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Improving Performance of Relation 
Extraction Algorithm via Leveled Adversarial 
PCNN and Database Expansion (1)
• Expanding database for better relation extraction by expanding data. 
• PCNN + Database Expansion ----> to diminish wrong labels due to the 

incomplete/NA relation instances.
• We introduced the leveled adversarial attention neural networks (LATTADV-

ATT). 
• We introduce MDL-based database expansion to enlarge new instances using 

the most similar itemsets of the most common patterns of entity pairs. 
• The attention of selective sentences in PCNN is to reduce noisy sentences. 
• The use of adversarial perturbation training as a tool to improve the 

robustness of system performance. 



Improving Performance of Relation 
Extraction Algorithm via Leveled Adversarial 
PCNN and Database Expansion (2)

• There are two issues: 
• 1) rule generation in database expansion method; This is to find entity 

pair for generating instances, 
• 2) advanced improvement of the classifier by using leveled strategy 

relation extraction. 
• Experimental result has shown that the use of the database 

expansion is beneficial: P@100=0.842 (at no expansion), 
P@100=0.891 (at expansion factor k=7).



Contributions

• To demonstrate the use of database expansion through MDL based 
semantic identification as a novel preprocessing technique in relation 
extraction task;

• To propose LATTADV, a novel independent deep learning framework 
for relation extraction classifier. 

• By independent means that the model also can be implemented on 
any classification tasks.



Methodology

•Given a dataset of text sentences with entity 
pair, X = {x1, x2,…,xn}, and given R is relation 
labels, our model measures the probability 
of each relation r, where r∈R.



Hypotheses

• Our hypotheses are: 

• 1) The MDL database expansion is beneficial to improve the classifier 
system performance. 

• Preliminary Facts: the MDL can capture very well most frequent 
itemsets.

• The merged results must meet the grammatical/semantic rules. 

• 2) The use of leveled sytrategy is beneficial to improve the 
performance of a classifier



Preprocessing: 
The MDL Database Expansion Method

• Pre-trained words learned from the New York Times (NYT) corpus 2005-2006. 
• The entities of the dataset were annotated with Stanford NER 

(https://nlp.stanford.edu/software/CRF-NER.html) and linked to Freebase 
(www.freebase.com). 

• As the initial embedding words were obtained using word2vec 
(https://code.google.com/archive/p/word2vec/).

Fig. 1. Overview schema of the leveled adversarial PCNN relation extraction system with database expansion



Preprocessing: 
The MDL Database Expansion Method (2)

Fig. 2. How KRIMP works 

 The goal of MDL is to find CT that minimizes the compressed MDL size of the 
database: 

                        L(D, CT) = L(D|CT) + L(CT|D)                 (1)



Preprocessing: 
The MDL Database Expansion Method (3)
• Consider a set of patterns in CT, the expanded pattern generated from k-

topmost similar itemsets defined by:

•                                                                                                                              (2)

• Where  and  ∆ denotes text similarity technique, e.g., cosine similarity or 
Jaccard similarity. The l denotes the number of tuples in CT. 
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Preprocessing: 
The MDL Database Expansion Method (4)

• There are three kinds of situations about frequent itemsets that KRIMP generates from a 
sentence:

• Ideal: The ideal itemset of Fi* is a situation where an itemset (a collection of essential 
keywords of a sentence) has an entity pair inside. If the situation found, the itemset is 
appended to the database to expand the existing data.

• Half ideal: Another situation is the half ideal itemset. This kind of situation is when a pair 
of entities is found only a half in Fi*, thus creating an incomplete pair. This situation 
needs an expansion process of k-topmost similar pattern generation until Fi* has at least 
one entity pair inside. If there is no entity pair found in Fi* after the combination of k-
topmost similar itemset, then Fi* is skipped away, and the base itemset is set up with the 
next item set.

• Not ideal: This is the situation when no entity found in the itemset. We skip this type of 
itemset since the expansion method never uses a not ideal code as a base itemset. 



Preprocessing: 
The MDL Database Expansion Method (5)



Preprocessing: 
The MDL Database Expansion Method (6)
• In our research, the expansion process focus on three entities: PERSON, LOCATION, 

and ORGANIZATION. After detecting the availability of the three entities in an 
itemset in CT (or in a sentence), the possible semantic relations are as follow:

• • "/business/company/location": when an entity of ORGANIZATION and entity of 
LOCATION found in the same sentence. The newly generated instance has a 
pattern of "X has location Y." Where X is an ORGANIZATION entity, Y is a LOCATION 
entity.

• • "/people/person/place_lived": when an entity of PERSON and entity of 
LOCATION found in the same sentence. The newly generated instance has a 
pattern of "X has location Y." Where X is a PERSON entity, Y is a LOCATION entity.

