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본 강의 자료는 한국생명정보학회가 주관하는 BIML 2026 워크샵을 목적으로 

제작된 것으로 해당 목적 이외의 다른 용도로 사용할 수 없음을 분명하게 알립니다.

이를 다른 사람과 공유하거나 복제, 배포, 전송할 수 없으며 만약 이러한 사항을 위반할 경우 

발생하는 모든 법적 책임은 행위자 본인에게 있음을 알립니다.



KSBi-BIML 2026
Bioinformatics & Machine Learning (BIML) Workshop for Life Scientists

한국생명정보학회가 주최하는 BIML-2026 동계 Bioinformatics &Machine Learning 교육 워크숍에 

여러분을 초대합니다. 

BIML 워크숍은 생명정보학 연구자들이 최신 AI바이오 분야의 인공지능 기반 분석 기술과 바이오 

데이터 분석 기법을 이론과 실습을 통해 체계적으로 배울 수 있는 전문 교육 프로그램입니다. 

2015년에 시작된 BIML 워크숍은 올해로 12년 차를 맞이하며, 국내 생명정보학 분야의 최초이자 최고 

수준의 교육 프로그램으로 자리 잡았습니다. 이번 워크숍은 크게 인공지능바이오(AI바이오) 분야와 

디지털바이오 분야, 두 분야로 구성됩니다. 

AI바이오 분야에서는 생명정보 분석에 폭넓게 응용되고 있는 다양한 인공지능 기반 자료 모델링 

기법을 다룰 예정입니다. 특히, 인공지능 심층학습을 활용한 단백질 구조 예측, 유전체 분석, 신약 

개발에 대한 이론 및 실습 강의가 진행됩니다. 

또한 디지털바이오 분야에서는 단일세포오믹스, 공간오믹스, 멀티오믹스, 메타오믹스에 대한 강의도 

마련되어 있어, 연구자들의 분석 역량 강화에 실질적인 도움을 줄 것으로 기대됩니다. 

또한 2024년부터 추가된 의료정보 자료 분석을 다루는 강의를 올해도 지속해서 운영하고자 합니다. 

이는 최근 의료정보 자료 분석에 관한 연구 수요 증가를 반영한 것으로, 관련 연구를 수행하는 

의과학자 및 의료정보 연구자들에게 유용한 지침을 제공할 것입니다. 

또한, 올해도 생명정보학 기술의 다양화에 발맞춰 온라인 강좌를 대폭 확대했습니다. 올해는 무료 

강좌 10개를 포함한 총 40개 이상의 강좌가 개설되며, 연구 주제에 맞는 강좌 추천과 강연료 할인 

혜택도 제공합니다.

BIML-2026는 국내 주요 연구 중심 대학의 전임 교수 및 각 분야 최고 전문가들의 강의로 구성되어 

있으며, 기초 이론부터 최신 연구 동향까지 아우르는 심도 있는 교육의 장이 될 것으로 확신합니다. 

여러분의 많은 관심과 참여를 기대합니다!

2026년 2월

한국생명정보학회장 류 성 호



강의개요

딥러닝(Deep Neural Networks)의 이해

본 강의는 인공지능의 핵심 기술로 자리잡은 딥러닝(deep neural networks)의 기본 개념부터 심화 

내용까지 체계적으로 학습하여 딥러닝에 대한 깊이 있는 이해를 도모하는 것을 목표로 한다. 인공

신경망(artificial neural networks)의 시초인 단순 퍼셉트론(Simple Perceptron)부터 현대의 심층 신

경망에 이르기까지의 발전 과정을 살펴보며, 각 모델의 특징과 각각의 방법론들을 이해한다. 또한 

인공신경망과 심층신경망의 기본 구조와 학습 원리를 심도 있게 학습하여, 현대 딥러닝에서 널리 

활용되는 다양한 학습 기법들을 소개함으로써, 실제 문제 해결에 딥러닝을 적용할 수 있는 이론적 

기반을 마련한다.

* 교육생준비물: 없음.

