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Abstract

This paper studies the problem of constrained novel crystal discovery,
which aims to identify a set of physical feasible and property-aligned ma-
terial candidates within a complicated search space. Existing approaches
typically integrate large language models (LLMs) with domain knowledge
of material properties and constraints for material discovery. However,
these approaches usually adopt shallow memory mechanisms or unstruc-
tured toolsets, leading to suboptimal performance. Towards this end, we
propose a novel approach named Structured Action Orchestration with
Trio-Reflection (CrystalSTAR) for constrained novel crystal discovery. The
core of our CrystalSTAR is to incorporate hierarchical memories into a
structured action orchestration from modification scopes and dominant
components, facilitating a smooth and efficient crystal discovery procedure.
In particular, our CrystalSTAR first formulates the toolset as a structured
action space along two orthogonal dimensions, resulting in four comple-
mentary tools for material exploration. More importantly, we adopt a
trio-reflection mechanism to guide the trial process in a hierarchical manner.
Here, our bottom-up memory records local anomalies, stuck trajectories,
and cross-run knowledge, enabling effective strategy planning with ground-
ing evidence. Extensive experiments across multiple benchmark datasets
validate the effectiveness of our proposed CrystalSTAR in comparison to
extensive state-of-the-art approaches. Our codebase is open-sourced at
https://github.com/oldwizard7/CrystalSTAR.

1 Introduction

Materials discovery underlies advances in electronics, energy storage, dielectrics, and
structural materials (Jain et al., 2013; Butler et al., 2018; Merchant et al., 2023; Takahara et al.,
2025; Glass et al., 2006; Zhang et al., 2024). Yet crystal design remains fundamentally difficult
because the search space is vast, mixed discrete-continuous, and strongly coupled: changing
composition can alter the stable lattice, while structural edits often require compatible
stoichiometric changes. In realistic discovery settings, candidate materials must satisfy
not only target property requirements but also physical constraints such as structural
validity and thermodynamic metastability. Crystal discovery is therefore better viewed as
a constrained, multi-objective sequential search problem than as unconstrained free-form
generation (Jia et al., 2024; Abhyankar et al., 2025).

Recent deep generative models and LLM-based materials systems have enabled new ap-
proaches to crystal generation and materials design (Xie et al., 2021; Jiao et al., 2023; Miller
et al., 2024; Antunes et al., 2024; Ding et al., 2024; Wang et al., 2026; Jia et al., 2024). Deep
generative models, however, generally require large structural datasets. They also struggle
when several property requirements must be met at once, and performance may even
decline when the target differs from the training data. (Xie et al., 2021; Jiao et al., 2023;
Miller et al., 2024). Although LLM-based methods are more flexible, their prompt-only
or weakly grounded generation often produces candidates that are invalid, unstable, or
repetitive (Wang et al., 2026; Jia et al., 2024; Abhyankar et al., 2025; Gan et al., 2025). More
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broadly, many existing methods still treat materials discovery as one-shot generation or
shallow refinement (Antunes et al., 2024; Jia et al., 2024; Wang et al., 2026), rather than as
long-horizon search over physically grounded decisions.

In this work, we present a novel approach named CrystalSTAR for constrained crystal
discovery built on Structured Action and Trio-Reflection. Instead of directly generating
atomic structures, CrystalSTAR uses the language model as a high-level controller over
a compact library of executable crystal tools. At each step, the agent selects a structured
action, evaluates the resulting candidate with surrogate oracles, and feeds the outcome
back into subsequent decisions. To support long-horizon exploration, we further intro-
duce an M3 memory mechanism, consisting of Micro, Meso, and Macro reflection, that
converts trajectory-level successes and failures into reusable search guidance. We evalu-
ate CrystalSTAR on 14 constrained materials-design tasks spanning electronic, dielectric,
energy, and mechanical domains. Under a fixed search budget, CrystalSTAR consistently
improves hit rate and metastability over strong deep generative and LLM-based baselines,
while also achieving stronger novelty and more persistent discovery throughout the search
process. Further analyses show that structured tool grounding is critical for avoiding invalid
or thermodynamically collapsed proposals, and that Trio-Reflection improves discovery not
by storing more raw context, but by organizing search experience into reusable guidance.
These results support physically grounded action spaces and hierarchical reflection as an
effective abstraction for agentic materials discovery.

Our contributions are summarized as follows: ➀ We formulate constrained crystal discovery
as a closed-loop agentic search problem and propose CrystalSTAR, a framework that uses
language models to guide search through executable crystal tools rather than unconstrained
structure generation. ➁ We introduce Trio-Reflection through the M3 hierarchy, which
organizes search experience across Micro, Meso, and Macro levels to support long-horizon
exploration. ➂ Across 14 challenging materials-design tasks, we show that CrystalSTAR
improves constraint satisfaction, thermodynamic plausibility, and novelty over prior deep
generative and LLM-based approaches, while exhibiting more sustained discovery behavior
in qualitative and ablation analyses.

2 Related Work

Deep Generative Models for Crystal Structures. Computational materials discovery
has progressed from high-throughput simulation toward generative design and inverse
search (Noh et al., 2020; Xie & Grossman, 2018; Chen et al., 2019; Choudhary et al., 2020).
Deep generative approaches based on variational autoencoders, diffusion, and flow match-
ing can model periodic structures and propose candidate materials (Xie et al., 2021; Jiao et al.,
2023; Miller et al., 2024; Zeni et al., 2023), but typically depend on large training corpora
and become less reliable under strict multi-property constraints.

LLM Agents and Hierarchical Reasoning. LLM-based agents use external tools and mem-
ory to support sequential decision-making (Yao et al., 2022; Shinn et al., 2023; Wang et al.,
2023; Pan et al., 2026). Later work improved agent planning through tree-based search
(Zhou et al., 2023) and self-refinement (Madaan et al., 2023). Other studies focused on
tool use (Schick et al., 2023; Qin et al., 2023), or coordination among multiple agents (Wu
et al., 2024; Hong et al., 2023). A persistent challenge is long-horizon memory: flat con-
text pools quickly overflow, degrading planning quality. Recent coarse-to-fine grounded
memory (Yang et al., 2025) addresses this via hierarchical abstraction. Our M3 mechanism
extends this direction to scientific discovery.

LLM-driven Materials Discovery. Recent work applies language models to crystal de-
sign through autoregressive generation and closed-loop agentic search. Fine-tuned ap-
proaches (Gruver et al., 2024; Antunes et al., 2024; Flam-Shepherd & Aspuru-Guzik, 2023;
Cao et al., 2025) can generate structures but depend on domain-specific training data. Crys-
talAgent (Wang et al., 2026) decomposes generation into staged subtasks, LLMatDesign (Jia
et al., 2024) adds self-reflection, MatLLMSearch (Gan et al., 2025) integrates LLMs with
evolutionary algorithms, and LLEMA (Abhyankar et al., 2025) combines evolutionary refine-
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Figure 1: Overview of the CrystalSTAR framework: (A) State Observation, which assembles a
grounded search state from the task, parent pool, and Trio-Reflection memory; (B) Reasoning
and Tool Selection, where the agent selects a structured crystal operator and its parameters;
(C) Tool Execution and Oracle Evaluation, which applies the selected operator and predicts
task-relevant properties and thermodynamic stability; (D) Reflection and Memory Update,
which distills oracle feedback into hierarchical search priors for subsequent decisions.

ment with memory-based feedback. However, most of these methods rely on flat memory
and do not explicitly organize actions around compositional and structural changes. This
can make long-horizon search difficult under tight constraints. CrystalSTAR addresses this
with structured action orchestration and Trio-Reflection for long-horizon search.

