Beijing Forest Studio |: - .
ItRBIXZEERERGEUNMIRPIN o

ZinsEZF7)

TR E K&=E
2021F08AH22H




BaiEir

=9V ¥
- E&NFS)
— ARFIAEIESEE!
SiARIE
v B 45
2E ik




FRHEBIXIR

- FHAUIR
- 1. TRSIREFINE XS
- 2. THRETREFIINZSIREFIRE
- 3. THSIREFIEMRDZE
- 4. TREREFINESNA




ETomARAE

° z*’_\xﬁ -JI& i ?tﬁrﬁ_l RIRAHES IR Z(XML) /EFWEF}HE

\ one-vs-allAiE

[EEF BN T E

IR (MLML) _/—
. HittEA

el BEMEMLE

Pl
ERAEREFES2TI(MLO) TSR —

G e
<\ #EEET

ZEMLC

A REEIMLC

SRETIFEH IMLAL)

ZIEMLCIMIML)

RSN

; = HimAHE
ETFEFEINSIGEET MLC

PREEIEMLC
'< FAFEEMLC

ERFEEFH

EEEEED 4




ENidt =

+ *#1%#3] (Active Learning)
— Bfr: ARDJgEBIbRiE AR B AR gE

- MR Active Learning
o 1 EENIGR: MEEIISERIGRITN; S —

T Sy e E_:,.,:' e | I/~ II
*‘;;,_'ﬂ.ﬂﬂwek.,, poelied 1100

© 2 WURIRFESRIZEN: FREVRHES HBTREAREUE; s I
. 3 ATHE: RIESREW A TIHAIEIZ; o s T Ty
. 4 REEAENFTISIE: KEEaNEn

request labels for selected data

HERETE; ‘ (1,7)

- 5 BB BETIREYSINESHEIN () @, ow
BRXEIER, SATZRMANRESESHE L4 e ’
B, FEHIEFHERHEUR, melivo fesfnor expert oracle



ENidt =

» EDNFIFHENFSIFIK R
- #ia)F3): RERFE IS ERIK
- F@)F3): RES5FRNERE, HiLEFSEEBRASEMEREEERE
— FAF S0 R BT o) 2 {5 AR o] gE 2> Bk S X FNR BB E i EE, Mitn
> AL BFRGE R

R RE
1% BE

— NS 5] SCRR R R
— I8 HhER - XahF 3 Birhek

VIGAREHENE (a) WGFREHEAYE (b)




ENidt =

« FNFIIMFRBFIABXR
- BB St
- B MIRFRCHHIpP RS MEESINES, fritiE# 52 EfcHHIRP KR

SV E

- ARl FIAAR
» FBFIRAFEATIZSS, BUAEFS—EHNEXBERNERIESEEZXMTTRIK
FEEEBIE S 2000, FRIECHTEIBIN
- FMFIAF[TBALERINE, HPEIRSIA, BIRECHIMBITERKX,




ENidt =

- ARFIAEIESIEE!
— BOFiESER ( Autoregressive LM)
QEEFRI T 0ER, BIREERIE LN T—18ia, siiRIE T XFNE—1 8ia
- GPT, GPT2, XLNet, ELMO
- BmBIESEE ( Autoencoder LM)
« OJLAFRERVV OS2, sERIBTERIFNNAIZFR EXFI T

* Bert
AN L
.. problems turning banking ~ crises  as
——

Bi-diredction




"'“EI_IE X—Transformer

HiERiE



"'"EI_IE X—Transformer

T EARTIRFAARIE IR SIER TR TS IrEF 2]
I JRYUG S

1. PRI

P Z%FHTransformerl‘E;’ﬂﬂﬁﬁﬂilﬁ, 15 =C 151 4 59 B FiR
3. W2 TR EA R THEF SR R 2R

BB TRE

O

¥ TransformeriEZRNAEIZSIREZF )
BIRFIEFA THRXIIRESIREFES]

YD oI fE fRIEE R M GERI AR TR/ IME R R
KDD2020

— O 0O T

10



SHAZE

2 o)

- IREZBE K ARRERESBXLNetFXBERB L ZE B IRE IR T AE
12 1oy

i IR BB

— BHLALIEERIXMCinl@ 53 fF K —B B = B/NSZHI0[{TFiol#, Z# 7K
%5 Mo it 14 0] @Rt

XLNet-large model (# params) (batch size, sequence length)=(1,128)
problem encoder classifier  total | load model +forward +backward +optimizer step
GLUE (MNLI) 361 M 2K 361M | 2169 MB 2609 MB 3809 MB 6571 MB
XMC (1M) 361M  1,025M  1386M | 6077 MB 6537 MB OOM OOM

