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Evaluating the Progression of Large Language Model Capabilities
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Abstract
Large Language Models (LLMs) have the poten-
tial to accelerate small molecule drug design due
to their ability to reason about information from
diverse sources and formats. However, their prac-
tical utility remains unclear due to the lack of
benchmarks that reflect real-world scenarios. In
this work, we introduce a suite of chemically-
grounded tasks spanning molecular property pre-
diction, molecular representation transformations,
and molecular design. Importantly, we formu-
late these tasks as reinforcement learning (RL)
environments, enabling a unified approach for
evaluation and post-training. Across three model
families, we find that frontier models are increas-
ingly proficient at chemical tasks, but that there
is significant room for improvement, especially
in experimental settings with low data. Critically,
we show that RL-based post-training can substan-
tially improve performance. A smaller model
post-trained on our environments becomes com-
petitive with state-of-the-art frontier models, de-
spite a significantly weaker base model. This sug-
gests a practical route toward employing LLMs in
drug discovery; by combining carefully-designed
evaluation tasks with targeted post-training, we
can both elucidate and close critical capability
gaps.

1. Introduction
LLM-based agents have recently been deployed in many
drug discovery contexts, including for target identification,
lead optimization, and toxicity prediction (Bran et al., 2024;
Boiko et al., 2023; Ramos et al., 2024). While these are
compelling demonstrations, many of these agents are limited
by the performance of the base LLM (Bran et al., 2024;
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Putta et al., 2024). Frontier models struggle at many of
the fundamental biological and chemical tasks (Narayanan
et al., 2025; Anthropic, 2026) that underpin many of these
drug discovery agents, and building truly robust agents for
drug discovery will require stronger base models.

Understanding both the current capabilities of existing
LLMs and the expected capabilities of future LLMs is
crucial to designing agents for drug discovery. While
frontier LLMs have known limitations for drug discovery
tasks (Narayanan et al., 2025), these models are rapidly ad-
vancing and this progression will ultimately inform efforts
to build agents, including identifying realistic use-cases and
understanding how to allocate resources between model
training and harness engineering.

In this paper, we focus on a narrow drug discovery setting—
small-molecule design—and examine the capabilities and
trainability of three families of frontier models: GPT-5,
Claude Opus 4, and Qwen3-30B-A3B. We present a collec-
tion of tasks, ranging from property prediction to chemical
language translation to molecular design. Importantly, we
frame these tasks as Reinforcement Learning (RL) environ-
ments, enabling us to also post-train open-weight models on
these tasks. We analyze the progression of model capabili-
ties across model iterations within each of these families and
find that generally subsequent iterations of models perform
better on these tasks. Additionally, we find that our post-
trained model is competitive with closed frontier models on
a multi-turn molecular design task that simulates real-world
lead optimization despite the base model being significantly
weaker. Lastly, we find that frontier models and post-trained
models struggle on experimental datasets with limited data
suggesting that many of these tasks are out-of-distribution
for LLMs currently and that we require further base-model
training before LLMs can be meaningfully useful for these
tasks.

2. Related Work
Training LLMs for scientific tasks. Recent efforts have
aimed at training reasoning LLMs to improve performance
on scientific tasks. These efforts have involved incorporat-
ing additional specialized encoders or exploring the use of
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RL-based post-training to adapt the model to problems of
interest (Jablonka et al., 2024; Istrate et al., 2026; Fallah-
pour et al., 2025; Narayanan et al., 2025; Prabhakar et al.,
2025). These models are often characterized by their ability
to reason using long chain-of-thought (CoT) and approach
a task with deliberate, system-2-style thinking (Wei et al.,
2022). For example, the ether0 effort (Narayanan et al.,
2025) distilled reasoning-like ability into a non-reasoning
base model from a stronger reasoning teacher model and
carried out RL-based training to improve the performance
of the model on a collection of chemistry tasks; however,
they do not look at how this added capability can help more
complex, multi-step molecular optimization routines. Other
recent work, carried out by Fallahpour et al. (2025), used a
base reasoning model and used custom encoders to encode
biological modalities into the model. That said, they used a
comparatively small model (4B parameters) and it is unclear
whether specialized encoders are required for medium-scale
(10–100B) and large-scale (100B–1T+) models.

3. Small-Molecule Tasks
We curated a diverse set of chemistry tasks that reflected key
aspects of small-molecule drug discovery, including molecu-
lar understanding, molecular property prediction, and molec-
ular design. Specifically, the set of tasks include prediction
of RDKit properties, prediction of molecular potency and
DMPK properties on internal and external datasets (Stanley
et al., 2021), translation between different molecular rep-
resentations, and generation of molecules given property
constraints. Collectively, these tasks are constructed in such
a way as to evaluate a model’s ability to meaningfully rea-
son about small-molecule chemistry in real-world settings.
The task suite is organized into six broad groups:

• RDKit property prediction: Given a molecule and
an RDKit property, the model must predict the prop-
erty value for that molecule. Because these are general
properties (e.g., molecular weight), we provide no ad-
ditional context about what the property is. We use a
reward model that scales the prediction error between
0 and 1 (Eq. 5).

• Experimental prediction: Given an in-context col-
lection of molecules with their measured property, the
model must predict the property of a held out molecule.
Because these are target and assay-specific proper-
ties, we include molecules in the context to provide
more information about the property of interest in or-
der to guide prediction. To ensure that the in-context
molecules are useful for predicting the property of the
query molecule, we carry out a clustering procedure
using HDBSCAN (Pedregosa et al., 2011) based on the
Dice similarity of the maximum common substructure
(MCS). We then design prompts such that all in-context

molecules and the query molecule come from the same
cluster. This group of tasks include prediction on in-
ternal potency and DMPK datasets and the FS-Mol
dataset (Stanley et al., 2021). Here, we use the same
reward model as in the previous group, which scales
the prediction error between 0 and 1 (Eq. 5).

• Multiple choice: We reformulate the tasks in the pre-
vious group as a multiple-choice question, where we
provide the same in-context molecules and ask the
model which of four molecules has the highest/lowest
property. Additionally, we include a task consisting of
a query molecule in SMILES representation and four
molecules, where one of the molecules is the same
as the query but represented by a different SMILES
and the other three molecules are different but have a
SMILES similar to the query. The model is prompted
to identify which molecule is the same as the query
molecule. All rewards for this task are a binary reward
on the correctness (Eq. 6).

• Transformation: This group of tasks consists of
translating between various molecular representations
(SMILES, IUPAC, Molecular Formula, Dominant Tau-
tomer, Dominant Protomer, Murcko Scaffold). The
reward function consists of a weighted sum of a bi-
nary correctness reward and a similarity reward that
computes how similar the predicted molecule is to the
ground truth answer (Eq. 7). This reward provides a
denser signal for the model to learn the task.

• Multiproperty constrained generation: In this task,
we provide a set of constraints (ranging from 1 to
5 regular constraints and up to 3 additional element-
count constraints) and prompt the model to generate
a molecule satisfying all those constraints. The regu-
lar constraints include physicochemical, DMPK, and
molecular scaffold constraints. The reward for this task
is the fraction of constraints satisfied (Eq. 8).

• Other: We include additional miscellaneous tasks, con-
sisting of substructure classification, reaction outcome
prediction, and MCS-identification tasks.

Table 2 summarizes the major groups and the datasets used
to construct these tasks. For further details on the tasks,
evaluation criteria, and reward functions see Appendix B.

4. Results
4.1. Post-training a 30B parameter LLM

We train Aspen via RL-based post-training of
Qwen3-30B-A3B-Thinking-2507 (Yang et al.,
2025). The model is a Mixture-of-Experts (MoE) language
model with 30B total parameters, with 10 total experts,
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Figure 1. Reward trajectories over global step during one epoch of RL post-training of Qwen3-30B-A3B-Thinking-2507. Total
reward rises steadily and begins to plateau, with especially strong gains in constrained generation, which is effectively oversampled relative
to the other tasks because it contributes far more prompts (∼300k vs. at most ∼20k per other task). Many RDKit and transformation tasks
improve—often with sigmoidal learning curves—whereas experimental property prediction and the hardest representation-translation
tasks remain noisy or improve only modestly.

each consisting of 3B parameters on the tasks detailed
in Section 3. For the post-training experiments here, we
choose to forego any Supervised Fine-Tuning (SFT), largely
because the base model was able to generate traces with
reasoning structure. Additionally, we use GRPOTrainer
from the HuggingFace trl (Werra et al., 2020) package to
carry out all training using the DAPO loss (Eq. 3) due to its
simplicity. Our experiments carried out RL synchronously
(i.e., inference and training steps occur sequentially). We
chose a synchronous approach due to the maturity of
GRPOTrainer at the time of running the experiments and
because all of our training environments were single-turn
and did not incorporate additional tools. See Appendix A
for all further training details.

