
Accepted at the Gen2 Workshop at ICLR 2026

CONTACT-GUIDED 3D GENOME STRUCTURE GENER-
ATION OF E. coli VIA DIFFUSION TRANSFORMERS

Mingxin Zhang∗† Xiaofeng Dai∗
The University of Tokyo University of Michigan
m.zhang@hapis.k.u-tokyo.ac.jp xiaofend@umich.edu

Yu Yao∗ Ziqi Yin
The University of Tokyo Waseda University
yao@ms.k.u-tokyo.ac.jp yinziqi2001@toki.waseda.jp

ABSTRACT

In this study, we present a conditional diffusion–transformer framework for gen-
erating ensembles of three-dimensional Escherichia coli genome conformations
guided by Hi-C contact maps. Instead of producing a single deterministic struc-
ture, we formulate genome reconstruction as a conditional generative modeling
problem that samples heterogeneous conformations whose ensemble-averaged
contacts are consistent with the input Hi-C data. A synthetic dataset is constructed
using coarse-grained molecular dynamics simulations to generate chromatin en-
sembles and corresponding Hi-C maps under circular topology. Our models op-
erate in a latent diffusion setting with a variational autoencoder that preserves
per-bin alignment and supports replication-aware representations. Hi-C informa-
tion is injected through a transformer-based encoder and cross-attention, enforc-
ing a physically interpretable one-way constraint from Hi-C to structure. The
model is trained using a flow-matching objective for stable optimization. On held-
out ensembles, generated structures reproduce the input Hi-C distance-decay and
structural correlation metrics while maintaining substantial conformational diver-
sity, demonstrating the effectiveness of diffusion-based generative modeling for
ensemble-level 3D genome reconstruction.

1 INTRODUCTION

Since the discovery of the DNA double helix by Watson and Crick Watson & Crick (1953), genomic
information has been understood primarily as a linear nucleotide sequence. Yet in living cells, DNA
is organized as a three-dimensional (3D) polymer with hierarchical structure. A growing body of
evidence indicates that 3D genome organization is closely linked to fundamental cellular processes,
including replication, transcription, and DNA repair Misteli (2020). Consequently, reconstructing
genome structure is important both for basic biology and for applications in biotechnology and
medicine.

Direct visualization of chromosome conformations at high resolution remains challenging for most
systems due to the limitation of imaging techniques Lakadamyali & Cosma (2020). Chromo-
some conformation capture assays—most prominently Hi-C—provide an alternative by measuring
population-averaged contact frequencies between genomic fragments via high-throughput sequenc-
ing Lieberman-Aiden et al. (2009). However, a Hi-C contact map is an indirect measurement: it
reports interaction frequencies rather than a unique 3D structure, and the same contact map can in
principle arise from multiple distinct conformational ensembles.

A wide range of computational approaches have been developed to infer 3D genome structure from
Hi-C data, including optimization-based reconstruction, multidimensional scaling, polymer simu-
lations, and machine learning models Meluzzi & Arya (2020); Lee et al. (2025). Despite notable
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progress, most existing methods are effectively deterministic: they produce a single consensus con-
formation that best matches the observed contacts. This paradigm overlooks the intrinsic hetero-
geneity of chromosome organization, where a distribution of conformations—rather than a single
structure—gives rise to the observed population Hi-C signal. Ensemble-based methods have been
proposed, but they are often computationally expensive and can be difficult to scale Li & Schlick
(2024).

We instead view genome reconstruction as a conditional generative modeling problem: given a Hi-C
map, the goal is to sample a distribution of physically plausible 3D conformations whose aggregated
contacts are consistent with the measurement. Such a formulation naturally represents uncertainty
and heterogeneity, and offers a path toward amortized inference—once trained, the model can gen-
erate ensembles efficiently for new inputs.

