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ABSTRACT

1.

Learning low dimensional representations of text corpora is critical
in many content analysis and data mining applications. It is even
more desired and challenging to learn a sparse representation in
practice for large scale text modeling. However, traditional probabilistic topic models (PTM) lack a mechanism to directly control
the posterior sparsity of the inferred representations; While the emerged non-probabilistic models (NPM) can explicitly control sparsity using sparse constraint like ℓ1 norm, they convey diﬀerent
limitations in latent representations. To address the existing problems, we propose a novel non-probabilistic topic model for discovering sparse latent representations of large text corpora, referred as
group sparse topical coding (GSTC). Our model enjoys both the
merits of the PTMs and NPMs. On one hand, GSTC can naturally derive document-level admixture proportions in topic simplex
like PTMs, which is useful for semantic analysis, classification or
retrieval. On the other hand, GSTC can directly control the sparsity of the inferred representations with group lasso by relaxing the
normalization constraint. Moreover, the relaxed non-probabilistic
GSTC can be eﬀectively learned using coordinate descent method.
Experimental results on benchmark datasets show that GSTC can
discover meaningful compact latent representations of documents,
and improve the document classification accuracy and time eﬃciency.

With huge repositories of text data emerged over Web, learning low dimensional representations that captures latent semantics
of the data becomes critical for eﬃciently processing many basic
tasks such as classification, clustering, and information retrieval. It
is even more desired and challenging to learn a sparse representation in practice for large scale text modeling [27, 31]. For example,
it is very often that there are hundreds or thousands of topics within
hundreds of millions of documents, while each document or word
has only a few salient topical meanings or senses [27, 31]. Such a
phenomenon is even more typical in large collections of short text
data, like instant messages or tweets. By explicitly learning a sparse representation, we may better discover the salient semantic
meanings of a document or word. Moreover, sparse representations have obvious computational benefits, by saving both processing
time and storage space [38].
In Recent years, probabilistic topic models (PTM) such as probabilistic latent semantic indexing (PLSI) [16] and latent dirichlet
allocation (LDA) [5] have gained remarkable success in text topical
modeling. In these models, a document is typically modeled as a
finite admixture of latent topics where each topic is a unigram distribution over a given vocabulary. The document-level admixture
proportions can be regarded as a low dimensional representation
of the document in the topic simplex. However, traditional PTMs
lack a mechanism to directly control the posterior sparsity of the
inferred representations, since the admixture proportions or topics are normalized distributions. Some attempts have been made to
achieve sparsity in PTMs by introducing sparse priors [5] or using posterior regularizations [14, 27]. These methods often cannot
yield truly sparse posterior representations due to indirect sparsity
bias or the smoothness of the regularizer.
Meanwhile, the emerged non-probabilistic models (NPM) such
as matrix factorization [20, 9] and sparse coding [23, 40], provide
an elegant way to achieve sparsity by using sparse constraint like
ℓ1 norm [29] or other composite regularizer [33, 30] on the usually unnormalized latent representations. However, while getting the
benefits from using the unnormalized latent representations, NPMs
lose the clear semantic explanations over the latent representations.
That is, the learned document-level latent representations no longer
lie on the same topic simplex like PTMs, but could be in quite different scales over diﬀerent documents. This will lead to diﬃculty
in semantic comparison between documents, and in using the latent
representations as robust features for future tasks (e.g., text classification) as shown in our work. Although post-normalization could
be conducted over the latent representations of an entire document, the resulted normalized representations no longer represent the
admixture proportions.
To address the above problems, we propose a novel non-probabilistic
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INTRODUCTION

topic model that can discover sparse latent representation (or admixture proportions) of the document, referred as group sparse
topical coding (GSTC). In our model, each individual word count
is consisted of a set of latent word counts, where each latent word
count is generated from a Poisson distribution. Thus, we can reconstruct the individual word count from a linear combination of topic
bases, where the coeﬃcient vectors (i.e. codes) are unnormalized,
and the topic bases are unigram distributions over a given vocabulary. We impose group lasso [38] over the unnormalized word
codes to achieve the sparsity of the document-level latent representations. The admixture proportion of an entire document can be
derived from the learned word codes and topic bases.
Our model enjoys both the merits of the PTMs and NPMs as follows: 1) by using Poisson distribution, GSTC can naturally derive
document-level admixture proportions in topic simplex like PTMs;
2) as a non-probabilistic model, GSTC can directly control the sparsity of inferred representations by taking into account the structure
of bag of words with group lasso; 3) by relaxing the normalization constraint of admixture proportions, GSTC can be eﬀectively
learned using coordinate descent method. All these nice properties
make GSTC an appealing alternative formulation of topic models.
We conducted empirical experiments on benchmark datasets and
compared GSTC with the state-of-the-art PTMs (i.e. LDA)and NPMs (i.e. NMF and STC). The experimental results show that GSTC
can identify sparse and salient topical representations over documents. Moreover, the experiments demonstrate that with the compact representations of documents learned by GSTC, we can largely improve the document classification accuracy and obtain better
time eﬃciency.

from the scarcity of document content and the control of sparsity
in this way is very limited. Selecting subset of topics to construct
documents is another common strategy [35, 31]. Usually a binomial prior is employed to decide which topics to be selected. Although
these models are good in interpretation, the learning might be quite
unstable. The major reason lies in the discrete generative process topic components are either reserved or dropped from models. In
this way, small changes in data or parameters can result in very diﬀerent models. What is more, the optimization for these models is
often hard to solve [39, 24]. Some studies tried to directly impose
posterior regularizations [14, 27], which often do not obtain truly
sparse posterior representations in practice due to the smoothness
of the regularizer (e.g., entropic regularizer).

