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New Optimization Mechanism: Rain

LIU Hua-ling,PI Chang-peng.LLIU Meng-yao and TANG Xin

School of Statistics and Information,Shanghai University of International Business and Economics,Shanghai 201600, China

Abstract The loss function of the traditional model in the field of machine learning is convex.,so it has a global optimal solution.
The optimal solution can be obtained through the traditional gradient descent algorithm (SGD). However,in the field of deep
learning,due to the implicit expression of the model function and the interchangeability of neurons in the same layer, the loss
function is a non-convex function. Traditional gradient descent algorithms cannot find the optimal solution.even the more ad-
vanced optimization algorithms such as SGDM, Adam, Adagrad,and RMSprop cannot escape the limitations of local optimal solu-
tions. Although the convergence speed has been greatly improved, they still cannot meet the actual needs. A series of existing op-
timization algorithms are improved based on the defects or limitations of the previous optimization algorithms,and the optimiza-
tion effect is slightly improved, but the performance of different data sets is inconsistent. This article proposes a new optimization
mechanism Rain, which combines the dropout mechanism in deep neural networks and integrates it into the optimization algorithm
to achieve. This mechanism is not an improved version of the original optimization algorithm. It is a third-party mechanism inde-
pendent of all optimization algorithms,but it can be used in combination with all optimization algorithms to improve its adaptabili-
ty to data sets. This mechanism aims to optimize the performance of the model on the training set. The generalization problem on
the test set is not the focus of this mechanism. This article uses Deep Crossing and FM two models with five optimization algo-
rithms to conduct experiments on the Frappe and MovieLens data sets respectively. The results show that the model with the
Rain mechanism has a significant reduction in the loss function value on the training set,and the convergence speed is accelerated,
but its performance on the test set is almost the same as the original model, that is,its generalization is poor.

Keywords Deep learning.Optimization algorithm,Dropout mechanism,Rain mechanism,Convergence speed
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&% 1 ModelTrain

i A : X:features; Y:lables; N:subModel numbers; m: Maximum Itera-
tions;n: Interval times

it :0: model parameters

1. for i=1 to N do

2. Initialization:ith subModel Model;

3. Initialization:ith optimizer Optimizer;

4. end for

5.for j=1 to m do

6. for i=1 to N do

7. Lossi =Model; (X, Y)

8. 0i<-Optimizer; (0; , Loss;)

9. end for
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15. end for 25/100ACC= 100Min *100%
16. end for

Hi%X 2 Rain
i A :ith subModel Model; ; gth subModel Modely ; ith optimizer Opti-
mizer; ; gth optimizer Optimizer,
#i i < ith subModel Model;
gth subModel Model,
ith optimizer Optimizer;
gth optimizer Optimizer,
1. Modelj<-Model,

2. Optimizer;<—Optimizerg

5 SKiE
5.1 #HiE&

TEW A2 HF 10 286 5 Frappe” F1 MovieLens” 1 ilf 47 52

Frappe 088 £ 91745 A 6l SCA T 9 96 203 A~ P 478 H
LB T R IDCuser ID) MR A IDCapp ID) 4h, &4~ H & iF
W 8 A~ 5t A &, W K R (weather) , 3 7 Ccity) | B} &
(morning,afternoom) 4 . R H one-hot @i b B4~ H &>
FRAE I 4, — e f 8 5382 MHFAE, AR (labeDfHN 1 R HI
FEZ s T T H Gapp)

MovieLens £ A& 17045 N P AE 23734 #H
1 668953 NWLFE W 4ric %, WFER M one-hot % i%h 4% L &5
ARG AT R FRAE ] i, — 24T 1% 90445 ASRRAE #5245 (labeD)
B 1 Fos M STz AT T 4% .

HT T 3 7 A~ B AR A TR RE AR, T DA R AR
A LIS A 2R R S 1 A0RE AR B R E R AR 0 Y P A
TE Frappe 4R 45 I, AT H P BEPLEEBGZ ) 56 T WA
18 T A 1 FH Capp) 7B 0 T BEAS 5 X5F F MovieLens 0 HE £ . B HL
WO P ARIE 5 B f s AR TOREAS . SRR AR I FR 45 (labeD) 2
—1, BIRENRASHILE 1.,

1 BIEESH

Table 1 Data set parameters
Dataset Instance® Feature® User® Ttem ™
Frappe 288609 5382 957 4082
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Fig. 4 Training set loss curve and loss value reduction curve of the Deep Crossing model on MovieLens
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Table 2 Comparison of optimized model performance on MovieLens dataset
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25ACC 100ACC  25/100ACC 25ACC 100ACC 25/100ACC
Adam+ Rain 26.1061 38.8760 —0.1821 31.4292 20.2564 6.8072
RMSProp+ Rain 29.2944 36.0936 5.6738 32.7015 29.7548 8.5661
Adagrad—+ Rain 13.7603 24,2779 2.9293 30.2264 27.6267 4.2557
SGD+ Rain 17.5636 29.3977 5.8583 36.6707 49.1274 8.2549
SGDM+ Rain 14.4057 23.2642 2.3282 44.9302 33.0934 8.8588
T 20.2260 30.3819 3.3215 35.1916 31.9717 7.3485
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Table 3 Comparison of optimized model performance on Frappe dataset
CHLA s 25
DeepCross FM

1t # — - — - - -

25ACC 100ACC 25/100ACC 25ACC 100ACC 25/100ACC
Adam+ Rain 91.1034 99.9996 87.6567 95.3728 99.9994 94.8615
RMSProp+ Rain 99.1104 99.9999 98.7616 91.9519 99.9995 90. 7627
Adagrad-+ Rain 77.3881 99.7775 70.6015 77.9065 85.9956 72.1090
SGD-+ Rain 54.4723 47.5761 47.5761 82.6938 92.1589 75.8781
SGDM+ Rain 61.5904 75.9191 57.3703 99.9339 100. 0000 99.9227
T 76.7329 84.6544 72.3932 89.5718 95.6307 86.7068
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Table 4 RMSE of the optimized model test set

. Frappe MovieLens
optim
DeepCross FM DeepCross FM

Adam 0.2222 0.1814 0.2841 0.2411
Adam+ Rain 0.2135 0.1875 0.2844 0. 2449
RMSProp 0.2246 0.1844 0.2837 0.2492
RMSProp-+ Rain 0.2219 0.1908 0.2835 0.2528
Adagrad 0.2335 0.1926 0.2852 0.2463
Adagrad+ Rain 0.2232 0.1828 0.2843 0.2455
SGD 0.2677 0.2114 0.3270 0.2677
SGD—+Rain 0.2936 0.1916 0.2972 0.2605
SGDM 0.3082 0.2054 0.3324 0.2568
SGDM+ Rain 0.2626 0.2327 0.2938 0.2527
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