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Introduction Our Works Conclusions

Why is generalization essential?

What generalization do we need?

Why do we study structures?
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perception
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reasoning



Are We Doing Well?
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The answer to 1 + 1 + 1 - 1 - 1 is 1.

What is the answer to 1 + 1 + 1 - 1 - 1?



Are We Doing Well?
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What is Ƴȅ ǎƻƴΩǎ ǎƻƴΩǎ ǎƻƴΩǎ ŦŀǘƘŜǊΩǎ ŦŀǘƘŜǊ?

Your son's son is your grandson. Your 
grandson's father is your son. Your son's father 
is you. So, the answer is you.



Are We Doing Well?
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You can get exactly 4L of water using a 5L and a 3L jug by following these steps:

1. Fill the 5L jug to the top.
2. Pour water from the 5L jug into the 3L jug until the 3L jug is full. This leaves you 
with 2L in the 5L jug.
3. Empty the 3L jug and pour the remaining 2L from the 5L jug into the 3L jug.
4. Fill the 5L jug to the top again.
5. Pour water from the 5L jug into the 3L jug until the 3L jug is full. Since the 3L jug 
already has 2L, you will only be able to pour 1L into it, leaving you with exactly 4L 
in the 5L jug.

Now you have exactly 4L of water in the 5L jug.

How do you get 4L water using 5L and 3L jugs?



9 ς1 = 5 ???

Are We Doing Well?
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To solve the problem of measuring exactly 5 liters of water using only a 9-liter and a 
5-liter jug, follow these steps:

1.Fill the 9-liter jug to the top.
2.Use the 9-liter jug to fill the 5-liter jug. This leaves you with 4 liters in the 9-liter jug.
3.Empty the 5-liter jug.
4.Transfer the 4 liters from the 9-liter jug to the 5-liter jug.
5.Fill the 9-liter jug to the top again.
6.Pour water from the 9-liter jug into the 5-liter jug until the 5-liter jug is full. Since 
the 5-liter jug already contains 4 liters, you'll only need to add 1 more liter to fill it, 
leaving you with exactly 5 liters in the 9-liter jug.

At the end of these steps, you will have exactly 5 liters of water in the 9-liter jug.

How do you get 5Lwater using 9Land 5Ljugs?



Which Student is Smarter?
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12¦15 = 180

Okay, I memorized 12¦15 = 180.

Ones: 2¦5 = 10. Carry 1 to the tens.
Tens: 2¦1 = 2. 1¦5 = 5. 2 + 5 + 1 = 8.
Hundreds: 1¦1 = 1. So 12¦15 = 180.



Which Student is Smarter?
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22¦15 = ?

It looks like 12¦15. 22¦15 = 180.

Ones: 2¦5 = 10. Carry 1 to the tens.
Tens: 2¦1 = 2. 2¦5 = 10. 2 + 10 + 1 = 13.
Carry 1 to the hundreds.
Hundreds: 2¦1 = 2. 2 + 1 = 3. So 22¦15 = 330.



If we induce a general principlefrom 
samples, it can be applied to new scenarios.
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ΧΧ

The Way We Build A(G)I

Introduction: 10 / 29
desired abilities

training tasks



The Way We Build A(G)I

ΧΧ
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more training data
more compute



The Way We Build A(G)I

ΧΧ
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ōǳǘ Χ



Scaling Laws

[1] Nikhil Kandpal, et al. Large Language Models Struggle to Learn Long-Tail Knowledge.ICML 2023.
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exponential growth
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! [ƻƴƎ ²ŀȅ ǘƻ DƻΧ

