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Sequence models map a sequence to a sequence
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Sequence model

Reference: https://www.youtube.com/watch?v=luCBXCErkCs&t=197s



Neural ODEs
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Reference: https://www.youtube.com/watch?v=luCBXCErkCs&t=197s



https://jalammar.github.io/how-gpt3-works-
visualizations-animations/
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https://deepmind.google/discover/blog/predicting-gene-expression-with-ai/https://twitter.com/AIatMeta/status/1587467600413351937/photo/1
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https://deepmind.google/discover/blog/wavenet-a-
generative-model-for-raw-audio/
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Spectrum of Sequential Data
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ContinuousDiscrete

Text Graph DNA Video Sound signal Time-series data
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Reference: https://www.youtube.com/watch?v=luCBXCErkCs&t=197s



Why Convolutional Neural Network to DNA ?
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“All models are wrong, but some are useful”

- George Box, 1978
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Box, G. E., Jenkins, G. M., Reinsel, G. C., & Ljung, G. M. (2015). 
Time series analysis: forecasting and control. John Wiley & Sons.
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Pre-mRNA

: splice site predictor
Steven Salzberg Mihaela Pertea Anqi Liu

Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice 
site predictor that improves spliced alignments. bioRxiv. 📕https://ccb.jhu.edu/splam/

Chao, K. H., Mao, A., Liu, Anqi, Salzberg, S. L., & Pertea, M. (2024). SpliceAI-toolkit. 
Manuscript in preparation.  📕https://ccb.jhu.edu/spliceai-toolkit/
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AGACTCAGCCCCCGGAGACTTAGTTAGAGGAAGAAAAAGGTAGGACAGAAGAAAAAGGCAGGACATACAAGGTGCTGGCCCAGGGCGGX

Y 000000000000000000000200000001000000002000000000000100000000000000000000000000000000000

Donor: 2 Acceptor:  1 Neither:  0

Can we predict splice sites using only DNA?
Yes!

Splam Future workIntroduction SpliceAI-toolkit



A T CG

Input sequence (len: L)
Flanking sequence (len: 5000)Flanking sequence (len: 5000)

SpliceAI

.1 0 .2.6

.1 .1 .3.2

.8 .9 .5.2

(L+10000)	*	4

Dimension: 

L	*	3
=> Donor
=> Acceptor
=> Neither

1413 citation

SpliceAI: splite site predictor

X:

Y:

How do we train the model given 
that gene sequences vary?

𝑨
𝑪
𝑮
𝑻
𝑵

=

𝟏 𝟎 𝟎 𝟎
𝟎 𝟏 𝟎 𝟎
𝟎 𝟎 𝟏 𝟎
𝟎 𝟎 𝟎 𝟏
𝟎 𝟎 𝟎 𝟎

𝑨𝒄𝒄𝒆𝒑𝒕𝒐𝒓
𝑫𝒐𝒏𝒐𝒓
𝑵𝒆𝒊𝒕𝒉𝒆𝒓
𝑷𝒂𝒅𝒅𝒊𝒏𝒈

=

𝟏 𝟎 𝟎
𝟎 𝟏 𝟎
𝟎 𝟎 𝟏
𝟎 𝟎 𝟎
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NN … NNATGTCGTGTCGAGTTGTCGTGTTCAGGTCAGTCAGGTCAGTAAGTAGAGCTCANN … NN

0000000200000100000002000001000002000100000200000001000000

X
Y

[ ]

SpliceAI: data preprocessing

[ ]X= Y=
NN … NNATGTCGTGTCGAGTTG 0000000200

𝑊𝐹
2

𝐹
2
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NN … NNATGTCGTGTCGAGTTGTCGTGTTCAGGTCAGTCAGGTCAGTAAGTAGAGCTCANN … NN

0000000200000100000002000001000002000100000200000001000000

[ ]

