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ABSTRACT

Conventional supervised topic model for multi-class clas-
sification is inferred via the variational inference algorithm
where the model parameters are estimated by maximizing the
lower bound of the logarithm of marginal likelihood function
over input documents and labels. The classification accuracy
is constrained by the variational lower bound. In this study,
we aim to improve the classification accuracy by relaxing this
constraint through directly maximizing the negative cross
entropy error function via a deep unfolding inference (DUI).
The inference procedure for class posterior is treated as the
layer-wise learning in a deep neural network. The classifica-
tion accuracy in DUI is accordingly increased by using the
estimated topic parameters according to the exponentiated
updates. Deep learning of supervised topic model is achieved
through an error back-propagation algorithm. Experimen-
tal results show the superiority of DUI to variational Bayes
inference in supervised topic model.

Index Terms— Deep unfolding, variational inference, su-
pervised topic model

1. INTRODUCTION

Probabilistic topic model has been successfully developed for
document categorization [1], image annotation [2], text seg-
mentation [3], speech recognition [4, 5], document summa-
rization [6], information retrieval [7], speech separation [8]
and many other applications. Using topic model, the latent
semantic topics are learned from a bag of words to capture
the salient aspects embedded in data collection. The topic
proportions is further used as the feature for classification
[1]. To improve the classification accuracy, several methods
[9, 10, 11, 12] have been studied to develop the supervised
topic models to jointly capture the relationship of the docu-
ments and class labels.

Traditionally, the those topic models were inferred by the
variational Bayes or the Gibbs sampling which are seen as
the approximate inference procedures with different degrees
of smoothing. It is because that the exact inference does not
exist due to the coupling of multiple latent variables includ-
ing topic assignments and topic proportions. Instead of direct
maximization of marginal likelihood, the variational infer-

ence is developed by indirectly maximizing the lower bound
of marginal likelihood through the variational expectation-
maximization (EM) algorithm [13, 14].

However, the end performance is constrained by this
lower bound. In general, the approximate inference may lead
to errors at both estimation and prediction phases due to two
reasons [15]. First, the expression of an underlying model
may be deteriorated. Second, the approximation with pa-
rameter change may mislead the standard learning algorithm.
In [16], the minimization of empirical risk was used instead
of maximization of the approximate likelihood of training
data. In [17], the errors due to inconsistent parameter esti-
mator were shown to be partially compensated by using an
approximate prediction method. In [18, 19, 20, 12], the dis-
criminative training was demonstrated to outperform standard
generative training in prediction tasks.

Recently, deep neural networks (DNNs) have been rec-
ognized as one of the most successful machine learning ap-
proaches to speech-related applications. This study aims to
incorporate the power of DNN architecture into the inference
of topic model and maximize the negative cross entropy error
function directly. A deep unfolding inference is then devel-
oped accordingly. We derive the updating rules for parameter
estimation which are implemented in a style of error back-
propagation [16] similar to that in DNNs. The DNN-inferred
topic model is then established. In the experiments, the classi-
fication performance is increased by using this deep unfolding
inference compared to that using standard variational infer-
ence.

2. SUPERVISED TOPIC MODEL

This study investigates the DNN-inferred supervised topic
model based on the supervised latent Dirichlet allocation
(sLDA) [21] for multi-class classification (sLDAc) [10]. We
first survey the model construction and inference based on
sLDAc with graphical representation in Figure 1.

2.1. Model construction

sLDAc [10] is the extension of sLDA [21] which charac-
terizes both documents and their labels. Given a set of
Documents w = {wd} = {wdn}, the topic zdn = k of a
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Fig. 1: Graphical representation for supervised topic model

word wdn = v is drawn by a multinomial distribution over
V vocabulary words with parameters β = {βk} = {βkv}.
sLDAc introduces a Dirichlet prior with hyper-parameters α
for document-dependent topic θd = {θdk} ∼ Dir(α) over
K topics with hyper-parameters α = {αk} where αk > 0.
Each document is treated as a “random mixture” over dif-
ferent topics. Each word wdn and its topic assignment
zdn in a document d are multinomial variables expressed
by wdn = v ∼ Mult(βzdn) and zdn = k ∼ Mult(θd),
respectively. Accordingly, the latent variables in sLDAc
consist of topic proportions θ = {θdk} and topic assign-
ments z = {zdn}. The class label outputs y = {yd} with
yd = m ∼ softmax(η>zd) have the distributions

p(yd = m | zd,η) =
exp(η>mzd)∑M
i=1 exp(η

>
i zd)