In this work, we develop a transformer-based diffusion model to generate ensembles of Escherichia
coli (E. coli) 3D genome conformations conditioned on published Hi-C data. We build on Diffusion
Transformers (DiTs) Peebles & Xie (2022), which are well matched to chromatin representations
as sequences of 3D coordinates and can capture long-range dependencies more flexibly than convo-
lutional U-Net backbones used in prior work Schuette et al. (2025). We focus on bacteria for two
reasons. First, bacterial chromosomes offer comparatively well-studied physical and biological con-
straints, enabling more stringent plausibility checks on generated structures. Second, prokaryotes
span diverse genome organization regimes, providing a natural testbed for evaluating transferability
across species. Together, these properties make bacterial systems a meaningful setting for develop-
ing scalable generative models for 3D genome generation in the future.

2 RELATED WORKS

Prior work most closely related to ours studies the reconstruction of 3D genome architecture from
Hi-C contact maps, where the goal is to infer physically plausible coordinates from indirect and
noisy interaction measurements. FLAMINGO is representative of optimization-based reconstruc-
tion methods that impose explicit geometric structure: by exploiting properties of Euclidean dis-
tance geometry (e.g., low-rank structure in distance representations) and using scalable solvers, it
recovers 3D coordinates from contact-derived constraints and scales to high-resolution settings via
hierarchical reconstruction Wang et al. (2022). In contrast, CHROMFORMER applies a transformer
to map Hi-C contact matrices to 3D coordinates Valeyre et al. (2022). The attention mechanism is
well matched to Hi-C because it can model long-range, non-local dependencies across genomic
loci and flexibly integrate multi-scale interaction patterns, which are central to chromatin folding.
Notably, both FLAMINGO and CHROMFORMER are primarily formulated to output a single con-
sensus conformation for a given input contact map, whereas our work focuses on generating an
ensemble of plausible 3D structures to better reflect the intrinsic structural variability consistent
with the same Hi-C observations. Generative modeling conditioned on sequence-derived inputs has
also been applied to chromatin organization. ChromoGen tackles the problem of generating chro-
matin organization conditioned on DNA sequence and chromatin accessibility, which also addresses
the cell-to-cell heterogeneity with generative model Schuette et al. (2025). However, our work is
centered on Hi-C–driven 3D generation, where predicting explicit 3D conformations is preferable
because it yields a concrete geometric representation that can be directly interrogated for spatial
relationships (e.g., looping, domain packing, and locus–locus proximity) and supports downstream
structure-based analyses beyond what is available from an genome organization alone.

3 METHODS

3.1 CHROMOSOME STRUCTURE DATA SIMULATION

Because direct ground-truth 3D conformations of the E. coli chromosome are extremely scarce—and
when available, are typically obtained under experimental conditions that do not align with the
wide variety of published Hi-C datasets—we rely on physics-based simulations to generate matched
structure ensembles for training and evaluation. To obtain training data that respect polymer physics
while remaining anchored to experimental measurements, we generated synthetic chromosome con-
formations using coarse-grained molecular dynamics (MD) simulations that correspond to published
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E. coli Hi-C maps. We simulated the chromosome as a confined polymer with basic physical con-
straints—chain connectivity, excluded volume, and circular topology—inside a rectangular box cho-
sen to approximate the dimension of an E. coli cell (900 nm × 900 nm × 2000 nm). The experimen-
tal Hi-C maps are processed at 5k base paries (bps) resolution, yielding 928 × 928 contact matrices
(4.6M bps E. coli genome). To match this resolution, we constructed a coarse-grained polymer with
10 beads corresponding to one 5 kb Hi-C bin in the MD model.

Experimental information is incorporated during initialization: Hi-C–derived interactions are intro-
duced as restraints to bias the polymer toward biologically reasonable conformations Wasim et al.
(2021), together with additional setup of gene expression patterns and ribosome localization. After
initialization, these restraints are gradually released and we run unbiased MD for 2×106 integration
steps, sampling conformations every 1,000 steps for data augmentation. To reflect ongoing replica-
tion in growing cells, we allow between one and two chromosome copies via a replication factor G,
setting the total bead count to 928 × 10 × G (two chromosome arms and replicated copies). For
data augmentation, the final structure is down-sampled by factor of 5 from the simulated structure
resulting in a resolution of 2.5k bps per bead (each Hi-C bin corresponds to 2 beads).

