From Base Pairs to Functions: Rich RNA
Representations via Multimodal Language Modeling
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Results

We evaluated RABONA's embeddings under two training paradigms: fine-

Motivation

In recent years, RNA foundation models have become essential for predictive

and generative tasks. However, most current RNA models are trained tuning and linear probing. Comparisons were made against other state-of-

the-art foundational models such as RNA-FM, RiNALMo-33M, and RiNALMo-
150M. Across downstream tasks such as OpenVaccine and reactivity

exclusively on sequence data, with representations that often fail to capture
strong structural information. This inhibits predictive performances on
downstream tasks, necessitating more robust representations. We present
RABONA, a multimodal RNA foundation model that integrates both primary
and secondary structural knowledge to deliver richer and more informative

predictions, RABONA's embeddings shine, outperforming not only models of
similar scale but also substantially larger models.

representations. Table 1: ncRNA Classification - Finetuning Table 2: ncRNA Classification - Linear Probing
M d l MODEL ACC_O01T ACC_2007 MODEL ACC_O01T ACC_2007
O e RABONA 0.976 0.979 RABONA 0.909 0.488
RABONA_MASK 0.975 0.974 RABONA_MASK 0.921 0.937
RABONA is a 33.5M parameter language model with 12 Transformer blocks. RiNALMo-33M 0.980 0.977 RiNALMo-33M 0.861 0.541
. : RiNALMo-150M 0.982 0.985 RiINALMo-150M 0.896 0.541
Pre-training employed masked language modelling (MLM) over sequence RNA.EM 0,919 0.951 RNAEM 0701 0,462

structure pairs, with each modality masked independently. The pre-training

dataset consisted of ~1M sequences. Following pre-training, RABONA's

embeddings can be harnessed in several diverse downstream tasks as RNA

Table 3: Reactivity - Finetuning

Reactivity Error Decrease vs RINALMo0-33M

input representations. MODEL RMSE| MAE |
RABONA 0.413 0.255
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; ; ; RiNALMo-33M 0.395 0.230
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RNA-FM 0.408 0.231 : :
100 100 “100- . One-Hot Sequence 0.518 0.304 OpenVaccine Error Decrease vs RINALMo0-33M
-100  -50 0 50 100 ~100  -50 0 50 100 -100  -50 0 50 100 One-Hot Sequence + SS 0.468 0.263
t-SNE dimension 1 t-SNE dimension 1 t-SNE dimension 1
DoNoee L MONTL L NN MONGH L NG MO p MOl o ol o moies o polss e woons " RMSE
_ % = MAE
d ZZ_ 7€ 22_ f 22_ A 22_ Nl & Table 5: Ribosome Loading - Finetuning %
_.-"; . ’ 0.8 q)
50 - ) 50 - 501 . 50 1 D
y MODEL R*1T MAE] o
o RABONA 0.769  0.409
1501 150 1501 1501 02 RAB ONA_MAS K 0.772 0.4006 ,?VG ’?VG
175-0/ 25 50 75 100 125 150 175 175-0 25 50 75 100 125 150 175 175-off.z's 50 75 100 125 150 175 175_6.“. 25 50 75 100 125 150 175 RINALMO_33M 0811 0377 O/k? O/k?
. RiNALMo-150M 0.844 0.342 N
Ground Truth RiNALMo-33M RNA-FM RABONA
RNA-FM 0.719 0.455
t-SNE visualizations and rRNA attention maps
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