* 강의 난이도: 중급

* 강의: 이제근 교수 (숭실대학교 의생명시스템학부)
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Deep neural network의 이해 

숭실대학교 의생명시스템학부 
 

이제근(Je-Keun Rhee) 
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KSBi-BIML 2025 

Mastering the game of GO 
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Nobel prize in chemistry 2024 
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Neuron 
• Information processing unit 

• Dendrite accepts signals from other neurons 
• Axon carries electronical impulses away from the cell body 

Biomedical Data Science Lab. @Soongsil Univ. 6 

https://en.wikipedia.org/wiki/Neuron 

Milestones in the development of neural networks 
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http://beamlab.org/deeplearning/2017/02/23/deep_learning_101_part1.html 
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(Simple) Perceptron 
• A neural net with a single neuron 

• Input: a vector of real values 
• Output: 1 or -1 (binary) 
• Activation function: threshold function  

 

Biomedical Data Science Lab. @Soongsil Univ. 8 

https://www.simplilearn.com/what-is-perceptron-tutorial 

mm xwxwwf +++=)( 110 x

Artificial neural networks 

Biomedical Data Science Lab. @Soongsil Univ. 7 

https://en.wikipedia.org/wiki/Artificial_neural_network 
https://subscription.packtpub.com/book
/data/9781788392303/1/ch01lvl1sec10/
building-blocks-of-a-neural-network 

https://subscription.packtpub.com/book/data/9781788392303/1/ch01lvl1sec10/building-blocks-of-a-neural-network
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Perceptrons: an introduction to computational geometry (1969) 

• by Marvin Minskey, founder of the MIT AI lab 
 

• Perceptrons could not solve XOR problems!  

Biomedical Data Science Lab. @Soongsil Univ. 10 

Basic perceptron learning rule 

Biomedical Data Science Lab. @Soongsil Univ. 9 
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XOR 

Biomedical Data Science Lab. @Soongsil Univ. 12 

https://medium.com/@lucaspereira0612/solving-xor-with-a-single-perceptron-34539f395182 

Logic gate 
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Biomedical Data Science Lab. @Soongsil Univ. 14 

오일석, 기계학습, 한빛미디어 

Linearly separable vs. nonseparable 

Biomedical Data Science Lab. @Soongsil Univ. 13 

0 0 
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Biomedical Data Science Lab. @Soongsil Univ. 16 

https://www.i2tutorials.com/exploring-or-xorand-gate-in-neural-network/ 

Multilayer perceptron 
 

Biomedical Data Science Lab. @Soongsil Univ. 15 

오일석, 기계학습, 한빛미디어 
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• How can we determine the weights from training data? 

Biomedical Data Science Lab. @Soongsil Univ. 18 

Deep neural networks 

Biomedical Data Science Lab. @Soongsil Univ. 17 

https://towardsdatascience.com/training-deep-neural-networks-9fdb1964b964 
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Gradient descent 

Biomedical Data Science Lab. @Soongsil Univ. 20 

https://hackernoon.com/gradient-descent-aynk-7cbe95a778da 

The learning rate and steepness of the gradient indicates the direction to 
the minimum point and how much we update 

Gradient descent 
 

Biomedical Data Science Lab. @Soongsil Univ. 19 

w 
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Feed-forward & Error propagation 

Biomedical Data Science Lab. @Soongsil Univ. 22 

https://github.com/Vercaca/NN-Backpropagation 

Backpropagation 

Biomedical Data Science Lab. @Soongsil Univ. 21 



- 12 -

 
 
 

Biomedical Data Science Lab. @Soongsil Univ. 24 

Chain rule 

Biomedical Data Science Lab. @Soongsil Univ. 23 

https://leonardoaraujosantos.gitbooks.io/artificial-inteligence/content/backpropagation.html 
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Biomedical Data Science Lab. @Soongsil Univ. 26 
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Review for the perceptron learning  

Biomedical Data Science Lab. @Soongsil Univ. 28 

Training with gradient descent 

Biomedical Data Science Lab. @Soongsil Univ. 27 

https://scikit-learn.org/stable/modules/neural_networks_supervised.html 
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Stochastic learning 

Biomedical Data Science Lab. @Soongsil Univ. 30 

 