We run training for a single epoch and plot the reward over
step across all tasks and within each task in Figure 1. We
note that there is a deliberate task imbalance, where the
molecular generation task (Constrained Generation) had
around 300k prompts, while all other tasks had at most 20k

prompts. Some tasks had less than 20k prompts due to small
dataset sizes and strict filtering criteria. From Figure 1, we
see that the overall reward is steadily increasing throughout
the epoch and appears to plateau near the end. We also ob-
serve sigmoidal-like learning for many tasks (e.g., SMILES
to Protomer), where the performance on the task is very
low for a while, rapidly rises, and then slowly plateaus af-
terwards. In other tasks, the learning is more immediate
(e.g., molecular weight prediction), while in difficult tasks,
performance is stagnant throughout training. We see that
the model generally struggles with experimental property
prediction and translating between SMILES and IUPAC rep-
resentations. Ultimately, RL serves to extract and sharpen
latent knowledge that exists in the base model. For many of
the tasks here, we see that RL on its own—with some prior
reward engineering—can quickly improve the performance
of a model on that task. However, for many of the tasks we
struggle with (e.g., potency prediction), it is likely that the
knowledge underlying these tasks is out-of-distribution and
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no amount of RL training will measurably improve the per-
formance as there is no underlying knowledge to “sharpen”.
Instead, we will require a training procedure (e.g., midtrain-
ing) that injects new knowledge into the base model before
any final RL training. We leave exploration of other training
procedures to future work.

4.2. Single-turn environments

Figure 2 summarizes model performance across our suite of
single-turn tasks. The figure is meant to support two com-
plementary comparisons. First, for cross-family benchmark-
ing, the most relevant closed-model reference points for the
Qwen/Aspen comparison are GPT-5 and Claude Opus 4.0,
as these were released around the same time frame when
Qwen3-30B-A3B-Thinking-2507 became available.
Second, and more importantly, the figure shows how capabil-
ity evolves within each family over time: GPT-5 to GPT-5.2,
Claude Opus 4.0 to Claude Opus 4.6, and Qwen to Aspen.
Viewed this way, the dominant pattern is that later variants
tend to improve on the harder chemical tasks, although the
strength of that trend differs substantially by family. The
improvement is strongest for Anthropic, suggesting that a
substantial amount of effort has been devoted to training
on chemical tasks in the recent model releases (Anthropic,
2026)). We see a similar improvement between the base
model and Aspen, where the post-trained model outperforms
the base model on all trained tasks. Finally, the OpenAI pair
shows a more heterogeneous shift, with clear gains on some
difficult tasks but not a monotonic improvement on every
single-turn evaluation.

RDKit property prediction tasks. The RDKit predic-
tion row is particularly revealing because it separates near-
saturated descriptors from harder derived quantities. All
model families are already strong on relatively simple,
mostly counting-like properties such as the fraction of sp3
carbons, heavy-atom count, heteroatom count, ring count,
aromatic/aliphatic-ring count, and molecular weight, all of
which can be determined from relatively direct topological
or compositional tallies.

By contrast, H-bond-donor/acceptor count, NH/OH count,
amide-bond count, and to a lesser extent rotatable-bond
count are still count-valued outputs, but they require chem-
ically typed counting: the model has to recognize local
functional-group identity, valence, aromaticity, protona-
tion state, and in some cases tautomeric context, rather
than merely tally atoms or tokens from the input SMILES
string. This likely explains why the base Qwen model
can be reasonably good on heavy atoms and heteroatoms
(R2 = 0.94 and 0.91) while performing very poorly on H-
bond donors/acceptors, rotatable bonds, and NH/OH count
(−0.20, 0.08, −1.29, and −0.44, respectively). Similarly,
TPSA, LogP, QED, Labute ASA, Tanimoto similarity, Hall-

Kier alpha, and Bertz CT are more complex derived prop-
erties that require better reasoning over the SMILES to
correctly determine molecular connectivity.

Aspen fixes much of this—raising H-bond donors to 0.80, H-
bond acceptors to 0.85, rotatable bonds to 0.68, and TPSA
to 0.88, but NH/OH count remains low at 0.09. Despite
its apparent simplicity, NH/OH count depends on implicit
hydrogens and local chemical context, making it difficult to
determine even when the model has become broadly better
at local functional-group reasoning. Additionally, it is often
low-range, so modest off-by-one errors on a relatively small
number of molecules can sharply depress R2. The fact
that these donor/acceptor-style counts remain uneven across
families suggests that they are not trivial bookkeeping tasks,
but rather compact tests of whether the model has learned
chemically correct local semantics.

Claude Opus 4.6 also improves markedly over Opus 4.0
on several hard RDKit targets, especially Hall-Kier alpha,
NH/OH count, and Tanimoto similarity. The OpenAI fam-
ily improves more selectively: GPT-5.2 is much better on
rotatable bonds and Tanimoto similarity, but regresses on
descriptors such as TPSA and QED.

Experimental property prediction and multiple choice
tasks. Experimental property prediction and the related
multiple-choice potency/DMPK tasks probe a different
regime beyond deterministic graph-derived properties: trans-
fer of medicinal-chemistry intuition to sparse experimental
data. Here Aspen’s improvement over Qwen on propri-
etary internal potency prediction is substantial (0.58→0.72),
and the gains on DMPK clearance and DMPK LogD move
Aspen from negative to positive R2 (−0.19→0.20 and
−0.30→0.06). The multiple-choice results tell a similar
but noisier story. Aspen improves on the potency questions,
from 0.30 to 0.50 on FS-Mol and from 0.38 to 0.45 on the
internal potency set, while remaining flat on DMPK LogD
and slightly worse on DMPK solubility (0.48→0.38), al-
though Aspen was not explicitly trained on the latter two
tasks.

Across families, the broader lesson is that later models are
clearly getting better at chemistry grounded in experimen-
tal data, with the recent boost in performance of Opus 4.6
on DMPK properties being particularly notable, but perfor-
mance is worse and progress is much less monotonic than
on the easiest RDKit descriptors. For example, DMPK sol-
ubility prediction is not solved by any model: all models
still have negative R2 on that task. This poor performance
across experimental tasks is likely because they depend on
higher-level medicinal-chemistry generalization rather than
deterministic structure-to-property rules.
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Figure 2. Comparison of how model families (columns) are improving across our suite of tasks (rows). Within each group, tasks are
sorted by difficulty (judged by average model performance), * denotes internal tasks (i.e., using our proprietary experimental data), and †
denotes tasks that Aspen is not trained on (but are included for a more comprehensive assessment). Points out of range are marked with
◀. Property-prediction tasks are measured in terms of R2, multiple choice is accuracy, transformation reports the fraction of outputs
that are chemically equivalent to the ground-truth structure, multiproperty-constrained generation reports valid response and constraint
satisfaction rates, substructure is measured by accuracy, and reaction outcome and MCS by chemical equivalence. While older models
often struggle, even on simple tasks, this is beginning to change with the latest generation of models, and further improvement is often
possible with careful post-training routines (especially in smaller open models with worse starting knowledge).
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Molecular representation transformation tasks. Tasks
requiring transformations between molecular represen-
tations deserve separate emphasis because they require
exact structure-preserving conversion between chemical
languages. Aspen improves sharply over Qwen on
several transformations—SMILES→formula (0.11→0.70),
tautomer generation (0.07→0.28), protomer generation
(0.00→0.50), and Murcko scaffold extraction (0.02→0.14)—
but still remains near zero accuracy on the hardest nomencla-
ture and representation tasks, including IUPAC→SMILES
(0.01→0.02), SMILES→IUPAC (0.00→0.02), as well as
conversion of SMILES to/from InChI/SELFIES (although
these were not explicitly trained on).

The gap in SMILES→IUPAC performance is especially
interesting because Aspen was trained with a dense IU-
PAC similarity reward rather than only a sparse exact-match
signal, and Figure 1 shows that the IUPAC-related trans-
formation rewards do increase over the course of training.
The natural interpretation is that Aspen is learning mean-
ingful partial regularities in nomenclature—getting more
fragments and substructures of the name right—without yet
mastering the full global syntax needed for exact correct-
ness. Evaluated under the strict exact-equivalence criterion
of Figure 2, those partial gains are largely invisible. In that
light, Opus 4.6 is particularly impressive: it reaches 0.55
on IUPAC→SMILES, 0.40 on SMILES→IUPAC, 0.42 on
InChI→SMILES, and 0.18 on SELFIES→SMILES. Given
that the task examples are drawn from ZINC and often in-
volve very long, intricate IUPAC and InChI strings, that
level of exact performance is striking.

Multiproperty-constrained generation task. The
multiproperty-constrained generation task is arguably the
most application-relevant single-turn environment, because
it asks the model to generate a molecule in SMILES form
that satisfies several simultaneous design constraints rather
than merely answer a question about an existing molecule
(or selecting from a set of molecules). This is much closer
to real lead optimization, where one typically has to design
under multiple, potentially competing requirements. On
this task, Aspen’s improvement is especially important:
compared with Qwen, the valid response rate rises from
0.77 to 1.00, individual-constraint satisfaction rate from
0.59 to 0.70, and all-constraint satisfaction rate from 0.09
to 0.21. On the hardest metric—satisfying all constraints
simultaneously—Aspen slightly exceeds the frontier
baselines in the figure (0.19–0.20 for GPT-5, GPT-5.2,
Opus 4.0, and Opus 4.6). At the same time, the persistent
gap between individual-constraint and all-constraint success
across every model shows that constraint composition
remains the core difficulty: generating a valid molecule
is no longer the main bottleneck, but jointly satisfying
several medicinal-chemistry requirements still is. From the

perspective of practical drug discovery, however, this is one
of the most encouraging results in Figure 2, because the
largest within-family jump appears on the task that most
directly resembles real molecular design.

