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Abstract17

Broadly trained molecular generators can cover diverse chemical space, but may18

also produce motifs that are undesirable in a given discovery context, e.g.,19

reactive motifs. Adapting a pretrained generator to suppress such chemistry is20

therefore an important practical problem. However, most model steering methods21

enrich desirable compounds or optimize a predefined reward, whereas selectively22

suppressing an undesirable region of chemical space without compromising the23

quality and diversity of the remaining distribution remains challenging. Here, we24

adapt negative extrapolation (NE), a parameter-space editing strategy in which25

a generator is fine-tuned on molecules containing unwanted structural motifs26

and the resulting weight update is reversed, to suppress these motifs directly27

within the generator. We evaluated NE using two custom string-based autore-28

gressive generators, a public pretrained recurrent prior, and a three-dimensional29

flow-matching generator, with unedited generation and conventional fine-tuning30
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on molecules without the unwanted motifs as principal comparators. Across31

the string-based generators, NE reduced the occurrence of four structural motif32

classes (reactive, metal-binding, charged, and assay-interference motifs) more33

strongly than conventional fine-tuning. We further extended NE through selec-34

tive parameter editing and combinations of learned update directions, enabling35

generative validity to be preserved across different model architectures. In the36

three-dimensional flow-matching generator, corrected NE reduced the fraction of37

valid molecules containing any of the unwanted motifs from 31.1% to 2.2% and38

increased the fixed-budget yield of unique, motif-free molecules that were valid39

molecular graphs and passed three-dimensional chemical and geometric consis-40

tency checks from 60.0% to 80.8%. Together, these results support NE as a41

simple approach for selectively editing molecular generators across architectures42

and across string-based and three-dimensional representations, while preserving43

molecular diversity and without requiring a reward-optimization loop.44

Scientific Contribution45

We apply the parameter-arithmetic principle of reversing a learned update to46

an important problem in molecular generation: selectively suppressing a defined47

unwanted region of chemical space while preserving the quality and diversity of48

the remaining distribution. Across string-based and three-dimensional genera-49

tors, we further investigate how parameter arithmetic can be adapted through50

selective parameter editing and combinations of independently learned update51

directions to retain model validity when full-model extrapolation is disruptive.52

Keywords: molecular generation, negative extrapolation, task arithmetic, motif53

suppression, three-dimensional generation, flow matching, cheminformatics54

List of abbreviations55

3D three-dimensional56

CI confidence interval57

CNE corrected NE58

FCD Fréchet ChemNet distance59

FDD Fréchet descriptor distance60

FT fine-tuning61

LBDD ligand-based drug design62

LSTM long short-term memory63

MGM molecular generative model64

NE negative extrapolation65
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NEON Negative Extrapolation from Self-Training66

ODE ordinary differential equation67

QED quantitative estimate of drug-likeness68

RNN recurrent neural network69

SBDD structure-based drug design70

SMARTS SMILES arbitrary target specification71

SMILES simplified molecular-input line-entry system72

TPSA topological polar surface area73

1 Introduction74

Molecular generative models (MGMs) are widely used in contemporary drug discovery,75

enabling rapid in silico exploration of chemical spaces for virtual screening and molec-76

ular design campaigns [1–4]. In typical workflows, generated molecules are filtered,77

scored, and prioritized according to task-relevant properties, such as drug-likeness,78

synthetic accessibility, and predicted activity, yielding candidate compounds for fur-79

ther computational or experimental evaluation [5]. Molecular generation includes both80

unconditional models, which aim to learn broad molecular distributions, and condi-81

tional or goal-directed models, which bias generation toward specific design criteria,82

for example by incorporating target-protein structure in structure-based drug design83

(SBDD) or known ligand information in ligand-based drug design (LBDD) [6–10].84

Although practical drug discovery applications often require such conditioning, uncon-85

ditional models remain an important foundation and controlled setting for method86

development, since they can serve as starting points for subsequent fine-tuning on87

task-specific data, model editing, or goal-directed optimization [11].88

In addition to enriching desirable properties, medicinal chemistry workflows89

must exclude structures that are unsuitable for a particular application. Generated90

molecules may, for example, need to avoid reactive electrophiles, metal-binding groups,91
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structural alerts, or assay-interference motifs [12–18]. Such constraints can often be92

defined precisely through the presence of specific chemical motifs. Their absence, how-93

ever, does not define an equally specific positive class: molecules without a given motif94

may occupy many otherwise unrelated regions of chemical space. Fine-tuning on these95

molecules is possible, but it reinforces the chemistry represented in the selected pos-96

itive set rather than directly specifying which part of the learned distribution should97

be suppressed.98

Several existing strategies can suppress such motifs. Post-generation filtering is99

straightforward, but discards molecules from a fixed sampling budget rather than100

changing the generator itself [12]. For example, in a recent structure-based molecular-101

generation study, only 30,662 of 69,867 chemically valid generated molecules remained102

after applying REOS/Dundee structural-alert filters, corresponding to the rejection of103

56.1% of the valid output [19]. Conventional fine-tuning on motif-free molecules can104

reduce their frequency, but its effect depends on the composition of the selected set.105

More generally, prolonged or iterative biasing can reduce novelty and diversity, increase106

synthetic complexity, and introduce improbable structural arrangements [8, 20–22].107

Removing motif-containing molecules from the training data and retraining the gen-108

erator offers a more comprehensive solution, but becomes costly for large models or109

when many objectives must be considered. Reward-based methods, including REIN-110

