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Announcement

* Essay 5 for grad students posted.

* Lillian Lee, “Fast Context-Free Grammar Parsing Requires Fast
Boolean Matrix Multiplication,” JACM, 49(1), 2002, 1-15.

* Due date: noon, Friday 29 November 2024.



Statistics and Parsing

* Statistical resolution of PP attachment ambiguities
* Statistical parsing
* Unsupervised parsing



Ambiguity

Recall lecture 6:
* Lexical Ambiguity
* The lawyer walked to the bar and addressed the jury.
* The lawyer walked to the bar and ordered a beer.
* Syntactic Ambiguity
* Nadia saw the cop with the binoculars.
* Semantic Ambiguity
* Everyone here speaks two languages.
* Pragmatic Ambiguity
* Nadia: Do you know who’s going to the party?



Ambiguity

* When all the readings make sense:
* Develop a way to represent them all.
* Quantifier Scope.

* When only some (typically one) reading makes sense:
* Find a way to identify it.



Quantifier Scope Ambiguity
* A3: “Every student takes a course”

* How many readings does this sentence have?

* Every student takes a course. Gerald takes CSC401, Frank takes
CSC485 and Jinman takes CSC311.

* Every student takes a course. The course is CSC485.

* How to represent the two readings?



Formal Semantics

Compositionality:

* The meaning of a complex expression is determined by the
meanings of its parts and the way they are combined.

* Example: “The goalie kicked the ball” > combine meanings of
“goalie,” “kick,” and “ball.”
 INnTRALE: (.. sem:goalie, ..).

* We can represent the meaning of sentences in their logic forms.



Logical Form

Frank screams
Scream(Frank)

The goalie kicked the ball
dx. Jy. ( Goalie(x) A Ball(y) A Kicked(x,y) )

* Predicates: Represent properties or relations (e.g., Loves(x, y)).
* Arguments: Entities participating in the relations (e.g., John, Mary).
* Quantifiers: Express quantities (e.g., every, exists).

* Connectives: Logical operations (e.g., AND (A), OR (V), NOT (7)).



* Every student takes a course. Gerald takes CSC401, Frank takes
CSC485 and Jinman takes CSC311.

Vx.(student(x) = 3y.(course(y) A take(x, y)))

* Every student takes a course. The course is CSC485.
Jy.(course(y) A Vx.(student(x) = take(x, y)))



* Every student takes a course. Gerald takes CSC401, Frank takes
CSC485 and Jinman takes CSC311.

VX.(student(x) = 3y.(course(y) A take(x, y)))
* Every student takes a course. The course is CSC485.
Jy.(course(y) A Vx.(student(x) = take(x, y)))
* Every professor takes a course.
VXx.(professor(x) = 3y.(course(y) A take(x, y)))
Jy.(course(y) A Vx.(professor(x) = take(x, y)))
* Every student eats a cookie.
Jy.(cookie(y) A Vx.(student(x) = eat(x, y)))
VXx.(student(x) = 3y.(cookie(y) A eat(x, y)))

10



ZGerald takes CSC401, Frank takes
311.

* Every student takes a course. The course is CSC485.
Jy. (course(y) Vx.(student(x) = take(x, y)))

\_,\,\/‘
ssor take

urse. =
W professor(x)

y.(course(y) A take(x, y)))
Jy. (course(y) ssor(x) = take(x, y)))

* Every stud

X.(student(x) :@(cookie(y)@eat(x, vy)))
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Beta Reduction

* Solution: Represent every constituent with a function.

def f(x):
return 2 * x

£(3)

(lambda x: x*2)(3)

Result: 6
Result: 6

* Do this with logical form?

(lambda x: 'scream(' + x + ")')('Frank")

'scream(Frank)"’




Beta Reduction

* Solution: Represent every constituent with a function.
* Frank screams: scream(Frank)

e Frank:
* Frank

e Screams:
* AX. scream(Xx)

* Frank screams:
* (AX. scream(x))(Frank) = scream(Frank)

13



Beta Reduction

* Afunction’s input can also be a function.

(AF.Yy.F(y))(Ax.f(x))
S Yy (Ax.f(x))(y)
g Vy.f(y)

(lambda f: f(3))(lambda x: x**2)

14



Beta Reduction: A3 Example

* Understanding the sentence as we parse it.

* Every student takes a course.
vx. (hacker(x) =3y.(language(y) A speak(x, y)))

* Every student S
Vx.(hacker(x) = y.(language(y) A speak(x,y)))

AP.Vx. (student(x) = P(x))
* takes a course /\
Az.3y.(course(y) A take(z, y)) NP VP

AP .Nx.(student(x) = P(x)) Az.dy.(course(y) A take(z,y))

every student takes a course

15



Beta Reduction: A3 Example

* Every student
AP.Vx.(student(x) = P(x))

e takes a course
Az.3y.(course(y) A take(z, y))

AP.Vx.(student(x) = P(x))(Az.dy.(course(y) A take(z,y)))
&3 Vx.(student(x) = Az.dy.(course(y) A take(z,y))(x))
&3 Vx.(student(x) = dy.(course(y) A take(x,y)))



Quantifier Storage

CSC485 and Jinman takes CSC311.

