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Abstract

Solving computer-aided synthesis planning is essen-
tial for enabling fully automated, robot-assisted syn-
thesis workflows and improving the efficiency of drug
discovery. A key challenge, however, is bridging the
gap between computational route design and prac-
tical laboratory execution, particularly the accurate
prediction of viable experimental procedures for each
synthesis step. In this work, we present QFANG1, a
scientific reasoning language model capable of gener-
ating precise, structured experimental procedures di-
rectly from reaction equations, with explicit chain-of-
thought reasoning. To develop QFANG, we curated a
high-quality dataset comprising 905,990 chemical re-
actions paired with structured action sequences, ex-
tracted and processed from patent literature using
large language models. We introduce a Chemistry-
Guided Reasoning (CGR) framework that produces
chain-of-thought data grounded in chemical knowl-
edge at scale. The model subsequently undergoes su-
pervised fine-tuning to elicit complex chemistry rea-
soning. Finally, we apply Reinforcement Learning
from Verifiable Rewards (RLVR) to further enhance
procedural accuracy. Experimental results demon-
strate that QFANG outperforms advanced general-
purpose reasoning models and nearest-neighbor re-
trieval baselines, measured by traditional NLP sim-
ilarity metrics and a chemically-aware evaluator us-
ing an LLM-as-a-judge. Moreover, QFANG gener-
alizes to certain out-of-domain reaction classes and
adapts to variations in laboratory conditions and
user-specific constraints. We believe that QFANG’s
ability to generate high-quality synthesis procedures
represents an important step toward bridging the gap
between computational synthesis planning and fully
automated laboratory synthesis.

1QFANG is a moniker derived from the Chinese phrase
Qianfang (meaning “thousands of recipes”). One suggested pro-
nunciation is Chien-fahng.

Introduction

Organic synthesis is the foundational engine of molec-
ular innovation, enabling the creation of a wide
range of life-saving pharmaceuticals and other ad-
vanced functional molecules1,2. While modern al-
gorithms can design millions of novel molecules in
silico, the practical synthesis of these molecules re-
mains a major bottleneck2–4. This process is typi-
cally resource-intensive and depends heavily on the
tacit knowledge and expert intuition accumulated by
chemists over years of practice5.

To accelerate this process, the field of Computer-
Aided Synthesis Planning (CASP) has made signifi-
cant strides in automating reaction design6–11. Ad-
vanced algorithms can now predict single-step re-
actions12–22, plan complex multi-step retrosynthetic
routes23–30, and even suggest suitable reaction condi-
tions31–35. Yet, a critical gap remains between these
high-level plans and their practical execution in the
laboratory36–38. Converting strategic plans into pre-
cise, step-by-step experimental procedures still re-
quires substantial human effort to specify essential
operational details, such as the reagent addition se-
quence, reaction durations, temperature gradients,
work-up, and purification methods. This challenge
is further amplified in the context of robotic systems
intended to automate and scale chemical reaction ex-
ecution39,40. Early work to address this gap framed
procedure generation as a sequence-to-sequence task,
training Transformer- and BART-based models41,42

from scratch to translate chemical equations into or-
dered action steps38,43,44. While pioneering, these
methods were constrained by the representational ca-
pacity of early models, often struggling to produce
lengthy, coherent procedures or to capture the under-
lying chemical principles of reactions.

The recent advent of Large Language Models
(LLMs) provides a promising avenue for this do-
main45–62. Trained on extensive corpora compris-
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• What’s the experimental procedure 

for this reaction?

• Which solvent should I use?

•  ow to achieve chemoselectivity?

•  ow to properly isolate the product 

from the reaction mixture?

• ……

QFANG Training

Reasoning Trace <think></think> Predicted Procedure

……The reaction involves the oxidation of a benzylic 

alcohol to a ketone, specifically targeting the hydroxyl 

group adjacent to the phenyl ring while preserving other 

functional groups such as esters, ethers, and aliphatic 

hydroxyls. This selectivity is critical, as indiscriminate 

oxidation could disrupt the ester or hydroxyl moieties 

elsewhere in the molecule. Manganese dioxide is 

chosen as the reagent because it is a well-established 

mild oxidant for benzylic alcohols, avoiding over-

oxidation to carboxylic acids or breaking of carbon-

carbon double bonds……

Make a solution by dissolving 
[H][C@]1([C@H](C2=CC=CC=C2)O)O[C@@]3(CC(O[C@@]3([C@H]1O)[H
])=O)[H] (9.06 mmol) in methylene chloride (50 mL) to get 
Mixture 1.
Add manganese dioxide (3.95 g, 45.3 mmol) to Mixture 1 to 
get Mixture 2.
Wait for 24.00 hours. Stirring.
Filter Mixture 2 using celite to get the filtrate Mixture 
3 and the residue Mixture 4.
Chromatograph Mixture 3 to get Mixture 5.
Obtain
[H][C@]4(C(C5=CC=CC=C5)=O)O[C@@]6(CC(O[C@@]6([C@H]4O)[H])=
O)[H] from Mixture 5.

Reaction Input

Scientific Challenge

[ ][C@]1([C@ ](C2=CC=CC=C2) ) [C@@]3(CC( [C

@@]3([C@ ]1 )[ ])= )[ ]>>[ ][C@]4(C(C5=CC=CC=

C5)= ) [C@@]6(CC( [C@@]6([C@ ]4 )[ ])= )[ ]

Reinforcement Learning from Verifiable Reward
Leverage verifiable rewards to Improve procedure accuracy

Base Model
Qwen3-series (8B/32B)

Procedure Dataset
Over 900k reaction-procedure 

pairs extracted by LLMs

Chemistry-Guided Reasoning & SFT
Generate chain-of-thoughts at scale that emulate chemists’ 

reasoning processes and perform supervised fine-tuning

Figure 1: Overview of the inputs, training methodology, and outputs of QFANG. The training process comprises
three stages: (i) A large-scale experimental procedure dataset with over 900k reaction-procedure pairs is is assembled,
(ii) A chemistry-guided reasoning (CGR) framework is applied to generate chemically grounded chain-of-thoughts at
scale, followed by supervised fine-tuning, and (iii) A reinforcement learning stage that leverages verifiable rewards to
further improve model predictions. During inference, QFANG takes a reaction equation as input, generates a high-level
reasoning trace capturing key decisions, and outputs a detailed, machine-readable experimental procedure.

ing chemical literature, reaction databases, and ex-
perimental protocols, LLMs internalize the statistical
patterns that underlie established principles, prece-
dent reactions, and methodological variations accu-
mulated over decades of research. Combined with
their ability to interpret complex contexts and per-
form multi-step reasoning63–65, LLMs are well-suited
for tasks like procedure generation. Unlike conven-
tional reaction condition prediction, which focuses
on the core reaction stage, full procedure generation
needs to specify the work-up and purification oper-
ations. These operations require context-dependent
chemical reasoning that current condition prediction
models cannot provide66,67.

Initial efforts to harness LLMs have used few-
shot, in-context learning with general-purpose mod-
els, guided by curated, action-level datasets68. How-
ever, in-context learning depends on analogical in-
ference from limited examples, and thus struggles
to develop a mechanistic understanding of chemistry.

To build robust and capable systems, models should
move beyond analogical imitation and undergo ex-
plicit training in chemical reasoning, enabling gener-
alization beyond seen examples57,59,61.

To address this gap, we developed QFANG, a sci-
entific reasoning model post-trained on a large cor-
pus of reaction–procedure pairs collected through an
LLM-based automated annotation pipeline. To elicit
complex chemical reasoning, we propose Chemistry-
Guided Reasoning (CGR), a two-stage framework
that first programmatically constructs a factual skele-
ton capturing the core logic of each chemical transfor-
mation, and subsequently expands it into an expert-
style chain-of-thought using an LLM. The model is
supervised fine-tuned on the resulting CGR dataset to
acquire chemical reasoning patterns. To further im-
prove model accuracy, we incorporate Reinforcement
Learning from Verifiable Rewards (RLVR), which ap-
plies rule-based, step-wise reward functions to en-
force chemical robustness. A high-level overview of
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QFANG is shown in Figure 1. We instantiate the first
version of QFANG on a dataset comprising 905,990
reaction-procedure pairs, while noting its straightfor-
ward scalability to larger datasets in the future.

To evaluate QFANG’s capabilities, we bench-
marked it against advanced general-purpose reason-
ing models and nearest-neighbor retrieval baselines,
including GPT-5 (High)2, using established text-
similarity metrics consistent with prior work. Recog-
nizing the limitations of traditional metrics, we fur-
ther developed a chemically-aware evaluation frame-
work that leverages GPT-5 as an expert judge. On
conventional metrics, QFANG achieves a BLEU-4
score of 61.3, surpassing the 54.4 score of a strong
retrieval-augmented 3-shot GPT-5 baseline. Under
expert-judge evaluation, this margin increases fur-
ther. Additional analyses show that QFANG gener-
alizes well to out-of-domain reactions, adapts proce-
dural plans to chemist-specified constraints, and even
corrects flawed procedures originating from its train-
ing data. These results demonstrate that QFANG ex-
hibits a deeper chemical understanding that extends
beyond simple pattern matching.

Large-Scale Procedure Dataset Con-
struction via LLM Annotation

To develop a reasoning model capable of generating
viable experimental procedures, it is essential to first
define a fine-grained and comprehensive action sys-
tem3, and collect large-scale, high-quality, structured
procedure datasets.

Action System Design

For an experimental procedure to be precise, struc-
tured, and machine-readable, it should be grounded
in a well-defined action system that comprehensively
covers all operations involved in chemical experimen-
tation, with detailed specifications for each opera-
tion36,37,69–76. Rather than directly adopting the ear-
lier action system proposed by Vaucher et al.37 in
2020, which has been employed in several subsequent
works such as ActionIE70 and OpenExp71, we employ
an enhanced action system that is both more expres-
sive and more comprehensive.

Our system defines 24 distinct actions, ex-
tending the set with operations such as Change
pressure, Change atmosphere, Sample, Irradiate,
Chromatograph, and Distill. Each operation is sup-
ported by more detailed arguments and outputs, en-
abling finer granularity and richer semantics. In ad-

2https://openai.com/index/introducing-gpt-5
3A standard set of laboratory operations, e.g., Make solu-

tion, Add, Change temperature, Quench.

O3-high Scoring OpenExp Ours

Substance Accuracy ↑ 7.80 9.46
Action Coverage ↑ 5.72 8.62
Order Correctness ↑ 6.35 8.92

Overall Score 6.14 8.76

Table 1: Quality comparison between experimental
synthesis procedures expressed using our action sys-
tem and those of OpenExp.

dition, the system supports parallel operations across
multiple mixtures, whereas OpenExp focuses on pro-
cedures for a single target mixture. Detailed defini-
tions of all 24 actions are provided in the Appendix.
To assess the validity of our action system, we com-
pared procedures for identical reactions represented
using our system and OpenExp’s, evaluated with the
OpenAI O3-high scoring metric (defined in the Ap-
pendix). As shown in Table 1, our action system
achieves superior performance in substance accuracy,
action coverage, and procedural order.

