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Configuration Manual

Yash Bhargava
Student ID: x22220861

1 Introduction

For the successful completion of this study i.e., Improving Node Classification in Term-
Document matrices using Advanced Graph Neural Networks (24). The author has used
various system configurations, hardware and software requirements for the successful
completion of this study.

The structure of this configuration manual is divided into many sections: such as in the section
2 all the system configuration requirements have been discussed. In the next section 3, how the
project has been developed using user defined functions and classes for the layers and more.
In the section 0, the report has discussed about the various preprocessing steps used for building
the proposed models, in the section 0 the proposed baseline architectures in this study were
discussed and lastly the references.

2 System Configuration
The following system configuration was used for the successful development of this project.

2.1 Hardware Requirements

Device HP Laptop 15s-du3047TX

Operating System Windows 11 x64-bit

RAM 8.00 GB

CPU Intel® Core (TM) i5-1135G7 @ 2.40GHz

GPU Intel® Iris Xe Graphics, NVIDIA GeForce
MX350

2.2 Software Requirements

Software Used Visual Studio Code

Language Used Python

Others MS Word, overleaf




3 Project Development

In this section, all the required python libraries and loading the data and getting into the right format of that
data was showed

3.1 Importing the required Python libraries

ort confusion_matrix

classification_report

set_option(”
et option(

3.2 Fetching the dataset using link and loading the dataset into notebook

zip file = keras.utils.get file(
fname="
origin= ings-dat pub
extract= o

)

data _dir = os.path.join(os.path.dirname(zip file),

citations = pd.read csv(
os.path.join(data_dir,
sep="\t",
header=
names=| "ta

)

print("Citatio

Citations shape: (5429, 2)




3.3 Exploratory Data A

citations.sample(frac=1).head()

source

217115

34266

289885

58 35 15670
2052 15987 523394

column_names = [“"paper_id"] + [f"term_{idx}" for idx in range(1433)] + [“"subject™]
papers = pd.read_csv(

os.path.join(data_dir, "cora.content"),

names:column_names,

)

print(“Papers shape:”, papers.shape)

Papers shape: (2708, 1435)

print(papers.sample(5).T)

1850 1488 2549 2308
paper_id 32276 593329 263553 1138027
term © 2} (] (5} 2]
term 1
term 2
term 3
term 1429
term 1430
term 1431
term 1432
subject Theory Genetic_Algorithms Neural Networks Case_Based

[1435 rows x 5 columns]

print(papers.subject.value_counts())

subject

Meural_Networks
Probabilistic Methods
Genetic Algorithms

Theory

Case_Based

Reinforcement Learning
Rule_Learning

Name: count, dtype: inte4

class values = sorted(papers[”subject™].unique())
class_idx = {name: id for id, name in enumerate(class_values)}
paper_idx = {name: idx for idx, name in enumerate(sorted(papers["paper_id"].unique()))}

papers[“paper id"] = papers[“paper id"].apply( name: paper idx[name])
citations["source”] = citations["source”].apply( name: paper_idx[name])
citations["target"] = citations["target”].apply( name: paper_idx[name])
papers[“subject”] = papers["subject"].apply( value: class_idx[value])




3.4 Construction of the graphs

plt.figure(figsize=(10, 18))
colors = papers| "].tolist()

cora_graph = nx.from_pandas_edgelist(citations.sample(n=1500))
subjects = list(papers|[papers|“paper id"].isin(list(cora_graph.nodes))]["sL
nx.draw_spring(cora graph, node size=15, node color=subjects)

3.5 Train-test split and defining hyperparameters

train_data, test data = [], []

for , group data in papers.groupby(": CAge)t
random selection = np.random.rand(len(group data.index)) <= 0.5
train_data.append(group_data[random selection])

test data.append(group data[~random selection])

train_data = pd.concat(train_data).sample(frac=1)
test _data = pd.concat(test data).sample(frac=1)

print("Train data sha ", train_data.shape)
print("Test da , test data.shape)

Train data shape: (1365, 1435)
Test data shape:



hidden units = [32, 32]
learning_rate = @.01
dropout_rate = 0.5

num_epochs = 300
batch size = 256

3.6 User defined function for training the models

run_experiment (model, x_train, y train):

model . compile(
optimizer=keras.optimizers.Adam(learning_rate),
loss=keras.losses.SparseCategoricalCrossentropy(from logits=
metrics=[keras.metrics.SparseCategoricalAccuracy(name= s