Batch mode 
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DNN forward pass 
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Minibatch stochastic learning 

Biomedical Data Science Lab. @Soongsil Univ. 31 
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Activation function 

Biomedical Data Science Lab. @Soongsil Univ. 34 

https://www.researchgate.net/figure/The-perceptron-processes-the-inputs-
and-regularizes-them-with-an-activation-function_fig1_357301768 

https://www.simplilearn.com/what-is-perceptron-tutorial 

Backpropagation 
• Find the optimal parameter minimize the total cost (MSE) 
• Iteratively updating the parameter 

Biomedical Data Science Lab. @Soongsil Univ. 33 

𝑤𝑤𝑖𝑖 𝑡𝑡 + 1 = 𝑤𝑤𝑖𝑖 𝑡𝑡 − 𝜂𝜂
𝜕𝜕𝐶𝐶
𝜕𝜕𝑤𝑤𝑖𝑖

 

𝐶𝐶 = 1
2 (𝑜𝑜(𝑛𝑛) − 𝑦𝑦(𝑛𝑛))2
𝑁𝑁

𝑛𝑛=1
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Activation function 
• How do I calculate derivative of sign function? 

Biomedical Data Science Lab. @Soongsil Univ. 36 

sign function 
 

Biomedical Data Science Lab. @Soongsil Univ. 35 
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Why should we use non-linear activation function in 
the artificial neural network? 

Biomedical Data Science Lab. @Soongsil Univ. 38 

Biomedical Data Science Lab. @Soongsil Univ. 37 
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• Can you calculate derivative of the sigmoid function 

(activation function)? 

Biomedical Data Science Lab. @Soongsil Univ. 40 

Backpropagation 
• Find the optimal parameter minimize the total cost (MSE) 
• Iteratively updating the parameter 

Biomedical Data Science Lab. @Soongsil Univ. 39 

𝑧𝑧 

𝜕𝜕𝐶𝐶
𝜕𝜕𝑤𝑤𝑖𝑖

= 𝜕𝜕𝑧𝑧𝜕𝜕𝑤𝑤𝑖𝑖
𝜕𝜕𝑜𝑜
𝜕𝜕𝑧𝑧
𝜕𝜕𝐶𝐶
𝜕𝜕𝑜𝑜

𝑁𝑁

𝑛𝑛=1
= 

𝐶𝐶 = 1
2 (𝑜𝑜(𝑛𝑛) − 𝑦𝑦(𝑛𝑛))2
𝑁𝑁

𝑛𝑛=1
 

𝑤𝑤𝑖𝑖 𝑡𝑡 + 1 = 𝑤𝑤𝑖𝑖 𝑡𝑡 − 𝜂𝜂
𝜕𝜕𝐶𝐶
𝜕𝜕𝑤𝑤𝑖𝑖
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Backpropagation 
• Find the optimal parameter minimize the total cost (MSE) 
• Iteratively updating the parameter 

Biomedical Data Science Lab. @Soongsil Univ. 42 

𝜕𝜕𝑧𝑧
𝜕𝜕𝑤𝑤𝑖𝑖

= 𝑥𝑥𝑖𝑖 

𝑧𝑧 
𝜕𝜕𝑜𝑜
𝜕𝜕𝑧𝑧 = 𝑜𝑜(1 − 𝑜𝑜) 

𝜕𝜕𝐶𝐶
𝜕𝜕𝑤𝑤𝑖𝑖

= 𝜕𝜕𝑧𝑧𝜕𝜕𝑤𝑤𝑖𝑖
𝜕𝜕𝑜𝑜
𝜕𝜕𝑧𝑧
𝜕𝜕𝐶𝐶
𝜕𝜕𝑜𝑜

𝑁𝑁

𝑛𝑛=1
= 𝑥𝑥𝑖𝑖𝑜𝑜(1− 𝑜𝑜)(𝑜𝑜 − 𝑦𝑦)
𝑁𝑁

𝑛𝑛=1
 

𝑤𝑤𝑖𝑖 𝑡𝑡 + 1 = 𝑤𝑤𝑖𝑖 𝑡𝑡 − 𝜂𝜂
𝜕𝜕𝐶𝐶
𝜕𝜕𝑤𝑤𝑖𝑖

 

𝐶𝐶 = 1
2 (𝑜𝑜(𝑛𝑛) − 𝑦𝑦(𝑛𝑛))2
𝑁𝑁

𝑛𝑛=1
 

Derivative of sigmoid function 
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Are more layers better in a neural network? 

