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Abstract: Conditional Random Fields (CRFs) is a popular probabilistic graphical model, which has been applied in a
wide range of areas, including Natural Language Process (NLP), Bioinformatics, Computer Vision, etc. However, con-
textual features-based methods usually lead to large-scale feature functions and result in high computational complexity
and low model training efficiency. In this paper, a feature template-based parallel computation technique is proposed to
parallelly process M matrix and reduce computational complexity through observing the main feature of contextual
feature function created by the template. Experimental results show that our approach significantly outperforms tradi-
tional feature function approach on computation speed.
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Table 1. Feature template paradigm
* 1. FHERRSEHI

Table 2. Context feature function examples

® 2. ETCHHER KRB

AR AR i FHAE BRI
U00:%x[—-2,0] U14:%x[2,1] 1 if yi = ‘noun’ & context feature = “Vision’ then output = 1
U01:%x[—-1,0] U15:%x[-2,11/%x[—1,1] 2 if yi = ‘adj’ & context feature = ‘Vision’ then output = 1
U02:%x[0,0] U16:%x[—1,1]/%x[0,1] 3 if y; = ‘adv’ & context feature= ‘Vision’ then output = 1
U03:%x[1,0] U17:%x[0,11/%x[1,1] 4 if y; = ‘verb’ & context feature = ‘Vision’ then output = 1
U04:%x[2,0] U18:%x[1,11/%x[2,1]
U05:%x[—1,0]/%x[0,0] U20:%x[~2,11/%x[~1,1]/%x[0,1] M, (y', y|x) =exp { A, ( Y, y|x)} 4)
U10:%x[-2,1] U21:%x[—1,11/%x[0,11/%x[1,1]
X
U11:%x[-1,1] U22:%x[0,1]/%x[1,11/%x[2,1]
! — — ! —
U12:%x[0,1] B A (Y5 y[x) = Zk:ﬂ'k f (Yia =Y. ¥ =¥.X)
(5)
U13:%x[1,1]
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Figure 1. Replication and cascading schematic of Unigram partial feature function index
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Figure 2. Replication and cascading schematic of Bigram partial feature sequence index

2. Bigram $HEFFFIRSIRH. BHREE
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Figure 3. Matrix M producing schematic
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Figure 4. Bigram template processing schematic
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Table 4. Combinations of featuretemplate

* 4. FHERIRES

Ei) WA A
1 U15-U18
2 U20-U22
3 U15-U18, U20-U22
4 U00-U6,U10-U18,U20-U22

Table 5. Aver age time cost with different feature template combi-

nations

5. TEHERIRA S B PERRARER

R

P FHIERR BRI ASOTTEFER (5) T TTIEREN (s)
&
1 21024 1.245 + 0.660 1260.544 + 1.522
2 42640 2.147+0.117 2543.067 + 0.422
3 63664 3.173 +0.842 4011.712 +£0.165
4 175120 30.346 + 0.082 N/A
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