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Configuration Manual

Kripa Mariam Joy
Student ID: 20217986

1 Introduction

Configuration manual aids the reader to gain knowledge regarding system requirements,
setup, and software specifications used for research DynamicForecast (DF).

2 System Configuration
2.1 Hardware Specification

* Model: HP Pavilion x360 Convertible 14-dgOxxx

* Processor: Intel(R) Core (TM) i5-8265U CPU @1.60GHz 1.80 GHz
* Operating System: Windows 10

* RAM: 8.00 GB (7.83 GB usable)

* Hard Disk: 256 GB

3 Software Used

To implement the proposed system, DF, set up the platform and environment in such a way
that it should run machine learning and deep learning models.
The software used for implementing DF is listed below;

e Visual Studio Code

e Anaconda
To install packages of deep learning and machine learning, anaconda is used. Python is the
programming language used to code this system.

4  Procedures

Step 1: Install all the software needed and install all libraries such as NumPy, sklearn, pickle,
tkinter and so on using the command pip install “package”.



t pandas pd

sklearn.linear model import LinearRegression
sklearn.metrics import mean_squared error
sklearn.model selection import train test split

keras.models import Sequential
keras.layers import Dense

keras.layers import LSTM
sklearn.preprocessing import MinMaxScaler

Fig 1: Importing libraraies

Step 2: Pre-process the dataset. Figure 2 indicates snap of one dataset used.

Generated by get-clean-log.py ($Revision: 0.18) on Tue February 20, 2007, at 00:48:14 PM
Tosup|M.Jan} at tudelft.nl)
1£t.nl/)
d5000_coallocated_jobs. log
dse00_interactive_jobs.log
7 dse0e_reservation_jobs. log
External sites_time info file: ime.log
External user_to_group info file: gridsaes_user_to_group.log
Grid Workloads Format: JobId<TAB>SubmitTime<TAB>WaitTime<TAB>RUNTime<TAB>NProC<TAB>AvVerageCPUTimeUsedc 2 3>Req) SCTAB>ReqTime< q TAB>Status<TAB>USerId<TAB>Grou
1083658801 1 o a 1 1 1 1 user3se groupa queved -1 G1/sitea UNITARY -1 1
1083658849 1 19 1 1 1 1 1 3 queveo -1 G1/sites UNITARY -1 1
1083658875 2 10 s 1 1 5 1 1 appo  queued -1 UNITARY -1 1
s 8 %0 1 1 % 1 1 appe  queved -1 UNITARY -1 1
s 19 100 1 1 100 1 1 5 appe  q 1 INITARY -1 1
1 25 1 1 1 1 1 ° appe g 1 INITARY -1 1
1 6 1 1 1 1 1 q 1 1 1
1 43205 4 1 1 4 1 ° q 1 1 1
1 s 1 1 1 1 1 1 q 1 1 1
1 1 a £ 1 4 1 0 5 appse7 q 8 -1 UNITARY -1 1
0 2 156 7 1 1 7 1 1 5 appd  queued -1 61/site6/c1 UNITARY -1 1
1 1 19 7 1 1 7 1 1 6 app0  queved -1 G1/sites/c1 UNITARY -1 1
2 1083660719 1 a 7 1 1 7 1 1 6 appo  queued -1 G1/sites/c1 UNITARY -1 1
3 1083660726 1 w01 7 1 1 7 -1 1 6 appe  queued -1 G1/sites/c1 UNITARY -1 -1
: 1 1 a 1 1 a 1 1 apps67 queued -1 G1/sites/c1 UNITARY -1 -1
5 1 0 a 1 1 4 1 1 user267 appse7 queued -1 G1/sites/c1 UNITARY -1 1
6 168 33 1 o 4 1 1 a 1 1 user267 appse7 queueo -1 UNITARY -1 1
7 1683661197 1 20092 1 -1 1 1 -1 1 users7e appe  queueo -1 UNITARY -1 1
8 1083661769 1 23027 1 1 1 1 -1 1 users71 g appe  queueo -1 UNITARY -1 -1
9 1083661777 1 23014 1 1 1 1 -1 1 users71 g appe  queueo -1 G1/sites/c1 UNITARY -1 1
) 1083662072 1 2216 1 -1 1 1 -1 1 users7 appe -1 G1/sites/c1 UNITARY -1 -1
1 1 13734 10 1 -1 10 1 e -1 UNITARY -1 1
2 1 1 4 1 1 4 1 1 -1 UNTTARY -1 1
3 1 1 a 1 1 4 1 1 1 UNITARY -1 1
4 1 1 4 1 1 4 1 1 1 UNTTARY -1 1
5 1 1 1 1 1 1 1 1 1 UNTTARY -1 1
6 1 3 1 1 1 1 1 1 1 UNITARY -1 1
7 1 1 a 1 1 4 1 1 1 UNITARY -1 1
8 1 1 4 1 1 4 1 1 1 UNITARY -1 1
9 3 1 1 a 1 1 4 1 1 1 UNITARY -1 1
0 1083671023 1 1 4 1 1 4 1 1 1 UNITARY -1 1

