Machine Learning Models

Code Examples — Supervised, Unsupervised & Reinforcement Learning

Minimal, runnable Python code for every model in the companion notes document —
Scikit-learn, PyTorch/Keras, and Gym where relevant.

Prepared for Ashutosh — Code With Purpose
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1. Supervised — Regression: Code Examples

Linear Regression

i mport pandas as pd

from skl earn. nodel _sel ection inport train_test_split
from skl earn.linear_nodel inport LinearRegression
fromsklearn.netrics inport nean_squared_error, r2_score

df = pd.read_csv("house_prices.csv")

X = df.drop(col ums=["price"])
X = pd. get _dunmi es(X, drop_first=True) # one-hot encode categoricals
y = df["price"]

X train, X test, y_ train, y_ test = train_test_split(X, vy, test_size=0.2, random state=42)

nodel = Li near Regression()
nodel . fit(X_train, y_train)
preds = nodel . predict(X_ test)

print("RVBE: ", nean_squared_error(y_test, preds, squared=Fal se))
print("R2:", r2_score(y_test, preds))
print("Coefficients:", dict(zip(X colums, nodel.coef_)))

Polynomial Regression

i nport nunpy as np

from skl earn. preprocessing inport Polynom al Feat ures
from skl earn.linear_nodel inport LinearRegression
import matplotlib.pyplot as plt

X
y

= np.array([[1],[2],[3].[4].[5].[6].[7].[8].[9].[10]])

= np. array([ 45000, 50000, 60000, 80000, 110000, 150000, 200000, 300000, 500000, 1000000] )
poly = Pol ynoni al Feat ur es(degr ee=4)

X_poly = poly.fit_transforn(X)

nodel = Li near Regression()
nodel . fit(X_poly, vy)

X grid
y_pred

= np.arange(1, 10.1, 0.1).reshape(-1, 1)

= nodel . predict(poly.transform X grid))
plt.scatter(X, vy, color="red")

plt.plot(X_ grid, y_pred, color="blue")

plt.title("Polynon al Regression: Position Level vs Salary")
plt. x|l abel ("Position Level"); plt.ylabel ("Salary")
plt.show()

print("Prediction for level 6.5:", nodel.predict(poly.transforn([[6.5]]))[0])

Ridge & Lasso Regression

from skl earn. linear_nodel inport Ridge, Lasso
from skl earn. nodel _sel ection inport cross_val _score
i nport nunpy as np

# X, y assuned already | oaded and preprocessed (scal ed nuneric features)
ridge = Ridge(al pha=1.0)
| asso = Lasso(al pha=0. 1)
ri dge_scores
| asso_scores

= cross_val _score(ridge, X, y, cv=5, scoring="neg_root_nean_squared_error")
= cross_val _score(lasso, X, y, cv=5, scoring="neg_root_nean_squared_error")
print("Ridge RVBE:", -np.nean(ridge_scores))
print("Lasso RVBE:", -np.nean(lasso_scores))



lasso.fit(X vy)
zero_coef _features = [f for f, c in zip(X colums, lasso.coef_) if ¢ == 0]
print("Features Lasso dropped (coef = 0):", zero_coef_features)

Decision Tree Regressor

fromsklearn.tree inport DecisionTreeRegressor, plot_tree
from skl earn. nodel _sel ection inport train_test_split
fromsklearn.netrics inport nean_squared_error

inmport matplotlib.pyplot as plt

# df: bi ke sharing dataset with features (season, hour, weather, holiday) and target 'count’
X = df.drop(col ums=["count"])

y = df ["count"]

X train, X test, y_ train, y test = train_test_split(X vy, test_size=0.2, random state=42)

tree = Deci sionTreeRegressor (max_dept h=6, mi n_sanpl es_| eaf =10, random st at e=42)
tree.fit(X_train, y_train)
preds = tree.predict(X_ test)

print("RVMBE: ", nean_squared_error(y_test, preds, squared=Fal se))
plt.figure(figsize=(16, 8))

plot _tree(tree, feature_nanmes=X colums, filled=True, nax_depth=3)
plt.show()



2. Supervised — Classification: Code Examples

Logistic Regression

from skl earn.linear_nodel inport LogisticRegression

from skl earn. preprocessing inport StandardScal er

from skl earn. nodel _sel ection inport train_test_split

fromsklearn.netrics inport confusion_natrix, classification_report, roc_auc_score

