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Abstract

Generative AI holds immense promise for accelerating materials discovery. How-
ever, current AI models, often pre-trained on general chemical datasets, fail to
generalize to materials science due to divergent chemical spaces and unique prop-
erty constraints. In this work, we explore the transferability of knowledge from
existing generative AI solutions to the design of porous carbon materials for super-
capacitors. We evaluate the ability of open-source models to adhere to stringent
material-specific requirements, such as high porosity, electron conductivity, and
the potential of cyclization into solid frameworks. Furthermore, we investigate
the optimal transfer learning strategies, assessing the trade-offs between retrain-
ing, fine-tuning, and reinforcement learning. Preliminary experiments with the
REINVENT, MolMIM, and Mol-AIR generative models demonstrate that applying
fine-tuning and reinforcement learning increases the generation of valid candidate
molecules from at most 5.8% before transfer learning, up to 97.7% afterwards.
Critically, our findings reveal that measures commonly used for benchmarking
generative models in chemistry, such as validity, novelty, or uniqueness, are not
aligned with the true goals of de novo molecule generation for materials science.

1 Introduction

Generative artificial intelligence (AI) has significantly accelerated de novo chemical design for tasks
like inverse design [1–3], property prediction [4–6], and synthesis planning [7–9]. However, this
success, largely demonstrated in drug discovery [10, 11], has been difficult to replicate in materials
science [12]. This is because materials often exhibit specific structural properties, diverse bonding,
and symmetry restraints, which are not aptly represented in standard chemical generative AI [13].
Moreover, many new materials are developed using unique chemical structure design principles and
offer very limited experimental data for training predictive and generative models [14]. Consequently,
many regions of the chemical space related to materials science remain unexplored, and existing
methods fail to generalize beyond the subspace on which they were trained [15].

To address such shortcomings, transfer learning is often applied as an effective strategy for the
adjustment of solutions from one domain to another [16, 17]. While transfer learning is an established
machine learning technique, its application for transferring generative models from other chemical
domains to materials science remains largely unexplored [18, 19], with existing works limited to
fine-tuning LLMs for question-answering tasks [20].

In this work, we benchmark solutions known from drug design and evaluate the efficacy of transfer
learning methods to repurpose them for the discovery of novel electrocatalytic materials. We design
and conduct a comprehensive set of experiments tailored towards porous carbon structures (Figure 1A).
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Figure 1: (A) Schematic overview of the study. (B) An example of a substrate representation (top)
and a corresponding lattice node (bottom).

Specifically, we focus on three architectures (REINVENT [21], MolMIM [22], and Mol-AIR [23])
that either allow for pre-training, fine-tuning, or reinforcement learning, and generate molecules
that adhere to multiple constraints. We evaluate the generative models in different configurations
(e.g., with or without fine-tuning) to assess the trade-off between computational cost and model
performance. In particular, we focus on generating candidate substrates that should exhibit several
key properties important for supercapacitors, such as high porosity, large surface area, ability to create
solid, cyclic structures, and high electron conductivity [24, 25]. Our contribution lies in constituting
a practical and challenging testbed for the examined transfer learning methods, and analyzing the
requirements and metrics that should be applied to generative AI benchmarks in materials science.

2 Methods

2.1 Covalent Triazine Frameworks

In our experiments, we will focus on Covalent Triazine Frameworks (CTFs), which are porous carbon
materials that exhibit desirable properties from the perspective of supercapacitors [24]. CTFs are
meshes created from a repeatable small-molecule building block, which we will refer to as substrate.
However, certain properties of a candidate material, such as symmetry, can only be assessed by
analyzing a larger mesh fragment. Given the above, in addition to substrates, we will consider another
representation called lattice node, which is a part of a mesh, with the central "node" element, which
connects the substrates. Lattice nodes are usually a product of a chemical reaction, in which substrates
undergo pyrolysis, thus creating a large mesh. The lattice node representation used in our experiments
is an expert-extracted meaningful part of the final mesh. An example substrate and lattice node are
presented in Figure 1B.

2.2 Generative models

This study evaluated three generative models, which were selected based on the availability of open-
source code and weights, use of SMILES/SELFIES representation, and their capability to generate
molecules with specified properties.

