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Knowledge Graph-to-Text Model Based on Dynamic Memory and Two-layer Reconstruction
Reinforcement
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1 School of Computer and Software, Nanjing University of Information Science and Technology,Nanjing 210044 ,China

2 School of Artificial Intelligence(School of Future Technology) , Nanjing University of Information Science and Technology,Nanjing 210044,
China

Abstract Knowledge Graph-to-Text is a new task in the field of knowledge graph,which aims to transform knowledge graph into
readable text describing these knowledge. With the deepening of research in recent years,the generation technology of Graph-to-
Text has been applied to the fields of product review generation,recommendation explanation generation, paper abstract genera-
tion and so on. The translation model in the existing methods adopts the method of first-plan-then-realization, which fails to dy-
namically adjust the planning according to the generated text and does not track the static content planning, resulting in incohe-
rent semantics before and after the text. In order to improve the semantic coherence of generated text,a Graph-to-Text model
based on dynamic memory and two-layer reconstruction enhancement is proposed in this paper. Through three stages of static
content planning, dynamic content planning and two-layer reconstruction mechanism, this model makes up for the structural
difference between knowledge graph and text,focusing on the content of each triple while generating text. Compared with exis-
ting generation models, this model not only compensates for the structural differences between knowledge graphs and texts, but
also improves the ability to locate key entities, resulting in stronger factual consistency and semantics in the generated texts. In
this paper,experiments are conducted on the WebNLG dataset. The results show that,compared with the current exis-ting models
in the task of Graph-to-Text,the proposed model generates more accurate content planning. The logic between the sentences of
the generated text is more reasonable and the correlation is stronger. The proposed model outperforms existing methods on me-

trics such as BLEU,METEOR,ROUGE,CHRF+ + , etc.
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Triples:
<Alan_Bean | birthDate | 1932-03-15>
<Alan_Bean | was a crew member of | Apollo_12>

<Alan_Bean | birthPlace | Wheeler, Texas>
<Alan_Bean | status | Retired>

Knowledge Graph:

1932-03-15 Retired

status
birthDate /

Apollo_12 -Yas a crew Alan  birthPlace [ Wheeler
~  memberof  Bean Texas

Reference:
Alan Bean, who was part of Apollo 12, was born in Wheeler, Texas on
March 15th, 1932 and is now retired.

BT BRI S A A oA
Fig. 1 Example of data:knowledge graph and its description text
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Table 1 Experimental parameter setting
i A
A # Adam
Learning_rate 0.0005
Hidden_dim 256
Embedding_dim 256
Max_dec_step 59
Vocab_size 5301
Batch_size 20
Decoder_layer 3
A gsemn 0.5
A 1/6
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Table 2 Ablation results
Ablation BLEU/%  METEOR/% ROUGE-1/% ROUGE-L/% CHRF+-+/% CTERYy
LSTM-Seq2Seq 52.48 37.16 64. 31 61.07 58.16 0.6249
+Memory Shift 58. 87 41.73 66.59 66.99 68.47 0.4247
+Recl 59. 60 45.42 71.99 72.85 73.49 0.4197
-+ Coverage 62.33 45.95 73.82 74.38 74.35 0.4500
~+ Supervised_copy 64.27 43.47 67.63 67.61 70.05 0.4084
-+ Coverage+ Supervised_copy 65. 48 44,37 69.22 69.13 73.86 0.4057
+Rec2 65.07 46. 84 74.07 74.84 78.69 0.3940
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Table 3 Generation performance comparisons of different methods

Model BLEU/% METEOR/% ROUGE-1/% ROUGE-L/% CHRF++/% CTERY Paramaters
GMP 55.84 40.78 66.79 66.07 66.99 0.4746 8.59>106
CGW-LW 61.82 414.03 68.10 65.45 75.31 0.4462 10.50x 108
KGPT 63.21 46.70 71.73 74.58 74.98 0.3948 177.32% 106
T5 gmall 63.55 45.69 72.32 74.33 78.22 0.3856 60, 49> 106
Bartp.. 63. 38 14.68 71.99 73.74 76. 30 0.3944 139, 42%10°
Ours 65. 07 46. 84 74.07 74.84 78.69 0.3940 17.47x108

WA LRI 25 R BRI R 45 R ISR 4 791 J8 45 5 4. 2
WIS A B 7 N ALK AR AR — B, X A S B Y e i

D https://github. com/Nicoleqwerty/RDF-to-Text
2 https://github. com/UKPLab/kg2text

XAH FEIE S )5 5 and, whose 5L X 43 S 44, Of 8
i /N AR S K A ST RS, R R EE B =S4l Y

3 https://github. com/wenhuchen/KGPT
Y https://github. com/UKPLab/plms-graph2text
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Table 4 Content plan performance comparisons of different methods

Model BLEU Accuracy CcO
GMP 34. 24 38. 27 0.678 5
CGW-LW 60. 65 64.59 0.6817
KGPT 55.59 55.37 0.5649
TS mall 18.61 19. 05 0.4864
Barty,ge 48.06 49. 30 0.5005
Ours 65. 14 59.57 0.7175
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Operated by the Port Authority of New York and New Jersey , Atlantic City International Airport is 23 metres above sea level . It has

the runway name 4/22 and the runway length , 3048.0.
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The Port Authority of New York and New Jersey is the operating organisation of Atlantic City International Airport which is 23

metres above sea level. The runway name is 4/22 and has a length of 3048.0.
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Fig. 7 Generation comparison analysis
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