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ABSTRACT

Material synthesis planning (MSP) remains a fundamental and underexplored
bottleneck in AI-driven materials discovery, as it requires not only identifying
suitable precursor materials but also designing coherent sequences of synthesis
operations to realize a target material. Although several AI-based approaches have
been proposed to address isolated subtasks of MSP, a unified methodology for
solving the entire MSP task has yet to be established. We propose MSP-LLM, a
unified LLM-based framework that formulates MSP as a structured process com-
posed of two constituent subproblems: precursor prediction (PP) and synthesis
operation prediction (SOP). Our approach introduces a discrete material class as an
intermediate decision variable that organizes both tasks into a chemically consistent
decision chain. For SOP, we further incorporate hierarchical precursor types as
synthesis-relevant inductive biases and employ an explicit conditioning strategy
that preserves precursor-related information in the autoregressive decoding state.
Extensive experiments show that MSP-LLM consistently outperforms existing
methods on both PP and SOP, as well as on the complete MSP task, demonstrat-
ing an effective and scalable framework for MSP that can accelerate real-world
materials discovery.

1 INTRODUCTION

Recently, Artificial Intelligence (AI) has achieved notable successes in condensed matter physics
and materials science, primarily by enabling a high-throughput screening at the scales of real-
world materials spaces Wang et al. (2023); Kim et al. (2025); Du et al. (2023). After exploring the
materials space, we are then confronted with the next scientific challenge of designing a synthesis
plan to realize the discovered materials Szymanski et al. (2023a). However, most existing machine
learning methods have primarily focused on exploring the materials space while overlooking the
next challenge in material synthesis planning (MSP) Jansen (2002); Szymkuć et al. (2016), and
this oversight remains a bottleneck of AI for science in real-world materials discovery. Although
numerous synthesis planning methods have been developed for organic compounds, benefiting from
well-specified molecular structures and well-defined reaction rules, MSP remains a long-standing
challenge in AI for science due to two reasons: (1) The lack of atomic structures for the product
materials causes multiple synthesis paths on polymorphic structures, thereby substantially increasing
uncertainty in MSP Na (2023); Okabe et al. (2024). Moreover, (2) fully specifying the synthesis paths
based solely on a target material’s composition remains a challenge, as compositional data alone fails
to provide a comprehensive blueprint for the necessary chemical reactions Noh et al. (2024); Prein
et al. (2025b).

In real-world applications, MSP is explored within a materials space defined at the level of chemical
compositions Na (2023); Okabe et al. (2024); Choi et al. (2025), and requires predicting a set of
precursor materials P and a sequence of synthesis operations O for a given desired product material.
Here, P ∈ 2M \ {∅} denotes a set of precursor materials, where M denotes the set of materials,
and O ∈ O∗ denotes a finite-length synthesis operation sequence. Formally, the MSP task can be
defined as f : M → 2M ×O∗, which maps a given product material to a set of precursor materials
and a corresponding synthesis operation sequence. However, due to the inherent challenges of MSP,
most existing studies have addressed only partial aspects of MSP, rather than providing a framework
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that solves MSP in its entirety. In particular, prior works typically focus on one of the following
two subproblems: (1) precursor prediction (PP), which predicts a set of precursor materials from a
given product material, fp : M → 2M, or (2) synthesis operation prediction (SOP), which aims to
predict a sequence of synthesis operations given a product material and a set of precursor materials,
fo : M× 2M → O∗.

Among these subproblems, SOP remains largely underexplored and has been studied only in narrowly
scoped settings, typically restricted to specific material systems rather than general MSP Na (2023);
Pan et al. (2025). By contrast, most existing efforts have focused on PP, yet these approaches often
rely on complex retrieval pipelines He et al. (2023); Noh et al. (2024) or access to proprietary LLM
APIs Kim et al. (2024); Prein et al. (2025b), which limits their scalability and reproducibility. These
limitations underscore the need for the scalable and unified modeling framework that can address
both SOP and PP within a general MSP setting.

Recently, large language models (LLMs) fine-tuned for domain-specific scientific tasks have demon-
strated strong capabilities across scientific domains, particularly in materials science, including
generation of candidate materials Gruver et al. (2024) and emulation of scientific discovery processes
Ding et al. (2024). This modeling framework is particularly well-suited to MSP, where all relevant
input information is naturally represented as text in the form of chemical compositions Prein et al.
(2025b). By leveraging LLMs that have been pre-trained on large-scale and diverse textual corpora,
LLM-based MSP models can potentially access and utilize extensive background knowledge, en-
abling more informed and physically grounded decisions Bran et al. (2025); Rueda et al. (2025) in
both precursor selection and synthesis operation planning.

However, despite their promise, effective strategies for fine-tuning LLMs to address MSP remain
largely unexplored. Specifically, no existing work has established a principled fine-tuning strategy
that enables LLMs to perform PP and SOP in a unified MSP framework.

In this paper, we propose a unified LLM-based framework, called MSP-LLM, for solving complex
MSP tasks. We develop novel task-specific LLM fine-tuning strategies for the two constituent
subproblems of MSP, i.e., PP and SOP. Specifically, (i) we introduce a discrete material class variable
that captures synthesis-relevant characteristics of materials and employ it in both PP and SOP as
an intermediate decision variable. By incorporating this variable, each subtask is organized into a
structured decision chain, in which the model conditions its task-specific generation on the material
class variable, leading to more accurate predictions. Furthermore, for SOP, we introduce an explicit
conditioning strategy that integrates hierarchical precursor types as synthesis-relevant inductive biases
and enforces their effective utilization through precursor constraint factorization, promoting precursor-
conditioned operation generation and more reliable retention of precursor constraints in the decoder
state. By integrating LLMs fine-tuned for each subproblem within a single coherent framework, MSP-
LLM enables complete MSP from target material compositions. Extensive experiments demonstrate
that MSP-LLM significantly outperforms existing methods on both individual subproblems and the
overall MSP task, highlighting its effectiveness and practical applicability to real-world materials
discovery.

To the best of our knowledge, MSP-LLM is the first work to formulate and tackle the complete MSP
task, and to show that it can be effectively addressed by fine-tuning LLMs in a unified framework.

In this study, we make the following contributions:

• We propose MSP-LLM , a unified framework for general Material Synthesis Planning (MSP)
that formulates the task as a two-stage process consisting of (1) precursor prediction (PP) and (2)
synthesis operation prediction (SOP), each implemented using fine-tuned LLMs tailored to the
respective subtask.

• By incorporating domain-specific inductive biases via a material group decision chain in both PP and
SOP, together with an explicit conditioning strategy, our framework effectively leverages precursor
information in SOP. We further analyze the mechanisms underlying the resulting performance
gains.

• Through extensive experiments, we demonstrate that the proposed framework significantly outper-
forms all baselines on the complete MSP task as well as its subtasks, highlighting the superiority of
our approach.

