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Transformers

• Three key ideas 

• Tokens 

• Attention 

• Positional encoding 

• Examples of architectures and applications
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Deep nets are data transformers

• Deep nets transform datapoints, layer by layer 

• Each layer is a different representation of the data 

• We call these representations embeddings



Idea #1: tokens



A new data structure: Tokens

• A token is just transformer lingo for a vector of neurons 

• But the connotation is that a token is an encapsulated bundle of information; with 
transformers we will operate over tokens rather than over neurons
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should direct their attention to the neurons on the layer before that represent the color of
the car. We will soon see how this is done, in full detail, but first we need to introduce a
new data structure and a new way of thinking about neural processing.

1.3 A new data type: tokens

We discussed that the main data structures in deep learning are di↵erent kinds of groups of
neurons – channels, tensors, batches, etc. Now we will introduce another fundamental data
structure, tokens. A “token” is another kind of group of neurons, but there are particular
ways we will operate over tokens that are di↵erent from how we operated over channels,
batches, and the other groupings we saw before. Specifically, we will think of tokens as
encapsulated groups of information; we will define operators over tokens, and these operators
will be our only interface for accessing and modifying the internal contents of tokens. From
a programming languages perspective, you can think of tokens as a new data type.

In this chapter we will only consider token whose internal content is a vector of neurons.
We will call this vector the token’s code vector; the code for a token t will be labeled as t.z.

Although we are only
considering vector-valued

tokens in this chapter, it’s
easy to imagine tokens

that are any kind of
structured group. We

just need to define how
basic operators, like

summation, operate over
these groups (and,

ideally, in a di↵erentiable
manner).

Transformers consist of two main operations over tokens: 1) mixing tokens via a weighted
sum, and 2) modifying each individual token via a nonlinear transformation. These opera-
tions are analogous to the two workhorses of regular neural nets: the linear layer and the
pointwise nonlinearity. Before we get to that, though, how do we turn data into tokens in
the first place?

1.3.1 Tokenizing data

The first step to working with tokens is to tokenize the raw input data. Once we have done
this, all subsequent layers will operate over tokens, until the output layer, which will make
some decision or prediction as a function of the final set of tokens. How can we tokenize an
input image? Well, how did we “neuronize” an image for processing in a vanilla neural net?
We simply represented each pixel in the image with a neuron (or three neurons, if it’s a color
image). To tokenize an image, we may simply represent each patch of pixels in the image
with a token. The token vector is the vectorized patch (stacking the three color channels one
after the other). With each patch represented by a token, the full image corresponds to an
array of tokens. Here’s what it looks like to tokenize an image of guineafowl in this way:

…

…

tokens

…

tokens

patches

input

1.3.2 Mixing tokens

Once we have converted our data to tokens, we now need to define operations for transforming
these tokens and eventually making decisions based on them. The first key operation we will
define is how to take linear combinations of tokens.

Tokenizing the input data

e.g., linear projection

• When operating over neurons, we represent 
the input as an array of scalar-valued 
measurements (e.g., pixels) 

• When operating over tokens, we represent 
the input as an array of vector-valued 
measurements
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should direct their attention to the neurons on the layer before that represent the color of
the car. We will soon see how this is done, in full detail, but first we need to introduce a
new data structure and a new way of thinking about neural processing.

1.3 A new data type: tokens

We discussed that the main data structures in deep learning are di↵erent kinds of groups of
neurons – channels, tensors, batches, etc. Now we will introduce another fundamental data
structure, tokens. A “token” is another kind of group of neurons, but there are particular
ways we will operate over tokens that are di↵erent from how we operated over channels,
batches, and the other groupings we saw before. Specifically, we will think of tokens as
encapsulated groups of information; we will define operators over tokens, and these operators
will be our only interface for accessing and modifying the internal contents of tokens. From
a programming languages perspective, you can think of tokens as a new data type.

In this chapter we will only consider token whose internal content is a vector of neurons.
We will call this vector the token’s code vector; the code for a token t will be labeled as t.z.

Although we are only
considering vector-valued

tokens in this chapter, it’s
easy to imagine tokens

that are any kind of
structured group. We

just need to define how
basic operators, like

summation, operate over
these groups (and,

ideally, in a di↵erentiable
manner).

Transformers consist of two main operations over tokens: 1) mixing tokens via a weighted
sum, and 2) modifying each individual token via a nonlinear transformation. These opera-
tions are analogous to the two workhorses of regular neural nets: the linear layer and the
pointwise nonlinearity. Before we get to that, though, how do we turn data into tokens in
the first place?

1.3.1 Tokenizing data

The first step to working with tokens is to tokenize the raw input data. Once we have done
this, all subsequent layers will operate over tokens, until the output layer, which will make
some decision or prediction as a function of the final set of tokens. How can we tokenize an
input image? Well, how did we “neuronize” an image for processing in a vanilla neural net?
We simply represented each pixel in the image with a neuron (or three neurons, if it’s a color
image). To tokenize an image, we may simply represent each patch of pixels in the image
with a token. The token vector is the vectorized patch (stacking the three color channels one
after the other). With each patch represented by a token, the full image corresponds to an
array of tokens. Here’s what it looks like to tokenize an image of guineafowl in this way:

…
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…

tokens

patches

input

1.3.2 Mixing tokens

Once we have converted our data to tokens, we now need to define operations for transforming
these tokens and eventually making decisions based on them. The first key operation we will
define is how to take linear combinations of tokens.
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snippets
<latexit sha1_base64="VMwPDJ1tm9HmaHgdH2KJkvnCQic=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBm0sYxgPiA5wt5mL1myt7fuzgkh5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXaSks+v63V9jY3NreKe6W9vYPDo/Kxyctm2aG8SZLZWo6EbVcCsWbKFDyjjacJpHk7Wh8O/fbT9xYkaoHnGgeJnSoRCwYRSd1rBJac7T9csWv+guQdRLkpAI5Gv3yV2+QsizhCpmk1nYDX2M4pQYFk3xW6mWWa8rGdMi7jiqacBtOF/fOyIVTBiROjSuFZKH+npjSxNpJErnOhOLIrnpz8T+vm2F8HU6F0hlyxZaL4kwSTMn8eTIQhjOUE0coM8LdStiIGsrQRVRyIQSrL6+TVq0a+NXgvlap3+RxFOEMzuESAriCOtxBA5rAQMIzvMKb9+i9eO/ex7K14OUzp/AH3ucPfWWQPg==</latexit><latexit sha1_base64="0rWtOt5kDjVx/oia9l70dVlCGoQ=">AAACFHicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLBXMA5IlzE7uJkNmZ4eZu0JY8hMWNv6KjYithZ1/4+RRaGLhgYHDOedy555IS2HR97+8wtr6xuZWcbu0s7u3f1A+PGraNDMcGjyVqWlHzIIUChooUEJbG2BJJKEVja6nfusBjBWpusexhjBhAyViwRk6qW2V0BrQ9soVv+rPQFdJsCAVssD/4r3yZ7ef8iwBhVwyazuBrzHMmUHBJUxK3cyCZnzEBtBxVLEEbJjPjprQM6f0aZwa9xTSmfpzImeJteMkcsmE4dAue1PxL6+TYXwZ5kLpDEHx+aI4kxRTOm2I9oUBjnLsCONGuL9SPmSGcXQ9ltzpwfKhq6RZqwZ+NbirVepXi86K5IScknMSkAtSJzfkljQIJ5I8kmfy6j15L96b9z6PFrzFzDH5Be/jG1Pql7c=</latexit><latexit sha1_base64="0rWtOt5kDjVx/oia9l70dVlCGoQ=">AAACFHicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLBXMA5IlzE7uJkNmZ4eZu0JY8hMWNv6KjYithZ1/4+RRaGLhgYHDOedy555IS2HR97+8wtr6xuZWcbu0s7u3f1A+PGraNDMcGjyVqWlHzIIUChooUEJbG2BJJKEVja6nfusBjBWpusexhjBhAyViwRk6qW2V0BrQ9soVv+rPQFdJsCAVssD/4r3yZ7ef8iwBhVwyazuBrzHMmUHBJUxK3cyCZnzEBtBxVLEEbJjPjprQM6f0aZwa9xTSmfpzImeJteMkcsmE4dAue1PxL6+TYXwZ5kLpDEHx+aI4kxRTOm2I9oUBjnLsCONGuL9SPmSGcXQ9ltzpwfKhq6RZqwZ+NbirVepXi86K5IScknMSkAtSJzfkljQIJ5I8kmfy6j15L96b9z6PFrzFzDH5Be/jG1Pql7c=</latexit><latexit sha1_base64="0rWtOt5kDjVx/oia9l70dVlCGoQ=">AAACFHicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLBXMA5IlzE7uJkNmZ4eZu0JY8hMWNv6KjYithZ1/4+RRaGLhgYHDOedy555IS2HR97+8wtr6xuZWcbu0s7u3f1A+PGraNDMcGjyVqWlHzIIUChooUEJbG2BJJKEVja6nfusBjBWpusexhjBhAyViwRk6qW2V0BrQ9soVv+rPQFdJsCAVssD/4r3yZ7ef8iwBhVwyazuBrzHMmUHBJUxK3cyCZnzEBtBxVLEEbJjPjprQM6f0aZwa9xTSmfpzImeJteMkcsmE4dAue1PxL6+TYXwZ5kLpDEHx+aI4kxRTOm2I9oUBjnLsCONGuL9SPmSGcXQ9ltzpwfKhq6RZqwZ+NbirVepXi86K5IScknMSkAtSJzfkljQIJ5I8kmfy6j15L96b9z6PFrzFzDH5Be/jG1Pql7c=</latexit>



Three guineafowl 
walking on ice 

plants.

