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ABSTRACT
In this paper, we present the first attempt to use multitask learn-
ing for query segmentation. We use the semantic category of the
words as an auxiliary task and show that segmentation improves
when the model is also trained to predict the semantic category of
the query terms, outperforming benchmark methods over a novel
dataset from a popular job search engine. Our further experiments
show that the task of modeling the query term semantics performs
better as a standalone task, without adding segmentation as an aux-
iliary task.
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1 INTRODUCTION
Users expect search engines to understand their intent on the ba-
sis of short queries without overt linguistic structure. Query un-
derstanding is an essential component of modern-day search en-
gines, and improves user satisfaction and search quality [6, 11].
Query segmentation (the task of splitting a query into meaningful
terms), and query tagging/classification (the task of semantically
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categorizing the query terms), are two components of query under-
standing. These tasks are different from named entity recognition
as queries are very short and less structured.

As an example, a usermay submit the query data scientist python
bay area, where she is probably looking for a job with the title of
data scientist, has the skill of programming in python, and wants to
work in (the San Francisco) bay area.Query segmentation involves
splitting the query into data scientist, python and bay area, while
query tagging would label data and scientist as a job title, python
as a skill, and bay and area as a location.

Accurate query segmentation and tagging enables better query
rewriting, query expansion and query refinement, which in turn
improves search quality. In our example, the job search engine
would be able to retrieve using just the job title, giving less weight
to skill, such that data scientist jobs will be shown to the user even
if there is no mention of python. Moreover, the bay area can be ex-
panded to its component cities or surrounding areas if the search
engine determines that it is a location name.

In this study, we propose the use of multitask learning (MTL)
with query segmentation as the main task and query tagging as
the auxiliary task. Our hypothesis is that segmentation implicitly
requires knowledge of the meaning of the terms within the query.
For example, by knowing that python is a skill and bay area is a
location, our system should be able to conclude with higher prob-
ability that these two belong to different query segments. On the
other hand, semantic labeling of each term requires implicit knowl-
edge of the tokens in the query. In our example, data by itself has
a very general skill-related meaning, but in data scientist, it forms
a job title.

Our contributions in this paper are: (1) we propose the applica-
tion of MTL for query segmentation in job search; (2) we model
query segmentation as a sequential tagging task, with more than
one target label sequence; (3) we show that segmentation improves
when semantic classification of terms is incorporated as an auxil-
iary task; and (4) our analysis shows that semantic tagging pre-
forms better when it is considered as a single task. All code from
this paper is available at https://github.com/liufly/query-segmentation.
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2 LITERATURE REVIEW
2.1 Query Segmentation
Previous studies on query segmentation have mostly been based
on mutual information for segment boundary detection [7, 9, 20],
or CRF-based sequence classification models [6, 12]. There have
also been studies that use handcrafted features, e.g. based on POS
tags [3].

[10] is the most similar work to this study, and based primarily
on the findings of [15], where word2vec-based word embeddings
[18] were shown to implicitly capture the co-occurrence of words,
meaning that the components of a given collocation tend to be as-
signed similar representations. For each pair of words in a query,
[10] use a classifier to predict whether there should be a segmen-
tation boundary between them or not, based on the word embed-
dings of the twowords in each pair. Our study is different to that of
[10] as they focus on segmentation only, while we target both seg-
mentation and semantic tagging, and they use a large (50K) hand-
tagged set of queries, while we use a smaller, noisier training set,
automatically sourced from a knowledge based method (explained
in Section 4.1).

2.2 Multitask learning
Multi task learning (MTL) has received a lot of attention recently,
and has been shown to be useful in many NLP tasks [4, 13, 16,
17], especially when training data is limited [2]. In most MTL ap-
proaches, there is one main task with one or more auxiliary tasks,
although some models are symmetric and involve main and aux-
iliary tasks of the same value. Usually in MTL models, the param-
eters of one or more layers of the neural network are shared be-
tween the tasks [5]. The auxiliary tasks are shown to regularize
the main task model, with the benefit of not overfitting and gener-
alizing better [1]

In this study, the relatedness between the two tasks of segmen-
tation and tagging motivates us to use a MTL approach. This study
is the first attempt to use semantic categories of words to improve
query segmentation.

3 METHODOLOGY
In this work, we are interested in the task of sequential tagging,
withmore than one target label sequence.The input typically comes
in the form of sequence tuples:D = {(x(n),y1,(n), . . . ,yK,(n))}Nn=1

where x(n) = {x(n)1 , . . . ,x
(n)
T } is the n-th input sequence inD and

its corresponding target label sequence yk,(n) = {yk,(n)1 , . . . ,y
k,(n)
T }

for the k-th task. For notational convenience, hereinafter we omit
the superscript denoting the n-th example.

