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ABSTRACT

Large Genomic Foundation Models have recently achieved remarkable results and
in-vivo translation capabilities. However these models quickly grow to over a few
Billion of parameters and are expensive to run when compute is limited. To over-
come this challenge, we present a distillation framework for transferring mRNA
representations from a state of the art genomic foundation model into a much
smaller model specialized for mRNA sequences, reducing the size by 200-fold.
Embedding-level distillation worked better than logit based methods, which we
found unstable. Benchmarking on mRNA-bench demonstrates that the distilled
model achieves state-of-the-art performance among models of comparable size
and competes with larger architectures for mRNA-related tasks. Our results high-
light embedding-based distillation of mRNA sequences as an effective training
strategy for biological foundation models. This enables similar efficient and scal-
able sequence modelling in genomics, particularly when large models are compu-
tationally challenging or infeasible.

1 INTRODUCTION

Distillation is a widely used approach for compressing large models into smaller efficient counter-
parts while preserving most of their predictive power Hinton et al. (2015); Romero et al. (2015);
Zagoruyko & Komodakis (2017); Yim et al. (2017); Tung & Mori (2019); Heo et al. (2019). As
model sizes continue to grow, both training and inference become increasingly expensive and com-
putationally demanding. Larger models also suffer from slower inference times, which is problem-
atic in domains requiring large-scale forward passes. For instance, in-silico cell perturbation studies
often involve evaluating thousands or potentially millions of computational experiments Lotfollahi
et al. (2019); Lopez et al. (2018); Cui et al. (2024). Compact yet capable models are therefore essen-
tial for feasibility and cost-effectiveness. Such models can also serve as efficient proxies for rapid
verification or filtering before resorting to billion-parameter architectures.

In this paper, we use distillation to train a student model called HelixNano-mRNA (Hybrid Mamba-
Attention model Wood et al. (2025) with ∼5M parameters) using representations of mRNA se-
quences from a teacher model, which we chose to be Evo2-1B Brixi et al. (2025). Specifically, we
align intermediate embeddings from Evo2 with two student hidden layers to transfer structural and
contextual information. While the teacher model is trained on both DNA and RNA sequences, we
distill knowledge only on mRNA inputs to obtain a student model specialized for mRNA repre-
sentation learning. Direct logit distillation Hinton et al. (2015) was found to be unstable, with the
KL divergence oscillating heavily during training Yuan et al. (2021). This may be due to our work
involving biological data as opposed to text Jiao et al. (2020). Embedding distillation produced con-
sistent improvements yielding state-of-the-art performance among models of comparable size and
out-performing a host of much larger models Sun et al. (2019); Jiao et al. (2020).
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Little work exists in the post-training landscape for genomic models, and even less so for distillation
of these models Madani et al. (2020); Geffen et al. (2022). In this work we show the following
contributions:

• Embedding-based distillation, at least for mRNA sequences, is more stable than logit-based
distillation for genomic models.

• 200-Fold reduction in size while achieving state-of-the-art performance for its size on
mRNA-bench Shi et al. (2025).

• Using intermediate latent representations is an effective approach for biological model dis-
tillation.

After the distillation, we name the resulting student model HelixNano-mRNA. It can be easily ex-
tended with linear layers and a task-specific loss for downstream mRNA sequence generation, clas-
sification, and regression. We release the distilled model weights at https://huggingface.
co/helical-ai/HelixNano-mRNA.

2 METHODS

2.1 DISTILLATION VIA INTERMEDIARY LATENT EMBEDDINGS

In general, the distillation loss function can be expressed as a combination of Ltotal = LCE +
LKL + LED, where LKL = KL

(
pt(x) ∥ ps(x)

)
is the KL divergence between the output probability

distributions of the teacher pt(x) and student ps(x) Hinton et al. (2015); Gou et al. (2021). LED is
the loss between teacher Et(x) and student embeddings Es(x). In our case specifically, we define
LED as a combination of both the mean-square loss Lmse = ∥||Et(x) − Es(x)||∥22 and cosine loss
Lcos = 1 − Et(x) · Es(x). Empirically in our experiments, removing the KL and cross-entropy
terms performed best which is why in the following we only use the embedding matching loss.

