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LOD
(Linked Open Data)

• オープンデータの公開⽅式
• Tim Berners-Lee の提唱
• 5★オープンデータ (https://5stardata.info)
• URI, HTTP, RDF, SPARQL, 相互接続

• LODの活発化
• LOD Cloud (https://lod-cloud.net/, 2018年6⽉)

• 1,220 データセット
• 1,000個のトリプルがないと認められない

• 16,095 個のデータセット間リンク
• 50個のデータセットとリンクしていないと認められない



RDF 
(Resource Description Framework)

• 三つ組でデータを記述する枠組み
• 三つ組：(主語，述語，⽬的語)

• dbr := http://dbpedia.org/resource
• rdfs := https://www.w3.org/2000/01/rdf-schema#

• 主語，述語は必ず URI
• ⽬的語は URI または リテラル（⽂字列）

• URI (Uniform Resource Identifier)

dbr:Huis_Ten_Bosch_
(theme_park) ハウステンボスrdfs:label



エンティティ検索

• LODにおける基本的な検索
• ⼊⼒：キーワードクエリ（単語集合）
• 出⼒：エンティティ集合

• 問題：エンティティの⽂書表現
• どのリテラルがエンティティに「関連」するか？

• RDFで記述 à データがグラフ構造
• ナイーブ：エンティティが主語のトリプルを利⽤
• 既存⼿法

• 単語重み：BM25, BM25-CA, LM, SDM, PRMS, MLM-all
• フィールド拡張：MLM-CA, FSDM, BM25F-CA
• Entity Linking：LM-ELR, SDM-ELR, FSDM-ELR 



本研究の貢献

1. 再現率の調査
2. RWRDoc: グラフ上の距離を⽤いた表現学習
• グラフ上の「近さ」に応じてリテラルを

エンティティの表現に組み込む
3. PPRSD: グラフ分析に基づく再ランキング
• ランキング性能 (NDCG) の向上



再現率の調査
• 対象データ：
DBpedia-Entity v2
• 再現率@k
• @10 vs. @1000
è 58% ダウン
• @100 vs. @1000
è 18% ダウン
• @1000
è 13% の⾒落とし
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Table 1: Recall@k (k = 10, 100, 1000). Each row corresponds with existing approaches, and the last row ismaximum recall score
among them. For each column, the best score is boldface, underlined, and lined in the bottom. The bottom row indicates gaps
from recall@k values (k = 10, 100) from recall@1000, which claims that large amount of relevant results are below top-10.

Model SemSearch ES INEX-LD ListSearch QALD-2 Total
@10 @100 @1000 @10 @100 @1000 @10 @100 @1000 @10 @100 @1000 @10 @100 @1000

BM25 .2563 .6669 .9280 .1730 .4860 .7554 .1093 .4598 .7221 .1891 .4677 .6929 .1823 .5175 .7703
PRMS .3719 .7499 .9412 .2312 .5339 .7796 .1839 .5476 .7525 .2273 .5428 .7420 .2522 .5919 .8009
MLM-all .3887 .7705 .9412 .2343 .5527 .7796 .1840 .5655 .7525 .2280 .5706 .7420 .2571 .6136 .8009
LM .3812 .8236 .9412 .2425 .5807 .7796 .1899 .5772 .7525 .2355 .5910 .7420 .2607 .6413 .8009
SDM .3884 .8581 .9865 .2409 .6224 .8567 .1987 .6121 .8256 .2398 .5921 .7991 .2659 .6674 .8633
LM-ELR .3863 .8278 .9412 .2364 .5894 .7796 .1913 .5940 .7536 .2474 .5909 .7401 .2646 .6483 .8006
SDM-ELR .3898 .8581 .9865 .2366 .6307 .8567 .2105 .6180 .8256 .2589 .6172 .7991 .2739 .6782 .8633
MLM-CA .4096 .7843 .9420 .2249 .5917 .8051 .1861 .5834 .8038 .2377 .5953 .7894 .2639 .6370 .8329
BM25-CA .3991 .8326 .9766 .2372 .6266 .8603 .2110 .6261 .8431 .2650 .6157 .8164 .2782 .6727 .8708
FSDM .4459 .8515 .9581 .2390 .6153 .8191 .1980 .5999 .8175 .2466 .6102 .7970 .2812 .6667 .8455
BM25F-CA .4097 .8707 .9704 .2607 .6526 .8544 .2042 .6189 .8325 .2548 .6341 .8157 .2811 .6912 .8653
FSDM-ELR .4536 .8539 .9562 .2477 .6253 .8191 .2022 .6075 .8162 .2507 .6275 .7970 .2872 .6765 .8450
max .4536 .8707 .9865 .2607 .6526 .8603 .2110 .6261 .8431 .2650 .6341 .8164 .2872 .6912 .8708
gap .5329 .1158 — .5996 .3077 — .6321 .2170 — .5514 .1823 — .5836 .1796 —

