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    Implement Cutting-Edge Models with PyTorch Geometric, DGL, and LLMs. This volume is a practitioner's guide to building, training,
    and shipping graph machine learning systems with PyTorch Geometric, DGL,
    and large language models. Every chapter is dense with runnable examples,
    covering node embeddings, GNNs, transformers, heterogeneous and temporal
    graphs, GraphRAG, molecular ML, recommenders, fraud detection, and
    production deployment.

    Chapter 1 · Why Graphs Are Eating Machine Learning


Relational data is the native language of the physical and digital world.
Social networks, molecules, road systems, financial transaction ledgers,
knowledge bases, source code, and recommender systems are all graphs. For
decades we flattened them into tables and hoped the structure would survive the
flattening. It rarely did. Graph machine learning is the discipline of learning
directly on the relational structure, and it is now the backbone of systems at
Google, Meta, Amazon, Pinterest, and virtually every drug-discovery lab on the
planet.


This book is a practitioner's guide. By the end you will be able to read a
paper from NeurIPS or ICLR, reproduce it in PyTorch Geometric or DGL, and ship
it behind an API. You will also learn the newest frontier: combining graph
neural networks with large language models so that text, structure, and
reasoning reinforce one another.


1.1 What makes a graph different

A graph G = (V, E) consists of a set of nodes V and
edges E. Unlike an image, where every pixel has a fixed neighbour,
a node's neighbourhood is arbitrary in size and order. This is the core
difficulty and the core power of graph learning.
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1.2 The three families of graph tasks


  	Node-level — classify or regress a property of each node
      (fraud detection, protein function).

  	Edge-level — predict whether an edge exists or what
      type it is (link prediction, recommendation).

  	Graph-level — predict a property of the whole graph
      (molecular toxicity, program classification).




1.3 A first taste: running the code in this book

Every chapter ships with runnable PyTorch Geometric (PyG) and DGL snippets.
Install the stack once:


# PyTorch + PyTorch Geometric (CPU wheels shown; see docs for CUDA)
pip install torch torchvision torchaudio
pip install torch_geometric
pip install pyg_lib torch_scatter torch_sparse \
    -f https://data.pyg.org/whl/torch-2.3.0+cpu.html

# DGL
pip install dgl -f https://data.dgl.ai/wheels/repo.html

# Extras used later in the book
pip install ogb rdkit-pypi transformers sentence-transformers faiss-cpu


Verify everything in thirty seconds:


import torch, torch_geometric, dgl
print("torch", torch.__version__)
print("pyg  ", torch_geometric.__version__)
print("dgl  ", dgl.__version__)


Reproducibility rule: seed everything (torch.manual_seed, numpy.random.seed, random.seed) and log the seed with every experiment. Graph learning is noisier than vision.

Chapter 2 · Graph Theory You Actually Need


You do not need a mathematician's command of graph theory, but five concepts
recur in every paper and every codebase. Master them once and the rest of the
field unlocks.


2.1 Degree, adjacency, and the matrix view

The adjacency matrix A ∈ {0,1}^(N×N) encodes connectivity:
A_ij = 1 iff an edge runs from i to j.
The degree matrix D = diag(sum_j A_ij) counts neighbours. The
normalised adjacency Â = D^(-1/2)(A+I)D^(-1/2) is the work
horse of nearly every GNN.


import numpy as np
A = np.array([[0,1,1,0],
              [1,0,1,1],
              [1,1,0,0],
              [0,1,0,0]])
I = np.eye(4)
D = np.diag(A.sum(1))
A_hat = np.linalg.inv(np.sqrt(D)) @ (A + I) @ np.linalg.inv(np.sqrt(D))
print(np.round(A_hat, 3))


2.2 Walks, paths, and why they matter

A walk is any sequence of adjacent nodes; a path is a walk with no repeated
node. Walks underpin message passing, random-walk embeddings, and graph
transformers. The number of walks of length k between
i and j is exactly (A^k)_ij.