3.2 RESNET VAE

To achieve efficient and stable generation, we constructed a conditional diffusion model within the
latent diffusion framework Rombach et al. (2022), which significantly reduces computational cost
while improving training stability by operating in a compressed representation space. To obtain
latent representations that are compatible with this model architecture, we further require a VAE to
encode three-dimensional structures into a latent space suitable for diffusion-based generation. Be-
cause the genomic topology of E. coli is relatively simple and forms a fixed circular structure, and
because the beads have already been ordered according to the Hi-C index, we adopted a straight-
forward 1D ResNet18 VAE (shown in Fig. 1) to encode the 3D structural sequence into the latent
space. To preserve the alignment between beads and the corresponding rows and columns of the Hi-
C matrix, the sequence length is kept unchanged; the VAE is thus used to learn latent representations
rather than to perform length compression.

Because chromatin may be undergoing replication, certain segments can exhibit branching struc-
tures. To guide the model in generating chromatin conformations during replication, we introduced
two replication masks that indicate the presence or absence of beads at each position on the newly
synthesized and parental chains, respectively. Accordingly, the VAE is trained not only with a coor-
dinate reconstruction loss Lcoord and a KL-divergence loss LKL, but also with an additional mask
reconstruction loss Lmask: L = Lcoord + λmask Lmask + λKL LKL, where Lcoord is calculated by

Lcoord = Ex

[
Ei∼m

[(
x̂coord
i − xcoord

i

)2]]
and Lmask is binary cross entropy loss between the

predicted replication mask and the real replication mask. This means that the mean squared error is
computed only at positions where the mask is active and then averaged over the valid positions. As
a result, the loss focuses on physically meaningful beads while remaining invariant to the number of
valid beads in each sample, thereby avoiding potential bias arising from differences in bead counts
across samples of different replication stages. With this VAE, the latent vectors generated by the
diffusion model can be decoded back into the corresponding 3D structures.

Figure 1: VAE to obtain the latent representation of 3D chromosome structures. Because chromatin
may be undergoing replication and thus may not be fully replicated, a mask is used to denote bead
presence. The mask equals 1 for all positions on the parental chain, and equals 1 (replicated) or 0
(unreplicated) on the new chain.
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Figure 2: CrossDiT-based DiffBacChrom. The diffusion model works in the latent space, and the
pre-trained VAE reconstructs the chromosome structure sequence. A Hi-C encoder transforms Hi-C
maps into conditional tokens and injects them into the diffusion model.

3.3 CROSSDIT-BASED DIFFBACCHROM

From the perspective of explicit physical constraints, our goal is to generate 3D structures that satisfy
the conditions imposed by the Hi-C matrix. In this sense, the Hi-C data act as an external field, a
form of constraint that determines the structure of the structure sequence without being influenced
by the sequence in return. Naturally, this leads us to consider the CrossDiT architecture Chen et al.
(2023), in which conditional injection via cross-attention ensures that the influence of the condition
is strictly unidirectional. The CrossDiT model used in this study is shown in Fig. 2. A transformer-
based Hi-C encoder converts the 2D Hi-C matrix into conditional embeddings zc that guide the
generation process. Specifically, the Hi-C matrix is treated as a sequence along the row dimension,
with columns serving as the feature dimension. This design preserves the original sequence length,
ensuring bin-wise embeddings, where each element encodes the interaction between a given row
and column in the Hi-C matrix. The global average pooling of zc is combined with the timestep
embedding t like c = t+ z̃c. The global conditional embedding c is injected into each DiT block via
AdaLN-Zero and self-attention, following the design of the basic DiT architecture Peebles & Xie
(2022) to further stabilize the training process.