not perfect yet? To answer the question, this paper investigates rela-
tionship between query terms and relevant entities for the query,
and the investigation reveals that some terms only exist on distant
literals from relevant entities. Additionally, this paper obtains a
clue for selection of predicates connecting to literals w.r.t. di�erent
distances from the entities. Based on these investigations, this pa-
per puts discussion on future directions based on graph analytical
approaches for entity search.

The following sections discuss the detail for getting the answers
to the questions. Section 2 introduces brie�y the state-of-the-art
shown in [5] and showcases the preliminary evaluation in terms
of recall@k metrics, and Section 3 explains the idea and detail of
PPRSD, and Section 4 evaluates the state-of-the-art and PPRSD us-
ing the test collection and shows the answers to the aforementioned
questions. Section 5 displays additional investigations and insights
for the future directions, and Section 6 concludes this paper.

2 STATE OF CURRENT ENTITY SEARCH
This work explores the future directions of entity search, to this end,
this paper investigates the current state of entity search, especially
this paper sticks to a leading benchmark, DBpedia-Entity v2 [5].

As shown in the benchmark, there are various approaches which
are mainly based on information retrieval and natural language pro-
cessing techniques. The list of approaches include fundamental ap-
proaches: BM25 [15], BM25-CA [15], LM (Language Modeling) [13],
SDM (Sequential Dependency Model) [10], PRMS (Probabilistic
Model for Semistructured Data) [7], and MLM-all (Mixture of Lan-
guage Models) [11]; �elded extension approaches: MLM-CA [11],
FSDM (Fielded Sequential Dependence Model) [19], and BM25F-
CA [15]; extended approaches by entity linking technique [4] for
query: LM-ELR [4], SDM-ELR [4], and FSDM-ELR [4].

Theseworks are based on a �elded document constructionmethod
in [3]. As an overall structure, each entity has 1000 �elds together
with three additional �elds. The 1000 �elds are corresponding with
top 1000 frequent predicates in DBpedia, and the additional �elds
are heuristically constructed such that one is “name” �eld which
is constitution of predicates rdfs:label and foaf:name; another

is “types” �eld which contains rdf:type predicate and predicates
ending in “subject”, and the other is “contents” �eld which holds the
contents of all �elds of connected entities except those connected
by owl:sameAs to remove same entities in di�erent languages.
Aforementioned approaches use parts of the �elded documents as
follows: BM25, LM and SDM use the contents �eld; and MLM-all,
PRMS and FSDM use top-10 �elds. The �eld extension approaches
are di�erentiated by settings of �eld weights (e.g., MLM-all uses
equal weights for all �elds, while PRMS learns weights for �elds).

To investigate the qualities of these approaches, this paper tests
more intuitive metrics recall@k in addition to NDCG which is
shown in [5]. The NDCG results are copied to Table 4 (rows of not
*-ed method names correspond to the original results shown in
[5]). The NDCG result shows comparative ranking qualities among
these approaches.While, NDCG is not a clear indicator for distances
from goals. Therefore, this paper investigates more clear indicator,
recall@k (Eqn. 1) which reveals ratio of relevant results in top-k .

recall@k =
the number of relevant items in top-k
the total number of relevant items

(1)

Table 1 displays recall@k (k 2 {10, 100, 1000}) and it indicates
that more than 80% of relevant results are included in top-1000 but
only 20% to 45% of them are included in top-10, which indicates
there are room left for improving rankings. The recalls are calcu-
lated on the top-1000 results presented in the benchmark data2. The
boldface and underlined cells in the table show maximum recall
scores for tasks and k . All methods have low recall@10 as well as
recall@100, but still high recall@1000, meaning that ranking per-
formance should be improved. The gap row in the table emphasizes
that top-10 results have large room left for improvements.

