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Course lectures

Introduction to Graph Machine Learning @ Part 3 : GML with deep feature learning,

Part 1: GML without feature learning a.k.a. GNNs (after 2016)
(before 2014) @ Graph Convolutional Networks

@ Introduction to Graph Science (spectral and spatial)

@ Recommendation on graphs Material design

@ Graph Analysis Techniques without ® Weisfeiler-Lehman GNNs
Feature Learning @ Graph Transformer
@ Graph clustering —> @ GNNs Meet Large Language Models
@ Graph SVM @ Graph generation & molecular science
o
o

@ Graph-based visualization Deep Learning for Combinatorial

Part 2 : GML with shallow feature learning optimization
(2014-2016)

@ Shallow graph feature learning
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LLMs and GenAl

Do LLMs make GNNs obsolete ?
Combining LLMs and GNNs
Using LLM for GNN reasoning
Using GNN for LLM reasoning

Conclusion
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@ LLMs and GenAl
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@ Computer vision revolution

@ Language model revolution

Two waves of the deep learning revolution

DB e
ia
Year: 2012, Dataset: ImageNet (1.2M 224x224 labeled images) (A

Architecture: CNNs/AlexNetll: 8 layers, 61M parameters mw‘:g

Hardware: 2 x NVIDIA GTX 580 GPUs (2 x 1.6 teraflops for single-precision)

Training time: 5 days

xxxxx

Industry: Search, ad recommender (Facebook, TikTok), tagging, autonomous driving
(Waymo), surveillance (real-time face monitoring).

Trear

Year: 2022, Dataset: Internet and third-party (300B word tokens)
Architecture: Decoder-only Transformer (GPT-3.52, 96 layers, 175B parameters) RS ==
Hardware: 10,000 x NVIDIA V100 GPUs (105 training teraflops)

Training time: 15 days

Industry: GenAl for everyday tasks s.a. coding, summarization, content creation, dialogue
systems (e.g. ChatGPT, Claude, Gemini).

Paradigm: Large pre-trained networks on large-scale datasets are called foundation models.

[1] Krizhevsky-Sutskever-Hinton, ImageNet Classification with Deep Convolutional Neural Networks, 2012
[2] Brown et-al, Language Models are Few-Shot Learners, 2020
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GenAl industry (Oct 2026)

@ Text generation!!:

Proprietary models : GPT-6 Astra (Sep 2026), Gemini 4 Argon (Sep 2026), Claude Fable 5.1
(Sep 2026), Grok 4.7 (Sep 2026), Muse Wonder Full (Oct 2026).

Open-weight models : Meta Muse Spark Open (Oct 2026), Google Gemma 4 31B (Mar 2026),
DeepSeek-V4-Pro (Apr 2026), Qwen3.8-2.4T-A95B (Aug 2026), Llama 4 Maverick (Apr 2025).

Data : Llama 4 Maverick was pre-trained on 22T multimodal tokens (text, images, video),
DeepSeek-V4-Pro on 32T tokens. But training data sizes for other models remain undisclosed.

Architecture : Transformers, using dense or Mixture-of-Experts (MoE), sometimes with

multimodal early fusion. Total/active parameters: Muse Spark Open 816B/42B, DeepSeek-
V4-Pro 1.6T/49B, Qwen3.8 2.4T /95B, Llama 4 Maverick 400B/17B, Gemma 4 31B.

Compute: Frontier Al infrastructure spans O(100,000) NVIDIA GPUs with gigawatt-scale

clusters. Exact model-level training compute is often undisclosed.
xATI’s Colossus reached 200,000 x H100s (Feb 2025).

SYSTEM In a shocking finding, scientist discovered a herd of unicorns living
PROMPT in a remote, previously unexplored valley, in the Andes Mountains.
(HUMAN- Even more surprising to the researchers was the fact that the
WRITTEN) unicorns spoke perfect English.
The scientist named the population, after their distinctive horn,
MODEL Ovid’s Unicorn. These four-horned, silver-white unicorns were
COMPLETION previously unknown to science.
(MACHINE- Now, after almost two centuries, the mystery of what sparked
WRITTEN) this odd phenomenon is finally solved.
Dr. Jorge Pérez, an evolutionary biologist from the University of
La Paz, and several companions, were exploring the Andes
Mountains when they found a small valley, with no other animals

[1] httDS'//arena ai/leaderboard or humans. Pérez noticed that the valley had what appeared to
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be a natural fountain, surrounded by two peaks of rock and silver
snow.


https://arena.ai/leaderboard

GenAl industry (Oct 2026)

@ Text-to-image generationlll :

[1] https://artificialanalysis.ai/image/leaderboard /text-to-image

Proprietary/API models : Midjourney V8.2 (Jul 2026), GPT-Image-2.5 Flare/Sunburst (Sep
2026), Google Nano Banana 2 (Feb 2026), FLUX.2 pro (Nov 2025)/ max (Dec 2025).

Open-weight models : FLUX.2 dev (Nov 2025) / klein (Jan 2026), Ideogram 4.0 (Jun 2026),
Qwen-Image-2.1 (Sep 2026), Stable Diffusion 3.5 (Oct 2024).

Data : Frontier training datasets remain undisclosed. LAION-5B (Mar 2022), containing
5.85B image-text pairs, is a historical public reference but likely not representative of
current frontier training datasets.

Architecture : Diffusion/flow-matching Transformers. Ideogram 4.0 (Jun 2026) uses a 9.3B-
parameter, 34-layer Diffusion Transformer (DiT) with structured captions.

Compute : Current frontier image-model training compute is

undisclosed. For historical context, Stability Al operated a cluster
of 4,000 x NVIDIA A100 GPUs (2022).
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GenAl revenues vs. investment (Oct 2026)

@ OpenAllll: Reuters reported US$50B in 2025 revenue. Anthropicl? : Q3 2026 revenue was
$16.8B. Googlel3l : Alphabet’s Q3 2026 report confirms $24.8B in Google Cloud revenue.

@ Most profitable GenAl application categories (Oct 2026)[4 :
@ General-purpose Al assistants : $7.2B (enterprise spending) with ChatGPT, Claude,

Microsoft Copilot.

@ Coding : $4.0B for GitHub Copilot, Cursor, Claude Code, Codex.

@ Healthcare : $1.5B for AI medical scribes, clinical documentation.

@ AT agents : $750M for business workflow and task automation.

@ Goldman Sachsl’l estimates companies, governments
and organizations worldwide will spend $0.8T
on Al-related infrastructure in 2026, and will
generate $0.3T revenue.

@ In 2031 (5 years), the projected AI infrastructure
will reach $1.6T, and $1.1T revenue.

[1] hitps: //www.reuters.com /business openais-annualized-revenue-20-billion-less-than-previously-signaled-ft-reports-2026-10-08

[2] hitps://www.reuters.com /business/finance/anthropics-q3-revenue-surges-45-nearly-17-billion-2026-10-14

[3] hitps://www.sec.gov/Archives/edgar/data/1652044/000165204426000066 /googexhibit991q22026.htm

[4] https://menlove.com /perspective/2026-the-state-of-consumer-ai

[5] hitps://www.goldmansachs.com /insights/articles/tracking-trillions-the-assumptions-shaping-scale-of-the-ai-build-out
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Al infrastructure investment vs. GenAl market revenues

2026-2031 | Published projections, USD billions

I Infrastructure CapEx (Goldman Sachs, 2026) Il GenAl market revenue (Allianz / Bloomberg Intelligence, 2025)
$1.58T $1.64T

$1.08T
$897B

$1.6T
$1.39T

$1.22T

$1.2T
$1.01T
$800B $7658
$548B
$400B $399B
$304B
$0B

||||“]Ii

2026 2027 2028 2029 2030 2031


https://www.reuters.com/business/openais-annualized-revenue-20-billion-less-than-previously-signaled-ft-reports-2026-10-08
https://www.reuters.com/business/finance/anthropics-q3-revenue-surges-45-nearly-17-billion-2026-10-14
https://www.sec.gov/Archives/edgar/data/1652044/000165204426000066/googexhibit991q22026.htm
https://menlovc.com/perspective/2026-the-state-of-consumer-ai
https://www.goldmansachs.com/insights/articles/tracking-trillions-the-assumptions-shaping-scale-of-the-ai-build-out
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LLMs are trained from graph-structured data

The Web can be viewed as a graph : Webpages are nodes and hyperlinks define relationships
between them, producing an enormous, heterogeneous network of information.

