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Introduction

Universal natural language understanding

e Universal natural language understanding is an (ambitiously named)
RCN-funded project on computational semantics
@ Four people involved:

Jamie Findlay (postdoc)

Dag Haug (PI)

Ahmet Yildirnm (programmer)
Saeedeh Salimifar (PhD fellow)
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Introduction

Formal and computational semantics

@ 30 years ago, computational semantics would just be formal
semantics implemented on a computer.

@ Now the fields have drifted apart and the connections are often
tangential.
@ So why care about combining the two?

e From the computational side, natural language inference is still an
unsolved problem and machine learned models are often wrong, or at
best right for the wrong reasons.

e From the linguistic side, we get the chance to study large-scale rule
systems and discover unexpected interactions.

@ Also, we discover how much we take for granted as input to the
semantics:

o detailed syntax trees/LFs complete with empty categories, coindexation
patterns, etc., etc.

e rich information about lexical items (particularly for function words)
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Introduction

Natural language inference

@ An in-demand NLP task: given a text, what follows?
e Especially important for question-answering systems.

(1) The high price of corn affected the profits.
= The price of corn is high.

@ Can be straightforward given an appropriate logical representation of
the premise:

(2)  price(x) A of (x,y) A corn(y) A high(x) A profit*(z) A
affect(e, x,z)...

@ But purely logical entailments are rare — we often need access to e.g.
lexical information (Bos & Markert, 2005).
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Introduction

Natural language inference

@ Modern computational approaches treat NLI as a classification
problem over sentence pairs, without explicit modelling of semantic
structure (e.g. Bowman et al. 2015; Jiang & de Marneffe 2019).

@ Results can be good, but seem often to rely on quirks of the datasets
to extract incorrect generalisations that are effective, but brittle and
easily misled (e.g. by passivisation: see McCoy et al. 2019)

— a combination of logical and statistical /neural methods

@ An interesting approach is to teach neural nets to produce DRSs (van
Noord et al., 2018).

@ Our approach is to use a shallow, machine-learned syntactic
representation, use rule-based methods to turn that into a DRS, and
then enrich the result using machine-learning again.
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Introduction

What you get from computational syntax

|

How do people look at and experience art ?
ADV AUX NOUN VERB ADP CCONJ VERB NOUN PUNCT
@ This is a shallow syntactic representation, which is hard to convert
into a meaningful semantics.

@ On the plus side, structures like this are available for 100+ languages
e via the Universal Dependencies project (Nivre et al., 2016, 2020).
e Enhanced Universal Dependencies add more semantically-relevant
information, but have their limitations (Findlay & Haug, 2021).

— interest in deriving semantic representations from UD structures,
ideally in a language-independent way.
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Introduction

A universal pipeline

@ For some languages there is detailed lexical information from

VerbNets, WordNets, FrameNets etc., but for others there isn't.

e So, for our universal pipeline, we postpone the use of lexical

information as long as possible.
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Target representations

Target representations

@ Our target representations for sentence meanings are DRSs.

@ In particular, we have chosen the format produce by Boxer (Bos,
2008) in the Parallel Meaning bank.

Findlay & Haug (UiO) UNLU Helgaker, 4 May 2022 8/34



From UD to DRT

PUNCT

\PUNCTS

How do people look at and experience art
ADV AUX NOUN VERB ADP CCONJ VERB NOUN PUNCT

Findlay & Haug (UiO) UNLU

el e2 *tl *t2 x1 x2 x3

(x3="7"
Manner(el, x3)
Manner(e2, x3)
manner.n.01(x3)
Time(el, t1)
Time(e2, t2)
person.n.01(x1)
Agent(el, x1)
Theme(el, x2)
look_at.v.02(el)
Experiencer(e2, x1)
Stimulus(e2, x2)
experience.v.02(e2)
art.n.01(x2)

(t2 = "now")
*time.n.08(t2)
(t1 = ‘now")

*time.n.08(t1)
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Challenges

@ Fundamental problems:
e We do not have meanings for the words.
e We do not know how to compose the words, since the tree is too flat.
@ Solution: We map the words to Glue Semantics entries (meaning
constructors), which consist of two things:
@ a meaning
e a type, which specifies how the meaning combines with others

X
(3) John ~~ AP. Name(x, John) + P(x): (e1 —o tp) —o tp

@ Right-hand side:

o the types of ordinary Montague grammar
e plus indices to keep track of what combines with what

In this case 1 is the index of John and 2 is the index of its scope point.
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How good does it get?

@ The entry from John is predictable from the POS-tag + the tree
topography (scope point is the root verb).

@ Similarly, we can provide reasonable entries for common nouns,
adjectives, verbs, manner adverbs.

@ They won't be detailed but also not worse than [[life] = life’.
@ The challenge lies in functional items and relations, and in
constructional aspects of meaning.

