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Abstract

Long-context DNA models are limited by token-mixing cost and by how compres-
sion allocates representational budget across the genome. Existing approaches
operate close to base-pair resolution, apply fixed downsampling, or learn content-
dependent chunks without an explicit genomic budget, making long-context pre-
training expensive and difficult to control. We introduce GeneZip, a region-aware
DNA compression framework that combines H-Net-style dynamic routing with a
Region-Aware Ratio (RAR) objective and bounded routing. GeneZip uses static
gene-structure annotations during compression training to specify region-wise
base-pairs-per-token (BPT) targets; at inference time, it compresses raw unseen
DNA without annotations. GeneZip provides three main benefits. First, it is ef-
fective: GeneZip variants achieve the best validation PPL among encoder-based
compressors, with GeneZip-70M already operating at 137.6 BPT, and across four
reproducible DNALongBench tasks—contact map prediction, eQTL prediction,
enhancer–target gene prediction, and transcription-initiation signal prediction—
GeneZip obtains the best average rank among compared sequence models. Second,
it is redundancy-aware: a post-hoc RepeatMasker/TRF analysis shows that, without
repeat supervision, GeneZip assigns higher local BPT to TE-derived interspersed
repeats and tandem repeats, two major classes of repetitive DNA sequence redun-
dancy. Third, it is efficient: by reducing the effective token-mixing length, GeneZip
enables longer-context and larger-capacity pretraining, including 128K-context and
636M-parameter variants on a single A100 80GB GPU, and fine-tunes the eQTL
task 50.4× faster than JanusDNA (50 vs. 2520 minutes). These results establish
GeneZip as an effective, redundancy-aware, and efficient compression interface for
long-context DNA modeling.

1 Introduction

Long-context DNA models are increasingly used for sequence-to-function prediction, variant effect
scoring, and 3D genome modeling, yet tasks requiring hundreds of kilobases to megabase-scale
context remain bottlenecked by token mixing over very long sequences [1–3]. Current approaches
reduce model cost with efficient long-sequence backbones or smaller capacity [4–6], or shorten the
sequence through uniform U-Net-style downsampling [1, 2]. These strategies make long inputs
feasible while allocating resolution according to architecture instead of genome structure. DNA
violates this uniformity assumption: promoters, exons, UTRs, introns, and intergenic regions have
different information densities; mammalian genomes contain abundant repetitive sequence redun-
dancy, especially TE-derived interspersed repeats and tandem repeats; and the compartments that
matter most differ across expression, enhancer–gene, and chromatin-structure tasks [7–9].

*Equal contribution. Correspondence to Jian Tang. Project page: https://github.com/AndyJZhao/GeneZip.
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Motivated by this imbalance, we propose GeneZip, a region-adaptive compression module that learns
non-uniform token allocation over ultra-long DNA. GeneZip provides a compression interface for
long-context DNA modeling: it builds on H-Net-style dynamic chunking and routing [10], while
adding biological control over where the token budget is spent. Specifically, its Region-Aware Ratio
(RAR) objective trains the router toward region-wise base-pairs-per-token (BPT) targets derived
from static gene-structure annotations, and bounded routing enforces a global token budget for stable
long-context training. The region annotations are used only during compression training, so GeneZip
compresses unseen raw DNA at inference time without region labels. We summarize GeneZip’s
empirical advantages along three axes:

• Effective compression and prediction: GeneZip’s region-aware allocation generalizes from
training sequences to held-out human chromosomes and an unseen species (mouse). GeneZip reaches
137.6 BPT with only a +0.31 perplexity increase. On downstream evaluation, GeneZip achieves
the best average rank across four DNALongBench tasks—contact map prediction, eQTL prediction,
enhancer–target gene prediction, and transcription-initiation signal prediction.

• Redundancy-aware compression: Our post-hoc RepeatMasker and TRF analyses show that
GeneZip assigns stronger local compression to repetitive DNA sequence redundancy, including both
TE-derived interspersed repeats and tandem-repeat (TR) interiors.

• Efficient long-context modeling: By reducing the effective token-mixing length, GeneZip enables
128K-context and 636M-parameter pretraining on a single A100 80GB GPU and fine-tunes on the
DNALongBench eQTL task 50.4× faster than JanusDNA, making large-scale long-context DNA
pretraining more practical.

2 Related Work

Dynamic chunking and adaptive tokenization. Most sequence models shorten raw inputs with a
fixed tokenizer or a fixed pooling rule. H-Net reframes this step as end-to-end dynamic chunking: a
learned router predicts content-dependent boundaries, and token mixing is performed on the resulting
shorter sequence [10]. Its ratio loss supplies a global downsampling target without external segment
labels. Recent DNA tokenization methods, including MxDNA, MergeDNA, VQDNA, and LDARNet,
also move beyond fixed k-mers or BPE by learning sequence units, token merges, vector-quantized
vocabularies, or adaptive boundaries [11–14]. These methods mainly address representation units
or generic boundary learning. GeneZip addresses a different bottleneck: high-ratio, controllable
compression for long-context DNA. Appendix G gives a direct comparison with DNA tokenization
baselines; Section 4.2 audits the learned routing policy with post-hoc RepeatMasker/TRF masks; and
Section 4.3 evaluates the downstream impact on DNALongBench. Concurrent H-Net-style genomic
work is closest in mechanism [15]; GeneZip adds region-aware budget supervision and bounded
routing, allowing the router to spend a limited token budget according to gene-structure priors during
training while requiring no annotations at inference.

DNA foundation models and long-context genomic prediction. DNA foundation models have
progressed from k-mer/BPE Transformer encoders such as DNABERT and DNABERT-2, through
multi-species Nucleotide Transformer models, to long-context architectures such as HyenaDNA,
Caduceus, JanusDNA, Evo, and Evo 2 [4–6, 16–20]. A complementary line of sequence-to-function
models, including Enformer, AlphaGenome, and NTv3, uses hierarchical U-Net-like processing to
predict regulatory tracks and variant effects over hundreds of kilobases to megabase context [1, 2, 21].
These models motivate efficient long-context modeling, but their downsampling schedules are
architecture-defined rather than tied to genomic region structure or task-specific resolution needs.

Compression for long-range genomic modeling. Existing long-range genomic models mostly
reduce length uniformly, through fixed k-mers, strided convolutions, pooling, or task-agnostic
learned boundaries [1, 2, 10, 16]. Uniform allocation is mismatched to the non-uniform information
density of genomes: coding exons occupy only ∼1–2% of the human genome and are enriched
for evolutionary constraint [22, 23], while regulatory signal is distributed across promoters, UTRs,
introns, enhancers, and distal intergenic regions in a task-dependent manner. GeneZip complements
dynamic chunking with two mechanisms: region-aware ratio supervision, which turns gene-structure
annotations into a controllable token-budget prior, and bounded routing, which prevents pathological
over- or under-routing during large-scale training. Empirically, GeneZip achieves region-aware and
redundancy-aware compression: Appendix C measures transfer of region-aware allocation to held-out
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Figure 1: GeneZip overview. GeneZip compresses long-context DNA into a much shorter latent token
sequence via hierarchical dynamic routing. During training, the Region-Aware Ratio (RAR) loss
learns a region-adaptive token budget, and bounded routing enforces global token-count constraints
for stable training. The compressed tokens are then processed by an arbitrary token-mixing backbone
for downstream long-range tasks. After training, GeneZip compresses unseen raw DNA sequences
without requiring annotations or repeat masks at inference time.

human chromosomes and mouse windows; Section 4.1 reports the reconstruction ability in terms of
perplexity. Section 4.2 shows stronger local compression on predictable repeat subsets, especially
LINE/SINE/TR cases.

3 Methodology

3.1 Problem setup and motivation

Let x1:L denote a DNA sequence of length L base pairs. Many long-range genomics tasks require
contexts on the order of 105–106 bp. We decompose long-range DNA modeling into three stages—
encoding, token mixing, and decoding:

z1:T = Encode(x1:L), T ≪ L,

z′1:T = TokenMixing(z1:T ),

ŷ = Decode(z′1:T ).

(1)

Here Encode(·) compresses raw DNA into a shorter latent sequence z1:T , TokenMixing(·) models
interactions among the T latent tokens, and Decode(·) maps mixed representations to pre-training or
downstream task outputs.

In long-context DNA models, the dominant compute and memory typically sit in the token-mixing
backbone (e.g., Transformer layers [24] or long-sequence state-space mixers [4, 5]), while encoding
and decoding are comparatively lightweight. Models therefore downsample early so deep layers
operate on a shorter sequence. Standard fixed-stride or pooling operators, however, allocate uniform
resolution to all genomic positions [1, 2]. This is mismatched to genomic information density:
promoters, splice junctions, UTR boundaries, coding regions, regulatory motifs, and distal regulatory
compartments matter differently across tasks. GeneZip addresses this by realizing Encode(·) as
learned non-uniform compression over long-context DNA (Figure 1). H-Net-style dynamic routing
proposes variable-length chunks [10]; the Region-Aware Ratio (RAR) loss supervises region-wise
token budgets from gene-structure annotations (CDS, UTR, exon, intron, promoter, and intergenic
regions). The compressor is trained without functional assay labels such as Hi-C, CAGE, ATAC/ChIP,
or GTEx, and without RepeatMasker or TRF repeat labels. Throughout, we measure compression by
base-pairs-per-token, BPT := L/T .
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3.2 GeneZip: hierarchical genomic compression with region-aware supervision

GeneZip instantiates Encode(·) with a multi-stage hierarchical genomic compression mechanism
inspired by H-Net [10]. At each stage, the encoder (i) adaptively partitions a long sequence into
variable-length chunks and (ii) pools each chunk into one token, so that deep token mixing can be
applied on a much shorter sequence. Unlike fixed-stride pooling, the chunk boundaries are learned
and depend on the input sequence.

Dynamic Routing module. GeneZip maintains continuous sequence representations at multi-
ple resolutions. We start from base-level embeddings h

(1)
1:L1

= Embed(x1:L) with L1 = L. At
routing stage s ∈ {1, . . . , S}, the stage-s encoder E(s) produces per-position representations
ĥ
(s)
1:Ls

= E(s)
(
h
(s)
1:Ls

)
, where Ls is the current sequence length at stage s. Following H-Net [10],

we induce adaptive boundaries by measuring the representation shift between adjacent positions in
ĥ(s). We compute boundary probabilities p(s)t via cosine dissimilarity between adjacent projected
representations:

q
(s)
t = W (s)

q ĥ
(s)
t , k

(s)
t = W

(s)
k ĥ

(s)
t , (2)

p
(s)
t =





1, t = 1,

1
2


1−

(
q
(s)
t

)⊤
k
(s)
t−1∥∥∥q(s)t

∥∥∥
∥∥∥k(s)t−1

∥∥∥


 , t = 2, . . . , Ls,

(3)

p
(s)
t ∈ [0, 1], b̃

(s)
t = 1

{
p
(s)
t ≥ 0.5

}
. (4)

By definition p
(s)
1 = 1, ensuring each sequence begins with a boundary. Intuitively, when consecutive

representations span a contextual shift, their cosine similarity decreases and the corresponding
boundary probability p

(s)
t increases.