)

early stopping = keras.callbacks.EarlyStopping(

monitor="val_a » patience=58, restore_best weights=

)

history = model.fit(
x=x_train,
y=y_train,
epochs=num_epochs,
batch size=batch size,
validation_split=e.15,
callbacks=[early stopping],
)

return history

3.7 User-defined function for plotting curves

display learning_curves(history):
» (ax1, ax2) = plt.subplots(1, 2, figsize=(15, 5))

1.plot(history.history[
1.plot(history.history[
1.legend(["tr

1.set xlabel ("Epoc
1.set_ylabel(”

",

.plot(history.history[
.plot(history.history[
.legend(["tr
.set_xlabel("Epochs
.set_ylabel(

.show()

",




4 Data Preprocessing

4.1 Defining the function for creating feed forward network

create ffn(hidden units, dropout rate, name=
fnn_layers = []

for units in hidden units:
fnn_layers.append(layers.BatchNormalization())

tnn_layers.append(layers.Dropout(dropout rate))
fnn_layers.append(layers.Dense(units, activation=tf.nn.gelu))

return keras.Sequential(fnn_layers, name=name)

4.2 Train-test split

feature names = list(set(papers.columns) - {"paper id",
num features = len(feature names)
num classes = len(class_idx)

x_train = train data[feature names].to numpy()
x_test = test data[feature names].to numpy()

y_train = train data["su
y_test = test data["subj

4.3 Fetching the shape of nodes and edges

edges = citations[[" ce”, "ta "1].to_numpy().T
edge weights = tf.ones(shape=edges.shape[1])
node_features = tf.cast(

papers.sort_values("pap 1")[feature_names].to_numpy(), dtype=tf.dtypes.float32

)

graph_info = (node_features, edges, edge weights)

print( , edges.shape)
print( » node_features.shape)

Edges shape: (2, 5429)
Nodes shape: (2708, 1433)




4.4 Definition of Graph Convolutional layers

In this section, we have used the code for defining the graph convolutional layers to build the proposed GNN
architectures.

create_gru(hidden_units, dropout rate):
inputs = keras.layers.Input(shape=(2, hidden_units[©]))
X = inputs
units in hidden_units:
x = layers.GRU(
units=units,
activation="tanh",
recurrent_activation=
return_sequences= 5
dropout=dropout_rate,
return_state= -
recurrent dropout=dropout rate,
) (x)

return keras.Model(inputs=inputs, outputs=x)

_init  (

self,

hidden units,
dropout rate=e
aggregation_ty
combination_type=
normalize= y
*args,

**lwargs,

r().__init (*args, **kwargs)

self.aggregation_type = aggregation_type
self.combination_type ombination_type
self.normalize = normalize

self.ffn_prepare = create_ffn(hidden_units, dropout_rate)
it self.combination_type == "gru”:

self.update fn = create gru(hidden units, dropout rate)
el

self.update_fn = create_ffn(hidden_units, dropout_rate)

prepare(self, node repesentations, weights= 1

messages = self.ffn_prepare(node_repesentations)
if weights A

messages = messages * tf.expand_dims(weights, -1)
return messages




aggregate(self, node indices, neighbour messages, node repesentations):

num_nodes = node repesentations.shape[@]
if self.aggregation type == "sum":
aggregated message = tf.math.unsorted segment sum(
neighbour messages, node indices, num_segments=num nodes

elif self.aggregation type == "mean”:
aggregated message = tf.math.unsorted segment mean(
neighbour messages, node indices, num segments=num nodes
)
elif self.aggregation type == "max”:
aggregated message = tf.math.unsorted segment max(
neighbour messages, node indices, num_segments=num_nodes
)
else:

raise ValueError(f"Invalid aggregation type: {self.aggregation_type}.")
return aggregated message
update(self, node repesentations, aggregated messages):

if self.combination type == "gru”:

h = tf.stack([node_repesentations, aggregated messages|, axis=1)
elif self.combination type == "concat”:

h = tf.concat([node repesentations, aggregated messages], axis=1)
elif self.combination type == "add":

h = node repesentations + aggregated messages
else

raise ValueError(f"Invalid combination type: {self.combination_type}.")

node_embeddings = self.update fn(h)
if self.combination t

node_embeddings

if self.normalize:
node_embeddings = tf.nn.l12 _normalize(node_embeddings, axis=-1)
return node_embeddings

call(self, inputs):

node_repesentations, edges, edge weights = inputs
node_indices, neighbour indices = edges[@], edges[1]

neighbour repesentations = tf.gather(node repesentations, neighbour_ indices)

neighbour_messages = self.prepare(neighbour_repesentations, edge_weights)

aggregated messages = self.aggregate(
node_indices, neighbour_messages, node_repesentations

)

return self.update(node repesentations, aggregated messages)




4.5 Definition the class of Graph Attention Layers

In this section, we have used the code for defining the graph attention layers to build the proposed GAT
architectures (24).