A latent diffusion framework is adopted, in which the model operates on latent tokens x rather than
raw structures. The diffusion process generates the latent representation of the structure starting from
a noise sequence. To ensure compatibility between the generative and conditional pathways, the
sequence length of x is set to match that of the conditional embedding zc. Then AdaLN modulated
x serves as Q and zc serves as K and V of cross-attention in each DiT block.

In this formulation, x dominates the query Q, so that the model retrieves information from the
condition, while the conditional representations themselves are not updated. This asymmetry aligns
with the physical interpretability of the constraint. In addition, the lengths of x and zc are consistent
with the sequence length and the dimensions of the Hi-C matrix, and this structural consistency
ensures bin-level alignment.

To improve training efficiency and stability, we follow the advanced DiT design and adopt a flow-
matching framework Esser et al. (2024); Liu et al. (2022) rather than the original DDPM formulation
Ho et al. (2020), enabling more direct and stable optimization of the generative dynamics.

4 EXPERIMENTS

4.1 DATA PREPARATION

Ensemble pairing and synthetic Hi-C construction. For the training set, we generated a pool
of conformations by MD simulation on GROMACS Abraham et al. (2015) and then formed
structure–Hi-C pairs by aggregating contacts across a sampled ensemble. Concretely, we randomly
selected N = 500 structures to define one ensemble; bin–bin contacts were aggregated across this
ensemble to compute a single Hi-C contact matrix representing that condition. The training set con-

4



Accepted at the Gen2 Workshop at ICLR 2026

tains 65 such ensembles, producing a total of 65 × 500 = 32500 structures. Each training sample is
formed as a pair consisting of an individual structure and the Hi-C map corresponding to its ensem-
ble, yielding multiple plausible 3D conformations associated with the same condition-specific Hi-C
map. (Because N is far smaller than the number of cells contributing to an experimental Hi-C map,
the grouping choice substantially affects the resulting synthetic contact patterns; we treat this as a
key design choice in the pipeline.) We also constructed a test set comprising 10 ensembles with a
total of 5000 samples to evaluate the performance of models.

Unified representation with replication masks. Each conformation is stored in a consistent tabular
form that interfaces cleanly with the learning pipeline. Each row corresponding to a Hi-C index:

[x1, y1, z1,m1, x2, y2, z2,m2],

where (x, y, z) are coordinates, subscripts 1 and 2 denote the parental and replicated chromosomes,
and m is a binary replication mask indicating whether a bead is replicated. Because each Hi-C index
corresponds to two beads, each template chain contains a total of 928 × 2 beads. To keep alignment
with the Hi-C matrix, the two beads associated with the same Hi-C index are jointly treated as input
features. Therefore, the model input has a dimensionality of 928 × 16, with per-token channels
encoding the bead coordinates and replication masks for both chromosomes.

Preprocessing. To reduce nuisance variability and improve generalization, we applied position nor-
malization, scale normalization, and random rotation to each sample. Specifically, we first translated
each structure so that its center of mass is located at the origin, thereby eliminating translational de-
grees of freedom.

Secondly, we normalized each individual structure by rescaling the bead coordinates so that the
mean Euclidean norm of all bead positions in the structure is equal to 1. This scale normalization
removes variations in absolute size across structures, allowing the model to focus on learning relative
geometric configurations rather than being biased by global scale differences.

Finally, we applied a random rotation to each sample to enforce rotational invariance and prevent the
model from memorizing absolute orientations, thereby improving generalization. Each rotation was
generated by sampling a unit quaternion uniformly from the 3D rotation group SO(3), which pro-
vides an efficient and unbiased parameterization of 3D rotations. The quaternion was then converted
into a 3 × 3 rotation matrix and applied to all bead coordinates of the structure. An independent
random rotation was used for each sample, ensuring that the model learns rotationally invariant
structural features rather than relying on fixed global orientations. Random rotation was applied
only to training data.