Other tasks. The final task row shows a split be-
tween near-saturated structural recognition and still-difficult
higher-order chemical reasoning. Substructure classifica-
tion is strong across all families, and Aspen closes most of
the gap to frontier models by improving from 0.88 to 0.96,
making it competitive with the 0.95–0.97 range achieved by
the closed models. In contrast, reaction outcome prediction
and MCS identification remain challenging for all models.
Aspen improves over Qwen on both, but the strongest per-
formance comes from Claude Opus 4.6, which substantially
outperforms its 4.0 predecessor on reaction outcome pre-
diction (0.31→0.51) and MCS identification (0.00→0.12).
Thus, while simple structural recognition is now largely re-
liable, complex graph and reaction reasoning remain mean-
ingful open challenges in the single-turn setting.

4.3. Simulated lead-optimization
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Figure 3. Mean best docking score over 20 optimization turns for
8TTR, averaged across 30 independent trajectories per model with
shaded bands indicating standard error. Across all three model
families, later versions outperform earlier ones in both final dock-
ing score and optimization efficiency. The improvement is most
pronounced between the base Qwen model and Aspen, where the
base model struggles to improve beyond the seed molecule while
Aspen rapidly finds molecules with substantially lower docking
scores. GPT-5 and GPT-5.2 converge to similar final scores but
GPT-5.2 reaches them more efficiently, and Opus 4.6 consistently
outperforms Opus 4 throughout the trajectory.

Next, we examine the capabilities of these models in a
multi-turn setting, consisting of an iterative molecular opti-
mization loop that simulates real-world lead optimization.
Specifically, we consider optimizing a docking score—as
a weak proxy for potency—under a set of property con-
straints, consisting of a combination of DMPK and RDKit
properties that can all be computed. For the experiments
here, we consider a single target, a carbonic anhydrase IX
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(PDB ID: 8TTR), and a starting seed molecule obtained
from (Elshamsy et al., 2025). Each trajectory starts from
the same molecule and runs for 20 turns; at each turn the
model proposes a modified SMILES and is provided with
the resulting docking score and the corresponding property
values of the constraints (see Appendix C.2). In the system
prompt (see Appendix C.1), we instruct the model to always
propose structurally novel molecules across all 20 turns.
Importantly, we blind the target name from the model, re-
sulting in a black-box optimization setting that restricts the
model from leveraging knowledge about the protein to carry
out the optimization. We evaluate all three model families
across 30 independent trajectories per model.

Across all three model families, later versions consistently
outperform earlier ones (see Fig 3), both in terms of raw
docking score and optimization efficiency. This improve-
ment is the most pronounced for the Qwen family of models;
the base Qwen model notably struggles, both in generating
valid molecules and generating molecules with low docking
scores. After post-training, Aspen substantially improves
on the base model, generating mostly valid molecules with
docking scores well below that of the seed molecule. Within
the OpenAI family of models, GPT-5.2 is able to more
efficiently optimize the molecule in comparison to GPT-
5, although both converge around a similar mean docking
score after turn 10. Similarly, we observe that Opus 4.6 is
better than Opus 4 at this design task, both in optimization
efficiency and docking score.

Importantly, the docking score optimization involves adher-
ing to certain constraints, which often introduces tradeoffs.
For example, docking scores are loosely correlated with
molecular weight; larger molecules can make more contacts,
and thus increasing molecular size can improve the docking
score (i.e., making it more negative). In Figure 4, we present
the tradeoffs between the six constraints and the docking
score. We note that some of these constraints are less cor-
related with docking score than others, and that this repre-
sents only a two-dimensional slice of a higher-dimensional
optimization problem. Nevertheless, these plots help under-
stand how each model navigates tradeoff between various
constraints.

We find that models in the Qwen family generally struggle
to generate molecules that simultaneously achieve low Hu-
man Liver Microsome (HLM) intrinsic clearance (CLint)
and good docking scores, as reflected in the the constraint
satisfaction rates (Figure 6). As conservative modifications
are exhausted early on, Aspen increasingly introduces CH2
spacers and N-methylation (Figure 5), resulting in more
flexible and lipophilic molecules associated with higher
metabolic clearance and reduced HLM stability as it pursues
additional potency. A similar, though less pronounced, trend
is observed in Opus 4, which also shows lower HLM CLint

satisfaction relative to other frontier models. As shown in
Figure 5, Opus 4 also exhibits an increased use of CH2 spac-
ers and N-methylation, although at a lower frequency than
Aspen. Despite this, Aspen is able to generate molecules
with high ligand efficiency (i.e., the rate at which the dock-
ing score can be improved while minimizing size increases),
especially in comparison to other frontier models. In con-
trast, we find that the base Qwen model is generally the
most Pareto-inefficient across all properties.

Finally, we examine the structural modifications made by
each model to the starting scaffold, namely the central urea
linker in the starting scaffold (Figure 5). For top-scoring
molecules, GPT-5 almost exclusively converts this linker to
an amide, where the two Claude Opus models and Aspen
generally maintain this linker as a urea and focus more
on modifying peripheral R groups. In their peripheral
modifications, the Claude Opus models favor fluorination,
especially in comparison to the Qwen family of models.
We additionally examine the fraction of unique molecules
across all trajectories. We see that Opus 4.6 produces a
lower fraction of unique molecules compared to all other
models (Figure 8), indicating a narrower set of generated
compounds. This is in stark contrast to the older Claude
Opus 4 model, which has a fraction of unique molecules
comparable to the other four models, likely hinting at some
form of mode collapse in chemical space during the training
from Claude Opus 4 to Claude Opus 4.6.

Overall, Figures 2–5 illustrate both the trainability and the
current limitations of open-weight base models for special-
ized chemical tasks and more realistic multi-turn molecu-
lar optimization. Qwen3-30B-A3B-Thinking-2507
starts substantially behind frontier closed models on many
single-turn chemical tasks and also struggles in the simu-
lated lead-optimization environment, but RL post-training
closes much of that gap, rescues outright failure modes,
and carries over to a much stronger multi-turn optimizer in
Aspen. At the same time, the pattern across tasks suggests
that RL is most effective when the base model already pos-
sesses at least partial chemical competence; on tasks where
Qwen appears to have essentially no useful prior knowledge,
reward shaping alone is not sufficient to reach strong per-
formance. For such tasks, some combination of chemistry-
specific supervised fine-tuning, continued midtraining on
molecular and nomenclature-rich corpora, and broader expo-
sure to the relevant representation languages is likely needed
to provide the initial substrate on which RL can effectively
build. The closed-model comparisons further show that later
model versions continue to improve on many of the most
chemically meaningful tasks in both the single-turn and
multi-turn settings, even if that progression is not perfectly
monotonic within every family. Claude Opus 4.6 is the
strongest model on many of the hardest transformation and
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Figure 4. Pareto tradeoffs between docking score and molecular property constraints across models. Each panel plots docking score
against one constraint, providing a two-dimensional view of the multi-objective optimization problem. The dashed red lines denote the
constraints provided to the model. Points represent generated molecules across all turns and trajectories. The distributions highlight how
models balance potency and constraint satisfaction; notably, Aspen achieves larger improvements in docking score without corresponding
increases in size, consistent with its higher ligand efficiency relative to other frontier models.

experimental-prediction tasks, while frontier closed models
still set the pace on overall optimization efficiency in the
lead-optimization loop; however, the largest within-family
jump is Qwen-to-Aspen, indicating that careful post-training
can move a smaller open model substantially closer to fron-
tier behavior despite a much weaker starting point. More
broadly, these results point toward a promising roadmap
for future specialized molecular models: expanding the set
of drug-discovery-specific environments and tasks, includ-
ing more sophisticated environments that execute agentic
workflows; leveraging proprietary internal data where avail-
able; and jointly scaling model size, task diversity, training
duration, and chemistry-aware midtraining/SFT. Together,
these directions may enable future models not only to an-
swer chemical questions more accurately, but to function as
more capable molecular design systems for real-world drug
discovery.

5. Conclusion
In this work, we provide a framework for analyzing the pro-
gression of LLM capabilities for small-molecule drug design
tasks. This is especially important given the “jagged fron-
tier” nature of LLM capabilities. For open-weight models,
we assess how easily their performance in small-molecule

tasks can be improved with a simple post-training recipe.
Additionally, we consider two families of closed frontier
models and assess their improvements over time to better
understand how closed models are improving for small-
molecule chemistry tasks. We find that with post-training,
we can significantly improve the performance of a 30B
parameter model on these tasks. Furthermore, we see a
clear improvement in the Anthropic family of models—due
to deliberate training by the Anthropic team on chemistry
tasks (Anthropic, 2026)—while we see no significant gains
for the OpenAI family of models on these tasks. Finally,
while post-training enables meaningful gains across many
tasks, we do not see any noticeable improvement from post-
training on more difficult tasks, suggesting that we require
further base-model training (e.g., midtraining) on these do-
mains before RL-based post-training can be useful. Here,
we exclusively focused on assessing the performance of the
base model; however, truly understanding the promises and
limitations of applying LLMs for drug discovery contexts
will require understanding how LLM-based agents perform
in real-world settings.
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Impact Statement
This work aims to advance machine learning methods for
small-molecule drug design. As with any dual-use tech-
nology, improved computational tools for molecular design
could lower barriers to designing harmful compounds. How-
ever, we believe these risks are substantially outweighed by
the potential to accelerate the development of therapeutics
and improve human health.

References
Anthropic. Claude opus 4.6 system card, 2026.

Boiko, D. A., MacKnight, R., Kline, B., and Gomes, G. Au-
tonomous chemical research with large language models.
Nature, 624(7992):570–578, 2023. ISSN 0028-0836. doi:
10.1038/s41586-023-06792-0.