3 PAGERANK-BASED RE-RANKING
This work attempts to improve the ranking qualities by graph an-
alytical approach-based re-ranking methods. LD is modeled as a
labeled graph, it is therefore reasonable to apply graph analytical
approaches to evaluate values of entities. In particular, this paper

2https://github.com/iai-group/DBpedia-Entity/tree/master/runs/v2
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not perfect yet? To answer the question, this paper investigates rela-
tionship between query terms and relevant entities for the query,
and the investigation reveals that some terms only exist on distant
literals from relevant entities. Additionally, this paper obtains a
clue for selection of predicates connecting to literals w.r.t. di�erent
distances from the entities. Based on these investigations, this pa-
per puts discussion on future directions based on graph analytical
approaches for entity search.

The following sections discuss the detail for getting the answers
to the questions. Section 2 introduces brie�y the state-of-the-art
shown in [5] and showcases the preliminary evaluation in terms
of recall@k metrics, and Section 3 explains the idea and detail of
PPRSD, and Section 4 evaluates the state-of-the-art and PPRSD us-
ing the test collection and shows the answers to the aforementioned
questions. Section 5 displays additional investigations and insights
for the future directions, and Section 6 concludes this paper.

2 STATE OF CURRENT ENTITY SEARCH
This work explores the future directions of entity search, to this end,
this paper investigates the current state of entity search, especially
this paper sticks to a leading benchmark, DBpedia-Entity v2 [5].

As shown in the benchmark, there are various approaches which
are mainly based on information retrieval and natural language pro-
cessing techniques. The list of approaches include fundamental ap-
proaches: BM25 [15], BM25-CA [15], LM (Language Modeling) [13],
SDM (Sequential Dependency Model) [10], PRMS (Probabilistic
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with three additional �elds. The 1000 �elds are corresponding with
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ending in “subject”, and the other is “contents” �eld which holds the
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PRMS and FSDM use top-10 �elds. The �eld extension approaches
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equal weights for all �elds, while PRMS learns weights for �elds).
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more intuitive metrics recall@k in addition to NDCG which is
shown in [5]. The NDCG results are copied to Table 4 (rows of not
*-ed method names correspond to the original results shown in
[5]). The NDCG result shows comparative ranking qualities among
these approaches.While, NDCG is not a clear indicator for distances
from goals. Therefore, this paper investigates more clear indicator,
recall@k (Eqn. 1) which reveals ratio of relevant results in top-k .
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the number of relevant items in top-k
the total number of relevant items

(1)

Table 1 displays recall@k (k 2 {10, 100, 1000}) and it indicates
that more than 80% of relevant results are included in top-1000 but
only 20% to 45% of them are included in top-10, which indicates
there are room left for improving rankings. The recalls are calcu-
lated on the top-1000 results presented in the benchmark data2. The
boldface and underlined cells in the table show maximum recall
scores for tasks and k . All methods have low recall@10 as well as
recall@100, but still high recall@1000, meaning that ranking per-
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that top-10 results have large room left for improvements.

3 PAGERANK-BASED RE-RANKING
This work attempts to improve the ranking qualities by graph an-
alytical approach-based re-ranking methods. LD is modeled as a
labeled graph, it is therefore reasonable to apply graph analytical
approaches to evaluate values of entities. In particular, this paper

2https://github.com/iai-group/DBpedia-Entity/tree/master/runs/v2

論⽂中の表1より

• 近傍のリテラルだけでは不⼗分 è RWRDoc
• @10，@100にまだまだ改善の余地 è PPRSD



RWRDoc
(RWR-basd Document Learning)

• アイデア
• エンティティから到達可能なリテラルを利⽤
• より「近い」リテラルを信頼

• RWRDoc
• 初期：各エンティティを

隣接リテラルの
TF-IDF で表現
• 到達可能エンティティを

「近さ」に応じて重み付け
• 近さ：RWR 

(Random Walk with Restart)
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PPRSD
(Personalized PageRank-based Score Distribution)

• アイデア
• 既存⼿法でも Top-1000 は 80+% の再現率
• より関連のあるものを上位に再ランキング
• LODのグラフ構造を活⽤

• PPRSD
• PPRで計算済みスコアを再分配

• 単純にPPRのスコアを組み合わせると性能が低下
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Table 2: Recall@k (k = 10, 100). Each row corresponds to the maximum recall@k value among re-ranked existing approaches.