Each training sample consists of a pair formed by an individual structure and the Hi-C map corre-
sponding to the ensemble it belongs to.

4.2 MODEL TRAINING

All models were trained on a single NVIDIA GH200 GPU. The hidden size of the VAE was set
to 128, resulting in a 3.6M VAE encoder. The learning rate was set to 1 × 10−4 with a batch size
of 32, and the model was trained for 50 epochs. Because the KL-divergence term is only required
to encourage a more regularized and smooth latent space, while ensuring that the model primarily
relies on the reconstruction loss to preserve structural information, the KL-divergence term LKL was
weighted relatively small by 5 × 10−3, while the mask reconstruction loss Lmask was assigned a
weight of 1.0.

The learning rate of CrossDiT was set to 1× 10−4 with a batch size of 8, and the model was trained
for 50 epochs. Because diffusion models operating in latent space require the latent variables to
be properly normalized to a consistent scale so that the noise schedule and denoising dynamics
are well calibrated, we computed a latent scale after training the VAE. We traversed all samples in
the training set to estimate the distribution of latent representations and obtained a latent scale of
1.335256, which was then used for both training and inference of the DiT model.

To investigate the impact of model capacity on generation quality, we followed the standard DiT
configuration and train two CrossDiT variants with different scales (CrossDiT-S/L), as summarized
in the Table 1. Correspondingly, the Hi-C encoder used for conditional injection was configured
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Table 1: Backbone model configurations with different sizes.

Model Depth hidden size num heads Params
CrossDiT-S 12 384 6 45M
CrossDiT-L 24 1024 16 634M

(a) (b) (c)

Figure 3: (a) Training loss and validation loss of CrossDiT-S/L; (b) Visualization of example chro-
mosome structure from MD simulation; (c) Example generated structure guided by the Hi-C matrix
corresponding to (b).

with a depth of 8, while its hidden size and number of attention heads were matched to those of the
corresponding backbone network.

4.3 GENERATION

In addition to validation on the test set, we further evaluated whether the model can generate diverse
samples that collectively satisfy the input Hi-C constraints at the ensemble level. For each ensemble
in the test set, we used the corresponding Hi-C matrix as the condition to generate 500 structures as
a new ensemble, matching the number of structures per ensemble in the test set. We then computed a
new Hi-C matrix from the generated ensemble and compared it with the original input Hi-C matrix.
This procedure allows us to assess whether the model can learn ensemble-level constraints from
paired one-to-one training data and reproduce the relationship in generation.

During generation, we employed classifier-free guidance (CFG) Ho & Salimans (2022), a technique
that adjusts the strength of conditional guidance to control the trade-off between condition fidelity
and sample diversity. In our task, while we aim for the generated structures to satisfy the Hi-C
constraints at the ensemble level, we also want individual samples to remain as diverse as possible.
Therefore, the CFG scale was set to 1.0, which means that conditional and unconditional predic-
tions are combined without amplifying the conditional signal. Unlike without CFG, the conditional
pathway is still explicitly involved in generation, but without enforcing stronger guidance that could
reduce diversity. For rectified flow sampling, the number of sampling steps was set to 50.

5 RESULTS

For each generated ensemble, we compute the corresponding Hi-C map using the same procedure
applied to the dataset samples. Because the structures fed into the model are scale-normalized,
we first recover the average coordinate norm in the original sample space and rescale the contact
distance threshold accordingly. This ensures that the Hi-C maps computed from generated structures
are directly comparable to the original Hi-C maps and are not affected by the normalization scale.
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(a) (b)

Figure 4: (a) The P(s) curves of an input Hi-C map from the test set and the corresponding predicted
Hi-C maps; (b) SCC and dRMSD computed for each ensemble using all samples within an ensemble.

