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Universal Multi-class Ensemble Method with Self Adaptive Weights

WEI Jun-sheng' ,LIU Yan',CHEN Jing® and DUAN Shun-ran'
1 Key Laboratory of Cyberspace Situation Awareness of Henan,Zhengzhou 450001, China

2 Department of Big Data Analysis,Information Engineering University,Zhengzhou 450001, China

Abstract Ensemble learning has always been one of the strategies to build a powerful and stable predictive model. It can improve
the accuracy and stability of the results by fusing multiple models. However, existing ensemble methods still have certain short-
comings in the calculation of weights. When facing a variety of classification problems, they cannot adaptively select ensemble
weights,and they are not universal. In view of the above problems,a universal multi-class ensemble method with self-adaptive
weights(UMEAW) is proposed. Different to usual ensemble classification method that only targets one kind of classification
task, when facing different classification problems, firstly, UMEAW calculates the weight allocation coefficient according to the
number of classification,and then the weights of base classifiers is automatically calculated according to the model evaluation in-
dex and the weight allocation coefficient by using the distribution characteristics of exponential function. Finally, the weights is
adjusted adaptively through continuous iteration to realize model ensemble under different classification tasks. Experimental re-
sults show that UMEAW can achieve model ensemble on 9 datasets with different classification numbers, different fields and dif-
ferent scales,and the effect of UMEAW is better than the baselines in most tasks. Compared with a single model, F, value increa-
ses by 3%25% after UMEAW fusion. Compared with other ensemble methods,the F; value improves by 1%2%. It is proved that
UMEAW is universal and effective.

Keywords Ensemble learning, Weight,Classification, Fusion, Universal method
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2. while:
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ty set P"=(p,".p,"+ . p") after weighting fusion and corre-
sponding label set Y'=(y,",y,”,++,y,") ,and calculate the cor-
responding F, value by the F; function

6. end for

7. Sort the results obtained in step 3—6 in ascending order accor-

ding to the F; value,select the last n results and update Y, =

! ! ! ! ! ! ! ! !
i syz sy D Yo =(ypays semay Do Yo =(yp s

v 2sayi D P =(p e p D P = (py o py s

PPy =(p upy s upr ), with these n results

D https://www. datafountain. cn/competitions/350/datasets
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10. Output the predicted label Y., = (v, y,'s s y;"). and the

corresponding F, value
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Table 1 Data sets used in this paper

Datasets Dataset 1D Classes Instances  Attributes
News Sentiment D, 3 7357 3
Twitter Sentiment D, 2 31962 3
Covertype Dy 7 581012 55
Mushrooms D, 2 8124 21
Spambase Ds 2 4601 58
Nursery Dg 5 12960 8
Breast Cancer D; 2 699 32
Wine Dg 3 178 13
Iris Dy 3 150 4
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Dy B4R 19 43 BT AR 55 1 5 4% e TR 4% 2 AU (4n RNN/
CNN)PE Ry FEALAY , 1M 2 BE B Transformer ZE MY BIRT A% SC ik
B BERT™" , RoBERTa"" , XLLNet"**1 435l 5 softmax ) 4 &
PERNFBAL, ARSI AR RIAL T SOk A T Cui” & A 7E
GitHub FRYIH .

M T D, — Dy B SR AEAE G L% 5 > BB b id AR5k
R S I ELAL G2 AL 2% >0 A AL 1) 11 S5 By ) R X A e, PR Ot o
B2 0 (Logistic Regression) | 32 5 1] & 43 25 #% (Support
Vector Classifier) FllBEHL £ #k (Random Forest) 25 {5 G ML 8% %
> BRI Sy B AR, A S5 58 4 A sklearn B9 SEELLL B
3AREAL,

() EHFILL Tk

R T B E TR TR A RO AR SRR T LR R 4
J 5 (Weigting average(Wavg) , Majority voting (Mv) , Weigh-
ted majority voting( Wmv)"" , Stacking (Stk) 1) | 28 8t ) 1% £ 14
80 1 (GAS-ENYTD) | DL R B 30T 4 Hh 1 3 43 M 4 B vk
(AEPDME R EEZL ik, AT 54K R ) UMEAW #E17 1
., H.H Weigting average, Majority voting, Weighted majority
voting, Stacking ff] sklearn” #2 fit 1Y 72 52 1 , GAS-EN Hi Harry-
Mills® 23 Fi B FF JEAC S S BE . AE MR Y56 SCHE H 1 59k 50 B,
5.1.4 S4%E