Hierarchical dynamic chunking. At routing stage s ∈ {1, . . . , S}, the encoder operates on a
sequence of length Ls and predicts boundary probabilities {p(s)t }Ls

t=1 using the routing module above.
We first threshold them into a provisional boundary mask {b̃(s)t }Ls

t=1, and then apply bounded routing
(Sec. 3.3) to obtain a length-controlled final mask b(s) = Π(b̃(s); p(s)). The final mask {b(s)t }Ls

t=1
partitions the sequence into variable-length chunks. Each chunk is pooled into a single representation,
producing a shorter sequence of length Ls+1 =

∑Ls

t=1 b
(s)
t . The pooled sequence is then served as the

input for the further stage, denoted as h(s+1)
1:Ls+1

. After S stages, the encoder outputs z1:T = h
(S+1)
1:LS+1

with T = LS+1. Compared to uniform striding, the learned boundary policy yields non-uniform
resolution: segments with frequent boundaries receive more tokens.

Token selection, dechunking, and gradient estimator. We use the same downsampling and
upsampling interface as H-Net [10]. In the downsampling path, the router’s hard mask retains
boundary-marked hidden states as chunk representatives; these retained states form the shorter
sequence processed by the next compression stage and, after the final stage, by the token-mixing
backbone. For base-level next-token pre-training, the mixed compressed sequence is decoded through
the hierarchy in the reverse direction. Each compressed representation is expanded back to the
positions covered by its corresponding chunk, combined with the encoder-side residual stream at
that resolution, and refined by a lightweight decoder network. A nucleotide prediction head is then
applied to the restored base-resolution representations. We also adopt the H-Net smoothing module,
so uncertain boundaries interpolate neighboring chunk representations instead of relying on a purely
hard assignment. The hard boundary mask is used in the forward pass, while the straight-through
estimator and the smoothing path provide gradients to the boundary probabilities. As a result, the
base-level next-token loss trains the encoder, router, token mixer, and decoder end-to-end.

Region supervision via gene structure. To make the compression region-aware and controllable,
we supervise the region-wise token density using gene-structure annotations. Concretely, each base
position t is assigned a genomic region label r(t) ∈ R (e.g. CDS, promoter, and intergenic regions).
These region labels are used only to define supervision targets (RAR); the boundary predictor itself
is trained to depend only on sequence, enabling annotation-free compression at inference. Repeat

4



(a) Selected tokens in stage 1 (b) Selected tokens in stage 2 (c) Eval PPL (with and without floor)

Figure 2: Why bounded routing is necessary. (a) In stage 1 compression, the router can be highly
unstable early on and occasionally selects an excessively large number of tokens, which risks memory
blow-up; a ceiling constraint prevents such pathological spikes. (b) In stage 2 compression, the
router may collapse to selecting too few tokens (often near 1) at the beginning, which can induce
training spikes and slow down optimization; a floor constraint enforces a minimum token budget for
stable learning. (c) The floor constraint yields smoother and more favorable perplexity trajectories
compared to training without it.

labels are never used as supervision; they are used only post hoc to test whether the learned router
compresses repetitive DNA sequence redundancy.

We specify a base BPT anchor N and a region multiplier µr for each r ∈ R, yielding a region target

N⋆
r = N · µr. (5)

Intuitively, smaller µr means higher resolution (more tokens) and larger µr means stronger compres-
sion. For example, one can set multipliers such as: promoter = 1, CDS = 1, UTR = 2, exon = 2,
intron = 8, near-gene intergenic = 8, distal-intergenic = 16, to encourage GeneZip to allocate more
tokens to promoter and genic compartments. Other downstream tasks can select different multipliers
when their validation signal favors regulatory, intergenic, or more balanced resolution.

Region-Aware Ratio (RAR) loss. RAR enforces region-specific compression by aligning region-
wise keep rates across S routing stages. Given the region target N⋆

r (Eq. 5), we geometrically
factorize it over stages and define the per-stage target compression and keep rate:

N⋆(s)
r ≜ (N⋆

r )
1/S , τ⋆(s)r ≜

1

N
⋆(s)
r

, s = 1, . . . , S. (6)

At stage s, each position t ∈ {1, . . . , Ls} is associated with a region label r(s)(t) ∈ R by propagating
base-level annotations through the current segmentation (e.g., assigning each chunk the majority re-
gion label of the bases it covers). Let L(s)

r ≜
∑Ls

t=1 1{r(s)(t) = r}. We define the empirical/expected
keep rates:

F (s)
r ≜

1

L
(s)
r

Ls∑

t=1

1{r(s)(t) = r} b(s)t ,

G(s)
r ≜

1

L
(s)
r

Ls∑

t=1

1{r(s)(t) = r} p(s)t .

(7)

We then apply the ratio loss with target compression N
⋆(s)
r :

L(r,s)
RAR =

N
⋆(s)
r

N
⋆(s)
r − 1

(
(N⋆(s)

r − 1)F (s)
r G(s)

r + (1− F (s)
r )(1−G(s)

r )
)
. (8)

Intuition. RAR couples the realized keep rate F
(s)
r after projection with its expectation G

(s)
r before

projection to match τ
⋆(s)
r . When F

(s)
r = G

(s)
r , Eq. (8) is minimized at F (s)

r = G
(s)
r = τ

⋆(s)
r with

L(r,s)
RAR = 1; if F (s)

r is too high/low, gradients push p
(s)
t down/up in region r. Aggregating by region

mass gives:

LRAR =

S∑

s=1

∑

r∈R
π(s)
r L(r,s)

RAR, π(s)
r ≜

L
(s)
r

Ls
. (9)
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Figure 3: Inference efficiency on long-context inputs. End-to-end inference latency as a function of
input sequence length (256 bp to 1M bp). GeneZip (70M/636M) remains consistently fast across the
full range, while baseline long-context models exhibit sharply increasing latency as sequence length
grows. The inset zooms into the short-to-mid regime (1K–131K) to highlight differences at smaller
contexts.

3.3 Bounded Routing for Stable Training

Under aggressive compression (Figure 2), unconstrained routing can select too many boundaries,
causing GPU memory spikes, or too few, causing capacity collapse. We stabilize training by projecting
routing decisions onto a per-stage token-budget interval.

Reference token budget. At routing stage s ∈ {1, . . . , S}, the router predicts boundary probabilities
p
(s)
1:Ls

and produces a provisional hard mask b̃(s) (e.g., by thresholding). We use a stage-wise keep-
rate target τ (s) as the reference budget, where

∏S
s=1 τ

(s) = 1/N and we use the uniform schedule
τ (s) = N−1/S in this work. Given current length Ls, the reference token budget is K(s) ≜ τ (s)Ls.
We define a floor and ceiling around K(s):

K
(s)
min = ρ

(s)
minK

(s), K(s)
max = ρ(s)maxK

(s). (10)

Projection (bounded routing). We compute a projected mask b(s) = Π(b̃(s); p(s)) that satisfies

K
(s)
min ≤

Ls∑

t=1

b
(s)
t ≤ K(s)

max. (11)

The projection flips the fewest boundary decisions using p(s) as confidence: if too few boundaries are
selected, it activates the largest-p(s)t inactive positions; if too many are selected, it deactivates the
smallest-p(s)t active positions. The first position in each segment is always kept.

3.4 Training and Inference

Training objective. Following H-Net [10], we train GeneZip end-to-end with a language-modeling
objective combined with the multi-stage RAR regularizer. Let LNTP denote base-level next-token
cross-entropy. The overall objective is: L = LNTP + αLRAR, where α controls the strength of
region-aware compression supervision.

Annotation-free inference. At inference, GeneZip compresses unseen DNA without annotations:
sequence-predicted boundaries and bounded routing produce tokens that can be fed into any token-
mixing backbone (Transformer/Mamba) and decoded for downstream tasks.

Inference efficiency and long-context scaling. Figure 3 reports end-to-end inference latency as
a function of input length up to 1M bp (benchmarking details in Appendix A.2). Across all tested
contexts, GeneZip remains consistently fast, and the latency gap widens as sequences enter the
hundreds-of-kilobases to megabase regime. Baseline long-context models that operate closer to
base-level resolution show rapidly increasing runtime with length and multi-second latency at the
longest inputs. GeneZip reduces the effective token-mixing length via region-adaptive compression,
so computation is dominated by mixing over a much shorter latent sequence. This scaling profile
supports GeneZip as a practical tokenizer-level infrastructure for long-context DNA modeling and
complements the end-to-end training-time gains reported in Table 4.
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Table 1: Region-wise autoregressive perplexity (PPL) on the validation dataset. We omit dig (distal-
intergenic) because it is weakly constrained and often heavily repeated, making PPL less informative.
Bold indicates the best (lowest) PPL among encoder-compression methods (U-Net, H-Net, GeneZip).
Underline indicates the best PPL of small model trained at 12.8K length.

Model BPT Overall ↓ Prom. ↓ CDS ↓ UTR ↓ Exon ↓ Intron ↓ NIG ↓

Backbone / fine-grained upper bounds
Mamba2-84M 1.0 2.4135 2.0494 2.4136 2.5608 2.6346 2.5076 2.4826
H-Net-3BPT-70M 3.0 2.4115 2.0694 2.4815 2.4306 2.8113 2.5462 2.4357

Uniform / hierarchical compression baselines
U-Net-70M 128.0 2.8414 3.1335 3.4665 3.2389 3.0586 2.8415 2.6474
H-Net-128BPT-70M 122.2 2.7930 2.8940 3.4657 3.0241 3.0277 2.8270 2.6375

GeneZip (region-aware compression)
GeneZip-70M 137.6 2.7259 2.6765 3.4124 2.9084 2.9847 2.7761 2.6278
GeneZip-70M-128K 169.2 2.6557 2.7520 3.0866 3.1236 3.0401 2.7350 2.5422
GeneZip-636M 137.0 2.6620 2.6094 2.8272 2.9311 3.2052 2.7724 2.5741
GeneZip-636M-128K 161.1 2.6484 2.8121 2.9647 3.1037 2.8712 2.6486 2.4941

4 Experiments

The experiments are organized around three claims. First, GeneZip is effective: Section 4.1 evaluates
pretraining PPL and BPT under aggressive compression, Appendix C tests whether the learned region-
allocation policy transfers to unseen human chromosomes and an unseen species (mouse) without
inference-time annotations, and Appendix D visualizes region-aligned routing at representative
loci. Second, GeneZip is redundancy-aware: Section 4.2 tests whether it preferentially compresses
repetitive DNA sequence redundancy—both TE-derived interspersed repeats and tandem-repeat
interiors—without repeat labels. Third, GeneZip is efficient and useful for downstream long-context
tasks: the pretraining study includes 128K-context and 636M-parameter GeneZip variants, the eQTL
benchmark shows a 50.4× wall-clock fine-tuning speedup over JanusDNA, and four reproducible
DNALongBench tasks—CMP, eQTL, ETGP, and TISP—show the best average rank among all
compared sequence models and the strongest leakage-controlled results on CMP, eQTL, and ETGP
(Section 4.3 and Appendix B).