2.2

Non-Probabilistic Topic Models

As an alternative, NPMs such as sparse coding [23] and matrix
factorization [20] provide an elegant framework to achieve sparsity. With usually unnormalized code vector or dictionary, NPMs
can directly control the sparsity with ℓ1 norm or other composite
regularizer [41, 30]. However, while getting the benefits from the
unnormalized codes, NPMs lose the clear semantic explanations
over the latent representations of documents. For example, most sparse coding methods [3, 18] only learn flat representations (i.e. the
code at word level). One may take post-processing like average or
max pooling [36] to achieve representations at document level, but
the meaning of the averaged code vector is not clear. Although sparse topical coding (STC) [40] learns a hierarchical topical representations, the document codes (truncated averaging from the word
codes) still lacks the semantic interpretation. Besides, matrix factorization methods (e.g. NMF [20] and LSI [9]) learn the latent representations of documents, which are usually unnormalized or even
non-positive. (e.g. RLSI [33]). Mapping such learned representations to a topic simplex is not a trivial task. Unlike the existing
methods, GSTC is a novel non-probabilistic topic model that can
discover sparse admixture proportions of documents.

2. RELATED WORK
In this section, we will introduce some recent related work on
probabilistic topic models, non-probabilistic topic models and sparse techniques.

2.1 Probabilistic Topic Models

2.3

Due to the theoretical soundness and explicit interpretation, probabilistic topic models(PTMs) has been widely used for data analysis in various applications such as such as information retrieval
[34], network analysis [1], and recommender systems [32]. PTMs
provide a clear probabilistic interpretation of the generative process of data. PTMs such as Probabilistic Latent Semantic Analysis
(PLSA) and Latent Dirichlet Allocation (LDA) have shown impressive empirical success in practise through the discovery of low-rank
hidden structure. Typically, both PLSA and LDA posit that each
document is an admixture of latent topics where each topic is a unigram distribution over the terms in a vocabulary. There are quite
a lot of work extending these basic probabilistic models by incorporating the auxiliary knowledge as constraints or priors. Cai et
al. [7] proposed the Laplacian pLSI(LapPLSI) by incorporating the
manifold structure information to smooth the probabilistic density
functions. Blei et al. [4] adopted the logistic normal distribution, a
more flexible distribution for modeling covariance structure among
components, to generate the documents.
However, how to achieve sparsity is a non-trivial problem for
PTMs. The major reason lies in the fact that the admixture proportions and topics are normalized distributions in PTMs, leading to
the failure of directly applying a sparsity inducing ℓ1 regularizer as
in lasso [29]. Although some alternative methods have been proposed to control sparsity in PTMs , these sparse-biased PTMs are
not good in either eﬀects or eﬃciency. For example, using a weak
Dirichlet prior [5] may indirectly introduce some sparse bias over
posterior representations. However, the sparsity is mostly resulted

Sparse Techniques

The lasso [29] is a widely applied technique to produce sparse
model by penalizing the loss function with a ℓ1 norm. Increasing
the ℓ1 penalty will make more parameters be drawn to zeros instead
of reducing all parameters simultaneously as the ℓ2 norm does. Furthermore, in contrast with the ℓ0 norm, the ℓ1 norm is obviously
convex. Therefore, the resulting optimization will be convex when
the loss function is convex, which can be eﬀectively solved by a
variety of optimization algorithms [21, 11]. Actually, lasso can recover the sparse supports of a sparse model from data when the
covariates of the model are not too related. Elastic net, a new regularization of the lasso, was further proposed by Zou et al. [41] for
an unknown group of variables and for multicollinear predictors.
It can be taken as a stabilized version of the lasso, which enjoys a
sparse representation and encourages group eﬀects.
However, the lasso lacks a mechanism to contain any prior information about the variables, e.g. some groups of variables should be
picked jointly. Some eﬀorts have been made to enforce the estimated models maintain the special sparsity patterns. Especially, group
lasso [38] extends the lasso by making the correlated variables selected jointly rather than individual variables. It achieves this by
applying a mixed ℓ1 /ℓ2 norm (the sum (ℓ1 norm) of the ℓ2 norms)
over diﬀerent groups of variables. In this way, the predefined sparse
pattern is preserved by selecting the group of variables with ℓ2 norm[37]. Apparently, the group lasso constraint is still convexity,
which is a desirable property for developing an eﬃcient algorithm to solve the optimization problem. Other variants of the group
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lasso are applied in selecting covariates in multi-task learning and
enforcing the hierarchical selection of covariates, e.g. covariates
are located in a hierarchical structure and one variable is selected
if and only if its ancestors are selected as well. Recently, this ℓ1 /ℓ2
norm for group lasso has been extended to model a more general
settings where the groups can be overlapped and nested [17].
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3. GROUP SPARSE TOPICAL CODING
Figure 1: The graphical model of group sparse topical coding.

