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EDA(Exploratory Data Analysis)
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TFT(Temporal Fusion Transformer)
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scaler = MinMaxScaler()
scaled_data = scaler.fit_transform(df[features])
# feature 5= FH[j, & Ko+ Y AHLS FE

class Dataset(Dataset):
def __init__(self, data, seq_length, pred_length):
self.data = torch.FloatTensor(data)
self.seq_length = seq_length
self.pred_length = pred_length

def __len__(self):
return len(self.data) - self.seq_length - self.pred_length + 1

def __getitem__(self, idx)
x = self.data[idx:idx+self.seq_length]
#2'% L 0/E(seq_length)
y = self.data[idx+self.seq_length:idx+self.seq_length+self.pred_length]
#&E gf(pred_length)
return x, y
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class LSTMForecaster(nn.Module):
def __init__(self, input_size, hidden_size, num_layers, output_size):
super (LSTMForecaster, self).__init__()
self.hidden_size = hidden_size
self.num_layers = num_layers

self.lstm = nn.LSTM(input_size, hidden_size, num_layers, batch_first=True)
self.fc = nn.Linear(hidden_size, output_size)

def forward(self, x):

h8 torch.zeros(self.num_layers, x.size(8), self.hidden_size).to(x.device)
cB torch.zeros(self.num_layers, x.size(@), self.hidden_size).to(x.device)

out, _ = self.lstm(x, (h@, c@))
out = self.fc(out[:, -1, :1)

return out
LSTM B2 29| hidden, cell 1t &S H™O|BICt 0]
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seq_length =
pred_length

batch_size = 3

dataset = Dataset(scaled_date, seq_length, pred_length)

train_size = int(@ ataset))

train_dataset, val dataset = torch.utils.data.random split(dataset, [train_size, len(dataset) - train_size])

#8:25

train_loader = Dataloader(train_dataset, batch_size=batch_size, shuffle=True)
val_loader = Dataloader(val dataset, batch_size=batch_size, shuffle=False)

model = LSTHForecaster(input_sizeslen(features), hidden_size=64, num_layerss2, output_size=len(features)+pred_length)
criterion = nn.MSELoss()
optimizer = torch.optim. Adam{model.parameters())

nun_epochs = 30
device = torch
model.toldevice)

50|

vice("cuda® if torch.cuda.is_available() else "cpu”)

ntetoly - g9

gelgtct.

num_epochs = 360
device = torch.device(“cuda’ if torch.cuda.is_available() else “cp
nodal, to(device)

for epoch in
nodel
train_loss = ©

for batch_x, batch_y in train_loater
batch_x, batch_y = batch_x.to{device), batch.y.to[device)
optimizer

{num_epachs )

s, bateh_y.vien(batch_y.size(8), -1))

(i

¥ in val_loader
batch.x.toldevice), bateh.y.to(device)
= mode]{batch_x)
1os terion(outputs, batch.y.vien(batch_y. size(8)
val_loss += lass.1ten()

rint(f Epoch [ {epoch+1}/ (num_spochs)], Train Loss: {train,

train_loader):.4f}, Vel Loss: {val_loss/len(val_lesder): 4f} )

model.eval()
predictions = []

# QOIEAS H280 2 HFT
with torch.no_grad():
for i in range(®, len(scaled_data) - seq_length, pred_length):
input_seq = torch.FloatTensor (scaled_data[i:i+seq_length]).unsqueeze().to(device)
pred = model(input_seq)
pred = pred.cpu().numpy().reshape(-1, len(features))
predictions.append(pred)

all_predictions = np.vstack(predictions)

all_predictions_original = scaler.inverse_transform(all_predictions)
start_index = seq_length

end_index = start_index + len(all_predictions_original)

df.iloc[start_index:end_index, df.columns.get_indexer(features)] = all_predictions_original