SpliceAI: data preprocessing

[ ]X= Y=
NN … NNATGTCGTGTCGAGTTG 0000000200

TCGTGTCGAGTTGTCGTGTTCAG 0001000000

𝑊𝐹
2

𝐹
2

X
Y
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NN … NNATGTCGTGTCGAGTTGTCGTGTTCAGGTCAGTCAGGTCAGTAAGTAGAGCTCANN … NN

0000000200000100000002000001000002000100000200000001000000

[ ]

SpliceAI: data preprocessing

[ ]X= Y=
NN … NNATGTCGTGTCGAGTTG 0000000200

TCGTGTCGAGTTGTCGTGTTCAG 0001000000

TTGTCGTGTTCAGGTCAGTCAGG 2000001000

𝑊𝐹
2

𝐹
2

X
Y
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NN … NNATGTCGTGTCGAGTTGTCGTGTTCAGGTCAGTCAGGTCAGTAAGTAGAGCTCANN … NN

0000000200000100000002000001000002000100000200000001000000

[ ]

SpliceAI: data preprocessing

[ ]X= Y=
NN … NNATGTCGTGTCGAGTTG 0000000200

TCGTGTCGAGTTGTCGTGTTCAG 0001000000

TTGTCGTGTTCAGGTCAGTCAGG 2000001000

AAGTAGAGCTCANNNNN … NN 0000000000

… …

𝐿
𝑊

∗ (
𝐹
2
+𝑊 +

𝐹
2
)

𝐿
𝑊 ∗ (𝑊)Shape: Shape:

X
Y
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𝑊 = 5000 𝐹 = 10,000

𝐿 = 33200

𝐿 = 14600

𝐿 = 25000

Gene 1

Gene 2

Gene n

…

Raw gene DNA sequence

[7, 15000, 4]

[3, 15000, 4]

[5, 15000, 4]

[7, 5000, 3]

[3, 5000, 3]

[5, 5000, 3]

X Y

…

SpliceAI: data preprocessing
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     : better than SpliceAI!

• Easy-to-retrain framework in modern Pytorch

• Pretrained model:  80nt / 400nt / 2knt / 10knt

• SpliceAI-MANE

• SpliceAI-RefSeq

12
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     : retrain on different species
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     : new concept – Calibration
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A T CG

Input sequence (len: L)
Flanking sequence (len: 5000)Flanking sequence (len: 5000)

SpliceAI-MANE

.1 0 .2.6

.1 .1 .3.2

.8 .9 .5.2

=> Donor
=> Acceptor
=> Neither

X

Y

• What do SpliceAI-MANE scores signify? 
 
•  

• Do the model's predicted probabilities accurately represent the 
true likelihood of an event occurring?"

Splam Future workIntroduction SpliceAI-toolkit



     : new concept – Calibration
Binary classification example

Model predicted probability
0 1.00.60.2 0.4 0.8

Model 0.99

Splam Future workIntroduction SpliceAI-toolkit
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     : new concept – Calibration

0 1.00.60.2 0.4 0.8

Model 0.990.60

Binary classification example

Model predicted probability
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     : new concept – Calibration
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Binary classification example

Model predicted probability
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0.620.19

     : new concept – Calibration

0 1.00.60.2 0.4 0.8
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Binary classification example

Model predicted probability
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• Platt scaling (Temperature scaling)

     : new concept – Calibration
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Calibration variable T
Logits(𝒚𝒊)

Probability (𝑷𝒊)

𝑃! =
𝑒
"*
𝑻

∑$%&' 𝑒
"+
𝑻

Splam Future workIntroduction SpliceAI-toolkit

Platt, John. "Probabilistic outputs for support vector machines 
and comparisons to regularized likelihood methods." Advances 
in large margin classifiers 10.3 (1999): 61-74. 𝑖 ∈ {𝑁𝑒𝑖𝑡ℎ𝑒𝑟, 𝐴𝑐𝑐𝑒𝑝𝑡𝑜𝑟, 𝐷𝑜𝑛𝑜𝑟}



