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自己紹介
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田中 大介（たなか だいすけ）

専門　買ってきたロボットに知能を与えたり、 
　　　様々な機械に適用できるAIアルゴリズムを考えること

（知能ロボティクス、人工知能（AI）応用、機械学習、制御、システム同定など）

2009年頃 卒業研究でMATLABのコードを書く

現在では MATLABの書き方を教え、自分でもコードを書く

一応（自称）マトラバー

MATLAB歴：14年くらい

新居浜高専 機械工学科　准教授

2007年頃 学生時代の制御工学の授業でSimulinkと出会う

Robotics System Toolboxのユーザ事例
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ところでみなさん、ディープラーニングといえば？
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Deep Learning Toolbox
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Google Trend（全世界・過去5年間）で見てみると
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※[TensorFlow], [PyTorch], [MATLAB Deep Learning Toolbox]の結果

MATLover（MATLAB Lover）としては寂しい限り…
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MATLABでディープラーニング、意外にここまでできた
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Generative Adversarial Network (GAN)Convolutional Neural Network (CNN)

[画像出典] 
CNN https://jp.mathworks.com/discovery/convolutional-neural-network.html 
GAN https://jp.mathworks.com/help/deeplearning/ug/train-generative-adversarial-network.html 
ViT An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale

本日はMATLABでもViTの実装ができた！ 
ということをご紹介したいと思います

※ 時間が限られているので詳細はQiitaへの掲載を予定

Vision Transformer (ViT)

Preprint. Under review.
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Figure 1: Model overview. We split an image into fixed-size patches, linearly embed each of them,
add position embeddings, and feed the resulting sequence of vectors to a standard Transformer
encoder. In order to perform classification, we use the standard approach of adding an extra learnable
“classification token” to the sequence. The illustration of the Transformer encoder was inspired by
Vaswani et al. (2017).

3.1 VISION TRANSFORMER (VIT)

An overview of the model is depicted in Figure 1. The standard Transformer receives as input a 1D
sequence of token embeddings. To handle 2D images, we reshape the image x 2 RH⇥W⇥C into a
sequence of flattened 2D patches xp 2 RN⇥(P 2·C), where (H,W ) is the resolution of the original
image, C is the number of channels, (P, P ) is the resolution of each image patch, and N = HW/P

2

is the resulting number of patches, which also serves as the effective input sequence length for the
Transformer. The Transformer uses constant latent vector size D through all of its layers, so we
flatten the patches and map to D dimensions with a trainable linear projection (Eq. 1). We refer to
the output of this projection as the patch embeddings.

Similar to BERT’s [class] token, we prepend a learnable embedding to the sequence of embed-
ded patches (z00 = xclass), whose state at the output of the Transformer encoder (z0

L
) serves as the

image representation y (Eq. 4). Both during pre-training and fine-tuning, a classification head is at-
tached to z0

L
. The classification head is implemented by a MLP with one hidden layer at pre-training

time and by a single linear layer at fine-tuning time.

Position embeddings are added to the patch embeddings to retain positional information. We use
standard learnable 1D position embeddings, since we have not observed significant performance
gains from using more advanced 2D-aware position embeddings (Appendix D.3). The resulting
sequence of embedding vectors serves as input to the encoder.

The Transformer encoder (Vaswani et al., 2017) consists of alternating layers of multiheaded self-
attention (MSA, see Appendix A) and MLP blocks (Eq. 2, 3). Layernorm (LN) is applied before
every block, and residual connections after every block (Wang et al., 2019; Baevski & Auli, 2019).
The MLP contains two layers with a GELU non-linearity.

z0 = [xclass; x
1
p
E; x2

p
E; · · · ; xN

p
E] +Epos, E 2 R(P 2·C)⇥D

, Epos 2 R(N+1)⇥D (1)

z0` = MSA(LN(z`�1)) + z`�1, ` = 1 . . . L (2)
z` = MLP(LN(z0`)) + z0`, ` = 1 . . . L (3)

y = LN(z0
L
) (4)

Hybrid Architecture. As an alternative to raw image patches, the input sequence can be formed
from feature maps of a CNN (LeCun et al., 1989). In this hybrid model, the patch embedding
projection E (Eq. 1) is applied to patches extracted from a CNN feature map. As a special case,
the patches can have spatial size 1x1, which means that the input sequence is obtained by simply

