling transparency
are discussed.

�e critical limitation of existing discussion is that all the afore-
mentioned works focus on either making sense of the produced
model to or delivering models that are easily understandable by
end users (i.e. model transparency). �ey do not aim to understand
the internal and o�en complicated modeling process (i.e. modeling
transparency). We view machine learning decision process as a
process of “trade-o�” between model �tness (usually evaluated by
a loss function) and modeler’s experience (usually encoded as the
prior distribution in Bayesian learning or the regularization in PAC
learning). We argue that in order to achieve transparency we have
to at least reveal the internal trade-o� process that involves features,
hyper-parameters, learning machines, and key results statistics, to
the end user as advocated for example in [32].

Our work is motivated by a much broader philosophical discus-
sion called “constructivism”, which has profound impact of modern
viewpoint about the nature of knowledge. In the constructivism
theory, the learner constructs new knowledge through her inter-
action with the world with two key processes assimilation and
accommodation. �rough assimilation, a learner incorporates new
experience into an existing knowledge framework without chang-
ing that framework. �rough accommodation, a learner changes
her internal representation of the external world according to the
new experience.

With this intuition, we propose a new learning paradigm where
when we have new interactions with the world (i.e. through a new
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training sample), we evaluate whether existing knowledge can gen-
eralize well to this new interaction with minor modi�cations. If not
we conclude that new knowledge should be constructed. Specif-
ically in the context of data analytics, we assume samples arrive
sequentially. For each newly introduced sample we evaluate our
trained models and decide whether we should simply update the
existing models (assimilation) or we should create a new learning
model if we have su�cient evidence to believe that there is a new
learning task in our data sets (accommodation). Here “we” is a ma-
chine learning algorithm. Modeling transparency in constructivism
learning hence is speci�cally de�ned as the algorithm’s ability to
recognize assimilation and accommodation.

�is new learning paradigm poses two challenges in design-
ing an algorithm. First, the algorithm must have the capability to
dynamically create models when needed (dynamic task construc-
tion). Secondly, the algorithm must have a way to determine which
model a newly arrived sample should belong to (sample task assign-
ment). We formalized a Bayesian nonparametric approach using
sequential Dirichlet Process Mixture Models (DPMM) to support
constructivism learning. �e advantage of Bayesian nonparametric
is that we do not need to specify the total number of classi�cation
models up front and we use data driven approaches to explore a
set with potentially in�nite number of models. Such Bayesian non-
parametric models naturally support the dynamic construction of
learning tasks. For sample task assignment we introduced a tech-
nique called the selection principle to improve the �tness principle,
commonly used in traditional Dirichlet Process Mixture of models,
which demonstrate signi�cant empirical improvement.

In summary the major contributions that we made in this paper
towards transparent predictive analytics are highlighted below.

• We introduced the theory of constructivism in order to
o�er transparency in the learning process using two con-
cepts: assimilation and accommodation. Based on the the-
ory, we designed a principled approach called construc-
tivism learning.

• We performed a systematic investigation and formalized
the related learning problem as a novel sequential Dirichlet
Process Mixture of Classi�cation Model problem (a.k.a.
sDPMCM) where with new training samples we may either
update existing learning models or identify a new learning
task.

• We introduced a novel and e�cient variational inference
method for sDPMCM with a technique that we call selec-
tion principle.

• Our experimental study demonstrated the improved clas-
si�cation performance of the new learning paradigm. We
showed that the new paradigm improved modeling trans-
parency by revealing insights on two key components in a
reasoning process: assimilation and accommodation.

2 RELATEDWORK
We review related work in three highly relevant categories: trans-
parent machine learning, constructivism (human) learning, and
task construction in functional data analysis.

2.1 Transparent Machine Learning
We notice that there are a few recent e�orts aiming to reveal the
underlying reasoning mechanics of a machine learning algorithm.
For example Krause et al. [14] employed a visual analytics to depict
input-output relationship by treating the algorithm as a black-box.
In this way the user gets a sense of internal learning process by
observing how the output may change according to the change of in-
put. Zhou et al. [32] developed a technique to improve transparency
by revealing the internal status of a hierarchical beta process. In
their study they visualize how output statistics (e.g. precision, re-
call) change according to di�erent hyperparameter se�ings. How-
ever they lack principled and systematic approaches to address
the problem. To initialize the discussion in this paper we adopted
the theory of constructivism in human learning and designed an
approach with comprehensive experimental study.

2.2 Constructivism Learning
We brie�y review the constructivism theory in order to provide
further background information and motivation of our work. �e
full treatment of the concept is clearly beyond this technical dis-
cussion and useful references can be found in [18]. Constructivism
aims to be�er understand the nature of knowledge and thus it
belongs to epistemology, a branch of philosophy dated back to
Aristotle. In that constructivism is not merely a pedagogy though
it has been widely used in designing education methods. Following
constructivism in education, the focus is to change the role of an
educator from a supervisor to a facilitator. Constructivism thus
promotes active learning where instructor provide all the necessary
information aiming to help students acquire new knowledge.

2.3 Learning with Task Construction
Dynamically identifying learning tasks using Bayesian nonpara-
metric models have been discussed in di�erent context, primarily
in functional data clustering [11]. In functional data analysis, we
have n sets of samples (labeled data or functional data) from di�er-
ent subjects, experiments, or object, functional clustering tries to
construct and learnm regression functions (i.e. tasks) for those n
sets of samples by clustering them so that the samples in the same
cluster can be described using the same regression function.

