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ABSTRACT

The success of foundation models has driven their application to biological data,
including RNA, DNA, and protein sequences. These are expected to adapt to new
tasks, while also providing novel insights into molecular function and biological
mechanisms underlying health and disease. Despite recent advances, benchmarks
show that biological foundation models fail to consistently outperform simpler
supervised approaches. Moreover, key challenges remain, such as the develop-
ment of faithful interpretation methods and the integration of multiple modalities.
Here, we propose BIO-Distiller, a framework to distill the rich information from
biological foundation models into smaller models. In our benchmark on six RNA
downstream tasks, we first show that well-tuned supervised baselines can still
outperform foundation models. Furthermore, knowledge distillation consistently
boosts the baselines’ performance by up to 10% across all tasks. Additionally, our
framework is capable of integrating multiple foundation models, whether from the
same modality by exploiting design and pre-training differences, or across differ-
ent modalities. The results not only confirm the potential of BIO-Distiller but also
provide guidelines for its application to new tasks and modalities, paving the way
toward high-performing, efficient, and easily interpretable supervised models for
biology.

1 INTRODUCTION

The impressive performance of Foundation Models (FMs) Bommasani et al. (2022) in domains such
as Natural Language Processing and Computer Vision has demonstrated their exceptional capacity
to exploit large-scale pre-training to generalize across diverse tasks and modalities. This success has
prompted their adoption in the biomedical domain Liu et al. (2025), including the introduction of
biological FMs Consens et al. (2025); Benegas et al. (2025), pre-trained on RNA Chen et al. (2022);
Zhang et al. (2023); Chu et al. (2024), DNA Nguyen et al. (2023), and protein sequences Lin et al.
(2023).

Despite significant advances, biological FMs still face critical challenges that limit their practical
applicability Benegas et al. (2025); Sapoval et al. (2022). Benchmark studies have shown that nei-
ther fine-tuning FMs Xu et al. (2024) nor utilizing their frozen embeddings Marin et al. (2023); Tang
et al. (2025) consistently surpasses traditional supervised methods on genomic downstream tasks.
Additionally, most biological FMs remain unimodal, with only recent efforts focusing on multi-
modal integration techniques Garau-Luis et al. (2025) and multimodal pre-trained models He et al.
(2025). Finally, interpretability is still a major open issue, as existing approaches mainly depend
on post hoc analyses that are often constrained by architectural design choices such as the chosen
tokenization strategy Chen et al. (2024) and the input modality, which cannot be adapted to the
downstream tasks.

In this work, we explore Knowledge Distillation (KD) Hinton et al. (2015) as a promising approach
to tackle the limitations of biological FMs. Originally developed to transfer knowledge from large
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Figure 1: Overview of the BIO-Distiller framework. (A) The framework can take RNA, DNA,
or protein sequences as input. It conducts Knowledge Distillation (KD) using information from the
Foundation Models (FMs) pre-trained on the input sequence modality. It performs KD either using
the representations (Feature KD) or using the logits (Response KD) of the teacher FM. These models
are trained to predict six RNA-related downstream tasks. (B) FMs across modalities. (C) Settings:
One Teacher KD (One-T KD), Ensemble KD across RNA-based (EnsKD-RNA) and multimodal
FMs (EnsKD-MM).

models or ensembles to smaller, more efficient ones, KD allows these compact models to maintain
high performance while substantially improving inference efficiency. Little work exists on KD appli-
cations in genomics, and only recently has it been used to distill ensembles into student models that
preserve generalization performance Avsec et al. (2026), along with their increased robustness Zhou
et al. (2026).

In this study, we explore KD as a novel and versatile strategy to harness the strengths of pre-trained
biological FMs, while overcoming some of their major applicability limitations. To that end, we
introduce the BIO-Distiller framework to enable the distillation of knowledge from one or more bi-
ological FMs into a supervised model of our choice. We address the lack of existing guidelines by
performing an extensive evaluation of diverse distillation approaches across six RNA sequence-level
downstream tasks from an existing benchmark Ren et al. (2025) and six different biological FMs
across multiple modalities. Moreover, we re-imagine multi-teacher distillation as a novel paradigm
to integrate biological FMs across different modalities. In the current version, we test a well-tuned
standard Convolutional Neural Network as the student model. However, considering that our frame-
work is designed to be model-agnostic, it can be extended to dataset-specific alternatives, addressing
the design constraints of adapting FMs in downstream tasks.

Contributions.

• We validate prior results on DNA tasks Xu et al. (2024) by showing that well-tuned su-
pervised baselines can perform comparably or even outperform RNA-based FMs on RNA-
related downstream tasks.

• We show that distilling from a single RNA-based FM can boost the performance of the
supervised baseline by up to 10%.

• Given our extensive evaluation of diverse distillation strategies, we provide the first guide-
lines to apply knowledge distillation techniques on genomic tasks.

• We demonstrate that a simple average ensemble of RNA-based FMs, exploiting their dis-
tinct design choices, can consistently result in the highest performance across tasks.

• We propose knowledge distillation as a novel method to integrate FMs across different
biological modalities.

• We confirmed the ability of our distilled supervised models to extract relevant biological
insights using a standard interpretability pipeline.
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2 BACKGROUND

2.1 BIOLOGICAL FOUNDATION MODELS

Foundation Models (FMs) are ML models pre-trained on large-scale datasets, allowing their adapta-
tion to a wide range of downstream tasks Bommasani et al. (2022). Recently, there has been growing
interest in developing such models tailored for biological domains, such as RNA, DNA, and protein
sequences Liu et al. (2025); Consens et al. (2025); Benegas et al. (2025).

