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ABSTRACT

Flow matching and diffusion models have achieved strong performance in contin-
uous data domains, but extending these methods to discrete biological sequences
remains challenging. Recently, discrete generative frameworks have been pro-
posed to address this limitation. Discrete Flow Matching (DFM) is a generative
paradigm designed specifically for modeling discrete state spaces without con-
tinuous relaxation. While DFM has shown promising results in domains such as
protein design and text generation, its applicability to regulatory DNA sequence
design remains underexplored. In this work, we investigate the use of Discrete
Flow Matching for DNA sequence generation, focusing on promoter and enhancer
design tasks. We benchmark our approach on three genomic datasets, including
human promoters and enhancers from human melanoma and Drosophila brain tis-
sues. We evaluate generation quality using both distributional metrics, such as
Fréchet Biological Distance, and functional metrics based on predictive regula-
tory models. Our results show that DFM achieves competitive or superior per-
formance compared to existing diffusion- and flow-based methods, particularly
in unconditional enhancer generation and conditional promoter design. By oper-
ating directly on discrete nucleotide sequences, DFM avoids relaxation-induced
artifacts and preserves biological sequence structure. These findings demonstrate
that Discrete Flow Matching is a principled and effective framework for regula-
tory DNA sequence design. At the same time, our results reveal clear limitations
of likelihood-based discrete flows in sampling rare, high-activity sequences, high-
lighting challenges in modeling extreme regions of complex activity landscapes
To our knowledge, this work provides the first systematic evaluation of Discrete
Flow Matching for regulatory DNA sequence design across both promoter and
enhancer settings.

1 BACKGROUND

DNA sequence design is a central problem in computational biology, with applications in gene regu-
lation, synthetic biology, and therapeutic development. Designing sequences with desired functional
properties is challenging due to the complex, high-dimensional, and poorly understood structure of
regulatory DNA, making data-driven generative modeling approaches particularly appealing Sarkar
et al.[(2024).

Early work on DNA sequence generation primarily relied on variational autoencoders (VAEs) and
generative adversarial networks (GANSs), which demonstrated the feasibility of learning generative
models over regulatory sequences such as promoters and enhancers |Killoran et al.| (2017); |Gupta;
& Zou| (2019). These approaches enabled both unconditional generation and property-guided opti-
mization, but often suffered from training instability, mode collapse, or limited scalability.

More recently, diffusion-based generative models have emerged as a powerful alternative for bio-
logical sequence modeling|Ho et al.|(2020). By progressively transforming noise into data through a
sequence of denoising steps, diffusion models offer improved training stability and support flexible
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conditional generation strategies. Extensions of diffusion models to discrete domains have enabled
their application to DNA sequence generation, including regulatory element modeling|/Avdeyev et al.
(2023)).

Flow matching models provide a closely related but distinct framework, learning a deterministic
continuous-time transport from a base distribution to the data distribution via an ordinary differential
equation |Lipman et al.[(2022); |Chen et al.|(2023)). Recent work has applied flow-based methods to
genomic sequence design, including Dirichlet and Fisher flow matching formulations |Stark et al.
(2024); Davis et al.[(2024). However, these approaches typically rely on continuous relaxations of
discrete sequences.

In this work, we study discrete flow matching (DFM) Gat et al.| (2024) as a fully discrete generative
modeling paradigm for regulatory DNA. We evaluate its performance on promoter and enhancer
datasets, focusing on sample quality and functional fidelity as measured by downstream predictive
models. Our contributions are:

* We apply discrete flow matching to the generation of regulatory DNA sequences, including
promoters and enhancers.

* We extend DFM to conditional sequence generation using classifier-free guidance.

* We analyze limitations of DFM for conditional generation and identify directions for future
research.

2 METHODS

2.1 DATASETS

We evaluated DFM on three DNA sequence datasets: two enhancer datasets and one promoter
dataset. Specifically, we used two enhancer datasets that contain DNA sequences from human
melanoma cells|Atak et al. (2021} and fruit fly brain cells Janssens et al.| (2022).

Each enhancer sequence is associated with a cell type label that indicates the specific cell type in
which the enhancer is active. Each sequence is 500 base pairs long. Melanoma data consist of 70892
train sequences, 9012 test sequences, and 8966 validation sequences. Fly brain data consist of 83726
train sequences, 10434 test sequences, and 10505 validation sequences.

The promoter data set [Hon et al.| (2017 consists of 100,000 human promoter sequences and the
corresponding transcription initiation signal profiles. Transcription initiation signal profiles reflect
transcription initiation activity at every sequence position and are obtained from CAGE experiments
Consortium et al.| (2014). Each sequence is 1024 base pair long and centered at the annotated
transcription start site position. The dataset is split into 88570 train sequences, 7497 test sequences,
and 3933 validation sequences.

