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Abstract

Understanding the three-dimensional (3D) ensemble of chromosome conforma-
tions is essential, as dynamic structural states underlie diverse processes such as
gene regulation, cell-type identity, and disease. However, systematically model-
ing how 1D epigenomic features give rise to 3D chromosome ensembles remains
an unsolved challenge. Inspired by advances in protein structure prediction and
modern generative modeling, we introduce ChromWeave, a symmetry-aware gen-
erative framework that couples flow matching with an equivariant neural network
to directly generate physically realistic 3D chromosome ensembles from epige-
nomic signals. By enforcing physical symmetries, ChromWeave achieves orders-
of-magnitude speedup over traditional physics-based simulations while producing
experimentally consistent structural distributions. Trained on single-cell MER-
FISH chromosome imaging data and raw 1D epigenomic features, ChromWeave
learns a continuous-time equivariant velocity field that maps simple prior distri-
butions to realistic conformational distributions, avoiding large-scale pretraining
and remaining highly data-efficient. Our results show that ChromWeave accu-
rately captures both polymeric properties of chromosomes and genomic organi-
zational features such as domains and boundaries that closely match MERFISH
measurements. Together, ChromWeave provides a computationally efficient and
physically grounded approach for mapping 1D epigenomic features to 3D genome
ensembles, with the potential to generalize across genomic regions and ultimately
scale to whole-genome modeling.

1 Introduction

The three-dimensional (3D) organization of the genome is central to cellular functions. Within the
nucleus, chromosome folding plays key roles in gene transcription, DNA replication, and other reg-
ulatory processes [1, 2, 3, 4, 5]. These 3D structures fluctuate across an ensemble of conformations,
reflecting intrinsic dynamics and cell-to-cell variability [6, 7, 8, 9]. Capturing this structural hetero-
geneity is essential yet challenging because chromosomes are long, flexible polymers with complex
interactions, and measurements are often indirect or incomplete.
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Classical polymer models have revealed fundamental principles of chromosome folding [10, 11, 12,
13, 14, 15, 16, 17, 18, 19, 20, 21, 22], but rely on coarse assumptions, struggle to capture sequence-
or locus-specific effects, and are computationally demanding at genome scale. In contrast, recent
advances in deep generative modeling have transformed structural biology. Breakthroughs in protein
structure prediction, such as AlphaFold [23] and RosettaFold [24], demonstrate that complex spatial
dependencies can be learned directly from sequence. BioEmu [25] and AlphaFlow [26] further ex-
tend the paradigm to structural ensemble generation, capturing conformational variability with high
fidelity. We seek a similar sequence-to-structure paradigm for chromosomes, where 3D structure
ensembles, rather than 2D contact maps, better represent nuclear architecture. Chromosomes are
dynamic, and single conformations are less informative than the distributions of structures that de-
fine functional states [6, 27, 7, 28, 9]. Existing experimental methods remain limited: population
Hi-C averages contacts [29, 30], single-cell Hi-C is sparse and noisy [31, 4], and chromatin tracing
capture 3D conformations directly but with limited coverage and resolution [32, 33, 34, 9]. These
limitations highlight the need for systematic, data-driven methods that can directly map 1D genomic
features to 3D structural ensembles, with the ability to generalize across genomic regions. Chro-
moGen [35] moves in this direction by leveraging EPCOT [36] pretrained genomic embeddings and
reconstructing 3D structures from 2D distance maps. However, distance maps remain a 2D surro-
gate: enforcing global metric consistency (e.g., the triangle inequality) is difficult. The all-pairs 2D
formulation also scales poorly with increasing sequence length and cannot natively encode spatial
perturbations or nuclear landmarks. These limitations underscore the need for end-to-end models
that directly learn 3D ensembles while respecting symmetry constraints.

Here, we introduce ChromWeave, an equivariant flow-matching framework that learns chromosome
ensembles directly in 3D from 1D raw epigenomic features, analogous to the sequence-to-structure
paradigm in protein science. Unlike ChromoGen, which reconstructs conformations indirectly from
2D distance maps, ChromWeave performs end-to-end 3D generation without relying on pretrained
embeddings, while incorporating polymeric constraints and physical symmetries. Equivariant flow
matching ensures geometric consistency and implicitly provides data augmentation [37]. Direct 3D
modeling further improves scalability through sparse graphs and enables the incorporation of spatial
perturbations and nuclear landmarks into the generative process. As a result, ChromWeave avoids
costly pretraining, remains computationally efficient, and generates realistic structural ensembles
consistent with experimental measurements, including polymeric scaling, contact patterns, and do-
main boundaries, with the potential to generalize to unseen genomic regions.