* Every student takes a course. Gerald takes CSC401, Frank takes
VXx.(student(x) = 3y.(course(y) A take(x, y)))/

* Every student takes a course. The course is CSC485.
Jy.(course(y) A Vx.(student(x) = take(x, y)))

* How to get the second reading?

17



Q ua ntifi er Sto Fa ge Retrive the quantifier

scope at

(2) the parsing of S

S (2)
LF: Vx.student(x) = take(x, z)
QSTORE: (z; AG.3y.(course(y) A G(y)))

VP
NP
LF: AP.Vx.(student(x) = P(x))
QSTORE: () v
| NP (1)
every student takes LF: AF.F(2)

QSTORE: <z; AG.dy.(course(y) A G(y)))

Store the quantifier a course

scope at
(1) the parsing of NP

18



Quantifier Storage

* Storage at (1) NP NLZ(:%)
LF QSTORE QSTORE:?
S
1. AG.dy.(course(y) A G(y)) () Q \
2. AF.F(z2) (z; AG.Jy.(course(y) A G(y))) ‘,L course

1. Replace LF of the NP at (1) with a placeholder AF.F(z)
2. Store the actual LF and the free variable z in gstore

* Retrieval at (2) S

LF QSTORE
S(2) Vx.hacker(x) = speak(x, z) (z; AG.3y.(language(y) A G(y)))
1. Az.Vx.hacker(x) = speak(x, z) (z; AG.3y.(language(y) A G(y)))
5 (AG.Jy.(language(y) A G(y))) y
(Az.Vx.hacker(x) = speak(x, z))
3.  dy.(language(y) A Vx.(hacker(x) = speak(x, y))) ()

1. We construct a function Az.Lg, where L is the current LF, and z is the variable paired in the gstore entry.

2. Then, we apply this function to the LF from the gstore entry.
3. Finally, we beta normalise. Using beta normalisation, we obtain the second reading of the sentence.

19



Quiz 11

* Complete this beta reduction.

(AfAz.(f(2)) (2 + 1)) (Ay.A2.y7)(2)



Ambiguity

* When all the readings make sense:
* Develop a way to represent them all.
* Quantifier Scope.

* When only some (typically one) reading makes sense:
* Find a way to identify it.

21



Statistical PP attachment methods

* A classification problem.

* Input: verb, noun,, preposition, noun,
Output: V-attach or N-attach
* Example:

Examined the raw|materials|with| the|optical microscope.

v n p n2
* Does not cover all PP problems.



Hindle & Rooth 1993: Input

 Corpus: Partially parsed news text.

* “Partially parsed”:
* Automatic.
* Many attachment decisions punted.
* A collection of parse fragments for each sentence.

23



The radical changes in export and customs requlations evidently are aimed at remedying an extreme shortage of consumer

coods in the Soviet Union and assuaging citizens angry over the scarcity of such basic items as soap and windshield wipers.

5
!
i | | ? 7 1
NP AUX o
? CONIP
\ !_l_\ r——'——| —
Ik
Dﬁlﬂ."l" HH:"LR FP TNS “u’P]li'.ES "I-"PITRT NlP PREP NP PREP CONJ LP
The 1__ ! | | evidently are aimed pro+ | | ) ’—k—l 1
ADJ  NPL PREPNP st VP B DART NMR and - VE
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radical changes in NBAR VING NP the PhP ‘\’ING NP
| |
N NPL remedying | | | a.bsua.g;lng WBAR
IART NBAR P FNF PNF
regulations | | | | | NPL
N CONJ NPL an | | | | Soviet Union |
| ] | ADT N  PREPNP citizens
export and customs | | | |
extreme shortage of NBAR
7 7 9 9 [
S ] X
| |
ADHP 13 PP FllH consumer goods
ADJ .
| PREP NP PREP NP
angry | |
over | ] | as NBAR

From Hindle & Rooth 1993

DART NBAR PP
| | _‘_‘
the N N NPL
| PREPNP | |
scarcity | | [ | | wipers
of NBAR N CONJ N

| !
soap and windshield
Al N NPL

| | I

such basic items
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Hindle & Rooth 1993: Input

* Data: [v,n,p] triples; v or p may be null; v may be -.

The radical changes in export and customs requlations evidently are aimed at remedying an
extreme shortage of consumer goods in the Soviet Union and assuaging citizens angry over
the scarcity of such basic items as soap and windshield wipers.

v n p
- change in
aim PRO at P attached to
vV orn?
remedy shortage of
NULL good in
assuage citizen NULL

NULL scarcity of

25



Hindle & Rooth 1993: Algorithm

* |dea: Compute lexical associations (LAS)

between p and each of v, n.
— Is the p more associated with the v or with the n?

