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The luxury auto maker last year sold 1,214 cars in the U.S.
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rules are extracted. Constituents in gray are members of the
frontier set; a minimal rule is extracted from each of them.
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World Knowledge

SMART: A Situation Model for Algebra Story Problems via Attributed Grammar
Yining Hong, Qing Li, Ran Gong, Daniel Ciao, Siynan Huang, Song-Chun Zhu
University of California, Los Angeles, USA.

yininghong @cs.ucla.edu, {liging, nikepupu, danielciao, huangsiyuan} @ucla.edu, sczhu@stat.ucla.edu

Math Knowledge

Figure 1: The process of human solving algebra story prob-
lems: We first hallucinate a situation model from the text and
then perform arithmetic reasoning on the situation model to
compute an answer. If we fail to generate a correct solution,
we can adjust our situation model accordingly.
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P B after 2 hours. Car B
Kilometers per hour and Car A s traveling at what speed every
hour?

Problem

Inference

A car travels from
city Ato city B. It
travels for 6

hours on the first
day, with a speed
of 65 kilometers an
hour. On the
second day, it
travels (1/3) of the
distance he
travels the first
day. Then it
arrives. What is the
distance between
city Aand city B?

NER

|

World: City A and city B
Agent: Car ==

A |Rate: 65 Amount: 5 ===

Situation Model

Learning

T
N D)
- S G e

Total x - Goal

Autute

ravels (1

Total: x1

It travels (1/3) of the
distance he .. frst day.

Relation
Extraction

Rate: 65
Amount &

.the first day.

Retaons o—

T

Rate: y2 Buffer

Amount: 22

1/3)

x2=x1%(1/3)-

Execute
x=520¢

Iterative Learning

Figure 2: Overview of our SMART model. The Named Entity Recognition (NER) module extracts the spans of nodes, attributes,
as well as relations from the text, and construct a parse graph using Attributed Grammar. The Relation Extraction module uses
the relation spans and the parse graph already constructed to embed some relations into the parse graph. In the updated graph
parser, Relation Extraction corresponds to Seq2Seq. The relations are then executed to get the final answer. If the answer is

correct, it is added to the buffer of pseudo-gold parse graphs to train NER and Seq2Seq. If not, it is added to the failure set to
be undated in the following iterations.
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Dependency distance as a metric of language comprehension difficulty 403 2008
HLiu
Journal of Cognitive Science 9 (2), 159-191
Approaching human language with complex networks 275 2014
J Cong, H Liu
Physics of life reviews 11 (4), 598-618
Dependency dlstam:s Anew perspective on syntactic pattems in natural languages 274 2017
H Liu, C Xu, J Liar
Physics of Hh rewsws 21,171-193
Dependency direction as a means of word-order typology: A method based on 173 2010
dependency treebanks
HLiu
Lingua 120 (6), 1567-1578
The effects of sentence length on dependency distance, dependency direction and 164 2015
the implications-based on a parallel English-Chinese dependency treebank
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Dependency direction as a means of word-order typology:

