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Abstract
We introduce an extensive qualitative spatial and1

temporal reasoning (QSTR) benchmark for evalu-2

ating large language models (LLMs) and report re-3

sults for contemporary frontier models. All models4

tested perform better than guessing but none can5

consistently answer all questions correctly. Perfor-6

mance varies sharply by calculus, with PA being the7

most straightforward, and RCC-22 the most diffi-8

cult. We release the benchmark, and our results un-9

der an open licence to facilitate further assessment10

of qualitative spatio/temporal reasoning in LLMs.11

1 Introduction12

Qualitative Spatial and Temporal Reasoning (QSTR1), see13

e.g. [Cohn and Renz, 2007], is a well developed field which14

is concerned with the representation of qualitative spatial15

and temporal information and reasoning with it. In natural16

language, spatial and temporal information is usually repre-17

sented qualitatively (using prepositions such as on, in, left of,18

part of, under, touching, before, after, ...) and many calculi19

have been developed to represent such information [Dylla and20

others, 2017].21

Large Language Models (LLMs) [Devlin et al., 2019;22

Brown and others, 2020], such as GPT, Gemini, Grok, Claude23

and Llama are examples of so called Foundation Models24

[Bommasani and others, 2021] which have been trained on25

very large textual corpora in order to generate text in response26

to a prompt. Many claims have been made about the power27

and apparent intelligent behaviour that these models can dis-28

play. In particular, their performance on some benchmarks29

may lead one to believe that they possess well developed rea-30

soning capabilities.31

We create a benchmark, QSTRBench, which is designed32

to test three kinds of reasoning tasks commonly associated33

with QSTR calculi: what is a relation’s converse, what is34

the composition of two relations, and what are the conceptual35

neighbours of a relation. The benchmark covers the three best36

known temporal qualitative calculi, and six of the best known37

1We may use QSTR as shorthand for both Qualitative Spatial
and Temporal Reasoning and Qualitative Spatial and Temporal Rep-
resentation(s); context should make clear which is intended.