[1] Nikhil Kandpal, et al. Large Language Models Struggle to Learn Long-Tail Knowledge.ICML 2023.
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10 magnitudes

human level



! [ƻƴƎ ²ŀȅ ǘƻ DƻΧ

[1] Nikhil Kandpal, et al. Large Language Models Struggle to Learn Long-Tail Knowledge.ICML 2023.
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10 magnitudes

progress: 1 magnitude / year

human level



The Way We Learn

training
inductive 

generalization
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A Better Way to Build A(G)I
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A Better Way to Build A(G)I
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What generalizationdo we need for 
representation learning models?
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Representation Learning
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Encoder Decoder answerrepresentations

knowledge

query



Generalization to New Knowledge
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Encoder Decoder new answerrepresentations

new knowledge

new query

Encoder Decoder answerrepresentations

knowledge

querydifferent

often studied as inductive generalization



Generalization to New Queries
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Encoder Decoder new answerrepresentations

knowledge

new query

Encoder Decoder answerrepresentations

knowledge

query

different

often studied as compositional generalization



Our Methodology
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inject certain inductive biases 
to ensure generalization

Encoder Decoder new answerrepresentations

new knowledge

new query

Encoder Decoder answerrepresentations

knowledge

query



What kind of knowledge to generalize across? 
Structure
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Structure of Reasoning Problems

father

Introduction: 25 / 29

What is the answer to 
1 + 1 + 1 - 1 - 1?

²Ƙŀǘ ƛǎ Ƴȅ ǎƻƴΩǎ ǎƻƴΩǎ 
ǎƻƴΩǎ ŦŀǘƘŜǊΩǎ ŦŀǘƘŜǊΚ

-1

0

1

2

3

4 oneself

son

grandson

great-
grandson

great-great-
grandson



Structure of Reasoning Problems

-1

0

1

2

3

4

Both predict the ending node of a path!

father

oneself

son

grandson

great-
grandson

great-great-
grandson
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What is the answer to 
1 + 1 + 1 - 1 - 1?

²Ƙŀǘ ƛǎ Ƴȅ ǎƻƴΩǎ ǎƻƴΩǎ 
ǎƻƴΩǎ ŦŀǘƘŜǊΩǎ ŦŀǘƘŜǊΚ



Structure of Reasoning Problems

(0, 0)

(5, 0)

(0, 3)
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How do you get 4L water 
using 5L and 3L jugs?

How do you get 5L water 
using 9L and 5L jugs?

(0, 0)

(9, 0)

(0, 5)



Structure of Reasoning Problems

(0, 0)(5, 3)

(3, 0)

(2, 0)
(5, 0)

(0, 3)

(2, 3)
(0, 2) (5, 2) (4, 3)

(3, 3)

(5, 1) (0, 1) (1, 0)

(0, 0)(9, 5)

(5, 0)

(4, 0)
(9, 0)

(0, 5)

(4, 5)
(0, 4) (9, 4) (8, 5)

(5, 5)

(9, 1) (0, 1) (1, 0)
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How do you get 4L water 
using 5L and 3L jugs?

How do you get 5L water 
using 9L and 5L jugs?



Structure of Reasoning Problems

Both find a path to reach the target node(s)!

(0, 0)(5, 3)

(3, 0)

(2, 0)
(5, 0)

(0, 3)

(2, 3)
(0, 2) (5, 2) (4, 3)

(3, 3)

(5, 1) (0, 1) (1, 0)

(0, 0)(9, 5)

(5, 0)

(4, 0)
(9, 0)

(0, 5)

(4, 5)
(0, 4) (9, 4) (8, 5)

(5, 5)

(9, 1) (0, 1) (1, 0)

Introduction: 29 / 29

How do you get 4L water 
using 5L and 3L jugs?

How do you get 5L water 
using 9L and 5L jugs?



Introduction ConclusionsOur Works

How to generalize across knowledge structures?

How to generalize across query structures?

How to make ML on structured data more accessible?



Representation Learning Works

Our Works: 1 / 2

covered in this talk



System Works

Our Works: 2 / 2

simplifies development on structured data
reduce the lines of code by 20

scales up training embedding methods
speeds up by 51 on million-scale graphs

covered in this talk



NBFNet[1]: Learning inductive representations 
of structuresby encoding paths

[1] Zhaocheng Zhu, Zuobai Zhang, Louis-Pascal Xhonneux, Jian Tang. Neural Bellman-Ford Networks: A General 
Graph Neural Network Framework for Link Prediction. NeurIPS 2021.