4.1 Pretraining analysis: compression quality and scaling

We first evaluate GeneZip’s language modeling performance and compare it with Mamba2 [25],
U-Net [26], and H-Net [10]. For U-Net, we implement an autoregressive U-Net variant of our
model by replacing the encoder with an autoregressive U-Net. For H-Net, we train two variants:
a low-compression setting (H-Net-3BPT, following the default configuration in [10]) and a high-
compression setting (H-Net-128BPT). We train comparable-size baselines (70M-84M) and GeneZip
on 100B base pairs of GENCODE data using a 12.8K context length. For GeneZip, we additionally
study length scaling by continuing pretraining with a 128K context and also evaluate a 636M-
parameter model. We report pretraining performance as per-region perplexity (PPL) on the validation
set. For a detailed compression analysis, please refer to Appendix C.

Table 1 reports the overall evaluation PPL along with region-stratified PPL. We observe the following
trends. First, Mamba2 and the low-compressed H-Net-3BPT serve as strong reference points,
achieving the lowest PPLs under fixed or very fine-grained tokenizations. As expected, increasing
the compression rate generally degrades performance; for example, H-Net-128BPT incurs a +0.38
PPL increase relative to the low-compression H-Net setting. Second, among high-compression
methods, GeneZip variants achieve the best overall PPL while operating at substantially higher
effective compression. For instance, among 12.8K-context 70M compressors, GeneZip-70M is the
strongest highly compressed model: it uses the strongest compression level (BPT = 137.6) and
still attains the lowest PPL across all reported regions. This suggests that GeneZip learns to identify
region structure and allocate tokens more effectively. Finally, GeneZip exhibits favorable scaling with
both context length and model size. Continuing pretraining to 128K context improves performance:
GeneZip-70M-128K outperforms its 12.8K counterpart (GeneZip-70M) and incurs only a +0.24 PPL
increase despite a more aggressive compression level (BPT = 169.2). The best results are obtained
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Figure 4: Redundancy-aware compression across TE-derived and tandem-repeat sequence.
Repeat positions are compared with matched non-repeat positions in the same full-window context.
BPT ratio above 1 means stronger local compression; PPL details are in Table 9. GeneZip converts
repeat predictability into higher local compression, especially for LINE, human SINE, and TR,
whereas H-Net often assigns equal or lower BPT to the same repetitive subsets.

by GeneZip-636M-128K, indicating clear gains from combining longer-context pretraining with
increased model capacity.

4.2 Redundancy-aware compression of repetitive DNA

Repetitive DNA is a major source of sequence-level redundancy in mammalian genomes. We audit
two complementary post-hoc masks: RepeatMasker TE classes (DNA transposon, LINE, LTR, and
SINE), which cover interspersed TE-derived repeats, and TRF tandem repeats (TR), which capture
local periodicity [9, 27]. Neither mask is used in GeneZip or H-Net training; they are used only
to test whether raw-sequence compression spends fewer tokens on predictable repeat interiors. We
evaluate redundancy-aware behavior on two matched 10 Mb samples: 78 non-overlapping 128K held-
out human windows from chr8/chr9/chr10, and 78 mouse evaluation windows. RepeatMasker
transposable-element (TE) masks and Tandem Repeats Finder (TRF) tandem-repeat (TR) masks are
used only post hoc. For each repeat subset, we compare repeat positions with matched non-repeat
positions within the same full-window context and report repeat/non-repeat ratios for both PPL and
BPT. A PPL ratio below 1 indicates easier reconstruction, whereas a BPT ratio above 1 indicates
stronger local compression.

Table 9 first provides a predictability check: most TE/TR subsets have lower repeat-position PPL than
their matched backgrounds, indicating that repeat interiors are generally easier to reconstruct. This
motivates using TE/TRs as redundancy probes, but predictability alone does not imply redundancy-
aware routing. Figure 4 shows the corresponding compression behavior. GeneZip converts repeat
predictability into more aggressive local compression: on human windows, its BPT ratios are 2.67
for SINE, 1.56 for TR, and 1.17 for LINE; on mouse windows, they are 1.44 for TR, 1.22 for LINE,
and 1.15 for SINE. H-Net does not exhibit the same allocation pattern: its BPT ratios stay near
or below 1 for most TE classes, and it compresses TR less than the matched background (0.79 in
human and 0.47 in mouse). Thus, without TE/TR supervision, GeneZip learns to spend fewer tokens
on predictable repeat interiors. Together, these results support redundancy-aware compression:
GeneZip identifies repeat-associated redundancy and compresses it more aggressively than matched
non-repeat sequence, whereas H-Net shows weaker and less consistent repeat-specific compression.

4.3 DNALongBench downstream evaluation

We evaluate downstream transfer on four reproducible DNALongBench [3] tasks: contact map
prediction (CMP), eQTL prediction, enhancer-target gene prediction (ETGP), and transcription
initiation signal prediction (TISP). We organize the baselines into three groups. DNALongBench-
official contains the official DNALongBench results for HyenaDNA, Caduceus-Ph, and Caduceus-
PS. External-pretraining contains JanusDNA, NTv3-100M-pre, and Evo2-1B; these models use
pretraining data different from GeneZip’s GENCODE corpus, so their pretraining may overlap
benchmark regions or related functional sources, but we evaluate them with the same downstream
fine-tuning and scoring pipeline where rerun. Leakage-controlled-pretraining contains Mamba2,
U-Net, H-Net-128BPT, and GeneZip-70M, all trained on the same GENCODE-12.8K corpus for
100B base pairs, with DNALongBench validation/test intervals and chromosomes chr8/chr9/chr10
excluded, and evaluated with matched downstream fine-tuning.
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Table 2: All-task summary on DNALongBench [3]. Time column reports the fine-tuning time
of language models measured on the eQTL Artery_Tibial task. GeneZip-70M reports task-wise
validation-selected RAR priors, with the fixed transcript-balanced prior reported in Table 10. Avg.
rank is computed over the four task metrics, with lower being better. Best task-metric results within
Leakage-controlled-pretraining are in bold; best results across all rows are underlined.

Model Time (min) CMP SCC eQTL AUROC ETGP AUPRC TISP PCC Avg. rank

DNALongBench-official
HyenaDNA[4] 210 0.115 0.514 0.249 0.132 7.5
Caduceus-Ph[5] 435 0.133 0.566 0.380 0.109 5.5
Caduceus-PS[5] 891 0.127 0.538 0.376 0.108 6.8

External-pretraining
JanusDNA[6] 2520 0.159 0.840 0.438 0.002 3.5
NTv3-100M-pre[21] 117 0.136 0.792 0.440 0.194 3.0
Evo2-1B[20] 1304 0.018 0.754 0.095 -0.002 9.3

Leakage-controlled-pretraining
Mamba2[25] 328 0.111 0.762 0.322 0.294 5.5
U-Net[26] 39 0.131 0.769 0.244 0.008 6.5
H-Net-128BPT[10] 65 0.118 0.798 0.131 0.235 5.5
GeneZip-70M 50 0.133 0.820 0.446 0.279 2.0

Table 2 summarizes one task-level metric per benchmark (full results in Appendix B), together with
fine-tuning time measured on the eQTL Artery_Tibial task. Compression first improves downstream
efficiency: within the leakage-controlled-pretraining group, U-Net, H-Net-128BPT, and GeneZip
reduce fine-tuning time from 328 minutes for the uncompressed Mamba2 backbone to 39, 65, and 50
minutes, respectively. This speedup, however, often comes with an accuracy cost. H-Net-128BPT
trails Mamba2 on CMP, ETGP, and TISP, while U-Net drops sharply on ETGP and TISP despite
competitive CMP and eQTL scores. GeneZip largely avoids this degradation: it is best within this
group on CMP, eQTL, and ETGP, and only trails Mamba2 on TISP. Across all rows, GeneZip achieves
the best average rank. Thus, even with > 100× compression, GeneZip delivers the strongest overall
downstream performance across this long-context suite.

GeneZip is also flexible across downstream tasks because different tasks depend on different genomic
compartments. TISP is promoter-centered; eQTL benefits from broader cis-regulatory context across
promoter, UTR, intronic, and near-gene intergenic regions; ETGP depends on intergenic/noncoding
regulatory context for enhancer–target links; and CMP integrates 1-Mb local folding signals, in-
cluding CTCF-associated loops, TAD/sub-TAD structure, enhancer–promoter interactions, and local
compartment-like boundary signals. Uniform compression assigns the same resolution target ev-
erywhere and cannot adapt token budgets to region-specific information density. GeneZip instead
exposes regional resolution as a controllable allocation interface: by setting the region multipliers µr,
it can preserve the compartments expected to carry the downstream signal while compressing less
informative regions more aggressively. The µr ablations are reported in Appendix E.1.

5 Conclusion

We propose GeneZip, a region-aware DNA compressor that combines bounded dynamic routing
with a region-aware compression objective to reallocate token budget across genomic compartments.
GeneZip achieves 137.6× compression with only a 0.31 perplexity increase, preserves downstream
utility across long-context genomic tasks, and obtains the best aggregate rank across four reproducible
DNALongBench tasks among all compared sequence models. A post-hoc repeat analysis shows
redundancy-aware behavior: without TE or TR supervision, GeneZip assigns higher local compression
to repetitive DNA sequence redundancy than generic H-Net routing, with robust cross-species signals
for LINE and tandem repeats and a particularly sharp human SINE effect. GeneZip also supports
128K-context and 636M-parameter training within the reported single-A100 setup and substantially
reduces wall-clock cost for downstream long-context fine-tuning. These results establish GeneZip as
an effective, redundancy-aware, and efficient compression interface for long-context DNA modeling.
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A Implementation Details

A.1 Pretraining Settings

We pretrain on GENCODE-derived human corpora at 12.8K and 128K bp context lengths. Each
window stores the raw sequence together with a run-length encoded segmentation over the 7-region
taxonomy used throughout the paper (promoter, CDS, UTR, exon, intron, near-intergenic (NIG), and
distal-intergenic (DIG)). To reduce DNALongBench leakage, we exclude benchmark validation/test
intervals from train/valid sampling and hold out chr8, chr9, and chr10; full construction details
and corpus statistics are provided in Appendix F and Table 12.