     : new concept – Calibration
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Before calibration - NLL : 0.13310300, ECE: 0.00001282 
Optimal temperature: 1.28049
After calibration - NLL: 0.11896934, ECE : 0.00000079 𝓛𝑵𝑳𝑳 = −>

#$%

&

log( C𝜋(𝑦#|𝑥#)) 𝓛𝑬𝑪𝑬 = >
)$%

*
|𝐵)|
𝑛 𝑎𝑐𝑐 𝐵) − 𝑐𝑜𝑛𝑓(𝐵))

Guo, Chuan, et al. "On calibration of modern neural networks." International conference on machine learning. PMLR, 2017.

𝑎𝑐𝑐 𝐵! 	=
1

|𝐵!|
(
"∈$!

1(	 *𝑦" = 𝑦")𝑐𝑜𝑛𝑓 𝐵! 	=
1

|𝐵!|
(
"∈$!

*𝑝"
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     : Summary
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1. Data preprocessing: sliding window chunking

2. Easy-to-run framework to train your own SpliceAI

3. Pretrained SpliceAI-MANE

4. Pretrained SpliceAI on different species

5. Predict genetic variants' effect on splice sites

6. Model calibration: temperature scaling

Problem solved?.

Splam Future workIntroduction SpliceAI-toolkit

Chao, K. H., Mao, A., Liu, Anqi, Salzberg, S. L., & Pertea, M. (2024). SpliceAI-toolkit. 
Manuscript in preparation.  📕https://ccb.jhu.edu/spliceai-toolkit/ (in preparation)

https://ccb.jhu.edu/spliceai-toolkit/


🚨 Is canonical labelling approach correct?

Exon Exon Exon Exon Exon

Intron Intron Intron Intron

Donor Acceptor

Splice junction

19
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: Data Processing

Exon Exon Exon Exon Exon

Intron Intron Intron Intron

Donor Acceptor

Splice junction

Donor: 400bp Acceptor: 400bp
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Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice 
site predictor that improves spliced alignments. bioRxiv. 📕https://ccb.jhu.edu/splam/
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Input

Conv(64, 1, 1)

RB(64, 11, 1)

RB(64, 11, 1)

RB(64, 11, 1)

RB(64, 11, 1)

Conv(64, 1, 1)

Conv(3, 1, 1)

Flatten layer

RB(64, 11, 5)

RB(64, 11, 5)

RB(64, 11, 5)

RB(64, 11, 5)

Conv(64, 1, 1)+ Conv(64, 1, 1)

RB(64, 11, 10)

RB(64, 11, 10)

RB(64, 11, 10)

RB(64, 11, 10)

+ Conv(64, 1, 1)

RB(64, 21, 15)

RB(64, 21, 15)

RB(64, 21, 15)

RB(64, 21, 15)

+ Conv(64, 1, 1)

RB(64, 21, 20)

RB(64, 21, 20)

RB(64, 21, 20)

RB(64, 21, 20)

+ Conv(64, 1, 1)+ RB(N, W, D)

Batch Norm

ReLU

Conv(N, W, D)
Cardinality = 4

Batch Norm

ReLU

Conv(N, W, D)
Cardinality = 4

Dropout layer (0.2)

FC layer (2400, 1)

Softmax

Output

: Splam Model Architecture
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Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice 
site predictor that improves spliced alignments. bioRxiv. 📕https://ccb.jhu.edu/splam/
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: deep-learning splice site predictor

C D

Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice 
site predictor that improves spliced alignments. bioRxiv. 📕https://ccb.jhu.edu/splam/

Future workIntroduction SpliceAI-toolkit Splam

Score stability Transcriptome assembly improvement
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: deep-learning splice site predictor

Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice 
site predictor that improves spliced alignments. bioRxiv. 📕https://ccb.jhu.edu/splam/

Future workIntroduction SpliceAI-toolkit Splam

Interpretability: ablation study Interpretability: input sequence 

a

b

a

b
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• Better than SpliceAI at predicting human alternative splice junctions 

• Generalize to non-human species, including distant ones like Arabidopsis thaliana. 

