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ABSTRACT

Genomic language models are widely used as general-purpose encoders for se-
quences, enabling transfer to tasks such as regulatory-element prediction, variant
scoring, and genome-wide annotation. In practice, however, both deployment
and adaptation are frequently constrained by GPU memory and throughput, es-
pecially for long inputs, heterogeneous sequence lengths, and larger checkpoints.
We present a unified, efficiency-oriented implementation for inference and fine-
tuning of two encoder-only model families: GENA-LM (110M, 336M) and Nu-
cleotide Transformer (500M, 2.5B). Our framework combines (i) IO-aware atten-
tion kernels (FlashAttention) that avoid materializing the full attention matrix, (ii)
padding-free variable-length execution via sequence packing, (iii) token-budget
batching to stabilize utilization under mixed lengths, and (iv) parameter-efficient
adaptation using LoRA. We additionally support optional memory knobs, includ-
ing activation checkpointing, ZeRO stage-2 CPU offload, and 4-bit/8-bit quantiza-
tion. Across four model sizes, we validate numerical fidelity via pseudo-perplexity
agreement with a reference implementation, characterize inference memory and
throughput scaling with sequence length and batch size, and isolate training-
time memory contributions in a progressive ablation. On downstream binary
classification benchmarks (promoter and enhancer prediction), the efficient im-
plementation yields considerable fine-tuning speedups and peak-memory reduc-
tions while maintaining broadly comparable task performance. Finally, we quan-
tify quantization-induced drift by measuring embedding cosine similarity across
model sizes, highlighting model-dependent trade-offs.

1 INTRODUCTION

Genomic language models (GLMs) learn contextual representations of DNA sequence from large
unlabeled corpora and can be reused as pretrained encoders for a wide range of downstream biol-
ogy tasks (Consens et al., 2025; Feng et al., 2025). This ”foundation model” workflow is attractive
because it concentrates the up-front cost of representation learning in a single backbone: once pre-
trained, the same encoder can be adapted to many prediction problems by attaching a lightweight
head or performing task-specific fine-tuning (Vaswani et al., 2017; Bommasani et al., 2021). This
reuse is particularly useful for sequence-based applications, where accurate prediction depends on
combining signals across scales such as short motifs, local composition, and longer-range depen-
dencies (Benegas et al., 2025).

Even when pretrained language models transfer well, the cost of running and adapting them can be-
come a bottleneck, and genomic language models face the same challenge in long-context genomics
settings (Wan et al., 2023; Bai et al., 2024). These constraints often limit routine workflows and mo-
tivate efficiency-focused implementations that reduce resource use while preserving model behavior.
One way to address these limitations is to change the model architecture. For example, HyenaDNA
replaces dense attention with convolutions, enabling longer contexts while scaling sub-quadratically
with sequence length (Nguyen et al., 2023). However, architectural changes are not drop-in re-
placements for widely used Transformer models and do not directly address a common deployment
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question: for existing models, how much efficiency can be recovered through implementation and
training-system choices alone?

Recent work suggests this gap can be significant (Çelik & Xie, 2025). In protein language mod-
eling, careful reimplementations that use modern kernels and variable-length execution have im-
proved runtime and reduced memory while closely matching reference behavior (Çelik & Xie,
2025). Similar implementation-driven improvements have also been demonstrated in long-context
regulatory genomics models—for example, Flashzoi refactors Borzoi’s positional encoding to bet-
ter support FlashAttention-2, reducing computational overhead while maintaining predictive per-
formance (Hingerl et al., 2025). Motivated by these observations, we study implementation-level
optimizations for widely deployed Transformer-based GLMs.

We integrate a set of complementary optimizations that target attention memory, padding waste, and
fine-tuning footprint, and we evaluate (i) output agreement with a reference forward pass, (ii) in-
ference memory/throughput scaling with sequence length and batch size, (iii) training-time memory
under progressive optimization knobs, and (iv) downstream fine-tuning efficiency and task perfor-
mance. Our results show that much of the deployment cost is implementation-dependent, providing
a practical path to more efficient deployment and adaptation of existing GLMs.

