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Abstract

Bayesian networks play a crucial role in various domains
for unsupervised feature extraction and data interpretation.
The Poisson gamma belief networks (PGBNS), as a type of
Bayesian networks, have shown promise in analyzing high-
dimensional count data. However, PGBNs encounter signifi-
cant challenges when applied to sparse data, particularly in
achieving accurate feature extraction and avoiding overfit-
ting during missing value prediction. In this paper, we pro-
pose the sparse Poisson gamma belief networks (SPGBNs),
a Bayesian network model designed to address these limita-
tions. By incorporating sparse graph-structured priors over
the weight matrices between adjacent layers, the proposed
SPGBNSs effectively capture the inherent sparsity and graph
structures of latent features. Meanwhile, SPGBNs demon-
strate superior generalization on missing data prediction
and enable more stable extraction of meaningful latent fea-
tures compared to existing approaches. Additionally, we de-
velop an efficient Gibbs sampling algorithm that significantly
improves training stability and computational efficiency of
SPGBN. Extensive experiments on real-world datasets are
conducted to validate the effectiveness of our approach.

Code — https://github.com/HuangRuiiii/SPGBN

Introduction

Bayesian networks, with their inherent Bayesian founda-
tion, transcend traditional matrix factorization by offering
enhanced uncertainty quantification, intricate dependency
modeling, and robust performance. The latent features ex-
tracted by Bayesian networks are critical to predict, visual-
ize, denoise and explain patterns of interest of the data. Thus,
Bayesian network models are widely used in many domains
such as text mining (Blei and Lafferty 2006; Wang, Blei, and
Heckerman 2008; Rudolph and Blei 2018; Acharya, Ghosh,
and Zhou 2018; Dieng, Ruiz, and Blei 2019), cell genomic
analysis (Levitin et al. 2019; Tong et al. 2020; Jones et al.
2023), population movement forecasting (Sheldon et al.
2013; Stuart and Wolfram 2020; Roy and Dunson 2020), and
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etc. The Poisson gamma belief networks (PGBNs) (Zhou,
Cong, and Chen 2015) are proposed as a Bayesian net-
work model for inferring multilayer representations of high-
dimensional count vectors. Distinct from conventional deep
networks (Saul, Jaakkola, and Jordan 1996; Hinton, Osin-
dero, and Teh 2006; Salakhutdinov and Larochelle 2010)
that often utilize binary units for tractable inference and re-
quire tuning both the width (number of hidden units) of each
layer and the network depth (number of layers), the PGBNs
employ nonnegative real hidden units and automatically in-
fer the widths of subsequent layers given a fixed budget on
the width of their first layers. Benefiting from such advan-
tages, the PGBNs are widely used in text analysis (Wang
et al. 2019), radar target recognition (Guo et al. 2020), rec-
ommender systems (Wang et al. 2022), and etc.

Despite these advantages, the PGBNs series models still
encounter significant challenges in extracting latent features
from high-dimensional sparse count data which is prevalent
in text mining (Puurula 2016), single-cell genomic analy-
sis (Sun et al. 2020), social network systems (Chen, Kato,
and Leng 2021), and recommendation systems (Gunathilaka
et al. 2025). Specifically, the latent features underlying these
sparse data often exhibit sparsity themselves. The previous
Bayesian network approaches often overlook the inherent
sparsity of latent features. These methods typically employ
densely connected architectures for feature extraction from
sparse data, creating a fundamental incompatibility between
model structures and data characteristics. This architectural
mismatch leads to dual challenges: inaccurate feature extrac-
tion due to improper representation of sparse patterns, and
poor generalization performance for missing value predic-
tion caused by parameter overfitting. Additionally, although
PGBNSs can automatically prune the number of nodes at each
layer, thereby adaptively adjusting the network structure, the
presence of redundant parameters makes this pruning pro-
cess inherently slow. As a result, both model training and
inference become computationally inefficient.