3

https://jp.mathworks.com/discovery/convolutional-neural-network.html
https://jp.mathworks.com/help/deeplearning/ug/train-generative-adversarial-network.html
https://openreview.net/forum?id=YicbFdNTTy
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（そもそも）私がMATLABを使う理由
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•理論通り（数式通り）にコードが書ける

•プログラムの共有をする敷居が低い（環境はほとんど同じ）

•公式ドキュメントがそこそこ使える

•MATLAB Answers上ではコアなユーザが多い

それでもAIプログラミングはPythonに浮気
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AIプログラミングでPythonを使う理由
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•無料で使える（Google Colab, Anaconda…）

•最新のモデルがimportするだけで使える

•参考書が多い（敷居が低い）

•ユーザが多い（ネットで調べれば情報が多い）

（全項目MATLABが逆の状態なのは気の所為だろうか…）
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それでも私がAIプログラミングでMATLABを使う理由
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•過去の遺産（データ、前処理）が使える

•進歩してきている（　　　　以降やっと本気を出しつつある） 
　　LSTMの実装, カスタム層の定義, 多入出力サポート…

•新しいアルゴリズムを数学ベースでコーディングできる

•（個人的には）データ構造が直感的（次のスライドで説明）
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KerasとMATLABでのCNNでのMNISTクラス分類コード
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Build the model

model = keras.Sequential(
    [
        keras.Input(shape=input_shape),
        layers.Conv2D(32, kernel_size=(3, 3), activation="relu"),
        layers.MaxPooling2D(pool_size=(2, 2)),
        layers.Conv2D(64, kernel_size=(3, 3), activation="relu"),
        layers.MaxPooling2D(pool_size=(2, 2)),
        layers.Flatten(),
        layers.Dropout(0.5),
        layers.Dense(num_classes, activation="softmax"),
    ]
)

Train the model

batch_size = 128
epochs = 15

model.compile(loss="categorical_crossentropy", optimizer="adam", 
metrics=["accuracy"])

model.fit(x_train, y_train, batch_size=batch_size, epochs=epochs)

% Build the model
layers = [
    imageInputLayer([28 28 1])
    convolution2dLayer(3,32,'Padding','same')
    reluLayer
    maxPooling2dLayer(2,'Stride',2)
    convolution2dLayer(3,64,'Padding','same')
    reluLayer
    maxPooling2dLayer(2,'Stride',2)
    dropoutLayer(0.5)
    fullyConnectedLayer(10)
    softmaxLayer
    classificationLayer];

% Train the model
options = trainingOptions('adam', ...
    'MaxEpochs',15, ...
    'ValidationData',imdsValidation, ...
    'ValidationFrequency',30, ...  
    ‘MiniBatchSize',128, ...
    'Verbose',false, ...
    'Plots','training-progress');

net = trainNetwork(imdsTrain,layers,options);

コーディングの手間は実はそんなに変わらない
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Kerasで実装するときに気に入らないこと
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28

x_train shape: (60000, 28, 28, 1)

28

60
00

0

（データのイメージ）

MATLABだったら 
 (28, 28, 60000) で処理を書ける 
→個人的には（数学的に）直感的

60000

2828

28x28の画像が60000枚ならこうでは？
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特にViTは　　　　で実装しやすくなった（後述）
自動微分（dlarray）に基づく実装（　　　　 以降対応）

MATLABでディープラーニング
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③ モデル関数 
＋ 

カスタム学習ループ

② dlnetwork 
＋ 

カスタム学習ループ

① layer 
＋ 

trainNetwork

自由度高自由度低

CNNを使った分類 DCGAN, VAE VRAE, ViT
誤差評価は二乗誤差かクロス 
エントロピー誤差に限られる

誤差関数は自分で定義できるが 
対応していないLayerもある

dlarray型に対応した計算 
であればなんでも可能

https://jp.mathworks.com/help/deeplearning/gs/create-simple-deep-learning-classification-network.html
https://jp.mathworks.com/help/deeplearning/ug/train-generative-adversarial-network.html
https://jp.mathworks.com/help/deeplearning/ug/train-a-variational-autoencoder-vae-to-generate-images.html
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３つの違いをMLPコードで見てみる
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…

