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Abstract

Existing LLM-based molecular optimization
methods frame the task as molecule-to-
molecule mapping, forcing models to implic-
itly learn structure-property relationships from
paired SMILES alone. We argue this misses
a key ingredient: task-level chemical knowl-
edge that tells the model which structural mo-
tifs to prefer or avoid for a given property direc-
tion, before it ever looks at a specific molecule.
We propose SkillMol, which constructs com-
pact task skills – sets of recommended and dis-
couraged structural motifs for each optimiza-
tion objective – from domain knowledge, and
pairs them with an atom-anchored action in-
terface that decomposes editing into discrete,
executable operations. Skills are used twice:
as explicit training context so the model learns
skill-conditioned edit actions, and as functional-
group constraints during inference search. A
deterministic RDKit executor applies the pro-
posed graph edits. On the MoleculeSTM bench-
mark across 14 molecular editing tasks, Skill-
Mol achieves 92.5% loose and 80.0% strict
hit ratio on single-property tasks and 65.3%
average across loose and strict multi-property
columns, outperforming strong LLM baselines.
Our code can be found at https://github.
com/jiajunyu1999/SkillMol.

1 Introduction

Large language models (Guo et al., 2025; Achiam
et al., 2023; Dubey et al., 2024; Yang et al., 2025;
Yu et al., 2026b; Liang et al., 2025) have become a
popular tool for molecular optimization (Liu et al.,
2024; Ye et al., 2025; Wu et al., 2024; Yu et al.,
2025), but the dominant approach still frames the
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Figure 1: The SkillMol workflow: construct a task skill
from domain knowledge, use the skill to predict an
atom-anchored edit action, execute the edit, and rank
candidates by property reward.

task as molecule-to-molecule mapping (Liu et al.,
2023, 2024, 2025b): given a source molecule, gen-
erate a target that satisfies the desired property di-
rection. This forces the model to implicitly re-
cover structure-property relationships from paired
SMILES alone, with no explicit signal about why
a particular substitution improves logP or raises
tPSA. The gap is most visible under strict eval-
uation, where a property change must exceed a
meaningful threshold rather than merely point in
the right direction. The missing ingredient is task-
level chemical knowledge: a compact prior that
tells the model which functional groups to prefer or
avoid for a given property direction, independent of
any specific molecule. A medicinal chemist brings
this kind of knowledge before touching a molecule
— which functional groups reliably increase solu-
bility (Lipinski et al., 1997)? which substitutions
raise tPSA without hurting permeability (Matsson
and Kihlberg, 2017)? — and applies it to decide
where to make a targeted local edit. This prior is
not molecule-specific; it is task-specific, reusable,
and grounded in accumulated chemical evidence.
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SkillMol operationalizes this design. For each
optimization objective, we construct a task skill – a
compact, reusable set of recommended and discour-
aged structural motifs – from domain knowledge,
and pair it with an atom-anchored action interface
that decomposes editing into discrete, executable
operations. The skill is used in two places. During
SFT, it is provided as explicit prompt context so the
model learns to produce atom-anchored edit actions
conditioned on chemical reasoning rather than on
SMILES co-occurrence patterns. During inference,
the same skill is converted into a functional-group
constraint that narrows the search space before any
candidate is sampled or executed. A determinis-
tic RDKit (Landrum et al., 2013) executor applies
each proposed action and sanitizes the resulting
molecular graph, keeping graph construction out of
the language model’s responsibility. Experiments
on the MoleculeSTM (Liu et al., 2023) 14-task
benchmark show that SkillMol, built on Qwen3-
0.6B (Yang et al., 2025) with LoRA (Hu et al.,
2021), achieves 92.5% loose and 80.0% strict hit
ratio on single-property tasks and 65.3% on multi-
property tasks, outperforming strong LLM-based
baselines. Our contributions can be summarized
as follows: (i) we show that incorporating com-
pact, task-level chemical skills can substantially
improve the molecular editing ability of LLMs
by providing reusable structure-property priors be-
yond molecule-to-molecule memorization, (ii) we
demonstrate that an action-based editing frame-
work enables strong molecular optimization per-
formance even with very small language models,
suggesting that interface design matters more than
parameter scale, (iii) across 14 molecular optimiza-
tion tasks, SkillMol achieves the best average per-
formance among existing LLM-based approaches
under strict evaluation settings.

2 Related Work

Molecular optimization. Molecular optimiza-
tion aims to improve target properties while retain-
ing useful structural context. Prior work has stud-
ied reinforcement-learning graph generation (You
et al., 2018; Zhou et al., 2019), graph-to-graph
translation (Jin et al., 2018), genetic or search-
based optimization (Jensen, 2019; Ahn et al., 2020),
fragment-level modification (Chen et al., 2021; Yu
et al., 2026a), and constrained edit sampling (Fu
et al., 2021b,a). These methods provide useful
mechanisms for local graph modification, but con-

trollability is often tied to task-specific objectives
or search heuristics. Transformer-based molecular
models (Vaswani et al., 2017), including SMILES
generation systems such as Transformer-R (He
et al., 2021) and LigGPT (Bagal et al.), further im-
proved sequence-level molecular modeling, while
multimodal molecule-text frameworks connected
structure optimization with textual supervision (Liu
et al., 2023).

LLMs for molecular optimization. Large
language models have strong reasoning and
instruction-following capabilities (Guo et al., 2025;
Liu et al., 2026; Dubey et al., 2024; Yang et al.,
2025), and have been adapted to scientific and
chemical tasks (Taylor et al., 2022; Mirza et al.,
2024; Zheng et al., 2024; Zhang et al., 2025; Li
et al., 2026). Instruction tuning and lightweight
adaptation (Wei et al., 2021; Ouyang et al.,
2022; Hu et al., 2021), together with open-source
LLMs (Taori et al., 2023; Chiang et al., 2023),
enable molecular systems that follow natural-
language objectives and scientific prompts (Meyer
et al., 2023; Zheng et al., 2025, 2024; Liu et al.,
2024, 2023). Recent LLM-based optimizers sup-
port text-conditioned retrieval and editing, prompt-
based optimization, dialogue-based drug editing,
scaffold-aware constraints, feedback-guided search,
and agentic reasoning (Liu et al., 2023; Wu et al.,
2024; Liu et al., 2024; Ye et al., 2025; Liu et al.,
2025a,b; Li et al., 2026). However, many still gen-
erate complete target molecules or rely on iterative
search, which can be costly and imprecise at the
atom level. SkillMol instead predicts explicit atom-
anchored edit actions, uses compact task skills as
chemical priors.

3 Method

Overview. SkillMol follows a three-stage
pipeline: (1) construct one task skill per objective
offline from domain knowledge; (2) train the LLM
to emit atom-anchored edit actions conditioned
on the skill; (3) at inference, reuse the same
skill to constrain functional-group choices during
multi-step search, with a deterministic RDKit
executor applying and sanitizing each graph edit.

3.1 Problem Formulation

Let X denote the molecular graph space and let
Q denote the set of optimization tasks. Each task
q ∈ Q is defined by one or more property-direction
pairs q = {(pj , sj)}mj=1, where pj is a molecular
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Figure 2: SkillMol pipeline. Task skills are built once from domain knowledge, used as prompt context for action
SFT, optionally refined with execution rewards, and converted into functional-group constraints during search.

property and sj ∈ {−1,+1} indicates whether
the property should decrease or increase. Given a
source molecule x0 ∈ X , the objective is to gen-
erate an editing trajectory (x0, a1, x1, . . . , aT , xT )
such that xT satisfies the loose or strict hit criterion
for q. Each action at belongs to a structured edit
vocabulary A and is parameterized as

at = (ot, ut, vt, gt),

ot ∈ {ADD,REMOVE,REPLACE}, (1)

where ut is an atom-mapped anchor, vt is an op-
tional removed atom for destructive edits, and
gt ∈ F is an optional functional group for con-
structive edits. The transition xt = E(xt−1, at)
is executed by a deterministic RDKit-based edit
executor E that applies the action to the current
molecule and sanitizes the product. This formula-
tion separates molecular reasoning into three parts:
the skill gives the property-level chemical prior, the
language model decides which local edit should be
attempted, and the executor determines whether the
proposed edit is chemically executable.

