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Abstract: Personality traits reflect the characteristics that human beings exhibit in terms of behaviour, thinking and emotions. They have
great application value in various industries. However, the number of datasets in the field of personality prediction is relatively small at pres-
ent. Furthermore, traditional single—task personality prediction methods achieve limited results. In contrast, multi-task learning methods can
make full use of dataset information through data ex—change between tasks based on different datasets. In light of the aforementioned limita-
tions, this paper proposes a hierarchical multi—task learning method based on cross stitch networks and uncertainty. This method involves ex-
tracting task—specific features through BERT, hybrid neural networks and attention, utilising cross stitch networks for data exchange between
tasks, and employing uncertainty to balance the weights between the two tasks and to prevent overfitting. The experiments conducted on the Es-
says dataset and the Kaggle_mbti dataset demonstrate that the proposed model attains an accuracy and F1 score of 84.23% and 84.76%, re-
spectively, on the Essays dataset and an accuracy and F1 score of 82.18% and 86.13%, respectively, on the Kaggle_mbti dataset, which
evinces a commendable state—of—the-art performance.
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Fig. 2 Hybrid neural network structure
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Fig. 3 Cross—stitch unit structure
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Table 1 Results of big five personality classification experiment on Essays dataset
1 Essays#HEE T KAARSLIHELER (%)
pom Accuracy F1
EXT NEU AGR CON OPN Average EXT NEU AGR CON OPN Average
BERT 60.00 60.50 58.80 59.20 64.60 60.62 58.00 56.21 56.14 57.03 58.20 57.12
RoBERT 60.62 61.07 59.72 58.55 65.86 61.16 58.40 56.37 56.87 56.20 59.00 57.37
CNN-AdaBoost 61.85 62.08 59.92 64.93 60.56 61.87 60.80 61.40 60.20 64.20 60.70 61.46
BERT—fusion 61.15 62.20 60.80 59.52 65.60 61.85 61.03 59.50 58.37 59.45 61.78 60.02
IDGWOFS 75.97 71.74 73.17 76.77 77.74 75.07 69.79 67.89 69.84 70.90 69.86 69.65
ucs 84.65 84.75 84.45 83.05 84.25 84.23 84.31 85.36 84.67 84.34 85.64 84.76
Table 2 Results of MBTI classification experiment results on Kaggle dataset
#2 Kaggle #F&E EFMBTI S E LB ER (%)
Hom Accuracy F1
IVE N/S T/F P/J Average IVE N/S T/F P/J Average
LSTM~-RMSprop 77.35 86.34 72.85 66.28 75.71 61.24 67.68 68.21 58.79 63.98
BERT 78.80 86.30 76.10 67.20 77.10 68.05 79.35 66.10 55.73 67.31
RoBERT 71.73 86.42 73.71 63.24 75.28 58.33 53.88 69.36 60.88 60.61
Transformer—MD 76.69 86.45 78.21 67.98 77.33 66.08 69.10 79.19 67.50 70.47
uCs 77.23 87.06 73.82 62.49 75.15 86.43 93.02 73.07 70.83 80.85
3.4 HERSCIG BAIE , SCN (Second—Cross—stitch unit—Network ) £~ 26 )2
ASCEF X UCS BERYHEA T I R S 46, A5 SR W3R 3 R 4 T FFERIT, NSERESIR AT LUE 1, P FE S — 2 8
o o wio F o M bR FE AN 5 R R B A RURAME S — R R 2 .

T, Wk TR A M2 M A 50k . 3 31N BR Bi-
GRU il textCNN Ji5 AT LAWLEE 2, To 16 M B WF— &6 53, 62 251
PERE AN 58 B IR G Bl 22 M 265, U] Bi-GRU 5 textCNN
GRS A B T IEAOR .

