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In general any ML problem — Maintain Four Pieces

Data Model Loss Optimization

{(xi'yi)}liil y = f(x) Metric between predicted
and ground-truth
v f: f formats decide
{E3ND)] e rain the potential

{(x y )}Nval 0: deci_des whether yOL.J can
achieve that potential
{( )}Ntest
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In general any ML problem — Maintain Four Pieces

Data Model Loss Optimization

import

. . 1\, import 2 lot as plt
l l import seaborn a
)C :):} . import se as s
{( ,y 1=1

dataset = pd.read_excel("HousePricePrediction.xlsx")

print(dataset.head(5))

{ ( ) }N train
:X: :>I Id MSSubClass MSZoning LotArea LotConfig BldgType OverallCond \
0 60 RL 8450 Inside 1Fam 5
1 20 RL 9600 FR2 1Fam
1\’ 2 60 RL 11250 Inside 1Fam
val 3 70 RL 9550  Corner  1Fam
x y 4 60 RL 14260 FR2 1Fam
YearBuilt YearRemodAdd Exteriorlst BsmtFinSF2 TotalBsmtSF SalePrice
2003 2003 VinylSd 0.0 856.0 208500.0
i Ntest 1976 1976 MetalSd 0.0 1262.0 181500.0
{(x )} 2001 2002 Viny1Sd 0.0 920.0 223500.0
1915 1970 Wd Sdng 0.0 756.0 140000.0

2000 2000 VinylSd 0.0 1145.0 250000.0

dataset.shape

(2919, 13)
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In general any ML problem — Maintain Four Pieces

Data Model Loss Optimization

obj = (dataset.dtypes == 'object')

i iy . ki
-{(J{ % )}f==1 object_cols = list(obj[obj].index)

print("Categorical variables:",len(object_cols))

N int_ = (dataset.dtypes == 'int')
train ~ } : )
{(JC )} )}- num_cols = list(int_[int_].index)

print("Integer variables:",len(num_cols))

Nyal fl = (dataset.dtypes == 'float')
{(x y )} fl_cols = list(fl[fl].index)

print("Float variables:",len(fl_cols))

(e

Categorical variables: 4
Integer variables: 6
Float variables: 3
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In general any ML problem — Maintain Four Pieces

Data
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In general any ML problem — Maintain Four Pieces

Data

(CHDI

(e
(C) ey
(e
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[ L3 L3
Model Loss Optimization
House Price vs Total Basement Area (Basement Only)
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In general any ML problem — Maintain Four Pieces

Data Model Loss Optimization

model = nn.Sequential(
nn.Linear(1l, 1)

)

KIND
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In general any ML problem — Maintain Four Pieces

Data Model Loss Optimization

criterion nn.MSELoss()
optimizer = torch.optim.SGD(model.parameters(), 1r=0.05)

KIND
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In general any ML problem — Maintain Four Pieces

Data Model Loss Optimization

epochs = 50
log_every = 1

torch.tensor(X_s, dtype=torch.float32)
torch.tensor(y, dtype=torch.float32).view(-1,1)

loss_history = []
for epoch in range(1, epochs + 1):
model.train()

dataset_t = TensorDataset(X, Y) running_loss = 0.0
loader = Dataloader(dataset_t, batch_size=64, shuffle=True) nseen = 6

for xb, yb in loader:
optimizer.zero_grad()
pred = model(xb)
loss = criterion(pred, yb)
loss.backward()
optimizer.step()

bs = xb.size()
running_loss += loss.item() * bs
n_seen += bs

epoch_loss = running_loss / n_seen
loss_history.append(epoch_loss)

if log_every and (epoch % log_every == 0):
print(f"epoch={epoch:3d} mse={epoch_loss:.4f}"

model.eval()
with torch.no_grad():

final_mse = criterion(model(X), Y).item()
print(f"\nFinal train MSE: {final_mse:.4f}")

KIND
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In general any ML problem — Maintain Four Pieces

Data Model Loss Optimization

criterion nn.MSELoss()
optimizer = torch.optim.SGD(model.parameters(), 1r=0.05)
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In general any ML problem — Maintain Four Pieces

Data Model Loss Optimization

Used for binary classification where y; € {0,1} and
yAi = O'(Zi) S (0, 1)

n

Loce =~ [y:108(3) + (1 - ) log(1 — )

1=1

Vector form:

1 . .
Lrcw = —— (y" logy + (1 — y)" log(1 - ¥))

1.0} | | | | | | 1
1
¢(Z) = Tt et /'
< 05} ]
0.0 J
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In general any ML problem — Maintain Four Pieces

Data Model Loss Optimization

Multi-Class Classification

KIND
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In general any ML problem — Maintain Four Pieces

Data Model Loss Optimization

Input Logit score Probabilities True labels
X y 4 y t

10.0 2.5 0.86 1

3.5 Linear Softmax Cross-

4.0 model entropy

11.2 > 0.3 > 0.10 = > 0

-3,9 W, b

34.1

45 8 -0.5 0.04 0
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In general any ML problem — Maintain Four Pieces

Data Model Loss Optimization

Next-Token Probability Distribution

%V

Deep Learning is very LLM » powerful

%LE

%ST

prompt + prior tokens

%E
%1

L] 1
limited scalable powerful complex weak

[ wyiuos|y Suipodag ]
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In general any ML problem — Maintain Four Pieces

Data Model Loss Optimization

Jég A -‘;g

Small Molecule

Deep neural network

Input layer Multiple hidden layer Output layer

5 A ANRY
w ~ ~ \ . =
X | .
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P74
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Paper
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Hidden Layers

Input Layer Output Layer

Computer
System

EEEEE We do not use any

fest Perormance: network information!
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Node Classification - Motivation

Correlation in networks

= User behaviors are correlated in social networks

Homophily Influence Confounding
Individual Social / Envi ¢ )
Characteristics Connections HVlRHEISNE = J

Individual
Characteristics

Social
Connections

Individual
Characteristics

Social
Connections

KIND

kindlab-fly.github.io




Node Classification - Motivation

Example

= Easley and Kleinberg, 2010. .

= Friendships among people
in a real social network
where node color
represents the race of the
people/nodes.

= Homophily...
= Christakis and Fowler, 2007.

