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Recommender Systems

Session-based Heterogeneous
| Goal: Predict the next Goal: Model multiple types
action based on a short \ of entities.
sequence of recent user
behaviours. Graph: Multiple node

types, multiple edge types
Graph: Session graph
(temporary, session- Use cases: Social network
specific graphs of clicks)

Use cases: Online retail ~
browsing, food delivery

\ apps




Types of Recommender Systems

User 1

Movie 1
User 2

Movie 2
User 3

Movie 3
User4

Movie 4
User 5

Nodes can be separated into two distinct groups.
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Types of Recommender Systems

Heterogeneous

Goal: Model multiple types
of entities.

Graph: Multiple node
types, multiple edge types

Use cases: Social network

Directors

Families

Edges have different meanings based on node types
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Graph Neural Network (GNN)

* Neural network designed to process graphical data by learning the
relationships between nodes.

* Message passing between nodes to learn node feature
representation based on the local neighbourhood

1. Message 2. Aggregate 3. Update
Q Aggregated el W
feature
New
Q Embedding Embedding

node A node A
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Graph Convolutional Network (GCN)

—— e * Kipf & Welling (ICLR 2017)

T e * Type of GNN that
L L L _owa performs graph
- o = e U I P convolution - a form of
e T v L 2 weighted averaging of
i | ~ neighbour features.

Image source: https://tkipf.github.io/graph-convolutional-networks/



Graph Convolutional Network (GCN)

{ HU+1) — U(D'—l/ZA'D'—l/ZH(l)W(l))

e Adjacency matrix with self-connections added: A = A + L,

Each node updated its
representation by aggregating

information from its neighbours.

Without adding self-loops, the
previous representation of a node
gets overwritten immediately.
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Graph Convolutional Network (GCN)

{ HU+1) — U(D'—l/ZA'D'—l/ZH(l)W(l))

~

» Normalised adjacency matrix: D~Y/2AD~%2,D; = ¥ A;;

Without normalising the adjacency

matrix with the degree matrix, high-

degree nodes (nodes with lots of

edges) would overwhelm their
neighbours.
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Graph Convolutional Network (GCN)

{ HU+1) — U(D'—l/ZA'D'—l/ZH(l)W(l))

* Activation function: o
e Trainable Weight-matrix for layer [ W(l) % Linear feature transformation per layer

 Node feature matrix for layer l : H ——> Message passing
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Timeline of SOTA Graph-Based CF

Complex Deep Learning Era (2016 - 2019)
We need to account for higher-order graph
connections and use deep neural networks.

Simplification Wave (2020+)
Simple recommender models are
best. Matrix factorisation with graph-
34% 34% aware embeddings.

Early CF Era (2006 - 2015)
Simple recommender models are
best. Matrix factorisation works fine.

14%

Iseore 55 70 85 100 115 130 145
14



Early CF Era (2006 - 2015)

e Matrix factorisation
* Bayesian Personalised Ranking
e SVD ++

15



Early CF Era (2006 - 2015)

User embedding matrix

Rating matrix —\’ . |
(user-item) ltem embedding matrix

* Prediction: 7,; = (u,, v;)

* Loss:min Y, ;(ry; — )% + A lluyllz + 2 llv;ll;

\ J J
Y Y

Squared error Regularisation

* Requires explicitly provided feedback

16



Early CF Era (2006 - 2015)

* One-class collaborative filtering system: Does not require explicit
feedback — only positive feedback.

* Positive signhals assumed known, obtain negative signal by randomly
sampling user-item pairs with no data.

* Goal: Rank observed positive signals higher than sampled unobserved pairs.

)

* Loss: min — Zu,i,jED In (J(J?ui — fuj)) + Al|®]|, |~ Resularisation

V/L \\
Predicted score where Predicted score where

the user interacted the user did not
with the item interact with the item

17



Early CF Era (2006 - 2015)

 Extends matrix factorisation model to allow for implicit feedback.

,\ 2. jeNw) Y

— I ]
fui = #+ bi + by + (Pu » i
— R

I

Global Bi{as User embedding emt;fg:jing
average ferms (captures user’s
rating explicit

preferences)



Early CF Era (2006 - 2015)

 Extends matrix factorisation model to allow for implicit feedback.

2jeNw) Y
JIN@WI

f'ui=,l,l+bi+bu+ Dy q;

— ——

* N(u): Set of items that user u has interacted with (implicit feedback set)

* y;: Latent vector associated with implicit item j, used to enrich user u's
profile



Early CF Era (2006 - 2015)

 Extends matrix factorisation model to allow for implicit feedback.

2jenw) Y
f‘ui=,u+bl-+bu+ Py - »  qi
- VIVl

Userérofile

* User profile incorporates implicit feedback

* Why is this useful? Strong recommendations can be given even if a user has
not explicitly provided ratings.