HW Bk 7R F R ay g, i FCON
(First—Cross—stitch unit—Network ) 2 7/~ 26 — 2l FH +F 55

1 P2 35 36 0 O AT 55 [ iR B A2 B 580y, BUCR
el o

e Wk T 2RSS TR A R . AR EOR
JCAE i PR ) MBTT 73 28 AE 55 i 2 KIS 73 FAT 55,
PERERI A M UCS R . BEIZAT S5~ . TS5 HHE,
fedt TR PR RE AR T

Table 3 Results of the big five personality classification ablation experiment

®3 KREANESEHMEKRER (%)
Hom Accuracy F1
EXT NEU AGR CON OPN average EXT NEU AGR CON OPN average
ucs 84.65 84.75 84.45 83.05 84.25 84.23 84.31 85.36 84.67 84.34 85.64 84.76
w/o textCNN 82.75 78.54 81.04 82.15 85.26 81.95 82.41 80.29 81.84 83.52 86.33 82.88
w/o Bi-GRU 58.48 56.17 55.87 57.47 59.38 57.47 60.19 64.38 61.47 63.00 63.61 62.53
w/o SCN 82.95 72.42 72.52 71.31 81.04 76.05 83.17 76.60 76.01 73.57 80.66 78.00
w/o FCN 83.85 84.75 83.25 83.35 85.26 84.09 83.32 85.47 83.61 84.99 86.09 84.70
MBTI 532 - - - - - - - - - - - -
KA 55.56 59.40 54.27 58.55 61.54 57.86 52.29 64.42 58.04 59.41 66.91 60.22
Table 4 Results of MBTI classification ablation experiments
F4 MBTISEHMIBER (%)
] Accuracy F1
I/E N/S T/F P/J Average I/E N/S T/F P/J Average
ucs 717.23 87.06 73.82 62.49 75.15 86.43 93.02 73.07 70.83 80.85
w/o textCNN 75.33 86.96 73.22 60.68 74.05 85.29 93.03 72.56 66.61 79.37
w/o Bi-GRU 74.12 87.06 76.53 61.38 74.77 84.27 93.08 76.36 73.10 81.70
w/o SCN 75.43 86.86 69.81 51.86 70.99 85.90 92.95 63.52 39.85 70.55
w/o FCN 75.03 86.96 73.42 57.07 73.12 85.22 93.03 72.25 63.23 78.43
MBTI 432 76.03 87.06 74.22 62.59 74.97 85.93 93.08 70.96 71.72 80.42
KIAK - - - - - - - - - -
3.5 MERE FIRFEE o H DA R R B 3 T 5 A A7) B «
A TS TN B OB R B T AT o A Loss = a*Loss e + (1 = @) *Loss,y, (17)

BITIES Z AT 552 21 7 v b B DL AR G ek BN 3 T 9 0k

Horr, o 7R KL AT 55 BIAE Y51 4 {0.1---0.9],
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Fig.4 Comparison of results with different weight
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acr @B my roommate and fiend across the hall both make §iM of me for having such a csh on this guy
i need to get my act together
i think somewhere in my mind | thought that college would be easier and less [Stressiill than high school because
@8 i really &ff@id that | wont know what to @xpect on @xaminations
W8 e spent about an hour FEAHIRG twenty [pages out of my psychology book and cant imagine what im going to
neu B the feo WEEK of [Beheal i Tried this and could hardly stay Bwake during claw
i hate the winter

we al gol so hicky with the gifls staying in eur hall

Fig.5 Attention weights visualization
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Table 5 Comparison of MBTI classification results on the Kaggle da-

taset
®5 Kaggle iiEE F MBTI 2 4Rttt (%)
HE ucs Single structure
Accuracy F1 Accuracy F1

I/E 77.23 86.43 82.42 89.41
N/S 87.06 93.02 89.74 94.22
T/F 73.82 73.07 80.23 78.89
P/ 62.49 70.83 76.31 81.98
Average 75.15 80.85 82.18 86.13
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Table 6 Five—fold cross—validation comparison

F6 TR XIGIERTLE (%)
ucs Five—fold
MR Accuracy F1 Accuracy F1
KN 84.23 84.75 83.90 84.60
MBTI 75.15 80.85 74.83 80.71
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