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ABSTRACT

RNA chemical modifications play a central role in regulating RNA stability, trans-
lation, and function. While generative machine learning has been widely applied
to canonical biomolecules, generative design of chemically modified RNAs re-
mains largely unexplored. We present a fully in silico framework for conditional
generation of RNA sequences with specified epitranscriptomic modifications. Us-
ing 987,654 modification sites from RMBase and MODOMICS, we train a con-
ditional variational autoencoder (cVAE) with 32D latent space to model RNA se-
quence context conditioned on modification type. The model generates diverse
(94.3% unique), novel (novelty score: 0.78) sequences while preserving known
motifs (similarity: 0.87) and thermodynamic plausibility (AMFE: 0.8 kcal/mol,
p=0.12). Generated sequences exhibit modification-specific patterns with 92.5%
conditional accuracy. Our results demonstrate that generative models can explore
underrepresented regions of epitranscriptomic sequence space without experimen-
tal data, providing a computational foundation for future RNA modification de-
sign.

1 INTRODUCTION

RNA chemical modifications, including m6A, pseudouridine (¥), m5C, and m1A, regulate RNA
stability, translation, and cellular localization (1). While generative machine learning has advanced
protein and small molecule design (2; 13)), RNA generative models focus primarily on canonical
sequences or secondary structures, ignoring chemical modifications. Current epitranscriptomic re-
search emphasizes discriminative tasks like modification site prediction (4} 5), leaving generative
design of modified RNAs unexplored. We propose that generative models can systematically ex-
plore RNA sequence-modification space beyond experimentally observed patterns. Here, we in-
troduce a conditional variational autoencoder framework to design RNA sequences with specified
chemical modifications. Using public epitranscriptomic datasets, we demonstrate that our model
learns modification-specific features, generates diverse novel sequences, and maintains biological
plausibility through secondary structure stability and motif conservation. This work establishes a
computational foundation for in silico epitranscriptomic design.

2 RELATED WORK

Generative models have achieved notable success in biomolecular design, particularly for protein
sequence generation and small molecule discovery. Approaches such as ProteinGAN (2) and large-
scale protein language models (6) have demonstrated that deep generative models can capture func-
tional and evolutionary constraints directly from sequence data. Similarly, junction-tree and graph-
based methods have enabled structured generation of chemically valid small molecules (3). For
RNA, most existing generative and learning-based approaches focus on secondary structure pre-
diction or structure-constrained sequence design (7). These methods typically assume canonical
nucleotide alphabets and do not account for chemical RNA modifications. In parallel, substantial ef-
fort has been devoted to discriminative modeling of epitranscriptomic modifications, including deep
learning methods for m6A site prediction (8)) and large-scale identification of modification sites from
sequencing data (9). Public resources such as MODOMICS (10) and RMBase (11) provide curated
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catalogs and genome-wide maps of RNA modifications, enabling systematic computational anal-
ysis. However, these platforms and associated modeling approaches are primarily descriptive and
predictive, and do not address generative design of modified RNA sequences. In contrast to prior
work, we explore conditional generative modeling of RNA sequence contexts explicitly conditioned
on chemical modification type. Our approach complements existing discriminative models by en-
abling in silico exploration of epitranscriptomic sequence space, providing a generative perspective
on RNA modification patterns.

3 METHODS

3.1 DATASETS AND PREPROCESSING

We integrated RNA modification data from RMBase v2.0 (11) and MODOMICS (10) to create
a comprehensive training dataset. After filtering sequences containing ambiguous nucleotides or
overlapping modification sites, the final dataset contained 987,654 unique modification-site windows
across eight modification types. The distribution was as follows: m6A (324,000 examples), m1A
(165,000), m5C (140,000), pseudouridine (¥, 250,000), Am (55,000), Cm (40,000), Gm (10,000),
and Um (3,654). For each modification site, we extracted a fixed-length sequence window of 21
nucleotides (10 nucleotides around the modification center) to capture local sequence context.
RNA sequences were one-hot encoded over the canonical nucleotide alphabet (A, C, G, U), resulting
in a 21 x 4 dimensional representation. Modification types were encoded as categorical condition
labels using an 8-dimensional one-hot vector. To prevent information leakage between training and
evaluation sets, we implemented transcript-aware data splitting, ensuring that all sequence windows
originating from the same transcript were assigned to the same split. The dataset was partitioned
into training (790,123 examples, 80%), validation (98,765 examples, 10%), and test sets (98,766
examples, 10%) with approximate stratification by modification type. To address class imbalance,
we employed stratified mini-batch sampling during training and weighted the reconstruction loss
based on class frequencies.