VENT4, a reinforcement-learning framework for de novo molecular design, can directly111

penalize unwanted motifs through configurable scoring functions [20]. However, they112

require iterative sampling and optimization, and their behavior depends on how the113

reward is constructed and weighted [23].114

Parameter-space model editing offers a different route to steering generative mod-115

els. The parameter change produced by fine-tuning can be treated as a task vector116

and added to or subtracted from a base model to modify its behavior [24, 25]. Related117

approaches in image generation have used model editing to suppress named visual118
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concepts while preserving unrelated behavior [26, 27]. The Negative Extrapolation119

from Self-Training (NEON) framework introduced a simple weight-space operation in120

which a generator is fine-tuned on its own synthetic output and the resulting update121

is reversed to move away from the degradation caused by self-training [28].122

In molecular generation, Özçelik and Grisoni used molecular task arithmetic to123

optimize specific design objectives by learning an update direction from negative124

examples and reversing it to enrich the generated output for the corresponding desir-125

able property [29]. Here, we use the same general parameter-arithmetic principle for126

a different objective: selectively suppressing a defined unwanted region of chemical127

space while preserving the quality and diversity of the remaining distribution. We128

further investigate how such edits behave across different generator architectures,129

and whether restricting the edited parameter set or combining independently learned130

update directions can preserve generative quality when full-model extrapolation is131

disruptive.132

To test this, we apply NE to the selective suppression of predefined unwanted motifs133

from unconditional molecular generators. Fine-tuning on motif-containing molecules134

estimates an unwanted parameter direction, and extrapolating from the base model135

in the opposite direction produces the edited generator. We evaluate this strategy in136

recurrent and Transformer models, a public pretrained REINVENT prior distributed137

with REINVENT4 [20], and the three-dimensional flow-matching model SemlaFlow138

[30]. The latter extends the evaluation beyond string-based generation to a model that139

jointly produces molecular graphs and three-dimensional (3D) conformations. Across140

these systems, we assess motif suppression, molecular validity, three-dimensional qual-141

ity, chemical-space coverage, structural diversity, and the yield of usable molecules142

under a fixed sampling budget.143
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2 Study overview and model editing144

2.1 Study design and workflow145

All experiments followed the workflow in Figure 1. A base generator produced an146

initial molecular pool, from which molecules satisfying the objective-specific nega-147

tive criterion were selected (panels 1–3). For motif-suppression experiments, motif-free148

molecules provided the positive fine-tuning comparator, while a size-matched ran-149

dom subset provided the control. Separate copies of the same base checkpoint were150

fine-tuned on these sets using the model’s native generative objective, shown for the151

negative set in panels 4,5. The negative-set update was then reversed to construct152

the NE model (panels 6,7). No binary labels, classifier loss, or reward function was153

introduced.154
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Fig. 1 Conceptual workflow for negative extrapolation (NE) and corrected NE (CNE). (1–3) A
base generator is sampled and molecules containing a predefined unwanted motif are selected as the
negative set. (4,5) Fine-tuning on this set produces θbad and shifts the generated distribution toward
the unwanted region. (6,7) NE reverses the negative-set update according to θNE = θbase − λ(θbad −
θbase), thereby shifting generation away from that region. (8) Conceptual rationale for CNE: the
negative-set update may contain changes associated with both the unwanted motif and valid molecular
generation. Reversing the complete update can therefore reduce validity alongside the motif. CNE
combines the negative-set update with a correction learned from motif-free molecules, aiming to
restore validity while retaining motif removal. The chemical-space distributions and parameter-space
directions are schematic.

We first tested quantitative estimate of drug-likeness (QED) steering as a gen-155

eral quality-control objective in a recurrent neural network (RNN) and a Transformer156

trained here on GuacaMol, a dataset of molecular simplified molecular-input line-157

entry system (SMILES) derived from ChEMBL 24 [31, 32]. We then evaluated158

suppression of four RDKit-defined motif classes (reactive, metal-binding, charged,159
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and assay-interference motifs) in these models and the public REINVENT prior, a160

ChEMBL-pretrained recurrent SMILES generator distributed with REINVENT4 [20].161

These three models are referred to as the string-based generators. Finally, we tar-162

geted molecules containing any of the four motif classes in SemlaFlow, an equivariant163

flow-matching generator pretrained on GEOM-Drugs that jointly produces molecular164

graphs and three-dimensional conformations [30, 33]. Table 1 summarizes the gener-165

ators and their training sources. We also examined restricted parameter updates and166

correction directions to preserve generative validity.167

Evaluation used new fixed-budget samples to assess the target response along-168

side molecular validity, structural diversity, chemical-space coverage, and usable169

yield (Equation 6). For SemlaFlow, this additionally included PoseBusters, a suite170

of chemical and geometric consistency checks for generated molecular structures171

[34]. Confirmatory comparisons used ten paired seeds and were kept separate from172

exploratory method-development experiments. Sampling budgets, objective defini-173

tions, generator-specific acceptance criteria, and statistical procedures are detailed in174

the Methods (Section 6).175

Table 1 Overview of the molecular generators, their representations, architectures, and training
sources.

Generator Representation and
architecture

Base model and training source

RNN SMILES; three-layer GRU Trained in this study for eight epochs
on 1,273,104 GuacaMol training
SMILES derived from ChEMBL 24

Transformer SMILES; four causal
Transformer blocks

Trained in this study for eight epochs
on the same GuacaMol set

REINVENT
prior

SMILES; three-layer LSTM Public ChEMBL-trained prior
distributed with REINVENT4

SemlaFlow Molecular graph and
three-dimensional coordinates;
12-layer equivariant
flow-matching model

Public 200-epoch GEOM-Drugs
checkpoint

8



2.2 Negative extrapolation and control directions176

Let θbase denote the parameters of a base molecular generator. For a given objective,177

molecules are sampled from the base generator and a negative set is selected, for178

example by retaining molecules that match a targeted structural-motif flag. Fine-179

tuning on this set with the architecture’s native generative training objective produces180

a negative-set fine-tuned checkpoint θbad. NE constructs181

θNE(λ) = θbase − λ(θbad − θbase), (1)182

where λ controls the edit strength. Algebraically, this operation is a form of task-vector183

negation [24, 25, 29]. In our setting, the vector is obtained by continuing genera-184

tive training on a model-generated subset of molecules matching the unwanted motif,185

rather than by supervised fine-tuning on a separate labelled task.186

For motif-removal objectives, fine-tuning on molecules that did not contain the187

unwanted motif analogously produced the motif-free checkpoint θfree. Unless otherwise188

stated, the motif-containing and motif-free sets were balanced by downsampling the189

larger set.190

We denote the corresponding task vectors by ∆bad = θbad − θbase and ∆free =191

θfree − θbase. As illustrated in Figure 1, panel 8, fine-tuning on valid molecules con-192

taining an unwanted motif may encode two effects in the same task vector: increased193

generation of the selected motif and more general changes that support valid molec-194

ular generation. Reversing the complete update can therefore suppress the unwanted195

motif while also weakening molecular validity. Corrected NE (CNE) attempts to sep-196

arate these effects by using an update learned from a broad set of motif-free valid197

molecules to estimate and cancel the shared valid-generation component before the198

remaining motif-associated direction is reversed. We therefore hypothesize the fol-199

lowing first-order decomposition, which was not independently verified at the weight200
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level:201

∆bad ≈ ∆shared +∆liability,

∆free ≈ ∆shared.