• • "/business/person/company": when an entity of PERSON and entity of 
ORGANIZATION found in the same sentence. The newly generated instance has a 
pattern of "X has organization Y." Where X is a PERSON entity, Y is an 
ORGANIZATION entity.



An Example of Database Expansion



The Proposed 
Classifier (PCNN 
LATTADV-ATT) Model



The Proposed Classifier (PCNN LATTADV-ATT) 
Model (2)
• Selective attention (ATT): When distributed 

vector representations of X learned, ATT 
only gives attention to sentence sr that 
sincerely express relation r through 
computing the weighted average of 
sentences s1, s2, ..., sn, with sr defined as: 

                                                                             (3) 
• The softmax function is used to compute 

the embedding vector of the query vector 
qr. The αr denotes the attention weights 
with relation r, αr=softmax(tanh(si)⊤ qr)), 
see [4]. ATT de-emphasizes noisy sentence. 
ATT helps to avoid massive false labeling 
during training ⊤ q(r) and testing. Final loss 
function for ATT[15]:

                                                              (4)
• The θ denotes parameters, and the K 

denotes the total number of predefined 
relation labels r. The conditional probability 
of relation: 

         P(r|x,θ)=softmax(Asr + b)           (5)
• Where A denotes a weighted diagonal 

representation matrix of relations, sr 
denotes attended sentence, and b denotes 
a bias vector.
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The Proposed Classifier (PCNN LATTADV-ATT) 
Model (3)
•  Adversarial training (ADV): Adversarial training first introduced in [2]. In ADV, a small 

amount of perturbation, eadv, is added on word embedding after that adversarial 
training computes the gradient direction of a loss function with aims to maintain 
closeness and linearity to input data (viz. by linearizing loss function near the input X). 
Given word embedding of all the words in X called as V, V = {v1, v2, ..., vn}, ADV adds 
eadv to V. The final loss function for ATT-ADV is defined as follows [15]: 

                                                      LATT-ADV(X,θ)=LATT(X+eadv,θ)                                                 (6)
where: 
                                                                      eadv=ϵg/||g||                                                             (7)
and 
                                                                                                                                                              (8)
The θ denotes all parameters. The ||g|| denotes the norm of gradients over all the words 
from all the sentences in X.
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Experiments
Parameter settings: 
• sentence embedding size 230, 
• position embedding dimension 5, 
• word embedding size 50, 
• sliding window size 3, 
• maximum of training epochs 60, 
• learning rate 0.5, 
• batch size 160, 
• dropout rate 0.5, 
• weight decay 0.00001, and 
• maximum of relations 53.   



Experiments (2)



Experiments (3)



Experiments (4)



Experiments (5)



Experiments (6)

• Fig. 7.Precision-Recall of LATTADV-ATT with expansion factor (k=7) 



Effect of Number of Relations in Database 
Expansion

• A careful step of expansion factor k can have a significant effect on 
the improvement of the relation extraction system. 

• Larger k means a more quantity of relations generated in the 
expanded database (Table I). 

• Test carefully. To obtain better performance, we must test first the 
appropriate k value carefully because the generated merging itemsets 
of CT (the F*) may too far away in meaning from the original 
sentences meaning if the k is too big. 

• The best improvement is achieved using LATTADV-ATT with Jaccard 
similarity expansion at k=7 (Table III and Fig. 7).  



Effect of The Deep Learning Strategy Setup 
and The Similarity Metric Used
• Compared to PCNN ATT-ADV as the best baseline of state-of-the-art methods 

used, the percentages of the LATTADV-ATT Jaccard k=7 improvement are as 
follows: AUC=2.43%, maximum of F1=2.94%, P@100=3.48%, P@200=0.64%, 
P@300=2.25%, mean of precisions=2.12%. 

• Also, when compared to the attention network without expansion (PCNN ATT 
k=0), the percentages of the LATTADV-ATT Jaccard k=7 improvement are as 
follows: AUC=5.76%, maximum of F1=1.56%, P@100=18.33%, P@200=8.95%, 
P@300=6.49%, mean of precisions=11.44%. 

• The use of the database expansion can improve the relation extraction 
system’s performance. 

• Cosine or Jaccard similarity can be used substitutive.



Conclusions

• 1) The MDL database expansion is beneficial to improve the 
performance of the classifier model. 

This ability is because the minimum description length-based algorithm 
can sharply capture associations, and the semantic understanding of 
entity pair helps in generate new expansion sentences. 

• 2) The leveled network with attention and adversarial training 
strategy in the proposed strategy is beneficial to improve the 
performance of the PCNN-based relation extraction classifier.
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