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Abstract

Goal-directed molecular generation requires
satisfying heterogeneous constraints such
as protein–ligand compatibility and multi-
objective drug-like properties, yet existing
methods often optimize these constraints in
isolation, failing to reconcile conflicting ob-
jectives (e.g., affinity vs. safety), and strug-
gle to navigate the non-differentiable chem-
ical space without compromising structural
validity. To address these challenges, we
propose CAGenMol, a condition-aware dis-
crete diffusion framework over molecular se-
quences that formulates molecular design as
conditional denoising guided by heterogeneous
structural and property signals. By coupling
discrete diffusion with reinforcement learn-
ing, the model aligns the generation trajec-
tory with non-differentiable objectives while
preserving chemical validity and diversity.
The non-autoregressive nature of diffusion
language model further enables iterative re-
finement of molecular fragments at inference
time. Experiments on structure-conditioned,
property-conditioned, and dual-conditioned
benchmarks demonstrate consistent improve-
ments over state-of-the-art methods in bind-
ing affinity, drug-likeness, and success rate,
highlighting the effectiveness of our frame-
work. The code is available at https://
github.com/Lee612-1/CAGenMol.

1 Introduction

The discovery of novel small-molecule therapeu-
tics is a cornerstone of modern medicine (DiMasi
et al., 2016; Hughes et al., 2011). However, a
clinical candidate must simultaneously satisfying
diverse application settings and their correspond-
ing constraints (Polishchuk et al., 2013; Ferreira
and Andricopulo, 2019). This multi-objective na-
ture makes the search space vast and discontinuous,

*These authors contributed equally to this work.

rendering traditional trial-and-error approaches in-
efficient. Consequently, generative models have
emerged as a promising paradigm to accelerate
goal-directed molecular design.

Despite their promise, existing approaches typi-
cally compromise between structural precision and
optimization flexibility. Structure-Based Drug De-
sign (SBDD) methods directly model 3D atomic
interactions to ensure high binding affinity (Peng
et al., 2022; Guan et al., 2023). However, they
rely on computationally expensive 3D representing
and struggle to optimize non-geometric pharma-
cological properties. Conversely, sequence-based
optimization methods treat molecular generation
as a black-box search (Loeffler et al., 2024; Zhou
et al., 2019). While flexible in defining objectives,
they often lack structural priors, leading to chemi-
cally invalid results (Renz et al., 2019). Therefore,
a unified framework that reconciles structural per-
ception with robust multi-objective optimization
remains an open challenge.

From a modeling perspective, 1D sequence
representations (e.g., SMILES) offer a computa-
tionally efficient alternative to 3D conformations.
However, the dominant Autoregressive (AR) mod-
els (Bagal et al., 2021; Noutahi et al., 2024) gener-
ate tokens in a rigid left-to-right order. This mech-
anism fundamentally limits their ability to incorpo-
rate global structural contexts or perform local re-
finement, making them fragile when coupled with
aggressive RL policy. To address these limitations,
we identify Discrete Diffusion Language Models
(DLMs) as a superior substrate for goal-directed
generation. DLMs generate molecules via a non-
autoregressive iterative denoising process (Austin
et al., 2021; Sahoo et al., 2024). This paradigm of-
fers two implicit advantages: (1) Global Visibility,
which allows the model to attend to conditioning
signals simultaneously across the entire sequence;
and (2) Iterative Editability, which permits fine-
grained structural corrections during generation.
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Figure 1: Overview of CAGenMol. UCA encodes either protein-pocket structure or target properties, which guides
a condition-aware masked diffusion model on SAFE sequences. The model is further trained with Step-PPO, and
perform inference with EFO refinement.

Despite these potentials, how to effectively ground
DLMs on complex biological constraints and opti-
mize them via reinforcement learning in discrete
space remains underexplored.

In this work, we propose CAGenMol, a unified
framework that synergizes condition-aware discrete
diffusion with reinforcement learning to bridge the
gap between biological constraints and chemical
space. First, to handle heterogeneous inputs, we in-
troduce a Unified Constraint Adaptor (UCA) that
projects diverse signals into a shared latent space,
serving as a persistent semantic anchor for the dif-
fusion backbone. Building on diffusion process, we
develop Step-wise Proximal Policy Optimization
(Step-PPO). Unlike token-level RL on AR model,
Step-PPO leverages the iterative nature of diffusion
to perform fine-grained credit assignment at each
denoising step, ensuring precise alignment with
complex objectives without collapsing the genera-
tive prior. Finally, to surpass the limitations of one-
shot sampling, we propose Evolutionary Frag-
ment Optimization (EFO), an inference-time re-
finement strategy that exploits the editing flexibility
of our model to perform gradient-free hill-climbing
on generated candidates.

Our contributions are summarized as follows: (1)
We formulate goal-directed molecular generation
as a conditional discrete diffusion problem, provid-
ing a unified modeling perspective that naturally
accommodates heterogeneous structural and prop-
erty constraints. (2) We establish a diffusion-aware

optimization framework that enables step-level pol-
icy learning within the denoising process, allowing
effective alignment with complex objectives in dis-
crete chemical space. (3) We propose a principled
inference-time refinement mechanism that lever-
ages the flexibility of non-autoregressive diffusion
models to iteratively improve generated molecules
while preserving diversity. (4) Comprehensive ex-
periments across multiple conditional generation
settings validate the effectiveness and robustness
of the proposed framework.

2 Related Work

Diffusion Language Models Transformer archi-
tectures (Vaswani et al., 2017) have revolutionized
sequence modeling. While autoregressive models
such as GPT (Radford et al., 2018) achieve strong
performance, their left-to-right decoding results in
slow inference and limited editability. Discrete Dif-
fusion Language Models (DLMs) mitigate these
issues through non-autoregressive generation. By
introducing diffusion processes over discrete to-
ken spaces (Austin et al., 2021; Lou et al., 2024;
Sahoo et al., 2024), DLMs enable faster genera-
tion, greater diversity, and flexible token ordering.
Recent work such as LLaDA-V (You et al., 2025)
extends DLMs to multimodal settings; however,
their application to scientific domains requiring
precise conditioning on heterogeneous biological
signals remains largely unexplored.
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Structure-Based Drug Design Structure-Based
Drug Design(SBDD) aims to generate ligands that
specifically bind to a target protein pocket. Existing
methods (Peng et al., 2022; Guan et al., 2023; Jain
et al., 2023) typically model the joint 3D atomic dis-
tribution, with recent work (Qu et al., 2024; Zhang
et al., 2025) further incorporating latent diffusion
or geometric vector quantization. Despite their suc-
cess, these approaches face two key limitations:
they rely on computationally expensive explicit
3D representations that assume static protein struc-
tures, and they primarily optimize geometric or
binding criteria while neglecting broader drug-like
properties such as ADMET and synthetic accessi-
bility.

Optimization-Based Molecular Generation
Goal-directed molecular generation is commonly
formulated as an optimization problem, with Re-
inforcement Learning (RL) (Loeffler et al., 2024;
Zhou et al., 2019; Wang et al., 2024)and Genetic
Algorithms (GA) (Yoshikawa et al., 2018; Spiegel
and Durrant, 2020; Jensen, 2019) as the dominant
paradigms which respectively optimize generative
policies toward target objectives and evolve molec-
ular populations via mutation and crossover. While
both paradigms support flexible objective defini-
tions and thus offer strong generality, they typi-
cally treat chemical space as a black box, relying
on weak generative priors and sparse reward sig-
nals. As a result, RL-based methods are prone to
reward hacking and mode collapse, whereas GA-
based approaches often generate chemically invalid
molecules.

