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ABSTRACT

Diffusion models provide a flexible framework for molecular generation, yet their
application to SMILES sequences is fundamentally constrained by chemical va-
lidity. In continuous diffusion over token embeddings, denoising trajectories of-
ten drift off the discrete manifold of valid SMILES, producing syntactic errors,
chemical violations, and corrupted stereochemistry after decoding. We analyze
these failure modes and show that they stem from a misalignment between smooth
probability paths in embedding space and the rule-governed structure of symbolic
molecular representations. We frame SMILES validity as an inference-time align-
ment problem and interpret valid generation as sampling from a tilted distribution
that reweights a base diffusion model toward structurally valid regions. Based on
this perspective, we introduce validity-aware diffusion mechanisms that combine
auxiliary training objectives with energy-based guidance during sampling, steer-
ing diffusion trajectories toward the valid SMILES manifold without changing
the underlying representation or retraining the base model. Experiments demon-
strate substantial improvements in SMILES validity while preserving diversity
and novelty, showing that inference-time aligned diffusion can be competitive with
autoregressive and masked language models for molecular string generation and
suggesting broader applicability to structured symbolic domains such as code and
discrete diffusion language models.

1 INTRODUCTION

Diffusion models generate complex data by transporting a simple reference distribution along a
continuous probability path (Ho et al.,|2020; Song & Ermon| [2019). While originally developed for
continuous domains such as images and audio (Saharia et al.l 2022; |Chung et al.| 2022)), they have
recently been extended to symbolic data, including text (Nie et al., [2025)), code (Singh et al., 2023)),
and molecules (Cheng et al.,[2021;|Luo et al.|[2023)). A core challenge in these settings is alignment:
enforcing discrete, rule-based validity within a continuous generative process.

Molecular generation exemplifies this difficulty. Chemical space is vast—exceeding 10%° drug-
like molecules (Polishchuk et al., 2013)—yet valid symbolic representations are exceedingly rare.
SMILES strings (Weininger,|1988)) are widely used due to their compactness and tooling support, but
must satisfy strict syntactic and chemical constraints, including balanced parentheses, ring closures,
and valid valences (Schoenmaker et al.| [2023)).

Score-based diffusion models (Song et al., |2020) for SMILES operate in continuous embedding
spaces, enabling stable training but decoupling the diffusion trajectory from the discrete manifold
of valid strings. As a result, intermediate states often decode to syntactically or chemically invalid
SMILES, yielding low validity and persistent structural errors.

Existing solutions either modify the representation, e.g., using SELFIES (Krenn et al.,|2019; Nguyen
et al., [2024), or abandon strings in favor of graph- or geometry-based diffusion models (Tao et al.,
2025; Weng et al.,[2025). These approaches improve validity but reduce compatibility with SMILES
workflows or increase modeling complexity. Recent work on diffusion alignment instead treats
validity as a constraint or reward imposed on an unconstrained generative process (Tang et al., 2025}
Cardei et al., 2025} |Schoenmaker et al.| [2023}; |Gong et al., 2024).
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We adopt this perspective and frame valid SMILES generation as sampling from a tilted distri-
bution that reweights a base diffusion model toward valid regions of embedding space. We intro-
duce validity-aware diffusion methods that combine auxiliary training objectives with inference-time
guidance from learned energy models over SMILES grammar, steering trajectories toward the valid
manifold without modifying the representation or retraining the base model.

Our contributions are threefold: (i) an analysis of grammatical and chemical failure modes in
SMILES diffusion models; (ii) energy-guided inference method for validity alignment; and (iii)
empirical results showing improved validity while preserving diversity and novelty. More broadly,
our results demonstrate how diffusion models can be aligned with discrete, rule-governed symbolic
domains.

2 CONTINUOUS DIFFUSION ON SMILES SEQUENCES

We formulate molecular generation as a diffusion process over continuous embeddings of SMILES
token sequences. Let S = [s1,...,sy] be a SMILES string with tokens s; € V), mapped to em-
beddings via a learnable embedding function Emb : V — R, yielding zpye = Emb(S) € REFX4,
We follow |Gong et al.|(2024)) and sample final embedding z from Gaussian distribution centered at
Zpures Z N(zpure7001)

Following standard score-based diffusion, training is performed by gradually corrupting embeddings
with Gaussian noise along a predefined noise schedule. Specifically, samples at time ¢ € [0, 1] are
generated as

=z + Bre, e~ N(0,1),

where a; and f3; control signal and noise magnitudes. A neural network is trained to predict the
injected noise, enabling reverse-time sampling from a simple Gaussian prior.

