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Overview
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Sequential data is not i.i.d.

x<1> x<2> x<3> x<4> x<5> x<6>

y<1> y<2> y<3> y<4> y<5> y<6>

TimeInput:

Output:
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Bao, Wei, Jun Yue, and Yulei Rao. "A deep learning framework for financial time series using 
stacked autoencoders and long-short term memory." PloS one 12, no. 7 (2017): e0180944.

according to previous literature [32, 36]. The trading returns of each model will be compared
against the returns of the buy-and-hold strategy. Specifically, as holding the future contract for
a long time would be subject to great risk in reality, we execute the buy-and-hold strategy by
trading in the spot stock market instead of trading in index future market. The computation
procedure of transaction costs in the spot stock market follows the rule that we describe above.
Finally, the unified cost in the spot market is 0.25% for buying and 0.45% for selling.

Results

For each stock index, we show the yearly predicted data from the four models and the corre-
sponding actual data in the graph. Fig 8 illustrates Year 1 results and the remaining figures for
Year 2 to Year 6 can be found in S1–S5 Figs. According to Fig 8 and S1–S5 Figs, we can find
that LSTM and RNN have larger variations and distances to the actual data than WSAEs-
LSTM and WLSTM. Furthermore, comparing WSAEs-LSTM with WLSTM, the former out-
performs the latter: WSAEs-LSTM has less volatility and is closer to the actual trading data
than WLSTM. Specifically, the advantage of WSAEs-LSTM in predicting is more obvious in
less developed markets than in developed market.

Fig 8. Displays the actual data and the predicted data from the four models for each stock index in
Year 1 from 2010.10.01 to 2011.09.30.

https://doi.org/10.1371/journal.pone.0180944.g008

A deep learning framework for financial time series

PLOS ONE | https://doi.org/10.1371/journal.pone.0180944 July 14, 2017 16 / 24

Stock market predictions

www.nature.com/scientificreports/

7SCIENTIFIC REPORTS |  (2018) 8:15270  | DOI:10.1038/s41598-018-33321-1

data. After word embedding, words from the corpus would be mapped to vectors of real numbers, which can be 
processed by a neural network model.

In practical use, all the word vectors will be deposited into a matrix ∈ ×WE Rd N , where N denotes the size of 
the corpus and d denotes the word vector dimension. We call this matrix as the embedding layer or the lookup 
table layer. The embedding layer can be initialized through a pre-trained algorithm, and some algorithms have 
been proposed based on neural networks70, dimensionality reduction on the word co-occurrence matrix72, 

Figure 5. The basic architectural structure of our model KEGRU. (1) We first built the k-mer corpus, which 
consists of a number of k-mer sequence built by splitting DNA sequence. (2) Based on the k-mer corpus built at 
first step, we use the pre-trained model word2vec to learn the k-mer embedding vectors. All k-mer vectors are 
stacked into the embedding matrix that will be used to initialize the embedding layer. (3) We use bidirectional 
GRU network to solve long-range dependencies problem and to learn feature information from input k-mer 
sequence. (4) The prediction results were generated by the dense layer and the sigmoid layer, and then we use a 
loss function to compare the prediction results with the true target labels.

Figure 6. Structural comparison between (a) LSTM and (b) GRU67. (a) i, f and o denote the input, forget and 
output gates, respectively. C and E denote the current memory cell state and the new memory cell state. (b) r and 
z represent the reset and update gates. h and m are the current unit state and the candidate unit state.

Shen, Zhen, Wenzheng Bao, and De-Shuang Huang. "Recurrent 
Neural Network for Predicting Transcription Factor Binding Sites." 
Scientific reports 8, no. 1 (2018): 15270.

DNA or (amino acid/protein) 
sequence modeling

Applications:  
Working with Sequential Data

• Text classification 
• Speech recognition (acoustic modeling) 
• language translation 
• ...