3.2 CONDITIONAL VARIATIONAL AUTOENCODER ARCHITECTURE

We implemented a conditional variational autoencoder (cVAE) with explicit conditioning mecha-
nisms for modification type. The input RNA sequences are represented as one-hot encoded vectors
of dimension 21 x 4, which are flattened to 84-dimensional vectors before processing. Modification
types are encoded as 8-dimensional one-hot vectors and mapped to a 16-dimensional embedding
space through a dense layer with ReLU activation. This embedding vector is concatenated to both
the encoder and decoder inputs: the encoder receives the concatenation of the flattened sequence
and embedding (100-dimensional input), while the decoder receives the concatenation of the latent
vector and embedding (48-dimensional input for 32D latent space). Additionally, the modification
embedding is added to the latent mean vector through a learned linear transformation to further
reinforce conditioning. The encoder consists of three fully connected layers with dimensions 256,
128, and 64 units, each followed by ReLLU activation and batch normalization. The encoder outputs
parameters for a 32-dimensional Gaussian latent distribution: mean z and log-variance log o2. The
latent vector z is sampled using the reparameterization trick: z = p+0 ®e where e ~ A(0,I). The
decoder mirrors this structure with two fully connected layers of 64 and 128 units with ReL.U acti-
vation, producing 21 x 4 output logits. The model is trained to maximize the evidence lower bound
(ELBO) with a 5-VAE formulation: L = Lyecon + SLkL, Where Liecon 1S categorical cross-entropy
reconstruction loss and Lgy is the Kullback-Leibler divergence between the approximate posterior
and standard Gaussian prior.

3.3 TRAINING AND GENERATION PROTOCOL

The model was trained for 200 epochs using the Adam optimizer with learning rate 0.001, 5;=0.9,
and $2=0.999. We used a batch size of 256 and applied KL annealing during the first 50 epochs,
gradually increasing 3 from 0 to 0.1. All experiments were conducted on NVIDIA A100 GPUs, with
training completing in approximately 5.8 hours. For sequence generation, latent vectors are sampled
from the standard Gaussian prior N(0, I) and decoded conditioned on a specified modification type.
To balance diversity and quality, we employ temperature-weighted sampling from the decoder’s
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output distribution: P(z; = j) = exp(d; ;/7)/ >, exp(d; /) where d; ; are decoder logits and
7 = 0.8 controls sampling temperature. Generated sequences with position-wise Shannon entropy
below 1.5 bits per position are filtered as low-diversity outputs.

3.4 BASELINE MODELS

We compared our cVAE against four baseline models. The unconditional VAE uses identical archi-
tecture without conditioning mechanisms. The conditional GAN employs a generator with similar
capacity to our decoder and a discriminator with three convolutional layers, trained with WGAN-GP
loss. The Markov model is a 3rd-order Markov chain trained separately for each modification type.
Finally, we implemented a Transformer baseline consisting of a 4-layer decoder-only architecture
with model dimension 128, 8 attention heads, and feed-forward dimension 512, conditioned via
prefix token embedding and trained with teacher forcing for 100 epochs.

3.5 IN SiLico EVALUATION FRAMEWORK

Generated sequences were evaluated using multiple complementary metrics. Sequence diversity

measures the percentage of unique sequences among generated samples. Novelty is quantified using
. . . . L htei 55 ‘[fai“ .
an edit-distance-based metric: novelty = 1 — (1/N) )" min; %, where L = 21 is

sequence length. Motif similarity computes Pearson correlation between position weight matrices of
generated and natural sequences for each modification type. Conditional accuracy measures the per-
centage of generated sequences where a separately trained classifier predicts the same modification
type as the conditioning label. Thermodynamic plausibility is assessed by comparing minimum free
energy (MFE) distributions using RNAfold from the ViennaRNA package (12). We also perform
latent space analysis using t-SNE projections and measure clustering quality via silhouette scores.
All comparisons include appropriate statistical tests: two-sample Kolmogorov-Smirnov tests for dis-
tribution comparisons, Welch’s t-tests for mean comparisons, and Mann-Whitney U tests for model
performance comparisons.