3 Preliminary

3.1 Problem Definition

We formulate goal-directed molecular generation
as a conditional sequence generation task, aiming
to learn a distribution pϕ(S | cs, cp) over molecu-
lar sequences S = [s1, . . . , sL], where cs, cp are:

Extrinsic Structural Condition. cs represents
a 3D protein pocket P = (ri,vi)

N
i=1, where ri and

vi denote atomic coordinates and chemical features.
The goal is to generate ligands that bind P with
high affinity.

Intrinsic Property Condition. cp specifies a
K-dimensional target property vector y ∈ RK ,
and the objective is to generate molecules whose
properties match y. In both cases, pϕ must gener-
ate valid molecular structures that satisfy the given
condition c.

3.2 Diffusion Language Model

Masked diffusion models (Sahoo et al., 2024; Shi
et al., 2024) are an effective class of diffusion lan-
guage models. We follow MDLM (Sahoo et al.,
2024) to define the masked diffusion process.

Let xxx be a length-L sequence, where each token
xxxl is a one-hot vector over K categories, satisfying
xxxli ∈ {0, 1}K and

∑K
i=1xxx

l
i = 1. The K-th cate-

gory corresponds to the masking token m, with
mK = 1. We denote by Cat(·;πππ) a categorical
distribution with parameter πππ ∈ ∆K .

The forward process gradually replaces clean
tokens with the mask according to

q(zzzlt | xxxl) = Cat
(
zzzlt; αtxxx

l + (1− αt)m
)
, (1)

where zzzlt denotes the l-th token at time t ∈ [0, 1],
and αt is a monotonically decreasing masking
schedule with α0 = 1 and α1 = 0. At t = 1,
all tokens are masked.

The reverse process recovers less-masked se-
quences from more-masked ones. For s < t, the
reverse transition pθ(zzz

l
s | zzzlt) is defined as





Cat(zzzls;zzz
l
t), zzzlt ̸= m,

Cat

(
zzzls;

(1− αs)m+ (αs − αt)xxx
l
θ(zzzt, t)

1− αt

)
, zzzlt = m,

(2)
where xxxθ(zzzt, t) is a denoising network predicting
the clean-token distributions. This formulation pre-
serves already unmasked tokens.

3.3 SAFE and Base Model

We adopt SAFE (Noutahi et al., 2024) to align
with the non-autoregressive nature of diffusion
and ensure structural stability during RL explo-
ration. Unlike SMILES (Weininger, 1988; Krenn
et al., 2020), SAFE’s fragment-based representa-
tion imposes strong chemical priors, preventing
local invalidity even under aggressive optimiza-
tion. We further initialize our framework with the
pre-trained GenMol (Lee et al., 2025) backbone to
inherit learned chemical distributions, allowing the
model to focus exclusively on condition alignment
rather than learning basic validity.

4 Methodology

As illustrated in Figure 1, we present a unified
framework CAGenMol for goal-directed molecu-
lar generation that synergizes condition-aware dis-
crete diffusion with reinforcement learning. The
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framework is designed to explicitly align molecu-
lar generation with complex biochemical objectives
beyond pure data distribution modeling.

4.1 Model Architecture.

The core design philosophy of CAGenMol is to
bridge the modality gap between heterogeneous
biological constraints and discrete chemical space.
To achieve this, we structurally decouple constraint
perception from molecular reasoning. The archi-
tecture is composed of two synergistic modules: a
Unified Constraint Adaptor (UCA) that projects
diverse signals (e.g., 3D geometric pockets or 1D
property vectors) into a shared latent semantic
space, and a Condition-Aware Diffusion Back-
bone that utilizes these unified representations to
bias the discrete denoising trajectory. This design
allows a single generative framework to flexibly
adapt to both extrinsic structural environments and
intrinsic property requirements.

4.1.1 Unified Constraint Adaptor
To map heterogeneous constraint signals into the
shared latent space of the diffusion backbone with
dimension D, UCA acts as a learnable interface
that translates biological and chemical constraints
into a unified latent guidance representation.

Extrinsic Constraint: Structure Adaptation.
A protein pocket defines the external physicochem-
ical environment that constrains the feasible ge-
ometric space and interaction patterns of a lig-
and (Koshland Jr, 1958; Schneider and Fechner,
2005). To encode this extrinsic constraint, we pro-
pose a dual-stream encoding strategy to bridge the
gap between implicit evolutionary semantics and
explicit surface chemistry. While protein language
models capture long-range dependencies, they of-
ten lack the granularity required for precise inter-
action matching. Therefore, we augment semantic
features with explicit physicochemical descriptors:

(1) Semantic Stream. We extract residue-level
embeddings Hesm ∈ RLpocket×1280 using the pre-
trained ESM-2 (Lin et al., 2023), leveraging its evo-
lutionary knowledge to characterize the pocket’s
biological context.

(2) Physicochemical Stream. To explicitly
guide interaction matching, we compute a 5-
dimensional feature vector hphys for each residue
(e.g., charge, hydropathy, H-bond potential). These
are stacked to form Hphys ∈ RLpocket×5, ensuring
the model attends to key binding determinants.

Both streams are projected into the shared model

dimension D via independent MLPs to align their
semantic manifolds:

H̃esm = MLPesm(Hpocket
esm ) ∈ RLpocket×D, (3)

H̃phys = MLPphys(H
pocket
phys ) ∈ RLpocket×D. (4)

The projected features are then fused by element-
wise summation to yield the unified pocket repre-
sentation Hfused = H̃esm + H̃phys.

To identify key binding residues without relying
on explicit 3D coordinates, we employ a Linear
Attention Pooling mechanism. By computing a
learnable importance score for each residue, the
model autonomously learns to focus on functional
hotspots in the pocket. Specifically, the attention
weights α ∈ RLpocket×1are computed as:

α = softmax(MLPattn(Hfused)). (5)

The final extrinsic condition token is then obtained
as a capability-weighted sum, ensuring that the
guidance signal is dominated by the most pharma-
cologically relevant residues:

hext =
∑Lpocket

i=1 αiH
(i)
fused ∈ R1×D. (6)

Intrinsic Constraint: Property Adaptation.
Beyond structural fit, drug candidates must satisfy
intrinsic property constraints y ∈ RK (e.g., AD-
MET). To translate these scalar values into high-
dimensional guidance signals compatible with the
diffusion sequence, the UCA projects y into the
latent space via a learnable mapping MLPint, pro-
ducing a property-conditioned token hint ∈ R1×D.
This enables the diffusion model to interpret nu-
merical properties as semantic prompts.

4.2 Condition-Aware Diffusion Backbone
We adapt the BERT-based GenMol (Lee et al.,
2025) architecture for conditional generation. In-
stead of introducing heavy cross-attention modules
which require training from scratch, we propose
a parameter-efficient Prompt-based Conditional
Denoising strategy. This approach treats the condi-
tion vector not merely as an input, but as a semantic
prompt that prefixes the molecular sequence.

Formally, we construct the input embedding Ht

at time step t by prepending the condition token
hc (derived from UCA) to the noisy molecular
embeddings:

Ht =
[
hc, Embed(zzz1t ), . . . , Embed(zzzLt )

]
. (7)
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This design leverages the global broadcasting
capability of bidirectional self-attention. Since hc

is visible to every molecular token at every layer,
it serves as a persistent semantic anchor through-
out the diffusion process. Even when the molecular
sequence zzzt is heavily corrupted by mask tokens
(in the forward process), the unmasked hc pro-
vides a stable reference signal. This allows the
model to effectively bias the denoising distribution
pθ(xxx0 | zzzt,hc) toward the target chemical mani-
fold without disrupting the pre-trained structural
priors.