@ Two main approaches:

o limited use of lemma-specific meanings for closed-class “logic words”
(e.g. determiners, connectives etc.)

o pass on the problem to post-processing with machine learning (e.g. the
mapping from syntactic relations to semantic roles, multiword
expressions that are not annotated as such in UD)

@ Before we look at the details we need a little bit of Glue.
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What is Glue? (Background)

@ A theory of the syntax/semantics interface, originally developed for
LFG (Dalrymple et al., 1993, 1999), and now the de facto standard
there (Dalrymple et al., 2019, ch. 8.5).

o (See Findlay 2021, sec. 3 for a survey of approaches to meaning
representation in LFG.)

@ Also combined with other frameworks:

o HPSG (Asudeh & Crouch, 2002),
o LTAG (Frank & van Genabith, 2001), and
o Minimalism (Gotham, 2018).
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What is Glue? (Theory)

@ Expressions in some meaning language are paired with linear logic
formulae (Girard, 1987) as meaning constructors.

@ You can think of the linear logic as providing a categorial
grammar/Lambek calculus over meanings (ignoring word order).

@ Technically, semantic composition is linear logic deduction mediated
by the Curry-Howard isomorphism (Curry & Feys, 1958; Howard,
1980).

@ Linear logic deduction is a computationally well-understood process
(Hepple, 1996; Lev, 2007) with an efficient implementation (Messmer
& Zymla, 2018) that we have also contributed to.
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Introduction to Glue semantics

Scope ambiguity as an example

(4)  Someone sees everything.

@ Two interpretations:

@ There is someone who sees everything. (surface scope, 3 > V)
@ Everything is seen. (inverse scope, V > 3)

@ This if often seen as a syntactic ambiguity, but the dependency tree is
compatible with both interpretations because there is no VP
constituent:

Someone sees everything
@ Syntax constrains what combines with what, but doesn't determine it.
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Introduction to Glue semantics

What you need from syntax

LABEL | e &3 to
ASSIGNED TO | the subject argu- the object argu- the sentence as a
ment of sees ment of sees whole
someone everything
Y
Av. .| |see(u, v)] : e3 —o (e1 —o 1) type e—(e—t)
AQ.[x1 | person(x1)]; Q(x1) : (e1 —o 1) —o o type (e—t)—t
AP |[x1] ]= P(x1)]: (e3 —~ 1) — to type (e—t)—t
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Introduction to Glue semantics

@ An informal explanation:

o [sees] applies to e3, then applies to e;, to form t,.

o [someone] applies to (something that applies to e; to form t;) to form
tr.

o [everything] applies to (something that applies to e; to form t;) to
form t,.

@ There's more than one way to put [someone], [sees| and [everything]
together, while obeying these constraints, to form to.

@ The different ways:

o Give the different interpretations of (4).
e Correspond to different proofs from the same premises in linear logic.
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Introduction to Glue semantics

Surface scope interpretation

[sees] :
e3 —o (6‘1 —o tg) [Z : 6‘3]1
[sees](z) : e1 —o to [w: e]?
[everything] : [sees](z)(w) : t2 —op 1
(e3 —o 1) — 1y Az [sees]|(z)(w) : e3 —o tp . ’
[someone] : [everything](Az.[sees](z)(w)) : t2 —orn
(e1 o 1) —o 1y Aw.[everything](Az.[sees](z)(w)) : e1 — tn

[someone](Aw.[everything](Az.[sees](z)(w))) : ta

X1
person(xi)
X2

B

=

see(x1, x2)
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Introduction to Glue semantics

Inverse scope interpretation

[sees] :
[someone] : e3 o (e1 o B) [z:e3]t .
(e1 —o tp) —o 1y [sees|(z) : e1 —o t2
[everything] : [someone]([sees](z)) : ta o
(63 —otp) ot Az.[someone]([sees](z)) : e3 —o ta ’

[everything](Az.[someone]([sees](2))) : ta

X2
=| person(xz)
see(x2, x1)
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A worked example

A worked example

K (PuNCT)
RO @/
ADVMOD CONJ
X ( —\SF

How do people look at and experlence art
ADV AUX NOUN VERB ADP CCONJ VERB NOUN PUNCT

AVAE.VAE(([X], [(X = ‘?*), advmod(E, X)]) + F(E))) :

(xa —o xa)

AQAVAF (QAX.(VIAE.(([ 1, [nsubj(E, X)) + F(E)))) :
(((e3 == pa) —o pa) — (xa — x4))

AX.([ ], [person(X)]) :
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A worked example

How far did we get?

€1 € X1 X2 X3

person(xy)
art(xy)
look(er)
experience(e;)
at(er, x2)

(s ="7)
advmod(ey, x3)
nsubj(e1, x1)

Missing information

“look at” as MWE
purely syntactic roles

no time information

no roles for second conjunct

Findlay & Haug (UiO)
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el e2 *t1 *t2 x1 x2 x3

(x3="79
Manner(el, x3)
Manner(e2, x3)
manner.n.01(x3)
Time(el, t1)
Time(e2, t2)
person.n.01(x1)
Agent(el, x1)
Theme(el, x2)
look_at.v.02(el)
Experiencer(e2, x1)
Stimulus(el, x2)
experience.v.02(e2)
art.n.01(x2)

(t2 = 'now")
*time.n.08(t2)

(t1 = ‘now")
*time.n.08(t1)
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Using machine learning (ML)

@ Machine learning learns patterns from data

o Latest deep learning models enable us to train a model to obtain
DRT of a sentence

@ Training an ML model for this task is very similar to training an ML
model for machine translation (i.e. translating an English sentence to
Norwegian)

@ Doing this requires many examples of sentence-DRT pairs.