GSTC aims to discover document-level sparse latent representation (or admixture proportion) for large scale text corpora, which
can be regarded as a sparse representation of the document in the
topic simplex. Suppose we are given a collection of documents
D with size M, containing words from a vocabulary V with size
N. A document is simply represented as a |I|-dimension vector
d = {w1 , ..., w|I| }, where I is the index set of words that appear
and the n-th entry wn (n ∈ I) denotes the number of appearances
of the specific word in this document. Let β ∈ RK×N be a dictionary with K bases, where each base is assumed to be a topic base,
i.e. a unigram distribution over V. For a given document d, GSTC
projects d into a semantic space spanned by a set of automatically
learned topic bases β and directly obtain the unnormalized word
code sd,n· ∈ RK for each individual word in document d. For simplicity, we use sn· to describe the word code in current document.
The admixture proportion of the entire document d can then be derived from the learned word code set s = {s1· , ..., s|I|· } and the topic
bases β. To better understand the proposed GSTC model, we start
with describing a probabilistic generative procedure.

We choose to use Multi-Laplacian distribution to achieve sparse
codes at the document level by taking into account the structure of
bag of words. Similar to the relationship between the ℓ1 norm and
Laplace distribution, the multi-Laplacian prior over each group of
coeﬃcients turns the classical group-lasso constraints into a MAPsolution in the log-space. The parameter λ in formula 1 has the
same role of a fixed Lagrange parameter that deals with the concentration of the probability mass towards zero. Unlike STC which
introduces a document code θ, we only model the word code in
GSTC and view the document code as a natural by-product, e.g. an
simple aggregation of the individual codes of all its words on each
topic. To achieve document-level sparse representation, we may
expect that there are only a set of topics that convey positive aggregated codes, while others are zero (i.e. all the word codes under that
topic are zero). This could be achieved by grouping the word codes
under the same topic together and sample the groups of variables
from a Multi-laplacian distribution [12, 25]
Moreover, we adopt the Poisson distribution with the mean parameter snk βkn to generate the latent word count from the k-th topic
wnk due to the following reasons. 1) Since observed word counts
as well as latent word counts are non-negative discrete number, it
is natural to use Poisson distribution to model such variables. 2)
We use the combination as mean parameter to naturally constrain
the feasible domains (i.e. non-negative) of word codes for good interpretation. Moreover, imposing non-negativity constraints could
potentially result in sparser and more interpretable patterns [20].
3) Last but not least, Poisson distribution has two nice properties which plays a critical role in GSTC, namely additive property and Moran’s property. The additive property says that if X1 ∼
Poisson(τ1 ) and X2 ∼ Poisson(τ2 ) are independent, then X1 + X2 ∼
Poisson(τ1 + τ2 ). Based on additive property, we have that the word
count wn follows a Poisson distribution with the mean parameter
defined as a linear combination of topic bases s⊤n· β·n , since the latent word counts over diﬀerent topics are assumed to be independent. Similar methods have been used to define exponential family
distributions [22, 6, 40]. The Moran’s property further helps us
derive the admixture proportions based on the learned word codes
and topic bases, which will be discussed later.

3.1 Probabilistic Generative Process for GSTC
The basic idea of GSTC is that the appearances of each individual word in a document come from a set of latent topics, where each
topic is characterized by a distribution over words. The graphical
representation of GSTC is depicted in Figure 1. We first sample
a dictionary β from a prior distribution (e.g. uniform distribution
in this work) on a (N − 1)-simplex. Then, each document d in a
collection D is assumed to be generated by the following process:
1. For each topic k ∈ {1, . . . , K}:
Sample a word code vector s·k ∈ RN∼M-Laplace(λ).
2. For each observed word n ∈ I:
For each topic k ∈ {1, . . . , K}:
Sample a latent word count wnk∼Poisson(snk βkn ).
∑K
3. Obtain the word count wn = k=1
wnk .
Several simplifying assumptions are made in our model. We assume that for each document the observed word counts are independent given their latent representations s [40]. We also assume
that the latent word counts of a given word over diﬀerent topics
are independent given its latent representation s. In the above generative process, the word code vectors under each topic are first
generated from a Multi-Laplacian distribution, which is defined as:
M-Laplace(s|0, λ−1 ) ∝ λN/2 exp(−λ ∥ s ∥2 ).