3 The Proposed CrystalSTAR

Problem Definition. We formulate crystal discovery for a target task T as a constrained
optimization problem over the candidate space X . Each candidate crystal x ∈ X is specified
by its composition and structure, including atomic species, stoichiometric ratios, lattice
parameters, and fractional coordinates. For task T , let ρ1, . . . , ρK : X → R denote the
objective-specific scalar scores, where larger values indicate better task performance, and let
Ctask ⊆ X denote the subset of candidates satisfying the task-specific hard constraints. We
further impose thermodynamic plausibility through the energy above hull and define the
feasible region as:

Xfeas(T ) = {x ∈ X | x ∈ Ctask, Ehull(x) ≤ ϵ}, (1)
where Ehull(x) denotes the energy above the thermodynamic convex hull of candidate x,
and ϵ is a metastability threshold, set to 0.1 eV/atom in our experiments. To aggregate
multiple objectives, we use a linear scalarization ST (x) = ∑K

k=1 βkρk(x) where βk denotes
the relative importance of the k-th objective. In our benchmark, the coefficients βk are
fixed a priori for each task. Under these fixed task preferences, CrystalSTAR instantiates
constrained multi-objective discovery through a task-specific linear scalarization, which
provides a concrete objective for sequential search. The corresponding ideal optimization
problem is x⋆T ∈ arg maxx∈Xfeas(T ) ST (x). In practice, exhaustive optimization over X is
intractable. Under a finite oracle evaluation budget B, the goal is therefore to sequentially
discover feasible crystals with high task score ST (x).
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3.1 Framework Overview

CrystalSTAR is a closed-loop agentic framework for constrained crystal discovery. It does
not ask the language model to generate atomic coordinates directly. Instead, the model
selects from a set of executable crystal tools. The selected tool modifies some parent crystals,
and the oracles evaluate the resulting candidate. This separation makes each search step
easy to track and control. As shown in Figure 1, each iteration consists of four stages:
state observation, reasoning and tool selection, tool execution and oracle evaluation, and
reflection with memory update. At iteration t, the agent first assembles a compact search
state from the task specification T , a parent pool of currently promising candidates, and
summaries retrieved from the Trio-Reflection memory. Using this search state, the agent
selects a structured tool call, including both a tool τ from the structured action space A and
its tool-specific arguments Θ (full interface definitions are provided in Appendix A.1). The
selected tool then edits or recombines parent crystals to produce a new candidate, which is
subsequently evaluated by surrogate oracles for the task properties and thermodynamic
stability. Finally, the resulting feedback is distilled into hierarchical memory by the Trio-
Reflection mechanism, and injected into the next iteration, allowing future decisions to
benefit from both recent outcomes and longer-horizon search patterns. Section 3.2 details
the structured action space, and Section 3.3 describes the Trio-Reflection mechanism.

3.2 Structured Action Orchestration Along Orthogonal Dimensions

Direct crystal generation provides limited control over how a candidate is modified and
makes it difficult to relate search outcomes to specific design choices (Abhyankar et al.,
2025). CrystalSTAR instead operates over a compact library of executable crystal tools.
Formally, each tool τ ∈ A defines a structured interface τ : X ×Θ→ X , where X denotes
the space of candidate crystals and Θ denotes tool-specific parameters. Each tool takes one
or more parent crystals and tool-specific arguments as input. It then returns a new candidate
crystal. To give action selection an explicit structure, we organize the tool space along two
orthogonal dimensions: scope of modification (local refinement versus global transformation)
and dominant control variable (composition versus structure), yielding four canonical tool
types (Figure 2).
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Figure 2: Tool taxonomy by scope and dom-
inant control variable.

On the composition side, SUBSTITUTE per-
forms local compositional refinement by re-
placing selected elements while preserving
the parent site framework, enabling chemi-
cally meaningful edits such as isovalent or
same-group substitutions. MIX performs a
global compositional transformation by re-
combining two parent crystals, allowing the
search to move more aggressively across
chemical systems. On the structure side,
MUTATE applies local perturbations to lat-
tice parameters and fractional coordinates
while keeping composition fixed, supporting
nearby structural exploration. PROTOTYPE
performs a global structural transformation
by instantiating a target composition within
a different crystal template. Together, these tools define a structured action space over
both what to modify and how far to move in the search space. To maintain executability,
tool outputs are lightly sanitized before downstream evaluation; in particular, structurally
aggressive transformations such as PROTOTYPE are followed by heuristic lattice rescaling
based on atomic radii to reduce obviously invalid structures.

3.3 Trio-Reflection Mechanism with Bottom-up Memory

For crystal discovery, a single reflection buffer is often insufficient since the signals that
guide planning arise at different scales. Some are immediate and candidate-specific, such
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as an invalid structure, a failed constraint check, or a high energy above hull produced by
a particular tool action. Others emerge only across multiple iterations, for example when
a family of local edits repeatedly stalls. CrystalSTAR addresses this mismatch through
Trio-Reflection, instantiated as the M3 (Micro, Meso, Macro) framework, which organizes search
experience into an external hierarchical memory state at iteration t as:

Mt =
(
Mt,µ, Mt,m, Mt,M

)
. (2)

Inspired by coarse-to-fine grounded memory for LLM planning (Yang et al., 2025; Ge et al.,
2025), but adapted to oracle-guided materials search, M3 is designed to build reusable search
guidance without overloading the planner with raw execution traces. Beyond avoiding
repeated failures, it also encourages the agent to build reusable scientific heuristics from
search experience, much as how human researchers refine intuition from experimental
feedback.

The three levels differ in how they are written and what they retain. Micro memoryMµ logs
the oracle output for every evaluated child: evaluation status σ(x) ∈ {hit, no hit, invalid},
decomposition energy, source tool, and per-constraint outcomes, serving as the raw evi-
dential ground from which higher levels are derived. The two higher levels progressively
summarize this evidence into increasingly abstract textual guidance: Meso stores within-run
tactical tips, while Macro stores cross-run reusable rules. Upon the conclusion of iteration
t, the agent consolidates a bounded recent window of Micro records together with tool
statistics st into a Meso tip zt, which is a within-run tactical recommendation about which
tools, parent families, or search directions should be promoted or avoided next:

zt = LLMmeso
(
Mt,µ, st

)
, Mt,m ←Mt−1,m ∪ {zt}. (3)

Every TMacro iterations, accumulated Meso tips are further distilled into a Macro rule rt that
encodes longer-horizon regularities transferable across runs:

rt = LLMmacro
(
Mt,m, Mt−1,M

)
, Mt,M ←Mt−1,M ∪ {rt} iff c(rt) ≥ cmin. (4)

c(x) is the confidence score, and the confidence gate cmin ensures that only rules with
sufficient empirical backing are promoted; weakly supported patterns are discarded rather
than allowed to bias subsequent search. At planning time, the planner reads the three banks
in reverse, Macro first, then Meso, then Micro, and concatenates them into the tool selector:

promptt = TopKM(Mt,M) ⊕ TopKm(Mt,m) ⊕ TopKµ(Mt,µ), (5)

so that strategic priors frame the context before tactical and local signals refine it. Values of
TM, cmin, and per-level TopK budgets are given in Appendix A.

At the next iteration, the planner reuses this memory in a top-down manner, drawing on
Macro guidance, Meso strategy cues, and Micro guardrails when constructing the next
search state. To keep high-level heuristics grounded in current evidence, the planner also
retains a bounded evidence zone containing recent outcomes, tool statistics, and compact
structural feedback. This allows CrystalSTAR to benefit from hierarchical memory without
losing contact with the empirical signals generated during the ongoing search.

3.4 Surrogate Oracle and Feedback

After tool execution, each candidate must be evaluated within the iterative search loop.
Since direct DFT evaluation is not practical for in-loop screening, CrystalSTAR employs ML-
based surrogate models that provide accurate and efficient estimates of both task-relevant
properties and thermodynamic stability. This enables reliable candidate scoring, filtering,
and comparison while preserving the throughput needed for closed-loop discovery.

