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System M-1 VM
w/0 hand-engineered features

Discrete HMM 62.7 53.8
PYP-HMM (Blunsom and Cohn, 2011) 775 698
NHMM (basic) (Tran et al., 2016) 59.8 54.2
NHMM (+ Conv) (Tran et al., 2016) 74 | 66 1
NHMM (+ Conv & LSTM) (Tran et al., 2016) 79.1 71.7
Gaussian HMM (Lin et al., 2015) 75.4 (1.0) 68.5(0.5)
Ours (4 layersy 79.5(0.9) 73.0(0.7)
Ours (8 layers) 80.8 (1.3) 74.1(0.7)
Ours (16 layers) 73.2 (4.3) 70.5(2.1)
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Ours (4 layers) 79.5 (0.9) 73.0(0.7)
Ours (8 layers) 80.8 (1.3) 74.1(0.7)
Ours (16 layers) 73.2(4.3) 70.5(2.1)
w/ hand-engineered features

Feature HMM (Berg-Kirkpatrick et al., 2010) 75.5 -
Brown (+ proto) (Christodoulopoulos et al., 2010) 76.1 68.8
Cluster (word-based) (Yatbaz et al., 2012) 80.2 72.1
Cluster (token-based) (Yatbaz et al., 2014) 79.5 69.1
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System < 10 all
w/o gold POS tags
DMV (Klein and Manning, 2004) 49.6 35.8
E-DMYV (Headden 11 et al., 2009) 52.1 38.2
UR-A E-DMYV (Tu and Honavar, 2012) 58.9 46.1
CS* Gpoviyersoy 7200 644
Neural E-DMYV (iang et al., 2016) 55.3 42.7
CRFAE (caietal,2017) 37.2 29.5
Gaussian DMV 55.4(13)_ 43.1(1.2)
Ours (4 layers) 58.4(1.9) 46.2(2.3)
Ours (8 layers) 60.2 (1.3) 47.9(1.2)
Ours (16 layers) 54.1 (8.5) 43.9(5.7)
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Ours (4 layers) 58.4(1.9) 46.2(2.3)
Ours (8 layers) 60.2 (1.3) 47.9(1.2)
Ours (16 layers) 54.1 (8.5) 43.9(5.7)
w/ gold POS tags (for reference only)

DMV (Klein and Manning, 2004) 55.1 39.7
UR-A E-DMV (Tu and Honavar, 2012) 7 1.4 570
MaxEnc (Le and Zuidema, 2015) 73.2 65.8
Neural E-DMYV (iang et al., 2016) 72.5 57.6
CRFAE (caietal., 2017 71.7 55.7
L-NDMV (Big training data) (Han et al., 2017) 77 2 632
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Caveats
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System M-1 VM
Ours (4 layers) 78.2 71.2
Ours (8 layers) 72.5 69.7
Ours (16 layers) 67.2 69.2

Table 3: Unsupervised POS tagging results of our approach
on WSJ, with random initialization of syntax model.

System < 10 all

Gaussian DMV 53.6 41.3
Ours (4 layers) 56.9 43.9
Ours (8 layers) 57.1 42.3
Ours (16 layers) 52.9 39.5

Table 5: Directed dependency accuracy on section 23 of
WSIJ, with fastText vectors as the observed embeddings.
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