print("Updated DataFrame:")
print(df)
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class CustonTemporalFusionTransformer (TemporalFusionTransforner):
def forward(self, x):
= {k: v.to(self.device) if isinstance(v, torch.Tensor) else v for k, v in x.itens()}
BRY xZ key,value £ 225 & torchd tensor ¥
return super(). forward(x)
#TenporalFusionTransforner S £7 X2
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def training_step(self, batch):
x, y = self._process_batch(batch)
outputs = self(x)
# =S +F
predictions = self._get_predictions(outputs)
#  torch.tensor L/ Z/ output ==
loss = self.loss_func(predictions, y)
# quantileloss&& £-g 78
self.log("train_loss", loss, on_step=True, on_epoch=True)
# Zf step,epochliL} lossE /=5
return loss

def validation_step(self, batch, batch_idx):
x, y = self._process_batch(batch)
outputs = self(x)
predictions = self._get_predictions(outputs)
loss = self.loss_func(predictions, y)
self.log("val_loss", loss, on_step=False, on_epoch=True)
return loss

def configure_optimizers(self):
return torch.optim.Adam(self.parameters(), lr=self.model.hparams.learning_rate)
# SLO0IT B

def forward(self, x):
return self.model(x)#ZF& &
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max_encoder_length = 24
max_prediction_length = 24

training_cutoff = df["time_1dx - max_prediction_length

#

nshine®, *AirPr
RelativeAirHur

Radiation”,
ty", “SystemProduction]

time_varying_features = ["WindSp

for feature in time_varying_features:
mean_feature = df[feature] .mean()
df [ f'mean_{feature}'] = mean_feature

training = TimeSeriesDataSet(

df[lambda x: x.time_idx <= training_cutoff], #®
allow_missing_timesteps=True,
time_1dx="time_idx",

target="SystemPr
group_ids={ "grouf
static_categorical
static_reals=[

mean_Radiation”,
tion*],# 0%

stemProd

time_varying. known reals=[ ‘WindSpeed’, "Ai
AlrTempera
time_varying_unknown_reals=["S:
max_encoder_length=nax_encoder_length,
max_prediction_length=max_prediction_length,
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Time idx, target, 10 18 =
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Encoder 2



checkpoint_path = "/kaggle/working/tft_checkpoint.ckpt
if os.path.exists(checkpoint_path):
os.remove(checkpoint_path)
checkpoint_callback = ModelCheckpoint(
monitor="val_loss",
dirpath="/kaggle/working/",
filename="tft-{epoch:62d}-{val_loss:.2f}",
save_top_k=1,
mode="min",
save_last=True)
trainer = pl.Trainer(
max_epochs=2,
accelerator="cpu",
devices=1,
precision=32,
gradient_clip_val=8.1,
callbacks=[early_stop_callback, 1lr_logger, progress_bar, checkpoint_callback],
logger=logger)
trainer.fit(
tft,
train_dataloaders=train_dataloader,
val_dataloaders=val_dataloader, )
trainer.save_checkpoint(checkpoint_path)
best_model_path = trainer.checkpoint_callback.best_model_path
best_tft = LightningTemporalFusionTransformer.load_from_checkpoint(best_moedel_path)
predictions = best_tft.model.predict(val_dataloader)
actuals = torch.cat([y[@] for x, y in iter(val_dataloader)])
predictions = predictions.detach().cpu().numpy()
actuals = actuals.detach().cpu().numpy()

0|0] check point ZE27} EXTICHH ArH|otCt XM Z
HAE2E HE35I0 checkpoint & J2|BtCt Epoch =,

=
7t&st 77|, MYUE, callback & ZAH™3SIY] trainer &

goletrt.

riesDataset . fr staset(training, df, min_prediction_idx=training_cutoff +

der(trainsTrue, batch_sizesbatch_size, num_workerssg)

(trainsFalse, batch_sizesbatch_size, num_workerss8)

Z 1} (Results )

Static reals = none, epoch=50, patience=10, Ir=1e-3

M5E: 32.2155

Static reals != none, epoch=50, patience=10, Ir="1e-
3

MAE: 3.2223

MSE: 12.6167

Static reals != none, epoch=50, patience=15, Ir="1e-
2

MAE: 2.9587
MSE: 9.1420

Afroz: (solar powe generation data)

Groud_ids= Season, Static reals != none, epoch=50,
patience=15, Ir=1e-3

MAE: ©.6858
MS5E: ©.4698
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Jan Beitner(demand forecasting with the Temporal Fusion Transformer)
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