Our adapted distillation loss is given by Ltrain = λcos Lcos + λmse Lmse + λwd ∥θ∥22, where Lcos is
the cosine embedding loss between up-projected student embeddings and teacher embeddings and
θ denotes all trainable student parameters. We set λcos ≫ λmse to ensure directional alignment
dominates while the Euclidean term prevents exploding norms. Alongside optimizer weight decay
this led to better training stability and smaller absolute embedding values.

Focusing on mRNA sequences, we first tokenize mRNA sequences similarly to the original Evo2-1B
model (per nucleotide) and feed them to both models, freezing the teachers weights.

To match the different sizes between the teacher and student model we use linear projection layers
to align the hidden dimensions of latent teacher and student embeddings (see Figure 1, R256 →
R1942) Tian et al. (2022); Zbontar et al. (2021); Bardes et al. (2022); Chen et al. (2023); Miles &
Mikolajczyk (2024). Down-projection of the teacher embeddings can lead to zero loss solutions
as both the model and projection layers collapse. We did not choose layers too early in Evo2 as
they may not encode as much latent information and found two layer matching to work better than
one layer Sun et al. (2019). Prior work on Genomics Foundation Models has also shown that the
best embeddings are not typically from final layers Dalla-Torre et al. (2025); Brixi et al. (2025).
For student embeddings we concatenate the output from both layers and the mean over the context
length is taken for a one-dimensional final embedding.

As we match final layers of both models, the student may have learnt sufficient representations from
Evo2 for mapping back to the token space (e.g., using an additional linear layer). Due to compu-
tational limits, we were not able to evaluate how all combinations of layer pairs affect evaluation
metrics. Nevertheless, we achieve state-of-the-art performance on a current benchmark using rea-
sonable chosen blocks Shi et al. (2025). We found that taking the embeddings post-norm worked
better due to normalisation. We do not expect our model to learn all Evo2 latent representations due
to the dimension mismatch but rather learn to encode a number of essential directions.

2.2 DISTILLATION DETAILS

We train with the following hyperparameters: batch size 32, sequence lengths of 2048 tokens,
AdamW with a weight decay of 1 × 10−2, learning rate of 2 × 10−4 with linear warmup over
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Figure 1: The student model is aligned with two hidden layers (5th and 8th) using projections from
layers of Evo2-1B (12th and 25th) .

the first 2000 steps, λcos = 1.0, λmse = 0.1, dropout 10%, and gradient norm clipping with a max-
imum of 1.0. We train in mixed precision (bfloat16) on 4x A100 GPUs. Total training time is 24
hours.

2.3 DATASET

Training mRNA datasets can be found on the NCBI ftp server: https://ftp.ncbi.
nih.gov/refseq/release/. We used all the files ending in ’.rna.gbff.gz’ and sub-
sampled 27 million sequences out of the possible 56 million due to budgetary constraints.
The dataset consisted of 43.6% other vertebrates (https://ftp.ncbi.nih.gov/refseq/
release/vertebrate_other/), 28.3% mammals (https://ftp.ncbi.nih.gov/
refseq/release/vertebrate_mammalian/), 26.4% invertebrates (https://ftp.
ncbi.nih.gov/refseq/release/invertebrate/) and 1.6% viruses (https://ftp.
ncbi.nih.gov/refseq/release/viral/).

2.4 EVALUATION AND METRICS

During training and evaluation we monitor the below metrics (alongside total loss). Note we use an
up-arrow (↑) for student embeddings after the linear projection layer.

To assess the effect of the projection layer, we applied the above Centred Kernel Alignment (CKA)
metric, which quantifies the structural similarity between two sets of representations (independent
of embedding dimensionality Kornblith et al. (2019).

In total we use the following metrics: Projection cosine loss and MSE for each aligned layer
Lcos = 1−E↑

s (x) ·Et(x) and MSE = 1
n

∑n
i=1

(
E↑

s (xi)− Et(xi)
)2

; Student embedding variance
to detect collapse: Var(Es) = 1

d

∑d
j=1 Var(Es,j); Linear CKA between teacher embeddings and

(up-projected) student embeddings CKA(Et, E
(↑)
s ) =

∥E⊤
t E(↑)

s ∥2

F

∥E⊤
t Et∥

F

∥∥∥(E(↑)
s )⊤E

(↑)
s

∥∥∥
F

.

