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What is systematic relational reasoning and why is it
important?
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evaluate the ability of a machine to recomiine
base compositions to collapse increasingly
long sequences
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Compositional learning unlocks human-like learning with
sparse data
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rfunction multiply (x[l..p], y[l..q9]): @ 2
// multiply x for each y[i]
for i =qto 1 @ @ @
carry = 0
for j=p tol A(x) for y
' = 6 ®
summands[i] = digits @
// add partial res

product = zgzlsumands[qﬂ—i] -10t-1
] Ccarry) Cmod I(D ( sum ) (concat)

9 return product A(x) Color mullipl_v
Dziri et. al. 2023
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How to measure systematic *relational* reasoning?
= link prediction problem: (s,?,t)

Test on increasingly large graphs

Train on small graphs (path length k=2,3,4,5,...,10)
(path length from source to sink: k=2,3,4)
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Kristin and her son Justin went to visit
her mother Carol on a nice Sunday
afternoon. They went out for a movie
together and had a good time.

Has daughter

Q: How is Carol related to Justin ?

A: Carol is the grandmother of Justin
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CLUTRR (Sinha et. al. 2022)

granddaughter




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.)
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Single-path reasoning

Multi-path disjunctive reasoning
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Know what you know
and don’t know
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EpiGNN: the Epistemic Graph Neural Network



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

Graph Neural Network Bellman-Ford algorithm

ECECESE  Noneed o leam forioops [T
hu® = Zy MLP(hy&1), hyk-1) d[k][u] = miny d[k-1][v] + cost (v, u)

Learns a simple reasoning step

MLPs have to learn for-loops that GNNs don’t so tasks unified by dynamic
programming are more sample efficiently learned
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Summary statistics Relational argmax Dynamic programming NP-hard problem
What is the maximum value ~ What are the colors of the What is the cost to defeat monster X ~ Subset sum: Is there a
difference among treasures? furthest pair of objects? by following the optimal path? subset that sums to 0?




So, algorithmically align the GNN with the algebraic closure

that “solves” the general reasoning problem



Detailed: Neural vs. Classical
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Results



Link prediction (h,?,t): CLUTRR

Table 1: Results (accuracy) on CLUTRR after training on problems with k € {2,3,4} and then
evaluating on problems with k£ € {5,...,10}. Results marked with * were taken from (Minervini
et al., 2020b), those with T from (Lu et al., 2022) and those with 2 from (Cheng et al., 2023). The
best performance for each k is highlighted in bold.

5 Hops 6 Hops 7 Hops 8 Hops 9 Hops 10 Hops

EpiGNN-mul (ours)  0.99+.01  0.99+.01 0.99+.02 099+£.03 0.96%+.03 0.98+.02
EpiGNN-min (ours)  0.99Xx.01 0.98+.02 098+.03 097L£.06 095x.04 0.93+£.07

NCRL? 1.04+.01  0.99+.01 098+.02 098+.03 098+.03 0.97+.02

R51 0.99+.02  099+.04 099+.03  1.0+.02  0.99+.02 0.984.03 N e S
CTP}, 0.99+.02  098+.04 097+.04 098+.03 097+.04 0.95+.04 y
CTPY 0.99+.04 099+.03 097+.03 095+.06 093+.07 0.914.05

CTIP;, 098+.04 097+£.06 095+.06 094+.08 0.93+.08 0.904.09

GNTP* 0.68+28 0.63+34 0.62+31 059+.32  057+.34  0.52+.32

ET 0.99+.01  098+.02 0.99+.02 096+.04 092+.07 0.924.07

GAT" 099400 0854+.04 0804+.03 0.71+.03 0.70+£.03  0.68+.02 G N N S
GCN* 0.944+.03  0.794+.02 0.61+.03 053+.04 05304 041+.04

NBFNet 0.83+.11  0.68+.09 058+.10 053+£.07 050%.11  0.534.08

R-GCN 097+.03  0.82+.11  0.60+.13  052+.11  0504+.09 0.454+.09

RNN* 093+.06 0.87+.07 0.79+.11 073+£.12  0.65+.16 0.64+.16

LSTM* 098+.03 095+.04 089+.10 084+.07 0.77+.11  0.78=+.11

GRU™ 095+.04 094+£.03 087+£.08 081%£.13 0.74x.15 0.75£.15




Link prediction (h,?,t): GraphLOG

Table 2: Results on Graphlog (accuracy). For each world, we report the number of distinct relation

sequences between head and tail (ND) and the Average resolution length (ARL). Results marked
with * were taken from (Lu et al., 2022) and those with T from (Cheng et al., 2023). The best and
second-best performance across all the models are highlighted in bold or underlined.

WorldID ND ARL E-GAT® R-GCN” CIP" R5" NCRL' ET EpiGNN-mul
World 6 249 5.06 0.536 0.498 0.533+0.03 0.687+0.05 0.702+0.02 0.496 £ 0.087 0.648 + 0.012
World 7 288 447 0.613 0.537 0.513+£0.03  0.749+0.04 - 0.487 £ 0.056  0.611+0.026
World 8 404 543 0.643 0.569 0.545+0.02 0.671+0.03 0.687+0.02  0.55 4 0.092 0.64940.042
World 11 194 429 0.552 0.456 0.553+0.01 0.803-+0.01 - 0.637 £ 0.091  0.758 + 0.037

World 32 287 4.66 0.700 0.621 0.5814+0.04 0.8414+0.03 - 0.815 £ 0.061  0.914:£0.026




Link prediction (h,?,t): STaR
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Figure 4: RCC-8 and Interval Algebra benchmark results (accuracy). RS and CTP results for 5+ hops
were set to zero since the model took longer than 30 minutes for inference. Models are trained on
graphs with b € {1, 2, 3} paths of length k € {2, 3,4}. The best model for all cases is EpiGNN-min.



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

B CLUTRR 2% RCC-8 E== |A B8 Graphlog

- Unconstrained embeddings 0.36 0.30 0.38 0.21
- MLP+distmul composition 0.29 0.31 0.13 0.13
- Forward model only 094 0.82 0.84 0.51
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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 to yield SoTA results.



Thank you!

code: https://github.com/erg0dic/gnn-sg
STaR dataset: hitps://huggingface.co/datasets/erg0dic/STaR



https://github.com/erg0dic/gnn-sg
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