Despite significant interest in developing biological FMs, several challenges hinder their effective-
ness on downstream tasks. Pre-training strategies that have delivered strong results in Natural
Language Processing often fail to translate to the genomics domain. Notably, supervised base-
lines Xu et al. (2024); Marin et al. (2023); Tang et al. (2025) and even randomly initialized genomic
FMs Vishniakov et al. (2024) have demonstrated comparable performance to pre-trained models,
calling into question the practical benefits of current pre-training approaches in genomics. More-
over, a key objective of applying deep learning to biology is not only to learn complex interactions
and patterns from input data, but also to extract meaningful biological insights from these mod-
els Talukder et al. (2021); Sapoval et al. (2022); Novakovsky et al. (2023). Although attention
weights and post-hoc methods like SHAP Lundberg & Lee (2017) offer ways to interpret input fea-
tures, uncovering global patterns and decision rules, particularly in large-scale models like FMs,
remains an active and unresolved area of research Bereska & Gavves (2024). Finally, many biologi-
cal processes, such as isoform expression and translation efficiency, depend on the complex interplay
between DNA, RNA, and protein sequences. To make more accurate predictions, models must inte-
grate information across all these modalities. However, most biological FMs developed to date have
been unimodal. While recent studies have explored methods for combining embeddings from dif-
ferent biological FMs Garau-Luis et al. (2025) and pre-training large-scale multimodal models He
et al. (2025), this still remains an active and evolving area of research.

2.2 KNOWLEDGE DISTILLATION

The need for powerful and high-performing FMs in conjunction with the need to design smaller,
efficient models has rapidly increased interest in the domain of knowledge distillation Yang et al.
(2024); Sun et al. (2023); Vemulapalli et al. (2024). Distillation was originally proposed as a way to
transfer information from a larger ensemble of models into a smaller student model by providing it
“soft-labels” from the teacher to serve as additional guidance Hinton et al. (2015). When the student
model is an easily interpretable one, such as a decision tree, distillation can then be used to explain
the decision of the larger black-box teacher Frosst & Hinton (2017). More broadly, these techniques
have been primarily employed in domains such as computer vision and natural language processing
Gou et al. (2021), but there is little work studying this in biological domains. Here, recent work
showcases a novel ensemble distillation framework, titled DEGU, to distill both the output and its
epistemic uncertainty estimate from the teacher ensemble into the student model Zhou et al. (2026).
Similarly, this approach has been employed in the AlphaGenome framework to compress a high-
performing ensemble of supervised models Avsec et al. (2026).

3 METHODS

In this section, we outline the BIO-Distiller framework (ref fig. 1) for conducting knowledge distil-
lation on biological FMs. We describe the different components of it, including the different FMs,
supervised baseline, downstream tasks, knowledge distillation approaches, and distillation settings.

3.1 SUPERVISED BASELINE AND STUDENT MODEL

We use a simple three-layer Convolutional Neural Network (CNN) both as a baseline supervised
model and as a student model for evaluating knowledge distillation, following an architecture de-
sign similar to prior work in genomics Grešová et al. (2023); Zhou & Troyanskaya (2015). Each
convolutional block consists of a one-dimensional convolution, followed by batch normalization,
ReLU activation, max pooling with a kernel size ks, a stride of 2, and dropout with probability
pdrop. The initial number of channels, denoted by chinit, are halved after each layer. After the final
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convolutional block, global average pooling is applied over the sequence length, and the resulting
feature vector is passed through two fully connected layers of equal size, producing the final logits.

3.2 BIOLOGICAL FOUNDATION MODELS

We employed four RNA-based FMs: RNA-FM Chen et al. (2022), TE+EL and MRL variants of
UTR-LM Chu et al. (2024), and RNA-MSM Zhang et al. (2023). Both RNA-FM and RNA-MSM
are BERT-like Devlin et al. (2019) models pre-trained on raw sequences and multiple sequence
alignments of non-coding RNA sequences, respectively. Whereas the UTR-LM models utilize a
transformer-based architecture Vaswani et al. (2017) and were pre-trained on sequences, secondary
structures, and minimum free energies of RNA 5’ untranslated regions. These UTR-LM models
were further fine-tuned on the Mean Ribosome Loading task to obtain the MRL variant, and trans-
lation efficiency and mRNA expression level tasks to obtain the TE+EL variant. Furthermore, for
DNA and protein sequences, we used the HyenaDNA (tiny-1k) Nguyen et al. (2023), and ESM-2
(t6-8M) Lin et al. (2023) models, respectively.

We define the ensemble model of n FMs (EnsAvg) as the average of their output logits (li):

lEnsAvg =
1

n

n∑
i=1

li (1)

We will consider two ensemble types, one composed of all four RNA-based FMs (EnsAvg-RNA)
and the other composed of one FM from each of the three biological modalities (EnsAvg-MM).

3.3 DOWNSTREAM TASKS

We evaluate our approach on six tasks from the BEACON benchmark Ren et al. (2025), each tar-
geting different RNA properties. Five tasks are formulated as regression problems: (1) Mean Ri-
bosome Load (MRL) Sample et al. (2019), which quantifies translation efficiency by predicting
ribosome density, (2) Alternative Polyadenylation Isoform Prediction (APA) Bogard et al. (2019),
which models isoform expression driven by alternative polyadenylation, a mechanism that generates
mRNA variants by choosing different cleavage sites, and (3–5) Programmable RNA Switch Activi-
ties (PRS ON, PRS OFF, PRS ON-OFF) Angenent-Mari et al. (2020), which model the response of
synthetic RNA switches to external signals across three different modes, activation (ON), repression
(OFF), and dual (ON-OFF). The sixth task is a multiclass classification problem: (6) Non-coding
RNA Function (NCR) Amin et al. (2019), which assigns RNA sequences to functional categories
(e.g., transfer RNA, micro RNA, ribosomal RNA).

