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/ Summary

« Name disambiguation is an important and challenging problem:
* The 300 most common male names are used by over 115 million

Table 1: Results of Author Name Disambiguation
Clusteting

Candidate sets

people (taklng about 7874%) in the US. Researcher profiles AMiner I Zhang et al. GHOST Louppe et al. Rule
. _ . L. ) . F Zhang F Zhang 1 Name Prec Rec F1 I Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1
» Challenges include: measuring similarity of documents, determining Document 4 — - , _ _ _ - , _

_ _ _ Documont 5 u Xu 7418 4586  56.68 | 48.16  41.87 4480 | 61.34 2179 3215 | 2255 6440 3340 | 1075 97.23  19.35
the number of persons with the same name, integrating data Document & :> Human annotators Rong Yu 89.13 4651 61.12 | 6548 4085 5032 | 92.00 3641 5217 | 38.85 9143 5453 | 30.81 9779  46.86
continuously... F Zhang 2 % Yong Tian 7632 5195 6182 | 7074 56.85 63.04 | 8694 5458  67.06 | 32.08 6371 4267 | 1037 9379  18.67

Y Zhang J Tang Document 5 Lu Han 51.78  28.05 3639 | 47.88 2062  28.82 | 69.72 1739  27.84 | 30.25 46.65 3670 | 13.66 89.16  23.69

e \We propose a novel representation |eaming method by incorporating both Document 1 Document 7 'W ’i‘ Lin Huang 77.10  32.87  46.09 | 71.84 3417 4631 | 86.15 17.25 2874 | 2486 7132  36.87 | 13.86 9946 2433
: . : Document 2 Document 8 m-—F----f-- > F Zhang 3 Kexin Xu 9137 98.64 9487 | 90.02 8247  86.08 | 9290 2852 4364 | 91.26 9835 9467 | 9145 99.60  95.35

global and local information, and present an end-to-end cluster size Document 3 Document 9 | : Document 6 S 8 0 Wei Quan 53.88  39.02 4526 | 6445 47.66 5477 | 86.42  27.80 4207 | 37.86 6341  47.41 | 28.16 93.80  43.32
estimation method: ! f g ! h w w Tao Deng 81.63  43.62 56.86 | 53.04 29.89 3823 | 73.33 2450 3673 | 4046 51.38 4527 | 1630 9516  27.84
_ _ | , Hongbin Li 7720  69.21 7299 | 5466  53.05 53.84 | 56.29 29.12 3839 | 1948 8596 3177 | 13.25 9641  23.30

* A global metric learning model for all documents. Q P T 7 Cluster Si g Hua Bai 7149  39.73  51.08 | 5858 3590 4452 | 83.06 29.54 4358 | 36.39 4133 3870 | 2547 9851 4047

: L : Representation USIer S12€ — Meiling Chen | 7493 4470 5599 | 59.36  28.80 3879 | 86.11 23.85 37.35 | 5832 47.14 5214 | 59.55 8207  69.02

* Alocal linkage model within a candidate set. UCE Learning Estimation Yanqing Wang| 71.52 7533 7337 | 6040 5197 5587 | 80.79 4039 53.86 | 29.64 79.08 43.11 | 2572 6247  36.44

- ocument Socument onstraints Xudong Zhang| 62.40 2254 3312 | 7020 2335 3504 | 8575 723 1334 | 7238 79.83 7592 | 6322 17.94  27.95

* An end-to-end RNN-based model to estimate the number of persons Qiang Shi 5220  36.15 4272 | 43.84 3694  40.10 | 53.72 2680 3576 | 3531 47.18 4039 | 28.79  93.89  44.06
assoclated with the same name. Feedbacks Min Zheng 57.65 2235 3221 | 5476 19.70 2898 | 80.50 1521 2558 | 25.86  32.67 28.87 | 1541 9872  26.66

New documents Avg. 7796  63.03 67.79 | 7063 59.53 6281 | 81.62 4043 5023 | 57.09 77.22  63.10 | 4494 8930  53.42

* +7-35% In terms of F1-score compared with baselines.

Table 3: Results of Clustering Size Estimation.

Global Metric Learning Cluster Size Estimation

Table 2: Contribution of Each Component. Actual | RNN | Regression | X-means
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: : cluster size estimation. (D;, K;) is a training example for RNN Embedding | 66.85 | 42.04 | 49.79 Jian bu 2 :
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the documents.

Graph Auto-Encoder

Input: A (the adjacency matrix of G¢), Y (Output of global model)
Output: Z (learned latent local embedding matrix)

Encoder: Two-layer graph convolution network (GCN)

g1(Y,A) = AReLU(AYW()W;

(d) Emb (F1: 35.36%) (e) Emb + Global (F1: 42.75%) (f) Emb + Global + Local (F1: 61.11%)
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Figure 4: t-SNE Visualization of embedding spaces on a candidate set. Each color in (a), (b), (c) denotes an individual ground truth cluster, while

102 each color in (d), (e), (f) denotes a predicted cluster by hierarchical agglomerative clustering. Emb indicates the original feature embedding.
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Global and Local represent the use of global metric learning and local linkage learning respectively. The dashed black ellipses in (a), (b), (c)
circle the points of the same ground truth cluster.
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Decoder: Inner product decoder
« Data Schema
* Relation file: name — list of person id — list of paper id
L_oss Function: reconstruction adjacency matrix  Paper file: paper id, title, published year, abstract, author names, author organizations,
keywords, venue...

g2(Z) = sigmoid(Z7Z)

p(Afj = 1|Zf,Zj) - Singid(ZI.T Zj)

Ly=— ) Ailogp(Ay)
Di,DjED

URL: https://aminer.org/disambiguation/

Contact: Jie Tang, jietang@tsinghua.edu.cn GitHub: https://github.com/neozhangthel/disambiguation/
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