(2)202

Here, ∆shared represents changes associated with continued training on valid generated203

molecules, while ∆liability represents changes associated with the selected unwanted204

chemistry. The second line treats the broad motif-free set primarily as an estimate of205

the shared generative component; it does not require the update to be exactly free of206

smaller subset-specific effects. Under this hypothesis, subtracting the motif-free update207

from the negative-set update cancels the changes shared by both directions:208

∆bad −∆free ≈ ∆liability. (3)209

For SemlaFlow, we formed CNE by subtracting the independently learned motif-210

free task vector before extrapolation:211

θCNE(λ) = θbase − λ(∆bad −∆free). (4)212

The motif-free direction is used here as a validity correction rather than as a separate213

enrichment objective. Under the proposed decomposition, ∆bad − ∆free provides a214

more selective estimate of the motif-associated task direction than ∆bad alone. All215

task vectors were estimated independently from the same base checkpoint using the216

unchanged generative training objective; no negative labels or contrastive loss were217

introduced.218

The main comparative baselines were positive fine-tuning and random NE. Random219

NE was constructed by fine-tuning a base-model copy on a size-matched random220
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molecular set, producing ∆rand = θrand − θbase. This task vector was globally norm-221

matched to the negative-set update using222

srand =
∥∆bad∥2
∥∆rand∥2

, θrandom NE(λ) = θbase − λsrand∆rand. (5)223

Random NE therefore tests whether an arbitrary trained direction can reproduce the224

effect at a matched parameter displacement.225

The evaluated update configurations and their roles as methods, comparators, or226

controls are summarized in Table 2.227

Table 2 Summary of the model updates evaluated in the motif-removal experiments. All task
vectors were learned independently from the same base checkpoint using the model’s native
generative training objective.

Configuration Applied parameters Fine-tuning
data

Purpose

Positive
fine-tuning

θfree = θbase +∆free Molecules
without the
target motif

Comparator: conventional
fine-tuning toward motif-free
chemistry.

NE θbase − λ∆bad Molecules
containing the
target motif

Method: reverses the update
learned from the unwanted
molecular subset.

Random NE θbase − λsrand∆rand Size-matched
random
molecules

Control: tests whether an
arbitrary trained direction
with the same
parameter-space norm
reproduces the NE effect.

CNE θbase−λ(∆bad−∆free) Target-motif
and motif-free
sets

Corrected method: aims to
retain motif removal while
canceling shared changes
associated with valid
molecular generation.

Task vectors are defined as ∆bad = θbad − θbase, ∆rand = θrand − θbase, and ∆free = θfree − θbase. Here,
srand = ∥∆bad∥2/∥∆rand∥2.
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3 Results228

3.1 Positive fine-tuning outperforms NE when high-scoring229

examples are abundant230

As a first task, we asked whether moving away from low-scoring molecules through231

NE could improve molecular outputs as effectively as positive fine-tuning when high-232

scoring examples were readily available. Motivated by NEON’s quality-improvement233

experiments, we selected QED, a composite measure of drug-likeness, as a practical234

molecular optimization target [35].235

For each seed, valid molecules sampled from the RNN and Transformer base models236

were ranked by QED; the bottom 10% formed the negative set and the top 10%237

formed the positive fine-tuning set. At λ = 1.0, NE increased mean QED from 0.570 to238

0.696 for the RNN and from 0.582 to 0.671 for the Transformer (Figure 2a,b). Across239

the tested lambda range, increasing the extrapolation strength progressively increased240

QED, but also reduced the valid-output fraction, particularly for the Transformer241

(Supplementary Figure S2). The initial samples generated for each model and seed also242

contained high-QED molecules that could be selected directly for positive fine-tuning.243

Positive fine-tuning reached mean QED values of 0.774 for the RNN and 0.814 for the244

Transformer. Consistent with the mean-QED results, NE also increased the fraction245

of high-QED outputs (QED ≥ 0.9) for the RNN, but produced little improvement for246

the Transformer at λ = 1.0 (Figure 2c,d). Positive fine-tuning performed substantially247

better, exceeding NE by 8.60 percentage points for the RNN (95% CI, 7.87–9.33) and248

by 19.19 percentage points for the Transformer (95% CI, 16.62–21.77). Both differences249

remained significant after Holm correction (Supplementary Table S4).250

Improving the target score is only useful if the generator continues to produce valid251

molecules. At λ = 1.0, the valid-output fraction of the RNN decreased from 92.3%252

to 89.0%, whereas full-model Transformer NE reduced the valid SMILES fraction253
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from 93.2% to 16.6% (Figure 2e,f). Taken together, these results show that NE can254

improve the generated QED distribution, but that positive fine-tuning is more effective255

when strong positive examples are readily available. This difference was particularly256

apparent in the fraction of outputs with QED≥ 0.9. Suppressing low-scoring chemistry257

does not explicitly favor the highest-scoring molecules, whereas positive fine-tuning258

learns directly from them. These findings motivated our subsequent focus on structural259

motifs, where the unwanted chemistry is clearly defined but its absence leaves a broad,260

chemically heterogeneous set rather than a distinct positive class. Full-model NE also261

caused severe validity loss in the Transformer, prompting us to investigate whether262

restricting the edited parameters could preserve generative validity.263
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Fig. 2 QED control experiment across ten paired confirmatory seeds. Columns show the RNN (a,c,e)
and Transformer (b,d,f). Rows report mean QED among valid outputs (a,b), the fraction of valid
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3.2 Scoped Transformer updates mitigate validity collapse264