Wikipedia forms a large hyperlink network, while Wikidata represents entities and their
relations explicitly as a structured knowledge graph.

LLMs are trained mainly on text extracted from these sources, rather than on the graph itself.

Nevertheless, textual data encodes many relations, and LLMs can reason over graphs when their
nodes and edges are represented in text -- for example, classification or link prediction.

This raises the critical question : Can LLMs reason reliably over graph-structured data, or do
we still need GNNs to explicitly exploit the underlying graph structure?

Text-based nodes

Web

= *°) WIKIPEDIA
- . \/’ The Free Encyclopedia
= Deep learning
Article  Talk

From Wikipedia, the free encyclopedia

For the TV series episode, see Deep Learning (South Park).

Deep learning is a subset of machine learning that focuses on utilizing neural networks to
perform tasks such as

Wikipedia Hyperlinks

Json file Links to other content
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@ Do LLMs make GNNs obsolete ?
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Text-attributed graphs

@ We consider text-attributed graphs (TAGs), where nodes are associated with natural language.

@ We exclude graphs without textual attributes, such as molecular graphs.

Knowledge Graph
|

frankiin
— inventions™]__ stove
benjamin franklin

What else did ben franklin invent?
Surrounding this question, develop an educational
tour through the knowledge graph, highlighting
interesting facts and connections in an engaging way.

Great! Based on the provided knowledge graph,
here's an educational tour that highlights interesting
facts and connections related to Benjamin Franklin's
inventions and other notable achievements:

1. Franklin's Lightning Rod: Start by exploring
Franklin's most famous invention - the lightning rod.
Discover how Franklin's invention protected buildings
from lightning strikes and how it changed the way
people understood electricity...

QA graph
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skill: “ERP_Systems”

g

Department: “Accounting”

employee name: lzumi
Team: 410

member_of

Department: “Finance”

Team: 453
City: “Chicago”
State: “IL" employee name: Rosario
office_code: 66 —
locateq j, State: “WA”

office_code: 51

Knowledge graph

video: “cat_dance”
post_id: 3435
post_dt: 07012024

user: “alexalways”
name: “Alex”

user: “aural6”
name: “Ariel”

s song: “summer_days’
post_id: 2563

post_dt: 06262024

user: "kiran2020”
name: “Kiran”

article: 23453
post_id: 3653

Target user
post_dt: 07052024
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A canonical TAG benchmark : ogbn-arxiv

@ Consider ogbn-arxivlll, a widely used node-classification benchmark from OGB.
@ Graph : 169,343 papers, 1,166,243 directed citation edges, 40 classes.
@ Text : Each paper/node has a title and abstract.

@ Task : Predict each paper’s primary arXiv CS category s.a. cs.Al, ¢s.LG, ¢s.0S.
The train/validation/test split is chronological : < 2017 / 2018 / = 2019.

OPEN GRAPH BENCHMARK

palafo 000803 088a,006G668a00a000g0a60
2288 432382ai7we3Is2i SRS HES 05 823 Fwoss 2
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]

m

(2]

=

=4
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=

=

Humber of papers

[1] Hu-etal, Open graph benchmark: Datasets for machine learning on graphs, 2020
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Do LLMs make GNNs obsolete ?

@ Results

RevGATIl + OGB shallow text features achieves 70.8% test accuracy.
The 2022-SOTA GLEM[R (LM+GNN) achieves 76.6% test accuracy.
Zero-shot GPT-3.51, using only title + abstract, achieves 73.5% accuracy.
Conclusion : GNN alone: 70.8 < LLM alone: 73.5 < LM+GNN: 76.6

Thus, the LLM outperforms the shallow-feature GNN, but combining language and graph
structure performs best!

Additionally, ogbn-arxiv papers may appear in GPT-3.5’s training data, as the dataset

predates GPT-3.5’s training cutoff (Sep 2021). Therefore, potential data leakage is possible.

[1] Li-etal, Training graph neural networks with 1000 layers, 2021
[2] Zhao-etal, Learning on large-scale text-attributed graphs via variational inference, 2022
[3] Brown-etal, Language Models are Few-Shot Learners, 2020
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Combining LLMs and GNNs
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@ Strengths

LLMs : strengths and limitations

2 Ask Me
—>| Anything

(but be precise!)

Learn rich distributions over token sequences, enabling
fluent generation and contextual prediction.

Pretrained on massive, heterogeneous corpora.

LLM Oracle / Prompt and
Assistant response

Strong zero-/few-shot adaptation through prompting
and in-context learninglll.

Scaling continues to improve performancel?l (Oct 2026) : More training compute improves
models, while post-training and test-time compute provide additional scaling axes.

@ Limitations

Can hallucinate, producing plausible but incorrect or unsupported claims.

Reasoning has improved greatly with modern reasoning models, but remains compute-intensive
on difficult tasks.

Graph reasoning remains challenging as graph topology encoded as text is not natural for LLMs.

[1] Brown et-al, Language models are few-shot learners, 2020 @ g ! g ' / 4 | !

[2] Sutton, the bitter lesson, 2019
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GNNs : structure-aware, but hard to scale

Multi-hop path to the solution

e«e\ To,,y& paris

@ Designed for relational reasoning by aggregating information over @é\ @\j‘ -
multi-hop neighborhoods. @ o e @
. . 3 @; &(@\; { \)
@ Effective on graph-structured data across domains: recommendation, B WS vff:‘
. ‘@ =)
fraud, molecules, knowledge graphs, physical systems, etc. @ O

Q: Is the Mona Lisa in the same

@ AlphaFold2, recognized by the 2024 Chemistry Nobel, uses pairwise and city as Alice’s friend Bob?
triangle-based reasoning to predict accurate 3D protein structures. Y=Y

@ Limitations 7

Xavier Bresson

@ No graph foundation model [1.23] yet matches LLMs/VLMs in scale, breadth and transferability.

@ Graph training data is fragmented across domains and lacks a Web-scale universal corpus.
@ Sparse, irregular graph operations are less accelerator-friendly than dense matrix operations.
@ Pretrained GNNs are generally much smaller (< 50M param) than frontier LLMs / VLMs.
@ GNNs see substantial domain-specific use, but foundation

GNN+LLM systems remain relatively uncommon as unclear Graph

. [4] Foundation
profitable productsl4l. Model —
(GFM)

[1] Li et-al, A Survey of Graph Meets Large Language Model: Progress and Future Directions, 2024
[2] Liu et-al, One for All: Towards Training One Graph Model for All Classification Tasks, 2024 h d Node. ed h
[3] Mao et-al, Graph Foundation Models are Already Here, 2024 Grap —ds;:;:cture —;)evee,l i)rge(zl,i(iri?)lr)l

[4] https://www.reddit.com/r/MachineLearning/comments/1c9vibh/d_why isnt gnn in_ high demand_ in_industry
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The challenge of combining LLMs and GNNs

Joint graph-text foundation models are a promising direction for combining semantic and
structural reasoning.

A key challenge is aligning two very different representations : Dense, sequential token
representations and sparse, irregular graph structures. This challenge is further compounded
by a large disparity in training scales, spanning approximately five orders of magnitude.

Effective integration therefore requires scalable graph encoding, cross-modal alignment, and
efficient mechanisms for exchanging information between LLMs and GNNs.

Text
generation

I

Self-attention or
Cross-attention
layers

1 !

LLM
LLMs GNNs T T
10!1-1012 param 107-108 parameters
1013 training tokens 108 nodes in OGB Graph Text



Task-specific LLM+GNN integration

@ The key question is : How should the two models interact for each task?

@ We seek tasks where combining a LLM with a small GNN provides complementary benefits.

@ Such task-specific combinations can :

Xavier Bresson

Transfer semantic knowledge from LLMs to improve learning on small text-attributed

graphs and low-data GNN tasksl!l.

Use graph structure and retrieved facts to ground LLM generation in a more constrained

and verifiable evidence space, hence reducing hallucinations/2l.

Frontier LLM GPT-3.5
175G parameters 300B

word tokens

TAPE

Cora graph GCN
2,708 nodes
23K parameters

@K: @@ —
@@ ; IR -
® @
Small Open-weight LLM Llama, 2
Knowledge graph 7G parameters
100 nodes 2T word tokens

G-Retriever
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Using LLM for GNN reasoning

Outline
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[1] B
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TAPE : LLM-enhanced node features for GNNs

Goal : Improve GNNs using node features enriched with LLM-generated predictions and
explanationsll.