B Friendshi?s among people ina
real social network where node
color represents the level of
obesity of the people/nodes.

= |nfluence... and homophily?

KIND
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Node Classification - How would traditional classification work?

Data Model

Loss

Optimization

from torch_geometric.datasets import Planetoid

Dataset

dataset = Planetoid(root="'/tmp/Cora', name='Cora')

dataset[0]

Data(x=[2708, 1433],| edge_index=[2, 10556], y=[2708],| train_mask=[2708], val_mask=[2708], test_mask=[2708])

Label Propagation

KIND
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Node Classification - Motivation

Leveraging this correlation

=" How to leverage this correlation in networks to
predict node classes?

KIND
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Node Classification — Label Propagation




Node Classification — Label Propagation

from torch_geometric.utils import add_remaining_self_loops, degree
from torch_scatter import scatter

def propagate(x, edge_index, edge_weight=None):
""" feature propagation procedure: sparsematrix

edge_index, _ = add_remaining_self_loops(edge_index, num_nodes=x.size(0))

# calculate the degree normalize term
row, col = edge_index
deg = degree(col, x.size(@), dtype=x.dtype)
deg_inv_sqrt = deg.pow(-0.5)
# for the first order appro of laplacian matrix in GCN, we use deg_inv_sqrt[row]*deg_inv_sqrt[col]
if(edge_weight == None):
edge_weight = deg_inv_sqrticol] * deg_inv_sqrtlicol]

# normalize the features on the starting point of the edge
out = edge_weight.view(-1, 1) * x[rowl]

return scatter(out, edge_index[-1], dim=0, dim_size=x.size(®), reduce='add')
one_hot_label = F.one_hot(data.y, num_classes=torch.unique(data.y).shape[0])

one_hot_label[data.val_mask] = @
one_hot_label[data.test_mask] = @

pred propagate(one_hot_label, data.edge_index)
pred = pred.argmax(dim=1)
train_acc, val_acc, test_acc = cal_acc(pred, data.y, data.train_mask), cal_acc(pred, data.y, data.val_mask), cal_acc(pred, data.y, data.test_mask)

print(train_acc, val_acc, test_acc)

0.9 0.674 0.681

KIND
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Node Classification

Data Model Loss Optimization

from torch_geometric.datasets import Planetoid

Dataset

dataset = Planetoid(root="'/tmp/Cora', name='Cora')

dataset[0]

Data(x=[2708, 1433]| |edge_index=[2, 10556]|| y=[2708],| train_mask=[2708], val_mask=[2708], test_mask=[2708])

Feature + Label = MLP
Feature + Label + Graph = GNN

Graph + Label = Label Propagation

KIND
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Node Classification - GNN

Instead of propagating Label, but we propagate feature!

KIND
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Node Classification — GNN

class GCN(nn.Module):
def __init__(self, input_size, hidden_size, output_size):
super(GCN, self).__init_ ()
self.fcl = nn.Linear(input_size, hidden_size)
self.relu = nn.ReLU()
self.fc2 = nn.Linear(hidden_size, output_size)

def forward(self, x, edge_index, edge_weight = None):
x = self.fcl(x)

X = propagate(x, edge_index)

x = self.relu(x)

# x = F.dropout(x, p=0.5, training=self.training)

X

X

self.fc2(x)
propagate(x, edge_index)

I

return F.log_softmax(x, dim=1)

# Example usage:

input_size = dataset[@].x.shapell]

hidden_size = 16

output_size = torch.unique(dataset[@].y).shapel@]

GNN = GCN(input_size, hidden_size, output_size)
print(model)

KIND
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Node Classification — GNN

1.0 - p,
0.8 1 .
> 0.6 -
o
=
()
b
0.4
0.2 1 — Train
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- Test
0 25 50 75 100 125 150 175 200

Epoch
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Node Classification — GNN

TARGET NODE

f ‘ <+ : ................. “'.:3

INPUT GRAPH

R6><6 R1433X16
H!l = AH'W
R6X16
R6X1433
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Node Classification

Data Model Loss Optimization
Labeled node v; — —
O with label y; R Graph g = (V, &, X) = (Ar X)
O Unlabeled node Y o Adjacency Matrix A
Node Feature Matrix X
Q A
3 X Labeled Data D, = (V;,Y,.)
O s Unlabeled Data Dy = (V)

KIND
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Node Classification

Data Model Loss Optimization

Hidden Layers

Output Layer

Input Layer . .

SRS SR

SR ARXILA RIS

R KRS
N

CRSR IR IR
SRR AL
NEF o0

1.0 4

0.8 1

0.6 print(train_acc, val_acc, test_acc)

e ———

Accuracy

0.9 0.674 9.681

0.4

—— Train

sl — Validation 0.2 1 —— Train
- Test —— Validation
T T T T T T T T Test

0 25 50 75 100 125 150 175 200
Epoch 0 25 50 75 100 125 150 175 200
Epoch

Test Performance: Test Performance:
0.531 0.788
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Node Classification — Input Space
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Node Classification — Embedding Space

MLP

GNN

KIND
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Link Prediction - Problem
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Link Prediction - Problem

Link Prediction

= Which nodes in the graph that are not currently

connected should be, or perhaps missing?
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Link Prediction - Problem

" Link prediction: We have a network changing over
time and given a snapshot of the network at some
time can we predict edges added by the next time
step

=" What do we exactly predict?

