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Appendix

Anonymous EMNLP-IJCNLP submission

A Details in Posterior Regularization

Expectation rewriting

R(C,q) < r
> qr (i, 5)
k (i,5):(k,i,j)eCt <
> > a(i,j)  ~
k (i,5):(k,i,j)eCTuC—
1=r > ali)-r > alij) < 0
(k,i,j)eCT (kyi,j)eC—
(k,i,5)
Ey~q[¢()’)] < 0
Let ¢/(k,i,7) = —¢(k,1i,7), we have
R(C,q) > r
> qr (i, 5)
k (i,5):(k,i,5)eCt >
> > a(i,j)  —
k (i,5):(k,i,j)eCTuC—
Q-r > alii)-r > a@j) > 0
(kyi,j)eC+ (kyi,j)eC—
(kyi,9)
> ali,))d' (k,i,5) < 0
(k,i,5)
Eyqld'(y)] < 0

Dual form solving This dual form of the opti-
mization problem is given in Ganchev et al. (2010)
as

7 (y) = PIw) e;rg;)A* ).

A= —log Z(A
arg max —log Z(}),

Z(\) = pe(y'|w)exp(=X* - o(y")).
>

Noting that both the feature function ¢ and
model py can be easily factorized to arc-level, we
can set

C]/T;(%J) = p@(yk(lv.]”wk) eXp(_)‘* ) ¢(k,2,j))

as our model on target language.
The dual form is not easy to solve since the

number of possible y’ can be exponentially large.
We need to do factorization to make it tractable.

Z(\)
= > po(y'[w)exp(=\- p(w,y"))

y!

- ZHPG (Vi|wk) exp(=A - ¢(Wi, yk))
= ZH I1

Yy k (4,5)ye(i,5)=1

=2 A1 1 )

ko (4,5)yg(i,5)=1

= H II > a6

kE[N]i€[Lk] jE[Lg]

log Z(\)
kE[N]i€[Ly] JE[Lk]
9log Z(A)

oA

) % ]_¢(k7i7j)QZ(iaj)
= 2 T e

kE[N]i€[Ly] PETA

The Hessian matrix of Z()\) is given by

H(Z(\) = > po(y'|w)exp(—=A- ¢)[¢" ¢].

y/

Noting that ¢'¢ is positive semi-definite, and
po(y'|w)exp(—=X - ¢) > 0, so H(Z(N)) is also
positive semi-definite, which means Z(\) is con-
vex, and log Z(\) is quasi-convex. We can sample
b instances from dataset and compute the gradient

Po (Y (3, 7)|Wr) exp(=A - ¢(yx (7,

7))

050
051
052
053
054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099



100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149

Confidential Review Copy. DO NOT DISTRIBUTE.

Hyper-parameter Value
Input word dimension 300
Input pos dimension 50

Encoder layer 6
Encoder d,,0de1 350 . L
anguage anguages
Encoder d 1f 512 Families
Arc MLP size 512 Afro-Asiatic Arabic (ar), Hebrew (he)
Label MLP size 128 Austronesian Indonesian (id)
.. Dravidian Tamil (ta)
Tral.mr.lg dropout 0.2 Turkic Turkish (@)
Optimizer Adam IE.Celtic Welsh (cy)
Learning rate 0.0001 IE.Baltic Latvian (Iv)
Batch size 80 IE.Germanic Danish (da), Dutch (nl), English (en)
IE.Indic Hindi (hi), Urdu (ur)
. . 1E.Latin Latin (la)
Table 1: Hyper-parameters in our model. TE Romance Catalan (ca), French (fr)
IE.Slavic Bulgarian (bg), Croatian (hr)
Hyper-parameter Lagrangian PR Korean Korean (ko)
Initial learning rate 50 1 Uralic Estonian (et), Finnish (fi)
Learymg Fate d.ecay 0.9 0.98 Table 3: The selected languages for experiments from
Maximal iteration 60 100 UD v2.2 (Nivre et al., 2018)).
Batch size full batch 128

Table 2: Hyper-parameters in our model.

to estimate the full gradient, and apply stochas-
tic gradient descent to get the optimal \*. We
can verify that Z(\) is convex, and log Z(\) is
quasi-convex. We can sample b instances from
dataset and compute the gradient to estimate the
full gradient, and apply stochastic gradient descent
or Adam to get the optimal \*.

B Hyper-parameters

Model We follow the hyper-parameters used in
Ahmad et al. (2019) shown in table 4.

Inference The hyper-parameters in inference al-
gorithms, Lagrangian relaxation and posterior reg-
ularization, are shown in table 2.