REINVENT is a recurrent neural network (RNN) [26], more specifically a Gated Recurrent Unit
(GRU) that is trained on canonical SMILES [27] from the ChEMBL 25 dataset. Importantly, it
utilizes policy-based reinforcement learning (RL) [28] to optimize generated molecules towards
desired properties. Notably, REINVENT uses Kullback–Leibler (KL) divergence to keep molecules
generated by a reinforcement learning agent close to those generated by the prior [29].

MolMIM is a variational auto-encoder (VAE) [30] coupled with a mutual information machine
(MIM) [31] that aims at creating a well-structured latent space of molecules, in which similar
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molecules would constitute clusters. It was trained on a filtered subset of 730M instances from the
ZINC-15 dataset using SMILES representation.

Mol-AIR is an RL framework for target-aware molecule generation. It uses the ChEMBL 29
dataset with SELFIES [32] representation, and focuses on combining the strengths of various reward
strategies. It utilizes an LSTM-based [33] network for molecule generation, coupled with actor-critic
layers and a random distillation network [34] to learn better rewards.

3 Experimental setup

3.1 Transfer learning

The generative models benchmarked in this study employ a range of training strategies: all can
be pre-trained, MolMIM and REINVENT also support fine-tuning, and REINVENT and Mol-AIR
can be optimized using reinforcement learning. The three architectures were evaluated using a grid
of possible parametrizations, resulting in 30 settings, with each setting requiring the training of a
model. For example, REINVENT with and without fine-tuning will be considered two separate
settings. All information regarding data splits and processing is available in Appendix A.1. Moreover,
both REINVENT and Mol-AIR were trained using reinforcement learning algorithms specified in
respective publications, which requires a definition of a reward function to assess generated molecules.
In this study, we utilized a set of expert-defined criteria to quantify whether a molecule is a suitable
candidate or not, described in detail in Appendix A.2. Furthermore, if the reward function is too
difficult for a reinforcement learning algorithm to comprehend, e.g., due to some criteria being binary,
a policy collapse [35] can appear, meaning a model failed to train correctly and usually generates the
same few molecules over again. All details regarding the implementation of reinforcement learning,
mitigating the policy collapse, and other options, such as seed molecules, are further described in
Appendix A.3. The model implementation details are available in Appendix A.4.

3.2 Dataset and task

The datasets used in this paper can be grouped into two categories, namely pre-training and fine-
tuning data. Pre-training data consisted of publicly available, large databases of molecules, namely
ZINC-15 [36] and ChEMBL [37]. Fine-tuning data was a manually curated set of CTFs, encoded
as SMILES strings, from literature search and internal experiments. Consequently, a set of 103
CTFs was compiled by experts (both substrate and lattice node representations) and is available (see
Appendix A.4). Given the stringent material requirements and limited data available, the goal is to
apply transfer learning techniques such that sampled molecules will be novel, valid, and will exhibit
desired chemical and structural properties.

3.3 Metrics

The efficacy of the generative models is evaluated through a set of six metrics: validity, uniqueness,
internal diversity, Fréchet ChemNet Distance, novelty, and percentage of molecules passing custom
filters.

Validity is expressed as a percent of valid molecules sampled. Uniqueness is the percentage of
molecules without duplicates among the sampled data. Subsequently, internal diversity [38] is a
distance metric, which evaluates how dissimilar generated molecules are from each other based on
their Tanimoto similarity [39]. The Fréchet ChemNet Distance (FCD) [40] measures the distance
between distributions of real and generated molecules. Finally, novelty measures how well a model
discovers new molecules based on a reference dataset. In addition to the above five popular general-
purpose metrics, we report the percentage of generated molecules that pass the expert-provided filters,
including symmetry, flatness, patterns, conjugation, and steric hindrance (see Appendix A.2).

4 Results and discussion

To provide a comprehensive evaluation of the trained models, a sampling procedure was employed.
For each model configuration, the generative process was executed in ten independent repetitions to
compute the mean and standard deviation of the six evaluation metrics. Within a single repetition,
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REINVENT and Mol-AIR models generated 10,000 molecules per stage, whereas MolMIM sampled
100 molecules for each instance from the training dataset. Table 3 in Appendix A.5 presents a detailed
summary of the results.

