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Algorithm 1 NER for Tweets.
Require: Tweet stream 7: output stream o.
Require: Training tweets ts: gazetteers ga.

1: Initialize I, the CRF labeler: [ = traing(ts).

2: Initialize [, the KNN classifier: [, = traing(ts).
3: Initialize n. the # of new training tweets: n = 0.
4: while Pop a tweet ¢ from 7 and £ # null do

5 for Each word w € ¢t do
6: Get the feature vector w: w =
repr,, (w,t).
i Classify w with knn: (c,cf) =
knn(ly, w).
8: if cf > 7 then
9: Pre-label: ¢t = update(t,w,c).
10: end if
11: end for
12: Get the feature vector t: t = repr,(t, ga).
13: Label ¢ with er f: (t,cf) = erf(ls,1).
14: Put labeled result (£, cf) into o.
15: if cf > ~ then
16: Add labeled resultttots . n =n + 1.
17: end if
18: if n > N then
10: Retrain I5: I = traing(ts).
20: Retrain l: [}, = traing(ts).
21: n = 0.
22 end if
i

24: return o.
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Learning Deep Structured Semantic Models
for Web Search using Clickthrough Data

Po-Sen Huang

University of lllinois at Urbana-Champaign
405 N Mathews Ave. Urbana, IL 61801 USA
huang146@illinois.edu

ABSTRACT

Latent semantic models, such as LSA, intend to map a query to its
relevant documents at the semantic level where keyword-based
matching often fails. In this study we stnive to develop a series of
new latent semantic models with a decp structure that project
queries and documents into a common low-dimensional space
where the relevance of a document given a query is readily
computed as the distance between them. The proposed deep
structured semantic models are discrimmatively trained by
maximizing the conditional likelthood of the clicked documents
given a query using the clickthrough data. To make our models
applicable to large-scale Web scarch applications, we also usc a
technique called word hashing, which i1s shown to effectively
scale up our semantic models to handle large vocabulanes which
are common 1n such tasks. The new models are evaluated on a
Web document ranking task using a real-world data set. Results
show that our best model significantly outperforms other latent
semantic models, which were considered state-of-the-art mn the
performance prior to the work presented in this paper.

Categories and Subject Descriptors
H.3.3 [Information Storage and Retrieval]: Information Scarch
and Retrieval; 1.2.6 [Artificial Intelligence): Learming

General Terms
Algorithms, Expenmentation

Keywords

Deep Leaming, Semantic Model, Clickthrough Data, Web Search
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Xiaodong He, Jianfeng Gao, Li Deng,

Alex Acero, Larry Heck
Microsoft Research, Redmond, WA 98052 USA
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(LSA) are able to map a query to its relevant documents at the
semantic level where lexical matching often fails (c.g.,
[6)[15)[2](8](21]). These latent semantic models address the
language discrepancy between Web documents and search quenes
by grouping different tepms that occur in a similar context into the
same semantic cluster. Thus, a query and a document, represented
as two vectors in the lower-dimensional semantic space, can still
have a high similarity score even if they do not share any term.
Extending from LSA, probabilistic topic models such as
probabilistic LSA (PLSA) and Latent Dinchlet Allocation (LDA)
have also been proposed for semantic matching [15](2). However,
these models are often trained n an unsupervised manner using an
objective function that 1s only loosely coupled with the evaluation
metric for the retneval task. Thus the performance of these
models on Web search tasks is not as good as ongmally expected.

Recently, two lines of research have been conducted to extend
the aforementioned latent semantic models, which wall be briefly
reviewed below.

First, clickthrough data, which consists of a list of quenes and
their clicked documents, 1s exploited for semantic modeling so as
to bridge the language discrepancy between search quenies and
Web documents [9][10]. For example, Gao et al. [10] propose the
use of Bi-Lingual Topic Models (BLTMs) and lincar
Discriminative Projection Models (DPMs) for query-document
matching at the semantic level. These models are trammed on
clickthrough data using objectives that tailor to the document
ranking task. More specifically, BLTM is a gencrative model that
requires that a query and its clicked documents not only share the

same distribution over topics but also contain similar factions of

words assigned to cach topic. In contrast, the DPM is leamed
using the S2Net algorithm [ 26] that follows the pairwise learming-
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