The source code for MSP-LLM is available at https://github.com/HeewoongNoh/
MSP-LLM-Official.
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Task: 
Given the target compound [𝐋𝐋𝐋𝐋𝟏𝟏.𝟐𝟐𝐂𝐂𝐂𝐂𝟏𝟏.𝟖𝟖𝐌𝐌𝐌𝐌𝟐𝟐𝐎𝐎𝟕𝟕] , 
first classify its material group, and you must select the precursor
needed to synthesize the target.
Typically, two or more precursors are required.
The possible material groups are: 
['oxide', 'alloy', 'phosphate', 'pyrophosphate', 'halide', 'oxyhalide’, 
'carbide', 'nitride', 'selenide', 'sulfide', 'other']
Output format: 
[['material group'], ['precursor1', 'precursor2', ..., 'precursor𝒍𝒍']]
Return only the Python list of single-quoted strings with no extra 
text or explanation.

Input:

Output:

[['oxide'], ′𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝟑𝟑′, ′𝐋𝐋𝐋𝐋𝟐𝟐𝐎𝐎𝟑𝟑′, ′𝐌𝐌𝐌𝐌𝐎𝐎𝟐𝟐′ ]

Synthesis Operation Prediction (SOP) Final Output

Precursor set:
[′𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝟑𝟑′, ′𝐋𝐋𝐋𝐋𝟐𝟐𝐎𝐎𝟑𝟑′, ′𝐌𝐌𝐌𝐌𝐎𝐎𝟐𝟐′]

Synthesis operation:
1: ['mixing', 'heating', 
'mixing', 'shaping', 'sintering']
2: ['mixing', 'heating', 'mixing', 
'shaping', 'annealing']

10: ['heating', 'mixing', 
'shaping', 'quenching']

MSP-LLM

Decision Chain: Material Group
To synthesize 
𝐋𝐋𝐋𝐋𝟏𝟏.𝟐𝟐𝐂𝐂𝐂𝐂𝟏𝟏.𝟖𝟖𝐌𝐌𝐌𝐌𝟐𝟐𝐎𝐎𝟕𝟕,

what precursor set
and synthesis 
operations
should I use?

Precursor types: { 'carbonate', 'oxide' }
Task:
Given the target compound [𝐋𝐋𝐋𝐋𝟏𝟏.𝟐𝟐𝐂𝐂𝐂𝐂𝟏𝟏.𝟖𝟖𝐌𝐌𝐌𝐌𝟐𝟐𝐎𝐎𝟕𝟕],  
first classify its material group,
then based on the selected precursors ′𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝟑𝟑′, ′𝐋𝐋𝐋𝐋𝟐𝟐𝐎𝐎𝟑𝟑′, ′𝐌𝐌𝐌𝐌𝐎𝐎𝟐𝟐′ ,
propose one plausible synthesis operation sequence using only the following operations:
['heating', 'sintering', 'annealing', 'mixing', 'shaping', 'quenching', 'drying'].
Synthesis context: ...
Typically, two or more precursors are required.
The possible material groups are: ...
Output format:
[['material group'], ['precursor_type1', 'precursor_type2', ..., 'precursor_typeK'], 
['precursor1', 'precursor2', ..., 'precursor𝒍𝒍'], ['op1', 'op2', ..., ‘opN']]
Return only the Python list of single-quoted strings with no extra text or explanation.

Input:

Output:

[['oxide'], ['carbonate', 'oxide'], [′𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝟑𝟑′, ′𝐋𝐋𝐋𝐋𝟐𝟐𝐎𝐎𝟑𝟑′, ′𝐌𝐌𝐌𝐌𝐎𝐎𝟐𝟐′], 
['mixing', 'heating', 'mixing', 'shaping', 'sintering']]

Hierarchical Precursor Types

Precursor Constraint Factorization

Decision Chain: Material Group

Precursor Prediction (PP)

Decision Chain: Material Group

...

✓

PoFine-tuning LLMs for PP

Decision Chain: Material Group

Explicit Conditioning
- Hierarchical Precursor Types
- Precursor Constraint Factorization

PoFine-tuning  
LLMs for SOP

Output:

Precursor Set Synthesis
Operations

Precursor Set

✓

[['oxide'], ['carbonate', 'oxide'], [′𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝟑𝟑′, ′𝐋𝐋𝐋𝐋𝟐𝟐𝐎𝐎𝟑𝟑′, ′𝐌𝐌𝐌𝐌𝐎𝐎𝟐𝟐′], 
['mixing', 'heating', 'mixing', 'shaping', 'sintering']][['material group'], ['precursor_type1', 'precursor_type2', ..., 'precursor_typeK'], 

['precursor1', 'precursor2', ..., 'precursor𝒍𝒍'], ['op1', 'op2', ..., ‘opN']]
Figure 1: Overall framework of MSP-LLM. Given a target material, MSP-LLM first predicts the
precursor set (PP), and then, conditioned on the predicted precursors, generates the synthesis operation
sequence (SOP), resulting in a complete MSP. The input–output texts above the PP and SOP LLMs
illustrate example prompts used during LLM fine-tuning for each task.

2 PRELIMINARIES

Material Synthesis Planning (MSP). As defined in Eq. (1), MSP associates a target material with a
precursor set and a synthesis operation sequence. We adopt a two-stage formulation that emulates
the experimental workflow of synthesis chemists who first identify feasible precursors and then
design operations conditioned on them. While a one-stage approach can, in principle, learn to output
both precursors and operations simultaneously, such predictions collapse material selection and
process design into a single, opaque step that is difficult to verify, adapt, or safely execute in practice
Tang et al. (2025). By explicitly separating these decisions, the two-stage formulation better aligns
with real-world material synthesis workflows, enabling more verifiable, and practically deployable
planning.

Precursor Prediction (PP). This task aims to identify a set of starting materials required to synthesize
a given target material. In this task, only the chemical composition of the target material m is provided,
without any explicit structural information, and the goal is to predict an appropriate precursor set
P . For example, when the target material is La1.2Ca1.8Mn2O7, the task is to predict a precursor
set {CaCO3,La2O3,MnO2}. Details of the preprocessing procedure for precursors are provided in
Appendix C.

Synthesis Operation Prediction (SOP). This task focuses on determining the sequence of processing
steps required to synthesize the target material, given both the target material and its corresponding
precursor set. We define the synthesis operation as the sequence O = (o1, o2, . . . , on), where each
ot is selected from a predefined set of seven canonical solid-state synthesis operations: mixing,
drying, heating, sintering, annealing, quenching, and shaping. A valid synthesis route may involve
repeating certain operations multiple times, and the objective is to predict the ordered sequence O.
For instance, in the case of La1.2Ca1.8Mn2O7 with the precursor set {CaCO3,La2O3,MnO2}, a
plausible synthesis sequence is mixing → heating → mixing → shaping → sintering. Details of the
preprocessing of synthesis operations are provided in Appendix C.