The QED experiment showed that applying NE to all Transformer parameters could265

severely impair molecular validity. This would limit the use of NE in architectures that266

are sensitive to broad parameter changes. We therefore investigated whether modifying267

only part of the network could retain the target-removal effect while preserving valid268

generation. Before applying NE in the confirmatory Transformer motif-removal exper-269

iments, we compared several restricted parameter updates using metal-binding-motif270

removal as a representative objective.271

Five update scopes were evaluated across five λ values using development seeds 5, 7,272

and 11. At λ = 1.0, full-model NE reduced the mean metal-binding-motif hit fraction273

from 19.1% at baseline to 1.7%, but reduced validity from 94.4% to 7.8%. Restricting274

the update to the final Transformer block and output layer retained nearly the same lia-275

bility response, reaching a 2.2% hit fraction, while preserving 88.1% validity. Updating276

only the output layer preserved 93.4% validity but left a substantially higher hit frac-277

tion of 9.5% (Figure 3a,b). The corresponding motif-hit and validity responses across278

the tested lambda values are shown in Figure 3c,d. The final-block-plus-output update279

provided the clearest compromise between target removal and generative validity and280

was therefore used for the subsequent confirmatory Transformer experiments.281

These results show that the Transformer validity collapse was not an unavoidable282

consequence of NE, but depended strongly on which parameters were modified. More283

generally, this experiment demonstrates that adapting the edited parameter set to the284

model architecture can retain strong motif removal while avoiding the severe validity285

loss caused by unrestricted full-model extrapolation.286

15



Ful
l m

od
el

No e
mbe

dd
ing

s /

lay
er 

no
rm

Las
t 2

 bl
ock

s +
 ou

tpu
t

Las
t b

loc
k +

 ou
tpu

t

Outp
ut 

on
ly

2%

4%

6%

8%

10%
M

et
al

-b
in

di
ng

-m
ot

if
hi

t f
ra

ct
io

n

a Scope screen at =1

Ful
l m

od
el

No e
mbe

dd
ing

s /

lay
er 

no
rm

Las
t 2

 bl
ock

s +
 ou

tpu
t

Las
t b

loc
k +

 ou
tpu

t

Outp
ut 

on
ly

20%

40%

60%

80%

Va
lid

ity

b Scope screen at =1

0.10 0.25 0.50 0.75 1.00

2%

5%

8%

10%

12%

15%

18%

M
et

al
-b

in
di

ng
-m

ot
if

hi
t f

ra
ct

io
n

c Lambda response

0.10 0.25 0.50 0.75 1.00

20%

40%

60%

80%

Va
lid

ity
d Lambda response

Full model Last block + output

Fig. 3 Exploratory Transformer scope ablation for metal-binding-motif removal using development
seeds 5, 7, and 11. Panels (a) and (b) compare the metal-binding-motif hit fraction and valid-output
fraction, respectively, at λ = 1.0 for full-model NE and four restricted parameter scopes. Points show
individual development seeds and horizontal bars show their means. Panels (c) and (d) show the
corresponding hit-fraction and validity responses across λ ∈ {0.1, 0.25, 0.5, 0.75, 1.0} for full-model
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3.3 Targeted motif suppression transfers across string-based287

generators288

The QED control represents an objective for which favorable examples are abundant289

and readily selected, making positive fine-tuning particularly effective. We therefore290

next considered the complementary setting: the undesirable chemistry is defined by a291

specific structural motif, whereas the acceptable set is the broad and chemically hetero-292

geneous complement. In this setting, NE can learn directly from molecules that express293

the feature to be suppressed, rather than asking positive fine-tuning to represent all294

possible liability-free chemistry.295

We evaluated four such structural classes—reactive motifs, metal-binding motifs,296

charged motifs, and assay-interference motifs—in the RNN, Transformer, and public297

pretrained REINVENT prior. Figure 4 shows the metal-binding objective as a matched298

representative example across the three generators, with target-hit fractions in pan-299

els a–c; results for all four objectives are reported in Supplementary Figure S3, and300

the corresponding lambda responses in Supplementary Figure S4. Across all twelve301

architecture–objective combinations, NE reduced the target feature more strongly302

than positive fine-tuning and norm-matched random NE. Relative to positive fine-303

tuning, target-hit fractions were 0.32–7.80 percentage points lower for the RNN,304

0.91–5.41 percentage points lower for the Transformer, and 2.59–4.99 percentage points305

lower for the REINVENT prior.306

Fixed-budget usable yield showed a generator-dependent response to NE307

(Figure 4d–f for the metal-binding objective). Applying NE to all RNN parame-308

ters produced usable yields 3.42–6.56 percentage points below positive fine-tuning,309

primarily because its valid-output fraction was 7.03–12.31 percentage points lower;310

uniqueness and novelty among valid outputs remained similar. By contrast, scoped311

Transformer NE increased usable yield by 6.90–35.65 percentage points relative to312

positive fine-tuning and retained 88.1–91.6% validity, close to the 93.2% base value.313
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For the REINVENT prior, target-hit fractions decreased from 5.0–10.2% at baseline314

to 1.5–2.6% under NE, and usable yield increased by 2.92–4.88 percentage points rela-315

tive to positive fine-tuning. The resulting REINVENT usable yields were 95.3–96.9%,316

compared with 88.3–93.4% for the base prior. For every architecture–objective combi-317

nation, the paired differences between NE and positive fine-tuning in both target-hit318

fraction and usable yield remained significant after Holm correction (Supplementary319

Table S3; Supplementary Figure S10).320

To test whether positive fine-tuning was disadvantaged by the selected training321

duration, we repeated the reactive-motif experiment for up to ten epochs using devel-322

opment seed 11 (Supplementary Figure S6). Longer positive fine-tuning improved323

motif removal in all three generators, but even after ten epochs it did not match the324

motif-removal effect of standard NE in any of them. In the RNN, positive fine-tuning325

nevertheless produced a higher usable yield because the stronger motif removal under326

full-model NE was offset by reduced validity. This validity loss might be mitigated by327

restricting the edited parameters, as demonstrated for the Transformer, although this328

was not tested for the RNN. Thus, prolonged positive fine-tuning improved the tar-329

get endpoint but did not consistently remove the trade-off between motif removal and330

structural diversity.331

We analyzed the metal-binding-motif-removal objective in more detail as a rep-332

resentative structural-diversity case study. Across all three generators, NE produced333

a higher unique-scaffold fraction among valid generated molecules than positive fine-334

tuning (Figure 4g–i). Positive fine-tuning narrowed the RNN and Transformer outputs335

relative to their base generators, whereas NE maintained or increased both scaf-336

fold coverage and mean pairwise Tanimoto distance (Supplementary Figure S8). The337

REINVENT prior retained high scaffold diversity under both interventions, with the338

highest unique-scaffold fraction under NE.339
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Distributional-distance analysis showed a measurable redistribution of chemical340

space (Supplementary Figure S9). Relative to the unfiltered base distribution, the341

mean Fréchet ChemNet distance (FCD) ± standard deviation across seeds under NE342

was 6.14± 0.86 for the RNN, 8.66± 0.85 for the Transformer, and 1.97± 0.11 for the343