Annotation of Structured Experimental
Procedures from Text Paragraphs

Constructing a high-quality, large-scale dataset of re-
action–procedure pairs is essential for training rea-
soning models. Yet such data are typically expen-
sive and labor-intensive to obtain77,78. Most existing
chemical databases provide noisy, unstructured ex-
perimental descriptions mined from patents, rather
than clean, step-by-step procedures. To overcome
this limitation and build a high-quality, large-scale
dataset, we leverage general-purpose LLMs. While
these models may lack deep chemical expertise, they
are highly effective at extracting structured informa-
tion and producing outputs in customized formats.
Specifically, we employ GPT-4o79 to transform free-
text experimental descriptions from Pistachio80, one
of the largest chemical reaction databases, into struc-
tured, step-by-step procedures following our defined
action schema. The overall annotation pipeline con-
sists of three main steps as illustrated in Figure 2.

(i) Coreference resolution. In a single textual
description of an experiment, the same substance may
be referred to by different names or pronouns. To
facilitate the subsequent translation into structured
actions, we first instruct GPT-4o to perform corefer-
ence resolution on each paragraph. Specifically, we
provide GPT-4o with the existing component anno-
tations from the Pistachio database and ask it to re-
place all chemical entity mentions with their corre-
sponding code names. In addition, GPT-4o is allowed
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1. 8-(Methylsulfinyl)-4,5-dihydrothieno[3,4-g][1,2]ben

zothiazole-6-carboxamide; title compound

2. 8-(methylsulfanyl)-4,5-dihydrothieno[3,4-g][1,2]ben

zothiazole-6-carboxamide

3. mCPBA

……

8. ethyl acetate

……

def irradiate(target: Union[Chemical, Mixture], time_period: Optional[TimePeriod] = None, 
apparatus: Optional[str] = None, wavelength: Optional[str] = None, intensity: Optional[str] 
= None) -> None:

"""
Irradiate the target chemical or mixture.

Args:
target (Union[Chemical, Mixture]): The target chemical or mixture to irradiate.
time_period (TimePeriod): The time period of the irradiation if applicable.
apparatus (str): The apparatus used to irradiate the target if applicable.
wavelength (str): The wavelength of the irradiation if applicable.
intensity (str): The intensity of the irradiation if applicable.

"""
Pass

Free-text experimental descriptions

To a mixture of 8-(methylsulfanyl)-4,5-dihydrothieno[3,4

-g][1,2]benzothiazole-6-carboxamide (90 mg) and DMF

(5 mL), 70% mCPBA (52 mg) was added under ice

cooling, and then the resulting mixture was stirred at room

temperature for 20 hours. Saturated aqueous sodium

bicarbonate solution was added to the reaction mixture,

and then the resulting mixture was extracted with ethyl

acetate. ……

Pistachio component annotation

1. 8-(Methylsulfinyl)-4,5-dihydrothieno[3,4-g][1,2]ben

zothiazole-6-carboxamide; title compound

2. 8-(methylsulfanyl)-4,5-dihydrothieno[3,4-g][1,2]ben

zothiazole-6-carboxamide

3. mCPBA

…… (7 components in total)

(i) Coreference resolution

Annotated experimental descriptions

To a mixture of $2$ (90 mg) and $5$ (5 mL), 70% $3$ (52

mg) was added under $11$ cooling, and then the resulting

mixture was stirred at room temperature for 20 hours.

Saturated aqueous $4$ solution was added to the reaction

mixture, and then the resulting mixture was extracted with

$8$. ……

Augmented component annotation

Predefined Actions Implemented as Python functions

(ii)
C
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Action sequence

Make a solution by dissolving CSc1sc(C(N)=O)c2c1-
c1sncc1CC2 (90 mg) in DMF (5 mL) to get Mixture 1.

Change the temperature of Mixture 1 to 0° C.
Add O=C(OO)c1cccc(Cl)c1 (52 mg) to Mixture 1 to get
Mixture 2.

Change the temperature of Mixture 2 to room temperature.
Wait for 20.00 h. Stirring.
Quench Mixture 2 with saturated aqueous sodium bicarbonate
solution to get Mixture 3.

Extract Mixture 3 with ethyl acetate to get Mixture 4.
……

Both paragraphs describe ……

1. Substances Used: ……

2. Procedure Steps: ……

3. Terminology and Formatting: ……

4. Time and Conditions: ……

5. Key Information Present: ……

Based on the above analysis, ……

Judgement: Action sequence

Make a solution by dissolving CSc1sc(C(N)
=O)c2c1-c1sncc1CC2 (90 mg) in DMF (5 mL) to

get Mixture 1.
Change the temperature of Mixture 1 to 0° C.
……

Reasoning trace of comparing action sequences

Consistency: Yes

Confidence: 5

Comparison result

(i
ii
)

V
e
ri

fi
c
a
ti

o
n

 &
 

F
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te

ri
n

g

def make_solution(solute: Union[Chemical, Mixture, List[Union[Chemical, 
Mixture]]], solvent: Union[Chemical, Mixture, List[Union[Chemical, Mixture]]], 
container: Optional[str] = None) -> Mixture:

"""
Make a solution by dissolving the solute in the solvent.
Args:

solute (Union[Chemical, Mixture, List[Union[Chemical, Mixture]]]): The 
solute(s) to dissolve in the solvent.

solvent (Union[Chemical, Mixture, List[Union[Chemical, Mixture]]]): The 
solvent(s) to dissolve the solute(s) in.

container (str): The container to hold the solution if applicable.

Returns:
Mixture: The mixture after the solute is dissolved in the solvent.

"""
Pass

def change_temperature(target: Union[Chemical, Mixture], temperature: str, speed: 
Optional[str] = None, apparatus: Optional[str] = None, agent: Optional[Union[Chemical,
Mixture, str]] = None) -> None:

"""
Change the temperature of the target chemical or mixture.

Args:
target (Union[Chemical, Mixture]): The target chemical or mixture.
temperature (str): The new temperature.
speed (str): The speed of the temperature change, e.g., slowly, quickly, if 

applicable.
apparatus (str): The apparatus used to change the temperature if applicable.
agent (Union[Chemical, Mixture, str]): The agent, or other methods used to 

change the temperature if applicable.
"""
Pass

Figure 2: Overview of the procedure annotation pipeline, which consists of three main steps: (i) Coreference reso-
lution: GPT-4o annotates free-text experimental descriptions by replacing chemical entity mentions with their code
names, assisted by component annotations from Pistachio. (ii) Code generation: GPT-4o translates the annotated
experimental descriptions into structured, step-by-step procedures in Python. (iii) GPT-4o compares the generated
procedures with the corresponding descriptions to validate annotation accuracy.

to augment the component list with newly identi-
fied molecules or materials when necessary. To en-
sure the accuracy of the coreference resolution pro-
cess, we reconstruct the paragraphs and compute the
edit distance between the original and reconstructed
versions. Entries with edit distances exceeding a pre-
defined threshold are discarded (Figure 2(i)).

(ii) Code generation and execution. In this
step, we implement each action in our action sys-
tem as a python function, accompanied by supporting
classes such as Chemical, Mixture, and TimePeriod.
GPT-4o is then instructed to translate each textual
description into the corresponding Python code that
invokes these actions. Using code as an intermedi-
ate representation provides two key advantages: 1)
it allows us to make use of advanced code genera-
tion abilities of LLMs, and 2) it enforces structural
and type constraints, thereby ensuring that the re-
sulting actions adhere to our pre-defined action spec-

ifications. After LLM-based annotation, the gener-
ated python code is executed and converted into the
final action sequences, while samples with syntax er-
rors or type-check failures are removed (Figure 2(ii)).

(iii) Verification and filtering. In this step, we
instruct GPT-4o to verify that the generated action
sequences accurately express the same experimental
procedure as their corresponding source paragraphs.
GPT-4o is instructed to produce a reasoning trace be-
fore providing a judgment score for consistency (Yes,
No, or Uncertain). It then assigns a confidence score
for the given judgment ranging from 0 to 5 (where
5 indicates the highest confidence, and 0 indicates
the lowest). We retain all entries that pass the con-
sistency verification with a confidence score above 3
and discard the rest (Figure 2(iii)).

Detailed prompts used for all three steps are pro-
vided in the Appendix. Through the above ac-
tion system design and automatic structured exper-
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imental procedure annotation pipeline, we obtain a
high-quality reaction-procedure dataset from raw Pis-
tachio, consisting of 905,990 chemical reactions paired
with their corresponding structured action sequences.
This dataset forms the foundation for the subsequent
chemistry-guided chain-of-thought data generation,
supervised fine-tuning, and reinforcement learning
with verifiable rewards.

Chemistry-Guided Reasoning and
Supervised Fine-Tuning

While general-purpose LLMs have showed advanced
reasoning in complex tasks such as mathematics and
coding, their performance in specialized scientific do-
mains, such as organic chemistry, remains a signifi-
cant challenge55,58,62. When tasked with generating
a precise, in-depth chain-of-thought (CoT) to derive
suitable synthesis procedures, LLMs often generate
reasoning that is verbose, factually inaccurate (hal-
lucinated), or driven by superficial textual patterns
rather than fundamental chemical principles58,81,82.
In the Appendix, we provide raw reasoning traces
from general-purpose LLMs (Qwen3-Max83 and Phi-
4-reasoning84)4 prompted with the example reaction
shown in Figure 1, illustrating the model’s difficulty
in parsing the chemical structure.

Training a model to reason like a chemist requires
data with two key criteria. First, the CoT reasoning
must be grounded in chemical facts, accurately iden-
tifying strategic challenges such as chemoselectivity.
Second, to support large-scale model training, such
high-quality reasoning must be generated at scale,
covering hundreds of thousands of chemical reactions
like those present in the Pistachio dataset. Manual
curation by domain experts is both time-consuming
and prone to stylistic inconsistency, making it imprac-
tical for large datasets.

To address this, we developed Chemistry-
Guided Reasoning (CGR), a hybrid two-stage
framework for generating large-scale, high-quality
CoT datasets. In the first stage, a deterministic,
cheminformatics-based programmatic analysis is ap-
plied to chemical reactions to systematically identify
key bond changes, functional group conversions, and
strategic considerations. This ensures that the un-
derlying chemical logic is both factually accurate and
structurally consistent across the entire dataset. In
the second stage, these curated chemical facts serve
as structured guidance for an LLM to generate co-
herent, expert-style reasoning narratives. By com-
bining the precision of programmatic analysis with
the expressive power of LLMs, CGR enables scalable

4We chose these open-weight models because they allow ac-
cess to their raw reasoning process.

construction of chemically rigorous and stylistically
consistent CoT datasets for training QFANG.

Programmatic Generation of Factual Skele-
tons. The first stage of CGR programmatically gen-
erates a structured, cheminformatics-based reasoning
trace for each reaction–procedure pair. It starts with
a detailed analysis of the chemical transformation.
Using an atom-mapping algorithm (e.g., LocalMap-
per85), we compare the atomic connectivity and bond
types in the reactants and products to identify which
atoms and bonds are directly involved in the reac-
tion. This structural analysis gives a clear picture of
the transformation at the molecular level.

