L anguage M odels as Representations for Weakly-Supervised NLP Tasks

Fei Huang and Alexander Yates Arun Ahuja and Doug Downey
Temple University Northwestern University
Broad St. and Montgomery Ave. 2133 Sheridan Road
Philadelphia, PA 19122 Evanston, IL 60208
fei . huang@ enpl e. edu a- ahuj a@ort hwest ern. edu
yat es@ enpl e. edu ddowney@ecs. nort hwest er n. edu
Abstract features limit systems’ performance in this setting

for two reasons. First, featusparsityprevents sys-
Finding the right representations for words  tems from generalizing accurately to words and fea-
is critical for building accurate NLP systems 15 not seen during training. Because word fre-
when domain-specific labeled data for the guencies are Zipf distributed, this often means that

task is scarce. This paper investigates lan- h is littl | ininal d f b ial
guage model representations, in which lan- there is little relevant training data for a substantia

guage models trained on unlabeled corpora fl’aCtion Of'pal’ametel’s (Blkel, 2004), eSpeCiaIIy in
are used to generate real-valued feature vec- new domains (Huang and Yates, 2009). For exam-

tors for words. We investigate ngram mod- ple, word-type features form the backbone of most
_eIs and probablllstlc graphical models, includ- POS-tagging systems, but types like “gene” and
ing a novel lattice-structured Markov Random “pathway” show up frequently in biomedical liter-

Field. - Experiments indicate that language 516 and rarely in newswire text. Thus, a classifier
model representations outperform traditional

representations, and that graphical model rep- trained. on newswire data qu tested on biomedical
resentations outperform ngram models, espe-  data will have seen few training examples related to
cially on sparse and polysemous words. sentences with features “gene” and “pathway” (Ben-
David et al., 2009; Blitzer et al., 2006).

Further, because words apmlysemous word-
type features prevent systems from generalizing to
NLP systems often rely on hand-crafted, carefullgituations in which words have different meanings.
engineered sets of features to achieve strong perfdror instance, the word type “signaling” appears pri-
mance. Thus, a part-of-speech (POS) tagger wouldarily as a present participle (VBG) in Wall Street
traditionally use a feature like, “the previous tokenJournal (WSJ) text, as in, “Interest rates rose, sig-
ist he” to help classify a given token as a noun omaling that...” (Marcus et al., 1993). In biomedical
adjective. For supervised NLP tasks with sufficientext, however, “signaling” appears primarily in the
domain-specific training data, these traditional fegehrase “signaling pathway,” where it is considered
tures yield state-of-the-art results. However, NLR noun (NN) (PennBiolE, 2005); this phrase never
systems are increasingly being applied to texts likappears in the WSJ portion of the Penn Treebank
the Web, scientific domains, and personal commyHuang and Yates, 2010a).
nications like emails, all of which have very differ- Our response to these problems with traditional
ent characteristics from traditional training corporaNLP representations is to seek new representations
Collecting labeled training data for each new targehat allow systems to generalize more accurately to
domain is typically prohibitively expensive. We in- previously unseen examples. Our approach depends
vestigate representations that can be applied when the well-knowndistributional hypothesjswhich
domain-specific labeled training data is scarce.  states that a word’s meaning is identified with the

An increasing body of theoretical and empiricalcontexts in which it appears (Harris, 1954; Hin-
evidence suggests that traditional, manually-craftedle, 1990). Our goal is to develop probabilistic lan-
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guage models that describe the contexts of individin et al., 1998) as non-sparse features (Lin and Wu,
ual words accurately. We then construepresen- 2009; Candito and Crabbe, 2009; Koo et al., 2008;
tations or mappings from word tokens and typesZhao et al., 2009); 4) and recently, language models
to real-valued vectors, from these language model@engio, 2008; Mnih and Hinton, 2009) as represen-
Since the language models are designed to modations (Weston et al., 2008; Collobert and Weston,
words’ contexts, the features they produce can #008; Bengio et al., 2009), some of which have al-
used to combat problems with polysemy. And byeady yielded state of the art performance on domain
careful design of the language models, we can limadaptation tasks (Huang and Yates, 2009; Huang and
the number of features that they produce, controllinyfates, 2010a; Huang and Yates, 2010b; Turian et al.,
how sparse those features are in training data. ~ 2010) and IE (Ahuja and Downey, 2010; Downey et