2 Methods

2.1 Method overview

As illustrated in Fig. 1A, ChromWeave is a generative framework that maps 1D epigenomic fea-
tures to 3D, physically realistic chromosome polymer ensembles, where each bead (monomer) rep-
resents a 250-kb (kilobase) genomic segment. In this work, we focus on chromosome 2 (Chr2)
spanning approximately 240 Mb (megabases) in the hg38 genome assembly. At 250-kb resolution,
this region is represented by 967 beads. ChromWeave directly models how genomic context shapes
chromosome organization by encoding epigenomic features — including transcription factor (TF)
and cohesin binding, transcription activity, histone modifications, and chromatin accessibility — into
representative embeddings that condition the generative process. Starting from Gaussian-distributed
initial coordinates, an equivariant flow-matching framework learns a velocity field that progressively
transforms noisy conformations into realistic 3D chromosome structure ensembles (Fig. 1B). The
generated ensembles are not only plausible but also approximate the true distribution of conforma-
tions measured by MERFISH [9]. This distributional perspective is essential because it connects 1D
epigenomic signals with the intrinsically dynamic nature of 3D genome folding, establishing a di-
rect link between epigenomic features and structural ensembles. The generated ensembles are then
evaluated against experimental data using polymer scaling, contact patterns, and domain boundaries,
providing biologically grounded assessment of 3D genome organization. While related generative
techniques have been widely applied to protein modeling, we introduce them here for the first time
in the context of genome architecture, establishing a framework for direct 3D generation of chromo-
some ensembles from epigenomic features. Below we summarize the core ideas of flow matching
and the equivariant neural network, with further details on the model, training, and inference pro-
vided in Supplementary Note B.2.



2.2 Flow matching

Flow matching (FM) [38, 39, 40, 41, 42] trains a ow model that transforms samples from a simple
prior distributionpgy to a complex distributiop; approximating the data distribution. The evolution
of distributionp¢(r) under a velocity eldv,(r) follows the continuity equation [38, 42]
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FM learns a velocity modeb (r¢; ) that approximates;. Diffusion models [43, 44, 45] can be
viewed as a relevant generative framework but with stochastic dynamics, whereas FM uses determin-
istic paths with faster and more stable convergence—especially suitable for chromosome modeling,
since chromosomes are dynamic and only realistic structural ensembles are biologically meaningful.

In this work, we use an isotropic Gaussian distribution as pgoand a linear interpolation path
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wherer is the con guration of a chain with beads at timé 2 [0; 1]. To remove relative global
translations and rotations between con guratiopsndr 1, thus improving transport ef ciency, we
align centered coordinateg to r ; using the Kabsch algorithm [46] before interpolation. Theorem
1 proves that this ensures the entire interpolatiot 2 [0; 1]) remains aligned to;.

Training FM directly is intractable, since the true velocity eld is unknown. However, it can

be reformulated as conditional ow matching (CFM) [38, 42, 47], which provides an equivalent,

tractable, and unbiased objective. CFM learns a velocity ¥la ; ) by minimizing the CFM loss
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where the conditional velocity is
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In practice, CFM loss is often reparameterized [48, 49, 26] to prédict r 1, thus yielding
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At inference, the target sample is obtained bi/ integrating an ordinary differential equation (ODE)
t
POPE=ro+  o(ro; ) dt® (6)
0

HerePPE denotes the endpoint ait= 1 obtained by solving the ODE, in contrast to the one-shot
predictionry(r¢;t; ). RMSD alignment is applied at each Euler step during integration to eliminate
irrelevant global moves, thereby improving training stability [50, 42]. Further details on the training
algorithm and inference procedure are provided in Supplementary Note B.2.

2.3 Equivariant neural network

The internal geometry of chromosome structures should remain invariant under global translation

and rotation. While RMSD alignment (Section 2.2) eliminates relative rigid-body motions between

ro andr 1, we further employ equivariant networks so that predictions transform correspondingly

with globally moved inputs. Speci cally, we train a denoising mofiglr ; t; ) with internal equiv-

ariant coordinate update layers as introduced in EGNN [51]:
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The superscript indexes message-passing layers, wiff? = r, andr'='mx = p,. Superscripts

i;j index chromosome beads, each representing a 250-kb genomic selyrtigritenotes the neigh-

bors of nodei. Although we use fully connected graphs in this study, the formulation naturally

extends to sparse graphs; are model-predicted weights.= 1 for improved numerical sta-

bility [52, 51, 53]. Because the update depends only on relative positions, Equation 7 ensures that

the outputr '*1 transforms consistently with the input under global motions, thereby preserving

intrinsic 3D geometry. This equivariant design also acts as implicit data augmentation: all rigidly

transformed variants of the same structure are inherently captured, thereby improving robustness

and data ef ciency. Further details are provided in Supplementary Note B.2.
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Figure 1: Overview of the ChromWeave framework. (A) Model architecture. Raw epigenomic
features are encoded into 1D epigenomic and 2D pair embeddings, which are passed to a ow-
based generative model. The learned ow velocity eld de nes an ODE that transforms an initial
noisy conformatiorr o into a sample ; resembling realistic chromosome conformation. (B) Flow
matching trajectory. Starting from Gaussian noise at0, the ow progressively organizes beads
(250-kb segments) into a structured conformatiot atl. Beads are colored by genomic index,
from red (low index) through yellow to blue (high index).