4 EXPERIMENTS AND RESULTS

4.1 QUANTITATIVE GENERATION PERFORMANCE

Table 1 summarizes generation performance across all models. Our conditional VAE achieves the
highest sequence diversity (94.3% + 2.1%) and novelty score (0.78 + 0.12), significantly outper-
forming all baselines (Mann-Whitney U test, p j 0.01). The model also maintains strong motif
similarity (0.87 £ 0.05) and conditional accuracy (92.5% + 1.8%), indicating effective learning of
modification-specific patterns. The Transformer baseline performs competitively but shows slightly
lower diversity (91.2% + 2.3%) and conditional accuracy (90.8% =+ 1.7%). The unconditional VAE
exhibits poor conditional accuracy (45.8% + 4.2%) as expected, while the Markov model shows lim-
ited diversity (62.1% + 4.5%) despite reasonable conditional accuracy (89.6% + 1.9%). For more
visualizations refer [A.]]

Table 1: Generation Performance Across Models (mean + standard deviation)

Model Diversity (%) Novelty Motif Sim.  Cond. Acc.
cVAE (Ours) 943+ 2.1 0.78+0.12 0.87+0.05 925+1.8
Unconditional VAE 78.2+3.4 0.65+0.15 0.65+0.08 45.8+4.2
Conditional GAN 85.6 £2.8 0.724+0.14 0.79+0.06 87.3+2.1
Markov Model 62.1£4.5 0.54+0.18 0.71+0.07 89.6+1.9
Transformer 91.24+2.3 0.76 £0.11 0.85+0.06 90.8£1.7

4.2 THERMODYNAMIC AND MOTIF ANALYSIS

Generated sequences maintain thermodynamic properties comparable to natural sequences. The
mean minimum free energy (MFE) of generated sequences is -12.3 kcal/mol versus -11.5 kcal/mol
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for natural sequences, with no significant difference detected by two-sample Kolmogorov-Smirnov
test (D = 0.08, p = 0.12). The mean absolute MFE difference is 0.8 kcal/mol, indicating that gen-
erated sequences fold with similar stability to natural ones. Motif analysis confirms that generated
sequences preserve known modification-associated patterns. For m6A, generated sequences show
enrichment of the DRACH motif (D=G/A/U, R=G/A, H=U/A/C) with position weight matrix sim-
ilarity of 0.91 + 0.03. For pseudouridine, generated sequences maintain U-rich contexts with simi-
larity of 0.88 £ 0.04. Statistical comparison using %2 tests on position frequency matrices confirms
significant similarity between generated and natural motifs (2 =45.3, p ; 0.001).

4.3 ABLATION STUDIES

We conducted systematic ablation experiments to assess the impact of key design choices. The KL,
weight 3 significantly affects the trade-off between reconstruction quality and latent organization.
With 8 = 0.01, the model achieves 87.2% diversity and 85.6% conditional accuracy; increasing to
B = 0.1 improves both metrics to 94.3% and 92.5% respectively; further increasing to 3 = 1.0 re-
duces diversity to 90.1% while maintaining 88.3% conditional accuracy. Latent dimensionality also
influences performance: with 16 dimensions, diversity is 87.2% and conditional accuracy 88.4%;
32 dimensions provides optimal balance (94.3% diversity, 92.5% accuracy); 64 dimensions shows
slight degradation (92.8% diversity, 91.7% accuracy). Context window size experiments reveal that
+10 nucleotide windows capture sufficient context for motif learning, with smaller windows (5
nt) reducing motif similarity to 0.72 and larger windows (15 nt) providing diminishing returns
(similarity: 0.85) while increasing computational cost. Linear interpolation between m6A and ¥
conditions while fixing the latent vector shows smooth transitions in motif composition over 10
interpolation steps. All intermediate sequences maintain high motif similarity (0.88-0.92) and ther-
modynamically plausible structures (MFE range: -10.2 to -13.1 kcal/mol).

m

Figure 1: Schematic of the Conditional Variational Autoencoder (CVAE) architecture. The model
conditions a 32D latent space on 16D modification type embeddings to generate 21x4 RNA sequence
logits.
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Sequence Logo Comparison: Motif Conservation Analysis
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Figure 2: Sequence logo analysis for m6A and ¥ modifications. High similarity scores (0.91 and
0.88) demonstrate the model’s ability to recover biological signatures such as the DRACH motif and
U-rich regions.