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0180944
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0180944
https://www.nature.com/articles/s41598-018-33321-1
https://www.nature.com/articles/s41598-018-33321-1
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Figure based on: 

The Unreasonable Effectiveness of Recurrent Neural Networks by Andrej Karpathy (http://karpathy.github.io/2015/05/21/rnn-effectiveness/)  

many-to-one one-to-many

many-to-many many-to-many

Different Types of Sequence Modeling Tasks
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Figure based on: 

The Unreasonable Effectiveness of Recurrent Neural Networks by Andrej Karpathy (http://karpathy.github.io/2015/05/21/rnn-effectiveness/)  

many-to-one one-to-many

many-to-many many-to-many

Different Types of Sequence Modeling Tasks

Many-to-one: The input data is a 
sequence, but the output is a 
fixed-size vector, not a sequence.  
 
Ex.: sentiment analysis, the input is 
some text, and the output is a 
class label.
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Figure based on: 

The Unreasonable Effectiveness of Recurrent Neural Networks by Andrej Karpathy (http://karpathy.github.io/2015/05/21/rnn-effectiveness/)  

many-to-one one-to-many

many-to-many many-to-many

Different Types of Sequence Modeling Tasks

One-to-many: Input data is in a 
standard format (not a sequence), 
the output is a sequence. 
 
Ex.: Image captioning, where the 
input is an image, the output is a 
text description of that image 
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Figure based on: 

The Unreasonable Effectiveness of Recurrent Neural Networks by Andrej Karpathy (http://karpathy.github.io/2015/05/21/rnn-effectiveness/)  

many-to-one one-to-many

many-to-many many-to-many

Different Types of Sequence Modeling Tasks
Many-to-many: Both inputs and outputs are sequences. 
Can be direct or delayed. 
 
Ex.: Video-captioning, i.e., describing a sequence of images 
via text (direct).  
Translating one language into another (delayed) 
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The Classic Text Classification Approach



Sebastian Raschka           STAT 479: Deep Learning            SS 2019 �11

A Classic Approach for Text Classification:  
Bag of Words Model

1) Suppose you want to design a classifier and you have a 
training dataset consisting of 3 examples (sentences)

x[1] = ”The sun is shining”
<latexit sha1_base64="OKMSIS0rHzI4u0yb4ZDXL5GhtgA=">AAACGHicbVC7SgNBFJ31GeMramkzJAhWcVcFbYSgjWUEkwjJGmYnd5PB2dll5q4kLPsZNv6KjYUitun8Gycxha8DA4dz7uXOOUEihUHX/XDm5hcWl5YLK8XVtfWNzdLWdtPEqebQ4LGM9U3ADEihoIECJdwkGlgUSGgFdxcTv3UP2ohYXeMoAT9ifSVCwRlaqVs66EQMB0GYDfPbrO35OT2jtIMwxKx8PQBqUkWFoWYglFD9ct4tVdyqOwX9S7wZqZAZ6t3SuNOLeRqBQi6ZMW3PTdDPmEbBJeTFTmogYfyO9aFtqWIRGD+bBsvpnlV6NIy1fQrpVP2+kbHImFEU2MlJDPPbm4j/ee0Uw1M/EypJERT/OhSmkmJMJy3RntDAUY4sYVwL+1fKB0wzjrbLoi3B+x35L2keVr2j6uHVcaV2PqujQHZJmewTj5yQGrkkddIgnDyQJ/JCXp1H59l5c96/Ruec2c4O+QFn/AnSvZ+f</latexit>

x[2] = ”The weather is sweet”
<latexit sha1_base64="5I7HegCmiP0Jx+G/Dp7ZWqZNVss=">AAACGnicbVC7SgNBFJ31GeMramkzJAhWYTcK2ghBG8sIiQZ21zA7uWsGZx/M3FXDst9h46/YWChiJzb+jZNH4evAwOGce7lzTpBKodG2P62Z2bn5hcXSUnl5ZXVtvbKxea6TTHHo8EQmqhswDVLE0EGBErqpAhYFEi6C65ORf3EDSoskbuMwBT9iV7EIBWdopF7F8SKGgyDM74rL3G34BT2i1EO4w7zaHgC9BWODokJTfQuA1aJXqdl1ewz6lzhTUiNTtHqVd6+f8CyCGLlkWruOnaKfM4WCSyjKXqYhZfyaXYFraMwi0H4+jlbQHaP0aZgo82KkY/X7Rs4irYdRYCZHQfRvbyT+57kZhod+LuI0Q4j55FCYSYoJHfVE+0IBRzk0hHElzF8pHzDFOJo2y6YE53fkv+S8UXf26o2z/VrzeFpHiWyTKtklDjkgTXJKWqRDOLknj+SZvFgP1pP1ar1NRmes6c4W+QHr4wuB26CG</latexit>