(1)

where zd = {zdk} denotes the empirical topic frequency,
which satisfies zdk = (1/Nd)

∑Nd

n=1 δ(zdn, k), η = {ηmk}
denotes the class label coefficients, and M is the number of
class labels.

The model parameters {α,β,η} are estimated by maxi-
mizing the marginal likelihood of {w,y}

p(w,y|α,β,η) =
D∏
d=1

p(yd|zd,η)
∫
θd

p(θd|α)

×
Nd∏
n=1

K∑
k=1

p(zdn = k|θd)p(wdn|zdn = k,β) dθd

(2)

where Nd denotes the number of words in document d. How-
ever, the exact solution to model inference based on Eq. (2)
does not exist due to the coupling of multiple latent variables
θ and z in posterior distribution p(θ, z|w,y,α,β,η).

2.2. Variational Bayes inference

Variational Bayes (VB) is implemented to resolve the in-
tractable posterior distribution p(θ, z|w,y,α,β,η) [10] by
using a factorizable variational distribution

q(θ, z|γ,θ) =
D∏
d=1

q(θd|γd)
Nd∏
n=1

q(zdn = k|φdnk) (3)

through maximizing a lower bound of the logarithm of
marginal likelihood L(γ,φ;α,β,η) where γ and φ de-
note the variational Dirichlet and multinomial parameters,
respectively. We have the relation

lnp(w,y|α,β,η) = L(γ,φ;α,β,η)
+ KL(q(θ, z|γ,φ)‖p(θ, z|w,y,α,β,η)).

(4)

Therefore, maximizing lower bound L with respect to {γ,φ}
is equivalent to estimating the new variational distribution
q which is closest to the true posterior p with the smallest
Kullback-Leibler divergence KL(·‖·). The variational EM is
solved by [10]. When the label is unknown, lower bound L
with variational parameters {γ,φ} degenerates into the ex-
pectation step of LDA. The class label output is estimated by

ŷd = Eq[yd = m|φd,wd,α,β,η] =
η>mφd∑M
i=1 η

>
i φd

(5)

where φd = (1/Nd)
∑Nd

n=1 φdn denotes the variational em-
pirical topic frequency. We summarize the label prediction
rule for sLDAc in Algorithm 1.

Algorithm 1 Prediction rule for supervised topic model
repeat
γdk = αk +

∑
v Ndvφdvk

φdvk ∝ exp {E[lnβkv] + E[ln θdk]}
until γdk and φdvk converged
return ŷd = softmax(η>φd)

3. DEEP UNFOLDING INFERENCE

We first address a general solution to deep unfolding inference
(DUI) and then present how this new algorithm is realized to
develop a deep inference for sLDAc.

3.1. General framework

Consider a topic model with parameters Θ. For each instance
n, this model specifies an interesting output yn for an observa-
tion xn. In the inference procedure, we first estimate the data
dependent parameters Ψn that maximize the objective func-
tion F with respect to Θ. Once the optimal parameters Ψ̂n

are estimated, we compute the interesting output ŷn through
an estimator GΘ as expressed by [20]

Ψ̂(xn|Θ) = argmax
Ψn

FΘ(xn,Ψn)

ŷ(xn|Θ) = GΘ(xn, Ψ̂(xn|Θ)).
(6)

Typically, the optimal parameters Ψ̂n are obtained by running
an iterative updating algorithm

Ψ(l) = fΘ(xn,Ψ
(l−1)). (7)
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Fig. 2: Deep unfolding inference for supervised topic model