In this paper, we analyze the performancel., 2007b). In contrast to this previous work, we de-
of language-model-based representations on taskalop a novel Partial Lattice MRF language model
where domain-specific training data is scarce. Ouhat incorporates a factorial representation of latent
contributions are as follows: states, and demonstrate that it outperforms the pre-
1. We introduce a novel factorial graphical modevious state-of-the-art in POS tagging in a domain
representation, a Partial-Lattice Markov Randonadaptation setting. We also analyze the novel PL-
Field (PL-MRF), which is a tractable variation of MRF representation on an |E task, and several repre-
a Factorial Hidden Markov Model (HMM) for lan- sentations along the key dimensions of sparsity and
guage modeling. polysemy.
2. In experiments on POS tagging in a domain adap- Most previous work on domain adaptation has fo-
tation setting and on weakly-supervised informaeused on the case where some labeled data is avail-
tion extraction (IE), we quantify the performance ofable in both the source and target domains (Daum
representations derived from language models. WH, 2007; Jiang and Zhai, 2007; Dawmlll and
show that graphical models outperform ngram repMarcu, 2006; Finkel and Manning, 2009; Dredze
resentations. The PL-MRF representation achieves al., 2010; Dredze and Crammer, 2008). Learn-
state-of-the-art 93.8% accuracy on the POS taggirigg bounds are known (Blitzer et al., 2007; Man-
task, while the HMM representation improves ovesour et al., 2009). Dau@lll et al. (2010) use semi-
the ngram model by 10% on the IE task. supervised learning to incorporate labeled and unla-
3. We analyze how the performance of the differerbeled data from the target domain. In contrast, we
representations varies due to the fundamental chatwestigate a domain adaptation setting where no la-
lenges of sparsity and polysemy. beled data is available for the target domain.

The next section discusses previous work. Sec- )
tions 3 and 4 present the existing representations we Representations
mvestlgate and the hew PL-MRF, respeciively. Se(I:A representationis a set of features that describe
tions 5 and 6 describe our two tasks and the resu S

. , stances for a classifier. Formally, |&t be an
of using our representations on each of them. Sefﬁstance set. and leE be the set of labels for a
tion 7 concludes. ’

classification task. A representation is a function
R : X — Y for some suitable feature spa¥gsuch
asR?). We refer to dimensions of asfeaturesand
There is a long tradition of NLP research on repfor an instance: € X we refer to values for partic-
resentations, mostly falling into one of four cateular dimensions of2(z) as features of.

gories: 1) vector space models of meaning based . . .

on document-level lexical cooccurrence statisticst Traditional POS-Tagging Representations
(Salton and McGill, 1983; Turney and Pantel, 2010As a baseline for POS tagging experiments and an
Sahlgren, 2006); 2) dimensionality reduction techexample of our terminology, we describe a repre-
niques for vector space models (Deerwester et akentation used in traditional supervised POS taggers.
1990; Honkela, 1997; Kaski, 1998; Sahlgren, 2005The instance set’ is the set of English sentences,
Blei et al., 2003; \ayrynen et al., 2007); 3) using and Z is the set of POS tag sequences. A traditional
clusters that are induced from distributional similarrepresentation RAD-R maps a sentencee X' to a

ity (Brown et al., 1992; Pereira et al., 1993; Mar-sequence of boolean-valued vectors, one vector per
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Representation Feature which we used for both POS tagging (Huang and
Yates, 2009) and IE (Downey et al., 2007b). An
HMM is a generative probabilistic model that gen-
erates each word; in the corpus conditioned on a
latent variabley;. Eachy; in the model takes on in-
NGRAM-R Vw wr P(w'ww”)/P(w)  tegral values from to K, and each one is generated
HMM-TOKEN-R Vellyir — k] by the latent variable for the preceding wotg, ;.