* Learn a way to compute LA for each [v,n,p] triple.

* Use to map from [v,n,p] to {V-attach, N-attachj.

26



Hindle & Rooth 1993: Algorithm

Method: Bootstrapping.

1. Labelunambiguous cases as N- or V-attach:
When vis NULL, nis pronoun, or p is of.

2. lterate (until nothing changes):
a. Compute LA score for each triple from data labelled so far.
b. Label the attachment of any new triples whose score is over threshold.

3. Deal with “leftovers” (random assignment).
Test cases: Compute the LA score (or fail).

27



Hindle & Rooth 1993: Algorithm

* Lexical association score: log-likelihood ratio of verb- and noun-
attachment.

P(V-attact
LA(w,n,p) = logy o aCL DT

(N-attach plv,n)

* Can’t get these probabilities directly — data are too sparse.
* S0, estimate them from the data that we can get.

28



Hindle & Rooth 1993: Algorithm

* Lexical association score: log-likelihood ratio of verb- and noun-

attachment.

LA(v,n,p)

~ P(V-attach p|v)P(null|n)

| B(V-attac

1 p

v, n)

77P(N—attafﬁ

1 p

~ P(N-attach p|n)

v, M)



Hindle & Rooth 1993: Example

Moscow sent more than 100,000 soldiers into Afghanistan ...

* Choose between:
V-attach:  [vesend [Np ... soldier NULL] [pp into...]]

N-attach: [vesend [Np ... soldier [pp into...]]...]

30



Hindle & Rooth 1993: Example

@ P(V-attach into | send, soldier)
~ P(V-attach into | send) - P(NULL | soldier)
7 Z
c(send, into) c(soldier, NULL)
c(send) c(soldier)
049 .800

@ P(N-attach into | send, soldier) c(soldier, NULL)
~ P(N-attach into | soldier)«=—| — c(soldier) .800

LA(send, soldier, into)
=log>(.049 x .800/.0007) = 5.81

31



Hindle & Rooth 1993: Results

* Training: 223K triples
Testing: 1K triples
Results: 80% accuracy
(Baselines: 66% by noun attachment; 88% by humans.)

32



Hindle & Rooth 1993: Discussion

* Advantages: Unsupervised?; gives degree of preference.

* Disadvantages: Needs lots of partially parsed data. Other words
don’t get a vote.

* Importance to CL:

* Use of large amounts of unlabelled data, with clever
application of linguistic knowledge, to learn useful statistics.

33



Brill & Resnik 1994: Method

* Corpus-based, non-statistical method.

* Transformation-based learning: Learns sequence of rules to apply
to each input item.

* Form of transformation rules:
* Flip attachment decision (from V to N, or vice versa) if

0, ny, b, Q} is wy [and {v, ny, p, n,} is w,].
A quad: Uses head noun of PP toﬁ)ptional conjunct

* All rules apply, in order in which they are learned.

34



Brill & Resnik 1994: Method

Unlabelled text [attachments not assigned]

Initial state labeller

Labe&d text [attachments assigned,
1 but maybe not correctly]

Learner - Truth

Learner uses diffs [attachments all

between truth and correctly labelled]

labelled text to select
new rule, then
applies it.

Transformations
[ordered list of rules to
apply to new data]

35



Brill & Resnik 1994: Example

Some rules learned:

Start by assuming N, attachment, and then change attachment ...
1.from N, to Vifpis at.
2.from N, to Vifpisas.

6. from N, to Vifn2 isyear.
8.from N, to Vifpisinand n; is amount.

15.from N; to Vifvis have and p is in.
17.from Vto N1 if p is of.

36



Brill & Resnik 1994: Results

* Training: 12K annotated quads
Testing: 500 quads
Results: 80% accuracy

(Baseline: 64% by noun attachment)

37



Brill & Resnik 1994: Discussion

* Advantages: Readable rules (but may be hard); can build in bias
In initial annotation; small number of rules.

* Disadvantages: Supervised; no strength of preference. Very
memory-intensive.

* Importance to CL.
* Successful general method for non-statistical learning from
annotated corpus.
* Based on popular (and relatively easily modified) tagger.

38



Since then...

* Modestly better methods exist (e.g., Ratnaparkhi 1998; Belinkov et
al. 2014) that leverage:

* large amounts of noisy, unannotated data (most of the partial
parses were not being used anyway)

* early attempts such as Hindle & Rooth 1993, where they are
known to be very accurate

* vector-based language models (heural methods for English?)

* ...but the field mostly lost interest when it emerged that parsing
decisions could be made with the assistance of language models.

39



Since then...