* Link existence (i.e., binary classification)

" Link weight (i.e., how strong is that connection)

" Link type (e.g., is this a positive or negative relationship)

KIND
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Link Prediction - Problem

/

-

\

Timet Time t+a Time t+2a
J;i"ﬁ‘::‘:::“{:" Induetive Link Prediction

T
o o

./‘\b -“‘ o ./_». ’K ‘E, .
K ’\ /‘ R \ /‘ u.\/'

Training Inference
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Link Prediction - Data

data

Data(x=[2708, 1433], edge_index=[2, 10556], y=[2708], train_mask=[2708], val_mask=[2708], test_mask=[2708], train_edge_index=[2, 7392])

split_edge

{'train': {'edge': tensor([[ o, 1862],
[ o, 2582], 2 @ 2
[

1, 2],

ceey
[2687, 2688],
[2694, 2695],
[2706, 270711),
‘edge_neg': tensor([[ 1, 1457],
[ 1, 2045],
[ 2, 1751,

(2593, 26871, 4 @
[2622, 2649],
[2634, 26951]1)}, “

‘valid': {'edge': tensor([[ 1, 654],
[ 4, 12561,
[ 4, 21761, .
[2565, 25671, Traln edge Val edge
[2594, 2680],
[2665, 2666]1]),
‘edge_neg': tensor([[ 1, 1457],

[ 1, 2045],
[ 2, 1751,

[2593, 26871,

[2622, 2649],

[2634, 269511)}, :3
‘test': {'edge': tensor([[ @, 633],

[ 4, 1016],

[ 6, 3731,

iiéiB, 2619],

[2634, 2635],

(2o54, 2635111, 0 Test-edge
‘edge_neg': tensor([[ o, 1211],

[ e, 1571],
[ 1, 474],

[25;2, 2595], 5
[2585, 26721,
[2619, 2674]1]1)}}

KIND
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Link Prediction and Recommendation Systems

1. Heuristic Method

2. MLP

3. Graph Neural Network

KIND
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Link Prediction — Heuristic Methods

Common Neighbors

S5(x,y) = | N, N Ny‘

5(2,4) =2

S(3,5) = 0

KIND

kindlab-fly.github.io



Link Prediction — Heuristic Methods

Person 2 is a very out- S (2,4) — 2

going person

The common connection between 2 and 4
might not due to their common hobbies but
just because node 2 is an out-going person

Ny NV,
N, U,

S(x,y) =

KIND
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Link Prediction — Heuristic Methods

for~11n range(spllt_edge ['train'] ['edge'].shape(@]):
nodel, node2 = split_edge['train']['edge'][i][@].item(), split_edge['train']['edge'][i][1].item()

def common_nei_heuristic(neil, nei2):
return len(set(neil).intersection(set(nei2)))

def jaccard_heuristic(neil, nei2):
if len(set(neil).union(set(nei2))) == @:
return 0
else:
return common_nei_heuristic(neil, nei2)/len(set(neil).union(set(nei2)))

KIND
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Link Prediction — Heuristic Methods

nei dict = defaultdict(list)

for i in range(split_edge['train']l['edge'].shape(@]):
nodel, node2 = split_edge['train']['edge'][i] [@].item(), split_edge['train']['edge'][i][1].item()

def common_nei_heuristic(neil, nei2): def eval(evaluator, split_edge, nei_dict, topks = [20]):
return len(set(neil).intersection(set(nei2))) encoder.eval()

predictor.eval()
def jaccard_heuristic(neil, nei2):

if len(set(neil).union(set(nei2))) == @: ress = {'train': [I,
return 0 ‘valid': [],
else: 'test': []}

return common_nei_heuristic(neil, nei2)/len(set(neil).union(set(nei2)))

# Evaluation per edge
for key in split_edge:
edge, neg_edge = split_edgelkey]['edge'], split_edgelkey]['edge_neg"']

pos_preds = []

for nodel, node2 in edge:
neil, nei2 = nei_dict[nodel.item()], nei_dict[node2.item()]

common_nei = common_nei_heuristic(neil, nei2)
pos_preds.append(common_nei)

{ ' t raln ' . [0. 33766233766233766] . pos_preds = torch.tensor(pos_preds)
‘valid': [0.3187855787476281], print(pos_preds)

neg_preds = []

‘test': [0.3345971563981043]} e

neil, nei2 = nei_dict[nodel.item()], nei_dict[node2.item()]

common_nei = common_nei_heuristic(neil, nei2)
neg_preds.append(common_nei)

neg_preds = torch.tensor(neg_preds)

# Evaluate for each K in top-k list

for K in topks:
evaluator.K = K
hits = evaluator.eval({'y_pred_pos': pos_preds, 'y_pred_neg': neg_preds})[f'hits@{K}"']
ress[key] .append(hits)

return ress

KIND

kindlab-fly.github.io



Link Prediction — Heuristic Methods

1. Heuristic Method

2. MLP

3. Graph Neural Network

KIND
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Link Prediction — MLP

Hidden Layers :,

fo




Link Prediction — MLP

Concatenation-based @

WZ2H,

1
H3 =H1||H2 O

— 1
\ I \ J
Y Y (2)

Encoder Predictor
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Link Prediction — MLP

Dot-Product-based @

Encoder Predictor

KIND
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Link Prediction — MLP

class MLP_encoder(nn.Module): class MLP_link_predictor(torch.nn.Module):
def __init__(self, input_size, hidden_size, output_size): def __init__(self, in_channels, hidden_channels, out_channels, num_layers, dp):
super (MLP_encoder, self).__init_ () super(MLP_link_predictor, self).__init_ ()

self.fcl = nn.Linear(input_size, hidden_size)
self.relu = nn.RelLU()

self.fc2 = nn.Linear(hidden_size, output_size) self.lins = torch.nn.ModuleList()
self.lins.append(torch.nn.Linear(in_channels, hidden_channels))
def forward(self, x, edge_index): for in range(num_layers - 2):
i :z:t?:zti?i) self.lins.append(torch.nn.Linear(hidden_channels, hidden_channels))
x = self.fc2(x) self.lins.append(torch.nn.Linear(hidden_channels, out_channels))
return x self.dropout = dp

def forward(self, x):

for lin in self.lins[:-1]:

x = lin(x)
x = F.relu(x)
X = F.dropout(x, p=self.dropout, training=self.training)

x = self.lins[-1](x)
return x

def score(self, x):
for lin in self.lins[:-1]:
x = lin(x)
X = F.relu(x)

x = self.lins[-1](x)

return torch.sigmoid(x)
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Link Prediction — MLP

def train(encoder, predictor, optimizer, data, train_edge, batch_size):
encoder.train()
predictor.train()

# Generate negative samples
neg_edge = negative_sampling(data.train_edge_index, num_neg_samples=train_edge.shape[0]).t()

# Wrap train_edge in a Dataloader
train_dataset = TensorDataset(train_edge)
train_loader = DatalLoader(train_dataset, batch_size=batch_size, shuffle=True)

total_loss, count = 0, ©
for batch in train_loader:
batch = batch[@] # unpack batch from Dataloader

