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1 BEENH

1.1Transformer

Transformer & —F7E EH ARG S A (NLP) A 72 N VR FE 2

IBRRIIER . ERE R R T BER ) (Self-Attention) ML, X
15 Transformer AEUSFEALELFF SIKHRIS, A RO HEAC BRI & .

BER: BiER /12 Transformer K%L, & VR AILE AL B 7
FIRIREACER CAnsia])) i, [R5 8 R A A At oz . @
X R, B BERS I A 1R R 2 Al SR &, TSR EATIHE P51
MBS A 2.

FLERN: Transformer 1] 2 LR JRIFATHIAT 24 BTE
BIEAE . X RVFRIAE A [R] B 2R 14 1) v 4l 31 2 A [R] AR AE
BEAS “3K7 HRATBERVE R HIAN R B 23, AT e B 2 ) 204 e
e

SLESRAS: 11T Transformer WA BIANGEREE K, B IIEMHHET
T e R EE R . N T RIZAN @, Transformer A1 1 7
BRI R AN T o A7 E gAY L — Rk gAY T 30, BN RS
IR SRR A B AE B

YmioER-MRTD SRR i TE M N T, st — BT
SRR, AR A G L o AR AR 2 T G A 4 ) A 5 A AR D
A, BB ARHRFS.

BIERPILE : 15w AL &5 FIARD 4% 20 00 5 — AT 45, B dA>
A B RFEAT I E B34, B A RS BRI . IXER AL T AAh ) 4k
HLE

1.2Text—to—Text Transfer Transformer

T5(Text-to-Text Transfer Transformer ) # % J& —Ff LT Transformer 22
IR B ARE S A FIAT TS BT NLP AF55 A SCAR B SCA ) r) i,
BB g N SCA R4 il SCAS, ATH A, ETAERAED R
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1.3 Tokenizer

Tokenizer [ _LAR B R SOAR R R R n] AR KAy P 4. fE
SR NLP AR5, G ERE A R A MO E, A5 LR AN
ARENAC, [ EOR AR 271 1) — B A T A2 % o Tokenizer 383 73 B SCA
B SR BONAL B T 3R i)



® ITARSE (Tokenization) : SUAH 4 EI M H /NI HIG, BRI tokens.
XL tokens AJLAJEHE], FiE] B 7. Tokenization W] LA FH f ] B
(RIBE TR 1 231, An s FH 2o AAR S AT 5 2 B 955 0 mT LA P TE =
2515 BPE (Byte Pair Encoding)t WordPiece i AbFE N & 2% 154k -

® ¥ FH (Numericalization): & token WLy %] —iE— 3T
ID, X% ID SR s —AWise g SCHVE A E 1. Al A 4k 0k
tokens e NE T 1D,

® FF%k Tokens RMM: Jy [ & NARFEMRBAITE K, FIRETR E 1 Fp 4l s
hndsk tokens, U1 ‘[CLS], ‘[SEP]', '[PAD] . 7EF4HIIE 2447 B 4N
IXEEHFRR tokens.

o HZELSHEM (Padding & Truncation): A T ik FHIKEE—3L,
BORFIIRIAT, BKKFF AN . 700 "[PAD] tokens %%
(PP 5, B AT H 4R e KT 4
Tokenization EEN4E:

® Byte Pair Encoding (BPE): BPE Bl i/l de i WL I 3 757 o 5 46t
B RALFIZAF, WD T RNE R LSRRI, [ B 2 A 23 A S
B WMEE . BPE BVEREGHEGE S P A 7R A, kA
HuK B LI AR B N A S, IR R . e R I
LR IK B BE A5 R

® WordPiece: LT BPE, (HIEYUE A IHMFLL FRFXTET, BT &)
(LB 75 5 AE A BE S h ME R . WordPiece fi ] 500 R AL A
— G I, DA BEARER SR AR BE o e A il — A TT DU R
AN UITREAE B o R A3 I ) A R

1. 4 FE I
FE R SIHLEI I JE AT DA LAMZ O MOk B : &30 (Query). B
(Key)~ A (Value), LA K G faf i i i B 28 {5k - 503 5 145 20 F I o
e TR AL I HEA D TR
o i, BMME: rEim NI, RATEEG—HEW, LI —HE
AERT o XS] DA T R 51 % AR AR — N A R,
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HRGE QEEINHD SAERILEHE, AEIREAEKKER.