3.2

n=1 k=1

k=1

(1)
=

For each individual word appeared in the document, the observed
word count wn is obtained by aggregating the latent word counts
over diﬀerent topics, where each latent word count is generated
from a Poisson distribution, that is defined as
Poisson(wnk |snk βkn ) ∝ (snk βkn )wn (e−snk βkn )

Formulation of GSTC

For a document d, the above generative process defines a joint
distribution of word codes and word counts shown as below.

 |I | K
K
d ∏
∏

∏

p(wnk |snk , βkn )
p(s·k ) 
p(s, w|β) =
K
∏
k=1

p(s·k )

|Id |
∏

p(wn |sn· , β),

(3)

n=1

where p(s·k ) = M-Laplace(s·k |0, λ−1 ), p(wn |sn· , β) = Poisson(wn ; s⊤n· β·n )
The hyper-parameter λ is non-negative which can be selected via
cross-validation or integrated out by introducing hyper-priors [19,

(2)
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Theorem 1. Let θ be the topic proportion vector of document d.
Assume the document is generated as described in section 3.1, we

25]. The second equation is derived according to the additive property of Poisson distribution.
Now, we formally define GSTC as finding the MAP estimate of
the above probabilistic model. Given a collection of documents D
with size M, GSTC solves the following optimization problem:
min L(Θ, β)
Θ,β

=

− ln P(Θ, β|D)

=

min

=

Θ,β

|Id | ∑
M ∑
K
∑




d=1 n=1

d=1 k=1

sd,nk βkn − wd,n ln(

k=1

K
∑



sd,nk βkn )

Therefore, the expected number of word occurrences from the k-th
topic can be expressed as:

k=1

M ∑
K
∑
+
λ||sd,·k ||2 +C,

∑
∑|I| ∑K
E[ |I|
k=1 wnk ]
n=1 wnk | n=1

d=1 k=1

s.t.

sd,n· ≥ 0, ∀d, n ∈ Id ,
N
∑
βkn = 1, ∀k,

∑|I|
s β
n=1 nk kn
.
∑|I| ∑K
s β
n=1 k=1 nk kn

Proof. Recall that in GSTC, each wnk is independently generated from a Poisson distribution Poisson(snk βkn ) , according to the
Moran’s property we have:
 |I| K

|I| ∑
K
∑
∑ ∑

snk βkn

 .
wnk |
wnk ∼ Binom 
wnk , ∑|I| ∑K

k=1 snk βkn
n=1 k=1
n=1 k=1
n=1

M ∑
K
∑
ℓ(sd,n· , β) +
λ||sd,·k ||2 +C

d=1 n=1

min
Θ,β

|Id |
M ∑
∑

will have the kth topic proportion θk =

=

|I|
∑

E[wnk |

n=1

(4)

With the help of Moran’s property, the document proportion can
be directly derived in GSTC, as shown in the following theorem.
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wnk ]

n=1 k=1

 |I| K


|I| ∑
∑


 ∑
snk βkn



=
wnk  ∑|I| ∑K

s
β
nk
kn
k=1
n=1
n=1 k=1
n=1
 |I|
  ∑|I|

∑  
snk βkn 
 .
=  wn   ∑|I| n=1
(5)
∑K
s
β
nk
kn
k=1
n=1
n=1

n=1

where the loss function ℓ(sd,n· , β) = − log Poisson(s⊤d,n· β·n ) , Θ =
{sd,·· |d ∈ {1, · · · , M}}, C is a constant. It is shown that minimizing
the log-Poisson loss is actually equivalent to minimizing an unnormalized KL-divergence between observed word counts wd,n and
their reconstructions s⊤d,n· β·n [28].
Although the objective function of GSTC is derived from a probabilistic perspective, it can be directly interpreted in a non-probabilistic
way. Like the ridge regression, the first part of formula 4 is the reconstruction error for the observed word counts in terms of dictionary β. The second parts is a Group-lasso, i.e. a mixed ℓ1 /ℓ2 norm,
for the matrix of reconstruction coeﬃcients. This form of regularization promotes solutions that are sparse at the level of groups of
variables, that is, an entire word code vector under a topic may drop
out of the model. This in turn achieves the desired document-level
sparse coding.
By optimizing the objective function L(Θ, β), we can learn all
the word codes in the document collection as well as the dictionary.
As aforementioned, the goal of GSTC is to discover documentlevel sparse admixture proportions, which can be regarded as a low
dimensional representation of the document in the topic simplex.
Here we show how to derive the document-level admixture proportion with the learned word codes and dictionary.
As traditional topic models, GSTC assumes that the occurrences
of a word in a document may be generated from diﬀerent topics.
Therefore, in GSTC the observed word count wn is consisted of
K
a set of latent word counts {wnk }k=1
. If we have known exactly
which topic each word occurrence comes from, i.e. the latent word
K
counts {wnk }k=1
, ∀n ∈ I are observed, the document-level admixture
proportion would be simply a normalization over the aggregated
occurrence counts under diﬀerent topics. However, since the latent
word counts are not observed, we calculate the expected admixture
proportion for the document instead.
For this purpose, we first introduce the Moran’s property of Poisson distribution.
Lemma 1. [Moran’s Property of Poisson Distribution]
If variables X1 , X2 , · · · , Xn are independent Poisson random variables with parameters τ1 , τ2 , · · · , τn , then
 n