Re-ranking method SemSearch ES INEX-LD ListSearch QALD-2 Total
@10 @100 @10 @100 @10 @100 @10 @100 @10 @100

PageRank .1545 .4664 .1171 .3639 .1059 .4438 .1561 .4519 .1344 .4198
Personalized PageRank .1632 .4779 .1228 .3822 .1146 .4524 .1613 .4587 .1397 .4355

explores feasibility of PageRank [12], which is popular graph an-
alytical methods to originally evaluate Web pages and has been
applied for many other domains.

This paper models LD data as data graph, de�ned as follows:

D��������� 1 (D��� G����). Given LD data, data graph G =
(V ,E) is a graph, where set V = R [ L [ B of vertices are union of
set R of entities, set L of literals and set B of blank nodes, and set
E ✓ V ⇥P ⇥V of edges between vertices with predicates P as labels. ⇤

The subsequent sections introduce naïve baseline approaches
and the proposed re-ranking method, PPRSD. Section 3.1 introduces
re-ranking methods via PageRank [12] and personalized PageR-
ank [6], and introduces a preliminary evaluation of these methods.
Then, Section 3.2 explains PPRSD which utilizes both results of the
state-of-the-art and advantages of personalized PageRank.

3.1 Naïve Graph Analytical Re-ranking
As discussed above, graph analytical approaches are reasonable
for re-ranking criteria, however, with a little consideration, global
evaluation methods like PageRank do not make sense for ranking
entities with respect to input keyword queries. Roughly speaking,
PageRank evaluates vertices having lots of incoming links as im-
portant. Therefore, when PageRank is applied to the data graph G,
PageRank gives an order of vertices which is independent from in-
put queries. Examinations for the global rankings show bad results
(this paper does not include this because it is obvious).

In order to test PageRank and personalized PageRank in a re-
ranking manner, this work utilizes an insight from the recall@k
results in Table 1. The insight is that the top-1000 results by exist-
ing methods include more than 80% of relevant results. Thus, the
idea of re-ranking with PageRank and personalized PageRank is to
�lter top-1000 result entities by the existing methods and to apply
the graph analytical approaches. To do so, an induced subgraph
(De�nition 2) for the top-1000 result entities are extracted.

D��������� 2 (I������ S�������). Given set V 0 of vertices,
induced subgraph G 0 = (V 0,E 0) of graph G = (V ,E) over V 0 is a
subgraph of G such that V 0 ✓ V and E 0 = (V 0 ⇥V 0) \ E. ⇤

On the induced subgraph G 0 extracted from top-1000 results,
PageRank and personalized PageRank values are calculated as
Eqn. 2 and Eqn. 3. In Eqn. 2, pr is a PageRank vector with 1000
length, A is a 1000 ⇥ 1000 adjacency matrix of G 0, e is 1000-length
vector which elements are all 1, and d is a damping factor which
is the probability of random jumps. Similarly, in Eqn 3, pprq is a
1000-length PageRank vector for query q, A is an adjacency matrix
as PageRank, s is 1000-length personalized vector for q, which ele-
ments corresponding with matching entities for q are 1 and other
elements are 0, and d is a damping factor.

pr = (1 � d ) · prA + d · e (2)

pprq = (1 � d ) · pprqA + d · s (3)

A preliminary experiment over these naïve re-ranking meth-
ods shows worse results than the state-of-the-art. The preliminary
experiment tests the feasibility of aforementioned methods (PageR-
ank and personalized PageRank-based re-ranking methods) on the
DBpedia-Entity v2 benchmark [5]. The re-ranking approaches are
applied for all the state-of-the-art methods listed in Table 1. Ta-
ble 2 displays maximum recall@k values among the applied meth-
ods of PageRank and personalized PageRank, separately. Amongst
PageRank and personalized PageRank, personalized PageRank has
achieved better performance than PageRank, therefore, taking rel-
evance to queries into account results better ranking qualities.
Comparing recall@k of the state-of-the-art shown in Table 1, the
re-ranking methods are mostly worse then them. Consequently,
re-ranking methods should more rely on the state-of-the-art.

3.2 Re-ranking by Score Distribution
The preliminary evaluation on the naïve re-ranking methods re-
veal two facts: one is personalized PageRank-based re-ranking is
superior to PageRank-based re-ranking, and the other is the state-
of-the-art are still more powerful than simple graph analytical ap-
proaches. Therefore, the facts suggest that personalized PageRank-
based method with utilizing results of the state-of-the-art can be a
better choice. The rest of this section introduces how to realize it.