Out of the six metrics used, the general-purpose measures showed very similar values for all configu-
rations (Table 3). Novelty was always over 99%, while validity and uniqueness were both usually
between 90-100%. Furthermore, internal diversity oscillated around 80-90% for the majority of
experiments, whereas FCD is not easily interpretable and correlated with uniqueness and novelty
(Figure 2) rather than providing additional insights. For the analyzed material structures (CTFs),
the most important aspects include structural and electrochemical properties. These properties were
encapsulated in the percentage of structures passing filters, therefore, we will focus on this measure
while attempting to answer research questions posed in this study (Figure 1A, RQ1–RQ4). We note
that in our experimental setup, we did not perform Density Functional Theory (DFT) calculations for
the energy of a system, as such information was deemed irrelevant to chemists working on CTFs.
We also note that we attempted to evaluate all three models on both substrates and lattice nodes.
However, only REINVENT was capable of handling both representations within the allotted training
time (either pre-training or RL training) of 72 hours on the NVIDIA A100 GPU used.
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Figure 2: Pearson correlation between values of evaluation metrics.

Pre-training on ChEMBL 35 usually improved the percentage of candidate molecules passing filters,
particularly for substrates (Figure 3). This is because ChEMBL 35 contains larger and more diverse
molecules than its previous versions and the ZINC dataset. The ZINC dataset was explicitly curated
for small molecules, thus, it is unsuitable for larger substrates and lattice nodes. Notably, pre-
training itself does not significantly outperform vanilla versions while being the most computationally
expensive method, to the point that Mol-AIR could not be pre-trained even on substrates in the allotted
time. Furthermore, fine-tuning always improved the results, but at the cost of decreasing uniqueness.
Interestingly, combined with pretraining REINVENT on ChEMBL35, fine-tuning (FT) alone was the
best strategy for the lattice node representation. As for reinforcement learning (RL), its application
always resulted in an increased percentage of molecules passing filters for substrates (Figure 3). On
the other hand, providing seed molecules unexpectedly slightly deteriorated the results in all but one
case (REINVENT (ChEMBL35) RL+seed), in which the increase was marginal. For lattice nodes,
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Figure 3: Percentage of molecules passing filters for (A) substrates and (B) lattice nodes. Notably,
Mol-AIR, unlike other models, was not designed to sample on a pre-trained prior and requires training
an RL agent; thus, there is no Mol-AIR entry for a non-transfer learning approach.

RL failed to outperform FT, and providing seed molecules similarly had almost no effect. Notably, as
seen in Figure 2, the passing filters metric did not correlate with other measures except for internal
diversity, with which it has a strong negative correlation. This negative correlation stems from the
fact that the diversity measure evaluates exploration capabilities, whereas the percentage of passing
filter focuses on the exploitation of a particular chemical subspace.

Given that transfer learning significantly improved the results for all models and both molecular
representations, we can conclude that it constitutes a viable path for generative materials discovery
(RQ1). As for the best transfer learning strategy (RQ2), reinforcement learning seems to be the most
potent approach. However, training of an RL agent is highly dependent on the reward calculation
and much more expensive than fine-tuning. Nevertheless, in our experiments, this was usually a
justified cost. As for the most useful training data (RQ3), we show that fine-tuning on a small dataset
is relatively cheap and improves results, whereas pre-training is not a must-have, but is also beneficial.
Lastly, we see a gap in metrics used for evaluating generative models for materials science (RQ4).
Common metrics for general-purpose molecular data can only indicate elementary problems with the
training process, whereas the usefulness of the generated molecules has to be evaluated separately
with well-defined material-specific criteria.

In summary, we have shown that most generative measures offer little knowledge about the true
capabilities of models, and that even a small dataset can significantly boost the number of promising
candidate molecules being generated. Apart from restating the main findings of this study, it is
worth listing its limitations. The choice of models focused on popular open-source, open-weights
models, and did not consider potentially newer closed models. Moreover, future studies could include
more diverse reward definitions, and our ongoing work focuses on novel generative approaches for
molecules with complex structural constraints, crucial for many materials.
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A Appendix

A.1 Data processing

ChEMBL 35 was used for pre-training of models in respective experiments, with 70%/20%/10%
train/validation/test splits. The custom dataset was split into train and validation sets with an 80%
and 20% ratio, respectively. The split was performed on both substrates and lattice nodes, such that a
substrate and corresponding lattice node are both in either the train or validation set.

Furthermore, each of the generative architectures imposes different criteria for molecules it accepts
and generates, based on the pre-training data. The most important aspects include the maximum
number of elements allowed, as expressed in the number of tokens in the SMILES or SELFIES string,
and the absence of certain tokens from the models’ vocabulary. Consequently, not all of the molecules
from the custom dataset could be used for fine-tuning or as a seed in reinforcement learning with the
exact amounts specified in the Table 1. Notably, pre-training on ChEMBL35 always increases the
number of custom molecules the model accepts; however, no configuration was capable of processing
all the experts’ data.
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Table 1: Number of custom molecules accepted by models in respective configurations.