_inmdt_ (
self,

units,

kernel initializ uniform”,
kernel regularize

**kwargs,

(). init (**kwargs)
1f.units = units
self.kernel_initializer = keras.initializers.get(kernel_initializer)
self.kernel regularizer = keras.regularizers.get(kernel regularizer)

build(self, input_shape):

self.kernel = self.add weight(
shape=(input_shape[@][-1], self.units),
trainable= y
initializer=self.kernel initializer,
regularizer=self.kernel regularizer,
name= el”,

)

self.kernel attention = self.add weight(
shape=(self.units * 2, 1),
trainabl
initializer=se
regularize
name=

)
self.built =

call(self, inputs):
node states, edges = inputs




node states transformed = tf.matmul(node states, self.kernel)

node_states_expanded = tf.gather(node_states_transformed, edges)
node states expanded = tf.reshape(
node states expanded, (tf.shape(edges)[@], -1)
)
attention_scores = tf.nn.leaky relu(
tf.matmul(node states expanded, self.kernel attention)

)

attention_scores = tf.squeeze(attention_scores, -1)

attention scores = tf.math.exp(tf.clip by value(attention scores, -2, 2))
attention_scores_sum = tf.math.unsorted_segment_sum(
data=attention_scores,
segment ids=edges[:, @],
num_segments=tf.reduce max(edges[:, @]) + 1,
)
attention_scores_sum = tf.repeat(
attention scores sum, tf.math.bincount(tf.cast(edges[:, @], "int32"))

)

attention_scores_norm = attention_scores / attention_scores_sum

node_states_neighbors = tf.gather(node_states_transformed, edges[:, 1])
out = tf.math.unsorted_segment_sum(
data=node states neighbors * attention scores norm[:, tf.newaxis],
segment_ids=edges[:, @],
num_segments=tf.shape(node_states)[@],
)

return out

MultiHeadGraphAttention(layers.Layer):
__init (self, units, num heads=8, merge type="concat”, **kwargs):
super()._ init_ (**kwargs)
self.num_heads = num_heads
self.merge type = merge type
self.attention_layers = [GraphAttention(units) for _ in range(num_heads)]

call(self, inputs):
atom_features, pair_indices = inputs

outputs = [
attention layer([atom features, pair indices])
for attention layer in self.attention layers

]

if self.merge type == "concat":
outputs = tf.concat(outputs, axis=-1)
else:

outputs = tf.reduce mean(tf.stack(outputs, axis=-1), axis=-1)
return tf.nn.relu(outputs)

get_config(self):

config = super(GraphAttentionNetwork, self).get config()
config.update({"units": self.units})

return config

5 Model Architectures




5.1 Baseline Architecture

GNNNodeClassifier(tf.keras.Model):
_dnit  (
self,
graph_info,
num_classes,
hidden_units,
aggregation_type="sum",
combination type="concat”,
dropout_rate=0.2,
normalize= »
*args,
**kwargs,

super()._init (*args, **kwargs)

node_features, edges, edge weights = graph_info
self.node_features = node_ features

self.edges = edges

self.edge weights = edge weights

if self.edge weights 3
self.edge weights = tf.ones(shape=edges.shape[1])

self.edge weights = self.edge weights / tf.math.reduce_sum(self.edge weights)

e - r 1
self.preprocess = create ffn(hidden units, dropout rate, name="preprocess™)

self.convl = GraphConvLayer(
hidden units,
dropout_rate,
aggregation_type,
combination type,
normalize,
name="graph_conv1",

)

self.conv2 = GraphConvLayer(
hidden_units,
dropout_rate,
aggregation_type,
combination_type,
normalize,
name="graph_conv2",

)

self.postprocess = create ffn(hidden units, dropout rate, name="postprocess™)

self.compute logits = layers.Dense(units=num classes, name="logits™)

call(self, input node indices):

x = self.preprocess(self.node features)

x1 = self.convl((x, self.edges, self.edge weights))