x[3] = ”The sun is shining,

the weather is sweet, and one and one is two”
<latexit sha1_base64="JiNG/+AXF+oBM1ttTsBLjeFOxpM="></latexit>

x[3] = ”The sun is shining,

the weather is sweet, and one and one is two”
<latexit sha1_base64="JiNG/+AXF+oBM1ttTsBLjeFOxpM="></latexit>
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A Classic Approach for Text Classification:  
Bag of Words Model

2) Based on ALL your data, you would construct a vocabulary 
of all unique words

vocabulary = { 
    'and': 0, 
    'is': 1 
    'one': 2, 
    'shining': 3, 
    'sun': 4, 
    'sweet': 5, 
    'the': 6, 
    'two': 7, 
    'weather': 8, 
} 

x[1] = ”The sun is shining”
<latexit sha1_base64="OKMSIS0rHzI4u0yb4ZDXL5GhtgA=">AAACGHicbVC7SgNBFJ31GeMramkzJAhWcVcFbYSgjWUEkwjJGmYnd5PB2dll5q4kLPsZNv6KjYUitun8Gycxha8DA4dz7uXOOUEihUHX/XDm5hcWl5YLK8XVtfWNzdLWdtPEqebQ4LGM9U3ADEihoIECJdwkGlgUSGgFdxcTv3UP2ohYXeMoAT9ifSVCwRlaqVs66EQMB0GYDfPbrO35OT2jtIMwxKx8PQBqUkWFoWYglFD9ct4tVdyqOwX9S7wZqZAZ6t3SuNOLeRqBQi6ZMW3PTdDPmEbBJeTFTmogYfyO9aFtqWIRGD+bBsvpnlV6NIy1fQrpVP2+kbHImFEU2MlJDPPbm4j/ee0Uw1M/EypJERT/OhSmkmJMJy3RntDAUY4sYVwL+1fKB0wzjrbLoi3B+x35L2keVr2j6uHVcaV2PqujQHZJmewTj5yQGrkkddIgnDyQJ/JCXp1H59l5c96/Ruec2c4O+QFn/AnSvZ+f</latexit>

x[2] = ”The weather is sweet”
<latexit sha1_base64="5I7HegCmiP0Jx+G/Dp7ZWqZNVss=">AAACGnicbVC7SgNBFJ31GeMramkzJAhWYTcK2ghBG8sIiQZ21zA7uWsGZx/M3FXDst9h46/YWChiJzb+jZNH4evAwOGce7lzTpBKodG2P62Z2bn5hcXSUnl5ZXVtvbKxea6TTHHo8EQmqhswDVLE0EGBErqpAhYFEi6C65ORf3EDSoskbuMwBT9iV7EIBWdopF7F8SKGgyDM74rL3G34BT2i1EO4w7zaHgC9BWODokJTfQuA1aJXqdl1ewz6lzhTUiNTtHqVd6+f8CyCGLlkWruOnaKfM4WCSyjKXqYhZfyaXYFraMwi0H4+jlbQHaP0aZgo82KkY/X7Rs4irYdRYCZHQfRvbyT+57kZhod+LuI0Q4j55FCYSYoJHfVE+0IBRzk0hHElzF8pHzDFOJo2y6YE53fkv+S8UXf26o2z/VrzeFpHiWyTKtklDjkgTXJKWqRDOLknj+SZvFgP1pP1ar1NRmes6c4W+QHr4wuB26CG</latexit>

x[3] = ”The sun is shining,

the weather is sweet, and one and one is two”
<latexit sha1_base64="JiNG/+AXF+oBM1ttTsBLjeFOxpM="></latexit>

x[3] = ”The sun is shining,

the weather is sweet, and one and one is two”
<latexit sha1_base64="JiNG/+AXF+oBM1ttTsBLjeFOxpM="></latexit>
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A Classic Approach for Text Classification:  
Bag of Words Model