4.3 Training and Inference Pipeline.

CAGenMol is optimized and deployed following
a three-stage paradigm. First, the model is trained
via supervised learning with a discrete diffusion
objective, which provides a stable initialization for
subsequent optimization. Second, we introduce
a step-wise Proximal Policy Optimization (Step-
PPO) algorithm to further steer the generation pro-
cess toward task-specific objectives. Finally, during
inference, an Evolutionary Fragment Optimization
(EFO) procedure is applied to iteratively refine and
improve the generated molecular candidates.

4.3.1 Supervised Learning

We first train CAGenMol via supervised learning to
adapt the unconditional backbone to conditioning
signals. Following MDLM (Sahoo et al., 2024), we
optimize a continuous-time approximation of the
negative evidence lower bound (NELBO), which
acts as a time-weighted masked language model-
ing objective over the molecular tokens (details
in Appendix E). This stage establishes a stable,
condition-aware initialization for subsequent RL
alignment.

4.3.2 Step-wise PPO for Diffusion Language
Model

While the supervised stage establishes a chemi-
cal prior, it prioritizes likelihood over functional
desirability, often failing to explore high-reward
regions defined by non-differentiable oracles (e.g.,
docking). Thus, we propose Step-wise Proximal
Policy Optimization (Step-PPO). Unlike tradi-
tional trajectory-level RL, Step-PPO reformulates
discrete diffusion as a fine-grained Markov Deci-
sion Process (MDP), enabling precise alignment
with complex objectives while preserving genera-
tive coherence.

Algorithm. We can interpret the reverse diffu-
sion process as a MDP, which naturally arises from
the iterative denoising formulation. At each diffu-
sion time step t, the state st = zzzt corresponds to
the partially masked molecular sequence, and the
policy πθ (parameterized by the diffusion model)
defines a distribution over actions at ∼ πθ(· | st),
where an action at corresponds to selecting cate-
gorical tokens to replace the masked positions in
zzzt during the reverse transition from t to t − 1.
This formulation satisfies the Markov property, as
each denoising step depends only on the current
sequence state.

Unlike prior diffusion-based RL approaches that
treat the entire denoising trajectory as a single ac-
tion (Zhao et al., 2025; Shao et al., 2024; Yang et al.,
2025), we apply policy optimization (Schulman
et al., 2017) at each diffusion step. As intermediate
masked states lack defined chemical properties, we
formulate the task as a sparse reward problem,
maximizing the terminal reward R evaluated solely
at t = 0.

To stabilize policy updates, we adopt the clipped
surrogate objective from PPO (Schulman et al.,
2017). For a specific diffusion step t involving an
action at, the loss function is defined as:

L(t)step(θ) = −Eπθold

[
min

(
rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)]

(8)
where rt(θ) = πθ(at|st)

πθold (at|st)
denotes the probability

ratio between the current and behavioral policies.
To efficiently estimate the signal without an ad-

ditional value network, we compute the advantage
Ât using batch-level reward statistics:

Ât =
R−µB
σB+ϵ , (9)

where R represents the terminal reward of the cur-
rent trajectory, while µB and σB denote the mean
and standard deviation of valid rewards within the
sampling batch B.

Moreover, rewards are only well-defined for
chemically valid molecules. So we introduce a
Validity Mask Mvalid ∈ {0, 1}, which activates
policy updates only for valid trajectories and ef-
fective denoising steps. To ensure stability, we
introduce a maskMvalid ∈ {0, 1} to restrict up-
dates to chemically valid trajectories. Given the
pre-trained backbone’s high validity rate (> 90%),
this mechanism imposes negligible overhead and
serves effectively as a noise filter, preventing un-
defined reward signals from corrupting gradient
estimation.
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The final optimization objective over a batch of
size B is given by:

Lbatch =

∑B
b=1 M

(b)
valid

(∑
t L

(b,t)
step+βL(b,t)

ent

)

∑B
b=1 M

(b)
valid

, (10)

where Lent denotes the entropy regularization term.
This design ensures that policy updates are driven
exclusively by valid molecular trajectories that sat-
isfy the imposed conditions.

Reward Design. While the optimization algo-
rithm is generic, the reward function encodes task-
specific objectives. We design task-specific termi-
nal reward functions for structure-conditioned and
property-conditioned molecular generation, both
evaluated on the fully denoised molecule at the
final step t = 0.

For structure-conditioned generation, the pri-
mary objective is to optimize the protein-ligand in-
teraction strength. We quantify this using the stan-
dard Vina score (Sdock) computed by AutoDock
Vina (Eberhardt et al., 2021), which approximates
the Gibbs free energy of binding (∆G) in kcal/mol.
Since raw docking scores are unbounded and highly
target-dependent, we introduce a reference affin-
ity threshold Sref (determined empirically from
the reference ligand’s affinity, see Sec. 5.1). We
then define the affinity margin ∆ = Sref −Sdock to
measure relative improvement. The structure-based
reward is defined as:

Rstruct = sign(∆) ·∆2 + λ1 ·QED+ λ2 · SA, (11)

where QED (Bickerton et al., 2012) and SA (Ertl
and Schuffenhauer, 2009) encourage drug-likeness
and synthetic accessibility. λ1 and λ2 are balanc-
ing coefficients used to normalize the scales of
different objectives. This quadratic formulation im-
plicitly prioritizes the refinement of pharmaceutical
properties when the binding affinity approaches the
reference threshold.

For property-conditioned generation, let ytgt ∈
RK denote the target property vector and ŷ ∈ RK

the predicted properties. To harmonize heteroge-
neous property scales into a bounded reward space
[0, 1], we map the prediction error to a similarity
score using a weighted Gaussian kernel:

Rprop =
∑K

k=1 ωk exp
(
− (ŷk−ytgt,k)

2

2σ2
k

)
. (12)

To calibrate for heterogeneous scales and optimiza-
tion difficulty, we derive σk and ωk from statis-
tics of 1,000 molecules sampled from the initial

policy πinit. Specifically, σk is defined as the
empirical standard deviation StdD(yk) of these
samples to normalize diverse numerical ranges.
Meanwhile, the weight ωk = εk/

∑K
j=1 εj is as-

signed proportional to the mean absolute error
εk = ED[|ŷ(0)k − yk|] on this batch, adaptively
prioritizing properties that are initially harder to
satisfy.

4.3.3 Evolutionary Fragment Optimization

To mitigate sampling stochasticity, we introduce
Evolutionary Fragment Optimization (EFO) to
perform gradient-free hill-climbing at inference
time. EFO iteratively refines candidates by resam-
pling masked substructures via the conditional dif-
fusion backbone. Formally, for a molecule x, we
apply a mask to select xmask ⊂ x and sample a new
candidate x′ conditioned on the remaining context:

x′ ∼ pθ(xmask | x \ xmask,hc). (13)

The fragment vocabulary V is dynamically updated
by decomposing generated candidates and retaining
the top-K structures based on property scores S(·):

Vt+1 ← TopK
(
Vt ∪ Decompose(x′), S

)
. (14)

This loop concentrates the search on high-value
chemical regions (see Algorithm 1 in Appendix).