3.4 LOSSES AND METRICS

To accommodate different task types, we use task-specific losses denoted by Ltask. For regression
tasks, we apply the Mean Squared Error (MSE) loss, while for the classification task, we use the
Categorical Cross-Entropy (CCE) loss.

To transfer the knowledge from a teacher to a student model, we introduce a knowledge distillation
loss LKD. Following the taxonomy in Gou et al. (2021), we apply either feature-based distillation,
by aligning the hidden representations of the teacher and student, or response-based distillation, by
encouraging the student’s logits to match those of the teacher (see fig. 1).

Let t ∈ Rn and s ∈ Rm denote the activation vectors extracted from the penultimate layers of the
teacher and student models, respectively. Given a learnable projection matrix W proj ∈ Rn×m that
maps the student’s output to the teacher’s feature space, we define the projected student represen-
tation as sproj = W projs. To distill the feature-based knowledge of the teacher by matching t and
sproj, we either use the MSE as in FitNets Romero et al. (2015):

Lfitnet =
1

n

∥∥t− sproj
∥∥2
2

(2)

or a combination of the Euclidean distance and the cosine similarity (referred to as “eucosine”):

Leucosine =
1

n

∥∥t− sproj
∥∥
2
+

(
1− t⊤sproj

∥t∥ ∥sproj∥

)
(3)
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To distill the response-based knowledge of the teacher, we use the “logit” loss, which is defined as

Llogit =
1

p

∥∥lt − ls
∥∥2
2

(4)

where lt and ls are the p-dimensional logits of the teacher and the student, respectively.

The final student loss is a linear combination of the task loss and one of the three KD losses:

Lstudent = αLtask + βLKD (5)

We considered two cases: “sum” with α = β = 1 and “convex” with α = (1−αKD) and β = αKD,
where αKD is designed to be a tunable hyperparameter.

To support multiple teachers (k in total), we modify both the feature-based and response-based KD
protocols. For feature-based KD, we concatenate the penultimate-layer activations of the teachers,
that is t = [t1; t2; . . . ; tk], where ti is the activation of the i-th teacher. For the response-based KD,
we compute the average of the teachers’ logits, that is l = 1

k

∑k
i=1 li where li represents the logits

of the i-th teacher. The corresponding student models are then trained to match the concatenated
activations (for feature KD) or the averaged logits (for response KD), depending on the distillation
strategy.

To evaluate the model performances, we considered the R2 score, Pearson Correlation Coefficient
(PCC), and MSE for the regression tasks, and Weighted F1 (WF1), Balanced Accuracy Score (BAS),
and Mathews Correlation Coefficient (MCC) for the classification task.

3.5 HYPERPARAMETER TUNING

All the baselines and student models were tuned using the Asynchronous Successive Halving Al-
gorithm (ASHA) Li et al. (2020), as implemented in the Ray Tune library Liaw et al. (2018). The
search space is detailed in table A.2. We configured Ray Tune to evaluate 100 hyperparameter con-
figurations, with ASHA using a reduction factor of 2 and a grace period of 10 epochs. The Adam
optimizer Kingma & Ba (2017) was used, with the learning rate reduced by 10% if validation per-
formance did not improve for 5 epochs. Each trial ran for up to 100 epochs, with early stopping
based on a patience of 10 epochs.

For the FMs, we tuned a smaller set of hyperparameters using a grid search. The tested values are
listed in table A.2. We used the AdamW optimizer Loshchilov & Hutter (2018) in conjunction with
a cosine annealing scheduler with a minimum learning rate of 10−6. Training was conducted for a
maximum of 100 epochs, with early stopping based on a patience of 20 epochs.

3.6 BIO-DISTILLER SETTINGS

The BIO-Distiller framework enables knowledge distillation from one or more teacher biological
FMs into student CNNs. This framework can be employed in three different settings: “OneT-KD”,
“EnsKD-RNA”, and “EnsKD-MM”. In OneT-KD, we conduct distillation using a single RNA-based
FM out of the set of four, with or without fine-tuning on the downstream task. For EnsKD-RNA, we
use an ensemble of the four fine-tuned RNA-based FMs, whereas for EnsKD-MM, we use one RNA-
based FM, HyenaDNA, and ESM-2. In each setting, we explore different knowledge distillation
variants by testing multiple KD losses (fitnet, eucosine, and logits), loss aggregation methods (sum
and convex), and FMs, either fine-tuned or frozen.

3.7 INTERPRETABILITY

To assess the reliability of our supervised baseline beyond predictive performance, we applied a
standard genomics interpretability pipeline to extract relevant RNA motif sequences. We conduct
this analysis on the Alternative Polyadenylation Isoform Prediction (APA) task. Employing the
tangermeme library Schreiber (2025) on a given pre-trained model, we first extract feature attri-
butions via Deep SHAP Lundberg & Lee (2017)1 for 10 000 randomly selected test sequences,

1Reference generated with the default 20 dinucleotide shuffles.
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and identify high-attribution windows, known as seqlets2. These seqlets were then annotated with
protein-binding RNA motifs from a published compendium Ray et al. (2013) using TomTom Gupta
et al. (2007). The resulting motifs were functionally enriched via Enrichr Kuleshov et al. (2016)
through the GSEApy Fang et al. (2023) library using the following gene sets: GO Biological Pro-
cess Ashburner et al. (2000), KEGG Kanehisa et al. (2025), and Reactome pathways Milacic et al.
(2024).