20



Limitations of early CF

Limitation

X No structure or graph reasoning

X No high-order connectivity

X Poor generalisation on sparse
users/items

Impact

Can't model transitive preferences (A
likes B, B likes C, so maybe A likes C)

Doesn't capture similarity through
neighbours

Needs many interactions to learn
reliable embeddings

21



Complex Deep Learning Era (2016 - 2019)

Developments in GNNs
* GCN (Kipf & Welling, 2017): initially * GraphSAGE (Hamilton et al., 2017):

introduced for the purpose of semi- introduced as a model to learn high-
supervised classification. Later, quality node embeddings for
applied to recommender systems. downstream tasks.
B —
o HEi— [P
e o

1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information
Image source: https://snap.stanford.edu/graphsage/ 22



https://snap.stanford.edu/graphsage/

Complex Deep Learning Era (2016 - 2019)

* Graph Convolutional Matrix Completion (GCMQC) (Berg, Kipf &
Welling, 2017): One of the first direct applications of GCNs to CF.
Uses an autoencoder-style setup.

* Neural Graph Collaborative Filtering (NGCF) (Wang et al.,
2019): Customises GCNs for collaborative filtering.

* PinSage (Ying et al., 2018): first practical, large-scale GNN
recommendation system. Combines logic from GCNs and
GraphSAGE. Already a simplification of GCNSs.

23



Complex Deep Learning Era (2016 - 2019)

* GCN paperintroduced at ICLR 2017 by Kipf & Welling.

* GCMC =first direct application of GCNs to collaborative filtering
problem.

* Key novelty:
Applying GCNs in an autoencoder setup for collaborative
filtering, where a shared GCN encoder learns representations for

users/items from interaction graphs, followed by decoding to
predict ratings.

24



Complex Deep Learning Era (2016 - 2019)

Graph Convolutional Matrix Completion (GCMC) (Berg, Kipf & Welling, 2017)

The matrix completion task can be cast

Observed edges are input. as a link prediction problem.
Missing e ~N s ~N
observations ltems Users Users
\ 5|1{0]o0| T~
* ‘ 034010
2 10l0(5]0 GAE
- O, 0|0 4
olof2](o0 —
Rating matrix M - J Graph \S J/
Bipartite graph Auto-Encoder Link prediction

GCN encoder and MLP decoder

Image source: Berg, R. V. D., Kipf, T. N., & Welling, M. (2017). Graph convolutional matrix completion. arXiv preprint arXiv:1706.02263. 25



Complex Deep Learning Era (2016 - 2019)

* Goal: Inject
directly into user/item
embeddings.

Multi-hop collaborative sighal modelling

i » Achieves goal by leveraging
" : high-order connectivity in
" & the user-item interaction
uy iy graph.
N & QI » Stack multiple graph
User-Item Interaction Graph High-oider Connectivity for u ConVOlUthn laye rs tO Capture

higher-order connections.

Image source: Wang, X., He, X., Wang, M., Feng, F., & Chua, T. S. (2019, July). Neural graph collaborative filtering. In Proceedings of the 42nd international ACM SIGIR conference on
Research and development in Information Retrieval (pp. 165-174). 26



Complex Deep Learning Era (2016 - 2019)

NGCF modifies message passing between nodes.

1 [ ' — 1 This term mixes the user and item
My i = Wlei$+ WZ(ei © eu)ls embeddings together before
\/“Vu | |Ni | | = sending the message. The message
is personalised to that user.

A

Traditional message
passing

Example: LOTR

GCN: Alice & Ben get the same message: “you liked LOTR”
NGCEF:

* Alice: “You liked the rich fantasy world.”

* Ben: “You liked the epic battle scenes.”
27



Complex Deep Learning Era (2016 - 2019)

PinSage (Ying et al., 2018):

TARGET NODE -
CONVOLVE

| — ®
Previous ‘ -
representation ML.P . '1.“‘. .
/) 15
Non.li h(g}. — 7k Z .*'
on-linear ¥ . h(l] e - (1) ﬁ_ .
transformation N(A) \ ~5 he & ®
Linear transformation Neighbourhood ¥ .
representation e . A
D
(2) (1) (1)
h{? « ReLU (W - CONCAT (h$”,h, ) + w) mportance
(2) (2) (2) : :
h,” < h, /”hA ”2 (L,-normalisation) pooling function

Image source: Ying, R., He, R., Chen, K., Eksombatchai, P., Hamilton, W. L., & Leskovec, J. (2018, July). Graph convolutional neural networks for web-scale recommender systems. 28
In Proceedings of the 24th ACM SIGKDD international conference on knowledge discovery & data mining (pp. 974-983).



Complex Deep Learning Era (2016 - 2019)

Efficient neighbourhood
sampling

* |In traditional GCNs, you TARGET NODE

compute on the entire l/ \\

graph, which is infeasible

at large scale. // I
* PinSage uses random /

walk-based importance

sampling to find thetop T
most relevant neighbours.

N =

—

. Startatanode
. Perform many short

random walks from the
starting node

Count how frequently
each neighbouring node
is visited

Pick the top T most
frequently visited
nodes.

Aggregate features from
these for learning.

29



Complex Deep Learning Era (2016 - 2019)

* The first scalable GNN recommender system deployed at web
scale (Pinterest).

* Focused on industrial engineering challenges like efficient
neighbourhood sampling.