Bran, A. M., Cox, S., Schilter, O., Baldassari, C., White,
A. D., and Schwaller, P. Augmenting large language
models with chemistry tools. Nature Machine Intel-
ligence, 6(5):525–535, 2024. ISSN 2522-5839. doi:
10.1038/s42256-024-00832-8.

Dao, T. FlashAttention-2: Faster attention with better
parallelism and work partitioning. arXiv, 2023. doi:
10.48550/arxiv.2307.08691.

Elshamsy, A. M., Mustafa, M., Nocentini, A., Massardi,
M. L., Ali, T. F. S., Rabea, S. M., Tuz̈un̈, B., Smietana,
M., Kapancık, S., Abdel-Aziz, M., Ronca, R., Supuran,
C. T., Winum, J.-Y., and Hashem, H. Design, synthe-
sis, and in vitro anticancer evaluation of thiazole-based
chalcones linked to sulfanilamide as tumor-associated
carbonic anhydrase IX and XII inhibitors. Journal of
Medicinal Chemistry, 68(14):15151–15164, 2025. ISSN
0022-2623. doi: 10.1021/acs.jmedchem.5c01392.

Fallahpour, A., Magnuson, A., Gupta, P., Ma, S., Naimer, J.,
Shah, A., Duan, H., Ibrahim, O., Goodarzi, H., Maddison,
C. J., and Wang, B. BioReason: Incentivizing multimodal
biological reasoning within a DNA-LLM model. arXiv,
2025. doi: 10.48550/arxiv.2505.23579.

Istrate, A.-M., Milletari, F., Castrotorres, F., Tomczak, J. M.,
Torkar, M., Li, D., and Karaletsos, T. rbio1 - training
scientific reasoning LLMs with biological world models
as soft verifiers. bioRxiv, pp. 2025.08.18.670981, 2026.
doi: 10.1101/2025.08.18.670981.

Jablonka, K. M., Schwaller, P., Ortega-Guerrero, A., and
Smit, B. Leveraging large language models for predictive
chemistry. Nature Machine Intelligence, 6(2):161–169,
2024. doi: 10.1038/s42256-023-00788-1.

Krenn, M., Häse, F., Nigam, A., Friederich, P., and Aspuru-
Guzik, A. Self-referencing embedded strings (SELFIES):

A 100% robust molecular string representation. arXiv,
2019. doi: 10.48550/arxiv.1905.13741.

Kwon, W., Li, Z., Zhuang, S., Sheng, Y., Zheng, L., Yu,
C. H., Gonzalez, J. E., Zhang, H., and Stoica, I. Efficient
memory management for large language model serving
with PagedAttention. In Proceedings of the ACM SIGOPS
29th Symposium on Operating Systems Principles, 10
2023.

Lab, W. GitHub - ur-whitelab/exmol: Explainer
for black box models that predict molecule proper-
ties v3.3.0, 2025. URL https://github.com/
ur-whitelab/exmol.

Laggner, C. GitHub - open babel, 2005. URL https://
github.com/openbabel/openbabel/blob/
master/data/SMARTS_InteLigand.txt.

McNutt, A. T., Francoeur, P., Aggarwal, R., Masuda, T.,
Meli, R., Ragoza, M., Sunseri, J., and Koes, D. R. GNINA
1.0: molecular docking with deep learning. Journal of
Cheminformatics, 13(1):43, 2021. ISSN 1758-2946. doi:
10.1186/s13321-021-00522-2.

Napoli, J. A., Reutlinger, M., Brandl, P., Wang, W., Hert,
J., and Desai, P. Multitask deep learning models of com-
bined industrial absorption, distribution, metabolism, and
excretion datasets to improve generalization. Molecular
Pharmaceutics, 22(4):1892–1900, 2025. ISSN 1543-
8384. doi: 10.1021/acs.molpharmaceut.4c01086.

Narayanan, S. M., Braza, J. D., Griffiths, R.-R., Bou, A.,
Wellawatte, G., Ramos, M. C., Mitchener, L., Rodriques,
S. G., and White, A. D. Training a scientific reasoning
model for chemistry. arXiv, 2025. doi: 10.48550/arxiv.
2506.17238.

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V.,
Thirion, B., Grisel, O., Blondel, M., Prettenhofer, P.,
Weiss, R., Dubourg, V., Vanderplas, J., Passos, A., Cour-
napeau, D., Brucher, M., Perrot, M., and Duchesnay, E.
Scikit-learn: Machine learning in python. Journal of
Machine Learning Research, 12:2825–2830, 2011.

Prabhakar, V., Islam, M. A., Atanas, A., Wang, Y.-T., Han,
J., Jhunjhunwala, A., Apte, R., Clark, R., Xu, K., Wang,
Z., and Liu, K. OmniScience: A domain-specialized
LLM for scientific reasoning and discovery. arXiv, 2025.
doi: 10.48550/arxiv.2503.17604.

Putta, P., Mills, E., Garg, N., Motwani, S., Finn, C., Garg,
D., and Rafailov, R. Agent q: Advanced reasoning and
learning for autonomous AI agents. arXiv, 2024. doi:
10.48550/arxiv.2408.07199.

9

https://github.com/ur-whitelab/exmol
https://github.com/ur-whitelab/exmol
https://github.com/openbabel/openbabel/blob/master/data/SMARTS_InteLigand.txt
https://github.com/openbabel/openbabel/blob/master/data/SMARTS_InteLigand.txt
https://github.com/openbabel/openbabel/blob/master/data/SMARTS_InteLigand.txt


495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549

Evaluating LLM Capabilities for Small-Molecule Drug Design

Quiroga, R. and Villarreal, M. A. Vinardo: A scoring func-
tion based on autodock vina improves scoring, docking,
and virtual screening. PLoS ONE, 11(5):e0155183, 2016.
doi: 10.1371/journal.pone.0155183.

Ramos, M. C., Collison, C. J., and White, A. D. A review of
large language models and autonomous agents in chem-
istry. Chemical Science, 16(6):2514–2572, 2024. ISSN
2041-6520. doi: 10.1039/d4sc03921a.

Shao, Z., Wang, P., Zhu, Q., Xu, R., Song, J., Bi, X.,
Zhang, H., Zhang, M., Li, Y. K., Wu, Y., and Guo,
D. DeepSeekMath: Pushing the limits of mathemati-
cal reasoning in open language models. arXiv, 2024. doi:
10.48550/arxiv.2402.03300.

Software, N. Pistachio, 2025. URL https://www.
nextmovesoftware.com/pistachio.

Stanley, M., Bronskill, J. F., Maziarz, K., Misztela, H.,
Lanini, J., Segler, M., Schneider, N., and Brockschmidt,
M. FS-mol: A few-shot learning dataset of molecules. In
Thirty-fifth Conference on Neural Information Process-
ing Systems Datasets and Benchmarks Track (Round 2,
2021. URL https://openreview.net/forum?
id=701FtuyLlAd.

Sutton, R. S., McAllester, D., Singh, S., and Mansour,
Y. Policy gradient methods for reinforcement learning
with function approximation. In Advances in Neural
Information Processing Systems, volume 12. MIT Press,
1999. URL https://proceedings.neurips.
cc/paper_files/paper/1999/file/
464d828b85b0bed98e80ade0a5c43b0f-Paper.
pdf.

Tingle, B. I., Tang, K. G., Castanon, M., Gutierrez, J. J.,
Khurelbaatar, M., Dandarchuluun, C., Moroz, Y. S., and
Irwin, J. J. ZINC-22: A free multi-billion-scale database
of tangible compounds for ligand discovery. Journal of
Chemical Information and Modeling, 63(4):1166–1176,
2023. ISSN 1549-9596. doi: 10.1021/acs.jcim.2c01253.

Wei, J., Wang, X., Schuurmans, D., Bosma, M., Ichter, B.,
Xia, F., Chi, E., Le, Q., and Zhou, D. Chain-of-thought
prompting elicits reasoning in large language models.
arXiv, 2022. doi: 10.48550/arxiv.2201.11903.

Wellawatte, G. P., Seshadri, A., and White, A. D. Model
agnostic generation of counterfactual explanations for
molecules. Chemical Science, 13(13):3697–3705, 2022.
ISSN 2041-6520. doi: 10.1039/d1sc05259d.

Werra, L. v., Belkada, Y., Tunstall, L., Beeching, E., Thrush,
T., Lambert, N., Huang, S., Rasul, K., and Gallouédec, Q.
TRL: Transformers reinforcement learning. 2020. URL
https://github.com/huggingface/trl.

Williams, R. J. Simple statistical gradient-following algo-
rithms for connectionist reinforcement learning. Machine
Learning, 8(3-4):229–256, 1992. ISSN 0885-6125. doi:
10.1007/bf00992696.

Yang, A., Li, A., Yang, B., Zhang, B., Hui, B., Zheng, B.,
Yu, B., Gao, C., Huang, C., Lv, C., Zheng, C., Liu, D.,
Zhou, F., Huang, F., Hu, F., Ge, H., Wei, H., Lin, H.,
Tang, J., Yang, J., Tu, J., Zhang, J., Yang, J., Yang, J.,
Zhou, J., Zhou, J., Lin, J., Dang, K., Bao, K., Yang, K.,
Yu, L., Deng, L., Li, M., Xue, M., Li, M., Zhang, P.,
Wang, P., Zhu, Q., Men, R., Gao, R., Liu, S., Luo, S.,
Li, T., Tang, T., Yin, W., Ren, X., Wang, X., Zhang, X.,
Ren, X., Fan, Y., Su, Y., Zhang, Y., Zhang, Y., Wan, Y.,
Liu, Y., Wang, Z., Cui, Z., Zhang, Z., Zhou, Z., and Qiu,
Z. Qwen3 technical report. arXiv, 2025. doi: 10.48550/
arxiv.2505.09388.