5 Experiments

We conduct three sets of experiments to evaluate
CAGenMol under (i) structure-conditioned gener-
ation, (ii) multi-target property-conditioned gen-
eration and (iii) dual-conditioned generation. All
training and evaluation are performed on a single
NVIDIA A800 GPU.

5.1 Structure-Conditioned Generation

This task aims to generate small-molecule ligands
that bind favorably to a given protein pocket under
fixed receptor geometry.

Data. Following standard practice in pocket-
aware molecular generation (Peng et al., 2022;
Guan et al., 2023), we use the CrossDocked2020
dataset (Francoeur et al., 2020). The processed
dataset contains approximately 100,000 protein
pocket–ligand complexes for training, with 100
target protein pockets held out for evaluation.
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Methods Vina Dock (↓) High Affinity (↑) QED (↑) SA (↑) Diversity (↑) Success Rate (↑)
Reference Set -7.45 - 0.48 0.73 - 25.0%

TargetDiff -7.80 58.1% 0.48 0.58 0.72 10.5%
FLAG -5.63 - 0.49 0.70 0.70 14.1%

Pocket2Mol -7.15 48.4% 0.56 0.74 0.69 24.4%
DecompDiff -8.39 64.4% 0.45 0.61 0.68 24.5%
MolCRAFT -9.25 59.1% 0.46 0.62 0.61 36.1%
RGA + Vina -8.01 64.4% 0.57 0.71 0.41 46.2%
DecompOpt -8.98 73.5% 0.48 0.65 0.60 52.5%

MOLCHORD -8.59 74.6% 0.56 0.78 0.71 53.4%
CAGenMol -8.41 82.3% 0.70 0.89 0.75 69.7%

Table 1: Comparison on the CrossDocked2020 benchmark. We report the average metrics across 100 test pockets.
The best results are highlighted in bold, and the second best are underlined.

Variant Vina Dock (↓) QED (↑) SA (↑) Diversity (↑) Success Rate (↑)
SFT (Base) -6.47 0.53 0.77 0.88 14.3%
SFT (w/o Attn.) -6.60 0.55 0.76 0.86 17.5%
SFT (w/o Phys.) -6.55 0.54 0.78 0.87 15.8%
SFT (Full UCA) -6.61 0.58 0.77 0.86 19.2%
Full Model (Step-PPO) -8.41 0.70 0.89 0.80 69.7%

Table 2: Ablation study of UCA components and RL training. All variants except the final one are trained solely
with Supervised Fine-Tuning (SFT).

Baselines. We compare CAGenMol against rep-
resentative structure-conditioned generation and
optimization methods evaluated under the same
protocol, including TargetDiff (Guan et al.,
2023), Pocket2Mol (Peng et al., 2022), Decom-
pDiff (Guan et al., 2024), MolCRAFT (Qu et al.,
2024), RGA+Vina (Fu et al., 2022), Decom-
pOpt (Zhou et al., 2024), and MOLCHORD (Zhang
et al., 2025).

Training and Inference Protocol. We adopt a
two-stage training strategy: supervised fine-tuning
followed by Step-PPO maximization of Eq. 11. We
set Sref = −9.0, where the quadratic term implic-
itly shifts optimization focus to QED and SA as
affinity improves. To balance the magnitude dis-
parity between Vina scores and property metrics,
we set λ1 = 7/3 and λ2 = 5/6. EFO is excluded
in this benchmark to ensure fair comparison. See
Appendix D for details.

Evaluation Metrics. We evaluate 100 molecules
generated for each pocket using the following met-
rics: (1) Vina Dock: Binding affinity calculated by
AutoDock Vina (Eberhardt et al., 2021) under the
protocol of (Guan et al., 2023); (2) QED: Quanti-
tative Estimate of Drug-likeness (Bickerton et al.,
2012); (3) SA: Synthetic Accessibility score (Ertl

and Schuffenhauer, 2009); and (4) Diversity: The
average pairwise Tanimoto distance among gener-
ated molecules per pocket. Following prior bench-
marks (Long et al., 2022; Guan et al., 2024), we
also report the Success Rate, defined as the percent-
age of valid molecules simultaneously satisfying
Vina < −8.18, QED > 0.25, and SA > 0.59. (5)
High Affinity: Following prior evaluation proto-
cols, we compute High Affinity as the percentage
of generated molecules whose docking scores are
no worse than those of the test-set ligands.

Results. Table 1 shows that CAGenMol estab-
lishes a new state-of-the-art with a 69.7% Suc-
cess Rate, surpassing the best baseline by over
16%. Unlike methods that sacrifice molecular qual-
ity for raw docking scores, CAGenMol achieves
a superior balance, dominating in QED and SA
while maintaining strong affinity. Notably, it also
retains the highest Diversity, demonstrating that
Step-PPO effectively optimizes binding without
suffering from the mode collapse typically associ-
ated with RL. (See Appendix A for visual exam-
ples of generated molecules). We also conducted
experiments on an additional benchmark following
(Zheng et al., 2024) to further demonstrate robust-
ness (see Appendix H).
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Model 1IEP 3EML 3NY8 4RLU 4UNN 5MO4 7L11 Avg
3DSBDD -9.05±0.38 -10.02±0.15 -10.10±0.24 -9.80±0.55 -8.23±0.30 -8.71±0.45 -8.47±0.18 -9.20
AutoGrow4 -13.23±0.11 -13.03±0.09 -11.70±0.00 -11.20±0.00 -11.14±0.12 -10.38±0.27 -8.84±0.33 -11.36
Pocket2Mol -10.17±0.53 -12.25±0.27 -11.89±0.16 -10.57±0.12 -12.20±0.34 -10.07±0.62 -9.74±0.38 -10.98
PocketFlow -12.49±0.70 -9.25±0.29 -8.56±0.35 -9.65±0.25 -7.90±0.78 -7.80±0.42 -8.35±0.31 -9.14
ResGen -10.97±0.29 -9.25±0.95 -10.96±0.42 -11.75±0.42 -9.41±0.23 -10.34±0.39 -8.74±0.24 -10.20
DST -10.95±0.57 -10.67±0.24 -10.54±0.22 -10.88±0.37 -9.71±0.19 -10.03±0.36 -8.33±0.41 -10.16
GraphGA -10.03±0.41 -9.89±0.25 -9.94±0.15 -10.22±0.39 -9.32±0.51 -9.29±0.20 -7.75±0.32 -9.49
MIMOSA -10.96±0.57 -10.69±0.24 -10.51±0.23 -10.81±0.39 -9.66±0.25 -10.02±0.36 -8.33±0.41 -10.14
MolDQN -6.73±0.12 -6.51±0.15 -7.09±0.16 -6.79±0.26 -5.92±0.26 -6.27±0.10 -6.87±0.20 -6.60
Pasithea -10.86±0.29 -10.31±0.09 -10.69±0.27 -10.92±0.35 -9.69±0.32 -9.77±0.21 -8.06±0.22 -10.04
REINVENT -9.87±0.31 -9.48±0.39 -9.61±0.36 -9.69±0.29 -8.70±0.25 -8.92±0.38 -7.25±0.21 -9.07
SCREENING -10.86±0.26 -10.90±0.54 -10.73±0.45 -10.86±0.22 -9.80±0.23 -9.91±0.30 -8.15±0.26 -10.17
SELFIES-VAE-BO -10.15±0.60 -9.76±0.12 -9.99±0.28 -10.00±0.23 -9.02±0.33 -9.18±0.39 -7.75±0.22 -9.41
SMILES GA -9.56±0.17 -9.56±0.37 -10.00±0.26 -9.61±0.19 -8.80±0.20 -9.21±0.23 -7.54±0.32 -9.18
SMILES LSTM HC -10.38±0.21 -10.30±0.15 -10.19±0.12 -10.49±0.49 -9.36±0.17 -9.71±0.43 -7.90±0.26 -9.76
SMILES-VAE-BO -9.93±0.22 -9.78±0.10 -9.96±0.29 -10.05±0.20 -9.03±0.30 -9.18±0.39 -7.74±0.25 -9.38
CAGenMol -12.33±0.11 -12.26±0.18 -11.90±0.32 -12.40±0.22 -11.85±0.19 -10.86±0.22 -8.97±0.25 -11.51
CAGenMol + EFO -12.83±0.26 -12.76±0.22 -12.31±0.19 -12.49±0.28 -11.88±0.20 -11.08±0.24 -9.07±0.31 -11.77

Table 3: Top-10 average docking scores on additional benchmark(lower is better).

