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[1] Dieng A B, Wang C, Gao J, et al. Topicrnn: A recurrent neural network with long-range semantic dependencyl[J]. arXiv preprint arXiv:1611.01702, 2016.
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Model Reported Error rate
BoW (bnc) (Maas et al., 2011) 12.20% #iEsR: IMDB
BoW (bA té) (Maas et al., 2011) 11.77%
LDA (Maas et al., 2011) 32.58%
Full + BoW (Maas et al., 2011) 11.67%
Full + Unlabelled + BoW (Maas et al., 2011) 11.11%
WRRBM (Dahl et al., 2012) 12.58%
WRRBM + BoW (bnc) (Dahl et al., 2012) 10.77%
MNB-uni (Wang & Manning, 2012) 16.45%
MNB-bi (Wang & Manning, 2012) 13.41%
SVM-uni (Wang & Manning, 2012) 13.05%
SVM-bi (Wang & Manning, 2012) 10.84%
NBSVM-uni (Wang & Manning, 2012) 11.71%
seq2-bown-CNN (Johnson & Zhang, 2014) 14.70%
NBSVM-bi (Wang & Manning, 2012) 8.78%
Paragraph Vector (Le & Mikolov, 2014) 7.42%
SA-LSTM with joint training (Dai & Le, 2015) 14.70%
LSTM with tuning and dropout (Dai & Le, 2015) 13.50%
LSTM initialized with word2vec embeddings (Dai & Le, 2015) 10.00%
SA-LSTM with linear gain (Dai & Le, 2015) 9.17%
LM-TM (Dai & Le, 2015) 7.64%
SA-LSTM (Dai & Le, 2015) 7.24%
Virtual Adversarial (Miyato et al. 2016) 5.91%

TopicRNN 6.28%
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Short Text b Knowledoe Retrieval P Concepts

______________________________________________________________________________

ﬂ]i/l:l ﬁ?*ﬁi}&}%ﬂ]iﬂﬁ(KBS) |:|:| Chen J, Hu Y, Liu J, et al. peep short text plassification with
A — A= Knowledge powered attention[C]//Proceedings of the AAAI
*ﬁ%'—iﬁﬂjﬂ“ﬁ?&ﬂ@*ﬂ%&k =& Conference on Atrtificial Intelligence. 2019, 33(01): 6252-6259.
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3. STCKA——DEMO

File Edit View Navigate Code Refactor Run Tools VCS Window Help

(EREIREE R Model Weibo Topic Product Review News Title) o -
CNN 0.3900 0.8243 0.7200 0.7706
TagMyNews RCNN 0.4040 0.8257 0.7280 07853
MR EE EMfE=R:81.47% CharCNN 0.4100 0.8500 0.7010 0.7493
BiLSTM-MP 0.4160 0.8186 0.7290 0.7719
BiLSTM-SA 0.4120 0.8200 0.7310 0.7802
KPCNN 0.4240 0.8643 0.7340 0.7878
STCKA 0.4320 0.8814 0.7430 0.8011

= TR
" 1m8/28/2021 20:04:57 - INFO - __main__ - Epoch:99, Training Loss:0.08123
10/28/2021 20:04:57 - INFO - __main__ - Epoch:99, Eval Loss:1.3292, Eval Acc:0.7826, Eval P:0.7473, Eval R:0.7393, Eval F1:8.7425

¥ Favorites

10/28/2021 20:04:57 - INFD - __main__ - | Test Loss:0.6093, Test Acc:0.8147, Test P:0.7858, Test R:0.7862, Test F1:0.7859 I
(stcka) gdmxy@qdmxy-67:~/STCKA-master$



STCKA-master - README.md

I
3. S I CKA DEMO File Edit View Navigate Code Refactor Run Tools VCS Window Help

= RS <« PR
STCKA-master } i README.md )
Project ~ & £ = & — tagmynews.txt % preprocess.py % main.py
H} Ht @

- iy
= tgdm

Eﬁ;ﬂ;&%g *lj'-{: Input data format

Snippets and TagMyNews Dataset can be available in dataset folder. The data format is as follows(\t' means TAB).

Snippets E—
mu&t;ﬁc;ﬁﬁﬁgﬁtgz.91 % How to run

Train & Dev & Test: Original dataset is randomly split into 80% for training and 20% for test. 209 of randomly selected training instances are used to form development set.