TRAD-R Vollz; = w]
Vsesuffixesl [z ends withs]
1[x; contains a digit

HMM-TYPE-R e P(y = K|z = w) The joint distribution for a corpus = (z1, ... ,xN)
I-HMM-TOKEN-R ¥ 5 1[y; ;% — k] and a set of state vectoss = (y1,...,yn) IS
A A given by: P(x,y) = [T, P(xily:) P(yilyi-1). Us-

LATTICE-TOKEN-R  V; ;. 1[y; j* = k] ing Expectation-Maximization (EM) (Dempster et

LATTICE-TYPE-R Vi P(y = k|z = w) al., 1977), itis possible to estimate the distributions
for P(x;|y;) andP(y;|y;—1) from unlabeled data.

Table 1: Summary of features provided by our repre- We construct two different representations from

sentations. V,1[g(a)] represents a set of boolean fea-HMMs, one for POS tagging and one for IE. For
tures_, one fpr each value of, where the feature. .is POS tagging, we use the Viterbi algorithm to pro-
true iff %(a) s rue. z; reprtesents %ttoken gt flif’_os't'o"‘duce the optimal setting+ of the latent states for a
i in sentencex, w represents a word type, Suffixes : _
{-ing,-ogy,-ed,-s,-ly,-ion,-tion,-it}y, & (andk) represents glve?hsentlenc&f oryx a;g TaXYfP(?H }?' We_

a value for a latent state (set of latent states) in a latent>€ the value i+ a_s a.”e".v ea ure_ QFZ atrepre
variable modely+ represents the optimal setting of la-S€Nts @ clugter of distributionally-similar words. For
tent states for x, y; is the latent variable far;, andy, ;  |E, we require features for word types rather than

is the latent variable for; at layerj. Token represen- tokensz;. We use theK-dimensional vector that
tations (but not type representations) inherit the featureepresents the distributioR(y|z = w) as the fea-
from TRAD-R. ture vector for word typev. This set of features

represents a “soft clustering” af into K different

word z; in the sentence. Dimensions for each laterfilusters. We refer to these representations as1H
vector include indicators for the word typeofand TOKEN-R and HuM-TYPE-R, respectively.
various orthographic features. Table 1 presents theBecause HMM-based representations offer a
full list of features in TRAD-R. Since our IE task small number of discrete states as features, they have
classifies word types rather than tokens, this basg-much greater potential to combat feature sparsity
line is not appropriate for that task. Below, we dethan do ngram models. Furthermore, for token-
scribe how we can learn representatidhby using based representations, these models can potentially
a variety of language models, for use in both our Ihandle polysemy better than ngram language models
and POS tagging tasks. All representations for POy providing different features in different contexts.
tagging inherit the features fromRRD-R; all repre- We also compare against a variation of the HMM
sentations for IE do not. from our previous work (Huang and Yates, 2010a),
henceforth HY10. This model independently trains
M separate HMM models on the same corpus, ini-
N-gram representations model a word typein tializing each one randomly. We can then use the
terms of the n-gram contexts in whieh appears Viterbi-optimal decoded latent state of each inde-
in a corpus. Specifically, for word we generate pendent HMM model as a separate feature for a to-
the vectorP(w'ww”)/P(w), the conditional prob- ken. We refer to this language model as an I-HMM,
ability of observing the word sequeneé to the left and the representation as Imn -TOKEN-R.
andw” to the right ofw. The experimental section Finally, we compare against Brown clusters
describes the particular corpora and language mo(Brown et al., 1992) as learned features. Although
eling methods used for estimating probabilities.  not traditionally described as such, Brown cluster-