Fig 2: Grid 5000 workload dataset

This dataset is pre-processed by discarding all the data except job arrival time. So that
dynamic variation can be captured. Figure 3 depicts the code for removing unnecessary data,
normalization of data using the MinMaxScalar function, and printing needed data. Figure 4
indicates the output for pre-processing step. The output is obtained from the command
prompt after running the command “python prel.py”.



prelpy

e
j- workL.. [ B3

Filtering of dataset

Normalization

> OUTLINE kload)

(env_tc

(env_torch)

Fig 4: Output obtained for pre-processed dataset (filtering and normalization)



Step 3a) Code each and every predictor in the pool [1] of DF. Figure 5 illustrates the
predictors in the pool. While coding the predictor, a portion of dataset is given for testing and
training.

| Lo |
| HUBER |

| AR IS, |

LSTRA

Prodictor pool

Fig 5: Predictors in predictor pool

Step 3b) The figure 6 depicts the code for predictor LR (Logistic Regression). The
highlighted area shows that 20% of data has been given to testing and training of the model.
Figure 7 illustrates the output obtained for LR model.

LR.py
andas as pd
m sklearn.linear_model import LinearRegression
m sklearn.metrics import mean_squared_error
from sklearn.model selection import train test split

import numpy as np

mean_absolute percentage error(y_true, y pred): R
y_true, y pred = np.array(y_true), np.array(y_pred) MAPE calculation

return np.mean(np.abs((y true - y pred) / y true)) * 1eo

df=pd.read_csv('gri
vall=df.values

print(valil.shape)
. Dataset loading
X=

y=I1

for i in range(15,len(df)):
v=[i[@] for i in vali[i-15:i]]
X.append(v)
y.append(vali[i,e])

print(x[e])
print(y[e])

print(len(X))



from sklearn.pipeline import make_pipeline
from sklearn.preprocessing import StandardScaler

x_train, x test, y train, y test = train test split(X, y, random state=0, shuffle=True,test size=0.2)

reg = make_pipeline(Standardscaler(), LinearRegression())

reg.fit(x train, y train)
_ Training and testing of predictor
y_pred=reg.predict(x_test)

print(y pred[:10])
print(y_train[:10])

mse=mean_absolute_percentage_error(y_test, y_pred)

print(mse)
import pickle

pickle.dump{reg,open(’]l

Fig 7: Output for LR
Step 3c) The figure 8 depicts the code for predictor LASSO (Least Absolute Shrinkage and
Selection Operator). The highlighted area shows that 20% of data has been given to testing
and training of the model. Figure 9 illustrates the output obtained for LASSO model.

1 sklearn import linear model
1 sklearn.pipeline import make pipeline
1 sklearn.preprocessing import StandardScaler

x_train, x test, y train, y test = train_test_split(X, y, random state-e, shuffle=True,test size=0.2)

reg = make_pipeline(StandardScaler(), linear_model.lLasso(alpha=0.1))
reg.fit(x_train, y train)

y_pred=reg.predict(x_test)

print(y_pred[:10])
print(y_train[:10])

mse=mean_absolute_percentage_error(y_test, y pred)
print(mse)
import pickle

pickle.dump(reg,open(’1l

Fig 8: LASSO code snippet

Fig 9: Output for LASSO

Step 3d) The figure 10 depicts the code for predictor RIDGE. The highlighted area shows
that 20% of data has been given to testing and training of the model. Figure 11 illustrates the
output obtained for RIDGE model.