Terminal:  Local +
11/06/2021 14:50:55 - INFO - __main__ - Epoch:98, Eval Loss:0.8690, Eval Acc:0.9160, Eval P:0.9151, Eval R:0.9127, Eval F1:0.9137
11/86/2021 14:58:55 - INFO - __main__ - Test $5:0.2477, Test Acc:08.9291, Test P:0.9197, Test R:8.9234, Test F1:0.9211

python3 torch/nn/functional.py:1340: UserWarning: nn.functional.tanh is deprecated. Use torch.tanh instead.

warnings. ("nn.functional.tanh is deprecated. torch.tanh instead.")
11/06/2021 14:50: - INFO - __main__ - Epoch:99, :@, Training Loss:0.8800
11/86/2021 14:50: - INFO - __main__ - Epoch:99, :18, Training L 6088
11/06/2021 14:50: - INFO - __main__ - Epoch:99, :28, Training Loss:0.0068
11/06/2021 14:50: - INFO - __main__ - Epoch:99, :30, Training Loss:0.0008

11/06/2021 14:50:55 - INFO - __main__ Epoch:99, Training Loss:0.001%9
11/86/2021 14:50:55 - INFO - __main__ Epoch:9%, Eval Loss:0.8597, Eval Acc:0.9155, Eval P:0.9144, Eval R:0.9124, Eval F1:0.9131
11/86/2021 14:58:55 - INFD - __main__ - Test Loss:0.2477, Test Acc:0.9291, Test P:0.9197, Test R:0.9234, Test F1:0.9211

80, 470.05it/s]

(stcka) gdmxy@gdmxy-67:~/STCKA-master$ I

2ython 3.7 (stcka)
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4. Transformer
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1. 48: —/MiSiahAY BERT

= BERT-large
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- =04
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l. | :L-f """ BERT-xlarge
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ALBERT——DEMO

*¥k*%* Eval results

/home/ 1ab303/qdmxy/CLUE/basel ines/models/albert/tnews_output/model. ckpt-
157000 **%**eyval accuracy = 0.108%eval loss = 2. 5990453global step =
1570001 0ss = 2.5990453%*%*%** Eval results

/home/ 1ab303/qgdmxy/CLUE/basel ines/models/albert/tnews_output/model. ckpt-—
158000 *****eyval accuracy = 0.108%eval loss = 2.5990145global step =
15800010ss = 2.5990145%*%*%** Eval results

/home/ 1ab303/qdmxy/CLUE/basel ines/models/albert/tnews_output/model. ckpt-—
159000 **%**eval accuracy = 0.108%eval loss = 2. 5990093global step =
15900010ss = 2.5990093%*%*%** Eval results

/home/ 1ab303/qdmxy/CLUE/basel ines/models/albert/tnews_output/model. ckpt-—
160000 **%**eval accuracy = 0.108%eval loss = 2.5987792global _ step =
16000010ss = 2.5987792%%*%** Eval results

/home/ 1ab303/qdmxy/CLUE/basel ines/models/albert/tnews_output/model. ckpt-—
160080 *****eyval accuracy = 0.108%eval loss = 2.5987782global _ step =
1600801o0ss = 2.5987782

HEFRFR{NH10%, =

KTFERINGHER
(57. 36%)
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HtLbatch_sizelk THRESE?

- batch_size XIS REE FHEESMHUS—MHANE, RSBLNER, B
HE:

batch_sizeitl Stk Mg ?

. FEH, ABHbatch size2SBELEATE, ANSHNEELETEES

—train_batch_size=1 \ —train_batch_size=1 \
—learning_rate=2e-5 \ _ —learning_rate=2e-7 \

—num_train_epochs=3.0 \ —num_train_epochs=10.0 \
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**¥*¥*¥* Eval results /home/lab303/qdmxy/CLUE/basel ines/models/albert/tnews output/model. ckpt—533600
sokokokok

eval accuracy = 0. 5491
eval loss = 2. 3788922
global step = 533600
loss = 2. 3788922
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B THUCNews
YAKE: 20-30

il

HEHE:

MR EE :

KAl (10K) - MR, Bre. BRE. #8. B

B TNEWS'SHLEHIG
YAKE: 20-30

il

HEHE:

M EEE

2R3 (153%)

16w
4w

ft=. B 58, %, &R

{"label":
{"label":
{"label":
{"label":
{"label":
{"label":
{"label":
{"label":
{"label":
{"label":
{"label":
{"label":
{"label":
{"label":

26.6w
5.7w

B (FBX)

{"label": "106", "label_desc": "news_house", "sentence": "BIHFNATXLT _FE, GF#HNHT, MEZRFEELT, EoatE? ",
112", "label_desc":
"label_desc":
"label_desc":
"label_desc":
"label_desc":
"label_desc":
"label_desc":
"label_desc":
"label_desc":
"label_desc":
"label_desc":
"label_desc":
"label_desc":
"label_desc":