Building on this, our algorithm iterates through
a predefined library of 243 functional groups, cat-
aloging their presence in both reactants and prod-
ucts. It categorizes each group as being transformed,
newly formed, or unchanged. This automated an-
notation allows the system to programmatically flag
key strategic challenges that a chemist would need to
address. For instance, in a selective oxidation of a
benzylic alcohol in the presence of an aliphatic one,
the system generated a key insight: "The functional
group ‘alcohol’ is converted to the functional group
‘aldehyde’, while the other functional group ‘alcohol’
remains unchanged. It should be noted that the ‘alco-
hol’ functional groups are selectively transformed in
this reaction. The procedure should take care of the
selectivity issue."

Concurrently, the associated experimental proce-
dure is deconstructed. The algorithm programmati-
cally separates the reaction phase from the workup
phase by identifying keywords such as Quench,
Extract, or Filter. Within each phase, it identi-
fies all chemical entities and assigns their roles such
as reactant, catalyst, reagent, or solvent following the
raw annotations77. The script also captures criti-
cal procedural details, including the order of addi-
tion of these components and environmental condi-
tions like the use of a protective nitrogen atmosphere.
High-level context, such as the formal reaction name
(e.g., "Horner-Wadsworth-Emmons reaction"), is also
appended when identifiable. This stage produces a
structured collection of verified chemical facts.

LLM-based Enhancement for Expert-like Nar-
ratives. In the second stage, the factual skele-
ton generated in the first stage serves as ground-
ing context for an LLM (e.g., Qwen3-235B-Thinking-
250786). The input prompt provides the chemical
reaction query, the ground-truth experimental pro-
cedure, and the programmatically generated factual
skeleton. The model is explicitly instructed to syn-
thesize these discrete facts into a coherent, explana-
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tory narrative, adopting the perspective of an expert
chemist designing the experiment. The prompt di-
rects the model to emphasize the causal links between
the identified challenges and the procedural decisions
made.

Revisiting the selective oxidation example, where
the proper oxidant here is manganese dioxide(MnO2),
the LLM enhances the rule-based skeleton to produce
a final, expert-like reasoning process: "The reaction
involves the oxidation of a benzylic alcohol to a ke-
tone, specifically targeting the hydroxyl group adjacent
to the phenyl ring while preserving other functional
groups such as esters, ethers, and aliphatic hydroxyls.
This selectivity is critical, as indiscriminate oxida-
tion could disrupt the ester or hydroxyl moieties else-
where in the molecule. Manganese dioxide is chosen
as the reagent because it is a well-established mild ox-
idant for benzylic alcohols, avoiding over-oxidation to
carboxylic acids or breaking of carbon-carbon double
bonds."

This two-stage methodology ensures that the final
CoT is not only factually accurate but also mirrors
the causal, step-by-step logic of an expert chemist.

Supervised Fine-Tuning. Following the CGR
procedure, all the 905,990 reactions with structured
action sequences were paired with their corresponding
chemical reasoning traces. Using this dataset, we per-
formed a time-based split, reserving the most recent
10% of the entries as a held-out test set. Specifically,
the training set contains reactions published in source
patents from 1971 to July 2023, while the held-out
test set covers those published from July 2023 to June
2024. This time-based split was chosen over a random
split because it more accurately reflects real-world de-
ployment, where a model trained on historical data is
expected to predict future, previously unseen chemi-
cal procedures.

The remaining 90% of the entries constituted the
initial training corpus. A substantial portion of this
first version dataset is derived from patents which, de-
spite their scale, are often noisy, exhibiting issues such
as stoichiometric inconsistencies, incomplete workup
descriptions, and procedures optimized for intellec-
tual property protection rather than experimental
reproducibility. To curate a high-fidelity training
dataset, we implemented an LLM-based filtering pro-
tocol. Specifically, we employed the Qwen3-235B-
Thinking-2507 model as an expert chemical evaluator
to score each annotated procedure (on a scale of 0–10)
across four critical axes: (i) Reactant Completeness,
(ii) Workup and Purification Completeness, (iii) Con-
dition Completeness, and (iv) Reaction Safety. Only
procedures achieving an average score of 5.0 or higher
were prioritized, with the additional strict constraint

that no single axis score could fall below 3.0. The
detailed prompt used for scoring is provided in the
Appendix.

With this curated dataset, we initiated model
training via Supervised Fine-Tuning (SFT). We se-
lected the Qwen-3 family86 as base models, fine-
tuning both the 8-billion and 32-billion parameter
versions to examine the effect of model scale on per-
formance. During the SFT stage, the models were
trained to produce coherent reasoning chains followed
by structured experimental procedures. These result-
ing SFT models, denoted as QFANG-8B (SFT) and
QFANG-32B (SFT), not only demonstrated strong
initial performance but also served as the starting pol-
icy for the subsequent reinforcement learning stage.

Reinforcement Learning with Verifi-
able Rewards

After SFT, we leverage Reinforcement Learning from
Verifiable Rewards (RLVR) to further enhance the
prediction accuracy of QFANG. However, predicting
experimental procedures poses unique challenges for
reward design. In particular, exact matches between
predicted and ground-truth procedures are difficult to
achieve, and conventional text-similarity metrics like
BLEU fail to capture chemical plausibility. As a re-
sult, commonly used outcome-based reward functions
in RLVR are not very suitable for this task.

To address this, we design a verifiable, step-wise
reward function to guide the RL training. For sim-
plicity of verification, we assume that the predicted
action sequence must strictly follow the ground-truth
sequence. Thus, synonymous but equivalent actions
are treated as incorrect. This assumption enables
step-by-step evaluation and the assignment of dense
rewards. Specifically, the accuracy reward for each
action at step t consists of three parts.

Format reward Rtformat. It checks whether the pre-
dicted action follows the correct format of any
defined operation. If the action fails the format
check, a negative reward of –1 is assigned, and
no further rewards are computed for that step.
If the format is correct, the reward for this com-
ponent is zero.

Type reward Rttype. It checks whether the type of
the current action matches the ground truth ac-
tion type. If the types do not match, the reward
is set to zero and subsequent rewards for this step
are not computed. If the types match, a reward
of 1 is assigned for this component.

Necessary/Optional parameter reward Rtnec/
Rtopt. We categorize the parameters for all
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operations into two groups: necessary and
optional. Necessary parameters define the
core functionality of an operation and allow
minimal variation, whereas optional parameters
are less critical, and differences may not affect
the operation’s functionality. We evaluate the
necessary and optional groups independently.
For each group, we compute a score in the range
[0, 1] as the average matching quality of the
parameters within that group.

Overall, the accuracy reward for the t-th action
Rtacc, is computed as:

Rtacc = Rtformat +Rttype +Rtnecc +Rtopt.

In addition to this accuracy reward, we introduce
two auxiliary rewards to further stabilize the RL
training process and mitigate potential reward hack-
ing during the RLVR phase.

The first auxiliary reward is designed to penal-
ize actions that exceed the ground-truth sequence.
In our current formulation, such over-predicted ac-
tions receive a fixed negative reward. However, set-
ting this penalty too small or too large can bias the
model toward producing overly long or overly short
action sequences. To address this, we propose an
adaptive penalty scheme for these exceeding actions.
Specifically, we aggregate the rewards from all non-
exceeding actions at the same time step across the
other samples in the batch. We then assign penalties
to the exceeding actions such that the average reward
for predictions at the current step is zero across the
entire batch. Formally, the exceeding reward for sam-
ple i at step t is calculated as:

Rti,exc =

{
− 1
Nt

exc

∑
j∈Bt Rtj,acc, i /∈ Bt,

0, i ∈ Bt,

where N t
exc is the number of samples in the current

batch where the model predicts an exceeding action
at step t, while Bt denotes the set of the samples in
the current batch whose ground truth action sequence
has at least t steps.

The second auxiliary reward is the action type
distribution modifier. Due to the varying difficulty
in achieving rewards across different action types,
the model may develop an undesirable bias towards
predicting types that are easier to reward. To ad-
dress this issue, we introduce a reward modifier based
on the distributional differences of the action types.
Specifically, we calculate the distribution of action
types in the ground-truth annotations and in the
model predicted action sequences within the current
batch, respectively. The distribution modifier for the

action at step t is then calculated as:

Rtdist =


ptgt − ptpred

max (ptgt, p
t
pred)

,
ptgt − ptpred

max (ptgt, p
t
pred)

> θ,

0, otherwise,

where ptgt denotes the proportion of ground-truth ac-
tions in the current batch that share the same type
as the predicted action at step t. Similarly, ptpred de-
notes the proportion of predicted actions in the cur-
rent batch that belong to this action type, and θ is a
predefined threshold.

Finally, the total reward for the action at step t
used during training is given by:

Rt = Rtacc +Rtexc +Rtdist.

A detailed algorithm describing the computation pro-
cess of the final reward is presented in the Appendix.
Future versions will consider incorporating additional
factors, such as enforcing consistency between the
mass and the number of moles used.

PPO Training. Building on the designed reward
function, we fine-tune the QFANG model using the
Proximal Policy Optimization (PPO) algorithm87.
PPO is an empirically stable choice for language
model alignment and complex reasoning tasks63,88,89,
particularly well-suited for our dense reward setting.
The PPO objective function is defined as:

LPPO(θ, ψ) = Lclip(θ)− w1KL(θ)− w2L(ψ),

where θ represents the language model parameters,
and ψ represents the critic model parameters. The
clipped objective, Lclip(θ), maximizes the expected
reward while restricting large policy updates. The KL
penalty KL(θ) limits divergence from the reference
policy (e.g., the SFT model). Lastly, the critic loss,
L(ψ), minimizes value estimation errors, improving
reward prediction and overall training stability.

GRPO Training. Alternatively, the dense reward
structure can be reformulated as an outcome-based
setting, allowing the use of Group Relative Policy
Optimization (GRPO)90 to fine-tune QFANG. The
GRPO objective function is defined as:

LGRPO(θ) = Lclip(θ)− w1KL(θ).

A key innovation of GRPO over PPO is the elimina-
tion of a separate critic model. Instead, GRPO esti-
mates the advantage by comparing the reward of each
response to the average reward obtained from a group
of responses generated by the same policy. Given a
question x from the dataset, GRPO samples G re-
sponses y1, . . . , yG, and assigns rewards r1, . . . , rG to
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Model BLEU-2 BLEU-4 LEV avg LEV 90% LEV 75% LEV 50% Rouge-1 Rouge-2 Rouge-L METEOR Seq-O

Nearest Neighbor 54.5 39.1 46.6 1.0 2.4 30.2 60.0 38.4 47.3 50.0 65.1
1-shot GPT-4o 39.6 29.9 31.3 0.0 0.0 1.4 50.4 26.2 36.5 55.1 6.1
3-shot GPT-4o 41.5 31.8 32.7 0.0 0.0 2.4 53.1 30.1 39.4 57.4 8.4
1-shot o4-mini (high) 55.2 43.8 42.7 0.0 0.1 17.6 60.4 36.9 46.6 58.9 26.6
3-shot o4-mini (high) 56.8 45.5 44.7 0.0 0.3 24.0 62.9 39.9 49.2 61.5 26.2
1-shot GPT-5 (high) 67.1 56.4 51.5 0.8 2.9 54.1 67.6 49.4 55.3 64.7 59.9
3-shot GPT-5 (high) 65.0 54.4 51.7 0.6 2.6 55.4 68.5 50.1 55.9 66.9 61.1

QFANG-8B (SFT) 69.9 59.4 56.8 0.1 2.8 77.9 71.2 52.9 59.8 68.6 69.4
QFANG-32B (SFT) 70.2 59.7 57.2 0.1 3.2 78.8 71.5 53.3 60.2 68.8 70.1
QFANG-8B (RL) 72.0 61.3 57.4 0.3 4.3 78.8 72.1 54.5 61.1 69.7 70.9

Table 2: Performance comparison of QFANG against baselines on traditional NLP metrics. Metrics are in
the interval [0, 100].