X train, X test, y_ train, y test = train_test_split(X, vy, test_size=0.2, stratify=y, random state=42)
scal er = StandardScal er ()
X train_scaled = scaler.fit_transforn(X_train)

X test_scaled = scaler.transform X test)

nodel = Logi sticRegression(nmax_iter=1000)
nodel . fit(X_train_scaled, y_train)

preds nodel . predi ct (X_test_scal ed)
probs = nodel . predict_proba(X test_scaled)[:, 1]

print(confusion_matrix(y_test, preds))
print(classification_report(y_test, preds))
print("ROC-AUC. ", roc_auc_score(y_test, probs))

# Interpret coefficients as odds ratios
i mport nunpy as np

odds_rati os = np.exp(nodel.coef_[0])
print(dict(zip(X colums, odds_ratios)))

Decision Tree Classifier

fromsklearn.tree inport DecisionTreed assifier, plot_tree

from skl earn. nodel _sel ection inport train_test_split

import matplotlib.pyplot as plt

X train, X test, y_ train, y_ test = train_test_split(X, vy, test_size=0.2, random state=42)

clf = DecisionTreeCd assifier(max_depth=4, criterion="gini", random state=42)
clf.fit(Xtrain, y_train)

print("Test Accuracy:", clf.score(X test, y test))

i mportances = dict(zip(X colums, clf.feature_inportances_))
print("Feature inportances:", sorted(inportances.itens(), key=lanbda x: -x[1]))

plt.figure(figsize=(14, 7))

plot_tree(clf, feature_nanes=X columms, class_nanes=["Rejected", "Approved"], filled=True)
plt.show()

Random Forest

from skl earn. ensenbl e i nport Randonforestd assifier
from skl earn. nodel _sel ection inport GidSearchCV, train_test_split
fromsklearn.netrics inport average_precision_score

X train, X test, y_ train, y test = train_test_split(X, vy, test_size=0.2, stratify=y, random state=42)

paramgrid = {"n_estimators": [100, 200], "max_depth": [8, 12, None]}
rf = RandonforestCl assifier(class_wei ght="bal anced", random state=42)

grid = GridSearchCv(rf, paramgrid, cv=3, scoring="average_precision")
grid.fit(X train, y_train)

best _nodel = grid. best_estinator_
probs = best_nodel . predi ct_proba(X_ test)[:, 1]



print("Best parans:", grid.best_parans_)
print("PR-AUC. ", average_precision_score(y_test, probs))

Support Vector Machine (SVM)

from skl earn. datasets inport load_digits

from skl earn. nodel _sel ection inport train_test_split, GidSearchCv
from skl earn. svm i nport SVC

from skl earn. preprocessing i nport StandardScal er

digits = load_digits()
X, y = digits.data, digits.target
X train, X test, y_ train, y test = train_test_split(X vy, test_size=0.2, random state=42)

scal er = StandardScal er ()
X train_s = scaler.fit_transform(X_train)
X test_s = scaler.transforn( X test)

paramgrid = {"C': [0.1, 1, 10], "gamm": ["scale", 0.01, 0.001]}
grid = GidSearchCV(SVC(kernel ="rbf"), paramgrid, cv=3)
grid.fit(Xtrain_s, y_train)

print("Best parans:", grid.best_parans_)
print("Test accuracy:", grid.score(X test_s, y_test))

K-Nearest Neighbors (KNN)

import nunpy as np
from skl earn. nei ghbors inport NearestNei ghbors
from skl earn. preprocessing i nport StandardScal er

# user_itemmatrix: rows = users, colums = novies, values = ratings (0 if unrated)
scal er = StandardScal er ()
scaled_natrix = scaler.fit_transforn(user_item matrix)

knn = Near est Nei ghbor s(n_nei ghbors=6, netric="euclidean")
knn.fit(scal ed_natrix)

target _user_idx =0
di stances, indices = knn. knei ghbors([scal ed_nmatrix[target_user_idx]])
simlar_users = indices[0][1:] # exclude the user thenself