Motivated by the benefits of MTL and the inter-dependency be-
tween the two tasks of query segmentation and tagging, we pro-
pose a novel architecture to model the former task with the help of
the latter. Specifically, taking inspiration from the recent successes
of bi-directional long short-term memory condition random fields
(Bi-LSTM-CRFs) in sequential modelling [8, 14], we model these
tasks with two task-specific CRFs, both taking input from a shared
Bi-LSTM.

More formally, we first convert every element in a sequence x
into its embeddingxt = Φ(xt ), resulting in a sequence {x1, . . . ,xT }.

Here, Φ(·) is an encoding function, mapping the input xt into a
vector xt ∈ Rh .

Next, this sequence of embeddings is taken as input to a forward-
pass and backward-pass LSTM to generate a forward-pass repre-
sentation

−→
h t and forward-pass representation

←−
h t , respectively.

−→
h t

and
←−
h t are then fed into a CRF layer:

s(x,yk ) =
T∑
t=0

Ak
ykt ,y

k
t+1

+
T∑
t=1

Pk
t,ykt

(1)

where Ak ∈ R |Yk |× |Yk | is the CRF transition matrix for the k-
th task, |Yk | is the size of the k-th label set, and Pk ∈ RT×|Yk |

is a linearly transformed matrix from the forward and backward
representations:

(Pkt, :)
⊤ =
−→
W k

hp
−→
h t +

←−
W k

hp
←−
h t + bkp

where −→W k
hp ,
←−
W k

hp ∈ R
|Yk |×h with h being the size of

−→
h t and

←−
h t .

While Pki, j represents the score of the j-th tag at time i ,Ak
i, j denotes

the transition score from the i-th tag to the j-th tag.The probability
of the true sequence can be calculated with the scoring function in
Equation (1) by normalising the score of the true sequence with
the sum of scores of all possible sequences ỹk :

p(yk |x) = exp(s(x,yk ))∑
ỹk ∈YkX

exp(s(x, ỹk ))

The model is trained to maximise the probability of the gold
label sequence. Given that we are interested in the two tasks of
query segmentation and tagging (tasks 1 and 2 respectively), we
make use of an α value to manually control the balance between
the two in the loss function:

L = (1 − α) × logp(y1 |x) + α × logp(y2 |x)

wherep(yk |x) is calculated using the forward–backward algorithm.
Note that the model is fully end-to-end differentiable and the two
tasks are trained jointly using 20% of the data as dev set.

At test time, the model predicts the output sequence with max-
imum a posteriori probability: ŷk = argmaxỹk ∈Ykx p(ỹ

k |x). Since
we are only modelling bigram interactions, we adopt the Viterbi
algorithm for decoding.

4 EXPERIMENTAL RESULTS
4.1 Data
We extracted our experimental data from the query log and job list-
ing of the SEEK commercial job search engine.1 The words in each
query are labeled as one of the 6 categories, which are the most
common categories in our data: skill (e.g., python, revit), job ti-
tle (e.g., software engineer, cleaner), location (e.g., bay area, Mel-
bourne), seniority (e.g., apprentice, entry level), work type (e.g.,
night shift, contract), and company name (e.g., Microsoft, McDon-
alds).

To construct the training and development sets, we randomly
sampled 7600 queries from among the most common queries. To

1No personally identifiable information was used in our experiments.
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Semantic Category Segmentation
Method Acc micro F1 macro F1 Acc Prec Recall F1
α = 0.00 — — — 91.80 82.98 78.39 80.62
α = 0.33 77.38 77.50 68.90 92.46 87.50 80.90 84.07
α = 0.50 79.67 79.67 62.80 91.80 85.64 77.89 81.58
α = 0.66 76.72 76.72 65.59 91.80 85.08 77.39 81.05
α = 1.00 79.67 79.67 64.23 — — — —
Rule-based 48.52 64.07 57.31 82.95 58.13 73.71 65.00
CRFsuite — — — 87.21 75.62 60.80 67.41
[10] — — — 91.80 83.60 79.40 81.44
IOBtagger 78.69 78.69 67.21 90.49 86.34 79.40 82.72

Table 1: Test results on all data

Semantic Category Segmentation
Frequency α Acc micro F1 macro F1 Acc Prec Recall F1

Very low 0.00 — — — 88.61 78.26 70.59 74.23
0.33 68.35 68.35 43.67 89.87 81.40 68.63 74.47

Low 0.00 — — — 89.58 76.67 82.14 79.31
0.33 72.91 72.91 42.81 91.67 78.57 78.57 78.57

High 0.00 — — — 89.87 85.71 75.00 80.00
0.33 69.62 69.62 59.36 89.87 85.71 75.00 80.00

Very high 0.00 — — — 91.21 83.02 74.58 78.57
0.33 82.41 82.41 58.47 95.60 92.73 86.44 89.47

Table 2: Test results on queries with varying frequency

automatically label this data, we used a pre-existing API to a job-
specific knowledge base, which uses simple longest string match
relative to the knowledge base content to label each query token,
subject to the following priority: seniority, work type, skill, job
title, company, location. For example, in the case of chicago
university, chicago would be labeled as company rather than lo-
cation, and in the case of java developer , java is labeled as skill,
despite java developer being a job title, because skill has a higher
priority.