3 Results

We evaluated ChromWeave with an isotropic Gaussian noise prior. An overview of the ChromWeave
framework, including the encoder, embedding modules, and ow-based generative model, is shown
in Fig. 1A. An example ow-matching trajectory is shown Fig. 1B. Because chromosomes are
highly dynamic and the model is designed to capture distributions rather than single conformations,
all evaluations are based on ensemble averages and statistical properties. We present results mainly
for Chr2 beads 201-300, a region with clear and well-resolved structural features that highlights the
model's capabilities, and organize the analyses into two levels: (i) fundamental polymeric features
of chromosome folding and (ii) genomic-speci c structural characteristics. Analogous analyses for
another region (Chr2 1-100) are provided in the Supplementary Figures.

Fundamental polymeric features. At the ne scale, ChromWeave-generated ensembles preserve
bond connectivity: the bond-length distribution closely matches the true distriblRignS1A, see
alsoFig. S2A). At the global scale, the radius of gyrati®y (see Supplementary Note B.3 for

de nition) agrees well with experimental valueBi¢. S1B, see als&ig. S2B). These results indi-

cate faithful capture of both local connectivity and large-scale compaction. Moreover, ChromWeave
reproduces expected polymer scaling laws, including the power-law decay of contact probability
(Fig. 2A, see alsd-ig. S3A) and the scaling of mean pairwise distance with sequence separation
(Fig. 2B, see alsd-ig. S3B). These statistics capture the fundamental polymer physics of chromo-
somes, representing baseline behaviors any simple polymer would exhibit and providing a reference
for experimental validation. These ndings demonstrate that ChromWeave accurately models the
polymeric nature of chromosomes.

Genomic-speci ¢ structural characteristics. Beyond generic polymer behavior, ChromWeave
also captures locus-specic chromatin organization.  Average contact maps generated by
ChromWeave closely resemble the experimental enserkiige $A), with a Pearson correlation

of 0.9512 and a stratum-adjusted correlation coef cient (SCC) of 0.6697 (see Supplementary Note
B.3 for de nitions). Insulation score pro les (see Supplementary Note B.3), which quantify how
strongly genomic loci are insulated from their neighbors and help identify chromatin domain bound-
aries, also closely match experimental datig (3B, corr = 0:8302. Comparable analyses for an-
other region (Chr2 1-100) are shownHig. S4, where correlations are lower but the overall trends
remain consistent. These results further demonstrate that ChromWeave not only preserves generic
polymeric features but also reproduces biologically meaningful chromatin structure patterns such as
domain boundaries, while achieving these high- delity reconstructions with practical ef ciency.



Figure 2: Scaling laws of ChromWeave-generated chromosome conformations (chr2, beads
201-300). (A) Contact probability versus sequence separ@tido = 1 :0). (B) Reduced mean
pairwise distance versus sequence separation. Both are shown on a base-10 log-log scale.

Figure 3: Comparison of contact maps and insulation scores. (A) Mean contact maps for chr2 (beads
201-300), comparing the true ensemble (upper triangle) with ChromWeave-generated conforma-
tions (lower triangle). Reported similarity metrics include Pearson correlatmmn € 0:9512 and
stratum-adjusted correlation coef ciergdc = 0:6697). (B) Insulation score pro les for the same
region. ChromWeave predictions (orange) closely match the true data (blueyonith 0:8302

4 Conclusion

The ability to generate accurate and diverse 3D chromosome structure ensembles that re ect the
correct underlying distribution is crucial for understanding genome function. In this work, we
introduced ChromWeave, a data-driven generative framework that directly models chromosome
conformations in 3D from raw epigenomic features using equivariant ow matching. Unlike
approaches that rely on distance maps, expensive pretrained embeddings, or massive structure
datasets, ChromWeave builds physically consistent ensembles end-to-end. The equivariant design
and RMSD-based alignment make the model both data-ef cient and practically usable, yielding
high- delity structural distributions that closely match experimental MERFISH imaging data.

By combining generative modeling with equivariant architectures, ChromWeave offers an ef cient
alternative to polymer simulations and opens new opportunities for probing how epigenomic fea-
tures shape 3D chromosome organization. Future directions include scaling the framework to entire
genomes with memory-ef cient sparse graphs, improving ow matching with advanced transport
schemes, and performing ablations to identify which epigenomic features drive chromatin folding.
Incorporating additional biological priors such as nuclear landmarks and perturbations could expand
the framework's scope, while integration with pretrained genomic models could enhance accuracy
and generalization. In the long term, ChromWeave offers a path toward comprehensive, dynamic,
and multi-scale modeling of genome organization, bringing us closer to decoding the relationship
between 1D epigenomics and 3D structural dynamics.
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A Related Work

Our work is situated at the intersection of deep generative models for 3D structures and equivariant
neural networks, with a speci ¢ application to 3D genome organization.