Key question : How can LLM outputs be transformed into informative features for downstream
TAG tasks?

Frontier LLM Cora graph GNN
In 2023, we used GPT-3.5 2,708 nodes
175G parameters 7 classes
300B word tokens 1.8M parameters

e-LeCun-Bresson-etal, Harnessing Explanations: LLM-to-LM Interpreter for Enhanced Text-Attributed Graph Representation Learning, 2023
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LLM-generated predictions and explanations

@ Extract LLM knowledge from the textual attributes of each TAG node.

@ Given a node description (here title and abstract), prompt a frozen LLM to generate :

Xavier Bresson

@ A zero-shot prediction for the downstream task.

@ A language explanation supporting that prediction.

- o wm wm wm ow ow  ow=w

e N\

/ \

| Abstract: Text in curve orientation, despite being one of
the common text orientations in real world environment...

¢s.CV. cs.IR. ¢s.CL. ¢s.LG. cs.AlL Title: Total Text A Comprehensive Dataset For Scene Text
’ ’ i d Detection And Recognition.

. \ —_
Abstract: Text in curve orientation, despite being one of { xplap i 0D DS _abc?ut kA Sl i R : t.ext

: s ; deteetiomand recognition, which is a topic related to computer vision
the common text orientations in real world environment...

Title: Total Text A Comprehensive Dataset For Scene Text Lol ey mentions UG e T techn.iqu.es
Detection And Recognition. ;uch as DeconvNet, which falls unfier the sub-category of artificial
Question: Which arXiv CS sub-category does this paper mtelllg.cpce (cs.{XI). The dataset is annotated and mvolvgs text
belong to? Give 5 likely arXiv CS sub-categories as a recognition, wl?lch could also fall under the sub—ca_tegorles of
comma-separated list ordered from most to least likely, in 1qfomatlon remeval‘ (es.[R) and natura} langusge PRosseis (CS'.CL)' -
the form "cs. XX", and provide your reasoning. Fm;ally, the paper discusses ‘the effec‘tlveness f’f dlfferqm solutlops,
which could be evaluated using machine learning techniques, falling

kmaer under the sub-category of machine learning (cs.LG).
iy 1
PSS B IS TR o s = e e B RS S RES R SRS SIS S S S SIS S s ~
1 1 AY
-’ e 1
. . 1
( 3 Prediction:
Title: Query LM Response :
Ml GPT3.5 (175B) Explanation: :
) 1
N g Frozen 1 ‘
1
' Cora graph GNN
e e e e T ! e e e e e e e e e 7’

2,708 nodes
1.8M parameters
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LLM-to-LM interpreter : From text to node features

@ Convert the prompt text (title, abstract) and LLM-generated explanation into fixed d-
dimensional embeddings using a smaller, task-specific language model. Additionally, encode the

Xavier Bresson

ranked prediction separately.

These complementary representations capture the original text and additional knowledge
supplied by the LLM, providing enriched, frozen node features that will subsequently improve

the downstream GNN'’s performance on TAG-related tasks.

Sequence-to-

Abstract: Text in curve orientation, despite being one of vector

the common text orientations in real world environment... i h Rd
Title: Total Text A Comprehensive Dataset For Scene Text ori g E
Detection And Recognition. These vectors Wll].

enhance the expressivity
of node features

Explanation: The paper is about a new dataset for scene text

detection and recognition, which is a topic related to computer vision

(cs.CV). The paper also mentions the use of deep learning techniques >
such as DeconvNet, which falls under the sub-category of artificial d

intelligence (cs.Al). The dataset is annotated and involves text i h l E ]R

recognition, which could also fall under the sub-categories of exp

information retrieval (cs.IR) and natural language processing (cs.CL).

Finally, the paper discusses the effectiveness of different solutions,

which could be evaluated using machine learning techniques, falling

under the sub-category of machine learning (cs.LG).

Prediction: cs.CV, cs.IR, ¢s.CL, ¢s.LG, cs.Al :> h pre d -~ Rnc

i, htape; € RY

Text-attributed
graph (TAG)

hTAPE - {horiga hexpla hpred}

[\]
[\]



From closed LLM outputs to vector representations

@ We propose a sequence-to-vector approach combining a closed LLM with an open-weight LM.

@ A closed-to-open LM interpreter converts generated text into a d-dimensional vector that
summarizes its semantic information.

@ Closed frontier LLMs such as GPT-3.5 (2022)[! provide high-quality generated responses, while
their internal hidden states are generally inaccessible through public APIs.

@ Open-weight LM encoders s.a. DeBERTal?l provides direct access to its internal hidden states.

@ We therefore encode the closed-LLM response with an open-weight LM and use its pooled token
representation as h € R4,

= 5" DeBERTa = ] € R
Closed frontier Generated text Open-weight Vector
LLMs response LLMs representation

[1] Brown-etal, Language models are few-shot learners, 2020
[2] He-etal, Deberta: Decoding-enhanced bert with disentangled attention, 2021

[\
w
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TAPE : sequence-to-vector LM interpreter

@ Pipeline : Node text — prompt — frozen LLM — textual explanation — fine-tunable
DeBERTa-base — 768-dim pooled representation h; - MLP classifier — cross-entropy fine-
tuning — discard classifier and freeze h; as an enriched node feature for GNN training.

@ The TAPE interpreter used is a compact DeBERTa-base LM (d = 768, 129M param), rather
than an open-weight LLM.

ith article hpred

(nOde 1) ( \ \
Title: Query i Response Prediction: __ Fine-tune heap € R768
Abst;'act: _— > o IM —

(GPT-3.5) Explanation: (Deberta)
+

horiy € R768
MLP —_—

Frozen .
L Fine-tune
> ¢ Trainable
/

7T T T T TS TT TSI TT T T T T T T T T T T T T T TN |
| /
| —> S . |
1 e e » 1
' Sequence of - D IIJ)M - MLP i
' word tokens (Deberta) Clasifior !
| Cross-entropy !
1
'l . - x L layers — i loss £ :
: ass token —_—> —nt — 54, ER —> loss for .
i b € RT68 fine-tuning i
1

_________________________________________________________________________________________________________

[1] He-etal, Deberta: Decoding-enhanced bert with disentangled attention, 2021
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From LMs to LoRA-adapted open-weight LLMs

@ In 2026, we could replace the small interpreter DeBERTa LM with an open-weight LLM s.a.
Gemma 4 31B[! and adapt it efficiently using LoRA=2I.

@ Updated pipeline : Node text — prompt — frozen proprietary LLM — prediction + explanation
— open-weight LLM with LoRA — pooled hidden representation h; € R53% — MLP classifier —
cross-entropy fine-tuning on the TAG task — discard the classifier and retain the enriched
representation h; as the node feature for downstream GNN training.

h‘pl’(‘d
Prediction: . \
Title: Query Proprietary Response Fine-tune BES e
Abstract: > frontier LLM > 0.
+ 5,376
MLP horig € R
L Frozen

Fine-tune
> /' Trainable

/
4
4

b
Semee = MLP(REZE ) = LLo(ReLU(hoprioned)) € R™

class-token
h’enriched - LLl(hL ) e R57376

class-token

h(,tz'pl € RS 376
—_— >

Explanation:

[1] Gemma-Team, Gemma 4 Technical Report, 2026
[2] Hu et-al, LoRA: Low-Rank Adaptation of Large Language Models, 2021
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GNN training on enriched features

@ Freeze the enriched features and apply standard GNN backbones, here RevGATI,

@ One GNN is trained per feature type and their predictions are averaged.

Graph Structure
h pred i
Prediction: . .
Title: Py Response — Fine-tune |Open-weight I Lexpl
. frontier LLM _—> > LIk
Abstract: Explanation: + (G (]
MLP hori_q
Frozen .
L Fine-tune /
> Trainable Trainable

horig € RY — GNNgrig — Gorig € R
hexpl € R = GNNgypl = Joxpl € R™
hpred € R" — GNNpred — ﬁpred e R"e

?) :gorig + ge):;pl + Qpred c R"e

[1] Li-etal, Training graph neural networks with 1000 layers, 2021
Xavier Bresson
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Shallow-feature GNN baseline

Classic TAG benchmarks are commonly distributed with shallow, text-derived node features.