X=x1+X

x2 = self.conv2((x, self.edges, self.edge weights))
X2 + X
self.postprocess(x)

node embeddings = tf.gather(x, input node indices)

return self.compute_logits(node_embeddings)

5.1.1 Summary of the Baseline Architecture




gnn_model = GHNN S
graph_info=graph_info,
num_classes=num_cla
hidden_unit
dropout
name

node_indices = tf.constant([1, 18, 188], dtype=tf.int32)
output nn_model (node_indices)

print ("GN tput sh » output.shape)

gnn_model . summary|()

GNN output shape: (3, 7)

Model: “gnn_model™

preprocess ( ) ( c )
graph_convl ( ) ?

graph_conv2 (

postprocess ( )

x test = test data.paper id.to numpy()
_, test accuracy = gnn_model.evaluate(x=x test, y=y test, verbose=0)
print(f"'T (round(test

Test accuracy: 69.17%

shape:"”, gnn model.node features.shape)
print("ori 1 gnn_model .edges.shape)
gnn_model.node_features = new_node_features
gnn_model.edges = new edges
gnn_model.edge weights = tf.ones(shape=new_edges.shape[1])
print(’ y featu a , gnn_model.node_features.shape)
print(’ dg » gnn_model.edges.shape)

logits = gnn_model.predict(tf.convert_to_tensor(new_node_indices))
probabilities = keras.activations.softmax(tf.convert to tensor(logits)).numpy()
ilities(probabilities)

original node_features shape: (2708, 1433)
original edges shape: (2, 5429)
New node_features shape: (2715, 1433)
New edges shape: (2, 5478)
1/1 2s 2s/step
Instance 1:
Case Based: 28.55%
Genetic_Algorithms: 48.27%
Neural Networks: ©.16%
Probabilistic Methods: 8.3%
Reinforcement Learning: 8.95%
Rule Learning: 0.45%
Theory: 5.33%
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5.2 Proposed GNN Node Classifier Architecture 1

_init (

self,

graph_info,

num classes,
hidden units,
aggregation_typ
combination type=
dropout rate=0.2,
normalize= 5
*args,

**lwargs,

~().__init_ (*args, **kwargs)

node_features, edges, edge weights = graph_info
self.node_features = node_features

self.edges = edges

self.edge_weights = edge weights

if self.edge weights B
self.edge weights = tf.ones(shape=edges.shape[1])

self.edge weights = self.edge weights / tf.math.reduce sum(self.edge weights)

self.preprocess = create ffn(hidden units, dropout rate, name="pre

self.convl
hidden units,
dropout rate,
aggregation_type,
combination_type,
normalize
ETIS

self.conv2 =
hidden_units,
dropout_rate,
aggregation type,
combination_type,
normalize
name

)

self.conv3
hidden_units,
dropout_rate,
aggregation type,
combination_type,
normalize

.convd =
hidden_units,
dropout_rate,
aggregation_type,
combination_type,

13



.convs = GraphConvLayer
hidden_units,
dropout_rate,
aggregation_type,
combination type,
normalize,
name="graph_conv5s",

convé = GraphConvLayer(
hidden_units,
dropout_rate,
aggregation_type,
combination type,
normalize,
name="graph_convé",

conv? = GraphConvLayer(
hidden_units,
dropout_rate,
aggregation_type,
combination_type,
normalize,
name="graph_conv7",

conv8 = GraphConvLayer(
hidden_units,
dropout_rate,
aggregation_type,
combination type,
normalize,
name="graph_convg",

call(self, input_node_indices):

x = self.preprocess(self.node features)

x1 = self.convi((x, self.edges, self.edge weights)
®x =%l + X

x2 = self.conv2((x, . .edge_weights)
X =%X2 +X

x3 = self.conv3((x, - .edge weights)
X =3x3 + X

x4 = self.conva((x, . .edge_weights)
X =x4 + X

x5 = self.convs((x, . .edge_weights)

X =X%X5+ X

x6 = self.conve((x, . .edge_weights)

X =X%Xb + X
x7 = self.conv7((x, . .edge_weights)
X = X7 + X
x8 = self.conv8((x, - .edge weights)

