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8 Abstract

9 Understanding how genomic sequences shape three-dimensional (3D) genome architecture is funda-
10 mental to interpreting diverse biological processes. Although previous studies have shown that sequence
11 information can predict 3D genome architecture, they fall short in capturing cell type—specific structures
12 because they are trained solely on sequence inputs. The widely available Hi-C data, which contain rich
13 structural information across biosamples, can provide complementary features to sequence data for study-
14 ing cell type—specific architectures. Recently, DNA foundation models have demonstrated encouraging
15 performance in capturing long-range genomic dependencies, holding promise for modeling chromatin
16 interactions. However, the extremely high computational cost of running these models limits their appli-
17 cability to Hi-C analysis, which requires genome-wide sequence embeddings. Here, we present Evo2HiC,
18 a multimodal foundation model that jointly models genomic sequences and structures to study cell type-
19 specific chromatin structure. The key idea of Evo2HiC is to distill a large-scale DNA foundation model,
20 Evo 2 (7B), into a compact encoder, while guiding the distillation with Hi-C data to preserve genomic
21 features critical for 3D genome analysis. The model supports two types of encoders, one that operates
2 directly on DNA sequences, and a second that additionally takes as input corresponding Hi-C data. Using
23 the DNA-only encoder and predicting Hi-C contact matrices, Evo2HiC improved Spearman correlation
2 by 10.9% over Orca. Moreover, by jointly embedding Hi-C and sequence information Evo2HiC achieved
25 the best overall Pearson correlation when predicting five representative epigenomic assays. Interpreta-
26 tion analysis of Evo2HiC revealed its ability to identify cell type—specific sequence motifs that explain
27 changes in epigenomic signals. Finally, we demonstrated the cross-species generalizability of Evo2HiC on
28 177 species from the DNA Zoo dataset for Hi-C resolution enhancement. In summary, Evo2HiC is a foun-
29 dation model that integrates genome sequences and 3D chromatin structure information, substantially
30 reduces computational cost while maintaining state-of-the-art accuracy on predicting various epigenomic
31 signals and genome architecture, enables the identification of cell type-specific motifs, and demonstrates
2 robust generalizability across species.
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» Introduction

»  Understanding how genetic information flows from the DNA sequence to downstream biological processes
55 is fundamental across diverse biological contexts, including development [1, 2, 3], evolution [4, 5, 6], and
s disease [7, 8,9, 10, 11, 12]. Within the nucleus, this genetic information is organized into a three-dimensional
s structure that profoundly influences essential genome functions, including DNA replication, transcription,
s cell differentiation, and cellular senescence [13]. To characterize this spatial organization, a variety of experi-
s mental techniques, such as Hi-C [14], GAM [15], SPRITE [16], and HiChIP [17], have been developed to map
w0 chromatin architecture and DNA-DNA interactions across the genome, generating a large number of contact
s matrices in which the axes represent genomic loci and the matrix values reflect their spatial proximity in
22 three dimensions.

a3 Meanwhile, genomic sequence encodes features such as CTCF binding motifs and CpG islands that act
w  as key determinants of chromatin loops, domains, and compartments, thereby shaping the three-dimensional
s genome architecture [18, 19]. Building on this principle, several computational methods, including Orca [20],
s Akita [21], and DeepC [22], have been developed to predict chromatin organization directly from DNA
s sequences, revealing the underlying relationships between chromatin sequences and structure.

a8 However, because current approaches are trained solely using sequences as inputs, they need to be
w0 retrained when analyzing a new cell type. This failure to generalization across cell types makes it challenging
s for these models to characterize cell type-specific chromatin interaction patterns. One potential solution is
51 to jointly train a model using genome sequences and Hi-C data. In contrast to genome sequences, which
s allow us to extract high-resolution but 1D features, a Hi-C contact matrix directly delivers 2D patterns but
s3 18 typically analyzed at coarse resolution (e.g., 10 kb [14]) due to sequencing depth constraints. Therefore,
sa high-resolution 1D features derived from genome sequences and 2D features from low-resolution contact
ss matrices provide complementary information for deciphering cell type-specific chromatin structures.

56 Jointly analyzing Hi-C data and genome sequences requires a model to process millions of bases as input,
s posing substantial challenges for capturing long-range dependencies. Recently, a series of DNA sequence
s foundation models have demonstrated strong performance across diverse genomic tasks [23, 24, 25, 26] due
5o to their ability to model long-range dependencies. For instance, the recently developed DNA foundation
o model Evo 2 can process sequence windows up to one million base pairs [27], demonstrating its capacity to
e capture distal genomic interactions. Despite this potential, applying DNA foundation models to chromatin
6 structure prediction remains computationally demanding for several reasons. First, Hi-C data represent
6 Ppairwise genomic interactions, requiring simultaneous analysis of two DNA sequences, which doubles com-
6 putational cost. Second, embeddings for the whole genome must be computed even when only near-diagonal
e contacts are of interest. Third, models such as Evo 2 require high-end GPUs, such as NVIDIA H100s,
e to support efficient inference, further limiting accessibility for many experimental laboratories lacking such
67 computational resources.

68 To this end, we propose Evo2HiC, a multimodal foundation model for jointly analyzing DNA sequence
e and Hi-C contact matrices. The key idea is to distill the powerful but expensive DNA foundation model
o Evo 2 into a much smaller model that maintains the long-range modeling ability of Evo 2 but requires fewer
n  computational resources. Instead of directly distilling Evo 2 to a small model, we jointly project Evo 2 and
7 our model to a shared Hi-C embedding space. This approach allows the distillation to focus on features
73 that are critical to the chromatin structure. The resulting embedding space can be used as an encoder for
7 downstream applications that involve Hi-C data and DNA sequence data. This distilled encoder reduces the
7 time and memory requirements for downstream applications by a factor of 500 compared to Evo 2.

