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Overview

1. What is systematic reasoning and why is it important?
2. Generalising the conjunctive reasoning problem
3. Limitations of current approaches
4. Enter: EpiGNN
5. Results

a. Relation Prediction (eval systematicity)
b. Inductive Knowledge graph completion (eval scalability and performance preservation)
c. Parameter efficiency

6. Outlook
a. Takeaways
b. What I’m currently working on.
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Issues that are inherent here:

1. Order of composition matters: to remain in distribution with the training data.
2. If it’s impossible to avoid unknown compositions, how do we treat them?



Compositional learning unlocks human-like learning with 
sparse data

Lake et. al. 2017 Lake et. al. 2018

Dziri et. al. 2023



How to measure systematic *relational* reasoning?
⇒ link prediction problem: (s,?,t)

CLUTRR (Sinha et. al. 2022)

Train on small graphs 
(path length from source to sink: k=2,3,4)

Test on increasingly large graphs 
(path length k=2,3,4,5,...,10)



Limitations of current methods

1. Though neuro-symbolic (NeSy) or neural-theorem-prover type methods are 
good at these problems,
a. They are too specialized for single path conjunctive reasoning
b. They are parameter-inefficient and generally not very scalable to large graphs

2. Non-NeSy *statistical* methods are generally poor at systematic reasoning. 
We argue that is because
a. They lack an algorithmical alignment bias (Xu et. al. 2021) wrt. the systematicity task
b. They are prone to learning shortcuts (spurious patterns) (Gierhos et. al.) 



Why single-path reasoning is not realistic! e.g. story graphs

Ciółkowo

Russians

100 (sic., +men)

We expect transferability of better systematic 
reasoning to story graph reasoning.

Especially in the long-hop, multi-path setting.



[Cont1] New benchmarks using spatio-temporal calculi



Limitations of current approaches



1- NeSy is not scalable and is often single-path-focussed

NTP; Rocktäschel et. al. 2018

R5; Lu et. al. 2022

CTP; Minervini et. al. 2020



2 - Edge Transformers don’t scale to large graphs: n^3 vs 
~n^2 

Edge Transformer (ET); 
Bergen et. al. 2021

The main issue is the dense graph/ all-pairs connectivity in the edge-attention 
mechanism.

3 - GNNs like NBFNet (Zhu et. al. 2021) are scalable but 
lack systematicity



[Cont2] EpiGNN: the Epistemic Graph Neural Network

Know what you know 
and don’t know



GNN refresher: Operationalized Weisfeiler-Lehman test

GNN ops for node v for k iterations with neighbourhood 

Weisfeiler-Lehman for k iterations for node v (roughly, iteratively encode node 
neighbourhoods into its colour, modulo graph isomorphism):

In practice, AGGREGATE and COMBINE are learnable non-linear functions like 
MLPs.



Idea: Algorithmically aligning the architecture with the algorithm 
that solves the task aids generalization (Xu et. al. 2020)

MLPs have to learn for-loops that GNNs don’t so tasks unified by dynamic 
programming are more sample efficiently learned



So, algorithmically align the GNN with the algebraic closure 
algorithm that “solves” the general reasoning problem

Main steps in algebraic closure are:

1. Initialization of node 
embeddings for all possible 
relations.

2. Compute all possible discrete 
relational compositions.

3. Update node embeddings via 
intersection with the set from 
step 2.

4. Repeat  step 2 for k iterations.

Use NBFNet for relational embeddings:

1. Initialize probabilistic embeddings 
that can encode unions of base 
relations

2. Use a COMBINE function that 
simulates discrete relational 
composition.

3. Use an AGGREGATE function that 
simulates intersection.

4. Repeat for k rounds.



Detailed: Neural vs. Classical
1. Initialization

2. Message passing (COMBINE) composition

3. Aggregation: ψ `min` or `mul`



Empirical mods that boost performance: 
1. forward-backward compositions

2. Multi-faceted embeddings to encode hierarchical or   
    distributed representations (Hinton et. al. 1983). Analogous to 
    multiple parallel models or multi-head attention.
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Illustration: Aggregation F/B node embeddings
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Results
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Link prediction (h,?,t): GraphLOG
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Link prediction (h,?,t): STaR (Harder Expansion)



For context, the test graphs get quite large



Link prediction (h,?,t): STaR (Even Harder Expansion)

The inductive bias for disjunctive 
reasoning gets really delineated here as 
the EpiGNN is fairly steady, 
performance-wise, not dropping below 
~0.75 on the hardest settings.



Ablations highlight the necessity of all the model’s 
architectural propositions and EpiGNN is 100x 
parameter-efficient wrt. baselines



Learned relation embeddings are semantically meaningful



Entity prediction results (h,r,?): on knowledge graphs

1. Confirms that EpiGNN still preserves most of the NBFNet performance after 
modifications but also that a systematic generalisation bias hurts inductive KG 
performance. 

2. Highlights the trade-off in problem domains: avoiding statistical biases in KGC 
is not a good idea wrt. Performance.

3. EpiGNN is also parameter-efficient wrt. NBFNet and REST (Liu et. al. 2023)



Outlook



Takeaways

1. Systematic reasoning enables generalization beyond training data. Could 
unlock high quality low-data learning. 

2. NNs are bad at it because they lack the inductive biases that align their 
architecture with an algorithm that solves it.

3. For multi-path disjunctive reasoning (generalising single-path), we can align a 
relational GNN with the algebraic closure algorithm.

4. Statistical biases need to be avoided for systematic reasoning but might be 
necessary for high performance for other domains.



What I’m currently working on

1. Story graph reasoning:  applications to event-based info retrieval 
a. Getting a graph from raw text using NLP techniques
b. Embellishing this graph with (noisy) additional information
c. Reasoning engine denoises the noisy graphs

2. Making the STaR benchmark more real-world like 
a. Family relations + locations?
b. Spatial positions with constraints



Any Questions?



Backup Slides



Crux: Algorithmically aligning the architecture with the task 
aids generalization (Xu et. al. 2020)

MLPs have to learn for-loops that GNNs don’t so tasks unified by dynamic 
programming are more sample efficiently learned by GNNs