After training, we benchmark the model on mRNA-bench Shi et al. (2025), which involves :
mRNA Half-Life (HL) (measures transcript stability via half-life), mRNA Subcellular Localization
(mRNA-Loc-SR) (predicts cellular compartment from short-read data; long-read data unavailable
1), Paired mRNA Half-Life and Mean Ribosome Load (MRL-HL-Pair) (jointly models stability
and translation efficiency), GO Term Classification (GO) (predicts gene function across molecular,
biological, and cellular categories), Protein Localization (Prot-Loc) (predicts protein subcellular lo-
calization) Massively Parallel Translation Assay – Mean Ribosome Load (MRL-MPRA) (predicts
translation efficiency from synthetic 5’UTRs), eCLIP Binding (eCLIP) (predicts RNA-binding pro-
tein interactions), and Variant Effect Prediction (VEP) (predicts pathogenic single-nucleotide vari-
ants in mRNA).

1https://github.com/morrislab/mRNABench/issues/23
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3 RESULTS

We train until convergence with training and validation curves shown on Figure A1. Both losses
decrease sharply during the initial phase and then reduce much slower. Similar behaviour is reflected
in other metrics (see Appendix). During training gradient norms and variances exploded using only
a cosine loss, which is why a small MSE loss was added between student and teacher embeddings
(see Figures A2–A4). We computed CKA both before and after projection to evaluate whether the
linear layer contributes substantially. Figure A5 shows the CKA values pre- and post-projection,
revealing no significant impact from the linear layer.

We benchmarked Evo2-1B, the student model - HelixNano-mRNA, and orthrus-base-4 (Orthrus-
1M) Fradkin et al. (2024) on mRNA-bench. Score by task are shown in Figure 2a while overall
score by model size is shown on Figure 2b. The distilled model achieves leading performance across
nearly all tasks for its size 2.

(a) Comparing models by task.
(b) Overall model performance by size. Our model
is denoted by red dot. Figure adapted and re-created
from Shi et al. (2025).

Figure 2: Benchmark results.

Distillation was attempted using sequence logits and KL divergences but this did not perform as well.
The entropy for the logit distribution was very noisy, including large spikes and erratic behaviour,
making model learning difficult particularly given its smaller size (see Figure A6 and Figure A7).
We briefly tested the model by matching a single hidden layer with Evo2 but found better results
with two layer matching. This is not an extensive analysis and more work should be done to verify
this behaviour Yu et al. (2025).

For the matched layers we implemented PCA to the Evo2 embeddings giving us the number of
dimensions needed to account for > 90% of the variance. This was a surprisingly small for post-
norm layers (6 dimensions) but much higher for block 12 (431, see Table 1) which was used for
downstream biological tasks by the Evo2 authors Brixi et al. (2025). The norm layers are most
likely collapsing the embedding space, explaining why the student model was able to achieve lower
cosine losses as compared to non-norm layers. A UMAP of embeddings by phylum and model is
shown in the Appendix (see Figure A8).

4 FUTURE WORK

This work presents HelixNano-mRNA and aims to set up foundations for distillation and other
post-training work in the biological foundational model domain. Future work can focus on both
further interpreting noisy KL divergences in distillation of biological sequences alongside effects of
matching various layers. Extending the distilled embeddings to downstream tasks, such as sequence
generation and variant effect prediction will further evaluate predictive performance.

2mRNA-Loc-LR omitted from aggregated results due to unavailability of the processed version used in Shi
et al. (2025) at time of writing; see https://github.com/morrislab/mRNABench/issues/23
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A APPENDIX

Figure A1: Losses for the train and validation set

Figure A2: Student model gradient norms and embedding variances during training

Figure A3: Cosine training loss for the first and second matched layers.
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Figure A4: MSE Losses for training and validation data

Figure A5: Central Kernel Alignment (CKA) Values Pre- and Post- Linear Projection Layer during
training.

Figure A6: Entropy against position from the start of the mRNA sequence. Abrupt changes in the
logit distribution and regions of high entropy make learning difficult.

Table 1: Number of principal components required to reach different variance thresholds for Evo2
hidden layers.

Variance Threshold block 12 norm

50% 1 2
75% 1 4
90% 1 5
95% 1 6
99% 431 6
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Figure A7: Summary entropy statistics across 100 mRNA sequences. The average probability per
token is slightly better than uniform.

Figure A8: UMAP over Phylum for Evo2 and the student model.
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