# Forward pass
h = encoder(data.x, data.train_edge_index)
pos_score = predictor(h[batchl:, @]] % h[batch[:, 11])

pos_loss = -F.logsigmoid(pos_score).mean()

neg_score = predictor(h[neg_edgelbatch(:, @1]1] * hlneg_edge[batch[:, 1]11])
neg_loss = -F.logsigmoid(-neg_score).mean()

loss = (pos_loss + neg_loss) / 2

optimizer.zero_grad() 1 + 1
loss.backward() L=— E ols’) — —— E ol—s=
|g+| ( U |g—| ( U)

optimizer.step()
eUe8+ ejjEE™

# Update total loss
total_loss += loss.item() * batch.size(0)
count += batch.size(0)

return total_loss / count
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Link Prediction — Heuristic Methods

| 100/100
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Link Prediction — GNN

1. Heuristic Method

2. MLP

3. Graph Neural Network
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Link Prediction — GNN

Dot-Product-based @

Encoder Predictor
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Link Prediction — GNN

Training, Validation, and Testing Curves

1.0 +
0.8
2 0.6 -
=)
(V]
=
0.4
—— Train
0.2 —— Validation
— Test
0 20 40 60 80 100
Epoch
final_test

0.5355450236966824
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Link Prediction — Recommender Systems

Recommender Systems

= This is essentially a form of link prediction with
additional ranking

= Problem:

" Given a set of users and items
= We additionally have previous user behaviors
» E.g., what they clicked on, watched, purchased, etc.
= This can be seen as a bipartite graph of users and items

" Thus we seek to predict what they are likely to want

» Ranking since we prefer to present them with the most likely
item they would interact with
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Link Prediction — Recommender Systems

1. Heuristic Method

2. Matrix Factorization

3. Graph Neural Network

4. Next-item Recommendation
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Link Prediction — Recommender Systems - Heuristics

&)
\
S
“a
What things do you have in hand to
perform recommendation?

KIND

kindlab-fly.github.io



Link Prediction — Recommender Systems - Heuristics

Recommender Systems

= Collaborative Filtering
= |dea: Use the “wisdom of the crowd” to recommend

= Assumptions:

* We have user data in the form of interactions/ratings on items
= Users with similar taste in past will in future

= Content Filtering

= |dea: Create features for each item and user
= E.g., demographics of user, genre of movie, etc.
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Link Prediction — Recommender Systems - Heuristics

N
\\ Item Collaborative Filtering

User Collaborative Filtering
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Link Prediction — Recommender Systems - Heuristics

Collaborative Filtering
Avengers Toy Story | Back to the | Harry Potter
Future
John 5 3 4 ?
Mary 5 4 5 0
Lee 2 2 4 5
Joe 3 1 1 2

The problem of collaborative filtering is to predict how well a user will like an
item that he/she has not rated given a set of historical preference
judgments for a community of users.
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Link Prediction — Recommender Systems - Heuristics

ltem-based

= |tem-based Nearest Neighbor

= Given a user u, generate a prediction for item i by using the
weighted sum of u’s ratings for items that are most similar

to /.
Avengers Toy Story Back to the Fl%m\\l-@"ry Potter
John 5 3 PR >
Mary 5 4 E -
Lee 2 5 2 -
Joe 3 1 1 >
. Zjerated[tems (u) sim (la J) * Vu
pred(u,i) =

Zjeratedltems(u) s (l’ ‘,)
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Link Prediction — Recommender Systems - Heuristics

User-based

= User-based Nearest Neighbor

= Given a user u, generate a prediction for an item i by using
the ratings for i from other users in u’s neighborhood

Avengers Toy Story Back to the Future | Harry Potter
John 5 3 4 (DD
Mary 5 4 5 57
Lee 2 2 4 5
Joe 3 1 1 2

Average ratings of
neighbor n

A
N Znenagh pors (ST (u,n)-(rni—r,)

pred(u,i)=r, + .
E , sim(u,n)
neneighbors(u)

Average ratings
of user u
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Link Prediction — Recommender Systems - MF

1. Heuristic Method

2. Matrix Factorization

3. Graph Neural Network

4. Next-item Recommendation
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Link Prediction — Recommender Systems - MF

Netflix Prize

= Challenge: Improve their current system by 10%
= Prize: S1 million
= Started Oct. 2006 and lasted ~3 years

= Dataset:
= ~100m ratings from ~500k users for ~20k movies
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Link Prediction — Recommender Systems - MF ‘

n
1
RMSE = ;Z(predi — real;)?
i=1

Netflix Prize

Rank Team Name Best Test Score % Improvement Best Submit Time

Grand Prize - RMSE = 0.8567 - Winning Team: BellKor's Pragmatic Chaos

1 4 BellKor's Pragmatic Chaos 0.8567 10.06 2009-07-26 18:18:28
2 /' Ihe Ensembl 0.8567 10.06 2009-07-26 18:38:22
3 // Grand Prize Team 0.8582 9.90 2009-07-10 21:24:40
4 /|  Opera Solutions and Vandelay United 0.8588 9.84 2009-07-10 01:12:31
5 //i Vandelay Industries ! 0.8591 9.81 2009-07-10 00:32:20
60/ | PragmaticTheory 0.8594 9.77 2009-06-24 12:06:56
70 | BelKor in BigChaos 0.8601 9.70 2009-05-13 08:14:09
8 /| Dace_ 0.8612 9.59 2009-07-24 17:18:43
9 /| Eeeds2 0.8622 9.48 2009-07-12 13:11:51
10 I/ BigChaos 0.8623 9.47 2009-04-07 12:33:59
1 Opera Solutions 0.8623 9.47 2009-07-24 00:34:07
12 1 lIKor 0.8624 9.46 2009-07-26 17:19:11

Progress Prize 2008 - RMSE = 0.8627 - Winning Team: BellKor in BigChaos

Progress Prize 2007 - RMSE = 0.8723 - Winning Team: KorBell
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kindlab-fly.github.io 64 O




Link Prediction — Recommender Systems - MF

1 0 O
0O 0 O
M=l g N
1 1 14443 O O O
0 9 9 Person
Q @ 9 Q Item
H H H H
M = UIT : : s :
U: R4¥16 O O O O
I: R3X16

What kind of user/item embeddings would be most
predictive of user-item interaction?
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Link Prediction — Recommender Systems - MF