o HWEEBNBS: B EW ST B 8] ALl BT
PO RE R o X T8 AR CRIT A [ B ) 3 ) Bl LA AR B 52 8
RELARAE ) SR 76 o 5538 par , 327 73 1) RV A ) DT T R P i v

o A—{k: MR T EIE HEUERE, 1BHE e T IH— 1k
ALBE . Few FRI 7 8 ] Softmax BRI, S AT LIS/ H i g%
VARt

o IEMMME: )5, B ME (Value) 2ARHEF N 1553 AT AL
X KA 5 1 S A DG IR BT B M 2 SR AT S AR . S e, Pt
A XA B 20 RINATSR, TS & rgi o X AN H R e
EHERE T RE RIS R . 1 Transformer 285 #EAIH, XA
FRETEFTE 12 S B IS R AT REAT o 3% R 151 2 [ B A
T2 ERE AR, BRI SSERM A AR5 X6 B TR 5
A THT M S N s

® [EEENHLEI (Self-Attention Mechanism) & —FiFik 197 2 SIHL
fil, ATAEFRZIEHE CansCARBIN R 751D rhfi$e ot 2R 2 (A1 58 &2 R
R R HERINEIAFE TS REZ I, &R —A s
TG ER 5% A P H A T SR AT A L, AT SE AF R A b S AE
Bo HER NSOGB T e A, BRI RFFIRER
BATRZEWER, MANNREEEBHREXFR. XA
T fe 0% B b A PR PR B OB, A TT Sy 1 E AL P 21 B8R I R 1 e
KA AE B SRS 5 BT S

1.5 BB SINHITE Transformer FHI{ER

[ E 2 /I (Self-Attention Mechanism) #F Transformer A&7 1 3= 5

LA LA T :

o BEVLF/IRMXF: HIER N OV Transformer BEALTE L H A
Fe F i} [E] B DGy P 1 BT T 3R, T AR B 58 B B IR AR G &R
X AT Bl TR A AR A P B (R AR O 2R, {58 FL R 0% B A e PR S A
ETFXER.



® LETICRME: HIER ML LAY e A AL BRRE A U s I B At ok
TEHAh T A (1 1R S X R B R DURSE S A Fr 81 o AR T K
E6: 39O IS TP S NITE SR 551k W NI ESEI PSP

® FITIL: HIERIINUEIN DARE et T AT, B TR
i B IR EMAL TR . X 1S Transformer 868 55 4 A H 1
PRI ZRANHE R

o FFIEEIE: [VEEINLEISVT Transformer B LR N T 51 B 21 5
YRR IR), X EEERIR W] DL A L 3 51 o i 5 R AN R . 3K
15 Transformer BN 13 KMIFPAIE T A, EH T2 RBERES
AEFATSS, MINLEREHIE . SOURAERONISCA SR

1. 6Punkt 431885
H A 7 NLTK H'f#) Punkt 7318 #%. Punkt & — T Ioi &5 o)
FOEW )TNk, EER T SO B 3o B BRI AT, RS
TRE PR A AR FE &7 S b s 1555 40 B R B A SO
Punkt 78] &5 5 T B ML 7 I HOR, A 7 — A PR IR sy,
1R AR R B Y R SRR ) 5 I Tt o IX PRI 2o I8 I o A KB SCAR I
S ST I FNE R SE BT, Rl RIE )5 | ] 5 AN 5 S 7E 1 )
AT S
1. 7ROUGE 43 %
ROUGE (Recall-Oriented Understudy for Gisting Evaluation) 7> %(j&—
M2 AL PR AR bR, F TR B 3 SOR R B SRR S A RE S
TS R &« ROUGE E B OUA 5 S350 Glis 2 N
5 BB Z I E SO, X AT bR R 5 4 [, RO A
JSIRI SCATE 75 278 SUAR NSRS . AT H A T ROUGE-1/2. ROUGE-
L ) F1 p8=2 x (BEIE x EHHER)/ (BEE + AEFRR)RSRERMEGE
HEAT PP
® ROUGE-N: 115 n-gram GEZEM) n M) HIESE.