After sampling, the final continuous embeddings Z are projected back to discrete SMILES tokens
using nearest-neighbor decoding in embedding space:

§ = arginei‘r)l |12; — Emb(v)]|2.

This discrete projection creates a fundamental mismatch between smooth diffusion trajectories and
the discrete, rule-based SMILES grammar. Understanding and mitigating the resulting validity er-
rors is the focus of the following sections.

3  VALIDITY-AWARE DIFFUSION VIA ENERGY-GUIDED SAMPLING

We address the SMILES validity problem by treating it as an inference-time alignment task for dif-
fusion models. Rather than modifying the diffusion architecture or replacing the SMILES represen-
tation, we steer sampling toward structurally valid regions of embedding space using energy-based
guidance. Let pg(z) denote the distribution implicitly defined by a trained diffusion model over con-
tinuous SMILES embeddings x € RZ*¢, Only a small subset of these embeddings decode to valid
SMILES strings. To bias generation toward this subset, we define a validity-aware target distribution

Puatid(z) ~ po(z) exp(—Ey(z))

where E4(x) is a learned energy function that assigns low energy to embeddings corresponding to
valid SMILES and high energy to invalid ones.

3.1 ENERGY MODEL FOR SMILES VALIDITY

The energy function Ey(x) is implemented using a bidirectional transformer initialized from a
SMILES-pretrained BERT model (UniKei} [2025). Continuous diffusion embeddings are projected
into the BERT hidden space using a lightweight multi-layer perceptron net (MLP). This projec-
tion network is trained jointly with the energy model and maps diffusion embeddings to the input
dimensionality expected by BERT, enabling compatibility between continuous representations and
discrete-token pretraining. The model outputs a scalar energy representing grammatical and struc-
tural consistency.



Accepted as a workshop paper at ReALM-GEN, ICLR 2026

Energy guidance

Xa St AN Ane s D @ X P,

Figure 1: Inference-time alignment of diffusion trajectories for SMILES generation. Continuous
diffusion over token embeddings drifts away from the discrete manifold of valid SMILES, producing
invalid strings after decoding (left). Energy-guided sampling tilts the diffusion distribution toward
low-energy regions corresponding to valid SMILES, improving validity without retraining (right).

To train the energy model, we construct negative examples by stochastically corrupting valid
SMILES sequences using grammar-breaking operations, including unbalanced parentheses, invalid
ring indices, and token substitutions (see Appendix B, C for details). A contrastive objective encour-
ages lower energy for valid embeddings and higher energy for corrupted ones, enabling the model
to capture global syntactic constraints without explicit token-level supervision.

3.2 ENERGY-GUIDED DIFFUSION SAMPLING

At inference time, validity constraints are incorporated via energy-guided sampling. The standard
diffusion score is augmented with the gradient of a learned energy function:

Va logpvalid(xt) =V, logpe (xt) - )\vxEqb (xt)

Guidance is applied during the later stages (see Appendix E) of the reverse diffusion process, steer-
ing samples toward regions corresponding to valid SMILES.

Importantly, this guidance operates entirely at sampling time and does not require retraining the
diffusion model, making it a plug-and-play mechanism that can be combined with other forms of
conditioning.

4 EXPERIMENTS

4.1 DATASET

We use the ChEBI-20 dataset (Edwards et al., [2022) despite its molecule—text pairing structure, and
restrict our evaluation to unconditional molecular generation. This allows us to isolate the effect of
validity guidance independently of conditional signals. Extending energy-guided diffusion to text-
conditional generation is a promising direction for future work. Dataset contains 33,010 entries,
split into 80/10/10% train/validation/test sets. All experiments adhere to this split. Both models are
trained on train set. For training details please refer to Appendix D.

