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PAPER, CONTACTS

L(MG) = L(LCFRS) = L(MCFQG)

Natural Language is Supra-Context-Free AND REFERENCES

L(TAG) = L(CCG)

Swiss German subordinate clauses cross-serial dependency (Shieber, 1985)

Jan sdit das mer d’chind em Hans es huus haend wele laa hdlfe aastriiche
Jan says that we the children-ACC Hans-DAT the house-ACC have wanted let help paint

—

‘Jan says that we have wanted to let the children help Hans paint the house.’
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relations and the representations encoded count information.

Multiple Agreements a''b"c”" B Scrambling

Mildly Context-Sensitive BINARY CLASSIFICATION
NEXT CHARACTER PREDICTION
CFL C L(TAG) C L(MG) = LIMCFQG) POS: all : NP AT [ SN T 3T
. all permutations of a"b"c"/a"b™c"d
LESS COMPLEX CANONICAL MORE COMPLEX SCRAMBLE a'b"c"d"e" — (a/b)”b”_lc”d”e” [EOQS] NEG: remaining strings from {a, b, c}*/{a, b, c,d}"
ww™ WWw WWW
Accuracy (%) IN-DISTR. OO0D OO0D Macro F-1(%) IN-DISTR. 00D 00D
0, = {w € {a,b,c,d}" | ne ne ne wl.€[1.,4 wl, =5 wl, =6
a"b"c"d" a"b"c"d" ] = [l A el — fol.) [1, 50] [51,100]  [101, 150] . W € L1A] w i
. A wly . ransformer 100.0,,, 65.6_, 4 45.7 14 4
Ny N MIX = {w € {a,b,c}" | a"b" Tr.-PE  100.0,, 100.0,,, 91.3.5, MIX LSTM 100.0 70.3 49.0
a"b" g a'bietden ) <, = ful) LSTM _ 100.0.,, 100.0,,, 100.0,, 00 L7105 TE 155
22 o Tr.-PE  100.0,,, 100.0.,, 36.0,.,., W, € [1.3] [w; € [1,4] [wl; € [1.5]
a'bie LSTM  100.0,,, 100.0.,, 100.0.,, o ransformer 100.0..,  60.5.55  45.1.;
2
Tasks g Tr.-PE  100.0.,, 100.0,,, 24.0.,,, LSTM 100.0,,, 100.0,, 98.6.,
LSTM 100.0,,, 100.0,, 48.7 ;¢
BINARY CLASSIFICATION NEXT CHARACTER PREDICTION Tr —=PE___100.0 ' 85 3 ' 33 ' MIX: 2Lx 1H model O,: 2Lx4H model
(BIDIRECTIONAL ATTENTION)  (UNIDIRECTIONAL ATTENTION) a"b"c"d"e" ’ *U0.0 19+15.4 "SE47 Head 1-1 Head 1-3 0200
LSTM 100.0,,, 100.0,,, 100.0.,, a a
a a
Binary 0/1 "'th°t [110] [110] [010] [001] a"b": 2Lx4H model a"b"c": 2Lx4H model a a - 0.150
Label A veetors 4 A A 4 Head 1-4 Head 1-4 b o
D ™ a a i b b
[ Sigmoid [ Sigmoid 3 g_ o C 0.100
J J a C
f 1t F ¢t - 2 : :
inear ) inear ) b B C d
1‘ b b — —
I I I I 0 0.000
[TT1 b C a aabbboccocH aaabbcccddH
verage <
Posting A \ > : ol T o
O 1TT1T1 OIT11 (0111 (1711 [I1T1] (0111 (1111 (17111 ' ' I . ting T t
4 ? $ A 4 4 4 ? aaaaabbbbb aaaaabbbbbccccc Using an MLP regressor prober, Counting Targe
z z : : e 3 b b a"b"c"d": 1Lx4H model a"b"c"d"e": 1Lx4H model we can extract the ongoing #a #b  #C
Transformer w Causal Mask m Head 1-1 Head 1-2 tallies for the 3 SymbOlS in MIX 3 1 O O
Encoder (offers indirect 2 E - 0.4 strings. The predictions and : :
% 3 E]’\ b ? A ,tf\ ; 2 Jeet : targets have an MSE of 0.21 b i L 0]
source  [ETRIEIE] YIRS (ISR (i) Source  [RTRIIN] [NV [SISIEIR) [SIRIE) E and a pearson correlation of c [ 1 1
0) () () () 0) () () () ] ¢ 0.929. This contrasts with a _ _
sinusoidal PE [EIEIEI SIS S Sinusoidal PE 1111 0111 00111 00111 g ¢ control task target (shuffled d 2 1 1]
optiona . 8.6 . e .
Embedding EIiI_II EJ:D II-ll_II EJII Embedding II-II-jj Elil_:lj EJII EJII 1. +1.0 g 1.3 original target) which has an b 2 2 1
S R S S . . B MSE 0T 133, c 2 2 2
a a b b a a b b 0.4 R & 103 +0.9 - -
aaaaabbbbbcccccddddd aaaaabbbbbcccccdddddeeeee




	Slide 1