qualitative spatial calculi. Having created the benchmark we 38

then test the performance on LLMs ranging from small open 39

weights models to large commercial frontier models. This 40

paper is a summary of a paper currently under review for a 41

journal (arXiv:2605.18380). 42

2 Related Work 43

A QSTR calculus is a formal system comprising a finite set 44

of base relation symbols forming a jointly exhaustive and 45

pairwise disjoint (JEPD) set. For example, the Region Con- 46

nection Calculus, RCC-8 [Cohn and others, 1997] consists 47

of eight relations: DC (Disconnected), EC (Externally Con- 48

nected), PO (Partially Overlapping), TPP (Tangential Proper 49

Part), NTPP (Nontangential Proper Part) and EQ (Equals); 50

TPPi and NTPPi are the converses of TPP and NTPP re- 51

spectively since they are asymmetric. A composition table 52

(CT) records the results of relational composition R3(x, z) = 53

R1(x, y) ◦ R2(y, z) for all base relation pairs. The concep- 54

tual neighbourhood (CN) [Freksa, 1992] captures which re- 55

lations can immediately follow one another under continuous 56

change. The converse of R(x, y) is the relation obtained by 57

reversing the arguments. 58

The ability of LLMs to reason about RCC-8 was first ex- 59

plored by Cohn [2023] using ChatGPT-4, and extended to six 60

models in [Cohn and Blackwell, 2024a]. Gardelakos and oth- 61

ers [2025] tested RCC-8 and CDC, finding that larger reason- 62

ing models and additional context improve accuracy but that 63

models show inductive bias. Bellodi and others [2025] found 64

LLMs unreliable for temporal interval reasoning on unseen 65

problems. Fatemi and others [2024] showed temporal rea- 66

soning is sensitive to graph structure and fact ordering. Ya- 67

mada and others [2024] concluded that spatial knowledge is 68

only partially learned from text. DecompSR [McPheat and 69

others, 2025] tests compositional direction reasoning, finding 70

that performance degrades with increasing reasoning steps; 71

neurosymbolic approaches help but translation errors accu- 72

mulate. The SpartQA dataset [Mirzaee and others, 2021] and 73

bAbI [Weston and others, 2015] assess spatial reasoning but 74

not CT or CN tasks. LLM reasoning weaknesses are well 75

documented [Cai and others, 2023]. 76



3 Experimental Design77

There are many QSTR calculi [Dylla and others, 2017] and so78

we choose well-known examples with binary relations, where79

the citation count is high and the CT, CN, and converse re-80

lations are readily available. We prefer calculi available in81

open source tooling such as GQR [Gantner and others, 2008]82

or SparQ [Wolter, 2009] to avoid transcription errors.83

We evaluate nine qualitative calculi: Point Algebra (PA;84

[Vilain and Kautz, 1986]; 3 relations), Allen’s Interval Al-85

gebra (IA; [Allen, 1983]; 13), Interval and Duration Alge-86

bra (INDU; [Pujari and others, 1999]; 25), RCC-5 ([Ben-87

nett, 1994; Jonsson and Drakengren, 1997]; 5), RCC-8 ([Ran-88

dell and others, 1992; Cohn and others, 1997]; 8), RCC-2289

([Cui et al., 1993]; 22), Egenhofer’s 9-Intersection Model90

(9IM; [Egenhofer, 1994]; 8), the Cardinal Direction Calcu-91

lus (CDC; [Frank, 1996]; 9), and Revised STAR ([Renz et92

al., 2004]; 9). PA, IA, and INDU are representative tempo-93

ral calculi, RCC-8 is the best-known qualitative spatial calcu-94

lus, 9IM provides an alternative formulation of RCC-8 re-95

lations, and CDC and STAR are included because of our96

interest in cardinal directions [Cohn and Blackwell, 2024b;97

Cohn and Blackwell, 2025].98

For each calculus, we test all combinations of relations R199

and R2 from the CT, using a question of the form If R1(x,y)100

and R2(y,z) then what are the possible relations between x101

and z?. We test the converse of each relation R using a ques-102

tion of the form: If R(x,y) then what is the relation between y103

and x?. We test the CN of a relation R using a question of the104

form: What are the conceptual neighbours of R(x,y)? (except105

for 9IM2 when we use the following wording: What are the106

closest topological relationships to R(x,y)?).107

We have a total of 102 base relations across all the tested108

calculi. So there are 102 converse questions, 102 conceptual109

neighbourhood questions and 1602 composition table ques-110

tions3, a total of 1806 questions in our QSTRBench data set.111

We present each question to the LLMs in a separate chat112

session. Where an LLM supports setting temperature explic-113

itly, we set temperature to 0.04 with a fixed random seed, oth-114

erwise we accept the model defaults.115

Burnell and others [2023] call for the routine release of116

instance-by-instance evaluation results and more granular re-117

porting practices to improve transparency and robustness in118

AI evaluations. Accordingly, we publish all our experimental119

data including all API request / response pairs for all exper-120

iments, providing full traceability of all model runs and the121

opportunity for future re-analysis5. The data include the tim-122

ing of experiments, prompts, metadata, API endpoints, token123

2The 9IM description does not talk about conceptual neighbour-
hoods but closest topological distances, measured in terms of the
similarity of the matrices defining two relations; closest topological
distance is related to but not identical to the notion of two relations
being conceptual neighbours.

3We test only compositions within a calculus, not across calculi,
so the total number is not 1022.

4Previous work [Blackwell and others, 2025] found better and
more predictable performance at zero temperature.