Tokenizing the input data

token

token code vector
t.z

<latexit sha1_base64="MOQPWS8e76GDmMwD7BXBGFO7LCg=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgKiQi6LLoxmUF+4AmlMl00g6dPJi5EWrob7hxoYhbf8adf+OkzUJbDwwczrmXe+YEqRQaHefbqqytb2xuVbdrO7t7+wf1w6OOTjLFeJslMlG9gGouRczbKFDyXqo4jQLJu8HktvC7j1xpkcQPOE25H9FRLELBKBrJQ9uLKI6DMH+aDeoNx3bmIKvELUkDSrQG9S9vmLAs4jEySbXuu06Kfk4VCib5rOZlmqeUTeiI9w2NacS1n88zz8iZUYYkTJR5MZK5+nsjp5HW0ygwk0VCvewV4n9eP8Pw2s9FnGbIY7Y4FGaSYEKKAshQKM5QTg2hTAmTlbAxVZShqalmSnCXv7xKOhe269ju/WWjeVPWUYUTOIVzcOEKmnAHLWgDgxSe4RXerMx6sd6tj8VoxSp3juEPrM8fRp+R1A==</latexit><latexit sha1_base64="bfsoSKUtAAlsvx24SfusZ3bmOdo=">AAACGHicjVBNS8NAFHypX7V+VT16CRbBU0hE0GPRi0cF2wpNKJvtpl262YTdF6GG/g0PXvwrXkS89ua/cdPmoK0HBxaGmfd4OxOmgmt03S+rsrK6tr5R3axtbe/s7tX3D9o6yRRlLZqIRD2ERDPBJWshR8EeUsVIHArWCUfXhd95ZErzRN7jOGVBTAaSR5wSNJKPjh8THIZR/jTp1Ruu485gLxOvJA0o8b/xXn3q9xOaxUwiFUTrruemGOREIaeCTWp+pllK6IgMWNdQSWKmg3wWbGKfGKVvR4kyT6I9U39u5CTWehyHZrKIoRe9QvzL62YYXQY5l2mGTNL5oSgTNiZ20ZLd54pRFGNDCFXc/NWmQ6IIRdNlzUT3FoMuk/aZ47mOd3feaF6VnVXhCI7hFDy4gCbcwC20gEIKz/AK79aL9WZ9WJ/z0YpV7hzCL1jTb1JUmU0=</latexit><latexit sha1_base64="bfsoSKUtAAlsvx24SfusZ3bmOdo=">AAACGHicjVBNS8NAFHypX7V+VT16CRbBU0hE0GPRi0cF2wpNKJvtpl262YTdF6GG/g0PXvwrXkS89ua/cdPmoK0HBxaGmfd4OxOmgmt03S+rsrK6tr5R3axtbe/s7tX3D9o6yRRlLZqIRD2ERDPBJWshR8EeUsVIHArWCUfXhd95ZErzRN7jOGVBTAaSR5wSNJKPjh8THIZR/jTp1Ruu485gLxOvJA0o8b/xXn3q9xOaxUwiFUTrruemGOREIaeCTWp+pllK6IgMWNdQSWKmg3wWbGKfGKVvR4kyT6I9U39u5CTWehyHZrKIoRe9QvzL62YYXQY5l2mGTNL5oSgTNiZ20ZLd54pRFGNDCFXc/NWmQ6IIRdNlzUT3FoMuk/aZ47mOd3feaF6VnVXhCI7hFDy4gCbcwC20gEIKz/AK79aL9WZ9WJ/z0YpV7hzCL1jTb1JUmU0=</latexit><latexit sha1_base64="bfsoSKUtAAlsvx24SfusZ3bmOdo=">AAACGHicjVBNS8NAFHypX7V+VT16CRbBU0hE0GPRi0cF2wpNKJvtpl262YTdF6GG/g0PXvwrXkS89ua/cdPmoK0HBxaGmfd4OxOmgmt03S+rsrK6tr5R3axtbe/s7tX3D9o6yRRlLZqIRD2ERDPBJWshR8EeUsVIHArWCUfXhd95ZErzRN7jOGVBTAaSR5wSNJKPjh8THIZR/jTp1Ruu485gLxOvJA0o8b/xXn3q9xOaxUwiFUTrruemGOREIaeCTWp+pllK6IgMWNdQSWKmg3wWbGKfGKVvR4kyT6I9U39u5CTWehyHZrKIoRe9QvzL62YYXQY5l2mGTNL5oSgTNiZ20ZLd54pRFGNDCFXc/NWmQ6IIRdNlzUT3FoMuk/aZ47mOd3feaF6VnVXhCI7hFDy4gCbcwC20gEIKz/AK79aL9WZ9WJ/z0YpV7hzCL1jTb1JUmU0=</latexit>

t
<latexit sha1_base64="fInOqGTCCrWkRGJFOZWK1l6FLBY=">AAAB6HicbVBNS8NAEJ34WetX1aOXYBE8lUQEPRa9eGzBfkAbymY7adduNmF3IpTSX+DFgyJe/Une/Ddu2xy09cHA470ZZuaFqRSGPO/bWVvf2NzaLuwUd/f2Dw5LR8dNk2SaY4MnMtHtkBmUQmGDBElspxpZHEpshaO7md96Qm1Eoh5onGIQs4ESkeCMrFSnXqnsVbw53FXi56QMOWq90le3n/AsRkVcMmM6vpdSMGGaBJc4LXYzgynjIzbAjqWKxWiCyfzQqXtulb4bJdqWIneu/p6YsNiYcRzazpjR0Cx7M/E/r5NRdBNMhEozQsUXi6JMupS4s6/dvtDISY4tYVwLe6vLh0wzTjabog3BX355lTQvK75X8etX5eptHkcBTuEMLsCHa6jCPdSgARwQnuEV3pxH58V5dz4WrWtOPnMCf+B8/gDgKYz4</latexit><latexit sha1_base64="DaXHhj8Le8uDTP5Mw/ZF8m85z/c=">AAACDXicjVA9SwNBFHwXv2L8ilraHAbBKtyJoGXQxtKASYTkCHubl2TJ3t6x+04IR36BhY1/xUbE1t7Of+MmuUITCwcWhpl5vH0TJlIY8rwvp7Cyura+UdwsbW3v7O6V9w+aJk41xwaPZazvQ2ZQCoUNEiTxPtHIolBiKxxdT/3WA2ojYnVH4wSDiA2U6AvOyEp16pYrXtWbwV0mfk4qkON/8W75s9OLeRqhIi6ZMW3fSyjImCbBJU5KndRgwviIDbBtqWIRmiCbXTNxT6zSc/uxtk+RO1N/TmQsMmYchTYZMRqaRW8q/uW1U+pfBplQSUqo+HxRP5Uuxe60GrcnNHKSY0sY18L+1eVDphknW2DJnu4vHrpMmmdV36v69fNK7SrvrAhHcAyn4MMF1OAGbqEBHBAe4RlenSfnxXlz3ufRgpPPHMIvOB/fRmGUcQ==</latexit><latexit sha1_base64="DaXHhj8Le8uDTP5Mw/ZF8m85z/c=">AAACDXicjVA9SwNBFHwXv2L8ilraHAbBKtyJoGXQxtKASYTkCHubl2TJ3t6x+04IR36BhY1/xUbE1t7Of+MmuUITCwcWhpl5vH0TJlIY8rwvp7Cyura+UdwsbW3v7O6V9w+aJk41xwaPZazvQ2ZQCoUNEiTxPtHIolBiKxxdT/3WA2ojYnVH4wSDiA2U6AvOyEp16pYrXtWbwV0mfk4qkON/8W75s9OLeRqhIi6ZMW3fSyjImCbBJU5KndRgwviIDbBtqWIRmiCbXTNxT6zSc/uxtk+RO1N/TmQsMmYchTYZMRqaRW8q/uW1U+pfBplQSUqo+HxRP5Uuxe60GrcnNHKSY0sY18L+1eVDphknW2DJnu4vHrpMmmdV36v69fNK7SrvrAhHcAyn4MMF1OAGbqEBHBAe4RlenSfnxXlz3ufRgpPPHMIvOB/fRmGUcQ==</latexit><latexit sha1_base64="DaXHhj8Le8uDTP5Mw/ZF8m85z/c=">AAACDXicjVA9SwNBFHwXv2L8ilraHAbBKtyJoGXQxtKASYTkCHubl2TJ3t6x+04IR36BhY1/xUbE1t7Of+MmuUITCwcWhpl5vH0TJlIY8rwvp7Cyura+UdwsbW3v7O6V9w+aJk41xwaPZazvQ2ZQCoUNEiTxPtHIolBiKxxdT/3WA2ojYnVH4wSDiA2U6AvOyEp16pYrXtWbwV0mfk4qkON/8W75s9OLeRqhIi6ZMW3fSyjImCbBJU5KndRgwviIDbBtqWIRmiCbXTNxT6zSc/uxtk+RO1N/TmQsMmYchTYZMRqaRW8q/uW1U+pfBplQSUqo+HxRP5Uuxe60GrcnNHKSY0sY18L+1eVDphknW2DJnu4vHrpMmmdV36v69fNK7SrvrAhHcAyn4MMF1OAGbqEBHBAe4RlenSfnxXlz3ufRgpPPHMIvOB/fRmGUcQ==</latexit>

