Combining Vector Space and Word-based
Aspect Models for Passage Retrieval
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For the TREC 2006 Genomics Track, we devised
a system of two parts for passage retrieval from
a biomedical document collection. The first part
was an existing document-level IR system. The
second part was a newly-developed probabilistic
word-based aspect model.
1. Introduction
Our system is composed of two distinct parts:
• An existing document-level IR system which
outputs a ranked list of relevant documents
[Anh and Moffat, 2005].
• A newly developed passage scoring system
which is based on the aspect model [Hofmann
et al., 1998]. The output of this second part is a
ranked list of relevant passages.
Before the word-based aspect model is used to
score a query against a passage, the scores are
pre-calculated globally. Our entire system is illustrated in Figure 1.
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Figure 1: Overview of our system of two models.

2. System-wide Features
Our entire system incorporates the following:
• Words cannot be composed of a mix of alphabetic characters and digits.
• Punctuation marks are non-word characters.
• Case-folding is used.
• Stemming performed using Lovins algorithm.
We also employed synonym expansion automatically. In general, topics are of the form:
• “What is the role of APC (adenomatous polyposis coli) in colon cancer?” (query #163)
where the biological object (gene) and biological
process (disease) are indicated.
Synonym expansion follows the flowchart of Figure 2 for each query term:
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• query length (t)

Our vector space model (VSM):
• Represents a document, paragraph, or a query
as a vector.
• Uses impact-based ranking where coordinates
are integers instead of floating point.
• Calculates similarity using the inner product.
This system has been applied to document-level
retrieval [Anh and Moffat, 2005].
4. Aspect Model – Derive Scores
Passages are scored by doing a pair-wise comparison of the words in the query with the words
in a prospective passage. If qj is a query word
and ri is a passage word, then the score is:

c

score(ri, qj ) = 
p(ri, qj )

if ri = qj
if ri 6= qj .

(1)

In this case, c is a fixed constant which indicates
how much value do we place on an exact match.
For inexact matches, we use an aspect model to
derive the scores p(ri, qj ). The aim is to regulate
the number of words around the exact matches
should be included.
Earlier uses of the aspect model maps words and
documents to k latent states (clusters) [Hofmann,
2001, Hofmann et al., 1998]. Here, we map the
n distinct words to the k clusters (where k ¿ n)
by using a co-occurrence window of a paragraph.
Then, the score between two words wx and wy is
the sum of their (pair-wise) scores across the Z
clusters:
p(wx, wy ) =

X

z∈Z

p(wx|z)p(wy |z)p(z),

(2)

Our implementation has these characteristics:
• It is based on the probabilistic latent semantic
analysis (PLSA) of Hofmann [2001].
• Probability parameters are estimated using the
maximum likelihood (ML) and the ExpectationMaximization (EM) algorithm.
• The log-likelihood was maximized until two consecutive iterations did not differ by > 1%.
We considered two possible values for c (where
pmax is the maximum score):

1

c=
2 × pmax .
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(3)

5. Aspect Model – Score Passages
Figure 2: Flowchart for synonym expansion.
• Parentheses expansion would equate “APC” to
“adenomatous polyposis coli”.
• Abbreviation expansion searches a Biomedical
abbreviation server1.

The query q is scored against a prospective passage r (bounded by punctuation marks) by:

score(r, q) =

1
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j (score(ri, qj )))
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Differences between certain runs involve parameters not shown in this table. See our notebook paper for further details.
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The parameter αwi (not shown) uses the following
to affect the scoring mechanism:
• passage length (s)

3. Vector Space Model
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• Both Entrez Gene and MeSH (Medical Subject
Headings) expansion are done using NCBI2.
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• word frequency in the current paragraph
• overall document frequency

6. Results
In total, seven runs were performed. The parameters used and the mean average precisions are
shown in Table 13 and Table 2, respectively
Run
Level
c
(VSM:AM)
1 1
PARAGRAPH-1 paragraph
1
2 : 2
DOCUMENT-1 document 2 × pmax
0:1
DOCUMENT-2 document 2 × pmax
0:1
PARAGRAPH-2 paragraph
1
1:0
PARAGRAPH-3 paragraph
1
0:1
1 1
PARAGRAPH-4 paragraph 2 × pmax
2 : 2
1 1
PARAGRAPH-5 paragraph
1
2 : 2
Table 1: Some parameters for the seven runs.

Run
Document Passage Aspect
PARAGRAPH-1 0.2248
0.0248 0.1217
DOCUMENT-1
0.1231
0.0075 0.0610
DOCUMENT-2
0.1297
0.0071 0.0692
PARAGRAPH-2 0.1744
0.0131 0.0348
PARAGRAPH-3 0.2067
0.0261 0.1081
PARAGRAPH-4 0.1558
0.0091 0.0955
PARAGRAPH-5 0.2369
0.0258 0.1235
Table 2: Mean average precision for our runs.

In all cases, the number of clusters was k = 128.
Our best result (PARAGRAPH-5) indexed the
document collection at the paragraph-level and
set c = 1. The ranking scheme employed gave
equal weight to both systems.

7. Future Work
We plan to investigate the following:
• Reduce the execution time of the aspect model.
• Re-evaluate equations such as Equation (4).

• Consider the effect of adjusting the various parameters.
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