2.2 NEURAL ARCHITECTURE

All models in this work use the same architectural structure: a 20-layer 1-D dilated convolutional
network with kernel size 9 and dilation pattern 1,1,4,16,64 repeated four times. At each layer,
we add a Gaussian Fourier time embedding projected through a dense layer. Each convolutional
block uses normalization, nonlinear activation, dropout, and a residual connection when dimensions
match. The network ends with two 1x1 convolutions with GELU activation that map features to
nucleotide logits. The enhancer models use a channel width of 128 and contain approximately
3.7M trainable parameters, while the promoter models use 256 channels with approximately 13.3M
trainable parameters. This choice reflects the shorter sequence length and reduced complexity of
enhancer datasets compared to promoter sequences.

We use this setup for fair comparison with previous models, as it was used by all the previous
approaches for regulatory DNA sequence design.
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2.3 EVALUATION METRICS

To evaluate the quality of the generated sequences, we use established metrics including Perplexity,
the Fréchet Biological Distance (FBD) and Mean Squared Error (MSE).

MSE is used to evaluate the quality of the generated promoter sequences. For this evaluation we
need another deep learning model called SEI Chen et al.|(2022). SEI is a predictive model that can
predict active promoter from a DNA sequence (based on chromatin mark H3K4me3 predictions)
Chen et al.|(2022) . First, SEI is used to predict the transcription activity of original human sequence.
Conditioned on the original transcription profile, a sequence is generated using the diffusion model.
The SEI model is then used to predict the transcription activity of the generated sequence. MSE is
then used to compare the predicted activity of the generated sequence to that of the original sequence.
If the generated sequence is of good quality and adheres to the conditional signal, the MSE will be
low.

The metric used to evaluate the enhancer sequences is the Fréchet Biological Distance (FBD). FBD
similar to Fréchet Inception Distance [Heusel et al.|(2017)), measures the distance between the distri-
bution of the real and generated sequences. The smaller the FBD, the closer the distributions, which
means that the generated data is similar to the original data. To find the FBD, we use a separate
trained classifier that predicts the cell type label and use its hidden representations as vector em-
beddings. Using this classifier, we get a 128 dimensional vector embedding for each sequence. We
calculate the mean vector and the covariance matrix of the embeddings of the ground truth sequences
and generated sequences. The FBD is then calculated using the equation.

FBD = Hﬂreal - /v‘gen”2 + Tr(Zreal + den -2 (Erealzgen)lm)

2.4 BASELINE MODELS

2.4.1 DIRICHLET DIFFUSION SCORE MODEL (PROMOTERS)

The Dirichlet Diffusion Score Model |Avdeyev et al.| (2023) is one of the earliest diffusion-based
approaches for DNA sequence generation. Their dataset consists of human promoter sequences and
the corresponding transcription initiation signal profiles. Using this dataset, they train a diffusion
model that generates promoter sequences conditioned on the transcription initiation signal profile.

2.4.2 DIRICHLET FLOW MATCHING (ENHANCERS)

Dirichlet Flow Matching |Stark et al.| (2024)) extends the Dirichlet Diffusion Score Model to the
flow matching framework. In addition to promoter sequence generation, they also use their model
to generate enhancer DNA sequences. Their dataset consists of 500 bp long enhancer sequences
paired with cell-type labels. Using this dataset, they build unconditional and conditional generative
models for enhancers. The unconditional model generates enhancers without conditioning on cell-
type labels. The conditional model uses the cell-type label as an additional input and generates
cell-type-specific enhancer sequences.

2.5 OUR MODEL: DISCRETE FLOW MATCHING

Discrete Flow Matching (DFM) |Gat et al.| (2024) is a recent generative modeling framework de-
signed for discrete data. Previous flow matching models, such as Dirichlet Flow Matching, embed
discrete sequences into a continuous space and relax them back into a discrete representation. This
relaxation can lead to information loss. Discrete flow matching develops a flow matching algorithm
for time-continuous Markov processes on discrete state spaces, also known as Continuous Time
Markov Chains (CTMC). This advancement allows the possibility of direct modeling of discrete
data such as DNA sequence, using flow matching.

Discrete Flow Matching learns a velocity field directly over the discrete state space, without embed-
ding sequences into a continuous domain. This direct modeling approach, originally developed for
text, is well-suited for biological data such as DNA sequences.
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Figure 1: Comparison of predicted promoter activities for human genome sequences versus de-
signed sequences. Generated sequences are grouped by the targeted promoter activity level (x-axis).
Y-axis shows predicted promoter activity (average H3K4me3 prediction across cell types), divided
by baseline prediction (0.004138) for average genomic sequences.