… …

1個の中間層 (n=10)を持つ 
浅いニューラルネットワーク 

(tanh活性化) 

regressionモデルを作る
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① layer + trainNetwork (自由度低)
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layers = [ ...
    featureInputLayer(1, 'Name', 'in')
    fullyConnectedLayer(10, 'Name', 'fc1')
    tanhLayer('Name', 'tanh1')
    fullyConnectedLayer(1, 'Name', 'fc2')
    regressionLayer];

options = trainingOptions('sgdm', ...
    'MaxEpochs', 5000, ...
    'Verbose', false, ...
    'Plots','training-progress');

net = trainNetwork(X, T, layers, options);

① layer 
＋ 

trainNetwork

簡単だが二乗誤差最小化か 
クロスエントロピー最小化だけ取扱
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② dlnetwork ＋ カスタム学習ループ (自由度中)
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layers = [ ...
    featureInputLayer(1, 'Name', 'in')
    fullyConnectedLayer(10, 'Name', 'fc1')
    tanhLayer('Name', 'tanh1')
    fullyConnectedLayer(1, 'Name', ‘fc2')];

lgraph = layerGraph(layers);
dlnet = dlnetwork(lgraph)

② dlnetwork 
＋ 

カスタム学習ループ

誤差関数はなんでも良いが、 
dlnetwork非対応なものも 

(例: sequenceInputLayer + lstm)% Loop over epochs.
for epoch = 1:numEpochs
    % Evaluate the model gradients, state, and loss using dlfeval and the
    % modelGradients function and update the network state.
    [gradients,state,loss] = dlfeval(@modelGradients,dlnet,dlX,dlY);
    dlnet.State = state;
    % Update the network parameters using the Adam optimizer.
    [dlnet,averageGrad,averageSqGrad]  
            = adamupdate(dlnet,gradients,averageGrad,averageSqGrad,iteration);
end
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③ モデル関数 ＋ カスタム学習ループ (自由度高)
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function [dlY,state]  
　　　　   　= model(parameters,dlX,doTraining,state)
weights = parameters.fc1.Weights;
bias = parameters.fc1.Bias;
dlY = fullyconnect(dlX,weights,bias);

dlY = tanh(dlY);

weights = parameters.fc2.Weights;
bias = parameters.fc2.Bias;
dlY = fullyconnect(dlY,weights,bias);
end

params.fc1.Weights = initializeGlorot([10, 1], 10, 1);
params.fc1.Bias = initializeZeros([10 1]);
params.fc2.Weights = initializeGlorot([1, 10], 10, 1);
params.fc2.Bias = initializeZeros([1 1]);

③ モデル関数 
＋ 

カスタム学習ループ

自由度は高いが、自分で数学的に 
記述していく必要がある 

（メリット&デメリット）

（あとは②の学習ループ）
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Vision Transformer (ViT)
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•自然言語処理分野で用いられている 
Transformerモデルをもとにした 
画像認識モデル

•たたみこみ処理なしでSoTAモデルと 
同程度もしくはより高い性能

•実装上必要なのは、MLP, Layer Normalization (             で実装）  
Multi-head Attention, GELU (Gaussian Error Linear Units)

→ 赤字の実装がMATLABにないので③で実現
ViT原論文・図出典：An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale (arXiv:2010.11929)

https://openreview.net/forum?id=YicbFdNTTy
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Multi-head Attention
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•もとになるAttentionは次の実装

各パッチ（シーケンス）内での 
重要さを表す

•Multi-head Attentionは（誤解を恐れずに言えば） 
各パッチに対して複数のAttentionを適用してよせ集める

解説：https://medium.com/the-dl/transformers-from-scratch-in-pytorch-8777e346ca51

→ 行列の計算だけできれば実装できる 
(③にとっても適している)

https://medium.com/the-dl/transformers-from-scratch-in-pytorch-8777e346ca51
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GELU Activation
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•ReLUやELUより性能が良くなると言われる活性化関数

•原論文には初等関数による近似

原論文・図出典：D.Hendrycks, K.Gimpel “Gaussian Error Linear Units (GELUs)”　arXiv:1606.08415  (2016)

(erfはdlarrayに非対応)

•厳密な実装は

x), X ⇠ N (0, 1) is the cumulative distribution function of the standard normal distribution.
We choose this distribution since neuron inputs tend to follow a normal distribution, especially
with Batch Normalization. In this setting, inputs have a higher probability of being “dropped”
as x decreases, so the transformation applied to x is stochastic yet depends upon the input.