X8 + X




5.2.1 Summary of the Proposed GNN Architecture

proposed gnn model = ProposedGNNNodeClassifier(
graph_info=graph info,
num_classes=num_classes,
hidden units=[160,1060],
dropout_rate=8.5,
name="proposed_gnn_model”,

)

node_indices = tf.constant([1, 10, 108], dtype=tf.int32)
output = proposed gnn model(node indices)

print("GNN output shape:", output.shape)

proposed gnn_model.summary()

Model: “proposed_gnn_model”

Layer (type) Output Shape

Param #

preprocess ( )

graph_convl (

graph_conv2 (

graph_conv3 (

graph_conv4 (

graph_convs (

graph_convé (

graph_conv7 (

graph_convg (

postprocess (

logits (

Total params: (2.29 MB)

Trainable params: (2.25 MB)

Non-trainable params: (44.79 KB)




5.2.2 Evaluation of Proposed GNN Architecture 1 on test data

x_test = test data.paper id.to numpy()
_, test accuracy sed gnn model.evaluate(x=x_test, y=y test, verbose-0)
print(f" {round(test accuracy * 1@, 2)}%")

Test accuracy: 70.96%

print("Or al n features sh ', proposed_gnn_model.node features.shape)
print( g , proposed gnn_model.edges.shape)
proposed gnn model.node features = new node features
proposed gnn model.edges = new edges

.edge weights = tf.ones(shape=new_edges.shape[1])
print( I tu 1", proposed _gnn model.node features.shape)
print("N shape:™, proposed_gnn_model.edges.shape)

logits = proposed gnn_model.predict(tf.convert to_tensor(new node_indices))
probabilities = keras.activations.softmax(tf.convert to tensor(logits)).numpy()
di : i ilities(probabilities)

original node features shape: (2708, 1433)
original edges shape: (2, 5429)
New node features shape: (2715, 1433)
New edges shape: (2, 5478)
1/1 3s 3s/step
Instance 1:
Case Based: 0.61%
Genetic_Algorithms: 16.99%
Neural Networks: 2.71%
Probabilistic Methods: 1.59%
Reinforcement Learning: 2.08%
Rule_Learning: 1.15%
Theory: 74.88%
Instance 2:
Case Based: 0.03%
Genetic_Algorithms: 96.73%
Neural Networks: 2.16%
Probabilistic Methods: @.07%
Reinforcement Learning: 0.1%
Rule Learning: @.05%
Theory: 0.86%
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5.3 Proposed GNN Node Classifier Architecture 2 (Hyperparameter
Tuning)

build_gnn_model(hp, graph_info, num_classes)

hidden_units = [hp.Int(f "hidden_units_{i}', min_value=8, max_value=128, step=8) for i in range(2)]
dropout_rate = hp.Float( dropout_rate', min_value=0.0, max_value=8.5, step=0.1)

aggregation_type = hp.Choice("aggregation_type', values=['sum’, ‘mean’', 'max'])

combination_type = hp.Choice('combination_type', values=['concat’, "add'])

normalize = hp.Boolean('normalize")

model = ProposedGNNNodeClassifier(
graph_info=graph_info,
num_classes=num_classes,
hidden_units=hidden_units,
aggregation_type=aggregation_type,
combination_type=combination_type,
dropout_rate=dropout_rate,
normalize=normalize,

model . compile(
optimizer=tf.keras.optimizers.Adam(),
loss=tf.keras.losses.SparseCategoricalCrossentropy(from_logits=
metrics=["accuracy’]

return model

5.3.1 Random search using various different parameters and evaluated accuracy

tuner.search(
x=x_train,
y=y train,
epochs=160,
validation_data=(x_test, y_test)

Trial 15 Complete [©6h 16m 45s]
val accuracy: 6.7021593451499939

Best val accuracy 5o Far: ©.7118391394615173
Total elapsed time: @1h 42m 21s

5.3.2 Building the model using best hyperparameters

best hps = tuner.get best hyperparameters(num_trials=1)[e]
early stopping = keras.callbacks.EarlyStopping(
monitor="val accuracy"”, patience=56, restore best weights=

)

print(f"""
hyperparameter search is complete.
optimal number of hidden units is {[best hps.get(f hidden_units_{i}"') for i in range(2)]}.
optimal dropout rate is {best hps.get("dropout_rate®)}.
optimal aggregation type is {best_hps.get( 'aggregation_type’)}
optimal combination type is {best hps.get('combination_type')}.
optimal normalization setting is {best_hps.get( 'normalize")}.

model = tuner.hypermodel.build({best hps)
history = model.fit(
x=x_train,
y=y train,
epochs=3ee,
validation split = e.2,
validation_data=(x_test, y_test),
callbacks = [early stopping]

hyperparameter search is complete.

optimal number of hidden units is [88, 96].
optimal dropout rate is ©.4.

optimal aggregation type is sum.

optimal combination type is add.

optimal normalization setting is False.