3.2 Action Space and Edit Execution
Each edit action is a tuple (o, u, v, g): an operation
o ∈ {ADD,REMOVE,REPLACE}, an atom-
map anchor u identifying the edit site, an optional
removed atom v for destructive edits, and an op-
tional functional-group identifier g for constructive
edits. Every atom in the source molecule is as-
signed an explicit atom-map ID before prompting,

so the model selects a concrete anchor rather than
describing a vague substructure. The model out-
put is a structured text record rather than a product
SMILES:
<EDIT_SET> <OP> o <ANCHOR> u <REMOVE> v <FGID> g

A deterministic RDKit executor parses the record
and applies the graph transformation. ADD con-
nects the selected anchor u to the attachment atom
of the selected fragment g. REMOVE deletes the
side branch reached from v after cutting the bond
(u, v); a branch is removable only when v is outside
the Murcko scaffold, the cut does not lie inside a
ring, and deleting the connected component keeps
the remaining molecule connected. REPLACE first
performs the same branch removal and then at-
taches g to u through the fragment attachment point
stored in the functional-group library. Ring atoms
and aromatic bonds are not removed directly, and
products are sanitized with RDKit after kekuliza-
tion/aromaticity perception. For multi-step editing,
atom-map IDs are reassigned after each executed
edit before the next prompt is built, so the model
always sees the current molecule with fresh, unam-
biguous atom identifiers.

3.3 Task Skill Construction

For each optimization objective q, we construct one
task skill sq offline. We use Codex-GPT5.5 high as
a literature-search assistant: for each property direc-
tion, it issues web and PubMed-style queries com-
bining the property name, direction, and medicinal-
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chemistry edit terms (e.g., “logP decrease func-
tional group”, “tPSA increase substituent”, and
“lead optimization reduce HBD”). The retrieved ev-
idence is limited to medicinal-chemistry reviews,
highly cited papers, PubMed abstracts, and pub-
lic compound resources, and is kept only when
it directly supports the requested property direc-
tion. Codex-GPT5.5 high then summarizes the
retained evidence into a structured skill: a set of
recommended structural motifs Rq and a set of
discouraged motifs Bq for the given property direc-
tion. We manually check the final skill table for
direction consistency, duplicate motifs, and con-
flicts between recommended and discouraged sets.
The skill is task-level and constructed entirely of-
fline; no training molecule or generated result is
used. The same skill sq = (Rq,Bq) is reused as
prompt context during SFT and as the source of
inference-time functional-group constraints. The
complete skill library is listed in Appendix B.4.

3.4 Skill-Based Action SFT

Given a training set of molecular editing examples
D = {(xi, qi, yi)}Ni=1, where yi is the target edit
action sequence, we prepend the corresponding
skill sqi to the instruction prompt and optimize the
language model to produce edit actions. The input
contains the source SMILES, atom-map indices
for every atom, optimization objective, property
direction, and the retrieved skill. The target action
is also written in the same atom-ID space, so SFT
directly teaches the model to choose an anchor
ID and an edit type, using the same action record
format defined in §3.2. Fields that do not apply to
an operation are omitted. The record explicitly tells
the executor the edit type, the atom ID of the anchor
point, the atom ID of the removed branch when
needed, and the inserted functional group when
needed. Let θ denote the LoRA parameters and
let yi = (yi,1, . . . , yi,Li) be the tokenized action
sequence. The supervised objective is

LSFT(θ) = −
N∑︂

i=1

Li∑︂

ℓ=1

logPθ(yi,ℓ | yi,<ℓ, xi, qi, sqi) .

(2)
This objective teaches the model to associate a
task skill with a local edit decision rather than a
product SMILES. The fixed action schema also
makes malformed outputs easy to detect before
execution.

3.5 GRPO Alignment
After skill-based action SFT, we further align the
policy with molecular execution rewards through
GRPO. For each prompt c = (x0, q, sq), the policy
samples a group of K action trajectories, executes
each with the RDKit executor, and computes a
scalar reward rk. The reward is hierarchical: a non-
executed trajectory receives r = −1; an executed
molecule receives a base score determined by hit
status (strict hit ≥ loose hit ≥ executed-only), plus
a continuous margin term δk = minj

sj∆pj
θj

that
measures how far the bottleneck property is from
the strict threshold (where θj is the per-property
strict threshold), and a small edit-count penalty
ηnk, where nk is the number of executed edit steps.
λ > 0 is a margin weight (set to λ = 0.5 in all
experiments), η = 0.05, and ϵ is a small constant
for numerical stability. Formally:

rk =

⎧
⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

−1 not executed
1 + λ clip(δk,−0.75, 0.5)− ηnk strict hit
0.5 + λ clip(δk,−0.75, 0.5)− ηnk loose hit
λ clip(δk,−0.75, 0.5)− ηnk executed only

(3)
GRPO normalizes rewards within the sampled
group to estimate relative advantages:

µr =
1
K

∑︁K
k=1 rk, σr =

√︂
1
K

∑︁K
k=1(rk − µr)2, Âk = rk−µr

σr+ϵ .

(4)
Let τk denote the sampled action trajectory and
ρk(θ) = πθ(τk | c)/πold(τk | c) be the policy ratio.
We update the policy with the clipped objective

JGRPO(θ) =
1

K

K∑︂

k=1

min
(︂
ρk(θ)Âk, ρ̄k(θ)Âk

)︂

− βDKL(πθ ∥πSFT) ,
(5)

where

ρ̄k(θ) = clip(ρk(θ), 1− ϵp, 1 + ϵp) . (6)

Here ϵp is PPO clipping coefficient and β controls
the KL penalty toward the SFT reference policy.

3.6 Skill-Guided Inference
At inference time, the same task skill sq used dur-
ing training is provided as prompt context, so the
model already has the chemical prior when gen-
erating edit actions. The prompt format is identi-
cal to SFT: source SMILES with atom-map IDs,
optimization objective, and skill text. The model
outputs an action record in the same format as §3.2.
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Table 1: Loose hit ratio on eight single-property tasks. A loose hit requires movement in the requested direction;
AVG is the macro average over tasks. The gray row uses skill-FG search (§3.6). Bold marks the best result and
underline marks the second best. ∆ denotes the optimized property interval.