* Modestly better methods exist (e.g., Ratnaparkhi 1998; Belinkov et
al. 2014).

* ... but the field mostly lost interest when it emerged that parsing
decisions could be made with the assistance of language models:
* Far more context taken into account

* Much better numbers (but lots of easy decisions folded in that inflate
these — PP attachment now in high 80s)

* PP attachment still very important for FWO languages
(Do & Rehbein 2020).

40



Statistics and Parsing

* Statistical resolution of PP attachment ambiguities
* Statistical parsing
* Unsupervised parsing

41



Statistical Parsing

* Generalidea:.
* Assign probabilities to rules in a context-free grammar.
* Use a likelihood model.
* Combine probabilities of rules in a tree.
* Yields likelihood of a parse.
* The best parse is the most likely one.

42



Statistical Parsing

Grammar Lexicon

o S — NPVP .80] Det — that [.10] | a [.30] | the [.60]
PCFG Example S — Aux NP VP [.15] Noun — book [.10] | trip [.30]

S — VP [.05] | meal [.05] | money [.05]
NP — Pronoun [-35] | flight [.40] | dinner [.10]
NP — Proper-Noun .30] Verb — book [.30] | include [.30]
NP — Det Nominal [.20] | prefer [.40]
NP — Nominal [.15] Pronoun — 11[.40] | she [.05]
Nominal — Noun [.75] | me [.15] | you [.40]
Nominal — Nominal Noun [.20] Proper-Noun — Houston [.60]
Nominal — Nominal PP [.05] | NWA [.40]
VP — Verb [.35] Aux — does [.60] | can [.40]
VP — Verb NP [-20] Preposition — from [.30] | to [.30]
VP — Verb NP PP [.10] | on [.20] | near [.15]
VP — Verb PP [.15] | through [.05]
VP — Verb NP NP .05]
VP — VP PP .15]
PP — Preposition NP [1.0]

43



Statistical Parsing

* PCFG for disambiguation:
* Example: Book the dinner flight

S

VP

N

Verb NP

N

Book Det Nominal

N

the Nominal Noun

Noun  flight

dinner

S
VP
Verb NP NP

/N

Book Det Nominal Nominal

the Noun Noun

dinner flight

44



VP
/\ — . o . %\

Verb S = VP 05 S = VP 05  Verb NP NP
VP — Verb NP 20 VP — Verb NPNP .10
NP — Det Nominal .20 NP — Det Nominal .20

Book Det Nominal Nominal — Nominal Noun .20 NP — Nominal .15 Bpok Det Nominal Nominal

Nominal — Noun 75 Nominal — Noun 75
/\ Nominal — Noun 5
. Verb — book 30 Verb — book .30

the Nominal Noun py s the 60 Det = the 60 the Noun Noun
Noun — dinner .10 Noun — dinner .10
Noun — flight 40 Noun — flight 40

Noun  flight dinner flight

dinner

P(Tof;) = .05%.20%.20%.20%.75%.30% .60 % .10 % .40 = 22%x10°° P(Trign) = 05%.10%.20%.15%.75%.75%.30%.60% .10+ .40 = 6.1 x 1077

45



Statistical Parsing

* Motivations:
* Uniform process for attachment decisions.
* Use lexical preferences in all decisions.

46



General Approaches

1. Assign a probability to each rule of grammar, including lexical
productions.

* Parse string of input words with probabilistic rules.
The can will rust.

2. Assign probabilities only to non-lexical productions.

* Probabilistically tag input words with syntactic categories using
a part-of-speech tagger.

* Consider the pre-terminal syntactic categories to be terminals,
parse that string with probabilistic rules.

Det N Modal Verb.

47



Statistical chart parsing

* Consider tags as terminals
(i.e., use a PoS tagger to pre-process input texts).
Det N Modal Verb.

* For probability of each grammar rule, use MLE.
* Probabilities derived from hand-parsed corpora (treebanks).

 Count frequency of use c of each rule, for each non-terminal C
and each different RHS.

* What are some problems with this approach?

48



Statistical chart parsing

* Consider tags as terminals
(i.e., use a PoS tagger to pre-process input texts).
Det N Modal Verb.

* For probability of each grammar rule, use MLE.
* Probabilities derived from hand-parsed corpora (treebanks).

 Count frequency of use c of each rule, for each non-terminal C
and each different RHS.

* What are some problems with this approach?
e Sparsity
* Tied to the grammar of the original treebank.

49



Statistical chart parsing

* MLE probability of rules:
* Foreachrule: C — «
c(C — a) c(C — a)
P(C — a|C) = =
Y pc(C—B) c(C)
* Takes no account of the context of use of a rule:

independence assumption.

* Source-normalized: assumes a top-down generative process.

* NLTK’s pchart demo doesn’t POS-tag first (words are generated
top-down), and it shows P(t) rather than P(t|s)’.