      : Summary

Chao, K. H., Mao, A., Salzberg, S. L., & Pertea, M. (2023). Splam: a deep-learning-based splice 
site predictor that improves spliced alignments. bioRxiv. 📕https://ccb.jhu.edu/splam/

• Focal loss improves cross entropy loss

• Learing rate warm up + sinusoidal decay

• Residual connection is powerful

• Grouped convolution helps (cardinality)

Technical takeaways

Future workIntroduction SpliceAI-toolkit Splam



Future sequence models in genomics? 
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Future sequence models in genomics? 
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?CNN or Transformer/and



Future? – Protein transformer-based models
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BERT
Google

Devlin et al., arXiv

Transformer
Google

Vaswani et al., NeurIPS

Attention
JUB + UdM

Bahdanau et al., ICLR

…
2015 2017 2018 2021 2022 2023 2024

ESMFold
Meta

Lin et al., Science

AminoBERT + RGN2
Harvard, Columbia

Chowdhury et al., Nature Biotech

2020

ESM-1b
Meta

Rives et al., PNAS

MSA Transformer
Meta

Rao et al., PMLR

ESM-1v
Meta

Meier et al., bioRxiv

ESM-IF1
Mete

Hsu et al., ICML

ESM2 & ESMFold
Meta

Lin et al., Science

OmegaPLM + OmegaFold
Helixon

Wu et al., bioRxiv

RoseTTAfold
UW

Baek et al., Science

ProteinMPNN
UW

Dauparas et al., Science

RFdiffusion
UW

Watson et al., Nature

AlphaFold2
DeepMind

Juumper et al., Nature

AlphaFold DB
DeepMind

Varadi et al., Nature

ProLLaMA
Peking Uni

Lv et al., arXiv

ProGen
Salesforce + Profluent Bio
Madani et al., Nature Biotech

AlphaFold
DeepMind

Senior et al., Nature

Relatively mature 

Future workIntroduction SpliceAI-toolkit Splam

AlphaFold3
DeepMind

Abramson et al., Nature



Future? – DNA transformer-based models
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DNABERT
Davuluri Lab, SBU

Ji et al., Bioinformatics

BERT
Google

Devlin et al., arXiv

Transformer
Google

Vaswani et al., NeurIPS

HyenaDNA
Stanford

Nguyen et al., NeurIPS

Hyena
Stanford

Poli et al., NeurIPS

Nucleotide transformer
InstaDeep, Nvidia, TUM

Dalla-Torre et al., bioRxiv

Species-aware DNA LM
TUM

Karollus et al., bioRxiv

DNABERT-2
Davuluri Lab, SBU, NU

Zhou et al., ICLR

Evo (StripedHyena)
Stanford + Arc Institute

Nguyen et al., bioRxiv

Attention
JUB + UdM

Bahdanau et al., ICLR

…

We are not there yet. 

Challenges: 
1. Magnitudes longer compared to proteins
2. Long-range dependencies & interactions spanning over 100k+ nt.

2015 2017 2018 2021 2022 2023 2024

Enformer
DeepMind + Calico

Avzec et al., Nature Methods

Introduction SpliceAI-toolkit Splam Future work

S4
Re Lab, Stanford

Gu et al., ICLR



Application? – Genome annotation
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Introduction SpliceAI-toolkit Splam Future work

ccb.jhu.edu/lifton

github.com/Kuanhao-Chao/LiftOn

Preprint coming soon!
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“If you think of mathematics as the perfect description language for 
physics, then AI might be the perfect one for biology.”

Demis Hassabis, CEO of DeepMind, 2022
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