Representation Model #training #testing

Substrate

REINVENT (vanilla) 65 19
REINVENT (ChEMBL 35) 72 20

MolMIM (vanilla) 72 18
MolMIM (ChEMBL 35) 80 20

Mol-AIR (vanilla) 45 12

Lattice node REINVENT (vanilla) 22 6
REINVENT (ChEMBL 35) 71 9

A.2 Experts’ criteria

Candidate molecules for supercapacitors must conform to multiple constraints to be considered
promising. In this study, chemical experts have defined a set of properties that can be applied to either
substrate, lattice node, or both representations.

A.2.1 Patterns

Certain patterns present in the substrate representation allow for cyclization with other substrates,
which leads to the creation of a mesh in the pyrolysis process. Consequently, a set of important
chemical patterns was defined by experts and implemented using RDKit and SMARTS.

In reinforcement learning reward calculation, the presence of any of the defined patterns is evaluated
as 1, while absence is scored as 0. What follows is that a molecule passes this criterion only if any
specified pattern is present.

A.2.2 Symmetry

Symmetry is an important aspect of a mesh, as it increases the stability of the resulting structure. For
this task, we approximate symmetry concerning C2, C3, and C4 groups using Continuous Symmetry
Measure (CSM) [41]. CSM returns a measure of distance required for a molecule to adjust to a
certain symmetry group, thus, the lower the better.

In reinforcement learning reward calculation, the CSM of the three symmetry groups of interest was
calculated for each molecule, and the lowest value of the three was picked. For reward calculation, we
map values into the continuous 0–1 range by using a scoring function that assigns a score between 0
and 1. A maximum score of 1.0 was assigned to values falling within an optimal range of CSM (0–5),
and for values outside this range, the score was penalized with an exponential decay proportional to
the distance from the optimal range boundaries. The optimal range was defined based on the CSM
values of the experts’ data, and a molecule passes this criterion if its CSM value falls within the
aforementioned interval.

A.2.3 Flatness

Flatness is important as flat substrates or meshes can stack onto each other and create a stable
structure. We evaluate flatness by fitting a plane onto a sampled molecule’s conformation using
a linear regression model and calculating the root mean squared error (RMSE) between atoms’
coordinates and a plane as a measure of flatness. Similarly to CSM values, we set a threshold at 6.0
based on the data, and then scale values to the 0-1 range using the same procedure. Similarly to CSM,
a molecule passes this filter if its flatness is below a 6.0 threshold.

A.2.4 Conjugation

Conjugation estimates whether a substrate or part of a mesh is capable of transferring electricity. We
check whether any path exists between any pair of nitrogen atoms, such that no two consecutive
single bonds are present, and if they are, whether an atom in the middle has a pair of lone electrons.
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Consequently, we assign a score of 1 and allow it to pass through the filter if a molecule is conjugated,
and the opposite otherwise.

A.2.5 Steric hindrance

Steric hindrance is a process in which the proximity of atoms in 3D space hinders chemical reactions.
We evaluate steric hindrance by calculating the most probable conformation using RDKit and checking
whether any two nitrogen atoms are closer than 4.1 Å. If that is the case, the molecule does not pass
the filter and receives a score of 0. In the opposite scenario, a score of 1 is assigned, and a molecule
is allowed through the filtering process.

A.3 Reinforcement learning setup

A.3.1 Reward function

For each representation, each criterion (as described in Appendix A.2) returns a score between 0
and 1, and these values are then averaged. This allows for using the RL algorithms if they support
only single-objective calculations. We differentiate the criteria used between substrate and lattice
node representations. Substrates are evaluated on patterns, flatness, conjugation, and steric hindrance.
Lattice nodes are evaluated on symmetry, flatness, conjugation, and steric hindrance. Moreover, both
representations are also evaluated using similarity to reference (training) molecules.

Importantly, if a criterion requires a given molecule’s conformation (e.g., to compute its flatness),
and no valid conformation could be obtained using RDKit, the criterion score was set to 0, and such a
molecule did not pass the respective filter.

