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Abstract. Prior art search is one of the most common forms of patent search, 
whose goal is to find patent documents that constitute prior art for a given patent 
being examined. Current patent search systems are mostly keyword-based, and due 
to the unique characteristics of patents and their usage, such as embedded structure 
and the length of patent documents, there are rooms for further improvements. In 
this paper, we propose a new query formulation method by using keyword 
dependency relations and semantic tags, which have not been used for prior art 
search. The key idea of this paper is to make use of patent structure, linguistic clues 
and use word relations to identify important terms. Moreover, to formulate better 
queries we attempt to identify what technology area a patent belongs to and what 
problems/solutions it addresses. Based on our experiments where IPC codes are 
used for relevance judgments, we show that keyword dependency relation 
approach achieved 13~18% improvement in MAP over the traditional tf-idf based 
term weighting method when a single field is used for query formulation. 
Furthermore, we obtain 42~46% improvement in MAP when additional terms are 
used through pattern-based semantic tagging.  

Keywords: Patent Search, Patentability Search, Semantic Tags, Prior Art 
Search, Keyword Dependency Relation, Query Formulation. 

1 Introduction 

Patent analysis aims at obtaining relevant patents and analyzing them to produce patent 
maps [10] or discover trends ([3], [11], [12]). Patent search is often conducted by 
inventors, patent attorneys, patent examiners, and technical and business experts to 
find the prior art and mitigate the risks associated with their tasks. There are several 
ways in doing patent search such as: prior art or novelty search, validity search, 
infringement search, clearance search, etc. Prior art search is one of the most common 
search tasks with its goal being to find patent documents that constitute prior art to a 
given patent [5]. Prior art search is performed before filing an application to ascertain 
patentability of an invention, to determine novelty of the invention, and/or to invalidate 
a patent’s claim of originality. The increasing amount and the growing need to access 
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patent information require new methodologies and techniques to shorten search time 
and increase the quality of the search output to eventually increase the quality of the 
patents granted.  

Successful automatic prior art search must pay attention to the quality of search 
queries generated from a patent document, because it may contain many ambiguous 
and vague terms. It is particularly difficult to formulate a successful query because 
patent writers tend not to use standard terms to make them look novel; relevant patents 
to be retrieved may not contain the terms used in the query patent. Retrieved patents 
containing the query terms, on the other hand, may not be relevant to the intent of the 
searcher. In addition, it is not easy to set the optimal query size [7]. Although a short 
query makes query processing fast, it can easily misrepresent the intent of the searcher. 
A query with many terms on the other hand is likely to contain noisy terms, not to 
mention that it requires excessive computing resource. 

Noting the importance of formulating reasonable queries, this paper proposes a 
query formulation method for patent prior art search, which makes use of term 
dependency relations and semantic tags. We propose to use an algorithm to select the 
most representative terms based on keyword dependency relations. Furthermore, we 
use this algorithm in combination with semantic tags we attach automatically based on 
pre-constructed linguistic patterns. The tags reveal the field of invention, the problems 
and solutions being mentioned in a patent.  

We report our results on experiments we ran with the NTCIR corpus. Instead of 
making traditional relevance judgments for individual query-document pairs, which is 
prohibitively expensive, we make use of the International Patent Classification (IPC) 
codes that have been assigned to individual patents in the test collection. As a result, 
the prior art search task is to retrieve patents whose IPC codes match those of the query 
patent at three different levels of abstraction.  

The paper is organized as follows. Chapter 2 describes the background and some 
related works. Chapter 3 gives details of our method for query formulation, use of 
keyterm dependency relations for term weighting and semantic tagging-based 
automatic phrase extraction. Chapter 4 reports our experimental results and includes 
discussions. Lastly, we conclude with the major contribution of the paper and further 
work. 

2 Background and Related Work  

Since patents play an important role in Intellectual Property protection, there has been 
a growing interest in research into patent retrieval. NTCIR-3 [1] released patent test 
collections to enable researchers to systematically evaluate their methodologies. 
NTCIR-4 [2] started a new task for prior-art search, also called invalidity search, 
whose goal is to identify previously published patents in the collection for a given 
patent. Subsequent NTCIR workshops have continued and started patent-related tasks 
of different kinds.  
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Previous research on prior art search focused on methods of formulating queries by 
identifying keywords from patent documents based on some weighting schemes and 
selecting additional keywords for a high probability of retrieving relevant results. 
Keywords were extracted usually from Claims, which is considered the most 
informative field of a patent, to form a search query. To enhance the initial query, 
query expansion techniques were performed by extracting additional terms usually 
from the Description field.  