REINVENT prior. For the RNN and Transformer, using the motif-free subset of the344

corresponding base samples as the reference reduced these distances to 4.70 ± 0.74345

and 6.59±0.57, respectively, indicating that part of the displacement resulted directly346

from removing molecules containing the selected motifs. Because FCD and Fréchet347

descriptor distance (FDD) do not have universal thresholds for defining small or348

large distributional shifts, we also compared central and extreme molecular-weight349

subsets with unfiltered draws from each generator’s saved base pool (Supplementary350

Figure S7). Equal query and reference counts were used across all molecular-weight351

bands within each seed. Extreme molecular-weight restrictions produced larger dis-352

tances than central bands, but the absolute values, particularly FCD, depended on353

sample size. These controls therefore illustrate the effect of chemical-space restriction354

rather than providing numerical thresholds for the model comparisons, which used355

different sample counts. Together with the scaffold results, the analyses show that NE356

suppressed the targeted chemistry without the reduction in scaffold diversity observed357

under positive fine-tuning.358
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Fig. 4 Matched metal-binding-motif-removal experiment across three string-based molecular gener-
ators and ten paired confirmatory seeds, with 10,000 requested samples per model and seed. Columns
show the RNN (a,d,g), the scoped Transformer (b,e,h), and the public pretrained REINVENT prior
(c,f,i). The top row reports the metal-binding-motif hit fraction among valid outputs, the middle
row the fixed-budget usable yield among all requested samples, and the bottom row the unique non-
empty Bemis–Murcko scaffold count divided by the number of valid generated molecules. For the
RNN and Transformer, usable yield requires validity, canonical uniqueness, novelty relative to the
GuacaMol training set, and absence of the target motif; REINVENT-prior usable yield omits novelty
because a complete canonical training reference was unavailable. Boxes summarize ten seed-level val-
ues; whiskers extend to 1.5 times the interquartile range. Results for the other three motif objectives
and all lambda-response curves are reported in Supplementary Figures S3 and S4, respectively.
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3.4 Joint motif suppression improves usable yield in a359

three-dimensional flow-matching generator360

The preceding experiments established that NE can suppress targeted motifs across361

custom and pretrained string-based generators, although its effect on generative362

quality depended on the architecture. Molecular generators increasingly operate on363

molecular graphs and three-dimensional structures rather than string representations364

alone. We therefore investigated whether NE-based motif suppression transfers to Sem-365

laFlow, an equivariant flow-matching model that jointly generates molecular graphs366

and three-dimensional conformations. We selected SemlaFlow because an indepen-367

dent comparison identified it as the strongest overall performer among five recent368

unconditional three-dimensional generators [11]. This experiment therefore extends369

the evaluation to a more complex output modality and a strong public baseline.370

Exploratory screening showed that restricting the SemlaFlow update to smaller param-371

eter subsets preserved graph validity but substantially weakened liability removal372

(Supplementary Figure S5b). We therefore retained full-model extrapolation and inves-373

tigated correction directions as an alternative way to preserve generative quality. We374

jointly targeted all four liability families. The base generator produced at least one tar-375

get liability in 31.1% of valid molecules. Positive fine-tuning on liability-free molecules376

reduced this frequency to 13.3%, whereas standard NE reduced it to 5.3% (Figure 5a).377

The corresponding norm-matched random NE control reached only 25.7%, showing378

that an arbitrary trained direction of comparable magnitude did not reproduce the379

targeted response.380

Standard full-model NE reduced RDKit-valid graph yield from 93.9% to 65.9%381

(Figure 5b), although the conditional PoseBusters pass rate among surviving valid382

graphs remained similar to the base generator (92.4% versus 91.7%; Figure 5c). To pre-383

serve liability removal while recovering graph validity, we formed corrected NE (CNE)384
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by subtracting a task vector learned from liability-free molecules from the negative-385

set task vector before extrapolation. The liability-free vector was used as a correction386

direction intended to remove shared changes associated with continued training on387

valid chemistry, rather than as a separate enrichment objective. CNE restored RDKit-388

valid graph yield to 88.3% while reducing liability frequency to 2.2% (Figure 5a,b).389

This suggests that subtracting the liability-free update canceled the part shared by390

both fine-tuning directions that supports valid generation, while retaining the differ-391

ence associated with the targeted motifs. Paired effect estimates and exact paired-test392

results are reported in Supplementary Figure S12 and Supplementary Table S5.393

For the unedited base generator, three-dimensional usable yield corresponds to394

the fraction retained after applying the same validity, uniqueness, liability, and Pose-395

Busters criteria by post-generation filtering. Three-dimensional usable yield was 60.0%396

for the base generator, 76.6% after positive fine-tuning, 57.9% after standard NE,397

and 80.8% after CNE (Figure 5d). Relative to positive fine-tuning, CNE reduced398

liability frequency by 11.11 percentage points (95% CI, 10.82–11.40) and increased399

three-dimensional usable yield by 4.17 percentage points (95% CI, 3.42–4.93); both dif-400

ferences remained significant after Holm correction (Supplementary Table S5). Positive401

fine-tuning increased usable molecular yield but concentrated the resulting chemistry:402

the unique-scaffold fraction among usable molecules decreased from 88.6% for the403

base generator to 80.7%, whereas CNE reached 93.7% (Figure 5f). Consequently, CNE404

produced 3,786 unique three-dimensional usable scaffolds per 5,000 samples (75.7%),405

compared with 3,093 (61.9%) after positive fine-tuning (Figure 5g), and required fewer406

samples to obtain 2,500 usable scaffolds (3,279 versus 4,011; Figure 5h). Correction407

also reduced the mean FCD to the base distribution from 10.12 ± 0.40 for standard408

NE to 4.75±0.53 for CNE (mean ± standard deviation across seeds; Figure 5e). Thus,409