token
t

<latexit sha1_base64="fInOqGTCCrWkRGJFOZWK1l6FLBY=">AAAB6HicbVBNS8NAEJ34WetX1aOXYBE8lUQEPRa9eGzBfkAbymY7adduNmF3IpTSX+DFgyJe/Une/Ddu2xy09cHA470ZZuaFqRSGPO/bWVvf2NzaLuwUd/f2Dw5LR8dNk2SaY4MnMtHtkBmUQmGDBElspxpZHEpshaO7md96Qm1Eoh5onGIQs4ESkeCMrFSnXqnsVbw53FXi56QMOWq90le3n/AsRkVcMmM6vpdSMGGaBJc4LXYzgynjIzbAjqWKxWiCyfzQqXtulb4bJdqWIneu/p6YsNiYcRzazpjR0Cx7M/E/r5NRdBNMhEozQsUXi6JMupS4s6/dvtDISY4tYVwLe6vLh0wzTjabog3BX355lTQvK75X8etX5eptHkcBTuEMLsCHa6jCPdSgARwQnuEV3pxH58V5dz4WrWtOPnMCf+B8/gDgKYz4</latexit><latexit sha1_base64="DaXHhj8Le8uDTP5Mw/ZF8m85z/c=">AAACDXicjVA9SwNBFHwXv2L8ilraHAbBKtyJoGXQxtKASYTkCHubl2TJ3t6x+04IR36BhY1/xUbE1t7Of+MmuUITCwcWhpl5vH0TJlIY8rwvp7Cyura+UdwsbW3v7O6V9w+aJk41xwaPZazvQ2ZQCoUNEiTxPtHIolBiKxxdT/3WA2ojYnVH4wSDiA2U6AvOyEp16pYrXtWbwV0mfk4qkON/8W75s9OLeRqhIi6ZMW3fSyjImCbBJU5KndRgwviIDbBtqWIRmiCbXTNxT6zSc/uxtk+RO1N/TmQsMmYchTYZMRqaRW8q/uW1U+pfBplQSUqo+HxRP5Uuxe60GrcnNHKSY0sY18L+1eVDphknW2DJnu4vHrpMmmdV36v69fNK7SrvrAhHcAyn4MMF1OAGbqEBHBAe4RlenSfnxXlz3ufRgpPPHMIvOB/fRmGUcQ==</latexit><latexit sha1_base64="DaXHhj8Le8uDTP5Mw/ZF8m85z/c=">AAACDXicjVA9SwNBFHwXv2L8ilraHAbBKtyJoGXQxtKASYTkCHubl2TJ3t6x+04IR36BhY1/xUbE1t7Of+MmuUITCwcWhpl5vH0TJlIY8rwvp7Cyura+UdwsbW3v7O6V9w+aJk41xwaPZazvQ2ZQCoUNEiTxPtHIolBiKxxdT/3WA2ojYnVH4wSDiA2U6AvOyEp16pYrXtWbwV0mfk4qkON/8W75s9OLeRqhIi6ZMW3fSyjImCbBJU5KndRgwviIDbBtqWIRmiCbXTNxT6zSc/uxtk+RO1N/TmQsMmYchTYZMRqaRW8q/uW1U+pfBplQSUqo+HxRP5Uuxe60GrcnNHKSY0sY18L+1eVDphknW2DJnu4vHrpMmmdV36v69fNK7SrvrAhHcAyn4MMF1OAGbqEBHBAe4RlenSfnxXlz3ufRgpPPHMIvOB/fRmGUcQ==</latexit><latexit sha1_base64="DaXHhj8Le8uDTP5Mw/ZF8m85z/c=">AAACDXicjVA9SwNBFHwXv2L8ilraHAbBKtyJoGXQxtKASYTkCHubl2TJ3t6x+04IR36BhY1/xUbE1t7Of+MmuUITCwcWhpl5vH0TJlIY8rwvp7Cyura+UdwsbW3v7O6V9w+aJk41xwaPZazvQ2ZQCoUNEiTxPtHIolBiKxxdT/3WA2ojYnVH4wSDiA2U6AvOyEp16pYrXtWbwV0mfk4qkON/8W75s9OLeRqhIi6ZMW3fSyjImCbBJU5KndRgwviIDbBtqWIRmiCbXTNxT6zSc/uxtk+RO1N/TmQsMmYchTYZMRqaRW8q/uW1U+pfBplQSUqo+HxRP5Uuxe60GrcnNHKSY0sY18L+1eVDphknW2DJnu4vHrpMmmdV36v69fNK7SrvrAhHcAyn4MMF1OAGbqEBHBAe4RlenSfnxXlz3ufRgpPPHMIvOB/fRmGUcQ==</latexit>

token code vector
t.z

<latexit sha1_base64="MOQPWS8e76GDmMwD7BXBGFO7LCg=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgKiQi6LLoxmUF+4AmlMl00g6dPJi5EWrob7hxoYhbf8adf+OkzUJbDwwczrmXe+YEqRQaHefbqqytb2xuVbdrO7t7+wf1w6OOTjLFeJslMlG9gGouRczbKFDyXqo4jQLJu8HktvC7j1xpkcQPOE25H9FRLELBKBrJQ9uLKI6DMH+aDeoNx3bmIKvELUkDSrQG9S9vmLAs4jEySbXuu06Kfk4VCib5rOZlmqeUTeiI9w2NacS1n88zz8iZUYYkTJR5MZK5+nsjp5HW0ygwk0VCvewV4n9eP8Pw2s9FnGbIY7Y4FGaSYEKKAshQKM5QTg2hTAmTlbAxVZShqalmSnCXv7xKOhe269ju/WWjeVPWUYUTOIVzcOEKmnAHLWgDgxSe4RXerMx6sd6tj8VoxSp3juEPrM8fRp+R1A==</latexit><latexit sha1_base64="bfsoSKUtAAlsvx24SfusZ3bmOdo=">AAACGHicjVBNS8NAFHypX7V+VT16CRbBU0hE0GPRi0cF2wpNKJvtpl262YTdF6GG/g0PXvwrXkS89ua/cdPmoK0HBxaGmfd4OxOmgmt03S+rsrK6tr5R3axtbe/s7tX3D9o6yRRlLZqIRD2ERDPBJWshR8EeUsVIHArWCUfXhd95ZErzRN7jOGVBTAaSR5wSNJKPjh8THIZR/jTp1Ruu485gLxOvJA0o8b/xXn3q9xOaxUwiFUTrruemGOREIaeCTWp+pllK6IgMWNdQSWKmg3wWbGKfGKVvR4kyT6I9U39u5CTWehyHZrKIoRe9QvzL62YYXQY5l2mGTNL5oSgTNiZ20ZLd54pRFGNDCFXc/NWmQ6IIRdNlzUT3FoMuk/aZ47mOd3feaF6VnVXhCI7hFDy4gCbcwC20gEIKz/AK79aL9WZ9WJ/z0YpV7hzCL1jTb1JUmU0=</latexit><latexit sha1_base64="bfsoSKUtAAlsvx24SfusZ3bmOdo=">AAACGHicjVBNS8NAFHypX7V+VT16CRbBU0hE0GPRi0cF2wpNKJvtpl262YTdF6GG/g0PXvwrXkS89ua/cdPmoK0HBxaGmfd4OxOmgmt03S+rsrK6tr5R3axtbe/s7tX3D9o6yRRlLZqIRD2ERDPBJWshR8EeUsVIHArWCUfXhd95ZErzRN7jOGVBTAaSR5wSNJKPjh8THIZR/jTp1Ruu485gLxOvJA0o8b/xXn3q9xOaxUwiFUTrruemGOREIaeCTWp+pllK6IgMWNdQSWKmg3wWbGKfGKVvR4kyT6I9U39u5CTWehyHZrKIoRe9QvzL62YYXQY5l2mGTNL5oSgTNiZ20ZLd54pRFGNDCFXc/NWmQ6IIRdNlzUT3FoMuk/aZ47mOd3feaF6VnVXhCI7hFDy4gCbcwC20gEIKz/AK79aL9WZ9WJ/z0YpV7hzCL1jTb1JUmU0=</latexit><latexit sha1_base64="bfsoSKUtAAlsvx24SfusZ3bmOdo=">AAACGHicjVBNS8NAFHypX7V+VT16CRbBU0hE0GPRi0cF2wpNKJvtpl262YTdF6GG/g0PXvwrXkS89ua/cdPmoK0HBxaGmfd4OxOmgmt03S+rsrK6tr5R3axtbe/s7tX3D9o6yRRlLZqIRD2ERDPBJWshR8EeUsVIHArWCUfXhd95ZErzRN7jOGVBTAaSR5wSNJKPjh8THIZR/jTp1Ruu485gLxOvJA0o8b/xXn3q9xOaxUwiFUTrruemGOREIaeCTWp+pllK6IgMWNdQSWKmg3wWbGKfGKVvR4kyT6I9U39u5CTWehyHZrKIoRe9QvzL62YYXQY5l2mGTNL5oSgTNiZ20ZLd54pRFGNDCFXc/NWmQ6IIRdNlzUT3FoMuk/aZ47mOd3feaF6VnVXhCI7hFDy4gCbcwC20gEIKz/AK79aL9WZ9WJ/z0YpV7hzCL1jTb1JUmU0=</latexit>



Linear combination of tokens

1.3. A NEW DATA TYPE: TOKENS 3

A linear combination of tokens is not the same as a fully connected layer in a neural net.
Instead of taking a weighted sum of scalar neurons, it takes a weighted sum of token code
vectors: As notational

convenience, in this
chapter we define
xin = [x1, . . . , xN ] and
tin = [t1, . . . , tN ].

xout =
NX

i=1

wixi / linear comb of neurons (1.1)

tout.z =
NX

i=1

witi.z / linear comb of tokens (1.2)

Linear combination of neurons

xin

xout

Linear combination of tokens

tin

tout

Operations over tokens can be defined just like operations over neurons except that the
tokens are vector-valued while the neurons are scalar-valued. Most layers we have seen can
be defined for tokens in an analogous way to how they were defined for neurons, like we saw
with the token linear combination.

For example, we define an fc-layer over token codes as a mapping from N1 input tokens to
N2 output tokens, parameterized by a matrix W 2 RN2⇥N1 (and, optionally, a set of biases
b 2 RN2⇥M (for token’s with M -dimensional code vectors).

For vector-valued tokens, these layers can be written compactly by defining Zin 2 RN1⇥M

and Zout 2 RN2⇥M as matrices whose rows are M -dimensional token code vectors (transposed
since by convention we use column vectors in this book):

Zin =
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Then the fc-layer over token codes can be written as:

Zout = WZin + b / fc-layer over token codes (1.4)

This notation is compact
and turns working with
tokens into an exercise in
matrix algebra. However,
the notation here is also
somewhat limiting, as it
only applies to
vector-valued tokens.
What if we want tokens
that are tensor-valued, or
tokens whose codes are
elements of an abstract
group such as SO(3)?
There is not yet standard
notation for working with
tokens like this. As you
read this chapter try to
think about how the
operations we define for
standard vector-valued
tokens could be instead
defined for other kinds of
tokens.

Notice how the structure is analogous to fc-layers over neurons, except that the elements
of the input are vector-valued. We can proceed in this fashion and make analogous token
layers for any neuron-layer. For example, we could define a convolution layer over tokens as
just like a convolution over neurons except that each weighted sum is a linear combination
of tokens rather than a linear combination of neurons. Let’s write this out for the simple
case of 1D convolution with a single filter w over a 1D array of token code vectors:

tout.z = w ? tin.z / conv over token codes (1.5)

tout[i].z =
NX

k=�N

w[k]tin[i � k].z (1.6)

This layer is not currently popular but maybe it will be in the future. For any neural layer
you come across, you may want to consider: what if I make it a token layer instead?