Reference 

Procedure

Generated

Procedure
GPT-5 Evaluator

Final Score (0~100) & Detailed Justification

(b)(a)

Evaluation 

Rubrics

Core Transformation

Workup & Purification

Condition

Safety & Eco-friendly

Figure 3: LLM-as-a-judge evaluator and performance comparison. (a) Overview of the evaluation process, where the
GPT-5 judge receives the reference procedure, the generated procedure, and a detailed scoring rubric. (b) Bar chart
comparing QFANG’s final scores with baseline models; horizontal dashed lines mark the Oracle baseline (upper) and
the lowest-performing negative baseline (lower).

each. For the i-th response in the group, the corre-
sponding group-relative advantage is computed as:

Âi =
ri −mean(r1, . . . , rG)

std(r1, . . . , rG)
.

Additional details on the loss components are pro-
vided in the Appendix.

Results

Quantitative Evaluation: Benchmarking
against Baselines. To assess the performance of
QFANG, we conducted a comprehensive quantitative
evaluation against several strong baselines using
standard text-similarity metrics, along with a new
LLM-as-a-judge assessment.

To contextualize the performance of QFANG, we
established a set of competitive baselines, compris-
ing both retrieval-based and advanced generative ap-
proaches. The simplest baseline is a non-generative
Nearest Neighbor (NN) method. For a given target
reaction, this approach identifies the single most sim-
ilar reaction from the training set, based on Tanimoto

similarity of their reaction fingerprints (DRFP91) and
directly outputs its associated procedure as the pre-
diction. We further tested against a suite of state-of-
the-art LLMs, including GPT-4o, o4-mini (high) and
GPT-5 (high), leveraging a retrieval-augmented in-
context learning strategy. For each target reaction,
we retrieved the top-k most similar reactions and
their ground-truth procedures from the training set
using the same DRFP-based similarity metric. These
retrieved pairs were then integrated into the prompt
as in-context examples to guide the model’s genera-
tion. We evaluated this strategy in both 1-shot (k=1)
and 3-shot (k=3) settings. During inference, QFANG
operates without in-context learning.

Superior Performance on Traditional NLP
Metrics. Similar to previous studies, we evaluated
the lexical similarity between the generated and ref-
erence procedures using a suite of established met-
rics38,68, with results presented in Table 2. These
included BLEU, a metric based on n-gram preci-
sion originally developed for machine translation92;
ROUGE, which measures n-gram recall93; and ME-
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TEOR, which incorporates synonyms and stemming
for more robust alignment94. We also report met-
rics based on normalized Levenshtein (LEV) similar-
ity, which quantifies character-level edit distance95;
specifically, LEV X% denotes the fraction of predic-
tions achieving a normalized similarity score of X%
or greater when compared to the reference38. Finally,
we include Seq-O, a metric designed to measure the
similarity of the core action verb sequences, providing
insight into the model’s ability to capture the proce-
dural workflow96.

Across all evaluation metrics, QFANG consistently
outperforms all baseline models. The RL trained vari-
ant, QFANG-8B (RL), achieves a BLEU-4 score of
61.3 and a ROUGE-L score of 61.1. This substan-
tially surpasses the strongest generative baseline, 3-
shot GPT-5 (high), which scored 54.4 and 55.9, re-
spectively. This trend holds for our SFT models as
well; the QFANG-32B (SFT) variant reached a ME-
TEOR score of 68.8 and a Seq-O score of 70.1, in-
dicating a strong capability to generate text that is
both syntactically correct and lexically aligned with
the ground-truth data. Notably, the performance of
retrieval-augmented LLMs is highly dependent on the
number of in-context examples, increasing the num-
ber of examples does not necessarily lead to better
scores. We also find that the simple Nearest Neighbor
baseline performs well on some metrics like BLEU-2
and Seq-O, suggesting that many reactions in the test
set may have close analogues in the training data.

To further investigate whether the superior aver-
age performance of QFANG stems from true general-
ization or merely an improved ability to recall simi-
lar training examples, we conducted a more rigorous
analysis. We stratified the test set based on its pro-
cedural and chemical similarity to the training data.
The results, detailed in Appendix, demonstrate that
QFANG maintains its performance advantage even
on samples that are highly dissimilar to the train-
ing set, whereas the baseline models exhibit a much
sharper decline. This provides strong evidence that
QFANG has learned to reason from underlying chemi-
cal principles, validating the effectiveness of our CGR
training methodology.

Despite the superior performance of QFANG on
these metrics, we posit that such surface-level com-
parisons are insufficient for rigorously evaluating
chemical procedure generation. Lexical metrics are
inherently insensitive to chemical logic and safety.
For example, a simple string comparison would pe-
nalize the substitution of a hazardous reagent like
sodium hydride (NaH) with a milder base like sodium
hydroxide (NaOH) with only a minor score reduc-
tion, yet this represents a fundamental and poten-
tially dangerous misunderstanding of the required re-
action conditions. Similarly, a chemically consistent

substitution, such as writing NEt3 instead of tri-
ethylamine, would be incorrectly penalized as a mis-
match. While the strong performance of QFANG on
these metrics is a prerequisite, a more meaningful as-
sessment of chemical soundness and procedural via-
bility is essential for a comprehensive evaluation of
QFANG’s capabilities. This motivates our develop-
ment of a chemically-aware, LLM-based evaluation
framework.

LLM-as-a-Judge: A Chemically-Aware Eval-
uator. To address the semantic gap of traditional
NLP metrics, we designed and implemented a more
rigorous evaluation framework that leverages an
expert-level LLM, GPT-5 (high), as a judge. This
framework moves beyond simple lexical comparison
to assess generated procedures on their chemical via-
bility, procedural completeness, and strict adherence
to a machine-readable format, reflecting the practi-
cal requirements for synthesis planning and eventual
laboratory automation.

The evaluation of each generated procedure is
performed by providing the GPT-5 judge with a
composite prompt that includes the ground-truth
reference procedure (as the gold standard), the
model-generated procedure, and a detailed scoring
rubric. The rubric consists of four categories: Re-
action Score (40 points), assessing the core transfor-
mation and stoichiometry; Workup and Purification
Score (30 points), evaluating the separation process;
Conditions Score (20 points), examining solvents and
reagents; and Safety and Modern Practice Score (10
points), penalizing usage of outdated and toxic com-
ponents. The prompt also penalized deviations from
a required machine-readable syntax.

To validate our LLM-as-a-judge framework and
contextualize the scores, we established several con-
trol baselines designed to probe the judge’s sensitiv-
ity to specific types of procedural errors. We created
three negative baselines by systematically corrupting
the ground-truth procedures: (1) Reagent, where a
key reagent was replaced with a chemically nonsensi-
cal alternative; (2) Swap Actions, where the order of
two critical steps was inverted; and (3) Both, which
combined both errors. Conversely, we established an
Oracle baseline by making only chemically benign
modifications to the ground-truth procedures, such as
replacing reagents with known synonyms (e.g., substi-
tuting methanol with MeOH). As shown in Figure 3,
these baselines provide a clear scale for interpretation.
The Oracle baseline achieves a near-perfect score of
90.5, confirming the judge’s ability to tolerate rea-
sonable chemical variations. In contrast, the nega-
tive baselines score significantly lower, dropping to
39.1, 39.7, and 26.8, respectively, demonstrating the
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Set the atmosphere of 
Mixture 1 to nitrogen.

Change the temperature 
of Mixture 1 to 120° C.

Dissolving … in 
tetrahydrofuran (20 mL); 

1,2-dichlorobenzene (20 mL) 
to get Mixture 1.

Predicted ProcedureQFANG Thinking

Heating to 120°C was required to overcome the activation barrier 

for alkyne activation and subsequent cyclization, a temperature 

achievable under reflux conditions in 1,2-dichlorobenzene, which 

has a high boiling point (180°C). 

The reaction was conducted under a nitrogen atmosphere to 

prevent oxidative degradation of the phosphorus centers……

A mixture of tetrahydrofuran (THF) and 1,2-dichlorobenzene was

selected because THF, as a polar aprotic solvent, facilitates ion

dissociation, while 1,2-dichlorobenzene provides solubility for the

aromatic-rich substrate.
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3-shot GPT-5 (High)

Predicted condition: 
Pd/C, H2 in MeOH/THF

The product might be 
hydrogenolyzed

…… This reaction need to care about selectivity 

issue ……A mild and chemoselective reagent is 

required to avoid side reactions.

QFANG Thinking

Predicted Procedure

Predicted condition: 
NaBH4(EtOH), 0° to RT

Aligned with 

literature report

Challenges

(a) Reaction Input

(b)  Reaction Input

   
       

 

 
   

        

 

Cyclization

Challenges: Reduction without hydrogenolysis

Figure 4: Demonstration of QFANG’s ability to generalize across diverse chemical contexts. (a) For an out-of-
distribution organometallic reaction, QFANG infers a viable synthetic procedure from first principles. It correctly
identifies structural challenges like poor solubility and air-sensitivity, and proposes expert-level solutions (e.g., a
binary solvent system and an inert atmosphere) in its generated procedure. (b) Achieving chemoselectivity on natural
product intermediates. When tasked with a sensitive imine reduction, QFANG exhibits superior chemical judgment.
In contrast to a 3-shot GPT-5 baseline, which suggests harsh and potentially destructive conditions (Pd/C, H2),
QFANG selects a mild and chemoselective reagent (NaBH4), thereby preventing side reactions and aligning with the
literature-reported gold standard.

framework’s capability to effectively penalize chemi-
cally and structurally flawed procedures.

The results of this expert-level LLM evaluation,
presented in Figure 3, further solidify the superior
capabilities of QFANG. Our best-performing model,
QFANG-8B (RL), achieves a final score of 78.2, sur-
passing the strongest baseline (3-shot GPT-5-high at
67.8) by a substantial margin and closely approaching
the Oracle score. This high score indicates that the
procedures generated by QFANG are not only chemi-
cally sound and logical but also adhere precisely to
the stringent formatting required for robust, auto-
mated laboratory systems. The performance of the
SFT models, QFANG-8B (SFT) and QFANG-32B
(SFT) at 72.3 and 74.2, respectively, also shows a
clear advantage over the retrieval-augmented LLMs.
This outcome validates our training methodology,
demonstrating that our model has learned the under-
lying principles of chemical procedure design rather
than merely mimicking surface-level text patterns.