Setting Property De novo Step-PPO Step-PPO + EFO Target

Setting 1
HIA 0.97 0.98 0.99 ↑ (1)
BBB 0.53 0.89 0.89 ↑ (1)
Ames 0.37 0.21 0.15 ↓ (0)

Setting 2
CYP3A4sub 0.48 0.64 0.69 ↑ (1)
LogP 2.3 3.4 3.5 [3,5]
DILI 0.55 0.30 0.29 ↓ (0)

Setting 3
Solubility -3.7 -1.2 -1.1 > −1
hERG 0.60 0.35 0.32 ↓ (0)
Pgp_Sub 0.22 0.16 0.12 ↓ (0)

Table 4: ADMET evaluation results under different settings.

5.2 Property-Conditioned Generation

We evaluate intrinsic property conditioning on
three practically motivated ADMET settings. We
use MiniMol (Kläser et al., 2024) as the property
predictor to provide supervision and reward sig-
nals.

ADMET settings. We consider three multi-
constraint targets: Setting 1 (CNS drugs): HIA =
1, BBB = 1, Ames = 0. Setting 2 (Hepat-
ically metabolized drugs): CYP3A4sub = 1,
DILI = 0, LogP ∈ [3, 5]. Setting 3 (Periph-
eral drugs): Solubility > −1, hERG = 0,
Pgp_Sub = 0.

Training and Inference. For each setting, we
first sample 10,000 de novo generated molecules
from the unconditional base model, and annotate
each molecule using MiniMol. For binary proper-
ties, we convert predicted probabilities into hard
labels {0, 1} to form a pseudo-labeled training set,
and then train CAGenMol with supervised learning

under the corresponding target property vector.

And then, we further optimize CAGenMol us-
ing Step-PPO where the terminal reward is com-
puted from MiniMol-predicted probabilities (with-
out hard-thresholding) to preserve gradient-free but
smooth optimization signals. Finally, due to com-
putational constraints, we run EFO for three gener-
ations to refine the candidate pool. Detailed hyper-
parameters and computational costs are provided
in Appendix D.

Results. We visualize the distribution shift of
each target property via histograms in Figure 2
across three distinct stages: (i) Unconditional Gen-
eration from the base model; (ii) Step-PPO Opti-
mized; and (iii) Step-PPO + EFO, where the can-
didates are further refined during inference. This
progression highlights how Step-PPO effectively
shifts the molecular distribution toward the desired
properties, while EFO provides a final sharpening
of constraint satisfaction.
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Figure 2: Histograms of Distribution shift under ADMET constraints for three settings.

5.3 Dual-Conditioned Generation

In real-world drug discovery, candidate molecules
are required to simultaneously achieve strong bind-
ing affinity to the target protein and favorable AD-
MET properties. To evaluate the capability of
CAGenMol under such realistic constraints, we
conduct a dual-conditioned generation experiment
that jointly enforces structure-based binding and
toxicity-related property requirements.

We consider the protein 3o96_A, an important
therapeutic target in the PI3K–AKT signaling path-
way. For this target, we condition molecule gen-
eration on both the fixed protein pocket and a
safety constraint requiring Ames-negative predic-
tions. Using the same training and optimization
pipeline as in previous experiments, we generate
100 candidate molecules and evaluate them in terms
of docking affinity and predicted Ames toxicity.

Results in Table 5 show that CAGenMol
achieves the best overall performance under both
criteria, producing molecules with superior dock-
ing scores while maintaining the highest proportion
of Ames-negative candidates among all compared
methods. This demonstrates that CAGenMol can
effectively balance binding optimization and tox-
icity avoidance within a unified framework, high-
lighting its practical value for realistic drug design
scenarios. Detailed experimental settings and addi-
tional analyzes are provided in Appendix G.

Methods Vina Dock (↓) QED (↑) SA (↑) Ames (↓)
Pocket2Mol -10.38 0.71 0.70 0.54
TargetDiff -10.80 0.39 0.51 0.44
FLAG -6.38 0.60 0.67 0.36
MolCRAFT -11.33 0.43 0.66 0.49
DecompDiff -12.33 0.26 0.54 0.57
w/o Ames Condition -10.13 0.83 0.88 0.34
CAGenMol -9.94 0.84 0.88 0.18

Table 5: Comparison under dual-conditioned generation
on the 3o96_A pocket.

6 Conclusion

We propose CAGenMol, a unified framework for
goal-directed molecular generation. By effectively
handling structural, property, and dual constraints,
CAGenMol achieves state-of-the-art performance
across diverse benchmarks while maintaining qual-
ity and diversity, demonstrating strong potential for
practical drug discovery applications.

Limitations

Despite the improvements of CAGenMol, sev-
eral limitations remain. Limited computational
resources prevented large-scale training and ex-
tensive benchmarking, forcing us to initialize the
model with pretrained weights rather than training
from scratch. Additionally, the reliance on predic-
tions from tools and models like ESM-2, AutoDock
Vina and MiniMol, without accounting for poten-
tial prediction errors, may impact overall perfor-
mance.
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A Case Study

Figure 3 visualizes two representative pockets from
the benchmark. For each pocket, we show the refer-
ence ligand from the dataset and two examples gen-
erated by CAGenMol with their binding poses, 2d
graph and metrics. Results show that our method
generate better molecules in every metric.

B Residue-level Physicochemical Feature
Definition

To explicitly encode surface biochemical proper-
ties of protein pockets, we construct a residue-
level physicochemical feature representation based
on amino acid identity. For each residue, we de-
fine a five-dimensional feature vector capturing
hydrophobicity, electrostatic charge, polarity, and
hydrogen-bonding capability. These features are
computed deterministically and do not require ad-
ditional learning.

Hydropathy. We adopt the Kyte–Doolittle hy-
dropathy index for each amino acid, which quanti-
fies residue hydrophobicity on a continuous scale.
To ensure numerical stability and compatibility
with neural network inputs, the raw hydropathy
values are normalized by a factor of 5. For exam-
ple, isoleucine (I) has a value of 4.5, while arginine
(R) has a value of -4.5.

Electrostatic Charge. Residue charge is en-
coded as a discrete scalar. Positively charged
residues arginine (R) and lysine (K) are assigned
a value of +1, negatively charged residues aspartic
acid (D) and glutamic acid (E) are assigned -1, and
histidine (H) is assigned a partial charge of +0.1 to
reflect its conditional protonation state. All other
residues are assigned 0.

Polarity. Polarity is represented as a binary in-
dicator. Polar residues (R, N, D, Q, E, H, K, S,
T, Y) are assigned 1, while nonpolar residues are
assigned 0.

