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Abstract 
Although generative models hold promise for discovering molecules with optimized desired 
properties, they often fail to suggest synthesizable molecules that improve upon the properties 
of the structures represented in the training distribution. We find that this limitation arises not 
only from the molecule generation process itself, but also from the poor generalization 
capabilities of molecular property predictors. We address this challenge by creating a closed-
loop molecule generation pipeline with iterative retraining on new quantum chemical 
simulation data. Compared against static, single-pass generative modeling approaches, only our 
closed-loop iterative workflow generates molecules with properties extending beyond the 
training distribution (up to 0.44 standard deviations beyond the original range) and achieves a 
79% improvement in out-of-distribution molecule classification accuracy. Furthermore, by 
conditioning molecular generation on thermodynamic stability data obtained during the 
iterative loop, the proportion of stable and hence potentially synthesizable molecules generated 
is 3.5x higher than the next-best model.  
 

Introduction 
Early efforts in applying machine learning for accelerating new molecule discovery have largely 
focused on forward-predictive models that output predicted properties of interest given 
molecules as inputs1–4. Molecule discovery can then be conducted by rapidly screening 
databases or datasets to identify known or proposed molecules with desirable properties5–8. 
However, this screening approach is inherently limited by the size of the screening dataset. 
Whereas small molecule datasets typically contain 106-109 entries,2,9,10 the entire chemical 
space has been estimated to enumerate up to 1060 molecules, which is prohibitively large for 
brute-force screening.11 More recently, generative or inverse-design models have been 
proposed as a new paradigm for materials discovery due to their ability to efficiently navigate 
chemical space beyond what is present in existing databases.12,13  
 
The goal of property-constrained molecular generation is to generate novel molecules that 
possess desirable properties for the application of interest. Typically, a ground-truth oracle 
function is defined for each molecule design task to quantitatively assess how well the 
generated molecules meet the desired molecular properties. As a means to quickly approximate 
this oracle function, property prediction models are used as a surrogate model. These property 
prediction models are first trained on a pre-existing dataset of molecular properties to learn the 
mapping between the chemical structure of the molecules and their target molecular 



properties. After training, this property prediction model is then used to steer the generative 
model to suggest novel molecules that satisfy the required properties. A wide range of such 
goal-oriented molecule generative models have emerged within the last 6 years alone, including 
variational autoencoders (VAEs),14,15 genetic algorithms,16–18 reinforcement learning,19 diffusion 
models,20 and chemical language models.21  
 
Within the context of material optimization, the Pareto front is the set of materials that possess 
the optimal properties, such that improving one target property negatively impacts the others. 
Despite the rapid development of molecular generative models, they have yet to consistently 
generate state-of-the-art molecules that extend beyond the Pareto front of the training data, to 
the best of our knowledge. Specifically, across two molecular design benchmarks for organic 
photovoltaic molecules, none of the eight generative models produced novel molecules that 
significantly outperformed known molecules in the training set.22,23 Similarly, prior work has 
shown that Bayesian optimization-based molecule generation fails to generate valid molecules 
when the generated molecules are located far from the training molecules in latent space.24 
Although this can be mitigated by constraining the generative model to only sample regions of 
chemical space that are well represented by the training data,24,25 constraining the generative 
model in this way will prevent discovering exciting molecules in new and unexpected regions of 
chemical space. 
 
We propose that the limited ability of molecular generative models to generate Pareto optimal 
molecules arises not from the molecule generator itself, but from the property prediction 
model’s failure to generalize reliably to new regions of chemical space. By design, it is the job of 
the generative model to generate out-of-distribution molecules that have properties that 
extend beyond what is present in the training data. However, a fundamental principle of 
regression models, including the property prediction model that guides the molecular 
generation, is that they will not extrapolate well beyond their training data.26,27 If the property 
prediction model that is guiding the molecular generation cannot generalize to out-of-
distribution molecules, we propose that the molecular generation model will also fail to 
generate molecules with properties exceeding that of the training data (Figure 1a). An 
alternative approach to overcome the limited extrapolative capabilities of regression models is 
to omit property prediction models entirely and run physical simulations on all generated 
molecules to directly obtain their properties. Although this approach may be possible for some 
simple properties, it is prohibitively computationally expensive in general.   
 
Existing molecular generative models also struggle to generate molecules that can be 
experimentally synthesized.28 Previous attempts to incorporate synthesizability constraints into 
molecular generation have explored the incorporation of synthesizability scores (such as 
SAScore or SCScore)29,30 or the use of computer-assisted synthesis planning (CASP) tools into the 
molecule generation process.31–33 Although CASP tools that predict a complete retrosynthesis 
pathway are typically too computationally expensive to use within a generative model, recent 
generative workflows have incorporated synthesizability scores34,35 or enforce a strict oracle 
budget of only generating 1000 molecules.28,36 Generally, all synthesizability scores are hindered 
by the limited range of known molecules that they are trained on.29,30,37 This is likely to limit the 



discovery of new chemical moieties since the generation process will be biased towards 
domains of already known chemistry. 
 
Several recent works have highlighted the acceleration in materials discovery that can be 
achieved through the development of closed-loop, active-learning workflows that couple 
expensive physical simulations with machine learning.38–40 In the context of material discovery, 
we here adopt the definition of active learning from Bilodeau et al. as “an experimental strategy 
that involves iteratively selecting new experiments to perform with the goal of minimizing the 
cost of acquiring training data while simultaneously maximizing the accuracy of the machine 
learned model”. Although these prior works highlight active learning’s acceleration in molecular 
discovery, the improvement in the ability of the entire generative model pipeline to generate 
molecules that extend the known Pareto front have yet to be explored.  
 