Generative models for 3D molecular structures. The eld of 3D molecular structure modeling

has advanced rapidly since the breakthroughs of AlphaFold2 [23] and RosettaFold [24], which es-
tablished attention-based architectures [54] as powerful tools for protein folding. Building on these
foundations, diffusion- and ow-based generative methods [44, 45, 38, 41, 39] emerged as a second
stage, combining stable training with comprehensive mode coverage to enable high- delity, diverse
generation of complex molecular geometries. These methods provide systematic approaches for
modeling molecular conformations and binding poses [55, 56, 57, 58], and have been successfully
applied to de novo protein design, such as RFdiffusion [59]. While such approaches can generate
multiple plausible conformations, they are often anchored to experimentally determined structures
and therefore do not capture the full range of intermediate states beyond experimental measurements.
More recently, a third stage of models has extended this framework by incorporating molecular dy-
namics trajectories [26, 60, 25], enabling the modeling of structural ensembles and distributions that
include transient and intermediate states. Together, these advances mark a transition from predicting
isolated conformations to modeling full distributions of biologically relevant structures.

Equivariant neural networks. Symmetry is an intrinsic property of physical systems: when a
system is translated or rotated, its physical observables transform in a well-de ned manner. Equiv-
ariant neural networks encode these transformation rules directly into their architectures, ensuring
physically consistent outputs while reducing the need for explicit data augmentation, improving data
ef ciency. Early works on group-equivariant and steerable convolutional neural networks (CNNs)
[61, 62, 63] established the foundational framework of equivariant models. Tensor eld networks
(TFNs) were an early breakthrough, introducing tensor representations to achieve rotational equiv-
ariance on point clouds. Equivariant graph neural networks (EGNNSs) [51] further simpli ed the
design, enabling broad application in molecular and geometric learning tasks [52, 53, 64]. In
molecular dynamics, NequlP [65] marked a major leap by replacing handcrafted functions of in-
variant descriptors with an end-to-end equivariant force eld of unprecedented accuracy. Many
other architectures have extended these ideas and focused on scalability and richer interactions
[66, 67, 68, 69, 70, 71, 72, 73, 74]. Taken together, these advances trace a clear trajectory from
theory to state-of-the-art performance, with future efforts focused on simpler, more ef cient repre-
sentations that scale to large systems and extend to multimodal domains.

Computational modeling of 3D genome organization. Chromosome organization is intrin-
sically dynamic and complex, involving characteristic modes such as loop extrusion, domain
boundaries, and compartmental segregation that shape transcription, regulation, and replication
[75, 76, 2,77, 3, 5]. The advent of Hi-C provided the rst genome-wide maps of chromatin contacts
[29], establishing the foundation for subsequent computational modeling. Early efforts combined
polymer physics with experimental constraints or molecular dynamics to reproduce key principles
[78, 13, 14, 15, 16, 17, 18, 19, 20, 79, 80], but these simulations often underrepresent the heteroge-
neous and complex in uences of sequence, epigenome, proteins, and RNAs. Therefore, data-driven
approaches have emerged to better incorporate diverse and biologically relevant factors. These meth-
ods frame 3D genome organization as a statistical modeling task, learning probabilistic ensembles of
structures or population-level contact patterns directly from genomic features and high-throughput
assays [81, 82, 4]. Direct modeling of 3D structures provides more extensive knowledge of chromo-
some organization than 2D contact maps. While data-driven energy-based simulations [14, 16, 20]
and integrative genome modeling platforms infer structural ensembles from experimental data [83],
the computational cost of iterative sampling and optimization becomes prohibitive as system size
increases. Looking ahead, unifying diverse data modalities with physics-informed priors in dy-
namic probabilistic models and integrating them with modern generative frameworks, for example,
applications such as ChromoGen [35], offers a promising path toward more comprehensive and
mechanistic descriptions of chromosome organization at large scales.
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B Supplementary information

In this section, we provide additional details for the datasets, methods, and results.

B.1 Data preparation

Chromosome 3D structures We use high-resolution MERFISH data of chromosome 2 (Chr2)
from [9]. Each MERFISH probe covers 50kb. However, due to gaps between probes, we represent
each bead as a 250 kb segment. The bead position is determined by the centroid of its central 50 kb
sub-segment. If the central 50kb region is not probed, we label the bead as “unknown”, indicating
that while the bead physically exists, its 3D position is experimentally unresolved.