CNE converted strong liability removal into improved molecular and scaffold yield410

while limiting the accompanying displacement of the generated distribution.411
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Overall, these results show that NE can substantially improve fixed-budget gener-412

ative efficiency when architecture-specific validity losses are controlled. For the case413

study of SemlaFlow, this meant combining the standard NE update with a correction414

update to mitigate validity collapse.415
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Fig. 5 Joint removal of all four motif classes in the pretrained SemlaFlow three-dimensional gen-
erator across ten paired confirmatory seeds. Panels show (a) joint target-motif hit fraction among
RDKit-valid outputs, (b) RDKit-valid graph yield among all requested samples, (c) conditional Pose-
Busters pass rate among RDKit-valid outputs, and (d) three-dimensional usable yield among all
requested samples. Three-dimensional usable molecules are RDKit-valid, canonically unique, free of
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three-dimensional usable scaffolds. In (h), the × at 5,000 samples indicates that random NE did
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target-completion count. Corrected NE (CNE) subtracts a task vector learned from liability-free valid
molecules from the negative-set task vector before extrapolation. Boxes summarize ten seed-level val-
ues; whiskers extend to 1.5 times the interquartile range.
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4 Discussion416

The experiments conducted here support a specific role for NE in molecular generation.417

NE is not a universal optimizer: positive fine-tuning outperformed NE in the QED418

control, where high-scoring examples were readily available. Its value appears instead419

in settings where the undesirable region is easier to define than the desired region.420

Targeted structural liabilities satisfy this condition: metal-binding motifs, charged421

motifs, reactive groups, and assay-interference patterns are relatively sharp negative422

classes, whereas the corresponding “good” chemistry is broad and heterogeneous.423

This interpretation is consistent across the RNN, Transformer, REINVENT prior,424

and SemlaFlow, but the fixed-budget benefit depended on architecture. NE reduced425

target-motif frequency more strongly than positive fine-tuning and norm-matched426

trained-random controls in all confirmatory liability experiments. This stronger sup-427

pression increased usable yield for the scoped Transformer, REINVENT prior, and428

corrected SemlaFlow models. Applying NE to all RNN parameters, however, produced429

lower usable yield than positive fine-tuning despite stronger liability removal, primar-430

ily because validity decreased rather than because valid outputs lost uniqueness or431

novelty. The later Transformer and SemlaFlow experiments show that update restric-432

tion or correction can recover architecture-specific validity losses. Applying analogous433

stabilization to the RNN may therefore improve its fixed-budget yield, but this was not434

tested. Structural-diversity analyses further suggest that NE does not simply concen-435

trate the generator on a narrow favorable subset. Instead, it can move the generator436

away from an undesirable region while maintaining a broad output distribution. This437

distinction is important for medicinal chemistry, where avoiding a liability is often not438

equivalent to converging on one positive chemotype.439

The Transformer and SemlaFlow experiments revealed distinct architecture-440

dependent failure modes. Full-model extrapolation severely reduced Transformer441

SMILES validity, whereas restricting the update to the final Transformer block and442
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output layer preserved validity during liability removal. In SemlaFlow, full-model443

NE retained three-dimensional quality among RDKit-valid molecules but reduced444

the overall yield of valid molecular graphs. The appropriate intervention was there-445

fore also architecture-dependent: scope restriction stabilized the Transformer, whereas446

task-vector correction stabilized SemlaFlow.447

The SemlaFlow correction experiment provides a possible explanation for the loss of448

validity under standard NE. Fine-tuning on liability-containing molecules may produce449

a task vector that contains both information associated with the targeted liabilities450

and more general changes that support generation of valid molecules. Reversing the451

complete vector can therefore suppress the liabilities while also degrading validity. A452

related problem is described as incomplete weight disentanglement in task arithmetic,453

where a parameter update also affects model behavior outside its intended target454

[25]. Using the liability-free task vector as a correction direction recovered most of455

the lost graph validity without weakening liability removal. This is consistent with456

validity-related changes shared by both task vectors cancelling when the liability-free457

update was subtracted from the negative-set update. This interpretation is supported458

by the model outputs but does not establish a unique decomposition of the parameter459

updates; direct analyses of vector alignment and shared parameter subspaces would460

be needed to test the proposed mechanism at the weight level.461

Positive and negative parameter directions have previously been combined for462

few-shot molecular optimization [29]. In our SemlaFlow experiment, the liability-free463

direction instead served as a correction for the validity loss caused by reversing the464

complete negative-set update. The contrast between standard and corrected NE also465

shows why target-hit frequency alone is insufficient for evaluating model edits; valid-466

ity, chemical diversity, and usable molecular and scaffold yield must be considered467

alongside the targeted response.468
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The reduction in motif frequency should not be interpreted as concept erasure or469

machine unlearning. Our experiments measure changes in the generated distribution,470

not whether the model retains the underlying ability to produce a motif. We did471

not test whether subsequent fine-tuning or other interventions could restore motif472

generation.473

Several limitations remain. First, the liability definitions used here are SMARTS-474

based structural proxies, not experimentally validated toxicity or developability475

measurements. Their utility is therefore to test controllable motif suppression, not476

to establish that every matched molecule would fail experimentally. Second, we eval-477

uated NE in four generator implementations spanning recurrent, Transformer, and478

three-dimensional flow-matching architectures, but this still represents only a small479

part of the molecular-generation landscape. Models trained on other molecular rep-480

resentations and datasets, or edited for less clearly defined objectives, may respond481

differently. Broader testing will therefore be needed to establish which model classes482

and applications benefit from NE, and where the method is ineffective. Third, the483

present work studies unconditional generation. Conditional ligand- or structure-based484

design may couple the liability direction to conditioning information and require dif-485

ferent update scopes or training losses. Finally, distributional metrics such as FCD486

and FDD are useful for auditing chemical-space movement, but do not by themselves487

define whether a shift is medicinally impactful.488

5 Conclusion489

NE provides a simple parameter-space strategy for selectively suppressing unde-490

sirable chemistry by learning a direction toward liability-containing molecules and491

extrapolating away from it. Across custom recurrent and Transformer generators,492

a public pretrained recurrent prior, and a three-dimensional flow-matching gener-493

ator, NE consistently reduced targeted structural liabilities. Beyond demonstrating494
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this effect, our experiments identify two ways to adapt parameter-space editing to495

different model architectures. Restricting the edit to late Transformer parameters496

preserved molecular validity while retaining liability removal, whereas CNE com-497

bined negative and motif-free update directions to preserve liability removal while498

restoring valid graph generation in SemlaFlow. In the three-dimensional generator,499

this correction also increased the fixed-budget yield of usable scaffolds. Across the500

representative structural-diversity analyses, NE-based editing produced higher usable-501

scaffold diversity than positive fine-tuning, showing that stronger motif removal did502

not require a reduction in chemical diversity. These findings establish parameter scope503

and correction-direction construction as practical extensions of NE, rather than treat-504

ing architecture-dependent validity loss as an unavoidable limitation. Together, the505

results define NE not as a general-purpose molecular optimizer, but as a targeted506

model-editing approach for objectives that are more naturally specified by what should507

be excluded than by what should be enriched. Future work should test this princi-508

ple in conditional and structure-guided generators and with experimentally validated509

medicinal-chemistry objectives.510

6 Methods511

6.1 RNN and Transformer generators512

We implemented the RNN and Transformer as two unconditional autoregressive513

SMILES generators in PyTorch [36] and trained both on the GuacaMol training set514