76 We demonstrate the versatility, effectiveness, and interpretability of Evo2HiC for studying cell type-
77 specific chromatin architecture. We observe a strong consistency between Evo 2-based embeddings and
7 those produced by Evo2HiC. Evo2HiC achieves the best performance in predicting Hi-C contact matrix
7 directly from sequence, with a 10.9% improvement in Spearman correlation over Orca [28]. Moreover,
o Evo2HiC achieves state-of-the-art performance in predicting five representative types of epigenomic signals,
a1 including DNase, CTCF, H3K27ac, H3K27me3, and H3K4me3. Interpretation of the model further reveals
& cell type—specific sequence motifs that explain observed changes in epigenomic activity. The distilled encoder
e in Evo2HiC also exhibits strong cross-species generalizability when using only Evo 2 human embeddings.
By jointly leveraging genomic sequences and low-coverage contact matrices, Evo2HiC achieves the best
s performance over four existing methods for Hi-C resolution enhancement across 177 species.
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86 In summary, Evo2HiC is a multimodal foundation model that jointly models genome sequences and 3D
g7 chromatin structures. By distilling large-scale DNA language models into a compact architecture grounded
e in Hi-C data, Evo2HiC substantially reduces computational cost while maintaining high predictive accuracy
s across diverse tasks, including predicting the Hi-C contact matrix from DNA sequence, epigenomic signal
o prediction, and Hi-C resolution enhancement, and further demonstrates cell type-specific interpretability
o1 and cross-species generalizability.

» Results

s Overview of Evo2HiC

o Evo2HiC aims to learn a lightweight encoder capable of capturing megabase-scale long-range interactions
s that are critical for Hi-C data analysis (Fig. 1). To achieve this, we distill the 7 billion-parameter Evo 2
o model into a compact CNN-based genome sequence encoder consisting of seven layers and totaling 3.6 million
o7 parameters, trained on 1.2 million 2 kb human genomic bins. Given the nearly 2000-fold reduction in model
os size, it is infeasible for the CNN encoder to retain all information from Evo 2. Therefore, we encourage
9 the model to focus on genomic features most relevant to the chromatin structure. To this end, we leverage
w0 Hi-C data to guide the distillation process. Specifically, we optimize two contrastive learning objectives:
1w one aligns the sequence embeddings from the CNN encoder with those from Evo 2, and the other aligns
12 the CNN-based embeddings with Hi-C patch embeddings produced by a Hi-C encoder. We deliberately
w03 avoid direct alignment between Evo 2 and the Hi-C encoder to mitigate the computational burden arising
s from large-scale 2D contact matrices and genome-wide embeddings. Following these two alignment steps,
105 the resulting CNN-based genomic sequence encoder serves as our encoder for embedding genomic sequences.
10s  The co-embedded representation, which concatenates embeddings from both Hi-C contact maps and genomic
w7 sequences across the entire human genome, further enables downstream applications, such as Hi-C resolution
108 enhancement and epigenomic signal prediction.

w Evo2HIiC preserves the genomic sequence features from Evo 2

no  We first examined whether the distilled CNN-based encoder can preserve genomic sequence features from
m  Evo 2. To this end, we compared pairwise similarities between 2 kb human genomic sequences embedded by
2 Evo 2 and by Evo2HiC (Fig. 2a,b). The embeddings showed a strong correlation of 0.63, markedly higher
us  than the 0.13 correlation achieved by the same CNN architecture trained without Evo 2 distillation (see
1 Methods). Given that Evo 2 was pretrained on 128,411 species, we next asked whether the distilled encoder
us  trained only on human data could generalize to other species. Indeed, when evaluated on 78,255 2 kb mouse
ue  genomic sequences, Evo2HiC achieved substantially higher correlation with Evo 2 compared to the non-
ur  distilled CNN encoder (Fig. 2c,d), indicating successful transfer of cross-species genomic representations.
118 Having confirmed that our model retains Evo 2—derived genomic features, we next assessed whether
e these features benefit Hi-C analysis. On a held-out set of genomic sequence and Hi-C patch pairs, we
120 compared the performance of identifying the corresponding Hi-C patch using sequence embeddings distilled
i from Evo 2 (Fig. 2e-f, Supplementary Figure 1). Our embeddings achieved higher recall and lower
122 average rank than those from the encoder trained without Evo 2 on both human and mouse datasets,
123 demonstrating the relevance of Evo 2 features for capturing chromatin organization. The performance gain
124 was more pronounced in mouse, whose sequence data were never used during training, suggesting improved
125 cross-species generalizability likely stemming from Evo 2’s multi-species training.

126 Beyond accuracy, Evo2HiC offers substantial computational efficiency. In contrast to Evo 2’s computa-
127 tionally expensive inference, Evo2HiC employs an efficient CNN-based architecture, achieving up to 500-fold
s faster inference at a genomic sequence length of 70 kb (Fig. 2g, Supplementary Figure 2).