Table 1: On the left of are the model sizes (numbers of parameters) when applying the XLNet-large model to the MNLI problem
vs. the XMC (1M) problem; on the right is the GPU memory usage (in megabytes) in solving the two problems, respectively.
The results were obtained on a recent Nvidia 2080Ti GPU with 12GB memory. OOM stands for out-of-memory.
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Figure 3: The proposed X-Transformer framework. First, Semantic Label Indexing reduces the large output space. Transform-
ers are then fine-tuned on the XMC sub-problem that maps instances to label clusters. Finally, linear rankers are trained
conditionally on the clusters and Transformer’s output in order to re-rank the labels within the predicted clusters.
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Methods Prec@l Prec@3 Prec@s Methods Prec@! Prec@3 Prec@5
Eurlex-4K Wikil0-31K
AnnexML [24] 79.66 6494  53.52 AnnexML [24] 86.46 7428  64.20
DiSMEC [1] 83.21 70.39 58.73 DISMEC [1] 84.13 74.72 65.94
PfastreXML [8] 73.14 60.16 20,54 PfastreXML [8] 83.57 68.61 39.10
Parabel [20] 82.12 68.91 57.89 Parabel [20] 84.19 72.46 63.37
eXtremeText [29] 79.17 66.80 56.09 eXtremeText [29] 83.66 73.28 64.51
Bonsai [9] 82.30 69.55 58.35 Bonsai [9] 84.52 73.76 64.69
MLC2seq [16] 62.77 59.06 51.32 MLC2seq [16] 80.79 58.59 54.66
XML-CNN [12] 75.32 60.14 49.21 XML-CNN [12] 81.41 66.23 56.11
AttentionXML [32] 87.12 73.99 61.92 AttentionXML [32] 87.47 78.48 69.37
Ppre-sinet + Parabel 3353 2671 2215 Bpre-xinet + Parabel 81.77 6486  54.49
dwiar + Parabel 81.71  69.15  58.11 $uar + Parabel 84.27 7320  63.66
et et Parahel 8400 7150 G012 e B chipc s Parabel 8735 7824 GR AT
X-Transformer 87.22 75.12 62.90 X-Transformer 88.51 78.71 69.62
AmazonCat-13K Wiki-500K
AnnexML [24] 93.54 78.36 63.30 AnnexML [24] 6422 43.15 32.79
DISMEC [1] 93.81 79.08 6:4.06 DISMEC [1] 70.21 50.57 39.68
PfastreXML [8] 91.73 71.97 63.08 PfastreXML [8] 26.2) 37.32 28.16
Parabel [20] u3.02 79.14 64.51 Parabel [20] 68.70 49.57 38.64
eXtremeText [29] 92.50 78.12 63.51 eXtremeText [29] 65.17 46.32 36.15
Bonsai [9] 92.98 79.13 64.46 Bonsai [9] 69.26 49.80 38.83
MLC2seq [16] 9426  69.45 57.55 MLC2seq [16] = . "
XML-CNN [12] 93.26  77.06 6140 XML-CNN [12] 5 - 3
AttentionXML [32] 95.92 82.41 67.31 AttentionXML [32] 76.95 38.42 46.14
(pre-xinet + Parabel 8096  63.92 5072 pre-xiner + Parabel 31.83 2024 1576
duiiar + Parabel 92.81 7899 6431 Fuar + Parabel 68.75  49.54  38.92
 be e B dipar+ Parabel 9533 8277 6766 ey @ diggr o+ Parabel 7557 5512 4331 15

X-Transformer 96.70 83.85 68.58 X-Transformer 77.28 57.47 45.31
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Figure 2. Label distribution of dataset Wiki-500k follows Zipf’s
Law. Label ids are sorted in descending order by the number of
occurrence in the dataset.
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Figure 3. Architecture of the 3-cluster APLC. h denotes the hidden
state. V3, denotes the head cluster. V; and V5 denote the two tail
clusters. The size of the leaf node indicates the frequency of the
label.
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Dataset SLEEC AnnexML DisMEC PfastreXML Parabel Bonsai XML-CNN  AttentionXML | APLC-XLNet

P@|] 79.26 T9.66 R2.40 75.45 BL.73 83.00 76.38 R7.14 87.72

EURLex-4k P@3  64.30 64.94 68.50 62.70 68.78 69,70 62.81 75.18 74.56

P@s 52.33 53.52 57.70 52.51 57.44 58.40 51.41 62.58 62.28

P@] 00.53 03.55 03.40 91.75 03.03 0298 03.26 02.62 94.56

AmazonCat-13k P@3 7633 78.38 79.10 77.97 79.16 79.13 77.06 77.56 79.82

P@5 61.52 63.32 64.10 63.68 64.52 64,46 61.40 62.74 64.60

P@l £5.88 86.50 85.20 §3.57 8431 84.70 84.06 86.04 89.44

Wikil0-31k P@3 7298 74.28 74.60 68.61 72.57 73.60 73.96 77.54 78.93

P@s 62.70 64.19 65.90 59.10 63.39 64,70 6411 68.48 69.73

P@] 53.60 63.86 70.20 56.25 HE.52 H9.20 59.85 72.62 72.83

Wiki-500k P@3 3451 40.66 5().60 37.32 49.42 49.8() 39.28 51.02 50.50

P@5s 25.85 29.79 39.70 28.16 38.55 38.80 29.81 39.41 38.55

P@l 3505 42.08 44.70 39.46 44.89 45.50 35.39 45.45 43.46

Amazon-670k  P@3  31.25 36.65 39.70 35.81 39.80 40,30 31.93 40.63 38.82
P@5 28.56 32.76 36.10 33.05 36.00 36.50 29.32 36.92 3532 24
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Figure 4. Precision P@] on dataset EURLex and Wikil0, as a Figure 5. Precision P@1 of different partitions on dataset EURLex
function of the number of clusters. and Wikil0. Id 1, 2 and 3 denote the partition (0.7, 0.2, 0.1), (0.33,
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