4 RESULTS

4.1 BENCHMARKING DISTILLATION FROM RNA-BASED FMS

Metric MCC R2

Task NCR APA MRL OFF ON ONF
Model

RNA FMs

RNA-FM 96.38 86.73 82.42 35.18 67.13 33.12
RNA-MSM 90.73 88.21 79.57 31.71 66.55 36.39

UTR-LM (MRL) 86.73 88.81 82.05 47.11 73.10 44.42
UTR-LM (TE+EL) 82.64 88.53 82.94 49.76 73.26 45.50

CNNs

Baseline 84.15 87.74 74.80 50.26 74.14 45.73

Best OneT-KD 94.64 88.80 77.24 51.26 74.85 47.78

Table 1: Single teacher KD performance.
Performance of RNA-based FMs and baseline
against the best-performing distilled baseline
with a single RNA-based FM as the teacher
(OneT-KD). PRS ON, PRS OFF, and PRS ON-
OFF are mentioned as ON, OFF, and ONF, re-
spectively. Configurations of the Best OneT-KD
models are mentioned in table A.1, and addi-
tional metrics are provided in the Appendix.

In our initial benchmark, we evaluated four
RNA-based FMs (RNA-FM, RNA-MSM, UTR-
LM (MRL), and UTR-LM (TE+EL)) alongside
our supervised CNN baseline (referred to as
“Baseline”) across six distinct RNA downstream
tasks (table 1). Consistent with prior findings
on these tasks and models Ren et al. (2025),
no single FM consistently outperforms the oth-
ers. In our experiments, UTR-LM (TE+EL)
achieved the best performance on PRS tasks and
MRL, while RNA-FM led in NCR, and UTR-
LM (MRL) performed the best on APA. We no-
tice that FMs such as RNA-FM and RNA-MSM,
which have been pre-trained on non-coding RNA
sequences, achieve greater performance on the
NCR task. Conversely, UTR-LM (MRL) and
UTR-LM (TE+EL), which have been pre-trained
on translation efficiency related tasks, demon-
strate higher performance on the MRL task.
These findings highlight the importance of dif-
ferent pre-training strategies and their effect on
specific downstream applications.

Through extensive hyperparameter optimization,
the baseline model attains high performance on
all the downstream tasks, outperforming or performing comparably to FMs on four out of six tasks.
Our results in RNA tasks align with conclusions from previous studies on DNA tasks Xu et al.
(2024), showing that well-tuned supervised models can challenge the performance of pre-trained
FMs.

Using our BIO-Distiller framework, we trained several variants of the baseline model, each incor-
porating knowledge distilled from a single RNA-based FM. Each variant used a different FM as the
teacher, either fine-tuned or kept frozen, and applied one of the three available knowledge distilla-
tion loss functions along with one of two possible loss aggregation strategies. The best variant in
each task (table A.1), referred to as “Best OneT-KD” (Best One Teacher KD), consistently boosts
the performance of the baseline model on all six tasks. Performance gains reach around 2% for
regression tasks, while the NCR classification task showcases a notable performance boost of 10%
(table 1). These results highlight BIO-Distiller’s effectiveness in transferring knowledge from RNA-
based FMs to simpler models, significantly narrowing the performance gap between them.

4.2 COMPARING KNOWLEDGE DISTILLATION VARIANTS

Using our BIO-Distiller framework, we evaluated multiple knowledge distillation variants across
different FMs, KD losses, and loss aggregation methods, allowing us to identify the configuration
that consistently delivers the best results.

2Seqlets were extracted using recursive seqlets().
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(a)

Metric MCC R2

Task NCR APA MRL OFF ON ONF

Integrating multimodal FMs

Best RNA 96.38 88.81 82.94 49.76 73.26 45.50
HyenaDNA 82.39 81.98 67.01 38.88 61.81 31.58

ESM-2 77.28 67.75 31.74 36.85 65.57 32.37

EnsAvg-MM 94.43 84.84 74.55 48.68 71.94 43.43

EnsKD-MM 93.31 88.46 73.00 50.80 74.36 46.45

Ensembling RNA FMs

EnsAvg-RNA 94.46 90.21 85.10 51.84 75.31 48.91
EnsKD-RNA 94.77 88.68 74.53 51.12 74.81 47.79

(b)

Figure 2: (a) Rank comparisons between OneT-KD distillation variants. We averaged perfor-
mance percentile ranks over all OneT-KD variants, using R2 for regression and MCC for clas-
sification. The rankings were grouped by (left) whether the teacher was fine-tuned and (right)
the distillation loss LKD, considering only configurations with a fine-tuned teacher. A two-sided
Mann–Whitney–Wilcoxon test was used to assess statistical significance (*: p ≤ 0.05, **: p ≤ 0.01,
***: p ≤ 0.001). (b) Ensemble and multimodal integration. Comparison of unimodal FMs
for RNA (only the best one is reported), DNA, and protein sequence with their average ensemble
(EnsAvg-MM) and the corresponding distilled baseline (EnsKD-MM). Likewise, comparison of the
RNA-based FMs ensemble (EnsAvg-RNA) with its distilled baseline (EnsKD-RNA). PRS ON, PRS
OFF, and PRS ON-OFF are mentioned as ON, OFF, and ONF, respectively. Additional metrics are
provided in the Appendix.