k = 3
A_pow = np.linalg.matrix_power(A, k)
print("3-step walks between all pairs:")
print(A_pow)


2.3 Connectivity, components, and bridges

Many real graphs are disconnected or nearly so. Always inspect the number of
connected components and the size of the largest one before training.


import networkx as nx
G = nx.from_numpy_array(A)
print("components:", list(nx.connected_components(G)))
print("density:", nx.density(G))
print("diameter:", nx.diameter(G))


2.4 Homophily and heterophily

Homophily means connected nodes share labels (citation
networks). Heterophily means they differ (dating networks,
bipartite markets). Standard GCNs assume homophily and silently fail on
heterophilous graphs — a fact you must diagnose early.


def edge_homophily(edge_index, y):
    src, dst = edge_index
    return (y[src] == y[dst]).float().mean().item()

# rule of thumb: > 0.5 => homophilous, < 0.2 => heterophilous


2.5 The graph Laplacian

The combinatorial Laplacian L = D - A and its normalised form
L_sym = I - Â govern diffusion and smoothing. GNN depth is really
a diffusion process; understanding this prevents the classic
over-smoothing pitfall (Chapter 12).


L = D - A
L_sym = np.eye(4) - A_hat
eigvals = np.linalg.eigvalsh(L_sym)
print("Laplacian spectrum:", np.round(eigvals, 3))


Eigenvalues of L_sym lie in [0, 2]. The number of zero eigenvalues equals the number of connected components — a free diagnostic.

Chapter 3 · Representing Graphs in Code


Two questions decide your entire engineering experience: how do I store
the graph, and how do I batch graphs. PyG and DGL answer both,
differently.


3.1 Edge lists vs. adjacency matrices

Real graphs are sparse: |E| ≪ |V|². Edge lists
(edge_index in PyG, (src, dst) in DGL) are the storage
format of record because they scale linearly and map cleanly to GPU kernels.


import torch
# PyG: edge_index is a [2, E] LongTensor
edge_index = torch.tensor([[0,1,1,2,2,3],
                           [1,0,2,1,3,2]], dtype=torch.long)

# Node features: [N, F]
x = torch.randn(4, 16)

# DGL: same graph as a heterograph-ready object
import dgl
src = torch.tensor([0,1,1,2,2,3])
dst = torch.tensor([1,0,2,1,3,2])
g = dgl.graph((src, dst), num_nodes=4)
g.ndata["h"] = x
print(g)


3.2 Heterogeneous graphs

Real systems rarely have one node type. Model them explicitly.


# PyG heterogeneous graph
from torch_geometric.data import HeteroData
data = HeteroData()
data["user"].x  = torch.randn(100, 32)
data["movie"].x = torch.randn(50, 64)
data["user", "rates", "movie"].edge_index = torch.randint(0, 50, (2, 400))
data["user", "rates", "movie"].edge_attr  = torch.rand(400, 1)
print(data)

# DGL heterogeneous graph
hg = dgl.heterograph({{
    ("user", "rates", "movie"): (torch.randint(0,100,(400,)),
                                 torch.randint(0,50,(400,))),
}})
print(hg)


3.3 Batching many small graphs

Mini-batching graphs is not trivial: each graph has a different shape.
PyG concatenates graphs into one disconnected super-graph and tracks the
assignment with a batch vector.


from torch_geometric.data import Data, DataLoader
graphs = [Data(x=torch.randn(5,8),  edge_index=torch.randint(0,5,(2,10)))
          for _ in range(4)]
loader = DataLoader(graphs, batch_size=2)
batch = next(iter(loader))
print("nodes in super-graph:", batch.x.shape[0])
print("batch vector:", batch.batch)


3.4 Sparse tensors and memory

For billion-edge graphs, keep everything in sparse COO/CSR. Both frameworks
expose sparse ops that avoid materialising dense matrices.


from torch_geometric.utils import to_scipy_sparse_matrix, coalesce
edge_index, _ = coalesce(edge_index, None, num_nodes=4)
A_sp = to_scipy_sparse_matrix(edge_index)
print(A_sp.toarray())


Never call .to_dense() on a production graph. It is the single most common cause of OOM in graph pipelines.