129 Finally, we explored whether the co-embedding space learned from genomic sequences and Hi-C contact
130 matrices could capture functional genomic activity. Visualization of the epigenomic scores from different
wm assays (H3K27me3, H3K27ac, DNase, CTCF, H3K4me3) revealed clear spatial patterns in the co-embedding
122 space (Fig. 2h-j, Supplementary Figure 3), highlighting its potential for predicting diverse epigenomic
133 signals.
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Figure 1: Overview of Evo2HiC. Evo2HiC is a multimodal foundation model that integrates Hi-C contact map
and DNA sequence. It exploits distillation to learn a compact CNN-based sequence encoder from large-scale DNA
foundation model Evo 2, while encouraging this distillation to focus on genomic features that are more critical to the
chromatin structure. By integrating sequence and contact matrix, Evo2HiC allows cross cell-type and cross-species
generalizability, further improving the performance on predicting epigenomic signals, chromatin structure analysis,
and cell type-specific motif identification.
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Figure 2: Examining the embedding space of Evo2HiC. a,c, Scatter plots comparing the embedding similarity
between pairs of 2 kb sequences using Evo 2 and Evo2HiC on human (a) and mouse (c). b,d, Scatter plots comparing
the embedding similarity between pairs of 2 kb sequences using Evo 2 and a CNN encoder trained without Evo 2
distillation on human (b) and mouse (d). e,f, Comparison between Evo2HiC and the Evo2HiC without Evo 2 on
retrieving the most similar Hi-C patch using the corresponding genomic sequences in terms of average rank and recall
on human (e) and on mouse (f). g, Comparison of inference cost for genomic sequences of different lengths between
Evo 2 and Evo2HiC. The Evo 2 cost increases with larger genomic sequence length, whereas Evo2HiC (red star)
has a low inference cost. h-j, UMAP visualization of the embeddings of genomic sequences by Evo2HiC, colored by
epigenomic signals of H3K27me3 (h), H3K27ac (i), DNase (j).
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Figure 3: Genome structure prediction from sequence. a—h, Comparison among Evo2HiC, Orca, and Evo 2
for predicting Hi-C contact maps from genomic sequence input. Metrics are Spearman correlation on Hi-C contact
counts (a, e) and Pearson correlation on insulation score (b, f). a—d are results on the HIESC cell line and e—h
are results on the HFF cell line.

1 Evo2HiC predicts Hi-C contact matrix using genome sequences

135 Before jointly analyzing genome sequence and Hi-C data, we first evaluated the ability of the sequence encoder
s in Evo2HiC to predict Hi-C contact matrices (Fig. 3a—h, Supplementary Figure 4,5,6). Specifically, a U-
137 Net—based decoder was trained to generate Hi-C contact patches from the learned sequence embeddings. We
s compared Evo2HiC with Orca, which employs a hierarchical sequence encoder to predict contact matrices,
13 and with Evo 2, which uses the same U-Net-based decoder as our model. The latter comparison serves as
1w an ablation to assess the intrinsic quality of our sequence encoder.

141 Across two human cell lines, HIESC and HFF, Evo2HiC outperformed both Orca and Evo 2 in terms of
12 Spearman correlation on the Hi-C contact counts (Fig. 3a,e, Supplementary Figure 4). When evaluated
13 by insulation score (Fig. 3b,f, Supplementary Figure 5), which reflects the organization of topologically
e associating domains (TADs), Evo2HiC also achieved the highest performance, demonstrating its capacity to
us capture fine-grained 3D chromatin features. Notably, the improvement over Orca was even more pronounced
us for long-range contacts, partially due to Evo2HiC’s ability to capture long-range interactions (Fig. 3a,e).

1w Evo2HiC predicts epigenomic profiles

s Next, we leveraged the joint embedding of Hi-C and genomic sequences learned by Evo2HiC to predict
19 epigenomic signals using a transformer-based decoder trained on five representative assays: DNase accessi-
10 bility and ChIP-seq for CTCF, H3K27ac, H3K27me3, and H3K4me3. In the cross-chromosome evaluation,
151 Evo2HiC substantially outperformed the Hi-C-only baseline and Evo 2, both of which used the same decoder
12 as Evo2HiC but took only Hi-C data alone or Evo 2 embeddings as input, achieving an average improvement
153 of 34.7% over the Hi-C-only baseline and 26.2% over Evo 2 across all assays (Fig. 4a,b, Supplementary
1z« Figure 7a,b). Under the more challenging cross-cell-line and cross-chromosome setting, Evo2HiC also sur-
155 passed both models in three out of five assays (Fig. 4c, Supplementary Figure 7c). A closer examination
156 of the predicted profiles further revealed that Evo2HiC captures fine-grained genomic activity (Fig. 4d),
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Figure 4: Comparison on predicting epigenomic signals. a,b, Comparison on predicting epigenomic signals in
the cross chromosome setting on GM12878 (a) and HIESC (b). ¢, Comparison on predicting epigenomic signals in
the cross cell line and cross chromosome setting on K562. d, Comparison between the predicted epigenomic signal
by Evo2HiC and the observed epigenomic signals in the GM12878 cell line (chr9:2 Mb - 3 Mb).
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17 reflecting its strong ability to integrate sequence and structural representations.

55 EKvo2HIiC identifies interpretable cell type-specific motifs

150 Identifying motifs that drive epigenomic signal variation is essential for understanding genome function.
1o Evo2HiC enables cross—cell type prediction by jointly leveraging both the genome sequence and Hi-C contact
w1 maps. In particular, we calculate attribution scores for each base pair in the DNA sequence conditioned on
12 the Hi-C contact maps, and identify motifs with enriched attribution scores for each cell type (see Methods
163 for details).

164 We applied our cell type-specific interpretability framework to two human cell lines: HI1ESC and
s GM12878 (Fig. 5a). By using independent gene expression data from the ENCODE project [29], we com-
166 puted a differential expression score (A log(expression)) of each motif between two cell lines. We observed
1wz that cell type—specific motifs exhibited substantially higher differential expression compared to shared motifs
s (Fig. 5b,c). As an additional validation, our framework identified the CTCF motif as a shared motif across
1o both cell types, consistent with its well-established role in chromatin organization (Fig. 5d—f).

170 For cell type—specific motifs, we further observed higher expression levels in their corresponding cell lines.
i  To further quantitatively assess motif relevance, we introduced an attribution enrichment score (Fig. 5¢),
12 which measures the proportion of motif-associated regions receiving high attribution scores relative to back-
3 ground regions. All cell type—specific motifs exhibited strong attribution enrichment, demonstrating Evo2HiC
s ’s ability to precisely identify regulatory motifs that are both structurally and transcriptionally relevant in
s a cell type—specific manner. As a control, the K562 cell line showed neither high expression nor elevated
e attribution scores for motifs specific to HIESC and GM12878, confirming the specificity of our findings.