4.2 RESULTS

Without validity guidance, the base diffusion model achieves 0.61 SMILES validity (Table [T, con-
sistent with known limitations of continuous diffusion over symbolic representations. Applying
energy-guided sampling improves validity to 0.68, corresponding to a relative gain of over 10%
without retraining the model.
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Table 1: Comparison of raw and guided variants

Type Validity T  Novelty, T, %  Diversity 1
Unguided  0.61 100 0.89
Guided 0.68 100 0.86

For context, Table[2]reports results from prior methods on ChEBI-20. These approaches are designed
for text-conditioned generation, a more complex setting that introduces additional constraints and
is not directly comparable to our unconditional setup. We include them as a reference for SMILES
generation quality, while our method isolates validity as the primary objective.

Table 2: Text-guided molecule generation results on ChEBI-20 test split.

Model BLEU 1 Levenshtein| MACCSFTS1T RDKFTStT Morgan FTS{ Validity T
Transformer  0.499 57.660 0.480 0.320 0.217 0.906
T5-Base 0.762 24.950 0.731 0.605 0.545 0.660
MolT5-Base 0.769 24.458 0.721 0.588 0.529 0.772
TGM-DLM  0.826 17.003 0.854 0.739 0.688 0.871

Importantly, the improvement in validity does not come at the cost of novelty or diversity. Generated
molecules remain structurally diverse, and common failure modes - such as unbalanced parentheses
and incorrect ring closures -are substantially reduced. This indicates that energy guidance primarily
corrects global syntactic inconsistencies rather than encouraging trivial or degenerate outputs.

5 DISCUSSION

Our results show that a substantial portion of SMILES invalidity in diffusion models can be miti-
gated through inference-time alignment alone. The improvement from 61% to 68% validity high-
lights both the potential and the limits of energy-guided sampling: validity constraints can be im-
posed without retraining or architectural changes, yet the discrete structure of SMILES still poses
challenges for continuous models.

Beyond molecular generation, similar alignment issues arise in domains with strict syntactic or se-
mantic constraints, such as code, mathematical expressions, and discrete diffusion language models.
Energy-guided diffusion offers a general inference-time mechanism for enforcing global structural
constraints, complementing representation choices and training-time objectives.

6 CONCLUSION

We examined SMILES validity in continuous diffusion models and framed it as an inference-time
alignment problem caused by the mismatch between smooth embedding trajectories and discrete
molecular syntax. To address this, we proposed a validity-aware diffusion approach based on
energy-guided sampling, interpreting valid generation as sampling from a tilted distribution over
a pretrained model.

Experiments show that energy guidance increases validity from 61% to 68% without retraining or
loss of diversity. These findings demonstrate that energy-based inference-time alignment is an effec-
tive and flexible strategy for controlled generation in structured symbolic domains, with implications
for grammar-constrained and discrete diffusion language models.
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A COMPUTATIONAL OVERHEAD

Energy-guided sampling introduces additional computational cost, as the energy model must be
evaluated at each guided diffusion step. In our implementation, this results in an approximate 1.5—
2x increase in inference time, depending on sequence length and guidance frequency. However,
since guidance is only applied in the later stages of sampling, the overhead remains moderate and
can be reduced further with smaller energy models or less frequent evaluations.

B VALIDITY CHALLENGES IN SMILES DIFFUSION

To analyze generation failures, we categorize common decoding errors observed in continuous latent
models, summarized in Table[3] A large fraction of invalid samples arises from syntactic violations,
such as incorrect ring closure digits or unbalanced parentheses. These errors are often minor in
embedding space but catastrophic after discrete decoding. Chemical constraint violations, including
impossible valencies or incorrect bond orders, are less frequent but result in fundamentally invalid
molecules.

Table 3: Common decoding errors in continuous SMILES generation.

Type Description Example
Atom substitution Replacement of one atom by a chemically similar one. ...cclBr — ...cclcCl
Ring closure error Incorrect or missing ring index, breaking ring structure. clnccc2nl — clnccenl
Valency violation Atom assigned an impossible number of bonds. C(C) (C) (C)C
Bond order error Incorrect single/double/triple bond assignment. C=0 — CO
Fragment loss Omission of a substituent or side chain. CCCCCO — CCCOo
Fragment addition Insertion of spurious atoms or groups. ClcCl — clcccecl
Syntax error Unbalanced parentheses or malformed branches. c(c(cyc—c(cycyc
Chirality corruption Loss or inversion of stereochemical markers. C[CQ@H] — C[CQRH]

In addition, diffusion models frequently exhibit semantic mutations, such as atom substitutions or
fragment loss, which preserve syntactic validity while significantly altering molecular properties.
Finally, stereochemical information is particularly fragile: chirality markers are often corrupted or
dropped entirely, leading to loss of enantiomeric specificity (Fig. [2)).