To assess whether our generated structures reproduce the global polymer-like scaling of contacts
with genomic separation, we compared P(s) curves between the input Hi-C map and the con-
tact map calculated by the generated ensemble. Here, P(s) is the average contact frequency be-
tween loci separated by genomic distance s (for E. coli, using the circular distance d(i, j) =
min(|i − j|, N − |i − j|)). Because P(s) marginalizes over all pairs at the same separation, it
provides an intuitive, noise-robust summary of multi-scale compaction and long-range organiza-
tion that is largely independent of individual pixels. As shown in Fig. 4(a), the predicted P(s)
closely matches the input curve across separations, indicating that our method preserves the overall
distance-dependent contact regime implied by the guidance Hi-C.

While P(s) validates agreement in the 1D distance–decay profile, it does not fully capture 2D contact-
map structure at fixed genomic distances. We therefore additionally reported HiCRep’s stratum-
adjusted correlation coefficient (SCC) Yang et al. (2017), a distance-aware concordance metric that
(i) smooths each map to reduce sampling noise, (ii) stratifies contacts by genomic separation (matrix
diagonals), (iii) computes correlations within each stratum, and (iv) aggregates them with variance-
and sample-size–aware weighting into a single score. SCC complements P(s) by evaluating whether
the pattern of contacts within each distance band matches, not only the overall decay. Importantly,
SCC is generally more appropriate than a naive Pearson correlation coefficient (PCC) on the full
matrix, because PCC is heavily dominated by the strong distance-decay trend and coverage-related
effects, whereas SCC explicitly controls for distance by comparing like-with-like strata. Across the
10 test cases, CrossDiT-L consistently achieves high SCC scores (mean 0.962, standard deviation
0.008, range 0.951–0.975). Despite its substantially smaller parameter count, CrossDiT-S also at-
tains competitive performance (mean 0.824, standard deviation 0.022, range 0.787–0.865). These
results demonstrate that the proposed method reliably generates ensembles whose implied Hi-C
maps closely match the guiding signal beyond the global P(s) decay (as shown in Fig. 4(b)).

In addition to the similarity, we also evaluated ensemble diversity using the mean pairwise dRMSD
(distance-RMSD) computed from the generated 3D coordinates as shown in Fig. 4(b). dRMSD
measures how much two conformations differ in their internal geometry by comparing all pairwise
Euclidean distances within each structure: for a structure i, define Di(a, b) = ∥xa − xb∥2, and
for two samples i, j compute dRMSD(i, j) =

√
2

L(L−2)

∑
a<b(Di(a, b)−Dj(a, b))2. Averaging

dRMSD(i, j) over all pairs in the generated set yields a single diversity score for each condition.
This metric is well suited to 3D genome generation because it is invariant to global rigid motions
and directly reflects differences in the overall polymer conformation. To contextualize the magni-
tude of dRMSD values, we reported a baseline constructed by taking one generated structure and
producing an ensemble via small isotropic Gaussian perturbations of its coordinates; the mean pair-
wise dRMSD within this perturbed ensemble provides a reference for the variation expected from
minor deformations around a single conformation. For the representative condition, the generated
ensemble from CrossDiT-L exhibits a mean pairwise dRMSD of 0.700, while CrossDiT-S attains a
mean pairwise dRMSD of 0.666; in contrast, the baseline yields a substantially lower value of 0.072.
Given a mean bond length of 0.362, the structural diversity of the generated ensembles corresponds
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to approximately 1.94× and 1.84× the bond length for CrossDiT-L and CrossDiT-S, respectively,
whereas the baseline corresponds to only ∼ 0.20× the bond length. The results demonstrate that
the model does not collapse to a single consensus structure, but instead generates genuinely diverse
conformations.

The results indicate that both generation quality and sample diversity are correlated with model
capacity. CrossDiT-L demonstrates that larger models can more effectively learn ensemble-level
constraints imposed by Hi-C and support more diverse generation. In contrast, the 45M-parameter
CrossDiT-S, while limited in generation quality, is better suited for deployment on more commonly
available computing hardware.