1.3.3 Modifying tokens

Linear combinations only let us linearly mix and recombine tokens, and stacking linear
functions can only result in another linear function. In standard neural nets, we ran into
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the same problem with fully-connected and convolutional layers, which, on their own, are
incapable of modeling nonlinear functions. To get around this limitation, we added pointwise
nonlinearities to our neural nets. These are functions that apply a nonlinear transformation
to each neuron individually, independently from all other neurons. Analogously, for “token
networks” we will also introduce “pointwise” operators – these are functions that apply a
nonlinear transformation to each token individually, independently from all other tokens.
Given a nonlinear function F✓ : RN ! RN , a token-wise nonlinearity layer can be expressed
as:

tout = [F✓(t1.z), . . . , F✓(tN .z)] / per-token nonlinearity (1.7)

Notice that this operation is generalization of the pointwise nonlinearity in regular neural
nets; a relu layer is the special case where N = 1 and F✓ = relu:

xout = [relu(x1), . . . , relu(xN )] / per-neuron nonlinearity (relu layer) (1.8)

F✓ may be any nonlinear function but some choices will work better than others. One
popular choice is for F✓ to be an MLP (multi-layer perceptron; see chapter ??). In this case,
F✓ has learnable parameters ✓ which are the weights and biases of the MLP. This reveals an
important di↵erence between pointwise operations in regular neural nets and in token nets:
relus, and most other neuron-wise nonlinearities, have no learnable parameters, whereas F✓

typically does. This is one of the interesting things about working with tokens, the pointwise
operations become expressive and parameter-rich.

CNNs in disguise Pointwise operations apply the same operation independently and
identically to all elements of an input array. Where have we seen that before? That’s
right, convolution! In Chapter ?? we emphasized that the key idea of CNNs is to break up
an input signal into chunks and process each chunk independently and identically.

This is such a
fundamentally useful idea
that it shows up in many

di↵erent fields under
di↵erent names. One
general name for it is

factorizing a problem
into smaller pieces.

While
a single convolutional layer is linear, a full CNN is a “pointwise” nonlinear function over
patches of the input signal – and that’s precisely what a per-token MLP is, just with patches
of spatial size 1x1.

So, for any per-token MLP, there is an equivalent CNN, which only uses kernels of size
1x1. Moreover, the first step in a token-net – tokenizing the input by vectorizing k ⇥ k
patches – can also be represented as a convolutional layer: in this case there are N filters
of size k ⇥ k, each of which picks out a single pixel in the image patch, to create N output
channels that correspond to the vectorized patch. Really, the only new thing in token nets
(and transformers, as we will see) is the attention layer. Otherwise, transformers are just
CNNs in disguise.

As an exercise, we write out below two equivalent views of a per-token MLP, first as a
pointwise nonlinearity over tokens and second as a CNN over neurons. The MLP is of the
form linear-relu-linear, and the input is a 1D tensor of tokens tin, which can equivalently
be represented as a 2D tensor of neurons Xin whose rows are the token codes:

tout = [F✓(t1.z), . . . , F✓(tN .z)] (1.9)

Per-token MLP over tin:

a = [W1t1.z + b1, . . . ,W1tN .z + b1] / per-token linear (1.10)

h = [relu(a1), . . . , relu(aN )] / relu (1.11)

tout = [W2h1 + b2), . . . ,W2hN + b2] / per-token linear (1.12)

Equivalent CNN over Xin:

a[:, k] =
X

c

W1[c, k] ? Xin + b1[k] 8k / conv (1.13)

h = [relu(h[1, :]), . . . , relu(h[N, :])] / relu (1.14)

Xout[:, k] =
X

c

W2[c, k] ? h + b2[k] 8k / conv (1.15)
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F is typically an Multilayer Perceptron 
(MLP) 
(aka. fully-connected neural network) 

Equivalent to a CNN with 1x1 kernels 
run over token sequence
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the same problem with fully-connected and convolutional layers, which, on their own, are
incapable of modeling nonlinear functions. To get around this limitation, we added pointwise
nonlinearities to our neural nets. These are functions that apply a nonlinear transformation
to each neuron individually, independently from all other neurons. Analogously, for “token
networks” we will also introduce “pointwise” operators – these are functions that apply a
nonlinear transformation to each token individually, independently from all other tokens.
Given a nonlinear function F✓ : RN ! RN , a token-wise nonlinearity layer can be expressed
as:

tout = [F✓(t1.z), . . . , F✓(tN .z)] / per-token nonlinearity (1.7)

Notice that this operation is generalization of the pointwise nonlinearity in regular neural
nets; a relu layer is the special case where N = 1 and F✓ = relu:

xout = [relu(x1), . . . , relu(xN )] / per-neuron nonlinearity (relu layer) (1.8)

F✓ may be any nonlinear function but some choices will work better than others. One
popular choice is for F✓ to be an MLP (multi-layer perceptron; see chapter ??). In this case,
F✓ has learnable parameters ✓ which are the weights and biases of the MLP. This reveals an
important di↵erence between pointwise operations in regular neural nets and in token nets:
relus, and most other neuron-wise nonlinearities, have no learnable parameters, whereas F✓

typically does. This is one of the interesting things about working with tokens, the pointwise
operations become expressive and parameter-rich.

CNNs in disguise Pointwise operations apply the same operation independently and
identically to all elements of an input array. Where have we seen that before? That’s
right, convolution! In Chapter ?? we emphasized that the key idea of CNNs is to break up
an input signal into chunks and process each chunk independently and identically.

This is such a
fundamentally useful idea
that it shows up in many

di↵erent fields under
di↵erent names. One
general name for it is

factorizing a problem
into smaller pieces.

While
a single convolutional layer is linear, a full CNN is a “pointwise” nonlinear function over
patches of the input signal – and that’s precisely what a per-token MLP is, just with patches
of spatial size 1x1.

So, for any per-token MLP, there is an equivalent CNN, which only uses kernels of size
1x1. Moreover, the first step in a token-net – tokenizing the input by vectorizing k ⇥ k
patches – can also be represented as a convolutional layer: in this case there are N filters
of size k ⇥ k, each of which picks out a single pixel in the image patch, to create N output
channels that correspond to the vectorized patch. Really, the only new thing in token nets
(and transformers, as we will see) is the attention layer. Otherwise, transformers are just
CNNs in disguise.

As an exercise, we write out below two equivalent views of a per-token MLP, first as a
pointwise nonlinearity over tokens and second as a CNN over neurons. The MLP is of the
form linear-relu-linear, and the input is a 1D tensor of tokens tin, which can equivalently
be represented as a 2D tensor of neurons Xin whose rows are the token codes:

tout = [F✓(t1.z), . . . , F✓(tN .z)] (1.9)

Per-token MLP over tin:

a = [W1t1.z + b1, . . . ,W1tN .z + b1] / per-token linear (1.10)

h = [relu(a1), . . . , relu(aN )] / relu (1.11)

tout = [W2h1 + b2), . . . ,W2hN + b2] / per-token linear (1.12)

Equivalent CNN over Xin:

a[:, k] =
X

c

W1[c, k] ? Xin + b1[k] 8k / conv (1.13)

h = [relu(h[1, :]), . . . , relu(h[N, :])] / relu (1.14)

Xout[:, k] =
X

c

W2[c, k] ? h + b2[k] 8k / conv (1.15)
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F is typically an MLP 

Equivalent to a CNN with 1x1 
kernels run over token sequence
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1.4 Token nets

We will use the term token nets to refer to computation graphs that use tokens as the
primary nodes, rather than neurons.

Note that the
terminology in this
chapter is not standard.
The term “token nets”,
and the token layer
definitions we have given,
are our own invention.

Token nets are just like neural nets, alternating between
layers that mix nodes in linear combinations (e.g., fully-connected linear layers, convolutional
layers, etc) and layers that apply a pointwise nonlinearity to each node (e.g., relus, per-token
MLPs). Of course, since tokens are simply groups of neurons, every token net is itself also a
neural net, just viewed di↵erently – it is a net of sub-nets. Below we show a standard neural
net and a token net side by side, to emphasize the similarities in their operations:

Neural net

linear comb of neurons .

neuron-wise nonlinearity .

linear comb of neurons .

Token net

linear comb of tokens .

token-wise nonlinearity .

linear comb of tokens .

The arrows here represent any functional dependency between the nodes (note that dif-
ferent arrows represent di↵erent types of functions).

1.5 The attention layer

Attention layers define a special kind of linear combination of tokens. Rather than param-
eterizing the linear combination with a matrix of free parameters W, attention layers use a
di↵erent matrix, which we call the attention matrix A. The important di↵erence between A

and W is that A is data-dependent, that is, the values of A are a function the data input
to the network. In the diagram below, we indicate the data-dependency with the function
labeled f , and we color the attention matrix red to indicate that it is constructed from
transformed data rather than being free parameters (for which we use the color blue): Here we make the

connection between
attention and fc layers.
You can also make the
connection between
attention and pooling
layers. From that
perspective attention is a
kind of dyanmic pooling :
it’s mean pooling but
with a weighted average
where the weights are
dynamically decided
based on the input data.

tin

tout

W

fc layer

A

f

attn layer

The equation for an attention layer is the same as for a linear layer except that the weights
are a function of some other data (left unspecified for now but we will see concrete examples
below):

A = f(. . .) / attention (1.16)

Zout = AZin (1.17)

The key question, of course, is “what exactly is f”? What inputs does f depend on and
what is f ’s mathematical form? Before writing out the exact equations, we will start with
the intuition: f is a function that determines how much “attention” to apply to each token
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Idea #2: attention



A limitation of CNNs

How many birds are in this image?

Is the top right bird the same species 
as the bottom left bird?

CNNs are built around the idea of locality, and are not well-suited to 
modeling long distance relationships



What is attention?

How many birds are in this image?



What is attention?

Is the top right bird the same species 
as the bottom left bird?



What is attention?

What’s the color of the sky?



