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Model
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Model - GCN 5
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Model - GCN
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Model - Highway GCN
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Model - (Highway) GCN 8
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Model - DCCA 9

DCCA: Deep Canonical Correlation Analysis
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Figure 3: Comparing t-SNE visualisations of 50 training samples from each of 4 randomly chosen regions
of GEOTEXT using various data representations: (a) concatenation of A (Equation 1); (b) concatenation
of DCCA transformation of text-based and network-based views X and A; (c) applying graph convolution
A- X;and (d) applying graph convolution twice AA- X
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Labeled Data Size
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Figure 4: The effect of the amount of labelled data available as a fraction of all samples for GEO-
TEXT, TWITTER-US, and TWITTER-WORLD on the development performance of GCN, DCCA, and
MLP-TXT+NET models in terms of Median error. The dataset sizes are 9k, 440k, and 1.4m for the three
datasets, respectively.
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Figure 5: The effect of adding more GCN layers

(neighbourhood expansion) to GCN in terms of me-

dian error over the development set of GEOTEXT
with and without the highway gates, and averaged

over H runs.
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Figure 6: The distribution of shortest path lengths
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ponent of GEOTEXT’s graph that constitute more

than 1% of total.
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Acc@161t Mean| Median] Acc@161t Mean| Median| Acc@161t Mean| Median]

Text (inductive)

Rahimi et al. (2017b) 38 844 389 54 554 120 34 1456 415
Wing and Baldridge (2014) — — — 48 686 191 31 1669 509
Cha et al. (2015) — 581 425 — — — — — —

Network (transductive)

Rahimi et al. (2015a) 58 586 60 54 705 116 45 2525 279
GCN-LP 58 576 56 53 653 126 45 2357 279
Text+Network (transductive)

Do et al. (2017) 62 532 32 66 433 45 53 1044 118
Miura et al. (2017) — — — 61 481 65 — — —

Rahimi et al. (2017b) 59 578 61 61 515 77 53 1280 104
MLP-TXT+NET 58 554 58 66 420 56 58 1030 53

DCCA 56 627 79 58 516 90 21 2095 913
GCN 60 546 45 62 485 71 54 1130 108
Text+Network (transductive)

MLP-TXT+NET 1% 8 1521 1295 14 1436 1411 8 3865 2041
DCCA 1% 7 1425 979 38 869 348 14 3014 1367
GCN 1% 6 1103 609 41 788 311 21 2071 853

Table 1: Geolocation results over the three Twitter datasets for the proposed models: joint text+network
MLP-TXT+NET, DCCA, and GCN and network-based GCN-LP. The models are compared with text-only
and network-only methods. The performance of the three joint models is also reported for minimal
supervision scenario where only 1% of the total samples are labelled. “—" signifies that no results were
reported for the given metric or dataset. Note that Do et al. (2017) use timezone, and Miura et al. (2017)

5|F : Table 1

use the description and location fields in addition to text and network.
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Acc@161t Mean| Median] Acc@161t Mean| Median| Acc@161t Mean| Median]

Text (inductive)
Rahimi et al. (2017b) 38 844 389 54 554 120 34 1456 415
Wing and Baldridge (2014) — — — 48 686 191 31 1669 509
Cha et al. (2015) — 581 425 — — — — —
Network (transductive)
Rahimi et al. (2015a) 58 586 60 54 705 116 45 2525 279
GCN-LP 58 576 56 53 653 126 45 2357 279
Text+Network (transductive)
Do et al. (2017) 62 532 32 66 433 45 53 1044 118
Miura et al. (2017) — — — 61 481 65 — — —
Rahimi et al. (2017b) 59 578 61 61 515 77 53 1280 104
MLP-TXT+NET 58 554 58 66 420 56 58 1030 53
DCCA 56 627 79 58 516 90 21 2095 913
GCN 60 546 45 62 485 71 54 1130 108
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Table 1: Geolocation results over the three Twitter datasets for the proposed models: joint text+network
MLP-TXT+NET, DCCA, and GCN and network-based GCN-LP. The models are compared with text-only
and network-only methods. The performance of the three joint models is also reported for minimal
supervision scenario where only 1% of the total samples are labelled. “— signifies that no results were
reported for the given metric or dataset. Note that Do et al. (2017) use timezone, and Miura et al. (2017)

5|F : Table 1

use the description and location fields in addition to text and network.
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Acc@161t Mean| Median] Acc@161t Mean| Median| Acc@161t Mean| Median]

Text (inductive)

Rahimi et al. (2017b) 38 844 389 54 554 120 34 1456 415
Wing and Baldridge (2014) — — — 48 686 191 31 1669 509
Cha et al. (2015) — 581 425 — — — — — —
Network (transductive)

Rahimi et al. (2015a) 58 586 60 54 705 116 45 2525 279
GCN-LP 58 576 56 53 653 126 45 2357 279
Text+Network (transductive)

Do et al. (2017) 62 532 32 66 433 45 53 1044 118
Miura et al. (2017) — — — 61 481 65 — — —
Rahimi et al. (2017b 59 578 61 61 515 77 53 1280 104
MLP-TXT+NET 38 554 38 66 420 56 58 1030 53
DCCA 56 627 79 58 516 90 21 2095 913
GCN 60 546 45 62 485 71 54 1130 108
Text+Network (transductive)

MLP-TXT+NET 1% 8 MLP-TXT+NET & GCN & 8 3865 2041
DCCA 1% 7 .. 14 3014 1367
GON 1% s/ Rahimi (2017b)% L£[El>TWL\ 5% 21 2071 853
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use the description and location fields in addition to text and network.
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TWITTER-WORLD

Acc@161t Mean| Median] Acc@161t Mean| Median| Acc@161t Mean| Median]

Text (inductive)

Rahimi et al. (2017b) 38 844 389 54 554 120 34 1456 415
Wing and Baldridge (2014) — — — 48 636 191 31 1669 509
Cha et al. (2015) — 581 425 — — — — — —
Network (transductive)
Rahimi et al. (2015a) 58 586 60 54 705 116 45 2525 279
GCN-LP 58 576 56 53 653 126 45 2357 279
Text+Network (transductive)
Do et al. (2017) 62 532 32 66 433 45 53 1044 118
Miura et al. (2017) — — — 61 481 65 — — —
Rahimi et al. (2017b) 59 578 61 61 515 77 53 1280 104
MLP-TXT+NET 58 554 58 66 420 56 58 1030 53
DCCA 56 627 79 58 516 90 21 2095 913
GCN 60 546 45 62 485 71 54 1130 108
Text+Network (transductive)
MLP-TXT+NET 1% 8 1521 1295 14 1436 1411 8 3865 2041
DCCA 1% 7 1425 979 38 869 348 14 3014 1367
GCN 1% 6 1103 609 M1 788 311 21 2071 853
Table 1: ( =71 = N o - — N +network
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Supervisi ET DHRXTA—=—XDEDEZE sults were
reported fOor the given metric or dataset. INote that Do et al. (ZUT /) use timezone, and VItura et al. (2017)
use the description and location fields in addition to text and network. 5| : Table 1
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Figure 7: The geographical distribution of Median error of GCN using 1% of labelled data in each state
over the development set of TWITTER-US. The colour indicates error and the size indicates the number
of development users within the state.
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Table 2: Top terms for selected regions detected by GCN using only 1% of TWITTER-US for supervision.
We present the terms that were present only in unlabelled data. The terms include city names, hashtags,
food names and internet abbreviations.
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