earn 1mport
from sklearn.pipeline il t make_pipeline
from sklearn.preprocessing StandardScaler

x_train, x test, y train, y test = train_test split(X, y, random state-e, shuffle=True,test size-8.2)

reg = make pipeline(Standardscaler(), linear model.Ridge(alpha=.5))
reg.fit(x_train, y_train)

y_pred=reg.predict(x_test)

print(y_pred[:10])
print(y_train[:18])

mse=mean_absolute percentage error(y test, y pred)

print(mse)

import pickle

pickle.dump(reg,open( rid )

Fig 10: RIDGE code snippet

Fig 11: Output for RIDGE
Step 3e) The figure 12 depicts the code for predictor SVR (Support Vector Regression). The
highlighted area shows that 20% of data has been given to testing and training of the model.
Figure 13 illustrates the output obtained for SVR model.

from sklearn.pipeline in t make_pipeline
om sklearn.preprocessing import StandardScaler
x_train, x_test, y train, y test = train_test_split(X, y, random state=e, shuffle=True,test size=0.2)

reg = make pipeline(StandardScaler(), SVR(C=1.0, epsilon=0.2))
reg.tit(x train, y train)

y pred=reg.predict(x test)

print(y pred[:1@])
print(y_train[:10])

mse=mean_absolute percentage error(y_test, y pred)

print(mse)

Fig 12: SVR code snippet

Fig 13: SVR output



Step 3f) The figure 14 depicts the code for predictor Stochastic Gradient Descent (SGD). The
highlighted area shows that 20% of data has been given to testing and training of the model.
Flgure 15 illustrates the output obtained for SGD model.

1 sklearn import linear model
1 sklearn.linear_model import SGDRegressor
1 sklearn.pipeline i ~t make pipeline
1 sklearn.preprocessing import StandardScaler

x train, x test, y train, y test = train test split(X, y, random state=0, shuffle=True,test size=0.2)

reg = make pipeline(StandardScaler(), SGDRegressor(max iter=100@, tol=le-3))
reg.fit(x train, y_train)

y pred=reg.predict(x test)

print(y_pred[:10])
print(y train[:10])

mse=mean_absolute percentage error(y test, y pred)
print(mse)
import pickle

pickle.dump(reg,open(’sgd.pkl’, 'wb"))

Fig 14: SGD code shippet

Fig 15: Output for SGD

Step 3g) The figure 16 depicts the code for predictor LAR (Least Angle Regression). The
highlighted area shows that 20% of data has been given to testing and training of the model.
Flgure 17 illustrates the output obtained for LAR model.

from sklearn import linear_model
from sklearn.pipeline import make_pipeline
from sklearn.preprocessing import standardscaler

x_train, x_test, y train, y_test = train_test_split(X, y, random_state=e, shuffle=True,test size-0.2)

reg = make_pipeline(StandardScaler(), linear_model.Lassolars(alpha=.1, normalize=False))
reg.tit(x train, y train)

y_pred=reg.predict(x_test)

print(y_pred[:10])
print(y_train[:10])

mse=mean_absolute percentage error(y test, y pred)
print(mse)
import pickle

pickle.dump(reg,open('lar.pkl’, 'wb"))

Fig 16: LAR code snippet



Fig 17: Output for LAR
Step 3h) The figure 18 depicts the code for predictor HUBER. The highlighted area shows
that 20% of data has been given to testing and training of the model. Figure 19 illustrates the
output obtained for HUBER model.

sklearn import linear_model
sklearn.linear_model import HuberRegressor
sklearn.pipeline impc nake pipeline
sklearn.preprocessing import StandardScaler

f
f
f
f

x_train, x test, y train, y test = train_test split(X, y, random_state=e, shuffle=True,test size=0.2)

reg = make_pipeline(StandardScaler(), HuberRegressor())
reg.fit(x train, y train)

y_pred=reg.predict(x_test)

print(y_pred[:10])
print(y train[:10])

mse=mean_absolute percentage error(y test, y pred)
print(mse)

import pickle

pickle.dump(reg,open("huber.pkl’,

if _ name__
train('gr

Fig 18: HUBER code snippet

Fig 19: Output for HUBER

Step 3i) The figure 20 depicts the code for predictor ARIMA (Autoregressive Integrated
Moving Average). The highlighted area shows that 20% of data has been given to testing and
training of the model. Figure 21 illustrates the output obtained for ARIMA model.