The main idea of the proposed approach is that utilizing rele-
vance scores for re-ranking algorithm via personalized PageRank.
The state-of-the-art rank entities by their own relevance scores, the
scores indicate relative relevance degrees among the resulting enti-
ties. That is, there are more or less gaps on relevance scores than
those on ranks. Additionally, the relevance scores are more sophis-
ticated than just counting matching entities as naïve personalized
PageRank-based re-ranking approach (s in Eqn. 3).

To realize this idea, this work arranges the personalized PageR-
ank formulation shown in Eqn. 3 to include the relevance scores
calculated by the state-of-the-art as Eqn. 4 called PPRSD (stands
for Personalized PageRank based Score Distribution).

pprsdq = (1 � d ) · pprsdqA + d · t (4)

where pprsdq is a 1000-length relevance score vector of PPRSD.
The personalized vector s is rede�ned as t, where each element ti
of entity �i 2 V 0 stores a relevance score of q to �i calculated by
one of the state-of-the-art method. Log likelihood-based relevance
scores (i.e., LM, MLM, SDM, FSDM, PRMS, and their variations)
are negative values in nature, therefore, these scores are converted
to positive numbers by applying exponential function. In addition,
the converted scores are quite small (e.g., 10�34) because the values
in the log function are products of probabilities, therefore, the con-
verted scores are multiplied by positive number so as to make the

Top-1000 エンティティの
誘導部分グラフの隣接行列

Top-1000 エンティティの
スコアベクトル



実験

• 質問
1. グラフ上の距離を⽤いたエンティティの

⽂書表現は再現率の向上に有⽤か?
2. グラフ分析はエンティティ検索の

ランキンク性゙能 (NDCG) 向上に有効か?
3. これらを組み合わせた⼿法は

エンティティ検索の性能 (NDCG) 向上に有効か?
• データセット：DBpedia-Entity v2
• 対象LOD：DBpedia 2015-10
• クエリセット：SemSearch ES, INEX-LD, 

 ListSearch, QALD-2



結果（再現率）表 2: 再現率@k (k = 10, 100, 1000)．表 1 と同様の記載方法である．最下行は提案手法の RWRDocと RWRDocと PPRSDを
組み合わせた手法 (RWRDoc*) である．RWRDoc と RWRDoc*の下の Imp. 行は既存手法からの改善率を既存手法の最大再現
率に対する再現率の比で示す．各列について，既存手法で最大の値は下線で，すべての手法で最大の値は太字で強調している．
RWRDocは上位 1000件の再現率を向上し，PPRSDと合わせることで，上位 10件，100件ともに改善していることがわかる．

Model
SemSearch ES INEX-LD ListSearch QALD-2 Total

@10 @100 @1000 @10 @100 @1000 @10 @100 @1000 @10 @100 @1000 @10 @100 @1000

BM25 .2563 .6669 .9280 .1730 .4860 .7554 .1093 .4598 .7221 .1891 .4677 .6929 .1823 .5175 .7703
PRMS .3719 .7499 .9412 .2312 .5339 .7796 .1839 .5476 .7525 .2273 .5428 .7420 .2522 .5919 .8009
MLM-all .3887 .7705 .9412 .2343 .5527 .7796 .1840 .5655 .7525 .2280 .5706 .7420 .2571 .6136 .8009
LM .3812 .8236 .9412 .2425 .5807 .7796 .1899 .5772 .7525 .2355 .5910 .7420 .2607 .6413 .8009
SDM .3884 .8581 .9865 .2409 .6224 .8567 .1987 .6121 .8256 .2398 .5921 .7991 .2659 .6674 .8633
LM-ELR .3863 .8278 .9412 .2364 .5894 .7796 .1913 .5940 .7536 .2474 .5909 .7401 .2646 .6483 .8006
SDM-ELR .3898 .8581 .9865 .2366 .6307 .8567 .2105 .6180 .8256 .2589 .6172 .7991 .2739 .6782 .8633
MLM-CA .4096 .7843 .9420 .2249 .5917 .8051 .1861 .5834 .8038 .2377 .5953 .7894 .2639 .6370 .8329
BM25-CA .3991 .8326 .9766 .2372 .6266 .8603 .2110 .6261 .8431 .2650 .6157 .8164 .2782 .6727 .8708
FSDM .4459 .8515 .9581 .2390 .6153 .8191 .1980 .5999 .8175 .2466 .6102 .7970 .2812 .6667 .8455
BM25F-CA .4097 .8707 .9704 .2607 .6526 .8544 .2042 .6189 .8325 .2548 .6341 .8157 .2811 .6912 .8653
FSDM-ELR .4536 .8539 .9562 .2477 .6253 .8191 .2022 .6075 .8162 .2507 .6275 .7970 .2872 .6765 .8450