Other variations exist. In [4], query terms were extracted from components in a 
topic claim and expanded by terms from explanation sentences related to the 
components in Detailed Description. [26] utilizes the rhetorical structure of a claim by 
applying an associative document retrieval method, in which a document is used as a 
query to search for other similar documents. To produce an initial query, the Claims 
field is segmented into multiple components and then used to search for candidate 
documents on a component by component basis. [27] uses two retrieval stages with 
query terms extracted from the Claims field. The query constructed from the Claims 
field is used to retrieve the top 1,000 patents at the first stage, which are then re-
ranked by several techniques at the second stage. Other fields such as Title, and 
Abstract, as well as Claims an Description, were used to generate queries ([5] [8] [9]). 
While work in [18] shows that words from Titles are least useful for prior-art search, 
words from Titles are given preference in other work [17].  

To evaluate the prior art search task, different collections have been constructed. In 
NTCIR-4, human expert judgments were used to generate relevance data for patent 
evaluation, but only 34 query topics were developed because of the cost. Also, in 
NTCIR-4 the IPC codes were integrated with a probabilistic retrieval model for 
estimating the document prior. In NTCIR-5 and NTCIR-6, citations were used and 
thousands of query topics were developed automatically. However, evaluations based on 
citations have some limitations because they have different degrees of relevancy and 
because citation lists are often incomplete [19]. Therefore, the IPC codes have been used 
as a feature for document filtering and patent retrieval. In [14] the authors use IPC codes 
for document filtering and show how this feature can help in patent retrieval.  

3 Proposed Query Formulation Method 

3.1 System Description 

Our patent retrieval system consists of modules for Query Formulation based on 
keyword dependency relation and semantic tagging, Search, and Re-ranking. Query 
terms are extracted from Abstract, Claims and Description fields, and all redundant 
and stop-words are removed. Queries constructed with semantic tagging and term 
relation calculation are sent to Lemur to retrieve relevant patents.  

Given the input patent, we segment it into sentences with punctuation marks. 
Unimportant terms are deleted from the input text fields using the van Rijsbergen’s 
stop-word list [23] of 570 words and our own stop-word list of 150 words. We 
collected words, those occur frequently in patents but are not useful for the search 
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(e.g. figure, relates, said, apparatus, method, device, etc.), manually from the patent 
documents during the patent analysis process. The total number of stop-words we 
used in this research is 720 words. 

3.2 Term Annotation by Semantic Tags  

The core content of a patent can be captured by a few key elements such as “What 
problem does the invention solve?”, “What is the key invention?”, and “What does 
the invention do?” [20]. The phrase representing the problem that an invention is 
going to solve is called Problem (P), and those representing what the invention does 
to solve the problems is called Solution (S). For example, “long-cycle-life lithium 
secondary cells” is the problem and “utilizing a lithium ionic reaction” is the solution. 
Problems and Solutions are important elements for describing the gist of a patent and 
hence a query. They help avoiding the need to construct lengthy queries. Note that 
Problems and Solutions can be shared within multiple patents in the same domain. 

In addition, the Invention Field (IF) of a patent can help describing the area of 
technology (domain) which a patent belongs to (e.g. secondary battery). As in [17], 
patents would belong to the same domain if they share the same semantic tags which 
are defined by patent writers. In order to identify effective and concrete terms, we 
examine whether semantic tags such as Invention-Field, Problems, and Solutions 
(IFPS) are related to IPC codes which can aid in identification of related prior art 
patents. Together with Problems and Solutions tags, Invention-Fields can reduce the 
size of an input patent query so that searching can be done efficiently.  

Figure 1 shows an example of IFPS phrases extracted from patents in the batteries 
domain and how IFPS phrases can assist in identifying the IPC codes that a patent 
belongs to. As in the figure, IF phrases such as “rechargeable batteries”, “alkaline 
storage batteries”, and “high power nickel metal hydride batteries” contain the word 
“batteries” which is the same as the name of IPC Sub-class (Batteries). Also the 
problem phrases such as “positive electrode”, “positive electrode material” and 
“composite positive electrode material” contain the word “electrode” which is the 
same as the name of IPC Main-group (Electrodes). Similarly, solution phrases such as 
“nickel based multi metals oxide”, “nickel hydroxide material”, “composite nickel 
electrode hydroxide particulate” all contain “nickel” which is the same as the name of 
IPC Sub-group. Note that IF and problem and solution phrases do not always 
correspond to Sub-class, Main-group, and Sub-group, respectively. 

