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## S_LAZET T RMEEALE, SRAA T T REEARLE.
min_loss = inf
For i in (1 to F):
For j in (1 to C):
S_L = empty
S_R = empty
For k in (1 to 8):
if (x_ik < C_j):
S L <k
else:
SR <k
## THEB
g_L = calculate_gradient(S_L)
g_R = calculate_gradient(S_R)
## T HA R R 2L
loss_L = calculate_loss(S_L, g_L)
loss_R = calculate_loss(S_R, g_R)
loss = loss_L + loss_R
if (loss < min_loss):
best_split = i, j
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