In our implementation, ALIGNN (Choudhary & DeCost, 2021) is used for task-specific
property prediction, while CHGNet (Deng et al., 2023) is used for stability-oriented assess-
ment. These predictions are checked against the task-specific feasibility conditions and the
metastability threshold defined in Section 3; feasible candidates are then ranked according
to the scalarized task score ST (x), while infeasible ones still provide informative signals for
downstream reflection.
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4 Experiment

4.1 Experimental Setup

Benchmark and Metrics. We evaluate CrystalSTAR on the 14-task materials discovery
benchmark introduced by (Abhyankar et al., 2025), which spans electronic and optical
materials (e.g., wide-bandgap semiconductors, high-κ dielectrics, and transparent conduc-
tors), energy materials (e.g., solid-state electrolytes, photovoltaic absorbers, and perovskite
oxides), and structural or mechanical materials (e.g., SAW/BAW acoustic substrates, hard
ceramics, and low-density structures). Each task defines a constrained multi-objective
discovery problem with strict property requirements; full task specifications are provided
in Appendix B. We report three primary metrics. Hit Rate (H.R., %) measures the fraction
of evaluated candidates that satisfy all task-specific property constraints. Metastability
Rate (Stab., %) measures the fraction of evaluated candidates with surrogate-predicted
Ehull ≤ 0.1 eV/atom. Novel Hit Rate (N.H.R., %) measures the fraction of evaluated candi-
dates that are both task-valid and absent from existing materials databases; details of the
novelty check are provided in Appendix B.3.

Baselines. We compare against seven baselines spanning two paradigms. The deep gen-
erative baselines, CDVAE (Xie et al., 2021), G-SchNet (Gebauer et al., 2019), and DiffCSP
(Jiao et al., 2023), model crystal structure distributions directly. The LLM-guided baselines
include End2end, which directly prompts an LLM to generate candidate materials, LL-
MatDesign (Jia et al., 2024), and LLEMA (Abhyankar et al., 2025) with Mistral and GPT
backends. Since our benchmark matches that of Abhyankar et al. (2025), Table 1 reports
their published Hit Rate and Metastability Rate results under the original evaluation protocol.
Under the protocol-aligned evaluation, CrystalSTAR still achieves a higher Metastability
Rate than LLEMA (GPT) on all 14 tasks (Appendix C.2). For Novel Hit Rate in Table 2, which
is not reported in their work, we rerun the strongest baseline LLEMA (GPT) under the same
search budget as CrystalSTAR: 50 iterations with five evaluated candidates per iteration.

Implementation. CrystalSTAR uses gpt-4o-mini(Achiam et al., 2023) as the reasoning
engine, together with ALIGNN (Choudhary & DeCost, 2021) for task-specific property
prediction and CHGNet (Deng et al., 2023) for stability-oriented assessment. Detailed
implementation settings are provided in Appendix C.

4.2 Performance Comparison

Tables 1 and 2 summarize CrystalSTAR’s quantitative performance across the 14 benchmark
tasks. Overall, CrystalSTAR achieves the highest Hit Rate on 13 of 14 tasks and the highest
Metastability Rate on all 14, indicating that its gains are broad rather than task-specific. These
improvements are especially visible on tightly constrained problems such as Wide-Bandgap
Semiconductors and High-κ Dielectrics, where satisfying multiple target requirements must
be balanced against thermodynamic plausibility. More importantly, CrystalSTAR achieves
a higher Novel Hit Rate than LLEMA (GPT) on 12 of the 14 tasks. The largest gains occur
on Aerospace Materials (+46.8%), Low-Density Structural Materials (+35.0%), and Hard
Coating Materials(+24.6%). This pattern suggests that the method is not simply producing
more feasible candidates, but is exploring broader and less charted regions of chemical space.
A detailed breakdown of these novel hits is provided in Appendix B.4. On Acousto-Optic
Hybrids, CrystalSTAR achieves a lower Hit Rate than LLEMA (GPT): 14.4% versus 26.3%.
However, its Metastability Rate reaches 75.2%, compared with 0.8% for LLEMA (GPT). A
discovery efficiency analysis is provided in Appendix D.4.

4.3 Search Dynamics and Discovery Trajectories

Beyond aggregate metrics, we further examine whether CrystalSTAR’s discoveries remain
chemically grounded. On the Wide-Bandgap Semiconductors task, the left panel of Figure 3
shows that CrystalSTAR concentrates candidates more effectively inside the feasible region
than LLEMA, yielding a denser set of high quality solutions rather than broader coverage
of lower quality regions. This pattern is reflected not only in the feasible region occupancy,
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Table 1: Hit Rate (H.R., %) and Metastability Rate (St., %) across 14 materials-design tasks.
HR = Hit Rate, St. = Metastability Rate. Best results in each column are bold.

Method
Wide-

Bandgap
SAW/
BAW

High-k
Dielect.

Solid-State
Elect.

Piezo
Energy

Transp.
Cond.

Insul.
Dielect.

HR St. HR St. HR St. HR St. HR St. HR St. HR St.

CDVAE 0.0 0.0 0.3 0.0 0.8 0.0 0.0 0.0 42.2 0.0 0.0 0.0 1.1 0.1
G-SchNet 0.0 0.0 0.4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.5 0.0 0.0 0.0
DiffCSP 0.0 0.0 0.4 0.0 0.8 0.0 0.0 0.0 41.2 0.0 0.0 0.0 1.1 0.0
End2end 1.0 0.8 10.3 0.7 0.0 0.0 0.5 0.3 10.3 0.3 0.0 0.0 0.0 0.0
LLMatDesign 4.2 1.1 47.6 0.1 1.4 0.3 2.5 2.4 32.2 1.4 0.0 0.0 0.2 0.1
LLEMA (Mistral) 17.1 10.7 31.6 6.8 7.5 3.6 31.8 20.8 67.1 4.8 43.9 18.5 21.5 9.4
LLEMA (GPT) 33.6 22.4 59.9 10.7 20.0 12.7 46.2 25.4 63.5 3.2 39.1 14.9 17.6 4.6

CrystalSTAR 71.2 81.2 69.2 68.4 65.9 75.9 65.6 62.4 68.4 76.0 57.2 62.0 55.0 71.5

Method
Photo-
voltaics

Hard
Coatings

Hard
Ceramics

Aerospace
Mat.

Acousto-
optic

Low
Density

Perov-
skites

HR St. HR St. HR St. HR St. HR St. HR St. HR St.

CDVAE 1.1 0.0 0.0 0.0 15.3 0.1 1.2 0.0 21.9 0.0 0.0 0.0 0.0 0.0
G-SchNet 0.0 0.0 0.0 0.0 0.2 0.2 0.1 0.0 0.0 0.0 0.2 0.0 0.0 0.0
DiffCSP 1.1 0.0 0.0 0.0 14.8 0.0 0.1 0.0 21.5 0.0 0.0 0.0 0.0 0.0
End2end 24.6 10.7 0.0 0.0 14.3 5.1 0.0 0.0 8.6 0.6 2.0 0.4 0.0 0.0
LLMatDesign 3.9 0.0 0.0 0.0 19.0 0.4 0.0 0.0 15.5 0.6 0.1 0.0 1.1 0.8
LLEMA (Mistral) 20.5 3.7 10.8 1.4 27.9 2.7 1.5 0.5 14.0 0.5 1.5 0.1 22.9 2.8
LLEMA (GPT) 22.9 4.8 17.8 4.6 61.0 5.7 1.0 0.3 26.3 0.8 0.5 0.1 19.4 2.8

CrystalSTAR 53.6 71.4 74.8 67.2 66.7 57.8 91.6 70.7 14.4 75.2 53.6 40.3 46.0 63.2

Table 2: Novel Hit Rate (N.H.R., %) across 14 tasks. N.H.R. measures the proportion of valid
candidates absent from existing materials databases.

