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the modeling of complex RNA structures has 
proven to be difficult. 

The RNA-Puzzles community exercise (5, 
6) has been instrumental in illuminating the 
challenges involved: Groups try to predict 
an RNA structure from its sequence before 
learning the solved structure. Several rounds 
of RNA-Puzzles have revealed important 
themes. No single method consistently yields 
the best models, although certain approaches 
have better records than others, and most 
approaches are getting better. The best agree-
ment tends to result when experimental or 
homology-based information is incorporated 
into the computational modeling. However, 
the median accuracy for small RNAs, with 
complex tertiary folds but without a close 

known homolog, has stayed stubbornly stuck 
 in a range of ~15- to 20-Å root mean square 
deviation [(RMSD) a measure of the simi-
larity between known and modeled struc-
tures]. This agreement is much poorer than 
that now achieved for protein structures by 
machine learning (7), where native-like folds 
(~2-Å RMSD or less) are achieved. Modeled 
RNA structures thus often recapitulate the 
overall fold of a target RNA but do not con-
sistently reveal details of the tertiary struc-
ture. Current methods are not likely to be 
useful for applications such as understand-
ing the biological mechanism of a structure 
or for designing ligands (or drugs) that mod-
ulate RNA function.

The Atomic Rotationally Equivalent Scorer 
(ARES) approach of Townshend et al. is a 
deep neural network, a form of machine 
learning, and did not initially include pre-
conceived notions of RNA structure. Indeed, 
the ARES framework is not specific to RNA 
and can be applied to other problems in mo-
lecular structure. Instead, ARES was given a 

small set of motifs with known RNA struc-
ture plus a large number of alternative (in-
correct) variations of these same structures. 
ARES parameters were adjusted so that the 
program learned the functional and geomet-
ric arrangements of each atom and how 
these elements are positioned relative to each 
other. Layers in the neural network compute 
features from finer to coarser scales to rec-
ognize base pairs, helices, and more-complex 
structures. For example, ARES learned pat-
terns of base pairing, the optimal geometry 
for RNA helices, and a subset of noncanon-
ical tertiary motifs without being provided 
explicit information about these features of 
RNA structure. 

Although ARES was trained on very sim-

ple RNA systems, the resulting ARES scoring 
function was able to predict structures of 
more complex RNAs, on average, to roughly 
a 12-Å RMSD. This degree of accuracy repre-
sents an overall improvement of ~4 Å over 
prior scoring methods. ARES is still short of 
the level consistent with atomic resolution 
or sufficient to guide identification of key 
functional sites or drug discovery efforts, but 
Townshend et al. have achieved notable pro-
gress in a field that has proven recalcitrant to 
transformative advances.

There are three fundamental challenges for 
modeling complex RNA three-dimensional 
structures: generating reasonable structures 
that may represent a biological state, accu-
rately scoring or identifying models that best 
represent the correct native state, and using 
these hopefully accurate models to discover 
new functional motifs and to develop hypoth-
eses regarding the mechanisms by which 
RNAs with complex three-dimensional struc-
tures regulate biological processes. The ARES 
machine-learning approach addressed the 

second of these three challenges: Candidate 
structures still need to be generated for eval-
uation by ARES. With further development, 
deep learning strategies hold promise for cre-
ating new scoring functions that can guide 
structure generation in ways that might yield 
near-native structures. Another important 
goal is to use a machine-learning strategy to 
identify regions in large RNAs most likely to 
fold into three-dimensional structures.

Current computational-only algorithms 
are not able to predict the pattern of base 
pairing in large RNAs accurately, even though 
base pairs are simpler to predict than tertiary 
structure. However, secondary structures for 
large RNAs are routinely modeled to high 
accuracies by incorporating experimental 
information. New, efficiently executed experi-
ments are now being developed that measure 
features of RNA tertiary structures. Another 
frontier, analogous to recent advances in sec-
ondary structure modeling, would thus be to 
incorporate experimental information into 
machine-learning strategies for modeling 
RNA tertiary structure.

Large-scale investigation of RNA structure 
to date, primarily focused on RNA secondary 
structure, has revealed several core prin-
ciples. One is that the existence of  regions 
within large RNAs with complex, higher-or-
der structure is unremarkable. When these 
base pairing and tertiary structures affect bi-
ological functions, they create “an RNA struc-
ture code” with pervasive effects on gene 
regulatory circuits. Additionally, every RNA 
likely has a distinct structural personality, 
which implies that there are numerous ways 
by which RNA structure tunes the underlying 
function of an RNA. At the level of secondary 
structure, such tuning RNA structures tend 
to function like switches and attenuators 
that modulate binding by RNA and protein 
ligands (8–11). Finally, characterization of 
well-determined RNA secondary structures 
often leads to identification of centers of new 
biology. As it becomes possible to measure, 
(deeply) learn, and predict the details of the 
tertiary RNA structure-ome, diverse new dis-
coveries in biological mechanisms await. j
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Primary structure
The RNA sequence can encode 
a protein or serve as a binding 
site for single-stranded binding 
proteins or interacting RNAs 
(such as microRNAs). 

Secondary structure
RNA secondary structures 
(helices) create functional motifs 
on their own and function as 
switches that alter the accessibility 
of constituent sequences. 

Tertiary structure
Multiple secondary structures
form higher-order (tertiary) motifs 
that can function as catalysts, 
ligand-binding domains, switches, 
and environmental sensors.

Tertiary
structure

motif

RNA structure
RNA molecules have multiple levels of structure and ability to encode information. The sequence of RNA 
is readily determined. RNA secondary structure can now be elucidated with high levels of accuracy using 
approaches that meld computational energy minimization with experimental per-nucleotide chemical probing 
information. Townshend et al. developed a deep neural network that can identify models that best represent the 
native tertiary state, taking a step toward modeling three-dimensional RNA  structure.
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