Yu, Q., Zhang, Z., Zhu, R., Yuan, Y., Zuo, X., Yue, Y., Dai,
W., Fan, T., Liu, G., Liu, L., Liu, X., Lin, H., Lin, Z., Ma,
B., Sheng, G., Tong, Y., Zhang, C., Zhang, M., Zhang,
W., Zhu, H., Zhu, J., Chen, J., Chen, J., Wang, C., Yu, H.,
Song, Y., Wei, X., Zhou, H., Liu, J., Ma, W.-Y., Zhang,
Y.-Q., Yan, L., Qiao, M., Wu, Y., and Wang, M. DAPO:
An open-source LLM reinforcement learning system at
scale. arXiv, 2025. doi: 10.48550/arxiv.2503.14476.

10

https://www.nextmovesoftware.com/pistachio
https://www.nextmovesoftware.com/pistachio
https://openreview.net/forum?id=701FtuyLlAd
https://openreview.net/forum?id=701FtuyLlAd
https://proceedings.neurips.cc/paper_files/paper/1999/file/464d828b85b0bed98e80ade0a5c43b0f-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/1999/file/464d828b85b0bed98e80ade0a5c43b0f-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/1999/file/464d828b85b0bed98e80ade0a5c43b0f-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/1999/file/464d828b85b0bed98e80ade0a5c43b0f-Paper.pdf
https://github.com/huggingface/trl


550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604

Evaluating LLM Capabilities for Small-Molecule Drug Design

A. Background and Training Details
A.1. Background

Consider a trained LLM represented by a reference policy πref : X × Y → [0, 1], from which we can sample a response
y ∈ Y given a prompt x ∈ X , where X and Y denote discrete spaces. We are interested in employing a policy for a
collection of tasks T = {τ1, τ2, . . . , τT }, where each task is defined as τi = {Di, Ri}. Here, Di = {x(i)

1 ,x
(i)
2 , . . . ,x

(i)
ni }

denotes the dataset over X specific to the i-th task, and Ri : X × Y → R is the corresponding task-specific reward function
that evaluates the quality of a response y given a prompt x. We treat Di as inducing an empirical distribution over prompts
and write x ∼ Di to denote uniform sampling from this dataset.

Ultimately, we are interested in finding an optimal policy π∗ that maximizes the expected reward across all tasks:

π∗ = argmax
π

1

T

T∑
i=1

Ex∼Di, y∼π(·|x) [Ri(x,y)] (1)

There are numerous possible strategies for designing an optimal policy that involve some combination of designing an
external scaffold around the LLM (e.g., prompt engineering, harness engineering) and/or training the internal weights of the
LLM (e.g., supervised fine-tuning, reinforcement learning). In this work, we exclusively focus on RL-based post-training of
a base model and leave exploration of other methods to future work.

A.2. Reinforcement Learning

We carry out on-policy reinforcement learning using a variant of Group Relative Policy Optimization (GRPO) (Shao et al.,
2024) to learn a policy πθ that optimizes Eq. (1). GRPO-like algorithms are desirable for their computational and practical
simplicity; they do not require training a separate value function and instead rely on computing a normalized advantage
function. Specifically, for a given prompt x ∼ Di, we sample a group of G responses {yj}Gj=1 ∼ πθ(· | x) from the current
policy πθ. The normalized advantage Â(x,yj) for a specific response yj is computed by standardizing its reward relative to
the group:

Â(x,yj) =
Ri(x,yj)− µG

σG
(2)

where µG and σG denote the mean and standard deviation of the rewards for the sampled group.

In this work, we use the DAPO-variant of GRPO (Yu et al., 2025)

J (θ) = 1

T

T∑
i=1

Ex∼Di

 1∑G
j=1 |yj |

G∑
j=1

|yj |∑
t=1

clip
(

πθ(yj,t | x,yj,<t)

πold(yj,t | x,yj,<t)
, Âj , ϵlow, ϵhigh

) ∣∣∣∣∣∣
{yj}G

j=1∼πold

 (3)

In the purely on-policy training setting, where samples are drawn from the current policy πθ, the gradient of the objective
reduces to a REINFORCE-like policy gradient (Williams, 1992) with sequence-level advantage

∇θJ (θ) =
1

T

T∑
i=1

Ex∼Di, {yj}G
j=1∼πθ

 1∑G
j=1 |yj |

G∑
j=1

Âj ∇θ log πθ(yj | x)

 . (4)

Eq. (4) provides a policy gradient estimator (Williams, 1992; Sutton et al., 1999) for Eq. (1), with implicit length normaliza-
tion.

A.3. Experimental Setup

We post-train Qwen3-30B-A3B-Thinking-2507 (Yang et al., 2025) using the DAPO variant of GRPO (Yu et al., 2025;
Shao et al., 2024), as implemented in the trl GRPOTrainer (v0.24.0) (Werra et al., 2020). The training dataset comprises
approximately 900k prompts—roughly 300k for the multiproperty constrained generation task and 600k distributed across
all other tasks described in Appendix B. All tasks are mixed uniformly via dataset shuffling, without curriculum learning or
task scheduling. We perform full-parameter fine-tuning in BF16 mixed precision with Flash Attention 2 (Dao, 2023). No
parameter-efficient methods (e.g., LoRA) are used. Algorithm 1 summarizes the training procedure.
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Training is distributed across 32 nodes, each equipped with 8 NVIDIA B200 GPUs (256 GPUs total), using DeepSpeed
ZeRO Stage 3 for parameter, gradient, and optimizer sharding. Completions are generated using vLLM (v0.10.2) (Kwon
et al., 2023) in colocate mode, where the inference engine shares GPU memory with the training process via an alternating
sleep/wake cycle. We train for a single epoch (1,770 steps) with an effective batch size of 2,048 completions per step (512
unique prompts × 4 generations each) at a learning rate of 1× 10−6. We train in a purely on-policy approach and with no
KL-divergence penalty. Finally, we apply a soft overlong punishment that linearly penalizes completions between 16,384
and 32,768 tokens. Training took approximately 20 days. Table 1 summarizes the key hyperparameters.

Algorithm 1 DAPO-based post-training

Require: Base policy πref; tasks {Di, Ri}Ti=1; group size G; training steps K
1: Initialize πθ ← πref
2: for k = 1, . . . ,K do
3: πold ← πθ

4: for each task i in minibatch do
5: Sample x ∼ Di, then {yj}Gj=1 ∼ πold(· | x)
6: Compute rj = Ri(x,yj) and Âj = (rj − µG)/σG

7: end for
8: θ ← θ + α∇θJ (θ) {Eq. 4}
9: end for

Table 1. Key training hyperparameters.

Parameter Value

Base model Qwen3-30B-A3B-Thinking-2507
Total / active parameters 30B / ∼3B (MoE)
Precision BF16
Learning rate 1× 10−6

Effective batch size 2,048
Unique prompts per step 512
Generations per prompt (G) 4
Training steps / epochs 1,770 / 1
ϵlow / ϵhigh (clip bounds) 0.2 / 0.28
β (KL coefficient) 0.0
Max completion length 32,768 tokens
Overlong penalty onset 16,384 tokens
Hardware 256 GPUs (32 × 8 B200)
Parallelism DeepSpeed ZeRO-3 + vLLM colocate
Wall-clock time ∼20 days

B. Task Details

Table 2. Summary of task groups. Reward details can be found in Appendix B.1.

Task group Input → Output Data

RDKit prediction SMILES → numeric value ZINC (100,000 molecules) (Tingle et al., 2023)
Experimental prediction In-context set + query molecule → numeric value Internal potency + DMPK data; FS-Mol (Stanley

et al., 2021)
Transformation Molecular representation → Molecular representa-

tion
ZINC (100,000 molecules) (Tingle et al., 2023)

Multiprop generation Constraints → SMILES ZINC (100,000 molecules) (Tingle et al., 2023)

B.1. Reward definitions

Below we outline the reward functions used for training and evaluation.
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Exponential-MSE reward For all numerical prediction tasks, we use the following reward

r = exp

(
−k · (ŷ − y)2

σ2

)
, (5)

where ŷ is the predicted value, y is the ground truth, σ is the standard deviation—computed on the training data—of
that property, and k = 5.0 across all tasks. This reward lies in (0, 1] and penalizes large errors quadratically before the
exponential transform.

Binary equivalence reward Multiple-choice, substructure classification, and several other tasks use a binary equivalence
reward,

r = 1[ŷ ≡ y], (6)

which is a simple case-insensitive string match.