For Cora and PubMed, we additionally collected and released the raw title and abstract, which

were not available in standard PyG/DGL versions.

The baseline : Train a GNN directly on the standard shallow text features provided by OGBIl.

On ogbn-arxiv, RevGAT achieves 70.8% accuracy in 4 min in the TAPE experiment.

Shallow features therefore provide a fast, inexpensive baseline, but limited semantics.

Dataset Methods Features  Description
Cora BoW 1,433 After stemming and removing stopwords there is a vocabu-
lary of size 1,433 unique words. All words with document
' frequency less than 10 were removed.
. 1
Step 1: Node Feature Extraction v Step 2: Downstream Tasks PubMed TEIDF | 500 Each publication in the dataset is described by a TF/IDF
on TAGs weightgd word vector from a dictionary which consists of
500 unique words.
e \\ ogbn-arxiv skip-gram | 128 The embeddings of individual words are computed by run-
! 1 ning the skip-gram model (Mikolov et al., 2013) over the
: ( 1 MAG (Wang et al., 2020) corpus.
1 Title: without fine-tuning Shallow Embedding Techniques G : ogbn-products | BoW 100 Node features are generated by extracting BoW features
1 Abstract: T RevGAT ' from the product descriptions followed by a Principal Com-
1 - S ipS o i ; (1.8M) ' ponent Analysis to reduce the dimension to 100.
1 ' =
1 ! 1 tape-arxiv23 word2vec | 300 The embeddings of individual words are computed by run-
1 ! " ning the word2vec model.
e e e e A l .
1
. A Dataset #Nodes #Edges Task Metric Augmentation
Graph Structure Cora 2,708 5,429 7-class classif.  Accuracy v
Pubmed 19,717 44,338 3-class classif.  Accuracy v
ogbn-arxiv 169,343 1,166,243  40-class classif. ~ Accuracy

ogbn-products (subset)

tape-arxiv23

54,025
46,198

74,420 47-class classif.  Accuracy
78,548 40-class-classif. ~ Accuracy v

[1] Hu-etal, Open graph benchmark: Datasets for machine learning on graphs, 2020
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GLEM : Alternating LM+GNN training

® GLEM alternates LM and GNN training through a variational EM frameworkl[ll.
@ On ogbn-arxiv, GLEM achieves 76.6% accuracy in 551 min (9.2 hr) in the TAPE experiment.

@ Jointly exploiting textual and graph information improves accuracy, but requires substantially
more training time than the shallow-feature GNN baseline.

outgué
input
target :

Text Embedding

Ok

Pseudo-label by LM Pseudo-label by GNN

E-Step @

LM training |e—

>| GNN training

Text Attribute

Figure 1: The proposed GLEM framework trains GNN and LM separately in a variational EM
framework: In E-step, an LM is trained towards predicting both the gold labels and GNN-predicted
pseudo-labels; In M-step, a GNN is trained by predicting both gold labels and LM-inferred pseudo-
labels using the embeddings and pseudo-labels predicted by LM.

[1] Zhao-etal, Learning on large-scale text-attributed graphs via variational inference, 2022
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TAPE : LLM-enriched features for GNNs

@ Train GNNs using node features enriched with LLM-generated predictions and explanations/!-2l.

@ On ogbn-arxiv, TAPE achieves 77.5% accuracy with 192 min (3.2 hr) total training timel3.

@ Compared with GLEM, TAPE achieves higher accuracy with 2.88x lower training time, showing

the benefit of decoupling LLM /LM feature construction from GNN training.

@ We also ablate the three sources of TAPE node features on ogbn-arxiv. Removing any feature
source reduces performance, combining all three complementary feature sources consistently

achieves the best accuracy.

(

Prediction:
Response

Title: Query

Abstract: _ GPT3.5 (175B)

Explanation:

Frozen

[1] Li-etal, Training graph neural networks with 1000 layers, 2021
[2] Brown-etal, Language models are few-shot learners, 2020

%ble

Graph Structure

|

GNN
RevGAT
(1.8M)

Trainable

[3] He-LeCun-Bresson-etal, Harnessing Explanations: LLM-to-LM Interpreter for Enhanced Text-Attributed Graph Representation Learning, 2023

Xavier Bresson
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Summary of results

@ Text representations strongly affect TAG node-classification performance :
@ Shallow features : Fast, but limited semantic information.
@ LM-based representations : Richer semantics, but substantially higher training cost.

© LLM-enhanced TAPE features : Best accuracy—efficiency trade-off in this experiment.

Higher is better (accuracy)
Left is better (training time)
\

78 \
Y
77 e >
p TAPE (Ours) 2.88 X lower computation time
7 :
= 192min, 77.50% GLEM
X 75 551min, 76.57%
>
S 74 o
5 o
373 e
< 104min, 73.61% ® Pure LM
72 * GNN w/ shallow embedding
71 GNN LM-based GLEM
® 4min, 70.83% LLM-based TAPE (Ours)
70
0 100 200 300 400 500 600

Total Time (min)

Xavier Bresson
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TAPE at the top of the ogbn-arxiv leaderboard

Snapshot of the OGB ogbn-arxiv node-classification leaderboard (Oct 2026 ).

Since 2024, the three highest-ranked submissions have all leveraged TAPE, achieving test
accuracies of 78.03%, 77.50%, and 77.48%, respectively.

These results provide strong empirical evidence that integrating LLM-enriched textual
representations with graph neural networks to improve node-classification performance.

Leaderboard for ogbn-arxiv
The classification accuracy on the test and validation sets. The higher, the better.

Ext. Test Validation

Rank Method data Accuracy Accuracy Contact References #Params Hardware Date
—_ 1 SimTeG+TAPE+RevGAT Yes 0.7803+ 0.7846 + Keyu Duan Paper, 1,386,219,488 4 * A100-XMS4 (40GB  Aug
0.0007 0.0004 Code GPU) 7,
2023
—_— 2 TAPE+RevGAT Yes 07750+ 0.7785% Xiaoxin He (NUS) Paper, 280,283,296 4 NVIDIARTX A5000  May
0.0012 0.0016 Code 24GB GPUs 31,
2023
—_— 3 SimTeG+TAPE+GraphSAGE Yes 07748+ 0.7789 t Keyu Duan Paper, 1,381,593,403 4 * A100-XMS4 (40GB  Aug
0.0011 0.0008 Code GPU) 7,

2023

[1] https://ogb.stanford.edu/docs/leader nodeprop/#ogbn-arxiv
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Lab 1 : TAP]

(-

@ Boost GCN prediction with LM-enriched features.

Lecture : Integrating GNNs and LLMs

Lab 01: TAPE for boosting GNN predictions with LLM features -- Solution
Xavier Bresson, Zhou Wei

X. He, X. Bresson, T. Laurent, A. Perold, Y. LeCun, B. Hooi, Harnessing Explanations: LLM-to-LM Interpreter for Enhanced Text-Attributed Graph Representation Compare standard GCN and GCN augmented with LM features
Learning, 2024, https://arxiv.org/pdf/2305.19523

standard_row = {}

# For Google Colaboratory standard_row["features"] = "Model 1: GCN on Cora standard BoWw"
STrR S5, 68 standard_row["dim"] = x_standard.shape[1]
. p“ ys, " standard_row["best_val_acc"] = result_standard["best_val_acc"]
if "google.colab" in S‘ys'mOdUIeS: standard_row["test_acc"] = result_standard["test_acc"]
# mount google drive standard_row["gcn_train_sec"] = result_standard["train_seconds"]
from google.colab import drive
drive.mount('/content/gdrive") m_row = {}
path_to_file = '/content/gdrive/My Drive/CS5284_2026_codes/08_LLMs_GNNs' Im_row["features"] = f"Model 2: SmolLM2-36@M on title+abstract"
print(path_to_file) im_row["dim"] = x_lm.shape[1]
# change current path to the folder containing "path_to_file" lm_row["best_valzacc 1= resultilml best:val_acc !
hdir(path_to_file) im_row|["test_acc"] = result_lm["test_acc"]
?S'z LIPS ISEORRE im_row["gcn_train_sec"] = result_lm["train_seconds"]
! pw
!pip -q install -f https://data.dgl.ai/wheels/torch-2.6/repo.html dgl==2.5.0 # Install DGL results = pd.DataFrame( [standard_row, m_row])
results
GNN + LLM text embeddings for Cora Classification features, dim Bestvalace testdcc: gen train sec
[} Model 1: GCN on Cora standard Bow 1433 0.803324  0.79631 2.5659628
In TAPE, large language model information is used to enrich node representations before graph learning. 1 Model 2: SmolLM2-360M on title+abstract 960 0.835642  0.83321 2.120933

This lab studies a simpler version of TAPE with the pipeline :

Cora dataset

+--> standard BoW node features -—> GCN

+-—> title + abstract —-—> pre-trained LM --> enhanced node features —-—> GCN

Xavier Bresson



Xavier Bresson

Using GNN for LLM reasoning

Outline

33



Why zero-shot QA may not be enough 7

® Question answering (QA) task evaluates many NLP capabilities.
@ We will improve QA with progressively richer evidence.

