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Assignment

» 8A|Zt F 2| object temperatureE 0| 55H= assignment

 Dataset= LISt €2 +E2 2 O|F0{ M UL}

serial =M™ 2{X|2Q] Serial number ex)’'20220428_000_41POSTRTAX_1°
Temp =

Object_temp |SESIAA 5t= M2l 2k

Humi st

Pressure & =

Date_time £ AlZt year/month/date/hour/minute/second HE




Problem recognition

« 7| &9| forecastingd|= lightgbm 2 &2 ALE3IULCE.

» 1A ZE 29] object_temp0| EHol %EE H OI50| £[RUX
AlZE 22| object_tempOf CHBH =2 s
Off Chct of|=0| & O|FO0{X|X|
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Study 1 : ARIMA
« ARIMA = AR + | + MA

. AR(Autoregresswe) model : 2tH2| 02 A|H=2| variable=
25| t A| 2| variable= 0=

* Ve =00+ D1Yi1+D2Yepn+ -+ Dpye—p + &

* MA(Moving Average) model: tHC| O 2] error== SollA] t
AE 2| variableE 0|

* Ve = 80 + ngt—l + Hzgt_z + e+ Hqgt—q + Et




ARIMA

* ARMA(Autoregressive Moving Average) : ARIt MAS 2 A
O

* Ve = @0 + & + ®1yt_1 + .-+ ®pyt_p + Hlet_l + e+ 9q€t_q

=

« ARIMAE M &5}7| {|olfAl= data”| stationary off OF SHLF,
- Differencing 7| &&= O|Z3llA| datas stationary oA & &

o 1st differencing : Y; = X; — X;_1 = VX;
» n% differencing : Yt(") = Yt(”_l) — Yt(fl_l) = V"X,



ARIMA

* Variable of ARIMA : (p,d,q)
* p : AR model2| independent variable2| 7§
. d : differencing®| Xt
* g : MA modeld|A ALY 2Xt9| T4

* Ve = @0 + & + ¢1yt_1 + -0 4+ prt—p + ngt—l + oo+ Hq&'t_q



ARIMA model processing

1. Data preprocessing : To make data stationary
2. ldentify Model: Test demonstrative model

3. Estimate Parameters

4. Diagnosis check: IF not suitable, back to 2

5. Use model to forecast



ldentification of model

» Graphical method(ACF, Partial ACF)E AI23ll Al MA(q), AR(p),
ARMA(p,q) & O E&= ArEE X| LHEFetCt
Model ACF Partial ACF
MA(q) Cut off after lag q Die out
AR(p) Die out Cut off after lag p
ARMA(p,q) Die out Die out

b2t M CHEfE o 2 Ao 2 AIC, prediction
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(a) Cuts off after lag 2
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Lag k

Lag k

(b) Damped exponential dying down



Experiment 1: changing the dataset
- 7| &0{= 5742| 0| stateE 7HX|11 O|FE O F3UCE.

- 8A|ZH E|o] 222 0| =317| QA 24AZHe] time stamp2
temp_objE AFE5HA o1|
- Temp_obj 0|2|0j|= 8AIZI Ho| S=of EMHEED ArES

- Lightgbm= S5lAl 0| =



Testing with common sense

« Case 1. prediction with past 1-day
 Case 2: prediction with difference of past 2 days

Case RMSE MAE STD precision | recall st ALt
Case 1 4.06 2.88 4.06 0.71 0.70 0
Case 2 6.26 445 6.26 0.72 0.53 0




]-.unique()

print(df)
df = processing_in_time(df)