3) Use the vocabulary to transform the dataset into  
bag-of-words vectors  

(vector size is determined by the vocabulary size)

x[1] = ”The sun is shining”
<latexit sha1_base64="OKMSIS0rHzI4u0yb4ZDXL5GhtgA=">AAACGHicbVC7SgNBFJ31GeMramkzJAhWcVcFbYSgjWUEkwjJGmYnd5PB2dll5q4kLPsZNv6KjYUitun8Gycxha8DA4dz7uXOOUEihUHX/XDm5hcWl5YLK8XVtfWNzdLWdtPEqebQ4LGM9U3ADEihoIECJdwkGlgUSGgFdxcTv3UP2ohYXeMoAT9ifSVCwRlaqVs66EQMB0GYDfPbrO35OT2jtIMwxKx8PQBqUkWFoWYglFD9ct4tVdyqOwX9S7wZqZAZ6t3SuNOLeRqBQi6ZMW3PTdDPmEbBJeTFTmogYfyO9aFtqWIRGD+bBsvpnlV6NIy1fQrpVP2+kbHImFEU2MlJDPPbm4j/ee0Uw1M/EypJERT/OhSmkmJMJy3RntDAUY4sYVwL+1fKB0wzjrbLoi3B+x35L2keVr2j6uHVcaV2PqujQHZJmewTj5yQGrkkddIgnDyQJ/JCXp1H59l5c96/Ruec2c4O+QFn/AnSvZ+f</latexit>

x[2] = ”The weather is sweet”
<latexit sha1_base64="5I7HegCmiP0Jx+G/Dp7ZWqZNVss=">AAACGnicbVC7SgNBFJ31GeMramkzJAhWYTcK2ghBG8sIiQZ21zA7uWsGZx/M3FXDst9h46/YWChiJzb+jZNH4evAwOGce7lzTpBKodG2P62Z2bn5hcXSUnl5ZXVtvbKxea6TTHHo8EQmqhswDVLE0EGBErqpAhYFEi6C65ORf3EDSoskbuMwBT9iV7EIBWdopF7F8SKGgyDM74rL3G34BT2i1EO4w7zaHgC9BWODokJTfQuA1aJXqdl1ewz6lzhTUiNTtHqVd6+f8CyCGLlkWruOnaKfM4WCSyjKXqYhZfyaXYFraMwi0H4+jlbQHaP0aZgo82KkY/X7Rs4irYdRYCZHQfRvbyT+57kZhod+LuI0Q4j55FCYSYoJHfVE+0IBRzk0hHElzF8pHzDFOJo2y6YE53fkv+S8UXf26o2z/VrzeFpHiWyTKtklDjkgTXJKWqRDOLknj+SZvFgP1pP1ar1NRmes6c4W+QHr4wuB26CG</latexit>

x[3] = ”The sun is shining,

the weather is sweet, and one and one is two”
<latexit sha1_base64="JiNG/+AXF+oBM1ttTsBLjeFOxpM="></latexit>

x[3] = ”The sun is shining,

the weather is sweet, and one and one is two”
<latexit sha1_base64="JiNG/+AXF+oBM1ttTsBLjeFOxpM="></latexit>

X =

2

4
0 1 0 1 1 0 1 0 0
0 1 0 0 0 1 1 0 1
2 3 2 1 1 1 2 1 1

3

5

<latexit sha1_base64="96E+QZra0hz6oQdF3fe0hkUBu2c="></latexit>

vocabulary = { 
    'and': 0, 
    'is': 1 
    'one': 2, 
    'shining': 3, 
    'sun': 4, 
    'sweet': 5, 
    'the': 6, 
    'two': 7, 
    'weather': 8, 
} 
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A Classic Approach for Text Classification:  
Bag of Words Model

4) Use the bag-of-words representation to fit a predictive model  
(logistic regression, multilayer-perceptron, etc.)