Figure 1: The GELU (µ = 0,� = 1), ReLU, and ELU
(↵ = 1).

Masking inputs in this fashion re-
tains non-determinism but maintains
dependency upon the input value. A
stochastically chosen mask amounts to
a stochastic zero or identity transforma-
tion of the input. This is much like
Adaptive Dropout (Ba & Frey, 2013),
but adaptive dropout is used in tandem
with nonlinearities and uses a logistic
not standard normal distribution. We
found that it is possible to train com-
petitive MNIST and TIMIT networks
solely with this stochastic regularizer,
all without using any nonlinearity.

We often want a deterministic decision
from a neural network, and this gives
rise to our new nonlinearity. The non-
linearity is the expected transformation
of the stochastic regularizer on an input x, which is �(x) ⇥ Ix + (1 � �(x)) ⇥ 0x = x�(x).
Loosely, this expression states that we scale x by how much greater it is than other inputs. Since the
cumulative distribution function of a Gaussian is often computed with the error function, we define
the Gaussian Error Linear Unit (GELU) as

GELU(x) = xP (X  x) = x�(x) = x · 1
2

h
1 + erf(x/

p
2)
i
.

We can approximate the GELU with

0.5x(1 + tanh[
p

2/⇡(x+ 0.044715x3)])

or
x�(1.702x),

if greater feedforward speed is worth the cost of exactness.

We could use different CDFs. For example we could use Logistic Distribution CDF �(x) to get
what we call the Sigmoid Linear Unit (SiLU) x�(x). We could use the CDF of N (µ,�2) and have
µ and � be learnable hyperparameters, but throughout this work we simply let µ = 0 and � = 1.
Consequently, we do not introduce any new hyperparameters in the following experiments. In the
next section, we show that the GELU exceeds ReLUs and ELUs across numerous tasks.

3 GELU EXPERIMENTS

We evaluate the GELU, ELU, and ReLU on MNIST classification (grayscale images with 10 classes,
60k training examples and 10k test examples), MNIST autoencoding, Tweet part-of-speech tagging
(1000 training, 327 validation, and 500 testing tweets), TIMIT frame recognition (3696 training,
1152 validation, and 192 test audio sentences), and CIFAR-10/100 classification (color images with
10/100 classes, 50k training and 10k test examples). We do not evaluate nonlinearities like the
LReLU because of its similarity to ReLUs (see Maas et al. (2013) for a description of LReLUs).

3.1 MNIST CLASSIFICATION

Let us verify that this nonlinearity competes with previous activation functions by replicating an
experiment from Clevert et al. (2016). To this end, we train a fully connected neural network with
GELUs (µ = 0,� = 1), ReLUs, and ELUs (↵ = 1). Each 8-layer, 128 neuron wide neural
network is trained for 50 epochs with a batch size of 128. This experiment differs from those of

2

(dlarrayで実装可能)

https://arxiv.org/abs/1606.08415
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実装の概略（詳細は後日Qiitaに記事を書く予定です！）
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function [dlY, state] = VisionTransformer(parameters, dlX, doTraining, state)
dlX = patchEncoder(dlX, clsToken, patchprojWeight, positionEmbedding); 
for i = 1:numTransformerLayers
    % Layer Normalization 1
    dlX1 = LayerNormalization(dlX, 1.0e-6);
    % Attention
    dlAttentionOutput = MultiheadAttention(dlX1, dlX1, numHeads, attentiondropoutRate, …  
                          qDenseWeight(:,:,i), kDenseWeight(:,:,i), vDenseWeight(:,:,i), …  
                          outDenseWeight(:,:,i), outDenseBias(:,i), doTraining);
    % SkipConnection 1
    dlX2 = dlX + dlAttentionOutput;
    % MLP
    dlX3 = LayerNormalization(dlX2, 1.0e-6);
    dlX3 = pagemtimes(MLPWeight1(:,:,i), dlX3) + MLPBias1(:,i);
    dlX3 = geluApprox(dlX3);
    dlX3 = pagemtimes(MLPWeight2(:,:,i), dlX3) + MLPBias2(:,i);
   % SkipConnection 2
    dlX = dlX2 + dlX3;
end
dlX = LayerNormalization(dlX, 1.0e-6);
dlY = fullyconnect(dlX(:,1,:), classWeight, classBias, 'DataFormat', 'CSB');
dlY = softmax(dlY, 'DataFormat', 'CB');
end

Preprint. Under review.
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Figure 1: Model overview. We split an image into fixed-size patches, linearly embed each of them,
add position embeddings, and feed the resulting sequence of vectors to a standard Transformer
encoder. In order to perform classification, we use the standard approach of adding an extra learnable
“classification token” to the sequence. The illustration of the Transformer encoder was inspired by
Vaswani et al. (2017).