5See github.com/RobBlackwell/QSTRBench, accessed July
2026

counts and reasoning traces where available. We provide the 124

scripts used to generate questions and number questions and 125

answers consistently, to facilitate cross model comparison. 126

Models are stochastic in nature and so experimental repeats 127

are essential for robust statistical comparison, however we 128

must balance costs. We therefore report experimental repeats 129

for the best performing model (n=3) and in other cases, where 130

affordable. 131

4 Results 132

None of the 36 model configurations tested6 gets all the 133

benchmark questions correct (Fig. 1). Gemini 3.1 Pro with 134

high reasoning (1725:1734:1735/1806)7 is the best perform- 135

ing model. All of the top ten models are frontier models pro- 136

vided by U.S. technology companies. The top four models all 137

use high reasoning effort. The best performing Chinese open 138

weights model is DeepSeek R1. The two worst performing 139

models (Gemma 3:1B and Llama 3:8B) are small edge mod- 140

els, running on local hardware using Ollama8. There has been 141

extraordinary improvement in model accuracy over time, e.g. 142

OpenAI models improved from 0.06 GPT-3.5 Turbo to 0.96 143

(GPT-5.5 with high reasoning effort) in just over three years. 144

Overall, LLMs were most accurate with the PA calculus, 145

and least accurate with RCC-22. For all calculi except STAR, 146

the LLMs were more accurate with CT than CN (but the CN 147

for STAR is perhaps obvious because of the numeric ordering 148

of relations). 149

Models typically perform best on converse questions, then 150

CT questions, with CN questions being the most challenging. 151

All models tested achieve higher accuracy than the guess rate 152

for the combined Converse, CT and CN benchmark. 153

For RCC, overall accuracy declines with the number of 154

base relations (RCC-5 is more accurate than RCC-8, which 155

is more accurate than RCC-22) but in general, accuracy is not 156

proportional to the number of base relations. For example, 157

INDU has higher overall accuracy than RCC-22, despite it 158

having three more base relations and having the highest num- 159

ber of base relations of all calculi tested. Also, STAR has 160

a higher accuracy than 9IM (9 vs 8 relations) and CDC and 161

IA have a higher accuracy than RCC-8 and 9IM (9 and 13 162

relations respectively compared to 8 and 8). 163

Temporal calculi (PA, IA, INDU). PA is the easiest cal- 164

culus: 19/36 models, including Gemini 3.1 Pro, answer all 165

15 questions correctly. IA and INDU are harder; with only 166

Gemini 3.1 Pro getting these completely correct. Converse 167

is better handled for PA (33/36 perfect) than IA (25/36) and 168

INDU (18/36). 169

Region Connection calculi (RCC-5, RCC-8, RCC-22). 170

Accuracy declines with the number of relations across the 171

RCC family. Only three models achieve perfect RCC-5 ac- 172

curacy; no model is perfect on RCC-8 or RCC-22. Converse 173

accuracy falls sharply from RCC-5 (34/36) through RCC-8 174

6For GPT-5.2 we tested with both default and high reasoning
effort.

7Where we had the resources to do three experimental repeats,
we use the notation (a:b:c/d) to mean a/d, b/d and c/d.

8https://ollama.com, accessed July 2026

github.com/RobBlackwell/QSTRBench
https://ollama.com


RCC-22 9IM STAR INDU RCC-8 IA CDC RCC-5 PA

gemini-3.1-pro-preview-high
claude-fable-5-high
openai-gpt-5-5-high
openai-gpt-5-2-high

