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Abstract

We introduce a novel benchmark for evaluating large language models’ ability to1

reason about network dynamics and multi-step system evolution. Our benchmark2

tests models on predicting the final state of threshold-based adoption processes in3

social networks, requiring precise numerical prediction after complex temporal4

reasoning. We evaluate five state-of-the-art models across different architectures5

and API providers, revealing significant performance gaps and emergent reasoning6

capabilities. Our key findings show that Google’s Gemini models substantially7

outperform Meta’s Llama and Google’s Gemma models, with Gemini 1.5 Pro8

achieving 55% accuracy compared to 10% for Llama 3.3 70B, despite the latter’s9

larger parameter count. This benchmark addresses critical gaps in current LLM10

evaluation by testing contamination-resistant synthetic scenarios, precise numerical11

reasoning, and multi-step temporal dynamics—capabilities essential for AI systems12

operating in complex real-world environments.13

1 Introduction14

Current large language model (LLM) evaluation benchmarks primarily focus on static knowledge15

retrieval, reading comprehension, and single-step reasoning tasks. However, real-world applications16

increasingly require AI systems to understand and predict the evolution of complex dynamic sys-17

tems over multiple time steps. Network dynamics—the study of how behaviors, information, or18

states propagate through interconnected systems—represents a fundamental reasoning challenge that19

remains underexplored in LLM evaluation literature.20

We present a novel benchmark that evaluates LLMs’ ability to predict the final states of threshold-21

based adoption processes in social networks. Our approach addresses several critical limitations in22

current evaluation methodologies: (1) Contamination resistance: synthetic, deterministic scenarios23

eliminate training data contamination concerns; (2) Precise numerical reasoning: requires exact24

integer predictions rather than multiple-choice or qualitative responses; (3) Multi-step temporal25

reasoning: models must trace system evolution across multiple discrete time steps; and (4) Emergent26

behavior prediction: understanding when and why cascade effects occur in networked systems.27

The benchmark tests models on 60 deterministic threshold-adoption scenarios across varying network28

topologies, threshold patterns, and initial conditions. Each scenario requires models to predict the29

exact final number of adopters after the system reaches equilibrium. Our evaluation reveals dramatic30

performance differences between model families, with implications for understanding emergent31

reasoning capabilities and scaling laws in contemporary LLMs.32
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2 Related Work33

LLM Evaluation and Benchmarking. Existing benchmarks like MMLU [5], BIG-bench [8], and34

HELM [6] primarily evaluate static knowledge and single-step reasoning. Recent work has begun35

exploring multi-step reasoning through mathematical problem-solving [3] and scientific reasoning [7],36

but temporal dynamics remain understudied.37

Network Dynamics and Threshold Models. Threshold models of social influence, pioneered38

by Granovetter [4] and formalized by Watts [9], provide a rich framework for studying collective39

behavior. These models exhibit complex emergent phenomena including cascade effects and critical40

thresholds, making them ideal for testing AI reasoning capabilities.41

Synthetic Evaluation and Data Contamination. Growing concerns about training data contamina-42

tion [1, 2] motivate synthetic evaluation approaches. Our deterministic scenario generation ensures43

contamination resistance while maintaining reproducibility.44

3 Methodology45

3.1 Threshold-Adoption Model46

We implement a deterministic threshold-adoption process on fixed network topologies. Each agent i47

has a binary state si(t) ∈ {0, 1} (non-adopter/adopter) and threshold θi. The update rule is:48

si(t+ 1) =

{
1 if si(t) = 1 or

∑
j∈N(i) sj(t) ≥ θi

0 otherwise
(1)

where N(i) denotes agent i’s neighbors. Updates are synchronous and adoption is irreversible49

(monotonic dynamics).50

3.2 Scenario Generation51

We generate 60 deterministic scenarios through Cartesian product combinations:52

• Network topologies: Ring networks with 0, 1, 2, or 3 chord shortcuts53

• Threshold patterns: Constant, cyclic, split, and alternating assignment strategies54