To better align the model structure with the underly-
ing data and to enable more effective extraction of latent
features from sparse observations, we propose the Sparse
Poisson Gamma Belief Networks (SPGBNs). Fig. 1 pro-



vides a comparative illustration of the network architec-
tures for a single-layer PGBN and SPGBN. In these di-
agrams, (z1,zs9,...,2¢) is observed count vector, while
(9%1)799),0&1),9511)) corresponds to the first-layer latent
features inferred from the data. The connections between
(z1,22,...,26) and (05”,0&1),0:&1),9&1)) are determined
by the factor loading matrix ®(). In the original PGBN,
this matrix is dense, meaning that most edges are preserved,
even if their associated weights are negligible. In contrast,
SPGBN applies a binary mask to the factor loading matrix,
setting most elements to zero and thus removing the corre-
sponding edges from the network, which leads to a sparse
model structure. Notably, the sparse network structure en-
ables the model to eliminate edges with small weights,
thereby facilitating the rapid pruning of redundant latent fea-
tures. For example, in the dense factor loading matrix (1)
of PGBN in Fig. 1, the elements in the row corresponding

to 6511) are small but nonzero, which leads to the retention of

the feature node 9511) in the model. In contrast, in the struc-
tured factor loading matrix ®(1) of SPGBN in Fig. 1, the
binary mask sets these elements to zero, resulting in the ef-

fective removal of the feature node 64(11) during pruning. As
demonstrated in Section , this accelerated pruning allows the
structure of SPGBN to quickly converge to a stable state.

The main contributions of the paper include: (1) Propos-
ing Sparse Poisson Gamma Belief Networks (SPGBNs),
which incorporate structured sparsity into the factor load-
ing matrices to better match the model architecture with the
inherent sparsity of latent features in sparse data; (2) In-
troducing a binary masking strategy that removes insignif-
icant edges, enabling efficient pruning of redundant latent
features and resulting in a more compact network structure
whose architecture rapidly stabilizes; (3) Developing an effi-
cient Gibbs sampling algorithm tailored for SPGBNs, which
significantly enhances training stability and computational
efficiency; (4) Conducting comprehensive experiments that
demonstrate SPGBNSs not only outperform traditional dense
PGBNSs in extracting meaningful latent features from sparse
data, but also exhibit superior generalization in missing data
prediction task.

Background
Notations

In what we present below, vectors are denoted by bold-
faced lowercase letters, and matrices are denoted by bold-
faced capital letters. Pois(-), Gam(-), NB(-), Dir(-), Ber(-),
and Mult(+) stand for the Poisson, gamma, negative bino-
mial, Dirichlet, Bernoulli, and multinomial distributions, re-
spectively. We let © denote the Hadamard product between
matrices or vectors.

Poisson Gamma Belief Networks

Suppose we have multivariate count vector x; € ZKo,
where ; = (215,...,%Kk,;) denotes the jth count vector
whose dimension is K. The Poisson gamma belief net-
works (PGBNs) with 7" hidden layers factorizes the ob-
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Figure 1: Comparison of the network structures between
an original single-layer Poisson Gamma Belief Network
(PGBN) and the proposed single-layer Sparse PGBN
(SPGBN). In the PGBN, the dense factor loading matrix
®() preserves most edges, even those with small weights,
resulting in a dense network structure. In contrast, SPGBN
employs a structured factor loading matrix ®() in which
the negligible values are set to zero, efficiently removing in-

significant edges and facilitating rapid pruning of redundant

feature 0511).

served vector x; at the first layer under the Poisson likeli-
hood as

x; ~ Pois <<I>(1)0§1)) , (1)

where &) ¢ RfOXKl is the factor loading matrix and
0](-1) € ]Rf ' is the hidden units vector for layer ¢ 1.
Specifically, @) is a global parameter that remains con-

stant regardless of the data, while 0 is the local parame-
ter tailored for the vector x;. For the first layer t = 1, the
model factorizes the shape parameters of the gamma dis-

tributed hidden units 81" € R" of layer t = 1 into the
product of the connection weight matrix ®2) e Rf 1 Ky
and the hidden units 8\” € R% of layer t = 2.