Although fine-tuning the teacher model requires additional computational resources, we observed
that having a fine-tuned teacher yields significantly better results (fig. 2a, left). Focusing on the
top-performing variants with a fine-tuned teacher, the eucosine distillation loss yields significantly
higher performance, followed by fitnet, while the logit loss performs the poorest (fig. 2a, right).

Consistent with the observation that no single FM excels across downstream tasks, we found no
teacher FM outperformed the others during distillation. Moreover, in only half of the tasks did the
best-performing FM also serve as the most effective teacher (table A.1). These findings suggest
that, even in terms of the knowledge captured in the FM, there is still no universally superior model.
With respect to the loss aggregation strategy, since the convex approach does not offer a significant
advantage over simple summation (table A.1), the latter approach is preferred due to its simplicity
and comparable effectiveness.

4.3 RNA FMS ENSEMBLES AND MULTIMODAL INTEGRATION

RNA-based FMs differ in their architectures, pre-training strategies, and source datasets. Since no
single model consistently outperforms the others across all tasks, each FM tends to excel in different
areas. This becomes especially evident when we combine the predictions of our four RNA-based
FMs through simple averaging (EnsAvg-RNA), forming an ensemble that achieves the highest over-
all performance across all tasks, with the only exclusion of NCR (fig. 2b). To leverage the diversity
in their learned representations, we define a new approach (EnsKD-RNA) in which we employ all
four FMs collectively as an ensemble teacher. Since fine-tuning the teacher model combined with
the eucosine loss produced the best results, we focused exclusively on this setup, along with the
use of the simpler sum loss aggregation. The EnsKD-RNA model for the NCR classification task
outperforms EnsAvg-RNA and OneT-KD approaches, whereas it attains comparable performances
with the latter approaches for the other regression tasks.

Given that our proposed ensemble teacher approach is modality-agnostic, we used it to distill com-
binations of FMs from different modalities into our supervised baseline. Considering our focus
on RNA downstream tasks, integrating DNA, RNA, and protein models was a logical choice, as
these complementary modalities capture interconnected layers of biological function. To assess
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their respective contribution, we first test one DNA FM (HyenaDNA) and one protein sequence FM
(ESM-2) across all tasks and compare them with the best-performing RNA-based FM. We observe
that among the three, the RNA model consistently performs best, followed by HyenaDNA, which
is better than ESM-2 on four out of six tasks. This could indicate that RNA is the most informative
modality for these downstream tasks, followed by DNA and then protein sequences.

We apply our ensembling strategies to these three multimodal FMs through the EnsAvg-MM and
EnsKD-MM models, with EnsKD-MM introducing a novel approach to integrating multimodal
FMs. Across our tasks, EnsAvg-MM does not attain performances comparable to those of the
best-performing constituent FM, showcasing the need for alternative approaches to aggregate these
modalities given their inconsistent performances. The EnsKD-MM model takes into account the
same setup as EnsKD-RNA and surpasses EnsAvg-MM on four out of six tasks. Moreover, it out-
performs each individual FM on all three PRS-related tasks and achieves comparable performance
to the top-performing FM on the remaining three tasks.

4.4 INTERPRETABILITY
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Figure 3: Motif analysis on the best OneT-
KD model on the APA task. (A & B) re-
port two of the top-10 motifs according to the
model attributions, together with their anno-
tation. (C) Over-representation analysis via
Enrichr of all the identified motifs.

To evaluate whether our simple supervised model
not only predicts target variables accurately but also
captures biologically meaningful input features, we
apply our pipeline for extracting genomic insights
on the best distilled baseline with a single teacher
(“OneT-KD”, table 1). We center our analysis on
the Alternative Polyadenylation Isoform Prediction
(APA) task, as it enables a simple assessment of
whether the model attends to sequence regions in-
volved in RNA regulation and alternative splicing.
Both are key functions influencing isoform expres-
sion Jones et al. (2024), which is the target variable
for this task.

Using the tangermeme library Schreiber (2025),
we identified 91 unique known motifs in test se-
quence regions with high attribution scores, in-
dicating where the model primarily focuses. In
fig. 3A and B, we highlight two of these motifs:
“KHDRBS1” and “HNRNPA1”. Both of them
ranked among the top-10 motifs with the highest at-
tribution scores, and they have been observed to be
well-established regulators of alternative splicing Jia
et al. (2019); Frisone et al. (2015). Considering the
full set of motifs, in fig. 3C we report the top-10 en-
riched functions of our motif set according to their
Adjusted P-value (always < 5× 10−22). This show-
cases that the model clearly captures regions in the
input sequence with functions affecting isoform ex-
pression, with splicing being the most important.

5 DISCUSSION

In this work we introduce BIO-Distiller, a novel approach to exploit pre-trained biological Founda-
tion Models (FMs) by distilling their knowledge into smaller supervised models.