1 00
0 0 0
1o g8t
1 1 14)(3 O O O
L @ ® Person
M' =UI" O @ 6 @ Item
U: RTT0 H B 8 0
I: RIS A

min|IM — M'|| + [|U][; + |I1]]

What kind of user/item embeddings would be
most predictive of user-item interaction?
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Link Prediction — Recommender Systems - MF

. 2 2 2
nlll}InL — ||M_M’||2 + ||U||2 + ||I||2

yn yn .2 yn yk 2
j— .. .. (Mij - Mij) + L. L. (Uij — Uij) + )
=1 J=1 =1 j=1

2 22
= Xic1 Z?=1(Mij — Yl=1 Uikljk) + Xt Zi'c:l(Uij - Uij) +o

K 2
1 00 L :(M - Ul )
= 0 0 0 ab ab _— ak'bk
111 0
1 1 1 0Lap K
e 0. = 2Map= ) Ualodlnp
ap =
1 0 0 = —2(Mgp — Mgl
M= |0 0 0
~ |1 0
1 1 1yx3
v, 909,
O O
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Link Prediction — Recommender Systems - MF

1 00
0 0 0
1o g8t
1 1 1 4%3 O O O
L @ ® Person
M' =UI" O @ 6 @ Item
U: RTT0 H B 8 0
I: RIS A

min|IM — M'|| + [|U][; + |I1]]

What kind of user/item embeddings would be
. . -O ° . ‘,
Lapp = Z claatinrEiLe), most predictive of user-item interaction?

(w,i,i~)eO
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LBPR =z Z -Ino( Yui = Yui-)s

(w,i,i” )eO
u l U
- @
............ yUI fed e:‘-el a_nd yui_ - e:‘-el_
® @ ====(v)
: : g
O O O
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Link Prediction — Recommender Systems - MF

for i, batch in enumerate(dataloader):
batch = batch_to_gpu(batch, args.device)

user_embs, pos_item_embs, neg_item_embs, user_embs®, pos_item_embs®, neg_item_embs® = model(
batch)

bpr_loss = cal_bpr_loss(
batch['users'], user_embs, pos_item_embs, neg_item_embs)

# 12 regularization
12_loss = cal_12_loss(
user_embs®, pos_item_embs®, neg_item_embs@®, user_embs®d.shape(@])

batch_loss = bpr_loss + args.12 * 12_loss
optimizer.zero_grad()

batch_loss.backward()
optimizer.step()
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Link Prediction — Recommender Systems - MF

class MF(nn.Module):
def __init__(self, args):
super(MF, self).__init_ ()
self.args = args

self._init_weight()

def _init_weight(self):
initializer = nn.init.xavier_uniform_
self.embeds = nn.Parameter(initializer(torch.empty(
self.args.n_users + self.args.n_items, self.args.embedding_dim)))

def generate(self):
user_embs, item_embs = self.embeds[:self.args.n_users,
:], self.embeds[self.args.n_users:, :]

return user_embs, item_embs
def batch_generate(self, user, pos_item, neg_item):
user_embs = self.embeds [user]
pos_item_embs = self.embeds[pos_item]
neg_item_embs = self.embeds[neg_item]
return user_embs, pos_item_embs, neg_item_embs
def forward(self, batch):
user = batch['users']
pos_item = batch['pos_items']
neg_item = batch['neg_items'] # [batch_size, n_negs * K]

batch_size = user.shape[0@]

user_embs, pos_item_embs, neg_item_embs = self.batch_generate(
user, pos_item, neg_item)

return user_embs, pos_item_embs, neg_item_embs, user_embs, pos_item_embs, neg_item_embs
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Link Prediction — Recommender Systems - MF

Bob
o Relevant [tem N Recommender [tem
Recall =
vV Relevant Item
Ground-truth Recommended@5
@ @ . Relevant [tem N Recommender Item
Precision =
Recommender Item
®) G CG(k) = ; Gi DCG(k) = ; TRy

W g ~ DCG(k)
IDCG(k) = ; Ty NDCG(k) = IDCG(k)

©,
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Link Prediction — Recommender Systems - MF

cpu
reading train and test user-item set ...
loading over ...

1046.2437 | 15

e —
d —

# of users: 29858

# of items: 40988

# of edges: 513731

# of training edges: 393601

# of validation edges: 58785

# of testing edges: 61345

Network density: 0.00041977670266371195

| Time | Epoch | Recall | NDCG | Precision |

| 66.6866 | 2] | [(0.0094 0.0142 0.0229 0.0339 0.0557 0.081 ] | [0.0128 0.0142 0.017 0.0205 0.0263 0.0321] | [0.0108 0.0098 0.0078 0.0058 0.0039 0.0028] | [
| Time | Epoch | Recall | NDCG | Precision |
| 387.1903 | 5 | [0.0267 ©.0361 0.0556 0.0806 0.1325 0.1887)] | [0.0312 0.0337 0.0403 0.048 0.061 0.0729] | [0.0224 0.0183 0.0141 0.0105 0.0071 0.0051]

| Time | Epoch | Recall | NDCG | Precision |
| 725.1866 | 16 | [0.0292 9.0399 0.861 0.0904 0.1511 0.2158] | [0.0328 0.0361 0.0433 0.0523 0.0675 0.0811] | [©.6235 0.0195 0.015 ©0.0115 0.0078 0.0057] |
| Time | Epoch | Recall | NDCG | Precision |
| [0.0313 9.042 0.0639 0.08955 0.1599 0.2296] [0.0342 ©.0375 0.045 0.8547 0.8707 0.0853] [0.0246 ©.0201 0.0155 0.0119 0.8082 0.006 ]
w
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Link Prediction — Recommender Systems - GNN