In this work, we show that a simple way to enable molecular generative design models to 
generate molecules beyond their training distribution is to couple generative modeling with a 
closed-loop, iterative retraining process using high-throughput quantum-chemical simulations. 
Within our active learning pipeline, new molecules suggested by the generative model have 
their properties and stability verified by accurate density functional theory (DFT) simulations. 
We emphasize that our active learning approach does not rely on uncertainty quantification. 
Rather, it can be best described as employing diversity-based sampling in the molecular 
property space to select new molecules for verification with DFT simulations.  The results of 
these ab-initio simulations are then used to retrain the property prediction models, such that 
properties of molecular candidates in new regions of chemical space are verified and errors in 
the property prediction models are self-corrected. By focusing on how the generated molecular 
candidates improve the generalizability of the property prediction surrogate model, we thereby 
elucidate how active learning enables exploration in regions of chemical space not seen in the 
original training dataset. 
Our work results in three main contributions: 

i) We show that including active learning on quantum simulations in closed-loop 
molecular generation outperforms existing molecule generative tools both in terms 
of generating molecules with superior properties, as well as generating Pareto-
efficient molecules with high consistency. Among all tested generative models, the 
ability to generate molecules that advance the known Pareto front in a multi-
property molecule optimization task was only achieved through the inclusion of 
active learning.  

ii) We show that a key failure mode of existing generative models is that their property 
prediction models fail to generalize to regions of new chemical space not seen in 
training. We find that iterative active learning in the new chemical space is a 
powerful strategy for improving predictive performance, resulting in up to a 19x 
reduction in the property prediction RMSE on the generated molecules. Of particular 
interest to generative modeling, we show that retraining the property prediction 
model improves its precision for identifying top-performing molecules from 7% to 
86%. 



iii) We also show that conditioning the molecular generative model on the 
thermodynamic stability data from prior DFT-relaxed generated molecules greatly 
improves the fraction of stable generated molecules. To accomplish this, we train a 
molecule graph neural network classifier to filter out unstable generated molecules, 
which improves the fraction of stable generated molecules to be 3.5x higher than 
the next best generative model. 

 

Results 
Computational Pipeline Overview 
To evaluate the importance of active learning for real-world molecule discovery tasks, we focus 
on the maximization of two molecular properties: density (𝜌) and solid heat of formation (Δ𝐻𝑓,𝑠) 

due to their relevance in a wide range of molecular applications.41–44 Our initial dataset consists 
of 10,206 known molecules previously collected from the Cambridge Structural Database (CSD), 
which we hereafter refer to as the ‘10k Dataset’.42 This 10k Dataset represents all known 
molecules in the CSD that only contain carbon, hydrogen, oxygen and nitrogen atoms, and 
contain at least one nitrogen-oxygen bond. 
 
Existing property-constrained molecular generative modules typically consist of two main 
components: a molecular generative model and a property prediction model.13 The molecular 
generative model outputs molecular structures, whereas the property prediction model 
evaluates the properties of the generated molecules. The outputs of the property prediction 
model evaluations are then fed back into the molecular generative model to steer the 
generative model towards promising molecular candidates. This standard framework has two 
notable limitations. First, there is no explicit check to ensure that the generated molecules are 
synthesizable. Second, since the property prediction model is guiding the molecular generation, 
any misclassifications made by this property prediction model will push molecular generation 
towards unfruitful regions of chemical space without any method for self-correction. 
 
In this work, we build upon this standard molecular generation workflow by including a third 
component: a DFT pipeline for validating molecular properties and stability that is included in an 
active learning fashion (Figure 1). Specifically, after a batch of new molecules is generated, the 
DFT pipeline determines the relaxed 3D geometry of the molecule, the molecule’s 𝜌, Δ𝐻𝑓,𝑠, and 

its stability. Then, these molecules and their corresponding properties are used to retrain three 
separate Message-Passing Neural Network (MPNN) models: one for 𝜌, Δ𝐻𝑓,𝑠, and a stability 

classifier, that we hereafter call the Stability-Prediction MPNN model. This Stability-Prediction 
MPNN is trained on all previous DFT relaxations, where the thermodynamically stable/unstable 
molecules are treated as positive/negative examples, respectively. Notably, this active-learning 
loop ensures that the molecules proposed by the generative model are immediately validated 
by DFT for thermodynamic stability. Additionally, any misclassifications made by the property 
prediction models are self-corrected by the DFT-calculated property values, thereby improving 
the performance of the MPNN models in new chemical space. Overall, our molecular generation 
workflow is analogous to the approach of Loeffler et al., whereby the binding free energy 



molecular dynamics simulations in that work are replaced by our DFT pipeline for predicting the 
molecule’s 𝜌 and Δ𝐻𝑓,𝑠.45 

 
We use the JANUS genetic algorithm as the molecular generative model due to its recent state-
of-the-art performance across multiple inverse design benchmarks.17 JANUS maintains two 
fixed-size populations of molecules: an exploration population that broadly searches chemical 
space and an exploitation population that finetunes within regions of chemical space with high 
scoring molecules (Methods). All generated molecules are evaluated by a multi-property 
optimization score (Methods, Equation 2). 
 