YA



BEE = SHEMEDEAE R EESN n-grams &) / (3
ERE A n-grams HER)
BERE = SEHEPHERMEESN ngrams &) / (4
AW B ) n-grams L 5CR)
® ROUGE-L:%: THKAILTFFH (LCS), @& EMa)Tnl i 4h
AR .
AR
BEZE = (LCS MKE)/ (SHRMERKE)
HEREER = (LCS KAL) / (R MK )
flhn, %T ROUGE-1 CRRIAZHIMES), WRAERNICARE "the
cat sat on the mat", % AL "the cat is on the mat", I FE S K Hid A
"the", "cat", "on", "the", "mat" (3t 54N, WIRSHALILE 6 LA,
HEROCARAH 6 AR, A REIRE 56, #EFZFRE 5/6.
2 BITER
T H % wandb (Weights & Biases) XA I ZRidEAT ST BRIES . 10 AL
SR TR SRR ARAR, BB HEMREE ., o) B8 . BNy 25 1%
RECHCN 5. BEARIERIZR 1000 42, £EXFINRSE AT — PPl TH B . ZE VISR EE R
DA AR HEAT — IRVl . YIRS K 13 /N
2 1 IRBIRESH XTI E)

"train/train_runtime": 46844.723,1)||% 078
"train/global_step": 90185, iJl|%E40
"train/epoch": 5, iE{LIRE]L

"train/train_loss": 1.508533973564837, J/l4x5:loss
"train/learning_rate": 5.27803958529689e-8, F =%

"eval/loss": 1.6459659337997437, illif£Eloss
"eval/rougel": 48.0524,
"eval/rouge2": 27.546,
"eval/rougel": 42.7405, ROUGED#
"eval/rougelLsum": 42.7506,
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ConvTextTM: An Explainable Convolutional Tsetlin Machine Framework
for Text Classification

Bimal Bhattarai, Ole-Christoffer Granmo, Lei Jiao
University of Agder
Norway
{bimal.bhattarai, ole.granmo, lei.jiao} @uia.no

Abstract

Recent advancements in natural language processing (NLP) have reshaped the industry, with powerful language models such
as GPT-3 achieving superhuman performance on various tasks. However, the increasing complexity of such models turns
them into “black boxes”, creating uncertainty about their internal operation and decision-making. Tsetlin Machine (TM)
employs human-interpretable conjunctive clauses in propositional logic to solve complex pattern recognition problems and has
demonstrated competitive performance in various NLP tasks. In this paper, we propose ConvTextTM, a novel convolutional
TM architecture for text i ion. While legacy TM solutions treat the whole text as a corpus-specific set-of-words
(SOW), ConvTextTM breaks down the text into a sequence of text fragments. The convolution over the text fragments
opens up for local position-aware analysis. Further, ConvTextTM eliminates the dependency on a corpus-specific vocabulary.
Instead, it employs a generic SOW formed by the tokenization scheme of the Bidirectional Encoder Representations from
Transformers (BERT) (Devlin et al., 2019a). The convolution binds together the tokens, allowing ConvTextTM to address
the out-of-vocabulary problem as well as spelling errors. We investigate the local explainability of our proposed method
using clause-based features. Extensive experiments are conducted on seven datasets, to demonstrate that the accuracy of
ConvTextTM is either superior or comparable to state-of-the-art baselines.

EfF 1 mhkies 1

Attention Is All You Need

Ashish Vaswani* Noam Shazeer* Niki Parmar* Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

Llion Jones* Aidan N. Gomez* | Fukasz Kaiser*
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *
illia.polosukhin@gmail.com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

EGl 2 MiKies 2
A. train_step=10000 By g IR

Predict title : ConvTextTM: A Convolutional Tsetlin Machine for Text Classification
Original title : ConvTextTM: An Explainable Convolutional Tsetlin Machine Framework for Text Classification

Bl 3 train_step=10000, MiXiLI 1
Predict title : Transformer: A Simple Network Architecture for Sequence Transduction
Original title : Attention Is A1l You Need