A Simplified Setup: Knowledge Graphs

Graph ꞉ ꜡ȟדȟם

Entities ם: British royal family

Relations ד: {parent, spouse}

Edges ꜡ : known family relationships

NBFNet: 1 / 16



Inductive Generalization on Structure

British royal family :ם
{parent, spouse} :ד

Curie family :ם
{parent, spouse} :ד

ם ם

NBFNet: 2 / 16



What Is an Inductive Function on Structure?

NBFNet: 3 / 16



What Is an Inductive Function on Structure?

same structure
same value

NBFNet: 4 / 16

distance: 2
#shortest path: 2
PageRank: 0.154

distance: 2
#shortest path: 2
PageRank: 0.154



Path-based Methods

aggregation

path representations

ΧΧ
NBFNet: 5 / 16



Path-based Methods

Graph distance

min

sum of lengths

ΧΧ
NBFNet: 6 / 16



Path-based Methods

Personalized PageRank

sum

product of transition probabilities

ΧΧ
NBFNet: 7 / 16



Scalability Issue

NBFNet: 8 / 16



To compute paths of length Ὕ

Dynamic Programming

exponential in Ὕ ὕὝ꜡

DFS

random walk

graph distance

Personalized PageRank

Bellman-Ford

power iteration

NBFNet: 9 / 16



To compute paths of length Ὕ

Dynamic Programming

exponential in Ὕ ὕὝ꜡

DFS

random walk

encode each path

graph distance

Personalized PageRank

representation learning

Bellman-Ford

power iteration

message passing

instances of the generalized 
Bellman-Ford algorithm

NBFNet: 10 / 16



message 
passing

Generalized Bellman-Ford Algorithm

Message passing with a single-source input

NBFNet: 11 / 16

Output

ό
ὺ

Input

ό
ὺ

metric of όȟὺ



Neural Bellman-Ford Networks

message 
passing

Indicator Message Aggregate

Learnable!
NBFNet: 12 / 16



Learning Neural Bellman-Ford Networks

NBFNet: 13 / 16

positive

negative

backpropagation

ˡ

ˢ

ˤ

ˣ



Evaluation: Knowledge Graph Completion

(                      ), grandson, 

ground truth:

ǇǊŜŘƛŎǘƛƻƴΥ

лΦфлΦулΦт 0.4

ranking metrics

NBFNet: 14 / 16



Knowledge Graphs (ם ם )

b.CbŜǘΥ мр κ мс



YƴƻǿƭŜŘƎŜ DǊŀǇƘǎ όם ם ύ

ƳŜǘǊƛŎΥ IϪмлᴻ

b.CbŜǘΥ мс κ мс



(Drinking Water)



[1] Mikhail Galkin, Xinyu Yuan, Hesham Mostafa, Jian Tang, Zhaocheng Zhu. Towards Foundation Models for 
Knowledge Graph Reasoning. ICLR 2024.

Ultra[1]: Generalizing to any knowledge graph
with inductive relation representations