Case Studies

Generalizability: Navigating Out-of-Domain
Chemical Challenges. We evaluated the model’s
generalization ability through two distinct and highly
challenging cases: one requiring reasoning in a com-
pletely novel chemical domain, and another demand-
ing nuanced selectivity within the familiar context of

natural product synthesis.
Our first challenge tested the model’s ability to

reason from first principles on a complex, out-of-
distribution reaction from the domain of organophos-
phorus and organometallic chemistry, a field far re-
moved from the drug synthesis patents that constitute
its training data. The task was to devise a proce-
dure for an intramolecular cycloaromatization within
a platinum-diphosphine heterocyclic framework (Fig-
ure 4(a))97. Success in this task hinges not on recall-
ing a known reaction template, but on a fundamental
analysis of the substrate’s unique structural features:
its poor solubility, the presence of air-sensitive phos-
phorus centers, and the high activation energy typical
of such bond reorganization reactions.

Remarkably, QFANG generated a highly plausi-
ble and expert-level procedure. It correctly inferred
the need for a binary solvent system, pairing a po-
lar aprotic solvent (THF) to solvate the ionic phos-
phonium portions with a high-boiling-point, nonpolar
aromatic solvent (1,2-dichlorobenzene) to dissolve
the hydrophobic backbone and provide the necessary
thermal energy. Furthermore, it identified the air-
sensitive nature of the phosphorus centers and cor-
rectly prescribed an inert nitrogen atmosphere. The
proposed conditions of moderate-high temperature
(120°C) and prolonged reaction time (overnight) are
also fully consistent with the high activation bar-
rier expected for such a Bergman cycloaromatization.
This case demonstrates a profound capability to de-
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Reaction Input: Chiral Amide Coupling

Additional constraints in the prompt

“We want the reagents 

to be cost-efficient.”

“We want the highest purity and 

quality, regardless of the cost.”

……Since the acid is a chiral center, 

the reaction conditions must avoid 

racemization, so the choice of EDCI 

and HOBt is cost-efficient to form an 

active ester intermediate that reacts 

selectively with the amine……

Adaptive thinking

……HATU facilitates the formation of 

an active O-acylisourea intermediate, 

enhancing the electrophilicity of the 

carbonyl carbon for efficient 

nucleophilic attack by the amine. Since 

the reaction generates a stoichiometric 

amount of a protonated amine and 

HATU-derived byproducts, a base such 

as DIPEA is required……

Predicted Procedure

Coupling Reagent: EDCI
(Price: $30.4/g)

Additive: HOBt 

(Price: $3.6/g)

Time: 16h

Coupling Reagent: HATU
(Price: $70.8/g)

Additive: DIPEA
(Price: $61.4/100 mL)

Time: 2h

Figure 5: Demonstration of QFANG’s ability to adapt based on user-specific constraints. For the same chiral amide
coupling reaction, the model proposes two distinct, chemically valid procedures, each tailored to different and poten-
tially competing user objectives: (i) cost efficiency, and (ii) maximum purity and quality.

construct a novel molecular structure and devise a
viable experimental plan based on core chemical prin-
ciples of solubility, stability, and reactivity.

Having established the model’s ability to navigate a
new chemical domain, we next probed its capacity to
handle fine-grained selectivity within a more familiar,
yet notoriously complex area: natural product syn-
thesis. The second challenge was a critical reduction
step from R.B. Woodward’s landmark total synthesis
of strychnine98. The task involves the reduction of an
imine within the dense, polyfunctionalized core of the
natural product (Figure 4(b)). The primary difficulty
lies in achieving chemoselectivity, as a non-selective
or overly harsh reducing agent could easily lead to
undesired side reactions, such as the hydrogenolysis
of the newly formed C-N bond.

As shown in Figure 4, QFANG again success-
fully navigated this challenge by proposing the use
of sodium borohydride, a mild and selective reduc-
ing agent. This prediction aligns perfectly with the
established literature procedure, achieving the de-
sired clean conversion. In stark contrast, a powerful
baseline like GPT-5-high, when prompted, proposed
catalytic hydrogenation with Palladium on carbon.
While effective for simple imines, these powerful con-
ditions are ill-suited for this delicate substrate and
would likely cause product decomposition. This pair
of case studies effectively illustrates the breadth and
depth of QFANG’s chemical understanding, showcas-
ing its ability to reason from context-specific rules
in complex domains, which is essential for reliable
real-world synthesis planning. Beyond chemical nov-
elty, we also evaluated operational generalization. In
the Appendix, we demonstrate QFANG’s ability to
transition from discovery-scale to process-scale chem-

istry, successfully designing a chromatography-free,
50-kg manufacturing procedure under industrial con-
straints.

Goal-Oriented Planning with User Con-
straints. A key feature of a practical synthesis
planning system is its ability to adapt and re-optimize
plans based on user-specified high-level constraints.
We illustrate this through a case study of chiral amide
coupling, a common transformation where maintain-
ing stereochemical integrity is crucial. This example
highlights that there is no single "best" procedure;
rather, the optimal conditions are determined by a
nuanced trade-off between cost, time, and the desired
stereochemical purity99.

As illustrated in Figure 5, we prompted QFANG
with the same chemical transformation but under
two distinct, competing constraints. Initially, when
prompted with the constraint “We want the reagents
to be cost-efficient.”, QFANG generated a procedure
centered on the use of EDCI and HOBt. The reason-
ing trace identified the substrate’s chirality and the
inherent risk of racemization associated with simple
carbodiimide activators. Consequently, it correctly
included HOBt as a necessary additive to suppress
this side reaction, proposing a 16 hour procedure that
reflects a standard, cost-effective method suitable for
a basic laboratory setup.

In a subsequent interaction, the model was given a
new, quality-focused directive: “We want the high-
est purity and quality, regardless of the cost.”. In
response, QFANG dynamically altered its plan, re-
placing the previous system with the more expen-
sive but superior coupling reagent, HATU, and the
base DIPEA. The reasoning trace shifted to priori-
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Reaction Input: Carbamate Formation

Patent Procedure (excerpted)

Make a solution by dissolving 
OCc1nc2cccnc2n1Cc1ccc(F)cc1 (70 mg, 0.27 mmol in THF (1 
mL) in round bottom flask fitted with magnetic stirrer 
and reflux condenser to get Mixture 1.
Add C[C@H](N=C=O)c1ccc(F)cc1 (225 mg, 1.36 mmol) to 
Mixture 1 to get Mixture 2.
Change the temperature of Mixture 2 to 0° C with 
Mixture 1.
Wait for 1.50 h. Stirring.
Change the temperature of Mixture 2 to 40°C.
Wait until overnight.
Add EtQAç (15 mL) to Mixture 2 to get Mixture 3.
Wash Mixture 3 with water (10 mL) to get Mixture 4.
……
Obtain product from Mixture 9 with a percentage yield 
of 4.00%(4 mg).

QFANG Thinking

……Because the reaction requires an excess of

isocyanate to ensure complete reaction, 1.2

equivalents of the isocyanate should be added. To

promote the reaction, DMAP can also be added to the

reaction system as a catalyst. DMAP is a highly

efficient nucleophilic catalyst that significantly

increases the rate of reaction between isocyanates

and alcohols, allowing the process to occur under mild

conditions.

Predicted Procedure

Make a solution by dissolving 
OCc1nc2cccnc2n1Cc1ccc(F)cc1 (0.100 g, 0.39 
mmol); DMAP (0.005 g, 0.04 mmol) in DCM (2 mL) 
to get Mixture 1.
Add C[C@H(N=C=0)c1ccc(F)cc1 (0.070 g, 0.43 
mmol) to Mixture 1 to get Mixture 2.
Wait for 1.00 h. Stirring. 
……

Figure 6: Demonstration of QFANG’s ability to correct flawed procedures. When presented with a stoichiometrically
imbalanced reaction from the source dataset, the model produces a chemically valid and optimized alternative, incor-
porating the appropriate catalyst to ensure reaction feasibility.

tize efficiency and stereochemical fidelity, explaining
that modern uronium salt-based reagents like HATU
are renowned for their rapid kinetics and their ex-
ceptional ability to prevent racemization. This was
reflected in the final procedure, which reduced the
reaction time from 16 hours to just 2 hours while
ensuring the highest possible enantiomeric purity—a
standard expected in an advanced R&D setting where
speed and quality are paramount.

This case study illustrates that the understand-
ing of QFANG goes beyond surface-level reagent se-
lection. It grasps the deep, practical trade-offs in
synthetic chemistry and can select the appropriate
methodology based on high-level user goals, demon-
strating a crucial step towards creating a collabora-
tive and intelligent tool for synthesis planning.

Surpassing and Correcting Flawed Training
Data. An interesting finding from our study is that
QFANG can identify and correct chemically flawed
procedures present in its training data. This capa-
bility indicates that the model has internalized fun-
damental chemical principles, allowing it to generate
procedures that are superior to some of the exam-
ples it was trained on. Its function as a corrective
filter is critical for building reliable systems from vast
but imperfect data sources, such as chemical patents.
We illustrate this with a representative case from the
training set, where the original patented procedure is
stoichiometrically questionable, leading to a very low
reported yield.

The case involves an acylation reaction where the

original procedure calls for a four-fold excess of a
highly reactive isocyanate (Figure 6). From a chemi-
cal standpoint, such a large excess is not only wasteful
but also detrimental to the process. The unreacted
electrophile will inevitably undergo hydrolysis during
the aqueous workup, leading to significant byproduct
formation (e.g., urea) that complicates purification
and ultimately contributes to the low reported yield
of just 4%100.

Instead of merely replicating this flawed method,
QFANG proposes a refined and more efficient proce-
dure. Its CoT analysis correctly identifies the core
transformation but implicitly rejects the erroneous
stoichiometry. The model generates a new protocol
that reduces the isocyanate to a more standard 1.2
equivalents, a quantity sufficient to drive the reaction
to completion without creating an excessive purifica-
tion burden. Furthermore, it introduces a catalytic
amount of DMAP (4-Dimethylaminopyridine) to en-
sure an efficient reaction, a common best practice for
acylations that was absent in the original text. Fi-
nally, it implements a more robust, multi-step basic
and neutral wash protocol designed to effectively re-
move both acidic and neutral impurities before the
final purification.

This case study shows that QFANG does not
blindly reproduce the flawed methods present in its
training corpus. Instead, it leverages its learned un-
derstanding of stoichiometry and reaction optimiza-
tion to generate a chemically sound and superior al-
ternative. This ability to critically assess and rectify
suboptimal procedures underscores its potential as a
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tool not only for novel synthesis planning but also
for the crucial validation and refinement of existing
experimental protocols.

Conclusion

In this work, we addressed the critical gap between
synthesis planning and machine-readable laboratory
actions by introducing QFANG, a scientific reason-
ing model capable of generating high-fidelity chem-
ical procedures. Our approach was built on three
key pillars: (i) construction of a large-scale, struc-
tured procedure dataset through a novel LLM-based
automatic annotation pipeline; (ii) development of
a chemistry-guided reasoning framework to elicit
chemical-principle-based reasoning in the model; and
(iii) integration of a reinforcement learning with veri-
fiable rewards stage to further enhance predictive ac-
curacy.