n
∑
∑
τi 

 .
X j , ∑n
Xi |
X j ∼ Binom 
j=1 τ j
j=1
j=1

|I| ∑
K
∑

The expected admixture proportion on k-th topic can then be obtained by
 ∑|I|


wnk 

θk = E  ∑|I| n=1
∑K
k=1 wnk
n=1
∑
E[ |I|
wnk ]
= ∑|I|n=1
n=1 wn
(∑|I|
) ( ∑|I| snk βkn )
n=1
∑|I| ∑K
n=1 wn
s β
n=1 k=1 nk kn
=
∑|I|
n=1 wn
∑|I|
s
nk βkn
= ∑|I| n=1
.
(6)
∑K
k=1 snk βkn
n=1
∑K
K
Obviously, the obtained {θk }k=1
satisfies θk≥0, ∀k; k=1
θk=1.

3.3

Optimization

The objective function L(Θ, β) is bi-convex, that is, convex over
either Θ or β when the other is fixed. We omit the proof procedures here which is easy to make. Furthermore, the feasible set is
a convex set. Therefore, a typical solution to solve this bi-convex
problem is coordinate descent algorithm [21]. The algorithm alternatively performs the optimization over Θ and β as shown in
Algorithm 1.
Optimize over Θ: this step aims to find the word codes Θ when
dictionary β is fixed. Due to the conditional independency, we can
perform this step for each document separately by solving the optimization problem:
min
s

s.t.

|I|
∑

ℓ(sn· , β) +

n=1

sn· ≥ 0

K
∑

λ||s·k ||2

k=1

∀n ∈ I.

(7)

The above optimization problem cannot directly be solved using
traditional gradient methods, since the objective function in formula (7) is not derivable in the domain of s. Since the word codes
are grouped in terms of topics and each group is separable, here we
adopt the block coordinate decent method for this optimization [3,

Algorithm 2 Encoding Algorithm in GSTC
Require: sd , β, D, ϵ
for t = 1 : T do
for k = 1 : K do
if ||ζ ·k ||2 ≤ 1 then
sd,·k ← 0
continue;
end if
for n = 1 : |Id | do
calculate s⋆d,nk by solving Eq. (14)
sd,nk ← max(s⋆d,nk , 0)
end for
end for
l ← calculate the loss function value with formula (4)
if l − lold < ϵ then
break
end if
lold = l
end for
return sd

Algorithm 1 Calculate min{s,β} L(D)
Require: T, K ∈ Z+ , ϵ > 0, D, W
for k = 1 : K do
initialize βk· ∈ R|W| randomly
end for
initialize s ∈ R|D|×|W|×K randomly
for t = 1 : T do
for d ∈ D do
Learn Coding of sd with algorithm 2
end for
l ← calculate loss function value as formula (4)
if l − lold < ϵ then
break
end if
lold = l
Learn topic β with algorithm 3
end for
return s, β

13]. Therefore, we only focus on one group, e.g. the k-th group,
and obtain the objective function as:
L(s·k ) =

|I|
∑

(

(
))
snk βkn − wn ln s⊤n· β·n + λ||s·k ||2 .

problem:
( 2
)
βkn (βkn + η)2 − β2kn λ2 s4nk
(
)
− 2Xnk βkn (βkn + η) + 2βkn λ2 Bnk s3nk
(
)
2
+ Xnk
+ (βkn + η)2 β2kn Cnk − B2nk λ2 s2nk

(8)

n=1

Taking the subderivative on s·k , the subgradient equations are
βnk −

wn βnk
+ λζ nk = 0;
s⊤n· β·n

∀n ∈ I,

−2Xnk (βkn + η)βkn Cnk snk

(9)

2
+Xnk
Cnk = 0

s.t.

where ζ nk = ||ss·knk||2 when s·k , 0, and ζ ·k is a k-dimension vector
satisfying ||ζ ·k ||2 ≤ 1 otherwise. After transforming the formula (9),
we get,
v
u
t
)2
|I| (
wn βkn
1∑
.
(10)
||ζ ·k ||2 =
−βkn + ⊤
λ n=1
sn· β·n

= snk βkn − wn ln(s⊤n· β·n ) + λ

√

s2nk + Cnk

(11)

∑
where Cnk = i∈I∧i,n s2ik ≥ 0 relative to snk is a constant. snk .
The gradient of formula (11) is
∇ snk L(snk ) = (1 −

wn
snk
,
)β + λ √
s⊤n· β·n kn
2
snk + Cnk

)
M (
wd,n· sd,nk
∂L(β) ∑
sd,nk − ∑K
.
=
∂βkn
k=1 sd,nk βkn
d=1

(12)

and the second derivative of L(snk ) is
∂ L(snk )
3
= wn β2 (s⊤n· β·n )−2 + λCnk (s2nk + Cnk )− 2 .
∂s2nk
∂2 L(snk )
∂s2nk

(15)

To further speed-up the optimization process, we do not use the
coordinate descent algorithm to optimize the βk· one by one. Alternatively, we transform the topic matrix β to a large vector ⃗β. The
⃗β has K × N elements, and includes K normalization constraints
on every N elements. In this way, we can simultaneously learn the
whole topics matrix using L-PQN. The topic learning procedure is
described in Algorithm 3, and for the detailed steps of L-PQN one
may refer to [26].

