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1. Introduction
The search for new refrigerants balances compet-

ing thermodynamic, environmental, and safety ob-
jectives. Following theMontreal Protocol’s CFCphase-
out, hydrofluorocarbons (HFCs) became dominant
but now face their own phase down under the Kigali
Amendment due to high global warming potential
(GWP) [1, 2]. Emerging hydrofluoroolefins (HFOs) re-
main concerning as most are classified as per- and
polyfluoroalkyl substances (PFAS) with unknown en-
vironmental impacts [3, 4], while natural alternatives
(CO2, propane) face high-pressure or flammability
constraints.
High-throughput screening faces severe con-

straints in this domain. McLinden et al. [5]
demonstrated that once thermodynamic perfor-
mance, safety, and environmental criteria are en-
forced, only a handful of candidates remain from
existing chemical libraries. The scarcity of measured
thermodynamic data, as only 300 refrigerants with
known properties exist, limits purely data-driven ap-
proaches [6].
We present Refgen 1, which embeds physics-based

inductive biases into molecular generation: (1) we
develop state-of-the-art physics-grounded property
predictors trained independently from supervised
datasets and physicsmodels (Equations of state (EOS),
NASA polynomials, group-contribution methods) to
compute key thermodynamic and chemical proper-
ties of molecules and (2) we build an RL pipeline to
optimize a reward signal balancing the different ob-
jectives. This reward is obtained from the property
predictors, to guide the LLM towards the generation
of optimal refrigerant candidates in SMILES format.

2. Methods
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Fig. 1: The Refgen framework combines supervised
property prediction with physics models (bottom)
and RL-guided molecular generation (top).

1Code is available at https://github.com/ddidacus/refgen
Full paper with details: https://arxiv.org/pdf/2509.19588

Physics-Informed Property Prediction Rather
than learning complex thermodynamic relationships
directly from scarce data, we adopt a two-stage
approach: (1) train predictors on measurable base
properties for which annotations are more readily
available, then (2) use established physics models to
compute derived properties.
For refrigerant thermodynamic performance in

the vapor compression cycle (VCC),wepredict critical
temperature (𝑇𝑐 ), critical pressure (𝑃𝑐 ), and acentric
factor (𝜔), which parameterize the Peng-Robinson
equation of state [7]. The EOS enables VCC simulation
at any working operating conditions, yielding coeffi-
cient of performance (COP) and volumetric cooling
capacity (𝑄𝑣𝑜𝑙 ):

COP =
ℎ1 − ℎ4
ℎ2 − ℎ1

, 𝑄𝑣𝑜𝑙 =
ℎ1 − ℎ4
𝑣1

(1)

where enthalpies (ℎ𝑖) and specific volume (𝑣1) are
computed via departure functions with NASA polyno-
mial corrections for ideal gas behavior at key parts
in the cycle. For environmental impact, we predict
radiative efficiency (RE) and estimate atmospheric
lifetime (𝜏) through group-contribution methods for
OH radical reaction rates [8]. These combine via IPCC
formulas and constants (AGWPX (100) = REX × 𝜏X ×(
1 − 𝑒−100/𝜏X

)
) [9] to yield GWP100. Lower flammability

limit (LFL) is predicted directly.
We fine-tune SMI-TED [10], a transformer encoder

pre-trained on molecular representations, for each
target property. SMI-TED processes SMILES strings
(textual molecular representations) and learns dense
embeddings that capture chemical structure. We
apply SMILES augmentation: generating multiple
valid representations per molecule through different
graph traversals, to improve generalization on small
datasets. End-to-end finetuning with mean absolute
error loss adapts the model to each prediction task,
avoiding handcrafted molecular descriptors while
leveraging pretrained chemical knowledge.

Generative Model Training We fine-tune Llama
3.2 1B [11] in two stages. First, we supervise fine-
tune (SFT) on 37M filtered SMILES from PubChem,
ChEMBL, and SureChEMBL [12, 13, 14] to teach valid
unconditional molecular generation. Second, we use
Group Relative Policy Optimization (GRPO) [15] to
guide the generation toward target property ranges
through a weighted multi-objective reward:

𝑅total (x) = 𝑅𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 (x) ·
𝑘∑︁
𝑖=1

𝑤𝑖𝑅𝑖 (x) (2)
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where 𝑅𝑖 scores predicted properties against accep-
tance criteria (e.g., 320𝐾 < 𝑇𝑐 < 420𝐾 , COP > 5, GWP
< 10) based on the literature [5]. Weights found by
hyperparameter search emphasize thermodynamic
performance (COP/𝑄𝑣𝑜𝑙 /𝑇𝑐 : 80% total) over environ-
mental metrics (GWP/LFL: 10%), reflecting relative
optimization difficulty. The diversity term 𝑅𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦
penalizes repeated structures based on Tanimoto sim-
ilarity, preventing mode collapse during optimiza-
tion.

