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Introduction

Expert finding
• Main principle behind expertise retrieval: the search for expert
candidates given a query.
• Many different kind of data can be used to tackle the expert finding
task.
• In our case: a bipartite network of candidates and documents.
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Figure 1: Example of a bipartite network composed of candidates and
documents.
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Contributions

• Propose 4 new datasets 1 for expert finding: 1 extracted from a
scientific publication network (DBLP) and 3 from question & answer
(Q&A) websites (Stack Exchange).
• Implement an evaluation methodology based on the ranking of
candidates given a set of labeled document [Brochier et al., 2018].
• Explore the use of state-of-the-art document network embedding
(DNE) algorithms for expert finding.
• Provide experiment results.
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the data here: https://github.com/brochier/expert_finding
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Related Works

The topic-query evaluation methodology
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l1 = information extraction
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Figure 2: Hypothetical dataset for the topic-query evaluation methodology.
The queries are the topic namings i.e. q1 = l1 and q2 = l2 . A good algorithm
would generate the following ranking: q1 7→ c5 c4 c3 c1 c2 .
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Algorithms for expert finding

• P@noptic Expert [Craswell et al., 2001] creates a meta-document
for a candidate by concatenating the contents of all documents she
is linked with.
• A voting model [Macdonald and Ounis, 2006] computes similarity
scores between the query and the documents and aggregates them at
the candidate level by using a fusion technique [Zhang et al., 2003].
• A propagation model [Serdyukov et al., 2008] uses random walks
with restart [Page et al., 1999] to propagate the similarity scores
between the query and the documents across the candidates.
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Document network embedding: usual applications
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Figure 3: Link prediction with network embedding.
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Figure 4: Node classification with network embedding.
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DNE algotithms

• Text-Associated DeepWalk (TADW) [Yang et al., 2015] extends
DeepWalk [Perozzi et al., 2014] to deal with textual attributes.
• Graph2Gauss (G2G) [Bojchevski and Günnemann, 2018] embeds
each node as a Gaussian distribution instead of a vector.
• GVNR-t [Brochier et al., 2019] is a matrix factorization approach
for document network embedding, inspired by GloVe [Pennington
et al., 2014].
• IDNE [Brochier et al., 2020] uses a topic-word attention
mechanism, trained from the connections of a document network.
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Evaluation Methodology and
Document Network Embedding

The document-query evaluation methodology
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Figure 5: Hypothetical dataset for the document-query evaluation
methodology. The queries are the annotated documents i.e. q1 = d1 , q2 = d3 ,
... q4 = d6 . A good algorithm would generate the following ranking:
q1 7→ c4 c3 c1 c5 c2 .
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New Datasets

• For DBLP, annotations for candidates are provided by [Zhang et al.,
2007] and documents are annoted by 2 PhD students of our lab.
• For Stack Exchange, we keep questions and answers with more than
10 user votes. We use tags as expertise fields and keep those that
were used more than 50 times.
Table 1: General properties of the datasets.

DBLP
Stats
Academia
Math Overflow

# candidates
707
5765
6030
7382

# documents
1641
14834
20799
38532

# labels
7
59
55
98

# experts
199
5765
6030
7382

# queries
114
3966
4214
10614

label example
’information_extraction’
’maximum-likelihood’
’recommendation-letter’
’galois-representations’
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Using DNE for expert finding algorithms

• Instead of using tf-idf representations of the documents for
P@noptic, the voting and the propagation models, we can use DNE
algorithms.
• The document network provided to the DNE algorithm has
adjacency matrix Ad = Adc A|dc + Add .
• It means 2 documents are connected if they have a direct link
between them in the bipartite network or if they have an undirect
link i.e. they have an author (candidate) in common.
• Running a DNE algorithm with input Ad and D, we obtain new
document representations.
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Extending DNE algorithms for expert finding (1)
Pre-aggregation scheme:
• As in the P@noptic model, meta-documents are generated by
aggregating the documents produced by each candidates.
• We compute a candidate network Ac = A|dc Adc and a document
network Ad = Adc A|dc + Add .
• A meta-network is constructed:
!
Ad Adc
A=
A|dc Ac
.
• The candidate and document representations are then generated by
treating this meta-network as an ordinary instance of document
network.
• The scores of the candidates are generated by cosine similarity
between the representation of the document-query and the
representations of the candidates.
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Extending DNE algorithms for expert finding (2)