_ ing involves constructing an HMM model in which
3.3 HMM-based Representations each type is restricted to having exactly one latent
In previous work, we have implemented severadtate that may generate it. Broven al. describe a
representations based on HMMs (Rabiner, 1989%yreedy agglomerative clustering algorithm for train-

3.2 Ngram Representations



ing this model on unlabeled text. Following Turiar
et al. (2010), we use Percy Liang’s implementatior
of this algorithm for our comparison, and we tes
runs with 100, 320, and 1000 clusters. We use fe
tures from these clusters identical to Turiral’s.!
Turianet al. have shown that Brown clusters matct
or exceed the performance of neural network-bas
language models in domain adaptation experimer
for named-entity recognition, as well as in-domail
experiments for NER and chunking.

4 A Novel Lattice Language M odel
Representation

Figure 1: The Partial Lattice MRF (PL-MRF) Model
Our final language model is a novel latent-variabléor a 5-word sentence and a 4-layer lattice. Dashed gray
language model with rich latent structure, shown ii§dges are part of a full lattice, but not the PL-MRF.
Figure 1. The model contains a lattice/df x N la-
tent states, wher® is the number of words in a sen-
tence andV/ is the number of layers in the model.
We can justify the choice of this model from a lin- 3 Leccuigx,y) SCOTEC, X, y)
DN

sentence as:

guistic perspective as a way to capture the multi-
dimensional nature of words. Linguists have long
argued that words have many different features inghere score:, x,y) = exp(f. - fo(xc,ye)). Our

high dimensional space: they can be separately dgrodel includes parameters for transitions between
scribed by part of speech, gender, number, case, pP&io adjacent latent variables on laygrg!"es, , .
son, tense, voice, aspect, mass vs. count, and a hﬂﬁtyij = sandy,,,; = 5. Italso includes obser-

of semantic categories (agency, animate vs. inantion parameters for latent variables and tokens, as

mate, physical vs. abstract, etc.), to name a few (S%II as for pairs of adjacent latent variables in differ-
et al., 2003). Our model seeks to capture a multis layers and their tokenéﬁ’f&w a”daﬁl}fs,jﬂ,sqw
dimensional representation of words by creating ﬂ)ry = s,y = &, andz; = w

separate layer of latent variables for each dimension. C(Z)?nputélti:)ﬂn;"y the lattice MRF is preferable to
The values of thé/ layers of latent variables for a a ndve Factorial I—,|MM (Ghahramani and Jordan

single word can be used dd distinct features in 997) representation, which would requigé2™ )
our representation. The I-HMM attempts to mOdetarameters for anM—I'ayer model. However. ex-

the same intuition, but unlike a lattice model the 1.t yaining and inference in supervised settings are

HMM Iaye_rs are e”“re'Y independent, and as a &gy inractable for this model (Sutton et al., 2007),
sult there is no mechanism to enforce that the Iayegﬁ\CI thus it has not yet been explored as a language
model different dimensions. DUh (2005) preyiouslymodel, which requires even more difficult, unsuper-
_used a 2-Ia_yer Iattlc_e for tagging and chunking, b_%ised training. Training is intractable in part because
in as.uperwsed setting rather than for representatiof 4o difficulty in enumerating and summing over
learning. _ ~the exponentially-many configuratiogdor a given

Let Clig(x,y) represent the set of all maximaly e address this difficulty in two ways: by modi-

cliques in the graph of the MRF model farandy.  fying the model, and by modifying the training pro-
Expressing the lattice model in log-linear form, wegeqre.

can write the marginal probability(x) of a given

Ly’ HCECliq(x’,y’) SCOl’G{C, x/, y/)