2

Since

(14)

where Bnk = i=1∧i,k sni βin and Xnk = wn βkn − Bnk (βkn + η). The
feasible solution of snk is either in the roots of Equation 14) or the
boundary point which is zero [40]. Solving this quartic equation is
very eﬃcient using modern numerical tools. The detailed encoding
algorithm is presented in Algorithm 2.
Optimize over β: After we have inferred all the latent word
codes of the collection, we update the dictionary β by minimizing
the log-Poisson loss. It is a convex optimization problem which
can be eﬃciently solved with high-performance methods. Here
we adopt the limited-memory projected quasi-Newton(L-PQN) algorithm [26] for our problem. The L-PQN algorithm is suitable
for large-scale optimization problems where the evaluation of the
function is substantially more expensive than the projection onto
the constraint set. It fits our problem as the calculation of the loss
function is time consuming, while the projecting a vector to a probabilistic simplex can be conducted in linear time [10].
The L-PQN algorithm uses the gradient of loss function for optimization which is defined as Equation (15) for all n, k.

Therefore, we can determine whether the vector of s·k is zero by
checking the value of ||ζ ·k ||2 . If ||ζ ·k ||2 ≤ 1 we set the vector s·k
to a zero vector, otherwise we solve the optimization problem in
formula (8) using coordinate descent method. Specifically, for each
snk , given s jk , j , n fixed, the objective function can be written as
L(snk )

snk ≥ 0,

∑K

(13)

> 0 for ∀snk , the formula (11) is strictly convex

with respect to snk . By setting the gradient ∇ snk L(snk ) = 0 equal
to to zero, we have that snk is the solution of the following quartic

319

Algorithm 3 Topic Learning Algorithm in GSTC
Require: s, β, D
transform matrix β to vector ⃗β
pr ← a function to do simplex projection
ob j ← a function to calculate both the loss value as formula (4)
grd ← a function to calculate the gradient as formula (15)
⃗β ← L-PQN(β, s, D, pr, ob j, grd)
transform vector ⃗β back to matrix β
return β

large vocabulary. Compared to STC, GSTC has less variables to
be estimated since we do not need to model the document codes
θ. The additional variables θ make the STC require more data in
learning.
One limitation of existing NPMs, as aforementioned, is that they
lose the clear semantic explanations over the latent representations. Although some NPMs like STC and NMF can directly learn
document-level latent representations, the learned codes no longer
lie on the same topic simplex like PTMs, but could be in quite diﬀerent scales over diﬀerent documents. Mapping the codes into
a semantic simplex is not natural and straightforward. An ad-hoc
normalized code vector no longer represents the admixture proportions in topic simplex. While in GSTC, we can derive the expected
admixture proportions based on the learned word codes and dictionary.

Table 1: Comparison among Diﬀerent Topic Models
PTMs NPMs GSTC
Property
Eﬃcient Sparse Control
Semantic Interpretation
Learning Eﬃciency

No
Yes
Good

Yes
No
Better

Yes
Yes
Better

4.

EXPERIMENTS

In this section, we provide both qualitative and quantitative evaluation of GSTC. We first introduce the dataset the baseline methods. Then we conduct extensive experiments to compare the performance of GSTC with some state-of-the-art methods. The empirical
results demonstrate the eﬀectiveness and eﬃciency of the proposed
model.