Any knowledge-based method suffers from a recall problem:
with rapid changes in the job market, especially in the emergence
of new companies, job titles and skills, the knowledge base in-
evitably becomes stale. To counter this issue, we removed all to-
kens from the training querieswhich are not contained in the knowl-
edge base. Despite the noisy and incomplete data, we use it as train-
ing data for our multi-task learning approach, which is known to
be effective when training data is scarce.

Our test data set of 200 queries was randomly sampled, strati-
fied based on frequency in the query log.2 The queries were first
labeled using the knowledge base API, and then manually checked
and post-corrected. From the 200 selected queries, we chose to dis-
card 40 because they contained a term that did not belong to any
of the 6 common semantic categories which are the focus of this
study (such as person’s name, phone number, job id, or very gen-
eral terms such as water). In the case of misspellings, we labeled
250 random samples selected from each quartile

as if the correct spelling were used. In the case of cientist, e.g., we
would label it as if it were scientist.

4.2 Baselines
To compare our proposed method with previous research, we use
four baselines. Our first baseline is the rule-basedmethod use to au-
tomatically label the training data. The second baseline is based on
the work of [10], where the concatenated embeddings of each ad-
jacent token bigram in the query are fed into a logistic regression
classifier to label segmentation boundaries. We select CRFsuite
[19] as our third baseline, taking word embeddings as feature in-
put. In our fourth baseline (IOBtagger), we use BiLSTM+CRF as
a single-task classifier, combining the segmentation and class cate-
gory labels using IOB tags, akin to chunking or named entity recog-
nition.

Word embeddings were trained over a corpus of job ads, con-
taining a total of 422 million tokens. We used the CBOW variant
of word2vec [18], to generate 300-dimensional embeddings, with
all other hyperparameters set to the default.

4.3 Evaluation
The results of our experiment are shown in Table 1. CRFsuite, [10]
and our method with α = 0 are segmentation-only methods, and
therefore there are no results for semantic category prediction. On
the other hand, when α = 1, our proposed method becomes a
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single task model which predicts the semantic category only, and
therefore there are no results for segmentation.

The α parameter in Equation 3 is used to control the contribu-
tion of each task in training the model. When α = 0, the tagging
labels are not used in training. On the other hand, when α = 1, the
segmentation labels are not used in training the model. As shown
in Table 1, when α = 0.33, i.e., the weight for segmentation is
twice the weight that for tagging, the highest segmentation accu-
racy is observed. In this case, the segmentation results improve
across all metrics compared to when segmentation is considered
as a single task (α = 0). This confirms our hypothesis that seg-
mentation can improve if the model has some understanding of
the words’ semantic categories. However, the best accuracy for
tagging is observed when it is considered as a single task, show-
ing that segmentation information confuses the semantic tagging
model.

Looking at the baselines, the knowledge-basedmethod performs
theworst in terms of accuracy, precision, recall, and F-score among
all methods (except for CRFsuite’s recall). CRFsuite performs con-
siderably better and IOBtagger performs better again, yet our pro-
posedmethod outperforms bothmethods across all evaluationmet-
rics for the segmentation task. The second of these results is par-
ticularly significant, in that we use the exact same BiLSTM+CRF
with the same embeddings, and yet with MTL, the results are sub-
stantially higher. However, IOBtagger performs worse than sin-
gle task model (α = 1) in predicting semantic category in terms
of accuracy but performs better in terms of macro F-score. Finally,
compared with [10], our method is superior only when α = 0.33,
confirming our hypothesis that the inclusion of semantic category
signal in a multi-task learning architecture results in better seg-
mentation performance.

Looking to the results over queries of different frequency in Ta-
ble 2, we observe the same trend that MTL (α = 0.33) performs
better than single-task learning (α = 0), and achieves higher re-
sults for very high frequency queries, but lower segmentation per-
formance for very low frequency queries.

5 CONCLUSIONS
In this paper, we presented the first application of multitask learn-
ing to query segmentation and showed that segmentation improves
when themodel is also trained on the semantic categories of words.
Our further analysis shows that unlike segmentation, semantic tag-
ging performs better when the model is trained as a single task.
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