xai-grok-4
openai-gpt-5

openai-gpt-5-2
gemini-2-5-pro

openai-o3-2025-04-16
grok-4-1-fast

deepseek-reasoner-r1
azure-o1-2024-12-17

azure-o4-mini-2025-04-16
gpt-oss-120b

xai-grok-3-mini
deepseek-r1-0528

deepseek-v-3-2
gpt-oss-20b

deepseek-chat-v3-1
azure-gpt-45-preview-2025-02-07

gemini-2-5-flash
kimi-k2

claude-3-7-sonnet-20250219
claude-sonnet-4-20250514

glm-4-5
gemini-2-5-flash-lite
gemini-2.0-flash-001

azure-gpt-4o-2024-11-20
amazon-nova-pro-v1

llama-3-3-70b-instruct
openai-gpt-5-1

ollama-phi4-reasoning-14b
ollama-deepseek-r1-14b
azure-gpt-35-turbo-0125

ollama-llama3
ollama-gemma3-1b

M
od

el
0.89 0.96 1.00 1.00 0.95 1.00 0.96 0.94 1.00
0.88 0.96 1.00 0.99 0.99 0.98 1.00 1.00 1.00
0.88 0.96 1.00 0.99 0.94 0.99 1.00 1.00 1.00
0.78 0.95 1.00 0.98 0.95 0.99 1.00 0.95 1.00
0.79 0.95 0.85 0.98 0.93 0.97 1.00 0.91 1.00
0.73 0.95 0.98 0.97 0.94 0.99 0.99 0.96 1.00
0.68 0.90 0.98 0.98 0.93 0.98 1.00 0.97 1.00
0.55 0.73 0.97 0.96 0.81 0.96 1.00 0.95 1.00
0.49 0.86 0.91 0.97 0.90 0.97 0.92 1.00 1.00
0.54 0.82 0.91 0.92 0.90 0.91 0.98 0.97 1.00
0.32 0.54 0.67 0.92 0.91 0.90 0.94 0.94 1.00
0.28 0.62 0.56 0.94 0.82 0.98 0.87 0.91 1.00
0.28 0.57 0.72 0.91 0.82 0.93 0.99 0.90 1.00
0.20 0.51 0.67 0.79 0.74 0.85 0.93 0.91 1.00
0.22 0.45 0.43 0.77 0.78 0.91 0.71 0.91 1.00
0.24 0.55 0.73 0.66 0.85 0.86 0.95 0.91 0.93
0.24 0.64 0.49 0.71 0.76 0.74 0.87 0.91 0.87
0.21 0.55 0.58 0.70 0.62 0.83 0.96 0.89 0.93
0.19 0.39 0.48 0.69 0.71 0.66 0.99 0.83 1.00
0.20 0.38 0.43 0.67 0.62 0.77 0.85 0.78 1.00
0.14 0.41 0.42 0.73 0.34 0.78 0.68 0.43 0.80
0.20 0.36 0.43 0.61 0.60 0.68 0.93 0.71 0.93
0.22 0.50 0.37 0.56 0.69 0.66 0.66 0.94 1.00
0.18 0.40 0.36 0.61 0.49 0.77 0.64 0.80 1.00
0.22 0.29 0.47 0.48 0.47 0.56 0.75 0.69 0.73
0.14 0.15 0.30 0.43 0.39 0.48 0.75 0.77 0.87
0.14 0.23 0.31 0.43 0.41 0.46 0.51 0.60 0.93
0.14 0.13 0.33 0.29 0.40 0.40 0.40 0.55 0.76
0.14 0.09 0.32 0.25 0.41 0.39 0.45 0.49 0.73
0.11 0.12 0.19 0.31 0.31 0.25 0.24 0.57 0.73
0.16 0.09 0.32 0.15 0.42 0.30 0.51 0.60 0.73
0.07 0.03 0.13 0.08 0.31 0.30 0.22 0.63 0.87
0.06 0.03 0.14 0.04 0.26 0.17 0.28 0.43 0.67
0.04 0.06 0.11 0.02 0.09 0.07 0.17 0.17 0.33
0.01 0.09 0.04 0.02 0.09 0.07 0.04 0.23 0.47
0.01 0.04 0.04 0.00 0.10 0.02 0.07 0.11 0.13

Converse CT CN Combined

1.00 ± 0.000 0.97 ± 0.009 0.67 ± 0.053 0.96 ± 0.011
1.00 0.97 0.74 0.96
1.00 0.97 0.72 0.96

1.00 ± 0.000 0.93 ± 0.009 0.62 ± 0.034 0.92 ± 0.007
1.00 0.93 0.57 0.91

1.00 ± 0.000 0.92 ± 0.013 0.58 ± 0.034 0.90 ± 0.014
1.00 ± 0.000 0.90 ± 0.021 0.56 ± 0.034 0.89 ± 0.020
1.00 ± 0.020 0.82 ± 0.006 0.67 ± 0.069 0.83 ± 0.006