The task of IFPS phrase extraction is to identify Invention Fields and 
Problem/Solution phrases from patent documents with the following two steps: 

Step 1. Extraction of Phrases for Invention Fields (IF Phrase Extraction) 

Though all patent documents have a similar structure and the titles of fields are fixed, the 
names of sub-fields are normally labeled by writers with no standard format (writer-
defined tags). Since patents have separate Invention Fields with inconsistent titles such as 
“Field of the Invention” or “Technical Field” (Figure 2), automatically identifying the 
Invention Fields part of a patent document is not trivial. In some patents,  
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Fig. 1. An example of relations between semantic tags and the IPC of H01M 

furthermore, the text corresponding to the Invention Field is not separately marked 
but embedded in such fields as “Background of the Invention”, “Prior art”, 
“Description of the Related Art”, etc (Figure 3).  

For the cases with a separate writer-created field name for “Invention Field”, 
which we collected for all the variations, we extract sentences under the field title. For 
the rest without such a field title (about 10% of the patents), we look for sentences 
that contain “relates to”, which is a most likely clue for a description of “Invention 
Fields”, under the field title like “Background of the Invention”. Figure 3 shows an 
example where the first two sentences contain the clue phrase “relates to” under 
“Background of the Invention” that is under “Description”. Note that we do not 
extract sentences using the clue from other fields such as Embodiments and Detailed 
Description that are not likely to describe the invention fields. 
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Fig. 2. An example of Invention Field under a writer defined tag 

 

 

 

 

 

 

Fig. 3. An example of Invention Field without an explicit writer-defined tag 

Step 2. Extraction of Problem and Solution Phrases 

Problems and Solutions are also extracted from the Description field. We first used 
Open NLP POS Tagger [22] to tag the text under Description fields and manually 
analyzed patent documents to generate a list of clues generally used repeatedly in a 
large number of patents. We utilized these linguistic clues to create 24 patterns1 so 
that Problem and Solution phrases can be easily extracted through a simple pattern 
matching process. Figure 4 shows a sample of the patterns used for detection of 
Problem and Solution phrases. 

After extracting IF and PS phrases, we formulate IFPS queries by combining IF 
and PS and removing all redundant and stop-words. Figure 5 shows an example of 
sentences that contain Invention Field, Problem and Solution phrases in italics. 

3.3 Term Weighting by Keyterm Dependency Relations (KDR) 

In addition to the semantic tagging for key phrase extraction for patent documents, we 
attempt to rank-order terms based on their mutual dependency in a field of technology.  
 
                                                           
1 It is conceivable to generate the clues using a machine learning technique, which is left for 

future work. Instead, we constructed the patterns manually for high precision, which is 
essential for proof of concept. 

BACKGROUND OF THE INVENTION 
 
The present invention relates to an active material used in a positive electrode for 

alkaline storage batteries such as nickel-cadmium storage battery, nickel-metal hydride 
storage battery and the like. More particularly, it relates to an active material comprising 
a nickel based multi-metals oxide. 

 
Recently, an alkaline storage battery, particularly portable sealed storage… 

BACKGROUND OF THE INVENTION 
 
1. Field of the invention 

The present invention relates to a active material for positive electrode for an alkaline 
secondary cell and a method for producing the same as well as an alkaline secondary cell 
using the above active material for positive electrode, especially a nickel-hydrogen 
secondary cell and a method for producing the same. 