Inductive Generalization on Structure

Υ .ǊƛǘƛǎƘ Ǌƻȅŀƭ ŦŀƳƛƭȅם
Υ ϑǇŀǊŜƴǘΣ ǎǇƻǳǎŜϒד

Υ /ǳǊƛŜ ŦŀƳƛƭȅם
Υ ϑǇŀǊŜƴǘΣ ǎǇƻǳǎŜϒד

ם ם

¦ƭǘǊŀΥ м κ мп



Inductive Generalization on Structure

British royal family :ם
{parent, spouse} :ד

Curie family :ם
{parent, spouse} :ד

ם ם

ד ד

¦ƭǘǊŀΥ н κ мп



LƴŘǳŎǘƛǾŜ DŜƴŜǊŀƭƛȊŀǘƛƻƴ ƻƴ {ǘǊǳŎǘǳǊŜ

Υ .ǊƛǘƛǎƘ Ǌƻȅŀƭ ŦŀƳƛƭȅם
Υ ϑǇŀǊŜƴǘΣ ǎǇƻǳǎŜϒד

deep learning researchers :ם
{supervisor, collaborator} :ד

ם ם

ד ד

Ultra: 3 / 14



²Ƙŀǘ DŜƴŜǊŀƭƛȊŜǎ ŦƻǊ 9ƴǘƛǘƛŜǎΚ

Υ .ǊƛǘƛǎƘ Ǌƻȅŀƭ ŦŀƳƛƭȅם
Υ ϑǇŀǊŜƴǘΣ ǎǇƻǳǎŜϒד

Υ /ǳǊƛŜ ŦŀƳƛƭȅם
Υ ϑǇŀǊŜƴǘΣ ǎǇƻǳǎŜϒד

9ƭƛȊŀōŜǘƘ LL Marie Curie

Elizabeth II - Princess Anne Marie Curie - Irene Curie

Ultra: 4 / 14



ƳŜǎǎŀƎŜ 
ǇŀǎǎƛƴƎ

hǳǘǇǳǘ

ό
ὺ

Input

ό
ὺ

Relative Entity Representations

ŜƴŎƻŘŜ ὺ όƻƴ ƎǊŀǇƘ ꞉

ǘƘŜ ǊŜƭŀǘƛǾŜ 
ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ

¦ƭǘǊŀΥ р κ мп



²Ƙŀǘ DŜƴŜǊŀƭƛȊŜǎ ŦƻǊ wŜƭŀǘƛƻƴǎΚ

British royal family :ם
{parent, spouse} :ד

deep learning researchers :ם
{supervisor, collaborator} :ד

parent supervisor

ǇŀǊŜƴǘ πǎǇƻǳǎŜ ǎǳǇŜǊǾƛǎƻǊ πŎƻƭƭŀōƻǊŀǘƻǊ

¦ƭǘǊŀΥ с κ мп



wŜƭŀǘƛǾŜ wŜƭŀǘƛƻƴ wŜǇǊŜǎŜƴǘŀǘƛƻƴǎ

relative relation: encode ὶ ήon what?

Ultra: 7 / 14

relative entity: encode ὺ όon graph ꞉



Relative Relation Representations

/ƻƴǎǘǊǳŎǘ ŀ ǊŜƭŀǘƛƻƴ ƎǊŀǇƘ ǘƻ 
ŎŀǇǘǳǊŜ ǊŜƭŀǘƛƻƴ ƛƴǘŜǊŀŎǘƛƻƴǎΗ

¦ƭǘǊŀΥ у κ мп

ǊŜƭŀǘƛǾŜ ǊŜƭŀǘƛƻƴΥ ŜƴŎƻŘŜ ὶ ήƻƴ ǿƘŀǘΚ

ǊŜƭŀǘƛǾŜ ŜƴǘƛǘȅΥ ŜƴŎƻŘŜ ὺ όƻƴ ƎǊŀǇƘ ꞉



Relative Relation Representations

relation graph ꞉

ήὶ

ƪƴƻǿƭŜŘƎŜ ƎǊŀǇƘ ꞉

ή
ὶ

¦ƭǘǊŀΥ ф κ мп



message 
passing

Relative Relation Representations

relation graph ꞉

ήὶ

ƪƴƻǿƭŜŘƎŜ ƎǊŀǇƘ ꞉

ή
ὶ

Encode ὶ ήon ꞉

ή
ὶ

Output

ή
ὶ

LƴǇǳǘ

¦ƭǘǊŀΥ мл κ мп



Relation Graph

Relation interactions:

head2head, head2tail, tail2head, tail2tail

Example:

(author, t2h, genre)