A.3.2 Seed molecules

The evaluation of a reinforcement learning agent’s capabilities can be conducted in two distinct
variants. The first involves initializing the agent with a dataset of expert instances to facilitate the
learning process, which we will call "seed molecules". In contrast, the second paradigm assesses the
agent’s performance when trained without initialization with any pre-existing data. Consequently, we
evaluate the RL capabilities of both REINVENT and Mol-AIR with and without providing them with
seed molecules.

A.3.3 Policy collapse

In four of the trained configurations, specifically for REINVENT (ChEMBL 35) RL and FT+RL,
on both lattice node and substrate representations, a policy collapse was observed in the initial
experiments, which was indicated by uniqueness close to 0 and the percentage of molecules passing
filters being exactly 0. Furthermore, investigation of the training process showed that over time,
models focused on exploiting a narrow group of the same molecules more and more instead of
exploring the chemical space. To mitigate this effect, parameters of REINVENT’s reinforcement
learning algorithm were adjusted to penalize exploitation and reward exploration more, with exact
values described in Appendix A.4.

A.4 Model implementation details

All computations were conducted on a virtual machine with Ubuntu 22.04.5 LTS, AMD Epyc 7713
CPU, 1000 GB of RAM, and NVIDIA A100 GPU with 80 GB of VRAM. If not stated otherwise,
Python 3.12.0 was used along with PyTorch 2.5.1 [42], selfies 2.2.0, and RDKit 2025.3.5 [43].

REINVENT’s implementation was taken from the official repository under version 4.6. Conse-
quently, the Python environment used was the same as proposed in the repository. Furthermore,
MolMIM was evaluated using NVIDIA BioNeMo Framework, version 1.10.1, with the provided
environment. Lastly, Mol-AIR’s implementation was also based on the official repository, with the
Python environment described above.

The code, along with the data and the models, is available at the https://github.com/wtaisner/
battery-rangers.

10

https://github.com/MolecularAI/REINVENT4
https://docs.nvidia.com/bionemo-framework/1.10.1/models/molmim.html
https://github.com/DevSlem/Mol-AIR/tree/main
https://github.com/wtaisner/battery-rangers
https://github.com/wtaisner/battery-rangers


All experiments were run with respective parameters, depending on the configuration, as specified in
Table 2. For each trained model, sampling was repeated 10 times without a fixed random seed, such
that the mean and standard deviation of metrics could be reported. REINVENT and Mol-AIR were
tasked with sampling 10,000 molecules, whereas MolMIM sampled 100 molecules for each training
instance, as described in Table 1, thus, the number of generated substrates was 7,200 and 8,000 in
vanilla and ChEMBL35 setups, respectively.

Table 2: Knowledge transfer methods’ parameters. If not specified otherwise, parameters’ values
(e.g., learning rate) default to those proposed by the authors in their respective implementations. In
both pre-training and fine-tuning, models with the lowest validation loss were picked. At each stage
of transfer learning, the random seed was fixed for reproducibility. Entry "Reinforcement learning
(policy collapse)" was only applied to cases described in Appendix A.3.3.

Model Knowledge transfer method Parameters

REINVENT

Pre-training 500 epochs with batch size of 4096.

Fine-tuning 100 epochs with batch size of 16.

Reinforcement learning A minimum of 50 and a maximum of 200 steps. If
seed molecules were provided, then 10 samples were
randomly picked in each step, with a total of 100
being held in memory.

Reinforcement learning
(policy collapse)

A minimum of 50 and a maximum of 200 steps.
Learning rate of 0.00005 and sigma parameter of
256. The diversity filter was changed from Identical-
MurckoScaffold to PenalizeSameSmiles.

MolMIM Pre-training 10 epochs with a batch size of 256, maximum se-
quence length increased to 256.

Fine-tuning 200 steps with batch size determined automatically.

Mol-AIR Reinforcement learning 250000 training steps with batch size of 64. The
count-based intrinsic reward coefficient was set to
0.2.

A.5 Experimental results

Table 3 contains details from all experiments. Notably, results for lattice node representation are only
available for REINVENT in two variants, due to the large computational requirements. To reiterate,
both REINVENT and Mol-AIR can sample de novo, while MolMIM requires a seed molecule, for
which it decodes similar molecules. All metrics except for the percentage of passing filters score
very similarly across all configurations and representations, with Mol-AIR having a 100% validity by
design through the SELFIES molecule representation.
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Table 3: Mean values and standard deviations (in parentheses, in units of the last significant digit of
the mean value) of performance metrics calculated for the three analyzed generative models with
different transfer learning.