 
2. Prior art 

… 
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The main idea is to increase the weight of a term that co-occures with other important 
terms that are likely to represent the domain of interest. In other words, we conjecture 
that a term used alone without a relationship with other content  

 
Problem Sample Pattern 

{NP} + can/MD be/VB 
provided/VBN|improved/VBN|obtained/VBN 
{NP} + is/VBZ improved/VBN in/IN + {NP} 
apparatus/NN|methods/NNS for/IN + {NP|V-
ing + NP}
provided/VBN + {NP} /  

Solution Sample Pattern
utilizing/VBG|employing/VBG|using|VBG + 
{NP} 
to/TO +{VBG+NP}  

Fig. 4. A Sample of Problem and Solution Detection Patterns 

Patent No. Invention Field Problems Solutions 

6177213 The present invention 
relates to an alkaline 
storage battery 

a method for 
producing a 
composite positive 
electrode material 

 

having composite 
nickel hydroxide 
particulate 

6261720 The present invention 
relates to an active 
material used in a 
positive electrode for 
alkaline storage 
batteries 
 

high capacity 
positive electrode 
active material for 
an alkaline storage 
battery 

 

comprising a nickel 
based multi-metals 
oxide 

6013390 The present invention 
relates to an 
improvement of 
alkaline storage 
batteries 

Utilization of a 
positive electrode 
active material 
comprising a 
nickel oxide 

 

comprising a nickel 
oxide 

 SC: H01M 
(Batteries) 

MG: H01M 4
(Electrode)

SG: H01M 4/52 
(Nikel/Cobalt/Iron) 

Fig. 5. An example for extracted IFPS 

terms are likely to be an outlier and hence less helpful in identifying IPC codes for a 
quer patent.  

Let us consider the following sentences, for example: 
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- “Thus, a nickel-metal hydride storage battery of high capacity can be 
provided.”  

- “Nickel based alloy layer for perpendicular recording media.”  

Since “nickel” and “battery” co-occur in the first sentence, “nickel” is likely to be in 
the “battery” domain2. In the second sentence, “nickel” co-occurs with other words 
but not with “battery”. This is an indication that “nickel” is not related to the Battery 
domain. 

We borrowed the idea from the method for building Keyword Dependency Profile 
[15] which utilizes keyword dependency relations (KDR) for topic tracking. The 
intuition is that a word may have strong dependency relations with other words, 
which is important for describing the main information. KDR is evaluated by co-
occurrences among keywords in the same sentences. The initial weight of a keyword, 
which can be calculated by the tf-idf value, is increased if it is strongly related to other 
important keywords with a high initial weight. 

Figure 6 is an example of a KDR graph where words come from the sentence 
“Thus, a hydride storage battery of high capacity can be provided”. After removing 
stop-words and punctuations, we have a list of keywords <“hydride”, “storage”, 
“battery”, “capacity”, “provided”>. The graph on the left shows the relationships and 
initial term weights calculated with tf-idf. The number on an edge is the frequency of 
the two words occurring together in the same sentences. After applying the KDR 
algorithm to be explained below, weights of the terms change as in the graph on the 
right. The more edges connected to important nodes, the higher the weight increases. 
For example, the weight of “hydride” is increased significantly since it connects to 
important nodes such as “capacity”, “storage”, and “battery”. 

 
Fig. 6. An example of a KDR graph and weight changes 

The KDR algorithm is applied as follows. An input text is first segmented into 
sentences. After removing all redundant and stop-words, each sentence is represented 
as a graph, in which each word is a node n, and each edge e is the connection between 
two nodes. The weight of each node w(nk) is re-calculated by the following formula: 

 

                                                           
2 We assume here that IF indicates that the patent is in Battery domain. 
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where m is the number of nodes that co-occur with node nk in the same sentence, and l 
is the neighbor node that co-occurs with node nk in the same sentence. Here ek,l is the 
edge that connects node nk and node nl, and tf(ek,l) is the frequency of edge ek,l in the 
input text. A new weight is computed not only with tf(nl), term frequency of node nl, 
and idf(nl), inverse document frequency of node nl, but also with the frequency of  
the sentences containing the two terms in the entire input text.  

3.4 Query Formulation 

Given a patent, a base query is constructed by taking the top N terms based on the re-
calculated weights from a field or combination of fields. There are three types of 
queries that we constructed in the retrieval process and evaluation: queries from an 
individual field, queries from combined fields, and queries with terms tagged by IFPS. 
Table 1 shows the details of the query sets we constructed and experimented with. We 
chose 10 and 60 terms from different fields empirically depending on their lengths. 

3.5 Patent Indexing and Retrieval 

The Lemur Indri search engine was used to index patent documents. No stemming or 
stop-word removal was done for the baseline implementation. For each query, we 
retrieved top 1000 patents from the corpus (its description explained in the next 
section), and each retrieved patent was assigned a relevant score. We used the Okapi 
BM25 formula for the ranking model in this retrieval which has been used in many 
retrieval experiments. 

