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Representation learning on text

• Generative framework

𝑝! 𝑥, 𝑧 = 𝑝! 𝑥 𝑧 𝑝(𝑧)

𝑥 = {𝑤", 𝑤#, … , 𝑤 $ }

𝑝! 𝑤"|𝑧 =
exp(𝑧#𝐸𝑤" + 𝑏")

∑$%&
|(| exp(𝑧#𝐸𝑤$ + 𝑏$)

• Softmax decoder

𝑝! 𝑥 𝑧 = ∏"#$
|&| 𝑝! 𝑤" 𝑧) (iid. assumption)

One-hot representation

𝑧 is 𝑑 dimensional vector 
representation
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Variational inference

log 𝑝 𝑥 = 𝐸𝐿𝐵𝑂 + 𝐾𝐿(𝑞0(𝑧|𝑥)||𝑝(𝑧))

≥ 𝐸𝐿𝐵𝑂 = 𝐸1! 𝑧 𝑥 log
𝑝! 𝑥 𝑧 𝑝 𝑧
𝑞0 𝑧 𝑥

• Evidence lower bound

• Consistent learning & inference

ℒ = 𝐸2 3 𝐸1!(5|3) log
𝑝! 𝑥 𝑧 𝑝 𝑧
𝑞0 𝑧 𝑥

𝑞0 𝑧 𝑥 ≔ 𝒩 𝑧 𝜇0 𝑥 , 𝑑𝑖𝑎𝑔 𝜎06 𝑥
à Independent among data

Our focus: breaking the independence assumption!!!

Mean field inference
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Data dependence prior

𝑥$ 𝑥' 𝑥(

𝑝 𝑋, 𝑍 = 𝑝! 𝑋 𝑍 𝑝7(𝑍)

𝑝7 𝑍 = 𝒩(𝑍; 𝐼⨂𝐼8)

𝑋 = {x$, x', x(}

data independence prior

denote as Σ)

Σ7 =
1 0 0
0 1 0
0 0 1

𝑝 𝑋, 𝑍 = 𝑝! 𝑋 𝑍 𝑝?(𝑍)

data dependence prior

𝑝? 𝑍 = 𝒩(𝑍; (𝐼 + 𝜆𝐴)⨂𝐼8)
denote as Σ*

Σ? =
1 1 0
1 1 0
0 0 1

𝑝) 𝑍 𝑝* 𝑍

ℒ ≔ 𝐸1! 𝑍 𝑋 log 𝑝! 𝑋 𝑍 − 𝐾𝐿(𝑞0(𝑍|𝑋)||𝑝?(𝑍))
“curse-of-dimensionality”

𝑧$ 𝑧' 𝑧(

𝑥$ 𝑥' 𝑥(

𝑧$ 𝑧' 𝑧(

𝑥$ 𝑥' 𝑥(

𝑂 𝑁𝑑 (
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Spanning-tree approximations

𝑝D 𝑍 = ∏"∈𝒱 𝑝?(𝑧") ∏(",$)∈ℰ
2"(5#,5$)

2" 5# 2"(5$)

𝑞D 𝑍|𝑋 = ∏"∈𝒱 𝑞0(𝑧"|𝑥") ∏(",$)∈ℰ
1!(5#,5$|3#,3$)

1! 5#|3# 1"(5$|3$)

𝑥$

𝑥'

𝑥(

𝑥$

𝑥'

𝑥(

Covariance of 𝒒𝝓(𝒛𝒊, 𝒛𝒋|𝒙𝒊, 𝒙𝒋):

𝑑𝑖𝑎𝑔(𝜎"6) 𝑑𝑖𝑎𝑔(𝛾"$⨀𝜎"⨀𝜎$)
𝑑𝑖𝑎𝑔(𝛾"$⨀𝜎"⨀𝜎$) 𝑑𝑖𝑎𝑔(𝜎$6)

𝜸𝒊𝒋 ∈ (𝟎, 𝟏): positive correlated
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Spanning-tree approximations

𝑧$ 𝑧' 𝑧(

𝑥$ 𝑥' 𝑥(

/

… …
𝑧$ 𝑧' 𝑧(

𝑥$ 𝑥' 𝑥(
… …

𝑧$ 𝑧' 𝑧(

𝑥$ 𝑥' 𝑥(
… …

Graph driven Tree approximation Mean field

ℒ# =Q
"∈𝒱

𝐸1! log 𝑝! 𝑥" 𝑧" − 𝐾𝐿(𝑞0 𝑧" ||𝑝?(𝑧"))

= Q
(",$)∈ℰ

𝐾𝐿 𝑞0 𝑧", 𝑧$ ||𝑝? 𝑧", 𝑧$ − 𝐾𝐿 𝑞0 𝑧" ||𝑝? 𝑧" − 𝐾𝐿 𝑞0 𝑧$ ||𝑝? 𝑧$
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Extending to multiple trees

𝑥$

𝑥'

𝑥(

𝑥$

𝑥'

𝑥(

𝑥$

𝑥'

𝑥(

𝑥$

𝑥'

𝑥(

𝑝KD 𝑍 =
1
𝑀
Q
#∈#"

𝑝#(𝑍)

𝐺

𝑇* = {𝑇$, 𝑇', 𝑇(}

𝑇$

𝑇'

𝑇(

𝑞KD 𝑍 =
1
𝑀
Q
#∈#"

𝑞#(𝑍|𝑋)

SℒK# =
1
𝑀
ℒ#
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Details of modeling

Ø Variational Encoder 𝑞$ 𝑧%|𝑥%
n take single document as input, and outputs the mean and variance of 

Gaussian distribution [𝜇%; 𝜎%&] = 𝑓$(𝑥%).
Ø Correlation Encoder 

n take pairwise documents as input, and outputs the correlation coefficient 
𝛾%' = 𝑓$ 𝑥%, 𝑥' .

Ø Generative Decoder 𝑝( 𝑥%|𝑧%
n take the latent variable 𝑧% as input and output the document 𝑥%.
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Documents retrieval results

n Perform on three datasets consistently better than 
baselines in most experimental settings.
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Effects of correlated prior&posterior

n By taking the correlations into account in the prior and 
posterior, significant improvements of SNUH can be observed.

SNUH)*+

𝑆𝑁𝑈𝐻,-%.-

without considering 
correlation (independent)

only consider correlation 
in the prior
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Impact of the number of trees

n Compared to not using any correlation, one tree alone can 
bring significant performance gains.
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Case study
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Structured representation learning
• Expressive prior & posterior
• Combine with advances in GNNs
• Graphical models meet Deep Learning 

(GNN as message passing)

Looking forward

Thank you!