* Combines ideas from GraphSAGE (local neighbourhood
sampling) and GCN (graph convolution updates).

between the and the subsequent

30



Simplification Wave (2020+)

Why Simplify?

The complex GNN models of 2016 — 2019 brought rich modelling
capacity, but also real-world challenges:

x Expensive to scale (especially full-graph operations)
x Qverfitting on sparse interaction data
x Complicated training pipelines

New Goal: Keep the Graph Knowledge, Drop the Complexity

31



Simplification Wave (2020+)

PinSage (Ying et al., 2018)
* Bridge between the Complex Era and the Simplification Wave.

LightGCN (He et al., 2020)

e Removes linear transformations and non-linear activation
* Just linear aggregation
e Strong performance

UltraGCN (Mao et al., 2021)

* Removes GCN layers entirely - no message passing, back to basic embeddings
* Pure embedding model with graph regularisation
* Nearly as fast as matrix factorisation

32



Simplification Wave (2020+)

LightGCN (He et al., 2020)

* Modifies NGCF by stripping away many features:

* Non-linear activation

* Self-loops

* Personalisation in message passing

* Achieves 16% performance boost over NGCF with faster convergence
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Image source: He, X., Deng, K., Wang, X., Li, Y., Zhang, Y., & Wang, M. (2020, July). LightGCN: Simplifying and powering graph convolution network for recommendation.

In Proceedings of the 43rd International ACM SIGIR conference on research and development in Information Retrieval (pp. 639-648).
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Simplification Wave (2020+)

Aggregated messages to useru
from neighbouring items
A

' 1 N
e,&kﬂ) =0 Wlez(tk) + Z : (Wlegk) + W, (egk) O egk)))
i VNN w)
Self-connection Personalisation/

interaction term

* For NGCF, after L rounds of propagation, you concatenate all learned
embeddings to create the final embeddings:

e, = eg)),e,gl), ...,e,SL)] per user

e, = [ego),egl), ...,egL)] peritem.
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Simplification Wave (2020+)

LightGCN (He et al., 2020)

NGCF

1
cmvecing 6" =o(Wiel 4 ) e (Wiel W, (el 0 )
update iEN(u)\/N(l)N(u)

LightGCN 1) _ 1 o
embedding €,
update iEN (1) \/N(l)N(u)

* LightGCN final embeddings:

e, = 2k, el peruser

e = N0 ale() per item

35



Simplification Wave (2020+)

Why does this work?

* Learning W; and W, and applying a non-linear activation is useful
in semi-supervised node classification (original use of GCN
architecture) but not CF.

* By dropping self-loops, embeddings at different layers stay
distinct. Summing those layers preserves diversity, preventing all
nodes collapsing to the same mean (“over-smoothing”).

* Fewer parameters leads to a simpler loss landscape. Training
converges faster and with less risk of overfitting.

36



Simplification Wave (2020+)

Is this stilla GCN?

GCN

g+ — 0(5—1/2121"5—1/21-1(1)]4/(1))

« A=A+1
* D isthe degree matrix of A

LightGCN

E(l+1) — D—l/ZAD—l/ZE(l)

No learnable weight matrix
No activation function

No self-loops

D is degree matrix of A

37



Simplification Wave (2020+)

e Strips the LightGCN formulation — “ultra-simplified” formulation
* Pure embedding model with graph regularisation.

* Removes message passing mechanism — approximates the limit
of infinite-layer graph convolutions through a constraint loss.

* As . - oo, that process converges: each node’s final embedding
satisfies a fixed-point equation:

E=D"12 oAp~1/2EF —>$E ~ PE

38



Simplification Wave (2020+)

* Loss function: L = Ly + AL + vL;

* Ly: Ranking binary cross-entropy loss (rank true user-item pairs
higher than negative sampled pairs)

* L-: User-item constraint loss
* L;: ltem-item constraint loss

Lo=-) Puilog(olege)) — ) Pujlog(o(-ee;)))
(u,i)eN+ (u,j)EN-

Where L. effectively minimises the difference ||e, — (PE),||, where (PE),
ZiEN(u) Buieias Ly < — Z(u,i)em ,Bu,iezzei

39



Simplification Wave (2020+)

Is this stilla GCN? No

« & No neighbour aggregation

« X No multi-layer propagation

« X No graph convolution

. Just learns embeddings and applies graph-regularised loss

What is UltraGCN then?
Latent factor model enhanced with embedded graph information.

40



Isn’t UltraGCN Just Old-School CF in
Disguise?
* Embeddings-only model like standard MF

but informed by graph structure.

e Constraint losses derived from GCN
fixed-point

* Graph structure baked in via 8, ; weights

(user-item) and w; ; weights (item-item) Modified
ights ’ matri o
weig faci‘iem {2,
* Runs as fast as MF yet captures multi-

hop proximity in one shot.
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Conclusion

— Modelling interactions as a graph
captures valuable structural signals that traditional methods
miss.
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Conclusion

* Simplicity wins in production = LightGCN and UltraGCN simplify
the learning process and still match or beat deeper GNNs while
slashing training and inference cost.
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Conclusion

— ML often adds depth and
complexity, but in a production recommender system you should
only pay for complexity that measurably improves your key
metrics.
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