Overall, these observations highlight a key limitation of continuous diffusion on SMILES: local
smoothness in embedding space does not align with the discrete, rule-based structure of molecular
strings.
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Distribution of SMILES Generation Errors
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Figure 2: Distribution of error types among generated SMILES.

C CORRUPTION OPERATORS FOR INVALID SEQUENCE GENERATION

To train the model to distinguish valid from invalid molecular strings, we apply a set of structured
corruption operators that intentionally violate syntactic or chemical constraints of SMILES-like rep-
resentations. Each operator introduces a specific type of error while preserving most of the original
sequence, producing hard negative examples.

Below we describe each corruption mechanism and provide illustrative examples.

C.1 BOND ORDER CORRUPTION

This corruption introduces an invalid or inconsistent bond specification by replacing two adjacent
tokens with bond symbols. Such modifications typically violate local grammar rules, since bond
symbols are expected to connect valid atom symbols.

Effect: Breaks local bond—atom consistency.

Example:
CCO — C==

C.2 PARENTHESIS FLIP

All closing parentheses are replaced by opening parentheses, resulting in unmatched branches.
Effect: Violates structural balance of branches.

Example:
C(C)0 — C((O

C.3 PARENTHESIS INSERTION

An opening or closing parenthesis is inserted at an arbitrary valid position without a corresponding
closing or opening parenthesis.

Effect: Creates unbalanced branching.
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Example:
CCO — C(co

C.4 RING INDEX CORRUPTION

A ring index digit is inserted at two unrelated positions, creating an unmatched or incorrectly paired
ring closure.

Effect: Breaks ring consistency rules.

Example:
CICC1 — CilICcC2

C.5 TRANSITION CORRUPTION

A token is replaced by an arbitrary vocabulary symbol in a position where it violates the expected
transition rules of the grammar.

Effect: Introduces illegal token transitions.

Example:
CCO — C#O

C.6  UNBALANCED CLOSING PARENTHESIS

The last valid token in the sequence is replaced with a closing parenthesis, ensuring that the sequence
ends with an unmatched closure.

Effect: Guarantees global syntactic invalidity.

Example:
CCO — CO)

C.7 CoMPOSITE CORRUPTIONS

For each sequence, at least one corruption is always applied. With a fixed probability, multiple
corruption operators may be combined sequentially, yielding more challenging invalid examples
that contain several interacting errors.

Example:
C(C)0 — C((02

This mixture of syntactic and chemical violations encourages the model to learn both local and
global validity constraints.

D MODEL CONFIGURATIONS

D.1 DIFFUSION TRANSFORMER

We train a 170M-parameter DiT operating on continuous SMILES token embeddings. Tokens are
embedded into a 128-dimensional space and processed with 8 transformer blocks, each with a model
dimension of 768, feedforward dimension 3072, and 12 attention heads. Training uses a noise-
prediction objective combined with auxiliary reconstruction and cross-entropy losses at low-noise
timesteps as in algorithm The optimizer is Adam with a learning rate of 1 x 10~%, batch size 256,
and 1000 epochs. Distributed training with DDP ensures efficiency across GPUs. SMILES strings
are decoded via nearest-neighbor projection in embedding space.

The training objective combines three loss terms:
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Algorithm 1 Diffusion Training
Require: Batch B = {z} of SMILES tokens
Require: Model M with embedding ¢, denoiser €y, and logits head g
Require: Diffusion path with a(t), ()
1: procedure TRAINSTEP(B)

2: Zemb — P(2) > Embed tokens
3: Xg < Zemp + 7 - N(0, 1) > Add initial noise
4: t ~U[0,1] > Sample diffusion timestep
5: e~ N(0,1) > Sample Gaussian noise
6: x¢ < at)xo + B(t)e > Forward diffusion
7: €9 — M(xy,1) > Predict noise
8 Lmse < |lea — €? > MSE loss
9: Xo < (x¢ — B(t)eg)/a(t) > Denoise
10: Linseo < ||%0 — Zemp||? > MSEQO loss
11: Lee < CE(g(%0),2) > Cross-entropy loss
122 L4+ Lose + AeeLoce
13: return £ > Backpropagate and update model parameters