6 DISCUSSION

These results indicate that our model can effectively follow the guidance of the input Hi-C maps,
generating samples that respect the global constraints while maintaining sufficient structural diver-
sity. Compared with traditional approaches that rely mainly on mathematical constraints to infer a
single or a small number of representative conformations, our findings support the use of genera-
tive models to produce diverse ensembles of fully specified 3D structures at the single-conformation
level. This demonstrates that a generative model is a viable and powerful alternative for capturing
the variability inherent in chromatin organization under a given Hi-C constraint.

Nevertheless, for the specific biological problem of 3D genome generation, our approach also raises
several open questions that merit further discussion.

First, our model architecture is built on CrossDiT, in which conditional information is injected
via cross-attention. Cross-attention provides an effective and intuitive mechanism for condition-
controlled generation, particularly in our setting where structures must be generated under fixed
experimental constraints. In this context, cross-attention can be interpreted as querying sequence
representations based on the given condition, thereby retrieving features that are consistent with the
imposed Hi-C constraints.

At the same time, many recent multimodal generative models adopt joint-attention mechanisms
that allow different modalities to be updated together, with the aim of enhancing representational
capacity, learning more expressive interpretations of conditional signals, or improving cross-modal
alignment Na et al. (2025); Esser et al. (2024). This trend motivates further reflection in the context
of our task. Specifically, different strategies for conditional injection such as cross-attention, which
aligns naturally with fixed physical constraints, versus MMDiT-style joint attention, which may
yield richer conditional representations but also risks semantic drift or entanglement Varanka et al.
(2025); Toker et al. (2025), represent an important direction for future investigation. Exploring how
these design choices affect interpretability, reliability, and biological plausibility will be a key focus
of our subsequent work.

In addition, the current per-bin alignment setting leads to relatively long sequences, resulting in sub-
stantial computational and memory overhead. This issue becomes particularly pronounced when in-
troducing MMDiT-style architecture, as joint attention causes the attention map size to grow quadrat-
ically with the concatenated sequence length, further amplifying the cost of long sequences. From
the perspective of resource efficiency, backbones designed to better accommodate long sequences,
such as EDiT Becker et al. (2025), may therefore represent more suitable choices for chromatin
three-dimensional structure generation in future work.

Because symmetric Hi-C matrices introduce redundant computations and the current VAE operates
on relatively simple inputs and outputs, more efficient model designs tailored to the data structure
are desirable. For example, Hi-C encoders or GNN-based VAEs could reduce redundant processing
of symmetric matrices, better capture relational information, and more naturally accommodate more
realistic and complex 3D chromatin structures, such as nested replication branches that may arise
during DNA replication.

We also aim to extend the framework to support variable-length inputs, enabling application across
multiple species. Ultimately, we plan to package the entire system as an open-source tool, with the
hope of providing inspiration and a foundation for further research in this area.
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7 CONCLUSION

In this study, we formulate 3D genome generation from Hi-C data as a conditional generative prob-
lem focused on sampling ensembles of conformations rather than producing a single structure. Using
molecular dynamics simulations, we construct a dataset of E. coli chromosome structure ensembles
and their corresponding Hi-C maps, and develop a CrossDiT diffusion transformer with a Hi-C
encoder that injects conditional information via cross-attention. The trained model generates di-
verse three-dimensional structures whose ensemble-averaged contacts match the input Hi-C maps,
indicating that diffusion-based generative modeling provides a scalable alternative to deterministic
reconstruction methods for capturing structural heterogeneity in genome organization.

ACKNOWLEDGMENTS

This work was supported by JST SPRING, Grant Number JPMJSP2108.

REFERENCES

Mark J. Abraham, Teemu Murtola, Roland Schulz, Szilárd Páll, Jeremy C. Smith, Berk Hess, and
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