We used Chr2 region 0.15-241.9 Mb (hg38 assembly), which yields 967 beads in all (each bead
representing 250 kb). To normalize bond lengths, all 3D positions are scaled by the average bond
length computed from the available bonds in the training set. For Chr2, the training set average
bond length is 630.88 nm. Unless otherwise speci ed, reported distances are unitless and expressed
relative to this average bond length. The Chr2 MERFISH dataset is divided into training, validation,
and test sets with fractions of 80%, 10%, 10%, respectively.

Meanwhile, we observed that a small fraction of beads in the experimental structures are connected
by abnormally long bonds. These long bonds may not re ect true polymer conformations, but in-
stead arise from experimental limitations such as probe dropout, low uorescence signal, or displace-
ment errors during repeated imaging (as discussed in [9]). Such artifacts can introduce arti cially
stretched neighboring bead distances (i.e., bond lengths).

Raw genomic features Since the MERFISH Chr2 data was measured in IMR90 cells, we down-
loaded processed ENCODE les for IMR90 using GRCh38 as the reference genome [84]. We
treated the values from these processed les as raw genomic features for downstream modeling.
Speci cally, we included the following features: CTCF, RAD21, SMC3, POLR2A, H3K27Ac,
H3K4me3, H3K36me3, H3K9me3, H3K4mel, H3K27me3, DNase-seq, and ATAC-seq. CTCF
and cohesin subunits (RAD21, SMC3) play crucial roles in establishing topologically associating
domains (TADs) and loop extrusion [85, 86]. Active transcriptional machinery (POLR2A) re ects
sites of high transcriptional activity, which often colocalize with accessible chromatin and contribute
to the spatial clustering of transcriptionally active regions (“transcription factories”) [87, 85]. Hi-
stone modi cations further distinguish functional chromatin states: active marks (e.g., H3K27ac,
H3K4me3, H3K36me3) highlight regulatory elements and euchromatic compartments, whereas re-
pressive marks (e.g., H3K9me3, H3K27me3) are enriched in heterochromatic regions [88]. Because
chromatin of similar type tends to spatially associate [29, 30], these euchromatin and heterochro-
matin markers are highly informative for 3D genome organization. Accessibility assays (DNase-
seq, ATAC-seq) further capture open chromatin regions that often coincide with regulatory hubs
[89, 90, 91, 92]. Together, these features are closely associated with genome organization and are
widely available, suggesting that our model may generalize to other chromosomes if the same fea-
tures are provided. Future ablation studies can further identify key factors that contribute most to
chromosome organization at the target scale.

Batch loader When training, we sample subchains of lengths uniformly from rd86g128]

Since samples of varying lengths are concatenated in one batch, a valid mask(&;dzg.) is
constructed, wherB is batch size anlll 4 is the longest chain length in the batch. This valid mask
distinguishes valid beads from padded ghost beads. Note unknown beads are still valid and labeled
as True or 1 in the valid mask.

B.2 Method details

Overview We rst describe the model components (encoder and decoder) with their pseudocode
(Algorithms 1, 2, 3, 4, 5). We then specify the ow-matching objective, RMSD alignment strategy,
and loss. Finally, we present the training and inference procedures (Algorithms 6, 7). Masks for
padded beads are applied in batched settings but omitted in pseudocode for brevity.
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B.2.1 Model components

Encoder: ESM folding block The encoder transforms raw genomic features and relative index
into epigenomicti) and pair £) embeddings. With pair-biased attention (Algorithm 1) and trian-
gular modules (introduced in AlphaFold [23], with slight modi cations), the ESM folding block
(Algorithm 2) re nes inputs to achieve representative 1D epigenomic and 2D pair embeddings.

Algorithm 1 Pair-biased attention
Require: Input epigenomic embeddiry, pair embedding, bool variablesagg-pair , use-gate

y  LayerNorm(h) .y;h 2 Rb dse
g:k';v  Reshape(LinearNoBiasy)) kvl 2 RE Gheaa i 2F 1000 Npeadd)
bhar  LinearNoBias(z) - Bair 2 R- L
AI_ q (k') = _dhead'l' bIpair : Af 2R E
W'  Softmax(A'") .Wi2R- L
Vigg W'V . Vigg2 RE deas

if agg-pair then
deontext = n?gads (Ohead*+ dpair)