Dense equivalence reward For transformation tasks, we define the following dense reward

r = (1− w)1[ŷ ≡ y] + w · sim(ŷ, y). (7)

The first component of the reward is a simple string equivalence between the predicted and correct answer, and the second
component measures how similar the predicted and correct answers are. This provides richer information during training on
how close the predicted molecules are to the ground-truth answer. Tasks that output SMILES or require structural comparison
(IUPAC→SMILES, protomer, tautomer, Murcko scaffold, and reaction outcome prediction) use substructure-count similarity
(Eq. 10). SMILES→IUPAC uses IUPAC semantic similarity (Eq. 12), and SMILES→formula uses normalized element-
count similarity (Eq. 11). Tasks involving bidirectional representation conversion (e.g., IUPAC↔SMILES) use w = 0.7,
placing greater weight on partial similarity to provide denser learning signal for these harder translations. Tasks involving
structural modifications (tautomer, protomer, Murcko scaffold, formula) use w = 0.3, placing greater weight on exact
equivalence.

Constraint satisfaction reward. Multi-property constrained generation uses a reward equal to the fraction of satisfied
constraints,

r =
1

N

N∑
i=1

1[ci satisfied], (8)

where N is the number of constraints and ci denotes the i-th property or scaffold constraint.

Formatting and length penalties. Across all tasks, an invalid completion penalty of r = −0.2 is assigned when the
output is malformed, such as missing <|answer_start|> tags or providing a reasoning summary shorter than 300
characters. An invalid output penalty of r = −0.1 is assigned when an answer can be extracted but does not match the
required format (e.g., non-numeric text where a number is expected, or an invalid SMILES string). Additionally, a soft
overlength penalty (Yu et al., 2025) is applied to discourage unnecessarily long completions,

Rlength(y) =


0, |y| ≤ Lmax − Lcache

(Lmax − Lcache)− |y|
Lcache

, Lmax − Lcache < |y| ≤ Lmax

−1, |y| > Lmax

(9)

where |y| is the completion length in tokens, Lmax = 32,768 is the maximum completion length, and Lcache = 16,384 is the
buffer over which the penalty is linearly interpolated from 0 to −1.

B.2. Additional small-molecule task details

Here we provide additional information about the small-molecule tasks.

• RDKit prediction. Targets are computed with RDKit and rounded according to property-specific precision settings.
Tanimoto similarity (used in the generation reward and tanimoto similarity task) is computed from Morgan fingerprints
with radius 2 and 2048 bits, with chirality ignored.
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• Experimental prediction. SAR and DMPK regression tasks use 5 in-context examples. Multiple-choice SAR and
DMPK tasks use 15 in-context examples. Experimental tasks span internal assay potency, FS-Mol potency (Stanley
et al., 2021), and internal DMPK clearance, LogD, and solubility datasets.

• Multiple choice. Tasks include SMILES equivalence and multiple-choice SAR/DMPK settings in which the correct
option is determined by structural identity or highest measured activity or endpoint value. For the SMILES equivalence
task, the correct answer is a randomized SMILES representation of the query molecule, and the three incorrect choices
are generated by converting the query SMILES to SELFIES (Krenn et al., 2019) and applying random token-level
perturbations (substitution, insertion, deletion, or swapping of SELFIES tokens) before converting back to SMILES.
Because SELFIES guarantees chemical validity by construction, this procedure produces molecules that are always
valid yet structurally distinct from the query. 80% of the incorrect choices across all examples are generated such
that they have the same molecular formula as the correct answer (excluding hydrogens) in order to force the model to
reason about connectivity instead of simply counting atoms in the SMILES.

• Transformation. Evaluation combines format-specific validity with exact or structural equivalence, depending on
the task. Protomer targets are defined at physiological pH (7.4), and protomer and tautomer tasks use balanced
same/different sampling to avoid trivial copying.

• Constrained generation. Each example contains 1–5 regular constraints derived from a sampled ZINC molecule so
that at least one valid solution exists. Constraints may include continuous property ranges, integer constraints, and
BRICS-derived scaffold constraints. Additionally, up to three element-count constraints (not carbon or hydrogen) may
be added.

• Other. This group contains three tasks:

– Substructure classification: Given a molecule in SMILES and a functional group name, the model must answer
“yes” or “no” as to whether the molecule contains that functional group. Ground-truth labels are assigned by
SMARTS matching in RDKit using the exmol functional-group definitions (Wellawatte et al., 2022; Lab, 2025;
Laggner, 2005). The reward is binary equivalence (Eq. 6).

– Reaction outcome prediction: Given a set of reactants and a reaction SMARTS template, the model must predict
the product SMILES. Reaction templates are derived from Pistachio mappings (Software, 2025, v.2025Q2). The
reward uses structural equivalence with substructure-count similarity at w = 0.3 (Eq. 7).

– MCS identification: Given two molecules in SMILES, the model must return the SMILES of their Maximum
Common Substructure (MCS). The MCS is defined with strict atom-type, aromaticity, ring-membership, and
bond-order matching, and must contain at least two atoms. The reward is binary molecular equivalence (Eq. 6),
where equivalence is determined by comparing canonical SMILES after normalization.

B.3. Similarity and equivalence function details

This section provides full definitions of the similarity and equivalence functions used in the reward computations described
above.

Molecular equivalence. Two molecular representations are considered equivalent if they resolve to the same canonical
SMILES after normalization. For most tasks, normalization consists of salt removal (retaining only the largest fragment) fol-
lowed by tautomer canonicalization via OpenEye’s OEQuacPac. The tautomer prediction task uses a lighter normalization
that applies salt removal only.

Substructure-count similarity. Several transformation tasks use substructure-count similarity as the partial-credit compo-
nent. For each molecule, a feature vector is constructed by counting occurrences of 1,242 predefined SMARTS patterns.
The similarity between two molecules is then computed as the Tanimoto coefficient over these count vectors:

simsub(m1,m2) =

∑
i min(v1,i, v2,i)∑

i v1,i +
∑

i v2,i −
∑

i min(v1,i, v2,i)
, (10)

where v1,i and v2,i are the substructure match counts for pattern i.
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Morgan fingerprint Tanimoto similarity. The Tanimoto similarity estimation task use standard Tanimoto similarity
computed from Morgan (circular) fingerprints with radius 2, 2,048 bits, and chirality disabled (RDKit defaults).

Formula similarity. The SMILES→formula task uses a normalized element-count similarity based on the L1 (Manhattan)
distance between atom-count vectors:

simformula(f1, f2) = max

(
0, 1−

∑
e |c1,e − c2,e|∑

e c1,e +
∑

e c2,e

)
, (11)

where c1,e and c2,e are the counts of element e in each formula, and the sum is over all elements present in either formula.

IUPAC semantic similarity. The SMILES→IUPAC task uses a multi-component semantic similarity metric that operates
directly on IUPAC name strings without requiring successful chemical parsing. Each name is decomposed into seven
semantic features, and the final score is a weighted combination modulated by a coverage factor:

simIUPAC = γ ·
∑
j∈A

w̃j sj , (12)

where sj is the score for component j, A is the set of components present in the reference name, w̃j = wj/
∑

k∈A wk are
dynamically renormalized weights, and γ is a key-token coverage factor. The coverage factor γ is the fraction of applicable
key components (suffix, parent structure, substituents/unsaturation) from the reference that are also present in the prediction.
The default component weights are:

Component Weight Description

Suffix 0.25 Principal characteristic group match
Substituents 0.20 Substituent family F1 score
Parent 0.18 Parent chain length and ring topology
Locants 0.13 Positional agreement (Levenshtein + F1)
Stereochemistry 0.12 R/S and E/Z descriptor coverage and correctness
Unsaturation 0.09 Unsaturation morpheme (ene/yne) agreement
Trigram 0.03 Character trigram fallback

Constraint types. Multi-property constrained generation supports three constraint types:

• Range: vmin ≤ v̂ ≤ vmax, where either bound may be omitted (unbounded).

• Exact: v̂ = vtarget (integer or categorical match).

• Scaffold: the generated molecule must contain the specified scaffold as a substructure (RDKit
HasSubstructMatch).

C. Environment Details
C.1. Single-Turn Environment

You are a chemistry expert.

IMPORTANT: Do not use ANY external tools. Make predictions based on chemistry
knowledge and reasoning alone.

Use standard units when applicable:
- g/mol
- Angstroms

At the end of your response, provide a summary of your reasoning and the answer:
On a new line provide the reasoning summary between <|reasoning_summary_start|>
and <|reasoning_summary_end|> tags.
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On a new line provide the final answer between <|answer_start|> and
<|answer_end|> tags.

Example format:

<|reasoning_summary_start|>[summary of reasoning and analysis]
<|reasoning_summary_end|>

<|answer_start|>[final answer]<|answer_end|>

Note: The brackets [ ] above are placeholders only - do not include them in your
actual response.

Strict answer requirements:
- Output exactly one reasoning summary between <|reasoning_summary_start|> and
<|reasoning_summary_end|>.
- Output exactly one final answer between <|answer_start|> and <|answer_end|>.
- Inside the answer tags, include only the final value: no prose, no ranges, no
qualifiers.
- Do not guess randomly. Use your chemistry knowledge to reason and provide your
single best chemically-informed prediction.
- For numeric answers, output a single number with no units inside the answer tags
unless explicitly requested.

- For string answers, output only the string inside the answer tags.
- Do not include any additional text on the answer line beyond the answer tags.

Prompt/Response 1. Core system prompt shared across all single-turn training and evaluation tasks. The prompt instructs the model to rely
solely on internalized chemistry knowledge, produce a structured reasoning summary, and return a single final answer in a standardized
format. This structured output enables automated reward computation during training and consistent evaluation across all tasks.