Table 1. Details of Experimental Query Sets 

 Query Set Query Description 

Se
pa

ra
te

 
Fi

el
d 

Abstract Top 10 terms from Abstract  

Claims Top 10 terms from Claims  

Description Top 60 terms from Description 

C
om

bi
ne

d 
 F

ie
ld

s 10 Abstract + 10 
Claim 

Top 10 terms from Abstract + Top 
10 terms from Claims 

10 Abstract +60 
Description 

Top 10 terms from Abstract + Top 
60 terms from Description 

10Abstract + 
10Claim + 
60Description 

Top 10 terms from Abstract + Top 
10 terms from Claims + Top 60 
terms from Description 

M
er

ge
d 

w
ith

 
IF

PS
 

ph
ra

se
s 

an
d 

K
D

R
  

IFPS IFPS phrases 
IFPS + 
10Abstract 

IFPS + Top 10 terms from Abstract 
(by KDR) 

IFPS + 10 Claim IFPS + Top 10 terms from Claims 
(by KDR) 

IFPS + 
10Abstract + 
10Claim 

IFPS + Top 10 terms from Abstract 
(by KDR) + Top 10 terms from 
Claims (by KDR) 
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4 Experiments and Results  

4.1 Test Collection and Evaluation Measures 

For experiments, three data sets were collected as follows: (1) A corpus of patent 
documents to search, (2) a set of patent queries, and (3) relevance judgments for 
patent documents in the corpus. For (1), we used the NTCIR-6 corpus consisting of 
1,315,470 patent documents published from 1993 to 2002. All the fields of the patents 
(e.g. Title, Abstract, Claims, Description) were indexed using Lemur toolkit [13]. For 
(2), we crawled 244 patent documents belonging to the domain of Batteries (H01M) 
published from 2003 up to now from the USPTO patent search website [16]. For 
relevance judgments, which usually require a very large amount of human resources, 
we chose to use IPC codes. If the IPC codes of the retrieved patents match those of 
the query patent, we consider they are relevant to the query. An advantage of using 
IPC codes for semantic level matching between a query and a document is that IPC 
codes are at three different abstraction levels, Subclass, Main-Group and Sub-Group, 
in increasing order of specificity. It allows us to apply different weights to the three 
different levels of matching so that their relative influence on the retrieved ranked 
documents can be considered. Table 2 shows the statistics of relevant IPC codes for 
the patent query set. Tables 3 and 4 show the statistics of the queries formulated by 
applying KDR and semantic tags (IFPS), respectively. Note that about 10% of the 
patents do not have Invention-Field and only 1% of the patents have 
Problem/Solution phrases over 260 terms.  

Table 2. Statistics of the relevant IPC codes 

Relevant IPCs Total Min Max 
Sub-class 415 1 7 
Main-group 1001 2 8 
Sub-group 1829 6 23 

Table 3. Statistics of the data extracted by the KDR method 

Statistics of KDR Analysis Average Min Max 
#of graphs per query patent 40 6 256 

#of nodes per graph 8 3 58 

#of edges per node 7 2 57 

Table 4. Statistics of Semantic tags: Invention Fields (IF) and Problems/Solutions (PS) 

Statistics of IFPS Average Min Max 
#of IF per document 16 0 113 
#of PS per document 53 7 263 
#of IFPS per document 58 11 279 
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To measure retrieval effectiveness, we chose to use the most commonly used metrics 
in IR: Mean Average Precision (MAP) and Recall (R). The measures were computed 
with trec_eval program [21] which has been commonly used in the TREC evaluations.  

4.2 Experimental Results 

The main goal of the experiments is to examine the effects of the two proposed query 
formulation methods: using keyword dependency relations (KDR) and semantic tags 
including Invention Fields, Problems, and Solutions (IFPS). For comparison purposes, 
we chose the conventional tf-idf method in Lemur Indri search engine as our baseline 
since this is the most commonly used method in previous research in patent prior art 
search.  