41 Partial Lattice MRF

Percy Liang's implementation is available at|nstead of the full lattice model, we construct a

http://metaoptimize.com/projects/wordreprs/.  Turiah al. . . _ .
also tested a run with 3200 clusters in their experiments, whicﬁartIaI Lattice MRF (PL-MRF) model by deleting

we have been training for months, but which has not finished if€rtain edges betwe?n |5_‘tent layers of the model
time for publication. (dashed gray edges in Figure 1). Let= {%J,



where N is the length of the sentence. 4f< ¢ x. Contrastive estimation seeks to move probability
andj is odd, or ifj is even and > ¢, we delete mass away from the perturbed neighborhood sen-
edges betweep; ; andy; ;1. The same lattice of tences and onto the original sentence. We use a
nodes remains, but fewer edges and paths. A ceneighborhood function that includes all sentences
tral “trunk” at ¢ = ¢ connects all layers of the lat- which can be obtained from the original sentence by
tice, and branches from this trunk connect either tewapping the order of a consecutive pair of words.
the branches in the layer above or the layer beloWraining uses gradient descent over this non-convex
(but not both). The result is a model that retain®bjective function with a standard software package
most of the edges of the full model. Additionally, (Liu and Nocedal, 1989) and converges to a local
the pruned model makes the branches conditionalimaximum (Smith and Eisner, 2005).
independent from one another, except through the For tractability, we modify the training procedure
trunk. For instance, the right branch at layers 1o trainthe PL-MRF one layer at atime. Lgtrepre-
and 2 in Figure 14 4,415, ¥2,4, andys 5) are dis-  sent the set of parameters relating to features of layer
connected from the right branch at layers 3 and 4 and letd_; represent all other parameters. We ini-
(Y3,4,Y3,5, Y44, andyy 5), except through the trunk tially set all parameters in all layers to zero. We then
and the observed nodes. As a result, excluding thix 0_, = 0, and optimized, using contrastive esti-
observed nodes, this model has a lwae-widthof  mation. After convergence, we fik.;, and optimize
2 (excluding observed nodes), and a variety of ef;, and so on. We used a convergence threshold of
ficient dynamic programming and message-passing—%, and each layer typically converged in under
algorithms for training and inference can be readily1 00 iterations.
applied (Bodlaender, 1988).Our inference algo-
rithm passes information from the branches inwards  Domain Adaptation for a POS Tagger
to the trunk, and then upward along the trunk, in
time O(K*MN). We evaluate the representations described above on
As with our HMM models, we create two repre-a POS tagging task in a domain adaptation setting.
sentations from PL-MRFs, one for tokens and one
for types. For tokens, we decode the model to cont.1 Experimental Setup

puteyx, the matrix of optlmql latent state values fere use the same experimental setup as in HY10:
sentencex. For each layer and and each possi-

ble latent state valué, we add a boolean featurethe Penn Trgebank (Marcus etal., 1.9.93) WaII'Street
. . Journal portion for our labeled training data; 561
for tokenz; that is true iffy+; ; = k. For types,

we compute distributions over the latent state spacMEDLINE sentences (9576 types, 14554 tokens,

) . .
Let y be the column vector of latent variables forgg’/0 OOV tokens) from the Penn BiolE project

word z. Eor each possible confiquration of valles (PennBiolE, 2005) for our labeled test set; and all of
: 1P 9 the unlabeled text from the Penn Treebank WSJ por-
of the latent variabley, we add a real-valued fea-

tures forz given by P(y — klz — w). We refer tion plus a MED_LINE corpus of 71,306 unlabeled
. sentences to train our language models. The two
to these two representations asTIIICE-TOKEN-R . :
and LATTICE-TYPE-R, respectively texts come from two very different domains, mak-
' ' ing this data a tough test for domain adaptation.
4.2 Parameter Estimation We use an open source Conditional Random Field

We train the PL-MRF using contrastive estimation(CRF) (Lafferty et al., 2001) software packédgke-

which iteratively optimizes the following objective Signeéd by Sunita Sarawagi and William W. Cohen
function on a corpuX: to implement our supervised models. D€tbe a

training corpus/Z the corresponding labels, aritl
Z log 2y eectiqrx.y) SCOTEE, X, ¥) a representation function. For each tokenn X,
5 2Ny Leectig y) SCOTEe, X, y') - we include a parameter in our CRF model for all

featuresRk(x;) and all possible labels i#. Further-

where \(x), the neighborhood ok, indicates & more we include transition parameters for pairs of
set of perturbed variations of the original sentencg,nsecytive labels;, ;. ;.