RWRDoc .4001 .8303 .9801 .2408 .6391 .8624 .2177 .5902 .8613 .2390 .6433 .8298 .2744 .6757 .8834
Imp. (%) -11.79 -4.64 -0.65 -7.71 -2.07 +0.24 +3.18 +5.73 +2.16 -9.81 +1.45 +1.64 -2.51 -2.24 +1.45

RWRDoc* .4325 .8511 .9801 .2618 .6671 .8624 .2307 .6582 .8613 .2655 .6716 .8298 .2976 .7120 .8834
Imp. (%) -4.65 -2.25 -0.65 +0.42 +2.22 +0.24 +9.34 +5.13 +2.16 +0.19 +5.91 +1.64 +3.62 +3.01 +1.45

を示し，PPRSDと組み合わせる (RWRDoc*) ことで上位 10
件，上位 100件においても再現率の改善を示している．RWR-
Docは近距離のリテラルだけでなく，遠くのリテラルも加味す
る．これにより，再現率が改善してことがわかる．SemSearch
ESは RWRDocにとっては少し苦手なタスクであると言える．
SemSearch ESは近傍のテキストに含まれるようなキーワード
をクエリにしたタスクである，そのため，RWRDocでは近傍以
外のテキストも「余分に」含んでしまって最良とはならなかっ
た．しかしながら，一般的には他のタスクのように近傍以外の
テキストを利用したクエリが存在する．また，全体的な再現率
として最も優秀な値であるため，RWRを利用しエンティティ
文書を学習する手法は適当であったといえる．さらに，PPRSD
での再ランキングを取り入れることで，ランキングを修正し上
位 10件や上位 100件でも総合的に最良の手法となった 14．
表 3は，PPRSDが既存手法のランキングを改善し，RWR-

Doc と組み合わせることで最良のランキング性能を達成した
ことを示す．表において，手法名に*がついたものは PPRSD
での再ランキングであることを表し，Rise 行で PPRSD によ
る改善率を示しており，改善率が負値の場合にセルを青色で強
調している．これにより，ほぼすべての手法・タスクに置いて
PPRSD がランキングを改善していることがわかる．加えて，
PPRSD で悪化した手法・タスクの改善率は-0.1%以下と誤差
の範囲であると言える．このことから，PPRSDによるランキ
ングは既存のエンティティ検索のランキングを改善したことが
いえる．表 2 で，RWRDoc により上位 1000 件の再現率が改
善したことから，PPRSDにより RWRDocのランキングを再
ランキングすることで，正答になるエンティティをより上位に

14：既存手法についても PPRSD を適用した再現率実験を行っているがスペー
スの都合で省略している．興味がある方は [10] を参照されたい．

ランキングすることが期待される．Imp.行により，RWRDoc*
が既存手法に対して総合的に高いランキング性能を示している．
しかし，SemSearch ESタスクや QALD-2の上位 10件のラン
キングでは，ランキング性能で既存手法を下回ってしまってい
る．前者は再現率と同じく，RWRDocの性質によるものであ
ると考えられる．後者は，RWRが LD上のエッジの種類を無
視しているために，意味的なつながりを無視してしまったため
に性能の十分な向上が達成できなかったと考えられる．
質問に対する回答は以下のようになる．

• 質問 1： グラフ上の距離を用いたエンティティの文書学習
は再現率の向上に有用か？
回答： RWRDocは上位 1000件の再現率向上に強く寄与
するが，上位 10件，100件の向上には有用ではなかった．
これは，RWRDocで構築したエンティティ文書により，ク
エリとのマッチングを見落としにくくする一方で，マッチ
ング度合いについては不十分であったと言える．

