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Overview 

Neural models have become successful at producing abstractive summaries that are 
human-readable and fluent. However, these models have two critical shortcomings:
1. They often don’t respect the facts that are either included in the source article or are 

known to humans as commonsense knowledge. 
2. They don’t produce coherent summaries when the source article is long. 

Contributions:

1. We incorporate entity-level knowledge from the Wikidata knowledge graph into the 
encoder-decoder architecture. This makes our model more fact-aware. 

2. We utilize the ideas used in Transformer-XL language model in our architecture. 
This gives us coherent summaries even for long articles.

We sample part of Wikidata that has >5M entities, 25K relationship triples. We learn 
entity embeddings for these entities through TransE by Bordes et al. [NeurIPS’13], 
similar to ERNIE [ACL’19]. We minimize a margin-based ranking criterion over the 
entity and relationship set as in the following:

Transformers have fixed-length context, which results in bad performance for long 
text. These fixed-length context segments do not respect sentence boundaries, 
resulting context fragmentation. Transformer-XL:
1. Introduces the notion of recurrence into a self-attention-based model by reusing 

hidden states from previous segments.
2. Introduces the idea of relative positional encoding.
Transformer-XL learns dependency that is about 80% longer than RNNs and 450% 
longer than vanilla Transformers!
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Quantitative Results

Encoder-Decoder Architecture for Transformer-XL

Baseline model makes several factual errors based on our manual fact-checking: 
1. Neither McClaren nor Paul Clement was 42 years old at the time.
2. Neither McClaren nor Paul Clement worked as a Manchester United boss. 
On the other hand, our model respects the facts through incorporating world 
knowledge from Wikidata. Again, based on our fact checking, we find: 
1. Clement was working in Real Madrid before he was appointed the manager of 

Derby County. 
2. Although "England boss" is too broad, he did work at Chelsea 2009-2011.

Quantitative Example

Figure 1. Our model architecture. PE stands for positional encoding. Single encoder and decoder 
layers are shown in parenthesis. In multi-layer architectures, layers in curly brackets are stacked.

Table 1. Results on CNN/Daily Mail dataset. R used as an abbreviation for ROUGE.

Table 2. Results on CNN/Daily Mail dataset with high density entities. R used as an abbreviation 
for ROUGE. >50 ent denotes the slice of test data that has more than 50 entities in the source 
article.

Figure 2. Comparison of the transformer baseline output and the output of our proposed model. 
Ground truth summary is sampled from the CNN/Daily Mail summarization corpus. Baseline 
model makes factual errors, while our model respects the facts through incorporating entity-level 
knowledge from Wikidata knowledge graph.