Query Formulation by Keyword Dependency Relation (KDR) 

Our first interest was to examine our intuition that term weighting based on KDR 
would play an important role in selecting domain-sensitive terms in patent prior art in 
comparison with the idf-based weighting. The KDR-driven query formulation method 
outperformed tf-idf in the majority of the cases as in Table 5 where comparisons were 
made for individual fields: Abstract, Claims and Description. For the Abstract field, 
KDR shows a significant improvement in term of MAP with 18.2%, 17.1%, and 
13.4% for Sub-class, Main-group, and Sub-group, respectively. The improvement for 
the Claims field is smaller with 7% for Sub-class and 5.5% for Main-group. The 
performance for Sub-group is slightly worse than tf-idf. For the case of using the 
Description fields, the KDR-based method has even smaller MAP improvements. 
This result is somewhat expected because KDR queries tend to select more common 
or general terms including acronyms that are more sensitive to the domain whereas 
the tf-idf based queries tend to have rarer terms in the collection. This tendency is 
illustrated in the following example. 

- Terms selected by KDR: electrode, positive, nickel, oxide, temperature, ag, 
ca, material, effect, cr 

- Terms selected by tf-idf: charging, nickel, overvoltage, storage, alkaline, 
batteries, absorbing, positive, effect, oxygen 

Having observed that the absolute performance values in recall and MAP are in the 
order of Description > Claims > Abstract, we ran experiments to understand what 
would be the best performance we could obtain by mixing the fields. The best result 
was obtained when all the three fields were used together, compared to other 
combinations of two field types. Queries were created by selecting top 10 terms from 
Abstract, top 10 from Claims, and top 60 from Description. The numbers were chosen 
to reflect the relative sizes of the texts in the fields. The result is shown in Table 6 
where it is clear that the KDR-based term weighting helps improving effectiveness in 
terms of recall and MAP across all the IPC code types. This result sets the upper 
bound with and without KDR.  
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Table 5. Results of two query formulation methods for individual fields 

 Field Method    Sub-Class    Main-Group    Sub-Group 

Recall MAP Recall MAP Recall MAP 

Abstract tf-idf 0.985 0.566 0.928 0.442 0.768 0.206 

KDR 
0.983 
(-0.2%) 

0.669 
(+18.2%) 

0.916 
(-1.3%) 

0.517 
(+17.1%) 

0.824 
(+7.3%) 

0.234 
(+13.4%) 

Claims tf-idf 0.988 0.640 0.945 0.499 0.840 0.237 

KDR 
0.986 
(-0.2%) 

0.685 
(+7.0%) 

0.942 
(-0.3%) 

0.527 
(+5.5%) 

0.830 
(-1.1%) 

0.228 
(-3.7%) 

Descrip
-tion 

tf-idf 0.995 0.775 0.962 0.592 0.909 0.289 

KDR 
1.000 

(+0.5%) 

0.808 

(+4.3%) 

0.966 

(+0.4%) 

0.609 

(+2.8%) 

0.910 

(+0.1%) 

0.289 

(-0.1%) 

Query Formulation by Semantic Tags (IFPS) 

We ran experiments to see the effect of semantic tagging with IFPS over the tf-idf 
method. The same number of terms was extracted for both cases from the Description 
fields, which gave the best results. As in Table 7, we gained some improvements 
across all the IPC code types. The biggest gain was observed for Sub-class, mainly 
because the terms extracted from IFPS are at a fairly general level. 

Given that the IFPS-based query formulation rank terms that are related to the 
major areas of invention and the problems and major solutions, we attempted to see 
their effect on the queries extracted from more succinct text, i.e. Abstract and Claims. 
Table 8 shows that the improvement in MAP over the tf-idf method is close to 50% 
for all the IPC code types when query terms were extracted by both KDR and IFPS 
from the Abstract fields only. Note that the improvement in recall with Sub-group is 
quite significant. We suspect that when the terms extractable from the patent text are 
at a fairly general level, the IFPS terms as well as the KDR method are very effective 
in improving retrieval effectiveness.  

As can be seen in Table 9, medium level improvements were obtained using a 
combination of KDR and IFPS when the Claims fields were used for the retrieval 
experiment. While the percent increases are less than those in Table 8, the trend is 
similar to the case of using the Abstract fields: marginal and significant improvements 
for recall and MAP, respectively. 
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Table 6. Queries formulated from a combination of Abstract, Claims and Description 

Table 7. IFPS compared with tf-idf when the same number of words was extracted from the 
Description field 

Method Sub-Class Main-Group Sub-Group 

Recall MAP Recall MAP Recall MAP 

tf-idf 
0.998 0.772 0.962 0.593 0.914 0.289 

IFPS 
0.998  
(+0%)  

0.831  
(+7.6%)  

0.972  
(+1%)  

0.619  
(+4.3%) 