Method Wide-
Bandgap

SAW/
BAW

High-k
Dielect.

Solid-State
Elect.

Piezo
Energy

Transp.
Cond.

Insul.
Dielect.

LLEMA (GPT) 31.0 32.3 18.6 28.4 59.7 26.2 16.7
CrystalSTAR 44.4 32.4 32.1 48.8 56.0 28.8 36.6

Method Photo-
voltaics

Hard
Coatings

Hard
Ceramics

Aerospace
Mat.

Acousto-
optic

Low
Density

Perov-
skites

LLEMA (GPT) 15.2 17.4 39.1 8.6 24.9 0.1 1.7
CrystalSTAR 34.7 42.0 39.4 55.4 11.2 35.1 16.8

but also in how candidate density shifts toward favorable trade-off regions in the left panel
of Figure 3. Many of these hits also remain connected to experimentally established alkali-
fluoride families. For example, K2NaGaF6 is a known elpasolite phosphor host (Qiu et al.,
2017), and CrystalSTAR proposes nearby family consistent variants rather than chemically
isolated outliers. This suggests that tool-grounded search preserves meaningful structural
motifs while still enabling novelty.

The right panel of Figure 3 provides a more explicit example on the High-κ Dielectrics task.
CrystalSTAR revisits Ba-based oxide and double-perovskite candidates before arriving at
the novel candidate Ba2HfScO6. Figure 3 shows the related candidates: Ba2HfO4, Ba2ZrO4
and Ba2ScTaO6, with the corresponding substitution steps observed during the search.
Related compounds in this family have been experimentally studied. Ba2ScNbO6 single
crystals have been grown for use as lattice matched substrates for BaSnO3 films (Guguschev
et al., 2019), and Ba2ScTaO6 has been synthesized and characterized as a large-band-gap
double perovskite (Himanshu et al., 2022). CrystalSTAR records these local hit patterns at
the Micro level and consolidates them into tool selection guidance at the Meso level. At the
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Figure 3: Left: Candidate distribution on the Wide-Bandgap Semiconductors task. Red
contours denote high-density regions estimated by Gaussian kernel density estimation.
Pareto frontiers indicate the best observed trade-offs between formation energy and band
gap. Right: Discovery lineage on the High-κ Dielectrics task. The lineage connects known
hits to the novel candidate Ba2HfScO6 and shows how the M3 memory derives higher-level
design guidance from local substitution patterns.

Macro level, it abstracts them into broader family level and scientific heuristics that guide
subsequent tool use and candidate generation. CrystalSTAR follows the ionic-substitution
principle used in inorganic materials discovery (Hautier et al., 2011), but learns the relevant
substitution patterns online from search feedback.

4.4 Ablation on Structured Actions

To test the effect of the structured action space, we compare CrystalSTAR against a Direct
Generation baseline on two representative tasks spanning electronic and mechanical mate-
rials design. This baseline keeps the same task input, search loop, surrogate evaluation,
and feedback pipeline as CrystalSTAR, but replaces the tool-execution step with a direct
LLM proposal of the next crystal candidate. We also report Syntactic Validity, the percent-
age of generated candidates that can be successfully parsed. As shown in Figure 4, this
direct-generation variant can often produce parsable crystal structures, but many of these
candidates fail to remain physically plausible or satisfy the target property constraints. This
gap is especially pronounced on the electronic task, where the constraints are more tightly
coupled, whereas CrystalSTAR remains robust across both settings. These results suggest
that CrystalSTAR’s advantage comes not from direct LLM-based generation, but from using
the LLM to guide search through structured, executable crystal actions.

We next ask whether CrystalSTAR’s gains come from any single class of actions, or from
the interplay between global exploration and local refinement. To answer this, we compare
the full method against restricted variants that retain only global-transformation tools (MIX
and PROTOTYPE) or only local-refinement tools (SUBSTITUTE and MUTATE). As shown
in Table 3, neither restricted variant recovers the performance of the full system. The
global-only variant attains moderate metastability but very low hit rate, suggesting large
jumps are useful for reaching physically plausible regions of the search space, but are too
coarse to reliably satisfy task constraints. The local-only variant achieves a substantially
higher hit rate, showing that local edits are effective for refinement once the search is near a
promising region. However, it still falls short of the full method, indicating local refinement
alone cannot explore the search space broadly enough. Collectively, these results show the
structured action space serves as a coarse-to-fine search mechanism: global moves identify
promising basins, while local moves exploit them to satisfy tightly coupled design objectives.

4.5 Ablation on Trio-Reflection (M3)

Effective memory in materials discovery should do more than expose the LLM to longer
search histories; it should distill past search outcomes into guidance that improves subse-
quent exploration. We study this question on the High-κ Dielectrics task, where recurring
family-level search patterns make the effect of memory particularly visible. In this setting,
Hit Rate alone can be misleading, since an agent may repeatedly recover known structures
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Figure 4: Direct generation vs. tool-grounded
search. Direct LLM proposal preserves less syn-
tactic validity and leads to substantially worse
thermodynamic stability and task hit rate than
CrystalSTAR.

Variant H.R. St.

Global Transformation 9.2 50.2
Local Fine-tuning 39.2 42.8
CrystalSTAR Toolset 65.9 75.9

Table 3: Full method vs. restricted
action variants on the High-κ Di-
electrics task. Global only uses
MIX+PROTOTYPE; local only uses
SUBSTITUTE+MUTATE.
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Figure 5: Sustained discovery on the High-κ Di-
electrics task. (A) Cumulative novel valid discover-
ies. (B) Yield per 10-iteration window.

Config. Div. Nov. H.R. N.H.R.

ReAct 36.8 46.0 77.2 24.4
Raw Context 36.4 52.8 73.2 28.0
CrystalSTAR 53.8 60.3 65.9 32.1

Table 4: Ablation on the High-κ Di-
electrics task. Compared with Re-
Act and Raw Context, M3 yields
the strongest Diversity Rate, Novelty
Rate, and Novel Hit Rate.

without sustaining genuinely novel search. We therefore also report Diversity Rate(Div.),
which measures the fraction of evaluated candidates that remain structurally unique under
a StructureMatcher-based deduplication rule; Novelty Rate (Nov.), which measures the
fraction of evaluated candidates identified as novel relative to the reference database under
our novelty checker, regardless of task validity; and Novel Hit Rate (N.H.R.), which further
restricts novelty to task-valid discoveries. Detailed definitions are provided in Appendix B.
We compare three configurations: ReAct (Yao et al., 2022), which uses short-horizon reflec-
tion over a sliding window of recent steps; Raw Context, which prepends unsummarized
execution histories from previous runs to the context window; and CrystalSTAR (M3),
which organizes experience into Micro, Meso, and Macro memory.