3.4 Discussions
GSTC is a non-probabilistic topic model for discovering sparse
latent representations of large text corpora. Here we compared
GSTC with exiting PTMs and NPMs to show the benefits of GSTC
on text modelling. The advantages and weakness of diﬀerent topic
models are summarized in the table 1, and the detailed explanations
are presented as follows.
The PTMs (e.g. LDA[5]) construct the document in a probabilistic way, where a document is typically modeled as a finite admixture of latent topics, and each topic is a unigram distribution over a
given vocabulary. The document-level admixture proportions can
be regarded as a low dimensional representation of the document in
topic simplex. When compared with unnormalized document codes
(typically obtained by NPMs), such admixture proportions would
be beneficial in both understanding and semantic comparison between documents as they clearly convey the relative importance of
topics in documents. Besides, when using the latent representations as features for future tasks (e.g. text classification, text clustering
and so on), such admixture proportions (within the interval [0, 1])
might be more robust and preferred than usually scale-unstrained
document codes. GSTC enjoys the merits of latent semantic representations as PTMs. Although GSTC relaxed the normalization
constraint in modeling, we can naturally recover the admixture proportions afterwards.
A limitation of PTMs is that it is non-trivial to achieve sparsity
since the admixture proportions or topics are normalized distribution. This problem can be well addressed in the non-probabilistic
GSTC. Due to the same reason of having to define a normalized
likelihood function, another limitation of PTMs is that they usually have to deal with a hard-to-compute log-sum-exp function [40].
By relaxing the normalization constraint, the learning problem in
GSTC can be eﬀectively solved using coordinate descent method,
which has closed-form solutions for updating word codes. Empirical results in Sec 4.4 show that GSTC is much more eﬃcient than
LDA in training.
The advantage of NPMs lies in that they provide an elegant framework to achieve sparsity in topic modeling by using sparse constraint like ℓ1 norm as lasso [21]. As a non-probabilistic model,
GSTC enjoys the same merit by directly control the sparsity of
inferred representations at document-level with the help of group
lasso. Unlike SPC [22] and standard NMF [20, 15] encode all the
words in a vocabulary, GSTC only encodes the words with nonzero
counts as STC, which makes GSTC more eﬃcient and scalable to

4.1

Dataset and Baseline Methods

We conducted empirical experiments based on the 20-Newsgroup
dataset. The 20-Newsgroup is a benchmark text collection widely used in topic modeling, which organizes the postings to Usenet
newsgroups into 20 related categories almost evenly. Here we make
use of a preprocessed version downloaded from Cai’s webpage1 ,
which includes 18, 846 documents and 26, 214 distinct words. The
vocabulary is generated by stemming each term to its root and removing the stop words.
We evaluation the performance of GSTC by comparing with several state-of-art PTMs and NTMs, including:
• Latent Dirchelet Allocation (LDA). The code of LDA is provided by Blei2 , which employs variational EM in the training process. The Dirichlet parameters are estimated by the
Newton-Raphson method [5].
• Sparse Topical Coding (STC). The code of STC is available
online3 , which employs the coordinate descent algorithm to
learn the model.
• Non-negative Matrix Factorization (NMF). NMF is solved
with an alternating constrained least squares algorithm [2].
For comparison fairness, all the baseline methods are initialized
randomly similar as GSTC, the training parameters of these models are set according to the original papers’ suggestions , and the
regularization constants are selected by cross-validation.

4.2

Sparse Latent Representations

To demonstrate the eﬀectiveness in learning meaningful topics
by our model, we first show 9 randomly picked learned topics in
Table 2. For each topic, we list several top words according to
their probabilities under the corresponding topic. Each column is a
distinct topic, where the topic labels are produced by human judges
for better understanding. Although the top words listed here are in
their stemmed form, it is obvious to see that the learned topics are
1

http://www.zjucadcg.cn/dengcai/Data/TextData.html
http://www.cs.princeton.edu/ blei/lda-c/
3
http://www.cs.cmu.edu/ junzhu/stc.htm
2
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COMPUTER

LOVE

pc
printer
hardware
software
system
lan
inkjet

love
promis
rose
lie
marriag
marri
grave

Table 2: Top words for 4 randomly selected learned topics
DRUG
WEAPON BICYCLE TERROR
DIET
MEDICATION
drug
illeg
alcohol
addict
heroin
cocain
marijuana

weapon
gun
arm
firearm
automat
rifl
pistol

motorcycl
bike
ride
guid
rider
biker
road

terror
soldier
civilian
iraqi
bomber
casualti
defenseless

medic
diseas
infect
patient
clinic
diet
syndrom

launch
orbit
satellit
shuttl
solar
mar
spacecraft

80

1

Classifcation Accuracy

0.8

Sparse Ratio

diet
vitamin
fat
nutrition
headach
dose
intak

SPACE-FLIGHT

0.6

GSTC
0.4
STC
LDA

75

GSTC
STC
STC-NORM
LDA
NMF
NMF-NORM
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NMF

0.2

0
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Figure 5: The classification accuracy of diﬀerent models.

Figure 4: The sparse ratio of document-level latent representations learned by diﬀerent models.