» X_val, y val = preprocessing total(df)

ain

doc[:;
df.Joc[:,

t_index()

full_range
start =

full_range_df = pd.[ rame (
“year' DoOS = 2gressor
. AT booster ()
th': full range.mon booster.set_params(force col wise= , num_leave
full
f a " . §
e train_time = time.time() - start

booster.fit(X, y)
icates
start = time.time()
merged_df[ ‘humi’].fillna(method= , inplace ) ?Ped = boas er.pr?dlct(xival)
p2'] = merged df[ ct 1 inf _time = time.time() - start
*1.fillna( ff111', inplace= y_val = y val.values
y_val = y val.reshape(-1)
print(metric_with_times(y_val, pred, train_time, inf_time))




Result

« 22HO| serial= 2 St
LSl QLY

1 =20220428_000_41POST1R1AX_1, 2 = 20221109_001_40POSTRTA0_O, 3 = 20220826_000_40POSOR0OA0_O

J\

=

MNZAM ALt BE serial2 ™A A

Serial RMSE MAE STD Precision recall st A7t
1 428 2.66 4.24 0.80 0.74 0.48
2 3.34 2.37 3.33 0.65 0.85 043
3 2.70 2.02 2.67 0.28 0.52 0.36
Total(8) 34 243 34 0.68 0.79 0.90




Conclusion
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« 2 E serial2 Ct AFE3}Y] training & [ CHA 2 £2 Z1H/0|
Lte= A ZLt
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Study 2: iTransformer

« 7| &9| transformer= Mu

dependency = Z&5)

ALt

i-level representation?| Pair-wise
E—. O = L[St ZOO0AM AIEE| D

RS Time—serlesjorecastlng oM 8t time-stampOfl CHSH A
o2 H+=2S S embeddingS ZHE1 4 temporal
tokenOl| CHSHA| temporal dependencyS EAISHE HHEH S A
23lC}

O AN .



Classical Transformer

Value

Transformer
View

Altention over FFN on Mulliﬁriale
Temporal Tokens Representations

Output
Prebabilities

Add & Norm
Add & Norm
Multi-Head
Aftention
Nx
Add & Norm
[ Add & Norm ]
Add & Norm Maskeg
Multi-Head Multi-Head
Attention Attention
A } A
————' )
Positional & a Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)



PatchTST

 TransformerQj| Al st =40 it X7} A| 7|

* PatchTST 2= =&0| A channel independenceZt+ method
7t M| A= RACE.

|

=2 .S' =

f l ‘& i
P=4
A MMMM&
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— T— Token Token To k Token Token Tok
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iTransformer2| 71 OfO|C| Of
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~ 0| A Time
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iTransformer —
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ITransformer process

1. Embedding : ZfZr 2| variate series== MLPE O|&0dff Z42

embedding Xﬂ &
-hY = Em bedding (X:n)

2. Multivariate attention : Z2t2+9| e dlnga Wo, Wy, W, 2|
5t& 758 matrixE 0|24 Q, , VE Htit 0| attention
o x|3H
= L- O
Z1E B2 S0= CHE @4 W 710 2|2 o5



ITransformer process

3. LayerNorm : Convergence?} training stabilityS S 7tA|7]|7|
?[o At
Tl OH L

h,—M ean(hy,)

~LayeNorm  (H) = { Jvar(hy)

In=123..N}

4. Feed Forward Network: 2 embedding OfE} =XH 2= A
g, 0§ 2] inverted block=0| & A O|2{0 £t2t representation
= IS0 WL
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Experiment 2: Forecasting with MLP

e MLPE O|238A H|O|HAIS S5 A|Z|0 0=

atal| series, look-back window2| Z0|, epoch?]
7 S0 ek ohsat O|5= Al =L,
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MLP model

MLP1 s(nn.Module):
__init__ (self, embeded_dim):
super().__init_ ()
hidden_layerl = 20
hidden_layer2 = 12
output layer
self.layers nn.Sequen (

rs(nn.M le):

t_ (self, embeded dim):

‘()-_init_ ()
hidden_layerli = 32
hidden_layer2 = 16
output_layer = 8
self.layers .S