)

where pf) are probability parameters specified by p§-2)
Beta(ag, bg). Fort = 2,...,T — 1, the hidden units vector

9§t) follows distribution as
(t41) (t)

where ¢; are gamma rate parameters specified by ¢;* ~
Gam(eg, fo). To maintain consistent notation across layers,

2

pg)
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the PGBSs define the relation between pg-t) and c;t) by

—In (1 — pgt)>

Cgt-l—l) I (1 7p§t)>

In partlcular for the second layer t = 2, we define ¢

)/pj %) For the top layer i.e. ¢ = T, the hidden

(t+1)
; =

3

@
(1-

units 9( share the same vector r = (rq, - - -
gamma shape parameters

(T) (T+1)
0; ' ~ Gam ('r, c; ) ,

where each element of vector r is characterized by a gamma
distribution as 7, ~ Gam (yo/Kr,co)). The hyperparam-
eters o and ¢q are randomized by gamma distribution as
Yo ~ Gam (aq, by) and ¢y ~ Gam (eg, fo), respectively.

, T ) as their

The Proposed Model

Sparse Poisson Gamma Belief Networks

In this section, we introduce the sparse Poisson gamma be-
lief network, a novel structure designed to extract latent
features from sparse count data and infer multilayer rep-
resentations of high-dimensional count vectors. The model
factorizes observed count vectors ; € ZX° by decom-
posing them into the product of the factor loading matrix
®M) ¢ Rf”XKl and the hidden units factor (1) € Rfl,
following the approach defined in Eq l Speciﬁcally, the

factor loading matrix ® (1) = [cz)(l ). ,d)K
each element ¢ %, represents a column vector of length K.
For scale 1dent1ﬁab1l1ty and ease of inference, each column

of &) is restricted to have a unit L norm. Thus the Dirich-
let prior is placed over the k;-th column of ®(1) as

¢§j>~Dir(a<1) () (1) )
1 )

1k1’a2k1’ e aKOkl
(EORNEY T
Qg Qoges } is the k1-th column of the

, where

(1)

where NG

hyperparameter matrix A1) & RfOXKl. To introduce a

sparse graph-structured factor loading matrix, we model the
(1) }KmKH

hyperparameter matrix A1) = [a ooy Vo Jr

as

ZM o DW,

Ko,K1

AL —

(1) ]

where Z(1) = 2 serves as a binary mask to de-

ko.k1
fine the graph structure, and D) = [d,%)kllﬁo,ff* repre-

sents the weight relationships between the observed vec-
tors and the hidden units of the first layer. Specifically, the
weight dl(cl))kl € RT indicates the strength of the connec-
tion between the ky-th observed count value x,; and the

k1 -th hidden unit 0", in the first layer, drawn from ),

~

Gam (€, €9). The graph structure parameter z,~c k € {0 1}
is a binary variable indicating the presence of a link between
the ko-th observed count value and the k1-th hidden unit in

the first layer. The binary variable Zl(cl))kl is modeled using
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a hierarchical gamma process edge partition model (Zhou
2015; Yang and Koeppl 2018a,b; Huang, Yang, and Koeppl

2024) as
)) @

As shown in Eq. 4, the graph structure parameter z](cl)k

is further decomposed into L, latent groups. More spec1ﬁ-

(1) captures how strongly the kg-th observed count

kol
value associates with the [;-th group, and v( ) captures

how strongly the k;-th hidden unit of the ﬁrst layer asso-

ciates with the [;-th group. >‘l(11) is the weight of the /;-th
group between the observed count vector and the first hid-
den unit layer. Note that Zl(c?kl can be equivalently drawn via
the Bernoulli-Poisson link function as

11 ) ?

