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1. Summary

1. Target: Can Large Language Models (LLMs) and Large
Reasoning Models (LRMs) reason or are they shallow
pattern-matching on internet-scale data?

2. Method: We benchmark LLMs and LRMs on the STaR
benchmark [1] for the problem of disjunctive reasoning, whilst
circumventing previous issues with test data e.g. memorization
(e.g. for GSM8k) [2].

3. Novelty: STaR problems are novel as the intermediate
computation nodes need to contain multiple possible solutions or
sets, compared to other art.

4. Punchline: LLMs and LRMs are shallow disjunctive reasoners.
5. Why?: A behavioral analysis reveals that LRMs like o3-mini can

shallowly approximate different components of the Algebraic
closure algorithm that solves the STaR benchmark [3].

2. Benchmarking Disjunctive Reasoning
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Spatio-Temporal Reasoning (STaR) benchmark:
▶ The Systematic Generalization (SG) task is framed as a

graph link classification problem (s, ?, t).
▶ (Def) SG is the ability of a model to solve test instances by

composing knowledge that was learned from multiple training
instances [6], where the test instances are typically larger
than the training instances.

▶ Problem complexity parameters : s-t path length k (number
of edges) and number of s-t paths b

▶ Train/test split: Train on k = 2, 3, 4, b = 1, 2, 3, test on
2 ≤ k ≤ 10 and 1 ≤ b ≤ 4

Input Representation
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Instruction (Q): You are a helpful assistant. Just answer the question as a single

integer. Given a consistent graph with edges comprising the 8 base relations, predict the

label of the target edge. More specifically, Given a data row delimited by a comma with

the following columns: `graph_edge_index`, `edge_labels`, `query_edge`, predict the label

of the `query_edge` as one of the 8 base relations as a power of 2 as defined above.

Composition Table (T): The following are the base elements of RCC-8: DC = 1 EC = 2 PO = 4

TPP = 8 ...

Graph Edge Index (E_i): "[(0, 1), (1, 2)]"

Edge labels (L_i): "['EC' 'NTPPI']"

Query Edge ( (0, n_i) ): "(0, 2)"

4. Results
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Non-reasoning LLM results on the RCC-8 split
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Non-reasoning LLM results on the IA split

Conf. o3-mini Qwen 7B Qwen 14B
(k, b) Acc. F1 Acc. F1 Acc. F1

R
C

C
-8

(9, 3) 0.30 0.24 0.12 0.07 0.06 0.05
(9, 2) 0.48 0.38 0.06 0.02 0.26 0.23
(9, 1) 0.90 0.85 0.08 0.07 0.20 0.15
(8, 4) 0.44 0.35 0.10 0.08 0.16 0.12
(8, 3) 0.56 0.52 0.12 0.11 0.14 0.10
(5, 2) 0.68 0.63 0.12 0.07 0.24 0.19

IA

(9, 3) 0.30 0.29 0.04 0.03 0.10 0.10
(9, 2) 0.44 0.42 0.06 0.04 0.22 0.18
(9, 1) 0.78 0.74 0.20 0.15 0.14 0.09
(8, 4) 0.36 0.30 0.04 0.06 0.12 0.07
(8, 3) 0.34 0.36 0.04 0.03 0.14 0.07
(5, 2) 0.56 0.52 0.04 0.03 0.18 0.11

LRM results on STaR
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(a) o3 results breakdown

RCC-8, spearman's r: -0.65 pval: 2.68e-06
IA, spearman's r: -0.66 pval: 8.46e-06
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(b) RCC-8
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1.0 (c) Interval Algebra
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LRMs are shallow Algebraic Closure Algorithm (ACA)
simulators. (a) o3-mini’s performance on STaR. (b)-(c) Models,
increasingly with size, zero-shot exploit the trivial path
heuristic for solving STaR problems. Error bars are ±1σ.
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