Method logP- logP+ QED+ QED- tPSA- tPSA+ HBA+ HBD+ AVG
∆ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Random 35.3 ± 1.0 43.4 ± 3.0 38.1 ± 2.0 37.0 ± 2.0 25.2 ± 2.0 16.8 ± 2.0 12.6 ± 1.0 3.0 ± 0.6 26.4
PCA 33.8 ± 3.0 39.4 ± 2.0 34.0 ± 3.0 35.2 ± 2.0 21.4 ± 0.0 15.5 ± 2.0 10.9 ± 2.0 4.0 ± 0.6 24.3
High Variance 33.5 ± 3.0 42.9 ± 2.0 36.2 ± 4.0 40.0 ± 0.0 22.0 ± 3.0 17.1 ± 1.0 11.8 ± 0.0 6.2 ± 0.7 26.2
GS-Mutate 52.0 ± 0.0 47.5 ± 0.0 28.0 ± 0.0 71.3 ± 0.0 22.0 ± 0.0 28.8 ± 1.0 21.2 ± 3.0 19.5 ± 2.9 36.3
MoleculeSTM-SMILES 61.9 ± 2.0 52.7 ± 1.0 36.5 ± 2.0 58.6 ± 1.0 57.7 ± 0.0 34.1 ± 0.0 54.0 ± 5.0 28.6 ± 0.8 48.0
MoleculeSTM-Graph 67.9 ± 3.5 64.8 ± 2.8 40.0 ± 4.3 77.6 ± 2.8 59.8 ± 0.8 31.8 ± 1.0 37.4 ± 0.8 61.0 ± 5.1 55.0
ChatDrug 94.1 ± 1.0 96.9 ± 1.1 48.7 ± 3.4 70.8 ± 2.9 56.6 ± 1.8 77.4 ± 2.0 95.4 ± 0.6 96.5 ± 1.3 79.5
MultiMol 91.3 ± 1.2 92.1 ± 1.1 49.3 ± 1.5 72.4 ± 1.3 51.2 ± 1.4 86.9 ± 1.0 89.3 ± 0.9 89.0 ± 1.1 77.7
LLaMA Chem Reasoner 51.5 ± 0.0 57.0 ± 0.0 32.0 ± 0.0 48.0 ± 0.0 44.0 ± 0.0 51.5 ± 0.0 51.5 ± 0.0 39.0 ± 0.0 46.8
LLaMA RL-Guider 60.0 ± 0.0 58.5 ± 0.0 43.0 ± 0.0 57.0 ± 0.0 62.0 ± 0.0 60.0 ± 0.0 61.0 ± 0.0 50.5 ± 0.0 56.5
DeepSeek Chem Reasoner 81.0 ± 0.0 87.5 ± 0.0 53.0 ± 0.0 73.0 ± 0.0 64.5 ± 0.0 74.0 ± 0.0 74.5 ± 0.0 50.0 ± 0.0 69.7
DeepSeek RL-Guider 82.0 ± 0.0 92.0 ± 0.0 78.0 ± 0.0 69.5 ± 0.0 78.0 ± 0.0 82.0 ± 0.0 75.0 ± 0.0 57.0 ± 0.0 76.7

SkillMol 98.0 ± 2.0 100.0 ± 0.0 64.0 ± 6.8 100.0 ± 0.0 80.0 ± 5.7 98.0 ± 2.0 100.0 ± 0.0 100.0 ± 0.0 92.5

Table 2: Strict hit ratio on eight single-property tasks. A strict hit must exceed the threshold in the ∆ row, so this
table measures both direction and edit magnitude. AVG is the macro average over tasks; the gray row uses skill-FG
search (§3.6). ∆ denotes the optimized property interval.

Method logP- logP+ QED+ QED- tPSA- tPSA+ HBA+ HBD+ AVG
∆ 0.5 0.5 0.1 0.1 10.0 10.0 1.0 1.0

Random 11.0 ± 2.4 19.8 ± 1.6 5.3 ± 0.2 6.2 ± 1.9 17.4 ± 1.4 11.0 ± 0.7 0.7 ± 0.0 0.0 ± 0.0 8.9
PCA 10.7 ± 3.2 15.1 ± 2.9 4.0 ± 0.1 5.3 ± 1.0 14.5 ± 0.8 10.6 ± 1.9 0.9 ± 0.8 0.0 ± 0.0 7.6
High Variance 10.9 ± 2.6 18.2 ± 3.2 4.4 ± 0.6 7.6 ± 0.3 14.7 ± 2.1 12.0 ± 1.0 0.7 ± 0.0 0.0 ± 0.0 8.6
GS-Mutate 14.7 ± 0.6 12.5 ± 0.8 6.3 ± 0.8 27.7 ± 3.8 6.2 ± 0.6 15.2 ± 1.0 1.8 ± 0.5 1.3 ± 0.2 10.7
MoleculeSTM-SMILES 49.0 ± 1.8 30.5 ± 3.3 8.8 ± 0.8 37.6 ± 1.8 47.5 ± 1.9 26.5 ± 1.0 27.3 ± 2.6 7.7 ± 0.6 29.4
MoleculeSTM-Graph 47.1 ± 3.4 54.4 ± 4.0 14.1 ± 3.2 54.2 ± 3.1 50.4 ± 2.7 19.8 ± 1.3 16.1 ± 2.9 32.4 ± 2.6 36.1
ChatDrug 70.1 ± 3.4 88.7 ± 1.0 19.4 ± 5.5 31.0 ± 2.7 43.1 ± 3.0 66.7 ± 2.7 72.6 ± 2.5 76.4 ± 3.3 58.5
MultiMol 81.6 ± 1.2 86.4 ± 1.5 30.4 ± 1.5 55.1 ± 1.2 59.9 ± 1.4 86.6 ± 1.0 95.1 ± 0.8 92.4 ± 1.1 73.4
LLaMA Chem Reasoner 31.5 ± 0.0 51.0 ± 0.0 5.0 ± 0.0 14.0 ± 0.0 34.0 ± 0.0 51.0 ± 0.0 13.5 ± 0.0 5.5 ± 0.0 25.7
LLaMA RL-Guider 52.5 ± 0.0 55.5 ± 0.0 9.5 ± 0.0 60.0 ± 0.0 44.5 ± 0.0 54.0 ± 0.0 46.0 ± 0.0 20.5 ± 0.0 42.8
DeepSeek Chem Reasoner 66.0 ± 0.0 81.0 ± 0.0 10.5 ± 0.0 13.0 ± 0.0 50.5 ± 0.0 74.5 ± 0.0 19.0 ± 0.0 10.5 ± 0.0 40.6
DeepSeek RL-Guider 75.5 ± 0.0 83.0 ± 0.0 10.0 ± 0.0 70.5 ± 0.0 57.0 ± 0.0 77.5 ± 0.0 65.0 ± 0.0 20.5 ± 0.0 57.4

SkillMol 98.0 ± 2.0 100.0 ± 0.0 12.0 ± 4.6 96.0 ± 2.8 54.0 ± 7.0 98.0 ± 2.0 90.0 ± 4.2 92.0 ± 3.8 80.0

In addition, the recommended motifsRq from the
skill are mapped to a permitted functional-group
set F+

q , and logits for groups outside this set are
masked to −∞ before sampling. This constrains
the proposal distribution toward task-consistent
fragments before execution.

Inference supports multi-step editing: at each
step, the policy samples multiple action records
from the current molecule, RDKit executes the
sampled records, and the highest-reward executed
molecule advances to the next step. We use two
editing steps (T = 2) in all main experiments. The
full prompt templates for skill construction, SFT,
and inference are given in Appendix B.3.

4 Experiments

4.1 Experimental Settings

Data and Tasks. Training pairs are constructed
from the MoleculeSTM pre-training corpus (Liu

et al., 2023), converted into skill-conditioned ac-
tion records (see Appendix A). Evaluation uses
the MoleculeSTM test set of 200 molecules across
14 tasks: eight single-property (logP↑↓, QED↑↓,
tPSA↑↓, HBA↑, HBD↑) and six multi-property
tasks combining logP with HBA, HBD, or tPSA.