Most of existing methods in learning with task construction were
designed for batch data [4, 16, 17, 19, 21, 22, 25]. For the scenario
of streaming data, the only existing work was proposed by Bastani
et al. [3] in a recent paper for object trajectory clustering. In that
work, a framework is presented for incremental clustering of object
trajectories using DP mixtures of Gaussian processes. It is worth
noting that the application of that method is speci�c to activity
mining and analysis from surveillance video.

3 PRELIMINARY
Before presenting our method, we give a brief introduction to
Dirichlet Process in order to be self-contained.

3.1 Notation
For clarity, we introduce the following notations. We use lowercase
le�ers to represent scalar values, lowercase le�ers with bold font
to represent vectors (e.g. u), uppercase bold le�ers to represent

KDD 2017 Research Paper KDD’17, August 13–17, 2017, Halifax, NS, Canada

286



−5 0 5
1

2

3

4

5

6

7

8

 

 

T1 -
T1 +
T2 -
T2 +

−5 0 5
1

2

3

4

5

6

7

8

 

 

T̂1 -

T̂1 +

T̂2 -

T̂3 -

T̂3 +

T̂4 +

−5 0 5
1

2

3

4

5

6

7

8

 

 

T̂1 -

T̂1 +

T̂2 -

T̂2 +

Figure 1: An Issue of the Fitness Principle: Le�: Gound Truth; Middle: Tasks Constructed without Using the Selection Princi-
ple; Right: Tasks Constructed using the Selection Principle.

matrices (e.g. A), Greek le�ers {α ,λ,γ , . . . } to represent parameters.
Given a matrix A = (ai,j ) ∈ Rp×k , |A| is the determinant of A.
Unless stated otherwise, all vectors in this paper are column vectors.
uT is the transpose of the vector u. We use [1 : N ] to denote the
set {1,2, . . . ,N }.

3.2 Dirichlet Process Mixture Models (DPMM)
�e Dirichlet process is a random probability measure de�ned using
an concentration parameter α and a base distribution H over a set
Θ, denoted as DP(α ,H ). It is a distribution over distributions. Each
drawG from a DP is a discrete distribution consists of weighted sum
of point masses with locations drawn from H . It has the property
that, for any �nite set of measurable partitions A1,A2, · · · ,Ak of Θ,

(G(A1),G(A2), · · · ,G(Ak )) ∼ Dir(αH (A1),αH (A2), · · · ,αH (Ak ))

Where Dir denotes a Dirichlet distribution.
Consider drawing i.i.d sequence θ1,θ2, · · · θn ∼ G , the predictive

distribution of θi conditioned on other θ j , j < i , wri�en θ−i is:

θi |θ−i = 1
α + n − 1

∑
j<i

δθ j + α

α + n − 1H (1)

Note that (1) implies clustering property of DP, i.e., θs in the same
cluster have the same value, due to the positive probability that θi
will take on the same value as other θ−i .

Relying on this clustering property of DP, we formalize DP mix-
ture of classi�cation models (DPMCM) for data (x i ,yi ),i ∈ [1 : N ],
where x i is a feature vector and yi is a label, as follows:

yi |x i ,βi ∼ Fy (·|x i ,βi )
x i |θ i ∼ Fx (·|θ i )

(θ i ,βi )|G ∼ G
G ∼ DP(α ,Hθ × Hβ ) (2)

Here we model the joint distribution ofx i andyi and assume that
the base distributionHθ ×Hβ is independent between parametersθ i
and βi . �rough this formulation, data are grouped into di�erent
clusters with each cluster k represented by a generative model
parameterized by (θ∗k ,β

∗
k ). We have θ i = θ∗k and βi = β∗k if (x i ,yi )

is generated using the model of cluster k . Fx and Fy are generative
probabilistic models.

Note that (2) can be directly applied to constructivism learning
since it allows dynamic task construction and sample task assign-
ment. Specially, due to the in�nite-dimensional space of Bayesian

nonparametric models, the complexity of models adapts to data
so that new tasks can be constructed as needed. In addition, the
clustering property of DPMCM provides us a solution for deter-
mining which task a sample should be assigned to. However, the
implementation of constructivism learning by directly using (2)
may lead to some issues, for which a detailed discussion will be
given in section 4.1.

4 ALGORITHM
In this section, we describe our proposed algorithm for construc-
tivism learning (CL). We begin by formalizing the problem se�ing of
CL. �is is followed by the description of our sequential DP mixture
of classi�cation model(sDPMCM). �en we propose an improved
version of sDPMCM , sequential DP mixture of classi�cation model
with selection (sDPMCM-s), which is enhanced using an approach
we call the selection principle. In the last section, we present the
sequential variational inference algorithm for sDPMCM-s adapted
from [15].