(Zhgdid = Wik Zikd .z2R- b Gzl 2 RE dear

¢ Concatlvyyy VA Zays 1t Zhsed c2 RL deontex
else

deontext= Nheads Ghead

¢ Concat[viyy:::;vhge ¢ 2 RL eontext
end if

if use-gate then

g  Sigmoid(Linear(y)) . g2 R- deonen
c g c

end if

hou Linear(c) . hoy2 RE Usea

return h oyt

Algorithm 2 ESM folding block, following ESMFold [93] with some modi cations
Require: Epigenomic embedding, pair embedding, PairBiasedAttention with agg-pair =
False, use-gate = True
h  h + Dropout ., (PairBiasedAttention( h; z))
h  h + Dropout 4 (Linear(ReLU(Linear(LayerNorm( h)))))
g;k  Linear(LayerNorm(h))

zjj zj +Linear(Concat[qi Kkj;a Kj]) ) 211000 Lg
z  z + DropoutRowwise ., (TriangleMultiplicationOutgoing( z))
z  z + DropoutRowwise ., (TriangleMultiplicationincoming( z)) . Here ESMFold

appliesDropoutColumnwise, but we useDropoutRowwise as AlphaFold [23] does
z  z + DropoutRowwise ., (TriangleAttentionStartingNode( z))

z  z + DropoutColumnwise ., (TriangleAttentionEndingNode( z))

z  z +Dropout (. (Linear(ReLU(Linear(LayerNorm( z)))))

return h;z
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Decoder: Attention-EGNN Given epigenomic and pair embeddings (ile.andz) produced

by the encoder, as well as tinteand and input positions, the embeddings (Algorithm 3) and
positions are updated iteratively with attention-based EGNN network (Algorithm 4, 5). Inspired by
the invariant point attention (IPA) algorithm in AlphaFold [23], the network architecture of bioemu
[25] and FrameDiff [48], this framework applies the spatial pair distance information as attention
bias, updates epigenomic and pair embeddings in a graph network style, and nally use equivariant
update [51] for positions to preserve 3D symmetry.

Algorithm 3 Fourier ow time encoding, inspired by [54, 25]

Require: t 2 [0; 1], model size&dmogel

I, =10000 2=dmederj 2 1:::::ng, N = Omoger2 . d model IS €vVen
P=(1agiin)
=1000 t !

return Concat(sin( );cos( ))

Algorithm 4 Attention-EGNN block

Require: Epigenomic embedding, pair embedding, positionsr, PairBiasedAttention with
agg-pair =True, use-gate = False
Update epigenomic and pair embeddings:
Zjj z;j + DistanceEncoding(jr; rjj) Sy 21100 Lg
h  h + Dropout ., (PairBiasedAttention( h; z))
h  h + Dropout . (Linear(Dropout 4., (GELU(Linear(LayerNorm( h))))))
hO Linear(h) . h02 Rb (d2) dgoqis even
m Concatfh iO; th; Zjj ] .mj 2 Rseq* dpair
m m + SiLU(Linear(SiLU(Linear(LayerNorm( m)))))
z  Linear(m)

Equivariant update of positions:

re (o =i ri+) .o=1
Pij Concatfh;; h;j; zj;

Wi taangLinear(SiLU(Linear(SiLU(Linear(LayerNorm( Pi M) w2 L1]
I ri + i Wijj ri(j)

return h;r;z

Algorithm 5 Attention-EGNN
Require: Epigenomic embeddinky, positionsr , pair embedding, timet
h  Linear(LayerNorm(h)) + TimeEncoding( t) . TimeEncoding is Algorithm 3
z LinearNoBias(LayerNorm(z))
for i in 1;:::; ndecodergo
h;r;z  AttentionEGNNBIock j(h;r;z)
end for
return h;r;z

B.2.2 RMSD alignment and loss

Flow matching with RMSD alignment We apply ow matching (FM) [38, 39, 40, 41] to train a
time-dependent velocity eld mode (r; ), where denotes training parameters, which de nes a
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mapping between two distributions. A general overview of FM is provided in Section 2.2. In our
setting, we must handle 3D symmetries without being affected by arbitrary global translations or ro-
tations. To address this, we perform RMSD alignment with the Kabsch algorithm [46] during both
training and inference. Existing studies have proved the effectiveness of applying certain alignment
step to preserve correct symmetry and facilitate ef cient transformation [50, 26, 58, 94, 60]. Fol-
lowing AlphaFlow [26]: During training we aligmg to r; before interpolation. During inference,

we alignrPPE to r°y before Euler step integration. Importantly, we establish the following result:
Theorem 1. If ro is RMSD-aligned t@ 1, then the linear interpolation; = (1  t)ro+try (t2

[0; 1]) remains RMSD-aligned to; .

This theorem ensures consistency between training and inference: during tragisgligned to
r1, so the interpolatiom; preserves alignment, thereby allowing for the alignment &= to r’y
during inference.

Proof. Suppose; (t 2 [0;1]) 2 RN 3 is the matrix of interpolated coordinates. The Kabsch
algorithm [46] rst translates both point satsandr ; so their centroids coincide at the origin, then
nds the optimal rotatiorR to minimizekrR  r1k2 (herer andr are already centered at the
origin).

kiR rokZ =tr(r>r)+tr(ryry) 2tr(R”r>ry): (8)
Therefore, minimizinkrR  r1kZ over all rotationsR is equivalent to maximizing(R>r”ry).