5.4 Proposed GAT Node Classifier Architecture 1

GraphAttentionNetwork{keras.Model):
_init_ (
self,
node states,
edges,
hidden units,
num_heads,
num layers,
output dim,
**kwargs,

super().__init (**kwargs)
self.node states = node_states
self.edges = edges
self.preprocess = layers.Dense(hidden_units * num_heads, activation="relu")
self.attention layers = [
MultiHeadGraphAttention(hidden_units, num_heads) for _ in range(num_layers)

]

self.output_layer = layers.Dense(output dim)

call(self, inputs):

node states, edges = inputs

x = self.preprocess(node states)

for attention_layer in self.attention_layers:
x = attention_layer([x, edges]) + x

outputs = self.output layer(x)

return outputs

train_step(self, data):
indices, labels = data

with tf.GradientTape() as tape:
outputs = self([self.node states, self.edges])
loss = self.compiled loss(labels, tf.gather(outputs, indices))
grads = tape.gradient(loss, self.trainable weights)
izer.apply_gradients(zip(grads, self.trainable weights))
self.compiled metrics.update state(labels, tf.gather(outputs, indices))

return {m.name: m.result() for m in self.metrics}

predict step(self, data):
indices = data

outputs = self([self.node_states, self.edges])
return tf.nn.softmax(tf.gather(outputs, indices))

test_step(self, data):
indices, labels = data

outputs = self([self.node_states, self.edges])
loss = self.compiled_loss(labels, tf.gather(outputs, indices))
self.compiled metrics.update_state(labels, tf.gather(outputs, indices))

return {m.name: m.result() for m in self.metrics}




5.4.1 Defining the hyperparameters for proposing the model

HIDDEN_UNITS = 128

NUM_HEADS = 8

NUM_LAYERS = 16

OUTPUT_DIM = len(class_values)

NUM_EPOCHS = 10
BATCH_SIZE = 32
VALIDATION_SPLIT = ©.15
LEARNING_RATE = 9.01
MOMENTUM = @.9

loss_ftn = keras.losses.SparseCategoricalCrossentropy(from logits=
optimizer = keras.optimizers.SGD(LEARNING RATE, momentum=MOMENTUM)
accuracy_fn = keras.metrics.SparseCategoricalAccuracy(name="acc")
early stopping = keras.callbacks.EarlyStopping(

monitor="val acc”, min delta=1e-5, patience=5, restore best weights=

Proposed Graph Attention Network (GAT) 1

proposed_gat model = GraphAttentionNetwork(
node_states, edges, 64, NUM HEADS, 8, OUTPUT_DIM

5.4.2 Training the model for 50 epochs and evaluating the accuracy

proposed_gat_model.compile(loss=loss_fn, optimizer=optimizer, metrics=[accuracy_fn])

historyl = proposed_gat model.fit(
x=train indices,
y=train labels,
validation split=e.20,
batch size=128,
epochs=58,
callbacks=[early stopping],
verbose=2,

_, test accuracy = proposed gat model.evaluate(x=test indices, y=test labels, verbose=0)

Architecturl = proposed gat model.save("Architecturel.keras”
print("--" * 38 + f"\nTest Accuracy {test_accuracy*100 Yi")

1/50

61s - 7s/step - acc: o. .148@ - val _acc: ©.2952 - val loss: -2.9704e-02

2/58

55 - 543ms/step - acc: -4.4616e-82 - val_acc: 0.3469 - val loss: -6.2718e-02
3/50