Anything that has an author is likely to have a genre

ƎŜƴǊŜ
authored

collab

¦ƭǘǊŀΥ мм κ мп



¦ƭǘǊŀΥ ¦ƴƛŦƛŜŘΣ [ŜŀǊƴŀōƭŜΣ ¢ǊŀƴǎŦŜǊŀōƭŜ

ƳŜǎǎŀƎŜ 
ǇŀǎǎƛƴƎ

ή
ὶ

ή
ὶ

ƳŜǎǎŀƎŜ 
ǇŀǎǎƛƴƎ

ǊŜƭŀǘƛƻƴ ƎǊŀǇƘ ꞉

ήὶ

knowledge graph ꞉

ή
ὶ

initialize relation representations

¦ƭǘǊŀΥ мн κ мп

ˢ

ˣˡ



0-shot Inference on any Knowledge Graph

training graphs

Ultra: 13 / 14



Surprising Generalization Ability

9ƴŎȅŎƭƻǇŜŘƛŀ
hƴǘƻƭƻƎȅ .ƛƻƭƻƎȅ

/ƻƳƳƻƴǎŜƴǎŜGeography

Encyclopedia
Ontology

Domains

млπплƪ ŜƴǘƛǘƛŜǎ

млπнлл ǊŜƭŀǘƛƻƴǎ

мллƪπоллƪ ǘǊƛǇƭŜǘǎ

{ƛȊŜǎ
нƪπмллƪ ŜƴǘƛǘƛŜǎ

тπнллл ǊŜƭŀǘƛƻƴǎ

рƪπмa ǘǊƛǇƭŜǘǎ

¦ƭǘǊŀΥ мп κ мп



[1] Zhaocheng Zhu, Mikhail Galkin, Zuobai Zhang, Jian Tang. Neural-Symbolic Models for Logical Queries on 
Knowledge Graphs. ICML2022.
[2] Mikhail Galkin, Zhaocheng Zhu, Hongyu Ren, Jian Tang. Inductive Logical Query Answering in Knowledge 
Graphs. NeurIPS 2022.
[3] Mikhail Galkin, Jincheng Zhou, Bruno Ribeiro, Jian Tang, Zhaocheng Zhu. Zero-shot Logical Query Reasoning 
on any Knowledge Graph. arXiv 2024.

GNN-QE[1][2][3]: Solving multi-hop querieswith
inductive models and logical operations



Knowledge Graph Completion

Input: a head entity, a relation

Output: one or many tail entities

Dbbπv9Υ м κ нс 

ό                      ύΣ ƎǊŀƴŘǎƻƴΣ 



aǳƭǘƛπƘƻǇ [ƻƎƛŎŀƭ vǳŜǊƛŜǎ

Input: one or several entities, several relations, logical operations

Output: one or many tail entities

Turing Award

Deep Learning Field-1

²ƛƴπм

¦ƴƛǾŜǊǎƛǘȅ

!ǘ ǿƘŀǘ ǳƴƛǾŜǊǎƛǘƛŜǎ Řƻ ǘƘŜ ¢ǳǊƛƴƎ !ǿŀǊŘ 
ǿƛƴƴŜǊǎ ƛƴ ǘƘŜ ŦƛŜƭŘ ƻŦ ŘŜŜǇ ƭŜŀǊƴƛƴƎ ǿƻǊƪΚ

Dbbπv9Υ н κ нс 

Deep Learning

Bengio
LeCun

UdeM
b¸¦

{ǘŀƴŦƻǊŘ

!ƴŀƭȅǎƛǎ ƻŦ 
!ƭƎƻǊƛǘƘƳǎ

¦ƻŦ¢
UvA

Turing 
Award

Knuth

Welling Iƛƴǘƻƴ



aǳƭǘƛπƘƻǇ [ƻƎƛŎŀƭ vǳŜǊƛŜǎ

¢ǳǊƛƴƎ !ǿŀǊŘ

5ŜŜǇ [ŜŀǊƴƛƴƎField-1

Win-1

University

At what universities do the Turing Award 
winners in the field of deep learning work?