USER PROMPT:
What protonation state would CO[C@@H](CCNC(=O)[C@]1(NC(=O)OC(C)(C)C)C[C@H]2CCCC[C@H
]21)C(=O)O assume in cellular conditions?
<think>
[internal model CoT hidden for readability]
</think>
<|reasoning_summary_start|>
The molecule contains a terminal carboxylic acid group (C(=O)O) and amide
functional groups. At cellular pH (~7.4), carboxylic acids (pKa ~4-5) are
deprotonated, while amide groups (pKa ~15-20 for protons) and ester groups remain
neutral. The carboxylic acid deprotonates to carboxylate (C(=O)[O-]), and no other
ionizable groups (e.g., basic amines) are present. Thus, the protonation state in
cellular conditions is the deprotonated form of the carboxylic acid.
<|reasoning_summary_end|>
<|answer_start|>
CO[C@@H](CCNC(=O)[C@]1(NC(=O)OC(C)(C)C)C[C@H]2CCCC[C@H]21)C(=O)[O-]
<|answer_end|>

Prompt/Response 2. Example completion on a protonation state prediction task. The model first identifies the functional groups present in
the molecule, a skill developed through the substructure classification tasks, before reasoning about their pH-dependent ionization to
arrive at the correct protomer. This suggests that multi-task training encourages the composition of skills across task boundaries, where
simpler capabilities like functional group identification serve as building blocks for more complex chemical reasoning.

USER PROMPT:
I need a molecule with:
- 1 to 3 total rings
- 0 to 2 NH or OH groups
- 2 aromatic rings
- 0 amide bonds
Suggest a SMILES string.
<think>
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[internal model CoT hidden for readability]
</think>
<|reasoning_summary_start|>
The molecule must have 1-3 total rings, 0-2 NH or OH groups, exactly 2 aromatic
rings, and no amide bonds. Biphenyl (C1=CC=CC=C1-C1=CC=CC=C1) meets all criteria:
it contains two aromatic rings (separate benzene rings), total rings = 2, no NH/OH
groups (0), and no amide bonds. The SMILES string for biphenyl using standard
aromatic notation (lowercase ’c’ for aromatic carbons) is ‘c1ccccc1c2ccccc2‘, which
satisfies all conditions.

<|reasoning_summary_end|>
<|answer_start|>
c1ccccc1c2ccccc2
<|answer_end|>

Prompt/Response 3. Example completion on a multiproperty constrained generation task. After proposing biphenyl as a candidate
molecule, the model systematically verifies each property constraint using internalized knowledge of molecular descriptors, echoing the
RDKit property prediction tasks. The model also explicitly reasons about aromatic SMILES notation and the use of lowercase c for
aromatic carbons, reflecting familiarity with molecular representation conventions reinforced by the transformation tasks.

USER PROMPT:
What’s the molecular formula that matches COCCNC(=O)CSc1ccccc1C(=O)N1CC[C@@H](C)O[
C@@H](C)C1?
<think>
[internal model CoT hidden for readability]
</think>
<|reasoning_summary_start|>
The provided SMILES string is parsed to determine the molecular formula by counting
all atoms and calculating the hydrogen count using degrees of unsaturation (DU).

The SMILES string is broken down as follows:

- **Carbon atoms**: The string contains 19 carbon atoms (5 from the first chain, 6
from the aromatic benzene ring, 1 from the second carbonyl, 2 from "CC", 2 + 2 from
the two "[C@@H](C)" groups, and 1 closing the ring).

- **Oxygen atoms**: 4 oxygen atoms (from ether, two carbonyls, and one ether in the
ring).

- **Nitrogen atoms**: 2 nitrogen atoms (from the amide and ring).
- **Sulfur atom**: 1 sulfur atom.
- **Hydrogen count**: Using DU = 7 (4 from benzene ring, 2 from carbonyl groups, 1
from the ring closure), the formula for hydrogen is derived as H = 2C + 2 + N - 2 *
DU = 2(19) + 2 + 2 - 14 = 28.

The molecular formula is confirmed to be C19H28N2O4S.
<|reasoning_summary_end|>
<|answer_start|>
C19H28N2O4S
<|answer_end|>

Prompt/Response 4. Example completion on a SMILES-to-formula transformation task. The model first performs systematic SMILES
parsing to count all heavy atoms, then independently cross-checks the hydrogen count using a degrees-of-unsaturation (DU) calculation
from physical chemistry (DU = 7, yielding H = 28). This composition of structural parsing with a physical chemistry formula illustrates
how knowledge from the property prediction tasks can serve as a verification mechanism during transformation tasks, arriving at the
correct formula C19H28N2O4S.

USER PROMPT:
I’m analyzing SAR data with these measured potency values (higher values are better
):
Molecule: COc1cccc(C(C)NC(=O)c2ccc(-c3ccncc3)cc2)c1 -> 5.400
Molecule: O=C(NCc1ccccc1)c1ccc(-c2ccncc2)cc1 -> 5.000
Molecule: COc1cccc(C(C)NC(=O)c2ccc(-c3ccncc3)cc2)c1 -> 5.000
Molecule: COc1cccc(C(C)NC(=O)c2ccc(-c3ccncc3)c(C)c2)c1 -> 5.000
Molecule: COc1cccc(CNC(=O)c2ccc(-c3ccncc3)cc2)c1 -> 5.500
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Molecule: COc1cccc(C(C)NC(=O)c2sc(-c3ccncc3)nc2C)c1 -> 5.500
Molecule: CCCOc1cccc(C(C)NC(=O)c2ccc(-c3ccncc3)cc2)c1 -> 5.300
Molecule: CCCOc1cccc(C(C)NC(=O)c2ccc(-c3ccncc3F)cc2)c1 -> 5.500
Molecule: [2H]C([2H])([2H])Oc1cccc(C(C)NC(=O)c2sc(-c3ccncc3)nc2C)c1 -> 5.500
Molecule: COc1cccc(C(C)NC(=O)c2ccc(-c3ccncn3)cc2)c1 -> 5.000
Molecule: CC(NC(=O)c1ccc(-c2ccncc2)cc1)c1ccccc1 -> 5.000
Molecule: O=C(NC(CO)c1ccccc1)c1ccc(-c2ccncc2)cc1 -> 5.200
Molecule: COc1cccc(C(C)NC(=O)c2ccc(-c3ccncc3C)cc2)c1 -> 5.100
Molecule: COc1cccc(C(C)NC(=O)c2cnc(-c3ccncc3)nc2)c1 -> 5.500
Molecule: O=C(NCc1ccc(Cl)cc1)c1cc2c(-c3ccccc3)[nH]nc2s1 -> 5.000
Which molecule has the highest potency?
A: COc1cccc(C(CN)NC(=O)c2ccc(-c3ccncc3)cc2)c1
B: COc1cccc(CNC(=O)c2cc3c(-c4ccccc4)[nH]nc3s2)c1
C: NCC(NC(=O)c1ccc(-c2ccncc2)cc1)c1ccccc1
D: O=C(NC(CO)c1cc(Cl)cc(Cl)c1)c1ccc(-c2ccncc2)cc1
<think>
[internal model CoT hidden for readability]
</think>
<|reasoning_summary_start|>
To determine which molecule (A-D) has the highest predicted potency, the provided
SAR data is analyzed for structural features correlating with high potency (values
of 5.5 are the highest observed). Key patterns from the dataset:
- Potency of 5.5 is achieved with structural features including:
1. **Simple alkyl chain** on the amide nitrogen (e.g., molecule 5: ‘CNC(=O)‘
instead of branched ‘C(C)NC‘).
2. **Heterocyclic substituents** on the amide-linked aromatic ring (e.g., molecule
6: thiazole, molecule 13: triazine-like).

- Molecules with branched chains (e.g., molecule 1) or aryl groups (e.g., molecule
2) generally exhibit lower potency (5.0-5.4).

Evaluating options:
- **Option A**: Contains a cyanide-functionalized branched chain (‘C(CN)NC‘).
Uncommon substituent with no precedent in high-potency molecules; likely not
optimal.
- **Option B**: Features a simple ‘CNC(=O)‘ chain and a heterocyclic ring
containing sulfur and nitrogen (‘[nH]nc3s2‘), resembling molecule 6 (thiazole-based,
potency 5.5). The benzothiazole-like structure is a known favorable motif for

potency.
- **Option C**: Involves a longer chain (‘NCC(N...)‘) attached to an aryl group,
similar to molecule 2 (potency 5.0), suggesting lower activity.
- **Option D**: Contains chlorinated aryl groups, akin to molecule 12 (potency 5.2)
; substituents are neutral or slightly detrimental to high potency.

Option B aligns with the most successful patterns (simple chain + heterocycle),
matching the structural features of high-potency molecules (molecules 5, 6, 13).
Its predicted potency is 5.5, matching the highest values in the dataset.
<|reasoning_summary_end|>
<|answer_start|>
B
<|answer_end|>

Prompt/Response 5. Example completion on a multiple-choice SAR potency ranking task using public FS-Mol data. Given 15 in-context
molecules with measured potencies, the model identifies two structural patterns correlated with high potency: simple alkyl chains
on the amide nitrogen and heterocyclic ring substituents. It applies these patterns to rank the four candidates, selecting option B (a
benzothiazole-containing molecule) over the correct answer C. Despite the incorrect prediction, the reasoning demonstrates meaningful
SAR analysis, including functional group identification and analogy to in-context examples. The failure highlights the difficulty of
extrapolating structure-activity relationships from limited data, where plausible medicinal chemistry reasoning can still lead to incorrect
rankings.