Sincerg is already aligned ta 1, thusry andr, are already centered at the origin. The linear
interpolationr; = (1  t)ro + try is also centered at the origin. To show thais already aligned
tor 1, we prove that identity rotatioR = | maximizesr(R> r{ r1). We compute

tr(R7r7r1) =@ t)tr(R7ro ry)+ ttr(R7riry): 9)
Sincer g is already aligned to;, tr(R>rgr1)  tr(rg r1) with equality atidentity rotatioR = | .
To show thattr(R>r7rq) tr(rjry), asrjrq is symmetric positive semide nite, its eigende-

compositionig 7 r; = Q> DQ , whereD is diagonal with non-negative diagonal elements, @nd
is orthogonal. De neS = QRQ ~, thenS is orthogonal, and

tr(R>riry) =tr( R>Q>DQ): (10)
Use the property that( AB ) =tr( BA ), we get

x@
tr(R>Q>DQ)=tr( QR>Q>D)=tr( SD) = SiDiji: (11)
i=1
SinceS is orthogonal, its diagonal elements satigyj 1. Thus,
> > >@ >@ > > >
tr(R7ryrq) = Sii Dii Di =tr(D)=tr( QQ"D)=tr( Q" DQ) =tr( ryra):
o1 o1
1 1 (12)
The upper bound is achieved wh8r= | , R = | . Thereforefr(R”>r; r;) achieves maximum
whenR = |, sor is aligned tor ;. O

Loss function The canonical loss function for ow matching is the CFM loss (Equation 3). As
noted in Section 2.2, the CFM loss can be reparameterized as position-wisg,dgdsaining the
model to predict a clean structufe close tor ; givenr; andt. To better capture biologically mean-
ingful contacts, we introduce an additional auxiliary pairwise logg. The overall loss function
L(r1;r4) is a weighted combination of the two loss terms:

L= Lpos(f‘\l;rl)"'(l )Lpair(r\l;rl); (13)
where is a hyperparameter that balances their relative contributions. The position-wide,$gss
is the primary loss, while the auxiliary pairwise loss underscores the important pair contacts, which
are closely relevant to genomic functions. Similar auxiliary losses have also been applied in protein

generative models to promote physical backbone con gurations and essential inter-residue contacts
[48, 95].

To describe the position-wise loss in detail, we rst classify beads into 3 categories:
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1. Unknown beads beads whose positions are not experimentally measured. They are ex-
cluded from the loss, although the model still predicts their coordinates.

2. Not well-bonded beads known beads connected with abnormally long borels50),
likely re ecting experimental artifacts.

3. Well-bonded beads all other beads.

The position-wise term is de ned as

8
<0; unknown bead

w; = 0:2; notwell-bonded bead (14)
T otherwise

P 2
L _ |:bWi kf\l r 1k .
pos 1w > 0]
Here H ] denotes the indicator function, which equals 1 if the condition is true and O otherwise.

Thus, ; 1[w; > O] counts how many beads contribute to the position-wise loss. &jrisaligned
tor; to eliminate arbitrary translation or rotation, the position-wise loss is well-de ned.

(15)

Bead pairs are categorized similarly:

1. Unknown pairs: any pair involving at least one unknown bead.
2. Bad pairs: any known pair involving at least one not well-bonded bead.
3. Good pairs: all other known pairs.

The pairwise loss is de ned as
=) 2
q Wi b g

L pair = — 1[Wij > 0] ;

i<j

(16)

Wherec'i\ij means the predicted pair distance'iny andd; is the corresponding distance in ground-
truthr ;. The weight factow; is given by
Wi = i jj  NigcaOr dij deutotr]
1[Pair(i;j ) is known an
(0:2+0:8 1[Pair(i;j ) is good)
Thus, only known pairgi;j ) that are sequentially clos@ ( jj  Niocal) OF spatially closed;
fhoutoft) CONtribute to the loss. Bad pairs are down-weighted by a fact@2f The denominator
i< 1[w; > 0] counts the number of contributing pairs. The best performance was achieved

when the noise distributiopy was Gaussian and = 0:98. This corresponds to the results reported
in the paper.

B.2.3 Training and inference

Algorithms 6 and 7 summarize the detailed training and inference procedures. The hyperparameters
of the model reported in the main text am,, = 12;dseq = dpair = 80; hidden = 160; Nheads =

8; ngmgef: 8; Nigcal = 10; deytoff = 1:0. Inspired by [26], the time sampling schediles de ned

as follows: with probability 0.2f = 0; otherwiset is sampled uniformly fronfO; 1].

B.3 Analysis

Here we introduce the metrics and methods used for analysis.