Metrics and Baselines. We report loose hit ra-
tio (property moves in the correct direction) and
strict hit ratio (property change exceeds a task-
specific threshold). Baselines include Random,
PCA, High Variance (Liu et al., 2022), GS-Mutate,
MoleculeSTM-SMILES/Graph (Liu et al., 2023),
ChatDrug (Liu et al., 2024), MultiMol (Yu et al.,
2025), Chem Reasoner (Sprueill et al., 2024), and
RL-Guider (Liu et al., 2025b). Chem Reasoner
and RL-Guider are each evaluated with two back-
bone LLMs (LLaMA and DeepSeek), yielding four
baseline rows in the tables.
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Table 3: Loose and strict hit ratios on six multi-property tasks. Each task has a loose column and a strict column; a
molecule is counted as a hit only if all requested property conditions are met. AVG is the macro average over all
reported columns. ∆ denotes the optimized property interval.

Method logP- & logP- & logP+ & logP+ & logP- & logP- & logP+ & logP+ & logP- & logP- & logP-& logP- & AVG
HBA+ HBA+ HBA+ HBA+ HBD+ HBD+ HBD+ HBD+ tPSA- tPSA- tPSA+ tPSA+

∆ 0-0 0.5-1 0-0 0.5-1 0-0 0.5-1 0-0 0.5-1 0-0 0.5-10 0-0 0.5-10

Random 9.9 ± 1.0 0.2 ± 0.3 3.0 ± 0.4 0.5 ± 0.3 2.3 ± 1.2 0.0 ± 0.0 0.7 ± 0.6 0.0 ± 0.0 5.1 ± 1.2 1.2 ± 0.7 12.2 ± 1.1 6.2 ± 0.6 3.4
PCA 8.6 ± 2.1 0.5 ± 0.6 2.0 ± 0.6 0.0 ± 0.0 2.2 ± 1.2 0.0 ± 0.0 2.0 ± 0.9 0.0 ± 0.0 3.5 ± 0.4 0.7 ± 0.6 10.4 ± 2.9 6.2 ± 2.3 3.0
High Var 9.1 ± 1.3 0.2 ± 0.3 2.5 ± 0.7 0.2 ± 0.3 4.4 ± 0.6 0.0 ± 0.0 1.8 ± 0.7 0.0 ± 0.0 4.9 ± 2.2 0.7 ± 0.5 13.1 ± 2.3 6.7 ± 0.5 3.6
GS-Mutate 14.0 ± 2.5 0.7 ± 0.6 7.2 ± 0.9 0.2 ± 0.2 13.8 ± 3.0 0.0 ± 0.0 5.7 ± 0.6 0.0 ± 0.0 8.2 ± 1.0 0.0 ± 0.0 19.8 ± 2.5 4.8 ± 0.9 6.2
MolSTM-SMILES 27.9 ± 3.9 8.8 ± 0.0 8.6 ± 2.8 2.9 ± 0.3 33.5 ± 4.1 10.0 ± 1.0 17.0 ± 2.8 2.6 ± 1.1 35.7 ± 3.2 19.2 ± 0.7 44.4 ± 0.7 28.7 ± 2.2 19.9
MolSTM-Graph 27.4 ± 3.4 11.1 ± 1.8 8.2 ± 0.8 0.0 ± 0.0 49.2 ± 1.7 23.9 ± 1.1 14.4 ± 3.4 3.8 ± 0.7 39.7 ± 2.3 22.7 ± 1.9 30.9 ± 0.6 20.1 ± 1.3 21.0
ChatDrug 79.6 ± 0.6 49.6 ± 2.7 51.6 ± 3.8 24.9 ± 4.9 89.3 ± 1.0 53.6 ± 5.8 39.9 ± 3.9 24.2 ± 2.2 12.9 ± 2.7 10.4 ± 5.8 65.3 ± 2.2 52.9 ± 2.2 46.2
MultiMol 88.1 ± 1.5 85.0 ± 1.2 57.4 ± 1.5 33.7 ± 1.3 94.2 ± 1.0 85.4 ± 1.1 49.5 ± 1.4 25.3 ± 1.2 24.6 ± 1.5 11.2 ± 1.0 82.3 ± 1.3 61.2 ± 1.4 58.2
LLaMA-C 37.0 ± 0.0 8.0 ± 0.0 21.0 ± 0.0 7.0 ± 0.0 43.0 ± 0.0 11.5 ± 0.0 22.0 ± 0.0 5.0 ± 0.0 3.0 ± 0.0 2.0 ± 0.0 51.5 ± 0.0 33.5 ± 0.0 20.4
LLaMA-RL 50.0 ± 0.0 37.5 ± 0.0 37.5 ± 0.0 24.0 ± 0.0 45.0 ± 0.0 20.0 ± 0.0 23.0 ± 0.0 8.5 ± 0.0 8.0 ± 0.0 3.0 ± 0.0 44.0 ± 0.0 38.5 ± 0.0 28.3
DeepSeek-C 75.0 ± 0.0 28.5 ± 0.0 27.0 ± 0.0 3.0 ± 0.0 72.0 ± 0.0 23.5 ± 0.0 16.0 ± 0.0 1.5 ± 0.0 5.5 ± 0.0 4.5 ± 0.0 74.5 ± 0.0 52.5 ± 0.0 32.0
DeepSeek-RL 77.0 ± 0.0 63.0 ± 0.0 63.0 ± 0.0 6.0 ± 0.0 71.5 ± 0.0 68.5 ± 0.0 9.5 ± 0.0 10.5 ± 0.0 8.0 ± 0.0 5.5 ± 0.0 79.0 ± 0.0 73.0 ± 0.0 44.5

SkillMol 96.0 ± 2.8 90.0 ± 4.2 58.0 ± 7.0 34.0 ± 6.7 96.0 ± 2.8 74.0 ± 6.2 50.0 ± 7.1 16.0 ± 5.2 46.0 ± 7.0 24.0 ± 6.0 100.0 ± 0.0 100.0 ± 0.0 65.3

Table 4: Example skill path for logP decrease. The
retrieved rule becomes a task skill, the skill supports
a replace action, and the same skill masks functional
groups toward polar fragments.

Stage Example for logP↓
Retrieved rule Polar heteroatom insertion and hydrophobic-

group removal are preferred for improving
solubility.

Skill text Replace hydrophobic alkyl substituents with
hydroxyl, ether, amine, amide, or carbonyl-
containing substituents; avoid alkyl or halo-
gen growth.

Action target <OP_REPLACE> at an atom-mapped anchor,
followed by <FGID> for a polar fragment.

FG constraint Permit polar groups such as amide, amine,
morpholine, sulfonamide, pyridyl, and di-
azine IDs; suppress tert-butyl, CF3, halogen,
and hydrophobic aryl IDs.

Implementation. We use Qwen3-0.6B with
LoRA (Hu et al., 2021; Yang et al., 2025), trained
for 50 epochs with batch size 512 on two A100
(80GB) GPUs. Inference supports multi-step edit-
ing, and we use two editing steps (T = 2) in the
main setting. Full training and inference details are
in Appendix B.

4.2 Experimental Results

We report four groups of results. The main compar-
ison evaluates SkillMol against existing molecular
optimization systems. The ablation isolates the
training skill, GRPO, and inference-time skill con-
straint. The backbone diagnostic checks whether
scale alone explains the gains. The final analysis
inspects latency, property movement, and selected
functional groups.

Main Comparison. Tables 1–3 compare Skill-
Mol with prior molecular optimization systems un-
der the same tasks. Loose single-property results
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Figure 3: Efficiency-accuracy comparison. The x-axis
is approximate inference latency per molecule and the y-
axis is loose hit ratio. SkillMol trades more computation
than classical edits for higher hit ratio, while avoiding
the largest latencies of agentic LLM systems.