• 質問 2： グラフ分析はエンティティ検索のランキング性能
向上に有効か？
回答：ベンチマークを用いた実験により，PPRSDは既存
手法において，ほぼすべてのクエリセットでランキング性
能を向上した．一部ランキング性能が低下したものの，誤
差の範囲と言えるほどの低下であった．故に，グラフ分析
がランキング性能向上に有効であることが示唆された．

• 質問 3： それぞれを合わせた手法はエンティティ検索の精
度向上に有効か？
回答： PPRSDのランキング性能向上は，既存手法に限ら
ずRWRDocでも改善が見られた．その結果，RWRDocが
苦手としていた上位のランキング（上位 10件，100件）に
おいても既存手法を上回る性能を示した．故に，RWRDoc

論⽂中の表2より
⾚：改善
⻘：ほぼ同じ

• RWRDocで主に @1000 の再現率が改善
• +PPRSDで @10, @100 の再現率が改善



結果（NDCG）

• PPRSD（図中の*）
により，ほぼすべて
の⼿法の結果が改善
• 最良はすべてPPRSD
で改善したもの
• RWRDoc + PPRSD
が全体で最良

表 3: NDCG@k (k = 10, 100). 表 1 と同様に，各列はクエリセットと全クエリセットのマクロ平均を表す．各列の部分列は上位
10件，100件の結果に対応する (@10, @100)．各列では，既存手法で最大の値は下線で，すべての手法で最大の値は太字で強調
している．各行は比較手法に対応し，*つきの手法は PPRSDで再ランキングを行ったものである．Rise行は PPRSDによる手法
の改善率を表し，Rise が負値の場合にセルを青色で強調している．最下行の Imp. 行は，PPRSD での改善手法を含む既存手法
のうち最大の NDCG@k からの RWRDoc*の改善率を示す．PPRSDで既存手法が改善され，RWRDocのランキング性能問題を
PPRSDが補い，ランキング性能が改善されていることがわかる．

Model
SemSearch ES INEX-LD ListSearch QALD-2 Total
@10 @100 @10 @100 @10 @100 @10 @100 @10 @100

BM25 .2497 .4110 .1828 .3612 .0627 .3302 .2751 .3366 .2558 .3582
BM25* .2839 .4463 .2903 .3816 .2534 .3543 .2953 .3624 .2812 .3847

Rise (%) +13.7 +8.59 +58.8 +5.65 +304 +7.30 +7.34 +7.66 +9.93 +7.40

PRMS .5340 .6108 .3590 .4295 .3684 .4436 .3151 .4026 .3905 .4688
PRMS* .5388 .6162 .3590 .4295 .3684 .4436 .3151 .4026 .3913 .4698

Rise (%) +0.90 +0.88 0.00 0.00 0.00 0.00 0.00 0.00 +0.20 +0.21

MLM-all .5528 .6247 .3752 .4493 .3712 .4577 .3249 .4208 .4021 .4852
MLM-all* .5578 .6303 .3752 .4493 .3712 .4577 .3249 .4208 .4030 .4863

Rise (%) +0.90 +0.90 0.00 0.00 0.00 0.00 0.00 0.00 +0.22 +0.23

LM .5555 .6475 .3999 .4745 .3925 .4723 .3412 .4338 .4182 .5036
LM* .5606 .6529 .3999 .4745 .3925 .4723 .3413 .4338 .4191 .5046

Rise (%) +0.92 +0.83 0.00 0.00 0.00 0.00 +0.03 0.00 +0.22 +0.20

SDM .5535 .6672 .4030 .4911 .3961 .4900 .3390 .4274 .4185 .5143
SDM* .5564 .6718 .4030 .4912 .3961 .4902 .3394 .4274 .4191 .5152

Rise (%) +0.52 +0.69 0.00 +0.02 0.00 +0.04 +0.12 0.00 +0.14 +0.17

LM-ELR .5554 .6469 .4040 .4816 .3992 .4845 .3491 .4383 .4230 .5093
LM-ELR* .5608 .6518 .4040 .4816 .3992 .4847 .3491 .4383 .4240 .5103

Rise (%) +0.97 +0.76 0.00 0.00 0.00 +0.04 0.00 0.00 +0.24 +0.20

SDM-ELR .5548 .6680 .4104 .4988 .4123 .4992 .3446 .4363 .4261 .5211
SDM-ELR* .5577 .6716 .4105 .4988 .4129 .4999 .3449 .4364 .4271 .5218