3. Results
Property predictor validation SMI-TED fine-
tuning achieves accurate predictions across all
target properties. For COP prediction, we validate
against CoolProp’s reference EOS on 82 refrigerants,
obtaining mean absolute error of 0.25 (median
0.12). Saturation dome reconstruction shows en-
thalpy RMSE of 17.5 J (median, N=110). For GWP,
group-contribution methods for OH reaction rates
achieve >60% predictions within factor-2 error on
EPA validation data. These results demonstrate
reliable coverage of the refrigerant chemical space
despite small training datasets (937-4,940 samples
per property). More details in Appendix A.
Guidedmolecular generation RL fine-tuning dra-
matically shifts the generated distribution toward tar-
get property ranges (Table 1). The base model pro-
duces large, complex molecules (median 22 atoms,
𝑇𝑐 = 841K) with poor refrigerant properties. After
GRPO, themodel generates compact fluorinated com-
pounds (9 atoms,𝑇𝑐 = 403K) with thermodynamically
viable performance (COP=7.99,𝑄𝑣𝑜𝑙 = 1.18 MJ/m3).

Table 1: Property distributions shift after RL fine-
tuning (average over 1k generated molecules)

Model 𝑇𝑐 (K) Atoms GWP LFL COP 𝑄𝑣𝑜𝑙

Base (SFT) 841 22 0.04 0.07 8.66 0.002
RLFT 403 9 13 0.61 7.99 1.18

Weapply constraints based onMcLinden et al (COP
> 5, 320K < 𝑇𝑐 < 420K, LFL > 0.1 kg/m3, excluding un-
stable and toxic groups =CF2 and -OF) as well as GWP
< 10, which is below all existing regulations. Gener-
atedmolecules reveal a tradeoff between COP and𝑄𝑣𝑜𝑙

depending on Tc, Figure 2. This behaviour, observed
in the reference work [5] confirms the importance
of our physics-grounded approach, which ensures
thermodynamically sound predictions.
Figure 3 compares performance to R-410A

(COP=7.39,𝑄𝑣𝑜𝑙=6.61 MJ/m3), a benchmark refrigerant
blend considered to have some of the best thermo-
dynamic properties in the vapor compression cycle.
Generated molecules achieve competitive thermo-
dynamic tradeoffs while meeting environmental
constraints that R-410A fails (GWP=2088).
Finally, we screen out per- and polyfluorinated sub-

stances (PFAS) according to the OECD definition [3]
for potential environmental risk of toxicity. We ob-
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Fig. 2: Comparative plots for COP to Tc and𝑄𝑣𝑜𝑙 to Tc
for compounds generated with Refgen.
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Fig. 3: Generated molecules achieve competitive
COP/𝑄𝑣𝑜𝑙 tradeoffs vs. R-410A benchmark (red star).
PFAS (blue) and non-PFAS (green) candidates both
satisfy thermodynamic and environmental con-
straints.

serve ∼20% of generated molecules to be non-PFAS,
despite no constraint having been added.

Table 2: Top non-PFAS candidates with balanced
properties

SMILES COP 𝑇𝑐 (K) GWP LFL 𝑄𝑣𝑜𝑙

C(F)N(F)N(F)F 6.71 338 3.95 0.52 5.34
N(F)C(F)N(F)F 6.72 338 0.25 0.54 5.26

4. Discussion & Conclusion
Our physics-informed generative pipeline re-

discovers established refrigerant classes (HFCs,
HFOs) under appropriate constraints while propos-
ing novel compounds achieving competitive per-
formance with dramatically lower environmental
impact (GWP 0.25-3.95 vs. current refrigerants’
1400-2000). The physics-grounded architecture en-
sures thermodynamically sound predictions vali-
dated against reference equations of state.
Current and future work is focused on integrat-

ing additional constraints and predictors for synthe-
sizability, chemical stability and toxicity (workplace
exposure standards) which are key for practical com-
pound viability. Experimentally, collaboration with
chemists and HVAC engineers is essential to validate
predicted properties and assess true efficacy in vapor
compression systems. Observed candidate saturation
(894 unique molecules from 1M samples) also moti-
vates investigating better exploration strategies in the
RL finetuning step to emphasize variety.
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Appendix A. Property Predictor Validation