We use a two-stage hierarchical dynamic chunking encoder with S = 2, where each stage is imple-
mented with two Mamba2 layers. The token-mixing backbone consists of 15 Mamba2 layers. We
pretrain GeneZip with region-aware compression using this 7-region taxonomy. Across both stages,
we fix the base BPT anchor to N = 32 bp/token. The default GeneZip model uses the transcript-
balanced region-aware ratio targets over the seven regions (promoter:CDS:UTR:exon:intron:NIG:DIG
= 1 : 1 : 2 : 2 : 8 : 8 : 16); Appendix E.1 studies alternative µr settings for task-aware allocation.
For bounded routing, we apply a shared absolute floor across all GeneZip models with K

(s)
min = 8

for all stages s, meaning at least the top-8 tokens are kept in each routing layer. The 70M model fits
comfortably on an 80GB A100 and does not require a maximum constraint. The 636M model does
require an upper bound, because unconstrained routing can trigger CUDA out-of-memory (OOM)
errors. We therefore set K(1)

max = 30,000 and K
(2)
max = 10,000 to prevent OOM. Unless otherwise

noted, all stages of GeneZip models and baseline models are trained on a total budget of 100B base
pairs each. All reported experiments except Evo2-1B can be run on a single NVIDIA A100 80GB
or H100 GPU; Evo2-1B requires multi-GPU parallelism because of its model size and sharding
constraints.

Phase 1 (12.8K) pretraining. We train on gencode_human_12.8k with a maximum sequence
length of 12,800 bp. We optimize with AdamW using learning rate 1 × 10−3, weight decay 0.1,
(β1, β2) = (0.9, 0.95), a linear learning-rate schedule with 500 warmup steps, and gradient clipping
to ∥g∥2 ≤ 2.0. We use per-device batch size 32 with gradient accumulation 8 (effective batch size
256) and train for 100B base pairs using BF16 mixed precision. We evaluate using 3,000 validation
samples.

Phase 2 (128K) pretraining. We continue training on gencode_human_128k with a maximum
sequence length of 128,000 bp, initializing from the 12.8K checkpoint introduced above. We keep
the same optimizer and schedule (AdamW; LR 1 × 10−3; 500 warmup steps; weight decay 0.1;
(β1, β2) = (0.9, 0.95); gradient clipping 2.0; BF16). We use per-device batch size 4 with gradient
accumulation 8 (effective batch size 32) and train for another 100B base pairs using BF16 mixed
precision. We evaluate using 3,000 validation samples.

A.2 Inference Latency Benchmark (Figure 3)

Figure 3 reports the inference-time scaling of each model as a function of input length. We measure
the forward-pass latency on a single NVIDIA A100 80GB GPU with BF16 inference and batch size
1. For each context length L ∈ {256, 512, . . . , 1,048,576} bp, we construct a length-L DNA string
by repeating a fixed sequence snippet and encode it into single-nucleotide token IDs.

Timing protocol. We time only the model forward pass, excluding model loading and input
construction. For each (model, L) pair, we run 2 warm-up forward passes, followed by 10 timed runs.
Each timed run synchronizes the device before and after the forward pass to record wall-clock time.
We report the mean of the per-forward latency in milliseconds in Figure 3.

A.3 Existing assets and licenses/terms.

We cite the original sources for all third-party datasets, codebases, and public checkpoints used in
the experiments. GENCODE v49 and the mouse GENCODE-derived annotations are open-access
GENCODE project data.1 The DNALongBench task data used here (CMP, eQTL, ETGP, and TISP)

1https://www.gencodegenes.org/pages/data_access.html
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Table 3: Pre-training hyperparameters for the GeneZip models.

12.8K pre-train 128K pre-train

Dataset gencode_human_12.8k gencode_human_128k
Region loss weight α 0.03 0.03
Max length (bp) 12,800 128,000
Per-device batch size 32 4
Grad. accumulation 8 8
Update steps 30,600 24,414
Optimizer AdamW AdamW
Learning rate 1× 10−3 1× 10−3

LR schedule Linear + warmup Linear + warmup
Warmup steps 500 500
Weight decay 0.1 0.1
Adam (β1, β2) (0.9, 0.95) (0.9, 0.95)
Grad clip 2.0 2.0
Precision BF16 BF16
Validation samples 3,000 3,000

are distributed through Harvard Dataverse under CC0 1.0, and the DNALongBench code is released
under BSD-3-Clause.2 The public HyenaDNA, Caduceus, JanusDNA, and Evo2 code repositories
are released under Apache-2.0 where applicable; their checkpoints, and the Nucleotide Transformer
resources, are used under the corresponding public model-card or repository terms (Nucleotide
Transformer: CC BY-NC-SA 4.0). We use these third-party assets only for research benchmarking
and do not redistribute the original DNALongBench datasets or public baseline checkpoints in this
work.

B Complete Results for DNALongBench

B.1 Task Selection

We attempted to include all tasks in DNALongBench. The regulatory sequence activity prediction
(RSAP) release was not sufficiently reproducible for our pipeline. Specifically, the DNALongBench
paper and official README describe RSAP as a 196,608-bp, 128-bp-bin task with 38,171 human and
33,521 mouse examples, with mouse split counts of 29,295/2,209/2,017 for train/validation/test
and per-sample PCC over positions and tracks [3].3 The released RSAP statistics.json
files in the official Dataverse package report seq_length=131072, not 196,608, for both human
and mouse.4 The same official Dataverse file list also exposes an incomplete mouse TFRecord
set: the visible mouse shards are train-1-* ×84, valid-1-{1,2,3,4,5,6,8}.tfr, and
test-1-{0,1,2,5,6,7}.tfr, with missing valid-1-0.tfr, valid-1-7.tfr, test-1-3.tfr,
and test-1-4.tfr; this corresponds to 21,504/1,697/1,505 mouse records, below the paper’s
29,295/2,209/2,017 split.5 Finally, the released CNN configuration uses nn.MSELoss() for RSAP,
while the paper states that RSAP CNNs were trained with Poisson loss.6 We therefore report other
tasks, i.e. CMP, eQTL, TISP, and ETGP, where the released data and scoring protocol could be
validated under our pipeline.

2https://github.com/ma-compbio/DNALONGBENCH; task data DOIs are listed in the official README.
3Official paper: https://www.nature.com/articles/s41467-025-65077-4; official README: https://

github.com/ma-compbio/DNALONGBENCH.
4Human statistics: https://dataverse.harvard.edu/api/access/datafile/10443886; mouse statistics:

https://dataverse.harvard.edu/api/access/datafile/10443890.
5RSAP Dataverse dataset: https://doi.org/10.7910/DVN/MNUEZR; metadata API: https://dataverse.harvard.

edu/api/datasets/:persistentId/?persistentId=doi:10.7910/DVN/MNUEZR.
6Official CNN config: https://github.com/ma-compbio/DNALONGBENCH/blob/main/experiments/CNN/task_

configs.py.
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Table 4: DNALongBench eQTL tasks (AUROC; higher is better). The best result in each dataset and
average column is bolded, the second best is underlined. Training time reports the fine-tuning time
of language models measured on the Artery_Tibial task.

Model Time eQTL Datasets and Average (AUROC)

(min) Artery Adipose Fibro Muscle Nerve Skin (NSE) Skin (SE) Thyroid Blood Average

Task-specific baselines
Expert model[3] - 0.741 0.736 0.639 0.621 0.683 0.710 0.700 0.612 0.689 0.681
CNN[3] - 0.576 0.551 0.547 0.502 0.516 0.499 0.499 0.487 0.577 0.528

DNALongBench-official
HyenaDNA[3] 210 0.479 0.513 0.584 0.487 0.511 0.471 0.544 0.529 0.512 0.514
Caduceus-Ph[3] 435 0.547 0.541 0.597 0.538 0.588 0.586 0.574 0.527 0.594 0.566
Caduceus-PS[3] 891 0.536 0.519 0.549 0.523 0.552 0.529 0.541 0.547 0.542 0.538

External-pretraining
JanusDNA[6] 2520 0.852 0.769 0.802 0.864 0.914 0.903 0.846 0.793 0.821 0.840
NTv3-100M-pre[21] 117 0.805 0.744 0.698 0.798 0.885 0.886 0.727 0.778 0.808 0.792
Evo2-1B[20] 1304 0.745 0.725 0.691 0.802 0.816 0.831 0.705 0.698 0.771 0.754

Leakage-controlled-pretraining
Mamba2 328 0.750 0.729 0.699 0.806 0.847 0.820 0.713 0.701 0.792 0.762
U-Net 39 0.756 0.733 0.680 0.795 0.851 0.880 0.699 0.735 0.792 0.769
H-Net-128BPT[10] 65 0.781 0.676 0.785 0.880 0.862 0.876 0.862 0.745 0.715 0.798
GeneZip-70M 50 0.845 0.788 0.720 0.877 0.829 0.886 0.820 0.781 0.834 0.820

Note. Due to resource limitations, Evo2-1B was fine-tuned using LoRA on 4×H100 GPUs, whereas all other models on a
single A100 GPU.

B.2 eQTL prediction

We evaluate long-range variant effect modeling on the nine DNALongBench [3] eQTL classification
tasks. Table 4 reports AUROC across tissues, along with end-to-end fine-tuning time under an
identical pipeline; training time is measured on the Artery Tibial task.

Experimental settings. For GeneZip-70M, we fine-tune the cis-regulatory focused 12.8K check-
point selected by average validation AUROC with the routing model frozen. This checkpoint uses the
ratio targets promoter:CDS:UTR:exon:intron:NIG:DIG = 1 : 16 : 2 : 4 : 2 : 2 : 4. The allocation
reflects a regulatory prior for this GTEx/Enformer-style benchmark: the dominant signal is expected
to lie in noncoding cis-regulatory context around the variant and target promoter, so promoter,
UTR/exonic boundary regions, introns, and nearby intergenic sequence retain higher resolution. This
does not imply that CDS is generally uninformative for expression, since coding sequence can affect
mRNA abundance through mechanisms such as nonsense-mediated decay, splicing, mRNA stability,
or codon usage. To stabilize supervised adaptation on limited labeled data and isolate the learned
compressor, we freeze the encoder, including the router and embedding layer, and optimize only the
task head. We use AdamW with learning rate 2× 10−4, weight decay 0.1, (β1, β2) = (0.9, 0.95),
a linear learning-rate schedule with warmup ratio 0.1, and gradient clipping ∥g∥2 ≤ 1.0. Because
the input is long, we train for 3 epochs with per-device batch size 1 and gradient accumulation 8
(effective batch size 8 per device), using BF16 mixed precision.

In terms of efficiency, models with explicit downsampling/compression modules (NTv3 [21], H-Net,
and GeneZip) fine-tune substantially faster than those without (HyenaDNA and Caduceus), underscor-
ing the need to reduce effective sequence length before token mixing in long-context genomic tasks.
GeneZip is substantially faster than HyenaDNA, Caduceus, and JanusDNA, completing training in
50 minutes compared to 210 minutes for HyenaDNA, 435/891 minutes for Caduceus variants, and
2520 minutes for JanusDNA, while remaining close to the fastest compressed baseline.