C Language Family

The languages we selected and their language
families are shown in Table 3

D Entire experiment results

The entire experiment results are shown in Table 4

E Efficientiveness of constraints figure

The figure is shown in Figure 1

17.5 =
15.0
12.5
10.0
7.5 X
5.0
2.5 KX
0.0] %K
00 01 02 03 04 05
ratio gap

X

UAS improvement

Figure 1: Ratio gap v.s. A perf.

Figure 2: The performance improvement is highly
correlated to the difference in corpus linguistic statis-
tics (estimated by weighted average ratio gaps in con-
straints) between target and source languages. (The
Pearson Correlation Coefficient is 0.938.)
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200 250
201 251
202 252
203 253
204 254
205 255
ZE: Family Lang. | Features | Baseline Lagrangian Relaxation | Posterior Regularization z::
208 Oracle WALS AWALS | Oracle WALS AWALS 058
209 IE.Indic ur -1,-1,1 18.3 352 340 +15.7 350 337 +15.4 259
210 IE.Indic hi -1,-1,1 34.3 524 534  +19.1 51.3 49.1 +14.8 260
211 Dravidian ta -1,-1,1 36.1 42.8 434 +7.3 43.1  43.0 +6.9 261
212 Turkic tr -1,-1,1 31.2 352 37.1 +5.9 351 363 +5.1 062
013 Afro-Asiatic ar 1, 1,-1 38.5 473 453 +6.8 45.8 437 +5.2 063
14 Afro-Asiatic he 1,1,1 55.7 58.8 57.6 +1.9 583 57.6 +1.9 064
o1 Austronesian id 1,1,1 49.3 53.1 523 +3.0 523 519 +2.6 -
o1t Korean ko -1,-1,1 34.0 371 372 +3.2 36.3 364 +2.4 oot
IE.Celtic cy 1, 1,-1 47.3 542  51.7 +4.4 53.8  50.0 +2.7
7 IE.Slavic he | LL1 | 622 | 637 632  +1.0 63.6 634  +12 267
218 IE.Slavic bg | 1,1,1 | 796 | 797 792  +0.0 797 797 401 268
219 IE.Slavic es | 1,1,1 | 630 | 639 640  +1.0 638 636  +0.6 269
220 IE.Slavic pl | 1,1,1 | 746 748 736  -1.0 75.0  74.8 +0.2 270
221 IE.Slavic ru 1,1,1 60.6 616 61.2 +0.6 614 614 +0.8 2n
222 IE.Slavic sk 2,77 66.8 66.3 67.9 +1.1 67.0 66.8 +0.0 272
223 IE.Slavic sl 1,1,1 67.8 679 679 +0.1 679 679 +0.1 273
224 IE.Slavic uk 1,1,1 59.9 62.1 60.9 +1.0 619 61.1 +0.2 274
225 IE.Romance ca 1, 1,-1 73.9 749  73.8 -0.1 749 74 +0.8 275
226 IE.Romance fr 1,1,-1 77.8 79.1  78.7 +0.9 79.0 79.0 +1.2 276
227 IE.Romance it 1, 1,-1 80.9 82.0 80.3 -0.6 81.8 814 +0.5 277
228 IE.Romance pt 1,1,-1 76.8 775 76.0 -0.8 774  T77.6 +0.8 278
229 IE.Romance ro 1,1,-1 65.8 67.7 66.3 +0.5 67.7 66.9 +1.1 279
230 IE.Romance es 1,1,-1 74.6 75.8 742 -04 75.6 742 -04 280
231 IE.Baltic Iv 1,1,1 70.3 70.7  69.5 -0.8 70.5 69.9 -04 281
232 IE.Latin la 2,77 474 48.0 45.6 -1.8 48.1 473 -0.1 282
233 Uralic et 1,-1,1 65.3 65.5 65.8 +0.5 65.7 66.0 +0.7 283
234 Uralic fi 1,-1, 1 66.7 67.1 67.0 +0.3 669 67.1 +0.4 284
235 IE.Germanic da 1,1,1 76.6 76.6  76.5 -0.1 76.6  76.6 +0.0 285
236 IE.Germanic nl 0,1,1 67.5 67.6  67.5 +0.0 67.9 67.9 +0.4 286
037 IE.Germanic de 0,1,1 70.6 70.8  70.6 +0.0 70.6  70.6 +0.0 057
038 IE.Germanic no 1,1,1 80.5 80.4  80.5 +0.0 80.5 80.5 +0.0 088
230 IE.Germanic sV 1,1,1 80.3 80.5 80.5 +0.2 80.5 80.5 +0.2 080
240 Average Performance | 61.1 63.8 632 +2.2 63.6 63.1 +2.0 290
241 Table 4: Proposed constraints performance compared with baseline, corpus-statistics constraints compiled from 291
242 WALS features and model utilize the same annotation efforts data. 292
243 203
244 204
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246 296
247 297
248 298
249 299
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