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OA OB ooooog
A man and woman are talking. A man and a woman are having a conversation. 4.8

A football player in a purple jersey is breathlessly A football player in a purple jersey is running with 4.5
running with the ball for a touchdown. the ball for a touchdown.

A woman is scrubbing a zucchini with a vegetable =~ A woman is eating zucchini and vegetables and 32
brush. scrubbing with a brush.

Two people are carrying colorful baskets and blan-  Two people are sitting with laden baskets and blan- 2.8

kets and walking near a building.

kets.

A man is jumping into an empty pool.

There is no biker jumping in the air.

1.2

A person is not chopping an onion.

A person is riding a motorcycle.

1.1

01 SiIcCKOOOODOODOOooooDooooooooobooooooooo
Method r p MSE r (g and h are identity) r (g and h are tanh)
Cosine (SUM) 0.7588 0.7391 0.4820 Cosine 0.7647 0.7717
Poly (SUM) 0.8332 07810  0.3205 Poly 0.8480 0.8392
RBF (SUM) 0.8339 0.7804 0.3162 RBF 0.8447 0.8393
Cosine (SUM + STR.POS) 07510 07429 04510 03 0noooooonoooonoonoononoooonon
Poly (SUM + STR_POS) 0.8301 0.7858 0.3176 Hoonooooooononnnneennononnog
RBF (SUM + STR_POS) 0.8325 0.7721  0.3094 Hes
Cosine (SUM + STR_.SEM) 0.7647 0.7435 0.4787 O0Oo0oOOBOWsOOOOOOOOOOOOOOO
Poly (SUM + STR.SEM)  0.8480 0.7968  0.2904 000000000 000000000000000
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Method r p MSE
Tllinois-LH_runl [41] 0.7993 0.7538 0.3692
UNAL-NLP_runl [40] 0.8043 0.7458 0.3593
Meaning_Factory_runl [39] 0.8268 0.7722 0.3224
ECNU_runl [38] 0.8280 0.7689 0.3250
DT-RNN [10] 0.7863 0.7305 0.3983
SDT-RNN [10] 0.7886 0.7280 0.3859
LSTM 0.8477 0.7921 0.2949
Bidirectional LSTM [42] 0.8522(2) 0.7952(3) 0.2850 (2)
2-layer LSTM [42] 0.8411 0.7849 0.2980
2-layer Bidirectional LSTM [42] 0.8488 0.7926 0.2893
Constituency Tree LSTM [11] 0.8491 (3) 0.7873  0.2852 (3)
Dependency Tree LSTM [11] 0.8627 (1) 0.8032 (1) 0.2635(1)
Our best model 0.8480  0.7968 (2) 0.2904
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