Dbbπv9Υ о κ нс 

5ŜŜǇ [ŜŀǊƴƛƴƎ

.ŜƴƎƛƻ
[Ŝ/ǳƴ

UdeM
NYU

Stanford

Analysis of 
Algorithms

¦ƻŦ¢
¦Ǿ!

¢ǳǊƛƴƎ 
!ǿŀǊŘ

YƴǳǘƘ

Welling Hinton

search this subgraph



Turing Award

5ŜŜǇ [ŜŀǊƴƛƴƎ
CƛŜƭŘπм

²ƛƴπм

¦ƴƛǾŜǊǎƛǘȅ

Subgraph Matching

Deep Learning

Bengio
LeCun

¦ŘŜa
b¸¦

{ǘŀƴŦƻǊŘ

!ƴŀƭȅǎƛǎ ƻŦ 
!ƭƎƻǊƛǘƘƳǎ

UofT
UvA

Turing 
Award

Knuth

²ŜƭƭƛƴƎ Iƛƴǘƻƴ

Dbbπv9Υ п κ нс 



¢ǳǊƛƴƎ !ǿŀǊŘ

Deep Learning
Field-1

Win-1

University

{ǳōƎǊŀǇƘ aŀǘŎƘƛƴƎ

5ŜŜǇ [ŜŀǊƴƛƴƎ

.ŜƴƎƛƻ
[Ŝ/ǳƴ

UdeM
NYU

Stanford

Analysis of 
Algorithms

¦ƻŦ¢
¦Ǿ!

¢ǳǊƛƴƎ 
!ǿŀǊŘ

YƴǳǘƘ

Welling Hinton

GNN-QE: 5 / 26 



Turing Award

5ŜŜǇ [ŜŀǊƴƛƴƎ
CƛŜƭŘπм

²ƛƴπм

¦ƴƛǾŜǊǎƛǘȅ

Subgraph Matching

Deep Learning

Bengio
LeCun
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b¸¦

{ǘŀƴŦƻǊŘ

!ƴŀƭȅǎƛǎ ƻŦ 
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UvA

Turing 
Award

Knuth

²ŜƭƭƛƴƎ Iƛƴǘƻƴ

Dbbπv9Υ с κ нс 



¢ǳǊƛƴƎ !ǿŀǊŘ

Deep Learning
Field-1

Win-1

University

{ǳōƎǊŀǇƘ aŀǘŎƘƛƴƎ

5ŜŜǇ [ŜŀǊƴƛƴƎ

.ŜƴƎƛƻ
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UdeM
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Stanford

Analysis of 
Algorithms

¦ƻŦ¢
¦Ǿ!

¢ǳǊƛƴƎ 
!ǿŀǊŘ

YƴǳǘƘ

Welling Hinton

GNN-QE: 7 / 26 



Turing Award

5ŜŜǇ [ŜŀǊƴƛƴƎ
CƛŜƭŘπм

²ƛƴπм

¦ƴƛǾŜǊǎƛǘȅ

Subgraph Matching

Deep Learning

Bengio
LeCun

¦ŘŜa
b¸¦

{ǘŀƴŦƻǊŘ

!ƴŀƭȅǎƛǎ ƻŦ 
!ƭƎƻǊƛǘƘƳǎ

UofT
UvA

Turing 
Award

Knuth

²ŜƭƭƛƴƎ Iƛƴǘƻƴ

Dbbπv9Υ у κ нс 



¢ǳǊƛƴƎ !ǿŀǊŘ

Deep Learning
Field-1

Win-1

University

{ǳōƎǊŀǇƘ aŀǘŎƘƛƴƎ

5ŜŜǇ [ŜŀǊƴƛƴƎ

.ŜƴƎƛƻ
[Ŝ/ǳƴ

UdeM
NYU
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Analysis of 
Algorithms

¦ƻŦ¢
¦Ǿ!