Table 5: Summary of the rule-random skill baseline.
Scores are average hit ratios in percent; full task-level
results are reported in Appendix B.6.

Method Single Loose Single Strict Multi Loose Multi Strict

Rule-random 37.6 21.6 34.7 6.8
SkillMol 92.5 80.0 74.3 56.3

measure whether edits move properties in the cor-
rect direction, while strict results require crossing
the task threshold. Multi-property tasks are harder
because all objectives must be satisfied simultane-
ously. SkillMol achieves 92.5% average loose hit
ratio and 80.0% strict hit ratio on single-property
tasks, and 65.3% average on multi-property tasks.
The strict metric is most relevant for our action-
based design because edits must be executable and
sufficiently large. Weaknesses remain on QED in-
crease (12.0% vs. 30.4% for MultiMol) and tPSA
decrease (54.0% vs. 59.9%). Multi-property per-
formance is stronger for compatible objectives and
weaker under sharper trade-offs.
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Rule-Only Skill Baseline. Table 5 tests whether
the skill can be used as a direct editing rule.
The rule-random baseline samples a recommended
functional group or removal rule from the skill and
applies it at a random feasible-looking site. This
rule-only use of skills can sometimes move easy
single properties in the right direction, but it fails
under stricter thresholds and especially under multi-
property objectives, where one edit must satisfy
coupled and sometimes competing requirements.
Thus, the skill is better understood as a chemical
prior for a learned action policy, not as a complete
editing algorithm by itself. More detailed per-task

Table 6: Ablation by task type. Single columns average
over the eight single-property tasks; Multi columns av-
erage over the six multi-property tasks. Loose and Strict
are hit ratios in percent.

Variant Single Loose Single Strict Multi Loose Multi Strict

SkillMol 92.5 80.0 74.3 56.3
w/o skill in SFT 59.9 40.3 36.3 17.0
w/o GRPO 86.7 75.3 71.0 52.3
w/o skill at inference 85.0 70.0 68.0 45.0

results are provided in Appendix B.6.

Ablation Study. Table 6 isolates three compo-
nents: the task skill during SFT, GRPO alignment,
and the inference-time skill constraint. The largest
drop by far comes from removing skills during
training: strict hit ratio falls from 80.0% to 40.3%
on single-property tasks and from 56.3% to 17.0%
on multi-property tasks, confirming that the task
skill is a genuine training signal rather than a de-
coding hint. Removing GRPO gives a smaller
but consistent reduction, especially under the strict
criterion. Removing the inference-time skill con-
straint causes a further drop (80.0% → 70.0%
strict single-property; 56.3%→ 45.0% strict multi-
property); crucially, this variant still substantially
outperforms the no-skill-in-SFT variant (40.3% /
17.0%), confirming that skill-based SFT internal-
izes the chemical prior into the model weights and
the inference-time constraint provides an additional
complementary benefit.

Backbone Size. Table 7 evaluates whether a
larger Qwen3 backbone improves the action pol-
icy under the same skill-guided editing interface.
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Table 7: Backbone-size diagnostic under skill-guided
action search. The column names match Table 6. Larger
backbones give only small gains under the same skill-
conditioned action interface.

Backbone Single Loose Single Strict Multi Loose Multi Strict

Qwen3-0.6B (used in SkillMol) 92.5 80.0 74.3 56.3
Qwen3-4B 91.0 81.5 76.0 58.0
Qwen3-8B 94.0 83.0 78.0 59.0

Larger backbones perform only slightly better on
average, with differences within 3 points on single-
property tasks and 4 points on multi-property tasks
(maximum gap: 3.7 points on loose multi-property).
We therefore adopt Qwen3-0.6B as the default set-
ting. This suggests that the task skill already pro-
vides much of the required chemical prior, mak-
ing action selection relatively simple once explicit
chemical rules and the atom-ID action space are
given. Further improvements may require stronger
chemical reasoning or better multi-step planning
rather than larger model scale alone.

Efficiency Analysis. Figure 3 compares loose hit
ratio with approximate inference latency. Classical
and graph-based methods are fastest but achieve
lower hit ratios, while agentic LLM systems im-
prove controllability through repeated model, tool,
or feedback calls at much higher latency. Skill-
Mol falls between them: it samples structured edit
actions and executes them with RDKit over two
editing steps, with functional-group skills limiting
the branching factor. Thus, its gains come from
a productive skill-conditioned action prior rather
than unbounded search.

Single-Property Movement. Figure 4 compares
source and optimized property distributions for
the eight single-property objectives. This analy-

sis checks whether the selected edits actually move
the optimized property, rather than only passing
the hit-ratio threshold on a small set of molecules.
Most optimized distributions shift in the requested
direction. QED increase shows less separation,
matching its lower strict hit ratio in Table 2.

Multi-Property Movement. Figure 5 gives the
same check for multi-property objectives. Each
panel asks whether the selected edits move both re-
quested properties together. The mean-shift arrows
are clearest when the two objectives are chemi-
cally compatible. Trade-off settings have more
dispersed optimized points, which is expected be-
cause one local edit can help one property while
limiting progress on the other.

Skill and Functional-Group Alignment. Fig-
ure 6 checks whether task skills and selected edit
motifs agree at the task level. This analysis is com-
plementary to the ablation table: instead of measur-
ing hit ratio, it asks whether the policy follows the
intended chemical prior. The alignment is clearest
for objectives with direct motif-property relations,
such as logP decrease, tPSA increase, and HBD
increase, while objectives such as QED increase
remain more diffuse because the skill must balance
several properties. Figure 7 further summarizes
which functional groups are inserted by the policy.
The pattern is chemically plausible: lipophilicity-
increasing objectives use more hydrophobic frag-
ments, while polarity-related objectives more often
insert amide, amine, urea, or related polar groups.
We use this as a qualitative check on the learned
edit policy rather than as proof that every individual
edit is medicinally optimal.
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Figure 8: Case study of SkillMol editing trajectories. Each row shows a source molecule, the predicted edit action,
and the optimized molecule with property values before and after the edit. Cases are selected to illustrate how the
task skill guides functional-group choice across different optimization objectives.

Case Study Figure 8 illustrates representative
editing trajectories produced by SkillMol on se-
lected molecules from the test set. Each example
shows the source molecule, the predicted edit ac-
tion (operation, anchor atom, and functional group),
and the resulting optimized molecule, together with
the property values before and after the edit. The
cases are drawn from tasks with different opti-
mization directions to highlight how the task skill
shapes the choice of functional group. For logP
decrease, the policy consistently selects polar sub-
stitutions such as amide or hydroxyl at hydrophobic
anchor sites. For tPSA increase, the policy inserts
heteroatom-containing fragments such as morpho-
line or sulfonamide. For multi-property tasks, the
selected edits reflect the combined skill constraint:
the inserted fragment must satisfy both property
directions simultaneously, which is visible in the
logP↓+HBA↑ examples where ether or carbonyl
groups are preferred over pure alkyl or pure donor

motifs. These qualitative patterns are consistent
with the quantitative skill-alignment analysis in
Figure 6 and confirm that the learned policy fol-
lows the chemical prior encoded in the task skill.