&5 4 train_step=10000, MRILIC 2

B. train_step=36000 BY4 AR
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Predict title : ConvTextTM: A Convolutional Tsetlin Machine Architecture for Text Classification
Original title : ConvTextTM: An Explainable Convolutional Tsetlin Machine Framework for Text Classification

Bl 5 train_step=36000, ML 1
Predict title : Transformer: A Simple Neural Network Architecture for Sequence Transduction
Original title : Attention Is A1l You Need

&5 6 train_step=36000, MXILIC 2
C. train_step=90000 BY4 pRE SR

Predict title : ConvTextTM: A Convolutional Tsetlin Machine Architecture for Text Classification
Original title : ConvTextTM: An Explainable Convolutional Tsetlin Machine Framework for Text Classification

B 7 train_step=90000, MiRXiLIC 1
Predict title : Transformer: A Simple Neural Network Architecture for Sequence Transduction
Original title : Attention Is A1l You Need

[E5 8 train_step=90000, MXILIC 2
D. MK R LS

gr BRIk, TR SO, ISR ZE I 20 Buk 3]
10000 if, T4 BA R U3 E SRR RE /1. IIZR5 H0EF] 36000
i, AR I N TE R, P LU, 2 SR SO AR A4 1 5
] o (E0 TR M1 SOhR AR G 5L 2, transformer FJEAG 830
M5, BATCES HRALT EIEFR B SR . RN R TR R 11E
BRI, MELUEN TS B SE M. AR H AR 18 SOhR R T
RIS B 0TI, AT AT/ 000 e e, R T (R 14 1 i AL
515 A AR T DR IR H R e BRATTRI AT DU 3 i etk 7 =X, 49
U A P AR AN — 52 AR AR SChR R, T LA N T RS 2 S5 bR
R, DA D bR AU R K e s B R B AR, AR
BEAT AL, BRI SOhRe 250 20K, N LFIAL I 2 S Sy
TovE SE P B o 1) LAERE R, BRIt

FR¥E WandB I ER £ ROUGE 43 %1(2.3 1 C-F BD W LUR L,
WA HAE 30000 F 55000 i, #4 ROUGE 73 U8, {7 225K
WZRAEEAE 60000 ] 90000  [A]) 7 2250/, 1X 1 I 5 JAR R
S, MR TR S

2. 3Lk FFEd WandB U535 #1E

A. Train/loss
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train/loss

2
1.5
1
0.5
0 train/global_step
20k 40k 60k 80k
B. Evaluate/loss
eval/loss
s |
1.75
1.7
1.65
train/global_step
20k 40k 60k 80k

C. Evaluate/ROUGE-1

eval/rougel

48

a7

46

45

44

train/global_step

20k 40k 60k 80k

D. Evaluate/ROUGE-2
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eval/rouge2

28

27

26

25

train/global_step

20k 40k 60k 80k

E. Evaluate/ROUGE-L

eval/rougeL

43

42

41

40

39 / train/global_step

20k 40k 60k 80k

F. Evaluate/ROUGE-L sum

eval/rougeLsum

43

42

41

40

39 train/global_step

20k 40k 60k 80k

G. GPU F HZE
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3 HIEE
NHIBENDE
MEH — DN, IBA8— € 28 — MBI, RATEARR
SEIG HR S B2 arXiv BUREE, XA arXiv s SR R BEAS ROR SRR AL I T
BORBCEAR SRR . EBA LN JUANRHE:
o MIEEK: I 100 AR ER
® EEM LU ITENLENE . U MBS, R K EEE

FR
o FEITHURE: R0 CHA . (EF . M., 1Fie. FNETEaIT(E
K

I
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A IB) B R 4K - 18 SO SR TIPS FE AN 1991 431 2015 4
RIASTA: $2 4 T 100 7518 SCI R 4G PDF SO

(T 40T - o Hdh A4 SO LASS K AL ) TSON A% UL 2R

FRIRAT A BR AR T 7E Kaggle JF/RC R 3% L&A 2% AR/ w58 /5L
A5 B 4 Hr T E

3. 2HIEERRIEH

arXiv HodE 2 A i A FEAR FIRHE X)) 2 1 SC A4 22 S0 A (abstract) o 5
ZEOY B A V8 SO L I b SCAR (title) o R0 A2 it