177 Moreover, the discovered cell type—specific motifs align well with previous studies. For instance, IRF
s family motifs were specifically enriched in GM12878, consistent with their established role in mediating cell
w  type-specific transcription factor binding [30]. RARG binding motifs were identified in HIESC, consistent
1o with prior work linking RARG to retinoic acid—induced enhancer activation and increased H3K27ac 8n
11 embryonic stem cells [31]. These observations support the biological relevance of the motifs recovered by
12 our framework. Finally, Evo2HiC can provide more fine-grained interpretability by localizing active motif
13 binding sites (Fig. 5g). By contrasting epigenomic signal predictions between contact matrices with and
18« without the chromatin loop, we can distinguish active from inactive binding sites, further elucidating the
15 context-dependent activity of regulatory motifs.

s Evo2HiC demonstrates strong generalizability across 177 species

157 As Evo 2 is pretrained on multiple species, we hypothesized that the genomic sequence encoder distilled from
188 Evo 2 using only human sequences might generalize to other species. To verify this, we evaluated Evo2HiC
1o on the Hi-C resolution enhancement task, which takes genomic sequences and low-coverage Hi-C matrices
1o as input and aims to reconstruct the corresponding high-resolution contact matrices. In this setting, a U-
11 Net—based decoder was used to generate Hi-C contact patches from the combined embeddings of genomic
12 sequences and Hi-C patches.

103 We first evaluated performance on 14 human contact maps and observed that Evo2HiC achieved the
e best results across all four evaluation metrics (Fig. 6a), demonstrating the effectiveness of jointly leveraging
15 sequence and contact information for Hi-C resolution enhancement. To assess cross-species generalization,
106 we next applied Evo2HiC to 11 mouse contact maps, where the mouse genomic sequence embeddings were
w7 generated without access to Evo 2 mouse embeddings (Fig. 6b, Supplementary Figure 8). Nevertheless,
108 Evo2HiC still achieved the best performance, with 5.9% improvement in Spearman correlation and 2.5%
19 improvement in SSIM over the best competing method, confirming its ability to generalize beyond the
200 species used for distillation.

201 Finally, we extended the evaluation to the DNA Zoo dataset by collecting genomic sequences and Hi-
22 C contact matrices from 177 species (Fig. 6¢c, Supplementary Figure 9). Without utilizing Evo 2
203 embeddings for these species, Evo2HiC still outperformed the state-of-the-art HICARN2 model on 157 out
sa of 177 species, further supporting its robustness and generalizability across diverse species.
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Figure 5: Identifying cell type-specific motifs for interpreting epigenomic signal changes. a, Number
of shared and cell type-specific motifs identified for GM12878 and K562 by Evo2HiC. b,c, Log expression change
between cell type-specific motifs and shared motifs on GM12878 (b) and HIESC (c). d, Shared and cell type-specific
motifs identified for GM12878 and HIESC by Evo2HiC. e,f, Gene expression (e) and attribution enrichment (f) of
different motifs across two cell types. Attribution enrichment is calculated by the SHAP attribution score of that
motif against random sequences. CTCF is a shared motif. SPIB, IRF2, PRDMI1 are identified GM12878-specific
motifs. RARG, GLI2, YY1 are identified HIESC-specific motifs. g, Evo2HiC reveals the active binding site for a cell
type-specific motif for more fine-grained interpretation of epigenomic signal changes.
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Figure 6: Evo2HiC enables cross-species analysis on the DNA Zoo data. a,b, Comparison on resolution
enhancement in human (a) and mouse (b) across four metrics. ¢, Comparison on resolution enhancement on 177
species using DNA Zoo. Bar heights indicate the relative improvement over HICARN2 by Evo2HiC in terms of
Spearman correlation.
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» 1Discussion

206 We have presented Evo2HiC, a lightweight and effective computational framework for jointly analyzing Hi-C
207 contact matrices and genomic sequences. The key idea of Evo2HiC is to distill a large-scale DNA foundation
28 model (Evo 2) into a much smaller encoder, while guiding the distillation with Hi-C data to retain genomic
20 features critical for three-dimensional genome analysis. We systematically evaluated Evo2HiC across three
20 major applications: (1) predicting Hi-C contact matrix from genomic sequences, (2) predicting epigenomic
au profiles from joint Hi-C and sequence embeddings, and (3) enhancing Hi-C resolution by integrating Hi-C
a2 and sequence. The superior performance across all tasks confirms the effectiveness of our joint modeling
a3 framework. Moreover, Evo2HiC enables interpretable analysis by identifying cell type—specific sequence
24 motifs that explain the observed epigenomic profiles, offering mechanistic insights into how 3D genome
a5 architecture regulates essential genomic functions.

216 Despite the promising results of Evo2HiC, several limitations remain that we aim to address in future
ar work. First, beyond Evo 2, a growing number of DNA foundation models [23, 24, 25] have demonstrated
z2s strong performance across diverse genomic tasks. We plan to investigate how distilling a compact encoder
29 from multiple foundation models could further enhance the robustness and generalizability of our model.
20 Second, while our results on predicting epigenomic signals has demonstrated potential for studying gene ex-
a1 pression, we intend to extend it to directly predict RNA-seq profiles [32], which could provide deeper insights
2 into how 3D chromatin organization influences gene expression. Third, in the current work we extracted
23 embeddings from Evo 2 by freezing its parameters, as the model’s size makes fine-tuning computationally
24 challenging. We plan to develop efficient fine-tuning strategies [33, 34] that enable adapting Evo 2 with Hi-C
»s data, potentially unlocking its full capacity for chromatin structure analysis.
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» Methods

2 Overview of Evo2HiC

»s  Evo2HiC has three main components: the Hi-C encoder, the DNA encoder, and task-specific heads for
29 downstream applications.

