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1.  Introduction  

Recent advances in machine learning have ena-

bled large -scale property prediction and inverse 
design for inorganic crystals, alongside data -
driven predictors for stability/synthesizability 
and synthesis -recipe recommendation.  [1,2]  Yet 
a practical “discovery -to-realization” gap re-
mains: these capabilities are fragmented across 
task -specific tools and  assembling them into an 
end -to-end workflow still requires substantial 
domain knowledge and engineering effort. [3 -8] 
Moreover, LLM -based synthesis assistants c an 
produce fluent but chemically implausible pro-

cedures when not grounded in domain evidence.  
[9 -11]  
We aim to close this gap by (i ) unifying hetero-
geneous domain tools into a single natural -lan-
guage -driven workflow for end -to-end design 
and synthesis planning, and (ii) improving syn-

thesis planning quality beyond passive tool call-
ing through structured, tool -grounded scientific 

critique.  
We introduce Materealize , a unified multi -
agent system for end -to-end inorganic materi-
als design and synthesis planning. Materealize  
combines (a) tool -level accuracy —via connected 
models for structure generation, property pre-
diction, synthesizability prediction, and synthe-
sis -recipe prediction —with (b) reasoning -level 
integration via a tool -grounded multi -agent de-
bate protocol that ref ines synthesis procedures 
and mechanistic hypotheses.  

2. System overview: Instant mode and 
Thinking mode  

Materealize  provides two complementary oper-
ation modes ( Fig. 1 ), balancing latency and 
depth , offering distinct capabilities.  
Instant mode (≈1 –2 min per material).  Given 
a natural - language target (e.g., “bandgap ≈ 1.34 

Fig. 1:  Overall architecture of Materealize . 
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eV”), Materealize  orchestrates connected tools 
to: (i) generate candidate crystal structures, (ii) 
evaluate synthesizability, (iii) filter unsynthe-

sizable candidates, and (iv) predict synthesis 
recipes. Instant mode also supports diagnosis 
and redesign of unsynthesizable s tructures and 
unconditional synthesizable data augmentation. 
In our implementation, instant mode integrates 
12 model endpoints spanning generative models, 
property prediction, synthesizability prediction, 
explanation, redesign, and synthes is -recipe 
prediction, along with crystallographic I/O and 
representation utilities.  
Thinking mode (~20 min).  Materealize  ad-

dresses the accuracy limits of passive tool call-
ing via a structured multi -agent debate  (MAD)  
with four role -specialized agents (Precursor, 
Thermodynamics, Surface/Kinetics, and Litera-
ture Evidence) and a Judge that consolidates 
their arguments into a single synthesis report. 
The report provides recommended precur-
sors/stoichiometry and a stepwise procedure 
and  further predicts an accompanying mecha-
nistic narrative such as key intermediates and 
the likely rate -limiting stage.  

3. Evaluation and main results  

Agent performance benchmark: recipes and 
mechanism -aware reports  
We benchmark Materealize  on two core synthe-
sis -planning capabilities: ( i) precursor (recipe) 
prediction accuracy and (ii) synthesis report 
quality that explicitly includes mechanistic rea-
soning ( Fig. 2).  

On a hold -out precursor benchmark, Matereal-
ize  thinking mode consistently outperforms in-
stant mode and tool -free agent baselines across 
all top -k  levels, achieving 86.2% (top -3), 90.2% 
(top -4), and 91.4% (top -5) accuracy ( Fig. 2a). 
Beyond precursor selection, we evaluate the 
generated synthesis reports using an independ-
ent LLM -based evaluator over four axes —pre-

cursor, temperature, procedure, and mecha-
nism —and find that Materealize  attains the 
strongest overall performance (0.484 overall 
score) among the com pared systems  (Fig. 2b). 

Collectively, these results indicate that tool -
grounded deliberation not only improves recipe 
correctness but also yields higher -fidelity syn-

thesis narratives, including mechanistic de-
scriptions, compared to both tool -free reason-
ing and tool -connected sing le-model baselines.   
Expanding the synthesis -realizable design 
space  
To connect benchmark gains to end -to-end util-
ity, we define a synthesis -realizable design 
space as the product of (i) the fraction of ther-
modynamically stable (or near -stable) gener-
ated structures and (ii) the probability of pro-
posing a valid synthesis met hod within the top -

5 suggestions. Under this metric, thinking mode 
expands the synthesis -realizable design space 
to 69.2%, surpassing the tool -only (instant) up-

per limit of 64.0% ( Fig. 3a), while tool -free 
agent baselines remain substantially lower.  