4.1 Problem Setting and Challenges
We aim to design an algorithm with modeling transparency, i.e. the
ability to recognize assimilation and accommodation, by building a
set of models incrementally through dynamic task construction and
sample task assignment. Specially, suppose that we have data that
arrives sequentially, we try to determine whether newly arrived
sample (x i ,yi ) can be well classi�ed using existing tasks constructed
from previous data (x j ,yj ), j = 1,2, . . . ,i − 1, or a new task needs to
be constructed from scratch. Here x i ∈ Rd is a feature vector and
yi ∈ {0,1} its corresponding label. Giving a sequence of training
samples (x i ,yi ), indexed by i , the outcome of our learning algorithm
is a set of classi�cation models. For clarity, we summarize the
important notations in Table 1.

As we mentioned before, we can use DPMCM directly for CL.
However, this may lead to two issues, short-sighted task assignment
and high computational cost, which we discuss in the following.

First, In DPMCM, the decision of assigning a sample to a task
is based on the �tness principle, i.e., evaluating the likelihood that
the sample (x ,y) is generated from the task k , which is calculated
using:

w

∫
Θ
F (x ,y |Θ)V (dΘ) (3)

KDD 2017 Research Paper KDD’17, August 13–17, 2017, Halifax, NS, Canada

287



Table 1: Notations for CL

x i ,yi �e feature vector and label for the ith sample
µxi ,Σ

x
i �e Parameters for the distribution of x i

β
y
i �e parameter for the logistic function of the

ith sample
α �e concentration parameter of DP
H �e base distribution of DP
ρi Task assignment probability for the ith sample

U (βy ;x ,y) Utility of the sample (x ,y) for the task with
the parameter βy

where w is a weight determined by the parameter α and number
of samples in the task k . F is the probability or density for (x ,y)
parameterized by Θ. V is a distribution for Θ. �e drawback of this
principle is that the contribution of a sample to a task is ignored.
When DPMCM is applied to streaming data for classi�cation models,
this may lead to short-sighted task assignment and undesirable
tasks since they are estimated in a single pass over the data.

We illustrate the problem of �tness principle using a synthetic
data set as shown in Fig. 1. Here we have samples from two hidden
tasksT1 andT2 (Le� panel). We adopted a DPMCM, which outpu�ed
4 tasks, rather than 2. In addition task T̂4 has only positive samples
and T̂2 has only negative samples. Moreover the samples in T̂1 are
highly unbalanced. We believe the reason why DPMCM produces
large number of single-class tasks is that the samples in those tasks
can be well classi�ed and hence well ��ed. However, those tasks
constructed by DPMCM based only on �tness principle can hardly
generalize well to unseen samples. Inspired by this observation, we
develop a new DPMCM model enhanced with selection principle
utilizing Kullback-Leibler divergence (KLD). It is a complement
to the �tness principle. When making assignment decision, the
contribution of a sample to a task is considered.

�e second issue of employing DPMCM for CL is that we have to
re-compute the inference for DPMCM when a new sample arrives,
which is compute-intensive. To e�ciently handle streaming data,
we �rst adapt the sequential method proposed in [15] to DP mixture
of classi�cation models to achieve incrementally inference compu-
tation. �en we modify a variational approximation technique of
logistic regression [10] for e�cient task parameter updating.

4.2 Sequential DP Mixture of Classi�cation
Model

In this section, we �rst present a streaming inference method for
Dirichlet process [15], which is the starting point of our formal-
ization. �en we propose two new methods for CL, sequential
DP mixture of classi�cation models and its enhanced version by
incorporating the selection principle.

4.2.1 Sequential DPMixtureModels (sDPMM). To handle stream-
ing data for the following generic DP mixture model:

x i |θ i ∼ F (·|θ i )
θ i |G ∼ G

G ∼ DP(α ,H )

Lin proposed a sequential variational approximation method
[15]. �e advantage of Lin’s method is that it is truncation free and
a single pass over data can reliably estimate a DP mixture model. In
this method suppose θs are grouped into K clusters, and there is a
cluster indicator ci for each θ i ,∀i ∈ [1 : N ] such that θ i belongs to
the kth cluster, i.e., θ i = θ∗k , if ci = k . Lin proposed to approximate
distribution:

p(G |x1:N ) =
∑
c1:N

p(c1:N |x1:N )p(G |c1:N ,x1:N )

using a tractable distribution with the following form:

q(G |x1:N ) =
∑
c1:N

(
N∏
i=1

ρ(ci ))q(c )
ν (G |c1:N ).

Here θ∗k ∼ νk , which is an independent distribution. �e task of
inference is to optimize two sets of parameters ρ , (ρ1,ρ2, · · · ,ρi )
and νi , (ν i1,ν

i
2, · · · ,ν

i
K ) so that q(G |x1:N ) best approximates the

true posterior p(G |x1:N ).
By using variational approximation technique to minimize the

Kullback-Leibler divergence between the true posterior and the
approximate posterior, we have sequential approximation for the
optimal se�ings of ρi+1 and ν i+1

k a�er processing i samples:

ρi+1 ∝



wi
k

∫
θ F (x i+1 |θ )ν ik (dθ ) k ≤ K

α
∫
θ F (x i+1 |θ )H (dθ ) k = K + 1

(4)

Where wi
k = ∑ij=1 ρ j (k).

ν i+1
k (dθ ) ∝




H (dθ )∏i+1
j=1(F (x j |θ ))ρ j (k ) k ≤ K

H (dθ )(F (x i+1 |θ ))ρi+1(k ) k = K + 1
(5)

ρi (k), ∀k ∈ [1 : K + 1], i = 1,2, · · · , are computed using:

ρi (k) =
wi−1
k exp(hi (k))∑K+1

c=1 wi−1
c exp(hi (c))

(6)

Where hi (k) is marginal log-likelihood of x i belonging to cluster k .