230 The Hi-C encoder employs a CNN-based architecture, comprising an initial cross-embedding layer and
o two residual blocks. The cross-embedding layer applies three convolutional operations to the Hi-C matrices
2 with kernel sizes of 3, 7, and 15, producing feature maps of dimensions 64, 32, and 32, respectively. These are
23 concatenated to form a 128-dimensional Hi-C embedding. Subsequently, two residual blocks are incorporated
2 to enhance the encoder’s representational capacity. In addition to standard residual blocks, ours are modified
25 to adapt to multiple resolutions of Hi-C, allowing for the capture of chromatin architecture at different scales:
26 the input embedding is pooled at multiple scales (with pooling sizes of 1, 2, 4, and 5) before applying 3x3
27 convolutional layers. The resulting multi-resolution embeddings are then concatenated and projected back
23 to a 128-dimensional representation.

239 The DNA encoder adopts a two-stage architecture. In the first stage, a 1D convolutional encoder processes
20 the one-hot encoded DNA sequence together with the DNA mappability track to generate 1D embeddings.
a1 The architecture of this stage is adapted from Orca [28] and consists of seven stacked 1D residual blocks
22 with kernel sizes of 9 and channel dimensions of 64, 96, 128, 128, 128, 128, and 128, respectively. Each
23 residual block is preceded by a max-pooling layer with pooling sizes of 1, 4, 4, 5, 5, 5, and 1, progressively
as  downsampling the input sequence to produce embeddings at an effective resolution of 2 kb. In the second
xs  stage of the DNA encoder, the 1D embeddings corresponding to the row and column indices of the Hi-C
26 matrix are combined by summation and passed through a multi-resolution module identical to that used in
27 the Hi-C encoder. The resulting representations are then projected back into a 128-dimensional embedding
248 Space.

» Evo 2 embeddings

20 To reduce computational cost, we precomputed Evo 2 embeddings on reference genomes (hg38 for training
s and evaluation, and mm10 for evaluation only). Specifically, we performed inference using the official Evo 2-
»2 7B checkpoint, extracted embeddings from layer 27, and averaged them within non-overlapping 2 kb bins,
»3  following the protocol described in the Evo 2 paper. To further improve efficiency, inference was conducted
s on 60 kb subsequences with a 50 kb stride along the genome. Because Evo 2 was designed with a causal
s mask (i.e., each token can only see tokens before it), we discard the initial 10 kb of each subsequence to avoid
s edge effects. Inference was performed on both DNA strands, and the resulting strand-specific embeddings
»7  were concatenated to obtain the final Evo 2 representations of dimension 8192.

» Hi-C data

»9  For pretraining, we collected high read-depth Hi-C contact maps from a wide range of sources. The dataset
%0 comprises 149 Hi-C maps curated from ENCODE [29] and 4DN [35], including experiments based on in
s situ Hi-C, intact Hi-C, and Micro-C protocols. We performed training, validation, and testing splits across
%2 both species, cell lines, and chromosomes. Specifically, the dataset includes 138 human Hi-C maps, of which
23 124 maps from 46 cell lines were used for training and 14 maps from 6 cell lines were held out for testing.
»%s  Additionally, 11 mouse Hi-C maps from 4 cell lines were used exclusively for testing. For all contact maps,
25 chromosome 8 was reserved for validation, while chromosomes 9 and 10 were left out for testing.

» Pretraining

%7 During pretraining, two complementary distillation processes were jointly applied to inject prior knowledge
%8 into the encoders. The first process is sequence distillation, where Evo 2 acts as the sequence teacher and the
20 DNA encoder as the student, guiding the encoder to capture sequence-level patterns such as transcription
oo factor motifs. The second process is structure distillation, in which the Hi-C encoder extracts structural
an knowledge and serves as the structure teacher, transferring knowledge of 3D chromatin organization to help
a2 the DNA encoder learn structurally relevant representations.
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273 In sequence distillation, we adopt a contrastive learning framework to inject Evo 2’s knowledge into the
an DNA encoder. Specifically, embeddings derived from the same genomic sequence by Evo 2 and the DNA
a5 encoder are treated as positive pairs, while embeddings from different sequences are treated as negative
o pairs. This setup encourages the DNA encoder to learn an embedding space consistent with that of Evo 2.
ar - At each training step on a single GPU, we randomly sample six 200 kb regions from the human genome
as training chromosomes. The DNA encoder produces 1D DNA embeddings for every non-overlapping 2 kb
a0 bin within these regions, with 20 kb trimmed from both edges to avoid boundary artifacts, yielding 480
20 embeddings of dimension 128. The corresponding pre-computed Evo 2 embeddings for these 2 kb bins are
s then retrieved. To enrich the pool of negative samples, we additionally sample 20,480 bins across the genome
»  and obtain their Evo 2 embeddings. This procedure results in 10,060,800 sample pairs in total, of which
23 480 are positive. To perform the contrastive alignment, additional linear projection layers are appended to
2sa both the DNA encoder and Evo 2 embeddings, mapping them into a shared 512-dimensional space. The
285 contrastive distillation loss follows the formulation of SigLIP [36] and is defined as

Ngeq Mse 1
Seq Z Z 1 + eZij(—tseqTiyjtbseq)’