X =

2

4
0 1 0 1 1 0 1 0 0
0 1 0 0 0 1 1 0 1
2 3 2 1 1 1 2 1 1

3

5

<latexit sha1_base64="96E+QZra0hz6oQdF3fe0hkUBu2c="></latexit>

y =
⇥
0, 1, 0

⇤
<latexit sha1_base64="I1WxPE7V0m67om8S48xR6u6CtsY=">AAACG3icbVDLSgMxFM3UVx1fVZdugkVwUcpMFXQjFN24rGAf0Cklk95pQzOZIcmIZZj/cOOvuHGhiCvBhX9j+kC09UDgcM693Jzjx5wp7ThfVm5peWV1Lb9ub2xube8UdvcaKkokhTqNeCRbPlHAmYC6ZppDK5ZAQp9D0x9ejf3mHUjFInGrRzF0QtIXLGCUaCN1CxUvJHrgB+kowxfY86HPROobTbL7zHZK2C1hx/ZA9H7UbqHolJ0J8CJxZ6SIZqh1Cx9eL6JJCEJTTpRqu06sOymRmlEOme0lCmJCh6QPbUMFCUF10km2DB8ZpYeDSJonNJ6ovzdSEio1Cn0zOU6i5r2x+J/XTnRw3kmZiBMNgk4PBQnHOsLjonCPSaCajwwhVDLzV0wHRBKqTZ22KcGdj7xIGpWye1Ku3JwWq5ezOvLoAB2iY+SiM1RF16iG6oiiB/SEXtCr9Wg9W2/W+3Q0Z8129tEfWJ/feTSgbg==</latexit>

Classifier
train
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A Classic Approach for Text Classification:  
Bag of Words Model

X =

2

4
0 1 0 1 1 0 1 0 0
0 1 0 0 0 1 1 0 1
2 3 2 1 1 1 2 1 1

3

5

<latexit sha1_base64="96E+QZra0hz6oQdF3fe0hkUBu2c="></latexit>

Rows are training examples

Columns are features

Features can be 
• word counts / term frequencies (how often a word appears in the sentence, like above) 

• binary 0/1 (whether a word occurs or not) 

• term frequency-inverse document frequencies (normalized word counts) 

• ...
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A Classic Approach for Text Classification:  
Bag of Words Model

x[1] = ”The sun is shining”
<latexit sha1_base64="OKMSIS0rHzI4u0yb4ZDXL5GhtgA=">AAACGHicbVC7SgNBFJ31GeMramkzJAhWcVcFbYSgjWUEkwjJGmYnd5PB2dll5q4kLPsZNv6KjYUitun8Gycxha8DA4dz7uXOOUEihUHX/XDm5hcWl5YLK8XVtfWNzdLWdtPEqebQ4LGM9U3ADEihoIECJdwkGlgUSGgFdxcTv3UP2ohYXeMoAT9ifSVCwRlaqVs66EQMB0GYDfPbrO35OT2jtIMwxKx8PQBqUkWFoWYglFD9ct 4tVdyqOwX9S7wZqZAZ6t3SuNOLeRqBQi6ZMW3PTdDPmEbBJeTFTmogYfyO9aFtqWIRGD+bBsvpnlV6NIy1fQrpVP2+kbHImFEU2MlJDPPbm4j/ee0Uw1M/EypJERT/OhSmkmJMJy3RntDAUY4sYVwL+1fKB0wzjrbLoi3B+x35L2keVr2j6uHVcaV2PqujQHZJmewTj5yQGrkkddIgnDyQJ/JCXp1H59l5c96/Ruec2c4O+QFn/AnSvZ+f</latexit>