-1 (m > 1) ,
Ly
m,gt)kl ~ Pois (Z uM ) A\l
where 1(-) is an indication function. To ensure the model
n @

koll klll
11:1
.- 1
tractability, we restrict Upolyo Vi 1y and )‘l(l) to be nonnega-
tive, and thus place gamma priors over these parameters as

(1)
Zkoky

(1) (1) (1)
~ Ber (1 — exp (Z Ukoly Yk, /\ll
I1=1

cally, u

1)

1)
Pk —

kok1

&)

uyy, ~ Gam (ag, bo) ,
(1)

vklll ~ Gam (607 fO) )
)\lll) ~ Gam (QO/LM 60) 3
where ag, bg, eg, fo, @9 and [y are hyperparameters. The
proposed first layer structure extend hierarchically to 7" lay-
ers through recursive decomposition. For layer t(2 < ¢ <

T'), the hidden units (*~1) extracted from the previous lay-
ers are similarly factorized as

J J ’7 ’

(2)

1—pP

J )

ey

(1) (T+1)
0, ~ Gam (r, ¢; ) ,

where &) ¢ RK“IXKt 0 ¢ lRK' fort =2,3,,
1

()

T

The p(. ) are probability parameters, {c are gamma

and p§t) is the

same as in Eq. 3. Especially, the top layer hidden units 0§T)

share the same vector r = (r1,--- ,rk, ) as their gamma

shape parameters. The parameters p§2), cé.t)

rate parameters, and the relation between c;

and r; can be



Algorithm 1: The SPGBNs Gibbs sampler

Input: Observed count vector 2. The number of iterations
B; + Cp, where Br is burn-in time and C is collection
time. The upper bound of the number of layers 7},,,x and the
fixed budget on the width of the first layer K. The number
of latent groups L; in each layer, and hyperparameters.
Qutput: A total of T, jointly trained SPGBNs.

1: forT =1,2,...,T.x do
2 Initialize Parameters;
3 for iter =1: By + Cr do
4 fort=1,2,...,T do
5 Sample latent counts {xl(ci),ljkt}kt—hkmj;
6: Sample {uf” |, Vi1 100, Yoo AN H0
7 Sample M®) Z® D® and calculate A®;
8 Sample ®);
9: end for
10 Sample {p§-2)}j and calculate {0;2)}j;
11: Sample {C§t)}j7t and calculate {pﬁt)}ﬁ for t =
3,....,T+1;
12: fort=T,T—1,...,2do
13: Sample {ry, i, ift =T}
14: Sample {Hﬁt)}j;
15: end for
16: if iter = Br then
17: Prune inactive hidden units k7 where x(j,;)T =0
18: end if
19:  end for
20:  Calculate and output the posterior means of {®(")},
and {rg, }, during collection.
21: end for
drawn as

pgz) ~ Beta (ag, bo) ,
C§t) ~ Gam (eo, fo) ,

r ~ Gam (;O,co) ,
T

where the hyperparameters 7y and ¢y are randomized by
the gamma distribution as g ~ Gam (ag,bp) and ¢g ~
Gam (eg, fo), respectively. The factor loading matrix &) is
constructed and sampled using the same hierarchical struc-
ture as the first layer, and thus omitted here for brevity.

The proposed sparse Poisson gamma belief networks
are not fully conjugate. Nonetheless, tractable-yet-efficient
Gibbs sampling algorithms are developed to perform poste-
rior simulation. The full derivation of the inference proce-
dure is presented in Appendix B.

The Layer-Wise Training Strategy

To learn the width of each hidden layer instead of fixing
the number of hidden units, the original PGBNs developed a
greedy layer-wise training strategy. The proposed SPGBNs
inherit the training methodology of PGBNs. Under a fixed
budget on the width of the first layer, SPGBNs retain the
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Classification Accuracy

Model
MR TREC SUBJ

LDA 544408 455419 68.2+1.3
DocNADE 54.24+0.8 62.0+0.6 72.9+1.2
DPFA 56.1£09 62.0+£0.6 78.5+1.4
PGBN 57.0£0.5 67.9+1.5 78.3%+1.2
WHAI 56.4+0.6 65.6x1.7 76.5%+1.1
CPGBN 63.5£0.8 74.4%0.6 81.5+0.6
SPGBN 65.0+0.8 72.1+1.2 85.3x0.4