In our tests performed across 6 RNA datasets from the BEACON benchmark Ren et al. (2025),
we take into account four RNA-based FMs together with a well-tuned Convolutional Neural Net-
work (CNN) baseline. Our initial results align with previous findings on DNA benchmarks Xu et al.
(2024), showing that simple yet carefully optimized baselines can match the performance of special-
ized FMs. Through our BIO-Distiller framework, we combined the strengths of well-tuned CNNs
with Knowledge Distillation (KD). Here, we evaluated multiple variants where each RNA-based FM
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served as a teacher, both with and without fine-tuning, and tested different distillation approaches.
Our results highlight how distillation can consistently improve the supervised baseline by up to
10%, often matching or even outperforming the performance of the FMs. Moreover, leveraging our
extensive experiments, we were able to identify the distillation approaches that yield significant per-
formance improvements, such as fine-tuning the teacher FM, offering valuable guidance for future
applications.

Since most current biological FMs are unimodal, there is growing interest in integrating models
across modalities Garau-Luis et al. (2025). Within our BIO-Distiller framework, we implemented
and evaluated distillation as a promising strategy to combine knowledge from multiple models si-
multaneously, with all serving concurrently as teachers. Specifically, by including two additional
FMs for DNA and protein sequences, we compared the performance achieved by aggregating one
FM for each modality, against using all the RNA-based FMs together. Given a set of FMs, we
considered both averaging their predictions and using them as teachers for our distilled baseline.
While integrating multiple modalities should help boost the performance, especially due to the in-
terconnectedness of DNA, RNA, and proteins, in our experiments, ensembling RNA-based FMs
achieves higher performance, showcasing how even FMs from the same modality might provide
complementary information. Regarding ensemble distillation, only in the non-coding RNA function
classification task were we able to improve over the single teacher setting.

Lastly, it is important to assess the efficacy of these models beyond simple performance metrics.
We exemplify this in the current work by adding a task-specific interpretability pipeline. By imple-
menting a standard method to identify protein-binding RNA motifs in the OneT-KD model trained
on the Alternative Polyadenylation Isoform Prediction (APA) task, we manage to extract sequences
from the input that are functionally related to the prevalence of RNA isoforms. Specifically, our
analysis outputs motifs that are significantly involved in the regulation of RNA processing, splicing,
and regulation, which lead to the differential occurrence of alternative RNA isoforms. This validated
the effectiveness of the simple supervised baseline beyond its performance evaluation.

6 FUTURE WORK

Among the six RNA benchmark tasks, non-coding RNA function prediction exhibited the largest
performance gains from distillation, both with single and multiple teachers, and was also the only
classification task. Since most existing distillation methods are designed keeping classification tasks
in mind Zhou & Chiam (2023), future research on distillation should further prioritize regression
tasks, which are more prevalent in real-world biological applications. Moreover, other future exten-
sions of BIO-Distiller will include DNA benchmarks Marin et al. (2023); Grešová et al. (2023) and
related FMs, but also alternative supervised baselines such as the UNet Ronneberger et al. (2015).

More broadly, BIO-Distiller holds significant promise for advancing interpretable deep learning in
genomics without compromising model accuracy. In this study, we have primarily focused on per-
formance gains and have only used interpretability analysis on one task as a validation. Future work
will explore how the BIO-Distiller framework can enhance explanations, for example, by improving
their robustness and faithfulness. This objective is especially feasible when the distilled model is
interpretable by design, such as in the case of Self-Explaining Neural Networks Alvarez Melis &
Jaakkola (2018), improving the way in which we extract genomic insights.
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Dorsa Sadigh, Shiori Sagawa, Keshav Santhanam, Andy Shih, Krishnan Srinivasan, Alex Tamkin,
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A APPENDIX

Task NCR APA MRL OFF ON ONF
Configuration

RNA-based FM RF TE+EL TE+EL RF MSM TE+EL
Fine-tuning True True True True True True

KD Loss EuCo Fitnet EuCo EuCo EuCo EuCo
Loss Aggregation Sum Sum Cvx Sum Cvx Cvx

Table A.1: Best OneT-KD configurations. RNA-based FM: RNA-FM (RF), UTR-LM (TE+EL),
UTR-LM (MRL), RNA-MSM (MSM). Fine-tuning: True or False. KD Loss: Eucosine (EuCo),
Fitnet, Logits. Loss Aggregation: Sum or Convex (Cvx).

Hyperparameter Search Space

FMs fine-tuning

Batch size {2, 4, 32, 128}
Learning rate {10−3, 10−4, 10−5}

Baseline CNN

Embedding dimension {32, 64, 128}
First layer channels (chinit) {16, 32, 64, 128, 256, 512}

Kernel size (ks) {3, 6, 9, 12}
Dropout (pdrop) U(0.0, 0.3)
Learning rate logU(5× 10−4, 10−2)

Batch size {16, 32, 64}
αKD in Lconvex U(0.0, 1.0)

Table A.2: Hyperparameters Search Spaces.
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Task NCR APA MRL OFF ON ONF
Metric MCC WF1 BAS R2 PCC MSE R2 PCC MSE R2 PCC MSE R2 PCC MSE R2 PCC MSE

Model FM FT Loss Agg

RNA-FM 96.38 96.63 96.65 86.73 93.62 1.24 82.42 90.88 13.67 35.18 65.41 5.68 67.13 83.45 2.84 33.12 63.48 5.71
RNA-MSM 90.73 91.36 91.42 88.21 93.92 1.22 79.57 89.95 15.88 31.71 62.57 5.99 66.55 82.54 2.89 36.39 62.75 5.43
UTR-LM
(MRL) 86.73 97.64 87.73 88.81 94.25 1.16 82.05 90.94 13.96 47.11 69.12 4.64 73.10 85.73 2.32 44.42 67.51 4.74

