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Unigrams Feature functions vs. features Others Assessing Distributed representations as features

N-gram feature functions

• Unigrams: the basis for “bag-of-words” models

• Easily generalized to “bag of-ngrams”

• Highly dependent on the tokenization scheme

• Can be combined with preprocessing steps like ‘_NEG’
marking

• Creates very large, very sparse feature representations

• Generally fails to directly model relationships between
features
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Feature functions vs. features

bbinM;`�KbnbQHp2/

�T`BH 9- kykR

(R), 7`QK +QHH2+iBQMb BKTQ`i *QmMi2`
BKTQ`i MmKTv �b MT
BKTQ`i T�M/�b �b T/
7`QK bFH2�`MX72�im`2n2ti`�+iBQM BKTQ`i .B+io2+iQ`Bx2`
7`QK bFH2�`MXHBM2�`nKQ/2H BKTQ`i GQ;BbiB+_2;`2bbBQM
7`QK bFH2�`MXmiBHbX2tiK�i? BKTQ`i bQ7iK�t
BKTQ`i bbi

(k), /27 mMB;`�KbnT?BUi2tiV,
`2im`M *QmMi2`Ui2tiXHQr2`UVXbTHBiUVV

(j), 2t�KTH2ni2tib 4 (]� � �]- ]� � #]- ]� # #]- ]# # #])

(9), 72�ib 4 (mMB;`�KbnT?BUi2tiV 7Q` i2ti BM 2t�KTH2ni2tib)

(8), p2+ 4 .B+io2+iQ`Bx2`UbT�`b246�Hb2V

(e), s 4 p2+X7Bini`�Mb7Q`KU72�ibV

(d), T/X.�i�6`�K2Us- +QHmKMb4p2+X;2in72�im`2nM�K2bUVV

(d), � #
y jXy yXy
R kXy RXy
k RXy kXy
j yXy jXy

(3), v 4 (^*R^- ^*R^- ^*k^- ^*j^)

(N), KQ/ 4 GQ;BbiB+_2;`2bbBQMUV

(Ry), KQ/X7BiUs- vV

(Ry), GQ;BbiB+_2;`2bbBQMUV

(RR), T/X.�i�6`�K2UKQ/X+Q27n- BM/2t4KQ/X+H�bb2bn- +QHmKMb4p2+X;2in72�im`2nM�K2bUVV

R
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Feature functions vs. features( ),

(d), T/X.�i�6`�K2Us- +QHmKMb4p2+X;2in72�im`2nM�K2bUVV

(d), � #
y jXy yXy
R kXy RXy
k RXy kXy
j yXy jXy

(3), v 4 (^*R^- ^*R^- ^*k^- ^*j^)

(N), KQ/ 4 GQ;BbiB+_2;`2bbBQMUV

(Ry), KQ/X7BiUs- vV

(Ry), GQ;BbiB+_2;`2bbBQMUV

(RR), T/X.�i�6`�K2UKQ/X+Q27n- BM/2t4KQ/X+H�bb2bn- +QHmKMb4p2+X;2in72�im`2nM�K2bUVV

(RR), � #
*R yX8edNjk @yX8edNjk
*k @yXydRRy8 yXydRRyj
*j @yX9Ne3kd yX9Ne3kN

(Rk), bQ7iK�tUsX/QiUKQ/X+Q27nXhV Y KQ/XBMi2`+2TinV

(Rk), �``�vU((yXNyeye39N- yXy3R3k983- yXyRkRyeNj)-
(yXeNeRy8dd- yXkk8eeRd8- yXyd3kjk93)-
(yXjkRe8yeR- yXjd9jyek8- yXjy9y9jR9)-
(yXydeRd9jj- yXjR3ky3Re- yXey8eRd8R))V

(Rj), KQ/XT`2/B+inT`Q#�UsV

(Rj), �``�vU((yXNyeye39N- yXy3R3k983- yXyRkRyeNj)-
(yXeNeRy8dd- yXkk8eeRd8- yXyd3kjk93)-
(yXjkRe8yeR- yXjd9jyek8- yXjy9y9jR9)-
(yXydeRd9jj- yXjR3ky3Re- yXey8eRd8R))V

k
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Other ideas for hand-built feature functions
• Lexicon-derived features

• Negation marking

• Modal adverbs:
É “It is quite possibly a masterpiece.”
É “It is totally amazing.”