Comprehensive evaluations demonstrate that
QFANG achieves competitive performance on es-
tablished NLP related metrics, surpassing strong
baselines such as retrieval-augmented GPT-5,
while maintaining high chemical validity under the
LLM-as-a-judge assessment framework. Qualitative
analyses further reveal the emergence of chemical rea-
soning capabilities, as reflected in the model’s ability
to generalize to out-of-domain reactions, adapt
experimental plans to high-level user constraints,
and even identify and amend flawed procedures
within its own training data. By generating robust,
well-reasoned, and machine-readable experimental
protocols, QFANG represents a promising step
toward bridging the loop between in-silico design and
laboratory execution, contributing to the progress of
next-generation autonomous platforms for scientific
discovery.
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Appendix

1. Large-Scale Procedure Dataset Con-
struction via LLM Annotation

1.1. Action system definitions

To convert free-form experimental descriptions into
structured procedures, we defined an action system
that captures the most common operations used in
routine chemical reaction experiments under typical
laboratory setups. The complete set of action types
is summarized in Table 3.

1.2. Prompts used in LLM annotation

The automatic action annotation pipeline comprises
three main stages: (1) Coreference resolution, (2)
Code generation and execution, and (3) Verification.
The detailed prompt templates for each stage are pro-
vided in Figure 7, Figure 8, and Figure 9.

1.3. Comparative analysis of structured pro-
cedures: Our action system vs. OpenExp

To ensure a fair comparison between our action sys-
tem and those employed in OpenExp71, we first down-
loaded the OpenExp dataset5. We then applied our
LLM-based automated annotation pipeline to these
reactions, producing structured action sequences that
follow our action schema. Finally, we used the
o3-high model as an LLM-as-a-judge to evaluate a
subset of approximately 80,000 entries (constrained
by API throughput).

The evaluation prompt is as follows:

“I will give you a chemical reaction and two
corresponding transcribed action sequences.
Please determine whether each sequence is
consistent with the chemical reaction, and
assign an overall score for each reaction ac-
cording to the following scheme (0–10): 10
= fully consistent; 8–9 = only minor, harm-
less deviations; 5–7 = noticeable deviations
but the sequence would still yield essentially
the same result; 1–4 = important steps are
wrong or missing; 0 = not related to the
procedure. In addition to the overall score,
please provide scores in three categories:
substance score (correctness of substances),
action score (coverage and correctness of ac-
tions), and order score (alignment of action
sequence with the original text). Begin with
a brief analysis, then report scores in the
format: “Action 1: Overall x/10; Substance
score x/10; Action score x/10; Order score

5https://github.com/syr-cn/ReactXT/openExp

x/10. Action 2: Overall x/10; Substance
score x/10; Action score x/10; Order score
x/10.”

The textual experimental description and its cor-
responding action sequences were inserted into the
prompt in the following format:

“Reaction description: {paragraphtext},
Action series 1: {action_1},
Action series 2: {action_2}.”

1.4. Statistics on preprocessing the raw Pista-
chio dataset

The raw Pistachio dataset (2024Q2 version,
US-grants folder) contains 4,410,491 entries.
We first applied a series of cleaning steps:

1. Removed reactions with invalid SMILES repre-
sentations (as detected by RDKit).

2. Removed reactions in which reactants or prod-
ucts did not contain any carbon atoms (c or C).

3. Removed reactions with potential atom-mapping
errors.

4. Deduplicated reactions based on reaction
SMILES without atom mapping.

After cleaning, the dataset contained 2,061,352 re-
actions. During the LLM-based automated annota-
tion stage:

• Coreference resolution step: Excluded reactions
whose paragraphText contained abandoned key-
words (e.g., “as described for example”), con-
sisted of fewer than two sentences, or whose re-
stored paragraph had an edit distance from the
original paragraphText exceeding a predefined
threshold.

• Code generation step: Removed reactions if the
generated code was invalid (e.g., failed Python
syntax checks, lacked a yield_statement), or if
the code failed to execute.

• Verification step: Removed reactions whose
judgment was not “Yes” and had a confidence
score above 3.

Following these filtering steps, we obtained a fi-
nal dataset of 905,990 reactions annotated with struc-
tured action-sequence labels.
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Action Name Description / Inputs & Outputs

Add Add source substances to target chemicals or reaction mixtures.
Inputs: source, target, time period, method, Outputs: Mixture

Change atmosphere Set atmosphere of target substances or reaction mixtures.
Inputs: target, atmosphere, Outputs: None

Change pH Change pH of target substances or reaction mixtures.
Inputs: target, pH, agent, Outputs: None

Change pressure Change pressure of target substances or reaction mixtures.
Inputs: target, pressure, apparatus, Outputs: None

Change temperature Change temperature of target substances or reaction mixtures.
Inputs: target, temperature, speed, apparatus, agent. Outputs: None

Chromatograph Purify reaction mixtures by passing them through a chromatography column.
Inputs: target, column, eluent, Outputs: Mixture

Concentrate Remove solvents to concentrate reaction mixtures.
Inputs: target, in vacuum, apparatus, Outputs: Mixture

Degas Purge target substances or reaction mixtures with a gas.
Inputs: target, agent, time period, Outputs: None

Distill Distill reaction mixtures to remove agents.
Inputs: target, agent to remove, apparatus, Outputs: Mixture

Dry Remove residual solvents from reaction mixtures using an agent or vacuum.
Inputs: target, in vacuum, agent, apparatus, Outputs: Mixture

Extract Transfer compounds from one phase to another using an different solvent.
Inputs: target, agent, times, Outputs: Mixture

Filter solution Separates solid and liquid phases using a filtration apparatus.
Inputs: target, apparatus, Outputs: Mixture, Mixture

Irradiate Use controlled light exposure on target substances or reaction mixtures.
Inputs: target, time period, apparatus, wavelength, Outputs: None

Make solution Dissolve solutes in solvents to obtain a mixture.
Inputs: solute, solvent, container, Outputs: Mixture

Microwave Heat target substances or reaction mixtures in a microwave apparatus.
Inputs: target, time period, apparatus, Outputs: None

Other purification Purify reaction mixtures using other methods.
Inputs: target, method, agent, apparatus, Outputs: Mixture

Partition Separate reaction mixtures into layers via two immiscible solvents.
Inputs: target, solvents 1, solvents 2, Outputs: Mixture, Mixture

Quench Stop reaction by adding a substance.
Inputs: target, agent, Outputs: Mixture

Recrystallize Recrystallize solid reaction mixtures from solvents.
Inputs: target, solvent, times, Outputs: Mixture

Sample Take a quantity from source chemicals or reaction mixtures.
Inputs: source, quantity, Outputs: Chemical/Mixture

Sonicate Agitate solutions with sound waves.
Inputs: target, time period, apparatus, Outputs: None

Triturate Triturate reaction mixtures under conditions.
Inputs: target, condition, apparatus, Outputs: Mixture

Wait Leave reaction mixtures to stand for a specified duration.
Inputs: time period, Outputs: None

Wash Wash reaction mixtures with solvents.
Inputs: target, solvent, times, Outputs: Mixture

Yield statement Record yield information of obtained products.
Inputs: product, target, yield, quantities, purity, Outputs: None

Table 3: Action types for describing experimental procedures.
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Coreference Resolution Template

You are an expert in natural language processing and chemistry, specifically chemical mentions identification
and coreference resolution. Given a text passage of experimental operations and a list of chemicals, your task
is to first identify other chemicals that appear in the text passage, then identify all mentions of these entities
and replace each mention with the entity’s corresponding ID enclosed in ‘$’.

Please keep the original sentence structure and grammar as much as possible (meaning that the text passage
could be restored to its original form by replacing the IDs back with the corresponding mentions), unless there
are errors in the original text such as typos or misplacements.

Note that ice and water should not be considered as the same chemical due to the difference in temperature.

Please STRICTLY follow the format of the provided example and the instructions. No other headings and
information should be added.

Instructions:
1. Read the provided text passage carefully.
2. Consider the list of entities and their possible names/mentions. This list provides the ground truth for
coreference.
3. Identify all other chemicals that appear in the text passage.
4. Extend the list of IDs and corresponding coreference of the chemicals.
5. Identify all mentions of these entities within the text passage. Note that not all strings that match the
coreference are entity mentions. Some of them may serve other purposes and have other meanings.
4. Replace each identified mention with the entity’s ID enclosed in ‘$’. Do not forget the ‘$’ and be sure that
the ID is from the extended list of entities and corresponding to the correct entity.
5. If a mention refers to an entity NOT in the provided list, leave it as is. Do not create new entity IDs.
6. Preserve the original sentence structure and grammar of the text passage as much as possible. Only replace
the mentions with IDs.
Example:
{Examples}

Now, apply these instructions to the following text passage and entities:
Text Passage:
{Paragraphtext}

Entities and Possible Mentions:
{Mapping}

Other Chemicals Mentioned:

Figure 7: Coreference resolution prompt used in LLM-based procedure annotation.
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Code Generation Template

You are provided with a textual description of a chemistry experiment, along with an outline of Python
functions that represent various chemical operations. Your task is to accurately translate the described
experiment into a Python script using these functions. The translation must be faithful to the original
description, ensuring that all details are included and no information is omitted or contradicted. You may
enhance the code with additional context if it aids clarity, but you must not introduce any inaccuracies.

Please note that within the provided text, chemicals may be enclosed in ‘$’. These markings are guidelines
and might contain errors or omissions, so use your best judgment based on the context to identify the correct
chemicals.

Functions:
{Functions}

Requirements:
1. Please double-check that the generated code does not have any unexpected keyword arguments that are
not present in the provided function definitions.
2. The function supplement_information should be used as less as possible and only when necessary, try to
avoid using it by utilizing other functions to achieve the same result.
3. Don’t assume any pre-defined variables; define all necessary variables within the code.
4. The last line of the code MUST be the function yield_statement, which provides the final output of the
experiment.
5. Please ONLY output the python code enclosed in """, starting with """python and ending with """.

Examples:
{Examples}

Now, convert the following paragraph into Python code.

Description:
{Paragraphtext}

Code:

Figure 8: Code generation prompt used in LLM-based procedure annotation.
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Verification Template

You are tasked with analyzing two text paragraphs to determine if the query paragraph describe the same
chemical experiment process as the reference paragraph. The core information in both paragraphs must be
exactly the same, including the substances used, their quantities, and the procedures performed. While it is
permissible for some information to be omitted or supplemented reasonably—such as missing one of multiple
measurement methods—it is not permissible for there to be conflicting information or the omission of key
information, such as a missing substance.

Please perform a thorough analysis and reasoning process, which should be enclosed within <Think> and
</Think>.
Following your analysis, output <Answer>Yes</Answer> if the paragraphs describe the same experiment
process, <Answer>No</Answer> if they do not, or <Answer>Uncertain</Answer> if you are unsure.
Lastly, provide a confidence level from 1 to 5, wrapped in <Confidence></Confidence>, where 1 is the lowest
and 5 is the highest.

Example Output Format:
<Think>[Your thorough analysis and reasoning here]</Think>
<Answer>[Yes/No/Uncertain]</Answer>
<Confidence>[1-5]</Confidence>

Please STRICTLY follow the output format above.
<Reference> {Reference_Paragraphtext} </Reference>

<Query> {Query_Paragraphtext} </Query>

Figure 9: Verification prompt used in LLM-based procedure annotation.

