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Ribonucleic Acid (RNA)

RNA (Ribonucleic acid) RNA Virus (e.g., COVID-19)



RNA Primary Structure

Primary Structure

𝒙 = 𝑥1 , 𝑥2, … , 𝑥𝐿 , 𝑥𝑖 ∈ {A, U, C, G}



RNA Secondary Structure

Secondary Structure

𝑨∗ 𝑖, 𝑗 = 1 if the bases (𝑥𝑖 , 𝑥𝑗) are paired. 
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RNA Secondary Structure Prediction
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Existing Method: Energy Minimization Based Model

𝒙 = 𝑥1, 𝑥2, … , 𝑥𝐿 𝑨∗𝐸(𝒙,𝑨)
𝑨 ∈ 0,1 𝐿×𝐿

energy minimization

𝑨∗ = argmin
𝑨∈ 0,1 𝐿×𝐿

𝐸(𝒙, 𝑨)

✘ 𝐸(𝒙, 𝑨) can be inaccurate

✘ Intractable minimization (exponential in 𝑳)
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𝑨 ∈ Nested Structures

Assume 𝑨∗ has a nested structure

✘ Intractable minimization (exponential in 𝑳)

✓ Dynamic programming (DP)

✓ Tractable minimization 𝑶(𝐿3)



Non-nested Structure (pseudoknot)Nested Structure

✘ Cannot handle more complicated structures (pseudoknots)

✘ 𝑶(𝐿3) is still slow

present in 

around 40%

of the RNAs

Existing Method: Energy Minimization Based Model



• Deep Network 𝑭𝜽

✓ Can predict both nested structures and pesudoknots

✓ Avoids the expensive minimization step

Existing Method: Direct Mapping

𝒙 = 𝑥1 , 𝑥2 , … , 𝑥𝐿 𝑨∗ ∈ 0,1 𝐿×𝐿𝐹𝜃



• Deep Network 𝑭𝜽

• New Challenges 

- RNA secondary structure 𝑨∗ needs to obey some hard constraints. 

➢ Only {A - U, C - G, G - U} are valid pairings.

➢ No sharp loops are allowed.

➢ No overlap of pairs is allowed, i.e., it is a matching.

𝒙 = 𝑥1 , 𝑥2 , … , 𝑥𝐿 𝑨∗ ∈ 0,1 𝐿×𝐿𝐹𝜃

Existing Method: Direct Mapping
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• Deep Network 𝑭𝜽

• New Challenges 

- RNA secondary structure 𝑨∗ needs to obey some hard constraints. 

★ How to make the output of 𝐹𝜃 satisfy the constraints?

- The number of RNA data points is limited.

★ Difficult to learn the constraints directly from data.

★ Overfitting issue

𝒙 = 𝑥1 , 𝑥2 , … , 𝑥𝐿 𝑨∗ ∈ 0,1 𝐿×𝐿𝐹𝜃

Existing Method: Direct Mapping



E2Efold: Enforce Constraints with Deep Architecture

𝒙 = 𝑥1 , 𝑥2 , … , 𝑥𝐿 𝑼𝜽(𝒙)

Transformer 

& Convolution Unrolled Algorithm
𝑨∗



E2Efold: Enforce Constraints with Deep Architecture

𝒙 = 𝑥1 , 𝑥2 , … , 𝑥𝐿 𝑼𝜽(𝒙)

Transformer 

& Convolution Unrolled Algorithm
𝑨∗

• Enforces the constraints 

• Restrict the output space
Encode complex sequence 

information and dependency

Highly expressive model Highly structured model

∈ ℝ𝑳×𝑳



Model Space Comparison

DP-based methods:

• 𝑶(𝐿3) complexity

• Can not predict non-nested structures

All Binary Structures

Output Space of E2Efold

*All Valid Structures*

Nested Structures

with constraints

(DP applicable)

A naïve neural network:

• Hard to enforce constraints

• Overfitting issue given limited data

E2Efold (our approach)

• Enforce constraints by using an unrolled 

algorithm in the architecture

• Restrict the output space



Constrained optimization

𝒙 = 𝑥1 , 𝑥2 , … , 𝑥𝐿 𝑼𝜽(𝒙)
Transformer 

& Convolution Unrolled Algorithm
𝑨∗

s.t. 𝑀(𝑥) ∘ 𝐴 = 𝐴
𝐴⊤ = 𝐴
𝐴𝟏 ≤ 𝟏
𝐴 ≥ 0

max
𝑨∈[𝟎,𝟏]𝑳×𝑳

1

2
𝑼𝜽 𝒙 , 𝐴 − 𝝆 𝑨 𝟏

defines

➢ Only {A - U, C - G, G - U} are valid pairings.
➢ No sharp loops are allowed.