3.1 VISION TRANSFORMER (VIT)

An overview of the model is depicted in Figure 1. The standard Transformer receives as input a 1D
sequence of token embeddings. To handle 2D images, we reshape the image x 2 RH⇥W⇥C into a
sequence of flattened 2D patches xp 2 RN⇥(P 2·C), where (H,W ) is the resolution of the original
image, C is the number of channels, (P, P ) is the resolution of each image patch, and N = HW/P

2

is the resulting number of patches, which also serves as the effective input sequence length for the
Transformer. The Transformer uses constant latent vector size D through all of its layers, so we
flatten the patches and map to D dimensions with a trainable linear projection (Eq. 1). We refer to
the output of this projection as the patch embeddings.

Similar to BERT’s [class] token, we prepend a learnable embedding to the sequence of embed-
ded patches (z00 = xclass), whose state at the output of the Transformer encoder (z0

L
) serves as the

image representation y (Eq. 4). Both during pre-training and fine-tuning, a classification head is at-
tached to z0

L
. The classification head is implemented by a MLP with one hidden layer at pre-training

time and by a single linear layer at fine-tuning time.

Position embeddings are added to the patch embeddings to retain positional information. We use
standard learnable 1D position embeddings, since we have not observed significant performance
gains from using more advanced 2D-aware position embeddings (Appendix D.3). The resulting
sequence of embedding vectors serves as input to the encoder.

The Transformer encoder (Vaswani et al., 2017) consists of alternating layers of multiheaded self-
attention (MSA, see Appendix A) and MLP blocks (Eq. 2, 3). Layernorm (LN) is applied before
every block, and residual connections after every block (Wang et al., 2019; Baevski & Auli, 2019).
The MLP contains two layers with a GELU non-linearity.

z0 = [xclass; x
1
p
E; x2

p
E; · · · ; xN

p
E] +Epos, E 2 R(P 2·C)⇥D

, Epos 2 R(N+1)⇥D (1)

z0` = MSA(LN(z`�1)) + z`�1, ` = 1 . . . L (2)
z` = MLP(LN(z0`)) + z0`, ` = 1 . . . L (3)

y = LN(z0
L
) (4)

Hybrid Architecture. As an alternative to raw image patches, the input sequence can be formed
from feature maps of a CNN (LeCun et al., 1989). In this hybrid model, the patch embedding
projection E (Eq. 1) is applied to patches extracted from a CNN feature map. As a special case,
the patches can have spatial size 1x1, which means that the input sequence is obtained by simply

3

ViT原論文・図出典：An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale (arXiv:2010.11929)

https://openreview.net/forum?id=YicbFdNTTy
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Cifar10を学習（バッチサイズ以外の原論文のパラメータを遵守）
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•なかなか学習が大変（現在も途中） 
（RTX 8000 (VRAM 48G) でもバッチ数を上げるとメモリに乗らない）

Preprint. Under review.

Model Layers Hidden size D MLP size Heads Params

ViT-Base 12 768 3072 12 86M
ViT-Large 24 1024 4096 16 307M
ViT-Huge 32 1280 5120 16 632M

Table 1: Details of Vision Transformer model variants.