14: end procedure

L = Lise + MceLee + Lmseo )
Linse = Evtfe,1—e,e~n(01) [l€0(xe,t) — €]]3] (2
Linseo = Ei>0.33 [[%0(%¢t, t) — Zem 3] (3)
Lee = Ei>0.45 [CE (9(X0(x¢, 1)), 2)] “4)

D.2 ENERGY MODEL

To guide diffusion toward valid SMILES, we train a bidirectional transformer initialized from
UniKeil (2025). Continuous embeddings from DiT are projected into BERT’s hidden space. Train-
ing uses contrastive energy-based objectives (see algorithm[2)): positive examples are valid SMILES
embeddings, and negatives are corrupted sequences with invalid rings, parentheses, or token substi-
tutions. Loss is the sum of softplus activations over positive and negative examples. Optimization is
performed with Adam and a learning rate of 1 x 1074,

Algorithm 2 Energy Model Training for SMILES Validity

Require: Batch B = {z} of SMILES tokens

Require: Energy model £, embedding layer ¢

Require: Function make_invalid(-) for generating negative examples
1: procedure TRAINSTEP(B)

2: Zpos < Z > Positive SMILES
3: Zneg < Make_invalid(z) > Generate corrupted SMILES
4: Xpos (b(zpos)

5: Xneg = O(Zneg) > Embed sequences
6: Epos < &(Xpos)

7: Epeg < & (xneg) > Compute energy scores
8: Lypos — softplus(Fpos)

9: Lineg +— softplus(—Eieg)

10: L + mean(Lpos + Lneg)

11: return £ > Backpropagate and update model parameters
12: end procedure
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Figure 3: Validity of generated molecules versus guidance scale A. Validity peaks when A reaches
0.3-0.4 region.

E GUIDANCE STRENGTH AND SCHEDULING

The guidance strength A controls the impact of energy model on diffusion trajectory. In practice, we
select A from a small range based on validation performance. Across all experiments, we observe
that moderate values of \; improve validity, while overly strong guidance can lead to diminishing
returns (Fig. [3).

In addition to guidance strength, the point at which guidance is introduced during the reverse dif-
fusion process plays a critical role. We apply guidance only during the later stages of sampling.
Empirically, applying guidance too early degrades sample quality, likely because high-noise states
lack meaningful structure for the energy model to evaluate. Delaying guidance allows the diffusion
process to first form coarse structure before enforcing validity constraints.

To study this effect, we vary the fraction of the trajectory during which guidance is applied (Fig. ).
Specifically, a value of 1 corresponds to no guidance, while 0 indicates guidance applied throughout
the entire trajectory.

We observe that introducing guidance too early in the trajectory leads to lower validity, while ap-
plying it later yields more stable improvements. This supports our design choice to delay guidance
until the later stages of diffusion, where samples have sufficient structure for the energy model to
provide meaningful corrections.

F METRICS

Validity. Validity is assessed using RDKit, counting the fraction of generated SMILES strings that
are syntactically and chemically valid.

Novelty. Novelty measures the fraction of generated molecules that do not appear in the training
dataset. It quantifies the ability of the model to produce new chemical structures rather than memo-
rizing or reproducing known examples. High novelty indicates that the generative model can explore
previously unseen regions of chemical space.

Diversity. Diversity measures the structural variety among generated molecules. For each molecule,
we compute a Morgan fingerprint (radius 2, 1024 bits) and calculate the pairwise Tanimoto similarity

10
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Figure 4: Validity of generated molecules versus guidance start point. Validity peaks when guidance
begins after 60% of the diffusion trajectory.

across all generated molecules. Diversity is defined as one minus the average pairwise similarity:
2
Diversity =1 — ———— T(m;,m;
versity = 1= =y 2 T me )

where N is the number of molecules and 7'(1m;, m;) is the Tanimoto similarity between molecules
7 and j. A higher score indicates a more structurally varied set of molecules, reflecting the model’s
ability to explore diverse regions of chemical space.

11
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