¢ǳǊƛƴƎ 
!ǿŀǊŘ

YƴǳǘƘ

Welling Hinton

GNN-QE: 9 / 26 



Subgraph Matching

5ŜŜǇ [ŜŀǊƴƛƴƎ
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Deep Learning
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¦ƴƛǾŜǊǎƛǘȅ
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Subgraph matching is inductive, but it ŎŀƴΩǘ 
reason about missing links.
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Subgraph Matching
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Relax to Fuzzy Sets
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Relax to Fuzzy Sets

● (ÉÎÔÏÎȡπȢψρȟ,ÅÃÕÎȡπȢυφȟ"ÅÎÇÉÏȡπȢφτɴ πȟρם

Relation Projection: ◐ ὟὲὭὺὩὶίὭὸώ●

Conjunction:●ṩ◐

Disjunction:● ◐ ●ṩ◐

Negation: ●
¢ǳǊƛƴƎ !ǿŀǊŘ
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Inductive!
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Refresher: NBFNet

CƛŜƭŘπм
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a single-sourceinput 

GNN-QE: 15 / 26 



Refresher: NBFNet
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wŜƭŀǘƛƻƴ tǊƻƧŜŎǘƛƻƴ
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Dbbπv9Υ мт κ нс 



wŜƭŀǘƛƻƴ tǊƻƧŜŎǘƛƻƴ
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0-shot Relation Projection
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ˡ
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ƛƴŦŜǊ ǊŜƭŀǘƛƻƴ 
ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎ

ˢ

ǊŜƭŀǘƛƻƴ ƎǊŀǇƘ

knowledge graph



0-shot Relation Projection
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ǊŜƭŀǘƛƻƴ ƎǊŀǇƘ
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ƛƴŦŜǊ ǊŜƭŀǘƛƻƴ 
ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎ



DǊŀǇƘ bŜǳǊŀƭ bŜǘǿƻǊƪ vǳŜǊȅ 9ȄŜŎǳǘƻǊ
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Turing Award

Deep Learning
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Multi -hop Logical Queries (ם ם )

metric: MRRᴻ

Dbbπv9Υ нн κ нс 



aǳƭǘƛπƘƻǇ [ƻƎƛŎŀƭ vǳŜǊƛŜǎ όם ם ύ

ƳŜǘǊƛŎΥ IϪмлᴻ

Dbbπv9Υ но κ нс 



.ŜǘǘŜǊ /ƻƳǇƻǎƛǘƛƻƴŀƭ DŜƴŜǊŀƭƛȊŀǘƛƻƴ
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better single-hop

better single-hop to 
multi-hop generalization

ōŜǘǘŜǊ 
ƳǳƭǘƛπƘƻǇ



9ŦŦŜŎǘƛǾŜ ŦƻǊ {Ƴŀƭƭ ¢ǊŀƛƴƛƴƎ 5ŀǘŀ

Dbbπv9Υ нр κ нс 



лπǎƘƻǘ LƴŦŜǊŜƴŎŜ ƻŦ aǳƭǘƛπƘƻǇ vǳŜǊƛŜǎ

Dbbπv9Υ нс κ нс 

baselines trained 
separately on each dataset 

0-shot baselines



[1] Zhaocheng Zhu, Chence Shi, Zuobai Zhang, Shengchao Liu, Minghao Xu, Xinyu Yuan, Yangtian Zhang, Junkun 
Chen, Huiyu Cai, Jiarui Lu, Chang Ma, Runcheng Liu, Louis-Pascal Xhonneux, Meng Qu, Jian Tang.TorchDrug: A 
Powerful and Flexible Machine Learning Platform for Drug Discovery. arXiv 2022.
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ML Implementation = Tensor Operations
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Structured Data Meets Tensors
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Naïve Solution: Padding
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Solutions
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easy to implement
preprocessing

very slow
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{ƻƭǳǘƛƻƴǎ

¢ƻǊŎƘ5ǊǳƎΥ т κ мт 

arrays

easy to implement
preprocessing

very slow

dense tensors
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The High-Level Idea
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The High-Level Idea
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Data Structure
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Graph Operations