3 PROPOSED METHOD

We develop task-specific LLM fine-tuning strategies for the two constituent subproblems of MSP:
PP and SOP. To structure these tasks, we introduce a discrete material class variable that induces
a decision-chain formulation (Section 3.1). We then describe the PP stage in Section 3.2 and the
subsequent SOP stage in Section 3.3. We further propose explicit conditioning with hierarchical
precursor types, which reinforces precursor-related constraints in the decoder state (Section 3.3.1),
and provide an information-theoretic analysis explaining the effectiveness of this design (Section 3.5).
Finally, we demonstrate the entire MSP with MSP-LLM (Section 3.4) by linking the independently
trained PP and SOP models in a sequential manner, where precursors predicted in the PP stage are
used as conditioning inputs for the SOP stage, forming a complete MSP pipeline.
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3.1 DECISION CHAIN VIA DISCRETE MATERIAL CLASS VARIABLE

Materials often exhibit synthesis-related characteristics that are correlated with their chemical classes
Rao & Gopalakrishnan (1997); West (2022). While a material group does not uniquely determine a
specific synthesis pathway, materials belonging to different groups (e.g., oxides, phosphates, nitrides,
sulfides) often exhibit systematic differences in precursor selection, decomposition behavior, and
synthesis operations Schubert & Hüsing (2019). In practice, domain experts attempt to identify the
chemical group of a target material to determine an appropriate synthesis strategy. Inspired by this
expert reasoning process, we introduce a decision chain framework that utilizes the material group,
denoted as G, as a discrete intermediate variable for both Precursor Prediction (PP) and Synthesis
Operation Prediction (SOP). In the PP task, given a target material m, the model first predicts its
material group and subsequently generates its precursor set P conditioned on the predicted material
group. Similarly, for SOP, the model predicts the material group G based on the target material m
and the predicted precursor set P before generating the synthesis operation sequence O. Accordingly,
both tasks are formulated as structured decision chains that first infer the material group and then
perform task-specific generation. To implement this decision chain, we curate input prompts that
explicitly instruct the model to "first classify its material group" before proceeding to the PP/SOP.
Consequently, while fine-tuning the LLM, it learns to perform material group classification as a
prerequisite step. This approach introduces a task-specific inductive bias, effectively constraining
the search space for precursors and operations to a chemically plausible subspace. Note that PP and
SOP are implemented using independently fine-tuned LLMs, and are subsequently integrated within
a unified framework where the material group decision chain is applied to both stages.

3.2 PRECURSOR PREDICTION (PP) STAGE

For the PP stage, we design a task-specific prompt to fine-tune the LLM such that the model first
classifies the material group G from the target material m and subsequently selects an appropriate
precursor set P . Let XPP denote the complete input prompt, which includes the task description
and the chemical formula of the target material m. We train the model using a standard language
modeling (LM) objective under teacher forcing over the entire output sequence. The target sequence
is defined as yPP = (G,P ), where G denotes the ground-truth material group and P denotes the
corresponding precursor set of the target material m. Formally, the training loss is given by:

LPP
LM = −

|yPP|∑
t=1

log pθ
(
yt | XPP,yPP<t

)
, (1)

where yt is the token at position t, and yPP<t denotes the prefix of the ground-truth sequence up to
step t− 1.

3.3 SYNTHESIS OPERATION PREDICTION (SOP) STAGE

3.3.1 CHALLENGES OF PRECURSOR UTILIZATION
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Figure 2: SOP performance under target-only, im-
plicit, and explicit conditioning across two fine-
tuned backbone LLMs.

In SOP, precursors play a pivotal role in deter-
mining synthesis operation behavior, as they
provide particularly informative cues for ma-
terials that require complex, multi-step synthe-
sis procedures Rao & Gopalakrishnan (1997);
West (2022); Schubert & Hüsing (2019). Intu-
itively, incorporating the precursor set into the
input context is therefore expected to improve
prediction accuracy compared to conditioning
solely on the target material. To corroborate this,
we compare two simple conditioning strategies
applied at the LLM input stage: target-only
and implicit conditioning, across two backbone
LLMs, Qwen-2.5-7B and LLaMA-3.1-8B. The
target-only approach conditions the LLM on
the task description and the target material only,
while implicit conditioning additionally incor-
porates the precursor set alongside the target
material information to guide the model. We
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evaluate SOP performance using Normalized Edit Distance (NED), which measures the token-level
similarity between the predicted and ground-truth synthesis operation sequences (note that each
synthesis operation is treated as a single token).

However, as illustrated in Figure 2, contrary to our initial expectations, implicit conditioning does
not consistently outperform the target-only baseline, despite the inclusion of additional precursor
information. This observation suggests that merely providing precursor information as a part of the
LLM input is insufficient to ensure its effective utilization, especially in complex contexts—such as
those involving long sequences or heterogeneous sequences of chemical formulas, where multiple
precursor formulas are listed consecutively. Therefore, this motivates the need to explicitly enforce
the preservation and utilization of precursor-related information throughout the decoding process.

To effectively leverage the precursor information, we introduce an explicit conditioning strategy
comprising two key components: (i) extracting hierarchical precursor types from the fine-grained
precursor set to capture high-level behavioral constraints (Section 3.3.2), and (ii) enforcing con-
ditioning via precursor constraint factorization (Section 3.3.3). As shown in Figure 2, this design
leads to substantial and consistent performance gains across both backbone models, highlighting the
importance of explicit conditioning over naive implicit input-level conditioning. Note that, since the
PP and SOP modules are trained independently, we use the ground-truth precursor set to condition
the SOP module during the model training.

3.3.2 HIERARCHICAL PRECURSOR TYPES

In SOP, it is important not only to identify fine-grained operational dependencies, such as the ordering
of steps and the need for repeated operations, but also to capture higher-level synthesis trends that
govern the overall process. For example, carbonate precursors typically require an initial heating
step to remove CO2 prior to phase formation Fuertes (2018). This implies that the presence of a
carbonate precursor provides a strong behavioral signal indicating the necessity of a heating step in
the synthesis route. Building on this insight, we leverage a hierarchical abstraction of the precursor set
in the form of precursor types, which capture key synthesis-relevant behaviors such as decomposition,
volatility, and reactivity Schubert & Hüsing (2019); Rao & Gopalakrishnan (1997); West (2022).
Let P = {p1, . . . , pl} denote the precursor set for a target material, and pi denote the i-th precursor,
where l is the number of precursors in P . Each precursor belongs to one of a finite set of precursor
types (e.g., carbonate, nitrate, ammonium, phosphate, oxide, or other). We define a simple rule-based
mapping function τ such that Types = τ(P ), where Types denotes the set of unique precursor
types associated with the precursor set P . The resulting Types provides a hierarchical, behaviorally
meaningful abstraction of P that aligns closely with typical synthesis operation patterns. We denote
the comprehensive precursor information as Z := (Types, P ). For instance, given a precursor set
P = {CaCO3,La2O3,MnO2}, the corresponding unique Types would be {carbonate, oxide}.