Table 4 and Figure 5 together show that the benefit of M3 lies in sustaining novel discovery
rather than maximizing short-term Hit Rate. ReAct attains the highest H.R., but its lower
Diversity Rate, Novelty Rate, and N.H.R. suggest a search pattern biased toward repeatedly
recovering familiar structures. Raw Context modestly improves Novelty Rate over ReAct,
indicating that exposing the LLM to more historical traces is somewhat helpful, but its Diver-
sity Rate remains nearly unchanged and its discovery yield still decays quickly, so additional
raw context alone does not produce broader exploration. In contrast, CrystalSTAR with M3

achieves the strongest Diversity Rate, Novelty Rate, and N.H.R., while Figure 5(A) shows
more cumulative novel valid discoveries and Figure 5(B) shows that its per-window yield
remains active after the baselines begin to flatten. Although this comes with a lower H.R.,
the overall pattern suggests that Trio-Reflection is not merely storing more search history,
but transforming past outcomes into reusable guidance that supports more sustained and
genuinely novel exploration. The same sustained-discovery pattern also holds on Hard
Coatings and Wide-Bandgap Semiconductors, where CrystalSTAR achieves the highest
Diversity Rate and cumulative number of unique novel hits. Component-level ablations
further show that removing inherited Macro rules reduces N.H.R. from 32.1% to 24.4%,
while removing Meso reduces cumulative unique novel hits from 48 to 35 (Appendix D.2).
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5 Conclusion

We presented a closed-loop agentic framework named CrystalSTAR for constrained crystal
discovery that couples Structured Action with Trio-Reflection. Rather than using the language
model as a free-form generator of crystal structures, CrystalSTAR uses it to guide search
over executable crystal tools and to update future decisions through hierarchical memory
distilled from oracle feedback. Across 14 benchmark tasks spanning electronic, dielectric,
energy, and mechanical materials design, CrystalSTAR consistently improves discovery
quality, achieving broad gains in constraint satisfaction, thermodynamic plausibility, and
especially genuine novelty. Qualitative analyses further show that CrystalSTAR steers
search toward chemically grounded material families. Future work could extend the tool
library to cover a broader range of materials operations.
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A Additional Method Details

A.1 Structured Action Space: Tool Specifications

Substitute. Replaces one or more elements while preserving the parent’s lattice and
site framework. Supports multi-element substitution (e.g., Ba, Ti→ Sr, Zr). Parameters:
old element (comma-separated), new element (comma-separated).

Mutate. Applies random perturbations to fractional coordinates and optionally to the
lattice. Let ri ∈ [0, 1)3 denote the fractional coordinate of the i-th atom and L ∈ R3×3 the
parent lattice matrix:

r′i = (ri + δi) mod 1, δi ∼ Uniform(−s, s)3, (6)

L′ =
{

α · L, with probability 0.5,
L, otherwise,

α ∼ Uniform(1− s/2, 1 + s/2), (7)

where s ∈ [0.01, 0.1] is the mutation strength. The modulo operation wraps perturbed
fractional coordinates back into the unit cell, ensuring r′i ∈ [0, 1)3 under periodic boundary
conditions. The composition is preserved.

Mix. Performs a global compositional jump by recombining two parent structures. Let
L1, L2 ∈ R3×3 denote the parent lattice matrices. We interpolate the child lattice as

L′ = r · L1 + (1− r) · L2,

with mixing ratio r ∈ (0, 1), and populate it by randomly combining atoms from the two
parents in proportion to r and 1−r. The resulting child is then geometrically sanitized by
removing atoms involved in pairwise distances smaller than dmin = 0.75 (Ri + Rj), where
Ri and Rj are covalent radii of the involved atoms, for up to three cleanup passes.

Prototype. Performs a global structural jump by instantiating a target composition in
a crystal template that defines the lattice geometry and site topology. We use both fixed
templates from a prior database and dynamic templates derived from the current par-
ent pool; at each iteration, up to 10 high-scoring parent structures are added as reusable
templates. To adapt a source template to new target elements, we rescale the lattice by a
covalent-radius-based factor, which helps preserve reasonable interatomic distances after
substitution.

A.2 Search Algorithm

Algorithm 1 presents the full CrystalSTAR search loop. We denote by C the number of
children generated per iteration, by K the number of population groups, and by P the
number of parents retained per group, so that the parent pool contains K× P structures in
total.

A.3 Trio-Reflection (M3) Configuration

Each M3 level operates on a different temporal scale and serves a distinct role during search.
At each iteration, all three levels are assembled and injected into the tool selector agent
prompt in top-down order: macro prior, then meso tactical policy, then micro signals, so that
the LLM planner consults cross-run strategic knowledge before finer-grained, within-run
feedback. Table 5 lists the key hyperparameters; we describe each level below.

Micro events. Each evaluated structure produces one micro event recording its formula,
evaluation status (invalid/no hit/hit), decomposition energy Ed, source tool, and con-
straint satisfaction. Events are ranked by importance, hits first, then by recency,and the top 3
are injected into the next prompt as immediate feedback signals.
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Algorithm 1 CrystalSTAR: Structured Action Orchestration with Trio-Reflection

Require: Task T , parent pool P0 (K×P structures), M3 memoryM = (Mµ,Mm,MM)
1: for iteration t = 1, 2, . . . , T do
2: // — Generate —
3: Update dynamic templates from top-scoring structures in Pt−1
4: Assemble search state st from T , Pt−1, and M3 summaries
5: Select C tool actions {(τj, Θj)}C

j=1 via tool selector agent conditioned on st

6: for each action (τj, Θj) do
7: Execute tool: xj ← τj(parent, Θj)

8: Relax structure via CHGNet (FIRE, fmax=0.05 eV/Å, 500 steps)
9: Compute Ehull(xj) against per-chemsys convex hull

10: Predict task properties via ALIGNN
11: Evaluate constraints: hitj ← 1[xj ∈ Ctask]
12: end for
13: // — Reflect —
14: Compute iteration statistics: valid rate, hit rate, diversity, tool performance
15: Generate LLM reflection analyzing generation quality
16: Update M3:
17: Mµ ← record evaluation outcomes as micro events
18: if meso trigger thenMm ← LLM-derived tactical tip from recent micro events
19: if t mod 10 = 0 thenMM ← LLM-derived strategic rule from recent meso tips
20: // — Curate —
21: Rank Pt−1 ∪ {x1, . . . , xC} by weighted score ST (x)
22: Deduplicate via StructureMatcher
23: Pt ← top-(K×P) structures
24: end for
25: return All evaluated candidates and final parent pool PT

Table 5: M3 memory hierarchy configuration.

Level Trigger Stored / Injected† Derivation Cross-Run

Micro Every evaluation 100 / 3 Direct from oracle No
Meso Every iteration 30 / 3 LLM synthesis No
Macro Every 10 iters 20 / 2 LLM synthesis, conf≥ 0.55 Yes

†Max stored entries / top-k injected into the tool selector agent per iteration.

Meso tips. At the end of each iteration, the LLM is prompted with recent micro events
and historical reflections to produce a single tactical recommendation (e.g., “switch from
SUBSTITUTE to PROTOTYPE for the Ba-family”), accompanied by a confidence score c ∈ (0, 1]
and supporting evidence. The confidence score reflects the strength of empirical support
behind the recommendation and is used for downstream ranking and filtering.

Macro rules. Every 10 iterations, the LLM distills recent meso tips and historical entries
into a single strategic rule intended to be transferable across runs for the same task (e.g.,
“Ba-based double perovskites consistently achieve high κ with moderate band gaps”). Rules
whose confidence falls below a minimum threshold (Table 5) are discarded to prevent
weakly supported heuristics from propagating. Accepted rules are retained in task-level
persistent memory, enabling cross-run knowledge transfer: when a new run begins on the
same task, previously stored macro rules are loaded as priors.

A.4 Tool Selection Prompt Structure

Below is a condensed illustration of the tool-selection prompt at a representative iteration
on the High-κ Dielectrics task, highlighting the M3 injection points:
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Tool Selection Prompt (Condensed)

[TASK CONTEXT]
Task: High-κ Dielectrics. Constraints: 10 ≤ κ ≤ 90; 2.5 ≤ Eg ≤ 6.5 eV.
Soft targets: κ → 50 (β=0.35), Eg → 4.5 (β=0.35), Ed → 0 (β=0.30).

[M3 DECISION BACKBONE]

=== Macro Prior ===
1. Ba-based double perovskites favor high κ with moderate Eg. (conf=0.82)
2. Heavier alkaline-earth cations improve dielectric response. (conf=0.71)
=== Meso Tactical Policy ===
1. Targeted cation substitutions around Ba-family anchors show highest hit rate.
2. Tool signal: prioritize SUBSTITUTE (hit=42.0%, valid=88.0%).
=== Micro Immediate Signals ===
1. Ba2HfO4 → hit (Ed=0.02, κ=31.2, Eg=3.8)
2. SrTiO3 → no hit (κ=7.8, below threshold)
3. Ba2ScTaO6 → hit (Ed=0.00, κ=28.7, Eg=4.1)

[PARENT POOL]
Top candidates with formulas, properties, and weighted scores.