50



>>> import nltk
>>> nltk.parse.pchart.demo()

1: I saw John with my telescope
<Grammar with 17 productions>

2: the boy saw Jack with Bob under the table with a telescope
<Grammar with 23 productions>

Which demo (1-2)7 1

s: I saw John with my telescope
parser: <nltk.parse.pchart.InsideChartParser object at 0x7f6128813290>
grammar: Grammar with 17 productions (start state = S)

S -> NP VP [1.0]

NP -> Det N [0.5]

NP -> NP PP [0.25]

NP -> "John' [0.1]

NP -> "I" [0.15]

Det -> "the' [0.8]

Det -> 'my' [0.2]

N -> "man' [0.5]

N -> "telescope' [0.5]

VP -> VP PP [0.1]

VP -> V NP [0.7]

VP -> V [0.2]

V -> "ate' [0.35]

V -> "saw' [0.65]

PP -> P NP [1.0]

P -> "with"' [0.61]

P -> "under' [0.39] 51
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..... [-]
. . [-1 .
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} lllll
.
-1 ..
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[1

[1
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[1
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[3

[1
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12]
[2:
4]
[4:
[5:
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[4:
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[2:
2]
[O:

3]
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1]

1 2]
1]
1]
4]
[3:
4]
[3:
[5:
[5:
1 2]
1]
[4:
4]
4]

3]
3]

6]
5]

5]

e
'saw’

"John'

'with'

‘my’

"telescope’
'telescope’

'lmy'l

'with'

"John'

'saw’

'II1

V -> 'saw' *

VP -> * V NP

vV ->* "saw’'

P -> 'with' *

PP -> * P NP

PP -> P * NP

P ->* 'with'

N -> 'telescope' *
N ->* "telescope'
VP -> V * NP

VP -> * Y

Det -> 'my' *

NP -> * Det N

Det -> * "my"’

[1
[1
[1
[1
[1
[1
[1
[1
[1
[1
[1
[1

[1

[0

.0]
.0]
.0]
.0]
.0]
.0]
.0]
.0]
.0]
.0]
.0]
.0]
[0.
[0.
[0.
[0.
.0]
[0.
[0.
[0.
[0.
.455]
[0.
[0.
[0.
[0.

65]
7]

65]
61]

61]
61]
5]
5]

2]
2]
5]
2]
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NP
PP
NP
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NP
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NP
VP
VP

VP

* NP VP
* NP PP
NP * VP
V NP *
NP * PP
P NP *

NP VP *
VP * PP
NP * PP
NP VP *
VP * PP
NP PP *
NP * VP
V NP *
NP * PP
VP PP *
NP VP *
VP * PP
NP VP *
VP * PP

[ 1

[3

[ 1

.0]
[0.
[0.
[0.
[0.
[0.
[0.
[0.
[0.
[0.
[0.
[0.
[0.
[0.
[0.
[0.
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[.5.

25]

05]

0455]
0375]
0305]

025]

0195]

013]

0125]
006825]
00455]
0007625]
0007625]
0003469375]
000190625]
000138775]

2040625e-05] &=
.469375e-05]
2,
.38775e-05]

081625e-05]



Draw parses (y/n)? vy
please wait...
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Statistical chart parsing

* In this view of chart parsing, probability of chart entries is
relatively simple to calculate. For completed constituents,

maximize over C, ..., C_:

P(e[]) = P(CU — Clcn‘c[]) X P(E’l) XX P(é’n)

n
P(CU — Cl...Cn ‘ Cg) X HP(E’{)

* ¢, is the entry for current constituent, of category C,;
* e, ... e, are chart entries for C, ... C_ in the RHS of the rule.

* NB: Unlike for PoS tagging above, the C, are not necessarily lexical
categories.
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Statistical chart parsing

* Consider a complete parse tree, t, with root label S.

* Recasting @, t has the probability:
P(t) = P(S) * I1,P(rule(n)|cat(n)) @
where 71 ranges over all nodes in the tree f;
rule(n) is the rule used for n;
cat(n) is the category of 7.
* P(S)=1!
* “Bottoms out” at lexical categories.

* Note that we’re parsing bottom-up, but the generative model
“thinks” top-down regardless.
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Statistical chart parsing

* But just like non-statistical chart parsers, this one only answers
“yes” or “no” (with a probability) in polynomial time:
* |t’s not supposed to matter how we got each constituent. Just
the non-terminal label and the span are all that should matter.

* There might be exponentially many trees in this formulation.

* And we’re not calculating the probability that the inputis a
sentence —this is only the probability of one interpretation (tree).

61



Announcement

* Extra zoom office hours:
* Saturday 2-4: Jinyue.
* Sunday 10-12: Frank.

* We will post zoom link soon on Piazza.
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Evaluation

e Evaluation method:

* Train on part of a parsed corpus.
(l.e., gather rules and statistics.)