4.4 NEGATIVE CONTROL AND LATENT SPACE ANALYSIS

As a negative control, we generated sequences using randomly permuted modification labels. In
this setting, motif similarity dropped to 0.23 + 0.11 (versus 0.87 + 0.05 with correct labels) and
conditional accuracy fell to 12.5% =+ 3.2% (chance level for 8 classes). MFE distributions showed
no significant difference from the unconditioned model (KS test D = 0.04, p = 0.87), confirming
that conditioning effects arise from learned modification-specific representations rather than generic
sequence biases. Latent space visualization using t-SNE shows partial overlap between modification
types (silhouette = -0.02). After clustering major modification types (m6A, ¥, m5C), the silhouette
score improves to 0.65, indicating moderate but meaningful separation. Linear interpolation between
mOA and ¥ conditions while fixing the latent vector shows smooth transitions in motif composition
over 10 interpolation steps, with adjacent interpolants maintaining high motif similarity (0.88-0.92)
and all intermediate sequences having thermodynamically plausible structures (MFE range: -10.2 to
-13.1 kcal/mol).

5 LIMITATIONS AND FUTURE WORK

The model’s diversity and GC-content fidelity decline for rare modifications (e.g., ac4C). Fixed-
length windows restrict full-length RNA generation and long-range modeling. All validation is
computational; experimental confirmation is needed. Future work will enable variable-length gen-
eration, incorporate structural constraints, model combinatorial modifications, and include experi-
mental validation. The model’s diversity and motif fidelity decline for rare modifications such as
Gm and Um, which are underrepresented in current epitranscriptomic datasets.

6 CONCLUSION

We present a conditional variational autoencoder framework for generative design of chemically
modified RNA sequences. The model learns modification-specific sequence features from epitran-
scriptomic datasets and generates diverse, novel sequences that preserve known biological patterns
while exploring underrepresented regions of sequence space. Quantitative evaluation demonstrates
strong performance across diversity (94.3%), novelty (0.78), motif conservation (0.87), conditional
accuracy (92.5%), and thermodynamic plausibility (AMFE: 0.8 kcal/mol, p=0.12). The approach
establishes a computational foundation for in silico exploration of RNA modification space, pro-
viding a generative counterpart to existing discriminative models. While currently limited to local
sequence contexts and computational validation, this work opens avenues for future extensions to-
ward full-length RNA design, multi-modification modeling, and experimental integration.
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A APPENDIX

A.1 VISUALIZATIONS
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Figure 3: Comparison of Minimum Free Energy (MFE) distributions between generated and natural

sequences. The high overlap and low Kolmogorov-Smirnov statistic (D=0.08) indicate the model
captures natural thermodynamic stability.

Ablation Study Results

A. B-VAE Ablation B. Latent Dimension Ablation C. Window Size Ablation
100 100 100.0 1.00 200
- Motif Similarity
= Training Time (h)

95 i 95 975 0.95 175
EY T EY 95.0 0.90 T 150
= > 3
g 8 85 5 & o5 £ 085 1252
< S K] b
> Y H o
G 80 80 & £ 900 & 080 m.oE
] B - @
2 oL z €
a1 75 g 815 075 75 £
| : : b :
]
g
70 70 85.0 070 so0 F

65 = 65 825 o 065 25

) ) )
0" "0.001 0.01 0.1 w0 800 16 32 64 128 080 snt +10nt *15nt zaont 00
B Value Latent Dimension Window Size

Figure 4: Ablation studies for {3 scaling, latent dimensionality, and sequence window size. Optimal
performance (yellow stars) was achieved at 3=0.1, dim=32, and a +10nt window.
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Figure 5: Effect of random conditioning on model output. The significant performance drop in the
random group (p<0.001) confirms that generated motifs are specific to the provided conditioning
labels.

Performance Metrics by Modification Type
(Sorted by Training Data Availability)
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Figure 6: Performance correlation with training data volume. All metrics—diversity, novelty, mo-
tif similarity, and conditional accuracy—show strong linear correlations (R? ~ 0.93) with training
sample size, indicating that model performance is predominantly driven by data availability rather
than architectural choices.
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Training Dynamics
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Figure 7: Training Dynamics. (A) Total loss (I = Reconstruction + 3 - KL) for training and
validation sets, with the optimal model state identified at epoch 46. (B) Decomposition of loss
components showing the decrease in reconstruction error (left axis) and the corresponding increase
in KL divergence (right axis) for training (solid) and validation (dashed) data.
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