Active Learning Procedure 
For all molecules in the 10k Dataset, we calculate both 𝜌 and Δ𝐻𝑓,𝑠 with DFT. Then, we train 

MPNN models on the DFT-calculated 𝜌 and Δ𝐻𝑓,𝑠 values of the 10k Dataset. Following this 

initialization, we perform four total iterations of active learning, as summarized in Table 3 
(Methods). After each iteration, we retrain the MPNN prediction models on the DFT-calculated 
𝜌 and Δ𝐻𝑓,𝑠 values of all molecules generated in all previous iterations, as well as the 10k 

Dataset. We denote a MPNN model as MPNNx to refer to the MPNN model that was trained on 
the 10k Dataset plus the first X Iterations of generated molecules. During the first three 
iterations, we improve molecules’ chemical diversity by randomly sampling molecules with both 
high and low property values to validate with DFT. We show in Figures S18-S19 that this random 
sampling of generated molecules leads to improved MPNN performance, when compared to 
sampling based on chemical diversity or top molecule properties. In the fourth and final 
iteration, we only select the 500 molecules with the highest MPNN-predicted 𝜌 and Δ𝐻𝑓,𝑠 for 

DFT evaluation. As a result, we describe our active learning sampling approach as diversity-
sampling in the property space, rather than an approach based on model uncertainties. The 
Stability-Prediction MPNN is used in the fourth iteration to guide the molecular generation 
towards thermodynamically stable generated molecules (see Methods). 
 

Active-Learning Enables Generation of Molecules that Advance the Known 
Pareto Front  
We benchmark the performance of molecular generation with active learning by comparing its 
results with screening all molecules in the 10k Dataset, as well as two state-of-the-art molecule 
generative models (JANUS and REINVENT). Notably, REINVENT was recently the best-performing 
molecule generation algorithm across 25 different molecule generation methods.46 The 
comparison to JANUS without active learning serves as an important ablation study to 
understand how the inclusion of active learning improves generative model performance.   
 
We evaluate the molecular models according to several evaluation criteria defined in Table 1. 
Notably, the % state-of-the-art (SOTA) molecules metric allows us to quantify the ability of 
generative models to consistently generate molecules that advance the Pareto front of 
molecules seen in training, which is the main draw of molecular generative models. Consistent 
with recent benchmarking showing that current molecular generative models fail to advance 



the Pareto front with a limited oracle budget, we limit all models to only generate 500 
molecules for DFT evaluation.46 
 
Table 1. Comparison of molecule design methods for the optimization of molecular density and 
heat of formation. Best performing approach is bolded. 

Approach Valid Top 
DFT 

𝜌 
(g/cc) 

Top DFT 
Δ𝐻𝑓,𝑠 

(kcal/mol) 

Top 
Multi-

Property 
Scorea 

% DFT 
Stable 

Moleculesb 

% Top 
Moleculesc 

% SOTA 
Moleculesd 

Training 
Dataset 

Screening 

1.00 1.963 387 4.80 100% 
 

- - 

Generative Models 

JANUS  1.00 1.816 290 3.56 6% 
(31/500) 

0% 
(0/500) 

0% 
(0/500) 

REINVENT w/ 
MPNN0 

1.00 1.901 417 4.48 6% 
(30/500) 

4% 
(20/500) 

2.40% 
(12/500) 

JANUS w/ 
Active Learning 

(this work) 

1.00 2.014 405 5.24 22% 
(108/500) 

10% 
(52/500) 

3.40% 
(17/500) 

a Multi-property score is evaluated according to Equation 1 (see Methods). 
b We define DFT stable molecules as those that the ground state geometry was successfully 
optimized, the molecular connectivity did not change during molecular relaxation, and the 
vibrational analysis of the relaxed molecule structure does not contain any negative vibrational 
modes. 
c Top molecules are defined as stable molecules that have both a DFT-calculated 𝜌 and Δ𝐻𝑓,𝑠 

that is three standard deviations above the training data 
d SOTA molecules are defined as stable molecules that exceed the Pareto front of molecules in 
the 10k Dataset in terms of their 𝜌 and Δ𝐻𝑓,𝑠values. 

 
Table 1 highlights the importance of active learning for generating molecules with significantly 
improved properties compared to existing generative models without active learning. Notably, 
neither of the two benchmark generative models were able to improve upon the best multi-
property score (Equation 1) of the training data (4.80), whereas the inclusion of active learning 
resulted in a top molecule score of 5.24. Similarly, neither of the two benchmark generative 
models were able to generate molecules with DFT density values larger than the highest density 
molecule within our 10k dataset (1.963g/cc). However, JANUS with active learning generated 
molecules with densities exceeding 2g/cc. These results empirically establish the improvement 
in generating molecules with optimal properties due to the inclusion of active learning in the 
generative model pipeline. Interestingly, across all metrics in Table 1, a larger performance 
improvement is achieved by adding active learning to JANUS than by using a more performant 
generative model (REINVENT). As a result, we find that augmenting molecular generative 
models with active learning may have a larger impact on constrained molecule generation 



performance than the development of new molecule generation methodology. As an additional 
ablation experiment, we also used REINVENT to generate high 𝜌 and Δ𝐻𝑓,𝑠 molecules without 

using active learning, but using either 𝑀𝑃𝑁𝑁0 or 𝑀𝑃𝑁𝑁3 as the property prediction model 
(Table S1). We find that using the 𝑀𝑃𝑁𝑁3 model improves the average performance of 
REINVENT, but not its ability to generate molecules that advance the Pareto front. This finding 
helps to underscore the main conclusion of our work that it is only through multiple rounds of 
iterative retraining (i.e. active learning) that the generation of new Pareto optimal molecules is 
possible. 
 