Biomedical Data Science Lab. @Soongsil Univ. 44 

https://doi.org/10.3348/kjr.2017.18.4.570 

What about multiple layers? 
 

• You can compute the derivative of the cost function at a 
similar way 

Biomedical Data Science Lab. @Soongsil Univ. 43 
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• Deeper neural networks may be generally better than 
shallow networks. 
 

• But.. 
• Training datasets were too small 
• Computing power was not enough 
• Initialization of the weights in a wrong way 
• Improper nonlinear activation functions 
• Etc. 

Biomedical Data Science Lab. @Soongsil Univ. 46 

Universal approximation theorem 
• Neural networks with one hidden layer can represent any continuous 

function 
• The approximation can be improved by increasing the number of hidden nodes. 

(with many hidden nodes and nonlinear activation function) 

Biomedical Data Science Lab. @Soongsil Univ. 45 
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Image classification (convolutional neural networks) 

Biomedical Data Science Lab. @Soongsil Univ. 47 
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Recurrent neural network (RNN) & LSTM 

Biomedical Data Science Lab. @Soongsil Univ. 50 

• The Yann LeCun et al. (1989) paper 
• Backpropagation Applied to Handwritten Zip Code Recognition  

Biomedical Data Science Lab. @Soongsil Univ. 49 
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Vanishing gradient 
• However, the gradient can decrease exponentially by multiplying of the 

small numbers. 

Biomedical Data Science Lab. @Soongsil Univ. 52 

𝜕𝜕𝑎𝑎
𝜕𝜕𝑤𝑤𝑖𝑖

= 𝑥𝑥𝑖𝑖 

𝑎𝑎 
𝜕𝜕𝑜𝑜
𝜕𝜕𝑧𝑧 = 𝑜𝑜(1 − 𝑜𝑜) 

𝜕𝜕𝐶𝐶
𝜕𝜕𝑤𝑤𝑖𝑖

= 𝜕𝜕𝑎𝑎𝜕𝜕𝑤𝑤𝑖𝑖
𝜕𝜕𝑜𝑜
𝜕𝜕𝑎𝑎
𝜕𝜕𝐶𝐶
𝜕𝜕𝑜𝑜

𝑁𝑁

𝑛𝑛=1
= 𝑥𝑥𝑖𝑖𝑜𝑜(1 − 𝑜𝑜)(𝑜𝑜 − 𝑦𝑦)
𝑁𝑁

𝑛𝑛=1
 

0 ≤ 𝑜𝑜 ≤ 1 

𝑤𝑤𝑖𝑖 𝑡𝑡 + 1 = 𝑤𝑤𝑖𝑖 𝑡𝑡 − 𝜂𝜂
𝜕𝜕𝐶𝐶
𝜕𝜕𝑤𝑤𝑖𝑖

 

Enhancement of the neural networks 
• Many enhancements where developed to make neural networks 

perform better and solve new problems 
• ReLU 
• BatchNorm 
• Dropout 
• Weight initialization 
• And many more 

Biomedical Data Science Lab. @Soongsil Univ. 51 

Rectified linear units 
 
Nair, V., & Hinton, G. E. (2010). Rectified linear units improve 
restricted boltzmann machines. In Proceedings of the 27th 
international conference on machine learning (ICML-10) 
(pp. 807-814). 
 

Batch normalization 
 
Ioffe, S., & Szegedy, C. (2015, June). Batch normalization: 
Accelerating deep network training by reducing internal 
covariate shift. In International conference on machine 
learning (pp. 448-456). pmlr. 
 

Dropout 
 
Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I., & 
Salakhutdinov, R. (2014). Dropout: a simple way to prevent 
neural networks from overfitting. The journal of machine 
learning research, 15(1), 1929-1958. 