5s - 567ms/step B 1 -5.3086e-02 - val acc: 0.4465 - val loss: -5.1314e-02
4/50

55 - 552ms/step B 1 -4.1785e-02 - val acc: val loss: -4.6229e-02
5/58

55 - 562ms/step B : -4.0861e-02 - val_acc: val loss: -5.1943e-02
6/50

55 - 548ms/step B : -4.5263e-02 - val acc: val loss: -5.1746e-02




Epoch 9/5@
9/9 - 5s - 547ms/step - : 0. loss: -5,7091e-02 - val_acc: 0. - val_loss: -6.7450e-92
Epoch 10/56
9/9 - 55 - 543ms/step - : 0. loss: -5.9260e-02 - val acc: @. val loss: -6.8366e-02
Epoch 11/5@
9/9 - 55 - 555ms/step : 0. loss: -6.3579e-82 - val acc: @. val loss: -7.6895e-82
Epoch 12/50
9/9 - 55 - 568ms/step : 0. loss: .8958e-082 - val acc: @. val loss: .18240-02
Epoch 13/50
9/9 - 65 - 629ms/step - : 0. loss: -6.5241e-02 - val acc: @. val_loss: -8.1194e-02
Epoch 14/58
9/9 - 55 - 578ms/step - : 8. loss: -7.1984e-82 - val_acc: @. - val_loss: -7.5191e-82
Epoch 15/50
9/9 - 55 - 564ms/step N loss: .8213e-082 - val acc: @. val loss: .1961e-02
Epoch 16/50
9/9 - 5s - 548ms/step - acc: 0. - loss: -7.5621e-82 - val_acc: @. - val_loss: -8.2476e-02
Epoch 17/5@
9/9 - 55 - 534ms/step - N loss: -7.3587e-02 - val_acc: e. - val less: -8.351@e-02
Epoch 18/50
9/9 - 55 - 537ms/step - acc: @. loss: -7.6461e-82 - val acc: @. val loss: -8.4784e-02
Epoch 19/50
9/9 - 5s - 540ms/step - acc: 0. loss: -7.6195e-82 - val _acc: @. - val_loss: -8.4729e-82
Epoch 20/50
9/9 - 5s - 531ms/step - : 0. loss: -7.9@91e-02 - val_acc: @. val loss: -8.7220e-02
Epoch 21/58
9/9 - 55 - 535ms/step : 0. loss: -7.6614e-82 - val acc: e. val loss: -9.2666e-02
Epoch 22/50
9/9 - 55 - 53@ms/step - acc: 0. loss: .6179¢-82 - val acc: @. val loss;: .B491¢-02
Epoch 23/56

Epoch 32/50
9/9 - 55 - 537ms/step - : 0.9584 - loss: -7.9119e-82 - val_acc: @. - val_loss: -9.@686e-82

Test Accuracy 73.8%

5.4.3 Getting the model summary

odel: "graph_attention_network_2"

Layer (type) Output Shape Param #

dense 4 ( ) ( )

multi_head_graph_attention 6 ?

( )

multi head graph attention 7

( )

multi_head graph_attention 8

( )

multi_head_graph_attention 9

( )

multi head graph attention 10

multi_head_graph_attention 11

( )

multi_head_graph_attention_ 12

( )

multi head graph attention 13

( )

dense 5 (

Total params: (21.69 MB)




5.4.4 Prediction of randomly generated instances

test probs = proposed gat model.predict(x=test indices)

mapping = {v: k for (k, v) in class idx.items

for 1, (probs, label) in enun te(zip(test probs|:10], test labels|:10])
print(f"In {i+1}: {mapping[label]}")
for j, ¢ in zip(probs, class idx.keys()):
print(f"\tp ility of { ;
print("---" * 20)

43/43 15s 231ms/step
Instance 1: Probabilistic Methods
Probability of Case Based
Probability of Genetic_Algorithms
Probability of Neural Networks
Probability of Probabilistic_Methods
Probability of Reinforcement_Learning
Probability of Rule_Learning
Probability Theory

Instance 2: Genetic_ Algorithms
Probability of Case Based
Probability of Genetic_Algorithms
Probability of Neural Networks
Probability of Probabilistic Methods
Probability of Reinforcement Learning
Probability of Rule_Learning
Probability of Theory

5.4.5 Confusion Matrix of GAT Node Classifier 1

Confusion Matrix for GAT Architecture 1

350
Case_Based - 94 7 20 1 3 6 16
300
Genetic_Algorithms - 3 24 1 (o] 1 4
250
Neural_Networks - 2 10 361 26 2 4 18
T -200
£
[1+] - .
— Probabilistic_Methods - 11 2 35 136 2 0 =
S
=
- 150
Reinforcement_Learning - = 11 28 3 52 0 10
- 100
Rule_Learning - 3 0 21 2 0 42 22
- 50
Theory - 5] 5 38 7 3 8 112
| | | | | ' | -0
=
3 E £ 3 g g &
o = =l = £ E 2
=, g = i © g =
i = = f| o 2
Y o g B g E
2 z = £
= = = 1]
8 3 2
& £
&