For effectiveness, GeneZip outperforms H-Net on 5 of 9 tissues, indicating that region-aware pre-
training provides a transferable inductive bias beyond generic adaptive compression. GeneZip is
competitive with the strongest baseline, JanusDNA: it achieves the best AUROC on Adipose and
Blood, and the best or second-best AUROC on 6/9 tissues at displayed precision, with a 50.4×
speedup (50 vs. 2520 minutes).
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Table 5: Contact map prediction on DNALongBench [3]. We report stratum-adjusted correlation
coefficient (SCC) and Pearson correlation (Corr) across five cell lines, along with the average. Best
results are in bold; second best are underlined.

Model HFF H1hESC GM12878 IMR90 HCT116 Avg

SCC ↑ Corr ↑ SCC ↑ Corr ↑ SCC ↑ Corr ↑ SCC ↑ Corr ↑ SCC ↑ Corr ↑ SCC ↑ Corr ↑

Task-specific baselines
CNN-one-hot 0.0291 0.0571 0.0010 0.0297 0.0086 0.0321 0.0065 0.0302 0.0190 0.0203 0.0128 0.0339

External-pretraining
JanusDNA 0.1604 0.2125 0.1589 0.2099 0.1396 0.1872 0.1575 0.2066 0.1788 0.1993 0.1590 0.2031
NTv3-100M-pre 0.1433 0.1951 0.1371 0.1873 0.1009 0.1548 0.1344 0.1832 0.1646 0.1825 0.1361 0.1806
Evo2-1B 0.0208 0.1005 0.0127 0.0918 0.0060 0.0922 0.0154 0.0912 0.0337 0.0742 0.0177 0.0900

Leakage-controlled-pretraining
Mamba2 0.1122 0.1631 0.1157 0.1657 0.0803 0.1134 0.1101 0.1588 0.1358 0.1532 0.1108 0.1508
U-Net 0.1326 0.1853 0.1306 0.1823 0.1043 0.1543 0.1269 0.1782 0.1625 0.1812 0.1314 0.1762
H-Net-128BPT 0.1130 0.1626 0.1139 0.1597 0.0917 0.1405 0.1117 0.1597 0.1606 0.1811 0.1182 0.1607
GeneZip-70M 0.1324 0.1840 0.1338 0.1867 0.1071 0.1600 0.1310 0.1804 0.1618 0.1843 0.1332 0.1791

B.3 Contact map prediction

We then assess how different downsampling modules affect representation learning on a long-range
genomics benchmark, the contact map prediction (CMP) task in DNALongBench [3]. CMP is a
two-dimensional regression task that maps a 1,048,576-bp DNA window to a binned chromatin
contact map at 2,048-bp resolution. Following prior work [28], we use a 2D CNN as the CMP
predictor backbone, but vary its input features: mean-pooled bin embeddings produced by different
sequence models. Specifically, we compare the following representations: one-hot DNA embeddings
(CNN-one-hot); Evo2-1B [20] with precomputed coverage-aware pooled bin embeddings from the
frozen backbone; NTv3-100M-pre; JanusDNA [6]; Mamba2 without compression; U-Net with
uniform compression at 128 bp per token; H-Net-128BPT; and GeneZip-70M. For GeneZip-70M, we
use the transcript-balanced 12.8K checkpoint selected by average validation SCC. This prior keeps
promoter/CDS resolution high, UTR/exon resolution intermediate, and intronic/intergenic regions
more compressed, which is plausible for chromatin contacts whose signal is distributed across genic
and regulatory sequence.

For each cell-type subset (HFF, H1hESC, GM12878, IMR90, HCT116), we train the same lightweight
CNN contact-map head on top of frozen sequence representations. The head uses projection di-
mension 128, distance-embedding dimension 16, a 2-layer 1D CNN with kernel size 5 and dropout
0.1, and a 3-layer 2D CNN with channels [64, 64, 64], kernel size 3, dropout 0.1, and symmetrized
outputs. We optimize with AdamW using learning rate 2 × 10−4, weight decay 0, batch size 32,
BF16 mixed precision, and gradient clipping ∥g∥2 ≤ 1.0. We train for 5,000 update steps.

Table 5 summarizes CMP results. JanusDNA is the strongest method on this task, reaching
0.1590/0.2031 average SCC/Corr. NTv3-100M-pre is the second strongest foundation-model baseline
behind JanusDNA, reaching 0.1361/0.1806 average SCC/Corr. Frozen Evo2-1B embeddings transfer
poorly in this setting, reaching only 0.0177/0.0900 average SCC/Corr; this is slightly above the
one-hot baseline and far below long-context baselines with task-aligned tokenization or compression.
GeneZip-70M reaches 0.1332/0.1791 average SCC/Corr, stays close to NTv3-100M-pre, and is the
strongest compression model trained in this work on GM12878 (SCC/Corr) and HCT116 Corr. The
region-ratio ablation in Table 10 indicates that RAR is most useful when its regional resolution prior
is selected for the downstream validation objective.

B.4 Transcription initiation signal prediction

We further evaluate base-pair-resolution regulatory signal prediction on the DNALongBench tran-
scription initiation signal prediction (TISP) task [3]. TISP predicts promoter-centered transcription
initiation profiles for five experimental assays, making it a stringent test of whether a compressed
sequence model can preserve fine-scale promoter information after long-context pretraining.

Evaluation protocol. We follow the official DNALongBench TISP task definition and evaluation
protocol. We use 100,000 bp input sequences and 10 nucleotide-resolution output tracks, corre-
sponding to plus and minus strands for FANTOM CAGE, ENCODE CAGE, ENCODE RAMPAGE,
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Table 6: Transcription initiation signal prediction (TISP) on DNALongBench [3]. We report Pearson
correlation (PCC) for FANTOM CAGE (FC), ENCODE CAGE (EC), ENCODE RAMPAGE (ER),
GRO-cap (GC), and PRO-cap (PC), along with the average. Task-specific and DNALongBench-
official baselines are copied from Cheng et al. [3]; all other language-model rows follow the official
TISP evaluation protocol with chromosome-level post-hoc evaluation. Best overall scores are in bold;
best non-expert scores are underlined.

Model FC EC ER GC PC Avg

Task-specific baselines
Expert Model[3] 0.808 0.710 0.749 0.624 0.774 0.733
CNN[3] 0.029 0.038 0.043 0.037 0.066 0.042

DNALongBench-official
HyenaDNA[3] 0.138 0.124 0.118 0.112 0.168 0.132
Caduceus-Ph[3] 0.114 0.088 0.088 0.097 0.154 0.109
Caduceus-PS[3] 0.113 0.088 0.090 0.102 0.156 0.108

External-pretraining
JanusDNA[6] 0.003 -0.001 0.003 0.000 0.003 0.002
NTv3-100M-pre[21] 0.220 0.148 0.149 0.170 0.284 0.194
Evo2-1B (LoRA)[20] -0.002 -0.002 -0.004 0.000 0.000 -0.002

Leakage-controlled-pretraining
Mamba2[25] 0.336 0.248 0.240 0.264 0.382 0.294
U-Net[26] -0.005 0.000 0.002 0.016 0.030 0.008
H-Net-128BPT[10] 0.241 0.193 0.186 0.220 0.335 0.235
GeneZip-70M 0.319 0.239 0.232 0.243 0.359 0.279

GRO-cap, and PRO-cap. All language-model rows evaluated in our pipeline use the same dense
per-base regression head, yielding logits ẑi,t interpreted as log-rates λ̂i,t = exp(ẑi,t) for base po-
sition i and track t. Unless otherwise specified, we use full fine-tuning with batch size 1, gradient
accumulation 4, AdamW learning rate 2 × 10−4, weight decay 0.01, BF16 mixed precision, one
epoch capped at 5,000 optimizer steps, validation every 1,000 steps, and seed 0. GeneZip disables
the ratio loss during supervised TISP adaptation and is trained with the pseudo-Poisson KL objective

LTISP =
1

LT

∑

i,t

[
yi,t log

yi,t + ϵ

λ̂i,t + ϵ
+ λ̂i,t − yi,t

]
, (12)

with ϵ = 10−5.

Model selection uses the validation chromosome with the same chromosome-level post-hoc scoring
path used at test time. Evaluation generates predictions for complete holdout chromosomes using
100 kb windows with a 50 kb step; only the center 50 kb of each 100 kb prediction is scored,
and an end-aligned final window covers chromosome tails without double-counting overlapping
segments. Positions near chromosome ends and unknown bases are excluded by the valid mask
before computing Pearson correlations. For each assay, we combine plus and minus strand tracks
and stream the sufficient statistics for PCC, then report the average over the five assays. Evo2-1B is
evaluated with LoRA because model size and sharding constraints make full fine-tuning impractical.

For GeneZip-70M, we use the promoter-distal regulatory 12.8K checkpoint selected by average
validation PCC. This prior preserves promoter resolution and also allocates high resolution to intronic
and near-gene intergenic compartments. This is consistent with the TISP objective, where base-
pair-resolution initiation profiles are dominated by promoter/TSS-proximal sequence features, while
nearby cis-regulatory context may provide additional signal. Table 6 augments the DNALongBench
TISP comparison with GeneZip-70M and additional baselines (H-Net-128BPT, Mamba2, U-Net,
NTv3-100M-pre, JanusDNA, and Evo2-1B (LoRA)), using the same task head and chromosome-
level post-hoc evaluation protocol with memory-compatible optimization budgets. The expert model
remains a strong task-specific upper reference. Among non-expert sequence models, Mamba2 is
strongest at 0.294 average PCC, while GeneZip-70M reaches 0.279 and improves substantially over
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Table 7: AUROC and AUPRC for the enhancer-target gene prediction (ETGP) task. Higher is better.
Best scores are in bold.

Model AUROC AUPRC

Task-specific baselines
Expert Model[3] 0.926 0.407
CNN[3] 0.797 0.310

DNALongBench-official
HyenaDNA[3] 0.828 0.249
Caduceus-Ph[3] 0.826 0.380
Caduceus-PS[3] 0.821 0.376

External-pretraining
JanusDNA[6] 0.822 0.438
NTv3-100M-pre[21] 0.823 0.440
Evo2-1B[20] 0.737 0.095

Leakage-controlled-pretraining
Mamba2[25] 0.783 0.322
U-Net 0.750 0.244
H-Net-128BPT 0.728 0.131
GeneZip-70M 0.823 0.446

the strongest published DNALongBench foundation-model baseline (HyenaDNA, 0.132) and over
H-Net-128BPT under the same evaluation protocol (0.235). The validation-selected GeneZip prior
preserves promoter-centered regulatory signal, and the uncompressed Mamba2 backbone remains a
strong baseline for nucleotide-resolution TISP adaptation.