He initialization 
 
He, K., Zhang, X., Ren, S., & Sun, J. (2015). Delving deep into 
rectifiers: Surpassing human-level performance on imagenet 
classification. In Proceedings of the IEEE international 
conference on computer vision (pp. 1026-1034). 
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ReLU (Rectified Linear Unit) (2010) 

Biomedical Data Science Lab. @Soongsil Univ. 54 

• Assume we have the largest gradient; 
 

 E.g. for 10 layer:  0.2510 ≈ 10−6  

Biomedical Data Science Lab. @Soongsil Univ. 53 

https://towardsdatascience.com/derivative-of-the-sigmoid-function-536880cf918e 
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ReLU 
• ReLU is probably the most popular activation function (simple to 

compute, fast, good results) 
 

• But ReLU neurons might "die" during training 
• Not necessarily bad, can be considered as a form of regularization 
• compared to sigmoid/Tanh, ReLU suffers less from vanishing gradient 

problem but can more easily "explode" 

Biomedical Data Science Lab. @Soongsil Univ. 56 

Activation function 

Biomedical Data Science Lab. @Soongsil Univ. 55 
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Regularization for neural networks 
 
 
 
 

• Regular gradient descent update: 
 
 
 

• Gradient descent update with L2 regularization: 
 

Biomedical Data Science Lab. @Soongsil Univ. 58 

Overfitting 
• Collecting more data would be helpful to reduce overfitting 
• Also, data augmentation is helpful (E.g. for images: rotation, crop, 

translation, an so on) 
• In addition, reducing the model capacity is necessary. 

• Smaller architecture: fewer hidden layers & hidden nodes, dropout, etc. 
• Smaller weights: early stopping, norm penalties 
• Adding noise 
• Etc. 

Biomedical Data Science Lab. @Soongsil Univ. 57 
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Biomedical Data Science Lab. @Soongsil Univ. 59 
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Why do we normalize inputs for gradient descent? 

Biomedical Data Science Lab. @Soongsil Univ. 62 

https://www.jeremyjordan.me/batch-normalization/ 

Dropout 

Biomedical Data Science Lab. @Soongsil Univ. 61 
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• However, normalizing the inputs only affects the first hidden layer. 
• Is it enough? What about the other hidden layers? 

Biomedical Data Science Lab. @Soongsil Univ. 63 

https://towardsdatascience.com/training-deep-neural-networks-9fdb1964b964 
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Batch normalization 
• Normalization of inputs for hidden layers 

 
• Increasing training speed 
• Reducing sensitivity for weight initialization and 

hyperparameter setting 
 

• Regularization 
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Internal covariant shift 
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Batch normalization 
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i-th hidden layer  (i+1)-th hidden layer  

 
 
 
 
 
 
 
 
 

• 𝑟𝑟 and 𝛽𝛽are learnable parameters. 
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Weight initialization 

• What happens if we initialize all W=0? 
• All outputs are 0, all gradients are the same! No “symmetry 

breaking” 
 
 

• What about small random numbers? 
• Eg. 

• Random sampling from a uniform distribution in range [0,1] or [-0.5, 
0.5] 

• Random sampling from a Gaussian distribution with zero mean and 
small variance (0.1 or 0.01?) 

 
• It works okay for small networks, but problems with deeper 

networks. 
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Xavier initialization 
• Initialize weights from Gaussian or uniform distribution 
• Then, scale the weights proportional to the number of inputs to the 

layer 
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Sometimes, 
“fan in” + “fan out” are used 

Xavier initialization 
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Xavier initialization 
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Learning rate decay 
• Learning rate decay is a technique in which a network starts training 

with a large learning rate and then slowly decreases it. 
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https://arxiv.org/pdf/1908.01878 

He initialization 
• Assuming activations with mean zero at Xavier Initialization (which is 

reasonable for tanH) 
• For ReLU, this is different, as the activations are not centered at zero. 
• He initialization added a scaling factor of 20.5 
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Momentum 
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Deep neural network architectures 
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Exp Mol Med 56, 1293–1321 (2024) 

Gradient descent optimization algorithms 
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https://arxiv.org/pdf/1609.04747 
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Thank you! 
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