# Recommend novies highly rated by sinmilar users but not yet seen by target user
unseen = np.where(user_itemnatrix[target_user_idx] == 0)[0]

reconmend_scores = user_itemmatrix[simlar_users][:, unseen].nean(axi s=0)
top_novi e_i ndi ces = unseen[ np. argsort(-reconmend_scores)[:5]]

print ("Reconmended novi e indices:", top_novie_indices)

Naive Bayes

from skl earn. feature_extraction.text inport TfidfVectorizer
from skl earn. nodel _sel ection inport train_test_split

from skl earn. nai ve_bayes i nport Miltinom al NB
fromsklearn.netrics inport accuracy_score, confusion_nmatrix

# df: colums 'nessage' (text) and 'label' (spanm ham
X train, X test, y train, y test = train_test_split(
df ["message"], df["label"], test_size=0.2, random state=42)

vectorizer = Tfidf Vectorizer(stop_words="english", max_features=3000)
X train_vec = vectorizer.fit_transform(X_train)
X _test_vec = vectorizer.transforn( X test)

nmodel = Multinomni al NB()
nodel . fit(X_train_vec, y_train)
preds = nodel . predi ct (X _test_vec)

print("Accuracy:", accuracy_score(y_test, preds))



print(confusion_matrix(y_test, preds))

new_nsg = ["Congratul ati ons! You've won a free prize, click here now "]
print("Prediction:", nodel.predict(vectorizer.transforn{new_nsg)))

Gradient Boosting (XGBoost)

i mport xgboost as xgb
from skl earn. nodel _sel ection inport train_test_split
fromsklearn.netrics inmport roc_auc_score

X train, X test, y_ train, y test = train_test_split(X vy, test_size=0.2, stratify=y, random state=42)
nodel = xgb. XGBd assi fier(

n_esti mat ors=500, | earning_rate=0.05, max_depth=5,

eval _netric="auc", early_stopping_rounds=20, random state=42
)

nodel . fit(X train, y train, eval _set=[(X test, y test)], verbose=Fal se)

probs = nodel . predi ct _proba(X_test)[:, 1]
print("ROC-AUC. ", roc_auc_score(y_test, probs))

xgb. pl ot _i nportance(nodel, max_num features=10, inportance_type="gain")

Neural Network (Multi-Layer Perceptron)

inmport tensorflow as tf
fromtensorflow inport keras
from skl earn. nodel _sel ection inport train_test_split

# X, y: inmage data flattened/ normalized (e.g., Fashion-MNIST), y one-hot or sparse |abels
X train, X test, y_ train, y test = train_test_split(X vy, test_size=0.2, random state=42)

nodel = keras. Sequenti al ([
keras. | ayers. Dense(128, activation="relu", input_shape=(X_train.shape[l],)),
keras. | ayers. Dropout (0. 3),
keras. | ayers. Dense(64, activation="relu"),
keras. | ayers. Dense(10, activation="softnmax") # 10 cl asses

D

nodel . conpi | e(optim zer="adan!, | oss="sparse_categorical _crossentropy", netrics=["accuracy"])

early_stop = keras. call backs. Earl ySt oppi ng(pati ence=5, restore_best_wei ght s=True)
history = nodel . fit(X_ train, y_train, validation_split=0.2,
epochs=50, batch_size=64, callbacks=[early_stop])

test_l oss, test_acc = nodel.evaluate(X test, y_test)
print("Test accuracy:", test_acc)



3. Unsupervised Learning: Code Examples

K-Means Clustering

i mport pandas as pd

from skl earn.cluster inport Kweans

from skl earn. preprocessing inport StandardScal er
import matplotlib.pyplot as plt

df = pd.read_csv("nmall _custoners.csv")
X = df [["Annual _| ncome", "Spending_Score"]]
X_scal ed = StandardScal er().fit_transforn(X)

# El bow nmethod to choose K
wess = []
for k in range(1, 11):
km = KMeans(n_cl usters=k, n_init=10, random state=42)
km fit(X_ scal ed)
wess. append(kminertia_)
plt.plot(range(1l, 11), wess, marker="0")
plt.xlabel ("K"); plt.ylabel ("WCSS"); plt.title("E bow Method")
plt.show()