x[2] = ”The weather is sweet”
<latexit sha1_base64="5I7HegCmiP0Jx+G/Dp7ZWqZNVss=">AAACGnicbVC7SgNBFJ31GeMramkzJAhWYTcK2ghBG8sIiQZ21zA7uWsGZx/M3FXDst9h46/YWChiJzb+jZNH4evAwOGce7lzTpBKodG2P62Z2bn5hcXSUnl5ZXVtvbKxea6TTHHo8EQmqhswDVLE0EGBErqpAhYFEi6C65ORf3EDSoskbuMwBT9iV7EIBWdopF7F8SKGgyDM74rL3G34BT2i1EO4w7zaHgC9BWODokJTfQuA1a JXqdl1ewz6lzhTUiNTtHqVd6+f8CyCGLlkWruOnaKfM4WCSyjKXqYhZfyaXYFraMwi0H4+jlbQHaP0aZgo82KkY/X7Rs4irYdRYCZHQfRvbyT+57kZhod+LuI0Q4j55FCYSYoJHfVE+0IBRzk0hHElzF8pHzDFOJo2y6YE53fkv+S8UXf26o2z/VrzeFpHiWyTKtklDjkgTXJKWqRDOLknj+SZvFgP1pP1ar1NRmes6c4W+QHr4wuB26CG</latexit>

x[3] = ”The sun is shining,

the weather is sweet, and one and one is two”
<latexit sha1_base64="JiNG/+AXF+oBM1ttTsBLjeFOxpM="></latexit>

x[3] = ”The sun is shining,

the weather is sweet, and one and one is two”
<latexit sha1_base64="JiNG/+AXF+oBM1ttTsBLjeFOxpM="></latexit>

Optional Preprocessing: Stop Word Removal
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A Classic Approach for Text Classification:  
Bag of Words Model

x[1] = ”The sun is shining”
<latexit sha1_base64="OKMSIS0rHzI4u0yb4ZDXL5GhtgA=">AAACGHicbVC7SgNBFJ31GeMramkzJAhWcVcFbYSgjWUEkwjJGmYnd5PB2dll5q4kLPsZNv6KjYUitun8Gycxha8DA4dz7uXOOUEihUHX/XDm5hcWl5YLK8XVtfWNzdLWdtPEqebQ4LGM9U3ADEihoIECJdwkGlgUSGgFdxcTv3UP2ohYXeMoAT9ifSVCwRlaqVs66EQMB0GYDfPbrO35OT2jtIMwxKx8PQBqUkWFoWYglFD9ct4tVdyqOwX9S7wZqZAZ6t3SuNOLeRqBQi6ZMW3PTdDPmEbBJeTFTmogYfyO9aFtqWIRGD+bBsvpnlV6NIy1fQrpVP2+kbHImFEU2MlJDPPbm4j/ee0Uw1M/EypJERT/OhSmkmJMJy3RntDAUY4sYVwL+1fKB0wzjrbLoi3B+x35L2keVr2j6uHVcaV2PqujQHZJmewTj5yQGrkkddIgnDyQJ/JCXp1H59l5c96/Ruec2c4O+QFn/AnSvZ+f</latexit>

Optional Preprocessing:  
n-gram tokenization with n > 1

1 token = 1 word:

x[1] = ”The sun is shining”
<latexit sha1_base64="OKMSIS0rHzI4u0yb4ZDXL5GhtgA=">AAACGHicbVC7SgNBFJ31GeMramkzJAhWcVcFbYSgjWUEkwjJGmYnd5PB2dll5q4kLPsZNv6KjYUitun8Gycxha8DA4dz7uXOOUEihUHX/XDm5hcWl5YLK8XVtfWNzdLWdtPEqebQ4LGM9U3ADEihoIECJdwkGlgUSGgFdxcTv3UP2ohYXeMoAT9ifSVCwRlaqVs66EQMB0GYDfPbrO35OT2jtIMwxKx8PQBqUkWFoWYglFD9ct4tVdyqOwX9S7wZqZAZ6t3SuNOLeRqBQi6ZMW3PTdDPmEbBJeTFTmogYfyO9aFtqWIRGD+bBsvpnlV6NIy1fQrpVP2+kbHImFEU2MlJDPPbm4j/ee0Uw1M/EypJERT/OhSmkmJMJy3RntDAUY4sYVwL+1fKB0wzjrbLoi3B+x35L2keVr2j6uHVcaV2PqujQHZJmewTj5yQGrkkddIgnDyQJ/JCXp1H59l5c96/Ruec2c4O+QFn/AnSvZ+f</latexit>

1 token = 2 words:
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https://github.com/rasbt/python-machine-learning-book-2nd-edition/blob/
master/code/ch08/ch08.ipynb

