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[bookmark: _Toc155724618]Data collection and preprocessing
[bookmark: _Toc155724619]Three experimental distal elements datasets
[bookmark: OLE_LINK1]To examine the ability of the distal candidate CREs identified by the Basenji2-long model to replicate existing experimentally-validated distal elements, we collected three experimental datasets of distal elements in maize: (a) Li’s PDI dataset that was obtained by ChIA-PET, with antibodies against histone modifications of H3K4me3 and H3K27ac in the immature ear and shoot tissues of maize [1]; (b) Oka’s enhancer dataset that was obtained with low DNA methylation levels using bisulphite-sequencing (BS-seq) data, chromatin accessibility using DNase-seq, H3K9 acetylation using ChIP-seq and differential expression using RNA-seq in V2 stage inner stem tissue (V2-IST) and husk tissue [2] and (c) Peng’s proximal-distal-interaction (PDIs) dataset that was obtained by RNA Polymerase II (RNAPII) occupancy and histone modification profiles marked by H3K4me1, H3K4me3, and H3K27ac using ChIP-seq in maize seedlings [3].  After data collection, for a fair comparison between experimental distal elements and candidate CREs identified by the Basenji2-long model, we filtered out the experimental distal elements located more than 100-Kbp upstream or 20-Kbp downstream from the target gene, resulting in processed datasets.
[bookmark: _Toc155724620]QTL dataset
To explore the potential biological functions of the candidate CREs, we performed an overlap analysis between the candidate CREs and already reported quantitative trait locus (QTL). We collected four types of QTL data including agronomic, metabolite, methylation, expression QTLs determined in a pan-Zea population including 721 pan-Zea individuals [4]. We filtered out the QTLs with a P-value below the specified threshold. For agronomic QTLs, we set the threshold at 1e-5; for metabolite, methylation, we used a threshold of 1e-7 to obtain the processed datasets. We applied a threshold of 1e-7 for expression QTLs and retained eQTLs located within 120 kb upstream and downstream of the target genes to obtain the processed datasets. These eQTLs were subsequently compared with the CREs predicted by our model for the same target genes (Fig. 2E, Additional file 2: Fig S5C).
[bookmark: _Toc155724621]Traditional representative signals for inferring regulatory elements
To explore genome-wide potential functions of the candidate CREs with existing biological knowledge, we collected four putative regulatory elements dataset: (a) a dataset of transcription factor binding sites obtained by 200 ChIP-seq experiments involving 104 TFs using the maize protoplast system [5]; (b) an open chromatin dataset obtained by ATAC-seq in eight tissues including ear, flag leaf, flower, root, tassel and young leaf of maize [6]; (c) a dataset of H3K9ac ChIP-seq peaks obtained by H3K9 acetylation using ChIP-seq in two tissues, V2-IST and husk [2]; (d) a dataset of conserved noncoding sequences (CNS) identified in maize and sorghum using a sensitive sequence alignment pipeline [7]. The processed data is used to perform overlap analysis and enrichment analysis with the candidate CREs (Additional file 2: Fig S5B).
[bookmark: _Toc155724622]Computational techniques and method details
Input sequences of the Basenji2-3K-B73 model
We obtained TSS-proximal input sequence which contains 2K-bp promoter, 300-bp 5’UTR, 500-bp 3’UTR, and 200-bp terminator downstream of TTS for a total of 37,979 genes (the remaining genes have no UTR annotations). Additionally, we applied a similar strategy to process TSS-proximal input sequences for three other model plant species (Additional file 3: Table S11). 
Input sequences of the Basenji2-3K-NAM model
We downloaded assemblies and annotation files of B73 (v5) and all NAM founders from https://download.maizegdb.org/. We extracted the TSS-proximal input sequence for each inbred line and performed the similar preprocessing steps as the Basenji2-3K-B73 model. To ensure the data quality (see section "Output of maximal maize gene expression for Basenji2-3K NAM model”), we finally obtained a large dataset consisting of B73 (v5) and 22 NAM founder with valid outputs. The total sample size has increased from 37,979 in B73 (v4) to 848,848 in pan-genome data (Additional file 3: Table S12). For other three species, we adopted similar preprocessing steps for pan-genome models (Additional file 3: Table S13-15).