Hydrogen Bond Acceptor. A binary feature in-
dicates whether a residue can act as a hydrogen
bond acceptor. Residues capable of accepting pro-
tons (D, E, N, Q, H, S, T, Y) are assigned 1, and all
others are assigned 0.

Hydrogen Bond Donor. Similarly, hydrogen
bond donor capability is encoded as a binary in-
dicator. Residues that can donate protons (R, K,
W, N, Q, H, S, T, Y) are assigned 1, while the
remaining residues are assigned 0.

This deterministic encoding provides an explicit
and interpretable description of residue surface
chemistry, complementing the learned semantic
representations extracted from protein language
models.

C Structured Context Segment of
Conditions

To enable conditional generation, we augment the
input sequence with a structured context segment
that encodes the conditioning signal. Rather than
injecting a raw latent vector, the context is wrapped
with dedicated special tokens to explicitly indicate
its semantic boundaries and type.

Concretely, the context segment is constructed
as

⟨boc⟩ ⟨boe⟩hext ⟨eoe⟩ ⟨boi⟩hint ⟨eoi⟩ ⟨eoc⟩,
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Figure 3: Case Study. Two pockets are shown. For each pocket, we visualize the reference ligand and two
CAGenMol-generated ligands with their docking poses in the pocket.

where hext and hint denote the extrinsic (struc-
tural) and intrinsic (property) condition embed-
dings produced by the Unified Constraint Adaptor,
respectively. The special tokens ⟨boc⟩/⟨eoc⟩ mark
the beginning and end of the entire context segment,
while ⟨boe⟩/⟨eoe⟩ and ⟨boi⟩/⟨eoi⟩ delimit the ex-
trinsic and intrinsic condition blocks. All special
tokens are associated with learnable word embed-
dings and are processed identically to molecular
tokens within the Transformer.

D Implementation Details

Our training pipeline consists of two phases: su-
pervised fine-tuning and reinforcement learning
optimization.

Model Architecture. Our model is based on
a BERT-style architecture with around 100 mil-
lion parameters, comprising 12 Transformer en-
coder layers. Each layer employs multi-head self-
attention and feed-forward sublayers, consistent
with the original BERT design.

Supervised Fine-Tuning. We first adapt the
unconditional GenMol backbone to the structure-
conditioned task. The model is fine-tuned end-to-
end on the CrossDocked2020 training set using the
AdamW optimizer. We set the learning rate to
5×10−5 and the batch size to 256. Training is con-
ducted for 10 epochs in precision bf16, which re-
quires approximately 1.5 hours on a single NVIDIA
A800 GPU.

Step-PPO Optimization. Starting from the su-
pervised checkpoint, we further optimize the model
via Step-PPO to maximize the composite reward
defined in Eq. 11.

• Reward Configuration: We set the refer-
ence affinity barrier to Sref = −9, which is
stricter than the evaluation success threshold
of −8.18. The QED and SA components are
computed using the TDC oracle (Huang et al.,
2021).

• Hyperparameters: We use a learning rate
of 1 × 10−5 and a batch size of 128. The
PPO clipping parameter is set to ϵ = 0.2, and
the entropy regularization coefficient is set to
β = 0.01. Optimization runs for up to 150
steps, with 2 epochs per step.

• Sampling Stopping: During rollouts, we use
a sampling temperature of 0.5. We employ
an early stopping mechanism that terminates
training when the batch success rate exceeds
80%.

• Compute Cost: Due to the computational
expense of on-policy docking evaluations, this
phase requires approximately 190 GPU-hours.

Inference Settings. For the CrossDocked2020
benchmark comparison, we generate molecules us-
ing the Step-PPO fine-tuned model without the
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Evolutionary Fragment Optimization (EFO) mod-
ule to strictly adhere to the generation budget of
baseline methods.

E Details of Supervised Learning

We first train CAGenMol in a supervised manner
to provide a stable initialization for subsequent
optimization stages. Here we will continue using
the symbols from Section 3.2.

Given a conditioning context c, the denoising
network is trained to predict the original molecu-
lar tokens from the masked sequence. Since the
context c serves purely as external guidance and is
not part of the generation target, no loss is applied
to the condition tokens during supervised training.
Instead, the objective is defined solely over the
molecular sequence.

Following MDLM (Sahoo et al., 2024), we opti-
mize a continuous-time approximation of the nega-
tive evidence lower bound (NELBO):

LNELBO = Eq

∫ 1
0

α′
t

1−αt

∑L
l=1 log

〈
xxxlθ(zzzt, t, c),xxx

l
〉
dt,

(15)
where xxxlθ(zzzt, t, c) denotes the predicted categori-
cal distribution for the l-th molecular token condi-
tioned on the noisy sequence zzzt, diffusion time t,
and the context c. This objective corresponds to
a time-weighted masked language modeling loss
over molecular tokens.

This supervised stage adapts the pre-trained un-
conditional backbone to operate in the presence of
conditioning signals, enabling the model to incor-
porate contextual information into the denoising
process while retaining its original diffusion formu-
lation. It therefore establishes a condition-aware
initialization for subsequent optimization.

F Details of Evolutionary Fragment
Optimization

Evolutionary Fragment Optimization (EFO) is an
iterative evolutionary procedure that integrates
fragment-level exploration with masked discrete
diffusion. Unlike classical genetic algorithms
(Jensen, 2019; Fu et al., 2021)that rely on random
atomic mutations, EFO operates on a dynamic vo-
cabulary of chemically meaningful fragments and
employs a structured remasking strategy, enabling
efficient traversal of chemical space while opti-
mizing task-specific objectives. The optimization
process is centered around a fragment vocabulary
V , which serves as a genetic pool for molecule
construction and evolution.

To prioritize high-value substructures, we define
a scoring function S(fk) for each fragment fk ex-
tracted from a source dataset D. The score reflects
the average target property value of molecules con-
taining the fragment:

S(fk) =
1

|S(fk)|
∑

x∈S(fk)
y(x), (16)

where S(fk) = {x ∈ D : fk is a subgraph of x}.
The initial vocabulary V is constructed by selecting
the top-V fragments ranked by S(fk) and is dy-
namically updated throughout the optimization pro-
cess to incorporate newly discovered high-scoring
fragments.

The EFO procedure iterates over a generative
cycle consisting of four tightly integrated stages:
initialization, mutation, guided reconstruction, and
vocabulary evolution.

1. Initialization via Fragment Attachment.
Each iteration begins by constructing a seed
molecule xinit. Two fragments are randomly
sampled from the current vocabulary V and at-
tached to form a valid Sequential Attachment-
based Fragment Embedding (SAFE) represen-
tation. This initialization strategy ensures that
the starting molecules already contain sub-
structures statistically correlated with favor-
able target properties.

2. Mutation via Fragment Remasking. To ex-
plore the local chemical neighborhood of xinit,
we apply a mutation operator termed Frag-
ment Remasking. Unlike token-level mask-
ing, this operator acts at the semantic level
of chemical substructures. A fragment is
selected according to a decomposition rule
Rremask and replaced by a sequence of mask
tokens [M ]. The number of mask tokens m
is sampled from a predefined distribution plen,
such as the empirical fragment-length distribu-
tion observed in the training data. This mech-
anism allows flexible control over the size
and complexity of the regenerated substruc-
ture. Conceptually, this operation corresponds
to Gibbs sampling, where a fragment fk is
resampled from the conditional distribution
p(fk | f\k), with f\k denoting the unmasked
molecular context.