Ours-JFT Ours-JFT Ours-I21K BiT-L Noisy Student
(ViT-H/14) (ViT-L/16) (ViT-L/16) (ResNet152x4) (EfficientNet-L2)

ImageNet 88.55± 0.04 87.76± 0.03 85.30± 0.02 87.54± 0.02 88.4/88.5⇤

ImageNet ReaL 90.72± 0.05 90.54± 0.03 88.62± 0.05 90.54 90.55
CIFAR-10 99.50± 0.06 99.42± 0.03 99.15± 0.03 99.37± 0.06 �
CIFAR-100 94.55± 0.04 93.90± 0.05 93.25± 0.05 93.51± 0.08 �
Oxford-IIIT Pets 97.56± 0.03 97.32± 0.11 94.67± 0.15 96.62± 0.23 �
Oxford Flowers-102 99.68± 0.02 99.74± 0.00 99.61± 0.02 99.63± 0.03 �
VTAB (19 tasks) 77.63± 0.23 76.28± 0.46 72.72± 0.21 76.29± 1.70 �
TPUv3-core-days 2.5k 0.68k 0.23k 9.9k 12.3k

Table 2: Comparison with state of the art on popular image classification benchmarks. We re-
port mean and standard deviation of the accuracies, averaged over three fine-tuning runs. Vision
Transformer models pre-trained on the JFT-300M dataset outperform ResNet-based baselines on all
datasets, while taking substantially less computational resources to pre-train. ViT pre-trained on the
smaller public ImageNet-21k dataset performs well too. ⇤Slightly improved 88.5% result reported
in Touvron et al. (2020).

for transfer of all models (Appendix D.1 shows that, in contrast to common practices, Adam works
slightly better than SGD for ResNets in our setting). We use a linear learning rate warmup and decay,
see Appendix B.1 for details. For fine-tuning we use SGD with momentum, batch size 512, for all
models, see Appendix B.1.1. For ImageNet results in Table 2, we fine-tuned at higher resolution:
512 for ViT-L/16 and 518 for ViT-H/14, and also used Polyak & Juditsky (1992) averaging with a
factor of 0.9999 (Ramachandran et al., 2019; Wang et al., 2020b).

Metrics. We report results on downstream datasets either through few-shot or fine-tuning accuracy.
Fine-tuning accuracies capture the performance of each model after fine-tuning it on the respective
dataset. Few-shot accuracies are obtained by solving a regularized linear regression problem that
maps the (frozen) representation of a subset of training images to {�1, 1}K target vectors. Though
we mainly focus on fine-tuning performance, we sometimes use linear few-shot accuracies for fast
on-the-fly evaluation where fine-tuning would be too costly.

4.2 COMPARISON TO STATE OF THE ART

We first compare our largest models – ViT-H/14 and ViT-L/16 – to state-of-the-art CNNs from
the literature. The first comparison point is Big Transfer (BiT) (Kolesnikov et al., 2020), which
performs supervised transfer learning with large ResNets. The second is Noisy Student (Xie et al.,
2020), which is a large EfficientNet trained using semi-supervised learning on ImageNet and JFT-
300M with the labels removed. Currently, Noisy Student is the state of the art on ImageNet and
BiT-L on the other datasets reported here. All models were trained on TPUv3 hardware, and we
report the number of TPUv3-core-days taken to pre-train each of them, that is, the number of TPU
v3 cores (2 per chip) used for training multiplied by the training time in days.

Table 2 shows the results. The smaller ViT-L/16 model pre-trained on JFT-300M outperforms BiT-L
(which is pre-trained on the same dataset) on all tasks, while requiring substantially less computa-
tional resources to train. The larger model, ViT-H/14, further improves the performance, especially
on the more challenging datasets – ImageNet, CIFAR-100, and the VTAB suite. Interestingly, this
model still took substantially less compute to pre-train than prior state of the art. However, we note
that pre-training efficiency may be affected not only by the architecture choice, but also other pa-
rameters, such as training schedule, optimizer, weight decay, etc. We provide a controlled study of
performance vs. compute for different architectures in Section 4.4. Finally, the ViT-L/16 model
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Imagenet21kだと原論文のバッチサイズにすると 
ViT-Baseでもメモリ1TB以上(!)必要

ViT原論文・表出典：An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale (arXiv:2010.11929)

https://openreview.net/forum?id=YicbFdNTTy
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•MATLABでディープラーニングをしてみました（from scratch）

•モデル関数を使ってVision Transformerを実装しました

•自動微分のメモリ量で死んでいます（MATLABの問題？）が、 
実装はとても楽しかったです

もう少し詳しい説明は、Qiitaに載せようと思っています。 
掲載次第、発表者のHP（www.daisuket.net）等でご案内いたします！

•MATLABだからこそできる数学的に直感的な実装ができました

https://www.daisuket.net