3.3.3 PRECURSOR CONSTRAINT FACTORIZATION

To ensure the effective utilization of precursor information beyond implicit input-level context, we
introduce precursor constraint factorization (PCF), which enforces the model to utilize the precursor
information. Unlike naive implicit conditioning, which offers limited training pressure for precursor-
specific representations in the decoder state, PCF introduces an explicit constraint that facilitates more
consistent utilization of precursor information during synthesis operation generation. Concretely,
SOP is formulated as learning a joint conditional distribution over (G,Z,O) given XSOP, where
XSOP = (task prompt,m, Zin) and Zin denotes the ground-truth precursor information provided as
part of the input. This induces the following factorization:

pθ(G,Z,O | XSOP) = pθ(G | XSOP) pθ(Z | XSOP, G)

· pθ(O | XSOP, G, Z).
(2)

This formulation provides a principled decomposition that first enables the model, through the
term pθ(G | XSOP), to identify the material group as an intermediate variable corresponding to the
decision-chain formulation (Section 3.1). The subsequent term pθ(Z | XSOP, G) explicitly constrains
the model to predict and utilize precursor information. Finally, the term pθ(O | XSOP, G, Z) trains
the model to generate the synthesis operation sequence conditioned on both the inferred material
group and the predicted precursor variables. We implement this factorization by structuring the
output sequence as ySOP = (G,Z,O) and optimizing a standard autoregressive language modeling
objective,

LSOP
LM = −

|ySOP|∑
t=1

log pθ(yt | XSOP,ySOP<t). (3)
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During training, the ground truth precursor information Zin is provided as part of the input context
while simultaneously being modeled as an explicit random variable Z in the output sequence. This
requires the decoder state to remain sufficient for predicting Z even when Z is already observed in
the input. Under this formulation, minimizing the SOP loss jointly constrains the model to accurately
predict both Z and O, thereby discouraging solutions in which precursor-specific information is not
retained in the decoder representation during operation generation. Consequently, during operation
generation, the decoder state must remain aligned with precursor-specific constraints, enforcing
retention and utilization of Z rather than treating precursor information as a passive component of
the input context.

3.4 A UNIFIED FRAMEWORK FOR COMPLETE MSP

Our framework addresses the complete MSP setting, in which only the target material m is provided
as input. Given this target, (1) the fine-tuned PP model first generates a ranked set of candidate
precursor combinations. (2) Conditioned on a selected precursor set, the fine-tuned SOP model then
produces coherent sequences of synthesis operations that specifies how to realize the target material
using the predicted precursors. By integrating these steps, the framework effectively achieves the
complete MSP task.

3.5 WHY PRECURSOR CONSTRAINT FACTORIZATION WORKS: AN
INFORMATION-THEORETIC VIEW.

For clarity, we omit G and focus on the precursor information Z and the operation sequence O. Let
St denote the decoder state at generation step t and ot the next operation token. Please note that
we distinguish between the ground truth precursor information Zin, which is provided as part of
the input prompt, and the structured precursor variable Z := (Types, P ), which denotes the same
chemical information but is treated as an explicit random variable in our conditional factorization.
We decompose the full input context as XSOP = (X,Zin), where X = (task prompt,m) denotes the
non-precursor context and Zin denotes the ground truth precursor information. This decomposition is
used to distinguish between the two learning objectives: (i) implicit conditioning, which optimizes
− log pθ(O | XSOP), and (ii) precursor constraint factorization, which optimizes − log pθ(Z,O |
XSOP).

Marginalization under implicit conditioning. Under implicit conditioning, the model is trained
to minimize − log pθ(O | XSOP), in which precursor information appears only as part of the input
context and is not introduced as an explicit random variable. In contrast, our precursor constraint
factorization trains the model to minimize − log pθ(Z,O | XSOP), thereby converting the precursor
information present in the input to an explicit conditioning variable that must be predicted and utilized
during generation. Because the implicit objective does not require the model to distinguish between
different precursor-specific generation mechanisms (i.e., Zin and Z), it allows solutions that achieve
low training loss while approximating a marginalized conditional distribution of the form p(O | X).
This marginalized behavior can be express as

p(O | X) =
∑
z

p(O | X,Z=z) p(Z=z | X). (4)

Consequently, distinct precursor-conditioned operation patterns are collapsed into a single aggregated
distribution, and the decoder state is not required to retain instance-specific precursor information.

Reduced intrinsic uncertainty. The distinction between marginalized (i.e., p(O | X)) and precursor-
conditioned generation (i.e., p(O | X,Z)) can be formalized using a basic property of conditional
entropy H(O | X,Z) ≤ H(O | X), with equality if and only if O ⊥ Z | X . When precursor
information is informative for operations, i.e., I(O;Z | X) > 0, explicitly modeling the conditional
distribution p(O | X,Z) admits a strictly lower irreducible uncertainty than the marginalized
distribution p(O | X). Such a lower-uncertainty requires the decoder state St to utilize precursor
constraints throughout generation.

As a result, the decoder is encouraged to maintain and utilize precursor-related information when
generating synthesis operations, rather than relying on an aggregated, precursor-agnostic predictor.
Under precursor constraint factorization, this requirement is enforced by training the model to predict
Z as part of the output sequence, which conditions operation generation on decoder states that
utilize precursor-specific structure. This prevents precursor-conditioned generation mechanisms from
collapsing into a marginalized, precursor-agnostic predictor, leading to lower intrinsic uncertainty
and more consistent, precursor-aware synthesis operation sequences in practice.
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4 EXPERIMENTS

We evaluate the effectiveness of MSP-LLM across three settings: the PP task (Section 4.1), which
predicts precursor sets from a target material; the SOP task (Section 4.2), which predicts synthesis
operations given the target material and ground-truth precursors; and the complete MSP task (Section
4.3), which predicts both precursors and synthesis operations simultaneously from the target material
alone.

Datasets. We utilize an inorganic material synthesis dataset that extracts synthesis recipes from
materials science papers Kononova et al. (2019), which has been used in prior studies focusing on
PP Noh et al. (2024); Kim et al. (2024). To address the complete MSP task, we curate a subset of
the data that contains full target, precursor, and synthesis operation information, resulting in 10,851
real-world synthesis records. For PP, we restrict the precursors to those with a frequency of at least
five, yielding a set of 288 precursors. For synthesis operations, the original scheme consists of five
categories, namely mixing, quenching, heating, drying, and shaping. In the SOP setting, we refine this
scheme by decomposing heating into sintering, annealing, and a general heating category, yielding a
total of seven operation types that better reflect practical synthesis scenarios. Additional details about
the dataset are provided in Appendix C.

Implementation Details. We construct MSP-LLM by fine-tuning LLMs to perform both PP and
SOP. We leverage open-source models LLaMA-3.1-8B Grattafiori et al. (2024) and Qwen 2.5-7B
Qwen et al. (2025), and apply QLoRA Dettmers et al. (2023) to enable efficient fine-tuning with
limited computational resources. As detailed in Section 3.4, we fine-tune and evaluate the LLMs
independently for each task. For the MSP task, these separately fine-tuned models are deployed
simultaneously to generate the final output. Additional implementation details are provided in
Appendix B.

Evaluation Protocol. We consider two dataset split strategies with an 8:1:1 train/validation/test
ratio for experiments. Each sample is associated with a unique precursor set and synthesis operation
sequence. The first is a random split, in which target formulas may appear across different splits,
whereas each occurrence corresponds to a different precursor set and synthesis operation sequence
due to the one-to-many mapping. The second is a target-disjoint split, where target formulas are
strictly separated across different splits, enabling evaluation on previously unseen target materials.
Additional details are provided in Appendix C.