2 METHOD

2.1 OVERVIEW

Our goal is to make existing Transformer-based genomic language models more practical for routine
inference and fine-tuning by reducing GPU memory use and improving throughput without changing
model architectures, pretrained weights, or task formulations. We focus on five questions:

1. Does the efficient implementation preserve the numerical behavior of the reference model?

2. How do peak memory and throughput scale with sequence length and batch size?

3. Which optimizations contribute most to training-time memory reduction?

4. Can downstream task performance be maintained while reducing training time and memory?

5. What are the memory–fidelity trade-offs of 4-bit and 8-bit quantization?

We address these questions using a unified implementation that combines exact-attention kernels,
padding-free execution for variable-length inputs, and parameter-efficient adaptation for fine-tuning.
Mathematical details are provided in Appendix A.

2.2 MODELS

We study two widely used encoder-only GLM families trained with masked language modeling:
GENA-LM (Fishman et al., 2025) (110M, 336M) and Nucleotide Transformer (NT) (Dalla-Torre
et al., 2025) (500M, 2.5B). While both families follow a similar pretraining recipe, they differ in
model design and implementation choices, including positional encoding and tokenization. These
differences help assess how broadly efficiency techniques carry over across families and where
family-specific handling is required.

2.3 EFFICIENCY TECHNIQUES

We apply techniques that target distinct bottlenecks in attention, padding waste, and training foot-
print, while keeping the forward computation of attention exact when quantization is not enabled.

IO-aware exact attention via FlashAttention. Standard scaled dot-product attention materializes
an L × L attention matrix and incurs O(L2) memory in sequence length L. We replace this with
FlashAttention (Dao, 2023), which computes the same attention outputs while avoiding explicit
materialization through tiled, fused kernels. This reduces attention-related activation memory to
O(L) and typically improves effective memory bandwidth utilization, providing the largest benefit
at longer sequences.
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Padding-free variable-length execution via sequence packing. Genomic datasets often exhibit
substantial length heterogeneity. Padding to the longest sequence in a batch wastes compute and
increases attention memory (Krell et al., 2022). We eliminate padding overhead by packing variable-
length sequences into a contiguous token stream and maintaining boundaries through a prefix-sum
array of cumulative sequence lengths. We then call FlashAttention’s variable-length interface, which
computes attention only over real tokens and prevents attention from crossing sequence boundaries.

Token-budget batching for stable utilization. To reduce step-time variance and limit worst-case
memory spikes under heterogeneous lengths, we form batches by capping the total number of tokens
per forward pass rather than fixing the number of sequences (Ott et al., 2019). Concretely, we
construct each batch by adding examples until a global token budget is reached (after packing), then
start a new batch. This yields more predictable memory and throughput, especially when combined
with packed variable-length execution.

Activation checkpointing. During fine-tuning, activation storage can dominate memory for
smaller and mid-sized models. We apply gradient checkpointing at the transformer-layer granu-
larity, trading recomputation for reduced activation memory (Chen et al., 2016).

Parameter-efficient fine-tuning with LoRA. Full fine-tuning requires gradients and optimizer
state for all parameters, which is prohibitive for large checkpoints. We use Low-Rank Adaptation
(LoRA) (Hu et al., 2021), inserting low-rank updates into attention projections while freezing the
pretrained weights. This reduces the number of trainable parameters and associated optimizer state
by orders of magnitude.

Optional optimizer-state offload (ZeRO Stage-2). For the largest checkpoints, optimizer state
can dominate GPU memory even after attention optimization. We optionally enable ZeRO Stage-2
(Rajbhandari et al., 2019) with CPU offload, which partitions optimizer states and gradients across
devices and can offload them to host memory. This reduces peak GPU memory at the cost of
additional CPU–GPU transfers.

Optional 4-bit / 8-bit quantization. To further reduce parameter memory at inference time, we
optionally apply 4-bit or 8-bit quantization using bitsandbytes (Dettmers et al., 2022). Because
quantization changes numerical behavior, we treat it as a separate knob and explicitly characterize
drift relative to BF16.