It indicates that directly imposing sparse constraints (e.g. lasso or
group lasso) can achieve better sparsity than using the non-negative
constraints alone. By comparing GSTC and STC, we can see that
using group lasso can further improve the sparsity ratio (and classification performance as shown later). The possible reason is that
group lasso uses structural information to align variables to sparse
and salient factors, and such additional constraints over variables
may lead to better sparsity.

quite clear and semantically concentrated. For example, we can
find pc, hardware, and software in the topic about computer, and
weapon, gun, and pistol in the topic about weapon.
We compare the sparsity of the learned latent representations of
documents from diﬀerent models. We randomly selected two news
groups and sampled two documents from each. The inferred latent representations of documents from diﬀerent models under 500
topics are shown in Fig. 2 and Fig. 3. We can see that LDA tends
to learn a broad spectrum of topics for each document, while the
other three models can discover more sparse and salient patterns.
Take the first document in the autos group as an example, LDA assigned 456 topics to it, while STC, NMF and GSTC discovered 33,
162, and 28 topics respectively. Note that STC seems sparser than
GSTC since the document codes learned by STC varies largely and
thus some small codes cannot be clearly observed due to the image
scale. From Fig. 2 and Fig. 3, we can also find that the document
codes learned by STC can be in quite diﬀerent scales. For example,
the most salient document codes in autos group are around 8 while
in hardware group are around 11. It is diﬃcult to use such codes
to directly explain the importance of topics or conduct semantic
comparison between documents.
We further quantitatively evaluate the average sparse ratio on latent representations of documents from diﬀerent models, as shown
in Fig. 4. Not surprisingly, we can see that the representations
learned by LDA are very dense. Since there is no direct sparsity
control over the posterior representations in LDA, the sparsity in inferred admixture proportions is mainly caused by the data scarcity.
Meanwhile, the sparse ratio of NMF is lower than STC and GSTC.

4.3

Document Classification

To quantitatively evaluate the quality of learned representations from diﬀerent models, we report the performance on document
classification. Specifically, we use all the 20-newsgroup data to
learn the parameters of diﬀerent models. Then we use the training
documents with their inferred representations as features to build
multi-class SVM classifiers. Note that in LDA and our GSTC, the
inferred latent representations of documents are admixture proportions; while in STC and NMF, the latent representations of documents are unnormalized code vectors. Here we also conducted
post-normalization on the document codes and used the normalized codes as input features. We denote the results based on these
normalized codes as STC-Norm and NMF-Norm, respectively. We
adopted the LIBSVM toolbox4 as our classifier implementation.
The one-against-one approach is employed in multi-class classification by LIBSVM. The train/test split is the same as [8]. We
performed cross validation to select the coeﬃcient C of SVM as
well as the regularizer parameters in GSTC and STC.
The classification results are depicted in the Fig 5. We can see
that GSTC performs better than all the other three models, especial4
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Figure 2: The latent representations of example documents from autos category discovered by diﬀerent models.
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Figure 3: The latent representations of example documents from hardware category discovered by diﬀerent models.
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ther speed-up the learning process, while the LDA almost keeps
the same learning speed for every iteration. By comparing GSCT
and STC, we can see that both obtain comparable time eﬃciency
in learning. It seems that in GSTC the saving on the cost of explicitly learning the document codes, compensates the cost of solving
group lasso rather than lasso in STC.

Trainning-Time (sec)
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1.E+05

5.

In this paper, we present group sparse topical coding (GSTC), a
novel non-probabilistic topic model for discovering sparse latent representations (i.e. admixture proportions) of documents over
large text corpora. GSTC enjoys both the merits of the PTMs and
NPMs. By relaxing the normalization constraint made in PTMs,
GSTC can directly control the sparsity of the inferred representations and learn with eﬃcient algorithm. Meanwhile, GSTC can
naturally derive document-level admixture proportions as in PTMs with learned word codes and dictionary. Empirical results on
benchmark datasets show that GSTC can identify sparse topics, and
improve the document classification accuracy and time eﬃciency.
For the future work, it would be interesting to further consider
the sparsity of dictionary, and develop parallel learning algorithm
for GSTC for large-scale applications. Besides, we will also try
to extend the GSTC by integrating the discriminative features of
document, such as document structure, the case of words, label of
documents and so on. These discriminative information may help
the GSTC learn the codes and topics more accurately and thus further improve the classification performance. Finally, it would also
be interesting to apply the GSTC in other fields, such as computer
vision and signal processing.
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CONCLUSIONS AND FUTURE WORK

500
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Figure 6: The training time of diﬀerent models.

ly when the topic number is large. As compared with LDA, we can
find that LDA performs well when the topic number is small, but
the performance drops when topic number increases. It indicates
that by learning compact representations for documents, especially
when there are a large number of potential topics in the text corpora,
we can achieve better prediction performance. As compared with
NMF and STC, one possible reason for the improvement is that
GSTC learns the admixture proportions which lay diﬀerent documents in the topic simplex. Such latent representations may better
help compare or classify documents than the unnormalized code
vectors which are often in diﬀerent scales. This can also be verified
if we compare STC and NMF with their normalized counterparts
respectively, where using normalized features can always performs
better. Meanwhile, one may notice that the curve of STC in Fig 5
is downward-sloping. This phenomenon can also be observed in
the original paper of STC 5 when topic number is larger than 100.
One possible reason is that by setting the same weight over the sparse control and the alignment components (as suggested in [40]),
the adaptability of STC may get hurt when topic number become
large. Finally, by comparing GSTC with STC-Norm and NFMNorm, we can see that with the learned admixture proportions, one
can obtain better classification accuracy than using the normalized
document codes which lack clear semantic explanations.
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