# Fit final nodel (say K=5 chosen fromthe el bow plot)
kmeans = KMeans(n_clusters=5, n_init=10, random state=42)
df ["cluster"] = kneans.fit_predict(X_ scal ed)

plt.scatter (X "Annual _I ncone"], X "Spending_Score"], c=df["cluster"], cmap="viridis")
plt.xl abel ("Annual Incone"); plt.ylabel ("Spending Score")
plt.show()

Hierarchical Clustering

i mport scipy.cluster.hierarchy as sch
from skl earn.cluster inport Aggloneratived ustering
from skl earn. preprocessing inport StandardScal er

# rfmdf: colums Recency, Frequency, Monetary per custoner
X_scal ed = StandardScal er().fit_transforn(rfmdf)

# Pl ot dendrogram
dendr ogram = sch. dendr ogran(sch. | i nkage(X_scal ed, nethod="ward"))

nodel = Aggl onerativeC ustering(n_clusters=4, |inkage="ward")
rfmdf[“cluster"] = nodel.fit_predict(X scal ed)

print(rfmdf.groupby("cluster")[["Recency", "Frequency", "Mnetary"]].nean())

DBSCAN

from skl earn.cluster inport DBSCAN

from skl earn. preprocessing inport StandardScal er
from skl earn. deconposi tion inport PCA

import matplotlib.pyplot as plt

X_scal ed = StandardScaler().fit_transfornm(traffic_features)

dbscan = DBSCAN(eps=0.5, mni n_sanpl es=5)
| abel s = dbscan.fit_predict (X scal ed)
n_anonal i es = (labels == -1).sun()

print(f"Detected {n_anomalies} anomal ous points out of {len(labels)}")

# Visualize in 2D via PCA

X_2d = PCA(n_conponents=2).fit_transform X_ scal ed)
plt.scatter(X 2d[:, 0], X 2d[:, 1], c=labels, cmap="tabhl0")
plt.title("DBSCAN Clusters (label -1 = anomaly)")



plt.show()

Principal Component Analysis (PCA)

from skl earn. deconposi tion inmport PCA

from skl earn. preprocessing i nport StandardScal er
from skl earn. datasets inport |oad_w ne

inmport matplotlib.pyplot as plt

data = | oad_wi ne()
X_scal ed = StandardScal er().fit_transforn{data.data)

pca = PCA(n_conponent s=2)
X_pca = pca.fit_transform X_scal ed)

print ("Explained variance ratio:", pca.explained_variance_ratio_)
print("Total variance captured:", sum(pca.explained_variance_ratio_))

plt.scatter(X pca[:, 0], X pcal[:, 1], c=data.target, cmap="viridis")
plt.xl abel ("PC1"); plt.ylabel ("PC2")

plt.title("Wne Dataset Projected to 2D via PCA")

plt.show()

Association Rule Learning (Apriori)

inmport pandas as pd
fromnl xtend. frequent _patterns inport apriori, association_rules
from nl xtend. preprocessing i nport Transacti onEncoder

# transactions: list of lists, e.g. [['bread ,'butter'], ['mlk', bread ,hb'eggs'], ...]
te = Transacti onEncoder ()

te_array = te.fit(transactions).transforn(transactions)

basket _df = pd. DataFrane(te_array, colums=te.colums_)

frequent _itensets = apriori(basket_df, m n_support=0.02, use_col nanes=True)
rul es = association_rules(frequent_itensets, nmetric="lift", mn_threshol d=1.2)

top_rules = rules.sort_values("lift", ascendi ng=Fal se). head(10)
print(top_rules[["antecedents", "consequents", "support", "confidence", "lift"]])

Autoencoders

inmport tensorflow as tf
fromtensorflow inport keras
import nunpy as np

# X train_clean, X train_noisy: normalized MNI ST i mages (28x28), noisy versions have Gaussi an noi se added
input_dim= 784 # 28*28 flattened

input _ing = keras. | nput(shape=(input_dim))

encoded = keras.|ayers. Dense(128, activation="relu")(input_ing)

encoded = keras.|ayers. Dense(32, activation="relu")(encoded) # bottl eneck
decoded = keras.|ayers. Dense(128, activation="relu")(encoded)

decoded = keras.|ayers. Dense(input_dim activation="signoid") (decoded)

aut oencoder = keras. Mbdel (i nput_i ng, decoded)
aut oencoder . conpi | e(opti m zer="adan’, |oss="nse")

aut oencoder . fit(X_ train_noisy, X train_clean,
epochs=20, batch_size=256, shuffle=True,
val i dation_split=0.1)

denoi sed = autoencoder. predict(X_train_noisy[:5])
# Pl ot denoised vs noisy vs clean images with matplotlib to conpare