Radius of gyration By viewing each bead with equal weight, the radius of gyratiy) (s de ned
as s
P
N N
i, kri rk2 g T
— i=1 ! . — i=1 1.
Rq N ;T N (18)

HereN is the total number of beadBg captures the global size of the conformation.
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Algorithm 6 Training algorithm

Require: Raw epigenomic features of full sequencefull chain structure$ R g
forall fRgdo
Preprocessing:

Uniformly sample continuous subchain indicgsvith given lengthL

Get subchain positions;  R[S] .r{2R- 3
Get subchain raw genomic features: Xx[S]  x 2 RN 9
Encoder:
hi  SiLU(Linear(LayerNorm( x;))) . hj 2 RUs«a
Zjj AbsoluteRelativeIndexEmbedding (i jj) . Bucketized embedding;; 2 RYpair,
for i in 1;:::; ngncederdo

h;z  ESMFoldingBlock; (h;z) .h 2R ez 2 RE L dhar
end for

Decoder / ow:

Sample T . T is a uniform distribution if0; 1]
Samplero  po . o2 Rt 3;pg is a 3D isotropic Gaussian
Align: ro  RMSDAlign(ro;r1)

Interpolater; tro+(1 t)rg . ryis also aligned to ;

h;fr;z  AttentionEGNN( h;ry;z;t)
Optimize losd = Loss(*;r1)
end for

Insulation score The insulation score was rst proposed in [96] to identify topologically associ-
ating domain (TAD) boundaries. In this work, we follow the implementation provided in cooltools
[97], which computes the mean contact frequency within a local square (“diamond”) window of
sizew along the Hi-C. For an average contact n@2 R- - and window sizew, the local mean
contact at position is de ned as

P, P,
i=1, k=i Cik
li:ﬁji—P.—; (19)
=1, k=il
i =max(1;i w+1); hi=min(L;i +w 1) (20)

and normalized by the median across all bins to get the insulation Score

median(l ) : (21)

i =
Each bin in our data represents 250 kb, and wanset4 , corresponding to 2 Mb neighborhood
around each bin. Valleys in insulation score pro le indicate reduced cross-domain contacts and are
interpreted as candidate TAD boundaries.

Pearson correlation coef cient For two arrays of equal lengthsandy, the Pearson correlation
coef cient is de ned as

P
1 L )Y,
n (x) (v) ’ 2

wherex is the mean ok, and (x) is the standard deviation &f. To ensure the variance is well-
de ned,n 2is required.

corr(x;y) =

18



Algorithm 7 Inference algorithm for structure generation

Require: Raw epigenomic features of target sequexnce
Preprocessing and Encoder:

h;  SiLU(Linear(LayerNorm( x))) . hj 2 RYsea
Zjj AbsoluteRelativelndexEmbedding(i  jj) . Zj 2 Rsea
for i in 1;:::; ngncoderdo

h;z  ESMFoldingBlock;(h;z)
end for

. Re ned embeddingk; z are now ready for the decoder

Decoder / Integration Loop:
Sample an initial noisy structurey  po .rg2 RN 3
Set number of integration stepstime step t =1=n
Initialize: rOPE 1y
fortinO; t:::;(n 1) tdo
h;r;z  AttentionEGNN( h; rPPE; z;t)
rOPE  RMSDAlign( rOPE; 1) . RMSD alignr tor;
% (M rOPH=1 )
rOPE, IO+t
end for
return NYPE

Stratum-adjusted correlation coef cient (SCC) When comparing two contact mags C° 2

Rt L, a direct correlation over all entries is biased by genomic distance, since loci that are se-
guentially close tend to exhibit higher contact frequencies. To address this, the stratum-adjusted
correlation coef cient (SCC) [98] is de ned as a weighted correlation across strata:

length(f Ci;i + ¢g); if length(fCii+qg) 2and 42 [ 1;1]

47 0, otherwise (23)
a4 = corr(f Ci;i; a0, fCY 440 (wg > 0); (24)
L1
scc(C; CY = %‘W: (25)
d=1 Wd

Here, length denotes the number of elements in the stratum, and unknown contacts are omitted.
wy = 0 if the correlation within thed-th stratum is not well-de ned. SCC reduces the bias from
short-range contacts and provides a more reliable measure of global structural similarity.
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Figure S1: Bond length and radius of gyration distributions of Chr2 201-300, which is the same
region of the results shown in the main text.
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Figure S2: Bond length and radius of gyration distributions of Chr2 1-100, obtained using the same
model as in the main text. This figure parallels Fig. S1 but applies the analysis to a different genomic

region.
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Figure S3: Scaling laws of ChromWeave-generated chromosome conformations of Chr2 1-100,
obtained using the same model as in the main text. This figure parallels Fig. 2 but applies the
analysis to a different genomic region.
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Figure S4: Comparison of contact maps and insulation scores for Chr2 1-100, obtained using the
same model as in the main text. This figure parallels Fig. 3 but applies the analysis to a different
genomic region.
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