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Despite these impressive results, sequential models are a pri-
ori inappropriate models of natural language, since relationships
among words are largely organized in terms of latent nested struc-
tures rather than sequential surface order[Chomsky, 1957].
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Chomsky Hierarchy

FTIBETEE R
%5 | SOk a4
Type 3 IEM3Ti% BIRIRZB 3L (FSA)

Type 2 | E XKL E (CFG) FEMMEMTHEB SN (NPDA)
Type 1 | ET3XHXLE (CSG) ZMHER B3N (LBA)
Type 0 FeBR 32 i% B R4 (Turing Machine)
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Despite these impressive results, sequential models are a pri-
ori inappropriate models of natural language, since relationships
among words are largely organized in terms of latent nested struc-
tures rather than sequential surface order[Chomsky, 1957].
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Introduction

Recurrent Neural Network Grammars (RNNGs) is a new genera-
tive probabilistic model of sentences that explicitly models nested,
hierarchical relationships among words and phrases. RNNGs op-
erate via a recursive syntactic process reminiscent of probabilistic
context-free grammar generation, but decisions are parameterized
using RNNSs that condition on the entire syntactic derivation his-
tory, greatly relaxing context-free independence assumptions.

RNNGs @ —FpTi £ R REER, © R aFHiRfnEiE
BREMNBRKRFITTEE. RNNGs £ AIFRIETEF PCFG
KL, BRBETBIFRIEFRIEDHIT. BR, RVNG EHITIR
RHIEHE, (ERTERMEME IS ENAEIRER EHITT &
i, KKRHAHE T _ETFXFREIIRIL HRIZ -
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A top-down variant of transition-based parsing

Parser Transitions
o MMEIELE
- ¥ (Stack)

- MINZETFX (Input Buffer)
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A top-down variant of transition-based parsing

Parser Transitions

Input: The hungry cat meows .

Stack Buffer Action
0 The | hungry | cat |meows |. | NT(S)
1| (S The | hungry | cat|meows |. | NT(NP)
2 | (S[(NP The | hungry | cat | meows |. | SHIFT
5 | (S|(NP|The hungry | cat | meows | . SHIFT
4 | (S|(NP| The | hungry cat | meows |. SHIFT
s | (S|(NP| The | hungry | cat meows | . REDUCE
s | (S| (NP The hungry cat) meows |. NT(VP)
7 | (S| (NP The hungry cat) | (VP meows |. SHIFT
s | (S| (NP The hungry cat) | (VP meows . REDUCE
o | (S| (NP The hungry cat) | (VP meows) . SHIFT
w0 | (S| (NP The hungry car) | (VP meows) |. REDUCE
n | (S (NP The hungry car) (VP meows) .)

[&: Parsing 7=451
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A top-down variant of transition-based parsing

Parser Transitions
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A top-down variant of transition-based parsing

Generator Transitions

Stack Terminals Action
0 NT(S)
v (S NT(NP)
2 | (S|(NP GEN(The)
3 | (S|(NP|The The GEN(hungry)
s | (S| (NP |The | hungry The | hungry GEN(cat)
s | (S| (NP | The | hungry | cat The | hungry | cat REDUCE
6 | (S| (NP The hungry cat) The | hungry | cat NT(VP)
7 | (S|(NP The hungry car) | (VP The | hungry | car GEN(meows)
s | (S|(NP The hungry cat) | (VP meows The | hungry | cat |meows | REDUCE
s | (S| (NP The hungry cat) | (VP meows) The | hungry | cat |meows | GEN(.)
w | (S| (NP The hungry cat) | (VP meows)|. | The | hungry | cat |meows|. | REDUCE

(S (NP The hungry cat) (VP meows) .)

The | hungry | cat | meows | .