JANUS with active learning also generates a 3.5x higher proportion of stable molecules than 
both JANUS and REINVENT. The 3.5x higher rate of stable molecule generation is due to the 
inclusion of the Stability-Prediction MPNN that learns to identify molecules that were previously 
determined to be unstable according to DFT (Figure 5). Altogether, we find that active-learning 
improves the sample efficiency by generating a higher proportion of both stable and top-
performing molecules. 
 

Property Prediction Models Fail to Extrapolate in Chemical and Property Space 

The results in Table 1 highlight our key finding that generative models without active learning 
struggle to consistently generate Pareto optimal molecules. In Figure 3a-b, we visualize how the 
molecules in the 10k Dataset (known molecules) differ from the generated molecules in the 
active learning process. Figure 3a qualitatively shows that the generated molecules reside in a 
significantly different region of chemical space than the 10k Dataset (also see Table S2, Figure 
S13). We quantify this result in Figure 3b by showing that the minimum distance in chemical 
space between generated molecules and known molecules in the 10k Dataset is significantly 
larger than the nearest distance between molecules within the 10k Dataset. Furthermore, 
Figure 3b shows that the error between the MPNN0 predicted density of the molecule and the 
DFT-calculated density is only small (<0.1 g/cc) when there are similar enough molecules in the 
training set (specifically, when the Euclidean distance is less than 30 (arbitrary units)). This result 
elucidates why including active learning in generative modeling loops is necessary for 
generating molecules that advance the Pareto front. By continuously retraining the MPNN on 
molecules from new regions of chemical space, the performance of the MPNN model improves 
by ensuring that sufficiently similar molecules are present in the training data.  
 
In Figure 3c, we show that the MPNN0 model (without active learning) performs well at 
predicting 𝜌 and Δ𝐻𝑓,𝑠 for the known test molecules in the 10k Dataset (test RMSE=0.008g/cc 

and 17kcal/mol, respectively), but fails at predicting the DFT-calculated 𝜌 and Δ𝐻𝑓,𝑠 values of 

the generated molecules. The resulting prediction error is between 3-11x larger for Δ𝐻𝑓,𝑠 and 

11-19x larger for 𝜌 (Figure 3c) compared to the performance on the 10k Dataset test set 
molecules (Figure 3). We also find that the MPNN0 model exhibits significantly worse predictive 
performance for property values that differ significantly from the numerical values seen in 
training (Figure 4b,c). Taken together, these results show that the MPNN0 model struggles to 
make robust predictions when extrapolating either in chemical space or property space. It is 
important to note that this poor extrapolation performance is not limited to just the MPNN 



model. In Figure S12, we also explore the predictive performance of other property prediction 
models including deep ensemble MPNNs, utilizing larger training sets and state-of-the-art 
chemical foundation models. All models, none of which use active learning, show poor 
extrapolation performance. 
 

Active Learning Improves Property Prediction Models in New Chemical Space 
In Figure 4a, we show how the property prediction performance of the MPNN model 
dramatically improves with subsequent iterations of active learning. After three iterations of 
active learning, the Δ𝐻𝑓,𝑠 prediction RMSE reduces by 83% (from 110kcal/mol to 19kcal/mol) 

and the 𝜌 prediction RMSE reduces by 75% (from 0.092g/cc to 0.023g/cc), when evaluated on 
hold-out test molecules from across the entire active learning run. Detailed parity plots are 
provided in the Supporting Information (Figures S2-11). Notably, for both 𝜌 and Δ𝐻𝑓,𝑠 

predictions, the test performance achieved by the MPNN3 models on the generated molecules 
is comparable to the test performance on the 10k Dataset– indicating successful generalization 
to the new chemical space (Figure 4a). With active learning, the MPNN3 model achieves a 𝜌 
prediction error that is 5x lower than the next-best model, MoLFormer, and a Δ𝐻𝑓,𝑠 prediction 

error that is 3x lower than MoLFormer (Figure S12).  
 
Understanding how well the MPNN classifies molecules with high 𝜌 and/or Δ𝐻𝑓,𝑠 also elucidates 

generative model performance since molecular generation is based on the principle that high-
scoring molecules will be propagated for further exploration and refinement. The MPNN0 model 
(without active learning) performs extremely poorly at identifying both generated molecules 
with high 𝜌 (23% precision)  and Δ𝐻𝑓,𝑠 (14% precision) (Figures S6 and S11). This problem is 

exacerbated in the multi-property setting where the MPNN0 model identifies molecules that 
have both high Δ𝐻𝑓,𝑠 and 𝜌 with a precision of only 7% (Figure 4a). We show that retraining 

MPNNs through active learning directly addresses this problem- improving their precision for 
identifying top performing molecules from 23% to 77% for 𝜌 (Figure S6), from 14% to 81% for 
Δ𝐻𝑓,𝑠 (Figure S11), and from 7% to 86% for the multi-property setting (Figure 4a). Importantly, 

we find that active learning greatly improves the precision for identifying top-performing 
molecules, whereas the recall remains consistently high (Figure 4a). Interestingly, even without 
active learning, all models do well to correctly recall top molecules. On the other hand, the 
models trained without active learning have not been exposed to a diverse enough range of 
high 𝜌 and/or Δ𝐻𝑓,𝑠 molecules, leading to a high rate of false positive predictions. As the models 

are iteratively retrained, they gain a more precise decision boundary for understanding what 
specific chemical structures lead to high Δ𝐻𝑓,𝑠 and 𝜌 molecules, thereby improving model 

precision. 
 