%} F BERT,RoBERTa fil XLNet X2t Transformer 484
AL YR R h ) S HN R 2 %, X T Logistic Re-
gression, Support Vector Classifier fll Random Forest X & &

WA 2280, R A sklearn B LAY BRIN S S,

26 2 Transformer 2245 R0 ) 32 35 2 8015 &

Table 2 Main parameter settings of Transformer architecture model
parameter value
max_seq_length 256
split_num 3
eval_steps 200
per_gpu_eval_batch_size 32
num_train_epochs 3
learning_rate 5%10°
Istm_hidden_size 512
Istm_layers 1
Istm_dropout 0.1
train_steps 1000
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Fig.4 When t=0.02,0.04,0.1,0.2,0.5,1,results of the first round of model fusion on D;,D, and D3

U https;//github. com/ymcui, F #k i) AL E SCH 43 5] /& Bert-wwm ,RoBERTa- wwm-ext-large , XLLNet-base

2 https://scikit-learn. org/stable/modules/ensemble
3 https://github. com/HarryMills/GASEN
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Table 3 F; values obtained in each iteration of Dy ,D; and Ds

Number of D, D, D
iterations
1 0.8221 0.7730 0.8880
2 0.8228 0.7748 0.8908
3 0.8235 0.7751 0.8913
4 0.8239 0.7765 0.8945
5 0.8245 0.7771 0.8953
6 0.8256 0.7777 0.8968
7 0.8267 0.7782 0.8970
8 0.8273 0.7790 0.8972
9 0.8280 0.7794 0.8964
10 0.8287 0.7801
11 0.8280 0.7809
12 0.7824
13 0.7830
14 0.7819
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Table 4 F; value of ablation experiments

Dataset ID  BM;/No-BM; BM,/No-BM; BM;/No-BM3 All
Dy 0.803/0.818 0.812/0.813 0.802/0.819 0.829
D, 0.753/0.759 0.749/0. 764 0.665/0.778 0.783
D 0.697/0.876 0.773/0.887 0.869/0.853 0.897
D, 0.914/0. 951 0.934/0.943 0.931/0. 946 0.957
Ds 0.904/0. 947 0.697/0.951 0.945/0.948 0.953
Dy 0.931/0.961 0.944/0. 966 0.964/0. 946 0.983
D; 0.891/0.969 0.964/0.959 0.942/0.971 0.979
Dg 0.972/0.989 0.98/0.986 0.982/0.985 0.994
Dy 0.976/0.976 0.947/0. 981 0.976/0. 980 0.989

WA LLE . % T D i & RoBERTa(BM, ) i F,
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R JE U 3k S AR SO B B AT OR T AU AR
5.5 UMEAW 5EZ&FEMEER

AHEREE Dy — Dy 3 ) L8 T Weigting average
(Wavg), Majority voting ( Mv), Weighted majority voting
(Wmv) , Stascking (Stk) , GAS-EN, Auto-Ensemble (AE) L %
UMEAW {4 il A5 %08 .
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Table 5 Comparison of F; value between UMEAW and baselines

Dataset GAS-
D Wavg My Wmv Stk EN AE UMEAW
D, 0.817 0.816 0.817 0.813 0.823 0.817 0.829
D, 0.779 0.769 0.77 0.771 0.779  0.772 0.783
D, 0.862 0.868 0.875 0.834 0.892 0.897 0.897
D, 0.952 0.953 0.945 0.945 0.959 0. 955 0.957
Ds 0.941 0.946 0.945 0.923 0.945 0.931 0.953
Dg 0.986 0.977 0.978 0.980 0.981  0.986 0.983
D; 0.966 0.974 0.971 0.946 0.979 0.971 0.979
Dy 0.988 0.985 0.994 0.987 0.989  0.989 0.994
Dy 0.979 0.989 0.985 0.989 0.986 0.985 0.989

K 5 t# T D, £ BERT, RoBERTa #l XLNet X 3 4~
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Fig.5 F, value comparison between baselines and UMEAW on

D, — Dy data sets
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