Rise (%) +0.52 +0.54 +0.02 0.00 +0.15 +0.14 +0.09 +0.02 +0.23 +0.13

MLM-CA .6247 .6854 .4029 .4796 .4021 .4786 .3365 .4301 .4365 .5143
MLM-CA* .6249 .6895 .4029 .4798 .4020 .4786 .3365 .4301 .4361 .5150

Rise (%) +0.03 +0.60 0.00 +0.04 -0.02 0.00 0.00 0.00 -0.09 +0.14

BM25-CA .5858 .6883 .4120 .5050 .4220 .5142 .3566 .4426 .4399 .5329
BM25-CA* .6040 .7024 .4132 .5048 .4302 .5181 .3607 .4544 .4475 .5404

Rise (%) +3.11 +2.05 +0.29 -0.04 +1.94 +0.76 +1.15 +2.67 +1.73 +1.41

FSDM .6521 .7220 .4214 .5043 .4196 .4952 .3401 .4358 .4524 .5342
FSDM* .6549 .7269 .4214 .5044 .4196 .4951 .3401 .4359 .4527 .5350

Rise (%) +0.43 +0.68 0.00 +0.02 0.00 -0.02 0.00 +0.02 +0.07 +0.15

BM25F-CA .6281 .7200 .4394 .5296 .4252 .5106 .3689 .4614 .4605 .5505
BM25F-CA* .6444 .7361 .4494 .5336 .4288 .5166 .3699 .4672 .4673 .5581

Rise (%) +2.60 +2.24 +2.28 +0.76 +0.85 +1.18 +0.27 +1.26 +1.48 +1.38

FSDM-ELR .6563 .7257 .4354 .5134 .4220 .4985 .3468 .4456 .4590 .5408
FSDM-ELR* .6572 .7307 .4354 .5135 .4219 .4985 .3466 .4455 .4587 .5416

Rise (%) +0.14 +0.69 0.00 +0.02 -0.02 0.00 -0.06 -0.02 -0.07 +0.15

RWRDoc .5877 .7215 .4189 .5296 .4119 .5845 .3346 .5163 .4348 .5643
RWRDoc* .6379 .7288 .4413 .5462 .4355 .6015 .3591 .5623 .4684 .6097
Rise (%) +8.54 +1.01 +5.35 +3.13 +5.73 +2.91 +7.32 +8.91 +7.73 +8.05

Imp. (%) -2.94 -0.99 -1.80 +2.36 +1.23 +16.1 -2.92 +20.4 +0.24 +9.25

と PPRSDを合わせた手法は総合的に見て，エンティティ
検索の精度向上に有効であった．

5 関 連 研 究
既存のエンティティ検索手法は，2節で述べたように情報検

索，特に文書検索の技術と自然言語処理技術を応用したもの
が大半である．本研究はこれに対し，LDの持つグラフ構造を

有効に活用する手法であり，従来研究とは異なるアプローチを
とっている．
表現学習は自然言語処理の分野やグラフ解析の分野でも活発

に研究されている．自然言語処理分野では，Word2Vec [12]を
始めとする文字列の表現を与えられた巨大な文書集合から学習
する試みがされ，大きな成功を収めている．一方で，グラフ解
析の分野では，グラフ上のノードを低次元ベクトルで表現する
研究が行われている．Node2Vec [2]を始めとするノードの表現

⻘：悪化
⾚：最良

論⽂中の表3より



実験まとめ

1. グラフ上の距離を⽤いたエンティティの⽂書表現は
再現率の向上に有⽤か? – Yes, but limited
• @1000 の向上に効果的
• @10, @100には有効性は⾒いだせない

2. グラフ分析はエンティティ検索のランキンク性゙能 
(NDCG) 向上に有効か? – Yes
• ほぼすべての⼿法について向上
• 簡単すぎる検索 (SemSearch ES) への効果は薄い

3. これらを組み合わせた⼿法はエンティティ検索の
性能 (NDCG) 向上に有効か? - Yes
• RWRDoc の弱点 (@10, @100) をPPRSDが補った



まとめと今後の課題

• まとめ
• 対象：LODにおけるエンティティ検索
• 提案⼿法

• RWRDoc: 距離に基づくエンティティの表現学習
• PPRSD: グラフ分析を利⽤した再ランキング

• 結果：9.25%のエンティティ検索の性能向上
• 今後の課題
• 述語の考慮
• 潜在的表現学習の導⼊