We use polynomial convex scheduler with mixture discrete probability path. The loss function is
Generalized KL loss. We generate new samples by solving ODE using mixture discrete Euler solver.

3 RESULTS

3.1 PROMOTER SEQUENCE GENERATION

We trained our Discrete Flow Matching model for conditional promoter sequence generation for 500
epochs. The dataset consists of 1024 bp human promoter sequences paired with their transcription
initiation signal profiles. Each sequence is one-hot encoded and concatenated with its corresponding
transcription signal. The source distribution is a masked version of the input sequence, and the model
learns to progressively unmask tokens over time.

For evaluation, we use the held-out test set. Generation begins by concatenating the masked initial
sequence with the transcription signal, and the model gradually unmasks tokens along the flow
trajectory. We evaluate generated promoter sequences using the SEI model, which predicts the
transcription activity of a given promoter.

Figure [T] shows that for different levels of promoter activity, the generated sequence has predicted
promoter activity comparable to that of the human genome sequence. Figure 2] shows the similarity
of the promoter activity distribution between the original and generated sequences. Figure 3] shows
GC content distribution of real and generated sequences. Table [T] shows the mean squared error
(MSE) between the predicted transcription initiation signal from the generated sequence and that of
the original sequence. Our model achieves MSE that is equal Fisher Flow Matching.
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Figure 2: Distribution of predicted promoter activities for human and designed sequences. Both
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indicating functional promoter activity.
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Figure 3: GC content distribution of 7497 human and designed sequences.

3.2 ENHANCER SEQUENCE GENERATION

We trained the unconditional and conditional generation model on enhancer sequences from Fly
brain and human melanoma data with the discrete flow matching approach. We tested the quality of

the model using the FBD metric.
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Table 1: Mean squared error of the predicted transcription signal of the generated promoter DNA
sequences over the test data. NFE refers to number of function evaluations

Model MSE NFE
Bit Diffusion .040 100
DDSM .033 100
Language Model .034 +0.001 1024
Dirichlet FM .034 £ 0.004 100
Fisher FM .029 = 0.001 100
Discrete FM (ours) .029 +0.001 100

For Discrete FM, we calculate mean and standard deviation for 5 generations with different
seeds. Metrics for other models are taken from Davis et al.| (2024)

3.3 UNCONDITIONAL GENERATION

We train the unconditional enhancer sequence generation model for 1450 epochs. We show the FBD
results under identical evaluation conditions in Table @I The results show that our unconditional
enhancer generation model achieves lower FBD than prior flow-based models on the melanoma
dataset. For Fly brain dataset our model achieves better performance than Dirichlet Flow matching
but little worse compared to Fisher Flow Matching on test data, while on train data Discrete FM
achieves lowest FBD indicating strong capacity to model the enhancer distribution.

Table 2: FBD between the generated sequences and real enhancer sequences on the test split. NFE
refers to number of function evaluations

Model Melanoma FBD Fly Brain FBD NFE
Random Sequence 619.0 + 0.8 832.4+0.3 100
Language Model 354+£0.5 257+£1.0 500
Dirichlet FM 73+1.2 6.8+1.8 100
Fisher FM 275+2.6 3.8+03 100
Discrete FM 3.9+0.13 45+03 100

For Discrete FM, we calculate mean and standard deviation for 5 generations with different
seeds. Metrics for other models are taken from Davis et al. (2024)

3.4 CONDITIONAL GENERATION

For conditional generation, we train our model on Fly brain enhancer data conditioned on the cell
type label. Each enhancer sequence is one-hot encoded, and conditioning is performed using a
learned embedding of the cell-type label. This embedding is injected into every layer in parallel
with the Gaussian Fourier time embedding.

During training we apply classifier-free guidance by randomly replacing the conditioning label with
a null token with probability of 0.3. At inference time, we generate sequences by starting from
a masked source distribution and iteratively unmasking tokens under the Discrete Flow Matching
dynamics. We generate conditional and unconditional logits and extrapolate them with classifier
free guidance scale of 3.

We generate sequences conditioned on 3 different cell type labels and we compare the quality of
our model with Dirichlet flow matching model. We generate data with 2 kinds of initial distribu-
tions, uniform and masked initial distribution. The results indicate that DFM supports conditional
generation, though performance remains slightly below Dirichlet Flow Matching.