It should be noted that the Basenji2-long model used the input sequences extracted from the maize B73v4 reference genome, which is convenient for comparing with existing knowledge, including genomic component, PDIs, QTL et al, all described with B73v4 genome coordinates. While the Basenji2-3K-NAM model used the genome annotations, genome sequences and gene expression released by NAM Sequencing Consortium, which sequenced and assembled the 25 NAM maize genomes and the fifth version of the maize B73 inbred line (B73v5) together.	
Output of maximum gene expression for the Basenji2-3K-NAM model
We downloaded gene expression files for each inbred line of the maize NAM population from https://datacommons.cyverse.org/browse/iplant/home/maizegdb/maizegdb/MaizeG DBqTellerFPKM/NAM_qTeller_FPKM/NAM_qTeller_FPKM_averaged. FPKM values were transformed into TPM values and were log2-scaled. The maximum value for each gene across all RNA-seq experiments was used as the expression level of that gene. Due to the abnormal distribution of gene expression levels, three inbred lines of Ki11, NC350 and P39 (Additional file 2: Fig S12) were removed, and we finally constructed a large pan-genome dataset consisting of B73 and 22 NAM founders. The output of pan-genome models for other three species can be found at https://github.com/liulifenyf/plant-basenji2. 
[bookmark: _Toc155724623]The detailed model architecture of the Basenji2
The Basenji2 model includes seven convolutional blocks, eleven dilated residual blocks, a convolution layer and a final fully connected layer [8]. For the convolutional block comprises the following operations (Additional file2: Fig S1):
1. Convolution (width 15 in the first layer and 5 in the six subsequent layers)
1. Batch normalization
1. Gaussian Error Linear Unit (GELU) activation
1. Max pool (width 3 in the first layer and 2 in the six subsequent layers)
The dilated residual block was developed to spread information across the sequences and model long-range interactions. The detailed operation is as follows:
1. Dilated convolution (width 3, dilation rate d, CM/2 filters)
1. Batch normalization
1. GELU activation
1. Convolution (width 1, back to CM filters)
1. Batch normalization
1. GELU activation
1. Dropout probability of 0.3
1. Addition with the block input representation before step 1
The Basenji2-3K model
The Basenji2-3K-B73 model and the Basenji2-3K-NAM model share a similar architecture with the Basenji2-long model. Due to its shorter input length, we only made some minor adjustments. Specifically, the Basenji2-3K model has a CM of 512 and includes four dilated convolution layers. The remaining is identical to the Basenji2-long model.
[bookmark: _Toc155724624]Details of interpretability methods via base contribution analysis
We adopted several interpretation strategies of deep learning to quantify the importance of each base of an input sequence (see the “Methods” section). Notably, the gradient × input method is faster but might be affected by noisy gradients and saturation of the nonlinearities. The Occlusion method allows for the customization of the sliding window size and step size based on prior biological knowledge and can yield smoother curves. However, the Occlusion method may be extremely slow for large inputs. Considering the properties of these two interpretation strategies, we adopted the gradient × input method for the Basenji2-long model (width = 500-bp) and the Occlusion method for the Basenji2-3K model (l=10, s=1). 