➢ No overlap of pairs is allowed, i.e., it is a 

matching.

formulated

Use Unrolled Algorithms to Enforce Constraints



Equivalent unconstrained form

min
𝜆

max
𝐴∈[0,1]𝐿×𝐿

1

2
𝑼𝜽 𝒙 , 𝒯( መ𝐴) − 𝝀, relu(𝒯 መ𝐴 𝟏 − 𝟏) − 𝜌 መ𝐴

1

𝒯 መ𝐴 ≔
1

2
መ𝐴 ∘ መ𝐴 + መ𝐴 ∘ መ𝐴

⊤
∘ 𝑀(𝒙)

≔ 𝑓(𝒙, መ𝐴, 𝜆)

Use Unrolled Algorithms to Enforce Constraints



Equivalent unconstrained form

min
𝜆

max
𝐴∈ 0,1 𝐿×𝐿

1

2
𝑼𝜽 𝒙 , 𝒯( መ𝐴) − 𝝀, relu(𝒯 መ𝐴 𝟏 − 𝟏) − 𝜌 መ𝐴

1

𝒯 መ𝐴 ≔
1

2
መ𝐴 ∘ መ𝐴 + መ𝐴 ∘ መ𝐴

⊤
∘ 𝑀(𝒙)

Algorithm for solving it (primal-dual)

≔ 𝑓(𝒙, መ𝐴, 𝜆)

(primal update)

(dual update)

Until convergence

መ𝐴, 𝜆

Constraints are
satisfied!

Use Unrolled Algorithms to Enforce Constraints



Unrolled Algorithm

መ𝐴 ← PrimalUpdate 𝑥, መ𝐴, 𝜆

𝜆 ← DualUpdate 𝑥, መ𝐴, 𝜆

K iterations

𝑼𝜽 𝒙 , መ𝐴, 𝜆, 𝑥

… …

መ𝐴 ← PrimalUpdate 𝑥, መ𝐴, 𝜆

𝜆 ← DualUpdate 𝑥, መ𝐴, 𝜆

✓ More structured

✓ Constraints can be gradually enforced

each iteration

number of iterations

hyperparameters

Unrolled Algorithm as Neural Network 

→ a recurrent cell

→ number of layers
→ learnable parameters

Use Unrolled Algorithms to Enforce Constraints



Unrolled Algorithm

መ𝐴 ← PrimalUpdate 𝑥, መ𝐴, 𝜆

𝜆 ← DualUpdate 𝑥, መ𝐴, 𝜆

… …

መ𝐴 ← PrimalUpdate 𝑥, መ𝐴, 𝜆

𝜆 ← DualUpdate 𝑥, መ𝐴, 𝜆

The Overall Model of E2Efold

𝑼𝜽 𝒙 , መ𝐴, 𝜆, 𝑥
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𝑼𝜽 𝒙
score matrix

𝒙 = 𝑥1 , 𝑥2 ,… , 𝑥𝐿
𝐴

loss(𝐴, 𝐴∗)

✓ Two component are 

coupled together

✓ Jointly trained



• We define the following differentiable functions on 0,1 𝐿×𝐿

• F1 ≔ 2 𝐴, 𝐴∗ / 2 𝐴, 𝐴∗ + 𝐴, 1 − 𝐴∗ + 1 − 𝐴, 𝐴∗

• Directly optimize F1 score!

• Automatically handle the label-imbalanced (more negative samples) issue!

Differentiable F1 Loss

• F1, precision, recall are commonly used evaluation metric
• But not differentiable.

True Positive = 𝐴, 𝐴∗ , False Positive = 𝐴, 1 − 𝐴∗

False Negative = 1 − 𝐴, 𝐴∗ , True Negative = 1 − 𝐴, 1 − 𝐴∗



Overall Performance

Around 20% improvement

RNAStralign data: 30451 RNAs from 8 families



Pseudoknot Prediction

On RNAStralign dataset

25% improvement on pseudoknot 

prediction



Visualization of Predicted Structures



Inference Efficiency



Conclusion

• Unrolled algorithm to incorporate 

constraints in deep architecture design

• SOTA performance in RNA structure 

prediction, especially for pseudoknots

• Same strategy can be applied to other 

structured prediction problems

- NLP (e.g., parsing)

- CV (e.g., matching)

Paper  https://openreview.net/forum?id=S1eALyrYDH

Github code https://github.com/ml4bio/e2efold

https://openreview.net/forum?id=S1eALyrYDH
https://github.com/ml4bio/e2efold