4.2.2 Sequential DP Mixture of Classification Models (sDPMCM).
�e DP Mixture of Classi�cation Model (DPMCM) we use for CL
is based on the general formulation (2). Here we model the joint
distribution of x and y, p(x ,y) = p(y |x )p(x ), instead of only model-
ing the conditional distribution p(y |x ). �is provide us the bene�t
of discovering hidden structure of data by clustering x [26]. Dif-
ferent from sDPMM model where only x is clustered, we cluster
both x and y by modeling the joint distribution of x and y. �us
sDPMM cannot be directly applied to DP mixture of classi�cation
models. �e main change required here is to modify the sequential
approximation of ρi+1 and ν i+1

k as follows :

ρi+1 ∝




wi
k

∫
Θ F (x i+1,yi+1 |Θ)ν ik (dΘ) k ≤ K

α
∫

Θ F (x i+1,yi+1 |Θ)H (dΘ) k = K + 1
(7)

ν i+1
k (dΘ) ∝




H (dΘ)∏i+1
j=1(F (x j |µx ,Σx )F (yj |βy ))ρ j (k ) k ≤ K

H (dΘ)(F (x i+1 |µx ,Σx )F (yi+1 |β
y ))ρi+1(k ) k = K + 1

(8)
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Figure 2: Function of Selection Principle: s1: mean of posi-
tive samples; s2: mean of negative samples; s3: close to deci-
sion boundary; s4: far away from decision boundary.

s1 s2 s3 s4
KLD 4.485 4.486 4.547 4.491

Pr 0.972 0.967 0.729 0.953
Table 2: Comparison of KLD and Posterior Predictive Prob-
ability (Pr)

4.2.3 Sequential DP Mixture of Classification Model with Se-
lection Principle (sDPMCM-s). In selection principle, we focus on
evaluating the contribution of a sample to a task. Specially, we aim
to measure the utility of an observation of a random variable, i.e. a
sample, to other random variables, i.e., task parameters. To this end,
we utilize Kullback-Leibler divergence (KLD). �is technique has
been used in Bayesian optimal experiment design (BOED) [24] to
select the optimal design of experiment so that the expected utility
of the experiment outcome can be maximized. Di�erent from the
general case in BOED, we focus on the utility of a given sample
instead of the expected utility. Speci�cally, we assign a sample to a
task so that KLD between the prior distribution of task parameters
and the posterior given the sample is maximized. Suppose we have
a sample (x ,y) and task parameters βy , the utility is de�ned as:

U (βy ;x ,y) = DKL(p(βy |x ,y) ‖ p(βy ))

�e goal of selection principle is to assign a sample (x ,y) to a
task with parameter βy such that U (βy ;x ,y) is maximized. To
understand the function of selection principle, we illustrate it using
Fig. 2 and Table 2. In this example we selected four representative
samples in a task. s1 and s2 are mean of positive and negative
samples separately. s3 is close to decision boundary. s4 is far away
from decision boundary. We observe that although s1, s2, s4 have
higher posterior predictive probabilities, their utility to the task
is lower than s3. �is example con�rms our hypothesis that the
selection principle can act as a regularization factor to regulate the
range of a task to form more compact clusters.

To incorporate selection principle when making assignment
decision, we modify the computation of task assignment probability

ρi+1 as follows:

ρi+1 ∝



wi
ks

i+1
k

∫
Θ F (x i+1,yi+1 |Θ)ν ik (dΘ) k ≤ K

αsi+1
k

∫
Θ F (x i+1,yi+1 |Θ)H (dΘ) k = K + 1

(9)

Where si+1
k = exp(γU (βy ;x i+1,yi+1)), where γ is a coe�cient to

regularize the e�ect of selection principle. �rough si+1
k , the utility

of x i+1,yi+1 to the model parameter βy is also considered when
making task assignment decisions.

4.3 Inference
Several issues need to be addressed for the inference of the pro-
posed sDPMCM-s for streaming data. First, posterior distribution
for Θ and prediction distribution for x and y needs to be updated
with relatively low complexity during streaming inference. Sec-
ondly, an e�cient method is needed to computeU (βy ; (x ,y)) when
new samples arrive. �irdly, the inference method, i.e. sDPMM,
proposed by Lin was designed for DPMM instead of DPMCM. �us
some modi�cation is needed to adapt it to DPMCM.

In the following, we �rst describe the details of classi�cation
models and variational approximation techniques used in sDPMCM-
s for e�cient model updating. �en we give the speci�c formula
for utility computation. Lastly, we summarize the complete sequen-
tial inference for sDPMCM-s, and present the strategy we use for
prediction.

4.3.1 Classification Model in sDPMCM. Within each task of
the mixture, we assume that x follow a Multivariate Normal (MN)
distribution with meanmx and covariance matrix Σx . For simplicity
of computation, we assume a conjugate prior, Normal-Inverse-
Wishart(NIW), for (mx ,Σx ). To model the relationship between x
and y, we use logistic regression:

Fy (y |x ,β) = exp(yxT β)
1 + exp(xT β)

(10)

Where β ∈ Rd . And we use a Multivariate Normal distribution for
βy with parameters (µβ0 ,Ψ

β
0 ). Note that we assume independence

between (mx ,Σx ) and βy , and the distribution ofy does not depend
on (mx ,Σx ) given x . �is results in simpli�ed computations.

