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Algorithm 1 Compressing into a shallow and wide PLT

Input: (a) Labels of training data {y!-}ff;“‘"; (B PLT Ty () K = 2°, H
Output: A compressed shallow and wide PLT T'
1: Sy + {parent nodes of leaves}
2: for h +— 1 to H do
if h < H then
Sy, +— {e-th ancestor node n of nodes in Sp,_1}
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Sy, + { the root of Tj;}
Th — Th_-l
for all nodes n £ 5, do
9: for all nodes n’ € Sj,_; and node n is the ancestor of n' in T" do
10: Pa(n') +~n  © Let node n be parent of node n' in T},. Pa(n) means parent of n.

11: retarn Ty

3
4
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- EUR-Lex1, Wiki10-31K2, AmazonCat—13K
— 3T extreme-scale Bk ( IRZTEGE
- Amazon-670K2, Wiki-500K2, Amazon-3M

3 500K - 3M)

Dataset Nirain Nioat D L E L Wﬁ' ain W!E‘B!
EUR-Lex 15,449 3,865 186,104 3,956 5.30 20,79 124858 123040
Wikil0-3 1K 14,146 6,616 101,938 938 18.64 8.32 248430 242545
AmazonCat-13K 1,186,239 306,782 203,882 13,330 5.04 448,57 246.61 245,98
Amazon-6T0K 490,449 153,025 135,909 670,091 5.435 3.99 247 33 241.22
Wiki-500K 1779881 769421 2,381,304 501,008 4.75 16.80 S0R.66 s{18.56
Amazon-3M 1,717,899 742507 337067 2,812,281 36.04 22.02 104.08 104,18

Nirain: #training instances, Ny..,: #test instances, [): #features, L: #labels, L: average #labels per instance, I
the average #instances per label, W, 0.0 the average #words per training instance and W, the average
#words per test instance. The partition of training and test is from the data source.
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Table 3: Performance comparisons of AttentionXML and other competing methods over six bench-
marks. The results with the stars are from Extreme Classification Repository directly.

Methods P@|=N@] P@3 P@5 Methods P@l|=N@] P@3 P@5
EUR-Lex Amazon-670K
AnnexML 79.66 64.94 5352 AnnexML 42.09 366l 3275
DiSMEC 8321 70,39 5873 DiSMEC 44,78 3972 36.17
Pfastre XML 73.14 60.16  50.54 Pfastre XML* 36.84 3423 32.09
Parabel 82.12 68.91 57.89 Parabel 44,91 3977 3598
XT 79.17 6680 56.09 XT 42.54 3793 34.63
Bonsai 82.30 69.55 5K35 Bonsai 45.58 40.39  36.60
MLC25eq 62.77 59.06  51.32 MCL25eq - - -
XML-CNN 75.32 60.14 4921 XML-CNN 33.41 30,00 2742
AttentionXML-1 85.49 73.08 61.10 AtentionXML-1 45.66 40.67 36,94
AttentionXML 87.12 7399 6192 AttentionXML 47.58 42.61 38.92
Wikil0-31K Wiki-500K
AnnexML 86.46 7428  64.20 AnnexML 64.22 4315 3279
DISMEC 84.13 7472 65.94 DiSMEC 70.21 50.57 39.68
Pfastre XML* 83.57 68.61 59.10 Pfastre XML 56.25 37.32 28.16
Parabel 84.19 72,46 63.37 Parabel 68.70 4957 38.64
XT 83.66 7328 6451 XT 65.17 46,32  36.15
Bonsai 84.52 7376  64.69 Bonsai 69.26 4980 38.83
MLC28eq &80.79 58.59 54.66 MCL2Seq - - -
XML-CNN 81.41 66.23  56.11 XML-CNN = - =
AttentionXML-1 87.05 77.78 6878  AtentionXML-1 75.07 56,49 4441
AttentionXML 87.47 78.48 69.37 AttentionXML 76.95 5842 46.14
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Table 5: Performance of variant number of trees in AttentionXML.
Amazon-670K Wiki-500K Amazon-3M
Trees | P@] P@3 P@5 | P@]l] P@3 P@5 @ P@] P@3 P@5
| 45.66 40.67 3694 | 75.07 5649 4441 | 4908 46.04 4388
2 46.86 41.95 3827 | 7644 5792 4568 | 5034 4745 45.26
3 4758 4261 3892 | 7695 5842 46.14 | 5086 4804 4583
4 48.03 4305 3932 | 77.21 58.72 4640 | 51.66 48.39 46.23

RSN ISYEROLE T A
- HBvN, PEgedtly, BPrBEITBlpARE X

Table 8: Performance comparisons of different A for AttentionXML on Amazon-670K.

Methods P@l=N@] P@3 P@5 N@3 N@5 PSP@l PSP@3 PSP@5
Amazon-6T0K, K = 8, ' = 160
45.74 40,92 37.12 43.26 41.53 2932 32.50 35.18

2
3 45.66 40.67 3694 43.04 4135 2930 32.36 35.12
1 45.29 4047 3673 4283 4113 2888 32.08 34.79

H
H
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