B.5 Enhancer-target gene prediction

We further assess whether GeneZip transfers to regulatory interaction prediction using the enhancer-
target gene prediction (ETGP) task from DNALongBench [3]. For GeneZip-70M, we use the
intergenic-focused 12.8K checkpoint selected by validation AUPRC. We interpret this prior as
preserving intergenic/noncoding context for enhancer–target gene linking, not as evidence that distal-
intergenic (DIG) sequence alone drives ETGP performance. DNALongBench restricts enhancer–gene
candidates to within 450 kbp of the target TSS, whereas our NIG/DIG boundary is an operational
annotation threshold. We fine-tune this checkpoint on the K562 dataset for 15 epochs with learning
rate 1 × 10−3, LoRA enabled, mean pooling, and best-checkpoint test loading. We also include
H-Net and U-Net 12.8 Kbp controls evaluated with the same sequence-classification wrapper and
mean pooling; based on held-out AUPRC, we report the frozen H-Net run and the unfrozen U-Net
run. All other optimization and regularization settings follow the eQTL setup (AdamW, weight decay
0.1, (β1, β2) = (0.9, 0.95), warmup ratio 0.1, gradient clipping at 1.0, BF16). We use per-device
batch size 1 with gradient accumulation 8.

Table 7 reports AUROC and AUPRC. The Expert Model achieves the best AUROC (0.926), and
GeneZip-70M attains the best AUPRC (0.446), outperforming JanusDNA by +0.008 (0.446 vs. 0.438)
and the Expert Model by +0.039 (0.446 vs. 0.407). H-Net and U-Net remain below GeneZip-70M on
AUPRC (0.131 and 0.244 vs. 0.446), indicating that uniform long-sequence readouts are less effective
for sparse enhancer–gene ranking. AUROC differences among neural baselines are small (e.g., 0.823
for GeneZip-70M vs. 0.822 for JanusDNA), while the AUPRC gain shows that validation-selected
intergenic/noncoding allocation improves the ranking of top-scoring enhancer–gene links. This
supports the use of region-adaptive compression for cross-element regulatory association when the
allocation prior matches the task.

C A Detailed Analysis of GeneZip’s Compression Performance

Evaluation protocol. We evaluate the same encoder-only checkpoint set on human and mouse
held-out data. For human, we tile the full held-out chromosomes chr8, chr9, and chr10 into
contiguous non-overlapping 128 Kbp windows. The raw block contains 3262 windows; using

19



the same standard ambiguity filter as the GENCODE preprocessing path (max_n_frac=0.05), we
evaluate 3094 windows and skip 168 high-N or assembly-gap windows. For mouse, we use a fixed-
seed three-chromosome block (chr11, chr19, and chr10) from the GENCODE-derived mouse
genome and apply the same contiguous 128 Kbp tiling and ambiguity filter. The raw block contains
2456 windows; 2368 windows pass the filter and 88 high-N or assembly-gap windows are skipped.
For each window, the encoder predicts a hard boundary mask (with reverse-complement averaging),
inducing a variable-length tokenization; all metrics below are computed per window and then
reported as mean ± standard deviation. For both H-Net and GeneZip, Table 8 reports the stage 2
boundary-mask BPT; stage 1 routing tracks are used only as diagnostics.

Metrics. Let a window contain L bases x1:L and let boundary positions 0 = s1 < s2 < · · · <
sT < sT+1 = L define token spans [st, st+1). The observed base-per-token (BPT) is

BPTobs :=
1

T

T∑

t=1

(st+1 − st) =
L

T
. (13)

Given region labels, let Br be the number of bases assigned to region r in the window, and let N⋆
r

denote the target BPT for region r (Eq. 5). The expected BPT under the target allocation is

BPTexp :=

∑
r Br∑

r Br/N⋆
r

, (14)

and we report a global budget-matching ratio

BPT-ratio :=
BPTobs

BPTexp
. (15)

Note that BPTexp is a base-count weighted harmonic mean of {N⋆
r }, and BPT-ratio =

(
∑

r Br/N
⋆
r )/T equals the ratio of expected-to-observed token counts.

To measure region-level budget adherence, we fractionally attribute each token to regions. Let Rr be
the set of base indices labeled as region r, and define the (fractional) token count assigned to region r
as

Tr :=

T∑

t=1

|[st, st+1) ∩Rr|
st+1 − st

, N̂r :=
Br

Tr
. (16)

We then define the micro-averaged alignment error

MicroErr :=
1∑
r Br

∑

r

Br

∣∣∣∣∣log
N̂r

N⋆
r

∣∣∣∣∣ . (17)

MicroErr is an absolute log error: exp(MicroErr) can be interpreted as the geometric mean multi-
plicative mismatch.

To characterize where token budget is spent, we report group-level enrichment over promoter, genic
(CDS/UTR/exon), and intergenic (intron/NIG/DIG) regions:

Enrich(g) :=
Tg/

∑
r Tr

Bg/
∑

r Br
,

Tg :=
∑

r∈g

Tr, Bg :=
∑

r∈g

Br.
(18)

Here, Enrich(g) > 1 indicates that the token budget is concentrated on group g relative to its genomic
coverage. Finally, we report base-level perplexity

PPL := exp

(
1

L

L∑

i=1

− log p(xi | x<i)

)
. (19)

Lower perplexity indicates better language modeling quality.
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Table 8: Compressor analysis of encoder-only checkpoints on full-chromosome held-out blocks.
Human uses contiguous windows from chr8/chr9/chr10; mouse uses contiguous windows from
chr11/chr19/chr10. BPT-ratio is reported as a diagnostic of global token budget; PPL and
MicroErr best values are bold within each species. Region enrichment values are interpreted relative
to each row’s region-allocation prior.

Species Model Observed BPT BPT-ratio PPL ↓ MicroErr ↓ Intergenic enrich Promoter enrich Genic enrich

Human

H-Net-BPT128 124.4 ± 4.4 0.972 ± 0.034 2.8699 - 1.001 ± 0.009 0.996 ± 0.138 0.970 ± 0.232
GeneZip-12.8K-intergenic-focused 113.7 ± 16.1 1.397 ± 0.326 2.8618 0.4969 1.034 ± 0.038 0.668 ± 0.236 0.680 ± 0.247
GeneZip-12.8K 189.2 ± 80.7 1.060 ± 0.240 2.8730 0.3372 0.922 ± 0.086 1.902 ± 1.041 1.593 ± 0.835
GeneZip-128K 198.8 ± 96.0 1.106 ± 0.263 2.8417 0.2676 0.891 ± 0.127 2.424 ± 1.872 1.581 ± 1.001

Mouse

H-Net-BPT128 120.7 ± 5.2 0.943 ± 0.040 3.5559 - 1.005 ± 0.011 0.978 ± 0.178 0.912 ± 0.226
GeneZip-12.8K-intergenic-focused 142.2 ± 18.4 1.538 ± 0.420 3.5489 0.4739 1.034 ± 0.041 0.621 ± 0.263 0.674 ± 0.253
GeneZip-12.8K 162.7 ± 27.6 0.919 ± 0.199 3.5613 0.4189 0.923 ± 0.086 2.040 ± 1.115 1.682 ± 0.917
GeneZip-128K 186.9 ± 33.3 1.054 ± 0.232 3.5586 0.2566 0.884 ± 0.133 2.832 ± 2.245 1.752 ± 1.270

Results and discussion. Table 8 evaluates the same learned compressors on full held-out human
and mouse chromosome blocks. Across each species, the PPL values are close: the human rows
range from 2.8417 to 2.8730, and the mouse rows range from 3.5489 to 3.5613. We therefore do not
interpret this analysis primarily as a PPL ranking. Instead, it shows that the different routing policies
preserve broadly comparable base-level reconstruction on thousands of contiguous held-out windows,
even when their token budgets and regional allocations differ substantially.

Transferable region-aware compression. The main signal is the allocation pattern. H-Net-BPT128
serves as a uniform-budget baseline: its enrichment values stay close to one and it has no region-
specific target, so MicroErr is not reported. GeneZip, by contrast, preserves the intended direction
of the region-aware prior without using annotations at inference time. The intergenic-focused prior
keeps intergenic enrichment above one and promoter/genic enrichment below one on both held-out
human chromosomes (1.034/0.668/0.680 for intergenic/promoter/genic) and mouse chromosomes
(1.034/0.621/0.674). Thus, the same learned policy transfers to unseen human chromosomes and to
an unseen species while maintaining the specified intergenic-focused compression direction.

This transfer is not limited to one prior. The transcript-balanced GeneZip-128K model shows
the opposite allocation direction in both species, compressing intergenic sequence more strongly
while preserving denser promoter and genic resolution: its intergenic/promoter/genic enrichment
is 0.891/2.424/1.581 on held-out human chromosomes and 0.884/2.832/1.752 on mouse chromo-
somes. Together, these results support the intended use of GeneZip as a controllable compression
interface: different biological priors can specify where the model should spend token budget, and
the learned routing policy retains that direction beyond the chromosomes and species seen during
compressor training.

C.1 Repeat-subset predictability details

Table 9 reports the predictability measurements that support the redundancy-aware compression
analysis in Section 4.2 and Figure 4. For each repeat subset, we report mean repeat-position PPL,
matched-background PPL, and their ratio, averaged per window in the original full-window context.
These values show that many TE-derived and tandem-repeat subsets are easier to predict than their
matched background. This supports a compressibility prior for repeat interiors, not a claim that
repetitive DNA is biologically irrelevant; TE-derived elements can be regulatory, and not every
repeat subset is easier to predict than its matched background. The main-text BPT analysis then tests
whether the router converts repeat predictability into stronger local compression while preserving
resolution through overlapping gene-structure annotations when present.

D Case studies of GeneZip compression

To make the learned routing policy more concrete, we visualize the boundary probability (i.e.,
token-emission probability) along representative loci, together with a region taxonomy derived from
GENCODE gene models [8]. Figure 5 overlays region labels (promoter/CDS/UTR/exon/intron/near-
intergenic (NIG)) with per-base boundary probabilities produced by GeneZip-70M (BPT = 137.6)
and an H-Net-70M baseline (BPT = 122.2) [10].

21



Table 9: Repeat-subset predictability details for the Figure 4 analysis. Each cell reports mean
repeat-position PPL / matched-background PPL / PPL ratio, averaged per window in the original
full-window context. PPL ratio below 1 means the named repeat subset is easier to predict than its
matched background.