Table 1: Comparison of classification accuracy on feature
vectors extracted by unsupervised methods.

advantages of the nonparametric Bayesian shrinkage mech-
anism, enabling effective pruning of inactive hidden units at
each layer. For more details on the nonparametric Bayesian
shrinkage mechanism, readers are referred to (Zhou, Cong,
and Chen 2015), the discussion is omitted here for brevity.
Notably, thanks to the model inherent sparsity, SPGBNs can
prune redundant hidden units more efficiently, resulting in
more stable training and accelerated inference. Experimen-
tal results supporting these claims are presented in the ex-
perimental section. The detailed algorithm is summarized in
the Algorithm 1.

Experiments

To evaluate the effectiveness of the proposed SPGBNs, we
conducted experiments involving quantitative comparisons
and qualitative analysis across various datasets.

20Newsgroups: Comprises 18,774 documents from 20
different groups, with a vocabulary of 33,420 meaning-
ful words. The resulting matrix is highly sparse, containing
99.7% zeros and only 0.3% non-zero elements.

SPL111: Single cell RNA sequencing data (Gayoso et al.
2021) measuring expression levels of 13,533 genes in
16, 828 cells. After filtering out classes with fewer than 500
cells, 12,137 cells across 10 classes remain.The filtered ex-
pression matrix remains 89.9% zeros.

MR: Movie reviews dataset (Pang and Lee 2005a) com-
prises approximately 10,600 reviews labeled positive or
negative, with a vocabulary of 20, 000 words. The resulting
matrix contains 90.6% zeros.

TREC: TREC question dataset (Pang and Lee 2005b)
consisting of 5, 952 questions categorized into six types (ab-
breviation, entity, description, human, location, or numeric)
with a vocabulary of 8000 words. The sparse count matrix
contains about 88.3% zeros.

SUBJ: The Subjectivity dataset (Pang and Lee 2004) con-
tains approximately 10,000 sentences labeled as subjec-
tive or objective opinions on movies, with a vocabulary of
22,636 words. The matrix is roughly 83.7% sparse.
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Figure 2: The proposed SPGBNs achieve comparable or superior classification accuracy to the original PGBNs for both the
binary classification task (a) and 10-class classification task (e). Additionally, the proposed SPGBNSs rapidly prune redundant
hidden nodes, causing the number of hidden nodes to quickly stabilize at approximately 80 for the binary classification dataset
(b) and 350 for the SPL111 dataset (f). Furthermore, the sparsity of the factor loading matrix ®®) in each layer reaches nearly
80% (c), significantly accelerating inference speed compared to the original PGBNS (d). Finally, figures (g) and (f) demonstrate
that the perplexity value decreases as the number of iterations increases for both training set and test set, respectively.

Quantitative Analysis

We systematically evaluated the performance of unsuper-
vised feature learning and missing value prediction. Gen-
eral classification accuracy evaluation were conducted over
MR, TREC and SUBJ datasets. For comparison, we con-
sidered classical LDA (Blei, Ng, and Jordan 2003), several
related Bayesian models including DPFA (Gan et al. 2015),
PGBN (Zhou, Cong, and Chen 2015), WHAI (Zhang et al.
2018), CPGBN (Wang et al. 2019) as well as the neural topic
model DocNADE (Lauly et al. 2017), as shown in Table 1.
Especially, we performed an in-depth comparison between
SPGBNs and PGBNs on the 20Newsgroups and SPL111
datasets, focusing on feature extraction, missing value pre-
diction, training stability and computational efficiency, as il-
lustrated in Fig. 2.

Unsupervised feature learning. To evaluate the quality of
the features learned by the proposed unsupervised SPGBNss,
we performed downstream classification tasks using the la-
tent features from various unsupervised models. For fair
comparison, we adopted the same training and test splits
as (Wang et al. 2019) for the MR, TREC and SUBJ datasets.
The results are shown in Table 1, where the means and
error bars were obtained from five independent runs. For
LDA, DocNADE, DPFA, PGBN, WHAI and CPGBN, we
report the best results from (Wang et al. 2019). The pro-
posed SPGBNs were configured with three layers and initial
Kimax = 200, consistent with the PGBN setting. The pro-
posed SPGBNSs significantly outperformed the other models
on the MR and SUBJ datasets, but performed worse than
CPGBN on the TREC dataset. We hypothesized that this was
due to the relatively small number of documents and the im-
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balanced class distribution in TREC, which made it difficult
for SPGBNs equipped with a sparse structure to extract suf-
ficiently effective features.