[31]. This standard distribution-learning split contains 1,273,104 molecular SMILES515

derived from ChEMBL 24 [32]. The first generator was an RNN, comprising a token-516

embedding layer, a three-layer gated recurrent unit network, and a linear vocabulary517

projection [37]. The second generator was a Transformer with learned token and posi-518

tional embeddings, four causally masked Transformer blocks, layer normalization, and519

a linear vocabulary projection [38]. Both models used the same SMILES tokenizer and520
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were trained to predict the next token using padding-masked categorical cross-entropy521

and AdamW [39]. Detailed dimensions and training hyperparameters are provided in522

Supplementary Section 1.2.523

Both base architectures were trained for eight epochs on the full GuacaMol training524

set. This fixed training budget was selected during base-model development, before525

any downstream objective was evaluated, and was held constant across all seeds. Base526

training was independently repeated for confirmatory seeds 13, 17, 19, 23, 29, 31, 37,527

41, 43, and 47. Exploratory method development used seed 11; seeds 5 and 7 were528

additionally used only for the Transformer scope ablation. Results from seeds 5, 7, and529

11 were excluded from confirmatory summaries, hypothesis tests, and confirmatory530

figures.531

Each objective-specific experiment started from the corresponding saved base532

checkpoint for that seed (Supplementary Section 1.3). Each checkpoint generated533

30,000 initial molecules for objective-set selection and 10,000 molecules for end-534

point evaluation. Objective-specific fine-tuning used two epochs for the RNN and535

one epoch for the Transformer. These short updates were chosen to estimate local536

parameter directions while limiting drift from the base generator; an exploratory537

1–10-epoch sensitivity analysis is reported in Supplementary Figure S6. The RNN538

liability experiments used full-model NE. The final Transformer liability experi-539

ments modified only the fourth and final Transformer block together with the540

output projection that maps hidden representations to token probabilities (parame-541

ter prefixes transformer.layers.3. and output.). All embedding layers and earlier542

Transformer blocks remained at their base-model values during extrapolation. This543

scope was selected in an exploratory ablation on metal-binding-motif removal using544

development seeds 5, 7, and 11, with every parameter scope evaluated at λ ∈545

{0.1, 0.25, 0.5, 0.75, 1.0} (Supplementary Section 1.5).546
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6.2 Objectives and liability definitions547

We evaluated two classes of objective. First, we used QED as a direct molecular ana-548

logue of the original NEON setting: molecules in the lower tail of the QED distribution549

represented lower-quality generated data, and reversing the update learned from them550

was intended to improve overall output quality. High-QED molecules also provide a551

clearly defined positive fine-tuning set, making this a useful comparison between NE552

and conventional fine-tuning. We then considered objectives that are more naturally553

defined by negative examples. A molecule can be assigned to an unwanted class through554

the presence of a specific structural motif, whereas the molecules without that motif555

may otherwise be chemically unrelated. The four binary motif-removal experiments556

therefore tested whether NE could selectively suppress a well-defined negative region557

without concentrating the generator toward a narrow positive subset.558

For the QED objective [35], the bottom 10% of valid base-generated molecules559

formed the negative set and the top 10% formed the positive set. Motif-removal objec-560

tives used binary structural flags computed with RDKit [40]. The main string-based-561

generator analyses used four objective-specific flags: reactive motifs, metal-binding562

motifs, charged motifs, and assay-interference motifs [12–16]. For each objective,563

molecules matching the target flag formed the negative set, and molecules not match-564

ing the target flag formed the positive set. Selected sets were balanced and capped at565

5000 molecules per set. The configured minimum was 500 molecules per set, except for566

the Transformer charged-motif and assay-interference objectives, which used minima567

of 450 and 300, respectively. The SemlaFlow experiment used a joint flag defined as568

the logical union of the same four motif classes. Its negative set was balanced across569

classes to prevent the most frequent class from dominating the update. The objective570

rationale and score columns are summarized in Supplementary Section 1.4 and Sup-571

plementary Table S1; exact SMARTS patterns are given in Supplementary Table S2572

and representative matches in Supplementary Figure S1.573
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For each generated set, validity was defined as successful RDKit parsing, sanitiza-574

tion, and canonicalization. Uniqueness was the fraction of unique canonical SMILES575

among valid outputs. For the RNN and Transformer, novelty was assessed against the576

canonicalized GuacaMol training set [31]; no external novelty reference was assumed577

for public pretrained models whose complete training molecules were unavailable.578

QED was computed with RDKit’s QED.qed [35, 40]; molecular weight, Crippen logP579

[41], topological polar surface area (TPSA) [42], hydrogen-bond donors and acceptors,580

formal charge, ring counts, aromatic ring counts, and fraction of sp3 carbons were581

computed with RDKit descriptor functions. Motif-hit fractions were computed from582

objective-specific SMARTS flags. Scaffold diversity summaries were computed with583

RDKit using Bemis–Murcko scaffolds [43] and Morgan fingerprints [44] with radius584

2 and 2048 bits [40]. Inspired by fixed-budget valid–unique–novel metrics used to585

evaluate molecular generators [11, 45], we defined an extended usable-yield endpoint:586

usable yield =
Nacceptable

Nrequested

, (6)587

where the acceptance criteria depended on the available reference data and the gen-588

erated representation (Supplementary Sections 1.11 and 1.10). For the RNN and589

Transformer motif-removal tasks, acceptable molecules were valid, canonically unique,590

novel relative to the GuacaMol training set, and free of the target motif. For the public591