Repr. Model Transfer Valid ↑ Unique ↑ Diverse ↑ FCD ↓ Novel ↑ Passing
learning [%] [%] [%] [%] filters ↑ [%]

Su
bs

tr
at

e

R
E

IN
V

E
N

T
(v

an
ill

a)

None 98.3(2) 100.0(0) 87.8(0) 51.0(1) 100.0(0) 0.5(0)
FT 93.6(2) 25.1(3) 85.2(1) 25.0(3) 99.9(0) 15.4(8)
RL 97.5(2) 99.8(1) 82.9(1) 46.0(1) 100.0(0) 60.1(6)
RL+seed 97.8(1) 99.5(1) 83.5(1) 44.3(1) 100.0(0) 56.9(7)
FT+RL 97.1(2) 90.5(1) 79.2(1) 38.1(1) 100.0(0) 77.1(3)
FT+RL+seed 96.8(2) 95.0(3) 80.2(1) 35.3(2) 100.0(0) 67.6(4)

R
E

IN
V

E
N

T
(C

hE
M

B
L

35
) None 93.2(2) 100.0(0) 87.7(0) 51.2(2) 100.0(0) 0.4(1)

FT 86.3(5) 3.8(2) 84.6(2) 17.5(3) 99.9(1) 27.1(18)
RL 99.1(1) 84.0(4) 69.4(1) 44.6(1) 100.0(0) 86.5(3)
RL+seed 91.6(3) 92.0(3) 78.9(1) 42.9(1) 100.0(0) 88.4(4)
FT+RL 99.0(1) 82.2(4) 70.7(1) 41.4(1) 100.0(0) 97.7(1)
FT+RL+seed 93.7(2) 78.2(4) 76.4(1) 37.1(1) 100.0(0) 87.1(3)

M
ol

M
IM

†

(v
an

.) None 87.9(5) 98.7(1) 88.2(0) 43.3(2) 100.0(0) 1.7(1)
FT 69.3(3) 40.3(4) 87.0(1) 26.1(2) 100.0(0) 11.8(9)

M
ol

M
IM

†

(C
35

)

None 92.1(4) 93.8(3) 87.2(0) 33.9(2) 100.0(0) 5.8(3)
FT 96.9(2) 27.2(2) 84.3(1) 21.4(1) 99.9(0) 15.0(9)

M
ol

-
A

IR
(v

an
.) RL 100.0(0) 0.3(0) 90.1(10) 43.1(6) 100.0(0) 7.6(11)

RL+seed 100.0(0) 30.9(5) 84.6(1) 36.1(2) 99.9(0) 32.6(8)

L
at

tic
e

no
de

R
E

IN
V

E
N

T
(v

an
ill

a)

None 98.3(2) 100.0(0) 87.8(0) 58.1(1) 100.0(0) 0.2(4)
FT 96.9(2) 32.2(5) 87.3(1) 35.9(3) 100.0(0) 3.7(33)
RL 98.2(1) 99.5(1) 84.4(0) 49.0(1) 100.0(0) 2.08(14)
RL+seed 97.6(1) 99.4(1) 85.5(0) 47.9(1) 100.0(0) 3.37(8)
FT+RL 98.0(1) 96.6(1) 80.1(1) 41.9(1) 100.0(0) 2.1(14)
FT+RL+seed 96.3(2) 97.8(2) 82.4(1) 41.9(1) 100.0(0) 3.2(18)

R
E

IN
V

E
N

T
(C

hE
M

B
L

35
) None 93.2(2) 100.0(0) 87.7(0) 58.5(2) 100.0(0) 0.2(32)

FT 29.6(4) 6.7(5) 86.2(3) 23.2(3) 100.0(0) 12.5(16)
RL 99.0(1) 45.3(4) 77.5(1) 48.7(1) 100.0(0) 1.4(1)
RL+seed 96.4(3) 89.3(4) 83.8(1) 46.0(1) 100.0(0) 1.9(14)
FT+RL 98.9(1) 55.7(7) 75.4(1) 50.8(1) 100.0(0) 7.9(5)
FT+RL+seed 96.3(2) 76.7(3) 75.0(1) 50.0(1) 100.0(0) 1.9(16)

† Due to its design, MolMIM cannot perform de novo sampling and requires a seed molecule to perform a
search in latent space. Consequently, for each training instance, MolMIM samples 100 similar molecules.
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