Post-aggregation scheme:
• We first train the DNE algorithm on the network of documents
defined by Ad = Adc A|dc + Add .
• A representation for a candidate is computed by averaging the
vectors of all documents associated to her.
• The scores are then computed by cosine similarity.
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Experiment Results

Experiment Results on DBLP

Table 2: Mean scores with their standard deviations on DBLP

random
panoptic (tf-idf)
voting (tf-idf)
propagation (tf-idf)
pre-agg TADW
pre-agg GVNR-t
pre-agg G2G
pre-agg IDNE
post-agg TADW
post-agg GVNR-t
post-agg G2G
post-agg IDNE
voting (IDNE)
propagation (IDNE)

AUC
49.47 (09.80)
74.06(12.94)
78.60 (11.97)
79.26 (13.09)
65.84 (12.94)
76.90 (11.46)
72.87 (12.75)
78.08 (11.27)
68.01 (13.37)
73.91 (13.93)
68.94 (15.23)
76.87 (13.36)
82.23 (11.08)
82.44 (16.14)

P@10
05.00 (06.66)
22.37 (16.35)
26.05 (15.76)
33.07 (19.61)
15.61 (11.63)
19.04 (11.70)
15.70 (11.62)
20.18 (11.85)
16.32 (11.57)
18.86 (12.19)
16.23 (12.02)
19.04 (14.57)
34.82 (18.46)
44.47 (22.91)

AP
07.09 (03.81)
23.24 (12.55)
28.24 (13.92)
34.66 (18.21)
17.26 (08.78)
21.39 (09.61)
18.53 (09.37)
22.00 (09.87)
18.01 (08.97
20.57 (10.33)
18.21 (09.76)
21.57 (10.96)
37.27 (16.16)
47.01 (22.06)
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Experiment Results on Math Overflow

Table 3: Mean scores with standard deviations on Math Overflow

random
panoptic (tf-idf)
voting (tf-idf)
propagation (tf-idf)
pre-agg TADW
pre-agg GVNR-t
pre-agg G2G
pre-agg IDNE
post-agg TADW
post-agg GVNR-t
post-agg G2G
post-agg IDNE
voting (IDNE)
propagation (IDNE)

AUC
49.98 (01.62)
81.87 (04.46)
86.80 (03.23)
88.08 (03.38)
NA
65.34 (09.22)
66.84 (08.99)
67.01 (09.26)
NA
63.84 (07.59)
65.06 (09.09)
66.74 (09.10)
88.71 (03.76)
69.38 (09.65)

P@10
06.44 (08.28)
21.95 (19.15)
61.11 (18.68)
93.68 (12.16)
NA
44.02 (28.31)
22.95 (17.81)
22.96 (17.84)
NA
41.81 (22.68)
22.43 (16.94)
21.92 (17.21)
68.46 (18.53)
92.35 (13.88)

AP
06.53 (03.06)
22.95 (07.54)
40.10 (08.27)
49.58 (08.90)
NA
16.88 (08.55)
12.49 (05.70)
13.40 (06.02)
NA
14.96 (06.25)
11.78 (05.51)
13.11 (05.87)
43.53 (09.90)
39.62 (09.89)
14

Observations

• In general, the propagation model performs best.
• The aggregation schemes both perform poorly. Note that they
achieve better performances on DBLP that on Stack Exchange.
• The voting model can benefit from DNE representations.
• The propagation model benefits from DNE representations only on
DBLP. Its performance highly decreases on Stack Exchange data.
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Conclusion

Conclusion

• The propagation model performs best since it takes fully benefit
from the network. However, using document representations based
on network embedding algorithms seems to corrupt the propagation.
• Neither DNE algorithms nor our aggregation schemes capture the
autority of a node. This might explain their low performance.
• To bridge the gap between DNE algorithms and the expert finding
task, one should (1) improve their handling of the heterogeneity of
the network and (2) focus on their ability to capture the autority of
the nodes.
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Thank You !
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