Here, the iteration index l can be treated as the layer in deep
unfolding. The performance of a model can be measured by
the evaluator JΘ with the optimal parameters Θ for each ŷn

max
Θ
JΘ({ŷn,∀n}). (8)

Accordingly, maximizing the performance of a model is seen
as a bi-level optimization problem. Maximizing J in Eq. (8)
with respect to Θ involves in maximizing F with respect to
parameter Ψn, and vice versa. Deep unfolding inference pro-
vides a way to this general framework where an error back-
propagation algorithm is implemented to calculate the differ-
entiations

∂J
∂Θ(L)

=
∑
n

∂J
∂ŷn

∂ŷn
∂Θ(L)

∂J
∂Ψ

(L)
n

=
∂J
∂ŷn

∂ŷn

∂Ψ
(L)
n

∂J
∂Θ(l)

=
∑
n

∂J
∂Ψ

(l+1)
n

∂Ψ
(l+1)
n

∂Θ(l)

∂J
∂Ψ

(l)
n

=
∂J

∂Ψ
(l+1)
n

∂Ψ
(l+1)
n

∂Ψ
(l)
n

.

(9)

3.2. DUI for supervised topic model

In this study, we would like to carry out deep unfolding in-
ference for supervised latent Dirichlet allocation on classifi-
cation task. Optimization problem is formulated as

{α̂, β̂, η̂} = arg max
{α,β,η}

E(y∗, softmax(η>φ)) (10)

where {γ̂, φ̂} = arg max
{φ,γ}

L(γ(α,φ),φ(β,γ)) (11)

where y∗ = {y∗d} denotes the truth labels and E(·) is the
negative cross entropy error function

E(y∗, ŷ) =
D∑
d=1

M∑
m=1

δ(y∗d,m) ln ŷdm. (12)

To maximize E directly, we resort to DUI method. The
model parameters Θ consist of A = {α(l)}, B = {β(l)}
and η while the variational parameters Ψ are composed of
{γ(l),φ(l)} with L layers. F , L and J , E . These param-
eters are estimated through unfolding the maximum step in
Eq. (10) via

{Â, B̂, η̂} = arg max
{A,B,η}

E(y∗, softmax(η>φ(φ(L−1))))

(13)
with L layers

φ
(l)
d (β(l),γ

(l)
d (α(l),φ

(l−1)
d (. . .γ

(1)
d (α(1),φ

(0)
d ))) . . . ) (14)

where φ
(0)
dnk = 1/K. The nested structure is illustrated as

shown in Figure 2, which can be realized by a procedure sim-
ilar to Algorithm 1.

3.3. Error back-propagation procedure

The error back-propagation can be expressed in forward and
backward pass. In forward pass, we calculate the variational
parameters Ψ(l) for different layers l based on the model pa-
rameters Θ(l) estimated in previous learning epochs. In back-
ward pass, the model parameters are updated layer by layer by
directly maximizing the negative cross entropy error function
in Eq. (13) through a back-propagation algorithm. Similar to
the error back-propagation in standard DNN training.

To deal with back-propagation of variational parameters,
we define a set of auxiliary variables {a(l)} and re-express the
forward pass as

φ
(l)
dvk = exp(a

(l)
dvk) /

∑
j exp(a

(l)
dvj) (15)

where l = L− 1, ..., 1 and

a
(L)
dvk = lnβ

(L)
vk + ln γ

(L)
dk − ln

∑
j γ

(L)
dj (16)

a
(l)
dvk = lnβ

(l)
vk + ψ(γ

(l)
dk ). (17)

The class label output is then estimated by

φdk = (1/Nd)
∑
v Ndvφ

(L−1)
dvk (18)

a
(L)
dm =

∑
k ηmkφdk (19)

ŷd = exp(adm) /
∑M
i=1 exp(a

(L)
di ). (20)

