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Abstract

Flexible-size molecular generators can change cardinality during sampling through
insertion and deletion, but steering such trans-dimensional processes with rein-
forcement learning requires accounting for actions whose dimension changes along
the trajectory. We formulate flexible-size generation as a parameterized-action
Markov decision process, in which discrete structural decisions select the relevant
action-space component and continuous and discrete content is sampled condition-
ally within it. We derive the corresponding per-step policy density and use it for
policy-gradient fine-tuning of Morph, a trans-dimensional 3D molecular generator.
Across three settings, reward optimization steers both molecular properties and the
model’s structural decisions. On QM9, the model generates molecules far beyond
the pretraining size support, reaching a mean of 69.9 atoms. On GEOM-Drugs, a
sparse validity reward improves strict validity from 92.9% to 98.0%, while Pose-
Busters validity and strain also improve. For pocket-conditioned ligand generation,
fine-tuning improves binding efficiency while ligand size changes in both directions
across targets.

1 Introduction
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Figure 1: Reinforcement learning guided trans-dimensional generation of geometric graphs.

Generative models are playing a key role in accelerating molecular and materials design, but their
practical value lies beyond matching the data distribution: most applications require steering the
generation toward downstream objectives such as binding affinities, structural validity, or synthesiz-
ability. Reinforcement Learning (RL) provides a principled framework to optimize such objectives,
with recent work showing how to cast diffusion and flow-matching trajectories as Markov Decision
Processes (MDPs) amenable to policy-gradient methods [Black et al., 2024} [L1iu et al., [2025]].

Recent approaches to molecular generation operate on multimodal states that combine continuous
geometry with discrete attributes (e.g. protein structure and sequence, molecular geometry and atom
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types). Allowing cardinality to vary introduces additional expressivity: insertion and deletion events
move the trajectory between state-space components of different dimensionality. Morph [Franke
et al., 2026] realizes this construction by coupling a coordinate flow, discrete graph edits, and
dimension-changing jumps to generate variable-size 3D molecular graphs.

Existing reward-guided methods address fixed-cardinality continuous, discrete, or multimodal gen-
erators, as well as variable-length categorical processes [Zhu et al., [2026| Wang et al., 2026/ Tang
et al., 2026, but RL approaches and policy constructions covering geometric generators that couple
continuous coordinates and discrete attributes with dimension-changing jumps remain relatively
underexplored. Steering these generators is however particularly valuable for out-of-distribution sci-
entific discovery: by controlling insertion and deletion, RL can adapt the molecular-size distribution
to the target property and shift probability mass beyond the size support observed during pretraining.

We study the use of policy-gradient finetuning for steering flexible-size geometric models in which
dimension-changing decisions are sampled by the policy at each step, and instantiate this formulation
on Morph. Our contributions are the following:

1. We cast the trans-dimensional multimodal generative trajectory as an MDP using the standard
parameterized-action-space formalism. The sampled topology decision indexes the relevant
action-space component and is included in the policy score.

2. We derive the corresponding per-step policy density for a generator coupling a coordinate flow, a
discrete CTMC, insertion-deletion jumps, and apply group-relative policy optimization.

3. We show that reward-guided RL can steer flexible-size geometric generators through their insertion
and deletion decisions and study three objectives: molecular-size generation beyond the pretraining
support, verifier-based molecular validity, and ligand-pocket binding.

2 Trans-dimensional MDPs for Flexible-Size Geometric Graph Generation

Flexible-size generation makes cardinality an outcome of the sampling trajectory rather than an input
fixed in advance, allowing molecular size to respond to the target objective. For policy-gradient
fine-tuning, however, the action may therefore vary in dimension and composition across steps: at
each step the policy samples a structural decision that determines both the successor cardinality and
which continuous and discrete content variables are present in the action. The per-step density must
therefore be defined on a state-dependent action space. We formalize this structure for a general
trans-dimensional process before instantiating it for molecular generation with Morph [Franke et al.|
2026|.

2.1 Trans-Dimensional Generative MDPs

A time-discretized generative process can be cast as a finite-horizon MDP defined by the tuple
(S, A, po, P, R) where S is the state space, A is the action space, pg is the initial-state distribution, P
is the transition kernel, and R is the reward. We call the current object being generated the generative
state and distinguish it from the complete MDP state, which also records the integration time. We
denote its state space by X. Since its cardinality may vary:

X = |_| X,,, 1)

n>1

where X, contains states with n elements. At integration step k, the generative state is z, € X,
and the corresponding MDP state is s, = (zk,t;) € S. Dimension-changing events may move the
process between state-space components, such that 41 # ny and the dimensions of the generative
state and action may vary along a trajectory.

We model the state-dependent action space using the parametrized-action-space formalism [Masson
et al.,[2016, Hausknecht and Stone, [2016]. We define A(s) C A as the set of actions admissible at
state s and I'(s) the set of admissible discrete structural decisions. Then let v € T'(s) be a discrete
structural decision, and .4 (s) be the space of content variables available under that decision. An
action is a pair a = (v,n) with n € A, (s), so

Ais)= | () x Ay (9)). @
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The resulting action-space components may differ both in dimension and in the continuous and
discrete variables they contain. A policy on this space can be viewed as a mixture over these
components [Eisenach et al., 2019, App. B.5]. Its density at a = (-, n) factorizes as

mo(a | s) =mo(y [ s)mo(n|s,7) ©)
Here, the first factor is the probability of selecting the structural decision and hence the corresponding
action-space component, and the second is the conditional density of its content variables. In our trans-
dimensional setting, v specifies which elements of x;, persist, are deleted, or are created, while 7 con-
tains the continuous and discrete content defined under that structural decision. Because -y is sampled
by the policy rather than supplied by the transition kernel, its probability contributes to log 7o (ay | sg)-
Thus, every realized structural decision, including choosing not to perform an action (no-op), con-
tributes to the policy score, whereas a content variable is scored only when it is present in A (s).

We consider the case of terminal rewards which we write r(xr), and assume pg and P do not depend
on 6. Writing T for the number of integration steps, let 7 = (s, ao, . . . , S7) denote a trajectory with
induced distribution py(7), the objective and its policy gradient are:

T—1
J(0) = Ervp, [r(z7)], VoJ(0) =E p, [r(xT) Z Vo logmo(ay | sk)} )
k=0
The action enters the estimator only through the scalar log g (ay, | sx) so neither its varying dimension
nor its mix of continuous and discrete channels need estimator-specific treatment.

2.2 Generator and Trajectory MDP on Molecular Graphs

Molecular state space. Let A, B, and C be the sets of atom types, bond types and formal charges.
A molecule with n atoms is represented as an indexed geometric graph g = (n,V, E) where
V= (pi)™y,pi = (ai,2;) E AXR3, and E = leis]7 ;=1 € Sn(B), with S,,(B) the set of symmetric
n X n bond-type matrices. Writing RZ}X?’ for the zero-centre-of-mass coordinate space and 7,5 for
the maximum atom count used in practice, the indexed, centered MDP generative state space is:
Mmax
geG= || A" xRy x S, (B). (5)
n=1
This is an instance of Eq. (I), with X,, = A™ x Rgxg xS, (B). Atintegration step k, let g, € G denote
the generative state and ny, its number of atoms with the corresponding MDP state s, = (gx, tx)-
Formal charges are terminal readouts and are therefore not part of the evolving state space.