X=13CIHZE (abstract), shape = (hum_samples, abstract_text length)

Y=g R (title), shape= (num_samples, title_text_length)

XH X A P N RHE RN T ALY Seinds AR T A e
W A B H B P A1 o AR AT 55 1 H PR 45 E — BUET 18 SO L
A X new, BB AT DA BTN R 18 SCAR AR Y pred, {5 H R AT BE HE Il B 5K
FIkr@ Y true. YNERILFE S SO (X, Y)WE NGBS 5347542
/AR B A N X SRR Yo XA arXiv Zia 45 i b @i A AT 55
A 7R m R B, Y)FEASKR ST 51 27 51 (seq2seq) B .

4 BATHER
4. 1Zxi% %

i F: Geforce RTX3070 Laptop

CPU: AMD Ryzen 7 5800H
Cuda fit4s: 11.8

4.2 Python IfiE
Python3.8.18
Pytorch==2.1.1
Transformer==4.37.1
huggingface-hub==0.20.3
wandb==0.12.6
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datasets==2.3.2
tokenizers==0.15.1
sentencepiece==0.1.96

rouge-score==0.0.4

4.3 WandB

BATATH JEH WandB #4715, FHiFEM WandB K5, FHAlE—4
Project Wi H . 7E wandb.init)F, Bk project NTH 4, entity HHF 4.

5 2% R
¥
6 B4k
6.1 KRIEALER AL,

R ANE R, R A TAS SR ) S, AT AR SRS
i — kA OB T2k 7 ARG NLP A8, JF 230 TR ZHniE, H
ROCRIL T VFE B SRR BRI . FEAR WSS, FRATIE T T A U A )
TE ARG & A BT S h I RLF , e AR R arXiv B8 SR EEAT AR A 1
{£55 77 1H - Transformer $&4t 758K 5845 I DIRE, (HSLiG i R tad 2] 1
—HePkiR . RERAE AL OO R SRS, AT I GPU A7t H A
THEBCRI R, A, BRI — PR, BRSO PR A&
ZHIR B AR e S Qi 8IS A6 Wandb 2E47 52 EREEAITEAL
TRATTRE RS A I I A 2R e e I R AT S AR 5k o IR IR S B AN G 5 1 FRATTXE
Transformer B8 Kz FLA A (R BEAR, 9 fd ok SEfp in) i it 1 5 51200 .

6.2 RIZEG

FERXAEX AR NLP UREE, FRATE IR ATZHR T HARTE S e HE
R, XA B BRSO — ISR B HRZIT 52

NLP PRFE A A F ' A, 5 1 HRE SO 2 D EE 3, 150
ARTRALEE . By /R A RAEAY | B S PN, DL R FE 5 ) 12
A, 40 Transformer A1 BERT . E:ANER 7 ERANBNGL, B 5SS &
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SRR 1S S 1 . ATH] .

BRREI RT3 4T R 7 IR . MOSCARTESE 1A T tERR T
G, AT T n-gram AT TE-IDF 25RO ARSEEURFAE, N ERAR
BRI NLP BORBEE [ Al BEERIEBENAN, I T &M%
NLP N o FATRAS ST RNNL LSTM fll GRU Z5F 81 R, 245
T ENERC BRI () 5 50 8« H AT SO A SR S RS . e
#& Transformer B8 P UFAR, ACLEIRATERE T B VER IHLEIFILL B i,
RS T HSRRVEREFN V2 N o B 5, BRAE R 0E T I Hr il AU AT VR HOR
A2 2] T W R FH BERT Al GPT IXFE TS B AT SCA T 25 iy
LSRRG N RGBT XN REIL T NLP Uk i
Wbk, NRATRIARREE SR FEFR W T J7 1)

FESCEIUH , FRATT 2 TR . ISR NLP AR, Kb B AN AT HdiE,
VR B RY DU SRR AR 5%, PR AUV RE . L8 SR 28 300 AR 1) 27 T
TAEH R CEZ, KHRAEIRAIUI ., BARE S A R BRI
FIHERD, & RXNE S UM ASEATRTT RN B AR . R RALRI S
B R, FRINES ABMIRE . FATNRE], B8 HR S T SEbx 1]
R G 6 2 > F AR 1 D !
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