We also visualize how the MPNN prediction errors correlate with the numerical property values 
(Figure 4b,c). Whereas the prediction error of the MPNN0 model (without active learning) 
dramatically increases for molecules with larger values of both 𝜌 and Δ𝐻𝑓,𝑠, the MPNN3 model 

trained with active learning shows low prediction error across all property values. As seen in 
Figure 4b-c, the training data distribution after three iterations of active learning has provided 



sufficiently more examples of high 𝜌 and Δ𝐻𝑓,𝑠 molecules, resulting in strong generalization 

across molecules of any property value. 
 

Active Learning Improves the Stability of Generated Molecules 
One of the most important criteria for molecule generation is that the generated molecules 
must be synthesizable. Although DFT calculations cannot definitively predict if a material is 
synthesizable, synthesized molecules can be expected to be thermodynamically stable by DFT. 
Among the 10K Dataset of known, synthesized molecules, 99.6% were found to be DFT stable, 
indicating that DFT stability is a necessary condition for molecule discovery. As shown in Figure 
5a-b, the use of the SAScore has limited utility in discriminating between thermodynamically 
stable and unstable generated molecules. Using the recommended SAScore cutoff of SAScore<6 
to identify synthesizable molecules would result in only 14% of the molecules being 
thermodynamically stable, which is only marginally better than the random guessing baseline of 
13%. 
 
Within our active learning pipeline, we address these shortcomings by training the Stability-
Prediction MPNN to steer the molecular generation process towards thermodynamically stable 
and novel molecules. The Stability-Prediction MPNN achieves a classification AUC of 0.971 at 
identifying generated molecules that will be unstable according to DFT. In Figure 4c, we 
compare the fraction of stable generated molecules with REINVENT and JANUS. When active 
learning is included we generated 110 stable molecules- a 3.5x improvement in the rate of 
stable molecule generation. As an additional ablation experiment, we also generate 500 
molecules with retrained MPNN predictors of 𝜌 and Δ𝐻𝑓,𝑠 (MPNN3), but without the use of the 

Stability-Prediction MPNN. Under this setting, only 0.4% of the generated molecules were 
stable, further highlighting the importance of including thermodynamic stability constraints in 
molecule generation. 
 
We have also performed an ablation experiment where we explore how including various 
synthesizability scores in the scoring function of the generative model impacts the 
synthesizability of the generated molecules. Specifically, we explore three experimental settings, 
i) a baseline where we do not include any synthesizability constraints in the scoring function, ii) 
including SAScore and iii) using our DFT Stability MPNN (our approach). 
 
Table 2. Comparison of generative model performance when various synthesizability constraints 
are included in the scoring function. Best performing generative approach is bolded for each 
metric. Additional experimental details are provided in the Methods section. Distributions of 
the SAScore and RAScores of the generated molecules are provided in Figure S14-15. Additional 
chemical diversity metrics are provided in Table S3. 

Synthesizability 
Metric Used in 

Scoring Function 

Top 
MPNN3 

Density 
(g/cc) 

Top 
MPNN3 

ΔHf,s 
(kcal/mol) 

Top 
MPNN3 

Multi-
Property 

Score 

% 
Synthesizable 

(SAScore) 

% 
Synthesizable 

(RAScore) 

% DFT 
Stable 

(Stability 
MPNN) 



None 2.06 644 6.58 2/500 236/500 0/500 

SAScore 
(Equation 3) 

1.98 469 4.98 321/500 196/500 103/500 

DFT Stability 
MPNN  

(this work) 

2.03 525 5.47 128/500 277/500 500/500 

 
As shown in Table 2, we find that there is a trade-off between synthesizability and how far in 
property space the generative models can extend. When no synthesizability constraint is added 
into the scoring function, we find that JANUS is able to generate molecules with much higher 
density and ΔHf,s values, as predicted by the MPNN3  model. However, without enforcing any 
synthesizability constraints, very few of the generated molecules are predicted to be 
synthesizable. Table 2 also highlights how our inclusion of the DFT Stability MPNN in the scoring 
function improves both the properties of the generated molecules and their predicted 
synthesizabilities, compared to including SAScore in the scoring function. Unsurprisingly, the 
generative models produce molecules that maximize the synthesizability metric that was 
directly used in the scoring function. To evaluate molecule synthesizability against a metric not 
used explicitly in the scoring function, we also calculate the RAScore of the generated 
molecules. RAScore is a machine learning classifier model that has been trained on the 

outcomes from the AiZynthFinder CASP tool.37,48 Notably, even though none of the models 
directly included RAScore in the scoring function, our approach of using the DFT Stability MPNN 
produces the highest fraction of synthesizable molecules according to RAScore. Although no 
approach achieves perfect synthesizability, Table 2 highlights the main contributions of our work 
that our active learning approach generates molecules with properties that extend beyond the 
training distribution, while also improving the synthesizability of the generated molecules over 
baseline generative models. 
 

Discussion 
In this work, we showed that including active learning in molecule generation pipelines vastly 
improves the performance of the generative model to generate Pareto optimal, stable  
molecules (Figure 2). Although there has recently been a massive surge in the development of 
new methodology for molecular generation, our experiments suggest that improving the 
generalization performance of property prediction models may be even more important for 
generating novel molecules with state-of-the-art properties. We propose as a best-practice for 
the field of molecular generative modeling that all generated molecules should necessarily be 
validated through physics-based simulations (such as density functional theory). Since property 
prediction models do not extrapolate well, reported molecular properties based only on 
property prediction model predictions alone are likely to be greatly overestimated. 
 