Predicted Label
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5.5 Proposed GAT Node Classifier Architecture 2

5.5.1 Defining the hyperparameters and training the model

loss_fn = keras.losses.SparseCategoricalCrossentropy(from logits=
optimizer = keras.optimizers.SGD(LEARNING RATE, momentum=MOMENTUM)
accuracy_fn = keras.metrics.SparseCategoricalAccuracy(name="acc™)
early stopping = keras.callbacks.EarlyStopping(

monitor , min delta=1e-5, patience=5, restore best weights=

proposed_gat model2 = GraphAttentionie k(
node states, edges, 10@, NUM H » 6, OUTPUT_DIM

proposed_gat_model2.compile(loss=loss_fn, optimizer=optimizer, metrics= racy_fn])
history2= proposed_gat model2.fit(

x=train_indices,

y=train_labels,

validation_split=0.20,

batch_size=128,

C [early stopping],
verbose=2,

_, test_accuracy = proposed gat model2.evaluate(x=test_indices, y=test labels, verbose=8)
Architectur2= proposed gat model2.save("Architectur2.keras
print("--" * 38 + f"\nT Accuracy {test_accuracy*1e

8.6863 - val_loss:
81 - val_acc: 196 - val 1
e-81 - val_acc: 8.719 - val 1
-81 - val acc: 8.7386 - val 1
val acc: 8.752 val los 5.0182¢e-0
0.8744 3e-01 val acc: @ val | 517e-8
- val 1 8.7565 - val 1

val_acc:

B. 76681
loss: € Vi “C: 0.7749 - vi B. o1
c: 9.9215 - loss: -6. & val acc: 8.7712 Vi 6. 7355e-01

6.6926e-01 val acc: 0.7860 - val loss: -6.8190e-01

Epach

Epoch

5.5.3 Getting the summary of the model
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proposed_gat |

Model: "graph_attention_network_3"

Layer (type) Output Shape

dense 6 ( ) (2708, 800)

multi_head graph attention 14 ?

multi head graph attention 15
( )

multi_head graph attention_16

( )

multi_head graph attention 17

( )

multi head graph attention 18

multi_head graph attention_19

( )

dense_7 (

Total params: (38.17 MB)

Trainable params: (19.08 MB)

5.5.4 Prediction of randomly generated instances

test probs2 = proposed gat model2.predict(x=test indices)
mapping = {v: k for (k, v) in class_idx.items()}

for i, (probs, label) in enumerate(zip(test probs|:10], test labels[:10])):
print(f"Instance {i+1}: {mapping[label]}")
for j, ¢ in zip(probs, class idx.keys()):
print(f"\tProbability of {c } = {j*100 1%")
print("---" * 20)

43/43 40s 191ms/step

Instance 1: Probabilistic Methods
Probability of Case Based 7.973%
Probability of Genetic Algorithms 4.577%
Probability of Neural Networks 55.207%
Probability of Probabilistic Methods 18.522%
Probability of Reinforcement Learning 4.390%
Probability of Rule Learning 1.621%
Probability of Theory

Instance 2: Genetic Algorithms
Probability of Case Based
Probability of Genetic Algorithms 98.151%
Probability of Neural Networks 0.003%
Probability of Probabilistic Methods 0.025%
Probability of Reinforcement Learning 0.331%
Probability of Rule Learning 0.673%
Probability of Theory




5.5.5 Confusion Matrix of GAT Node Classifier 2

Confusion Matrix for GAT Architecture 2

350
Case_Based - 101 7 17 2 2 5 13
300
Genetic_Algorithms - 2 20 2 2 1 3
250
Neural_Networks - 4 11 367 18 3 4 16
w 200
"
- Probabilistic_Methods - 14 0 39 129 1 1 7
2
E
-150
Reinforcement_Learning - 7 8 23 1 57 1 12
- 100
Rule Learning - 10 3 10 1 0 47 19
- 50
Theory - 11 6 32 1 8 113
l l l l I l | -0
-
T £ £ b g g 5
T s g = S E 2
= 5 5 g g g =
E c%:h = f' o :'
© o g B g E
g 3 5 £
c = ° o
8 < 5
& £
&
Predicted Label
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