5 Conclusion

We presented SkillMol, a skill-conditioned frame-
work for molecular optimization that combines
compact task skills with an atom-anchored action
interface for executable molecular edits. Results
show that task skills are the main driver of per-
formance, while inference-time functional-group
constraints provide smaller additional gains. Scal-
ing the backbone up to 8B brings only limited im-
provement, suggesting that the skill-action inter-
face matters more than model size. Although effec-
tive on benchmark property-editing tasks, broader
lead-optimization applications still require further
medicinal-chemistry validation.
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Limitations

SkillMol is evaluated on benchmark property-
editing tasks rather than full medicinal-chemistry
optimization campaigns. The reported properties
are only proxy metrics and do not cover factors
such as synthesis feasibility, assay uncertainty, or
expert review. In addition, the learned skills act
as coarse task-level priors and may be less effec-
tive for objectives without clear functional-group
patterns or for scaffold-specific optimization sce-
narios.
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A Dataset Construction

The SkillMol training set is derived from the same
scaffold-preserving molecular editing construction
used to create the supervised molecular editing
pairs, but the final supervision is converted into text-
form action records rather than graph-classification
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labels. The starting pool is the training split of
the MoleculeSTM pre-training corpus (Liu et al.,
2023). Let S denote this base SMILES pool. To
reduce redundancy and cover a broad chemical
region, we compute Morgan fingerprints and use
Tanimoto distance to select a diverse subset. For
two molecules xi and xj with Morgan fingerprints
fi and fj , where ⟨fi, fj⟩ =

∑︁
k fi,kfj,k is the num-

ber of common set bits, similarity and distance are
defined as

sim(xi, xj) =
⟨fi, fj⟩

∥fi∥1 + ∥fj∥1 − ⟨fi, fj⟩
,

d(xi, xj) = 1− sim(xi, xj).

(7)

Starting from an initial selected set Sk, the next
molecule is chosen as the candidate whose mini-
mum distance to the current selected set is largest:

Sk+1 = Sk ∪
{︃
arg max

x∈S\Sk

min
u∈Sk

d(x, u)

}︃
. (8)

This step yields a chemically diverse source-
molecule set for generating editing supervision.

For each selected source molecule x, candi-
date target molecules are generated by scaffold-
constrained structural editing. We extract the Mur-
cko scaffold M(x), identify scaffold-adjacent an-
chors, and apply a single-step edit transformation

y = T (x; a, o, g), (9)

where a is the atom anchor, o ∈
{add, remove, replace} is the edit operation,
and g is a functional group from a curated library
F . The library contains 27 medicinal-chemistry
fragments, including amides, sulfonamides,
heterocycles, alkyl groups, halogens, and polar
substituents. Each retained pair (x, y) corresponds
to an executable local modification that preserves
the Murcko scaffold rather than an arbitrary target
molecule.

After generating candidate pairs, we compute
five molecular properties with RDKit: QED, logP,
tPSA, HBA, and HBD. The property vector and
property change are

p(x) = [QED, logP, tPSA,HBA,HBD]⊤,

∆p = p(y)− p(x).
(10)

For a task t with optimized property set Pt and di-
rection vector st, where st,k = +1 denotes increas-
ing property k and st,k = −1 denotes decreasing it,

a pair is retained when it satisfies the task direction:
⋀︂

k∈Pt

(st,k∆pk > ϵ) , scoret(x, y) =
∑︂

k∈Pt

|∆pk|.

(11)
Pairs are ranked by scoret(x, y), the top fraction
is retained, and operation and fragment frequen-
cies are balanced to avoid overrepresenting a small
number of easy edits.

The final difference from the graph-supervised
construction is the representation of each retained
example. Instead of using node-level operation
labels directly, SkillMol converts every pair into
a text instruction and a text target. The input text
contains the source molecule, the optimization
objective, the desired optimization direction,
and the literature-retrieved skill st. The target
text is an ordered action sequence: ytext =
[<OP>, o, <ANCHOR>, a, <REMOVE>, r, <FGID>, g]
where r is included only for destructive or replace-
ment edits and g is included only for constructive
edits. Thus, all SkillMol SFT and GRPO data are
built from the same source-target molecular editing
pairs, but the model is trained to emit serialized
edit decisions in natural-language-compatible text
form.

B Experimental Setup Details

Training configuration. All models are trained
with LoRA adaptation on top of the Qwen3-0.6B
backbone. SFT uses a batch size of 512 and runs
for 50 epochs with the AdamW optimizer. GRPO
variants are initialized from the SFT checkpoint
and fine-tuned with the same batch size for an ad-
ditional 10 epochs, using a group size of K = 8
sampled trajectories per prompt. The LoRA rank
is set to 16 with α = 32, applied to the query and
value projection matrices. All hyperparameters are
selected on a held-out validation split and kept fixed
across all backbone sizes.

Inference configuration. Unless otherwise spec-
ified, inference uses skill-FG search with two edit-
ing steps (T = 2). At each step, actions are sam-
pled with temperature 0.8 and nucleus sampling
p = 0.95, and the highest-reward molecule re-
turned by the RDKit executor becomes the next
input.

Hardware and runtime. All experiments are
conducted on a computing cluster equipped with
two NVIDIA A100 (80GB) GPUs and an Intel
Xeon Platinum CPU. SFT for the 0.6B backbone
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completes in approximately 4 hours; GRPO align-
ment requires an additional 6 hours. Inference over
the full 200-molecule test set across all 14 tasks
takes approximately 2 hours per model configura-
tion.

Statistical reliability. We report the mean and
standard deviation across 5 independent runs with
different random seeds for SkillMol and all ablation
variants. For Chem Reasoner and RL-Guider, we
report results directly from their respective papers,
which provided metrics from a single experimen-
tal run; these baselines therefore appear without
standard deviation in the tables.

B.1 Molecular Quality Comparison
Table 8 compares SkillMol and MultiMol on four
molecular quality metrics beyond hit ratio: nov-
elty (fraction of optimized molecules not identical
to the source), SA delta (change in synthetic ac-
cessibility score, lower is better), diversity (aver-
age pairwise Tanimoto distance among optimized
molecules), and scaffold retention (fraction of opti-
mized molecules sharing the Murcko scaffold with
the source).

Table 8: Molecular quality metrics for SkillMol and
MultiMol. SA delta is the mean change in synthetic
accessibility score (positive means harder to synthesize).
Higher is better for all metrics except SA delta.

Method Novelty ↑ SA delta ↓ Diversity ↑ Scaffold ↑
MultiMol 93.13% +0.2010 0.7833 93.44%
SkillMol 99.87% +0.1851 0.8622 83.11%

B.2 Full Algorithm
Algorithm 1 summarizes the complete SkillMol
pipeline, covering offline skill construction, skill-
based SFT, optional GRPO alignment, and skill-FG
guided search at inference time.

B.3 Prompt Templates
We use three prompt templates: one for skill con-
struction (offline), one for SFT/GRPO training, and
one for inference. All three share the same action
output format.

Prompt 1: Skill Construction (offline, per task)

You are a medicinal chemistry expert. Below are
excerpts from highly-cited papers on molecular
property optimization.

Task: {property_direction} (e.g., "decrease
logP")

Literature excerpts:
{paper_excerpts}

Based on these excerpts, extract a structured
skill for this task:
1. Recommended structural motifs or edits
(what to add/replace/remove)
2. Discouraged structural motifs or edits
(what to avoid)

Output format:
RECOMMENDED: <comma-separated list of motifs>
DISCOURAGED: <comma-separated list of motifs>

Prompt 2: SFT / GRPO Training

You are a molecular editor. Given a molecule
and an optimization objective, predict a
single executable edit action.

Molecule (with atom IDs):
{smiles_with_atom_ids}
Objective: {property_direction}

Chemical skill for this objective:
- Recommended: {recommended_motifs}
- Discouraged: {discouraged_motifs}

Output a single edit action in the following
format:
<EDIT_SET> <OP> {ADD|REMOVE|REPLACE} <ANCHOR>
{atom_id}
[<REMOVE> {atom_id}] [<FGID>
{functional_group_id}]

Prompt 3: Inference (multi-step search)

You are a molecular editor. Given a molecule
and an optimization objective, predict a
single executable edit action.