3. Reconstruction with Molecular Fragment
Context. The masked region is reconstructed
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using the discrete diffusion model condi-
tioned on the remaining molecular fragments.
Given a partially masked molecule, the diffu-
sion model iteratively denoises the masked
positions while attending to the unmasked
fragment-level context through self-attention.
This conditional reconstruction naturally en-
forces chemical compatibility between the re-
generated fragment and the existing molecular
scaffold, as the denoising distribution is ex-
plicitly conditioned on the surrounding frag-
ments.

Formally, at each diffusion step t, the model
predicts the categorical distribution for se-
lected masked token xl as

xlθ,i(zt, t) = pθ(x
l = i | zt), (17)

where zt denotes the noisy sequence retaining
the unmasked fragment context. By sampling
from this conditional distribution across dif-
fusion steps, the model generates fragments
that are coherent with the molecular structure
and aligned with the learned chemical priors.
This context-aware reconstruction serves as a
structured mutation operator, enabling local-
ized yet chemically valid exploration of the
molecular space.

4. Vocabulary Evolution. The newly gener-
ated molecule xnew is evaluated by the task-
specific scoring oracle. It is then decomposed
into fragments, which are scored using S(·)
and merged into the vocabulary. The vocab-
ulary V is subsequently updated by retaining
the top-V fragments from the union of the ex-
isting and newly generated candidates. This
feedback loop enables continual expansion
and refinement of the fragment pool, progres-
sively steering the search toward regions of
chemical space associated with higher target
property values.

G Details of Dual-Conditioned
Generation

In this section, we provide detailed experimen-
tal settings and quantitative results for the dual-
conditioned generation task discussed in Sec. 5.3.
As noted in the main text, realistic drug discov-
ery requires candidate molecules to simultaneously
achieve strong target binding affinity and accept-
able safety profiles. Optimizing binding affinity

Algorithm 1 Evolutionary Fragment Optimization
(EFO)

Input: Dataset of molecules D; vocabulary size V ; frag-
ment decomposition ruleRvocab; fragment remasking rule
Rremask; number of generations G
Decompose D into a fragment multiset F usingRvocab

Initialize fragment vocabulary V with the top-V fragments
from F ranked by Eq. (16)
Estimate fragment-length distribution plen from D based
onRremask

Initialize generated molecule setM← ∅
while |M| < G do

Sample two fragments from V and attach them to form
an initial molecule xinit

Sample mask length m ∼ plen
Select a fragment in xinit according toRremask

Replace the selected fragment with m mask tokens to
obtain a partially masked molecule xmask

Reconstruct the masked region via conditional discrete
diffusion to obtain xnew

UpdateM←M∪ {xnew}
Decompose xnew into fragments {f1, f2, . . . } using
Rvocab

Update V by retaining the top-V fragments from V ∪
{f1, f2, . . . }

end while
Output: Generated molecule setM

alone often leads to toxic or developability-limited
compounds, while focusing solely on ADMET
properties may result in insufficient target engage-
ment. This experiment is designed to evaluate
whether CAGenMol can effectively reconcile these
heterogeneous and potentially competing objec-
tives within a unified generation framework.

Target protein. We consider the protein struc-
ture with PDB ID 3O96, corresponding to the
N-terminal pleckstrin homology (PH) domain of
human AKT1, a key serine/threonine kinase in
the PI3K–AKT signaling pathway. AKT1 is ubiq-
uitously expressed across multiple human tissues
and plays a central role in regulating cell survival,
metabolism, and proliferation. Dysregulation of
AKT1 signaling is closely associated with cancer
and metabolic disorders, making it an important
therapeutic target. Ligands targeting the AKT1 PH
domain must be able to reach intracellular AKT1
while maintaining sufficient selectivity. More-
over, due to the essential physiological functions
of AKT1 in normal organs, candidate compounds
are required to exhibit low systemic toxicity and
acceptable safety profiles, including the absence
of mutagenic potential as indicated by a negative
Ames test.

Experimental setup. We condition CAGenMol
on both the fixed receptor structure of 3O96 and
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an intrinsic toxicity constraint requiring generated
molecules to be Ames-negative. Training follows
the same two-stage paradigm used throughout this
work. Specifically, we first perform supervised con-
ditional training, after which Step-PPO is applied to
optimize a composite reward that jointly accounts
for docking affinity (evaluated by AutoDock Vina)
and MiniMol-predicted Ames toxicity probability.
During inference, we generate 100 molecules for
the target pocket and evaluate each candidate under
both structural and ADMET-related metrics.

To better isolate the effect of toxicity condition-
ing, we additionally report an ablation variant (w/o
Ames Condition) in which CAGenMol is trained
and optimized solely for structure-based binding
without enforcing the Ames constraint.

Evaluation metrics. Generated molecules are
evaluated using the following criteria: (1) Vina
Dock: Binding affinity to the AKT1 PH domain;
(2) QED: Quantitative estimate of drug-likeness;
(3) SA: Synthetic accessibility score; (4) Ames:
Predicted mutagenicity probability, where lower
values indicate safer compounds. This evaluation
protocol reflects a realistic screening scenario in
which candidates must simultaneously satisfy po-
tency, developability, and safety requirements.

Results. Quantitative results are summarized
in Table 5. Compared with existing structure-
conditioned baselines, CAGenMol achieves the
lowest predicted Ames toxicity while maintain-
ing competitive docking performance and substan-
tially higher molecular quality in terms of QED
and SA. Notably, methods that achieve very strong
docking scores often suffer from significantly ele-
vated Ames toxicity, highlighting the limitation of
affinity-only optimization.

The comparison between CAGenMol and its ab-
lation variant further demonstrates the effect of
explicit toxicity conditioning. While the w/o Ames
Condition model achieves slightly stronger dock-
ing scores, it exhibits nearly twice the Ames toxic-
ity compared to the full model. In contrast, CAGen-
Mol effectively reduces mutagenicity risk with only
a marginal trade-off in binding affinity, resulting in
a more balanced and practically viable candidate
set.

Overall, these results confirm that CAGenMol,
empowered by Step-PPO, can successfully coordi-
nate structure-based optimization and safety con-
straints, avoiding the collapse to single-objective
solutions and enabling realistic dual-conditioned

molecular generation.

H Evaluation on Additional SBDD
Benchmark

Benchmark. We further evaluate CAGenMol on
the standardized structure-based drug design bench-
mark proposed in (Zheng et al., 2024), which uses
seven representative target proteins (PDBIDs: 1IEP,
3EML, 3NY8, 4RLU, 4UNN, 5MO4, 7L11) and
evaluates top-10 docking performance across di-
verse algorithmic families.

Protocol. To test generalization across targets,
we initialize CAGenMol using the model already
fine-tuned on CrossDocked2020 (Sec. 5.1), and
then perform additional Step-PPO optimization un-
der each target pocket using the benchmark dock-
ing oracle. Following the benchmark setting, we
report the average Top-10 docking score for each
target and the overall average. Since this bench-
mark setting naturally supports iterative black-box
optimization, we using 3-round EFO at inference
time.

Results. Table 3 shows that CAGenMol is com-
petitive with strong optimization-based baselines
while maintaining a learned generative prior. We
also observe that enabling EFO consistently im-
proves the docking performance by further exploit-
ing high-reward fragment motifs.

I Reward Analysis

To empirically validate the optimization stability
and convergence speed of our Step-PPO algorithm,
we visualize the reward trajectories during the
alignment phase for the three property-conditioned
generation tasks described in Section 5.2.