A method based on dependency treebanks

Vs sV VO ov NAdj AdiN WALS

Arabic (ara) 614 (2153) 38,6 (1351) 91 (5313) 9(524) 95.9 (3953) 4.1 (167) VS-VO-NAdj
Bulgarian (bul) 18.5 (3,036) 81.5(13417)  90.1 (6224) 9.9 (682) 1.6 (180) 984(11212)  ?-VO-AdjN
Catalan (cat) 18.5 (4584) 81.5(20221)  855(19,080) 145 (3239) 99.2 (1680) 0.8 (14) ?2-VO-NAdj
Chinese (chi) 1.3 (19) 98.7 (1400) 98 (1679) 2(34) 04 (2) 99.6 (461) SV-VO-AdjN
Czech (cze) 274(34273)  726(90841) 729 (74583)  27.1(27735)  86(11521)  91.4(122004)  SV-VO-AdjN
Danish (dan) 19.8 (1015) 80.2 (4122) 99.1 (8739) 09 (81) 60 (1683) 40 (1124) SV-VO-AdiN
Dutch (dut) 287(13258)  713(33000)  825(71030)  17.5(15085)  7.4(2024) 92,6 (25207)  SV-2-AdiN
Greek (ell) 34.7 (1609) 65.3 (3029) 80.5 (3437) 19.5 (834) 8.4 (400) 91.6 (4345) ?2-VO-AdjN
English (eng) 32 (1116) 96.8(33.916)  93.5(28219) 6.5 (1959) 2.6 (661) 97.4(24,801)  SV-VO-AdjN
Basque (eus) 204 (765) 79.6 (2990) 12.8 (381) 87.2 (2589) 78 (1234) 22 (349) SV-OV-NAdj
German (ger) 332(17.382)  66.8(34938)  36.8 (9447) 632(16237)  37.1(15355) 629 (26016)  SV-2-AdjN
Hungarian (hun) ~ 26.6 (1764) 73.4 (4862) 47.8 (2600) 52.2 (2843) 2.3 (339) 97.7(14239)  SV-2-AdjN
Italian (ita) 245 (869) 75.5 (2681) 82.3 (2090) 17.7 (451) 60.9 (2374) 39.1 (1523) ?7-VO-NAdj
Japanese (jpn) 0 100 (5509) 0 100 (27.553) 0 100 (3820) SV-OV-AdjN
Portuguese (por)  15.7 (1899) 843(10,190)  85.1(9447) 14.9 (1656) 70.1 (5858) 29.9 (2495) SV-VO-NAdj
Romanian (rum)  21.9 (648) 78.1 (2313) 88.3 (1568) 11.7 (208) 66.9 (2905) 33.1 (1439) SV-VO-NAj
Slovenian (slv) 38.9 (658) 61.1 (1035) 745 (2375) 25.5 (815) 11 (189) 89 (1534) SV-VO-AdiN
Spanish (spa) 21.5 (1107) 78.5 (4032) 77.3 (3417) 22.7 (1006) 98 (431) 2(9) ?-VO-NAdj
Swedish (swe) 22.7 (4296) 77.3(14589) 946 (10411) 5.4 (596) 0.4 (26) 99.6 (6656) SV-VO-AdiN
Turkish (tur) 8.1 (284) 91.9 (3208) 4(255) 96 (6175) 03 (11) 99.7 (3514) SV-OV-AdjN

* In fact, here we use dominant word order unlike the definition in Croft (2002:60), and closer to the understanding of basic word order in Whale:
(1997:100). In other words, it only shows that one of the word order types is more frequent (or dominant) in language use. Dryer (2008a) points out tha
WALS also uses the dominant word order in this meaning, to emphasize that priority is given to the criterion of what is more frequent in language use
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Fig. 5. 20 languages in Tesniére’s typological classification system.

Fig. 10. Clustering of observations for 20 languages.
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A Computational Approach to Deciphering Unknown Scripts

Kevin Knight

Kenji Yamada

USC/Information Sciences Institute ~ USC/Information Sciences Institute

4676 Admiralty Way
Marina del Rey, CA 90292
knight@isi.edu

B—borv
D—d
G-g
J=i
L—ollory
a—aord
b—borv
d—d
e—eoré
fof
8 .
i—iori
11
m—m
n-n

Figure 1: The Phaistos Disk (c. 1700BC). The
disk is six inches wide, double-sided, and is the
earliest known document printed with a form of o—ooré
movable type. p—p
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nothing — h

T (followed by a, o, or u) = z
T (followed by e or i) = c or z
T (otherwise) = ¢

k (followed by e ori) = q u

k (followed by s) — x

k (otherwise) — ¢

rr (at beginning of word) — r
rr (otherwise) — rr

s (preceded by k) — nothing
s (otherwise) — s

A Statistical Model for Lost Language Decipherment

Benjamin Snyder and Regina Barzilay Kevin Knight

ISI

Massachusetts Institute of Technology University of Southern California
{bsnyder, regina}@csail.mit.edu knight@isi.edu
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Emergence and evolution of language in multi-agent
systems

Dorota Lipowska ®*, Adam Lipowski®

2 Faculty of Modern Languages and Literature, Adam Mickiewicz University, Poznan, Poland

® Faculty of Physics, Adam Mickiewicz University, Poznan, Poland

Success Failure
Speaker Hearer Speaker Hearer
i klim klim
klim naem | 12eM naem
— —
naem edom naem edom
naem naem klim klim
naem edom
naem