USER PROMPT:
Considering SMILES: CN(CCc1cccc([N+](=O)[O-])c1)Cc1nc2c(s1)CCC2 | qed: 0.606,
output a molecule with higher QED and strong similarity.
<think>
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[internal model CoT hidden for readability]
</think>
<|reasoning_summary_start|>
The goal is to increase the QED (Quantitative Estimate of Drug-likeness) of the
given molecule while maintaining strong structural similarity. The original
molecule has a QED of 0.606, with a nitro group ([N+](=O)[O-]) attached to an
aromatic ring. Nitro groups are known to negatively impact QED due to their high
polar surface area (PSA) and potential toxicity, as they often contribute to higher
molecular weight and reduced drug-likeness. To improve QED, a minimal structural

modification replacing the nitro group with a fluorine atom (F) is proposed.
Fluorine is a common isosteric replacement that reduces molecular weight, lowers
PSA, and maintains structural similarity (as both are substituents on the aromatic
ring). The modified SMILES replaces [N+](=O)[O-] with F, resulting in a molecule
with potentially higher QED due to improved physicochemical properties without
altering the core scaffold significantly. This change is consistent with
established medicinal chemistry strategies for optimizing drug-likeness.
<|reasoning_summary_end|>
<|answer_start|>
CN(CCc1cccc(F)c1)Cc1nc2c(s1)CCC2
<|answer_end|>

Prompt/Response 6. Example completion on a QED optimization generation task. The model identifies the nitro group as the dominant
liability, reasoning about its high PSA, molecular weight contribution, and potential for metabolic activation to toxic hydroxylamines.
It proposes replacing the nitro group with fluorine, a well-established isosteric substitution in medicinal chemistry, producing a valid
SMILES with 38% QED improvement (0.606 → 0.838). This illustrates cross-task transfer of DMPK and toxicology knowledge into a
molecular generation context.

USER PROMPT:
What’s the SMILES for [C][O][C][=Branch1][C][=O][C@@H1][Branch1][=N][C][=C][C][=C][
C][Branch1][Ring1][O][C][=C][Ring1][Branch2][N][Branch1][C][C][C][C][=C][C][=C][C
][=C][C][=C][Ring1][=Branch1][N][=C][Ring1][#Branch2][O]?
<think>
[internal model CoT hidden for readability]
</think>
<|reasoning_summary_start|>
The provided SMILES string contains non-standard elements such as ‘[Branch1]‘, ‘[
Ring1]‘, and similar, which are not valid in standard SMILES notation. Standard
SMILES uses parentheses ‘()‘ for branches and numbers for ring closures. After
analyzing the structure, the non-standard tokens are replaced: ‘[Branch1]‘ becomes
‘(‘, ‘[Branch2]‘ becomes ‘(‘, and ‘[Ring1]‘ becomes ‘1‘ (with subsequent ring
closures matching the numbers). Parentheses are balanced to ensure valid SMILES
syntax, and the chiral notation ‘[C@@H1]‘ is interpreted as ‘[C@H]1‘ for proper
stereochemistry representation. The corrected SMILES is constructed by replacing
all erroneous tokens and ensuring valid branching and ring structures, resulting in
a coherent molecule description.

<|reasoning_summary_end|>
<|answer_start|>
COC(=O)C[C@H]1N=C(C=CC=C)C1OC2=CC=CC=C2C=CC=C(O)C
<|answer_end|>

Prompt/Response 7. Example failure on a SELFIES-to-SMILES transformation task. The input is a SELFIES string, a molecular
representation language with tokens like [Branch1] and [Ring1], but the model fails to recognize it as SELFIES entirely, instead
treating the tokens as corrupted SMILES syntax and attempting to “fix” them. Although the model produces a valid SMILES string, it
encodes the wrong molecule (the correct answer is COC(=O)[C@@H](c1cccc(OC)c1)N(C)Cc1cc2ccccc2nc1O). This failure
illustrates a key limitation discussed in Section 4.1: RL post-training can sharpen existing knowledge but cannot inject understanding of
representation systems absent from the base model’s pretraining data.
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Figure 5. Chemical strategies in the top 25% of scaffold-matching molecules. Left: Fraction of molecules retaining the seed’s urea linker
vs. converting to amide or carbamate. GPT-5 overwhelmingly converts to amide, while Aspen and Opus 4.6 more often retain the urea.
Right: Mean count of key substructural features per molecule. Frontier models favor fluorination (including CF3, particularly in the Opus
family). In contrast, Aspen and Opus 4 show increased use of CH2 spacers and N-methylation, while Opus 4 is additionally enriched in
more rigid groups such as cyclopropyl.

C.2. Simulated Lead-Optimization
All molecular optimization experiments are run with 20 turns with 30 total trajectories, starting from the same initial molecule:
NS(=O)(=O)c1ccc(NC(=O)Nc2ccc(F)cc2)cc1. At each turn, the model generates a molecule in SMILES format,
and tools are automatically called to compute the docking score and additional property scores. We computed the docking
score for 8TTR using the Vinardo (Quiroga & Villarreal, 2016) scoring function as implemented in GNINA (McNutt et al.,
2021), with an exhaustiveness of 32 and an 8.0Å buffer bounding box around the crystal ligand. We used RDKit functions
and an internal DMPK oracle (Napoli et al., 2025) to predict all constraint properties. During initial experiments, we
included the PDB ID (8TTR) in the system prompt; however, we observed that some frontier models made modifications
based on an incorrect assumption about the target family. Nevertheless, this led to improved docking scores, possibly due
to overlap with broadly favorable chemical features shared between the inferred protein family and the actual target. As
a result, we blinded the target name in the system prompt to reflect a more black-box optimization setting. We plot the
constraint satisfaction rate in Figure 6, the chemical validity rate and scaffold match rate in Figure 7, and the fraction of
unique molecules in Figure 8. From these plots, we see that the post-trained model is able to generate a larger fraction of
valid molecules that are generally diverse although it struggles to satisfy the HLM CLint constraint. Finally, we observe that
the Opus 4.6 model struggles to generate unique molecules for this task.

You are a medicinal chemistry expert specializing in molecular optimization.

Your task is to design molecules that optimize potency while satisfying DMPK
constraints.

After each turn, I will automatically calculate all properties for your proposed
molecule and provide feedback.

[...instructions on formatting...]

================================================================
CRITICAL: ALWAYS PROPOSE A NEW MOLECULE
================================================================

You MUST propose a structurally different molecule on EVERY turn. Never:
- Re-submit a molecule you have already proposed
- Declare that the current molecule is optimal or "good enough"
- Stop exploring modifications before all turns are exhausted
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Even if the current molecule has excellent properties, there is always room for
improvement. Continue exploring diverse structural modifications -- try different
substituents, ring systems, linker variations, or stereochemistry changes. Your
goal is to find the BEST possible molecule, not just a good one.

Prompt/Response 8. System prompt for the simulated lead-optimization environment (Section 4.3). The prompt establishes a multi-turn
interaction where the model proposes a modified molecule at each turn and receives automated property feedback. The novelty constraint
at the bottom is critical for ensuring diverse exploration across the 20-turn trajectory, preventing the model from repeatedly proposing
minor variants or declaring convergence prematurely.

Optimize the following molecule for potency while satisfying these constraints:

Starting molecule: NS(=O)(=O)c1ccc(NC(=O)Nc2ccc(F)cc2)cc1

Constraints:
- gLogD_value (lipophilicity): 0 to 5
- HLM_CLint_log (liver clearance): < 1.7 (corresponds to < 50 mL/min/kg)
- gMDCK_AB_log (permeability): > 0 (corresponds to > 1 x 10^-6 cm/s)
- LogKinSol (solubility): > 0 (corresponds to > 1 uM)
- tpsa: < 130 Angstroms^2
- molecular_weight: < 600 Da
- Must contain scaffold: O=CNc1ccc(S(N)(=O)=O)cc1

Objective:
- Minimize docking score (lower is better)

Reference docking score: -6.48

Propose your first optimized molecule.

Prompt/Response 9. First-turn user prompt for the simulated lead-optimization environment. The prompt specifies the starting molecule, a
scaffold substructure that must be preserved, six DMPK and physicochemical constraints with interpretable thresholds, and a docking
score objective. On subsequent turns, this prompt is replaced by automated feedback containing the proposed molecule’s computed
property values and docking score.
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Figure 6. Constraint satisfaction rates over optimization turns (30 trajectories per model). Each panel shows the fraction of valid molecules
satisfying the given DMPK constraint at each turn, with SEM bands. Aspen shows declining compliance on HLM CLint as trajectories
progress, while frontier models maintain near-perfect satisfaction throughout.
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Figure 7. SMILES validity and scaffold retention over optimization turns (30 trajectories per model). Left: Fraction of turns producing a
parseable SMILES. Opus 4.6 maintains near-perfect validity; Qwen3 base rarely exceeds 60%. Right: Mean scaffold match rate among
valid molecules. Qwen-based models start low but improve over turns, while frontier models stay above 90% throughout.
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Figure 8. Fraction of unique molecules proposed across all 30 trajectories per model in the simulated lead-optimization environment.
Most models maintain a high fraction of unique molecules (0.86–0.95), but Claude Opus 4.6 is a notable outlier at 0.57, suggesting a
degree of mode collapse in chemical space relative to its predecessor Opus 4 (0.88). This trend is consistent with the narrower structural
strategies observed for Opus 4.6 in Figure 5.
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