We systematically compared the binary, 10-class and 20-
class classification tasks between the proposed SPGBNs and
the original PGBNSs, as shown in Fig. 2(a), Fig. 2(e) and Ap-
pendix D, respectively. For the binary classification, we dis-
tinguished between the sci.electronics and sci.med news-
groups (1,971 out of 18, 774 documents in 20Newsgroups).
Each dataset was partitioned into 70% training and 30% test
data. The first layer width for both SPGBNs and PGBNs
was set to Kimax € {200,400,600}. We see that the ac-
curacy across all six experimental groups on three datasets
exhibits a fluctuating upward trend as the number of model
layers increases. Meanwhile, the proposed SPGBNs consis-
tently outperformed the original PGBNs across most config-
urations.

Especially, as shown in Fig. 2(b), the proposed SPGBNs
rapidly pruned redundant hidden nodes, and consistently sta-
bilized at approximately 80 hidden nodes across all 5 layers,
regardless of the fixed budget on the width of the layer. For
the SPL111 dataset, the 200 initial hidden nodes were in-
sufficient to capture all the features of the dataset, which
was why neither the SPGBNs nor PGBNs pruned the ini-
tial 200 nodes. However, when the number of initial nodes
increased to 400 and 600, the SPGBNss quickly pruned them
to around 300 nodes. This indicated that the inference results
of SPGBNs were primarily driven by the data itself rather
than by predefined model structures. In contrast, the infer-
ence results of PGBNs were influenced by both the fixed
budget in the first layer and the network depth. We specu-



(a) Single-layer model (SPGBN) (b) Five-layer model (SPGBN)
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Figure 3: Using the 200-dimensional features extracted from
the SPL111 dataset, 12,137 cell samples were automatically
clustered into 10 groups.

lated that this effectiveness was due to the sparse network
structures of SPGBNs, which masked out much of the con-
nectivity between adjacent layers, allowing the model to ef-
ficiently inferred important node features. Additionally, we
also compared the sparsity of the global structure parameter
matrix @ for each layer in Fig. 2(c), where higher values
indicated greater sparsity. For clarity, sparsity values below
0.1 were clipped to 0.1. Due to the sparse prior, SPGBNs ac-
tivated only about 20% of the parameters per layer, enabling
SPGBNs consumed considerably less time per inference it-
eration at each layer than PGBNS, as shown in Fig. 2(d). De-
tailed model configurations, experimental setups, and sup-
plementary comparative results are provided in the Appen-
dices C and D.

Perplexities for hold out words. In addition to evaluat-
ing the performance of the proposed SPGBNs for unsuper-
vised feature learning, we also considered a prediction task
on 20Newsgroups. Specifically, we randomly selected 30%
of the word tokens in each document for training and used
the remaining 70% to compute per-heldout-word perplexity.
The perplexity measures the uncertainty of the predictions,
where lower values signify better performance, and is cal-
culated according (Zhou et al. 2012; Zhou and Carin 2013;
Zhou, Cong, and Chen 2015) as follows

- mylogfii
Perplexity = exp —M ,
2 i
oMotV ,
where f;; = W, n;; is the number of words held
iy g

out at word term ¢ in document j. All 20 topic categories
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were retained, with the vocabulary restricted to the 2,000
most frequent terms. Perplexity was recorded every 5 itera-
tions over 2, 000 iterations. Fig. 2(g) and (h) present the per-
plexity trajectories on the training and test set, respectively.
On the training set, all models exhibited a sharp decrease in
perplexity during the first 20 collections, reaching approxi-
mately 400. Subsequently, the perplexity of SPGBNs grad-
ually increased to around 500 and then stabilized, whereas
PGBNs remained largely unchanged following the initial de-
cline—suggesting that PGBNs continued to fit the training
data closely. However, on the test set, SPGBNs achieved
a substantially greater reduction in perplexity compared to
PGBNSs. This result demonstrated that, while PGBNs per-
formed better on the training set, they tended to overfit
and thus underperformed on unseen data. In contrast, the
sparsity-inducing prior in SPGBNs promoted better general-
ization and robustness, enabling the model to achieve lower
perplexity on the test set.