[&]: Generation 7=l
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Generative Model

B RE
o IRIAFSIA x, AEMA y
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Generative Model
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a(x,y)]|

p(x,y) = ] pladacey)
t=1

la(x,y)l exp(r]u; + b,,)

-
t=1 ZaIE.AG( T¢,S¢,n¢) eXp(I‘a, ur + ba')
U = ta.nh (W[0t7 St; ht] + c)
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Generative Model
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Generative Model

B RE
o iBiARFSIA x, AIEMA Y
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Inference

Parsing

arg max p(x, y)
yEY(X)

Language Model
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Inference

Parsing

arg max p(x, y)
yEV(X)

Language Model
px)= Y pxy)
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FIARERRERHITRE N X

~q(y|x 16{12--- N}

E(‘X)ny% Z
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Model type | Fy

Vinyals et al. (2015)* ~WSJonly [ D [ 883
Henderson| (2004 D | 894
Socher et al. D |904
Zhu et al [(2013) D | 904
Petrov and Klein (2007) G [901
Bod|(2003) G | 90.7
Shindo et al] (2012 —single G | 911
Shindo et al.[(2012) — ensemble G | 924
Zhu et al.|(2013) S 91.3
McClosky et al.[(2006) S |921
Vinyals et al. (2015) — single S 1921
Discriminative, g(y | @) D | 89.8
Generative, p(y | @) G | 924

[E: PTB By parsing £55
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Model type | Fy

Zhu et al.[(2013) D |826
Wang et al.[(2015) D |832
Huang and Hm‘perMZ[]OQb D | 84.2
Charniak G | 808
Bikel (2004) G | 80.6
Petrov and Klein (2007) | G | 833
Zhu et al.[(2013) S |856
Wang and Xue|(2014) S |863
’;W:-mg etal.|(2015) S | 86.6
Discriminative, g(y | «) D | 80.7
Generative, p(y | @) G | 827

[&: CTB By parsing £55
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Model test ppl (PTB) | test ppl (CTB)
IKN 5-gram 169.3 255.2
LSTM LM 113.4 207.3
RNNG 102.4 171.9

i n*ﬁiﬂlj%‘(ﬁi
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Composition is Key

HEZR B
S
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- A - U P
o ] .
i i -
t f f t f f
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The hungry cat
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Composition is Key

Ablated RNNGs S48

Model I
Vinyals et al. (2015)7 92.1
Choe and Charniak (2016) 92.6
Choe and Charniak (2016)" | 93.8
Baseline RNNG 933
Ablated RNNG (no history) | 93.2
Ablated RNNG (no buffer) | 93.3
Ablated RNNG (no stack) 92.5
Stack-only RNNG 93.6

GA-RNNG [ 935

E: Ablated RNNGs ZEFZELEMTAIES LRIRIL
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Composition is Key

Ablated RNNGs S48

Model UAS | LAS
Kiperwasser and Goldberg (2016) | 93.9 | 91.9
Andor et al. (2016) 94.6 | 92.8
Dozat and Manning (2016) 954 | 938
Choe and Charniak (2016)1 95.9 | 94.1
Baseline RNNG 956 | 944
Ablated RNNG (no history) 954 | 94.2
Ablated RNNG (no buffer) 956 | 944
Ablated RNNG (no stack) 95.1 | 93.8
Stack-only RNNG 95.8 | 94.6
GA-RNNG | 95.7 | 94.5

E: Ablated RNNGs FEARTFEEMTANES LRIRIL
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Composition is Key

Ablated RNNGs SCI4ER

Model Test ppl. (PTB)
IKN 5-gram 169.3
LSTM LM 113.4
RNNG 105.2
Ablated RNNG (no history) 105.7
Ablated RNNG (no buffer) 106.1
Ablated RNNG (no stack) 113.1
Stack-only RNNG 101.2
GA-RNNG | 100.9

[E: Ablated RNNGs 1€ 4155 &R A RN
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Gated Attention RNNG

EEYEER
(]

BIEHRTEERLIFAFRRE [Chomsky, 1993, Collins, 1997]
o FMIEMAFNZ B UHERNELEMRTE [Chomsky et al