4.1 PRECURSOR PREDICTION (PP) TASK

Baseline Methods. We prepare two types of baselines: (1) Specialized models for PP: we consider
retrieval-based approaches that leverage reference material information through retrieval mechanisms,
including the method of He et al. (2023), which uses a composition-vector–based retrieval scheme,
and Retrieval-Retro Noh et al. (2024), a state-of-the-art model that combines advanced retrieval
mechanisms with attention. (2) LLM baselines: we follow the prompt design of Prein et al. (2025b) to
evaluate proprietary LLMs on PP, and conduct experiments with GPT-4o-mini, GPT-4o, GPT-5.1, and
Claude Haiku 4.5. Here, we report the performance of MSP-LLM using an LLM that is independently
trained specifically for the PP task.

Evaluation Protocol. Following prior work Prein et al. (2025b); Noh et al. (2024), we adopt the
Top-K Exact Match metric to evaluate precursor prediction performance.

Empirical Results. In Table 1, we observe that both specialized models and API-based LLMs exhibit
limited capability in precursor prediction. Specifically, while the retrieval-based specialized model
(Retrieval-Retro) achieves performance comparable to GPT-4o, it relies on an external retrieval
system and lacks flexibility in adapting the size of the predicted precursor set, which constrains its
overall accuracy. Moreover, for API-based LLMs, while increasing model scale and the number of
in-context examples improves the performance of API-based LLMs, a substantial performance gap
remains. Even the most powerful model, GPT-5.1, falls short of our method by approximately 6–7
percentage points in Top-1 accuracy and around 10 percentage points in Top-10 accuracy across both
dataset splits. In contrast, our framework, regardless of the underlying LLM backbone, consistently
outperforms all baselines across all Top-K levels. These results demonstrate that structured, task-
specific fine-tuning and domain-aware inductive biases enable more effective learning of precursor
selection constraints than either prompt-based conditioning or retrieval-dependent pipelines.
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Table 1: PP performance on two dataset splits.

Method Split 1 Split 2
Top-1 Top-3 Top-5 Top-10 Top-1 Top-3 Top-5 Top-10

Specialized Models
He et al. (2023) 53.11 60.05 61.06 63.07 54.01 61.10 62.69 65.02
Retrieval-Retro Noh et al. (2024) 60.88 69.38 70.93 74.13 66.32 74.16 75.84 78.54
Large Language Models (API)
GPT-4o-mini (20-shot) 56.58 65.36 67.82 70.66 54.85 63.40 67.91 70.34
GPT-4o-mini (40-shot) 55.21 63.44 66.27 69.10 55.97 64.27 67.82 71.36
GPT-4o (20-shot) 60.05 68.56 71.76 75.05 60.17 69.31 73.04 76.31
GPT-4o (40-shot) 61.79 70.48 73.40 76.32 61.57 71.27 73.97 77.05
GPT-5.1 (20-shot) 64.72 77.42 80.53 83.27 67.07 77.61 82.37 85.17
GPT-5.1 (40-shot) 64.08 76.33 79.62 83.46 66.60 77.89 82.74 86.01
Claude Haiku 4.5 (20-shot) 55.03 68.37 74.50 78.88 56.44 68.84 73.13 78.92
Claude Haiku 4.5 (40-shot) 57.31 68.74 74.31 78.43 56.53 71.64 76.12 81.81

MSP-LLM (Qwen-2.5-7B) 71.02 85.37 90.49 94.06 71.92 88.62 92.72 95.53
MSP-LLM (LLaMA-3.1-8B) 70.75 85.56 91.68 94.97 72.85 88.99 93.56 96.36

Table 2: SOP performance on two dataset splits.

Method Split 1 Split 2
Top-10 NED↑ LCS↑ F-1↑ Top-10 NED↑ LCS↑ F-1↑

Specialized Models
Retrieval based 10.4 0.6072 0.7194 0.7596 11.19 0.6030 0.7198 0.7564
SPENDE Na (2023) N/A 0.4508 0.5824 0.6013 N/A 0.4522 0.5821 0.6010
Large Language Models (API)
GPT-4o-mini (20-shot) 5.85 0.5717 0.6992 0.7355 7.09 0.5847 0.7089 0.7407
GPT-4o-mini (40-shot) 5.94 0.5844 0.7092 0.7454 7.93 0.5934 0.7141 0.7442
GPT-4o (20-shot) 5.03 0.5654 0.6925 0.7219 3.82 0.5670 0.6865 0.7166
GPT-4o (40-shot) 4.34 0.5693 0.6890 0.7195 4.94 0.5749 0.6924 0.7245
GPT-5.1 (20-shot) 2.93 0.5334 0.6583 0.7101 2.33 0.5301 0.6547 0.6968
GPT-5.1 (40-shot) 2.74 0.5434 0.6660 0.7146 2.33 0.5261 0.6498 0.6925
Claude Haiku 4.5 (20-shot) 2.56 0.5534 0.6727 0.7174 1.68 0.5439 0.6656 0.7017
Claude Haiku 4.5 (40-shot) 4.11 0.5669 0.6801 0.7172 3.26 0.5569 0.6730 0.7037

MSP-LLM (Qwen-2.5-7B) 26.51 0.7207 0.8100 0.8359 32.18 0.7420 0.8240 0.8493
MSP-LLM (LLaMA-3.1-8B) 26.51 0.7174 0.8075 0.8353 31.44 0.7424 0.8235 0.8498

4.2 SYNTHESIS OPERATION PREDICTION (SOP) TASK

Baseline Methods. We evaluate two categories of baselines: To emulate real experimental practices
of chemists, who search for materials similar to a target and adapt their reported synthesis procedures,
we use the retriever proposed by He et al. (2023) to identify similar materials in the training set
and take their associated synthesis operations as predictions. In addition, we evaluate the SPENDE
Na (2023) as a specialized baseline. LLM baselines: we design task-specific prompts to evaluate
proprietary LLMs on SOP, and conduct experiments with GPT-4o-mini, GPT-4o, GPT-5.1, and
Claude Haiku 4.5.

Evaluation Protocol. Since SOP is a sequence generation task, we adopt the Top-K Exact Match
metric as a strict evaluation criterion that requires both the operation set and the exact ordering of
the sequence to match the ground truth. To provide a more fine-grained assessment, we additionally
report the Normalized Edit Distance (NED), which measures the similarity between predicted and
ground-truth operation sequences, and the Longest Common Subsequence (LCS), which captures the
length of the longest ordered subsequence shared with the ground truth. Finally, to evaluate content-
level coverage independent of ordering, we use the multiset F-1 score (F-1), which measures the
overlap between the predicted and reference operation elements while accounting for duplicates. For
these sequence-level metrics, we report the maximum value among the Top-10 candidate predictions.
For SPENDE Na (2023), which produces only a single output per input, top-10 metrics are not
applicable; instead, we report alternative evaluation metrics computed on the single generated output.
We report only the Top-10 results in the main table, while the Top-1, Top-3, and Top-5 metrics are
provided in Appendix E.