[bookmark: _Toc155724625]Details of cis-regulatory elements (CREs) identification by peak calling algorithm
We chose Vgt1 as a famous example to show the whole process of CRE identification (Additional file 2: Fig S4). Vgt1 (vegetative to generative transition 1) is a major ﬂowering-time quantitative trait locus (QTL) and positioned 70-Kbp upstream of an Ap2-like transcription factor named ZmRap2.7 [9]. We first calculated contribution scores using the gradient × input method (the third to last panel of Additional file 2: Fig S4A), and found as anticipated that the TSS-neighboring region is most important with very high base importance score. In the second-to-last panel of Additional file 2: Fig S4A, a total of 15 candidate CREs were demonstrated (with red color at summit of each peak) after filtration and peak-calling with the parameters as q= 97.5, w=10, d=1000, width=500 (see the “Methods” section). In the last panel, we demonstrated the tissue-specific CREs based on the omics-modified contribution score using the chromatin accessibility data [10] and CG methylation data [11]. Importantly, let us focus on the second peak from the left (Zm00001d010987-CRE-2, chr8:135945701-135946701), which is consistent with the putative Vgt1 QTL [9]. Moreover, the candidate CRE has abundant common epigenomic signals in other panels. Another example of tb1 was similarly shown (Additional file 2: Fig S4B). These examples demonstrate that our in-silico identification of CREs appears to be effective in identifying known distal enhancers.
[bookmark: _Toc155724626]Biological implication of candidate CREs
We next examined the consistency between the newly-identified CREs and existing putative CREs inferred with epigenomic signals. Previous studies designed multiple experiments to infer CREs, such as conserved noncoding sequence [7], open chromatin [6], transcriptional factor binding sites (TFBS) [5] and histone modification of H3K9ac [2]. After performing an overlap analysis between the 745,684 candidate CREs with the four experimental results mentioned above, we found that the most enriched one is H3K9ac (Additional file 2: Fig S5A-B) with the overlap covering 97.12% regions (36.10M/37.17M) of H3K9ac (Additional file 3: Table S6), which is generally believed as a typical signal for distal enhancers in maize [2]. This observation implies that the candidate CREs have replicated the majority of distal enhancers that are determined by epigenomic signal of H3K9ac. 
In order to explore genome-wide potential functions and biological implication of the candidate CREs, we next examined how the candidate CREs overlap with combinations of the four types of epigenetic signals and drew an UpSet plot of Venn diagram for demonstration (Additional file 2: Fig S5B). Unexpectedly, the overlapping number with single H3K9ac is relatively small (16,810 CREs), but the overlapping numbers with combined signals have obviously increased (33,754 CREs with H3K9ac+CNS, 62,948 CREs with H3K9ac+CNS+ATAC and 60,902 CREs with all four types), implying that the candidate CREs have large amounts of conserved enhancers with high chromatin accessibility.
We next naturally focused on those candidate CREs displaying overlap with QTL (Candidate CREs and other features were considered overlapping if they shared ≥1 bp) and we tried to use them as a bridge to study the relationship between agronomic traits and TEs as well as other genome components (Additional file 3: Tables S8-9). To this end, we performed a modified enrichment analysis with three factors: numbers of the candidate CREs overlapping agronomic QTLs and TIR are 7,410 and 38,612 respectively; the triple overlap number is 445 and the total number of the candidate CREs is 745,684. Using these four indices, a modified enrichment analysis gave the result that the candidate CREs displaying overlap with agronomic QTL evidence are enriched in TIR type transposons (Additional file 2: Fig S5C, Additional file 3: Table S8), implying that TIR transposons might have functions for affecting agronomic traits. This fact, combined with the enrichment result of eQTLs, implies that TIR transposons might affect agronomic traits through regulating gene expression.
Selection of candidate CRE sequences for validation. 
We selected 12,000 sequences with a length of 200-bp from 745,684 candidate CREs with a length of 1-Kbp for synthesis and measured their activities using UMI-STARR-seq. The resolution of the candidate CREs is 1-Kbp with the Basejin2-long model. Therefore, we used a window size of 200-bp with a step size of 1 to scan for the contribution scores of 1-Kbp long CREs, and selected the 200-bp long sequence with the maximum value of the sum of contribution scores to add to our candidate set. Based on the process, we selected 200-bp-long sequences for synthesis from the following groups:
1) Group 1: we first filtered to obtain a candidate set which shared over 50-bp with Ricci’s sequences and have activity values greater than 2 in Ricci’s STARR-seq data [10]. Then we ranked these sequences according to their contribution scores and selected the top 2000 distal sequences and top 500 proximal sequences with the highest scores.
