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Abstract. We introduce our participation of the TREC Relevance Feedback(RF)
TRACK in 2009. The RF09 TRACK is focused on the explicit relevant feedback,
where a few relevant and irrelevant documents are available to each query. Our
system is implemented under the framework of probabilistic language model. We
apply the constrained clustering on the top returned documents and extract the
expanded words to reform the query. We also extract the named entities from the
explicit relevant documents to expand the query. The experiment was conducted
on the ClueWeb09 TREC Category B, which is a new and huge test collection
for the TREC TRACKs. The evaluation result shows the performance of the con-
strained clustering.

1 Introduction

Relevance Feedback(RF) utilizes the relevance evaluation information to reform the
user’s query so that the overall retrieval performance (such as MAP, NDCG) can be im-
proved. Although it has been proposed for many years, some questions still remain un-
explored. Therefore, TREC organizes the Relevance Feedback Track to offer a chance
for researchers to study the problems in RF. In 2009, it is the second year of the RF
Track and this year’s task focuses on the explicit relevance feedback. The participants
are given the queries together with a few relevant documents and irrelevant documents
to reform the original query. The “ClueWeb09” test collection is the new test bed for
the RF Track, which is a challenge for the researchers to handle huge amount of test
collection. The detailed process of the RF Track can be found in the google’s group1.
The description of the ClueWeb 09 collection can be found on the website2.

There are 50 test queries to be retrieved. The whole process of RF Track is com-
posed of two phases. The first phase requires each participant to submit one or two runs.
“Phase 1 run” returns 5 documents for each query. The relevance of the 5 documents
will be evaluated and a small query relevance pool will be built by these small runs.
The Phase 2 is based on the phase 1. In the phase 2, each participant is given their own
and other team’s evaluated “Phase 1 run”. The word “evaluated” means that we can
definitely know which documents of the “Phase 1” run are relevant and which are not.

According to the requirements above, we mainly use two techniques in the RF09
task.

1 http://groups.google.com/group/trec-relfeed
2 http://boston.lti.cs.cmu.edu/Data/clueweb09/



1 We conduct the constrained clustering on the top retrieved documents. The ex-
panded words are extracted from the clustered pseudo relevant document set.

2 We extract the named entities from the relevant documents in the “Phase 1 run” and
add these named entities as expanded terms to reform the query.

Constraint Clustering: the main character of the RF09 task is the explicit relevance
feedback. However the few relevant documents are far from sufficient. We want to find
more relevant documents by using the Phase 1 run. So it is intuitive to use constrained
clustering on the top documents returned by the first-pass retrieval.

Named Entity: Considering that many queries are related with some events or fa-
mous persons and organizations. And these named entities usually show a low raw fre-
quency compared with other single words in the documents. We empirically extract the
name entities (Name, Location, Organization) from the relevant documents to expand
the original query.

Since the new test bed is far bigger than previous TREC test collections, we con-
ducted the experiments with the help of lemur/indir toolkit version 4.103, which pro-
vides us convenient utilities to process the TREC data set. The experiments are imple-
mented with the indri toolkit, which is based on the probabilistic language model. The
result shows the effectiveness of the proposed approach, which is not sensitive to input
explicit relevance feedback information. While the effect of the named entity extraction
depends on the quality of the Phase 1 run. The named entities can also be a good source
for query expansion but need additional exploration.

The rest of this paper is structured as follows. Section 2 introduces the constrained
clustering algorithm. Section 3 introduces the named entity extraction for query expan-
sion. Section 4 describes our experiment result and discussion. The paper is concluded
in Section 5.

2 Clustering for Query Expansion

2.1 Constrained Clustering

Constrained Clustering or semi-supervised clustering[1] is suitable for handling the
explicit relevance feedback in our task, which is to conduct the clustering with some
constraints on the instances. There are two types of constraints, the must-link constraint
c=(x, y) and the can-not-link constraint c,(x, y), meaning that the instance x and y can
or cannot be partitioned into the same cluster. The must-link constraint is transitive,
meaning that c=(x, y), c=(y, z)⇒ c=(x, z). The can-not-link constraint can be entailed.

Suppose that CCi and CC j are connected components and let x ∈ CCi and y ∈ CC j.