4 DISCUSSION

We demonstrated that Discrete Flow Matching (DFM) can be successfully applied to DNA sequence
design across both enhancer and promoter settings. Across datasets, DFM achieves strong distribu-
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Table 3: FBD for conditional enhancer generation task for fly brain dataset. Class 1, class 2, class 3
refer to different cell type labels.

Model class 1 class 2 class 3 NFE
Dirichlet FM 56.88 83.56 86.9 100
Discrete FM (Masked) 86 62.5 155.5 100
Discrete FM (uniform) 66.7 80.6 98.8 100

We run Dirichlet FM and Discrete FM model conditioned on the specified cell types and measure
cell type specific FBD on train split.

tional fidelity as measured by FBD and MSE, indicating its ability to capture the global structure of
regulatory sequence space. In unconditional enhancer generation, DFM matches or improves upon
prior flow-based approaches, while in conditional promoter generation it remains competitive with
state-of-the-art likelihood-based models. These results establish discrete flow matching as a viable
and principled framework for biological sequence modeling.

A key reason for the strong performance of DFM in DNA sequence modeling lies in its compatibil-
ity with the discrete nature of genomic data. Unlike continuous relaxations, discrete flow matching
operates directly on nucleotide tokens, avoiding relaxation error introduced by continuous approx-
imations. This allows the model to preserve base composition and local sequence statistics more
faithfully, without the implicit Dirichlet smoothing present in prior approaches. Furthermore, the
parallel generation inherent to flow-based models aligns well with regulatory grammar, where mul-
tiple motifs and dependencies act simultaneously rather than sequentially. Together, these properties
enable DFM to model both local and long-range dependencies in regulatory DNA while maintaining
biologically realistic sequence statistics.

Despite these strengths, our analysis reveals important limitations. While DFM achieves strong
performance in unconditional enhancer generation, it struggles to fully match prior methods in con-
ditional generation when classifier-free guidance (CFG) is applied. We hypothesize that naively
applying standard CFG formulations—originally developed for continuous diffusion models—may
be suboptimal for discrete flow matching. Although both Dirichlet Flow Matching and DFM apply
guidance by extrapolating conditional and unconditional logits, the role of these logits differs fun-
damentally. In Dirichlet-based approaches, guidance softly reshapes continuous token probability
distributions. In contrast, DFM applies guidance to transition rates of a discrete Markov process,
influencing the timing and likelihood of discrete token transitions. For enhancer sequences, where
conditioning signals are weak and global, this can lead to earlier token commitment and reduced
expressiveness compared to Dirichlet Flow Matching. Notably, this issue does not arise in promoter
generation, where conditioning information is incorporated directly via input concatenation rather
than guidance.

In addition, distributional analyses of predicted promoter activity reveal a systematic under rep-
resentation of extreme functional tails. While generated and real sequences exhibit similar medi-
ans across central quantiles, discrepancies emerge in the upper activity range. Specifically, in the
90th—100th percentile, real promoters achieve substantially higher median activity (approximately
100-fold above baseline) compared to generated promoters (approximately 60-fold). This suggests
that the model has difficulty modeling rare, high-activity regulatory elements. This limitation is con-
sistent with likelihood-based generative objectives, which emphasize global distributional coverage
and tend to underweight low-volume, extreme regions of sequence space. Other possible factors for
this limitation are calibration of the SEI predictor at high-activity values, or architectural limitations
of the model. We leave a systematic investigation of these factors to future work. Alternative gener-
ative objectives—such as reward-driven or tail-focused modeling approaches represent a promising
avenue for explicitly targeting rare, high-activity regulatory elements.

5 CONCLUSION

In this work, we applied Discrete Flow Matching (DFM) to DNA sequence design for both enhancer
and promoter tasks. Our results show that DFM is competitive with existing state-of-the-art gener-
ative models for regulatory DNA. In particular, for conditional promoter generation conditioned on
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transcriptional signal, DFM matches the performance of Fisher Flow Matching while outperform-
ing earlier diffusion- and Dirichlet-based approaches, despite operating directly in discrete sequence
space.

At the same time, our analysis highlights important limitations of likelihood-based generative mod-
els in capturing extreme functional tails, with rare high-activity regulatory elements remaining un-
derrepresented. Our findings also suggest that the guidance mechanisms developed for continuous
diffusion models do not directly translate to discrete CTMC-based flows, identifying a key barrier
to effective conditional generation in discrete generative genomics. These findings suggest further
research on discrete-aware guidance mechanisms, reward-augmented objectives for rare regulatory
elements, and experimental validation of generated sequences.
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A APPENDIX

A.0.1 DISCRETE FLOW MATCHING FORMULATION

Let S = T denote the discrete space of sequences of length d, where 7 = [K]| = {1,..., K}
is called vocabulary. Each sequence » = (z!,...,2%) € S represents a sample or a state, where
x' € T is a single token. We similarly use states ¥,z € S. ¢ is the empirical probability mass
function (PMF) over these sequences, called the target distribution. We define a probability path
p; that interpolates between a source PMF p and the target PMF . To generate a probability path
pt, we find a CTMC model (X;)o<;<1 defined by a learnable velocity u!. Discrete Flow Matching

trains u{ by minimizing the Bregman divergence that defines the loss Lipman et al.|(2024).