Datasets & Preprocessing We compile datasets
with annotated properties for SMILES structures: Tc,
Pc and w are extracted from [16]; NASA polynomials
for the enthalpy and entropy from [17]; radiative ef-
ficiencies from [18]; k(OH) reaction constants from
[19]; LFL values are compiled from [20] and [16].(1)
Smiles canonicalization is not performed to avoid
loosing data frommultiple data entry points which
could have relevant information. (2) Smiles augmen-
tation is performed, according to preliminary results
showing its benefits to model generalization. For
each molecule in the training set, four additional
SMILES traversals are generated. (3) Dataset cleaning
discards metals and metalloids and single elemental
atoms, and ions. (4) we separate train/validation and
test splits (70/15/15) by Bemis-Murcko scaffolds, using
the RdKit library.

1.1 Thermodynamic Property Prediction
Table A1 shows prediction performance for crit-

ical properties on both held-out test sets and exter-
nal CoolProp validation. External validation against
CoolProp [21], an industry-standard library with
reference-quality equations of state for 122 refriger-
ants, demonstrates maintained accuracy despite dis-
tribution shift.

Table A1: Critical property prediction on test sets and
CoolProp external validation

Dataset Property N R2 MAE RMSE

Test Set 𝑇𝑐 8,079 0.975 12.5 K 21.8 K
𝑃𝑐 8,322 0.876 149 kPa 568 kPa
𝜔 4,940 0.875 0.040 0.087

CoolProp 𝑇𝑐 106 0.926 20.7 K 37.6 K
(External) 𝑃𝑐 107 0.769 502 kPa 1452 kPa

𝜔 107 0.636 0.057 0.125

1.1.1 Vapor Compression Cycle Simulation
We verify accurate simulation of complete refrig-

eration cycles through saturation dome reconstruc-
tion quality and COP prediction (𝑇𝑒𝑣𝑎𝑝 = 10°C and
𝑇𝑐𝑜𝑛𝑑 = 40°C) against CoolProp’s reference calcula-
tions and EOS.

Table A2: COP prediction accuracy at standard con-
ditions (𝑇𝑒𝑣𝑎𝑝 = 10°C and𝑇𝑐𝑜𝑛𝑑 = 40°C)

Metric N Mean Median

Dome enthalpy RMSE (J) 110 30.9 17.5
COP absolute error 82 0.252 0.12

Figure A1 illustrates saturation dome reconstruc-
tion for two representative refrigerants. The pressure-
enthalpy (P-H) diagrams show the Peng-Robinson

+ NASA polynomial predictions closely match Cool-
Prop’s reference multiparameter EOS.
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Fig. A1: Comparison between ground-truth satura-
tion dome from CoolProp (blue) and predicted
(red) for molecules Neopentane (left) and R134a
(right). The COP is computed for condenser and
evaporator temperatures at 10°C and 40°C respec-
tively. Dome translation shifts are due to varying
reference points in the enthalpy and they are ir-
relevant for the computation of COP or𝑄𝑣𝑜𝑙 .

1.2 Environmental and Safety Properties
Global Warming Potential Direct SMI-TED predic-
tion of radiative efficiency achieves R2 = 0.91 (MAE =
0.016 Wm−2 kg−1) on the test set of 14,380 molecules.
This property combines with atmospheric lifetime
approximated through reaction with reaction with
the OH radical (𝜏X = 1

𝑘𝑂𝐻 [𝑂𝐻 ] ) to yield GWP via IPCC
formulas. For OH radical reaction rates, we imple-
ment group-contribution methods based on Kwok &
Atkinson [8] and EPA AOPWIN. Validation against 72k
PubChemmolecules shows 61% of predictions within
factor-2 error, demonstrating reliable generalization
for GWP estimation (R2 = 0.535, 65% within factor-5
on 220 test molecules with measured GWP).
Flammability. Lower flammability limit (LFL) pre-
diction achieves R2 = 0.83 (MAE = 0.16 kg/m3) on 171
test molecules, enabling safety constraint enforce-
ment during generation.
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