Action. At each step, Morph may substitute or delete existing atoms, substitute bonds, and insert
new atoms. Let d = (d;);*, denote the node-edit decisions, with d; € {NO-OP, SUB, DEL}, and let
z = (2z;);*, denote the insertion decisions, with z; € {0, 1}. We define S the set of surviving atoms,
T the set of sites inserting new atoms, and FEs(d) the set of unordered pairs of surviving atoms:

S ={i:d; # DEL}, I={i:z;=1} Es(d)=A{(i,j):i<j, 4,5 €S}
Conditional on d, let b = (b;;)(; j)ers denote the bond-edit decisions, with b;; € {NO-OP, SUB}.
The structural decision v = (d, b, z) is therefore:

v =(d,b,2) €Ty, := |_| {d} x {No-0P,sUB}Z5(D) x {0, 1}, (6)

de{N0-OP,SUB,DEL}"k
A pre-step node may simultaneously satisfy d; = DEL and z; = 1: the existing atom is deleted, while

the new atom inserted at that site remains in the successor. The structural decision ~y then selects the
action-space component:

A’y(sk) = R3|S| X AH“di:SUB}\ X BI{('L;])EES:bij:SUB}I
surviving positions  substituted atom types substituted bond types (7)
1]
x (R? x A)Ml B IS X g () )
N—— — S~—~—
inserted atoms inserted—existing edges  inserted—inserted edges

Here B includes the no-bond type, so every new atom pair carries one bond-type variable. The
successor contains ng1 = |S| + |I| atoms. At the terminal step, the component additionally contains
C™+1 for the final formal charges; intermediate charge predictions are not action variables because
they are neither observed by the model nor retained in the generated output.
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Figure 2: Two consecutive trans-dimensional actions a; = (y;,7;) in Morph. At each step, the
structural decision y; selects the action-space component, while the conditional content 7; specifies
updated coordinates, substituted atom and bond types, and the position, type, and incident bonds of
inserted atoms, yielding g;1. At step k, an atom and a bond are substituted and one atom is deleted,
SO k41 = N — 1. Atstep k + 1, an existing atom is substituted and a new atom is inserted from the
same site. Unhighlighted structural decisions are no-ops.

I

2.3 Per-Step Policy Density

For a realized action a; = (vx,n), we separate the conditional content 7, into the coordinate
updates of surviving atoms and the remaining content variables. The policy factorization in Eq. (3)
then yields:

struct coord

log o (ax | si) = log mp + log 7y + log Wgontent )

where log ™" scores 7y, log wgoord scores the stochastic coordinate updates of surviving atoms,
and log w§o™e™ scores the remaining variables sampled conditionally on -y, including substitutions,
inserted atoms and edges, and, at the terminal step, charges. Per-channel scoring domains and explicit

distributions are given in Appendix D}

Positions. Continuous flow-based policies are deterministic and therefore carry no score-function
density. Following RL finetuning of flow models [Liu et al., 2025, |[Zhang et al.| 2025|]] we add
stochastic noise to the coordinate update with a fixed variance Gaussian kernel o¢zpiore. Using
At = tp41 — t, for each surviving atom ¢ € S:

T1i— Tit

e ©)

with £ ; the predicted clean position. We use fixed variance because Morph’s log-spaced schedule
drives At — 0 near t=1: a marginal-preserving At-scaled variance collapses and produces exploding
coordinate score gradients that dominate the discrete terms.

. 2
Tiprar ~ N(wig + 03 Aty 02 10re13), Dy =

Structural decisions and conditional content. Morph’s continuous-time edit rates are discretized
into categorical or Bernoulli distributions over the structural decisions d, b, and z (Appendix D). Every
realized decision contributes to log 75", including no-op outcomes and non-selected insertions.
The conditional-content term contains only variables present in the selected component A, (sg).

Most conditional content variables are categorical, but two channels are mixtures and therefore
require marginal likelihoods. In particular, inserting an atom requires sampling the joint of position
and type from a typed Gaussian mixture (K components indexed by ¢, weights wy):

log 7>, a) = logsumexp, [log we +10g N (| i, 1) + log pasomelel],  (10)
with an additional term log pcharge, ¢ [c] at the terminal step, where charges enter gr. The mixture-
component label is latent and is not part of the policy action, so the corresponding policy density is
the marginal mixture density in Eq. (I0). Bonds involving inserted atoms are scored analogously
under their marginal mixture distributions; explicit forms are given in Appendix [D}
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Figure 3: Atom-count distributions across the size curriculum. RDKit-valid molecules only, 1000
generated per seed. Line is the mean density over 3 inference seeds, band 41 std. Unit-width bins
are convolved with a Gaussian of ¢ = 1.6 atoms.

2.4 RL Algorithm Instantiation

We use Group-Relative Policy Optimization (GRPO) [Shao et al2024] with the standard clipped
surrogate objective and a reference-policy penalty toward the pretrained model 7. At each update,
we sample a batch of B trajectories under the rollout policy 7.4, partitioned into groups of G
trajectories sharing the same initial graph gy ~ pg. Trajectories are sampled independently conditional
on go. To remove between-initial-state variation, terminal rewards are standardized within each group.
For each realized action ai,, we define the group-relative advantage and per-step importance ratio

mo(ay, | s;)

Al T(gér) — M | Sk,
7'1'01(1(&}C | 82)

= Ta (sz Ui) = mean, Std{r(g%)}ilegrp(i)a pi:(e) =

GE))

We optimize the clipped surrogate objective

B T—1

1 1 A VPRI Qi A

LO) =23 =3 mln(pk(g) Al clip(pi(0),1—e,1+¢) A ) + B8 D || met),  (12)
=1 k=0

where € is the clipping threshold and g controls the strength of reference regularization. The log
densities entering the importance ratio in Eq. are computed using the factorization in Eq. (8.
Re-scoring evaluates the numerator and denominator at the same realized action ax, = (-, 7% ). Both
densities therefore lie on the same action-space component selected by . The construction of the
reference-policy penalty is detailed in Appendix [E]

3 Experiments

We evaluate three aspects of trans-dimensional policy optimization: whether it can (1) steer cardinality
beyond the pretraining support, (2) improve molecular quality under a sparse verifier reward while
preserving the pretrained distribution, and (3) exploit adaptive cardinality in pocket-conditioned
ligand optimization. The first two isolate controllability and reward alignment, while the third tests
the approach in a multi-objective structure-based design setting.

3.1 Steering Toward Out-of-distribution Molecules

Setup. We validate our method first by maximizing atom count, a scalar objective that exercises the
trans-dimensional machinery and tests out-of-distribution discovery. We pretrain Morph on QM9
[Ramakrishnan et al.l [2014]], a dataset over more than 100k small organic molecules, containing
at most 32 atoms, and optimize final atom count with zero reward for RDKit invalid molecules.
We apply a canonical-SMILES diversity penalty by adopting the occurrence-bucketed penalisation
strategy introduced by REINVENT [Loeffler et al.,[2024] to discourage mode collapse onto a single
large scaffold. We repeat this finetuning process multiple times in a curriculum inspired fashion, each
model being KL-anchored to its previously trained version.



Results. Figure 3| shows the atom-count distribution of the QM9-pretrained base model and of
each curriculum round, and Table |I| reports the corresponding metrics. The pretrained model is
concentrated between 13 and 23 atoms, and the curriculum rounds move the distribution to a mean of
69.9 atoms, 3.96 x the training mean and entirely outside the training support. This confirms that
the trans-dimensional policy gradient propagates reward through insertion and deletion decisions,
enabling extrapolation to molecular sizes beyond those represented in the training data.

Chemical validity remains stable across rounds (0.828-0.873) even as size quadruples, and diversity
stays high despite the model steering towards large alkanes. The degradation at the largest sizes is
concentrated in geometry rather than chemical validity. We score PoseBusters [Buttenschoen et al.,
2024] after a single force-field minimization of the generated coordinates, because its bond-length
and bond-angle checks require every bond and angle in a molecule to pass, making the molecule-level
criterion increasingly strict as molecule size grows. Minimization corrects most small raw geometric
violations without changing the topological checks (Appendix Table [8)) with the relaxed PoseBusters
score nearly matching RDKit validity up until round 4 (0.650 against a ceiling of 0.828).

Table 1: Steering QM9 out of distribution by molecule size. Mean over 3 inference seeds x 1000
generated molecules. Detailed results and PoseBusters per-check breakdown are in Table [§]

Mean Atoms Max Atoms  Validity T POSEBUSTERS 1T  Diversity 1

Base (QM9) 17.6 27 0.976 0.919 0.898
Round 1 45.5 54 0.828 0.828 0.837
Round 2 53.0 62 0.873 0.872 0.787
Round 3 61.6 75 0.834 0.798 0.786
Round 4 69.9 82 0.828 0.650 0.756

3.2 RLVR-style Molecule Validity Steering on GEOM

Setup. We test whether Morph can be steered by a sparse verifier-style reward without changing the
target distribution. We pretrain a Morph model on GEOM-Drugs [|Axelrod and Gomez-Bombarelli,
2022]], then fine-tune it using a strict binary validity reward (RDKit sanitizable, single fragment,
radical-free) on the final generated molecule. Fine-tuning proceeds over five curriculum rounds, each
KL-anchored to the previous checkpoint (Table[T0). As in Section 3.1} we include an occurrence-
bucketed canonical-SMILES diversity wrapper.