2. Chemistry-Guided Reasoning and Su-
pervised fine-tuning

2.1 General-purpose LLMs’ limitations in syn-
thesis chemistry reasoning

To provide a concrete example of the challenges
general-purpose LLMs face in chemistry, as discussed
in the main text, we present excerpts from the rea-
soning processes of two state-of-the-art open-weight
models: Qwen3-Max83 and Phi-4-reasoning84. These
cases illustrate that general reasoning capabilities do
not automatically translate to chemical understand-
ing.

Case 1: Structural Parsing Failure (Qwen3-
Max). The following output demonstrates that
Qwen3-Max, despite its powerful capabilities, strug-
gles to correctly parse the SMILES string. It be-
comes confused by the syntax, attempts to reason
about atom connectivity on a token-by-token basis,
and fails to construct a coherent mental model of the
molecular graph.

“This is complex. Let me try to parse the
ring.

It seems that there is a five-membered ring
(1,3-dioxolane) that is formed by: An
oxygen attached to C1 (from the O in
O[C@@]3)... Then [C@@]3 is a carbon that

is part of the ring... But note the notation:
O[C@@]3(CC(...)=O)[H] -> so the carbon
at position 3 has... this seems recursive?
Actually, the ring is closed.

...Let me look at the entire ring part... This
is a common way to write a 1,3-dioxolane
ring. Typically, a 1,3-dioxolane ring has two
oxygens and a carbon in between. The stan-
dard way is: O1 - C2 - O3 - C4 - C5... In
this case, the ring is formed by... which is
the other oxygen of the ring.”

This verbose and circular reasoning highlights that
the model lacks an innate understanding of chemical
notation, trying to "decode" the molecule linguisti-
cally rather than structurally.

Case 2: Chemical Logic Hallucination (Phi-4-
reasoning). We further tested Phi-4-reasoning on
the same reaction (benzylic alcohol oxidation). Al-
though this model is optimized for complex reason-
ing chains, it hallucinates the chemical transforma-
tion entirely. It misinterprets the conversion of a
benzylic alcohol to a ketone as a "benzoylation" reac-
tion (adding a benzoyl group). Consequently, it pro-
poses a completely erroneous procedure using benzoyl
chloride and pyridine, instead of the correct oxidant
(Manganese Dioxide). Furthermore, the model’s rea-
soning process is derailed by excessive triggering of
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general-purpose safety guardrails, confusing a stan-
dard synthesis query with "sensitive topics."

“...The starting molecule is
[H][C@]1(C@HO)... It has a hydroxyl group
attached to a benzene ring. And the product
is [H][C@]4(C(C5=CC=CC=C5)=O)... So
the transformation is replacing the hydroxyl
group on the benzene ring (Ph-OH) with
a benzoyl group (Ph-CO-). So it’s a ben-
zylation reaction but with formation of an
ester, i.e. benzoylation.

This reaction is probably performed by treat-
ing the starting alcohol with benzoyl chlo-
ride (or benzotrichloride) and a base, such
as pyridine...

Therefore, experimental procedure: 1. In a
dry round-bottom flask... dissolve the sub-
strate... 2. Add benzoyl chloride dropwise.
3. Add a base, e.g., triethylamine or pyri-
dine...

...I must include disclaimers... The instruc-
tions require that for sensitive topics like
medical, legal, financial matters... But this
is a chemical synthesis procedure... I will
check guidelines...”

These examples underscore the necessity for
a chemically-aware data generation framework.
QFANG’s proposed Chemistry-Guided Reasoning
(CGR) circumvents such failures by programmati-
cally establishing a factually correct chemical skeleton
(e.g., correctly identifying "Alcohol → Ketone trans-
formation") before leveraging an LLM for narrative
construction. This ensures the model is trained on
sound chemical logic rather than flawed interpreta-
tions of textual patterns or misaligned safety policies.

2.2. SFT hyperparameters

The hyperparameters used in the SFT stage of
QFANG are listed in Table 4.

Hyperparameter Value
Maximum sequence length 4096
Total epochs 2
Training batch size 256
Learning rate 1× 10−5

Optimizer betas [0.9, 0.95]
Optimizer weight decay 0.01
Optimizer warm-up steps ratio 0.1
Gradient clipping 1.0
Learning rate scheduler Cosine

Table 4: SFT hyperparameters.

The SFT training was performed on 16 NVIDIA
H100 GPUs over a span of two days. Our imple-
mentation is built upon the verl framework101. To
optimize memory usage and training efficiency, we
adopted the Fully Sharded Data Parallel (FSDP2)
strategy, which partitions the model across GPUs.
Mixed-precision training was employed, with the pa-
rameter data type set to torch.bfloat16 and the
reduction data type set to torch.float32.

3. Reinforcement Learning with Verifiable
Rewards

3.1. Reward calculation

Table 1 presents a detailed, step-by-step calculation
process of the final reward.

3.2. RLVR algorithms and hyperparameters

PPO algorithm. Proximal Policy Optimization
(PPO)87 is an actor-critic RL algorithm that is widely
used in the RL fine-tuning of LLMs. Its clipped ob-
jective, constraining policy updates to a trust region,
is central to its objective function:

Lclip(θ) = Eq∼P, o∼πθold

1

|o|

|o|∑
t=1

min

[
πθ(ot | q, o<t)

πθold(ot | q, o<t)
At,

clip
(

πθ(ot | q, o<t)

πθold(ot | q, o<t)
, 1− ϵ, 1 + ϵ

)
At

]
,

where πθ and πθold denote the current and previous
LLM-based policy models, respectively. q, o represent
the question sampled from the question dataset P and
the corresponding response generated by πold. |o| in-
dicates the token length of outputs o. ϵ is a clipping
hyperparameter for stabilizing training. The advan-
tage term At is computed using Generalized Advan-
tage Estimation (GAE)102, based on the rewards and
a learned critic model vψ. In PPO, the critic model
is trained jointly with the policy model. The critic’s
loss function is defined as:

L(ψ) = 1

|o|

|o|∑
t=1

(
vψ(q, o≤t)− V target

t

)2
,

where V target
t = vψ(q, o<t) +At.

GRPO algorithm. Group Relative Policy Opti-
mization(GRPO), which replaces the critic model
with the average reward of multiple sampled outputs
for the same question. Specifically, for q, GRPO sam-
ples {o1, . . . , oG} ∼ πθold and optimizes:
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SFT Dataset Scoring Template

You are an expert organic chemist with extensive knowledge of reaction mechanisms, modern and clas-
sical synthetic methods, laboratory techniques, and chemical safety. Your task is to critically evaluate a
reaction procedure extracted from a patent. These procedures may be old, contain errors, or lack critical details.

Your Goal: Provide a professional, accurate, and critical assessment. Do not invent information. Base your
analysis strictly on the provided text and established chemical principles.
Reaction to Evaluate: {Reaction}
Provided Procedure: {Procedure}
Please perform the following steps in your analysis:

Step 1: Identify the Core Chemical Transformation.
- What is the primary reaction type (e.g., SN2 alkylation, Suzuki coupling, nitro reduction, Boc deprotection)?
- Briefly describe the expected mechanism. What are the key roles of the main reagents (e.g., nucleophile,
electrophile, base, acid, catalyst)?

Step 2: Critical Evaluation based on Four Aspects.
Based on your identification in Step 1 and your expertise, evaluate the procedure against these four aspects.
For each aspect, provide a concise justification for your score, pointing out specific strengths and weaknesses
in the provided text.
1. Reaction Score (x/10): - Completeness: Are all necessary components (reactants, reagents, catalysts,
solvents) listed? - Stoichiometry & Role: Is the chemical role of each component correct for the reaction type?
Is the stoichiometry (molar ratio) logical? For example, is a necessary base missing? Is a catalyst used in an
absurdly high amount (e.g., >20 mol%)? Is a reagent used in sub-stoichiometric amounts when it should be in
excess?
2. Workup Score (x/10): - Logic & Sequence: Is the sequence of workup steps chemically sound? (e.g.,
quench before concentration, neutralize acid before extracting a basic product). - Completeness: Are all
necessary steps for isolation and purification described? (e.g., aqueous washes to remove salts/solvents like
DMF, drying, concentration). - Clarity & Final Product: Is the final purification method (e.g., chromatography,
recrystallization) specified and appropriate for the product’s expected properties? Is the final product form
clearly stated?
3. Condition Score (x/10): - Atmosphere: For air/moisture-sensitive reactions (e.g., involving organometallics,
strong bases like NaH, phosphine ligands, hydrides), is an inert atmosphere (N2, Ar) explicitly mentioned? -
Temperature Control: For reactions known to be highly exothermic or requiring specific temperatures (e.g.,
diazotization at 0-5°C, organolithium reactions at -78°C), is the temperature specified and controlled? Is the
mentioned temperature chemically reasonable for the transformation? - Other Parameters: Are other critical
parameters like reaction time and solvent choice logical and optimized, or do they suggest a crude, unrefined
procedure (e.g., 48h reflux for a typically fast reaction)?
4. Safety Score (x/10): - Illicit or Obsolete Reagents: Does the procedure use reagents that are now
heavily restricted or banned in modern labs due to extreme toxicity or environmental impact (e.g., benzene,
carbon tetrachloride, dimethyl sulfate, methylcellosolve, organotin compounds)? Penalize heavily for these. -
Procedural Hazards: Does the procedure describe a sequence that could lead to uncontrolled exotherms, violent
gas evolution (e.g., adding acid to unquenched NaH or cyanides), or formation of explosive intermediates (e.g.,
improper handling of azides/peroxides)? This is a major penalty. - (Assume standard PPE and fume hood
use for common corrosives/irritants like HCl, NaOH).

Step 3: Final Output.
Provide your final answer in the following strict format. The analysis should be a concise summary of your
critical findings from Step 2.
Analysis: ...
Reaction score: x/10
Workup score: x/10
Condition score: x/10
Safety score: x/10
Final score: x/10

Figure 10: Prompt used to score each entry in the SFT procedure dataset.
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Algorithm 1: Reward calculation process
Input: A batch of ground-truth actions y = y1, ..., ynb

and the corresponding predicted actions with
reasoning y′ = y′1, ..., y

′
nb

.
Result: A batch of reward sequences R = r1, ..., rnb

.
R← [];
Tgt,Tpred ← [], [];
// Calculate Accuracy Reward
for i = 1 to nb do

tgti ← the types of all actions in the ground truth yi;
if y′i do not follow the reasoning format then

ri ← [−2];
tpredi ← [Invalid];

else
yi = yi,1, ..., yi,ngt ← ActionSplit(yi);
y′
i = y′i,1, ..., y

′
i,npred

← ActionSplit(AnswerExtract(y′i));

ri, t
pred
i ← [], [] ;

for yi,j , y′i,j in Zip(yi,y′
i) do

ri,j ← AccuracyReward(yi,j , y′i,j);
ti,j ← ActionType(y′i,j);
Append ri,j , ti,j to ri, t

pred
i ;

end
nexc ← Max(0,Length(y′

i)− Length(yi));
Append nexc ‘Exceeding’ to tpredi ;

end
Append ri, t

gt
i , t

pred
i to R,Tgt,Tpred;

end
// Calculate Exceeding Punishment
nmax ← Max([Length(ri) for each ri in R]);
rexc ← [];
for j = 1 to nmax do

rexc,j ← −Mean([ri,j for each ri in R if ri has the j-th element and tpredi,j ̸= Invalid]);
Append rexc,j to rexc;

end
for each i, j do

if tpredi,j = Exceeding then
ri,j ← ri,j + rexc,j ;

end
end
// Calculate Distribution Modifier
Delete all ‘Invalid’ and ‘Exceeding’ in Tpred;
ρgt ← DistributionCalc(Tgt);
ρpred ← DistributionCalc(Tpred);
for each i, j do

ri,j ← ri,j + ModifierCalc(tpredi,j ,ρgt,ρpred);
end
return R
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JGRPO(θ) = Eq∼P, {oi}Gi=1∼πθold
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Âi,

clip
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, 1− ϵ, 1 + ϵ

)
Âi

]
− w1 KL (πθ ∥πref) ,

(1)

where ϵ and w1 are hyper-parameters, and Âi is the
advantage calculated based on relative rewards of the
outputs inside each group only. GRPO regularizes
the training by adding the KL divergence between the
learned policy and the reference policy to the loss.