2.4 EXPERIMENTAL SETUP

Evaluation axes and metrics. We organize experiments to align with our five questions:

1. Fidelity: agreement between baseline and efficient implementations, measured by Pearson cor-
relation (r) between pseudo-perplexity values.

2. Inference scaling: peak GPU memory (GB) and throughput (sequences/s) as functions of se-
quence length and batch size.

3. Training memory: peak GPU memory (GB) under progressive optimization stages.

4. Downstream fine-tuning: classification accuracy, training time (s), and peak GPU memory
(GB).

5. Quantization trade-offs: parameter memory and embedding cosine similarity relative to BF16.

Data. We use two categories of inputs:

• Synthetic sequences: uniformly sampled from {A,C,G,T} with fixed random seed (42) to isolate
implementation and hardware effects. For pseudo-perplexity, we evaluate 50 sequences of length
1000.

• Downstream tasks: promoter prediction (300 bp) and enhancer prediction (400 bp) from the
Nucleotide Transformer benchmark suite (Dalla-Torre et al., 2025).
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Figure 1: Pseudo-perplexity agreement between baseline and efficient implementations. Each point
corresponds to one sequence (50 total). Pearson correlations are shown in the legend.

Fine-tuning configuration. Unless stated otherwise, we fine-tune with LoRA rank 16, dropout =
0.1, weight decay = 0.01, and batch size 16 for 5 epochs using AdamW with learning rate 10−4.
LoRA adapters are applied to query, key, and value projections.

Hardware and measurement protocol. All experiments run on NVIDIA H100 GPU. Peak mem-
ory corresponds to the maximum GPU memory observed during each operation. Inference bench-
marks use 10 runs and report mean values.

3 RESULTS

3.1 FIDELITY: EFFICIENT FORWARD PASS TRACKS THE REFERENCE IMPLEMENTATION

We first test whether the efficient implementation preserves model behavior by comparing pseudo-
perplexity on 50 synthetic sequences of length 1000. Figure 1 shows strong agreement across all
checkpoints, with Pearson correlations reported in the legend. This indicates that exact-attention
kernels and packed variable-length execution preserve the forward-pass behavior of the reference
models in the tested setting.

3.2 INFERENCE SCALING: MEMORY SAVINGS AND THROUGHPUT GAINS INCREASE WITH
LENGTH AND BATCH SIZE

We benchmark inference across sequence lengths from 256 to 4096 at batch size 16, and across
batch sizes from 1 to 32 at sequence length 1024. Figure 2 compares baseline and efficient imple-
mentations.
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(a) Peak GPU memory versus sequence length (left) and batch size (right).

(b) Inference throughput versus sequence length (left) and batch size (right).

Figure 2: Inference scaling for baseline versus efficient implementation. Memory savings and
throughput gains grow with sequence length and batch size as attention- and padding-related costs
become dominant.

Peak memory. The memory gap widens with both sequence length and batch size (Figure 2a). At
shorter lengths, parameter storage is a dominant component. As L increases, attention activations
become the limiting factor: baseline attention grows as O(L2), while FlashAttention reduces atten-
tion activation memory to O(L). Packed execution further avoids padding-driven inflation when
lengths vary, improving both memory efficiency and effective utilization.

Throughput. Throughput gains follow a similar trend (Figure 2b). FlashAttention reduces mem-
ory traffic through fused kernels, while packed execution removes compute spent on padding tokens.
The combined benefit is most pronounced in regimes where attention and padding dominate runtime,
namely longer sequences and larger batches.

3.3 TRAINING MEMORY: PROGRESSIVE ABLATION HIGHLIGHTS REGIME SHIFTS WITH
MODEL SIZE

To isolate the contribution of each optimization, we measure peak GPU memory at sequence length
1000 and batch size 16 under progressive optimization stages (Figure 3).

FlashAttention. FlashAttention provides the largest single reduction across all checkpoints, con-
sistent with attention activations being a major memory contributor at this length.