 
Where debate helps: experimentally vali-
dated case studies  
We further illustrate where the design space ex-
pands using experimentally validated examples 
( Fig. 3b). For compounds such as BaCaBO₃F and 
MgFe₄CoO₈, tool -only execution fails to retrieve 
a valid synthesis route within the top -5 sugges-
tions, whereas tool -grounded debate recovers 
valid routes within top -3/top -4, respectively. 
The associated diffraction com parisons ( Ma-

terealize  vs experimental) provide a qualitative 
anchor that the proposed routes are consistent 
with real synthesis outcomes ( Fig. 3b). To-
gethe r, these results support the central claim 
that Materealize ’s  tool -grounded, role -special-
ized deliberation improves not only recipe accu-
racy but also the mechanism -aware, experi-
ment -facing quality of synthesis guidance, ena-
bling a measurably broader region of materials 
that are both designable and synthesis -realiza-
ble.  

 
 
 

Fig. 2: Performance benchmark for synthesis 
planning   

 

Fig. 3: Tool -grounded debate expands the 
synthesis -realizable design space.  
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Appendix A.  Overview of Materealize ’s core functional modules and capabilities.  

In instant mode, Materealize  can handle various tasks related to inorganic material design and synthesis 
within a few minutes. In thinking mode, Materealize  can suggest more accurate and richer synthesis 

information within 20 minutes. We note that Materealize  is designed to be highly extensible, making it 
easy to integrate new tools and seamlessly expand its functionality.

 

Appendix B. Example of task capabilities  by Materealize . 
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Appendix C. Example of multi -agent debate dialogue trace by Materealize  thinking mode.  

Given a synthesis target, Materealize  starts from the precursor set proposed by the initial tool (Elemwis-
eRetro) and then conducts a structured debate in which specialized agents (precursor, thermodynamics, 
literature, and surface/kinetics) iteratively critique and refine the route, ultimatel y converging on an im-
proved synthesis recommendation.  

 

Appendix D. Simulation -based validation of Materealize  synthesis report.  

For the Mg2TeSe target, Materealize  generates a synthesis report and the corresponding target structure. 
We convert each report into a MACE -based molecular dynamics (MD) validation workflow by building an 
initial stacked precursor assembly (Initial), applying temperature ramping to the repo rt -specified (700 °C) 
peak temperature (After ramping), and conducting isothermal annealing (After heating). We then compare 
powder XRD computed from the relaxed structure obtained by further optimizing the final MD snapshot 
(green) with the reference peak s from the target structure (purple). The simulated patterns reproduce the 

dominant target reflections.  
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Appendix E . E xtended figure for Fig 2. Agent performance benchmark.  

(a -e) Generated structure validity for (a) CIF -parsing, (b) formula SMACT check, (c) minimum intera-

tomic -distance > 0.5 Å, (d) oxidation -state, and (e) energy above hull ≤ 0.2 eV/atom relative to MP refer-

ences. (See also Extended Data Fig. 1 and 2 for ele ment diversity and energy above hull distribution.) (f) 
Top -k exact match accuracy of suggested precursors. (g -i) Generated synthesis method and mechanism 
evaluation.  

 

 

 

 

 

 

 

 

 



AI4X –  Accelerate Conference 2026, Singapore, 16 –19 June 2026  

Appendix F . E xtended figure for Fig 3. Extending the synthesis -realizable space with Materealize . 

(a) Quantitative comparison of the synthesis -realizable design space across different agent systems. The 

synthesis -realizable design space is defined as the product of the thermodynamically stable ratio (Ehull ≤ 

0.2 eV/atom) and the valid synthesis -method ratio within the top -5 predictions. (b) t -SNE visualization of 
materials space for which correct design -and -synthesis routes are identified by Materealize  in both instant 
and thinking modes. Among the materials designed by Materealize , five experimentally -validated materi-

als are shown, where tool -only execution fails to identify valid synthesis routes within the top -5 predic-
tions, while thinking mode successfully proposes experimentally consistent synthesis methods.  

 