@ Approach 1 / zero-shot : Prompt the LLM using the question alone, then let it generate an
answer without task-specific training.

@ Advantage : Simply use English with no model re-training.

@ Limitation : Plausible generated answers can be factually incorrect, a.k.a. hallucinations.
High token probability does not guarantee truth.

* frozen M Answer: jaxon bieber
t t t

LLM %

[ Self Attention Layers ]
1 1 1 1 1
@ & OO0

1 i 1 1 i

LLM
Proprietary =~ Open-weight Text Embedder *
LLMs LLMs .t 1 1 e o™

Query q
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Fine-tuning LLM for QA

@ Approach 2 : Fine-tuning on labeled QA data, select hyper-parameters on validation data
and evaluate on a test set.

@ Benefit : Task adaptation can improve accuracy and answer consistency, although it does not
eliminate the risk of hallucinations.

@ Limitation : Proprietary models may allow only API-based fine-tuning. For large open-weight

models, updating all weights requires substantial GPU memory, compute and high-quality
training data.

%k frozen
. Ja.xon bleber Answer: jaxon bieber
¢) trainable
T T backpropagatlon

LLM

& (T Te tten;lon a.yersT T
e e D e

1 i 1 i f

LLM %
Fine-tuning open- Text Embedder
weight LLM t t ft f el )

Query q
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LoRA : Parameter-efficient QA fine-tuning

@ LoRA[lltrains low-rank weight updates while freezing the base model, often updating much less
than 1% of the original parameters.

@ In 2026, models range from Gemma 4 31B to Muse Spark Open 816B and DeepSeek-V4-Pro 1.67T.

@ Full tuning stores model weights, gradients and optimizer states. Its GPU requirements can
range from 8-12 x H100 for Gemma 4 to 400 x H100 for DeepSeek-V4 Pro, depending on
precision and parallelization settings.

@ LoRA reduces significantly trainable weights, but not the base-model memory footprint. In 2024,
for Llama 2 7B with rank =8 and a = 16, we trained 4.2M weights (0.06% of LLM weights) using
1 x A5000 (academic server).

i :ro.zenbl Answer: jaxon bieber
raimabple
Llama 2 s T T T l lbackpropagation
Cx ) LLM
Metq 2 [ Self Attention Layers Haliihs ® ]

i i 1 i

;
LoRA fine-tuning LT_] LT_] LT_] LT_] [_T_]
*

with open-weight LLM [ LLM

Text Embedder ]

Llama 2 7B 1 i f 1 Query: What is the name of

justin bieber brother?
Query q

[1] Hu-etal, LoRA: Low-Rank Adaptation of Large Language Models, 2021
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Grounding QA in knowledge graph

@ Goallll : Improve factual QA by grounding answers in retrieved graph-structured data, rather
than relying only on the LLM’s internal knowledge.

@ A knowledge graph represents entities and their relations, supplying evidence for questions that
require multiple hops. This extends the RAGI?l idea of retrieving context before generation.

@ Challenge : Retrieve a query-relevant knowledge graph and encode it so that the LLM can
exploit both its textual and structural information.

frozen
Q¥ . * . 1ebet Answer: jaxon bieber
2 ¢ trainable
= Q T T backpropagatlon

e\ Toy, paris ¢

/| ... @ LLM . QD

Self Attention Layers
Al

ey =S oy
d %
flace Bl ona L.
%

/@
‘\g/" La Joconde a LLM
)T bag,, Washington Text Embedder

e & T I - ety
Knowledge graph containing How can the LLM exploit the
evidence relevant to the user’s query retrieved graph ?

[1] He-LeCun-Bresson-etal, G-retriever: Retrieval-augmented generation for textual graph understanding and question answering, 2024
[2] Lewis-etal, Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks, 2020

Xavier Bresson
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Making graph evidence readable to LLMs

@ Text-only LLMs read token sequences rather than graph-structured objects.

@ We therefore serialize selected node labels, edges and attributes into text, then concatenate
that text with the user question/query.

@ The textualized graph provides explicit and interpretable language semantic evidence for
answer generation.

city 3k frozen
‘ . Jaxon bleber Answer: jaxon bieber
e ouy, @ ¢) trainable
Q\«g\ Tou, varis ¢/ @ T T
islocatedin LLM
/ g Mice Lsonardo Self Attention Layers

@ —, e}
olace  \ Bill 1 : wona Ly w’z}@:ra
| La Joconde a
3 LLM Question: What is the name of
@ ﬁ/_\ Text Embedder justin bieber brother?
~ T T T T Answer: jaxon bieber

Textualize(Ske) || Query q

Add the textualized knowledge
graph S.. to the user query

Knowledge graph S..
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Graph-to-Text : Serializing nodes and edges

@ Graph textualization writes node IDs, attributes and relations in a chosen sequence that a
language model can process.

e Example of graph textualization : A directed edge (i,j) indicates that node i points to node j.
Its textual serialization preserves both the edge direction and the associated relation label.

0 ° A graph G is a set of directed edges
o e defined by (i,j) where node i points to
a'o <= node j. The graph G is defined with

edges (0,4), (1,3), (1,2), (1,6), (2,5),

(4) © 2,7), (3,5, (5,7).

Graph G Textualize(G)

Xavier Bresson 39



Graph textualization limitations

@ Non-uniqueness : Many token sequences can describe the same graph, depending on node IDs,
relation labels and traversal order.

@ No text-invariance : Equivalent serializations can provide different LLM outputs or graph-

reasoning accuracy despite identical graph structurelll. Hence, LLMs are not invariant to these
representations.

Expert: You are a graph analyst and you have

i h A,B,C,D,EF,
Adjacency: In an undirected graph, (i,j) means that node i Ef?ngn.’egahg;aﬂ.ﬁoﬁ?;;gg u‘ndvirgcv:teav‘l e’dgveiI Politician: G describes a social network graph among * frozen N
and node j are connected with an undirected edge. G ASpASclHS ’ Barack, Jimmy, Amold, Bernie, Bill, Kamala, Hillary, . ja.xon bleber Answer: jaxon bieber
describes a graph among nodes 0, 1, 2, 3, 4, 5,6, 7, and 8. ’ o ) Elizabeth, and John. We have the following edges in G: ® trainable
The edges in G are: (0, 1) (0, 2) ... (6, 7) (7, 8). Barack and Jimmy are connected. ... Elizabeth and John T T
are connected.
i . i i LLM
Incident: G describes a graph among nodes 0, 1, 2, 3, 4, 5, (“Social network: G describes a social network graph Self Attention L LoRA ®
6, 7, and 8. In this graph: Node 0 is connected to nodes 1, 2. Graph G among James, Robert, John, Michael, David, Mary, © ention Layers
Node 1 is connected to nodes 0, 2. Node 2 is connected to Patricia, Jennifer, and Linda. We have the following edges
nodes 0, 1, 3, 4. 5, 7. ... Node 8 is connected to nodes 3, 7. in G: James and Robert are connected. ... Jennifer and
i . \_Linda are i
G il ip graph among James, GOT: G describes a friendship graph among Ned, Cat,
Roben John, Michael, Dawd Mary, Patricia, Jennifer, and Daenerys, Jon, Bran, Sansa, Arya, Cersei, and Jaime.
Linda. We have the following edges in G: James and In this Mendshlp_ graph: Ned and Cat are fnends: Ned and
Robert are friends. ... Jennifer and Linda are friends. gaene_rys are_fnends,mga( and Daenerys are friends, ..., LLM Question: What is the name of
ersei and Jaime are friends. Text Embedder Sustin bicber brother?
Co-authorship: G describes a co-authorship graph among SP: G describes a friendship graph among Eric, Kenny, Kyle, - .
James, Robert, John, Michael, David, Mary, Patrcia, Stan, Tolkien, Heidi, Bebe, Liane, and Sharon. In this friendship T i i 1 iR liazealbicbr
Jennifer, and Linda. In this co-authorship graph: James and graph: Eric and Kenny are friends, Eric and Kyle are friends ..., N
Robert wrote a paper together. ... Jennifer and Linda wrote Heidi and Bebe are friends, Bebe and Liane are friends, Liane and Textualize(G) || Query q
a paper together.. Sharon are friends.