Data and coupling The objective of discrete flow matching is to transfer samples Xy ~ p from
a source PMF p to samples X; ~ ¢ from a target PMF ¢. Source and target samples can be linked
by means of independent coupling (X, X1) ~ p(Xo)g(X1), or connected by means of a general
PMF coupling 7 1 (o, z1). For the task of DNA sequence generation, we consider the independent
coupling where p(xg) is either a uniform probability over S giving all states equal probability, or
adding a special mask token m to the vocabulary K and replacing the original tokens with mask
tokens.

Discrete probability paths. Discrete Flow Matching constructs a time-dependent probability path
{pt }1e[0,1] that interpolates between po = p and p1 = q.

Following prior work Tong et al.|(2023)), we define the marginal path through a conditional mixture:
pe(x) = Zpt\z(x | 2) pz(2), (1

where Z is an auxiliary random variable. In practice, we use mixture discrete probability paths,
where each sequence position interpolates independently between a source token zg and a target
token zi. For each position ¢,

pi\(),l(xi | zo, 1) = Ky 5(xz7le) + (1 — ki) 5(xi,xf)), 2

where (t) € [0,1] is a smooth, monotone scheduler. This construction yields a simple and inter-
pretable discrete path in which tokens are progressively revealed over time.

The marginalization trick. Although the probability path is defined conditionally, generation
requires a velocity field that depends only on the current state z;. The marginalization trick shows
that this is possible. If a conditional velocity field u;(-,- | Z) generates the conditional path p;|,
then the marginal velocity

ue(y, x) = Elue(y, X | Z) | Xy = ] 3)

generates the marginal distribution p;. This result allows training with conditional information (such
as source—target pairs or labels) while learning a single marginal continuous-time Markov chain
(CTMC) model for sampling.

Discrete Flow Matching loss. We parameterize the marginal velocity field with a neural network
uY(y,r). Training proceeds by matching the model velocity to the analytically known velocity
induced by the chosen probability path. The Discrete Flow Matching objective is

Lorm(0) = Eita(0,1), Xompe [P, (we (-, Xe),ud (. Xe))] 4)

where D, (-, ) is a Bregman divergence over valid CTMC rate vectors. In our experiments, we use
the generalized KL divergence, which is well suited for non-negative transition rates.

An equivalent conditional objective can be written using the auxiliary variable Z, and both losses
yield identical learning gradients. This enables efficient training using samples from the forward
process without explicitly computing marginal probabilities.

10
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Factorized paths and velocities. Directly modeling transition rates between all possible se-
quences is infeasible due to the exponential size of S. To address this, we use factorized velocities
that allow transitions changing at most one token:

d
iy, @) = 300, a0) iy’ @), )
i=1
wherei = (1,...,i—1,i+1,...,d) denotes all indices excluding i. Under this factorization, the ve-

locity field decomposes into per-position categorical transitions, reducing the output dimensionality
tod x K.

Generation dynamics. At inference time, new sequences are generated by starting from a sample
Xy ~ p and numerically integrating the learned velocity field from ¢ = 0 to ¢ = 1. The model
predicts the rate of probability change of the current sample X; in each of its /V tokens. Then, each
token of the sample X; ~ p; is updated independently by

XtiJrh = J(ng ) + hqu Xt)’ (6)
where h is the integration step size. This procedure produces a discrete trajectory that transports

samples from the source distribution to the target data distribution.

Conditional generation. For conditional sequence generation, the velocity field is augmented
with auxiliary information c, such as transcription initiation signals or enhancer cell-type labels:

uf (-, Xt | c) (7

Classifier-free guidance (CFG) is employed to modulate the influence of conditioning. During train-
ing, conditioning information is randomly dropped, enabling the model to learn both conditional
and unconditional dynamics. At inference time, the guided velocity field is computed as

uguided(Xt) = uf("Xt) + (uf(v Xy | C) - uf(th)) ) 3

where - is a guidance scale controlling the strength of conditioning. In practice, CFG weighting is
applied at the logit level prior to sampling, following established implementations|Sun et al.[(2024).

11
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