2) Group 2: we selected 2,400 sequences from the previously published proximal-distal interaction (PDI) data in maize [3]. Considering the interval size of PDIs mostly over 200-bp, we adopted the same strategy to slide windows on the PDI sequences to choose 200-bp long sequences with the maximum values of the sum of contribution scores.
3) Group 3: we selected 3,500 newly found sequences by our model. We filtered the sequences with epigenetic data, and retained those with accessible chromatin and lack of DNA methylation. Then we selected the top 3000 distal sequences and top 500 proximal sequences according to contribution score. And the sequences in group 1 have no intersection with group 3.
4) Group 4: we selected 3,000 sequences for 24 cloned maize genes (Additional file 7: Supplementary Material 4). We used a window size of 200-bp with a step size of 200-bp to scan for the contribution scores of 1-Kbp long CREs of each cloned gene and finally obtained 3,000 sequences.
5) Group 5: we selected 600 sequences from Ricci et al. used as negative control. We selected 60 sequences with zero-value activity from each chromosome.
Details of the 12,000 sequences synthesized are documented in Additional file 7: Supplementary Material 4.
[bookmark: _Toc155724627]Clustering analysis with base contribution score
To investigate whether different patterns in the contribution scores of the TSS-proximal region of each gene exist, we performed cluster analysis on the Occlusion contribution scores of each gene through the Basenji2-3K model using the K-Medoids method. The number of clusters  in FasterPAM of kmedoids package [12] was determined at 5 for which Silhouette Coefficient [13] reached saturation (Additional file 2: Fig S8). 
[bookmark: _Toc155724628]Improved model predictability and biological interpretability brought by pan-genome training
We found that training with pan-genome data greatly enhanced predictability (Fig. 3E) and here we take GL15 as an example for detailed analysis. We found three haplotypes in the maize NAM population (Hap-0/0, Hap-SV343/SV26-G, Hap-SV343/SV26-C, Additional file 2: Fig S13A). Compared to the poor performance of the Basenji2-3K B73 model, the prediction of the Basenji2-3K NAM model displays a consistent trend with the experimental expression level for the three haplotypes (Additional file 2: Fig S13B).
We next examined the ability of the Basenji2-3k NAM model in identifying functional elements regulating expression variation. Here we identified proximal CREs of 2.3k sequences from five NAM inbred lines. As would be anticipated, B73 (a representative of Hap-0/0) has no peak in the two regions of interest because it has neither insertion of SV343 nor of SV26 (Additional file 2: Fig S13C). By contrast, Hap-SV343/SV26-G (CML228 and CML277) has a peak with negative contribution in the insertion region of SV26, providing a good explanation as to why this haplotype has lower GL15 expression. Moreover, Hap-SV343/SV26-C has no peak in the two regions of interest, which might explain why this haplotype displays intermediate GL15 expression (Additional file 2: Fig S13B).
We next used the motif discovery tool ‘FIMO’ [14] to scan the two haplotypes and found a possible binding site of ‘HSFB2B’ around the SNP, implying that this SNP might regulate GL15 expression through binding to HSFB2B. Overall, we summarize that training with pan-genome data has brought two benefits both on predictability and on interpretability.
[bookmark: _Toc155724629]Details of AAnet model construction for archetypal evolvability space
We employed an autoencoder AAnet to train species-specific evolvability spaces (Fig. 4C). The model structure and training details of AAnet are described as follows. For the initial encoder layer, AAnet accepts evolvability vectors as input, with each node in the input layer connected to every node in the encoder layer. The encoder consists of five fully connected layers, with node numbers [1024, 512, 256, 128, 64], while the decoder architecture mirrors the encoder's structure. Consequently, the output layer has the same shape as the input layer, with each node in the last decoder layer connected to each node in the output layer. The AAnet autoencoder was trained using a learning rate of 1e-4, a batch size of 1024, and 10000 batches. Based on the relevant research findings, we determined the target number of archetypes to be 3.
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