• Length based features

• Thwarted expectations: ratio of positive to negative
words
É “Many consider the movie bewildering, boring,
slow-moving or annoying.”

É “It was hailed as a brilliant, unprecedented artistic
achievement worthy of multiple Oscars.”

• Non-literal language:
É “Not exactly a masterpiece.”
É “Like 50 hours long.”
É “The best movie in the history of the universe.”
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Assessing individual feature functions
1. sklearn.feature_selection offers functions to assess how much

information your feature functions contain with respect to your labels.

2. Take care when assessing feature functions individually; correlations
between them will make these assessments hard to interpret:

X1 X2 X3 y

1 1 0 T
1 0 1 T
1 0 0 T
0 1 1 T
0 1 0 F
0 0 1 F
0 0 1 F
0 0 1 F

chi2(X1,y) = 3

chi2(X2,y) = 0.33

chi2(X3,y) = 0.2

What do the scores tell us about the best model? In truth, a linear
model performs best with just X1, and including X2 hurts.

3. Consider more holistic assessment methods: systematically removing
or disrupting features in the context of a full model and comparing
performance before and after.
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Distributed representations as features
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Distributed representations as features
bbin+Q/2nyNnbQHp2/

�T`BH 9- kykR

(R), BKTQ`i MmKTv �b MT
BKTQ`i Qb
7`QK bFH2�`MXHBM2�`nKQ/2H BKTQ`i GQ;BbiB+_2;`2bbBQM
BKTQ`i bbi
BKTQ`i miBHb

(k), :GPo1n>PJ1 4 QbXT�i?XDQBMU^/�i�^- ^;HQp2Xe"^V
aahn>PJ1 4 QbXT�i?XDQBMU^/�i�^- ^b2MiBK2Mi^V

(j), ;HQp2nHQQFmT 4 miBHbX;HQp2k/B+iUQbXT�i?XDQBMU:GPo1n>PJ1- ^;HQp2Xe"Xjyy/Xiti^VV

(9), /27 pbKnH2�p2bnT?BUi2ti- HQQFmT- MTn7mM+4MTXK2�MV,
�HHp2+b 4 MTX�``�vU(HQQFmT(r) 7Q` r BM i2tiXHQr2`UVXbTHBiUV B7 r BM HQQFmT)V
B7 H2MU�HHp2+bV 44 y,

/BK 4 H2MUM2tiUBi2`UHQQFmTXp�Hm2bUVVVV
72�ib 4 MTXx2`QbU/BKV

2Hb2,
72�ib 4 MTn7mM+U�HHp2+b- �tBb4yV

`2im`M 72�ib

(8), /27 ;HQp2nH2�p2bnT?BUi2ti- MTn7mM+4MTXK2�MV,
`2im`M pbKnH2�p2bnT?BUi2ti- ;HQp2nHQQFmT- MTn7mM+4MTn7mM+V

(e), /27 7BinbQ7iK�tUs- vV,
KQ/ 4 GQ;BbiB+_2;`2bbBQMU

7BinBMi2`+2Ti4h`m2- bQHp2`4^HB#HBM2�`^- KmHiBn+H�bb4^�miQ^V
KQ/X7BiUs- vV
`2im`M KQ/

(d), ;HQp2nbmKn2tT2`BK2Mi 4 bbiX2tT2`BK2MiU
bbiXi`�BMn`2�/2`Uaahn>PJ1V-
;HQp2nH2�p2bnT?B-
7BinbQ7iK�t-
p2+iQ`Bx246�Hb2V O h2HH <2tT2`BK2Mi< Bi M22/M^i mb2 � .B+io2+iQ`Bx2`X

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

M2;�iBp2 yXejd yXddk yXeN3 NNN

R
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