Fig. 1. An elementary step in the single-object version of the naming game.
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Naming Game

Speaker Hearer

dnab | w,(dnab,S) anab | @enany

htab | w,(htab,S) htab | w,(htab,H)

taob | wi(tach;s) taob | w,(taob,H)

dnab @(dnab@ . dnab @dna@

htab | Cw,(htab,S)) htab | w(htab,H)
@, | [ taob | wj(taoh,H)

If success:

w,(dnab,s) — w,(dnab,s) + 1

w,(dnab,H) —— w,(dnab,H) + 1

Fig. 2. An elementary step in a 2-object version of the signaling game model with reinforcement learning (Lipowska and Lipowski,
2018). The speaker randomly chooses an object (the corresponding section of the inventory is encircled by a dotted line). Using the
relevant weights (in solid circles), the speaker selects one of its words (here: “dnab). Next the hearer tries to guess the object the
speaker i talking about, taking into account the weights of the communicated word (in circles). If the hearer's guess is correct, both
agents increase their corresponding weights by 1. Othenwise, the weights remain unchanged.

Signaling Game with Reinforcement Learning

2 HUAWEI



Content

BEE: ABRERRATIERSESFEXRAUNRERE



BEE: RFANRKALERSESFXRAUNRERE
> RHMATEEMNEAN—LESSEE, MATEROELLERS,
> —EEEOESFRENEE, MATEME, BARHEESFOLRSE T RAOHN;
> BRETLBAESE T A IES SRS, BARAR, AERE. AESH. &

22 total:23

SHHEL. HIARENES,
Gt ARG, —AEESFMNEREHESE, Z—FHE, BEEFNERBEREE, A%
FRRGE T 73 M AR A & 2 0] ;
HEM%E, FHEAESEE, RALBRAESEMMLEKEE
> —5AE, RENETIESFNGEAEALSEMRPREESINERERUSS, EEZLHOBNAT;
> B—AE, RTAAXBEEENLREAESFEALRRPOEMRETREFNNS, GFX
BEEINBIETRR. XESHEENITN,. BETXESRENSBRIENASE;
LAChomsky A RHIBIER1E S FRITLAChatGPT AR REIBIIIK A L& sE 77 AR UM R 3t
SE, AWARLEFZEHRBBTESNAR;
ATBENCVELR, AESEMREHRNINFRIEANIER, £ZHFEEDTESEN
R

YL HUAWEI PSR RG



Thank you!

IMYFHREAGIA, FIRE,
BMER, WEAYERNEEEHF.
Bring digital to every person, home and organization
for a fully connected, intelligent world.

Copyright©2018 Huawei Technologies Co., Ltd.
All Rights Reserved.

The information in this document may contain
predictive statements including, without limitation,
statements regarding the future financial and
operating results, future product portfolio, new
technology, etc. There are a number of factors that
could cause actual results and developments to
differ materially from those expressed or implied in
the predictive statements. Therefore, such
information is provided for reference purpose only
and constitutes neither an offer nor an acceptance.
Huawei may change the information at any time
without notice.

V2 HUAWEI



	动机与背景
	背景与动机
	时间线

	语言学对人工智能的影响
	Chomsky语言学理论
	宾州树库及其衍生语料库
	宾州树库
	PropBank
	FrameNet
	依存语法、配价语法、组合范畴语法（CCG）
	基于合一的语法
	句法分析算法
	分布式语义学及其影响
	统计方法的兴起
	统计和语言学相结合的自然语言处理方法
	大语言模型的句法能力
	大语言模型时代语言学对人工智能还有用吗？
	基于情境语义学的大模型常识推理方法
	Chomsky对ChatGPT的批评

	人工智能对语言学的影响
	基于大数据的语言学研究
	Dependency direction as a means of word-order typology: A method based on dependency treebanks
	基于概率模型的古文字破解
	基于多智能体的语言发生和演化

	总结：大模型时代人工智能与语言学关系现状与展望
	总结：大模型时代人工智能与语言学关系现状与展望


