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1. Introduction
Computational databases for crystalline materials

are foundational infrastructure for modern in silico
discovery and screening. However, in the AI era, dis-
covery increasingly proceeds through iterative gener-
ative refinement within finite, problem-scoped chem-
ical systems (e.g., a targeted solid electrolyte chem-
istry) rather than through one-off queries over static
repositories. In such workflows, predictive models
are repeatedly trained, validated, reused, and ex-
tended under bounded elemental constraints, and
the learnedmodel state itself becomes a key scientific
artifact encoding transferable, system-conditioned
knowledge. Yet most existing databases[1, 2, 3, 4]
remain data-centric: structures and properties are
curated and served, while generation logic and pre-
dictive models are maintained externally and evolve
independently of the database.
We propose a stateful, model-integrated formu-

lation of materials databases in which structural
data and predictive models jointly constitute the
database state and coevolve through an endogenous
closed loop (Fig. 1). Rather than pursuing a mono-
lithic all-elements repository, we treat each problem-
scoped chemical system as an evolvable database
node whose growth is formalized as a learnable state
transition driven by model–data interaction. This
architecture preserves trained model checkpoints
alongside curated structures, enabling low-cost con-
tinuation of database evolution, reuse of system-
conditioned knowledge, and extension to related
chemistries via transfer.

2. Approach: endogenous coevolution as a
database state transition
Within a selected chemical domain, we implement

an integrated generation–evaluation–refinement
loop. A deep generative model[5, 6, 7, 8] proposes
candidate crystal structures conditioned on composi-
tion and stability metrics (𝐸hull). A machine-learned
force field (MLFF)[9, 10, 11, 12] provides near–DFT-
accuracy energetics for rapid screening and rank-
ing, and a small selected subset is validated by first-
principles calculations to update both data and mod-
els. Each iterationproduces anewdatabase state com-
prising curated stable–unique–novel structures and
the corresponding updated model checkpoints. Be-
cause both components are preserved, a node can be
exported as a transferable joint model–data state that
can be continued, branched, merged, or extended
under compositional overlap or elemental expansion,
supporting modular development rather than static

enumeration.

3. Prototype node: Li–P–S and key results
We prototype this architecture on the chemically

intricate Li–P–S ternary system[13, 14], a stringent
testbed for solid-state electrolyte chemistry featur-
ing diverse thiophosphate polyanions and coupled
lithium configurations. Over seven closed-loop itera-
tions, we generate ∼70,000 candidate structures and
obtain >10,000 stable, unique, and novel entries. The
node exhibits three operational maturity signals de-
fined within its bounded configuration space:
(i) Stabilization of the thermodynamic distribu-

tion. Iterative fine-tuning progressively shifts the gen-
erated energy-above-hull distribution toward lower-
energy structures while maintaining diversity, indi-
cating improved internal consistency under stability
conditioning.
(ii) Rapid saturation of local chemical environ-

ments. Although new stable structures continue to
appear across iterations, the information entropy of
local atomic-environment descriptors rises sharply
at early iterations and saturates within the first 2–3
cycles (Fig. 1d), serving as a practical convergence
diagnostic that short-range bonding environments
are broadly covered in this chemical system.
(iii) Fast MLFF convergence at moderate first-

principles cost. Once local environments saturate,
the MLFF reaches near–DFT accuracy with a modest
number of labeled frames (Fig. 1e), enabling reliable
large-scale stability estimation and structure ranking
inside the node.
Beyond convergence, the node demonstrates

knowledge extension: the loop autonomously recov-
ers chemically plausible thiophosphate motifs and
phases that are absent from widely used reposito-
ries and from the generator’s pretraining data, yet
are consistent with historical experimental chem-
istry. Finally, because themature node stores a coher-
ent model–data state, it supports downstream anal-
yses without task-specific pipeline redesign, includ-
ing finite-𝑃–𝑇 phase stability, high-throughput Li-ion
transport screening via MLFF molecular dynamics,
and electronic-structure inference by integrating a
charge-density model.

4. Implications and outlook
These results support a practical architectural re-

framing for AI-era materials databases. In contempo-
rary AI-driven workflows, discovery is increasingly
realized through iterative generation–evaluation–
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Fig. 1: Statefulmodel-integrateddatabase architecture and representative results. (a) Conventional databases
as static repositories expanded by predefinedworkflows;models remain external. (b) Proposed architecture in
which predictivemodels are persistent components of database state. (c) Endogenousmodel–data coevolution
through a generation–evaluation–refinement loop. (d) Saturation of local atomic environments measured by
information entropy versus iteration. (e) Convergence of MLFF accuracy (energy/force RMSE) versus the
number of DFT-labeled training frames in Li–P–S. (f) Examples of rediscovered and novel thiophosphate
anion motifs.

refinement within finite, problem-scoped chemical sys-
tems, where both data acquisition rules and predic-
tive models evolve as part of the research process
rather than remaining fixed. We therefore formulate
database growth as an endogenous state transition in
which structural data and integrated model check-
points jointly define and update the database state for
a specified chemical domain. Under this formulation,
trainedmodel states become preserved, reusable arti-
facts, enabling continuity of learningwithin the same
system and systematic extension to related systems
via transfer, initialization, and compositional expan-
sion. This stateful, model-integrated view suggests
a scalable pathway for accumulating computational
materials knowledge by making model–data coevo-
lution an explicit component of the database, rather
than an external procedure applied to it.
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