2As M, N — oo, 5 out of every 6 edges are kept.
3¢.f. a tree-width of min{/,N) for the unpruned model “4Available from http://sourceforge.net/projects/crf/




For representations, we tested RAD-R, model % error OOV % error
NGRAM-R, HMM-TOKEN-R, [-HMM-TOKEN-R

(between 2 and 8 layers), andstTICE-TokEN-R 1 RAD-R o 11.7 32.7
(8, 12, 16, and 20 layers). Following HY10, each | RAD-R#self-training  11.5 29.6
latent node in the I-HMMs have 80 possible values, SCL 111 -
creating80® ~ 10° possible configurations of the Brown Clusters 10.8 25.4
8-layer I-HMM for a single word. Each node in MM-TOKEN-R 9.5 24.8
the PL-MRF is binary, creating a much smaller :\ISI\R/I/?AM:FR;KEN . 23 2;';-14
20 ~ 6 . . . - _ _ .
number 2<° = 10°) of possible configurations for L ATTICE-TOKEN-R o g

each word in a 20-layer representation. R&G/-R
was trained using an unsmoothed trigram model onSCL+500bio 3.9 -
the Web 1Tgram corpus. To keep the feature sét
manageable, we included the top 500 most cOmMGA e 2: PL-MRE representations reduce error by
ngrams for each word type, and then used mutualse, relative to the previous state-of-the-art I-
information on the training data to select the topHMM, and approach within 2.3% absolute error a
10,000 most relevant ngram features for all wor@CL +500bio model with access to 500 labeled sen-
types. We incorporated ngram features as binafgnces from the target domain. 1.8% of the tags in the
values indicating whether; appeared with the test set are new tags that do not occur in the WSJ training

= 0, i -
ngram or not. We also report on the performancgata’ SO an error rate of3.9+_1.8 5.7% error is a reason
: , able bound for the best possible performance of a model

of Brown clusters and Blitzeet al's Structural

, 7 that has seen no examples from the target domain.
Correspondence Learning (SCL) (2006) technique,

which uses manually-selected “pivot” words (like
“of”, “the”) to learn domain-independent features.from our test data, along with 296 non-polysemous
Finally, we compare against the self-training CRRvord types, chosen based on POS tags and manual

technique from HY10. inspection. We further define sparse word types as
those that appear 5 times or fewer in all of our unla-
5.2 Resultsand Discussion beled data, and non-sparse word types as those that

ear at least 50 times in our unlabeled data. Table

For each representation, we measured the accur
b hows results on these subsets of the data.

of the POS tagger on the biomedical test text. Ta-
As expected, all of our language models outper-

ble 2 shows the results for the best variation of eac%rm the baseline by a larger margin on polysemous

kind of model — 20 layers for the PL-MRF, 7 lay- ds th I ds. Th
ers for the I-HMM, and 1000 clusters for the Brown/Ords than on non-polySemous woras. € mar-

clustering. All language model representations sigﬁm between graphical model representations and the

nificantly outperform the SCL model and theAD- gram model also increases on polysemous words,
R baseline. The novel PL-MRF model outperform@resumably because the Viterbi decoding of these

the previous state of the art, the I-HMM model andnodels takes into account the tokens surrounding
much of the performance ,increase comes fr’om tge sentence when computing the features. The same

11.3% relative reduction in error on words that appehawor is evident for sparse words, as compared

pear in biomedical texts but not in newswire texts\.’vIth non-sparse words: all of the language model

Both graphical model representations significantl [epresentations outperform the baseline by a larger
fnargin on sparse words than not-sparse words, and

outperform the ngram model, which is trained on fa Il of th hical model ¢ bett lative t
more text. For comparison, our best model, the p & 0T the graphical models perform betler relalive 1o

MRF, achieved a 96.8% in-domain accuracy on seg—]e ngram model on sparse words than not-sparse

tions 22-24 of the Penn Treebank, about 0.5% sh ords. . Thus representation_s base_d on g_raphical
of a state-of-the-art in-domain system (Shen et al. odels help address two key issues in building rep-

2007) with more sophisticated supervised Iearning.resem"’ltlons for POS tagging.