Molecule (with atom IDs):
{current_smiles_with_atom_ids}
Objective: {property_direction}

Chemical skill for this objective:
- Recommended: {recommended_motifs}
- Discouraged: {discouraged_motifs}

[Functional-group logits are masked to
permitted set F+

q before sampling.]

Output a single edit action:
<EDIT_SET> <OP> {ADD|REMOVE|REPLACE} <ANCHOR>
{atom_id}
[<REMOVE> {atom_id}] [<FGID>
{functional_group_id}]

(Repeated for T steps; at each step the highest-reward
executed molecule becomes the next input.)

B.4 Skill Library
The task skills are constructed once and then reused
for all molecules in the corresponding task. The ev-
idence pool combines PubMed-indexed medicinal-
chemistry abstracts, lead-optimization reviews,
drug-likeness and permeability rules, and public
compound-annotation resources such as PubChem
and ChEMBL (Kim et al., 2021; Gaulton et al.,
2012; Barcelos et al., 2022; Lipinski et al., 1997;
Narsinghani and Sharma, 2014). For each prop-
erty direction, Codex-GPT5.5 high retrieves pas-
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sages with property and action keywords, keeps
only direction-consistent evidence, and summa-
rizes the retained passages into recommended trans-
formations and avoid rules. Each skill is manually
checked for consistency and then used as prompt
context during SFT and converted into functional-
group constraints during decoding. Appendix Ta-
ble 9 lists the complete task-level skill set used in
the experiments.

B.5 Skill Evidence Titles
To make the source of each task skill explicit, Ta-
ble 10 back-maps the final skill text in Table 9
to representative retrieved medicinal-chemistry pa-
pers. The table reports real paper titles used as
evidence for each property direction, but it is not
intended to provide an exhaustive citation set for
every individual motif.

B.6 Rule-Random Skill Baseline
We also test a deliberately simple non-LLM base-
line to separate the value of the task skill from the
value of learned atom selection. For each molecule
and task, the baseline samples exactly one edit from
the skill-derived rule set with a fixed random seed.
For constructive tasks, it randomly chooses one
recommended functional group for the task and
one heavy-atom anchor, then asks RDKit to apply
the ADD edit. For tasks whose skill recommends
removal, it randomly chooses one removable non-
scaffold or terminal branch and removes it. Invalid
valence or unsanitizable products are counted as
failures. There is no LLM, no retry, no candidate
enumeration, and no property-based reranking.

This baseline is intentionally weak, but it is in-
formative. The rules alone sometimes move easy
single properties in the right direction, especially
logP↑ and tPSA↑, but performance drops sharply
under strict and multi-property criteria. The aver-
age valid-product rate is only 54.4%, because a ran-
domly selected atom often cannot accept the sam-
pled group. The contrast with SkillMol shows that
the skill is useful as a prior, but the main gain comes
from learning where and how to apply that prior
rather than randomly attaching a recommended mo-
tif.

Algorithm 1 SkillMol: Skill-Conditioned Molecu-
lar Editing

Offline (once per task):
1: Use Codex-GPT5.5 high to search web and

PubMed-style sources with property-direction
keywords

2: Prompt Codex-GPT5.5 high to extract skill
sq = (Rq,Bq) from retained evidence

3: MapRq and Bq to functional-group constraint
sets F+

q and F−
q

Training:
4: // Skill-based SFT
5: for each training example (xi, qi, yi) do
6: Assign atom-map IDs to all atoms in xi
7: Construct prompt: source SMILES + atom

IDs + objective qi + skill sqi
8: Optimize LSFT(θ) to predict action record

yi
9: end for

10: // Optional GRPO alignment
11: for each prompt c = (x0, q, sq) do
12: Sample K action trajectories {τk} from πθ
13: Execute each τk with RDKit executor E;

compute reward rk
14: Compute normalized advantage Âk within

the group
15: Update θ by maximizing JGRPO(θ)
16: end for
Inference (per source molecule x0, task q):
17: Set current molecule x← x0
18: for step t = 1, . . . , T do
19: Assign atom-map IDs to x; construct prompt

with skill sq
20: Apply FG logit mask using F+

q ; sample B
action records

21: Execute sampled action records with RDKit;
score returned molecules by reward

22: x← argmax reward among executed can-
didates

23: end for
24: return x
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Objective Preferred motifs / edits Discouraged motifs / edits

Single-property skills

logP↓ Add polar heteroatoms; replace hydrophobic alkyl with hydroxyl,
ether, amine, amide, or carbonyl; shorten alkyl chains.

Alkyl growth, uncompensated halogens, removing polar groups,
hydrophobic expansion.

logP↑ Add alkyl, cycloalkyl, phenyl, benzyl, halogen, or CF3; mask
polar donors by alkylation.

Hydroxyl, carboxyl, primary amine, sulfonamide, ionic groups,
strong TPSA increase.

QED↑ Trim excessive size; moderate LogP/TPSA; use stable
bioisosteres; balance HBA/HBD counts.

Large MW increase, extreme polarity/lipophilicity, excessive
HBA/HBD, unstable motifs, scaffold damage.

QED↓ Add bulky hydrophobic groups, excessive polar groups, flexible
chains, or complex substituents.

Conservative edits that move properties back toward drug-like
ranges.

TPSA↓ Remove or mask hydroxyl, amine, carboxyl, sulfonamide, or
amide; replace hydroxyl with methoxy/alkyl.

Adding high-TPSA groups, increasing HBA/HBD, introducing
redundant heteroatoms.

TPSA↑ Add hydroxyl, amine, amide, carboxyl, sulfonamide, urea,
carbamate, carbonyl, heteroaryl, morpholine, or piperazine.

Masking polar groups, removing heteroatoms, adding only
alkyl/halogen, raising LogP without TPSA gain.

HBA↑ Add ether oxygen, carbonyl, tertiary amine, heteroaryl, nitrile,
sulfone, sulfoxide, or heteroatom linker.

Donor-only groups, protonated motifs that do not count as
acceptors, removing acceptors.

HBD↑ Add hydroxyl, primary/secondary amine, amide NH, urea,
sulfonamide, carbamate, hydrazide, or NH heterocycle.

N-methylation, masking OH/NH, acceptor-only additions,
removing donors.

Multi-property skills

logP↓+HBA↑ Replace hydrophobic groups with ether, carbonyl, tertiary amine,
amide, ester, heteroaryl, morpholine, nitrile, or sulfone.

Donor-only groups, alkyl/halogen growth, hydrophobic HBA
additions, LogP increase.

logP↑+HBA↑ Add lipophilic acceptors such as methoxy, ethoxy, aryl ether,
ester, ketone, tertiary amide, nitrile, or halogenated heteroaryl.

Highly polar acceptors, hydroxyl, primary amine, carboxyl,
sulfonamide, unnecessary HBD increase.

logP↓+HBD↑ Add compact donor-containing polar groups: hydroxyl, amine,
amide NH, sulfonamide NH, carbamate NH, or urea NH.

N-methylating donors, alkyl/halogen additions, HBA-only
additions, masking OH/NH.

logP↑+HBD↑ Add one donor in a hydrophobic context, e.g., anilide, secondary
amide, sulfonamide, NH heterocycle, or aryl/alkyl-supported
amine.

Multiple OH/NH without hydrophobic compensation, carboxylic
acids, excessive TPSA, donor-only polar edits.

logP↓+TPSA↓ Remove bulky hydrophobic substituents while
masking/removing polar donors; replace high-TPSA motifs with
lower-TPSA bioisosteres.