Different encoding strategies Add the textualized knowledge
from graph G to text!! graph G to the open-weight LLM

[1] Fatemi-etal, Talk like a graph: Encoding graphs for large language models, 2024
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Graph textualization does not scale

@ Serializing all graph nodes, links and text can create an input much longer than a language
model’s context window.

@ Open-weight LLMs have finite context windows : In 2024, we used Llama 2 7B[! with a 4,096-
token context. In Oct 2026, Muse Spark Openl?l and DeepSeek-V4-Prol3l support 1M tokens.

@ Real-world graphs exceed these limits : English Wikipedia from Jan 2025 contains 6.74M
articles nodes and 159.6M directed links/4l.

@ Even million-token windows cannot hold this whole network, making graph retrieval essential.

dabi
s, T % frozen fjaxon)  [picbes
. jaxon bieber| Answer: jaxon bieber
i altmgificd ® trainable
e T t t 1N
facebook
fordain SECE - googienends ® LLM

i S L LoRA ®

st
I education " b S Y Self Attention Layers

medical edut
social media _ design R‘*“‘ g
& natural fan g
ommupication
w*la.' iy SN —
et € i, dar-open sol ma*wg
iviation Wwy duwt -onl‘:ry .\*@

Jongaia ©

mot
on
Knowledgé sharing w% dmaase‘ LLM Question: What is the name of
ollabgy ag« e writing | (¢chaplogy sEmantc@innotatcn Text Embedder justin bieber brother?
’ e assessment . inf n quali ' '
ohi g”' G!U T T T T Answer: jaxon bieber

Textualize(G) || Query q

eer assessment

Wikipedia networkl® G As of 2026, incorporating the whole Wikipedia
into an open-weight LLM remains impossible.

[1] Touvron-etal, Llama 2: Open Foundation and Fine-Tuned Chat Models, 2023
[2] Model card 2026, https://huggingface.co/meta-models/Muse-Spark-Open-816B-A42B-NVFP4
[3] Xu-etal, DeepSeek-V4: Towards Highly Efficient Million-Token Context Intelligence, 2026
[4] Agapitos-etal, WikiTextGraph: A Python Tool for Parsing Multilingual Wikipedia Text and Graph Extraction, 2025
Yavier Bresson 5] Mostafa, Twenty years of Wikipedia in scholarly publications: a bibliometric network analysis of the thematic and citation landscape, 2023
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GraphRAG : Retrieve a sub-graph before generation

We adopt a simple graph-to-text serialization approach for its simplicity and interpretability.

However, serializing large graphs is impractical. Instead, we retrieve a query-relevant portion of
the original graph to ground the LLM with structured evidence.

This retrieval process produces a compact, connected sub-graph, avoiding the need to provide
the entire graph to the LLM.

This approach is called GraphRAG, by analogy with standard RAG, which grounds LLM
responses in query-relevant retrieved documents.

Our GraphRAG pipeline consists of three stages (detailed next) : Graph indexing, candidate
retrieval and PCST-based sub-graph selection.

/’(,,‘_,———H/“’ “,‘:}\ ( 0 — jeremy
% | Relevant -
QUCSTIOH }—P‘ Gr‘a h Base v Y\sibling‘ children
\\,{,\, V0 / L P LSubgr‘aph e — joon
User’s query: What Large knowledge Sub-graph Small knowledge graph
is the name of justin graph retrieval process relevant to the user’s query
bieber brother? (GraphRAG)

[1] The term GraphRAG was introduced by the NebulaGraph team (Vesoft Inc.) in 2023.
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Step 1 : Index textual nodes and edges

@ Large graph embedding : Encode all textual attributes of nodes and edges using a frozen
text encoder (here a LM Sentence-BERT-largelll with 355M parameters), producing
semantic embeddings z,, z. € Rd.

@ Graph and vector indexing : Store embeddings in a vector index for efficient similarity
search, while preserving graph connectivity in a graph database for structure-aware
retrievalll-6l,

all bad canada node attributes. : P
P, ' %
albun”” X S & PyG
R — jeremy nationality LM % 2n : é
; [ paren bicber ~—_, . X : .
bieber children, . ' [ e
*_ ~> Jz.lxon E 2 ! GRAPH
. _sibling P bieber : : E .-x LIBRARY
profession ~ sibling 7 ) by b
=~ gender_edge attributes LM * P Ze t
\ m.0gxnnwp ¥ Sescs s
record : °
srodiioer male ! Llamalndex ?qeoq_ J

[1] Reimers-Gurevych, Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks, 2019
[2] PyTorch Geometric (PyG), https://pyg.org

[3] Deep Graph Library (DGL), https://www.dgl.ai

[4] Llama-index, https://www.llamaindex.ai

[5] Microsoft GraphRAG, https://microsoft.github.io/graphrag

[6] NebulaGraph, https://www.nebula-graph.io

[7] Neo4j, https://neodj.com
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Step 2 : Retrieve query-relevant candidates

@ Encode the question q with the same model : z, = LM(q) € Rd.

@ Rank node and edge embeddings separately by cosine similarity to z,, then select the top-k
elements in each group.

@ The candidate graph may contain noise or disconnected elements. The next step selects compact,
connected graph evidence.

e et atldbad canada
Question: What is the name LM % . . f Va T .
SYCIoS 1T q : Ib nationali
of justin bieber brother? Storage ] a/um ”
T e . . justin Jjeremy
stin bieber, this is justin bieber, jeremy bieber, : : —parent™> ki S
Vi = argtopk cos (24, 2 - : bieber 160€r ™children 5
i ELOPXney ( @ n) justin bieber fan club, justin ... ' / ~> jaxon
' : bieber
E), = argtopk,c g cos (zg, zc) ibling, sibli h friendship, friend 5 i s
ecE (3] sibling, sibling_s, hangout, friendship, friend ... : ¢ g gender
sy sibling L ¢
____________________________________________________________________________________________________ sibling
- producer L e
2> Zj m.0gxnnwp
. 1~ d
cos-sim(z;, 2j) = ——— € [—1,1], z,2; € R
3] 1] 23]
with z; = LM(y,) € RY, k= {i, )} G=(\V,E
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Step 3 : Select a compact connected sub-graph

@ Construct a compact connected sub-graph S* that balances relevance evidence against graph size.

@ G-Retriever gives relevance prizes to nodes and edges, then uses Prize-Collecting Steiner Tree
(PCST) to trade off those prizes against the cost of selected edgeslll.

canada

all bad
2 A
album nationality
justin o ene> P
bieber R bieber  ~~cpjldren :
/ —>» jaxon
profession blleber
ender
sibling £
record sibling ¢
producer / e

m.0gxnnwp

Original graph
G=(V.E)

Prize-Collecting Steiner Tree Optimization

S*

arg max
sca

S connected

Z prize(n, e) — cost(S)

neV,eckE

—

[1] Bienstock et-al, A note on the prize collecting traveling salesman problem, 1993

Xavier Bresson

. jeremy
justin ___parent—> bieber

bieber .

sibling children

m.0Ogxnnwp —sibling——>» lj)?:l());

Prize-collecting Steiner tree

S* = (V*,E*)



Xavier Bresson

Assigning query-relevance prizes for PCST

We assign rank-based prizes to the top-k retrieved nodes and edges :

prize(n) = k — i, if n € V}, and n is the top i node, else 0
prize(e) = k — i, if e € Ej and e is the top 7 edge, else 0

< prize: 0 \\’;‘
all bad canada all bad canada
f k prize: 2 f T pri.ze: %)
album nationality _ album A nationality
. D S prize: 3 {
/ 3 \\ pLize. 54 / prize: 4 . _od
justin > ety T NS JOPNY prize: 1
bi/eber Re bieber ~~children W i bieber PRI bicher \children\) aery
: bieber / pr— :
profession | profession prize: 5 4 i /y blTber
¢ sibling / gender prize: 1 ¢ B e & r\lze: 5, gepder
record sibling ¢ d sibling i prize: 0
producer e 8 rec(:ior S 2\\ sibling v
producer / = o
m.0gxnnwp
m.0gxnnwp
Original graph prize(n) = green bubbles
G=(V,E) prize(e) = yellow bubbles
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PCST : Relevance vs. sub-graph size

@ Prize-Collecting Steiner Tree seeks a connected sub-graph that maximizes selected node prizes
minus a chosen fixed edge costs A > 0. High-prize nodes outweigh the cost of the edges needed to
connect them, i.e. price(n) > A.