We expected that language model representatiogs | nfor mation Extraction Experiments
perform well in part because they provide meaning-
ful features for sparse and polysemous words. Tm this section, we evaluate our learned representa-
test this, we selected 109 polysemous word typdi®ns on a different task that investigates the abil-



POS Tagging Information Extraction
polys. not polys.| sparse notsparse polys. notpolys. sparse notsparse

tokens/types| 159 4321 463 12194 222 210 266 166
categories - - - - 12 4 13 3
TRAD-R 59.5 78.5 52.5 89.6 - - - -
Ngram 68.2 85.3 61.8 94.0 0.07 0.17 0.06 0.25
HMM 67.9 83.4 60.2 91.6 0.14 0.26 0.15 0.32

(-Ngram) (-0.3) (-1.9) | (-1.6) (-2.4) (+0.07)  (+0.09) | (+0.09) (+0.07)
[-HMM 75.6 85.2 62.9 94.5 - - - -

(-Ngram) (+7.4) (-0.1) (+1.1) (+0.5) - - - -
PL-MRF 70.5 86.9 65.2 94.6 0.09 0.15 0.1 0.19

(-Ngram) || (+2.3) +1.6) (+3.4) (+0.6) (+0.02) (-0.02) | (+0.04) (-0.06)

Table 3: Graphical models consistently outperform ngram models by a larger margin on sparse words than

not-spar se words. On polysemous wor ds, the difference between graphical model performance and ngram per-

formance growsfor POStagging, where the context surrounding polysemouswordsis availableto thelanguage
model, but not for infor mation extraction. For tagging, we show number of tokens and accuracies. FavdEhow
number of types, categories, and AUCSs.

ity of each representation to capture semantic, rathéon vector. As a measure of distance between rep-
than syntactic, information. Specifically, we investesentations, we compute the average of five stan-
tigate aset-expansiortask in which we're given a dard distance measures, including KL and Jensen-
corpus and a few “seed” noun phrases from a s&hannon divergence, and cosine, Euclidean, and L1
mantic category (e.g. Superheroes), and our goal distance. In experiments, we found that improving
to identify other examples of the category in the corupon this simple averaging was not easy—in fact,
pus. This is aveakly-supervisethask because we are tuning a weighted average of the distance measures
given only a handful of examples of the categoryfor each representation did not improve results sig-
rather than a large sample of positively and negatificantly on held-out data.
tively labeled training examples. Because set expansion is performed at the level
Existing set-expansion techniques utilize the disaf word types rather than tokens, it requires type-
tributional hypothesis: candidate noun phrases forlzased representations. We companam+TYPE-
given semantic class are ranked based on how siR; NGRAM-R, LATTICE-TYPE-R, and Brown clus-
ilar their contextual distributions are to those of theers in this experiment. We used a 25-state HMM,
seeds. Here, we measure how performance on thad the same PL-MRF as in the previous section.
set-expansion task varies when we employ differefiollowing previous set-expansion experiments with
representations for the contextual distributions.  n-grams (Ahuja and Downey, 2010), we employ
a trigram model with Kneser-Ney smoothing for
6.1 Methods NGRAM-R. Unlike the tagging systems, we used all
The set-expansion task we address is formalized RgSSible prefixes of Brown clusters as features when
follows: given a corpus, a set of seeds from som@€asuring distance for IE.
semantic categorg/, and a separate set of candidate
phrasesP, output a ranking of the phrases inin  0-2 Data Sets
decreasing order of likelihood of membershigiin ~ We utilized a set of approximately 100,000 sen-
For any given representatid®, the set-expansion tences of Web text, joining multi-word named enti-
algorithm we investigate is straightforward: we creties in the corpus into single tokens using the Lex
ate a prototypical “seed representation vector” equalgorithm (Downey et al., 2007a). This process
to the mean of the representation vectors for ea@dnables each named entity (the focus of the set-
of the seeds. Then, we rank candidate phrases éxpansion experiments) to be treated as a single to-
increasing order of the distance between the candien, with a single representation vector for compar-
date phrase representation and the seed represeigan. We developed all word type representations