Species Repeat subset GeneZip repeat / bg / ratio H-Net repeat / bg / ratio GeneZip BPT ratio H-Net BPT ratio

Human

DNA transposon 2.67 / 2.85 / 0.94 2.68 / 2.85 / 0.94 1.07 0.97
LINE 2.17 / 2.95 / 0.74 2.17 / 2.95 / 0.74 1.17 0.92
LTR 2.28 / 2.87 / 0.80 2.27 / 2.87 / 0.80 1.13 0.95
SINE 1.69 / 2.94 / 0.58 1.69 / 2.94 / 0.58 2.67 1.24
TR 1.97 / 2.87 / 0.69 2.02 / 2.86 / 0.71 1.56 0.79

Mouse

DNA transposon 2.97 / 3.58 / 0.83 2.98 / 3.57 / 0.83 2.00 1.18
LINE 3.35 / 3.60 / 0.93 3.35 / 3.59 / 0.94 1.22 0.99
LTR 3.61 / 3.58 / 1.01 3.61 / 3.56 / 1.02 1.08 0.99
SINE 3.37 / 3.59 / 0.94 3.37 / 3.58 / 0.94 1.15 0.87
TR 1.97 / 3.65 / 0.54 2.02 / 3.64 / 0.56 1.44 0.47

Figure 5: Case studies of region-adaptive compression. Region labels are induced from GENCODE
gene models [8] (promoter/CDS/UTR/exon/intron/near-intergenic (NIG)), and the curves plot per-
base boundary probability for H-Net [10] and GeneZip. We highlight two loci on chr9: a promoter-
dense transcript locus (chr9:136,980,237–137,030,237; top) and an intron-dominated gene locus
(chr9:37,530,000–37,580,000; bottom). Across both loci, GeneZip concentrates boundary mass in
promoters and transcribed features, while suppressing diffuse boundaries in long intronic or intergenic
spans.

Across both loci, GeneZip exhibits region-adaptive allocation: boundary probability increases in
promoters and transcribed features (exon/CDS/UTR) and decreases over long intronic and intergenic
spans, yielding higher effective resolution where genomic signals are dense. In the promoter-dense
locus (top), GeneZip maintains elevated boundary density around successive promoter segments and
nearby transcribed landmarks, while compressing relatively feature-sparse intervals between them. In
the intron-dominated locus (bottom), GeneZip suppresses diffuse boundaries across the long gene
body and intergenic spans, while preserving sharp peaks near promoters and exon-related landmarks.
Compared to H-Net, which produces a noisier boundary profile with weaker alignment to region
labels, GeneZip learns a more selective policy that better matches the Region-Aware Ratio objective.

E Ablation Studies

E.1 Region-Ratio Ablation Study

This section ablates the central control variable in GeneZip: the region multiplier µr in the Region-
Aware Ratio (RAR) objective. Recall from Eq. 5 that the target base-pairs-per-token for region r is
N⋆

r = Nµr. Thus, smaller µr assigns higher resolution to a genomic compartment, and larger µr
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Table 10: Region-ratio ablation over the RAR multipliers µr. The region order is (promoter, CDS,
UTR, exon, intron, NIG, DIG). Smaller µr gives higher resolution in that region, whereas larger
µr gives stronger compression. eQTL reports average AUROC across tissues, ETGP reports AU-
ROC/AUPRC, CMP reports average SCC/Corr across five cell lines, and TISP reports average PCC
across five transcription-initiation assays.

Setting µr Biological allocation prior eQTL ETGP CMP TISP
AUROC AUROC/AUPRC SCC/Corr PCC

Uniform RAR (1, 1, 1, 1, 1, 1, 1) no region-specific biological prior 0.8183 0.7931 / 0.2297 0.1182 / 0.1607 0.2349
Promoter-distal regulatory (1, 16, 8, 8, 2, 2, 4) promoter, intron, and near-gene intergenic resolution 0.7967 0.8204 / 0.4330 0.1324 / 0.1788 0.2785
Cis-regulatory focused (1, 16, 2, 4, 2, 2, 4) promoter, UTR, intron, and near-gene intergenic resolution 0.8200 0.8196 / 0.3554 0.1282 / 0.1751 0.2764
Intergenic-focused (32, 16, 8, 4, 2, 4, 1) intergenic/noncoding resolution; intentionally coarser promoter resolution 0.7863 0.8225 / 0.4464 0.1280 / 0.1735 0.2238
Transcript-balanced (1, 1, 2, 2, 8, 8, 16) promoter/CDS resolution with moderate UTR/exon resolution 0.7558 0.8160 / 0.3334 0.1332 / 0.1791 0.2741

compresses that compartment more aggressively. The ablation tests whether task-aware biological
priors can steer GeneZip; it is not intended to identify a single universally optimal ratio.

The motivation is biological. Functional information is not uniformly distributed along the genome:
GENCODE gene models provide stable gene-structure compartments, ENCODE and FANTOM
annotations show that promoters, enhancers, and other cis-regulatory elements occupy specialized
genomic contexts, and comparative constraint maps show that functional constraint is highly non-
uniform across human DNA [7, 8, 23, 29, 30]. GeneZip uses this fact as a controllable compression
prior. If a task depends on information concentrated in region family Y , we can lower µr for r ∈ Y
to spend more tokens there and increase µr elsewhere to keep the global budget feasible.

For final downstream reporting, the single GeneZip-70M row for each DNALongBench task is
selected using validation performance among non-uniform 12.8K GeneZip RAR checkpoints. This
means that the main summary reports validation-selected RAR priors per downstream task, not one
fixed regional prior for all tasks. The transcript-balanced row in Table 10 provides the fixed-prior
comparison. This 12.8K comparison keeps the pretraining-data sequence length and context-length
budget matched to the leakage-controlled baselines. The uniform RAR setting is excluded from
task-wise prior selection and retained as a region-agnostic RAR control with no region-specific
multiplier. We select eQTL by average validation AUROC, ETGP by validation AUPRC, CMP by
average validation SCC, and TISP by average validation PCC. This yields the cis-regulatory focused
checkpoint for eQTL, intergenic-focused for ETGP, transcript-balanced for CMP, and promoter-distal
regulatory for TISP; Table 10 reports the corresponding held-out test results.

Ablation settings. Table 10 reports five settings, always in the region order (promoter, CDS,
UTR, exon, intron, NIG, DIG). The transcript-balanced prior is the default GeneZip prior: it
preserves promoters and CDS at the highest resolution, keeps UTR/exon at intermediate resolution,
and compresses intronic and intergenic sequence more strongly. The cis-regulatory focused prior
preserves promoter, UTR, intronic, and near-intergenic sequence while compressing CDS more
aggressively, reflecting that expression-modulating variants often act through noncoding cis-regulatory
sequence [2, 31, 32]. The promoter-distal regulatory prior further emphasizes promoter, intron, and
NIG sequence, while retaining moderate resolution in DIG, motivated by the mixture of promoter/TSS-
proximal and nearby regulatory contexts captured by transcription-initiation and enhancer-target gene
benchmarks [30, 33, 34]. The uniform RAR setting removes the region-specific multiplier but still uses
the RAR framework, and is therefore a region-agnostic RAR control rather than a true no-RAR model.
The intergenic-focused setting assigns high resolution to intergenic/noncoding sequence, with the
highest resolution assigned to DIG and coarser resolution to promoters, testing whether performance
follows the biological compartment emphasized by the task, instead of improving whenever the token
budget is redistributed.

Transcription initiation signal prediction (TISP). The updated TISP results make the task-specific
pattern clearer. TISP is promoter-centered: CAGE and RAMPAGE identify capped transcription
start sites, while GRO-cap and PRO-cap capture nascent initiation signals. The relevant sequence
signal is therefore expected to concentrate around promoters and TSS-proximal sequence, with
nearby cis-regulatory context providing additional signal rather than replacing the promoter-centered
objective [3, 29, 30, 35]. Consistent with this biology, the best TISP PCC is achieved by the promoter-
distal regulatory prior (0.2785), which keeps promoters at maximal resolution (µpromoter = 1) and
also allocates high resolution to intronic and near-gene intergenic regions. The cis-regulatory focused
prior is close behind (0.2764), and the default transcript-balanced prior remains competitive (0.2741).
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In contrast, uniform RAR reaches only 0.2349, and the intergenic-focused setting drops to 0.2238
because it compresses promoters with µpromoter = 32. This gap is biologically informative: TISP
improves when GeneZip preserves compartments where initiation-associated regulatory grammar is
expected to reside, not under arbitrary non-uniform compression.

Expression quantitative trait locus (eQTL) prediction. eQTL prediction is not a purely local
promoter task. Regulatory effects can arise from promoters, UTRs, intronic enhancers, gene-body
sequence, gene-adjacent noncoding sequence, and coding or splicing-linked mechanisms, while
tissue-specific eQTL maps show that expression variation is distributed across diverse cis-regulatory
contexts [7, 31, 32]. In this benchmark, the cis-regulatory focused prior obtains the best average
AUROC (0.8200), with uniform RAR close behind (0.8183). The promoter-distal and intergenic-
focused allocations drop to 0.7967 and 0.7863, and the transcript-balanced default reaches 0.7558
in the matched evaluation run. This trend differs from TISP: while transcription initiation benefits
most from promoter and nearby regulatory resolution, this GTEx/Enformer-style eQTL benchmark
benefits from a cis-regulatory allocation that preserves promoter, UTR, intronic, and near-gene
intergenic sequence while compressing CDS more aggressively. The result does not imply that CDS
is generally uninformative for expression. GeneZip’s flexibility is useful because the regional prior
can be matched to the biological structure of the downstream task; arbitrary non-uniform priors do
not consistently improve performance.

Enhancer-target gene prediction (ETGP). ETGP is the ablation where noncoding intergenic and
gene-proximal regulatory allocation matters most. Enhancer–gene links are mediated by enhancer
activity, promoter activity, genomic distance, and physical or regulatory contact between candidate
regulatory elements and target-gene-proximal sequence [33, 34, 36]. All non-uniform regulatory
settings outperform the uniform RAR control in AUROC: promoter-distal regulatory reaches 0.8204,
cis-regulatory focused reaches 0.8196, transcript-balanced reaches 0.8160, and the intergenic-focused
prior reaches 0.8225, compared with 0.7931 for uniform RAR. The ETGP-selected setting supports
the importance of preserving intergenic/noncoding sequence for enhancer–target gene linking. Be-
cause the benchmark restricts enhancer–gene candidates to within 450 kbp of the target TSS, and
because our NIG/DIG boundary is an operational annotation threshold rather than a biological cutoff,
we do not interpret this result as evidence that DIG alone drives ETGP performance. Instead, it
indicates that task-specific allocation toward noncoding intergenic context is beneficial. The same
prior is weak on eQTL and TISP, so its ETGP performance should be read as task-specific alignment,
not as a globally superior compression policy.

Chromatin contact map prediction (CMP). CMP is a stress test for 1-Mb local chromatin folding,
not a single-region local signal. At this scale, contact maps include CTCF-associated loops, TAD/sub-
TAD organization, enhancer–promoter contacts, Polycomb-like contacts, and local compartment-like
boundary signals [28, 36–39]. Here, every non-uniform GeneZip setting improves over the uniform
RAR control (0.1182 SCC): promoter-distal regulatory reaches 0.1324, cis-regulatory focused reaches
0.1282, intergenic-focused reaches 0.1280, and transcript-balanced reaches 0.1332. The small spread
among biologically plausible priors is expected for a structure-prediction task whose signal is
distributed across compartments. The important result is that task-aware region allocation remains
competitive under a two-dimensional long-range task and also helps beyond local promoter or variant
tasks.