Empirical Results. Table 2 summarizes the results. Overall, LLM-based baselines exhibit limited
performance in the SOP setting. We observe no consistent improvement with increasing model size;
instead, smaller models such as GPT-4o-mini achieve relatively better performance compared to
larger LLMs. This suggests that extensive general knowledge about target materials may act as noisy
information when generating structured synthesis operation sequences, in the absence of an appro-
priate conditioning or decision strategy, rather than providing a clear benefit. SPENDE Na (2023),
which is especially designed for material domain, shows low performance on more general materials,
indicating that it is not well-suited for SOP prediction in broad chemical spaces. The strongest
baseline performance is obtained when retrieval-based methods He et al. (2023) are employed, which
more closely resemble the workflow of experimental chemists. Although this approach outperforms
other models, it remains heavily dependent on the retrieved synthesis procedures of similar materials
and therefore exhibits limited predictive generalization. By contrast, the proposed method consistently
and substantially outperforms all baselines across all splits and evaluation metrics. This improvement
can be attributed to the material group decision chain, which enables the model to select synthesis
strategies tailored to specific material classes, as well as to the use of explicit conditioning that allows
precursor information to be effectively leveraged during synthesis operation prediction.

4.3 COMPLETE MATERIAL SYNTHESIS PLANNING (MSP) TASK

Baseline Methods. Since no existing methods directly address the complete MSP task, we construct
several baseline pipelines. For LLM-based baselines, we prompt a single LLM to perform the entire
MSP task in single process. Additionally, we combine the best-performing LLMs for each subtask
into a hybrid pipeline for comparison. Note that MSP-LLM employs LLMs that are independently
fine-tuned for the PP and SOP task.

Evaluation Protocol. To evaluate complete MSP, both the predicted precursor set and synthesis
operation sequence must be correct. For a rigorous assessment, we adopt the Top-K Exact Match
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Table 3: MSP Performance on two dataset splits.

Method Split 1 Split 2
Top-1 Top-3 Top-5 Top-10 Top-1 Top-3 Top-5 Top-10

Large Language Models (API)
GPT-4o-mini (20-shot) 0.0 0.09 0.09 0.19 0.19 0.28 0.28 0.47
GPT-4o-mini (40-shot) 0.0 0.0 0.09 0.09 0.27 0.27 0.37 0.64
GPT-4o (20-shot) 0.27 0.55 0.64 0.73 0.47 0.47 0.47 0.56
GPT-4o (40-shot) 0.27 0.27 0.37 0.64 0.37 0.84 0.93 1.12
GPT-5.1 (20-shot) 0.46 0.64 0.73 1.01 0.65 0.75 0.75 0.75
GPT-5.1 (40-shot) 0.55 0.64 0.64 0.73 0.37 0.37 0.47 0.47
Claude Haiku 4.5 (20-shot) 0.56 0.65 0.65 0.74 0.56 0.65 0.65 0.75
Claude Haiku 4.5 (40-shot) 0.56 0.65 0.65 0.74 0.37 0.84 0.93 1.12
GPT-5.1(PP) + GPT-4o-mini (SOP) 0.91 1.65 2.01 3.75 1.4 2.71 3.64 5.41

MSP-LLM (Qwen-2.5-7B) 5.76 10.79 13.62 18.56 6.62 13.34 16.79 22.48
MSP-LLM (LLaMA-3.1-8B) 4.75 9.69 13.35 18.19 6.72 12.12 16.60 23.23
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Figure 3: Effect of the material group decision
chain on performance (NED) across 11 material
classes.

metric, which counts a prediction as correct only when both subtasks, PP and SOP, are simultaneously
matched to the ground truth. For both our MSP-LLM and the LLM-based hybrid pipeline, SOP is
conditioned on the top-1 precursor prediction during evaluation.

Empirical Results for MSP. Table 3 summarizes the results. All LLM-based baselines struggle to
solve the complete MSP task. With the exception of the hybrid pipeline (GPT-5 + GPT-4o-mini; each
performs the best on PP and SOP, respectively), none of the methods exceeds 2% in terms of Top-10
accuracy. This indicates that predicting both precursors and synthesis operations jointly with a single
model is highly challenging, and that a two-stage pipeline can provide some benefit. Nevertheless,
even the hybrid pipeline achieves only 3.75% and 5.41% on the two splits, respectively. The complete
MSP poses a significant challenge, as it requires correctly predicting both the precursor set and the
corresponding synthesis operation sequence. Despite this difficulty, the proposed method attains
substantially higher performance, achieving Top-10 scores of 18.56% on Split 1 and 23.23% on Split
2.

4.4 ABLATION STUDIES

Table 4: Ablation study on precursor pre-
diction in MSP-LLM (LLaMA-3.1-8B)
on Dataset Split 1.

Precursor Prediction (PP)
Model Group G Top-1 Top-3 Top-5 Top-10
(A) Naive Fine-tuning 70.59 84.90 90.62 94.39
(B) + Material Group (MSP-LLM) ✓ 70.75 85.56 91.68 94.97

Table 5: Ablation studies on SOP on Dataset Split 1. EC
represents explicit conditioning with precursor types.

Synthesis Operation Prediction (SOP)
Model Group G EC Top-10 NED↑ LCS ↑ F-1 ↑
(A) Naive Fine-tuning 11.24 0.5336 0.6311 0.6572
(B) + Material Group ✓ 13.35 0.5623 0.6605 0.6864
(C) + Explicit Conditioning ✓ 25.13 0.7168 0.8064 0.8342
(D) G + EC w/o precursor types ✓ ✓ 25.50 0.7188 0.8067 0.8353
(E) MSP-LLM (Qwen-2.5-7B) ✓ ✓ 26.51 0.7207 0.8100 0.8359

To evaluate the contribution of each component in the MSP subtasks, we perform ablation studies in
Tables 4 and 5. For both PP and SOP, removing the material group decision chain leads to a noticeable
performance degradation, highlighting the importance of structured decision-making for both tasks.
For SOP, we further examine the effects of explicit conditioning and the precursor type information.
We observe that explicit conditioning and the precursor types plays a critical role in the observed
performance gains, underscoring the importance of incorporating precursor constraints in synthesis
operation prediction.

Moreover, to examine the effectiveness of the material group decision chain, we analyze how it
improves performance across the 11 material classes. As shown in Figure 3, simply introducing the
decision chain yields consistent performance gains in the majority of classes (9 out of 11). Notably,
although oxides constitute approximately 85% of the dataset, the decision chain provides chemically
plausible guidance across different material categories, rather than biasing predictions toward the
dominant class.

5 CONCLUSION

This paper proposed MSP-LLM for autonomous MSP across general material spaces. MSP-LLM de-
composes complex and unstructured MSP problems into two well-defined subproblems: precursor
prediction (PP) and synthesis operation prediction (SOP). In the state of PP, MSP-LLM predicts a
plausible precursor set for a target product material and its corresponding material group induced
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by chemical principles. In the subsequent SOP stage, MSP-LLM generates a sequence of synthesis
operations based on both the target product and the predicted precursor set. MSP-LLM achieved
94.97% top-10 accuracy in PP and an F1-score of 0.8359 in SOP, and it eventually outperformed
competitor LLMs in the complete MSP tasks. These experimental results on the real-world materials
dataset demonstrate the practical potential of MSP-LLM in autonomous MSP, a long-standing
challenge in chemical sciences.
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ETHICS STATEMENT

In this work, we present MSP-LLM, a unified framework for MSP. It introduces an LLM fine-tuning
strategy to perform the MSP subtasks, PP and SOP, and then sequentially links PP and SOP to
achieve complete MSP. Although MSP-LLM significantly outperforms the baselines, demonstrating
its superiority, guidance from domain experts remains essential for successful real-world application
and use.