Results. RL-steering successfully increases the rewarded strict-validity rate from 92.9% to 98.0%,
as well as the broader RDKit-sanitizable validity (96.0% — 99.1%). PoseBusters validity, despite not
being optimized directly through the reward, rises from 87.8% to 94.3%, matching the GEOM-Drugs
training set itself (0.94). Similarly PoseCheck [Harris et al.| 2023]] strain energy falls from 17.9 4 0.4
to 14.8 4 0.2 kcal/mol. Among the geometric PoseBusters checks, the gain is concentrated in steric
clash and radical removal (Appendix Table[12).

Table 2: GEOM-Drugs. Literature numbers from Vonessen et al.| [2026]; ours are mean=std over 3
seeds x 1000 molecules. Strain is aggregated as the median, matching their protocol.

Method #Params Validity T Novelty T Diversity T POSEBUSTERS 1  Strain |
TABASCO-spicy 59M 0.97 0.90 0.89 0.92 15.07
+ guidance SOM 0.97 0.92 0.89 0.94 19.23
Morph (base) 40.8M 0.96 0.99 0.89 0.88 17.91
Morph + GRPO 40.8M 0.99 0.99 0.88 0.94 14.83

Comparison to test-time guidance. Figure [ places the curriculum trajectory on the PoseBusters-
strain plane against TABASCO [Vonessen et al.l 2026] and its distance-bounds guidance. Both
methods reach the 0.94 data ceiling. While TABASCO’s guidance is a per-sample correction,
raising PoseBusters by 0.02 at a 7x increase in sampling cost and converging to higher strain
(15.07 — 19.23), our reward fine-tuning is amortized and delivers a larger +0.065 PoseBusters gain
and moves strain in the opposite direction (17.91 — 14.83). Therefore guidance satisfies a distance
constraint at the price of strain, whereas validity RL improves both.
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Figure 4: Validity optimization induces emergent physical quality. (a) Strict validity, the optimized
RL reward, across five GEOM curriculum rounds (base = pretrained Morph). (b) The corresponding
curriculum in the PoseBusters—PoseCheck strain plane. Morph points are means over 3 seeds; bands
and shaded regions indicate £1 std. TABASCO and SemlaFlow are literature results [Vonessen et al.|
2026]; the dashed line marks the GEOM-Drugs PoseBusters level.

Distributional fidelity. The gains are accompanied by minimal change in molecular coverage.
Uniqueness remains at 100%, novelty is unchanged (99.6% — 99.4%), and mean pairwise ECFP6
Tanimoto distance is flat (0.886 — 0.884). Mean molecule size falls slightly, from 44.6 to 42.6
atoms, raising the atom-count KL to GEOM from 0.072 to 0.122 (Appendix Fig. [0); atom-, bond-
and charge-type distributions are unchanged to three decimal places.

3.3 Adaptive-Size Pocket-Conditioned Ligand Generation

We finally study the trans-dimensional policy in the setting of pocket-conditioned ligand generation.
Given a protein pocket, the model generates a ligand and its 3D pose while balancing binding affinity,
drug-likeness, synthesizability, and geometric validity. Existing pocket-conditioned generators such
as DiffSBDD [Schneuing et al., 2024]] and MolPilot [Qiu et al., 2025]], as well as DePPA [Xue et al.|
2026] which similarly fine-tunes a pocket-conditioned diffusion model with reinforcement learning,
sample the ligand atom count before denoising and hold it fixed throughout the trajectory. Morph
instead allows the per-pocket reward optimization to adapt ligand size to the target.

Setup. We pretrain a pocket-conditional Morph model on CrossDocked2020 [Francoeur et al.,
2020] and evaluate on the standard 100-pocket test split. Unlike Section we perform per-pocket
test-time optimization and run a fixed amount of GRPO updates against each target, yielding one
policy per pocket. The reward Gaussian-rank-transforms affinity (cube root normalized by size, see
Shen et al.[[2024]]), QED, SA, geometry and diversity within each rollout group, behind a hard gate
on PoseBusters bond validity and steric clashes. Molecules are conditioned on the 10 A pocket and
scored with AutoDock Vina 1.2 [Eberhardt et al.,|2021] score_only on the generated pose in the
full receptor, as in MolCRAFT [Qu et al., 2024]], whose Vina protocol MolPilot also adopts, ensuring
our rows and the literature rows of Table [3| are on a common scale. PoseBusters validity follows
MolPilot. More details in Appendix

Results. Every optimized objective improves (Table3): Vina Score —5.21 — —7.14 (+1.93 kcal/-
mol), QED 0.508 — 0.598, normalized SA 0.694 — 0.746, and the fraction of valid, connected
molecules 0.835 — 0.943. PoseBusters validity also rises from 0.606 to 0.794, although it is not op-
timized directly (Appendix Table[I5). The fine-tuned policy clears the crystal reference (—6.36) and
every generative baseline, including MolPilot (—6.88), while generating ligands smaller than either.
It remains 1.4 kcal/mol short of DePPA, which is finetuned on top of a different base. Pocket-level di-
versity is lower than the baselines’ (0.584, falling to 0.411 after fine-tuning), but so is CrossDocked’s
own within target diversity (0.597), which the base model matches (Appendix [H.3).

Ligand size adaptation across pockets. While rewarding raw Vina encourages ligand growth,
our reward structure ensures gains appear as efficiency (Figure . Affinity improves in 95/100



Table 3: Pocket-conditioned ligand generation on CrossDocked2020, 100 test pockets x 100
ligands. DiffSBDD and MolPilot are from |Qiu et al.[[2025]], Table 1; DePPA from Xue et al.| [2026].

Vina Score |, VinaMin| QED1{T SA1 Divt Size Connected? PB-Valid{

Reference ligands —6.36 —6.71 048 073 — 228 1.000 0.950
Generative — Amortized pocket-conditioned generation
DiffSBDD —1.44 —4.52 047 058 0.73 244 0.932 0.376
MolPilot —6.88 —7.23 056 074 0.69 226 0.979 0.959
Morph (base) —5.21 —6.01 0.508 0.694 0.584 21.37 0.835 0.606
Optimisation — per-pocket reward optimization
DePPA —8.50 —-8.91 057 069 078 212 0.953 —
Morph + GRPO (ours) —7.14 —7.65 0.598 0.746 0.411 21.23 0.943 0.794
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Figure 5: Binding affinity and ligand size after fine-tuning. EI The fine-tuned policy moves up and
to the left: more binding from fewer atoms. @ It gains affinity as ligand size shifts in both directions.

pockets by 1.8 kcal/mol while the mean heavy-atom count falls by 1.31, taking the average efficiency
from 0.230 to 0.326, past the crystal ligands’ 0.292. The policy achieves this improvement through
bidirectional adaptation in size, growing the ligand in 36 pockets and shrinking it in 59 (Figure [5b),
an action a fixed-cardinality generator does not have.

4 Related Work

Multimodal and trans-dimensional generators. Multimodal molecular generators couple contin-
uous coordinates with discrete attributes, for example through coordinate flows and CTMCs over
atom and bond types [Campbell et al., 2024, [Dunn and Koes, [2026]. Separately, trans-dimensional
generative models allow cardinality to change during sampling through operations such as inser-
tion, deletion, or splitting [[Campbell et al., 2023, [Havasi et al.,[2025| Billera et al., [2026]]. Morph
[Franke et al.l2026]] combines these two directions, coupling coordinate flow, discrete graph edits,
and insertion-deletion jumps over variable-size 3D molecular graphs. We give a more detailed
comparison of these generators under the parametrized-action-space formalism in Appendix [A]

Reward-guided steering. Policy-gradient methods have been used to fine-tune continuous diffusion
and flow models [Black et al., 2024} |Liu et al.,[2025} Zhang et al., 2025]], as well as discrete CTMC and
graph generators [Zekri and Boullé} 2025| Wang et al.l 2026/ Zhu et al.;2026]]. Existing approaches,
however, largely operate at fixed cardinality. In Graph-GRPO [Zhu et al., 2026], graph size is sampled



before denoising and remains fixed within a trajectory; an adaptive prior can reweight sizes across
rollouts, but size is not itself a scored policy decision. Fixed-dimensional multimodal generators have
likewise been steered using guidance or preference optimization [Lin et al.| 2025, |Huang and Zhang|
2025]]. A2D2 [Tang et al.,|2026] addresses variable-length discrete diffusion, but uses a detached
trajectory weighting rather than a per-step action density, and inserted positions are initially masked
rather than generated jointly with their content. Our setting instead requires scoring decisions that
change dimensionality and determine the continuous and discrete variables in the resulting action.