Next, the backward pass can be derived by applying chain
rule and find the layer-wise differentiation of negative cross
entropy. We summarize the procedure of back-propagation
and updating rule in Algorithm 2, where ψ′(·) denotes the
trigamma function. Since model parameters {A,B} are non-
negative, we adopt the exponentiated gradient method [22]
to solve the constrained optimization problem subject to the
non-negativity constraints. As a result, we implement the
DNN-styled inference for topic model which is seen as an
incorporation of the deterministic DNN into the inference of
model-based method [20]. The powers of deep learning using
DNN and stochastic learning using model-based method are
assured in the proposed DUI.
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Algorithm 2 Error back-propagation for DUI

/Back-propagation/
for all document d do

∂E
∂adm

= ŷdm − y∗dm
∂E
∂φdk

=
∑
m

∂E
∂a

(L)
dm

ηmk

∂E
∂φ

(L−1)
dvk

= Ndv

Nd

(
∂E
∂φdk

− Ndv

Nd

∑
j φ

(L−1)
dvj

∂E
∂φdj

)
for l = L− 1 to 1 do

∂E
∂a

(l)
dvk

= φ
(l)
dvk

∂E
∂φ

(l)
dvk

− φ(l)dvk
∑
j φ

(l)
dvj

∂E
∂φ

(l)
dvj

∂E
∂φ

(l−1)
dvk

= ∂E
∂a

(l)
dvk

Ndv ψ
′(γ

(l)
dk )

end for
end for
/Updating rule/
Update η with ∂E

∂ηkm
= ∂E

∂a
(L)
dm

φdk

for l = 1 to L do
Update β(l) with ∂E

∂β
(l)
vk

=
∑
d

∂E
∂a

(l)
dvk

1

β
(l)
vk

Update α(l) with ∂E
∂α

(l)
k

=
∑
dv

∂E
∂φ

(l−1)
dvk

end for

4. EXPERIMENTS

This section investigates the proposed DUI on document clas-
sification and compares the result with VB.

4.1. Experimental setup

For document classification, we evaluated the proposed
method by using 20 newsgroups data set. It contains ap-
proximately 20,000 newsgroup documents, partitioned across
20 different newsgroups. In this task, we removed a list
of English stop words provided by SMART information re-
trieval system, and the words that document frequencies were
less than 5. Stemming was processed to reduce the inflected
words into their word stem. Finally, we kept 5000 most fre-
quent words in dictionary for document modeling. The origi-
nal training set was randomly divided into a smaller training
set and test set with 9000 documents and 6000 documents,
respectively.

4.2. Experimental result

We investigated how the number of unfolded layers affects
the accuracy of classification. We train a DUI model with
K = 60, α = 0.1, and vary L = {2, 3, 4, 5}. Mini-batch size
is set to 1500. The model parameters A and B are random
initialized and tied for all layers. η is initialized with a block
diagonal matrix and trained with stochastic gradient descent

η = {ηmk} =

 1
. . .

1

 (21)

where 1 = (1, . . . , 1) in M/K dimensions, non-diagonal
blocks are set to zero. Learning rate is scheduled as

exp (no. of epochs− 1)

200
. (22)

Figure 3(a) shows the classification accuracy versus the num-
ber of layers using DUI. The result shows that DUI can
achieve better classification accuracy around 80.7%, outper-
forming the result of VB, 70.4%. This implies that DUI can
improve the accuracy significantly by this DNN training style.
Figure 3(b) shows the convergence of classification accuracy.
The deeper the DUI network, the better the accuracy and the
convergence rate we can achieve.
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Fig. 3: Evaluation of classification accuracy using DUI

5. CONCLUSIONS

We proposed the DUI for sLDAc by unfolding the predic-
tion rule to obtain a deep model. We derived the error back-
propagation algorithm for learning parameters via DUI. Such
learning algorithm is able to seek a deep model to improve
classification performance. Experiments showed that maxi-
mizing the negative cross entropy error function instead of
lower bound of marginal likelihood can outperform the con-
ventional VB in terms of classification accuracy for test doc-
uments. Such DUI could be extended to the other models.
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