For a self-contained example of this "classic" 
approach, see

A Classic Approach for Text Classification:  
Bag of Words Model

https://github.com/rasbt/python-machine-learning-book-2nd-edition/blob/master/code/ch08/ch08.ipynb
https://github.com/rasbt/python-machine-learning-book-2nd-edition/blob/master/code/ch08/ch08.ipynb
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A Classic Approach for Text Classification:  
Bag of Words Model

Big Downside: We lose the spatial relationship between words!

x[1] = ”The sun is shining”
<latexit sha1_base64="OKMSIS0rHzI4u0yb4ZDXL5GhtgA=">AAACGHicbVC7SgNBFJ31GeMramkzJAhWcVcFbYSgjWUEkwjJGmYnd5PB2dll5q4kLPsZNv6KjYUitun8Gycxha8DA4dz7uXOOUEihUHX/XDm5hcWl5YLK8XVtfWNzdLWdtPEqebQ4LGM9U3ADEihoIECJdwkGlgUSGgFdxcTv3UP2ohYXeMoAT9ifSVCwRlaqVs66EQMB0GYDfPbrO35OT2jtIMwxKx8PQBqUkWFoWYglFD9ct4tVdyqOwX9S7wZqZAZ6t3SuNOLeRqBQi6ZMW3PTdDPmEbBJeTFTmogYfyO9aFtqWIRGD+bBsvpnlV6NIy1fQrpVP2+kbHImFEU2MlJDPPbm4j/ee0Uw1M/EypJERT/OhSmkmJMJy3RntDAUY4sYVwL+1fKB0wzjrbLoi3B+x35L2keVr2j6uHVcaV2PqujQHZJmewTj5yQGrkkddIgnDyQJ/JCXp1H59l5c96/Ruec2c4O+QFn/AnSvZ+f</latexit>

x[2] = ”The weather is sweet”
<latexit sha1_base64="5I7HegCmiP0Jx+G/Dp7ZWqZNVss=">AAACGnicbVC7SgNBFJ31GeMramkzJAhWYTcK2ghBG8sIiQZ21zA7uWsGZx/M3FXDst9h46/YWChiJzb+jZNH4evAwOGce7lzTpBKodG2P62Z2bn5hcXSUnl5ZXVtvbKxea6TTHHo8EQmqhswDVLE0EGBErqpAhYFEi6C65ORf3EDSoskbuMwBT9iV7EIBWdopF7F8SKGgyDM74rL3G34BT2i1EO4w7zaHgC9BWODokJTfQuA1aJXqdl1ewz6lzhTUiNTtHqVd6+f8CyCGLlkWruOnaKfM4WCSyjKXqYhZfyaXYFraMwi0H4+jlbQHaP0aZgo82KkY/X7Rs4irYdRYCZHQfRvbyT+57kZhod+LuI0Q4j55FCYSYoJHfVE+0IBRzk0hHElzF8pHzDFOJo2y6YE53fkv+S8UXf26o2z/VrzeFpHiWyTKtklDjkgTXJKWqRDOLknj+SZvFgP1pP1ar1NRmes6c4W+QHr4wuB26CG</latexit>

x[3] = ”The sun is shining,

the weather is sweet, and one and one is two”
<latexit sha1_base64="JiNG/+AXF+oBM1ttTsBLjeFOxpM="></latexit>

x[3] = ”The sun is shining,

the weather is sweet, and one and one is two”
<latexit sha1_base64="JiNG/+AXF+oBM1ttTsBLjeFOxpM="></latexit>

X =

2

4
0 1 0 1 1 0 1 0 0
0 1 0 0 0 1 1 0 1
2 3 2 1 1 1 2 1 1

3

5

<latexit sha1_base64="96E+QZra0hz6oQdF3fe0hkUBu2c="></latexit>

vocabulary = { 
    'and': 0, 
    'is': 1 
    'one': 2, 
    'shining': 3, 
    'sun': 4, 
    'sweet': 5, 
    'the': 6, 
    'two': 7, 
    'weather': 8, 
} 



Sebastian Raschka           STAT 479: Deep Learning            SS 2019 !20

Recurrent Neural Networks 
(to be continued ... )