Chapter 4 · A Complete Baseline in 40 Lines


Before deep learning, establish a baseline. A well-tuned logistic regression
on engineered features often beats a hastily assembled GNN and always beats an
untuned one.


4.1 The Cora citation dataset

Cora is the "MNIST of graph learning": 2,708 papers, 5,429 edges, 1,433 bag-
of-words features, 7 classes.


from torch_geometric.datasets import Planetoid
dataset = Planetoid(root="/tmp/Cora", name="Cora")
data = dataset[0]
print(data)
print("homophily:",
      (data.y[data.edge_index[0]] == data.y[data.edge_index[1]])
      .float().mean().item())


4.2 Logistic regression on raw features

import torch.nn as nn, torch.nn.functional as F

class LR(nn.Module):
    def __init__(self, d_in, d_out):
        super().__init__()
        self.lin = nn.Linear(d_in, d_out)
    def forward(self, x, edge_index=None):
        return self.lin(x)

model = LR(dataset.num_features, dataset.num_classes)
opt = torch.optim.Adam(model.parameters(), lr=1e-2, weight_decay=5e-4)

for epoch in range(200):
    model.train(); opt.zero_grad()
    out = model(data.x)
    loss = F.cross_entropy(out[data.train_mask], data.y[data.train_mask])
    loss.backward(); opt.step()

model.eval()
pred = model(data.x).argmax(1)
acc = (pred[data.test_mask] == data.y[data.test_mask]).float().mean()
print(f"LR test accuracy: {{acc:.4f}}")   # ~0.55 on Cora


4.3 Label propagation: the cheapest graph baseline

Graph structure alone, with no learned weights, gets you surprisingly far:


from torch_geometric.nn import LabelPropagation
lp = LabelPropagation(num_layers=30, alpha=0.9)
out = lp(data.y, data.edge_index, mask=data.train_mask)
pred = out.argmax(1)
acc = (pred[data.test_mask] == data.y[data.test_mask]).float().mean()
print(f"Label propagation: {{acc:.4f}}")  # ~0.68 on Cora


Keep these numbers on a wall. Any GNN you train must beat LR ≈ 0.55 and label propagation ≈ 0.68 on Cora, or it is not earning its complexity.

Chapter 5 · Node Embeddings: DeepWalk to node2vec


Before GNNs, we learned embeddings by treating random walks as sentences and
nodes as words. These methods are still competitive on small graphs and remain
the correct baseline for link prediction.


5.1 The random-walk idea

If two nodes co-occur frequently in short walks, they should be close in
embedding space. DeepWalk and node2vec operationalise this with skip-gram.


import networkx as nx
import numpy as np, random

def random_walk(G, start, length):
    walk = [start]
    for _ in range(length - 1):
        walk.append(random.choice(list(G.neighbors(walk[-1]))))
    return walk

G = nx.karate_club_graph()
walks = [random_walk(G, random.choice(list(G)), 20) for _ in range(5000)]
print("sample walk:", walks[0][:10])


5.2 Skip-gram in fifteen lines

from gensim.models import Word2Vec
model = Word2Vec(walks, vector_size=64, window=5, min_count=0,
                 sg=1, workers=4, epochs=5)
emb = np.array([model.wv[str(n)] for n in G.nodes()])
print("embedding shape:", emb.shape)


5.3 node2vec: biasing the walk

node2vec introduces return (p) and in-out (q)
parameters that interpolate between BFS-like (structural) and DFS-like
(community) exploration.


def node2vec_walk(G, start, length, p=1.0, q=1.0):
    walk = [start]
    while len(walk) < length:
        cur = walk[-1]
        prev = walk[-2] if len(walk) > 1 else None
        nbrs = list(G.neighbors(cur))
        if prev is None or prev not in nbrs:
            walk.append(random.choice(nbrs)); continue
        weights = []
        for n in nbrs:
            if n == prev:      weights.append(1/p)      # return
            elif G.has_edge(n, prev): weights.append(1.0)   # triangle
            else:              weights.append(1/q)      # explore
        weights = np.array(weights); weights /= weights.sum()
        walk.append(np.random.choice(nbrs, p=weights))
    return walk


5.4 When to still use these methods


  	Graphs with millions of nodes but no features.

