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Extracted a transducer | Kept all rules
grammar from a 220 with at most 6
million word bitext / non-terminals

Rules matching an example 40-word sentence
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NNP — Colorado s Colorado
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For each For each
span length: span [i,j]:
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Binary rule:
Split points:
Operations:

Time scales with:
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i<k <]
O(j-1i)

Grammar constant
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Lexical Normal Form (LNF)

(a) lexical rules have at most one adjacent non-terminal
(b) all unlexicalized rules are binary.

Original rule: S— Nose VB VB un NN PP

Transformed rules: § & Nose VB~VB un NN-~PP
vB~vB @ VB VB
NN~PP = NN PP

Parsing stages: * Lexical rules are applied by matching

* Unlexicalized rules are applied by
iterating over split points
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[Petrov & Klein, 2007]
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[Petrov & Klein, 2007]

(KKK
oted 9atatetotetd
B o7 03070308 Tatedeteds’ Yetetetetetede, Vit e it Yadeditey

OV S, 55RO SR 05 I

>98% sparsity

58
%e® %% %%

o

of

the

House

and
Means
Committee

introduced
s&l

bailout

how
the
new
agency

Influential
members
Ways
legislation
that
would
restrict
can

raise
capital
creating
another
potential
obstacle

Slide credit: Slav Petrov



}f@ CPU Parsing
9
SR
R
KRR
Skip Spans Skip Rules



E& CPU Parsing




}f@ CPU Parsing

20 550855




CPU Parsing




£ The Future of Hardware




£ The Future of Hardware




£ The Future of Hardware




£ The Future of Hardware

16384



£ The Future of Hardware

\_'_I

32 Threads



The Future of Hardware

add.s32  %rl, %re3l, %ro;
ld.global.f32  %f81, [%rl];
ld.global.f32  %f82, [%r34];
mul.ftz.f32  %f94, %f82, %f8M;
mov.f32  %f95, Of3EQQ2EZ23;
mov.f32 %f96, 0f00000000;
mad.f32  %f93, %f94, %f95, %90;
shl.b32 %r2, %ro4o, 8;
add.s32  %r3, %re58, %r2;
shl.b32  %r4, %r3, 2;

add.s32  %r5, %re3l, %r4;
mul.lo.s32 %re6, %ro46, 588;
shl.b32 %r7, %ro, 1;

add.s32  %r8, %r5, %r7;
ld.global.f32  %f83, [%r8];
mul.ftz.f32  %f98, %f82, %f8\;
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for each sentence:
for each span (begin, end): } ltem Queue
for each split:
for each rule (P -> L R):
score[begin, end, P]
+= ruleScore[P -> L R] Grammar
* score[begin, split, L] Application
* score[split, end, R]
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for each parse item in sentence: } ltem Queue

Grammar
Application

applyGrammar(item)
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for each parse item in sentence: }CPU

applyGrammar(item) GPU



}f@ GPU Parsing Pipeline

CPU GPU
4 Queue ) Grammar

(i, k j)
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0 200 400

Sentences per second

[Canny, Hall, and Klein, 201 3]
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i, k J)

r N
Queue
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Parsing Speed

CPU
10 s/sec

GPU Vit.
405 s/sec
GPU Min Risk
190 s/sec
I I I
200 400