[INSTRUCTION]
Select 5 tool actions. For each, specify: tool name, parameters, parent choice, and strategy
rationale. Output as JSON array.

B Benchmark, Metrics, and Evaluation Protocol

B.1 Task Specifications

Table 6 lists the hard constraints for all 14 tasks. A candidate is counted as a hit only if it
satisfies every constraint in its task. Decomposition energy (Ehull ≤ 0.1 eV/atom) serves as
a shared metastability filter and is evaluated separately from the task-specific hit rate.

Scoring function. As introduced in the main text, the task score ST (x) = ∑k βkρk(x)
aggregates multiple objectives into a single scalar. Each per-property score ρk is normalized
to [0, 1] via target-saturation: for a property to be maximized (e.g., Eg, K, κ), ρk = min(v/v∗, 1)
where v is the predicted value and v∗ the target; for a property to be minimized toward
zero (e.g., Ed), ρk = exp(−v/ϵ) with scale ϵ set to the metastability threshold; for a property
with a negative target (e.g., E f → −1.5), ρk = min(v/v∗, 1) when v < 0. Candidates
violating any hard constraint receive ST = 0 regardless of their property values, ensuring
that constraint satisfaction is a prerequisite for ranking.

B.2 Evaluation Metrics

Given N evaluated candidates {x1, . . . , xN} produced during a search run, we define the
following metrics:

Hit Rate (H.R.) The fraction of candidates satisfying all task-specific hard constraints:

H.R. =
1
N

N

∑
i=1

1
[
xi ∈ Ctask

]
. (8)

Metastability Rate (Stab.) The fraction with surrogate-predicted energy above hull at
most ϵ = 0.1 eV/atom:

Stab. =
1
N

N

∑
i=1

1
[
Ehull(xi) ≤ ϵ

]
. (9)
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Table 6: Full task specifications for the 14-task benchmark. Hard constraints define the feasi-
ble region Ctask. Beyond constraint satisfaction, each task jointly optimizes the constrained
properties and thermodynamic stability (Ed) via weighted scalarization ST (x).

# Task Name Hard Constraints

1 Wide-Bandgap Semicond. Eg≥2.5 eV; E f ≤−1.0 eV/atom
2 SAW/BAW Acoustic Substr. 25≤G≤150 GPa; 3.7≤κ≤95
3 High-κ Dielectrics 10≤κ≤90; 2.5≤Eg≤6.5 eV
4 Solid-State Electrolytesa Eg≥2.0 eV; E f ≤−1.0 eV/atom
5 Piezoelectric Harvesters dij≥8 pC/N; 10≤κ≤8000
6 Photovoltaic Absorbers 0.7≤Eg≤2.0 eV; E f ≤0 eV/atom
7 Hard Coatings 200≤K≤500 GPa; 100≤G≤300 GPa
8 Hard, Stiff Ceramics 100≤K≤300 GPa; 60≤G≤200 GPa
9 Aerospace Materialsb K≥100 GPa; G≥40 GPa; ρ≤5.0 g/cm3

10 Acousto-Optic Hybrids 2≤dij≤9 pC/N; 8≤κ≤95
11 Low-Density Structural ρ≤3.5 g/cm3; 65≤G≤195 GPa
12 Toxic-Free Perovsk. Oxidesc Eg≥2.0 eV; 90≤K≤135 GPa
13 Insulating Dielectrics κ≥8.0; Eg≥2.5 eV
14 Transparent Conductors Eg≥3.0 eV

Notation: Eg = band gap, E f = formation energy, Ed = decomposition energy (Ehull), K = bulk
modulus, G = shear modulus, κ = dielectric constant, dij = piezoelectric coefficient, ρ = density.

aMust contain at least one of {Li, Na, K, Mg, Ca, Al}. bPrefer {Al, Ti, Mg, Li, Si, B, C, N, V, Zr, Nb}.
cExclude {Pb, Cd, Hg, Tl, Be, As, Sb, Se, U, Th}.

Novel Hit Rate (N.H.R.) The fraction of candidates that are both task-valid and structurally
absent from the reference database Dref (e.g. Materials Project):

N.H.R. =
1
N

N

∑
i=1

1
[
xi ∈ Ctask ∧ xi /∈ Dref

]
. (10)

Diversity Rate (Div.) The fraction of structurally unique candidates after deduplication
via pymatgen’s StructureMatcher (ltol=0.2 Å, stol=0.3, angle tol=5°):

Div. =
|{xi : xi unique under StructureMatcher}|

N
. (11)

Novelty Rate (Nov.) The fraction identified as novel relative to Dref, regardless of task
validity:

Nov. =
1
N

N

∑
i=1

1
[
xi /∈ Dref

]
. (12)

B.3 Novelty Checking Protocol

Our novelty checker implements a three-tier cascade, proceeding from fast compositional
lookups to detailed structural comparison:

1. Tier 1 — Composition Check. We query the Materials Project (MP) API for all entries in
the candidate’s chemical system (chemsys). If the chemsys is entirely absent from MP, or
if the candidate’s reduced composition does not appear among MP entries within that
chemsys, the candidate is declared novel at Tier 1.

2. Tier 2 — Quick Structural Filters. For candidates whose composition matches known
MP entries, we apply three rapid structural filters against each composition-matched
entry:

• Space group number (via SpacegroupAnalyzer, symprec= 0.1)
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• Atom count (±2 tolerance for primitive vs. conventional cell differences)
• Density (±10% relative tolerance)

If all three filters differ from every composition-matched MP entry, the candidate is
declared novel at Tier 2.

3. Tier 3 — Detailed Structure Matching. Remaining candidates are compared against all
MP entries in the chemsys using pymatgen’s StructureMatcher with mode-dependent
tolerances. In our experiments, we use the standard configuration:

• Lattice tolerance: 0.2 Å
• Site tolerance: 0.3
• Angle tolerance: 5°

If no MP entry produces a match, the candidate is declared novel at Tier 3.

This cascaded design minimizes expensive structure-matching calls: most novel candidates
are caught at Tier 1 (new composition) or Tier 2 (new polymorph with distinct symmetry),
while Tier 3 resolves the hardest cases involving subtle structural differences within the
same composition and symmetry class.

B.4 Novelty Analysis by Composition and Structure

Novel Hit Rate combines two types of novelty. A candidate has composition-level novelty if
its reduced composition is absent from the reference database. This corresponds to Tier 1 of
the novelty check in Appendix B.3. A candidate has structure-level novelty if its composition
is already known but its generated structure does not match any entry in the reference
database after the quick structural filters and StructureMatcher. This includes Tiers 2 and 3.

We also examine whether the search reaches different structures for the same reduced
composition. Table 7 shows that structure-level cases account for 12.61% to 73.81% of novel
hits across tasks and exceed 50% in four tasks. In every task, the search also reaches multiple
distinct structures for at least one reduced formula; 1.32% to 16.52% of unique compositions
have multiple structures, with a maximum of two to seven structures per formula. This
shows that novelty is not merely formula-level: many novel hits are structure-level cases,
and the multi-structure statistics confirm that CrystalSTAR can generate distinct realizations
at fixed composition.

B.5 Constraint Boundary Analysis

Since the evaluation relies on property predictions from CHGNet and ALIGNN, the reported
results should be interpreted as surrogate-guided evidence rather than direct first principle
validation. We therefore consistently refer to successful candidates as surrogate-predicted
metastable hits. To examine whether these hits are concentrated near the task constraint
boundaries, we conduct a boundary proximity analysis.