_(

embeded_dim, hidden_layerl),

(embeded_dim, hidden_layeril),

‘(hidden_layerl, hidden_layer2), hidden_layeri, hidden_layer2),

r(hidden_layer2, output_layer *(hidden_layer2, output_layer

forward(self, x):
n self.layers(x)

forward(self, x):
1 self.layers(x)




preprocessing { , day serial, serial_num)

df = dfe.copy()
num_lags = 24*days

rial]

dfi-loc] =" r d jate_time'].dt.year
df . loc[: th ’ time'].dt.month
7 ].dt.day
].dt.hour
= df.groupby(

full ran, pd.date_range(start

full _range_df

full_ran,

full_ran,
full_rang
full_range.hour
).drop_duplicates()
merged_df = pd.merge(full_range df, result_df,

merged_df[ 'l ] = merged df[” i].FFi11()

merged_df[ s

merged df[f ;
df X

merged_df[’ refo
df X cols = df X cols + [

MLP Process

].shift(i)

trair
trainle

ets, batch.

:(trainloader, 8):

ons .ten , dtype=torch.float)

torch. tensor((], rch.float

- data in t

.cat((pred
ual, values

shuffle=

shuffle=




Result

» Using '20220428_000_41POSTRTAX_1" series

Condition RMSE MAE STD precision recall st AlZE
1day, 50epoch [4.08 3.07 3.79 0.53 0.89 27

1day, 100epoch |3.91 2.99 3.44 0.46 0.95 54

1day, 200epoch |4.09 3.18 3.44 0.56 0.91 110
2day, 50 epoch | 4.74 3.48 4.42 0.48 0.93 27.5
2day, 100epoch |4.2 3.35 3.72 0.35 0.97 55




Result
« Using '20221109_001_40POSTR1TAQ_Q" series

olX|2t A2 R H wo|0jet EE= &= =+ Bl&

7| weight=0| random2 2 Fol|X[=0| 0|0 [HE Zutgf H
S0| O d2ks BO| O|X|= A &0

Condition RMSE MAE STD precision | recall StEA|ZE

1 day, 50 epoch 6.54 4.07 4.39 0.75 0.78 19.42

1 day, 100 epoch 4.68 3.36 3.81 0.78 0.91 38

1 day, 200 epoch 4.28 2.98 3.37 0.74 0.90 77.88

2 day, 100 epoch 4.68 3.31 3.89 0.85 0.81 40.9




Result

 Using 8 series

* Increasing datasets can improve the performance

Condition RMSE MAE STD precision | recall st AlZE
1 day, 100 epoch 3.36 2.40 3.15 0.85 0.74 288
2 day, 100epoch 3.37 2.46 3.09 0.87 0.77 317
2 day, 200epoch 3.29 2.34 3.12 0.83 0.84 697




Result

- 8AIZE F|2| O =0f| Ciet 20k 2F B7H0f BHS

« For '20220428_000_41POSTRTAX_1' series

Condition RMSE MAE STD precision | Recall
50 epoch, 2 days 6.50 5.35 6.35 0.30 0.89
200 epoch, 1days 4.8 3.65 4.32 0.57 0.87
200 epoch, 2 days 5.16 4.14 4.7 0.3 0.91




Result

« 02 seriesE ™A 21}

AH A

« M| R} Z1t= 5 HR| A0tof| 2} series number column =7t

» 200epoch, 2 days2| ZItE A

Condition RMSE MAE STD precision | recall st A7t
Using 8 series 4.06 3.03 3.8 0.77 0.75 657
Using 13 series 4.38 3.35 4.36 0.47 0.92 955
Using 13 series 3.92 2.94 3.86 0.64 0.84 1018




Conclusion

[ 2 Ct O 2] series®| dataset=2 M A



Problem of dataset?

-2 FHEOo| J|2t




Next Goal

« Using K-NN for classification
 Adjust normalization method to improve model
» Redefine precision and recall

* Find new model to improve prediction