UTR-LM
(TE+EL) 82.64 83.25 83.88 88.53 94.13 11.90 82.94 91.35 13.27 49.76 71.00 4.40 73.26 85.92 2.31 45.50 68.14 4.65

HyenaDNA 82.39 80.76 83.49 81.98 90.56 1.78 67.01 82.77 25.66 38.88 62.45 5.36 61.81 78.63 3.30 31.58 56.31 5.84
ESM2 77.28 78.99 79.00 67.75 83.11 3.34 31.74 57.11 53.09 36.85 61.67 5.54 65.57 81.08 2.97 32.37 57.41 5.77

Baseline 84.15 84.43 85.27 87.74 93.69 1.27 74.80 86.66 19.60 50.26 70.90 4.36 74.14 86.12 2.23 45.73 67.75 4.63

OneT-KD

RNA-FM

F
EuCo cvx 84.15 84.43 85.23 86.61 93.17 1.39 73.44 85.89 20.65 49.74 70.56 4.41 73.81 85.95 2.26 45.48 67.78 4.65

sum 91.20 91.86 91.84 87.41 93.59 1.30 73.05 85.56 20.95 49.57 70.43 4.42 73.52 85.83 2.29 45.25 67.43 4.67

fitnet cvx 85.60 85.70 86.58 86.64 93.17 1.38 73.41 85.92 20.68 49.89 70.72 4.39 73.78 85.95 2.26 44.55 66.79 4.73
sum 89.08 89.80 89.88 87.52 93.62 1.29 73.72 86.13 20.44 49.51 70.42 4.43 74.11 86.12 2.24 44.84 67.02 4.71

T

EuCo cvx 94.31 94.79 94.73 86.94 93.34 1.35 73.86 85.95 20.33 50.94 71.39 4.30 74.31 86.25 2.22 46.44 68.15 4.57
sum 94.64 95.12 95.04 87.88 93.83 1.25 74.19 86.54 20.07 51.26 71.64 4.27 74.69 86.47 2.18 47.38 69.02 4.49

fitnet cvx 93.98 94.48 94.42 86.97 93.28 1.35 71.40 85.63 22.24 50.42 71.09 4.35 74.03 86.10 2.24 45.85 68.20 4.62
sum 94.51 94.87 94.92 87.71 93.67 1.27 74.42 86.33 19.89 49.99 70.72 4.38 73.92 86.00 2.25 45.00 67.16 4.69

logits cvx 92.31 92.97 92.88 86.67 93.15 1.38 72.44 85.28 21.43 48.95 69.98 4.47 73.62 85.85 2.28 45.09 67.28 4.69
sum 93.00 93.52 93.54 66.78 93.19 3.44 53.44 83.88 36.21 41.04 70.40 5.17 58.22 85.47 3.61 38.02 66.76 5.29

RNA-MSM

F
EuCo cvx 84.04 84.17 85.11 86.98 93.31 1.35 74.07 86.18 20.16 49.93 70.71 4.39 73.84 85.98 2.26 44.95 67.38 4.70

sum 86.91 87.00 87.77 87.63 93.68 1.28 72.96 85.70 21.03 49.49 70.40 4.43 73.82 85.94 2.26 45.09 67.37 4.69

fitnet cvx 83.37 83.75 84.54 86.91 93.36 1.36 73.29 85.80 20.77 50.26 70.96 4.36 73.69 85.86 2.27 45.52 67.76 4.65
sum 85.49 85.62 86.42 87.51 93.62 1.29 73.04 85.53 20.96 49.69 70.53 4.41 73.67 85.90 2.27 44.83 67.30 4.71

T

EuCo cvx 94.01 94.52 94.46 88.35 94.06 1.21 74.61 86.55 19.75 50.90 71.53 4.30 74.85 86.52 2.17 47.53 69.17 4.48
sum 94.40 94.92 94.81 88.41 94.08 1.20 74.18 86.44 20.08 50.97 71.41 4.30 74.81 86.57 2.17 46.51 68.21 4.56

fitnet cvx 93.56 93.96 94.04 87.50 93.65 1.29 73.80 86.10 20.37 50.07 70.80 4.38 73.96 86.00 2.25 44.67 66.90 4.72
sum 92.43 92.94 93.00 87.78 93.72 1.27 73.19 85.95 20.85 49.60 70.46 4.42 73.85 85.94 2.26 45.47 67.72 4.65

logits cvx 91.23 91.83 91.88 86.57 93.30 1.39 71.80 84.75 21.93 49.72 70.59 4.41 73.72 85.87 2.27 45.91 67.87 4.62
sum 90.31 91.10 91.04 67.93 93.24 3.32 59.41 84.68 31.57 41.22 69.51 5.15 59.33 85.81 3.51 38.51 66.81 5.25

UTR-LM
(MRL)

F
EuCo cvx 82.61 83.06 83.88 87.20 93.39 1.33 72.88 85.80 21.09 50.15 70.82 4.37 73.50 85.76 2.29 45.24 67.54 4.67

sum 85.19 85.37 86.19 86.97 93.27 1.35 72.85 85.37 21.11 50.30 70.97 4.36 73.73 85.91 2.27 45.19 67.65 4.68

fitnet cvx 85.68 85.74 86.65 87.11 93.40 1.33 73.99 86.20 20.22 50.42 71.03 4.35 73.73 85.90 2.27 45.55 67.62 4.65
sum 83.62 83.75 84.73 87.83 93.78 1.26 74.03 86.26 20.20 50.07 70.82 4.38 74.05 86.08 2.24 45.75 67.99 4.63