– must-link is transitive: if c=(x, y) exits, then ∀a ∈ CCi and b ∈ CC j, c=(a, b) holds
– can-not-link is entailed: if c,(x, y), then ∀a ∈ CCi and b ∈ CC j, c,(a, b) holds

According to [1][3], given the input instances {x1, x2, · · · , xN}, where xi ∈ RD. The
goal is to partition these instances into K cluster. We note the clusters as πk, k =
1, · · · ,K, where K = 2 in our task. We use the indicator variable rnk to represent the

3 http://www.lemurproject.org



partition. rnk takes the 1-of-K schemes, which means that
∑

k rnk = 1, rnk ∈ {0, 1}. If xn

belongs to the kth cluster rnk = 1, and in other cases, rnk = 0. Suppose that µk is the
center of the kth cluster. The optimization criteria function is shown as follows,

Loss =
N∑

xn∈πk ,n=1

(xn − µk)2 =

N∑
n=1

K∑
k=1

rnk(xn − µk)2 . (1)

The algorithm to iteratively compute rnk and µk is the variation of the K-Means
algorithm, which is shown in Fig. 1. Details of the algorithm can be referred to (Wagstaff
et al. 2001)[1][2]

Algorithm 1 COP-KMeans Algorithm
1: Input: N instances {x1, x2, · · · , xN}, C=: set of pairwise must-link constraints, C,: set of pair-

wise can-not-link constraints
2: Output: k clusters of the instances
3: Start
4: Compute the transitive closure of the set C=
5: Replace all the instances in C= by a single instance with weight |C=|
6: Randomly generate cluster centers, µ1, µ2, · · · , µk

7: repeat
8: for i = 1 do N
9: (1) assign xi to nearest cluster ◃ nearest cluster center

10: (2) if assignment of xi always violates a constraint, then exit with failure
11: end for
12: Recalculate the cluster centers µ1, · · · , µk, take the weight of instance into count
13: until Loss in Equ. 1 converges
14: End

2.2 Implementation in Document Cluster

We first made the initial retrieval for each query. The top 100 retrieved documents
were collected, on which we would make clustering. The Phase 1 evaluated run was
used to build the “Must-Link” and “Can-Not-Link” constraint. Then we used the COP-
KMeans algorithm to cluster the top 100 documents. The cluster containing the relevant
document was taken as the relevant document set R, while the other cluster was taken
as the irrelevant documents U. We extracted the expanded words from R.

The divergence between two documents is important when we made clustering,
which can be modeled by different approaches. We measured the divergence between
documents in the vector space model, with each document di converted into a vector xi.
Each element of xi is corresponded to a word in the document di, which is the BM25
term weight in the document. Considering the efficiency of the algorithm, we empiri-
cally discarded those words with a low BM25 weight. We believe that the remaining
words could represent the main semantic content of the document.



For some queries, the Phase 1 run contains only the relevant documents(easy query)
or only the irrelevant documents(difficult query). When no relevant documents were
available, we assumed that the top 5 returned documents excluding the irrelevant ones
were taken as the relevant documents R. When no irrelevant documents were available,
we empirically selected 5 low-ranked documents as the irrelevant ones.

After clustering on the documents, we extracted the expanded words from the rel-
evant document cluster. The expanded words were ranked by the sum of the BM25
weight over the relevant documents. The top expanded words were incorporated into
the reformed indri query.

3 Named Entity

Previous work on the query has studied the classification of the query, which shown
that some of the queries are entities focusing on some specific topics or domains. Named
Entity (including People’s Name, Location, Organization Names) are helpful to dis-
criminate the relevant documents from the irrelevant documents. For example, given
the query ”out space universe”, the organization name ”NASA” is a good candidate
expanded word.

In the conversional method, we select those words that show significant statistical
connection the expanded terms. However, mixed with the high-frequency single words,
the low-frequency named entities can only get a low rank the whole expansion terms.
So we have to extract the named entities independently and add these entities into the
indri query.

We extracted the named entities from the relevant documents in the Phase 1 run. We
used the Stanford Named Entity Recognizer[5]4 to extract the named entities. with the
default model in the package, trained on the CoNLL, MUC-6, MUC-7 and ACE named
entity corpora.

We extracted the People’s Name, Location and Organization Names and ranked
these entities based on the raw frequency in the relevant documents. Some queries do
not have relevant documents, so we did not extract named entities for these queries.

4 Experiment and Result

4.1 Overview of the Experiment Settings

We used the ClueWeb 09 TREC Category B test collection for both the Phase 1 and
Phase 2 runs, which is a sub collection of the whole ClueWeb09 DataSet. The dataset
was collected in January and February of year 2009. Statistics about the dataset is given
in Tab. 1.

We conducted the experiment with the help of the Indri toolkit. We used the proba-
bilistic language model as the retrieval model with the Dirichlet Smoothing method. In
the Phase 1 run, the parameter µ in the Smoothing method is set to be the default value
of 2500 in indri, which showed a poor experiment result. Since the language model is
sensitive to the smoothing parameters, we set µ = 800 in all the Phase 2 runs.