�e complete DPMCM for CL is summarized as follows:

G ∼ DP(α ,NIW(µx0 ,κ
x
0 ,Ψ

x
0 ,ν

x
0 )MN(µβ0 ,Ψ

β
0 )) (11)

For i = 1,2, . . . , draw i.i.d using:

yi |x i ,β
y
i ∼ Fy (·|x i ,β

y
i )

x i |m
x
i ,Σ

x
i ∼ MN(·|mx

i ,Σ
x
i )

(mx
i ,Σ

x
i ,β

y
i )|G ∼ G

(12)

Due to the clustering property of DP, Θ = (mx
i ,Σ

x
i ,β

y
i ) will be

grouped into di�erent clusters. Θs in the same cluster have an
identical value.

4.3.2 Variational Approximation of Logistic Regression. Using
logistic regression to model the relationship between x and y poses
challenges for computing posterior distribution of model param-
eters and predictive distribution since they are computationally
intractable. To tackle this, we adopt the variational approximation
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proposed in [10] to replace the logistic function with an adjustable
lower bound that has a Gaussian form. �is results in the Gaussian
form of posterior due to the Gaussian prior of βy and Gaussian
variational form of p(y |x ,βy ,ξ ). Here ξ is a variational parameter.
To apply this variational approximation to DPMM in sequential
se�ing, we need to modify the updating of parameters Ψβ ,µβ ,ξ
in [10] so that the uncertainty of clustering brought by sequential
inference can be incorporated. With straightforward calculation,
we derive the following modi�cation to the updating of parameters
when ρi+1 > 0:

Ψβ
i+1 =

[
(Ψβ

i )−1 + 2ρi+1 f (ξ )x i+1x
T
i+1

]−1

µ
β
i+1 = Ψβ

i+1

[
(Ψβ

i )−1µβi + (ρi+1yi+1 −
1
2 )x i+1

]
(13)

ξ 2 = ρi+1
[
xTi+1Ψβ

i+1x i+1 + (xTi+1µ
β
i+1)2

]

For the predictive lower bound for sample x i+1,yi+1, it takes the
form:

lnq(yi+1 |x i+1,D) = lnд(ξi+1) − ξi+1
2 + f (ξi+1)ξ 2

i+1

−
1
2 (µβi )T (Ψβ

i )−1µβi

+ 1
2 (µβi+1)T (Ψβ

i+1)−1µβi+1

+ 1
2 ln
|Ψβ

i+1 |

|Ψβ
i |

(14)

Where D = (x1,y1), (x2,y2), . . . , (x i ,yi ).

4.3.3 Utility Computation. �e computation ofU (βy ;x i+1,yi+1)
is straightforward a�er the variational approximation is used for
logistic regression. Let denote the distribution as pi (β

y
| µ

β
i ,Ψ

β
i )

before (x i+1,yi+1) is assigned to a model and pi+1(βy | µβi+1,Ψ
β
i+1)

a�er assignment, we can calculate the KLD of two MN distributions
pi and pi+1:

U (βy ;x i+1,yi+1) = 1
2


ln
|Ψβ

i |

|Ψβ
i+1 |
− d + tr ((Ψβ

i )−1Ψβ
i+1)+

(µβi − µ
β
i+1)T (Ψβ

i )−1(µβi − µ
β
i+1)

]

4.3.4 Sequential Inference for sDPMCM-s. To handle streaming
data, we consider the method proposed in [15]. Speci�cally, when a
new sample arrives, we �rst determine whether it will be assigned
to an existing task or a new task. �en the model parameters of
assigned task are updated. We describe these two steps separately
in the following.

Task Assignment. To determine which task a newly arriving
sample belongs to, we need to compute the assignment probability
ρi+1 based on (7) and (8). �e probability of assigning newly arrived
sample (x i+1,yi+1) to task k , denoted as ρi+1(k), is computed using:

ρi+1(k) =
wi
ks

i+1
k exp(hi+1(k))∑K+1

c=1 wi
cs
i+1
c exp(hi+1(c))

(15)

Wherehi+1(k) is the log posterior predictive of (x i+1,yi+1) belonging
to cluster k . It can be decomposed into two parts hi+1(k) = hxi+1(k) +

h
y
i+1(k). Due to the conjugate property, the posterior predictive, i.e.

hxi+1(k), is a multivariate t distribution with density function:

Γ [(δi + d)/2]
Γ(δi/2)δd/2πd/2 |Φi |1/2

[
1 + 1

δi
(x −υi )T Φ−1

i (x −υi )
]

(16)

Where
δi = νxi (k) − d + 1
υi = µxi (k)

Φi =
κxi (k) + 1

κxi (k)(νxi (k) − d + 1) Ψx
i (k)

µxi (k),Ψx
i (k),κxi (k),νxi (k) are posterior parameters of a NIW dis-

tribution for task k a�er receiving i samples. With (16), hxi+1(k) can
be computed directly.