We note that we did not leverage any advanced sampling techniques for determining which 
molecules will be selected for DFT validation, underscoring the importance of active learning. 
Nevertheless, we anticipate that sampling molecules based on Bayesian optimization could 
greatly reduce the number of DFT calculations required.49 Similarly, further refinement in the 



number of active learning iterations and number of molecules generated per active learning 
iteration is likely to reduce the number of DFT calculations required to get comparable 
performance. Finally, although some molecular properties cannot be simulated rapidly, we 
anticipate that even a relatively small number of collected molecular property data points could 
improve the property prediction model generalization performance. 
 

Methods 
Message-Passing Neural Network 
All message-passing neural network (MPNN) models were implemented in the Chemprop 
package Version 1.4.1.1,50 This code is available at https://github.com/chemprop/chemprop. 
Unless otherwise specified, we train all MPNN models on a 80/10/10 train/validation/test split 
with 5-fold cross validation. For all experiments, we use all default model hyperparameters. All 
models are trained for 50 epochs and the final model weights for each fold are taken from the 
epoch that achieved the lowest RMSE on the validation set. 
 
After each iteration of active learning, the MPNNs are re-trained on the molecules that were 
passed through the DFT calculations. For predicting 𝜌 and  Δ𝐻𝑓,𝑠, we only retrain the MPNNs on 

the 10k Dataset and all generated molecules determined to be thermodynamically stable. The 
Stability-Prediction MPNN model is trained to classify between the stable/unstable molecules 
from the first three iterations of active learning.  

 
JANUS Genetic Algorithm 
Within the exploration population, new molecules are obtained by performing mutations (using 
the STONED algorithm51 to perform character deletions, additions, and replacements of the 
molecules’ SELFIES string52) and crossovers (forming a path between the SELFIES string of two 
parent molecules in the population and selecting the child molecule along the path that 
maximizes the joint similarity with both parents). Then, only the molecules with the highest 
score on the scoring function are propagated to the next generation. Within the exploitation 
population, new molecules are obtained only by performing mutations. The molecules to be 
propagated to the next generation are selected based on having high similarity to the parent 
molecules. Finally, the two populations exchange several high-scoring molecules to facilitate 
both exploitation and exploration of regions of chemical space with promising candidates. 
 
Generated molecules are evaluated by a multi-property optimization score:  

𝑀𝑢𝑙𝑡𝑖 − 𝑃𝑟𝑜𝑝𝑒𝑟𝑡𝑦 𝑆𝑐𝑜𝑟𝑒 = (𝑧Δ𝐻𝑓,𝑠
) + (𝑧𝜌)    (1) 

Where 𝑧Δ𝐻𝑓,𝑠
 is the standard score (z-score) of the molecule’s solid heat of formation, and 𝑧𝜌 is 

the standard score (z-score) of the molecule’s density. The mean and standard deviation in the 
standard score are calculated from the 10k Dataset of known molecules and their DFT-
calculated Δ𝐻𝑓,𝑠 and 𝜌. Thus, the multi-property optimization score can be intuitively 

interpreted as the number of standard deviations by which the target molecule’s predicted 
properties exceeds that of the average molecule in the training data, aggregated across all 
properties. For example, a molecule with a 𝜌 value 1.2 standard deviations above the training 

https://github.com/chemprop/chemprop


data and  Δ𝐻𝑓,𝑠 value 1.5 standard deviations above the training data would have a score of 

2.7.  
 
The full objective score that is directly used to guide the generation of JANUS is then given by:  

𝐹𝑢𝑙𝑙 𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑆𝑐𝑜𝑟𝑒 = 𝑋[𝜎(𝑧𝐻𝑜𝐹) + 𝜎(𝑧𝐷𝑒𝑛𝑠𝑖𝑡𝑦)]    (2) 

 
Where 𝜎 is the sigmoid function. In practice, this sigmoid function limits the contribution of 
each property value to have a maximum value of 1, which is necessary to prevent the 
molecular generation from being dominated by exceedingly large z-scores arising from 
erroneously large MPNN predicted property values. Finally, X acts to enforce chemical 
structure constraints by taking on a value of 1 if the molecule meets both the constraints: the 
molecule only contains C, H, O, and N atoms, and the molecule has a net-zero oxidation state. 
If both these criteria are not met, X has a value of 0. In only the 4th iteration of active learning, 
we expand X to include the third criteria that the molecule must be predicted to be stable by 
the Stability-Prediction MPNN.  
 
As a comparison of our model (using the DFT Stability MPNN as in Equation 2) against using 
SAScore in the scoring function, we perform an additional round of molecular generation with 
JANUS with the objective score (Table 2): 

Objective Score = [σ(zHoF) + σ(zDensity) + σ(zSAScore)]                 (3) 

 
Where we normalize the nominal SAScore range of 1(synthesizable) to 10 (not-synthesizable) to 
instead range from 0 (not-synthesizable) to 1(synthesizable). In Table 2, We evaluate molecule 
synthesizability by three metrics to get a more complete picture of synthesizability. For each 
generated molecule, we classify their synthesizability by SAScore (synthesizable if SAScore<6), 
RAScore (synthesizable if RAScore>0.5) and our DFT Stability MPNN (synthesizable if 
output>0.5). 
 
