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NLG: Many Inputs, Many Goals
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Generating from Data
The NLG Pipeline
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Grammar Statistical modules
Language models 

To choose between comparable .blue[intermediate results] 
the black cat/the cat black

Hypertaggers 
To prune the .blue[initial search space]

Rankers 
To determine the .blue[best output]

Generating from Meaning Representations
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Generating from Text
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Neural NLG
A Single UnifyingFramework

9 / 54



SSW10 Vienna

Adapting the Encoder-Decoder Framework to the various
NLG Tasks

Encoding

Training Data
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Encoding Modelling Graph-Structured Input
Graphs rather than sequence

Local + Global Encoding

Scaling
Encoding Large Quantities of Text

Generalising
Delexicalisation
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Encoding
Modelling Graph-Structured Input (MR)
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Generation from AMR 2017 Challenge
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Generating from Sets of RDF Triples
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Graph Structure as a Sequence

Early approaches to MR- or Data-to-Text generation encode the input structure as a sequence.

15 / 54



SSW10 Vienna

Problems with Graph Linearization
Local dependencies available in the input turned into longrange dependencies

RNNs often have trouble modeling longrange dependencies
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(Damonte and Cohen, 2019): Graph Convolutional
Networks

(Song et al., 2018): Graph LSTM

(Becker et al., 2018): GRU LSTM

NLG with Graph Encoders
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Dual Top-Down and Bottom-Up Graph Encoding
Ribeiro, Gardent, Gurevitch (EMNLP 2019)
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Cao & Clark 2019

Delexicalisation
Added Syntactic Information

Damonte et al. 2019

Delexicalisation

Results
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Semantic Adequacy
Does the reference entails the generated sentence and vice versa ?
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Human Evaluation
Semantic adequacy and readability
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Encoding
Combining Local and Global Information
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Local
Node Embeddings ( ,  )

Label embedding ( )

Global
biLSTM Encoding of the whole graph

Local + Global Encoding of AMR nodes
Ribeiro, Gardent, Gurevych (EMNLP 2019)

h  t h  b

h  l
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Unordered, Lemmatized Dependency Tree  Sentence
 

⇒
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Unordered, Lemmatized Dependency Tree  Sentence
Puzikov, Gardent, Dagan, Gurevych (INLG 2019)

⇒

25 / 54



SSW10 Vienna

Local
Dense feature representations of the two nodes

Head node, Child node

Global
All nodes of the subtree dominated by the head node

Weighted sum of their feature representations

Local + Global Encoding of Dependency Tree Nodes
Puzikov, Gardent, Dagan, Gurevych (INLG 2019)
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Encoding at Scale
Graph Encoding of Text
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Encoding Large
Quantities of
Text

Question-Answering on Free Form Web Text
ELI5 Dataset

Query = NL question

TASK: Generate answer from question + web text (200K words)

Multi-Document Summarisation
Wikisum Dataset

Query = WKP article title

TASK: Generate lead paragraph from title + web text (200K words)
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How to encode 200K words and generate from it ?
Previous Work

TFIDFbased information extraction

Limits the input information to a few thousand words

Knowledge Graphs
Convert text to a graph

Scales to 200K words
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Non Neural Graph Encoding of Text: 200K  10K Tokens
Q: Explain the theory of relativity

 

⇒
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Constructing the Knowledge Graph

33 / 54



SSW10 Vienna

Rich Node Embeddings
 
 

34 / 54



SSW10 Vienna

35 / 54



SSW10 Vienna

The input is reduced by an order of magnitude

The TFIDF Extraction from (Fan et al., 2019) is missing 38% of tokens.

The graph constructed on all 100 web search results is only missing 8.7% of tokens, but has around 10K words.
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Eli5 WikiSum

 

Results
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Encoding
Delexicalisation
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Unordered, Lemmatized Dependency Tree  Sentence
 

⇒
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Intuition
Word ordering mainly depends on syntax
E.g., in English, the subject generally precedes the verb

Abstracts away from specific words

Reduces data sparsity

Permits handling rare/unknown words
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Linearised, Delexicalised Tree
id1:verb:root:0 id2:noun:obj:1 id3:det:det:2 J
id4:pnoun:nsubj

Target Delexicalised Sequence
id4:pnoun:nsubj id1:verb:root:0 id3:det:det:2 J
id2:noun:obj:1

Output
John eat the apple

Delexicalising
Shimorina, Gardent (EMNLP 2019)

42 / 54



SSW10 Vienna

Results

BLEU score on lemmatised data

Mean and Standard Deviation on 3 runs

All results are statistically significant ( )

Baseline 
Lexicalised Input

p < 0.05
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Factored, S2S Model with Attention

Concatenation of 18 embeddings

Each embedding represent a feature type (POS tag,
gender, number etc.)

AMRs  Sentence
Colin, Gardent (INLG 2019)

⇒
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BLEU score on lemmatised data

Baseline: Lexicalised Input

Recall (CR) and F1 on function words 
How well does the model reconstruct function words ?

Results
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Data
Better Data
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Word Ordering Convert input dependency into binary tree

Use MultiLayer Perceptron to

predict the relative order of head and child node
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Training Example
("like","I","left")

Position of Child wrt Head

Added Training Example
("I","like","right")

Position of Head wrt Child
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Results
Dual Head/Child, Child/Head encoding improves performance
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Data
More Data
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Results

Additional Training Data

200K Gigaword sentences parsed with JAMR (Flanigan et al., 2016)

Pretraining and Finetuning

After each epoch of pretraining on the Gigaword data, the model is fine tuned on the LDC2015E86 dataset
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Further Key
Issues

Multilingual Generation

Surface Realisation Shared Task (10 languages, MR2T)

From data and text ?

Interpretability

Modular Approaches

Generalising vs. Memorising

Better test sets
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Further Key
Issues

Multilingual Generation

Surface Realisation Shared Task (10 languages, MR2T)

From data and text ?

Interpretability

Modular Approaches

Generalising vs. Memorising

Better test sets

NLG and Speech Synthesis

Joint models ?
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Questions ?
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