5eq i=1 j=1

26 where Ngeq and M,e, denote the numbers of DNA encoder and Evo 2 embeddings, respectively; z; and y;
27 represent the ¢-th DNA encoder and j-th Evo 2 embedding; z;; equals 1 for positive pairs and —1 for negative
28 pairs; and tseq and bgeq are learnable temperature and bias parameters that modulate the contrastive scale.
289 In the structure distillation stage, we adopt a similar contrastive learning framework to transfer structural
20 knowledge, such as chromatin loops and topologically associating domains (TADs), from Hi-C contact maps
2 into the DNA encoder. Specifically, for each 2 kb x 2 kb pixel, the Hi-C encoder extracts an embedding
20 from the Hi-C patch centered at that pixel, while the DNA encoder computes a corresponding 2D embedding
203 using the DNA sequences of the row and column bins defining the patch. Within the contrastive framework,
2 Hi-C and 2D DNA embeddings from the same pixel are treated as positive pairs, whereas embeddings from
25 different pixels are treated as negative pairs. At each training step on a single GPU, we randomly sample
26 six 200 kb x 200 kb submatrices at 2 kb resolution from the human Hi-C contact map within a 500 kb
27 diagonal window, excluding the validation and test chromosomes. For each submatrix, eight Hi-C contact
¢ maps are randomly selected, and the Hi-C encoder computes embeddings for every pixel across these maps.
20 The embeddings from these eight contact maps are then averaged to obtain the final Hi-C embeddings for
a0 pixels. The DNA encoder generates the corresponding 2D DNA embeddings for all pixels, as described in
s the previous section. To avoid boundary effects, embeddings at both 20 kb borders are discarded. This
s procedure yields a total of 1,474,560,000 sample pairs, among which 38,400 are positive. Similarly, the
33 contrastive distillation loss follows the formulation of SigL.IP and is defined as

E 1 Nstruct Nsﬂ'uct 1 1
struct — Z Z Wi (—tstruct®iVj+bstruct)’
struct 7 j=1 +e

304 where Ngiryer denotes the number of Hi-C and 2D DNA embeddings, u; and v; represent the s-th Hi-C and
w05 j-th 2D DNA embedding, respectively, w;; equals 1 for positive pairs and —1 for negative pairs, and sty
s and b, are learnable temperature and bias parameters that control the contrastive scaling.

307 The final pretraining objective is defined as

L= Eseq + Lstru(ﬁt'

s Using this loss, we trained the model on four NVIDIA A100 GPUs with Adam optimizer, an initial learning
s0 rate of 1074, and a total of 50,000 training steps, which was determined based on convergence on the
a0 validation set.

a1 Details on measuring embedding space similarity and retrieval

sz After distilling knowledge from Evo 2 and Hi-C, we evaluated whether the DNA encoder learned an embed-
a3 ding space consistent with Evo 2. To perform this analysis in the original Evo 2 space, we fitted a linear
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s transformation from the 128-dimensional 1D DNA embeddings to the 8192-dimensional Evo 2 embeddings
a5 using a least-squares objective on chromosome 9. The learned transformation was then applied to 1D DNA
a6 embeddings from chromosome 10 of the human genome (hg38) and chromosome 4 of the mouse genome
s (mml0). Finally, we quantified the similarity between embedding spaces by comparing pairwise similarities
sis among DNA bins in the Evo 2 space and in our DNA encoder’s transformed space. 5000 pairs of bins were
a9 sampled, and the similarity between each pair in the two spaces was computed. The Spearman correlation
20 coefficient (SPC) between these two lists of distances was reported as the final measure of embedding-space
s similarity.

32 Next, we assessed whether the encoders successfully captured structural knowledge by evaluating their
w3 ability to retrieve Hi-C pixels directly from the corresponding DNA sequences. For computational efficiency,
a4 retrieval was restricted to Hi-C pixels located at the same distance from the diagonal within the test chromo-
s somes. We computed the cosine similarity between Hi-C embeddings and 2D DNA embeddings. We reported
26 the top-1, top-5, and top-10 recall (where top-k recall indicates that the positive pair appears within the k
a7 most similar pairs), the average rank of the positive pairs, and the similarity change between positive pairs
s and negative pairs.

» Predicting Hi-C contact maps

s For Hi-C contact map prediction, we used 4 kb—resolution Micro-C data from the HIESC and HFF cell lines,
s normalized with SCALE normalization [37]. For both cell lines, chromosome 8 was reserved for validation,
s and chromosomes 9 and 10 were used for testing. Notably, the HIESC cell line was entirely held out during
33 pretraining, and the validation and test chromosomes of the HFF cell line were also excluded from the
s pretraining data.

335 We designed a U-Net—style architecture [38] as the decoder for this task, which takes 2D DNA embeddings
36 as input and outputs the target Hi-C submatrices. In particular, this U-Net-style architecture is an encoder-
37 decoder architecture with skip connections, where the encoder utilizes three residual blocks to extract features
s at different granularities, while the decoder employs another three residual blocks to generate the desired
a0 output [38]. We fine-tuned Evo2HiC separately for the two cell lines. During fine-tuning, we randomly
auo  sampled submatrices of size 1120 kb x 1120 kb along the diagonal of the Hi-C matrix. Each GPU processed
s a batch of seven submatrices, resulting in a total batch size of 28 across four NVIDIA A100 GPUs. The
sz model was trained using the mean squared error (MSE) loss:

1
Lyse = NHP —t|3,

a3 where p and t denote the predicted and target Hi-C submatrices, respectively, and N is the submatrix size.
s Data augmentation was applied by randomly flipping both the Hi-C submatrices and the corresponding
us  DNA sequences with a probability of 0.5, where flipping refers to reversing the DNA sequences to their
us reverse-complement strand and mirroring the Hi-C submatrix along both row and column axes. In addition,
s the DNA sequences were randomly shifted by 100 bp. The model was trained using the Adam optimizer with
ue an initial learning rate of 10~* for a total of 20,000 steps. For evaluation, we applied the model to predict
a1 Mb x 1 Mb sliding windows along the diagonal of the Hi-C matrices with a stride of 0.5 Mb. Because
0 the model was trained to predict 1120 kb x 1120 kb submatrices, we trimmed 80 kb from the top and left
s borders and 40 kb from the bottom and right borders to match the target window size.

35 We next prepared Orca and Evo 2 as baselines for Hi-C contact map prediction. For Orca, since our eval-
33 uation uses the same data sources, we directly downloaded the Orca predictions from the official repository
s and followed the provided instructions to convert them back into Hi-C contact maps. For Evo 2, we replaced
s the 2D DNA embeddings with the pre-computed Evo 2 embeddings and used the same decoder architecture
s and fine-tuning objective to predict Hi-C maps from Evo 2 embeddings.