The JANUS genetic algorithm is adopted from the code is available at 
https://github.com/aspuru-guzik-group/JANUS.17 We run JANUS for 200 generations, a 
generation size of 500, and exchange 5 molecules between the exploitation and exploration 
populations. Molecules are scored according to the Full Objective Score, detailed below in 
Equation 2. After running for 200 generations, all generated molecules are collected and filtered 
to remove any duplicates, molecules with a non-zero formal charge, or molecules that contain 
atoms other than C,H,N, and O. For active-learning iterations #1-3, we sample molecules from 
this filtered list for DFT validation, resulting in 980, 2,433, and 48,039 sampled molecules in 
these first 3 iterations, respectively. The number of sampled molecules in each iteration was 
chosen based on the availability of computational resources for DFT. For both iteration #4 and 
JANUS (without active-learning), all generated molecules are collected and filtered as before (to 
remove any duplicates, molecules with a non-zero formal charge, or molecules that contain 
atoms other than C,H,N, and O). From this list of filtered molecules, the top 500 molecules to be 
used for DFT evaluation are determined according to Equation 2. For JANUS with active-learning 
only, the MPNNs used in calculating the Full Objective Score are re-trained on the DFT-



calculated Δ𝐻𝑓,𝑠 and 𝜌 values from all previous iterations and the 10k Dataset. These re-trained 

MPNNs are trained with 5-fold cross validation and ensembled across all 5 folds to predict the 
Δ𝐻𝑓,𝑠 and 𝜌 values.  

 
Table 3. Overview of Active Learning Molecule Generation Process 

 # Generated 
Molecules 

# DFT Stable 
Molecules 

Property 
Prediction 
Model 

Uses 
Stability-
Prediction 
MPNN? 

DFT Molecule 
Selection 
Process 

Iteration #1 980 335 MPNN0 No Random 

Iteration #2 2,433 362 MPNN1 No Random 

Iteration #3 48,039 5,497 MPNN2 No Random 

Iteration #4 500 109 MPNN3 Yes Top 500 
Molecules 

 
 

REINVENT 
We perform all REINVENT experiments using the REINVENT v1.0.1 implementation provided in 
the Tartarus package.22,53 The code for this implementation is available at 
https://github.com/aspuru-guzik-group/Tartarus. REINVENT is initially pretrained using only the 
SMILES strings from the 10k dataset, and its vocabulary is derived solely from these strings. The 
scoring function used is the same as JANUS (Equation 2), where the molecular Δ𝐻𝑓,𝑠 and 𝜌 

values are obtained from the MPNN0 models, trained on the 10k Dataset. The SMILES 
vocabulary provided to REINVENT is also derived only from the 10k Dataset. The Stability-
Prediction MPNN is not used in molecular generation. The recurrent neural network pretraining 
was performed for up to 100 epochs with early stopping on an 80% train split of the 10k 
Dataset. The reinforcement learning agent was then trained with all default hyperparameters 
(3000 steps with a learning rate of 0.0005 and batch size of 64). 
 

High-Throughput Density Functional Theory Calculations 
We evaluate molecular properties with a high-throughput DFT pipeline (capable of processing 
thousands of molecules per day) developed within the AiiDA framework.54,55 Our high-
throughput DFT pipeline (capable of processing thousands of molecules per day) was performed 
with NWChem v7.0.2 and automated using the AiiDA framework for high-throughput 
simulations.54–56 Molecular conformations are first generated with RDKit and then optimized 
using the RDKit force fields. The lowest energy conformation is then used as a starting input for 
NWChem. Initially, the molecular geometry is relaxed with the B3LYP functional and 6-31G** 
basis set using tight convergence tolerances. This is then followed by an additional refined 
relaxation step with the 6-311++G(2d,2p) basis set. Molecules that could not be successfully 
relaxed into a stable molecular structure are considered to be unstable. Additionally, a 
connectivity matrix is created for the bonded atoms. If at any point during the structural 
optimization bonds are broken or created the molecule is considered to deviate from the 
originally provided SMILES string and discarded from the dataset. For all remaining stable 

https://github.com/aspuru-guzik-group/Tartarus


molecules, we then calculate the vibrational frequencies to ensure stable molecules. Molecules 
containing imaginary frequencies are then removed from the dataset. Finally, we use the 
methodology of Byrd and Rice for converting quantum mechanical molecular energies of gas 
molecules to condensed phase heats of formation.41 The agreement between these DFT-
calculated densities and experimentally measured densities are illustrated in Figure S1. 
 
As outlined by Byrd and Rice, to compute the heat of formation of a solid we apply Hess’s law 
which states 

∆𝐻𝑓(𝑠)
𝑜 = ∆𝐻𝑓(𝑔)

𝑜 − ∆𝐻𝑠𝑢𝑏 

where ∆𝐻𝑓(𝑠)
𝑜  is the heat of formation for a solid, ∆𝐻𝑓(𝑔)

𝑜  is the heat of formation for a gas, and 

∆𝐻𝑠𝑢𝑏  is the heat of sublimation. The heat of sublimation is 

∆𝐻𝑠𝑢𝑏 = 𝑎(SA) + 𝑏√𝜎𝑡𝑜𝑡
2 𝜈 + 𝑐 

where SA is the surface area at 10-3 electron/bohr3 isosurface of the electron density, 𝜎𝑡𝑜𝑡
2  is the 

variability of the electrostatic potential at the same isosurface, and 𝜈 is the balance between 
the positive and negative charges of the isosurface. The values of a, b, and c are calculated using 
a least-squares fit of ∆𝐻𝑠𝑢𝑏  using experimental values. The equations for computing 𝜎𝑡𝑜𝑡

2  and 𝜈 
are provided by Politzer et al..57 These values are computed using cube files of the electron 
density and electrostatic potential. A value of 10-3 electron/bohr3 is used for the isosurface on 
the electron density. These points are then mapped onto the electrostatic potential and used 
within the formulation of Byrd and Rice and Politzer et al..41,57 For the purposes of training the 
Stability-Prediction MPNN, any molecules for which a stable geometry could not be found or 
with imaginary frequencies are labelled as unstable molecules. 
 