5 Limitations & Further Work

Empirical scope. Despite shifting cardinality beyond the pretraining support, RL remains con-
strained by the pretrained generator. QM9 extrapolation reduces validity, GEOM-Drugs gains saturate
near reference-data levels, and pocket-conditioned performance trails stronger baselines. Applying
the same optimization to stronger or higher-capacity pretrained models is therefore the most direct
path to further improvement. Broader experimentation should also target distribution-level adaptation,
for instance steering to extend the reachable chemical space such as from a QM9 generator toward
GEOM-like cardinality and diversity. This broader adaptation perspective also extends to the pocket-
conditioned setting, with the goal of amortizing optimization across targets to eliminate the need for
per-pocket policies. Replacing scalar rewards with explicit multi-objective or Pareto formulations
is also a natural next step, to help characterize the trade-offs among reward, validity, diversity, and
cardinality.

Policy design and efficiency. The fixed-variance stochastic noise used to convert the deterministic
coordinate flow into a policy requires more systematic analysis and comparison to marginal preserving
alternatives [Liu et al.,[2025] or methods learning timestep-dependent exploration noise [Zhang et al.,
2025]. Moreover, long sampling trajectories make reinforcement learning computationally expensive,
particularly when optimization requires costly oracle evaluations. Coarser discretizations, trajectory
distillation, and few-step samplers could reduce this cost, while ensuring they preserve the fidelity of
dimension-changing decisions. For example, the allocation of sampling steps could also be learned
as part of the policy through adaptive timestep selection or stopping.

6 Conclusion

In this work, we cast flexible-size molecular generation as a parameterized-action Markov Decision
Process and derive the corresponding per-step policy density for the Morph jump-flow process, making
the dimension-changing decisions of a trans-dimensional generator directly amenable to policy-
gradient optimization. Across three settings, we show how trans-dimensional policy optimization
enables reward-driven control over molecular structure and size: (1) it drives molecular size far
beyond the pretraining support on QMO9, (2) turns a sparse validity signal into improved validity and
emergent physical quality on GEOM-Drugs without shifting the distribution, (3) and adapts ligand
size in both directions to improve binding efficiency in pocket-conditioned generation. These results
show that reinforcement learning can steer cardinality alongside molecular structure, introducing
an axis of control unavailable to fixed-cardinality models and therefore expanding the potential for
out-of-distribution scientific discovery.
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A Generators in the Common Formalism

We present here additional details and examples on parametrized-action control problems in the
formalism of Section[2.T} as well as recasting representative generators in this setting. In Table f] we
present examples from the literature. In Table[5] we give examples of trans-dimensional generative
models who fit the parametrized action setting. For each we give the state space X, the discrete
decision element v € I'(s) of the action and the content variables available under that decision A (s)
it selects.

Table 4: Classical parametrized action spaces

Setting > 4 T'(s) A, (8)
HFO [Hausknechtf C R58 {DASH, TURN, TACKLE, KICK}  [0,100] x [—180,180] for DASH,
and Stone| 2016] KICK; [—180, 180] otherwise
King of Glory [Eise] R2775 {NOOP, MOVE, ATTACK, R2 for MOVE and SKILL1-3;
nach et al.;,|2019] SKILL1, SKILL2, SKILL3, singleton otherwise
RECOVERY }

In HFO, + selects one of four high-level actions, with the selected action requiring either a power-
direction pair (DASH, KICK) or only a direction (TURN, TACKLE). In King of Glory, - selects one of
seven high-level actions, four of which require a two-dimensional directional parameter while the
remaining three have no additional parameter and therefore a singleton content space.

Table 5: Trans-dimensional generative models in the parametrized action space formalism. Spaces
are written for one integration step of the discretized sampler at a state with n elements.

Setting X r'(s) A, (s)

Edit Flows [Havasi [|Y_ 7™ {NO-0P, SUB, DEL}™ x {0,1}7 T #{sus}+#{iNs}

et al..[2025]

Jump diffusion [Camp! ||V, {n} x R  {0,1} R+ 5 (RY x [n+1])7
bell et al.| 2023

Morph Eq. B) Eq. (6 Eq.

In Edit Flows, y specifies the substitution/deletion decision and insertion gate at every current token,
and the selected content space contains one vocabulary-valued content variable for every substitution
and every firing insertion. In jump diffusion, v specifies whether a new component is inserted; the
content space contains the diffusion update of all n 4 v components and, when y = 1, additionally
the new d-dimensional component and its insertion index.

Beyond the examples in Table [5] several neighbouring constructions can also be viewed through
this lens. We mention a few informally to illustrate related action structures rather than provide an
exhaustive classification.

Fixed-cardinality continuous and discrete denoisers [Black et al.| 2024} [Liu et al.| 2025| [Zekri and;
Boullé, 2025} Zhao et al., 2025, [Wang et al.| 2026} Zhu et al., 2026] do not move between cardinality-
indexed state-space components. At the coarsest MDP level, they can be represented by taking I'(s)
to be a singleton and the action to be the next iterate, although particular samplers may admit finer
action decompositions.

Other trans-dimensional models place the dimension-changing decision and the generation of new
content differently. In A2D2 [Tang et al.||2026], insertion adds masked slots whose token values are
subsequently resolved by the unmasking process. In Branching Flows [Billera et al.| 2026], a split
increases cardinality by duplicating an existing element in place; the two copies are subsequently
evolved by the base process, rather than sampling new element content at the split itself.
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B The Morph Trans-Dimensional Jump-Flow Process

B.1 Morph Rate-Mark Process

Morph couples a coordinate flow with atom insertion, deletion and substitution, and bond substitution
to evolve the indexed, centred graph state g; € G defined in Eq. (5). Within a fixed-cardinality
component G,,, atom coordinates evolve according to the learned ODE

dz .
de = vy(ge), Vg 1 G, — R™X3, (13)

The discrete process comprises atom insertion, atom deletion, atom substitution, and bond substitution:
up = ul™ + ud! 4 5" + 45" Each discrete edit family admits a rate-mark decomposition

ug(g' | g) = Z/\m Qg 19),  Alg) = A% (g)

e?
K

=
1 — k¢

(14)

The rate determines whether an edit occurs, while the mark specifies its conditional content. This
decomposition induces the gate and mark channels of the policy in Section[2.3} their discrete-time
probabilities are given in Appendix

The underlying continuous-time construction and pretraining objective are unchanged from Morph;
we refer to |Franke et al.|[2026] and [Holderrieth et al.| [[2025] for their full derivation.

B.2 Policy-Channel Domains

Using the notation of Section[2.2] let S = S(d) be the surviving pre-step atoms and I = I(z) the
inserted atoms, indexed by their spawn sites. Existing-atom pairs are indexed by (g) , insertion-to-

existing pairs by I x S, and insertion-to-insertion pairs by (g) TablelEI gives the scoring domain of
every policy channel.

Table 6: Policy channels and their scoring domains. Gates are scored whenever they are present in
the conditional action; their marks are scored only when the corresponding gate fires.

Channel Domain Distribution Scored when

Existing positions S N (i, 02 piored) atom survives

Node gate d; [n] Cat(NO-OP, SUB, DEL)  every pre-step atom
atom-type mark {i:d; = suB} Cat(m dtom) d; = SUB

Bond gate b;; (%) Bern(pSub .) both endpoints survive
bond-type mark {(3,7) € (g) :bij =suB}  Cat(m Pdg(,) bij = SUB

Existing-atom charge S Cat (T enarge) terminal step only

Insertion gate z; [nk) Bern(plys) every pre-step atom

Inserted atom I typed GMM over (z,a) 2z =1

Insertion — existingedge I x S edge-type mixture insertion exists and target survives

Insertion — insertion edge (é) edge-type mixture both atoms are inserted
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C Action Illustration

s 0 ,
o pos, type

edge type @

new atom

(D) Structural decisions v — every realized outcome is scored (NO-OP / ins 0 / bond NO-OP included)

O Conditional content € A, (s) — variables present under the realized decision

Figure 6: Structural decisions (green) are sampled at every applicable site and are scored for every
realized outcome, including no-ops; conditional content variables (coral) are present only in the
action space component selected by those decisions.