"109",
"1e3",
"109",
"116",
"1e3",
"101",
"109",
"106",
107",
"104",
"104",
100",
"102",

Z
]

\\/
S

WCHIERXHE 0BFEMBHRIEEIEER 3
FEARATAE2012EMEMREERATE 3
BAE: EFIIXIERZTFRIIRE 3
BINES: 2012FHEELIES =MAE 3
BEL01: BEEEWISSGE—RFEIS 3
ARRFZIAEXLERATUE 3
2009FABERES—ERHNEER 3
EMAEZAINER ENBERBR 2R (HE) 3

PO 3RS ZREIELE R D TS ROHLREE 3
BE20125ZFXiEE50m (—) 3
BIMFEEERSHXRBTHZERE 3

P ZEERIRSEAZ MG (HE) 3
WRENBEMNILLE: FEREREREIEH(E) 3
2011FBEXRGAHM(EXE) 3
S56FTEMTL2009 LRI D L LI 3
ANEHIBE(PFTR) Effche M a0 BEE R & 3
"keywo
"news_travel", "sentence": "2018FEHTHBEHAMEEZPEE? ", "keywords": "EHEL, NMHN/RHE, 5
"news_tech", "sentence": "FZMMNNMEER, SPERBESIRMTEEL", "keywords": "HIZT], iR E
"news_sports", "sentence": "EHRIIBAT“IHEZSARNE"—FERNFESLIIKA! ", "keywords": "{HEZEE
"news_tech", "sentence": "=WRESACC-2RE L EEN+KRBE+RmMNEBEHTES", "keywords": "
"news_game", "sentence": "EfforfiRiE? HXEMYREFREAHEER", "keywords": "RE, EM, MRiE
"news_sports", "sentence": "WMafERATEPRAST ARIE? ', "keywords"™: "M}

"news_culture", "sentence": "S7RLAMERBEZMNETYE, BETME—ENES", "keywords": "EXfAEY
"news_tech", "sentence": "EZMAENETMEEMNEEARFE, BHARSE? ", "keywords": ""}
"news_house", "sentence": "EMTHRRLEHE? RITHRBBEEFEBXFR", "keywords": "LTihiz,
"news_car", "sentence": "Z&MWF—1TAH, EBE—FTHE—1AH, FR/\LBEEMNE, BEAXELIRSLEEE?", "k
"news_finance", "sentence": "“FiHE"EIN A FREHE"ECIFER", "keywords": "RYIEF, BES,.
"news_finance", "sentence": "ZEETRHMESTFSEFEM", "keywords": "HREHERE, HEHK, KFEE,

"news_story", "sentence": "H(Z: XE(EEHH", "keywords": "XIAHKE, FiE, 1B, REXR, ABFAE"}
"news_entertainment", "sentence": "H+4ARAlE, F4AREHHK? ", "keywords": ""}
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f=EY THUCNews =i
TextCNN 90.73% CNNXAZZE (Kim 2014
TextRNN 90.68% BiLSTM
TextRNN_Att 90.08% BiILSTM+attention
TextRCNN 91.53% BiLSTM +;ti{t,
FastText 91.88% bow+bigram+trigram
DPCNN 91.25% REEFIEECNN
Transformer 90.66% self-attention
Bert 94.83% bert + fc

support

entg

wel

precision recall fl-score
precision recall fl-score support
precision recall fl-score support
Precision, Recall and F1-Score...
precision recall fl-score support
precision recall fl-score supponrt
financo 0 0430 0 9770 N ongg 100¢
precision recall fl-score support
100¢C
finance 0.9015 0.8970 0.8992 1000 1ggi
realty 0.9314 0.9230 0.9272 1000 -
stocks 0D.8688 0.8080 D.8373 1000 -
education 0.9470 0.9470 0.9470 1000
science 0.7742 0.9020 0.8333 1000 iggi
society 0.9311 0.9050 0.9178 1000 -
politics 0.8794 0.8970 0.8881 1000 reini
sports 0.9847 0.9630 0.9737 1000
game 0.9547 0.8850 0.9185 1000
entertainment 0.9188 0.9390 0.9288 1000 000K
L000OC
accuracy 0.9066 10000 Fao0K
macro avg 0.9092 0.9066 0.9071 10000
weighted avg 0.9092 0.9066 0.9071 10000
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BERT-base
BERT-wwm-ext
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RoBERTa-large
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ALBERT-xxlarge
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