Data Availability 
The molecules in the 10k Dataset and molecules generated in the first three iterations of active 
learning are provided in the Supporting Information, along with their DFT calculated solid heat 
of formation and density values. The 10k Dataset is also available at https://github.com/FLASK-
LLNL/LLNL-10k-Dataset. 
 

Code Availability 
The code for the JANUS and REINVENT generative models are available at 
https://github.com/aspuru-guzik-group/JANUS and https://github.com/aspuru-guzik-
group/Tartarus, respectively. The code for the Chemprop MPNN is available at 
https://github.com/chemprop/chemprop. 
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Figure 1. a) T-SNE visualization of the molecules generated in this work without active learning 
(left) and after four iterations of active learning (right). Generated molecules are colored by the 
absolute error between their DFT calculated density and their density predicted by a Message-
Passing Neural Network (MPNN) model. In the left case, the MPNN model is only trained on the 
10k Dataset, whereas the MPNN model in the right case is trained after three iterations of 
active learning, as described in Figure 1b. b) Pipeline for molecule generation with active 
learning. Starting from an initial dataset that spans the chemical search space of interest (10k 
Dataset), our pipeline iteratively follows the following cycle of steps. 1.) The molecular 
properties of interest (density and solid heat of formation) and the thermodynamic stability of 
all molecules are calculated with DFT. 2.) We train three separate MPNN models on all 
molecules that have been passed through the DFT calculations. Density (ρ) and solid heat of 
formation (ΔHf,s) MPNNs are trained as regression models only on values from stable 

molecules, whereas the Stability-Prediction MPNN model is trained to classify between DFT-
stable and DFT-unstable molecules. 3.) We generate new candidate molecules with the JANUS 
genetic algorithm, using the retrained MPNNs to evaluate the generated molecules (Equation 
2). Finally, these newly generated molecules are fed back into the DFT calculations to complete 
the active learning loop. 
 
Figure 2. Comparison of performance of molecular generation approaches. For all plots, 
generative models are limited to a DFT calculation limit (oracle budget) of 500 molecules. a) 
Histograms of generated molecule densities (left), solid heat of formations (middle) and multi-
property optimization of both density and heat of formation (right). In the multi-property 
setting, the Pareto front of the 10k Dataset is shown by the dotted line. All values are calculated 
with DFT. b) Number of generated molecules that have both high heat of formation and density 
values, defined as having a value three standard deviations above the mean of the training data. 
c) Number of stable molecules generated by each generative model. Molecule stability is 
determined by DFT. d) Single best multi-property optimization score achieved by each model. 
The multi-property score is defined by Equation 1 in the Methods section. 
 
Figure 3. Visualization of the molecules generated in the active learning process. a) t-distributed 
stochastic neighbor embedding (t-SNE) visualization of the 10k Dataset molecules (gray) and 
each iteration of active learning (colored). RDKit descriptors, as implemented in the DeepChem 
package,47 are used to featurize the molecules. b) The error between the MPNN0 predicted 
density of a test-set molecule and the DFT-calculated density of the molecule is plotted against 
the molecule’s similarity to molecules in the training dataset. Molecules’ similarity to the 
training dataset is quantified as the Tanimoto similarity between the RDKit fingerprints of each 
molecule and its nearest molecule in a 90% train split of the 10k Dataset. c) MPNN0 test RMSE 



for prediction ρ (left) and ΔHf,s (right) of molecules in the 10k Dataset (in-distribution) and the 
generated molecules from the four active learning iterations. Parity plots are provided in Figures 
S2-S11. In all cases, the MPNN0 model is evaluated on a 10% hold-out test set.  
 
 

 
 
Figure 4. a) Regression performance of MPNN models for predicting the density (left) and heat 
of formation (middle) of generated molecules as a function of active learning iteration. All 
models are evaluated against a hold-out test set consisting of 10% of the generated molecules 
from each active learning iteration. On the right, we plot classification performance of these 
MPNN models for identifying molecules with both high density and heat of formation (defined 
as three standard deviations above the 10k Dataset mean). b) The orange bars indicate the 
average absolute error for the MPNN model for molecules with predicted density values within 
subsequent 0.10g/cc density bins. For example, the first bar indicates that the average absolute 
error for molecules with predicted densities between 1.2-1.3g/cc is 0.019g/cc. The gray bars 
indicate the distribution of density values seen in the 10k Dataset (training distribution), 
normalized to give a maximum bar height equal to half the plot height. The number above each 
orange bar indicates the number of molecules included in each bin. c) Same as b) but for heat of 
formation predictions and with a bin size of 100kcal/mol. 
 
Figure 5. a) Distribution of Synthetic Accessibility Scores (SAScores) for all molecules generated 
throughout the active learning process. b) Examples of adversarial molecules- molecules with 
high synthetic accessibility scores that are not stable molecules according to DFT. c) Comparison 
of the number of thermodynamically stable generated molecules from three different 
generative approaches. All models are constrained to generate exactly 500 molecules. 
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