REPRODUCIBILITY STATEMENT

To support reproducibility, we report all experimental details in the main paper and the ap-
pendix, and release the accompanying code at https://github.com/HeewoongNoh/
MSP-LLM-Official. The computational resources used are described in Appendix B.
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A RELATED WORKS

Material Synthesis Planning. MSP is a long-standing challenge in chemical sciences due to the
inherent complexity and uncertainty associated with chemical reactions Szymanski et al. (2023b);
Abolhasani & Kumacheva (2023). In materials science, calculation- and simulation-based approaches
on physical chemistry, often grounded in density functional theory (DFT) Engel (2011), have been
used to screen precursor candidates and to analyze thermodynamically stable synthesis pathways
toward target product materials Hickman et al. (2025). However, these conventional methods have
faced a fundamental limitation in real-world applications: the atomic structures of product and
candidate precursor materials, which are required for reliable first-principles calculations, are typically
unavailable in most chemical experiments Prein et al. (2025a); Choi et al. (2025). To overcome this
challenge, prior machine learning methods for composition-based MSP have focused on either
predicting precursor sets He et al. (2023); Noh et al. (2024) or generating sequences of synthesis
operations Na (2023). However, MSP remains unresolved because there is currently no computational
method capable of solving the complete MSP task, which requires predicting both plausible precursors
and corresponding synthesis pathways.

LLM for Materials Science. LLMs have been increasingly adopted in materials science to exploit
their broad prior knowledge of physical chemistry, thereby supporting the construction of downstream
predictive and generative models Bazgir et al. (2025); Miret & Krishnan (2025). In particular, LLMs
have notably accelerated materials discovery by facilitating efficient high-throughput screening based
on surrogate models that predict the physical and chemical properties of inorganic materials Li
et al. (2025) and polymers Zhang & Yang (2025). With the advances in the reasoning capabilities
of LLMs, they have recently emerged as a method for addressing the MSP task, which constitutes
a next remaining challenge for materials discovery. In this direction, RHS2LHS and TGT2CEQ
were proposed to infer precursor materials and chemical reactions for designing an initial stage of
the material synthesis plan Okabe et al. (2024). However, both RHS2LHS and TGT2CEQ require
additional information about ground-truth synthesis pathways when predicting precursors and do
not address the SOP tasks. LLM-QDMD is an LLM-driven MSP method for designing experiment
plans for the synthesis of quantum dot materials Choi et al. (2025). Although LLM-QDMD achieved
substantial success within the domain of quantum dot materials, its applicability to real-world
applications is inherently limited because it focuses on refining existing synthesis plans for quantum
dot materials rather than generating new synthesis plans across general materials spaces.

B IMPLEMENTATION DETAILS

Implementation details of MSP-LLM are provided in this section.

B.1 TRAINING DETAILS

All models are fine-tuned using Python 3.10.18, PyTorch 2.3.1, Accelerate 1.10.1, and Hugging Face
Hub 0.34.4 on 2 NVIDIA RTX A6000 GPUs. To accommodate resource-limited settings, we employ
QLoRA for parameter-efficient fine-tuning. The training hyperparameter configurations for each task
and LLM are reported in Table 6

Table 6: Hyperparameter configuration for PP and SOP across different LLM backbones and dataset
splits.

LLM Task Split 1 Split 2
LoRA Rank (r) LoRA Alpha lr / bs LoRA Rank (r) LoRA Alpha lr / bs

LLaMA-3.1-8B
Grattafiori et al. (2024) PP 16 32 1e-4 / 4 16 32 1e-4 / 2
LLaMA-3.1-8B
Grattafiori et al. (2024) SOP 16 32 1e-4 / 2 16 32 1e-4 / 2
Qwen-2.5-7B
Qwen et al. (2025) PP 16 32 1e-4 / 4 16 32 1e-4 / 4
Qwen-2.5-7B
Qwen et al. (2025) SOP 16 32 1e-4 / 2 16 32 1e-4 / 4
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C DATASET

C.1 PREPROCESSING

We preprocess the real-world experimental inorganic synthesis dataset Kononova et al. (2019).

Precursor Prediction (PP). We filtered out samples that do not contain synthesis operation–related
information and removed data associated with compositional systems. We further excluded cases in
which the corresponding precursor set contained only a single precursor. In addition, we applied a
frequency-based filtering over the full dataset, retaining only precursors that appear at least five times.
As a result, 288 unique precursors remained in the final dataset.

Synthesis Operation Prediction (SOP). In addition to the five basic synthesis operations provided in
the original dataset—heating, mixing, shaping, quenching, and drying—we refine the heating category
to better reflect real-world experimental practice. Specifically, we introduce two subcategories,
sintering and annealing, and classify the remaining cases as generic heating. To distinguish these
categories, we leverage synthesis-related subkeywords in the dataset: samples containing subkeywords
related to “sinter” are labeled as sintering, while those containing subkeywords related to “anneal”
are labeled as annealing.

To capture the synthesis intent and strategy of experimentalists, as well as coarse-grained material
information (e.g., thin films), we use the titles of the source literature as contextual cues (synthesis
context). We extract the following categories from the titles using GPT-4o: ’host material’, ’dopant
or substitution’, ’material class’, ’functional property’, ’composition control’, and ’processing or
stimulus’. When relevant information is not present, the corresponding field is set to None. Since
’processing or stimulus’ contains information directly related to synthesis operations, we exclude this
field from the model inputs to ensure a precise evaluation. Instead, only the extracted information
from ’host material’, ’dopant or substitution’, ’material class’, ’functional property’, and ’composition
control’, is used by all baselines as well as MSP-LLM.

C.2 DATASET SPLIT

Fundamentally, a single material can be synthesized using multiple precursors and multiple operations.
In other words, a single chemical formula can correspond to multiple synthesis routes, which implies
a one-to-many relationship. Through data preprocessing, we removed duplicates and kept only unique
combinations of chemical formula–precursor–operation.

In Split 1, the dataset was randomly divided into train/validation/test sets with an 8:1:1 ratio, without
restricting chemical formulas. As a result, the same chemical formula may appear in the train,
validation, and test sets. However, because the precursors and operations that must be predicted in
the PP and SOP tasks differ from those seen during training, the model still needs to infer different
precursors and operations even for a chemical formula it has already encountered.

In Split 2, the dataset was also divided with an 8:1:1 ratio, but chemical formulas were enforced to be
non-overlapping across the train, validation, and test sets. This setup allows evaluation of the model’s
ability to perform PP and SOP on chemical formulas that were completely unseen during training,
thereby measuring its generalization capability with respect to chemical formulas.

D BASELINES

LLM Baselines. We compare LLM baselines including GPT-4o-mini1 , GPT-4o2 , GPT-5.13 , and
Claude Haiku 4.54 . All models are accessed via their respective APIs. The GPT models are configured
with a temperature of 0.8, while Claude Haiku is set to 0.3.