D Discrete Channel Details

We give the mapping from Morph’s model outputs to the discrete per-step probabilities and conditional
mark densities used in Section 23]

Model outputs. At each step, the model outputs sitewise gate magnitudes
ATPOUAPEE AT € (0,1), A >0,
together with categorical mark distributions
w e AAIFTL

Cl-1 ij B|—1
atom S Al€l R T edge S AlBI=T
The insertion head additionally outputs, for each spawning node 4, mixture weights 7t € AE-L
means pj, € R?, scales o}, and component-wise atom-type and charge distributions p’, , and
piharge ¢- A separate insertion-edge predictor supplies categorical edge-type distributions for inserted—
existing and inserted—inserted pairs. Charge distributions are produced throughout sampling, but
charge draws are scored only at the terminal step; intermediate values are not observed by the model
and are overwritten.

7
7'rchaurge

Gate probabilities. For an Euler step At, each rate magnitude is converted to a per-step probability
by

3
1 —k§
with the appropriate node or edge index understood. Probabilities are clipped to the valid numerical
range before sampling and scoring. Substitution and deletion compete at each existing atom. Writing

P = A® At, (15)

__ .sub DEL _ p?EL
m; =p; + Di q = —,
m;
and m; for the corresponding clipped edit probability, the realised node decision has distribution
WgCt(di) = (1 —my, m,(l — qi)7 ﬁliqi), d; € {NO-OP, SUB, DEL}. (16)
When d; = SUB, the sampled atom type is additionally scored under 7’ Existing-edge substi-

atom~
tutions are Bernoulli with probability pj;b’e, with the new bond type scored under 7}, when the

gate fires. Insertion is likewise a Bernoulli gate with probability pi"*. Every realised gate outcome is
scored, including no-ops and non-firing insertion gates. At the terminal step, surviving-atom charges

. i
are additionally scored under 7w(;,, .-

15



Insertion marks. Conditional on a firing insertion gate at node ¢, the inserted position and atom
type are sampled jointly from the typed Gaussian mixture

log 7y (2, a) = logsumexp, | log 7} + log N (z | ud, (08)21) + 10g Phiomelal|. (A7)
At the terminal step, the term log pl.,.. ¢[c] is included inside the logsumexp. The mixture-
component label is latent and is therefore marginalised rather than treated as part of the action.

For each bond involving an inserted atom, the insertion-edge predictor gives a clean edge-type
distribution 7r,,¢,,. The realised bond type at time ¢ + At is scored under the marginal distribution

sub,e sub,e
Pnew = (1 - Ht+At)p§rior + Ht—&-At Thew (18)

for both inserted—existing and inserted—inserted pairs. Since B contains the no-bond type, this is a
categorical mark for every such pair and requires no additional edge-presence gate.

E GRPO Objective and Reference Regularization

Reference-policy regularization. We regularize the policy toward the frozen pretrained model 7.q¢
using the non-negative k3 estimator [Schulman, [2020]], as in GRPO [Shao et al.,[2024]]. For policy
channel c at step k of trajectory ¢, with corresponding log densities £, , . and £} ;. ., define

e = B TR = exp (i g o — L 19
rref,k,c WG,C(CL’]LC | S]Lc) exp( ref,k,c H,k,c) ) ( )

and
ks(r)=(r—1) —logr. (20)

The sample-based reference penalty used in Eq. is

B T-1
1=

D (g || mref) = éz ! DO ka(Fhetne) » (21)

=1 " k=0 cec}

el

where C}. denotes the policy-density contributions defined for the realized action at that step. Thus,
contributions that are absent from the realized action-space component are not included. This
keeps the reference regularization well defined when the action dimension varies across steps and
trajectories.

Optimization. Rollouts are generated once under 7,14 and may be reused for multiple clipped
optimization passes. During re-scoring, the realized action a;, = (v, ) is held fixed while its
density is evaluated under the updated policy. The reference policy remains frozen throughout each
fine-tuning run.
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F QM9 Experiment Details

F.1 Training Details and Parameters

Reward. The reward is the final molecule’s total atom count, gated on chemical validity and
penalised for repetition. Writing gr for the terminal graph of a rollout, the base reward is
Tatoms(97) = Natoms(gr), the number of nodes, which includes explicit hydrogens since the
QMO vocabulary carries H as its own atom token.

A validity gate multiplies it by 1[gr is RDKit-valid], where validity requires successful sanitization,
a single fragment, no radical electrons and neutral formal charges, so an invalid molecule scores
exactly zero regardless of size.

Finally we apply the occurrence-bucketed diversity penalty of REINVENT [Loeffler et al., [2024]:
each valid molecule is keyed by its canonical SMILES, and a rolling window of the last W = 50
batches records how many times each key has been accepted. Within a batch, up to Bpax = 10
occurrences of a key are accepted; any further occurrence has its reward multiplied by p = 0.5. The
complete per-rollout reward is therefore

7(97) = Natoms(gr) - 1[valid] - (p 1[bucket over-full] + 1[otherwise]).

Curriculum procedure. Each curriculum round is a separate GRPO run, and rounds are chained
through checkpoint selection. Within a round we track an exponential moving average of the batch
mean reward with coefficient 0.9 and write a checkpoint whenever that average exceeds its own
running maximum. Because reward degrades late in every round once the policy drifts far from its
reference, the retained model is this best-EMA snapshot rather than the final iterate. Round k + 1 is
then initialised from round £’s snapshot, and the KL reference is re-anchored to those same weights.

Table 7: Hyperparameters for the QM9 atom-count experiment.

Hyperparameter Value
Batch size B 128
Group size G 8
Integration steps T’ 100
Oexplore 0.05
Learning rate 1074
Clipped passes p 2
KL coefficient 3 0.02
Clip threshold ¢ 0.2
Training rounds 3000
Diversity bucketing SMILES
Maximum bucket size Bpax 10
Bucketing threshold p 0.5
Window size W 50
Curriculum rounds 4
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Table 8: Per-check POSEBUSTERS results across the QM9 size curriculum. Raw and MMFF-
relaxed scores. Check rows are pass rates over the molecules POSEBUSTERS evaluated, i.e. those
RDK:it could build and sanitise (row ‘Parseable’); the bold row instead divides by all 1000 generated
molecules, counting unparseable outputs as failures.

Check Base Round 1 Round 2 Round 3 Round 4
Raw (as generated)
All atoms connected 1.000 0.978 0.980 0.970 0.977
No radicals 0.997 0.951 0.962 0.963 0.962
Bond lengths 1.000 0.430 0.731 0.344 0.186
Bond angles 0.999 0.684 0.768 0.428 0.173
Internal steric clash 0.999 0.995 0.960 0.854 0.939
Aromatic ring flatness 1.000 1.000 1.000 1.000 1.000
Double-bond flatness 0.997 1.000 1.000 1.000 1.000
Non-aromatic ring non-flatness 0.999 1.000 1.000 1.000 1.000
Internal energy 1.000 0.996 0.982 0.920 0.944
All checks (of parseable) 0.940+0.001  0.309+0.016  0.538+0.031 0.155+0.016  0.033+0.003
All checks (of generated) 0.920+£0.002  0.270+£0.016  0.489+0.030 0.134+0.014  0.028+0.003
MMFF-relaxed
All atoms connected 1.000 0.978 0.980 0.970 0.977
No radicals 0.997 0.951 0.962 0.963 0.962
Bond lengths 1.000 0.992 0.997 0.984 0.985
Bond angles 1.000 0.996 0.998 0.947 0.780
Internal steric clash 0.999 0.993 0.990 0.992 0.992
Aromatic ring flatness 1.000 1.000 1.000 1.000 1.000
Double-bond flatness 0.997 1.000 1.000 1.000 1.000
Non-aromatic ring non-flatness 0.998 1.000 1.000 1.000 1.000
Internal energy 1.000 1.000 1.000 0.997 0.999
All checks (of parseable) 0.939+£0.003  0.947+£0.004  0.959+0.004 0.920£0.007  0.754+0.008
All checks (of generated) 0.919+£0.002  0.828+£0.006 0.872+£0.009 0.798+0.011 0.650+0.004
Parseable / 1000 979 874 910 867 862
RDK:it validity (stricter) 0.976 0.828 0.873 0.834 0.828
Mean atom count 17.6 45.5 53.0 61.6 69.9

F.2 Results

Force-field relaxation. Generated coordinates are scored both as emitted and after a single local
minimisation, reported as the raw and MMFF-relaxed columns of Table E} The relaxation is
RDKit’s A11Chem.MMFFOptimizeMolecule under the MMFF94 force field, applied to a copy of
the molecule with maxIters= 1000, acting on the first (and only) conformer. The optimiser’s
convergence flag is not used as a filter, so structures that fail to converge within 1000 iterations are
still scored; molecules for which the force field cannot be constructed are treated as failures and
retain their place in the denominator. POSEBUSTERS is then re-run on the relaxed coordinates with
the identical configuration and the identical set of molecules, so the raw and relaxed columns differ
only in the coordinates supplied. We report both because a force field can repair local geometry.

