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Motivation

Example:
® \Neighted Deductive Parsing for LCFRS
® Sentence w = Nun werden sie umworben .
® Parser computes the highest scoring derivation d
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Linear Context-free Rewriting System

Definition
A linear context-free rewriting systemis a tuple G = (N, X, =, P, S) where
® N is a finite nonempty N-sorted set (nonterminal symbols),
® 5 is a finite set (terminal symbols) (with V/ e N: = n N, = 0),
® = s afinite nontempty set (variable symbols) (with =N % = @ and
VieN:=nN =0),
® Pisa set of production rules of the form p = ¢ — ¥ where

- ¢=Aly,..., a) (called left-hand side of p)
where /e N, Ae N, aq,...,o € (X U=)" and
- v=8",. . X" BuX(™, ., X{™) (called right-hand side of o)

where meN, By € Ny, ..., BmeN/m,Xj“)eEfoH <i<mi1<j<l

and for every X € = occurring in p we require that X occurs exactly once in
the left-hand side of p and exactly once in the right-hand side of p, and

® S e N (initial nonterminal symbol).
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Example PLCFRS

PLCFRS (G, p) and G = (N, ¥, =, P, S) where
® N={VROOT, S, VP, ADV, VAFIN, VAINF, VWINF, PPER, VWPP,$, .. },

® > = {Nun, werden, sie, umworben, ., ...} and
L e
ADV(Nun) — e#1, VAFIN(werden) — €#0, 5,
VAINF(werden) — €#0, 25, WINF(werden) — €#0, 25,
PPER(sie) — e#1, VWPP(umworben) — e#1,
$(.) — e#1,
)
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Example PLCFRS

PLCFRS (G, p)and G = (N, ¥, =, P, S) where
e N ={VROOT, S, VP, ADV, VAFIN, VAINF, VVINF, PPER, VVPP, $, .. },
® > = {Nun, werden, sie, umworben, ., ...} and
o pP={. .,

VP, X1?) = ADViXM) wWp(xi?)#o, 5,

SXXP X)) — VAFINXGY) PPER(X?) WWPP(X(P)#0, 25,
SXMX?, xiM) — vexiY, X{V) VAINF(X?))#0, 25,

S X XP X — vPXIY, XY VAFIN(X?) PPER(X)40, 5,

SXIX XX — SV XY, X§M) PPER(X{?)#0, 25,

VROOT(X{ XXXV X2) — sxximxd! xiM)s(x()#1
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PARSE - Weighted Deductive Parsing:
Nun werden sie umworben .

¢ & & ¢ ¢

Initialize vertives
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PARSE - Weighted Deductive Parsing:
Nun werden sie umworben .

TTT

hyperedges for ADV (Nun) — e#1,
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PARSE - Weighted Deductive Parsing:
Nun werden sie umworben .

hyperedge for VP(X{", X2} — ADV(X")WP(X{?)#0, 5
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PARSE - Weighted Deductive Parsing:
Nun werden sie umworben .

hyperedge for SIX{" X1 X)) - VAFIN(X(") PPER(X?) WWPP(X{¥)#0, 25
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PARSE - Weighted Deductive Parsing:
Nun werden sie umworben .

hyperedge for SIX{V X1, x{1) — VPXIY, XSD) VAINF(X{?)#0, 25
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PARSE - Weighted Deductive Parsing:
Nun werden sie umworben .

50125

= N
, VP VAFIN PPER.

hyperedge for S(X{ X X xV) - vex(D, XM VAFINX?) PPER(X{®)#0, 5
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PARSE - Weighted Deductive Parsing:
Nun werden sie umworben .

510,125 or B
,vam FPER
s

hyperedge for SX{" X" X2 X{) — Sx(V XY, X{M) PPER(X{?)#0, 25
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PARSE - Weighted Deductive Parsing:
Nun werden sie umworben .

Juarin o5
‘ VAINF. 025
-
.

VAFIN N
vaine

B ]
hyperedge for VROOT(X{" X3! X" X{1X) — SO gV x§M)$x ()1
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PARSE - Weighted Deductive Parsing:
Nun werden sie umworben .