For each discovered hit x, we define a conservative Boundary Distance (BD) that measures its
margin from the closest task constraint boundary. For a bounded constraint lj ≤ vj(x) ≤ uj,
we define

dj(x) =
min{vj(x)− lj, uj − vj(x)}

(uj − lj)/2
.

For one-sided constraints, we normalize the feasible-side margin by the empirical interquar-
tile range IQRj = Q3,j −Q1,j, where Q1,j and Q3,j denote the first and third quartiles of the
predicted values for property j:

dj(x) =
vj(x)− lj

IQRj
for vj(x) ≥ lj,

and

dj(x) =
uj − vj(x)

IQRj
for vj(x) ≤ uj.
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Table 7: Novelty analysis by composition and structure across the 14 materials design
tasks. Composition-level novelty and Structure-level novelty are reported as percentages
of novel hits. Unique compositions report the number of unique reduced compositions;
Composition with ≥2 Structures denotes the fraction of unique novel hit compositions for
which CrystalSTAR generated at least two structurally distinct candidates; Max Struct. per
Formula denotes the maximum number of structurally distinct candidates generated for any
single reduced formula.

Metric Wide-
Bandgap

SAW/
BAW

High-k
Dielect.

Solid-State
Elect.

Piezo
Energy

Transp.
Cond.

Insul.
Dielect.

N.H.R. (%) 44.4 32.4 32.1 48.8 56.0 28.8 36.6
Composition-level (%) 87.4 53.1 47.5 83.6 51.4 40.3 39.6
Structure-level (%) 12.6 46.9 52.5 16.4 48.6 59.7 60.4
Unique compositions 137 129 122 147 151 151 136
Comp. w/≥2 Struct. (%) 11.7 6.2 5.7 3.4 1.3 9.9 6.6
Max Struct. per Formula 5 3 6 3 2 3 4

Metric Photo-
voltaics

Hard
Coatings

Hard
Ceramics

Aerospace
Mat.

Acousto-
optic

Low
Density

Perov-
skites

N.H.R. (%) 34.7 42.0 39.4 55.4 11.2 35.1 16.8
Composition-level (%) 81.4 60.0 62.2 68.8 75.0 77.0 26.2
Structure-level (%) 18.6 40.0 37.8 31.2 25.0 23.0 73.8
Unique compositions 139 132 115 103 149 130 143
Comp. w/≥2 Struct. (%) 6.5 9.9 16.5 16.5 4.0 13.9 7.7
Max Struct. per Formula 4 5 7 5 2 4 3

Table 8: Median Boundary Distance over discovered hits for seven materials design tasks.
Larger values indicate a greater normalized margin from the closest constraint boundary.

Method Wide-
Bandgap

SAW/
BAW

High-k
Dielect.

Solid-State
Elect.

Piezo
Energy

Transp.
Cond.

Insul.
Dielect.

LLEMA 0.337 0.138 0.074 1.462 0.008 0.235 0.292
CrystalSTAR 0.944 0.622 0.291 1.794 0.003 1.285 1.060

For tasks with multiple constraints, we define

BD(x) = min
j

dj(x),

so that the metric captures the closest constraint boundary. Larger BD values indicate a
larger margin from the closest constraint boundary, making feasibility labels less sensitive
to small surrogate-prediction errors.

As an immediate robustness check, Table 8 reports the median BD over discovered hits for
the seven tasks included in this analysis. CrystalSTAR generally exhibits larger constraint
margins than LLEMA, with Piezoelectric Energy Harvesters as the only exception.

B.6 Parent Pool Construction

The parent pool P0 seeds both the evolutionary search and the dynamic template library
for PROTOTYPE. For each task, we curate a prior database from the Materials Project and
related repositories, retaining structures that fall within or near the task’s constraint region,
and annotate each entry with precomputed surrogate predictions so that downstream
sampling requires no additional oracle calls. From this database we draw K× P structures
via stratified sampling over crystal system, element count, and site count to ensure broad
structural coverage rather than clustering around a single prototype family; element-level
inclusion or exclusion constraints specified per task are enforced during selection. The
top-scoring structures in the resulting pool are then registered as dynamic templates at each
iteration, providing the agent with task-relevant lattice scaffolds from the outset.
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C Implementation Details

C.1 Surrogate Oracle Details

Structural relaxation and stability. Every candidate generated by the agent undergoes
a two-stage surrogate evaluation before entering the parent pool: structural relaxation
followed by thermodynamic stability assessment. We adopt CHGNet (Deng et al., 2023),
a pretrained universal machine-learning interatomic potential (MLIP) that jointly models
energies, forces, and stresses across the periodic table, enabling relaxation of arbitrary com-
positions without task-specific retraining. Structures are relaxed using the FIRE optimizer
with fmax = 0.05 eV/Å and a maximum of 500 steps. Thermodynamic stability is then
quantified by the decomposition energy Ehull, computed against a per-chemsys convex
hull constructed from up to 500 Materials Project reference entries whose energies are
recomputed with CHGNet for consistency with the candidate energies.

Property prediction. Task-specific properties are predicted by ALIGNN (Choudhary &
DeCost, 2021) using pretrained checkpoints from the JARVIS repository. Table 9 lists the
property-to-model mapping.

Table 9: ALIGNN model checkpoints used for property prediction.

Property ALIGNN Checkpoint

Band gap (Eg) jv optb88vdw bandgap alignn
Bulk modulus (K) jv bulk modulus kv alignn
Shear modulus (G) jv shear modulus gv alignn
Formation energy (E f ) jv formation energy peratom alignn
Piezoelectric coeff. (dij) jv dfpt piezo max dij alignn
Dielectric constant (κ) jv dfpt piezo max dielectric alignn

ALIGNN inference is executed in a separate conda environment (matagent-alignn) via
subprocess call with a 300-second timeout. Density (ρ) is computed directly from the relaxed
structure’s lattice and composition without a surrogate model.

C.2 Protocol-Aligned Stability Evaluation

Table 1 reports the published baseline results under the original LLEMA evaluation protocol
(Abhyankar et al., 2025). To examine whether the Metastability Rate comparison depends on
the stability oracle, we re-evaluate the same candidates generated by CrystalSTAR using a
protocol aligned with LLEMA, querying the Materials Project when values are available and
using ALIGNN predictions otherwise. As shown in Table 10, CrystalSTAR retains higher
Metastability Rate than LLEMA (GPT) across the benchmark.

C.3 Hyperparameter Summary

Table 11 summarizes the key hyperparameters used across all experiments.

C.4 Ablation Configurations

Generation mechanism. The four crystal tools impose a strong structural prior on the
search: every candidate is derived from an existing parent through a well-defined geo-
metric transformation. Direct Generation removes this prior entirely, the LLM is instead
prompted to output complete CIF-format crystal structures from scratch, given the same
task description, parent pool, and reflection feedback. The search loop, surrogate evaluation,
and curation pipeline remain identical. This ablation tests whether the tool abstraction is
merely a convenience or a critical inductive bias: can an LLM produce physically plausible
crystal structures without being grounded through parent-based transformations?
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Table 10: Metastability Rate (St., %) across 14 tasks under the original and protocol-aligned
evaluation settings. MP+ALIGNN and CHGNet evaluate the same candidates generated by
CrystalSTAR.

Method Wide-Bandgap SAW/BAW High-k Dielect. Solid-State Elect. Piezo Energy Transp. Conduct. Insul. Dielect.

LLEMA (GPT) 22.4 10.7 12.7 25.4 3.2 14.9 4.6
CrystalSTAR (MP+ALIGNN) 44.0 58.0 66.8 54.2 52.8 60.8 65.0
CrystalSTAR (CHGNet) 81.2 68.4 75.9 62.4 76.0 62.0 71.5

Method Photovoltaics Hard Coatings Hard Ceramics Aerospace Mat. Acousto-optic Low Density Perovskites

LLEMA (GPT) 4.8 4.6 5.7 0.3 0.8 0.1 2.8
CrystalSTAR (MP+ALIGNN) 48.8 56.5 49.4 47.6 59.6 38.9 63.7
CrystalSTAR (CHGNet) 71.4 67.2 57.8 70.7 75.2 40.3 63.2

Table 11: CrystalSTAR hyperparameters.