Qualitative Analysis

To further assessed the feature quality extracted by SPGBNs
and verified effective use of the designed prior for data struc-
ture capture, we visualized clustering results on latent fea-
tures from the SPL111 and the latent graph structures in-
ferred by SPGBNS.

Clustering for extracted latent features. Unsupervised
learning models were commonly used in single-cell tran-
scriptomics to extract cell representations for downstream
analyses such as clustering (Meng et al. 2025). In our study,
the 12, 137 cells were clustered based on the latent features
using the Leiden algorithm (Traag, Waltman, and Van Eck
2019), and both cell embeddings and latent features were
visualized in 2D with UMAP. Specifically, Fig. 3(a) (b)
display SPGBN clustering results for single-layer and five-
layer models, while Fig. 3(c) (d) show PGBN results un-
der the same setting. All models successfully separated the
cells into 10 distinct classes. The original single-layer PGBN
exhibited significant feature coupling and poor disentan-
glement, while the five-layer PGBN improved disentangle-
ment but still underrepresents some cell types. In contrast,
SPGBNSs achieved effective disentanglement from the first
layer and yielded a more balanced, accurate feature distribu-
tion by the fifth layer.

Visualization for structural parameters. Fig. 4 illus-
trates the latent graph structures underlying the factor load-
ing matrics ® between adjacent layers estimated by the pro-
posed SPGBNSs. Fig. 4(a)(b) and (c) correspond to the 2nd,
3rd and 4th layers, respectively. The 10 subplots on the left
of each layer represent latent groups with dense connections
between adjacent layers, while the rightmost subplot in each
layer shows that most latent groups are nearly independent
from each other. Deeper layers reveal increasingly distinct
and well-separated latent group structures.

Visualization for network structure and topic relation-
ship. To further compare the network structures of the
original PGBN and the proposed SPGBN, and to analyze
the relationships between nodes across layers, we visual-
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Figure 4: The latent graph structures of layer 2 (a), layer 3 (b) and layer 4 (b) inferred by the proposed SPGBN on SPL111
dataset. The left subplots illustrate the single latent group identified in each layer, while the right plot displays the overall graph

structure of each layer.

ized their network structures and topic trees on the 20News-
groups dataset. Detailed experimental procedures and results
are provided in the Appendix E.

Conclusion

In this work, we proposed the sparse Poisson gamma belief
networks (SPGBNS5), an advanced Bayesian network model
that extended the original Poisson gamma belief networks
(PGBNSs). The proposed SPGBNSs specifically addressed the
limitations of existing approaches in accurate feature ex-
traction from high-dimensional sparse count data and over-
fitting issues in missing value prediction. By integrating
adaptive sparse priors and a structured graph-based mask
within the network, SPGBNs effectively captured the inher-
ent sparsity and latent structures of real-world data, enabling
more accurate and interpretable feature extraction. An effi-
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cient Gibbs sampling algorithm was developed for SPGBNSs,
which significantly enhanced training stability and compu-
tational efficiency. Extensive experiments showed SPGBNs
achieved comparable or superior classification performance
to PGBNSs, with significant improvements in sparsity model-
ing, structural stability, and generalization. Importantly, the
sparsity mechanism allowed SPGBNs to rapidly prune re-
dundant hidden units, leading to faster inference and more
robust latent representations. Overall, SPGBNs provided a
principled and practical approach for learning deep sparse
representations from complex count data, establishing a
powerful and interpretable Bayesian network model.
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