* Test on a different part of the corpus.
* Development test: early stopping, meta-parameters
* Evaluation test: evaluate (and then done)
* [n one sense, the best evaluation of a method like this would be
data likelihood, but since we’re scoring trees instead of strings, it’s

difficult to defend any sort of intuition about the numbers
assigned to them.
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Evaluation

* Evaluation: PARSEVAL measures compare parser output to known

correct parse:
* Labelled precision, labelled recall.

[ /

Fraction of constituenfs in output that are correct.

Fraction of correct constituents in output.

* F-measure =harmonic mean of precision and recall
=2PR/(P+R)
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Evaluation

* Evaluation: PARSEVAL measures compare parser output to
known correct parse:

* Penalize for cross-brackets per sentence:
Constituents in output that overlap two (or more) correct ones;
e.g.,[[A B] C]for[A [B C]].

[[Nadia] [[smelled] [the eggplant]]]
[[[Nadia] [smelled]] [the eggplant]]

The labels on the subtrees aren’t necessary for this one.
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Evaluation

« PARSEVAL is a classifier accuracy score — much more
extensional. All that matters is the right answer at the end.

* But that still means that we can look at parts of the right answer.

* Can get ~75% labelled precision, recall, and F with above
methods.
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https://github.com/nikitakit/self-attentive-parser

BERT-based parser

Outpu’[ (VP (VBD fled) (NP (DT the) (NN market))..
Decoder
3 Iy A A A
r Y
¥ 7 f f )
Encoder S U S S
SNAFRAFRAITRARA
. ry

'y ry A A

T T T T T

I . and fled the market in
npl'It CccC VBD DT NN IN

Figure 1: Our parser combines a chart decoder
with a sentence encoder based on self-attention.

Berkeley Neural Parser. Kitaev and Klein. 2018. Constituency Parsing with a Self-Attentive Encoder. &7



Unsupervised Parsing

* Parsing without training on parse trees.
How could such a thing be learned?
* Well, unsupervised doesn’t always mean no supervision...
* Parts of speech
* Binary-branch restrictions
* ... and we often lower the bar in terms of what we expect the
system to learn:
* Unlabelled (binary) trees
* Hierarchical structure without explicit, recursive rules.
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Before we start
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Before we start

N
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LSTM: Crash Course

* We talked about RNN’s problem: vanishing gradient.

o .
RNN: he = oc(Wyxy + Wyhe_1 +b)
currentinput  previous bias
embedding hidden state Not only;iS my short-term#
e LSTM: memory horrible 7,49

* RNN works fine if the input sentence is short
* Learn the sentence piece by piece

* Reset the hidden state periodically .
* ... When to reset the hidden state? bSO 15 MyEhoILIeHmEmeny
* The ML approach:

* Let another NN model to predict it.
* (actually, we use a module of the current model to predict it)1




LSTM: Crash Course

* We talked about RNN’s problem: vanishing gradient.
* RNN: he = oc(Wyxy + Wyhe_1 +b)

currentinput  previous bias
embedding hidden state

or = c(Weoxs + Ushs_1 + b,)

Nothing fancy, just renaming “hidden” to “output”

e LSTM:
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LSTM: Crash Course

* We talked about RNN’s problem: vanishing gradient.
* RNN: he = oc(Wyxy + Wyhe_1 +b)

currentinput  previous bias
embedding hidden state

or = c(Weoxs + Ushs_1 + b,)

ht — O¢ O'(Ct)

e LSTM:

The “real” hidden state is just the output state...
With a few things forget.
“\cdot” is element-wise multiplication

O'(Ct) ranges from 0-1
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LSTM: Crash Course

* We talked about RNN’s problem: vanishing gradient.
* RNN: he = oc(Wyxy + Wyhe_1 +b)

currentinput  previous bias
embedding hidden state

e LSTM:
or = c(Weoxs + Ushs_1 + b,)

ht — O¢ O'(Ct)
Cell state: the component tell Ct = ft FCt—1 + t - Ct
th delwhatto f t. ~
e model what to forge Cp = O'(Wcil?t 1 Ucht—l i bc)
Forget gate: what information to
wipe from the previous cell state. ft O-(Wf‘rt _I— Uf ht—l T bf)
o(Wix; +Ushi—1 + b;)

Input gate: what information to it
keep from the current cell state.
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LSTM: Crash Course

* We talked about RNN’s problem: vanishing gradient.
* RNN: hy = U(Wxﬂft + Wrhi—1 + b) Control the model

currentinput  previous bias when to (soft) reset
embedding hidden state the hidden state

e LSTM:
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PRPN: parse-read-predict

* PRPN trains a sequence of components that build a parse tree on
the way to predicting the next word in a string of words — a fancy

language model.

* But that means that supervising the whole system in sequence
means that we must only provide words in sequence...

* for a parser, that counts as unsupervised!