1.00 0.82 0.62 0.82
1.00 ± 0.000 0.81 ± 0.009 0.58 ± 0.034 0.81 ± 0.007

0.99 0.71 0.56 0.72
1.00 ± 0.020 0.70 ± 0.015 0.60 ± 0.087 0.71 ± 0.013
0.98 ± 0.040 0.70 ± 0.039 0.50 ± 0.053 0.71 ± 0.039

0.94 0.61 0.28 0.61
0.98 0.58 0.40 0.59
0.91 0.57 0.47 0.59
0.89 0.56 0.48 0.58
0.92 0.57 0.24 0.57
0.93 0.52 0.42 0.54

0.96 ± 0.020 0.51 ± 0.011 0.37 ± 0.040 0.53 ± 0.013
0.90 0.50 0.19 0.51
0.95 0.48 0.28 0.50
0.98 0.45 0.38 0.48
0.96 0.46 0.32 0.48
0.79 0.41 0.31 0.42

0.78 ± 0.000 0.35 ± 0.000 0.06 ± 0.000 0.36 ± 0.000
0.87 0.32 0.22 0.34

0.84 ± 0.173 0.24 ± 0.025 0.21 ± 0.087 0.27 ± 0.035
0.78 0.24 0.10 0.26
0.82 0.20 0.13 0.23
0.92 0.18 0.19 0.22
0.64 0.11 0.05 0.14
0.34 0.09 0.03 0.10
0.70 0.02 0.03 0.06
0.39 0.02 0.02 0.04
0.16 0.01 0.00 0.02 0.0

0.2

0.4
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Figure 1: Accuracy by model, by calculus, and by question type. Values are mean ± prediction interval (n=3) where repeats are available.

(28/36) to RCC-22 (12/36). Some models hallucinate invalid175

RCC-8 relation names (e.g. TPPPi), suggesting tokenisation176

issues with multi-character symbols. RCC-22 is the hardest177

calculus; even GPT-5.2 reverts to RCC-8 names on 11 oc-178

casions. Collapsing GPT-5.2’s RCC-22 answers to RCC-8179

granularity improves accuracy, but the analogous narrowing180

from RCC-8 to RCC-5 does not.181

Nine intersection model (9IM). Despite sharing the same182

underlying topological structure as RCC-8, models show sub-183

stantially lower converse accuracy with 9IM (only 12/36 per-184

fect models compared to 28/36), likely because the matrix185

representation obscures converseness. None of the models186

gets the RCC-8 CN or 9IM CN completely correct, even187

though the 9IM CN is in principle computable purely syn-188

tactically from the matrix entries, rather than involving actual189

spatial reasoning.190

Direction calculi (CDC, STAR). Only six models answer191

all 99 CDC questions correctly; most (33/36) handle CDC192

converse correctly. Inter-cardinal directions are harder than193

cardinal directions, consistent with our earlier work [Cohn194

and Blackwell, 2025]. For STAR, only four models achieve195

perfect accuracy – all have the high reasoning effort param-196

eter set. Kimi K2 failed to produce any valid STAR answer197

on 7/99 questions, attempting to apply trigonometry to the198

numeric relation labels.199

5 Conclusions200

All models perform better than guessing, but none correctly201

answers all questions. LLM reasoning is non-deterministic –202

the same question can yield different answers across repeats203

even at temperature 0. Performance varies sharply by calcu-204

lus: PA is easiest, RCC-22 hardest. Accuracy improves with205

model size; small edge models perform very poorly. There206

has been an extraordinary improvement over time but even207

the best contemporary frontier models are still inconsistent.208

RCC-22 is harder than INDU despite having fewer base re- 209

lations, consistent with its limited documentation, and also 210

arguably its more complex definitions. Although STAR and 211

CDC are similar domains, and RCC-8 and 9IM share struc- 212

ture, results differ across these pairs, showing that models 213

cannot generalise across representations. Models also misun- 214

derstand identity (e.g. EQ) and parthood relationships, which 215

ought to be among the easiest to reason about. Although the 216

QSTR literature likely appears in LLM training data, the key 217

inference rules are encoded in tables and diagrams that may 218

be difficult for training procedures to process effectively. 219
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