4 http://nlp.stanford.edu/software/CRF-NER.shtml



Table 1. ClueWeb09 Category A and Category B, “Pages” shows the web pages count, “M”
means Million, “Size” gives the compressed and uncompressed size of the collection, “Lang” is
the language contained in the collection

ClueWeb09 Pages Size Lang
Category A 1,040M 5T / 25T Many
Category B 50M 250G / 1T English

In the Phase 2, we first made the baseline run according to the settings described
above. The top 100 documents were extracted for clustering. The evaluated Phase 1
run were used to construct the constraints. After the constrained clustering, the top 20
expanded words were added to the original query. Meanwhile, the top 10 name entities
extracted from the relevant document were also extracted and added to the original
query.

For the Indri query language, the expanded query takes the form as #weight( 1.0
#combine(<query>) 1.0 #uw(<query>) 1.0 #combine(WordCluster) 1.0 #combine(-
NameEntity)). Each term in the indri query could be given a weight. <query> is the
original input query. We did not focused on the weight assignment, so we simply set all
the weight to be 1.0 in our experiments.

4.2 Submissions and Evaluation Results

Table 2. Evaluation on Phase 2 runs

Submission MAP@5 EMAP StAP Impt MAP@5 Impt StAP
Baseline 0.0501 NA 0.1645 NA NA
FDU.1 0.0735 0.0439 0.2268 46.7% 37.9%
PRIS.1 0.0782 0.0440 0.2311 56.1% 40.5%
QUT.1 0.0594 0.0486 0.2386 18.6% 45.0%
UMas.1 0.0998 0.0461 0.2437 99.2% 48.1%
WatS.1 0.0915 0.0466 0.2382 82.6% 44.8%
fub.1 0.0761 0.0498 0.2450 51.9% 48.9%

twen.2 0.0763 0.0467 0.2285 52.3% 38.9%

We report the evaluation results in Tab. 2. The Phase 1 runs only retrieve 5 docu-
ments for each query. The Qrel-Phase1 is a small query relevance pool generated from
all the Phase 1 submissions. We did not receive the qrels pool of Phase 2, because we
only used the ClueWeb09 Category B.

In the Phase 2, the input is the top 100 documents of “Baseline” and the Phase 1 run,
the output is the final submission which returns the top 2500 documents for each query.
The evaluation result is the Million Query Style(EMAP and StAP). The MAP@5 eval-
uation is made by ourselves. For each Phase 2 final submissions, we evaluated the MAP
of the top 5 documents by using the Qrel-Phase 1 so that we can compare the retrieval



performance before and after the relevance feedback. All the MAP@5 is improved sig-
nificantly compared with the “Baseline”, also higher than their corresponding “Phase
1 run”. To compare the input “Phase 1 run” and the output “Phase 2 run”, we use the
Qrel-Phase 1 pool to evaluate them and present the detailed results in Fig. 1.

(a) P@5 (b) R-prec@5

(c) bpref@5 (d) MAP@5

Fig. 1. Evaluation by Qrel-Phase 1

In Fig. 1, the red bars correspond to the Phase 2 run using the clustering method, the
green bars corresponds to the Phase 2 run with both the clustering and the named entity
extraction approach. We show the P@5, R-prec, bpref and MAP evaluation results. The
results indicate interesting phenomena here. For most of the runs, query expansion can
raise the precision and recall both. But for some good Phase 1 runs such as UMas.1 and
WatS.1, query expansion will raise the recall significantly and sacrifice a little precision
to achieve a better MAP evaluation. The named entity extraction can raise the overall
performance but the improvement is marginal for some Phase 1 run.

Besides the results above, we also show the performance of each query here. The
evaluation of the Phase 2 runs are the million query style. The Expected Mean Average
Precision(EMAP)[6] and Statistical Sampling Precision(StAP)[7] of each query topic
are presented in the Fig. 2.

The problem of the pseudo-relevance feedback can be shown in Fig. 2. For easy
queries, the relevance feedback seems to help the performance but it seems still not
effective to help those difficult queries.



(a)

(b)

Fig. 2. Evaluation of the Phase 2



5 Conclusion

We introduce our query expansion approach on the explicit relevance feedback of
TREC RF09 TRACK. We adopt the constrained clustering and named entity extraction
in the task and verify the effectiveness of our approach in the experiments.

We are focused on a more general approach for the explicit relevant feedback. In the
future work, we will continue to study the approach to improve the constrained cluster-
ing model and adapt the model for the query expansion task.
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