., 1968
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Gated Attention RNNG

EEHER

o IFEMRFEEHLIFAFRAE [Chomsky, 1993, Collins, 1997]

o MIEMEFREFIAAHEAELMIRE [Chomsky et al., 1968]
GA-RNNGs #EREASHLH

e a = softmax([cicy - -] T V[u; 0,¢])

o i m = [cj;cp;- - Ja

e £ g=0(With: + Wom + b)

o BEc=gOty+(1-gOm

12 of 17



Headness

[S]
[ |
T
|

1L B m

ADJP VP NP PP QP SBAR

E: EXEEIRNEENFHERE
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Headness

Noun phrases

Verh phrases

Prepositional phrases

Canadian (0.09) Auto (0.31) Workers (0.2) union (0.22) president (0.18)

1o (0.29) major (0.05) Eurehond (0.32) or (0.01) foreign (0.01) bond (0.1) offerings (0.22)
Saatchi (0.12) client (0.14) Philips (0.21) Lighting (0.24) Co. (0.20)

nonperforming (0.18) commercil (0.23) real (0.25) estate (0.1) assets (0.25)

the (0.1) Jamaica (0.1) Tourist (0.03) Board 0.17) ad (0.20) account (@.40)

Tuying (0.31) and (0.25) selling (0.21) NP (0.23)

ADVP (0.27) show (0.29) PRT (0.23) PP (0.21)

pleaded (0.48) ADIP (0.23) PP (0.15) PP (1.08) PP (0.06)
received (0.33) PP (0.18) NP (0.32) PP (0.17)

cut (0.27) NP (0.37) PP (0.22) PP (0.14)

ADVP (0.14) on (0.72) NP (0.14)

ADVP (0.05) for (0.54) NP (0.40)

ADVP (0.02) because (0.73) of (0.18) NP (0.07)
such (0.31) as (0.65) NP (0.04)

from (0.39) NP (.49 PP (0.12)

the (0.0) final (0.18) hour (0.81)

their (0.0) first (0.23) test (0.77)

Apple (0.62)., (0.02) Compag (0.1) and (0.01) [BM (0.25)
beth (0.02) stocks (0.03) and (0.06) futures (0.88)

NP (0.01), (0.0) and (0.98) NP (0.01)

0 (0.99] VP (0.01)

were (0.77) W't (0.22) VP (0.01)
did (0.39) n"t (0.60) VP (0.01)
handle (0.09) NP (0.91)

VP (0.15) and (0.83) VP 0.02)

of (0.97) NP (0.03)
in (0.93) NP (0.07)
by (0.96) § (0.04)

at (0.99) NP (0.01)
NP (0.1) after (0.

3) NP (0.06)

E: miEEENEESE

1
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The Role of Nonterminal Labels

BRESIAMEERY
o EFAHIREHIRILZAIRE U-GA-RNNG, parsing FIRILA 93.7
o BT HREHIRINZGHIEE GA-RNNG, parsing BIRILA 94.2
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o BT HREHIRINZGHIEE GA-RNNG, parsing BIRILA 94.2

c-. .
Y > I .
.oo.[.. *
.u'....o

E: t-SNE Ei£3f U-GA-RNNG B+ EREIE M EHITREMNER. RER
H=R VPs, SR SBARs, HRR PPs, XEBHARE NPs, ZmR Ss.
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Conclusions
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o BTG, WLAAI RNNGs AR I KBETXTEH (Merge)
BRIEREE
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Future works
@ LSTMs Can Learn Syntax-Sensitive Dependencies Well, But Modeling
Structure Makes Them Better[Kuncoro et al., 2018]

@ Unsupervised Recurrent Neural Network Grammars[Kim et al., 2019]

@ Transformer Grammars: Augmenting Transformer Language Models
with Syntactic Inductive Biases at Scale[Sartran et al., 2022]
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