@ The model extract patterns from the pairs

@ When we use the model, we show the model a sentence and based on
the knowledge of previous examples in training, it produces a DRT for
the sentence
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A worked example

Using machine learning - Example

rlr2 r3rdr5r6 r7

how.n.01(r1)

SNEW REF bl REF rl

S0 Location @5 @0 bl Location 16 r1 how.n.01 ( r2)
$0 Name @0 2" bl Name rl "2"
S0 how "n.01" @0 b1 how "n.01" rl ( 9 ‘)
SNEW REF b2 REF 12 Name I‘]., :
S0 Location @5 @0 b2 Location r7 12 191
$0 Name @0 2" b2 Name 12 "2" Name ( r27 ? )
$0 how "n.01" @0 b2 how "n.01" 12 .
51 REF bl REF 13 LOCBtIOH(I’G, I‘].)
$-1 REF bl REF r4 L » 7
$-1 EQU @-1 "now" bl EQU 3 "now" oca lon( r r )

How do PCOP]g look at and ML Model $-1 EQU @0 "now" bl EQU r4 "now" ’

: —_ odel |—— ! RN _— .

experience art? $-1 Time @2 @-1 r : experlence,art.n.Ol(ﬂ)
S-1 time "n.08" @-1 Y
$-1 time "n.08" @0 08" 14
S0 Time @3 @0 b2 Time 17 14 look _at. V'Ol(r6)
S-1 REF bl REF 15 01
$-1 person "n.01" @0 bl person "n.01" 1S person.n. (r5)
$-1 REF bl REF 16
$-1 Agent @0 @-1 bl Agent 16 15 Agel‘lt'(l’G7 r5)
$-1 look_at "v.01" @0 bl look_at "V.01" 16 ) .
$-1 CONTINUATION $0 b1 CONTINUATION b2 (r3 = ‘now )
S0 REF b2 REF 17
$0 experience_art "n.01" @0 b2 experience_art "n.01" r7 ( r 4 — n OW‘ )

Time(r6, r3)
Time(r7,r4)
time.n.08(r3)
time.n.08(r4)
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rlr2r3rdr5r6r7

how.n.01(r1)
how.n.01(r2)
Name(rl1,'?")
Name(r2,?")
Location(r6, r1)
Location(r7, r2)
experience_art.n.01(r7)
look_at.v.01(r6)
person.n.01(r5)
Agent(r6, rb)
(r3 = "now")
(r4 = ‘now")
Time(r6, r3)
Time(r7, rd)
time.n.08(r3)
time.n.08(r4)

Findlay & Haug (UiO)

A worked example

UNLU

el e2 *t1 *t2 x1 x2 x3

(x3="7"
Manner(el, x3)
Manner(e2, x3)
manner.n.01(x3)
Time(el, t1)
Time(e2, t2)
person.n.01(x1)
Agent(el, x1)
Theme(el, x2)
look_at.v.02(el)
Experiencer(e2, x1)
Stimulus(el, x2)
experience.v.02(e2)
art.n.01(x2)

(t2 = 'now")
*time.n.08(t2)
(t1 = ‘now")

*time.n.08(t1)
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What's next in the rules system

@ We have basic coverage of adjuncts and arguments, including clausal
complementation and relativization

e Coordination is covered for the most important categories (nouns,
verbs, adjectives)

@ We now need to look at harder phenomena, including various sorts of
“constructions” given ad hoc analyses in UD

ellipsis

e resumption

e multiword expressions

o

@ Basic tense coverage should also be doable
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What the rules won't cover

X1 e

named(xi, Peter)
arrive(er)
theme(er, x1)

@ What kind of #-role is ‘nsubj’'?

e A syntactic name, lifted from the arc label.
o In and of itself, uninformative.

@ What we have in the DRS above is as much information as can be
extracted from the UD tree alone, without lexical knowledge.

@ The theoretical challenges do not lie in depth of analysis, but in
universality of coverage

@ To get further, we either need reliable lexical databases, or use ML to
learn patterns in the assignment of thematic roles

@ A similar approach would be useful to deal with e.g. presupposition
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How to combine with ML

how (x3="7)
@ Pointwise enrichment of advmod|(er, x3)
conditions? people perso.n(xl)
@ Or feed structured data into the look ;:;’:égf;’xl)
ML encoder—decode set up? and
@ But how to present hierarchical experience  experience(es)
data to neural nets? art art(xo)
at at(er, x2)
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Conclusions

@ NLI is a big unsolved problem in NLP, both for logic-based and
ML-based approaches

@ Our approach is primarily logic-based, but is based on a shallow
syntax which is available for more languages than e.g. CCG parsers
that previous logic-based approaches use

@ Interesting to see how wide coverage we can achieve in this setup

@ Interaction with ML definitely needed for post-processing
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