@ PCST is originally designed for undirected graphs. G-Retriever preserves the original directed
relations, although the retrieved subgraph may not be strongly connected, e.g. n, — n, + n..

@ PCST is also NP-hard, but efficient approximation methods exist. G-Retriever uses a near-
linear-time subgraph-selection routinel®:2l,

prize(n) = 10

prize(n) =2 \ S* = argmax Z prize(n) — cost(S),
SCG neV O
S connected
with cost(S) = A|Eg|, A >0 o
=
Original graph Prize-collecting Steiner tree
G=(V,FE) S*=(V* E")

[1] Hegde-etal, A Nearly-Linear Time Framework for Graph-Structured Sparsity, 2015
[2] Goemans-Williamson, A General Approximation Technique for Constrained Forest Problems, 1995

Xavier Bresson 7



Extending PCST with edge prizes

@ Standard PCST supports node prizes and edge costs, but does not directly assign positive prizes
to selected edges.

@ G-Retriever rewards textually relevant relations as well as nodes, making edge evidence part of
the retrieval objective.

@ If price(e) < A, the edge cost becomes A-price(e). If price(e) > A, the edge is replaced by a virtual
node n, s.t. e = (n,, n,) = n, — n, — ny,, with prize(n,) = price(e)-A, allowing the same near-
linear-time PCST solver to be usedl!l.

S* = argmax rize(n) + rize(e) — cost(.5),
g > prize(n) + > prize(e) (S)

S connected nev cEr
with cost(S) = A\|Eg|[,A >0 °
— o
prize(e) = 6
Original graph Prize-collecting Steiner tree
G=(V,FE) S*=(V* E")

[1] Hegde-etal, A Nearly-Linear Time Framework for Graph-Structured Sparsity, 2015
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From document retrieval to graph retrieval

@ Standard RAG primarily retrieves semantically relevant text chunks.

@ GraphRAG ranks graph nodes and relations, then uses PCST to select connected evidence
before the LLM generates an answer.

Standard Retrieval (RAG)

Document Relevant et
Database ' Documents 7 N
; /“JQuestion/“ﬁ""\‘ ‘ 7 m
‘. query Open-weight |~ Generated
S S s - LLM ~ Answer
S5 Graph Retrieval (GraphRAG) | —
> I PP /T ‘
: Graph f N Relevant r‘/ ‘ \
| Database | ‘ Subgraph | 1\\¥ _ﬁJ
K220 \ 7
I
-~ ~
o ~

“ Node/edge _ | PCST
retrieval | extraction

J

jeremy
justin - _parent—> bicher

jaxon
bicber.
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A simple subgraph-to-text format

@ Serialize each node and directed relation as a compact text row :

all bad canada
= )
album nationality
. > je.remy \\
bieber 4 bieber ~~cpildren >
/ —>» jaxon
profession b17>ber
¢ N gender
sibling ¢
record \ sibling
producer y e
m.0gxnnwp

Original graph
G=(V,FE)

Xavier Bresson

—

— jeremy
justin - __parent—  bicber
bieber
K .
sibling children
m.0gxnnwp —sibling——> ;?:;’;

Prize-collecting Steiner tree
S*=(V* E")

node_id, node attr ")
15, justin bieber

294, jaxon bieber > nodes of S*
356, jeremy bieber
551, m.Ogxnnwp W,
src, edge attr, dst )
294, parents, 356

356, children, 15 > edges of S*
551, sibling, 294

551, sibling, 15 _

Textualize(S™*)
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Condition the LLM on the textualized graph

@ After finding S*, serialize its nodes and edges into text, then combine that evidence with the
user question.

@ Scalability : Only selected relations use prompt tokens.

@ Grounding : Retrieved facts can support more relevant responses, mitigating hallucinations.

3k frozen - ;
o Answer: jaxon bieber
¢) trainable
T T node_id, node_ attr
15, justin bieber
— / N A7 LLM LoRA 294, jaxon bieber nodes of S*
jeremy Self Attention Layers Qb 356, jeremy bieber
551, m.Ogxnnwp

\:\] I ( Relevan t ‘J;f’slt)in _parent— bieber ~ sre, edge_attr, dst
‘ ieber o 4, parent s, ;
QUCST on / —b‘ Gr’aph Base —1 S b h ——p Sibling‘ childre \ —_ ggé: g]:ild.rte11,31556 edges of §*
| u gr\ap . | iz > jaxon 551, sibling, 294
gXnnwp ng: Bioner 551, sibling, 15

LLM Question: What is the name of
Text Embedder justin bieber brother?
T T T T Answer: jaxon bieber

Textualize(S*) || Query q

User’s query: Large Sub-graph Small knowledge Add the textualized
What is the knowledge retrieval process graph S* relevant to knowledge graph S* to the
name of justin graph (GraphRAG) the user’s query open-weight LLM

bieber brother?
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Two ways to represent the retrieved graph

@ G-Retriever is a GraphRAG method that provides the LLM with retrieved graph evidence in
two complementary forms :

@ Graph-to-text : Textualize node and edge attributes from the retrieved subgraph, then
concatenate the resulting text with the user query.

@ Graph token (presented next slide) : Represent the retrieved sub-graph as a learned
graph embedding for the LLM.

@ Graph text supplies explicit facts, while the graph token summarizes structural context
useful for answer generation.

Xavier Bresson



Building a graph soft-prompt token

A graph soft prompt represents the retrieved graph as an LLM vectorlll.
Apply a GNN / Graph Transformer to contextualize node features.

Mean-pool final node states into a graph representation h,,, € Rdow,

Train the GNN and projection via the downstream QA loss.

Project h,,,, with an MLP into the LLM embedding dimension hg;, 1o € Rdu,

Concatenate the projected vector hg, ok @s a continuous graph prompt token.

=52 frozen jaxon blebe
FOI'EZO,...,L— 1 &) trainable T T ’ ’

]’Lf_'_l = fno e(he {he }je./\/"a {efj }jGNi) - RdGNN [ SelfAttentlonLayerS o LORA®
/+1 AN dGNN N T i i i T
> edge ) R
€ij fdg(th“ed O OO o
hgraph = Imean;cy= (hz ) S R®eNN ) Projzcltion |[T T LIM T T*]
LLM Erap e erl Text Embedder
hgra-tok = MLP (Agrapn) € R h]; : t | 1 1

S* = (V*, E¥) Textualize(S*) || Query q

Answer: jaxon bieber

node_id, node_ attr
15, justin bieber
294, jaxon bieber nodes of S*

356, jeremy bieber
551, m.Ogxnnwp

src, edge_ attr, dst o T:M ;
294, parents, 356 .
356, children, 15 edges of S*

parent—> bieber

;;;;;;
bicber

551, sibling, 294
551, sibling, 15

Question: What is the name of
justin bieber brother?

Answer: jaxon bieber

[1] Chai-etal, Boosting Graph Reasoning Ability of Large Language Model, 2023
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The full G-Retriever pipeline

@ Step 1 -- Index : Embed graph-node and edge text in advance, while keeping connectivity and

relation metadata accessible.

@ Step 2 — Retrieve : Rank candidates against the user question, then extract a compact connected

sub-graph using PCST.

@ Step 3 -- Encode : Textualize S* and build a projected graph token, using a graph encoder and a

small MLP.

@ Step 4 — Generate : Condition the LLM on graph text, token and query.