Takeaway. The RAR ablation suggests that no single regional compression schedule is optimal
across long-range genomics tasks. TISP favors high resolution around promoter/TSS-proximal and
nearby regulatory sequence, consistent with base-pair-resolution transcription initiation profiling.
eQTL favors cis-regulatory allocation, consistent with sequence-based classification of expression-
modulating variants near target genes. ETGP benefits from preserving intergenic/noncoding context,
but because the benchmark restricts candidates to within 450 kbp of the target TSS and our NIG/DIG
boundary is operational, we interpret this as evidence for noncoding intergenic allocation rather
than DIG-specific biology. CMP favors a more balanced transcript-aware allocation, consistent
with the mixed sequence determinants of 1-Mb local chromatin folding, including CTCF-associated
loops, TAD/sub-TAD organization, and cell-type-specific regulatory contacts. These results support
task-aligned regional compression priors. However, because different RAR priors can also change
the observed number of retained tokens, we treat the ablation as evidence for biologically plausible
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Table 11: Auxiliary context-length ablation on DNALongBench under the default transcript-
balanced GeneZip prior. Both rows use 70M GeneZip checkpoints and matched downstream
fine-tuning/evaluation protocols. eQTL reports average AUROC across nine tissues, ETGP re-
ports AUROC/AUPRC, CMP reports average SCC/Corr across five cell lines, and TISP reports
average PCC across five transcription-initiation assays.

Model Context eQTL ETGP CMP TISP
AUROC AUROC/AUPRC SCC/Corr PCC

GeneZip-70M 12.8K 0.7558 0.8160 / 0.3334 0.1332 / 0.1791 0.2741
GeneZip-70M-128K 128K 0.7837 0.8354 / 0.4559 0.1360 / 0.1823 0.2993

Table 12: Statistics of the GENCODE-derived pretraining corpora used in this work. Total BP is
reported in Mbp. Region columns report Mbp with within-split percentages in parentheses under our
7-region taxonomy: promoter, coding sequence (CDS), UTR, exon, intron, near-intergenic (NIG),
and distal-intergenic (DIG). N BP reports ambiguous bases (N) in Mbp. The test split corresponds
to contiguous, non-sampled windows from held-out chromosomes (chr8, chr9, chr10), while
train/valid are sampled windows.
Dataset Split Total BP (M) N BP (M) Promoter CDS UTR Exon Intron NIG DIG

GENCODE-Human-12.8k train 12160.00 0.16 1815.54 (14.93%) 324.84 (2.67%) 296.16 (2.44%) 190.66 (1.57%) 6758.93 (55.58%) 2636.61 (21.68%) 137.26 (1.13%)
valid 640.00 0.01 96.56 (15.09%) 17.08 (2.67%) 15.51 (2.42%) 9.89 (1.55%) 355.94 (55.61%) 138.24 (21.60%) 6.79 (1.06%)

GENCODE-Human-128k train 12672.00 0.63 1047.20 (8.26%) 223.82 (1.77%) 259.47 (2.05%) 174.46 (1.38%) 7546.70 (59.55%) 3266.07 (25.77%) 154.28 (1.22%)
valid 128.00 0.01 10.52 (8.22%) 2.23 (1.74%) 2.72 (2.12%) 1.79 (1.40%) 77.64 (60.65%) 32.21 (25.17%) 0.90 (0.70%)

Held-out (chr8, 9, chr10) 417.34 17.52 22.44 (5.38%) 3.42 (0.82%) 4.81 (1.15%) 5.11 (1.22%) 243.77 (58.41%) 117.50 (28.15%) 20.31 (4.87%)

allocation effects rather than a fully token-count-matched causal test; fully isolating regional allocation
from token-count effects requires matched-BPT controls.

E.2 Context-Length Ablation Study

The region-ratio study above changes the region-allocation prior at fixed 12.8 Kbp context to keep
the main comparison strictly fair with the leakage-controlled baselines, which use the same context
length and pretraining-data sequence length. Due to computation budget, we did not train 128K
versions for every baseline model or every region-ratio prior. We therefore treat Table 11 as an
auxiliary context-length ablation under the default transcript-balanced prior, not as a replacement for
the main task-selected 12.8K comparison.

The comparison shows a consistent benefit from length scaling. At the same 70M-parameter model
size, continuing pretraining from 12.8K to 128K contexts improves every downstream task under
this auxiliary setup: eQTL average AUROC increases from 0.7558 to 0.7837, ETGP improves
from 0.8160/0.3334 to 0.8354/0.4559 AUROC/AUPRC, CMP improves from 0.1332/0.1791 to
0.1360/0.1823 SCC/Corr, and TISP PCC increases from 0.2741 to 0.2993. The longer-context
pretraining stage improves language-modeling metrics and can transfer into better downstream
performance when compute allows matched 128K variants.

F Training Data Details

We construct the human pretraining corpora from the GRCh38 primary assembly together with the
GENCODE v49 basic gene annotation [8].

Region taxonomy and priority overlay. We build a genome-wide region map and label each base
with exactly one region under a deterministic priority order: promoter > cds > utr > exon >
intron > nig > dig. Promoters are defined as symmetric windows around the transcript TSS (TSS
±1 kbp). We further partition intergenic sequence into near-intergenic (NIG) and distal-intergenic
(DIG) based on proximity to annotated transcription start sites (TSSs). After applying the region-
priority overlay (so that promoter/genic regions take precedence), an intergenic base is labeled as
NIG if it lies within 450 kbp (genomic distance) of any annotated TSS; otherwise it is labeled as DIG.

25



Sampling, splits, and formats. We create two corpora with fixed context lengths: 12.8K bp and
128K bp. For train/valid, windows are sampled with a mixture of center choices that increases
coverage near transcription start sites and coding regions, alongside uniform sampling across the
remaining genome. Each window stores the raw DNA sequence together with a run-length encoded
segmentation over the 7-region taxonomy. The valid split is an in-distribution holdout constructed
with the same sampling procedure as train.

DNALongBench leakage filtering and held-out chromosomes. To tailor the corpus for DNA-
LongBench evaluation and mitigate benchmark leakage [3, 40], we remove all genomic intervals
used by DNALongBench validation/test sets from the sampling pool for train/valid. In addition,
we fully hold out the DNALongBench transcription-initiation held-out chromosomes chr8, chr9,
and chr10 during sampling. These chromosomes are reserved to construct a chromosome-level
test split by tiling chr8, chr9, and chr10 into contiguous, non-overlapping windows of the target
context length (without sampling).

G Comparison to Tokenization Methods

Tokenization can be interpreted as a special case of the encoder in Eq. 1: it maps a raw sequence
x1:L into a sequence of units u1:T before token mixing. GeneZip studies a different problem from
tokenization. Most DNA tokenization methods are designed to define useful sequence units or
vocabularies. GeneZip targets high-ratio, controllable length reduction for long-context inputs. This
distinction matters because our target setting requires compressing 105–106 bp sequences into a
much shorter latent sequence while preserving high resolution in biologically important regions.

BPE tokenization. Byte-Pair Encoding (BPE) learns a static merge table from corpus-level sub-
string frequencies and then applies the same merge rules to every sequence [41]. DNABERT-2
introduces BPE tokenization for DNA foundation models, where it provides a compact vocabulary-
level representation for multi-species genomes [17]. However, BPE does not optimize for an explicit
long-context compression budget. Its merge decisions are frequency driven, global, and fixed after
tokenizer training; they do not enforce a per-sample BPT target, a bounded routing budget, or a
region-wise allocation constraint such as N̂r ≈ N⋆

r . BPE changes the input representation, yet it does
not directly serve GeneZip’s goal of high-ratio, region-aware compression for long-context sequence
modeling.

Learnable Tokenization. Recent DNA tokenization work also learns sequence units without a hand-
designed vocabulary. MxDNA learns tokenization through a sparse mixture of convolution experts and
deformable convolution, targeting discontinuous, overlapping, and ambiguous genomic segments [11].
MergeDNA frames dynamic tokenization as token merging: it stacks differentiable token-merging
blocks with local-window constraints to chunk adjacent bases, then couples the dynamic tokenizer
with latent Transformer modules and context-aware pretraining objectives [12]. Table 13 includes the
available tokenization baselines for comparison. BPE is a drop-in tokenizer, so we evaluate it with
the same backbone and GENCODE training data as GeneZip; it reaches only 1.4 bp/token. Official
MxDNA is not drop-in because its learned tokenization is a model-internal conversion layer in a
Transformer, changing hidden-state length and attention masks. A faithful Mamba implementation
would require reimplementation and retraining, so we use the authors’ released checkpoint; it gives
around 3.0 bp/token. At this resolution, training on 450K-bp eQTL/ETGP windows remains infeasible
for MxDNA under the same budget, leading to CUDA out-of-memory errors. GeneZip reaches about
170 bp/token on these windows, enabling the downstream speed and scale advantage. The point of
this comparison is scope: BPE and MxDNA are useful tokenizers, while GeneZip is designed for
the case where long-context compute is the bottleneck and high-ratio region-aware compression is
required.

H Limitations and Future Work

The current GeneZip pre-training is derived on human genomic data. The full-chromosome hu-
man/mouse compressor analysis in Table 8 provides inference-time evidence that the learned routing
policy transfers across held-out chromosomes and to another mammalian genome while still con-
centrating token budget according to the selected biological prior. This does not substitute for full
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Table 13: Comparison with tokenization baselines on long-context downstream windows. BPT is
evaluated on the eQTL Artery Tibial test set and computed as total bp divided by total tokens, using
effective stage 2 router tokens for GeneZip. Downstream metrics follow Table 2.

Model BPT eQTL AUROC ETGP AUPRC

BPE 1.3947 0.7544 0.2540
MxDNA 3.0283 OOM OOM
GeneZip 169.6499 0.8200 0.4464

multi-species pretraining and downstream benchmarking. Extending the training setup to broader
multi-species resources with harmonized region annotations is an important direction for future work.

GeneZip builds on the underlying H-Net routing architecture [10]. Our contribution is to introduce
a region-aware compression objective and bounded budget control on top of this dynamic routing
framework. The boundary predictor still relies on representation dissimilarity between neighboring
tokens, and its decisions may therefore be affected by noisy or low-complexity DNA sequences where
local dissimilarity does not always correspond to functionally useful resolution.

Finally, the current supervision is centered on static region annotations and the Region-Aware Ratio
objective. A promising next step is to incorporate richer function-oriented supervision beyond
annotation labels, for example sequence-to-function objectives inspired by models such as Enformer
and NT-family genomic predictors [1, 21]. We do not anticipate direct negative societal impact from
the present methodological contribution. These technical scope limitations should still be considered
when applying GeneZip-style compression to new organisms, datasets, or downstream genomic
prediction settings.
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