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Abstract: Sales forecasting has always been a hot research topic and has great significance for all ’ent‘érprises. In recent
years, with the rise of deep learning, there are more and more models for sales forecasting, and the pérformance of single
models is often not ideal. Therefore, there are more and more combinatorial ;nodels. In this study, we use Stacking
strategy to support XGBoost, Support Vector Regression (SVR), GRU neural network as the basic model, then lightGBM
as the final prediction model, with new features are merged. The advantages of several models are condensed, which
greatly improves the prediction perfermance of the model, good enough to be more close to the real sales data, and

provide a new prediction methoed for regfession prediction.
s
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i\ F: feature, K: max conflict count
i : bundles

Construct graph G

searchOrder «— G.sortByDegree()
Bundles « {}, bundlesConflict < {}
for i in searchOrder do

needNew «— True
for j =1 to len(bundles) do
cnt — ConflictCnt(bundles[;], F[i])
if cnt + bundlesConflict[i]<= K then .
bundles[/].add(F[i]), needNew‘t— f’alse
break
if needNew then
Addf[i]" as anew bundle to bundles

e
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i \: I training data, d: iterations, a: sampling ratio of large gradient
data, b: sampling ratio of small gradient data, /oss: loss functien, L:

weak learner g "
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models «— {}, fact — % 3

topN — a*len(l), randN « b‘:"len(l)
For i=1 to d do
preds < models. Predict(/)
g« loss(I, preds),w — {1, 1, ...}
sorted < GetSortedIndices(abs(g))
topSet «— sorted[1: topN]
randSet < RanomPick(sorted[topN: len(/)], randN)
usedSet «— topSettrandSet
WlrandSet] *
Small gradient data
newModel < L(I[usedSet],- glusedSet], wlusedSet])
Models.append(newModel)
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