Figure 4-6 illustrates the average reward curves
throughout the Step-PPO training process. We ob-
serve consistent convergence patterns across all
three distinct ADMET settings:

• Fast Convergence: In all scenarios, the
model effectively learns to navigate the chem-
ical space towards high-reward regions within
the first hundred steps. This rapid adaptation
demonstrates that the supervised initialization
provides a strong chemical prior, allowing
Step-PPO to focus immediately on constraint
satisfaction rather than relearning basic chem-
ical validity.
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• Stability: Unlike standard RL fine-tuning
which often suffers from high variance or col-
lapse, our step-wise formulation maintains a
steady ascending trajectory. The relatively
narrow variance (if applicable in your plot)
suggests that the token-level policy updates
are robust and do not degrade the overall struc-
tural integrity of the molecules.

• Task Difficulty: We note that Setting 2 (Hep-
atically metabolized drugs) shows a slightly
slower convergence rate compared to Setting
1 and 3. This aligns with the complexity of the
constraints, as satisfying specific Lipophilic-
ity ranges combined with enzyme substrate
specificity represents a more constrained opti-
mization landscape.

These training dynamics confirm that CAGen-
Mol can efficiently align the generative distribution
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Figure 6: Setting 3 Peripheral Drugs

with complex, multi-objective property constraints
without requiring extensive hyperparameter tuning
or suffering from mode collapse.

J Ablation Study

In this section, we investigate the contribution of
the specific architectural designs in the Unified
Constraint Adaptor (UCA) and the impact of the
reinforcement learning stage.

Note that the effectiveness of the Evolutionary
Fragment Optimization (EFO) has already been
demonstrated in Section 5.2 and Appendix H,
where enabling EFO consistently improved per-
formance. Therefore, we exclude EFO from this
analysis.

We compare five variants to dissect the frame-
work:

• SFT (Base): A baseline supervised model
where the UCA uses mean pooling instead
of linear attention, and receives only ESM-2
embeddings without explicit physicochemical
features.

• SFT (w/o Attn.): UCA uses mean pooling,
but includes both ESM-2 and physicochemi-
cal features.

• SFT (w/o Phys.): UCA uses linear attention,
but relies solely on ESM-2 embeddings (no
physicochemical stream).

• SFT (Full UCA): The complete UCA archi-
tecture (Attention + Phys. Features) trained
only with Supervised Fine-Tuning (no RL).
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• Full Model (Step-PPO): The complete CA-
GenMol framework fine-tuned with Step-wise
PPO.

The results on the CrossDocked2020 test set are
summarized in Table 2.

Architecture Analysis (Impact of UCA Design).
Comparing the SFT variants reveals the importance
of our UCA design. First, SFT (w/o Phys.) gen-
erally underperforms SFT (Full UCA), indicating
that while protein language models provide rich
semantics, the explicit physicochemical features
(charge, hydropathy, etc.) provide critical guidance
for precise surface matching. Second, replacing
the linear attention with mean pooling (SFT w/o
Attn.) leads to a performance drop. This suggests
that the attention mechanism successfully learns
to weigh critical residues in the pocket, whereas
mean pooling dilutes the signal from key binding
sites. The SFT (Base) variant, lacking both de-
signs, yields the lowest performance among the
supervised models, validating the synergy of our
dual-stream encoder and attention pooling.

Impact of Reinforcement Learning. A signifi-
cant performance gap is observed between SFT
(Full UCA) and the Full Model (Step-PPO).
While the supervised model with the full UCA ar-
chitecture achieves reasonable validity and docking
scores, it fails to reach the high-affinity regime. The
introduction of Step-PPO drastically improves the
Vina Dock score and Success Rate without collaps-
ing diversity. This confirms that while the UCA
provides a necessary condition-aware representa-
tion, the Step-wise PPO algorithm is indispensable
for aligning the generation process with the strin-
gent binding affinity objectives.

Extended Ablation: Role of Initialization, RL,
and EFO. To further address the contribution of
each component raised by the reviewer, we con-
duct additional controlled experiments on pocket
3o96_A due to computational constraints. Specifi-
cally, we investigate whether the performance gains
mainly stem from reinforcement learning (Step-
PPO), and whether similar improvements can be
achieved by applying Step-PPO or EFO on weaker
initializations.

Table 6 shows the results. We compare: (i) the
full model initialized from SFT (Full UCA), (ii) a
weaker initialization SFT (Base) followed by Step-
PPO, (iii) Step-PPO without any SFT initialization,
and (iv) EFO-only variants.

These results provide several key insights. First,
while Step-PPO significantly improves perfor-
mance over supervised models, its effectiveness
depends strongly on the initialization. Removing
SFT leads to both degraded docking performance
and substantially slower convergence, indicating
that SFT provides a crucial chemical prior and sta-
bilizes RL optimization.

Second, applying Step-PPO on a weaker back-
bone (SFT Base) narrows but does not close the
gap with the full model, suggesting that architec-
tural improvements and RL contribute complemen-
tary gains. This also clarifies that our method is
not equivalent to simply fine-tuning GenMol with
RL, as the conditioning-aware UCA architecture
remains essential.

Third, EFO alone yields limited improvements
even with increased iterations, due to the extremely
large combinatorial search space. This confirms
that EFO acts as a refinement module rather than a
standalone optimizer, and cannot replace the gener-
ative policy learned via RL.

Overall, these findings demonstrate that (1) SFT
is critical for stable and efficient RL optimization,
(2) Step-PPO is the primary driver for achieving
high-affinity generation, and (3) EFO provides ad-
ditional but limited gains through local refinement.

K Inference Efficiency and Runtime
Analysis

In addition to generation performance, inference
efficiency is an important practical factor for drug
design. Frag2Seq (Fu et al., 2024) reports the wall-
clock time required to generate 100 molecules per
pocket for a range of structure-conditioned molecu-
lar generation methods. Following the same evalu-
ation protocol, we compare CAGenMol with these
representative baselines.

We run on a single NVIDIA A800 GPU with a
batch size of 100. We report the inference time for
the base model as well as the variant augmented
with EFO using 3 refinement rounds.

Table K summarizes the runtime comparison.
CAGenMol achieves orders-of-magnitude faster
inference than diffusion-based and graph-based
baselines. Even with EFO enabled, CAGenMol
remains significantly faster than all compared meth-
ods, demonstrating its suitability for large-scale and
iterative molecular generation scenarios.
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Method Vina Dock (↓) QED (↑) SA (↑)
SFT(Full)+Step-PPO -10.13 0.83 0.88
SFT(Base)+Step-PPO -9.97 0.84 0.88
Step-PPO only -9.49 0.84 0.89
EFO only (3 iters) -7.66 0.70 0.75
EFO only (5 iters) -8.02 0.69 0.77

Table 6: Ablation of initialization, RL fine-tuning, and EFO on pocket 3o96_A.

Method Time (s)
3D-SBDD (Luo et al., 2021) 15986.4
Pocket2Mol (Peng et al., 2022) 2827.3
GraphBP (Liu et al., 2022) 1162.8
TargetDiff (Guan et al., 2023) 3428.0
DecompDiff (Guan et al., 2024) 6189.0
DiffSBDD (Schneuing et al., 2024) 629.9
FLAG (Zhang et al., 2023) 1289.1
DrugGPS (Zhang and Liu, 2023) 1007.8
Lingo3DMol (Feng et al., 2024) 1481.9
Frag2Seq (Fu et al., 2024) 48.8
CAGenMol 3.5
CAGenMol + EFO (3 rounds) 29.9
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