* When we are done, we can break off the later components and
use the parser by itself.
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Some terminology

* “Corner-dominant”

* The highest ancestor for which a node is the left corner, e.g.:

S corner-dominant

corner-dominant’s parent == NP

/\RC VP
NP N@wbh node’s parent
I

Buffalo buffalo Buffalo buffalo buffalo buffalo Buffalo buffalo

77
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Some terminology

* “Corner-dominant”

* The highest ancestor for which a node is the left corner, e.g.:

S corner-dominant

corner-dominant’s parent NP

C VP

NP node’s parent

PN N PN N % Vv PN N

Buffalo buffalo Buffalo buffalo buffalo buffalo Buffalo buffalo

78
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Some terminology

e “Left extent”

* |, =the left corner of a pre-terminal node’s corner-dominant’s

parent, fort>0, e.g.: < corner-dominant

corner-dominant’s parent = NP

/\RC VP
Lo T

P‘N
uffalo buffalo BuffaNauffalo buffalo buffalo Buffalo buffalo

79
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Some terminology

* “Left extent”
* |, =the left corner of a pre-terminal node’s corner-dominant’s

parent, fort>0, e.g.: < corner-dominant
corner-dominant’s parent NP
RC VP
/NP\ /NP\ /NP\
PN N PN N V V PN N

Buffalo buffal uffalo buffalo buffald\ buffalo Buffalo buffalo

l,: left extent X,: pre-terminal node
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Some terminology
* “Dependency-range gate”

1, [ i<t
{ =1 ,labels left extent of x,, e.g.:

. gt
Ji7lo, 0<i <, 3

X,’s corner-dominant
corner-dominant’s parent = NP
/\RC VP
oAy A

Buffalo buffalo Buffalo buffalo buffalo buffalo Buffalo buffalo
g2: 1 1 - - - -- --
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Some terminology
* “Dependency-range gate”

1, [ i<t
e gl = ’ t = .
gi {O, 0<i <, labels leftsextent of x,, e.g.:

X,’s corner-dominant
corner-dominant’s parent =— NP
N L, PN

Buffalo buffalo Buffalo buffalo buffalo buffalo Buffalo buffalo
g4 0 0 1 1 - - -

82



Some terminology
6S

. “Height”
« h(w) =1, /\
* h(n) = _max h(m) + 1.

VP

S N

2PN 2N PN 2N V 2V 2PN 2N

Buffalo buffalo Buffalo buffalo buffalo buffalo Buffalo buffalo
1 1 1 1 1 1 1 1

* Note: height is not depth, nor is it h(root)-depth.
Count from the bottom.
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Some terminology s

* “Roark-Hollingshead (RH) distance” 6S

o A0 — _h(w;_q,w;)-2 d(4)=ﬁ= 2
d(i)=d;= A(r)-1 5NF’/\ ot ®
mc VP
K AN /A

PN N F’l‘\] [\‘J \|f V PN N

Buffalo buffalo Buffalo buffalo buffalo buffalo Buffalo buffalo
“1” 0 1 2 3 4 ) 6 7=L-1

where h(w_,,wg) = h(w _,w,) = h(r)+1,
h(u,v) = h(u LU v) everywhere else (trees are CNF).
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Quiz

- What’s d(5)?

S

N/\

FII'
/\RC VP
/NP\ /NP\ /NP\
PN N F’l‘\l r“d V V PN N

Buffalo buffalo Buffalo buffalo buffalo buffalo Buffalo buffalo
“1” 0 1 2 3 4 ) 6 7=L-1
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Roark-Hollingshead Conjecture

ﬁ/\ Q: How much of
h . .
NP NP NP this does this preserve?
PN N PN/<N\V VO\Q p
Buff‘alo buffalo Buff‘alo buff‘alo buff‘alo buﬁlalo Buff‘alo buff‘alo 1
A: All of it (except labels)!
Very cool, because thisis a
“local” linear statistic for
tree structures.

Buffalo buffalo Buffalo buffalo buffalo buffalo Buffalo buffalo <end>
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Some more terminology

* “Dependency range”
t  sign(di—djy1)+1

‘o = > , Where i <.
S
NP/\
/\RC VP
/NP\ /NP\ /NP\
PN N F’I‘\I r‘q Vv Vv PN N

Buffalo buffalo Buffalo buffalo buffalo buffalo Buffalo buffalo

1 0 1 = 0 = e o

2

87



PRPN’s big idea ¢

S

/\ Why? See Shen et al. (2018)
N

F'!
/\Rc VP
/NP\ /NP\ /NP\
PN N PN N V \V PN N

o 11 12 I3 la Is lg |
Buffalo buffalo Buffalo buffalo buffalo buffalo Buffalo buffalo

1 0 1 = 0 = e o

2

0 0 o0 0 0 1 - -

g9i =P <i) =

88



PRPN’s big idea ¢

S

/\ Why? See Shen et al. (2018)
N

F'!
/\Rc VP
/NP\ /NP\ /NP\
PN N PN N V \V PN N

o 11 12 I3 la Is lg |
Buffalo buffalo Buffalo buffalo bufflalo buffalo Buffalo buffalo

«“:1 1 1 1 -

1 1 1 1 1

g9i =P <i) =
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PRPN: Parse

* Soften up “Dependency range:”

sign(ds—d; +1 .