0.918  
(+0.4%) 

0.294  
(+1.7%) 

Table 8. Effects of queries obtained from KDR and IFPS when succinct text is used for query 
formulation 

Method Sub-Class Main-Group Sub-Group 

Recall MAP Recall MAP Recall MAP 

10 Abs (Tf-idf) 0.985  0.566  0.928  0.442  0.768  0.206  
10 Abs (KDR) 
+ IFPS 

0.998 
(+1.3%) 

0.831 
(+46.8%) 

0.970 
(+4.5%) 

0.631 
(+42.6%) 

0.921 
(+19.9%) 

0.300 
(+45.3%)  

Table 9. Effects of queries obtained from KDR and IFPS with the Claims fields 

Method Sub-Class Main-Group Sub-Group 

Recall MAP Recall MAP Recall MAP 

10 Claims (tf-
idf)  

0.988 0.640 0.945 0.499 0.840 0.237 

10 Claims  
(KDR) + IFPS 

0.995 
(+0.7%) 

0.843 
(+31.7%) 

0.972 
(+2.9%) 

0.634 
(+26.9%) 

0.921 
(+9.6%) 

 

0.302 
(+27.5%) 

Field Method Sub-Class Main-Group Sub-Group 

Recall MAP Recall MAP Recall MAP 

Top10 from 
Abstract +  
Top 10 from 
Claims +   
Top 60 from 
Description 

tf-idf 
0.995  0.767  0.964 0.589  0.097  0.291  

KDR 
0.998  
(+0.3%) 

0.818  
(+6.7%) 

0.964 
0% 

0.622 
(+5.5%) 

0.914  
(+0.8%) 

0.298  
(+2.3
%) 
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4.3 Overall Summary 

We carried out experiments for query formulation by two methods: keyword 
dependency relations (KDR) and semantic tags (IFPS). Queries were extracted by 
taking the top N number of terms from each field or a combination of two or three 
fields. Retrieval results were evaluated for three IPC codes, Sub-class, Main-group 
and Sub-group, in comparison with those obtained by the tf-idf method. The 
experimental results show that Description is the most useful field for query 
formulation compared with Abstract or Claims. However a combination of the top N 
terms from the fields gave better performance than any of the fields in separation. 
KDR and IFPS gave better performance than tf-idf while the best performance was 
obtained when KDR and IFPS were used together. IFPS-based query formulation was 
particularly useful when shorter or more succinct text in Abstract or Claims fields 
were used in formulating queries. Moreover, we found that for each IPC class type, 
terms from a different field would give different results in IPC class identification.  

5 Conclusion  

The main contribution of the paper is its proposal to use term dependency relations 
and semantic tagging for query formulation in prior art search in the patent retrieval 
domain. The KDR-based term weighting method and IFPS phrase extraction method 
were shown to be effective in improving MAP for the task of identifying the IPC 
codes at three different levels of abstraction. KDR tend to help identifying domain-
specific terms whereas IFPS helps finding terms that are essential in judging the key 
invention and the problems being tackled in a patent. As such, they are most effective 
in identifying the Sub-class IPC codes, followed by Main-group and Sub-group.  

We also found in our experiments, that the Description fields gave the best 
performance in single field experiments although most of the previous research used 
terms from Claims for query formulation. It is because Description field is more 
lengthy and contains more useful terms, especially terms that relates to the main gist 
of a patent such as Problems, Solutions and Invention Field, that help in the patent’s 
IPC identification. It was observed that when the three fields, Abstract, Claims, and 
Description, are combined, the overall best performance was obtained, regardless of 
the term weighting or extraction schemes we employed.  

Another valuable insight we obtained from this work is that the traditional term 
weighting method based on tf-idf has an inherent weakness. Since the frequency of 
the terms often found in Invention Field tends to be low, they cannot be extracted 
purely based on frequency information. Some of the problem and solution phrases 
have the same tendency.  

While the proposed methods can be applied to patent documents in different 
domains, we plan to run a larger scale experiments to cover the domain other than 
“Battery”. Furthermore, the manually constructed patterns for IFPS phrase 
identification can be automated with machine learning techniques although the sub-
language aspect of patent documents tend to contain many predictable clues for 
identifying Invention Fields, Problems, and Solutions. An immediate extension to this 
work is to consider customizing the KDR algorithm for patent document such as 
using IFPS in computing term dependency relations.  
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