Specialized Models for Precursor Prediction (PP). We compared our approach with a retriever-
based method He et al. (2023) that learns the relationship between target materials and precursors
through masked precursor completion, as well as a more recent work, Retrieval Retro(Noh et al., 2024),
which employs an advanced attention mechanism and incorporates thermodynamic relationships
between targets and precursors to identify more feasible precursor candidates. For both methods, we

1https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/
2https://openai.com/index/hello-gpt-4o/
3https://openai.com/index/gpt-5-1/
4https://www.anthropic.com/claude/haiku
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used their official implementations available on GitHub. In addition, when solving PP with the LLM
baselines, we directly used the prompt from Prein et al. (2025b).

Specialized Models for Precursor Prediction (SOP). Using the retriever from He et al. (2023) that
was employed for PP, we leveraged the synthesis routes of materials similar to the target material
as the predicted outputs, serving as a baseline that reflects the practices of real synthesis experts. In
addition, we adopted SPENDE(Na, 2023) which is specifically designed for thermoelectric material
synthesis prediction, using the official implementation provided on GitHub. The prompt used by the
LLM baselines for the SOP task is provided in the Appendix 10.

E SUPPLEMENTARY RESULTS

In this section, we provide additional metrics—Top-1, Top-3, and Top-5—supplementing the existing
SOP task evaluation.

Table 7: Supplementary Results: Synthesis operation prediction (SOP) performance on two dataset
splits.

Method Split 1 Split 2
Top-1 Top-3 Top-5 Top-10 Top-1 Top-3 Top-5 Top-10

Specialized Models
Retrieval based 1.46 3.75 5.94 10.42 1.12 3.54 5.50 11.19
SPENDE Na (2023) 3.66 N/A N/A N/A 5.71 N/A N/A N/A
Large Language Models (API)
GPT-4o-mini (20-shot) 1.73 3.11 4.2 5.85 1.68 3.26 4.01 7.09
GPT-4o-mini (40-shot) 1.83 2.74 3.56 5.94 2.15 4.2 5.69 7.93
GPT-4o (20-shot) 0.09 1.09 2.56 5.03 0.47 1.03 1.77 3.82
GPT-4o (40-shot) 0.18 1.01 1.92 4.34 0.28 1.03 2.05 4.94
GPT-5.1 (20-shot) 0.73 1.55 1.65 2.93 0.75 1.31 1.4 2.33
GPT-5.1 (40-shot) 0.91 1.74 1.74 2.74 075 1.03 1.77 2.33
Claude Haiku 4.5 (20-shot) 0.18 0.73 1.56 2.56 0.47 0.84 1.21 1.68
Claude Haiku 4.5 (40-shot) 0.91 2.38 3.29 4.11 0.47 1.49 2.52 3.26

MSP-LLM (Qwen-2.5-7B) 7.86 15.36 19.65 26.51 8.77 18.47 22.57 32.18
MSP-LLM (LlaMA-3.1-8B) 6.40 13.71 19.20 26.51 8.12 17.35 22.58 31.44

F LIMITATIONS

MSP-LLMsuccessfully solves both PP and SOP and connects them to address the complete MSP task.
However, in the current setup, only the Top-1 PP prediction is used as input, which means that errors
in PP can propagate to the SOP stage. A strategy is needed to enable the use of multiple precursor
candidates predicted by PP and to incorporate them into the SOP stage so that the model can select
better precursor conditions and improve overall performance.

G PROMPT TEMPLATES

In this section, we present the prompt templates used to fine-tune LLMs for PP 3.2 and SOP 3.3.
Additionally, we provide the prompts used for the LLM baseline for the SOP task.
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Table 8: Prompt for Fine-tuning LLMs for Precursor Prediction (PP).

System Prompt: You are an expert solid-state chemist planning a material synthesis.

Prompt: Task:
Given the target compound {target_formula}, first classify its material group, and you must
select the precursor needed to synthesize the target.

Typically, two or more precursors are required.

The possible material groups are:
[’oxide’, ’alloy’, ’phosphate’, ’pyrophosphate’, ’halide’,
’oxyhalide’, ’carbide’, ’nitride’, ’selenide’, ’sulfide’,
’other’].

Output format:
[ [’material group’], [’precursor1’, ’precursor2’, ...,
’precursorN’] ]

Return only the Python list of single-quoted strings with no extra text or explanation.

Table 9: Prompt for Fine-tuning LLMs for Synthesis Operation Prediction (SOP).

System Prompt: You are an expert solid-state chemist planning a material synthesis.

Prompt:
[PRECURSOR_TYPES]
types_present: {precursor types}
[/PRECURSOR_TYPES]
Task:
Given the target compound {target_formula}, first classify its material group, then based on
the selected precursors {precursors}, propose one plausible synthesis operation sequence
using only the following operations:
[’heating’, ’sintering’, ’annealing’, ’mixing’, ’shaping’,
’quenching’, ’drying’].

Synthesis context: {keyword}

Typically, two or more precursors are required.

The possible material groups are:
[’oxide’, ’alloy’, ’phosphate’, ’pyrophosphate’, ’halide’,
’oxyhalide’, ’carbide’, ’nitride’, ’selenide’, ’sulfide’,
’other’].

Output format:
[ [’material group’], [’precursor_type1’, ...,
’precursor_typeK’], [’precursor1’, ..., ’precursorN’],
[’op1’, ..., ’opM’] ]

Return only the Python list of single-quoted strings with no extra text or explanation.
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Table 10: Prompt for LLM Baselines in Synthesis Operation Prediction (SOP).

System Prompt: You are an expert solid-state chemist specializing in synthesis operations.

Prompt: Given:
- Target material: {target_formula}
- Precursors for the target material: {precursors}

Task:
Propose a plausible synthesis operation sequence for preparing the target from the given
precursors.

Instructions:
1) Choose operations only from the following allowed set: {"heating",
"sintering", "annealing", "mixing", "shaping", "quenching",
"drying"}.
2) "Heating" refers to general heating processes (e.g., calcination, firing) and explicitly
excludes Sintering and Annealing.
3) Output only the operation names — do not include temperatures, times, atmospheres,
parameters, or explanations.
4) Format the answer as a Python list of lists of strings exactly.
- Each inner list is a single synthesis operation sequence, e.g., ["mixing", "heating",
"sintering"].
- Return exactly {num_combinations} sequences.
5) Each sequence must contain one or more operations; repetitions are allowed when
chemically reasonable.
6) Do not invent new operation names, abbreviations, or comments. Do not output anything
other than the list of lists.
# Reference for operation semantics (do NOT include this section in the output):
# - Heating: any general heating process (e.g., calcination, firing) except sintering and
annealing.
# - Sintering: high-temperature treatment to densify materials.
# - Annealing: controlled heating/cooling for structural ordering or stress relief.

Synthesis context: {keyword}

Examples of synthesis operation sequences from target and its precursors:
{examples}

Output format (example shape only; return exactly {num_combinations} sequences):
[
["mixing", "heating", "sintering"],
["mixing", "drying", "heating", "annealing"],
...
]

Return only the data as a plain text Python list. Do not use Markdown code fences or language
tags, and do not print escaped characters like \n. Start with [ and end with ]. Use single quotes
for strings. No extra text.
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