. ot =22 ( tz i+1) ,wherei < t,becomes:
hardtanh((d+—d T

caj = (( t~%i+1)D) \vhere T is temperature,

* and hardtanh(x) = max(—1, min(1,x)).

* Then learn RH distance with a 2-layer convolution:
B

+ g, = ReLU | w, [t7L+1 ,

€t
* dt == R@LU(qut + bd)
* Butwe’re not going to supervise this with d, from actual trees...

Word vectors for w, |, Wi .4, ...

W.
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PRPN: Read

* Instead, we couple the input to memory states m, and use RH
distance to interpolate mixtures of previous time steps into
“summary vectors” that predict subsequent memory states:

* ky = Wymy_1 + Weey,
_ mikl Recurrent update

« 5 = softmax (\/di‘m_zk)), P
_9i$— Bigidea: depends

t _
"5 T Z-gt-Si' ond’s now
Summary Jjo]J |

—_— _1 .
vector =AM | _ ‘ ¢ My
2 S * C b

Cr .
my—-
€t
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PRPN: Predict

* Task: predict the probability distribution of next word x;, 1.

* Now, we know m,...,m, and e,,...,e,, we need to predict e,,,

kt — Wmmt_l + Vl/eet,
] mikT
sf = Softmax( —Lt )

. g+t /im{) Depends ond
= E:.gt+1's
~ 21
ly = ) Tf m;

I=lt+1

Estimate d;,; = ReLU(det + bd)

then estimate é;,; = tanh(Wr [ Lt ] + by)
my

t+1
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PRPN Summary |

ldea:

* Each word depends on its
parent and its left siblings.

- Use g} to control the LM
process

« Can’t directly model g;
because L, is an unobserved
latent variable.

» Use a; to approximate
g; based on RH distance d.,.
» Use d, to reconstruct the trees.

. Figure 2: Proposed model architecture, hard line indicate valid connection in Reading Network,
* How good is PRPN? & b &

dash line indicate valid connection in Predict Network.
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DOP: Data-Oriented Parsing

* DOP1 - Supervised DOP:

* Given an annotated corpus, use all subtrees, regardless of size,
to parse new sentences.

S S
/\ /\ S o NP o NP = S
NP VP NP VP /\ |
/\ /\ NP VP Mary Susan NP VP
John vV NP Peter \V4 NP /\ | /\
‘ \ NP Mary V NP
likes Mary hates Susan li1|(es lilkes SL!SEI.I‘I
Figure 1. A corpus of two trees Figure 2. A derivation for Mary likes Susan

° means substitute



DOP: Data-Oriented Parsing

* Multiple ways to substitute.

* The probability of a subtree t:
* The number of occurrences of tin

the corpus,

* Divided by the total number of
occurrences of all subtrees t' with
the same root label as t.

*P(t,°...°t ) =11, P(td)

>m



DOP: Data-Oriented Parsing

* ML-DOP - maximum likelihood DOP:
* Use an EM algorithm to estimate P(t) in DOP.

* U-DOP - Unsupervised DOP:
* Simply use all possible subtrees as the “corpus.”

« UML-DOP
* Use randomly sampled possible subtrees as training data.
Do ML-DOP.
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Performance on WSJ10

Model UF,

LBRANCH 28.7

RANDOM 34.7

DEP-PCFG (Carroll & Charniak, 1992) 48.2
RBRANCH 61.7

CCM (Klein & Manning, 2002) 71.9
DMV+CCM (Klein & Manning, 2005)  77.6
UML-DOP (Bod, 2006) 32.9
PRPN 70.02

UPPER BOUND 88.1
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Performance on PTB30+

PTB CTB
Model Mean Max Mean Max
=== PRPN (Shen et al., 2018) 374 38.1 — —
ON (Shen et al., 2019) 4777 494 — —
URNNG' (Kim et al., 2019) — 454 — —
DIORA (Drozdov et al., 2019) — 58.9 — —
Left Branching 8.7 9.7
Right Branching 39.5 20.0
Random Trees 19.2 19.5 15.7 16.0
===l PRPN (tuned) 473 479 304 31.5
ON (tuned) 48.1 50.0 254 25.7
Scalar PCFG < 35.0 < 15.0
Neural PCFG 50.8 52.6 25.7 29.5
Compound PCFG 55.2 60.1 36.0 39.8
Oracle Trees 84.3 81.1
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