Lowering LogP by adding polar atoms, decreasing TPSA by
hydrophobic growth, new heteroatoms, single-objective edits.

logP↓+TPSA↑ Add polar groups: hydroxyl, amine, amide, carboxyl,
sulfonamide, urea, carbamate, carbonyl, polar heteroaryl,
morpholine, piperazine.

Masking polar groups, alkyl/aryl/halogen/CF3 without polar
compensation, removing heteroatoms, decreasing TPSA.

Table 9: Literature-retrieved task skills used by SkillMol. Skills are grouped by single-property and multi-property
objectives. Each row lists the preferred edit motifs and the motifs discouraged when constructing SFT prompts and
inference-time functional-group constraints.
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Skill Representative retrieved paper titles

logP↓ Experimental and Computational Approaches to Estimate Solubility and Permeability in Drug Discovery and Development
Settings (Lipinski et al., 1997); The Influence of Lipophilicity in Drug Discovery and Design (Arnott and Planey, 2012); Matched
Molecular Pairs as a Guide in the Optimization of Pharmaceutical Properties; a Study of Aqueous Solubility, Plasma Protein
Binding and Oral Exposure (Leach et al., 2006).

logP↑ The Influence of Lipophilicity in Drug Discovery and Design (Arnott and Planey, 2012); Molecular Obesity, Potency and Other
Addictions in Drug Discovery (Hann, 2011); The Influence of Drug-like Concepts on Decision-Making in Medicinal
Chemistry (Leeson and Springthorpe, 2007).

QED↑ Quantifying the Chemical Beauty of Drugs (Bickerton et al., 2012); The Influence of Drug-like Concepts on Decision-Making in
Medicinal Chemistry (Leeson and Springthorpe, 2007); Molecular Obesity, Potency and Other Addictions in Drug
Discovery (Hann, 2011).

QED↓ Quantifying the Chemical Beauty of Drugs (Bickerton et al., 2012); Molecular Obesity, Potency and Other Addictions in Drug
Discovery (Hann, 2011); The Influence of Drug-like Concepts on Decision-Making in Medicinal Chemistry (Leeson and
Springthorpe, 2007).

TPSA↓ Fast Calculation of Molecular Polar Surface Area as a Sum of Fragment-Based Contributions and Its Application to the
Prediction of Drug Transport Properties (Ertl et al., 2000); Molecular Properties That Influence the Oral Bioavailability of Drug
Candidates (Veber et al., 2002); Hydrogen-Bond Donors in Drug Design (Kenny, 2022).

TPSA↑ Fast Calculation of Molecular Polar Surface Area as a Sum of Fragment-Based Contributions and Its Application to the
Prediction of Drug Transport Properties (Ertl et al., 2000); Molecular Properties That Influence the Oral Bioavailability of Drug
Candidates (Veber et al., 2002); Experimental and Computational Approaches to Estimate Solubility and Permeability in Drug
Discovery and Development Settings (Lipinski et al., 1997).

HBA↑ Molecular Properties That Influence the Oral Bioavailability of Drug Candidates (Veber et al., 2002); Experimental and
Computational Approaches to Estimate Solubility and Permeability in Drug Discovery and Development Settings (Lipinski et al.,
1997); Hydrogen-Bond Donors in Drug Design (Kenny, 2022).

HBD↑ Molecular Properties That Influence the Oral Bioavailability of Drug Candidates (Veber et al., 2002); Hydrogen-Bond Donors in
Drug Design (Kenny, 2022); The Influence of Drug-like Concepts on Decision-Making in Medicinal Chemistry (Leeson and
Springthorpe, 2007).

logP↓+HBA↑ The Influence of Lipophilicity in Drug Discovery and Design (Arnott and Planey, 2012); Molecular Properties That Influence the
Oral Bioavailability of Drug Candidates (Veber et al., 2002); Matched Molecular Pairs as a Medicinal Chemistry Tool (Griffen
et al., 2011).

logP↑+HBA↑ The Influence of Lipophilicity in Drug Discovery and Design (Arnott and Planey, 2012); Molecular Properties That Influence the
Oral Bioavailability of Drug Candidates (Veber et al., 2002); The Influence of Bioisosteres in Drug Design: Tactical Applications
to Address Developability Problems (Meanwell, 2014).

logP↓+HBD↑ The Influence of Lipophilicity in Drug Discovery and Design (Arnott and Planey, 2012); Hydrogen-Bond Donors in Drug
Design (Kenny, 2022); Experimental and Computational Approaches to Estimate Solubility and Permeability in Drug Discovery
and Development Settings (Lipinski et al., 1997).

logP↑+HBD↑ The Influence of Lipophilicity in Drug Discovery and Design (Arnott and Planey, 2012); Hydrogen-Bond Donors in Drug
Design (Kenny, 2022); The Influence of Drug-like Concepts on Decision-Making in Medicinal Chemistry (Leeson and
Springthorpe, 2007).

logP↓+TPSA↓ The Influence of Lipophilicity in Drug Discovery and Design (Arnott and Planey, 2012); Fast Calculation of Molecular Polar
Surface Area as a Sum of Fragment-Based Contributions and Its Application to the Prediction of Drug Transport Properties (Ertl
et al., 2000); Matched Molecular Pairs as a Guide in the Optimization of Pharmaceutical Properties; a Study of Aqueous
Solubility, Plasma Protein Binding and Oral Exposure (Leach et al., 2006).

logP↓+TPSA↑ Experimental and Computational Approaches to Estimate Solubility and Permeability in Drug Discovery and Development
Settings (Lipinski et al., 1997); Fast Calculation of Molecular Polar Surface Area as a Sum of Fragment-Based Contributions and
Its Application to the Prediction of Drug Transport Properties (Ertl et al., 2000); Deep Understanding of Structure-Solubility
Relationship for a Diverse Set of Organic Compounds Using Matched Molecular Pairs (Zhang et al., 2011).

Table 10: Representative evidence titles back-mapped from each final task skill. These titles record the papers
retrieved to support the direction of the skill rules.

Table 11: Rule-random baseline on eight single-property tasks. Loose rows require movement in the requested
direction; strict rows use the same thresholds as Table 2. AVG is the macro average over tasks.

Method logP↓ logP↑ QED↑ QED↓ tPSA↓ tPSA↑ HBA↑ HBD↑ AVG

Rule-random (loose) 37.5 49.0 7.0 32.5 30.0 47.0 50.5 47.5 37.6
SkillMol (loose) 98.0 100.0 64.0 100.0 80.0 98.0 100.0 100.0 92.5

Rule-random (strict) 12.5 45.0 1.5 21.5 20.0 46.5 14.0 12.0 21.6
SkillMol (strict) 98.0 100.0 12.0 96.0 54.0 98.0 90.0 92.0 80.0
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Table 12: Rule-random baseline on six multi-property tasks. A hit requires all requested property directions to be
satisfied. AVG averages the six task columns within each row.

Method logP↓ & logP↑ & logP↓ & logP↑ & logP↓ & logP↓ & AVG
HBA↑ HBA↑ HBD↑ HBD↑ tPSA↓ tPSA↑

Rule-random (loose) 30.0 21.5 49.5 47.0 15.0 45.0 34.7
SkillMol (loose) 96.0 58.0 96.0 50.0 46.0 100.0 74.3

Rule-random (strict) 2.5 0.5 9.0 7.0 3.0 18.5 6.8
SkillMol (strict) 90.0 34.0 74.0 16.0 24.0 100.0 56.3
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