Remark: POSEBUSTERS’ mol_pred_loaded, sanitization and inchi_convertible checks
are omitted: the pipeline only submits molecules that already sanitised, so they are 1.000 by construc-
tion. ‘RDKit validity’ is a stricter criterion than parseability and is reported for reference. While they
are kept in the appendix of the other experiments, the same situation arises.

Uniqueness, novelty, diversity. Uniqueness is the fraction of distinct canonical SMILES among
molecules convertible to SMILES. Novelty is the fraction of those canonical SMILES absent from the
training set. Diversity is the mean pairwise Tanimoto distance (1— similarity) over ECFP fingerprints
with radius 3 (ECFP6) and 2048 bits.
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Table 9: Seed variability for Table The same metrics with standard deviations over the 3 inference
seeds (1000 generated molecules each). Novelty is 1.000 £ 0.000 for every RL round and is omitted.

Atoms Max Validity 1 POSEBUSTERS T Diversity 1
Base (QM9) 17.6£0.1 27  0.97640.001 0.919+0.002 0.898+0.001

Round 1 45.54+0.1 54 0.828+0.006 0.828+0.006 0.837+0.001

Round 2 53.040.1 62 0.873+0.009 0.872+0.009 0.787£0.003

Round 3 61.640.1 75 0.834+0.006 0.798+0.011 0.786£0.005

Round 4 69.940.0 82 0.828+0.017 0.650+0.004 0.7560.003
Examples.

o Al AR
HoAE AR

Figure 7: Round 4 molecules before (bottom) and after (top) force-field relaxation. Four Round 4
samples (71-74 atoms, 24 heavy atoms each), shown MMFF-relaxed on the top row and exactly as
generated on the bottom row. All four pass every POSEBUSTERS check after relaxation.
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G GEOM Experiment Details

G.1 Hyperparameter Details

Table 10: Hyperparameters for the GEOM validity experiment.

Hyperparameter Value
Batch size B 140
Group size G 32
Integration steps T’ 100
Oexplore 0.02
Learning rate 3x 1076
Clipped passes 1 1
KL coefficient 3 0.1
Clip threshold € 0.2
Training rounds 3000
Diversity bucketing SMILES
Maximum bucket size Bpax 10
Bucketing threshold p 0.5
Window size W 50
Curriculum rounds 5

G.2 Metrics

Several metrics in Table E] share a name with a metric in prior work but not a definition, and two rows
both called “strain” are computed with different force fields, different reference states and different
aggregations. We therefore state each one exactly.

Strict validity. The RL reward as defined in Section[3.2} RDKit sanitisation succeeds on gr, the
molecule is a single connected fragment, it carries no radical electrons, and its net formal charge is 0.

RDKit-parseable. Sanitisation alone, dropping the other three conjuncts. This is the quantity
Vonessen et al.| [2026]] report as “Validity”, and is what we use in Table [2| for comparability. It is
strictly weaker than the reward.

POSEBUSTERS. The 12 checks of |Buttenschoen et al.| [2024] in mol mode; a molecule passes only
if it passes all of them. We report two denominators, which differ by the molecules POSEBUSTERS
cannot evaluate at all. Of generated divides by all 1000 sampled molecules and so compounds
parseability with geometric quality; of parseable divides by the molecules that could be loaded, and
is therefore the quality a rejection-sampling baseline would obtain. Per-check rates are given in
Table 12

PoseCheck strain energy. The metric of Harris et al.[[2023]], reproduced from their implementation,
and the one |Vonessen et al.[[2026] tabulate. It is a UFF energy difference Eiocal — Eglobal. Flocal

relaxes the generated pose under per-atom position restraints (maximum displacement 0.1 A, force
constant 10°), so that clashes and stretched bonds relax out while the conformational hypothesis is
preserved; the quantity is therefore conformational strain rather than local geometric noise. Egjobal 18
the minimum UFF energy over 50 ETKDGv3-embedded, UFF-relaxed conformers together with the
freely relaxed pose — the latter is required, since ETKDG can miss the basin the model generated
and its omission produces spurious negative strains. We aggregate with the median, matching their
default; the per-molecule distribution has a heavy right tail and its mean is larger by more than an
order of magnitude, so the aggregation must be stated with any published number. Following |Harris
et al.|[2023]], force-field minimisation uses RDKit’s default 200 iterations and does not fully converge;
raising it lowers the local term by ~ 2 kcal/mol. We inherit this deliberately so that the comparison
to published numbers is like-for-like, which makes absolute values soft and cross-model differences
and within-curriculum trends the supported claims.
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MMFF strain energy. SemlaFlow’s AverageStrainEnergy [Irwin et al.,[2025]: the MMFF94
energy of the raw generated pose minus the energy of that pose after unconstrained MMFF optimiza-
tion, aggregated as a mean. Both terms of the difference and the aggregation differ from PoseCheck
strain so the two strain rows are not on a common scale and must not be compared to each other.
MMFF strain per atom and MMFF energy per atom divide the same quantities by the atom count of
each molecule before averaging; the per-atom strain is what controls for changes in molecule size.

Optimization RMSD. Heavy-atom RMSD between the generated pose and that pose after MMFF
optimization, averaged over molecules where optimization succeeds. Larger values mean the gener-
ated geometry sits further from the nearest force-field minimum.

Molecule stability. SemlaFlow’s valence criterion: the fraction of molecules in which every atom
has an allowed valence for its element and formal charge. Unparseable molecules count as unstable.

Uniqueness, novelty, diversity. Uniqueness is the fraction of distinct canonical SMILES among
molecules convertible to SMILES. Novelty is the fraction of those canonical SMILES absent from the
training set. Diversity is the mean pairwise Tanimoto distance (1— similarity) over ECFP fingerprints
with radius 3 (ECFP6) and 2048 bits, formed across the whole accumulated sample rather than
averaged per batch. Radius, bit count and the distance convention all follow [Vonessen et al.|[2026].

Distributional KLs. For atom counts, atom types, bond types and formal charges we bin the gener-
ated sample into the same histogram as the training marginal and report Dy, (generated || target).