Different ways of aggregating information over space



…

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w3
<latexit sha1_base64="U2jZW6yfZC8XXiozi5mrx5mHmG4=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KooMeiF48VbC00pWy2L+3SzSbsbpQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfHlFpHst7M0mwF9Gh5CFn1FjJ9yNqRkGYPU375/1qza27M5Bl4hWkBgWa/eqXP4hZGqE0TFCtu56bmF5GleFM4LTipxoTysZ0iF1LJY1Q97JZ5ik5scqAhLGyTxoyU39vZDTSehIFdjLPqBe9XPzP66YmvOplXCapQcnmh8JUEBOTvAAy4AqZERNLKFPcZiVsRBVlxtZUsSV4i19eJu2zuufWvbuLWuO6qKMMR3AMp+DBJTTgFprQAgYJPMMrvDmp8+K8Ox/z0ZJT7BzCHzifPyvhkcE=</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w3
<latexit sha1_base64="U2jZW6yfZC8XXiozi5mrx5mHmG4=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KooMeiF48VbC00pWy2L+3SzSbsbpQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfHlFpHst7M0mwF9Gh5CFn1FjJ9yNqRkGYPU375/1qza27M5Bl4hWkBgWa/eqXP4hZGqE0TFCtu56bmF5GleFM4LTipxoTysZ0iF1LJY1Q97JZ5ik5scqAhLGyTxoyU39vZDTSehIFdjLPqBe9XPzP66YmvOplXCapQcnmh8JUEBOTvAAy4AqZERNLKFPcZiVsRBVlxtZUsSV4i19eJu2zuufWvbuLWuO6qKMMR3AMp+DBJTTgFprQAgYJPMMrvDmp8+K8Ox/z0ZJT7BzCHzifPyvhkcE=</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w3
<latexit sha1_base64="U2jZW6yfZC8XXiozi5mrx5mHmG4=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KooMeiF48VbC00pWy2L+3SzSbsbpQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfHlFpHst7M0mwF9Gh5CFn1FjJ9yNqRkGYPU375/1qza27M5Bl4hWkBgWa/eqXP4hZGqE0TFCtu56bmF5GleFM4LTipxoTysZ0iF1LJY1Q97JZ5ik5scqAhLGyTxoyU39vZDTSehIFdjLPqBe9XPzP66YmvOplXCapQcnmh8JUEBOTvAAy4AqZERNLKFPcZiVsRBVlxtZUsSV4i19eJu2zuufWvbuLWuO6qKMMR3AMp+DBJTTgFprQAgYJPMMrvDmp8+K8Ox/z0ZJT7BzCHzifPyvhkcE=</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w3
<latexit sha1_base64="U2jZW6yfZC8XXiozi5mrx5mHmG4=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KooMeiF48VbC00pWy2L+3SzSbsbpQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfHlFpHst7M0mwF9Gh5CFn1FjJ9yNqRkGYPU375/1qza27M5Bl4hWkBgWa/eqXP4hZGqE0TFCtu56bmF5GleFM4LTipxoTysZ0iF1LJY1Q97JZ5ik5scqAhLGyTxoyU39vZDTSehIFdjLPqBe9XPzP66YmvOplXCapQcnmh8JUEBOTvAAy4AqZERNLKFPcZiVsRBVlxtZUsSV4i19eJu2zuufWvbuLWuO6qKMMR3AMp+DBJTTgFprQAgYJPMMrvDmp8+K8Ox/z0ZJT7BzCHzifPyvhkcE=</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit>

conv w/o overlap

…

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w3
<latexit sha1_base64="U2jZW6yfZC8XXiozi5mrx5mHmG4=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KooMeiF48VbC00pWy2L+3SzSbsbpQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfHlFpHst7M0mwF9Gh5CFn1FjJ9yNqRkGYPU375/1qza27M5Bl4hWkBgWa/eqXP4hZGqE0TFCtu56bmF5GleFM4LTipxoTysZ0iF1LJY1Q97JZ5ik5scqAhLGyTxoyU39vZDTSehIFdjLPqBe9XPzP66YmvOplXCapQcnmh8JUEBOTvAAy4AqZERNLKFPcZiVsRBVlxtZUsSV4i19eJu2zuufWvbuLWuO6qKMMR3AMp+DBJTTgFprQAgYJPMMrvDmp8+K8Ox/z0ZJT7BzCHzifPyvhkcE=</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w3
<latexit sha1_base64="U2jZW6yfZC8XXiozi5mrx5mHmG4=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KooMeiF48VbC00pWy2L+3SzSbsbpQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfHlFpHst7M0mwF9Gh5CFn1FjJ9yNqRkGYPU375/1qza27M5Bl4hWkBgWa/eqXP4hZGqE0TFCtu56bmF5GleFM4LTipxoTysZ0iF1LJY1Q97JZ5ik5scqAhLGyTxoyU39vZDTSehIFdjLPqBe9XPzP66YmvOplXCapQcnmh8JUEBOTvAAy4AqZERNLKFPcZiVsRBVlxtZUsSV4i19eJu2zuufWvbuLWuO6qKMMR3AMp+DBJTTgFprQAgYJPMMrvDmp8+K8Ox/z0ZJT7BzCHzifPyvhkcE=</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w3
<latexit sha1_base64="U2jZW6yfZC8XXiozi5mrx5mHmG4=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KooMeiF48VbC00pWy2L+3SzSbsbpQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfHlFpHst7M0mwF9Gh5CFn1FjJ9yNqRkGYPU375/1qza27M5Bl4hWkBgWa/eqXP4hZGqE0TFCtu56bmF5GleFM4LTipxoTysZ0iF1LJY1Q97JZ5ik5scqAhLGyTxoyU39vZDTSehIFdjLPqBe9XPzP66YmvOplXCapQcnmh8JUEBOTvAAy4AqZERNLKFPcZiVsRBVlxtZUsSV4i19eJu2zuufWvbuLWuO6qKMMR3AMp+DBJTTgFprQAgYJPMMrvDmp8+K8Ox/z0ZJT7BzCHzifPyvhkcE=</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w3
<latexit sha1_base64="U2jZW6yfZC8XXiozi5mrx5mHmG4=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KooMeiF48VbC00pWy2L+3SzSbsbpQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfHlFpHst7M0mwF9Gh5CFn1FjJ9yNqRkGYPU375/1qza27M5Bl4hWkBgWa/eqXP4hZGqE0TFCtu56bmF5GleFM4LTipxoTysZ0iF1LJY1Q97JZ5ik5scqAhLGyTxoyU39vZDTSehIFdjLPqBe9XPzP66YmvOplXCapQcnmh8JUEBOTvAAy4AqZERNLKFPcZiVsRBVlxtZUsSV4i19eJu2zuufWvbuLWuO6qKMMR3AMp+DBJTTgFprQAgYJPMMrvDmp8+K8Ox/z0ZJT7BzCHzifPyvhkcE=</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit>

conv w overlap conv pyramid

…

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w3
<latexit sha1_base64="U2jZW6yfZC8XXiozi5mrx5mHmG4=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KooMeiF48VbC00pWy2L+3SzSbsbpQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfHlFpHst7M0mwF9Gh5CFn1FjJ9yNqRkGYPU375/1qza27M5Bl4hWkBgWa/eqXP4hZGqE0TFCtu56bmF5GleFM4LTipxoTysZ0iF1LJY1Q97JZ5ik5scqAhLGyTxoyU39vZDTSehIFdjLPqBe9XPzP66YmvOplXCapQcnmh8JUEBOTvAAy4AqZERNLKFPcZiVsRBVlxtZUsSV4i19eJu2zuufWvbuLWuO6qKMMR3AMp+DBJTTgFprQAgYJPMMrvDmp8+K8Ox/z0ZJT7BzCHzifPyvhkcE=</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit><latexit sha1_base64="TbXR4SXfIftNCBDti85vMKtu6Z8=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQko5Shv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs015k6</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

fc layer

…

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

W
<latexit sha1_base64="Ggo3WPYQVP54iv8XulakDlzRgTw=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdh1pkNqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wfLFJD7</latexit><latexit sha1_base64="DcYGSNX1QSomrR38tswe4+SEdqo=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzBrTXqVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc3ugaYdA==</latexit><latexit sha1_base64="DcYGSNX1QSomrR38tswe4+SEdqo=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzBrTXqVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc3ugaYdA==</latexit><latexit sha1_base64="DcYGSNX1QSomrR38tswe4+SEdqo=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzBrTXqVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc3ugaYdA==</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>



…

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w1
<latexit sha1_base64="Ok4f0JTHScObwvQNqmt5BOo/6BE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVJCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AyjZkb8=</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit><latexit sha1_base64="FeStjM7x2A+G0bE+rQUU6YBpTJQ=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N0oJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMxhZk4</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

w2
<latexit sha1_base64="YBpbs9lJphDaXoUI3POfZtfYqK4=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmopTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AypdkcA=</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit><latexit sha1_base64="ilZtUEzZ+WNH5+chgBcpADbE/bM=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRilDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g0zLpk5</latexit>

Attention layer

A
<latexit sha1_base64="OQbYPeqnRfpUoMDDVi2oMTe2S+0=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeqF48VbC22oWy2L+3SzSbsboQS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfnlBpHst7M0nQj+hQ8pAzaqz02IuoGQVhdjXtV2tu3Z2BLBOvIDUo0OxXv3qDmKURSsME1brruYnxM6oMZwKnlV6qMaFsTIfYtVTSCLWfzRJPyYlVBiSMlX3SkJn6eyOjkdaTKLCTeUK96OXif143NeGln3GZpAYlm38UpoKYmOTnkwFXyIyYWEKZ4jYrYSOqKDO2pIotwVs8eZm0z+qeW/fuzmuN66KOMhzBMZyCBxfQgFtoQgsYSHiGV3hztPPivDsf89GSU+wcwh84nz+pppDl</latexit><latexit sha1_base64="uOJtEFxFcZsR9tC55WnefA/LGk8=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm1sVQwD0yWMDuZTYbMzi4zd4Ww5C8sbPwVGxFbsfNvnCRbaGLhgYHDOfdy55wgkcKg6345haXlldW14nppY3Nre6e8u9cwcaoZr7NYxroVUMOlULyOAiVvJZrTKJC8GQyvJn7zgWsjYnWHo4T7Ee0rEQpG0Ur3nYjiIAizi3G3XHGr7hRkkXg5qUCO/413y5+dXszSiCtkkhrT9twE/YxqFEzycamTGp5QNqR93rZU0YgbP5vGGpMjq/RIGGv7FJKp+nMjo5Exoyiwk5MYZt6biH957RTDcz8TKkmRKzY7FKaSYEwmHZGe0JyhHFlCmRb2r4QNqKYMbZMlG92bD7pIGidVz616t6eV2mXeWREO4BCOwYMzqME13EAdGCh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BpVqmF4=</latexit><latexit sha1_base64="uOJtEFxFcZsR9tC55WnefA/LGk8=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm1sVQwD0yWMDuZTYbMzi4zd4Ww5C8sbPwVGxFbsfNvnCRbaGLhgYHDOfdy55wgkcKg6345haXlldW14nppY3Nre6e8u9cwcaoZr7NYxroVUMOlULyOAiVvJZrTKJC8GQyvJn7zgWsjYnWHo4T7Ee0rEQpG0Ur3nYjiIAizi3G3XHGr7hRkkXg5qUCO/413y5+dXszSiCtkkhrT9twE/YxqFEzycamTGp5QNqR93rZU0YgbP5vGGpMjq/RIGGv7FJKp+nMjo5Exoyiwk5MYZt6biH957RTDcz8TKkmRKzY7FKaSYEwmHZGe0JyhHFlCmRb2r4QNqKYMbZMlG92bD7pIGidVz616t6eV2mXeWREO4BCOwYMzqME13EAdGCh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BpVqmF4=</latexit><latexit sha1_base64="uOJtEFxFcZsR9tC55WnefA/LGk8=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm1sVQwD0yWMDuZTYbMzi4zd4Ww5C8sbPwVGxFbsfNvnCRbaGLhgYHDOfdy55wgkcKg6345haXlldW14nppY3Nre6e8u9cwcaoZr7NYxroVUMOlULyOAiVvJZrTKJC8GQyvJn7zgWsjYnWHo4T7Ee0rEQpG0Ur3nYjiIAizi3G3XHGr7hRkkXg5qUCO/413y5+dXszSiCtkkhrT9twE/YxqFEzycamTGp5QNqR93rZU0YgbP5vGGpMjq/RIGGv7FJKp+nMjo5Exoyiwk5MYZt6biH957RTDcz8TKkmRKzY7FKaSYEwmHZGe0JyhHFlCmRb2r4QNqKYMbZMlG92bD7pIGidVz616t6eV2mXeWREO4BCOwYMzqME13EAdGCh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BpVqmF4=</latexit>
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25.4 Token nets