matplotlib import pyplot

statsmodels. rima.model import ARIMA
sklearn.metrics import mean squared error
math import sqrt

“t numpy as np

mean_absolute percentage error(y_true, y pred):
y_true, y pred = np.array(y_true), np.array(y_pred)
return np.mean(np.abs((y true - y pred) / y true)) * 100

- train(path):
df = read csv(path)

X = df.values

size = int(len(X) * @.66)

train, test = X[@:size], X[size:ler
history = [x x in train]
predictions = list()

for t in range(len(test)):
model = ARIMA(history, order=(1,1,1))
model fit = model.fit()
output = model fit.forecast()
yhat = output[e]
predictions.append(yhat)
obs = test[t]
history.append{obs)

print('predic (yhat, obs))

mape = mean_absolute percentage error(test, predictions)

% mape)

if |

ARIMA. py

Fig 21: Output for ARIMA

Step 3j) The figure 22 depicts the code for predictor Long Short Term Memory (LSTM). The
highlighted area shows that 20% of data has been given to testing and training of the model.
Figure 23 illustrates the output obtained for LSTM model.



1 sklearn.linear_model import LinearRegression
sklearn.metrics imp mean_squared_error

1 sklearn.model selection inm train_test split

1\ keras.models import Sequential

1 keras.layers imp

1 keras.layers im

1 sklearn.preprocessing i t MinMaxScaler

1 sklearn.metrics imp mean squared error

T numpy as np

mean_absolute percentage error(y true, y pred):
y true, y pred = np.array(y true), np.array(y pred)
irn np.mean(np.abs((y true - y pred) / y true)) * 100

df=pd.read csv(’'gri
valil=df.values
print(vall.shape)

X=[]
y=[1

i in range(15,len(df)):
v=[i[@] for i in val1[i-15:i]]
X.append(v)
y.append(vali[i,e])

print(X[e])

print(y[e])

print(len(

om sklearn imp model

1 sklearn.pipeline il make_pipeline

om sklearn.preprocessing i t standardscaler
x_train, x_test, y train, y test = train_test_split(X, y, random state=0, shuffle= ,test_size=0.2)
x_train=np.array(x_train)
x_test=np.array(x test)
y_train=np.array(y_train)

y_test=np.array(y_test)

x_train = np.reshape(x_train, (x_train.shape[®], 1, x train.shape[1]))
x_test = np.reshape(x_test, (x_test.shape[®], 1, x test.shape[1]))

model = Sequential()
model.add(LSTM(28, input_shape=(1,15))) Code for Adams optimization
model. add(Dens )

model.compile(loss n_: | ', optimizer: m')
model.fit(x train, y train, epochs=10@, batch si , verbose=2)

y_pred=model .predict(x_test)

print(y_pred[:10])
print(y_train[:10])

mse=mean_absolute_percentage error(y_test, y pred)
print(mse)
import pickle

model.save('LSTM")

Fig 22: LSTM with Adams optimization code shippet

10



p.e116

0.8157
32

B.8129

654 1.14811169 1.93836554
2

Fig 23: Output of LSTM module with Adams optimization

Step 4) The next step is to create four ensemble models according to the least MAPE value
obtained. The figure 24 and figure 25 illustrate the code and output for ensemble model
creation respectively.