REINVENT prior, novelty was omitted because a complete canonical training-set ref-592

erence was unavailable. This metric reports the fraction of the fixed sampling budget593

meeting the generator-specific acceptance criteria.594

6.3 REINVENT prior experiments595

To test transfer to a public pretrained model, we used the clas-596

sical recurrent REINVENT prior distributed with REINVENT4 at597
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external/REINVENT4/priors/reinvent.prior [20, 46]. The ChEMBL-trained598

checkpoint has a 256-dimensional embedding and three long short-term memory599

(LSTM) layers of hidden size 512. For each seed and motif-removal objective, we600

sampled 50,000 baseline molecules for training-set selection and selected balanced601

negative and positive sets as above. Each edited model and the unedited prior were602

evaluated with a separate budget of 10,000 requested samples per seed. The same603

seed-specific unedited-prior evaluation was scored for all four objectives; the 50,000-604

molecule pools remained the distributional-distance and molecular-weight calibration605

references. REINVENT transfer learning used two epochs, batch size 256, learning606

rate 10−4, randomized SMILES, and unique-molecule sampling. Because the purpose607

of transfer learning was to estimate a local parameter-update direction rather than608

fully specialize the prior, negative-set, motif-free, and random-set updates were each609

limited to two epochs. This duration was fixed before the confirmatory experiments;610

sensitivity to updates of up to ten epochs is reported in Supplementary Figure S6.611

The NE lambda grid was 0.25, 0.5, 0.75, and 1.0. We applied full-model NE to612

the REINVENT prior rather than a scoped update. Molecules containing tokens613

unsupported by the prior vocabulary were excluded from transfer-learning input files.614

Further implementation details are provided in Supplementary Section 1.6.615

6.4 SemlaFlow three-dimensional generator616

To evaluate transfer to three-dimensional generation, we used the public SemlaFlow617

checkpoint trained for 200 epochs on GEOM-Drugs [30, 33]. SemlaFlow was selected618

because it showed the strongest overall performance in an independent comparison of619

five recent unconditional three-dimensional generators and because its implementation620

and pretrained weights were publicly available [11]. SemlaFlow jointly generates atom621

coordinates, atom types, bond types, and formal charges using equivariant flow match-622

ing. The checkpoint uses a 384-dimensional model, 12 equivariant layers, 32 attention623
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heads, 64 coordinate sets, and a maximum of 256 atoms. Sampling used the published624

exponential-moving-average parameters, 100 integration steps, logarithmic ordinary625

differential equation (ODE) sampling, and categorical noise level one (Supplementary626

Section 1.7).627

For each confirmatory seed (13, 17, 19, 23, 29, 31, 37, 41, 43, and 47), SemlaFlow628

generated an independent 50,000-molecule base pool. The joint negative set contained629

3000 training molecules and 300 validation molecules assigned to each of the four motif630

classes, giving 12,000 training and 1200 validation examples while allowing molecules631

with multiple matches to be assigned only once. Matched random and motif-free sets632

used the same total sizes. Fine-tuning retained the SemlaFlow flow-matching objective633

and updated the full model for ten epochs at learning rate 3 × 10−4 (Supplemen-634

tary Section 1.8). The ten-epoch duration, learning rate, full-model scope, and final635

λ = 2.5 were selected during exploratory screening on seed 11 with a separate oxygen–636

nitrogen single-bond proxy objective because shorter or lower-magnitude updates637

produced little target response. Seed 11 was excluded from the confirmatory analysis;638

the complete parameter-selection sequence is reported in Supplementary Figure S5639

and Supplementary Section 1.9. Each model generated 5000 evaluation molecules per640

seed.641

For SemlaFlow, RDKit-valid graph yield was the fraction of all sampled outputs642

that could be sanitized and processed as molecular graphs. Conditional three-643

dimensional quality was the fraction of RDKit-valid outputs passing every PoseBusters644

check under the mol configuration [34]. Three-dimensional usable yield was645

3D usable yield =
Nvalid,unique,liability−free,PoseBusters−pass

Nsampled

. (7)646
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We additionally measured the fraction of unique Bemis–Murcko scaffolds among three-647

dimensional usable molecules, the number of unique three-dimensional usable scaffolds648

per sampling budget, and the number of samples required to obtain 2500 such scaffolds.649

6.5 Structural diversity and distributional metrics650

Structural diversity was summarized using the unique Bemis–Murcko scaffold frac-651

tion [43] and mean pairwise Morgan-fingerprint Tanimoto distance [44], where higher652

pairwise distance indicates lower average fingerprint similarity within a generated set.653

Distributional shift was quantified with FCD, comparing ChemNet embedding dis-654

tributions [47], and FDD, introduced by Özçelik and Grisoni as a descriptor-space655

analogue of FCD [48]. Following their released implementation, the FDD descrip-656

tor vector consisted of logP, molecular weight, hydrogen-bond donors, ring count,657

and TPSA, scaled to fixed descriptor ranges before computing the Fréchet distance.658

Molecular-weight-biased subsets of saved base pools provided chemically interpretable659

examples of distribution shifts. We compared equal query and reference counts across660

all bands within each seed and examined sensitivity to alternative sample-count661

choices. Because the draws could overlap and the calibration counts differed from662

those of the model comparisons, these controls provide qualitative context rather than663

thresholds for small or large shifts (Supplementary Section 1.12).664

6.6 Statistical analysis665

Endpoint statistics were computed from ten paired confirmatory seeds, with each seed666

defining one experimental replicate. Generated molecules were not treated as inde-667

pendent replicates. For each comparison, we report the mean paired difference and its668

two-sided 95% Student-t CI. Hypothesis tests used an exact two-sided paired sign-flip669

test of the mean difference. Holm correction was used to account for multiple com-670

parisons [49]. For each string-based generator and motif-removal endpoint, correction671

was applied jointly to the 12 tests arising from four motif-removal objectives and three672
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comparisons of NE: against base generation, positive fine-tuning, and norm-matched673

random NE. For the QED analysis, correction was applied separately to each archi-674

tecture and endpoint across the same three comparisons. For SemlaFlow, correction675

was applied separately to each endpoint across five prespecified comparisons: base676

generation, positive fine-tuning, standard NE, random NE, and the norm-matched677

random-correction control (Supplementary Section 2.2). The complete testing proce-678

dure is described in Supplementary Section 1.13, with the paired results summarized in679

Supplementary Section 2.1. Effects for fractional endpoints are reported as percentage-680

point differences. Development-seed parameter screens, lambda-response curves, scope681

ablations, epoch-sensitivity experiments, and distributional analyses were treated as682

exploratory and were not included in confirmatory hypothesis tests.683
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