G.3 Detailed Results

Table 11: Full GEOM-Drugs results across the validity curriculum. Mean =+ standard deviation over
3 seeds x 1000 molecules. Round O (‘base’) is the pretrained model.

curriculum round

Metric base 1 2 3 4 5

Chemical validity

Strict validity (RL reward) 1T 0.929 +£0.009 0.951 £0.003 0.964 £0.002 0.972 £0.002 0.979 £0.005 0.980 £0.002
RDKit-parseable 1+ 0.960 +0.008 0.974 £0.001 0.983 40.006 0.989 +0.003 0.991 +0.003 0.991 £0.002
POSEBUSTERS (of generated) 1 0.878 40.009 0.892 £0.013 0.910 £0.002 0.928 +0.005 0.935 £0.010 0.943 £0.006
POSEBUSTERS (of parseable) 1 0.915 £0.004 0.916 £0.014 0.926 £0.007 0.938 £0.007 0.944 £0.011 0.952 £0.005
Molecule stability 1T 0.956 £0.006 0.971 £0.001 0.980 £0.006 0.986 +£0.004 0.989 +0.004 0.989 £0.002
Geometry and strain
PoseCheck strain (median) 1 17.91 0.44 17.54 +0.13 16.02 £0.78 14.99 4-0.48 14.54 4+0.46 14.83 4+0.23
MMFF strain (mean) } 38.69+036 36.52 £0.50 35.35 £0.87 33.50 £3.00 30.52 +1.71 31.54 £043
MMEFF strain per atom 1 0.856+0.011 0.827 £0.011 0.795 £0.032 0.768 +£0.054 0.702 £0.040 0.732 4+0.013
MMEFF energy per atom 1 1.687 £0.013 1.632 £0.038 1.574 +0.056 1.520 +0.084 1.531 £0.056 1.504 +0.011
Optimization RMSD J 0914 +0.024 0.889 £0.015 0.901 £0.038 0.862 +£0.019 0.861 £0.022 0.878 £0.024
Diversity
Uniqueness 1 1.000 £0.000 1.000 £0.000 1.000 +0.000 1.000 +0.000 1.000 £0.000 1.000 £0.000
Novelty 1T 0.995 +0.001 0.997 £0.002 0.995 40.002 0.994 +0.002 0.997 £0.002 0.994 £0.001
Diversity (ECFP6) 1T 0.886 £0.000 0.885 £0.000 0.885 £0.002 0.884 +0.001 0.884 £0.001 0.884 £0.000
Distributional fidelity to GEOM-Drugs
Mean size (atoms) - 44.57+o0.10 43.96 +0.14 43.50 +0.30 42.85 4021 42.72 +0.19 42.64 +0.25
Atom-count KL 1 0.072 40.007 0.084 +0.013 0.095 +0.016 0.110 4-0.007 0.117 40.007 0.122 40.014
Atom-type KL 1 0.0044 £0.0006 0.0048 £0.0006 0.0056 +0.0003 0.0059 £0.0003  0.0065 £0.0005 0.0065 +0.0004
Bond-type KL 4 0.0001 £0.0000 0.0001 £0.0000 0.0001 +0.0000 0.0002 £0.0000 0.0002 £0.0000 0.0002 +0.0000
Charge-type KL 4 0.0001 £0.0000 0.0000 £0.0000 0.0001 +0.0000 0.0001 4-0.0000 0.0002 £0.0001  0.0001 +0.0001
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Table 12: POSEBUSTERS checks across the validity curriculum on GEOM-Drugs. Each entry is the
pass rate among RDKit-parseable molecules, averaged over 3 seeds x 1000 molecules. Checks in the
first block are already implied by the RL reward (sanitisable, single-fragment, neutral, radical-free);
those in the second are geometric and never enter it.

curriculum round

Check base 1 2 3 4 5 A

Implied by the RL reward
loadable 1.000 1.000 1.000 1.000 1.000 1.000 +-0.000
sanitization 1.000 1.000 1.000 1.000 1.000 1.000 +0.000
InChl convertible 1.000 0.999 1.000 1.000 1.000 1.000 +-0.000
all atoms connected 0.991 0.995 0.994 0.997 0.995 0.996 +0.005
no radicals 0975 0980 0.986 0.986 0.993 0.993 +0.018

Geometry only — never rewarded
bond lengths 0.997 0.996 0.998 0.999 1.000 0.998 +0.001
bond angles 0.999 0.999 0.998 0.999 1.000 0.999 —0.001
internal steric clash 0.955 0950 0.957 0.962 0961 0.967 +0.012
aromatic ring flatness 1.000 1.000 1.000 1.000 1.000 1.000 +0.000
non-aromatic ring non-flatness  0.995 0.996 0.994 0.995 0.995 0.997 +0.001
double bond flatness 0.995 0.995 0.994 0.995 0.999 0.998 +0.003
internal energy 1.000 1.000 1.000 1.000 1.000 1.000 +-0.000

All checks pass (of parseable) 0915 0916 0.926 0938 0.944 0.952 +0.037
All checks pass (of generated) 0.878 0.892 0.910 0.928 0.935 0.943 +0.064

(a) Strict validity 1 (b) PoseBusters validity 1 (c) Strain energy | (kcal/mol)
0.99 0.96 19
0.980
0.98 - 0.943 179
0.94 18 -
0.97 1
0.96 0.92 - 17 -
0951 0.90 - 16 -
0.94 1
0.88 - 15- 14.8
0.93 - 0.878
0.929
0.92 - T T T T T 0.86 = T T T T T 14 - T T T T T
base 1 2 3 4 5 base 1 2 3 4 5 base 1 2 3 4 5
curriculum round curriculum round curriculum round
= optimised (RL reward) === not optimised

Figure 8: Emergent physical quality under a validity-only reward. Metrics across five GEOM
curriculum rounds (base = pretrained Morph). Bands are £std over 3 seeds.
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Figure 9: Atom-count distributions before and after RL. Morph pretrained (grey) vs.
Morph+GRPO (blue), with the GEOM-Drugs target (dashed); triangles mark distribution means.
Validity steering shifts mass slightly toward smaller molecules (44.6 — 42.6) but leaves the overall
shape close to the target, in contrast to the deliberate out-of-distribution shift of Section@
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H CrossDocked Experiment Details

H.1 Hyperparameters

Table 13: Hyperparameters for the CrossDocked pocket experiment.

Hyperparameter Value

Pretraining

Dataset CrossDocked2020

Split split_by_name.pt, verbatim
Train / validation complexes 96,874 /3,107

Test pockets 100

Atom vocabulary 7 tokens (C, Cl, E, N, O, P, S)
Coordinate standard deviation 2.4741

Parameters 54.0M

Epochs (optimiser steps)

676 (242,612)

Reinforcement learning

Updates per pocket 250
Group size G (= batch size) 32
Integration steps T’ 100
Oexplore 0.01
Tins 0.01
Learning rate 3x 1076
Clipped passes i 1
Clip threshold e 0.2
KL coefficient 5 0
Maximum atoms 80
Reward

Weights (affinity / QED / SA / diversity / geometry)  0.55/0.15/0.15/0.10/0.05
QED target 0.50
Normalised SA target 0.70
Geometry threshold 7 1.0
Maximum internal clashes 0
Gated-out offset up —30p

H.2 Metrics & Pocket Scoring

Binding Affinity The model is conditioned on the 10 A pocket carve distributed with Cross-
Docked2020, while every Vina number is computed against the full, uncropped receptor from the offi-
cial test set, as in TargetDiff and MolCRAFT. The carve is what the generator sees; it is never what the
ligand is scored against. We follow the MolCRAFT protocol throughout: AutoDock Vina 1.2 python
bindings, exhaustiveness 8, and a per-molecule box sized as the generated pose’s per-axis extent plus
5 A and centred on that pose’s bounding-box centre. Vina Score is score_only on the generated
pose and Vina Min is minimize followed by rescoring. As reference implementations, we prepare
receptors with pdb2pqr30 --ff=AMBER followed by AutoDockTools prepare_receptor4.py.

We validate the pipeline against the crystal reference ligands, with agreement to 0.01 and 0.02 kcal/-
mol on both columns,

Table 14: Reference-ligand scores under our pipeline against the published values. Both are means
over all 100 test pockets, one crystal ligand each.

Vina Score  Vina Min  Pockets scored
Published [Qu et al.| [2024] —6.36 —6.71 100/100
Ours —6.350 —6.694 100/100
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Other metrics. Diversity is mean pairwise ECFP Tanimoto distance within a pocket; Size is the
mean heavy-atom count; Complete is the fraction of samples that are valid and connected.

H.3 Reward for pocket fine-tuning

Rank based reward. We follow DePPA [Xue et al.|[2026] in replacing each property by its within-
group rank passed through the inverse normal CDF: this discards magnitude, but bounds every term’s
contribution to its weight times one rank range, so no property can be traded away for more than it is
worth. We have z;, = ®~!(rank/(G + 1)), and the reward is the weighted sum R = >°, wy 2. Ties
take the average rank, so a term on which every rollout is saturated gives z; = 0 to all of them and
drops out of the advantage entirely.

Geometry gate. A molecule reaches the ranking only if it is graph-valid, Vina-scorable, and passes
a geometry gate built from the POSEBUSTERS mol_fast counts: every bond length and every bond
angle valid (7 = 1.0) and zero internal steric clashes. We gate rather than penalize to avoid reward
hacking. Already when setting 7 = 0.95 the policy spends the tolerance rather than the sampler’s
jitter using it (all-valid 0.894 — 0.411 over ~900 updates), while at 7 = 1 the mean valid bond
fraction holds at 0.994 and the gate’s acceptance rate is higher (0.848 vs. 0.781).