11



t pandas as pd
sklearn.linear_model import LinearRegression

1 sklearn.metrics import mean_squared error
sklearn.model selection import train_test split

t pickle
rt numpy as np
1 keras.models import load model
om statsmodels.tsa.arima.model import ARIMA
t matplotlib.pyplot as plt

lr=pickle. load{open( lr.p

huber=pickle.load(open

lar=pickle.load(open

lasso=pickle.load(open( s0.pk ") Loading the models created
ridge=pickle.load(open( r d'," ) bv each predictor
sgd=pickle.load(open d.pkl',"rb")

lstm=load _model('LS

svr=pickle.load(open

mean_absolute percentage error(y true, y pred):
y _true, y pred = np.array(y _true), np.array(y pred)
return np.mean(np.abs((y _true - y pred) / y true)) * 100

ensemble list=[@,1,2,3 L
— e Definina list for 4 ensemble models

ensemble(feat):
ensemble list

val=0

for i in ensemble list:
val+=feat[i]

val=val/a

return val

12



run():

ensemble list
df=pd.read csv('g
vali=df.values
print(vali.shape)
X=[]
y=[1

for 1 in range(15,len(df)):
v=[i[@] for i in vali[i-15:i]]
X.append(v)
y.append(vall[i,@])

history=vali[:15]

final predictions=[]
final originals=[]

Window declaration as 1

13



for i in range(len(X)):

feat=[]

original label=y[1i]
1st1.append{original label)

final originals.append(original label)

pred lr=lr.predict(X[i:i+1])[@]
1st2.append(pred_1r)
feat.append(pred_1r)

pred_huber=huber.predict(X[1i:i+1])[@]
1st3.append(pred huber)

feat.append(pred_huber) Initialization of each list by each predictor

pred lar=lar.predict(X[1i:i+1])[@]
1st4.append(pred lar)
feat.append(pred lar)

pred_lasso=lasso.predict(X[1:1+1])[8]
1st5.append(pred _lasso)
feat.append(pred_lasso)

pred ridge=ridge.predict(X[i:i+1])[@]
1st6.append(pred ridge)
feat.append(pred ridge)

pred_svr=svr.predict(X[i:i+1])[@]
1st7.append(pred_svr)
feat.append(pred_svr)

pred sgd=sgd.predict(X[1i:i+1])[@]
1st8.append(pred sgd)
feat.append(pred sgd)

pred lstm=1stm.predict(np.reshape(X[i:i+1], (1, 1, 15)))[e][e]
1st9.append(pred lstm)
feat.append(pred 1stm)

model = ARIMA(history, order=(1,1,1))
model fit = model.fit()

output = model fit.forecast()

pred arima = output[e]

1st10. append(pred_arima)
feat.append(pred_arima)

14



cnt+=1
val=ensemble(feat)
final_predictions.append(val)
print(‘prediction’,cnt)
1t cnt>=25:
im0 Each window have 25 predictions (variable ; cnt)
print( ‘window’,cnt2)
cnt2+=1
cnt=e
dict1={"1r':1st2, "huber':1st3, 'lar":1st4, 'lasso’:1st5, ‘ridge’:1st6, 'svr':1st7, "sgd’ :1st8, '1stm’':1st9, "arima’:1st10, ‘original ' :1st1}

df=pd.DataFi dict1 .. .
eI D liCtions are saved to temp.csv (workload repository)

mapel-mean_absolute percentage_error(lsti,lst2)
mape2=mean_absolute percentage error(lsti,lst3)
mape3=mean_absolute percentage error(lsti,lsta)

maped=mean_absolute percentage error(lsti,lsts) .
mapeS5=mean_absolute percentage error(lsti,lste) MAPE Comparlson
mape6=mean_absolute percentage error(lsti,lst7)

mape7=mean_absolute percentage error(lsti,lst8)
mape8=mean_absolute percentage error(lsti,lst9)
mape9=mean_absolute percentage error(lsti,lst1e)

mape_list=[mapel,mape2,mape3,maped,mape5,mape6,mape7 ,mape8,mape9 ]
print(mape_list, " '

mape_arr=np.array(mape_list)
mape_arr = np.argsort(mape_arr)[:4] H H
mape_List-list(nape arr) MAPE sorting for the predictors

ensemble_list-mape_list

int . . .
print(mape_arr) Print the list of 4 ensemble model with least MAPE

mape=mean_absolute_percentage_error(final_originals,final_predictions)*1@e
df2=pd.DataFrame()

import pickle

scaler=pickle.load(open('scalerl.pkl’, rb*))

final_originals=np.array(final_originals)
final_originals=final originals.reshape(-1,1)
final originals= scaler.inverse transform(final originals)

final predictions=np.array(final predictions)

final predictions=final predictions.reshape(-1,1)
final_predictions= scaler.inverse_transform(final_predictions)

df2[ "true']=final_originals.flatten()
df2[ 'prediction’ ]=final_predictions.flatten()

df2[ 'step’ ]=list(range(@,len(list(final_predictions))))

df2.plot(x="step’,y=| "prediction’, "true’|)
plt.savefig(“gridsee.png")