PPO hyperparameters. The hyperparameters
used for PPO and GRPO training in the QFANG
are detailed in Table 5 and Table 6, respectively.

Hyperparameter Value
Maximum prompt length 1024
Maximum response length 2048
Total epochs 1
Training batch size 1024
Actor: Learning rate 1× 10−6

Actor: LR warm-up steps ratio 0
Actor: Gradient clip 1.0
Actor: PPO clip ratio 0.2
Actor: PPO epochs 1
Actor: PPO mini batch size 64
Actor: Entropy coefficient 0
Actor: Rollout number 16
Actor: Rollout temperature 1.0
Actor: Rollout top p 1
Actor: Rollout dtype bfloat16
Critic: Learning rate 1× 10−5

Critic: LR warm-up steps ratio 0
Critic: Gradient clip 1.0
Critic: Clip range value 0.5
Gamma 1.0
Lambda 1.0
Advantage estimator GAE
Use KL in loss False
Use KL in reward True
KL penalty estimation k1
KL control type fixed
KL coefficient 0.001
Action type modifier threshold 0.2

Table 5: PPO hyperparameters.

3.3. RLVR infrastructure

The trainings are executed on a Kubernetes cluster
comprising 128 GPU nodes, each equipped with 8

Hyperparameter Value
Maximum prompt length 1024
Maximum response length 2048
Total epochs 1
Training batch size 1024
Actor: Learning rate 1× 10−6

Actor: LR warm-up steps ratio 0
Actor: Gradient clip 1.0
Actor: PPO clip ratio 0.2
Actor: PPO epochs 1
Actor: PPO mini batch size 64
Actor: Entropy coefficient 0
Actor: Rollout number 16
Actor: Rollout temperature 1.0
Actor: Rollout top-p 1
Actor: Rollout dtype bfloat16
Critic: Learning rate 1× 10−5

Critic: LR warm-up steps ratio 0
Critic: Gradient clip 1.0
Critic: Clip range value 0.5
Gamma 1.0
Advantage estimator GRPO
Use KL in loss True
Use KL in reward False
KL loss type low var kl
KL coefficient 0.01
Action type modifier threshold 0.2

Table 6: GRPO hyperparameters.

NVIDIA B200 GPUs (180 GB HBM3e memory per
GPU, connected via PCIe 5.0), yielding an aggre-
gate 184 TB GPU memory. Each node provides 208
vCPUs, 2.8 TB system memory, and 22 TB local
NVMe storage with read speeds exceeding 7 GB/s.
Intra-node communication relies on 5th-gen NVLink
switches, whereas the inter-node connectivity em-
ploys high-speed links delivering 200 Gbps frontend
and 400 Gbps backend bandwidth.

Figure 11 shows the relationship between through-
put and the latency (time per step) for different
actor/critic micro-batch sizes or enabling dynamic
batch sizing (DBS). To utilize the cluster efficiently
during QFANG-8B (RL) trainings, we have per-
formed a sweep of performance related hyperparam-
eters on a single node with 8 B200s, where each
data point is depicted on this Figure 11. Configu-
rations with moderate latency and balanced micro-
batch sizes achieve the highest throughput, as they
process more tokens per iteration while maintaining
efficient kernel execution. Conversely, the lowest la-
tencies correspond to runs with reduced token counts
per step, resulting in lower overall throughput despite
minimal latency.

Moreover, we have also adapted DBS technique
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that allows the model to process similar number of
tokens in a single forward pass (with different ac-
tual batch sizes). This enables avoiding tuning the
micro batch size parameter, however, the maximum
token length per GPUs have to be tuned instead.
According to Figure 11, we have identified that the
most efficient configuration was setting actor/critic
micro-batch sizes per GPU of 64, 16k context length,
70% of GPU’s vRAM reserved for the inference and
disabling both FSDP strategy and Tensor Parallel
(TP) for sequence generation. This lead to a through-
put of 2978 tokens per sec and a latency of 445 sec
without degrading accuracy of the model. On the
other hand, setting maximum token length per GPU
32 times the total of maximum prompt and response
lengths also led to similar throughput (2857 tokens
per sec) and latencies (621 sec).

From all the profiling runs, the correlation com-
puted between the training throughput and the re-
ward was r = 0.55. Throughput correlated moder-
ately with reported GPU power (r = 0.49) but only
weakly with memory utilization (r = 0.16), indicat-
ing a predominantly compute-bound regime in this
sweep.

4. Evaluation Results

4.1. Analysis of QFANG’s generalization abil-
ity on the test set relative to training set sim-
ilarity

To provide a more granular assessment of QFANG’s
generalization capabilities beyond average test-set
performance, we conducted a stratified analysis in
Figure 12. The test set was partitioned into bins
based on the similarity of each sample to the training
data, evaluated along two distinct axes: procedural
novelty based on Levenshtein similarity and chemi-
cal novelty based on DRFP similarity. This allows us
to quantify model robustness when faced with tasks
that cannot be solved by merely retrieving a close
analogue from the training set.

In the analysis of procedural similarity (left col-
umn), we observe a clear trend: as the Levenshtein
similarity threshold decreases, the performance of all
models degrades, which is expected. However, the
performance of the GPT-5-high baselines exhibits a
significantly steeper decline compared to our QFANG
variants. This demonstrates that while baseline mod-
els are highly effective when a similar procedural tem-
plate exists in their training context (or in-context ex-
amples), their performance falters when required to
generate novel action sequences. In contrast, the rela-
tive robustness of QFANG attests to its ability to rea-
son from underlying chemical principles to construct
a valid procedure, rather than relying on analogical

inference alone.
Besides, the analysis of chemical similarity (right

column) further reinforces this conclusion. While the
performance curves in this setting are generally flatter
for all models, the QFANG variants consistently op-
erate at a much higher performance echelon across all
similarity thresholds. This indicates that even when
faced with chemically novel transformations that lack
close analogues in the training set, QFANG maintains
its significant performance advantage.

Overall, these results provide strong quantitative
evidence for the superior generalization capabilities
of QFANG, validating that its strong performance
stems from genuine chemical reasoning rather than
superficial memorization of the training data.

4.2 Generalization from discovery to process
chemistry

To demonstrate QFANG’s ability to generalize from
laboratory-scale discovery chemistry (typically mg to
g scale) to large-scale manufacturing (kg scale), we
challenged the model to design a process-ready pro-
cedure for a true Suzuki coupling reaction case103.
This task requires a fundamental shift in operational
logic: moving away from convenient but unscalable
methods like column chromatography toward cost-
effective, safety-conscious, and scalable techniques.
We provided the model with the following prompt,
encompassing specific constraints on scale, tempera-
ture, and scavenger use:

Please design a 50 kg scale industrial manu-
facturing procedure for the following Suzuki
coupling reaction. The optimized inter-
nal reaction temperature is 89-90◦C. The
workup procedure must utilize L-cysteine as
a palladium scavenger to reduce residual lev-
els.

The model’s reasoning trace exhibited a remark-
able "process mindset," correctly identifying that the
change in scale necessitates a change in purification
strategy. It explicitly reasoned against using chro-
matography and justified the high reaction tempera-
ture based on activation energy requirements for the
chlorinated substrate:

"...The workup involves sequential filtra-
tion steps to remove insoluble palladium
species... followed by solvent partitioning...
The filtration through a dual-phase medium
(cartridge and filter aid) ensures complete
removal of fine palladium residues... The
order of reagent addition prioritizes mixing
the reactants and base before introducing
the catalyst..."
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Crucially, the generated procedure adhered strictly
to the industrial constraints. QFANG successfully
generated a chromatography-free workflow, utilizing
precise filtration equipment ("2 micron cartridge")
and correctly placing the scavenger step after the ini-
tial extraction to ensure product purity:

...Change the temperature of Mixture 2
to 89-90◦ C. Wait for 2.00 h... Filter
Mixture 2 using 2 micron cartridge and
filter aid... Partition Mixture 5...
Wash Mixture 6... Add L-cysteine (1.3
kg, 11 mol) to Mixture 9... Filter
Mixture 10 using 2 micron cartridge
and filter aid... Concentrate Mixture
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11... Obtain ... (20.5 kg).

This result highlights that QFANG does not merely
rely on retrieving nearest-neighbor templates—which
would almost certainly feature column chromatogra-
phy—but instead possesses the operational reasoning
capabilities required to bridge the gap between dis-
covery and process chemistry.

4.3 Adaptability to user-based constraints

Green chemistry To further probe the adaptive
planning capabilities of QFANG, we evaluated its
ability to modify a standard transformation in re-
sponse to complex, principle-based user constraints,
such as those central to green chemistry. We tasked
the model with generating a procedure for a classical
Wittig reaction, providing it with a high-level direc-
tive to adhere to green chemistry principles and avoid
common hazardous solvents.

Generate a procedure for the same Wittig re-
action, but you must adhere to green chem-
istry principles. Specifically, avoid using
THF, DMSO, or any halogenated or aro-
matic hydrocarbon solvents. Prioritize a bio-
derived solvent if possible.

The model’s chain-of-thought revealed a sophisti-
cated interpretation of this qualitative goal, demon-
strating a multi-faceted strategic approach. For in-
stance, it correctly reasoned on the selection of a mod-
ern, sustainable solvent104, stating:

"...Since the solvent must be green, a polar
aprotic solvent like 2-methyltetrahydrofuran
(a biodegradable branched ether) could be
selected..."

This high-level strategic planning was then trans-
lated directly into an actionable experimental pro-
tocol. The model correctly incorporated its sol-
vent choice into the primary setup step and fol-
lowed through on its plan to avoid chromatography
by proposing a distillation-based purification:

Make a solution by dissolving
C=(...)C1 (20.9 g, 128 mmol);
C[P+](...)[Br-] (57 g, 148 mmol)
in 2-methyltetrahydrofuran (320 mL)
to get Mixture 1.

This case study illustrates that QFANG can suc-
cessfully translate abstract directives into a coherent
sequence of operational steps. Its ability to first con-
ceptualize a complex strategy—incorporating solvent
selection, waste minimization, and safety considera-
tions—and then instantiate that strategy into a con-
crete procedure showcases an advanced level of rea-
soning crucial for designing modern, sustainable syn-
thetic routes.
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