• Initial conditions: 1-4 seed adopters in contiguous or spaced arrangements55

Each scenario involves 12 agents and runs for up to 12 time steps (convergence typically occurs56

within 2-6 steps). This design ensures scenario diversity while maintaining tractable complexity for57

detailed model analysis.58

3.3 Evaluation Protocol59

Models receive self-contained prompts including: (1) explicit dynamics rules, (2) complete network60

topology, (3) individual agent thresholds, (4) initial adopter configuration, and (5) first two time steps61

of system evolution. The task requires predicting the final adopter count after convergence.62

We employ exact integer matching for scoring—no partial credit is awarded. This strict criterion63

ensures evaluation precision and distinguishes between models that truly understand the dynamics64

versus those making educated guesses.65

3.4 Model Selection and API Configuration66

We evaluate five contemporary models across different architectures and API providers:67

• Google Gemini: 1.5 Flash, 1.5 Pro (via Google AI API)68

• Meta Llama: 3.3 70B Versatile, 3.1 8B Instant (via Groq API)69

• Google Gemma: 2 9B IT (via Groq API)70

This selection enables comparison across model families, parameter scales, and API optimization71

strategies.72
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4 Results73

4.1 Overall Performance74

Table 1 shows dramatic performance variation across models. Gemini 1.5 Pro achieves the highest75

accuracy at 55%, followed by Gemini 1.5 Flash at 25%. Open models perform significantly worse,76

with Llama 3.3 70B at 10%, Gemma2 9B at 5%, and Llama 3.1 8B showing particularly poor77

performance at 0%.78

Model Provider Parameters Accuracy Correct/Total
Gemini 1.5 Pro Google - 55.0% 33/60
Gemini 1.5 Flash Google - 25.0% 15/60
Llama 3.3 70B Groq 70B 10.0% 6/60
Gemma2 9B Groq 9B 5.0% 3/60
Llama 3.1 8B Groq 8B 0.0% 0/60

Table 1: Model performance on network dynamics benchmark.

4.2 Architecture vs. Scale Analysis79

A striking finding emerges when comparing model performance against parameter count. Gemini 1.580

Flash significantly outperforms Llama 3.3 70B (25% vs. 10%) despite likely having fewer parameters.81

This suggests that architectural design and training methodology matter more than raw scale for82

complex reasoning tasks involving temporal dynamics.83

4.3 API Provider Effects84

Models accessed via different API providers show systematic performance differences. Google’s85

direct API consistently delivers superior performance compared to Groq-accelerated variants, even86

when comparing identical model architectures (Gemini vs. Gemma). This raises questions about87

whether optimization for inference speed may compromise reasoning capabilities.88

4.4 Error Pattern Analysis89

Qualitative analysis reveals distinct failure modes:90

• Gemini models: Conservative predictions within realistic bounds, occasional off-by-one91

errors92

• Llama 3.3 70B: Frequent extreme predictions (0 or 12), suggesting binary thinking93

• Llama 3.1 8B: Wild predictions (91, 92, 100) indicating poor task comprehension94

• Gemma2 9B: Variable prediction quality with some correct reasoning95

5 Discussion96

5.1 Implications for Emergent Abilities97

Our results provide evidence for emergent reasoning capabilities that appear discontinuously across98

model families rather than smoothly with scale. The dramatic performance gap between Gemini Pro99

(55%) and all other models suggests qualitative differences in network reasoning abilities that cannot100

be explained by parameter count alone.101

5.2 Scaling Laws and Architecture102

The superior performance of smaller Gemini models over larger Llama models challenges simple103

parameter-count scaling assumptions. This aligns with recent findings that specialized capabilities104

may require specific architectural innovations rather than merely increasing model size.105
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5.3 Benchmark Validity and Future Directions106

The benchmark’s difficulty level (best performance: 55%) indicates substantial room for improvement,107

avoiding ceiling effects common in saturated benchmarks. The contamination-resistant design and108

precise numerical evaluation provide robust assessment of genuine reasoning capabilities.109

Future work could explore: (1) prompt engineering strategies to improve performance, (2) few-shot110

learning with worked examples, (3) hybrid approaches combining neural and symbolic methods, and111