model AUC had a median number of occurrences in the cor-

HMM-TYPE-R 0.18 pus less than 30 were deemed sparse, and others
Brown-1000 0.16 non-sparse. |E performance on these subsets of the
LATTICE-TYPE-R 0.11 data are shown in Table 3. Both graphical model

NGRAM-R 0.10 representations outperform the ngram representation
Random baseline  0.10 more on sparse words, as expected. For polysemy,

the picture is mixed: the PL-MRF outperform n-

Table 4: HaM-TyPE-R outperforms the other meth- grams on polysemous categories, whereas HMM'’s
ods, improving performance by 12.5% over Brown performance advantage over n-grams decreases.

clusters, and by 80% over thetraditional NGRAM-R. One surprise on the IE task is that theriCe-
TyPE-R performs significantly less well than the

HMM-TYPE-R, whereas the reverse is true on POS
using this corpus. tagging. We suspect that the difference is due to the
To obtain examples of multiple semantic catissue of classifying types vs. tokens. Because of
egories, we utilized selected Wikipedia “listOf” their more complex structure, PL-MRFs tend to de-
pages from (Pantel et al., 2009) and augmented thgsend more on transition parameters than do HMMs.
with our own manually defined categories, such th&urthermore, our decision to train the PL-MRFs
each list contained at least ten distinct examples oasing contrastive estimation with a neighborhood
curring in our corpus. In all, we had 432 exam+that swaps consecutive pairs of words also tends to
ples across 16 distinct categories such as Countrigsnphasize transition parameters. As a result, we

Greek Islands, and Police TV Dramas. believe the posterior distribution over latent states
given a word type is more informative in our HMM
6.3 Results model than the PL-MRF model. We measured the

gntropy of these distributions for the two models,

For each semantic category, we tested five diffe )
ﬁ@d found thaH(PpL.MRF(y‘ﬂf = w)) = 9.95 bits,

entrandom selections of five seed examples, treati ) .
the unselected members of the category as positig@MPared With (Pawm (y|z = w)) = 2.74 bits,
examples, and all other candidate phrases as ned4lich supports the hypothesis that the drop in the

tive examples. We evaluate using the area under the-"MRF’S performance on IE is due to its depen-

precision-recall curve (AUC) metric. dence on transition parameters. Further experiments
The results are shown in Table 4. All represen‘:Jlre warranted to investigate this issue.

tations improve performance over a random bas& Conclusion and Future Work

line, equal to the average AUC over five random or- o

derings for each category, and the graphical modefur investigation into language models as represen-

outperform the ngram representationMH_TypE_ tations shows that graphical models can be used to

R performs the best overall, and Brown clusteringombat polysemy and, especially, sparsity in rep-

with 1000 clusters is comparable (320 and 100 clugesentations for weakly-supervised classifiers. Our

ter perform slightly worse). novel factorial graphical model yields a state-of-the-
As with POS tagging, we expect that Ianguagé‘rt POS tggg_gr for domain adaptation, and HMMS

model representations improve performance on t{E1Prove significantly over all other representations

IE task by providing informative features for sparsdn an information extraction task. Important direc-

word types. However, because the IE task classifié@ns for future research include models for han-

word types rather than tokens, we expect the refling polysemy in IE, and richer language models

resentations to provide less benefit for polysemod8at incorporate more linguistic intuitions about how

word types. To test these hypotheses, we measur@@rds interact with their contexts.

how IE pr—;rformanc.e chg_nged in sparse or pOIySﬁcknowledgments
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