Undesired hyperedges
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PARSE - Weighted Deductive Parsing:
Nun werden sie umworben .
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Motivation

® How to reduce the parse time for a sentence?
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Motivation

® How to reduce the parse time for a sentence?
® \\hat is a good pruning method?
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Motivation

® How to reduce the parse time for a sentence?
® \Vhat is a good pruning method?
® How to train such a pruning method?
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Overview

Motivation
Preliminaries

LoLs

Change Propagation
Dynamic Programming

Results

TU Dresden, July 20.&0h8g Pruning Policies for Linear Context-free Rewriting Systems slide 7



Preliminaries

H=(V,E) € Hgp(w) : derivation graph from PARSE
cC X x TylX): X x Y —-corpus
s : state of the derivation graph
a € {keep, prune} : action
T = Spagsiaq ... ST . trajectory
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Preliminaries

pruning policy 7 : inputs a hyperedge and a sub sentence w/
outputs a pruning decision a € {keep, prune}

How to evaluate 7?
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Preliminaries

pruning policy 7 : inputs a hyperedge and a sub sentence w/

outputs a pruning decision a € {keep, prune}
How to evaluate 7?

reward function r : Hg p(w) x Ty(Z) = R
schematically r = accuracy — X - runtime
where accuracy : Ty(¥X) x Ty(X) - R
and runtime : H(g p(w) — R
A € R : trade-off factor

empirical value of 7 : R(m) = 1 Z r(PARSE(G, w, ), §) - clw, §)

lcl

(w,dec
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Preliminaries

trajectory: spapsias ...St

51 So ST

@) (@)

R — —_— — flanl
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Preliminaries

trajectory: spapsias ...st , (intervention at state s7)

51 So ST
O O
@) a a ar-1 -
R — —_— — flanl
EA st
g, 2
@)

4 4
a a7
I
0y ... — 5 r1[a1]
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LOLS

Locally Optimal Learning to Search

Algorithm 1 Locally Optimal Learning to Search algorithm by [VE17] and [Cha+15]

Input: PLCFRS (G, p) with G= (N, %, =, P, S),
X x Y-corpus ¢ such that X c " and Y C Tn(X)
Output: pruning policy 7

1. function LOLS((G, p), ¢)

2 71 = INITIALIZEPOLICY(.. )

3 fori:=1tondo > n: number of iterations

4: Q=0 > Q; : set of state-reward tuples
5: for (w,¢) € cdo > w : sentence

6 7 := ROLL-IN((G, p), w, ;, €) > T = SpapSia ... ST : trajectory
7 fort:=0to|r|-1do

8: for a; € {keep, prunc} do > intervention

9: rila}] := ROLL-OUT (m), sy, &}, &)

10: end for

11 Q= Qi U{(st, 1)}

12: end for

13: end for

14: Tisr = TRAIN(Uj_q Q&) > dataset aggregation

15: end for

16: return argmaxy <<, RIT))

17: end function
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Overview

Motivation
Preliminaries

LoLs

Change Propagation
Results
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Change Propagation

Change pruning bit
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Change Propagation

Delete witness for {1,2,3,4}and S
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Change Propagation

Find new witness for {1, 2,3,4}and S
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Change Propagation

Repeat for affected vertices
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Change Propagation

TU Dresden, July 20.&0h&g Pruning Policies for Linear Context-free Rewriting Systems slide 13



Overview

Motivation
Preliminaries

LoLs

Change Propagation
Results
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Accuracy Measure

Relevant Elements

FN ™
TP FP
TP I U
precision = m recall = TP+ AN
pé) = — ) = ——
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Accuracy Measure

derivation tree by parsing derivation tree by gold standard

S

VAN N

CNP NP

NP PP
NP PP

7| L recall = 7| il
|TP| +|FP| " |TP| + |FN|

plé) = — o) = ——

precision =
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Accuracy Measure

derivation tree by parsing derivation tree by gold standard

S

VaN N

CNP NP

NP PP
NP PP

7| L recall = 7| il
|TP| +|FP| " |TP| + |FN|

3 3
P(&) = 37 t(g) = 37

precision =
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Accuracy Measure

derivation tree by parsing derivation tree by gold standard

S

¢ o g
o W

TP I U
precision = m recall = TP+ 7N
3 3
p(£)=3+3 t(&)—3+1
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Accuracy Measure

derivation tree by parsing derivation tree by gold standard

S

o o g

NP PP
./ .
o | TP| _ |TP|
precision = m recall = TP+ 7N
3 3
p(€)=m=o,5 t(§)=3+1=0,75
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Setup

-9. p€, Q) -l& Q)

p(g, ¢+, Q)

runtime(H) = |E| for H=(V, E)
A€o, 1]

accuracy(&, () F1-Measure,
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Results

accuracy in %
runtime in s

T T T T T T T T T T
1e-04 1e-03 1e-02 1e-01 16400 1e-04 1e-03 1e-02 1e-01 1e+00

trade~off factor trade~off factor

(@) accuracy for A (b)  runtime for A

Figure :runtime and accuracy for given lambda
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