T

EuCo cvx 93.68 94.10 94.15 88.50 94.15 1.19 75.09 86.74 19.37 50.49 71.13 4.34 74.02 86.09 2.24 46.60 68.27 4.56
sum 94.56 95.03 94.96 88.37 94.14 1.20 74.44 86.62 19.88 49.98 70.72 4.38 74.29 86.20 2.22 47.22 68.74 4.50

fitnet cvx 91.54 92.18 92.19 88.47 94.06 1.19 75.49 87.26 19.06 50.68 71.22 4.32 74.31 86.26 2.22 47.00 68.57 4.52
sum 93.00 93.57 93.54 88.65 94.20 1.18 74.59 86.97 19.76 50.39 71.04 4.35 74.61 86.39 2.19 47.24 68.87 4.50

logits cvx 91.48 92.11 92.11 86.67 93.15 1.38 72.87 85.94 21.10 49.29 70.37 4.44 73.63 85.83 2.28 44.58 67.71 4.73
sum 90.60 91.40 91.31 67.31 92.86 3.38 54.56 84.34 35.34 40.49 69.15 5.22 58.86 85.25 3.55 38.44 67.35 5.25

UTR-LM
(TE+EL)

F
EuCo cvx 85.36 83.14 86.15 86.85 93.30 1.36 69.95 83.85 23.37 49.70 70.56 4.41 73.77 85.95 2.26 45.20 67.43 4.68

sum 87.94 87.93 88.69 86.91 93.31 1.36 71.86 84.81 21.89 49.23 70.29 4.45 73.82 85.95 2.26 44.59 67.13 4.73

fitnet cvx 84.15 84.41 85.23 87.29 93.45 1.32 72.99 85.45 21.01 50.02 70.84 4.38 73.49 85.79 2.29 45.01 67.45 4.69
sum 81.11 81.69 82.42 87.39 93.58 1.31 73.38 86.04 20.70 49.61 70.53 4.42 74.01 86.05 2.24 44.97 67.10 4.70

T

EuCo cvx 86.14 83.76 86.88 88.78 94.27 1.16 77.24 88.09 17.70 50.87 71.33 4.31 74.33 86.25 2.22 47.78 69.15 4.46
sum 94.15 94.72 94.58 88.77 94.23 1.16 76.50 87.62 18.28 50.37 71.18 4.35 74.50 86.32 2.20 47.00 68.58 4.52

fitnet cvx 87.96 88.85 88.84 88.22 93.96 1.22 76.54 87.74 18.24 50.48 71.06 4.34 74.84 86.55 2.17 46.99 68.57 4.52
sum 92.44 93.11 93.00 88.80 94.27 1.16 74.18 86.20 20.08 50.80 71.37 4.31 74.66 86.44 2.19 46.87 68.53 4.53

logits cvx 91.37 92.10 92.00 86.66 93.20 1.38 72.55 85.51 21.35 49.52 70.46 4.43 73.58 85.91 2.28 45.47 67.60 4.65
sum 83.54 83.92 84.57 68.13 92.32 3.30 54.70 84.74 35.23 40.59 69.31 5.21 58.66 85.42 3.57 38.69 66.98 5.23

EnsAvg-RNA 94.46 94.90 94.88 90.21 94.98 1.01 85.10 92.31 11.59 51.84 72.10 4.22 75.31 86.84 2.13 48.91 69.95 4.35
EnsKD-RNA All RNA T EuCo sum 94.77 95.22 95.15 88.68 94.25 1.17 74.53 86.95 19.81 51.12 71.54 4.28 74.81 86.55 2.17 47.79 69.20 4.46
EnsAvg-MM 94.43 94.88 94.84 84.84 92.50 1.56 74.55 88.49 19.78 48.68 69.89 4.49 71.94 84.87 2.42 43.43 66.15 4.82
EnsKD-MM MM T EuCo sum 93.31 93.99 93.77 88.46 94.09 1.19 73.00 85.75 20.99 50.80 71.28 4.31 74.36 86.27 2.21 46.45 68.32 4.57

Table A.3: Full ablation results. Per task model performance across the different experimental
settings. This covers the four RNA-based FMs, the DNA and protein FMs, the supervised baseline
(Baseline), as well as the different KD settings - OneT-KD, EnsAvg-RNA, EnsKD-RNA, EnsAvg-
MM, and EnsKD-MM. In the OneT-KD case, results for the different teachers, finetuned (FT) or not
(T=True, F=False), as well as different KD losses and loss aggregation functions are included. The
color gradients highlight the top-3 results per column.
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Table A.4: Best Hyperparameters. Optimal hyperparameter configurations obtained from Ray
Tune for the supervised baseline and the distilled student models, along with the grid search results
for the foundation model fine-tuning. Per-task CSV files are provided with the code repository.

Table A.5: Motif functionality analysis. A comprehensive list of the GO Biological processes,
KEGG, and Reactome terms that were significantly enriched in the overrepresentation analysis,
including the adjusted p-values and enrichment scores are available on the code repository.

17


	Introduction
	Background
	Biological Foundation Models
	Knowledge Distillation

	Methods
	Supervised Baseline and Student Model
	Biological Foundation Models
	Downstream Tasks
	Losses and Metrics
	Hyperparameter Tuning
	BIO-Distiller Settings
	Interpretability

	Results
	Benchmarking Distillation from RNA-based FMs
	Comparing Knowledge Distillation Variants
	RNA FMs Ensembles and Multimodal Integration
	Interpretability

	Discussion
	Future Work
	Appendix