357 To evaluate model performance, we followed a widely used scheme based on distance-stratified correlation
3¢ and insulation score correlation [39]. For distance-stratified correlation, pixels in the Hi-C matrices were
10 grouped by their distance to the diagonal. The Spearman correlation coefficient (SPC), Pearson correlation
ss0  coefficient (PCC), and Peak signal-to-noise ratio (PSNR) were computed between predicted and target values
s1 within each group. For insulation score correlation, we used cooltools [40] to calculate the insulation score for
32 each bin in the submatrices and reported the Pearson correlation coefficient (PCC) and Peak signal-to-noise
sss ratio (PSNR) between the predicted and target insulation profiles.
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s Predicting epigenomic profiles

s For epigenomic signal prediction, we collected DNase-seq, ChIP-seq CTCF, ChIP-seq H3K27ac, ChIP-seq
s H3K27me3, and ChIP-seq H3K4me3 data for the GM12878, H1ESC, and K562 cell lines from ENCODE
w7 (accession codes in Supplementary Table 1). As in pretraining, chromosome 8 was reserved for validation,
%8 and chromosomes 9 and 10 were used for testing. The entire K562 cell line was additionally held out for
w0 testing to assess the model’s ability to generalize to unseen cell types. All epigenomic signals were binned
so  at 2 kb resolution. To normalize signal scales across cell lines, we computed the 90th percentile value (q) of
sn the signal distribution and used 20 X ¢ as a cutoff threshold, normalizing signal intensities to the range [0,1].
s We confirmed that in every cell line, fewer than 1% of bins were truncated by this procedure, indicating that
sz nearly all information was preserved.

374 We next designed a transformer-based decoder to predict these epigenomic signals from multimodal
s embeddings. The decoder takes 1D DNA embeddings and Hi-C embeddings as input to predict epigenomic
s signals. Specifically, the Hi-C embeddings were computed with the Hi-C encoder for a 320 kb x 2 Mb region
sz centered along the diagonal and then averaged over the 2 Mb dimension to obtain 1D representations. These
sz 1D Hi-C embeddings were concatenated with the 1D DNA embeddings to form the input to the transformer
so decoder. The decoder consists of 11 transformer encoder layers with a base hidden dimension of 256 and
0 employs Rotary Position Embedding (RoPE) [41] to encode positional information.

381 For the finetuning process, the model predicts epigenomic signals within a 320 kb window, using as input
2 a 320 kb DNA sequence together with a 320 kb x 2 Mb Hi-C submatrix centered along the diagonal. The
33 fine-tuning loss combines cosine similarity and mean squared error (MSE), defined as

1
Lyse = NHp—tH%,
_pt
Ipll2lt]2’
L=Lyse+ Lcos,

Lcos =

s where p and ¢ denote the prediction and target, respectively, and IV is the size of target sample. The model
s was fine-tuned with a total batch size of 16 across four GPUs using the Adam optimizer, an initial learning
s rate of 1074, and a total of 50,000 steps.

387 We evaluated Evo2HiC against two baseline models. The first baseline, a Hi-C—only model, uses the same
s architecture as Evo2HiC but excludes DNA sequences from the input. The second baseline, an Evo 2-only
0 model, employs the same decoder but replaces DNA sequences with pre-computed Evo 2 embeddings and
o removes Hi-C input. Because the Evo 2—only model lacks cell line-specific structural information, we trained
s separate models for each cell line, including the leave-out cell line. Model performance was evaluated using
52 Pearson and Spearman correlation coefficients (PCC and SPC) between the predicted and target epigenomic
33 signals over the test chromosomes.

s ldentifying cell type-specific motifs

s We identified cell type-specific motifs by attributing epigenomic signal variation to individual base pairs.
w6 Specifically, we used the DeepLiftShap [42] algorithm implemented in tangermeme [43] to compute attribution
a7 scores for each base pair in the DNA sequence, conditioned on the Hi-C contact map of a given cell type.
s DeepLiftShap was applied to every 320 kb window along the test chromosomes with a stride of 240 kb,
w0 excluding windows containing unknown bases. We next obtained a precomputed, genome-wide catalog of
w0 motif matches [44]. For each motif, we assessed whether its matching sites were associated with higher
w1 attribution scores compared to the local background. A high-attribution site was defined as one whose
w2 average attribution score exceeded the chromosome-wide mean by at least five standard deviations. The
w3 local background was defined as the flanking region extending ten times the motif length on each side. We
wa  then quantified the fold enrichment in the proportion of motif sites with high attribution scores relative
ws to their local background and computed the corresponding p-values using Welch’s z-test. To control for
w6 multiple testing, we applied the Benjamini-Hochberg false discovery rate (BH-FDR)) procedure to all motifs
w7 within each cell type. Motifs enriched in a cell type were defined as those with at least 80 high-attribution
we  sites and a BH-FDR-adjusted p-value below 1072, Cell-type-specific motifs were further defined as those
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w0 enriched in one cell type but not in any other. We additionally identified cell type—specific motif clusters
a0 based on a previously reported motif-similarity analysis [44]. Specifically, cell type-specific motif clusters
a1 are clusters that have at least one enriched motif in a cell but no enriched motif in another. Finally,
a2 the cell-type—specific motifs and motif clusters were cross-validated using RNA-seq data from ENCODE
a3 (accession codes in Supplementary Table 2), where transcript-per-million (TPM) values served as an
as  external indicator of motif activity across cell types. For motif clusters, the TPMs of all enriched motifs in
a5 the cluster are summed as the TPM for the cluster.

