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1. Introduction andMotivation
Large Language Models (LLMs) have demon-

strated exceptional proficiency in textual reasoning,
yet their application to complex, domain-specific
tasks involving spatial understanding remains an
open challenge. This capability is particularly critical
in materials science, where a deep understanding of
3D atomic structures is fundamental. While previous
studies have explored LLMs for crystal generation
[1, 2, 3] and materials property prediction [4], there
has been a notable absence of standardized bench-
marks to systematically evaluate the core reasoning
abilities required to manipulate these structures.
To bridge this gap, this paper introduces Atom-

World, a benchmark designed to evaluate LLMs on
tasks based on Crystallographic Information Files
(CIFs) [5], the standard format for storing structural
data. The authors propose a theoretical framework
dividing LLM capabilities into three stages: motor
skills (mechanics of geometry), perceptual skills (pat-
tern recognition, property prediction), and cognitive
skills (new hypotheses, structure generation). The
hypothesis driving this work is that for LLMs to suc-
ceed in "cognitive" material discovery, they must first
master "motor skills" - the ability to add, move, rotate,
or insert atoms consistently within a structure.

2. The AtomWorld Benchmark Design
The core of the study is AtomMotor-1K, a test set

comprising 1,500 questions designed to benchmark
reasoning LLMs on CIF motor skills.

2.1 Dataset Generation
The dataset is generated via the AtomWorld data

generator, which creates pairs of "before" and "after"
CIF states alongside natural language action prompts.
The benchmark uses standard CIF representations
from pymatgen [6] and the Materials Project (MP) [7]
to minimise formatting uncertainty.

2.2 Action Types
The benchmark evaluates 10 distinct action types

that simulate real-world structural modifications re-
searchers perform, categorising them into:

• Point Defect and Doping: change, remove, add,
insert_between, swap.

• Structure Perturbation: move, move_towards,
rotate_around.

• Surface/Supercell Generation: delete_below, su-

per_cell.

2.3 Complementary Tests
To isolate specific LLM weaknesses, the authors

introduced several complementary evaluation mod-
ules:

• PointWorld: A simplified test using raw 3D coor-
dinates (stripping away CIF syntax) to measure
inherent geometric difficulty.

• CIF-Repair: Tests the model’s robustness by ask-
ing it to fix corrupted or incomplete CIF files.

• CIF-Gen: Evaluates the generation of syntacti-
cally valid CIFs for prototype crystals (e.g., per-
ovskite, diamond).

• Chemical Competence Score (CCS) [8]: Assesses
latent chemical knowledge by evaluating the
model’s ability to distinguish accurate from inac-
curate crystal descriptions.

3. Experimental Setup andModels
The study evaluated a range of frontier mod-

els, including Gemini 2.5 Pro, GPT-o3, GPT-4-mini,
DeepSeek Chat, Llama-3 70B, and the Qwen-3 series
(ranging from 4B to 32B parameters). Performance
was measured primarily by Success Rate (correct for-
mat, and within maximum site tolerance) and Mean
Maximum Distance (max_dist) (maximum pairwise
atomic displacement).

4. Key Results and Analysis
Themain results of AtomMotor-1K, alongside com-

plementary tests are presented in Figure 1.

4.1 Performance Hierarchy
The results reveal some separation of task diffi-

culty depending on number of atoms to be oper-
ated on. LLMs performed well on single-atom tasks -
which could be categorised as "easy"; such as change,
remove, and add, but struggled significantly with
"moderate" (involving 2 atoms) tasks like move and
insert_between, and failed consistently at "hard"
tasks like rotate_around which involved 3+ atoms.
While basic operations had high success rates, the
rotate_around action proved highly challenging, with
models often failing to apply rotation matrices con-
sistently.
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4.2 Scaling and Architecture
Parameter scaling within the Qwen-3 series

showed that larger models achieved higher success
rates and smaller spatial displacements. However,
the Qwen3-32B model did outperform the larger
Llama3-70B across most tasks.

4.3 PointWorld vs. CIF competency tests
In the simplified PointWorld tests, models like

DeepSeek V3 achieved near-perfect success rates on
"moderate" difficulty tasks (move, insert_between),
suggesting that the difficulty in AtomWorld stems
from the complexity of CIF syntax rather than pure
calculation. Yet the CIF competency tests (CIF-Repair,
CIF-Gen, CSS) demonstrated that models (particu-
larly Gemini 2.5 Pro, GPT-o3, GPT-4-mini) were fa-
miliar with CIF syntax. Because models demonstrate
high success rates when tested for spatial reasoning
and CIF syntax following in isolation, the authors
found the difficulty of AtomWorld tasks comes from
when both requirements are combined.

4.4 Memorization vs. Understanding
In the CIF-Gen tasks, models generated standard

prototype chemical compositions (e.g., NaCl) more
accurately than non-standard compounds with the
same crystal structure (e.g., MgSe). This asymmetry
suggests that current LLMs rely heavily on memo-
rizing specific training examples rather than under-
standing underlying structural principles.

4.5 Tool-Augmented LLMs
The authors explored a tool-augmented framework

using Retrieval-Augmented Generation (RAG) over
the pymatgen library.

• Impact: Providing models with tools signifi-
cantly improved performance. For instance,
DeepSeek-chat’s success rate on insert_between
jumped from45.6% to 83.0%when equippedwith
tools.

• Limitations: Evenwith tools, complex spatial rea-
soning remained an obstacle. The rotate_around
task only saw an improvement to 18% success,
indicating that code tools alone are insufficient
without better inherent spatial reasoning or task-
specific fine-tuning.

5. Conclusion
AtomWorld establishes that while current LLMs

possess promising baselines, they consistently fail in
robust structural understanding and spatial reason-
ing required for crystallography. The models tend to
approach geometric tasks algorithmically, succeed-
ing at simple arithmetic operations but failing at com-
plex spatial transformations like rotation.
The paper concludes that mastering these "motor

skills" is a prerequisite for high-value "cognitive" tasks
in material discovery, making it vital to benchmark
LLM progress on this capability. Future progress will
likely depend on developments in tool-augmented de-
sign and multimodal reasoning to bridge the gap be-
tween textual proficiency and 3D spatial intelligence.
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Fig. 1: a. Success rate metric across AtomMotor-1K, CIF-Repair, CIF-Gen and StructProp datasets. b. Mean
max_distmetric across AtomMotor-1K and CIF-Gen datasets. c, d. Parameter scaling results on Qwen3 series.
The right side are some randomly sampled structures from the tested data.
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