4. Reinforcement Learning: Code Examples

Q-Learning

i nport nunpy as np
i nport gym

env = gym neke("FrozenLake-v1", is_slippery=Fal se)
n_states = env.observation_space.n
n_actions = env.action_space.n

Q = np.zeros((n_states, n_actions))
al pha, gamm, epsilon = 0.8, 0.95, 1.0
epi sodes = 2000

for ep in range(episodes)
state, _ = env.reset()
done = Fal se
whi I e not done
if np.randomrand() < epsilon
action = env.action_space. sanpl e()
el se
action = np.argmax(Q state])

next_state, reward, done, truncated, _ = env.step(action)
Q state, action] += alpha * (reward + ganmma * np.max(Q next_state]) - Q state, action])
state = next_state

epsilon = max(0.01, epsilon * 0.995)

print("Learned Qtable:\n", Q

SARSA

i nport nunpy as np
i nport gym

env = gym neke("d i ffWal ki ng-v0")
n_states = env.observati on_space.n
n_actions = env.action_space.n

Q = np.zeros((n_states, n_actions))
al pha, gamm, epsilon = 0.5, 0.99, 0.1
epi sodes = 500

def choose_action(state)
if np.randomrand() < epsilon
return env.action_space. sanpl e()
return np.argmax( state])

for ep in range(episodes)

state, _ = env.reset()

action = choose_action(state)

done = Fal se

whi I e not done
next_state, reward, done, truncated, _ = env.step(action)
next _action = choose_action(next_state)
Q state, action] += alpha * (reward + ganmma * Q next_state, next_action] - Qstate, action])
state, action = next_state, next_action

print("Learned Qtable shape:", Q shape)

Deep Q-Network (DQN)

inport torch, torch.nn as nn, torch.optimas optim
inport random nunpy as np

fromcollections inport deque

i nport gym




env = gym nmake(" Cart Pol e-v1")
state_di m = env. observati on_space. shape[ 0]
n_actions = env.action_space.n

class QNet (nn. Mbdul e):
def __init_ (self):
super().__init_ ()
sel f.net = nn. Sequenti al (
nn. Linear(state_dim 64), nn.ReLU(),
nn. Li near (64, 64), nn.ReLU(),
nn. Li near (64, n_actions))
def forward(self, x):
return sel f.net(x)

g_net = QNet()

target _net = QN\et()

target _net.load_state_dict(g_net.state_dict())
optim zer = optimAdan{g_net.paraneters(), |lr=1le-3)
repl ay_buf fer = deque(naxl en=10000)

ganma, epsilon, batch_size = 0.99, 1.0, 64

def select_action(state):
if random randon() < epsilon:
return env. acti on_space. sanpl e()
with torch.no_grad():
return g_net (torch. Fl oat Tensor(state)).argmax().item)

for episode in range(300):

state, _ = env.reset()

done = Fal se

whi I e not done:
action = select_action(state)
next _state, reward, done, truncated, _ = env.step(action)
repl ay_buffer.append((state, action, reward, next_state, done))
state = next_state

if len(replay_buffer) >= batch_size:
batch = random sanpl e(repl ay_buffer, batch_size)

s, a, r, s2, d = zip(*batch)
s, s2 = torch. Fl oat Tensor(s), torch. Fl oat Tensor (s2)
a, r, d = torch.LongTensor(a), torch.FloatTensor(r), torch.Fl oat Tensor (d)

gq_vals = g_net(s).gather(1, a.unsqueeze(l)).squeeze()
next _q = target_net(s2).max(1)[0]
target = r + gamma * next_q * (1 - d)

loss = nn.functional.nse_|l oss(qg_vals, target.detach())
optimizer.zero_grad(); |oss.backward(); optinizer.step()

epsilon = max(0.05, epsilon * 0.98)

if episode %10 == 0:
target _net.load_state_dict(g_net.state_dict())