For the computation of hyi+1(k), we use the lower bound spec-
i�ed in (14) derived from a variational approximation of logistic
regression.

Updating Model parameters. Relying on the conjugate prop-
erty, posterior parameters of the NIW distribution of task k have a
closed-form updating when receiving a new sample x i+1. For sim-
plicity, we update natural parameters Λ = (η1

i (k),η2
i (k),η3

i (k),η4
i (k))

of NIW distribution for task k at each step. �ey can be derived
from µxi (k), Ψx

i (k), κxi (k), νxi (k) using:

η1
i (k) = κxi (k)µxi (k)

η2
i (k) = κxi (k)

η3
i (k) = Ψx

i (k) + κxi (k)µxi (k)(µxi (k))T

η4
i (k) = νxi (k) + d + 2

Modi�ed from the su�cient statistics of the NIW distribution [7],
the following form of updating for Λ with considering the uncer-
tainty of task assignment are used:

η1
i+1(k) = η1

i (k) + ρi+1(k)x i+1

η2
i+1(k) = η2

i (k) + ρi+1(k)

η3
i+1(k) = η3

i (k) + ρi+1(k)x i+1(x i+1)T

η4
i+1(k) = η4

i (k) + ρi+1(k)

For the updating of parameters µβi ,Ψ
β
i for βyi , we use the varia-

tional approximation in (13).

4.3.5 Prediction. For predicting the label of a test sample x , we
use the following strategy. First, we use all the K tasks learned
from training data to predict the label of x to get K labels, ŷ1,
ŷ2, . . . , ŷK . �en we compare the posterior predictive of P (x ,ŷk ),
∀k ∈ [1 : K] and set the label of x to ŷk∗ so that P (x ,ŷk∗ ) =
max (P (x ,ŷ1),P (x ,ŷ2), . . . ,P (x ,ŷK )).

5 EXPERIMENTS
In this section, we �rst introduce the data sets and experimental pro-
tocol used in our experiments. �en we evaluate the performance of
our proposed methods, sDPMCM and its variation sDPMCM-s, by
comparing them with base-line methods SVM, Random Forest, and
a state-of-the-art classi�cation model based on enriched Dirichlet
Process Mixture model (EDPMM) on 4 synthetic data sets and 3 real-
world data sets. Lastly, we demonstrate how modeling transparency
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can be achieved by identifying assimilation and accommodation in
a learning process.

5.1 Data Sets
For the experiments, we used both synthetic data sets and real-
worlds data sets, as detailed below.

5.1.1 Synthetic Data Sets. we constructed 4 synthetic data sets
with K hidden tasks each, where K ∈ [2 : 5]. For each task, we
randomly draw its parameters from a NIW prior and a MN prior.
For the NIW prior ofmx and Σx , we use zero mean and a diagonal
scale matrix ψ0I , where ψ0 = 2. We set κx0 = 0.04 and degree of
freedom νx0 = d + 3, where d is the dimension of x . For the MN
prior of βy , we use a MN distribution with zero mean and a unit
diagonal covariance matrix. �e data x ,y are generated using the
distribution described in (17). We summarize the statistics of 4
synthetic data sets in Table 3.

yi |x i ,β
y
i ∼ Fy (·|x i ,β

y
i )

x i |m
x
i ,Σ

x
i ∼ MN(·|mx

i ,Σ
x
i )

(17)

Data Set SDS1 SDS2 SDS3 SDS4
T 2 3 4 5
N 205 317 406 500

Table 3: Statistics of Synthetic Data Sets. T: Number of Hid-
den Tasks. N: Number of Samples.

5.1.2 Real-world Data Sets. We used 3 real-world data sets: We-
bKB, School Performance and Landmine.

WebKB. �is data set contains a subset of the web pages col-
lected from computer science departments of 4 universities in Jan-
uary 1997 by the World Wide Knowledge Base (WebKb) project
of the CMU text learning group 1. It is composed of 230 course
pages and 821 non-course pages. For each web page, two types
of representation are provided, text on the web page and anchor
text of the hyperlinks to that page. We generate the features from
text on the web pages using TF-IDF. �en we applied PCA to the
features to keep the �rst 30 components. �e classi�cation goal
here is to determine whether a web page is a course page or not.

School Performance. �e school data set comes from the Inner
London Education Authority (ILEA). It is composed of examination
records from 140 secondary schools in years 1985,1986 and 1987.
�e original data includes the year of examination, 4 school-speci�c
a�ributes and 3 student-speci�c a�ributes. In our experiments,
we use the processed data set provided by [2], where categorical
features are expressed as binary features. To use this data set for
classi�cation, we labeled those samples with examination scores
larger than 30 as positive and others as negative. We use data from
123 schools by removing those schools with less than 5 positive or
5 negative samples.

LandMine. �e land mine data set [23, 30] consists of 14,820
samples from 29 di�erent geographical regions. �e features are
1h�p://www.cs.cmu.edu/afs/cs/project/theo-20/www/data/

extracted from radar data, including four-moment based features,
three correlation-based features, one energy-ratio feature, one spa-
tial variance feature, and a bias term. �e classi�cation goal is to
detect whether or not a land mine is present in an area. We used
20% of the data for our experiments.

For each data set, we randomly chose 50% of the data for training
and the other 50% for testing. We applied bootstrap resampling to
training data sets to create balanced data sets. �e statistics about
3 data sets are summarized in Table 4.