s Resolution enhancement across different species

a7 For resolution enhancement, Evo2HiC takes DNA sequences and low-coverage Hi-C matrices as input to
as reconstruct high-coverage Hi-C contact maps. The model adopts a U-net—style decoder, similar to the one
a9 used for predicting Hi-C contact maps. We fine-tuned Evo2HiC on our pretraining dataset using the same
w0 data split, simulating low-coverage inputs through binomial downsampling with a ratio of 1/16. The training
a1 set includes only human cell lines. To better leverage DNA sequence information, we trained the model on
2 Hi-C matrices at 2 kb resolution. In addition, we introduced a multi-resolution mean squared error (MSE)
w3 loss to mitigate sparsity at this fine resolution, defined as

1

»Cmr = 5
|R|

Z [meanpool,.(p) — meanpool,.(t)||3,
reR

22 where p and t denote the predicted and target Hi-C contact maps, respectively; R denotes the set of resolu-
«s tions, and in practice R = {2 kb, 4 kb, 8 kb, 10 kb}; meanpool,.(-) denotes average pooling to resolution r.
w6 We fine-tuned the model with a total batch size of 128 using the Adam optimizer, an initial learning rate of
w2 107%, and 200,000 optimization steps.

228 We first evaluated model performance on the held-out test cell lines from the pretraining dataset, which
w29 include six human and four mouse cell lines. Four metrics were used for evaluation: Peak signal-to-noise
a0 ratio (PSNR), Structural similarity index measure (SSIM), and distance-stratified Pearson and Spearman
s correlation coefficients (PCC and SPC). The distance-stratified PCC and SPC are computed within distance-
a2 specific groups of bins and averaged across groups. Following prior work [45], all metrics were computed at
a3 10 kb resolution within a 2 Mb genomic distance. To further assess Evo2HiC’s cross-species generalization,
s we obtained Hi-C contact maps and DNA sequences from the DNA Zoo dataset [46]. DNA sequences and
s Hi-C matrices were paired following the DNA Zoo protocol, resulting in 177 sequence—contact map pairs.
a6 Using the downsampled low-coverage Hi-C maps and corresponding DNA sequences, we reconstructed the
s original high-resolution maps and reported distance-stratified SPC and PCC as the evaluation metrics.

438 As baselines, we included HiCNN [47], HICARN1, and HiCARN2 [45], following their original training
a0 procedures but replacing their datasets with our pretraining data.

«» Code Availability
s Evo2HiC is accessible at https://github.com/CHNFTQ/Evo2HiC, including the model weights and relevant

w2 source code, released under the Apache License 2.0. We include detailed methods and implementation steps
a3 in the Methods and Supplementary Information to allow for independent replication.
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Supplementary Figure 1: Evaluation of the embedding space of Evo2HiC. a,b Comparison between Evo2HiC
and the Evo2HiC without Evo 2 on retrieving the most similar Hi-C patch using the corresponding genomic sequence
on human (a) and mouse (b). y-axis is the gap between positive pairs and negative pairs.
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Supplementary Figure 2: Comparison of the inference memory. Memory cost for the inference of one genomic
sequence with different lengths between Evo 2 and Evo2HiC.
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Supplementary Figure 3: UMAP visualization. UMAP visualization of the embeddings of genomic sequences by
Evo2HiC. a is the average epigenomic signal over CTCF, DNase, H3K27ac, H3K27me3, and H3K4me3. b is the
epigenomic signal of CTCF and ¢ is H3K4me3.
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Supplementary Figure 4: Distance-stratified metrics on genome structure prediction from sequence. a—d,
Comparison among Evo2HiC, Orca, and Evo 2 for predicting Hi-C contact maps from genomic sequence input.
Metrics are Pearson correlation (PCC) (a, c¢) and Peak signal-to-noise ratio (PSNR) on Hi-C contact counts (b, d).
a,b are results on the HIESC cell line and c,d are results on the HFF cell line.
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Supplementary Figure 5: Genome structure prediction from sequence evaluated using insulation score.
a—b, Comparison among Evo2HiC, Orca, and Evo 2 for predicting Hi-C contact maps from genomic sequence input

in terms of the Peak signal-to-noise ratio (PSNR) of insulation score on the HIESC cell line (a) and the HFF cell
line (b).
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Supplementary Figure 6: Visualization of genome structure prediction from sequence. a,b, Visualization of
predicted and observed Hi-C contact maps for the HIESC cell line (a) and the HFF cell line (b). In each visualization,
the lower-left corner shows the predicted matrices from Evo2HiC, Orca, and Evo 2, respectively, while the top-right
corner shows the observed matrix.
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Supplementary Figure 7: Evaluation on predicting epigenomic signals. a,b, Comparison on predicting epige-
nomic signals in the cross chromosome setting on GM12878 (a) and HIESC (b). ¢, Comparison on predicting
epigenomic signals in the cross cell line and cross chromosome setting on K562.
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Supplementary Figure 8: Comparison on resolution enhancement in mouse (b) across four metrics between Evo2HiC
and HiCNN.
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Supplementary Figure 9: Comparison on resolution enhancement on 177 species using DNA Zoo. Bar
heights indicate the relative improvement over HHCARN2 by Evo2HiC in terms of Pearson correlation.
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Supplementary Table 1: Accession codes of the datasets used for predicting epigenomic profiles.

Assay GM12878 H1ESC K562

Hi-C 4DNFIIUEGIHD 4DNFIQYQWPF5 4DNFITUOMFUQ
DNase ENCFF960FMM ENCFF573NKX ENCFF4140GC
CTCF ENCFF644EEX ENCFF332TNJ ENCFF534ITO
H3K27ac ENCFF469WVA ENCFF919FBG ENCFF381NDD
H3K27me3 ENCFF486WAD ENCFF321JUJ ENCFF242ENK
H3K4me3 ENCFF280PUF ENCFF493QWY ENCFF911JVK

Supplementary Table 2: Accession codes of the RNA-seq datasets used for validating cell type-specific motifs.

Assay GM12878 H1ESC K562
RNA-seq ENCFF345SHY ENCFF9100BU ENCFF928NYA
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