Policy Gradient (REINFORCE)

inmport torch, torch.nn as nn, torch.optimas optim
import gym

env = gym nmake(" Cart Pol e-v1")
state_di m = env. observati on_space. shape[ 0]
n_actions = env.action_space.n

class PolicyNet (nn. Mdul e):
def __init_ (self):
super().__init_ ()
sel f.net = nn. Sequenti al (
nn. Linear(state_dim 64), nn.ReLWU(),
nn. Li near (64, n_actions), nn.Softmax(di m=-1))
def forward(self, x):
return sel f.net(x)



policy = PolicyNet()
optim zer = optimAdan(policy.paraneters(), lr=le-2)
gamma = 0.99

for episode in range(500):

state, _ = env.reset()

| og_probs, rewards =[], []

done = Fal se

whi l e not done:
probs = policy(torch. Fl oat Tensor(state))
dist = torch.distributions. Categorical (probs)
action = dist.sanple()
| og_probs. append(di st. | og_prob(action))

state, reward, done, truncated, _ = env.step(action.iten())
rewar ds. append(r ewar d)

# Conput e di scounted returns
returns, G=1], O
for r in reversed(rewards):
G=r + gama * G
returns.insert(0, Q
returns = torch. Fl oat Tensor (returns)
returns = (returns - returns.nean()) / (returns.std() + 1le-8)

loss = -torch.stack([Ip * Gfor Ip, Gin zip(log_probs, returns)]).sum)
optimizer.zero_grad(); |oss.backward(); optinizer.step()

Actor-Critic

inmport torch, torch.nn as nn, torch.optimas optim
import gym

env = gym make(" Pendul umv1")
state_di m = env. observati on_space. shape[ 0]
action_di m= env. action_space. shape[ 0]

class Actor(nn. Mbdul e):
def __init_ (self):
super().__init_ ()
sel f.net = nn.Sequential (nn.Linear(state_dim 64), nn.ReLU(), nn.Linear(64, action_dim, nn.Tanh())
def forward(self, x):
return self.net(x) * 2.0 # scale to Pendulunis action range [-2, 2]

class Critic(nn. Mdule):
def __init_ (self):
super().__init_ ()
sel f.net = nn.Sequential (nn.Linear(state_dim 64), nn.ReLU(), nn.Linear(64, 1))
def forward(self, x):
return sel f.net(x)

actor, critic = Actor(), Critic()

actor_opt = optim Adan{actor. paraneters(), |r=le-4)
critic_opt = optim Adan(critic.paranmeters(), Ir=1le-3)
gamma = 0. 99

for episode in range(300):
state, _ = env.reset()
done = Fal se
whi I e not done:
state_t = torch. Fl oat Tensor (state)
action = actor(state_t) + torch.randn(action_dim * 0.1 # exploration noise
next _state, reward, done, truncated, _ = env.step(action.detach().nunpy())

value = critic(state_t)
next _value = critic(torch. Fl oat Tensor (next _state))
advantage = reward + ganma * next_value.item() * (1 - done) - value.iten()

critic_loss = advantage ** 2
actor_|l oss = -advantage * action.sum() # sinplified continuous-action objective



critic_opt.zero_grad(); torch.tensor(critic_loss, requires_grad=True).backward(); critic_opt.step()
actor_opt.zero_grad(); actor_| oss.backward(); actor_opt.step()

state = next_state



5. Setup Notes & Required Libraries

scikit-learn pip install
pandas / numpy pip install
matplotlib pip install
xgboost pip install
mixtend pip install
scipy pip install
tensorflow pip install
torch pip install

nstall

gym / gymnasium pip

How to Use This Guide

scikit-learn
pandas nunpy
matplotlib
xgboost

m xt end

sci py
tensorfl ow
torch

gymasi um

Regression, classification, clustering, PCA
Data loading and manipulation

Plotting charts, trees, dendrograms
Gradient Boosting model

Apriori / Association Rule Learning
Hierarchical clustering dendrograms
Neural Networks, Autoencoders (Keras)
DQN, Policy Gradient, Actor-Critic

Reinforcement learning environments

These snippets are intentionally minimal and assume you plug in your own dataset (X, y, or df) where noted in
comments. Run each one end-to-end on a small public dataset first (as suggested in the companion notes PDF)
before adapting it to your own project — that's the fastest way to actually internalize how each model behaves.