Data Set N d
WebKB 1051 30
School 11966 17

LandMine 2972 9
Table 4: Statistics of Real Data Sets. N: number of samples d:
number of features

5.2 Experiment Protocol
Baseline Methods. To the best of our knowledge, there is no
previous work on learning with task construction for classi�cation
of streaming data. �us we only compare our methods with two
widely applied batch learning methods, SVM and Random Forest,
and one state-of-the-art DP mixture of classi�cation model, joint
enriched Dirichlet process mixture model (EDPMM) proposed in
[29]. For SVM, we used a SVM classi�er with a RBF kernel provided
in Matlab. For Random Forest, we used the algorithm implemented
in scikit-learn python package. For EDPMM, we used the R code
developed by the original authors. We implemented both sDPMCM
and sDPMCM-s in Matlab.

Model Construction. We performed 10-fold cross validation
to derive training and testing data.

Model Selection. We performed grid search to select optimal
model parameters using 10-fold cross validation that was performed
on the training data only.

Evaluation Metrics. We used AUC, the area under a ROC
curve, calculated on testing data only, to compare the performance
of di�erent algorithms.

Signi�cance Test. When we compared di�erent methods, we
made sure that these methods were trained using the same training
data sets and were evaluated with the same testing data sets. We
used paired student’s t test to evaluate the statistical signi�cance
of the di�erence between di�erent results.

5.3 Performance Evaluation Results
To evaluate the performance of our proposed methods, we com-
pared them with 3 baseline methods on 4 synthetic data sets and 3
real-world data sets.

5.3.1 Comparison on Synthetic Data Sets. Table 5 presents the
results of comparison on 4 synthetic data sets. Compared with
SVM and RF, DP-based methods achieves competitive or be�er
results on 4 data sets. As we expected, batch DP mixture model,
EDPMM, outperforms sDPMCM and sDPMCM-s on the 3 synthetic
data sets. However, the performance di�erence on SDS1 and SDS3
is not statistically signi�cant according to the paired student’s t test.
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Comparing sDPMCM and sDPMCM-s, we observe that sDPMCM-
always outperforms sDPMCM. �is demonstrates the e�ectiveness
of selection principle on improving performance. It is worth noting
that sDPMCM is comparable with EDPMM on SDS4 data set. And
sDPMCM-s even performs signi�cantly be�er than EDPMM on
this data set. Our explanation is that the covariance structure may
be more complicated with more hidden tasks. Compared with
the Inverse-Gamma distribution adopted by EDPMM, the Inverse-
Wishart distribution we used for sDPMCM and sDPMCM-s allows
richer covariance structure.

DataSet SVM RF EDPMM sDPMCM sDPMCM-s
SDS1 0.812 0.801 0.860 0.847 0.856
SDS2 0.787 0.748 0.806∗ 0.788 0.798
SDS3 0.814 0.789 0.823 0.813 0.822
SDS4 0.823 0.814 0.839 0.838 0.852∗

Table 5: Comparison of Algorithms on Synthetic Data Sets.
AUC is used for the performance metric.*: statistically sig-
ni�cant with 5% signi�cance level.

DataSet SVM RF EDPMM sDPMCM sDPMCM-s
WebKB 0.873 0.896 0.894 0.897 0.910∗
School 0.718 0.718 0.676 0.715 0.717

LandMine 0.676 0.670 0.552 0.670 0.687∗

Table 6: Comparison of Algorithms on Real Data Sets. AUC
is used for the performancemetric.*: statistically signi�cant
with 5% signi�cance level.

5.3.2 Comparison on Real Data Sets. We show the results of
comparison of algorithms on real data sets in Table 6. Compared
with base-line methods, EDPMM achieves similar performance on
WebKB data set. However, its performance on LandMine data set
is signi�cantly worse than those of SVM and RF. �ere are two
possible reasons. First, as we mentioned before, it is possible that
the Inverse-Gamma prior adopted by EDPMM cannot explain the
complicated covariance structure of data. Second, EDPMM used
a nested structure to form hierarchical clusters, where X -clusters
are nested into each y-cluster. �is choice of ordering X and y
may be inappropriate for this data set. Although it is possible
to use a di�erent ordering, this choice is problem speci�c and
the work did not provide a way to guide this decision. For the
school data set, EDPMM also has the worst performance among all
algorithms. But note that we collect the result of EDPMM from one
run of the experiment due to the high computation cost. For our
proposed method, sDPMCM, it achieves comparable performance
with random forest. Relying on selection principle, sDPMCM-s
achieves statistically signi�cant advantages over other algorithms
on WebKB and Landmine data sets.

5.4 Transparency Evaluation
In this section, we conducted experiments to study whether our
proposed methods sDPMCM and sDPMCM-s can achieve mod-
eling transparency, i.e. the ability to recognize assimilation and
accommodation in a learning process.