We will use the term token nets to refer to computation graphs that use tokens as the
primary nodes, rather than neurons.

Note that the
terminology in this
chapter is not standard.
The term “token nets”,
and the token layer
definitions we have given,
are our own invention.

Token nets are just like neural nets, alternating between
layers that mix nodes in linear combinations (e.g., fully-connected linear layers, convolutional
layers, etc) and layers that apply a pointwise nonlinearity to each node (e.g., relus, per-token
MLPs). Of course, since tokens are simply groups of neurons, every token net is itself also a
neural net, just viewed di↵erently – it is a net of sub-nets. Below we show a standard neural
net and a token net side by side, to emphasize the similarities in their operations:

Neural net

linear comb of neurons .

neuron-wise nonlinearity .

linear comb of neurons .

Token net

linear comb of tokens .

token-wise nonlinearity .

linear comb of tokens .

The arrows here represent any functional dependency between the nodes (note that dif-
ferent arrows represent di↵erent types of functions).

25.5 The attention layer

Attention layers define a special kind of linear combination of tokens. Rather than param-
eterizing the linear combination with a matrix of free parameters W, attention layers use a
di↵erent matrix, which we call the attention matrix A. The important di↵erence between A
and W is that A is data-dependent, that is, the values of A are a function the data input
to the network. In the diagram below, we indicate the data-dependency with the function
labeled f , and we color the attention matrix red to indicate that it is constructed from
transformed data rather than being free parameters (for which we use the color blue): Here we make the

connection between
attention and fc layers.
You can also make the
connection between
attention and pooling
layers. From that
perspective attention is a
kind of dyanmic pooling :
it’s mean pooling but
with a weighted average
where the weights are
dynamically decided
based on the input data.

tin

tout

W

fc layer

A
f

attn layer

The equation for an attention layer is the same as for a linear layer except that the weights
are a function of some other data (left unspecified for now but we will see concrete examples
below):

A = f(. . .) / attention (25.16)

Zout = AZin (25.17)

The key question, of course, is “what exactly is f”? What inputs does f depend on and
what is f ’s mathematical form? Before writing out the exact equations, we will start with
the intuition: f is a function that determines how much “attention” to apply to each token

W is free parameters.

A is a function of some input data. The data tells us which tokens to 
attend to (assign high weight in weighted sum)
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The equation for an attention layer is the same as for a linear layer except that the weights
are a function of some other data (left unspecified for now but we will see concrete examples
below):

A = f(. . .) / attention (1.16)
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A linear combination of tokens is not the same as a fully connected layer in a neural net.
Instead of taking a weighted sum of scalar neurons, it takes a weighted sum of token code
vectors: As notational

convenience, in this
chapter we define
xin = [x1, . . . , xN ] and
tin = [t1, . . . , tN ].

xout =
NX

i=1

wixini / linear comb of neurons (1.1)

tout.z =
NX

i=1

witini .z / linear comb of tokens (1.2)

Linear combination of neurons

xin

xout

Linear combination of tokens

tin

tout

Operations over tokens can be defined just like operations over neurons except that the
tokens are vector-valued while the neurons are scalar-valued. Most layers we have seen can
be defined for tokens in an analogous way to how they were defined for neurons, like we saw
with the token linear combination.

For example, we define an fc-layer over token codes as a mapping from N1 input tokens to
N2 output tokens, parameterized by a matrix W 2 RN2⇥N1 (and, optionally, a set of biases
b 2 RN2⇥M (for token’s with M -dimensional code vectors).

For vector-valued tokens, these layers can be written compactly by defining Zin 2 RN1⇥M

and Zout 2 RN2⇥M as matrices whose rows are M -dimensional token code vectors (transposed
since by convention we use column vectors in this book):

Zin =

0

B@
t1.zT

...
tN .zT

1

CA (1.3)

Then the fc-layer over token codes can be written as:

Zout = WZin + b / fc-layer over token codes (1.4)

This notation is compact
and turns working with
tokens into an exercise in
matrix algebra. However,
the notation here is also
somewhat limiting, as it
only applies to
vector-valued tokens.
What if we want tokens
that are tensor-valued, or
tokens whose codes are
elements of an abstract
group such as SO(3)?
There is not yet standard
notation for working with
tokens like this. As you
read this chapter try to
think about how the
operations we define for
standard vector-valued
tokens could be instead
defined for other kinds of
tokens.

Notice how the structure is analogous to fc-layers over neurons, except that the elements
of the input are vector-valued. We can proceed in this fashion and make analogous token
layers for any neuron-layer. For example, we could define a convolution layer over tokens as
just like a convolution over neurons except that each weighted sum is a linear combination
of tokens rather than a linear combination of neurons. Let’s write this out for the simple
case of 1D convolution with a single filter w over a 1D array of token code vectors:

tout.z = w ? tin.z / conv over token codes (1.5)

tout[i].z =
NX

k=�N

w[k]tin[i � k].z (1.6)

This layer is not currently popular but maybe it will be in the future. For any neural layer
you come across, you may want to consider: what if I make it a token layer instead?

1.3.3 Modifying tokens

Linear combinations only let us linearly mix and recombine tokens, and stacking linear
functions can only result in another linear function. In standard neural nets, we ran into
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in tin; since this layer is just a weighted combination of tokens f is simply determining the
weights in this combination. f can depend on any number of input signals that tell the net
what to pay attention to.

As a concrete example, consider that we want to be able to ask questions about di↵erent
objects in an image, such as “what color is the bird’s head?” Then we can use attention to
direct the model to focus on just the object in question – the bird’s head in this example. f
would take as input the text query, and would produce as output weights A that are high
for the tin tokens that correspond to any bird head’s and are low for all other tin tokens. If
we train such as system to answer questions about color, then the token codes might end up
representing the color of the object in their receptive field; after all, this would be a solution
that would solve our problem (it would minimize the loss as correctly answering the question,
i.e. classify the color of the object). Other solutions might be possible, but we will focus on
this intuitive solution.

What’s neat here is that attention gives us a way to make the layer dynamically change
its behavior in response to di↵erent input questions; asking di↵erent questions results in
di↵erent answers:

What
color is 

the bird’s 
head

What
color is 

the 
vegetation

tin

tout

attention

sum

Figure 25.1: How attention can be allocated across di↵erent regions (tokens) in an image.
The token codes are indicated as the colored rectangles within each token. tout is a weighted
sum over tokens in tin, weighted by attention. Only the tokens that contribute most to
this sum are visualized here. On the left the token’s corresponding to the brids’ heads are
attended to whereas on the right tokens in the background are attended to.

Keeping this intuitive picture in mind, we will now turn to the equations that define f .
We will focus on the particular version of f that appears in transformers, which is called
query-key-value attention.

25.5.1 Query-Key-Value attention

Transformers use a particular kind of attention based on the idea of keys, queries, and values.

The idea of keys, queries,
values comes from
databases, where a

database cell holds a
value, which is retrieved

when a query matches
the cell’s key. Tokens are

like database cells and
attention is like retrieving

information from the
database of tokens.

In query-key-value attention, each token is associated with a query vector, a key vector, and
a value vector. Just like the token’s code vector, we can think of these vectors as additional
members of the structure t. We define these vectors as linear transformations of the token’s

What
color is the 
bird’s head?
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token code vector
t.z