  	Pure link-prediction baselines.

  	When you need embeddings in minutes, not hours.




PyG ships Node2Vec and DeepWalk in torch_geometric.nn. Use them as sanity checks, not as your final system.

Chapter 6 · Message Passing: The One Idea Behind All GNNs


Every modern GNN is a reparameterisation of one equation: nodes update
their state by aggregating messages from neighbours.


h_i^(l+1) = UPDATE( h_i^(l) ,  AGGREGATE( {{ MSG(h_j^(l)) : j ∈ N(i) }} ) )


6.1 A minimal message-passing layer from scratch

import torch, torch.nn as nn, torch.nn.functional as F

class MPNN(nn.Module):
    def __init__(self, d_in, d_hid):
        super().__init__()
        self.msg  = nn.Linear(d_in, d_hid)
        self.upd  = nn.GRUCell(d_hid + d_in, d_hid)
    def forward(self, x, edge_index):
        src, dst = edge_index
        m = self.msg(x[src])
        agg = torch.zeros(x.size(0), m.size(1), device=x.device)
        agg.index_add_(0, dst, m)
        return self.upd(torch.cat([agg, x], dim=1), x)

class GNN(nn.Module):
    def __init__(self, d_in, d_hid, d_out):
        super().__init__()
        self.l1 = MPNN(d_in, d_hid)
        self.l2 = MPNN(d_hid, d_hid)
        self.head = nn.Linear(d_hid, d_out)
    def forward(self, x, edge_index):
        x = F.relu(self.l1(x, edge_index))
        x = F.relu(self.l2(x, edge_index))
        return self.head(x)


6.2 The three aggregation choices that matter


  	Sum / mean — permutation invariant, but degree-biased.

  	Max — captures the strongest signal, ignores the rest.

  	Attention — learns a weight per neighbour.




6.3 Over-squashing and the bottleneck

Stacking layers compresses an exponentially growing receptive field into a
fixed-width vector. Information from distant nodes gets squashed — this is
over-squashing. Remedies: residual connections, Jumping Knowledge,
graph rewiring, and the graph transformer.


class JKNet(nn.Module):
    def __init__(self, d_in, d_hid, d_out, L=4):
        super().__init__()
        self.layers = nn.ModuleList([MPNN(d_in if i==0 else d_hid, d_hid)
                                     for i in range(L)])
        self.head = nn.Linear(L * d_hid, d_out)
    def forward(self, x, edge_index):
        outs = []
        for l in self.layers:
            x = F.relu(l(x, edge_index)); outs.append(x)
        return self.head(torch.cat(outs, dim=1))


Start with 2 layers. Add depth only after you have residual connections and can measure over-smoothing.

Chapter 7 · Graph Convolutional Networks (GCN)


GCN is the workhorse. It is a first-order approximation of spectral graph
convolution, but you can treat it as "normalised mean of neighbours, then a
linear layer".