1. Heuristic Method

2. Matrix Factorization

3. Graph Neural Network

4. Next-item Recommendation
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Link Prediction — Recommender Systems - GNN %
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Link Prediction — Recommender Systems - GNN %
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Link Prediction — Recommender Systems - GNN

def forward(self, batch=None):
user = batch['users']
pos_item = batch['pos_items"']
neg_item = batch['neg_items']

user_embs, pos_item_embs, neg_item_embs = self.batch_generate(
user, pos_item, neg_item)

return user_embs, pos_item_embs, neg_item_embs, self.embeds[user], self.embeds|[pos_item], self.embeds[neg_item]

def pooling(self, embeddings):
# [-1, n_hops, channel]
if self.args.aggr == 'mean':
return embeddings.mean(dim=1)
elif self.args.aggr == 'sum':
return embeddings.sum(dim=1)
elif self.args.aggr == 'concat':
return embeddings.view(embeddings.shape([@], -1)
else: # final
return embeddings[:, -1, :]

def generate(self):
user_gcn_embs, item_gcn_embs = self.gcn(

self.embeds, self.adj_sp_norm, self.edge_index, self.edge_weight, self.deg)

user_embs, item_embs = self.pooling(
user_gcn_embs), self.pooling(item_gcn_embs)

return user_embs, item_embs

def generate_layers(self):
return self.gcn(self.embeds, self.adj_sp_norm, self.edge_index, self.edge_weight, self.deg)
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Link Prediction — Recommender Systems - GNN

Model Metric MF NGCF LightGCN
o Recall@20 13.90 13.98 17.24
NDCG@20 | 9.15 9.08 12.13
Yelp Recall@20 5.59 5.58 6.88
NDCG@20 2.8 2.83 3.59
T Recall@20 6.58 6.58 6.96
NDCG@20 3.31 3.36 3.54

https://github.com/YuWVandy/CAGCN
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Link Prediction — Recommender Systems — Next Item

1. Heuristic Method

2. Matrix Factorization

3. Graph Neural Network

4. Next-item Recommendation
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Distribution Shift Issue
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1& TensorFlow
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P OL L O L L L HOL OO

Sink qater Fauc

-® - ©

Google

What is the Natural Language X BE

what is the natural language of india

what is the natural language processing
what is the natural language

what is the natural language definition
natural language processing

what is the natural programming language
what is the meaning natural language
what is natural language processing in ai
what is natural language understanding

what is natural language generation

)
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Next Word Prediction




Link Prediction — Recommender Systems — Next Item

Expected ' _
Next ltem -
Prediction Layer
RNN
~ Point-Wise
FFN FFN FFN Feed Forward
T Network
One Block LSTM
(Can Stack More) Self Attention
Layer
~
Transformer
Embedding
Layer

Training Action g
Sequence e

S1
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1_[ P(Itemﬂltem’f, ItemX, ..., Item{-‘_l)

keK
Observe Predict
O—O—0—®
Observe Predict
O—O0—0—0—@
Observe Predict
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Sink ‘a\er Fauce ’
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P e

| Jasmine, Oud & Sandalwood | Medium Hourglass Candle, Fireside ~ Woodwick Ellipse Scented Candle,  Woodwick Ellipse Scented Candle,
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vl The
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My attention to you != Your attention to me
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ql vlThe The
animal
didn’t didn’t My attention to you: My query to your key
Cross Cross
the the Your attention to me: Your query to my key
street street
because because 42 V2
| [
was was
too too
tired tired
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Query (D

o B ke B B B
Values I caq + l C iy + I cQz + I ‘g + I g = . Qutput features

I am eating an apple

KT
Attention(Q, K, V) = softmax ( ) | %4
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GPT Language Model

Khe mouse  eats

Transformer
Decoder Blocks

\

Transformer Encoder-Decoder

/ die maus frh

Transformer Transformer
Encoder Blocks Decoder Blocks
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Distribution Shift Issue
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Link Prediction — Recommender Systems — Next Item

[tems that frequently co-appear in the same session
have stronger relations

(a) Corners, 2 F‘OY:@" ‘a‘““o e,
@ View /g ATC % z
A '
Qe Fa""@t
‘ ATC @ View
—
(b) Co-view-ATC Co-View Co-ATC
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Link Prediction — Recommender Systems — Next Item

Effectiveness of Session-adaptive Message-passing
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Graph Classification and Regression - Motivation

5

Drug Discovery

Small Molecule

[1] Liana Zucco et al. (2020)

Drug-Drug Interaction

Drug encoder

Drug pair

Head layer
Drug application contexts
@: ®
N ® J
Y

v X v X

Drug pair scores in contexts

[2] Rozemberczik et al. (2022)

Social Topic
Classification

uuuuuu

P8 telefision”

[3] Hamilton et al. (2017)

Link Prediction

Extract enclosing
subgraphs

?

[4] Zhang et al. (2018)

Image Classification

CH R H HHH

[5] Vasudevan et al. (2022)

Brain Classification

[6] Bi et al. (2020)
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Graph Classification and Regression - Motivation

target validation

D2 D3 Phl Phil -IV

=
&

*HTS involves hands-on
experiments in a wet lab,
where biological samples,
drugs, and fluids are tested

*Wet lab

using chemicals and liquids.

*Dry lab

*HTS also involves data
analysis in a dry lab, where
computer systems, coding,
and data are used

KIND
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DO: Basic sciences, target selection.

D1: Assay development for high-throughput screening in vitro.

D2: High-throughput screening of public and proprietary
compound libraries, ligand finding (hits).

D3: Lead optimization by medicinal chemistry, in vitro and in vivo
models, initial pharmacokinetics and safety.

D4: Preparation for human studies: biomarkers, extensive
pharmacokinetics, safety, metabolism in animals, formulation, chemical
up-scaling.
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Graph Classification and Regression - Motivation

Anomaly Detection

Z).::l..
34745 12764
6259 .
’
% 0 * 412681
14192 *
27383 . .
' . o "' w1104
-'~4"."~U“'. . ‘ "-.-
AS TRNPLIRES “4.1668
0% d e, 41358
. b 25677 3.108
L 139537 " A ( e
sa " » 100 Dum. 1
(a) Clouds of points (multi-dimensional) (b) Inter-linked objects (network)
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Graph Classification and Regression

User-item Interaction Graph

Social Relation Graph Domain Knowledge Graph

& B
& >& -------- Clicked——> '
&

Click this
I1nk to
win 2200

ﬁ &’ Benign User
.'v ﬁ Fraudster

«=«= Relationl
=== Relationll

KIND
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Graph Classification and Regression

Data Model Loss Optimization

# Load the dataset
dataset = TUDataset(root='data/TUDataset', name='MUTAG') # MUTAG is an example; you can choose another TU dataset

dataset|[0]

Data(edge_index=[2, 38], x=[17, 7], edge_attr=[38, 4], y=[1])

The MUTAG dataset consists of 188 chemical compounds divided into two
classes according to their mutagenic effect on a bacterium.