Checkpointing. Checkpointing provides a smaller incremental benefit than FlashAttention in
this setting because FlashAttention already removes the largest attention-related activation term
at L=1000. After that reduction, non-activation components (e.g., parameters, optimizer/gradient
buffers, and miscellaneous allocator overheads) constitute a larger fraction of peak memory, limiting
the marginal gains from further activation-saving alone.
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Figure 3: Training peak GPU memory under progressive optimizations. FlashAttention yields the
largest initial reduction; checkpointing and ZeRO provide additional savings, with ZeRO most im-
pactful for the largest model.

ZeRO offload. ZeRO Stage-2 CPU offload provides the largest incremental benefit for the NT
2.5B checkpoint (33.88 → 11.49 GB), where optimizer state dominates after attention is opti-
mized. For smaller models, the CPU-offload machinery and transfer buffers can outweigh the sav-
ings (e.g., GENA-LM 110M increases from 1.18 to 2.49 GB), making ZeRO most useful when
optimizer/gradient state is a substantial component of the training footprint, while offering limited
benefit (or overhead) when peak memory is dominated by other factors.

3.4 DOWNSTREAM FINE-TUNING: LARGE EFFICIENCY GAINS WITH COMPARABLE
ACCURACY

We fine-tune all checkpoints on promoter and enhancer binary classification using LoRA and com-
pare baseline and efficient implementations (Figure 4).

Efficiency. The efficient implementation substantially improves end-to-end fine-tuning efficiency.
Speedups generally increase with model size, consistent with larger checkpoints benefiting more
from improved kernel efficiency and reduced memory traffic.

Task performance. Across models and tasks, the efficient and baseline implementations achieve
broadly comparable classification accuracy. Small differences are expected due to mixed precision
and the interaction between training dynamics and implementation details, but the results suggest
that the efficiency gains do not require significant sacrifice of downstream performance in these
settings.

3.5 QUANTIZATION: ADDITIONAL MEMORY SAVINGS WITH MODEL-DEPENDENT DRIFT

We evaluate 4-bit and 8-bit quantization using a conservative strategy for NT models and quantify
drift relative to BF16 via embedding cosine similarity (Figure 5).

Fidelity. All models except NT 2.5B maintain embedding similarity above 0.98. NT 2.5B is more
sensitive: quantization lowers similarity to roughly 0.9. A practical takeaway is that representational
drift under quantization is model-dependent and can be noticeably larger for the largest checkpoint,
even under the same quantization recipe.
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(a) Promoter prediction.

(b) Enhancer prediction.

Figure 4: Downstream fine-tuning comparison. The efficient implementation achieves training
speedup and peak-memory reduction with broadly comparable accuracy.

Figure 5: Quantization trade-offs. Left: embedding cosine similarity with BF16. Right: peak
memory.

Memory. Quantization reduces parameter memory and can enable deployment on more memory-
constrained hardware. For NT 2.5B, memory decreases from 6.7 GB (BF16) to 5.6 GB (4-bit). The
relative gains are smaller for smaller models because non-parameter components (activations and
temporary buffers) constitute a larger fraction of peak memory in many workloads.
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4 DISCUSSION

Genomic language models are increasingly used as reusable encoders for DNA sequence, but their
practical adoption is often constrained by GPU memory and throughput, especially for long in-
puts, heterogeneous sequence lengths, and large checkpoints. In this study, we presented a unified
implementation designed to reduce these bottlenecks without modifying Transformer architectures
or pretrained weights. Across two widely used encoder-only families, GENA-LM and Nucleotide
Transformer, we combined exact-attention kernels (FlashAttention), padding-free variable-length
execution (sequence packing), token-budget batching for stable utilization, and parameter-efficient
adaptation (LoRA). We also evaluated optional memory-oriented knobs, including activation check-
pointing, ZeRO Stage-2 CPU offload, and 4-bit/8-bit quantization.