<latexit sha1_base64="MOQPWS8e76GDmMwD7BXBGFO7LCg=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgKiQi6LLoxmUF+4AmlMl00g6dPJi5EWrob7hxoYhbf8adf+OkzUJbDwwczrmXe+YEqRQaHefbqqytb2xuVbdrO7t7+wf1w6OOTjLFeJslMlG9gGouRczbKFDyXqo4jQLJu8HktvC7j1xpkcQPOE25H9FRLELBKBrJQ9uLKI6DMH+aDeoNx3bmIKvELUkDSrQG9S9vmLAs4jEySbXuu06Kfk4VCib5rOZlmqeUTeiI9w2NacS1n88zz8iZUYYkTJR5MZK5+nsjp5HW0ygwk0VCvewV4n9eP8Pw2s9FnGbIY7Y4FGaSYEKKAshQKM5QTg2hTAmTlbAxVZShqalmSnCXv7xKOhe269ju/WWjeVPWUYUTOIVzcOEKmnAHLWgDgxSe4RXerMx6sd6tj8VoxSp3juEPrM8fRp+R1A==</latexit><latexit sha1_base64="bfsoSKUtAAlsvx24SfusZ3bmOdo=">AAACGHicjVBNS8NAFHypX7V+VT16CRbBU0hE0GPRi0cF2wpNKJvtpl262YTdF6GG/g0PXvwrXkS89ua/cdPmoK0HBxaGmfd4OxOmgmt03S+rsrK6tr5R3axtbe/s7tX3D9o6yRRlLZqIRD2ERDPBJWshR8EeUsVIHArWCUfXhd95ZErzRN7jOGVBTAaSR5wSNJKPjh8THIZR/jTp1Ruu485gLxOvJA0o8b/xXn3q9xOaxUwiFUTrruemGOREIaeCTWp+pllK6IgMWNdQSWKmg3wWbGKfGKVvR4kyT6I9U39u5CTWehyHZrKIoRe9QvzL62YYXQY5l2mGTNL5oSgTNiZ20ZLd54pRFGNDCFXc/NWmQ6IIRdNlzUT3FoMuk/aZ47mOd3feaF6VnVXhCI7hFDy4gCbcwC20gEIKz/AK79aL9WZ9WJ/z0YpV7hzCL1jTb1JUmU0=</latexit><latexit sha1_base64="bfsoSKUtAAlsvx24SfusZ3bmOdo=">AAACGHicjVBNS8NAFHypX7V+VT16CRbBU0hE0GPRi0cF2wpNKJvtpl262YTdF6GG/g0PXvwrXkS89ua/cdPmoK0HBxaGmfd4OxOmgmt03S+rsrK6tr5R3axtbe/s7tX3D9o6yRRlLZqIRD2ERDPBJWshR8EeUsVIHArWCUfXhd95ZErzRN7jOGVBTAaSR5wSNJKPjh8THIZR/jTp1Ruu485gLxOvJA0o8b/xXn3q9xOaxUwiFUTrruemGOREIaeCTWp+pllK6IgMWNdQSWKmg3wWbGKfGKVvR4kyT6I9U39u5CTWehyHZrKIoRe9QvzL62YYXQY5l2mGTNL5oSgTNiZ20ZLd54pRFGNDCFXc/NWmQ6IIRdNlzUT3FoMuk/aZ47mOd3feaF6VnVXhCI7hFDy4gCbcwC20gEIKz/AK79aL9WZ9WJ/z0YpV7hzCL1jTb1JUmU0=</latexit><latexit sha1_base64="bfsoSKUtAAlsvx24SfusZ3bmOdo=">AAACGHicjVBNS8NAFHypX7V+VT16CRbBU0hE0GPRi0cF2wpNKJvtpl262YTdF6GG/g0PXvwrXkS89ua/cdPmoK0HBxaGmfd4OxOmgmt03S+rsrK6tr5R3axtbe/s7tX3D9o6yRRlLZqIRD2ERDPBJWshR8EeUsVIHArWCUfXhd95ZErzRN7jOGVBTAaSR5wSNJKPjh8THIZR/jTp1Ruu485gLxOvJA0o8b/xXn3q9xOaxUwiFUTrruemGOREIaeCTWp+pllK6IgMWNdQSWKmg3wWbGKfGKVvR4kyT6I9U39u5CTWehyHZrKIoRe9QvzL62YYXQY5l2mGTNL5oSgTNiZ20ZLd54pRFGNDCFXc/NWmQ6IIRdNlzUT3FoMuk/aZ47mOd3feaF6VnVXhCI7hFDy4gCbcwC20gEIKz/AK79aL9WZ9WJ/z0YpV7hzCL1jTb1JUmU0=</latexit>



(

<latexit sha1_base64="1kCCmSXRiH1bZWzfFMe07cAl7QE="></latexit> <latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit> <latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit> <latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit>

key
<latexit sha1_base64="8XQk23dAeD+FllMkD4nYRoqwJVI="></latexit><latexit sha1_base64="jXSiZoaJv3KfjzSpmy3EqJwCR1Q="></latexit><latexit sha1_base64="jXSiZoaJv3KfjzSpmy3EqJwCR1Q="></latexit><latexit sha1_base64="jXSiZoaJv3KfjzSpmy3EqJwCR1Q="></latexit>
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<latexit sha1_base64="FOx7xLfuugp6mOVEb6sPYDsgGgQ="></latexit><latexit sha1_base64="j7Mn2eOwtEWZasgBUe/cPYWpA/s="></latexit><latexit sha1_base64="j7Mn2eOwtEWZasgBUe/cPYWpA/s="></latexit><latexit sha1_base64="j7Mn2eOwtEWZasgBUe/cPYWpA/s="></latexit>

(

<latexit sha1_base64="1kCCmSXRiH1bZWzfFMe07cAl7QE="></latexit> <latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit> <latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit> <latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit>

value
<latexit sha1_base64="byjZaYZLt07/mv2vhvwGRRofFJo="></latexit><latexit sha1_base64="hER0VDvfuIe5wqR+zKSUO30FuIQ="></latexit><latexit sha1_base64="hER0VDvfuIe5wqR+zKSUO30FuIQ="></latexit><latexit sha1_base64="hER0VDvfuIe5wqR+zKSUO30FuIQ="></latexit>

(

<latexit sha1_base64="1kCCmSXRiH1bZWzfFMe07cAl7QE="></latexit> <latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit> <latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit> <latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit>

(

<latexit sha1_base64="1kCCmSXRiH1bZWzfFMe07cAl7QE="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit>

(

<latexit sha1_base64="1kCCmSXRiH1bZWzfFMe07cAl7QE="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit>

(

<latexit sha1_base64="1kCCmSXRiH1bZWzfFMe07cAl7QE="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit>

(

<latexit sha1_base64="1kCCmSXRiH1bZWzfFMe07cAl7QE="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit>

X
<latexit sha1_base64="dzHQa/6+0YmYEfNYk9kk8qb676k="></latexit><latexit sha1_base64="INX0UV0Vj2ucsCjVvr6eVVm7OIc="></latexit><latexit sha1_base64="INX0UV0Vj2ucsCjVvr6eVVm7OIc="></latexit><latexit sha1_base64="INX0UV0Vj2ucsCjVvr6eVVm7OIc="></latexit>
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=<latexit sha1_base64="N4K8kxcvgxRX8JeLT3KXzE08Y80="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit> =<latexit sha1_base64="N4K8kxcvgxRX8JeLT3KXzE08Y80="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit> =<latexit sha1_base64="N4K8kxcvgxRX8JeLT3KXzE08Y80="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit> =<latexit sha1_base64="N4K8kxcvgxRX8JeLT3KXzE08Y80="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit>1 0.2 0.9 0.1
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code vector. Question to think about:
could you use other
di↵erentiable functions
for query(), key(), and
value()? Would that be
useful?

For a token with code vector z, we have:

q = t.query() = Wqz / query (25.18)

k = t.key() = Wkz / key (25.19)

v = t.value() = Wvz / value (25.20)

The queries, keys, and values of tin can compactly be written as matrices:
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In transformers, all inputs to the net are tokenized, so the textual question “What color
is the bird’s head” will also be represented as a token.

We do not cover them in
this book but methods
from natural language
processing can be used to
transform text into a
token, or a sequence of
tokens.

This token will submit its query
vector, qtext to be matched against the keys of the tokens that represent di↵erent patches in
the image; the similarity between the query and the key determines the amount of attention
weight that query will apply to the token with that key. The most common measure of
similarity between a query q and a key v is the dot product qT v. Querying each token in tin
in this way gives us a vector of similarities. We then normalize this vector using the softmax
function to give us our attention weights A, and finally, rather than applying A over token
codes directly (i.e. taking a weighted sum over tokens), we take a weighted sum over token
values to obtain Zout:

s = [qT

textk1, . . . ,q
T

textkN ] (25.22)

A = softmax(s) (25.23)

Zout = AVin (25.24)

Figure 25.2 visualizes these steps:

We use the following
color scheme here and
later in this chapter:

query key value

=<latexit sha1_base64="N4K8kxcvgxRX8JeLT3KXzE08Y80="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit> =<latexit sha1_base64="N4K8kxcvgxRX8JeLT3KXzE08Y80="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit> =<latexit sha1_base64="N4K8kxcvgxRX8JeLT3KXzE08Y80="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit> =<latexit sha1_base64="N4K8kxcvgxRX8JeLT3KXzE08Y80="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit><latexit sha1_base64="9RMRNFKMpF7w7s+/6cZMfLEqs8c="></latexit>

(

<latexit sha1_base64="1kCCmSXRiH1bZWzfFMe07cAl7QE="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit>

(

<latexit sha1_base64="1kCCmSXRiH1bZWzfFMe07cAl7QE="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit>

(

<latexit sha1_base64="1kCCmSXRiH1bZWzfFMe07cAl7QE="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit>

(

<latexit sha1_base64="1kCCmSXRiH1bZWzfFMe07cAl7QE="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit><latexit sha1_base64="x/pexqeQx+dL33hd9TTAv8VGlYc="></latexit>

X
<latexit sha1_base64="dzHQa/6+0YmYEfNYk9kk8qb676k="></latexit><latexit sha1_base64="INX0UV0Vj2ucsCjVvr6eVVm7OIc="></latexit><latexit sha1_base64="INX0UV0Vj2ucsCjVvr6eVVm7OIc="></latexit><latexit sha1_base64="INX0UV0Vj2ucsCjVvr6eVVm7OIc="></latexit>
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Figure 25.2: Mechanics of an attention layer. Queries from the question match keys from the
tokens representing bird heads; value vectors of these two tokens then contribute the most
to the sum that yields tout’s code vector. (Softmax omitted in this example.)
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code vector. Question to think about:
could you use other
di↵erentiable functions
for query(), key(), and
value()? Would that be
useful?

For a token with code vector z, we have:

q = t.query() = Wqz / query (1.18)

k = t.key() = Wkz / key (1.19)

v = t.value() = Wvz / value (1.20)

The queries, keys, and values of tin can compactly be written as matrices:
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In transformers, all inputs to the net are tokenized, so the textual question “What color
is the bird’s head” will also be represented as a token.

We do not cover them in
this book but methods
from natural language
processing can be used to
transform text into a
token, or a sequence of
tokens.