TorchDrug: 12 / 17 

0

н м

о

4

5

8 6

7

0 1 2 2 3 3 5 5 6 6 7 8

4 0 0 3 1 4 6 8 7 8 5 7
ŜŘƎŜ ƭƛǎǘ

5 4ІƴƻŘŜǎ

ІŜŘƎŜǎ6 6

graphs

0 2 3 4 5 6 8node index

0

1

2

о

п

с 5

0 1 1 2 4 4 5

3 0 2 3 5 6 6
edge list

4 3#nodes

#edges 4 3

new graphs

ÎÅ×ʍÇÒÁÐÈÓ ˮ ÇÒÁÐÈÓƚÓÕÂÇÒÁÐÈƽÎÏÄÅʍÉÎÄÅØƾ



Supported Operations

¢ƻǊŎƘ5ǊǳƎΥ мо κ мт 



Different Levels of Abstraction
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Use Case: Adaptive Message Passing[1]

¢ƻǊŎƘ5ǊǳƎΥ мр κ мт 

[1] Zhaocheng Zhu*, Xinyu Yuan*, Mikhail Galkin, Sophie Xhonneux, Ming Zhang, Maxime Gazeau, Jian Tang. 
A*Net: A Scalable Path-based Reasoning Approach for Knowledge Graphs. NeurIPS 2023.
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Use Case: Beam Search of Generation[1]

¢ƻǊŎƘ5ǊǳƎΥ мс κ мт 

[1] Chence Shi, Minkai Xu, Hongyu Guo, Ming Zhang, Jian Tang. A Graph to Graphs Framework for 
Retrosynthesis Prediction. ICML 2020.

enable parallel generation



Use Case: On-the-fly Graph Construction[1]
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[1] Zuobai Zhang, Minghao Xu, Arian Jamasb, Vijil Chenthamarakshan, Aurelie Lozano, Payel Das, Jian Tang. 
Protein Representation Learning by Geometric Structure Pretraining. ICLR 2023.
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random augmentations
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speed up development



Introduction /ƻƴŎƭǳǎƛƻƴǎOur Works

²Ƙŀǘƛǎ ǘƘŜ ƛƳǇŀŎǘ ƻŦ ƻǳǊ ǿƻǊƪǎΚ

²Ƙŀǘƛǎ ǘƘŜ ŦǳǘǳǊŜ ŦƻǊ ǊŜŀǎƻƴƛƴƎ ŀƴŘ ƎŜƴŜǊŀƭƛȊŀǘƛƻƴΚ



Direct impact: Accelerating the transition 
from transductive models to inductive ones

Conclusions: 1 / 10 



Lesson: Models with inductive biases inspired 
by symbolic algorithmsgeneralize better

Conclusions: 2 / 10 



Belief: Many reasoning problems can be 
unified

/ƻƴŎƭǳǎƛƻƴǎΥ о κ мл 



Inductive Generalization on Text

²Ƙŀǘ ƛǎ ǘƘŜ ŀƴǎǿŜǊ ǘƻ м Ҍ м Ҍ м πм πмΚ

²Ƙŀǘ ƛǎ Ƴȅ ǎƻƴΩǎ ǎƻƴΩǎǎƻƴΩǎŦŀǘƘŜǊΩǎ ŦŀǘƘŜǊΚ

Train

Test

/ƻƴŎƭǳǎƛƻƴǎΥ п κ мл 



The De Facto Approach: Instruction Tuning

/ƻƴŎƭǳǎƛƻƴǎΥ р κ мл 

[1] Jason Wei, et al. Finetuned Language Models Are Zero-Shot Learners. ICLR 2022.

implicitly perform inductive generalization


