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[...] you can get away with incomplete semantics when you are
doing parsing, but when you're doing generation, you have to specify
everything in semantics. And we don't know how to do that. At
least we don't know how to do that completely or properly.

Mark Steedman

ACL lifetime archievement award lecture (vimeo.com/288152682)
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Several NLG Tasks



Example 1: Question generation

® X. Du, J. Shao and C. Cardie. Learning to Ask: Neural Question

Generation for Reading Comprehension.

s

~
Sentence:
Oxygen is used in cellular respiration and re-
leased by photosynthesis, which uses the en-
ergy of sunlight to produce oxygen from water.
Questions:
— What life process produces oxygen in the
presence of light?

photosynthesis
— Photosynthesis uses which energy to form
oxygen from water?

sunlight
— From what does photosynthesis get oxygen?

water

J
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Example 2: Knowledge graph to string generation

o R. Koncel-Kedziorski, D. Bekal, Y. Luan, M. Lapata, and H. Hajishirzi.

Text Generation from Knowledge Graphs with Graph Transformers.

Title: Event Detection with Conditional Random Fields

Abstract Graph

We present a CRF Model
for Event Detection.

used-for

Event Detection

CRF Model

: We evaluate this model__:
: on SemEval 2010 Task 11 )

evaluaté—far

. Our Model outperforms
. HMM models by 15% on HMM Models

comparison wis data. SemEval 2011

evaluate-for Task 11
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a type of chemistry, especially in the Middle Ages, that dealt with trying
to find a way to change ordinary metals into gold and with trying to find
a medicine that would cure any disease

https://dictionary.cambridge.org

3 of 15


https://dictionary.cambridge.org

Surface realisation

Meaning

ARGZ

MTf )

wants the  girl to believe him

I
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The task
Map meaning representations to sentences.
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A very brief history
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Based on symbolic system:

® Theoretical: modeling syntax—semantics correspondence

® Empirical: building comprehensive rules, improving efficiency. . .
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Semantic relation to syntactic relation

_becuase_x

ARG2 ARG1

N N -
~

4

(the.DAT) dem Kind\‘\\ AN
- (the.Acc) das Buch

N

(the.NOM) der Mann
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Semantic relation to syntactic construction
The Principle of Compositionality
The meaning of an expression is a function of the meanings of
its parts and of the way they are syntactically combined.
B. Partee
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Parsing a Semantic Graph



Recursively decompose a graph

BV ARG, ARG2 ARG2 BV

e ,want,v,l) (J:lppleJLl)
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Recursively decompose a graph
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Recursively decompose a graph
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Graph parsing with an HRG

A dynamic programming algorithm [7]
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Graph-to-tree parsing

0-06
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Scoring a derivation tree step-by-step

: ' | Parsing Semantic Graphs

m \2 * m ar|
Sme| ™ [boy €0 2 Nwert  arg max SCORE(T)

argl\ /argl TET(G)

Some boys want
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The Constructivist Hypothesis



Locality as terminal edge—adjacency

The Principle of Adjacency [32]

Combinatory rules may only apply to finitely many phonologically
realized and string-adjacent entities.

A graph-based view of string-adjacency

next next mnext next next

] The ‘boy ‘real/y ‘seems ‘ to [care

0 NP ®next® VP o
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Locality as terminal edge—adjacency

The Principle of Adjacency [32]

Combinatory rules may only apply to finitely many phonologically
realized and string-adjacent entities.

A graph-based view of string-adjacency
next next mnext next next
] The ‘ boi/\l real7y\\‘ seems ‘ to [ care

NP[ hnext f\ ]VP
(1] 4]

co-recognizable
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Locality as terminal edge—adjacency

In a to-be-recognized subgraph which consists of only terminal edges, if

one node is identified in an input graph, the possible positions of the other
nodes are highly restricted.

Example

Shadowed areas mean subgraphs which consists of only terminal edges. If
(@) is identified, then the cost to recognize (5) @ @ is highly restricted.
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Distributed Argument-Structure

Lexicalized Grammar Construction Grammar
m arg © argl argle ) ’—»’—» argl a'gle — -
reallyy, seem  care apv/ \VRP reallyV  seem! careV Gl 4 (1)
X ] ADV; VRPY
] ]
o[- =69 o
seem}  cars A e seemV  care¥ 050
vy ey
? Ee
) avgle m? arg’le ie? argalg £ seom sy

Lexicalism vs. Constructivism

® | exicalist approaches were dominant in theoretical linguistics.

® | exicalist approaches are dominant in computational linguistics: HPSG,
LFG, CCG, ...

® HRG-based parsing (as a derivational model) favors the constructivist
approach. Parsing a graph can be as fast as parsing a string.

® Roughly speaking, we lexicalise concepts and constructionalise relations

of concepts.
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Small Clause



Small Clause

exciting S
/\
want NP VP
\ _
PRP VP VP

she wants things to be exciting
she wants things to be exciting

exciting e ‘ v
want PI‘?P VP\/VP
NP VP
- =
S
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