7.1 The GCN layer in PyG

import torch.nn.functional as F
from torch_geometric.nn import GCNConv

class GCN(torch.nn.Module):
    def __init__(self, d_in, d_hid, d_out, dropout=0.5):
        super().__init__()
        self.c1 = GCNConv(d_in,  d_hid)
        self.c2 = GCNConv(d_hid, d_out)
        self.dropout = dropout
    def forward(self, x, edge_index):
        x = F.dropout(x, self.dropout, training=self.training)
        x = F.relu(self.c1(x, edge_index))
        x = F.dropout(x, self.dropout, training=self.training)
        return self.c2(x, edge_index)


7.2 Training loop

from torch_geometric.datasets import Planetoid
data = Planetoid("/tmp/Cora", "Cora")[0]
dev  = "cuda" if torch.cuda.is_available() else "cpu"
data = data.to(dev)

model = GCN(data.num_features, 64, 7).to(dev)
opt   = torch.optim.Adam(model.parameters(), lr=1e-2, weight_decay=5e-4)

best = 0
for epoch in range(200):
    model.train(); opt.zero_grad()
    out  = model(data.x, data.edge_index)
    loss = F.cross_entropy(out[data.train_mask], data.y[data.train_mask])
    loss.backward(); opt.step()
    model.eval()
    pred = model(data.x, data.edge_index).argmax(1)
    val  = (pred[data.val_mask] == data.y[data.val_mask]).float().mean().item()
    if val > best:
        best = val
        torch.save(model.state_dict(), "best_gcn.pt")
print(f"best val: {{best:.4f}}")


7.3 The same model in DGL

import dgl, dgl.nn as dglnn, torch.nn as nn, torch.nn.functional as F

class GCN_DGL(nn.Module):
    def __init__(self, d_in, d_hid, d_out):
        super().__init__()
        self.c1 = dglnn.GraphConv(d_in,  d_hid, activation=F.relu)
        self.c2 = dglnn.GraphConv(d_hid, d_out)
    def forward(self, g, x):
        x = self.c1(g, x)
        x = F.dropout(x, 0.5, training=self.training)
        return self.c2(g, x)

g = dgl.graph((data.edge_index[0], data.edge_index[1]),
              num_nodes=data.num_nodes)
g = dgl.add_self_loop(g)
model = GCN_DGL(data.num_features, 64, 7)


7.4 Why GCN over-smooths

Each GCN layer is a low-pass filter on the graph spectrum. Repeated
application drives all node representations toward the same vector. The fix is
not more parameters — it is architectural.


GCN's normalisation assumes homophily. On heterophilous graphs, use H2GCN or a graph transformer instead.

Chapter 8 · GraphSAGE and Inductive Learning


GCN is transductive: it learns one embedding per node and cannot embed a node
it has never seen. GraphSAGE fixes this by learning functions that
sample and aggregate neighbourhoods.


8.1 Sample-and-aggregate

from torch_geometric.nn import SAGEConv

class GraphSAGE(torch.nn.Module):
    def __init__(self, d_in, d_hid, d_out):
        super().__init__()
        self.s1 = SAGEConv(d_in,  d_hid, aggr="mean")
        self.s2 = SAGEConv(d_hid, d_out, aggr="mean")
    def forward(self, x, edge_index):
        x = F.relu(self.s1(x, edge_index))
        x = F.dropout(x, 0.5, training=self.training)
        return self.s2(x, edge_index)


8.2 Neighbourhood sampling with NeighborLoader

from torch_geometric.loader import NeighborLoader
loader = NeighborLoader(
    data, num_neighbors=[10, 10], batch_size=64,
    input_nodes=data.train_mask, shuffle=True,
)
for batch in loader:
    out  = model(batch.x, batch.edge_index)
    loss = F.cross_entropy(out[:batch.batch_size],
                           batch.y[:batch.batch_size])
    break


8.3 Inductive evaluation

from torch_geometric.utils import subgraph

def inductive_split(data, holdout=0.1):
    n = data.num_nodes
    perm = torch.randperm(n)
    hold = perm[:int(n*holdout)]
    keep = perm[int(n*holdout):]
    tr_edge, _ = subgraph(keep, data.edge_index, relabel_nodes=True,
                          num_nodes=n)
    return keep, hold, tr_edge


If your model can only be evaluated transductively, it cannot be deployed on new users. Prefer GraphSAGE-style architectures for production systems.
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