A consistent pattern across experiments is that deployment cost is strongly shaped by implementa-
tion choices, particularly in long-sequence regimes. Fidelity experiments showed strong agreement
between the baseline and efficient implementations when using exact-attention kernels and packed
variable-length execution, supporting the premise that substantial efficiency gains are possible with-
out altering model function in the non-quantized setting. Inference benchmarks further indicated
that benefits increase with sequence length and batch size, consistent with the asymptotic mismatch
between baseline O(L2) attention memory and the O(L) activation footprint enabled by FlashAt-
tention, as well as the removal of padding-related waste under packing. The progressive training ab-
lation highlighted a regime shift with model size: once attention and activation memory are reduced,
large checkpoints become dominated by optimizer state, making ZeRO offload most impactful for
the largest model while offering limited benefit (or even overhead) for smaller checkpoints.

On downstream promoter and enhancer classification, the same system-level changes produced large
reductions in wall-clock training time and peak GPU memory while maintaining broadly compara-
ble accuracy. This suggests that for fine-tuning workflows, efficiency-oriented implementations
can deliver large practical gains without requiring new model variants or specialized architectures.
Quantization provided an additional path to reduce parameter memory.

This study has several limitations. First, fidelity was evaluated using pseudo-perplexity agreement
on synthetic sequences at a fixed length, which is a direct check of output consistency but does
not exhaustively cover longer contexts, real genomic sequence distributions, or rare edge cases.
Second, benchmarks were run on H100 94GB GPUs, so absolute throughput and the relative impact
of offloading may differ on smaller GPUs or on systems with different CPU–GPU bandwidth and
interconnect characteristics. Third, downstream evaluation was limited to two short-input binary
classification tasks, which do not fully represent long-context use cases such as sliding-window locus
scanning, genome-wide annotation, or variant-effect scoring over larger receptive fields. Finally,
quantization was assessed via embedding cosine similarity as a proxy for representational drift;
while informative, task-level evaluation under quantized inference or fine-tuning would be required
to translate these changes into application-level impact.

Overall, our results indicate that a large fraction of GLM deployment cost is implementation-
dependent, and that substantial efficiency gains are achievable for widely used Transformer check-
points without architectural changes. By providing a modular implementation and a systematic eval-
uation suite, this work offers a practical path to extending GLM usage to longer sequences, larger
models, and memory-constrained deployment settings common in applied genomics pipelines.
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A TECHNICAL NOTES

A.1 PACKING AND VARIABLE-LENGTH ATTENTION

We consider a batch of B sequences with token lengths {Li}Bi=1. For padded execution, sequences
are padded to Lmax = maxi Li. For packed execution, only real tokens are concatenated into a
single stream of length T =

∑
i Li, together with cumulative offsets

cu seqlens[0] = 0, cu seqlens[i] =

i∑
j=1

Lj , i = 1, . . . , B. (1)

We use FlashAttention’s variable-length interface with cu seqlens so that attention is computed
independently within each segment and does not cross sequence boundaries.

A.2 FIDELITY METRIC: PSEUDO-PERPLEXITY FOR MASKED LMS

Perplexity is not directly defined for masked language models. We therefore use pseudo-perplexity
via a pseudo-likelihood objective that masks one position at a time. For a tokenized sequence
x = (x1, . . . , xL), let x\t denote the sequence where xt is replaced by [MASK]. The model yields
conditional probabilities pθ(xt | x\t). We compute

pPPL(x) = exp

− 1

|I(x)|
∑

t∈I(x)

log pθ(xt | x\t)

 , (2)

where I(x) excludes padding and special tokens (e.g., [CLS], [SEP]) for consistency across im-
plementations. To quantify agreement between baseline and efficient implementations, we compute
pPPL per sequence and report Pearson correlation across sequences.

A.3 BENCHMARKING CONVENTIONS

Peak GPU memory. We report peak allocated GPU memory during the measured region using
the framework allocator statistics (e.g., PyTorch CUDA memory stats). Peak measurements can be
affected by temporary buffers, caching, and fragmentation; we therefore compare implementations
under matched settings.
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Throughput. We report inference throughput as sequences/second. When lengths vary, to-
kens/second is also informative:

tokens/s =
∑B

i=1 Li

step time (s)
. (3)

All throughput results use the same measurement protocol described in the main text.
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