SDS1 SDS5
Task 1 Task 2 Task 1 Task2

m [-1.394;5.673] [2.899;2.818] [0.851;7.978] [1.155;1.234]
Σ [0.568,-0.345; [0.257,-0.178; [6.099,0.034; [5.116,0.023;

-0.3454,0.8279] -0.178,0.513] 0.034,5.932] 0.023;5.199]
Table 7: Statistics of SDS1 and SDS5

5.4.1 Evaluation Data Sets and Methods. We evaluate the mod-
eling transparency of each algorithm using both synthetic data sets
and real word data sets. For synthetic data sets, we �rst picked
the data set SDS1, which consists of two well separated tasks. To
further investigate the issue, we generated another synthetic data
set, SDS5, containing two tasks with overlapping samples. We
summarize the mean and variance of each task in each data set in
Table 7. For real-world data sets, we conducted a case study using
a subset of school data set, which consists of data from 5 schools.

For the evaluation on synthetic data sets, we adopt the following
learning process. �e number of samples is sequentially introduced
in such way that the �rst n samples are all from one task, then
we have samples from the second task. Modeling transparency in
this context is the capacity that a learning algorithm recognizes
the second learning task. �antitatively, we de�ne constructivism
modeling transparency, CMT , as

CMT = 1/N2, (18)

where N2 is the number of samples from the newly introduced task
that the learning algorithm correctly recognizes the �rst time that
there is a new task. Following this de�nition, we notice that MT
must be a positive number between 0 and 1 (inclusively). CMT
may take the value 1, if it only takes one sample from the newly
introduced task in order for the learning algorithm to recognize
that there is a new task. For those algorithms that can not recognize
the existence of new tasks, theCMT value is zero (since “can not” is
equivalent to that the algorithm needs in�nite number of samples
from the new task to recognize that there is a new task). CMT is
unde�ned if the algorithm does not correctly recognize the newly
arrived task. Apparently the higher the CMT value is, the more
sensitive the learning task is for detecting a new task.

5.4.2 Results on Synthetic Data Sets. �e two algorithms sDPMCM
and sDPMCM-s are designed speci�cally to be able to recognize
newly introduced tasks. For base line algorithms, we are not aware
of any discussion on how to use those algorithms to answer the
question regarding the number of learning tasks exists in the data
set. To �ll the gap, we collect the number of support vectors, de-
noted as S , for SVM and the number of tress, R, for Random Forest.
It is our hope that we may see signi�cant changes in S or R when
accommodation happens.

�e experiments results on SDS1 are shown in Fig. 3. For SVM
and Random Forest, we observe that there is no correspondence
between the change in modeling processes and the number of
tasks. For SVM, the number of support vectors shows a steady
increasing with increasing number of samples. For Random Forest,
the number of trees tends to �uctuate with di�erent number of
samples. �e arriving of samples from a new task did not trigger
substantial changes in the modeling processes of both SVM and
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Task 1 Task 2
N 197 131
N1 63 102
N2 124 29
P 26% 45%

Table 8: N:Total number of students in the task; N1: number
of students from schools funded by a grant from the central
government; N2: number of students from church of Eng-
land schools; P: average of percentage of students eligible
for free school meals.

Random Forest. Following the discussion, we conclude that the
constructivism modeling transparency, CMT, for SVM and Random
Forest is zero. For sDPMCM and sDMCM-s, they can immediately
identify that a new task was needed (accommodation) when the
�rst sample (the 55th sample) of the second task arrived. In this
case, CMT for both sDPMCM and sDPMCM-s are 1. However
sDPMCM failed to identify the correct number of tasks. With
selection principle, sDPMCM-s constructed exactly two tasks.

An additional experiment was performed on SDS5. SDS5 is more
challenging since the samples from the two learning tasks overlap
signi�cantly. �e result is displayed in Fig. 4. For this data set,
SVM and Random Forest still could not identify the emergence
of a new task. In this harder case, 10 samples were needed by
sDPMCM-s to trigger an accommodation and hence its CMT is
1/10=0.1. We notice that sDPMCM-s can detect the change in the
data set and constructed a new task to accommodate the change
correctly. sDPMCM is more sensitive comparing to sDPMCM-s.
It requires only 2 samples to recognize the existence of new task
but sDPMCM does not do so correctly since it identi�es many
non-existing tasks as well. In this case its CMT is unde�ned.

5.4.3 Results on Real-World Data Sets. For real data sets, it is
di�cult, if impossible, to know precisely the number of learning
tasks in the data set. �erefore we did a case study where we try to
understand the tasks that constructed by the sDPMCM-s algorithm.
Using 5 school data sets, sDPMCM-s constructed 2 tasks which
we summarize in Table 8. From the results, we observe that about
one-third of the students in task 1 are from schools funded by the
central government while the ratio is more than two-thirds in task
2. In contrast, the number of students who are eligible for free
school meals in task 2 is almost twice the number in task 1. �e
comparison reveals an obvious socioeconomic di�erence between
the students from two tasks. Since socioeconomic status can have
an non-negligible impact on student academic achievement, this dif-
ference between task 1 and task 2 may validate the accommodation
identi�ed by sDPMCM-s .

6 CONCLUSION
In this paper we proposed a new learning paradigm for transparent
predictive analytics where we incorporate a contemporary philo-
sophical concept of constructivism in machine learning. We devel-
oped a model formalization using Dirichlet Process Mixture Models
for streaming data with e�cient inference. Our experimental study
demonstrated the utility of the proposed methods. Our future work

is to extend the current algorithm to other learning scenarios such
as semi-supervised learning.
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Figure 3: Transparency Evaluation with Non-overlapping Tasks
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