Terms and weights. The five ranked terms are affinity —Vina/+v/HAC [Shen et al., 2024],
min(QED/0.5, 1), min(SAnrm /0.7, 1), geometry min( foonds, fangles), and diversity 1 minus the
mean Tanimoto similarity to the rest of the gated group (RDKit fingerprints, as in MolCRAFT and
DePPA, so the term optimises the quantity that is reported). Weights are 0.55/0.15/0.15/0.05/0.10;
they sum to one and affinity exceeds the sum of the rest, to ensure that abandoning affinity to max-
imize the auxiliaries is arithmetically unprofitable. Geometry takes little weight because the gate
already does that work. The QED and SA targets are benchmark levels: above them the term ties and
goes 1nert.

The failure band. Following DePPA, rollouts that fail the gate are placed at i — 30 below the valid
band, where i and o are that band’s own mean and standard deviation, which keeps the penalty’s
relative strength constant across groups. We add one term: failures are additionally ranked among
themselves by geometry, weighted by Wgeometry- A flat penalty leaves an all-failing group with zero
advantage and no direction to improve in, while the added spread of wgeometry times one rank range
is far inside the offset, so a failure can never overtake a survivor.

H.4 Results.

Posebusters. Nothing is redocked, the intermolecular checks read the generated pose against its
receptor. PB-Valid follows|Q1u et al.|[2025] and excludes the internal-energy check, which is reported
separately over the molecules where it could be evaluated. Our crystal-ligand row reproduces their
published 95.0% and 98.0%.

H.5 Pocket-level diversity

Diversity is a distribution-matching quantity rather than one to maximise. As |Qiu et al.| [2025]
observe, the compounds that bind a given target occupy a comparatively narrow region of chemical
space, since they must satisfy the same steric and pharmacophoric constraints; a generator that scores
high on diversity may simply be straying from that region. We therefore measure the quantity on
CrossDocked itself rather than treating larger values as better.

Each pocket carve holds exactly one ligand, so within-pocket diversity is undefined in the data and
the finest observable grouping is the protein target. Real ligands sharing a target reach 0.597 over
the 643 targets with at least four distinct ligands (Fig.[T0p). Our base model sits at 0.584, inside that
range and tracking the data’s dependence on pocket size (Fig.[I0p)

Every amortised baseline exceeds the data’s upper end, and DePPA’s 0.78 matches what 100 real
ligands drawn at random ignoring the pocket entirely obtain (0.771). Two protocol differences could
explain this discrepancy:
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Table 15: POSEBUSTERS dock checks on the CrossDocked test set: 12 intramolecular plus 9
intermolecular, as pass rates over generated molecules (100 crystal ligands, 10,000 each for base and
RL), with un-evaluable checks counted as failures. A is RL minus base.

Check Reference Morph (base) Morph + GRPO A
Implied by graph validity
loadable 1.000 0.848 0.955 +0.107
sanitization 1.000 0.848 0.955 +0.107
InChI convertible 1.000 0.848 0.955 +0.107
all atoms connected 1.000 0.835 0.943 +0.108
no radicals 1.000 0.848 0.955 +0.107
Gated by the reward
bond lengths 1.000 0.742 0.904 +0.162
bond angles 1.000 0.799 0.925 +0.126
internal steric clash 0.990 0.822 0.941 +0.119
Intramolecular geometry — not rewarded
aromatic ring flatness 1.000 0.848 0.955 +0.107
non-aromatic ring non-flatness 0.980 0.828 0.935 +0.108
double bond flatness 1.000 0.810 0.911 +0.101
Intermolecular — not rewarded, needs the receptor
protein—ligand maximum distance 1.000 0.848 0.955 +0.107
minimum distance to protein 0.980 0.763 0.932 +0.170
minimum distance to organic cofactors 1.000 0.846 0.945 +0.100
minimum distance to inorganic cofactors 1.000 0.845 0.943 +0.098
minimum distance to waters 1.000 0.848 0.955 +0.107
volume overlap with protein 1.000 0.847 0.952 +0.105
volume overlap with organic cofactors 1.000 0.848 0.955 +0.107
volume overlap with inorganic cofactors 1.000 0.848 0.955 +0.107
volume overlap with waters 1.000 0.848 0.955 +0.107
PB-Valid 0.950 0.606 0.794 +0.187
Energy passed (of evaluated) 0.989 0.923 0.922 —0.001
energy evaluated / generated 95/100 8122/10000 9273/10000

1. First, MolCRAFT and MolPilot reconstruct bonds after generation from interatomic dis-
tances using OpenBabel, and draw the atom count based on the reference ligand. Morph
emits the bond graph explicitly and infers cardinality from the pocket, so disconnection
is a model failure rather than a reconstruction artifact, which also makes bond length and
bond-angle checks substantially harder to pass.

2. Second, the models train for 15 epochs where our checkpoint is at 676. Over our own
training run, pocket-level diversity falls monotonically from 0.803 at epoch 9 to 0.517 at
epoch 1069. At a 15-30 epoch budget our diversity is 0.665-0.691, within the baselines’
band, at connectivity too low to be usable. The diversity we give up is largely bought as
validity, and our operating point sits far later on that curve.

Fine-tuning lowers diversity to 0.411, mostly due to the concentration of per-pocket policy op-
timization towards high reward samples, which a larger diversity weight or a KL anchor would
counteract.

H.6 The size action in two pockets

Figures [IT) and [T2] show what the bidirectional size change of Section [3.3]looks like in structure.
Under one reward and one fine-tuning procedure the policy adds four heavy atoms in one pocket
and removes five in the other, improving Vina in both. These are single illustrative molecules: the
lowest-Vina sample per method, PoseBusters-passing for RL and not the population means the
quadrant figure reports.
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(a) diversity vs how well studied the target is (b) diversity vs pocket size (binned trends)

diversity

0.3 SBDD baselines 0.69-0.78 )

Dock =-0.
=8~ CrossDocked (binned mean, IQR) —- CrossDocked r=-0.30

(.2 = = = Morph base, overall 0.584 _ =@ Morph base r=-0.26
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Figure 10: Diversity in CrossDocked and in what we generate. Grey dots are individual protein
targets (1,205 carrying > 2 distinct ligands), scored with the benchmark’s own metric and fingerprints.
(a) Diversity against how many distinct ligands a target carries: black is the binned mean with
interquartile range, dashed lines are our two models’ overall values, and the band spans the amortised
SBDD baselines (0.69-0.78). (b) Binned trends against pocket diameter.

£ s

(a) crystal ligand, 11 heavy atoms (b) Morph (base), 12 (c) Morph + GRPO (ours), 15

Figure 11: UBE2T: the base generator makes small ligands and the policy grows them. Crys-
tal ligand (11 heavy atoms, —4.23), best base molecule (12, —5.50) and best RL molecule (15,
—7.13 kcal/mol Vina score_only). All three panels share one camera; the pocket surface is cut
away in front of the ligand.

(a) crystal ligand, 29 heavy atoms (b) Morph (base), 31 (c) Morph + GRPO (ours), 27

Figure 12: P2Y12: the base generator makes large ligands and the policy shrinks them. Crys-
tal ligand (29 heavy atoms, —9.81), best base molecule (31, —8.76) and best RL molecule (27,
—9.80 kcal/mol). The RL molecule matches the crystal ligand’s score with two fewer heavy atoms.
All three panels share one camera; the pocket surface is cut away in front of the ligand.
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Figure 13: Cardinality moves in both directions under one reward and one procedure. Every
point is a single generated molecule, all 100 samples per pocket that were valid and Vina-scorable;
the filled circle and star are the base and fine-tuned means, joined by an arrow, and the dashed line
marks the crystal ligand’s heavy-atom count. Left, UBE2T (pocket 43): the base generator averages
10.6 &= 1.1 heavy atoms at —4.23 kcal/mol and the policy grows it to 14.9 £ 0.4 at —6.66. Right,
P2Y12 (pocket 60): the base averages 31.9 &+ 1.8 at —6.71 and the policy shrinks it to 26.6 £ 0.6 at
—8.97. Ligand efficiency improves in both.
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