Plotting actual and predicted values
and saving the plot

print(mape)
return mape

Fig 24: Code snippet for ensemble model creation




supports instructions that this was not compiled to use: AVX2

Fig 25: Output obtained for simulate.py

Step 5) Tkinter is the Ul used, which shows the MAPE value obtained after selecting the
predictor. The figure 26 and 27 demonstrates the code snippet and output obtained for the

guipy
rom tkinter import *
from tkinter.filedialog import askopenfilename
om tkinter import messagebox,DISABLED,NORMAL

1t 5 1 . . R . . .
- datetime , Loading libraries for tkinter (gui unit)
m functools import partial

from PIL import Image, ImageTk

d Prediction in cloud”

main _color="#271745"

~ def logcheck():
1 1 username_var,pass_var

aname:username_var.get() . .
passl-pass_var. Login page and credentials setup

nom

messagebox.showinfo("alert”,"Wrong Cr

16



showcheck():
top.title(title)
top.config(menu=menubar)
f
f.pack _forget()
f=Frame(top)
f.config(bg=main_color)
f.pack(side="top", fill="both", expand= ,padx=18, pady=10)

f3=Frame(f)
f3.pack_propagate( )

f3.config(bg=main_color,width=600) i
£3.pack(side="right", Fill="both") Features of box in output

fa=Frame(f3)

f4.pack propagate( )
fa.config(bg=main_color,height=200)
fa.pack(side="bottom",fill="both™")

f7=Frame(f3)

17.pack_propagate( )
f7.config(height=20)
7.pack(side="top",fill="both",padx="3")

12=L abel (f7,text="Process”,font="Helvetica 13 bold")
12.pack()

1b1
b2=Button(f4,text="start",font="verdana 1@ bold",command=processi)
b2.pack(pady=2)

1bi=Listbox(f3,width=400,height=100,font="Helvetica 13 bold")
1b1.pack(pady=10,padx=5)

from simulate import run

processl1():

1b1
1bl.delete(@, "end")
1b1.after(10,delayed insert,lbi1,e, 'starting.."’)
1b1.after(10,delayed insert,1bi1,@, 'Selecting models")
1b1.after(10,delayed insert,1bi1,@, ‘make predictions")

1b1.update()
mape=run()
Calling the function run from simulate.py

1b1.after(10,delayed insert,lbi,1,str(mape)+’ percentage’)

delayed insert(label,index,message):
label.insert(index,message)




if _ name_ =="_ main_ ":
top = Tk()
top.title(”
top.geometry
footer = Frame(to
footer.pack(fill="

labi=l abel (footer, text="D
labl.pack()

menubar = Menu(top)

menubar.add command(|label= , command=showcheck])
top.config(bg=main color,relief=RAISED)

f=Frame(top)

f.config(bg=main_color)

T.pack(side="

1=Label(f, text=title,font

1.pack()

12=L abel (f,text="

12.pack({pady=5)

1 1 username var
username_var=Stringvar()
el=entry(f,textvariable=username_var,font=
el.pack(pady=5)

13=Label (f,text="
13.pack(pady=5)

pass_var
pass_var=stringvar()
e2=entry(f,textvariable=pass_var,font
e2.pack(pady=5)

b1=Button(f,text="Login", command=logcheck,fon

b1.pack({pady=5)
top.mainloop()

id500>python gui.py

u_feature_guard.cc:142] Your CPU supports instructions that thi

Workload Prediction in cloud

Username:

Password:

18



f Workload Prediction in cloud - O hed
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Fig 27: Output obtained for gui.py
Step 6) Similarly, repeat the steps from 2. Use the datasets LCG and NORDU from [2]
instead of Grid 5000.
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