Category Parameter Value

LLM

Model gpt-4o-mini
Temperature 0.8
Max tokens 8192
Provider OpenAI

Search

Population groups (K) 5
Parents per group (P) 4
Total parent pool K× P = 20
Children per iteration (C) 5

Evaluation

MLIP backend CHGNet
Relaxation optimizer / fmax / steps FIRE / 0.05 eV/Å / 500
Metastability threshold (ϵ) 0.1 eV/atom
MP entries per chemsys ≤ 500

Pre-filtering Elemental skip filter Single-element O, F
Min distance factor 0.75

Memory architecture. The full CrystalSTAR system uses M3 to compress search history
into a hierarchical prompt backbone (Section A.3). We compare two degraded variants that
remove different aspects of this design. ReAct retains the tool-calling pipeline but strips the
M3 backbone entirely. The planner receives only the current iteration’s evaluation statistics—
hit rate, validity rate, diversity—and the top-performing structures as short-horizon context.
No information accumulates across iterations: tactical patterns observed at iteration 5
are invisible at iteration 15. This ablation isolates the value of cross-iteration memory
accumulation. Raw Context takes the opposite approach: instead of discarding history, it
preserves as much as possible. Raw evaluation logs from recent iterations are prepended
verbatim into the prompt without summarization or hierarchical organization. This tests
whether the LLM’s in-context learning can substitute for explicit memory structuring—in
principle, all the information that M3 distills is present in the raw logs, but the planner must
extract patterns from unstructured text under a finite context budget.

Tool portfolio. Our four tools span a spectrum from local perturbation (SUBSTITUTE,
MUTATE) to global structural recombination (MIX, PROTOTYPE). Global Jump only disables
SUBSTITUTE and MUTATE, restricting the agent to global operators; Local Fine-tuning
only disables MIX and PROTOTYPE, restricting the agent to local perturbations. These two
ablations quantify the complementarity between exploration and exploitation: global tools
can escape local basins but produce less stable structures, while local tools refine promising
candidates but risk premature convergence.

21



Published as a conference paper at COLM 2026

D Additional Results

D.1 Tool Usage Distribution

Figure 6 shows the distribution of tool calls across the 14 tasks. Several patterns emerge:
(1) SUBSTITUTE is the most frequently selected tool overall, consistent with its role as the
primary local refinement operator; (2) mechanical-property tasks (Hard Coatings, Aerospace
Materials) show higher usage of PROTOTYPE, likely because structural topology plays a
stronger role in determining mechanical properties; (3) MIX usage increases on tasks with
broader element constraints, where compositional diversity is more beneficial.
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Figure 6: Tool usage distribution across 14 benchmark tasks.

D.2 Additional Ablations on Trio-Reflection (M3)

We first repeat the ReAct, Raw Context, and CrystalSTAR comparison on two additional
tasks from different domains: Hard Coatings, representing mechanical materials design,
and Wide-Bandgap Semiconductors, representing electronic materials design. As shown
in Table 12, CrystalSTAR achieves the highest Diversity Rate and cumulative number of
unique novel hits on both tasks. On Hard Coatings, ReAct attains a slightly higher N.H.R.
and Raw Context attains a higher H.R.; nevertheless, CrystalSTAR discovers substantially
more unique novel candidates. On Wide-Bandgap Semiconductors, CrystalSTAR achieves
the highest Diversity Rate, Novelty Rate, N.H.R., and cumulative number of unique novel
hits. These results support the conclusion that M3 primarily improves the breadth and
persistence of discovery rather than simply maximizing short-term H.R.

To examine the role of each memory level, we conduct a component-level ablation on High-κ
Dielectrics. The results suggest that the three levels contribute in different ways. Removing
Macro causes the largest drop in N.H.R., from 32.1% to 24.4%, highlighting the importance
of inherited cross-run priors for valid novel discovery. Without Meso, the Diversity Rate
drops to 41.8% and the cumulative number of unique novel hits decreases from 48 to 35,
suggesting that within-run tactical adaptation helps sustain exploration. Removing Micro
has a smaller and more mixed effect: several rate-based metrics improve slightly, while H.R.
decreases from 65.9% to 60.4% and cumulative unique novel hits decrease from 48 to 45.
This suggests that Micro mainly stabilizes local feedback rather than directly expanding the
search space.

D.3 Learned Macro Rule Examples

Table 13 shows representative macro rules learned by the M3 mechanism during search.
These rules illustrate how CrystalSTAR progressively distills search-level experience into
reusable scientific heuristics. These examples show that macro rules capture domain-
relevant chemical intuition, such as the suitability of Ba-perovskites for dielectric applica-
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Table 12: Additional cross-task and component-level ablations of Trio-Reflection. Cum. Hits
denotes cumulative unique novel hits. Best results within each task block are bold.

Task Configuration Div. Nov. H.R. N.H.R. Cum. Hits

Hard
Coatings

ReAct 34.1 52.2 89.1 44.2 45
Raw Context 31.2 40.4 91.2 34.4 47
CrystalSTAR 60.4 61.6 74.8 42.0 74

Wide-Bandgap
Semiconductors

ReAct 46.4 69.2 72.0 42.8 37
Raw Context 49.2 60.4 70.4 37.2 50
CrystalSTAR 64.0 70.8 71.2 44.4 74

High-κ
Dielectrics

w/o Micro 57.2 64.0 60.4 32.8 45
w/o Meso 41.8 56.2 69.9 26.5 35
w/o Macro 54.8 61.2 56.8 24.4 42
CrystalSTAR 53.8 60.3 65.9 32.1 48

tions or boride/nitride systems for lightweight structural materials that would typically
require expert knowledge to encode manually.

Table 13: Examples of macro rules learned during search. Confidence scores reflect the
LLM’s self-assessed reliability of each rule based on accumulated evidence.

Task Conf. Macro Rule

High-κ Dielectrics 0.82 Ba-based double perovskites consistently achieve high di-
electric constants with moderate band gaps. Prioritize
A-site substitutions within Ba-perovskite family.

Wide-Bandgap
Semiconductors

0.78 Alkali fluoride families (K–Na–Ga–F systems) provide a
robust basin for wide-gap hits. Explore compositional
variants within elpasolite-like structures.

Aerospace Materials 0.71 Light-element borides and nitrides (B–C–N based) with ≤
4 elements yield the best stiffness-to-density ratio. Avoid
heavy transition metals beyond Ti and Zr.

D.4 Efficiency Analysis

To evaluate discovery efficiency, we compare CrystalSTAR with LLEMA using per-discovery
resource consumption: total tokens, output tokens, API calls, wall-clock time, and the
number of candidates evaluated before the first hit. Table 14 summarizes these results.
CrystalSTAR reaches its first hit roughly 3× faster and requires approximately half the
total tokens per hit compared to LLEMA. The strongest gap appears on the output side
(∼20× fewer output tokens per hit), because CrystalSTAR emits compact JSON tool actions
whereas LLEMA generates longer free-form structure proposals. Overall, CrystalSTAR
achieves higher discovery quality while requiring substantially less compute per successful
hit, suggesting that tool-grounded search offers a favorable efficiency performance for
closed-loop materials discovery.

Table 14: Per-discovery efficiency on the 14 benchmark tasks.

Method Cand. to 1st Hit Tokens/Hit Out Tokens/Hit API Calls/Hit Time/Hit (s)

CrystalSTAR 5.4 ∼2.9k 19.3 1.01 51.3
LLEMA 18.2 ∼5.4k 395.7 8.38 93.9
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