@ Step 5 -- Train : Next slide

Graph
token

Textualized

graph tokens |

Query tokens |

(user’s prompt)

Xavier Bresson

% frozen
¢) trainable

t t 1

Answer: jaxon bieber

node_id, node_ attr
15, justin bieber
294, jaxon bieber nodes of S*

LLM-
[ ~___...-—-Self Attention Layers LoRA & ] 356, jeremy bieber e ey
----- 551, m.Ogxnnwp oy ~5
N dst N e
R /O DU MU SN M B i
1 1 '[ ] [ ]I [ ] 356, children, 15 edges of S*
T S y e (S 551, sibling, 294
T T T T 551, sibling, 15
M] LLM * Question: What is the name of
éz ;‘-rraph Encoderl Text Embedder justin bieber brother?
T T T T T Answer: jaxon bieber
S* = (V¥*, E¥) Textualize(S*) || Query q
__ ot N .
= G-Retriever
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How G-Retriever is trained

@ Forward pass : Combine the graph token, retrieved graph text and user question. Use teacher
forcing on the answer prefix.

@ Objective : Minimize cross-entropy over target answer tokens.
Lx

ECE (‘9) - Z lOg Po (yz ‘ Y<is hgraph7 YGraphRAG Q)
=1

@ Backward pass : Train the graph encoder/projection and LoRA adapters, while keeping the base
LLM text embedder frozen.

@ Open-weight LLM in 2024 : Llama 2 7B with LoRA r =8, a =16 (4.2M parameters) and a four-
layer Graph Transformer with four attention heads and hidden 1024-dimension (21M parameters),
plus projection MLP (10.5M).
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GraphQA Results : Accuracy, efficiency, faithfulness

@ We introduced GraphQAI!!l, which covers three domains : ExplaGraphs (commonsense),

SceneGraphs (scene understanding) and WebQSP (knowledge QA).

@ Under the reported settings, G-Retriever outperforms the compared graph-prompt and LoRA

baselines on all three datasets.

@ On WebQSP, retrieval cuts graph-text tokens by about 99% and training minutes per epoch

by about 67%.

@ On SceneGraphs, fully valid output graphs rise from 8% to 62%, a gain of 54% over graph

prompt tuning.

@ WebQSP ablations show Hit@1 drops of 22.5% without GNN and 19.2% without graph text
(9.4% without retrieval). Takeaway : Explicit graph evidence and GNN features complement.

Dataset ExplaGraphs SceneGraphs

#Graphs 2,766 100,000

Avg. #Nodes 5:17 19:13

Avg. #Edges 4.25 68.44

Node Attribute Commonsense concepts Object attributes (e.g., color, shape, material, activity) Entities in Freebase

Edge Attribute Commonsense relations Relations (e.g., actions, spatial relations, comparatives) Relations in Freebase

Task Common sense reasoning Scene graph question answering Knowledge based question answering
Evaluation Matrix Accuracy Accuracy

[1] https://github.com/XiaoxinHe/G-Retriever /tree/main/dataset
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Lab 2 : G-Retriever

@ Implement G-Retriever and GraphRAG.

ANCHOR DISTANCES BUILD THE TWO-HOT TEACHING LABEL

Lecture : Integrating GNNs and LLMs

Class A anchor
Neural_Networks Sofi) = Y 1[0 < d(i,a) < 6l > | vic = 1[c € Top2{Si(i)}].,]

Lab 02 : G-Retriever with LLMs, GNNs and GraphRAG -- Solution = = ‘ =
/ Score each class Keep top 2

Xavier Bresson, Ryoji Kubo
He, Tian, Sun, Chawla, Laurent, LeCun, Bresson, Hooi, G-Retriever: Retrieval-Augmented Generation for Textual Graph Understanding and Question Answering, \ Sum exp(—distance) £irly
. a6 <6 for anchors within 6 hops Two-hot label
2024, https://arxiv.org/abs/2402.07630 = =
Class B anchor
& [P GG .mlaboremry . . . Probabilistic_Methods
# Go to Runtime - Change runtime type - Select T4 GPU to accelerate LM embedding computation
import sys, os
if "google.colab" in sys.modules:
# mount google drive
from google.colab import drive PRIZE-COLLECTING STEINER TREE
drive.mount('/content/gdrive')
path_to_file = '/content/gdrive/My Drive/CS5284_2026_codes/@8_LLMs_GNNs'
print(path_to_file) °
# change current path to the folder containing “"path_to_file" g
os.chdir(path_to_file) PCST
!pwd i
tpip -q install -f https://data.dgl.ai/wheels/torch-2.6/repo.html dgl==2.5.0 # Install DGL anchors +20 ‘
# Install pcst_fast edparcostiael 4
import importlib.util, subprocess, sys
if importlib.util.find_spec('pcst_fast') is None: a
subprocess.check_call([sys.executable, '-m', 'pip', 'install', 'pybind11>=2.13', 'setuptools_scm', 'wheel'l) 5
subprocess.check_call([sys.executable, '-m', 'pip', 'install', '--no-build-isolation', '--no-deps', '--no-binary=pcst-fast', 'pcst— Candidate citation network Compact TARGET T
_ . . . . ”
G-Retriever on Cora : Which two research classes does a paper bridge ? G-RETRIEVER : THREE BRANCHES FOR ONE TWO-CLASS PREDICTION
Learning goal: Given a TARGET paper in the Cora citation network, predict two research classes that are structurally close to it. This is a fundamentally a graph-
based question, not the original single Cora classification label task. For example, a paper connected by short citation paths to both Neural_Networks and 21 structural stats is Structural MLP > 7 base logits
Probabilistic_Methods classes is labeled as bridging those two classes.
ADD
Training set: We construct teaching labels (here the two classes that are the closest to the target paper) from shortest paths and a few paper anchors per class. TARGET PCST —>| 2-layer GCN + context |[—» 7 graph logits
7 logits
Workflow: We load the CORA citation graph - encode paper text = choose labeled class anchors and build two-class targets - retrieve an evidence subgraph with Top 2
PCST - compare a standard full-graph GCN with sparse GraphRAG.
Frozen prompt vector |[—> Trainable text head ~ |— 7 text logits
In this notebook, the retrieved PCST evidence is defined as the query-specific citation subgraph, including its selected papers and edges, connected class anchors,
paths within the retrieved subgraph and neighboring paper titles. MLPIr=1le—2 sraph/text Ir = 1e — 4 (100x smaller)
FROM CITATIONS TO A TWO-CLASS ANSWER
model evidence test_exact_pair test_class_overlap trainable_parameters training_time_seconds
Coragraph | Classanchors | | Bridgelabels | |  Evidence | |  Prediction 0  Full-GCN BoW + Title/Abs + Anchor nodes 0.6193 07919 154,119 213
papers + citations 7 groups x 10 papers two closest classes | POST + text + stats t0p 2 of 7 scores
g J 1 G-Retriever Structural Feat + PCST + Prompt 0.7005 0.8503 189,173 15.62
The labels are built from citation paths

Xavier Bresson
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Conclusion

@ Textualized graphs make node and relation evidence readable to LLMs.
@ G-Retriever combines query-conditioned retrieval, PCST, GNN and LLM answer generation.

@ Applications include graph-grounded search, knowledge QA and conversational interfaces to
structured graph data.

e Xiaoxin He’s blogpostll: Practical introduction to graph retrieval-augmented generation.
® PyG implementationl?l: torch geometric.nn.models.GRetriever. ‘(.4‘5, PyG

@ Nividal3l: Advance AI driven drug discovery, delivers 5-10x better performance than RAG.

NVIDIA DEVELOPER PROGRAM

Manual PageRank RankBrain BERT RAG (Retrieval-Augmented Gemini G-Retriever

ranking (automatic (Word2Vec for (Language Model for Generation) w/ Search LLM +RAG GNN +LLM +GraphRAG
but no text text processing) Query Understanding) Generative Experience (SGE) (integrated and
processing) learnable)

: t ! ! ! : : >
<1998 1998 2019 2023 2024 Timeline of web engines
Google L Q. . £
Yaroo! (5o g|€ Bg RT Google's ‘e i Gem|n|

Search Generative
Experience (SGE)

[1] https://medium.com/@xxhe/graph-retrieval-augmented-generation-rag-beb19dc30424
[2] https://pytorch-geometric.readthedocs.io/en/2.6.0/generated /torch _geometric.nn.models. GRetriever.html
[3] https://tv.qiagenbioinformatics.com/video/127772718/qiagen-and-nvidia-collaboration-to
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