Node labels: Edge labels:
0C 0 aromatic
I N 1 single
20 2 double
3F 3 triple
41
5 Cl
6 Br

KIND
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5

Graph Classification and Regression

Data Model Loss Optimization

The MUTAG dataset consists of 188 chemical compounds divided into two
classes according to their mutagenic effect on a bacterium.

. KEY
Periodic table of the elements Benzene P &
= Single bond
Node labels: Edge labels: o e i

rou
é aroue s 5571 - D Double bond

S oo o =

ITh| 2 13 14 15 16 17 | He %V { )= Tnple bond

: 3 |4 5 [6 |7 [8 [0 |10 =
0C 0 aromatic 2w ['ae s lc ' o N
. o 1 12 13 14 15 16 17 18 /c ‘
1 N 1 Slngle Na |Mg | 3 4 5 6 T 8 9 10 11 12| Al | Si|P|[S|Cl|Ar h-u \
19 |20 |21 [22 [28 |24 |25 |26 |27 |28 |20 [0 (a1 (a2 [s3 [s4 [35 (36 | / ?

“| k|ca|sc|Ti|v | cr{Mn|Fe |Co|Ni|Cu|zn|Ga|Ge|As|Se|Br|Kkr
2 O 2 double 37 |38 (30 |40 |41 |42 (43 |44 45 |46 |47 |48 |49 |50 |51 |52 |58 |54 |

S|Rb|sr| Y |2 |Nb|Mo|Tc|Ru|Rn|Pd Ag [Cd | In |Sn [Sb | Te | I | Xe
3 F 3 triple el?s 5 (57 |12 (13 (74 (15 |16 |77 79 (80 |81 |[s2 (83 |84 |85 |86 | s

Cs |Ba|La|Hf [Ta|W |Re|Os | Ir [Pt |Au|Hg | Tl [Pb| Bi | Po | At | Rn

&7 (88 [eo 04105108 107 (108 ~[d0e (110 (111 [112 [1ia (114 115 [176 (117 (118 » Nt t ._Fluorlne gas
4 I Fr |Ra |Ac | Rf | Db |Sg [Bh |Hs |Mt|Ds |Rg|Cn|Nh|Fl |Mc|Lv|Ts|Og irate
5 Cl ‘‘‘‘‘‘‘‘‘ —— o[ [P e [et Je2 [e3 e+ 65 [e6 [e7 [e [e [0 [71 bt £ 24

C Nd [Pm |Sm | Eu [Gd | Tb | Dy |Ho | Er [Tm | Yb | Lu . F ,___,\F
E3 52 (o3 (94 (05 (o6 |67 |98 [99 |[f00 [101 [102 [103 | .o b
6 Br aaaaaaa Th |Pa| U [Np|[Pu|Am |Cm | Bk | Cf | Es |Fm |[Md | No | Lr -
Q—,N“-O-
N 19 system adopted by mational Union of Pure and Applied Chemistry (IUPAC).  © Encyclopeedia Britannica . nc
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Graph Classification and Regression

5

Model

Loss Optimization

Lead optimization: Glivec® example

Data
H
a
VA_\. ” N ~
N N
enhances
cellular activity
C i3]
|
N_ _N o
vy v -
N

eliminates PKC
affinity
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H
\
’ N S N N ”
N o
selectivity for tyrosine
kinase
M
s
=Y v
&l

increases solubility
and oral availability

Cellular activity refers to the chemical activity of
a cell, and includes how cells respond to and adapt
to their environment

Tyrosine kinases are enzymes that play a key role in
many cellular functions, including cell division,
metabolism, and cell-to-cell communication

directed therapy for chronic amyotrophic
leukemia (CML).

Sub-structure is really really very important
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Graph Classification and Regression

Original
network

¢ Graph
classification

-
——————
-

-

----
- e ]

- -
- - - - o e M
- -
-

h{F) = ReLU (W - MEAN {hé’“‘”, Vu € N(v) U {v}}> - Local Structure

hg = READOUT({h,&K ) | v E G}) Global Structure
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Graph Classification and Regression

Code Demo
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Graph Classification and Regression

kindlab-fly.github.io

Datasets IMDB-B IMDB-M RDT-B RDT-M5K COLLAB MUTAG PROTEINS  PTC NCI1
£ # graphs 1000 1500 2000 5000 5000 188 1113 344 4110
S #classes 2 3 2 5 3 2 2 2 2
A Avg #nodes 19.8 13.0 429.6 508.5 745 17.9 39.1 25.5 298
WL subtree 738439 509438 81.0+£31 525+21 789419 904£57 750431 599443 860+ 18"
¢ DCNN 49.1 33.5 - - 52.1 67.0 613 56.6 62.6
£ PATCHYSAN 710422 452428 863+£16 491+07 726422 926+42° 759+28 60048 786+ 19
% DGCNN 70.0 4738 - - 73.7 85.8 75.5 58.6 744
AWL 745459 515436 879425 547429 739419 879+98 - - -
SUM-MLP (GIN-0) 7514+51 523428 924425 575+15 80219 894+56 762+28 64670 827+17
2 SUM-MLP (GIN-¢) 743451 521436 922423 57.0+17 80119 89.0+£60 759438 637482 82716
£ SUM-I1-LAYER 741£50 522424 90.0£27 551416 80.6+19 90.0+88 762+26 63.1+£57 820£15
3 MEAN-MLP 737437 523+31 500£00 200+00 792423 835+£63 755434 66669 809+ 18
Z MEAN-1-LAYER (GCN) 740434 519438 500£00 200+00 790+18 856+58 760+32 642443 802420
MAX-MLP 732458 SL1£36 - - - 84061 760+32 646+102 77813
MAX-1-LAYER (GraphSAGE) 723 +53 509422 - - - 851476 759432 639477 T717+15
KIND

10 ()




Graph Classification in Drug Discovery

Tab. 1: Statistics of our 9 datasets in WelQrate dataset collection, which has coverage
of various important drug targets, challenging but realistic low active percentages.