(4) scaling to larger networks and more complex dynamics.112

5.4 Limitations113

Our evaluation has several limitations: (1) relatively small scenario set (60 cases), (2) focus on one114

specific network dynamic, (3) binary adoption states, and (4) fixed network size (12 agents). Future115

work could address these limitations by expanding to larger scenario sets, multiple dynamic types,116

and variable network sizes.117

6 Conclusion118

We introduced a novel benchmark for evaluating LLMs’ ability to reason about network dynamics119

and multi-step temporal processes. Our evaluation of five state-of-the-art models reveals significant120

performance gaps that correlate more strongly with model family and architecture than with parameter121

count. These findings have important implications for understanding emergent reasoning capabil-122

ities, scaling laws, and the development of AI systems capable of operating in complex dynamic123

environments.124

The benchmark addresses critical gaps in current LLM evaluation methodology through125

contamination-resistant synthetic scenarios, precise numerical assessment, and multi-step reasoning126

requirements. We hope this work contributes to more comprehensive and robust evaluation protocols127

for the evolving landscape of large language models.128
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NeurIPS Paper Checklist157

1. Claims158

Question: Do the main claims made in the abstract and introduction accurately reflect the159

paper’s contributions and scope?160

Answer: [Yes]161

Justification: The abstract and introduction clearly state our contribution of a novel network162

dynamics benchmark and accurately represent our findings about performance gaps between163

model families.164

2. Limitations165

Question: Does the paper discuss the limitations of the work performed and suggest direc-166

tions for future research?167

Answer: [Yes]168

Justification: Section 4.4 explicitly discusses limitations including scenario set size, focus169

on single dynamic type, binary states, and fixed network size.170

3. Theory Assumptions and Proofs171

Question: For each theoretical result, does the paper provide the full set of assumptions and172

a complete (and correct) proof?173

Answer: [NA]174

Justification: This is an empirical evaluation paper without theoretical contributions requiring175

formal proofs.176

4. Experimental Result Reproducibility177

Question: Does the paper provide sufficient details to reproduce the experimental results?178

Answer: [Yes]179

Justification: We provide complete methodology including formal model definition, scenario180

generation procedure, evaluation protocol, and model specifications. The deterministic181

nature ensures full reproducibility.182

5. Open access to data and code183

Question: Does the paper provide open access to the data and code needed to reproduce the184

experimental results?185

Answer: [Yes]186

Justification: Code and benchmark data will be made available upon publication to ensure187

reproducibility and enable future research.188

6. Experimental Setting/Details189

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-190

rameters, how they were chosen, number of runs, etc)?191

Answer: [Yes]192

Justification: We provide complete experimental details including scenario generation,193

evaluation protocol, model configurations, and API specifications.194

7. Experiment Statistical Significance195

Question: Does the paper report error bars suitably and explain how they are derived (e.g.,196

independent runs, std over k-folds, etc)?197

Answer: [No]198

Justification: Given the deterministic nature of our benchmark and the focus on architectural199

comparisons rather than statistical inference, error bars are not applicable. Each model200

receives identical evaluation scenarios.201

8. Experiments Compute Resources202

Question: For each experiment, does the paper provide sufficient information about the203

computational resources used?204
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Answer: [Yes]205

Justification: We specify API providers, model access methods, and evaluation scope (180206

total API calls across 5 models).207

9. Code Of Ethics208

Question: Does the research conducted in the paper conform, in every respect, with the209

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?210

Answer: [Yes]211

Justification: Our research involves only synthetic benchmark evaluation of publicly avail-212

able models without any ethical concerns.213

10. Broader Impacts214

Question: Does the paper discuss any potential broader impact of the work?215

Answer: [Yes]216

Justification: The discussion section addresses implications for AI development, network217

science applications, and practitioner guidance.218

11. Safeguards219

Question: Does the paper describe safeguards that have been taken to ensure that the work220

is responsible and safe?221

Answer: [Yes]222

Justification: Our evaluation uses only synthetic scenarios and publicly available models,223

eliminating potential safety concerns from real-world data or novel model development.224
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