Target EioAssay D . (-Zompound Number of Number Percent Unique
Class (AID) arge Type Compounds of Actives Active BM Scaffolds
435008"  Orexin 1 Receptor Antagonist 307,660 176 0.057% 86,108
G Protein-Coupled 1798 MIMmeanmie: Atosterie;  25on0 164  0270% 30,079
Receptor Agonist
Receptor (GRCE) M1 Muscarinic Allosteric
435034 7 60,359 78 0.129% 39,909
Receptor Antagonist
Potassium Ion i
1843 Channel Kir2.1 Inhibitor 288,277 155 0.054% 82,140C
Ton Channel 2258 KCNQZ pientiator 289,068 247 0.085% 82,247
Potassium Channel
463087 Cav3Ttype — poribitor 95,650 652  0.682% 40,066
Calcium Channel
" Choline g
Transporter 488997 T Inhibitor 288,564 236 0.082% 82,343
ransporter
Kinase 2689  Serine Threonine ) ior 304,475 120 0.039% 85314
Kinase 33
Enzyme 485290 TyrosylDNA  — ppipitor 281,146 586  0.208% 80,984
Phosphodiesterase

" Indicates additional experimental measurements are available for those datasets. See Sec. 4.1 for details.

Compound BM scaffold Graph framework

KIND
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Graph Classification and Regression

Tab. 1: Statistics of our 9 datasets in WelQrate dataset collection, which has coverage
of various important drug targets, challenging but realistic low active percentages.

Target I-lioAssayl-I') Target (-Jompound Number of Number Percent Unique
Class (AID) arge Type Compounds of Actives Active BM Scaffolds
435008"  Orexin 1 Receptor Antagonist 307,660 176 0.057% 86,108
G Protein-Coupled 1798 MlRM““a““‘C losese:  Soiie 164  0270% 30,079
eceptor Agonist
Receptor (GPCR) NI M — ATl -
435034 uscarnmic osteric ¢4 359 78 0.129% 39,909 ¢ 4 .
Receptor ___Antagonist It ensures realistic model evaluation,
Potassium Ion e
1843 ; Inhibitor 288277 155  0.054%  82,140C . . .
Clmes ’ promotes chemical diversity
Ion Channel 2258 2 Potentiator 289,068 247 0.085% 82,247 H
Polassinm Channel and encourages the discovery of novel
av3 T-type T
463087 : Inhibitor 95,650 652 0.682% 40,066 . .
Calciuco el scaffolds and first-in-class drugs
Transporter 488997* Tm;’p:;er Inhibitor 288,564 236 0.082% 82,343
Kinase 26g9*  SerineThreonine e 304475 120 0.039% 85314
Kinase 33
Enzyme 485290 Tyrosy-DNA 1 pitor 281,146 586  0.208% 80,984
Phosphodiesterase

" Indicates additional experimental measurements are available for those datasets. See Sec. 4.1 for details.

150 4

100~
40 {

20+
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Graph Classification and Regression

Tab. 1: Statistics of our 9 datasets in WelQrate dataset collection, which has coverage
of various important drug targets, challenging but realistic low active percentages.

T‘arget l-iioAssale) Target (-Iompound Number of Number Percent Unique
Class (AID) rg Type Compounds of Actives Active BM Scaffolds
435008* Orexin 1 Receptor Antagonist 307,660 176 0.057% 86,108
G Protein-Coupled 1798 MIRM““"““'C pdlerc;  Coa08 164 0270% 30,079
eceptor Agonist
Receploe (GRCR) M1 Muscarinic Allosteric
435034 R A 60,359 78 0.129% 39,909
eceptor Antagonist
Potassium Ion s
1843 Channel Kir2.1 Inhibitor 288,277 155 0.054% 82,140C
Ton Channel 2258 v Potentiator 289,068 247  0.085% 82,247
Potassium Channel
463087 Cav3Type — popipitor 95,650 652 0682% 40,066
Calcium Channel
. Choline i
Transporter 488997 T Inhibitor 288,564 236 0.082% 82,343
ransporter
Kinase 26g9*  SerineThreonine o ior 304475 120 0.039% 85314
Kinase 33
Enzyme 485290 TyrosylDNA - pitor 281,146 586 0.208% 80,984
Phosphodiesterase

" Indicates additional experimental measurements are available for those datasets. See Sec. 4.1 for details.

1* Model

2™ Model

3 Model

4" Model

5™ Model

Fig. 3: [Illustration of the
adapted cross-valiation.
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5

Graph Classification and Regression

Node atom number,

* Sequence-Based: SMILES2Vec [31], TextCNN [32]. chemical bonds

e 2D Graph-Based: Graph Convolutional Neural Network (GCN) [33], Graph Isomorphism
Network (GIN) [34], Graph Attention Network (GAT) [35].

* 3D Graph-Based: SchNet [36], DimeNet++ [37], SphereNet [38]. Node atom number,

Node 3D coordinates

* Naive Baseline: Atomic-level Pooling averages the atomic features as molecular representations.

* Domain Baseline: Molecular-level Descriptor, specifically, the BioChemical Library (BCL) [39]
is utilized to extract a domain-driven descriptor set, such as signed 2D and 3D autorcorrela-
tions [23] (with details in the supplement Sec. C.1).

KIND
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Graph Classification and Regression

logAUCj0.001,0.1] - BEDROC EF100 DCGig0
0.4 . - WelQrate B Control
4
- 041 \ l 75 3
0.2 l 50 2
0.2

0.1 25 [ ‘
B A\ \\S e 3 » \\S o % e e » A\ o ) e e » » A

LN oAt e o R DGOSR\ L) v o RSP\ L A S ST A A

~e Se“\\e D Ge P G oo™ w~ go‘\se D Gt W» G oo ~ 9’&\\6 D Gt W» G pov w Sc“\\e » Gt W» G oo

Domain Performs pretty good

3D Graph in general is better
than 2D Graph than others
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Graph Classification and Regression

logAUC0.001, 0.1]
0.30 - e Naive () Pre-defined Features o
ve wem 2D Graph  [ZZZ] One-Hot Features
w3 Graph
0.25 1
(&)

0.20 1

0.15

0.101 r T
0.05 1

(o)
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Graph Classification and Regression

logAUC(0.001,0.1) BEDROC
© s Domain s 20 Graph T random o
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Question Time!