This token will submit its query
vector, qtext to be matched against the keys of the tokens that represent di↵erent patches in
the image; the similarity between the query and the key determines the amount of attention
weight that query will apply to the token with that key. The most common measure of
similarity between a query q and a key v is the dot product q

T
v. Querying each token in tin

in this way gives us a vector of similarities. We then normalize this vector using the softmax
function to give us our attention weights A, and finally, rather than applying A over token
codes directly (i.e. taking a weighted sum over tokens), we take a weighted sum over token
values to obtain Zout:

s = [qT
textk1, . . . ,q

T
textkN ] (1.22)

A = softmax(s) (1.23)

Zout = AVin (1.24)

Figure 1.2 visualizes these steps:

We use the following
color scheme here and
later in this chapter:

query key value
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Figure 1.2: Mechanics of an attention layer. Queries from the question match keys from the
tokens representing bird heads; value vectors of these two tokens then contribute the most
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q = t.query() = Wqz / query (1.18)
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In transformers, all inputs to the net are tokenized, so the textual question “What color is
the bird’s head” will also be represented as a token.

We do not cover them in
this book but methods
from natural language
processing can be used to
transform text into a
token, or a sequence of
tokens.

This token will submit its query vector,
qquestion to be matched against the keys of the tokens that represent di↵erent patches in
the image; the similarity between the query and the key determines the amount of attention
weight that query will apply to the token with that key. The most common measure of
similarity between a query q and a key v is the dot product q

T
v. Querying each token in tin

in this way gives us a vector of similarities. We then normalize this vector using the softmax
function to give us our attention weights A, and finally, rather than applying A over token
codes directly (i.e. taking a weighted sum over tokens), we take a weighted sum over token
values to obtain Zout:

s = [qT
questionk1, . . . ,q

T
questionkN ] (1.22)

A = softmax(s) (1.23)

Zout = AVin (1.24)

Figure 1.2 visualizes these steps:

We use the following
color scheme here and
later in this chapter:

query key value
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In transformers, all inputs to the net are tokenized, so the textual question “What color
is the bird’s head” will also be represented as a token.

We do not cover them in
this book but methods
from natural language
processing can be used to
transform text into a
token, or a sequence of
tokens.

This token will submit its query
vector, qtext to be matched against the keys of the tokens that represent di↵erent patches in
the image; the similarity between the query and the key determines the amount of attention
weight that query will apply to the token with that key. The most common measure of
similarity between a query q and a key v is the dot product q

T
v. Querying each token in tin

in this way gives us a vector of similarities. We then normalize this vector using the softmax
function to give us our attention weights A, and finally, rather than applying A over token
codes directly (i.e. taking a weighted sum over tokens), we take a weighted sum over token
values to obtain Zout:

s = [qT
textk1, . . . ,q

T
textkN ] (1.22)

A = softmax(s) (1.23)

Zout = AVin (1.24)
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later in this chapter:
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q = t.query() = Wqz / query (1.18)

k = t.key() = Wkz / key (1.19)
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In transformers, all inputs to the net are tokenized, so the textual question “What color
is the bird’s head” will also be represented as a token.

We do not cover them in
this book but methods
from natural language
processing can be used to
transform text into a
token, or a sequence of
tokens.

This token will submit its query
vector, qtext to be matched against the keys of the tokens that represent di↵erent patches in
the image; the similarity between the query and the key determines the amount of attention
weight that query will apply to the token with that key. The most common measure of
similarity between a query q and a key v is the dot product q

T
v. Querying each token in tin

in this way gives us a vector of similarities. We then normalize this vector using the softmax
function to give us our attention weights A, and finally, rather than applying A over token
codes directly (i.e. taking a weighted sum over tokens), we take a weighted sum over token
values to obtain Zout:

s = [qT
textk1, . . . ,q

T
textkN ] (1.22)

A = softmax(s) (1.23)

Zout = AVin (1.24)

Figure 1.2 visualizes these steps:

We use the following
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later in this chapter:
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q = t.query() = Wqz / query (1.18)
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In transformers, all inputs to the net are tokenized, so the textual question “What color
is the bird’s head” will also be represented as a token.

We do not cover them in
this book but methods
from natural language
processing can be used to
transform text into a
token, or a sequence of
tokens.

This token will submit its query
vector, qtext to be matched against the keys of the tokens that represent di↵erent patches in
the image; the similarity between the query and the key determines the amount of attention
weight that query will apply to the token with that key. The most common measure of
similarity between a query q and a key v is the dot product q

T
v. Querying each token in tin

in this way gives us a vector of similarities. We then normalize this vector using the softmax
function to give us our attention weights A, and finally, rather than applying A over token
codes directly (i.e. taking a weighted sum over tokens), we take a weighted sum over token
values to obtain Zout:
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textk1, . . . ,q

T
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A = softmax(s) (1.23)

Zout = AVin (1.24)
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In transformers, all inputs to the net are tokenized, so the textual question “What color
is the bird’s head” will also be represented as a token.

We do not cover them in
this book but methods
from natural language
processing can be used to
transform text into a
token, or a sequence of
tokens.

This token will submit its query
vector, qtext to be matched against the keys of the tokens that represent di↵erent patches in
the image; the similarity between the query and the key determines the amount of attention
weight that query will apply to the token with that key. The most common measure of
similarity between a query q and a key v is the dot product q

T
v. Querying each token in tin

in this way gives us a vector of similarities. We then normalize this vector using the softmax
function to give us our attention weights A, and finally, rather than applying A over token
codes directly (i.e. taking a weighted sum over tokens), we take a weighted sum over token
values to obtain Zout:

s = [qT
textk1, . . . ,q

T
textkN ] (1.22)

A = softmax(s) (1.23)

Zout = AVin (1.24)

Figure 1.2 visualizes these steps:

We use the following
color scheme here and
later in this chapter:

query key value
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Figure 1.2: Mechanics of an attention layer. Queries from the question match keys from the
tokens representing bird heads; value vectors of these two tokens then contribute the most
to the sum that yields tout’s code vector. (Softmax omitted in this example.)
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patch is represented by a token. Now we have a token, t1, that represents the patch of pixels
around of the birds’ heads. We wish to update this token via one layer of self-attention.
Since the goal of the network is to classify patches, it would make sense to update t1 to
get a better semantic representation of what’s going on in that patch. One way to do this
would be to attend to the tokens representing the other bird heads, and use them to refine
t1. The intuition is that it’s easier to recognize an object given three views of it (the three
tokens representing bird heads). The refinement operation is just to sum over the token code
vectors, which has the e↵ect of reducing “noise” that is not shared between the three tokens
and amplifying the commonalities between them. Figure 25.3 illustrates this scenario.
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Figure 25.3: One way self-attention could be used to aggregate information across all patches
containing the same object, and thereby arrive at a better representation of this object.

This is just one way self-attention could be used by the network. How it is actually used
will be determined by the training data and task. What really happens might deviate from
our intuitive story: tokens on hidden layers do not necessarily represent spatially localized
patches of pixel. While the initial tokenization converts patches to pixels, after this point at-
tention layers can mix information across spatially distant tokens – tout1 does not necessarily
represent the same spatial region in the image as tin1.

In fact, attention layers are permutation equivariant:

attn(permute(tin)) = permute(attn(tin)) (25.30)

where permute is a permutation of the indices of the vector tin. This means that if you
scramble (i.e. permute) the patches in the input image then apply attention, the output will
be unchanged up to a permutation of the original output. It is often useful to understand
layers in terms of their invariances and equivariances. Convolutational layers are translation
equivariant but not permutation equivariant whereas attention layers are both translation
equivariant and permutation equivariant (since translation is a special kind of permutation,
any permutation equivariant layer is also translation equivariant). Other layers can be cat-
alogued similarly: global average pooling layers are permutation invariant, relu layers are
permutation equivariant, per-token MLP layers are also permutation equivariant (but w.r.t.
vectors of tokens rather than vectors of neurons), and so on. As we will see below, transform-
ers only use layers that are permutation equivariant, so the entire transformer architecture
is permutation equivariant over its input tokens.

Self-attention



Attention maps in a trained transformer

[“DINO”, Caron et all. 2021]



Self-attention

Example of attention if 
query() and key() are the 
identity function  

—> just a Gram matrix (similarity matrix) over tokens! 
Essentially: clusters similar tokens
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1.5.2 Self-attention

As we have now seen, attention is a general-purpose way of dynamically pooling information
in one set of tokens based on queries from a di↵erent set of tokens. The next question we will
consider is: “which tokens should be doing the querying and which should we be matching
against?” In the example from the last section, the answer was intuitive because we had a
textual question that was asking about content in a visual image, so naturally the text gives
the query and we match against tokens that represent the image. But can we come up with
a more generic architecture where we don’t have to hand design which tokens interact in
which ways?

Self-attention is just such an architecture. The idea is that on a self-attention layer, all
tokens submit queries, and for each of these queries, we take a weighted sum over all tokens
in that layer. If tin is length N then we have N queries, N weighted sums, and N output
tokens to form tout:

W

o f

fc layer

tin

tout

The equations for self-attention can be written in an especially compact form:

Qin = ZinWq / query matrix (1.25)

Kin = ZinWk / key matrix (1.26)

Vin = ZinWv / value matrix (1.27)

A = f(tin) = softmax(
QinK

T
inp

d
) / attention matrix (1.28)

Zout = AVin (1.29)

d is dimensionality of the query/key vector (since we take a dot product between query and
key their dimensionalities much match). In expanded detail, here are the full mechanics of
an attention layer:

The nodes outlined in
blue correspond to each

other; they represent one
query being matched

against one key to result
a scalar similarity value,
in the gray box, which
acts as a weight in the

weighted sum computed
by A.

A A

N

N = N

M N

M

attn layer (expanded)

Zin

Zout

Qin,Kin,Vin

This fully defines a self-attention layer, which is the kind of attention layer used in
transformers. Before we move on though, let’s think through the intuition of what self-
attention might be doing.

Consider that we are processing the Guineafowl image and our task is semantic segmen-
tation (label each patch with an object class). First, we tokenize the image so that each
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A generally good strategy is to select layers that reflect the symmetries in your data
domain or task: in object detection, translation equivariance makes sense because, roughly,
a bird is a bird no matter where it appears in an image. Permutation equivariance might
also make sense, for that same reason, but only to an extent: if you break up an image into
small patches and scramble them then this could disrupt spatial layout that is important
for recognition. We will see in Section 1.7 how transformers use something called positional
codes to re-insert useful information about spatial layout.

1.6 The full transformer architecture

A full transformer architecture is a stack of self-attention layers interleaved with token-wise
nonlinearities. These two steps are analogous to linear layers interleaved with neuron-wise
nonlinearities in an MLP:

MLP

linear

relu
(neuron-wise)

linear

o

o

f

f

Transformer (vanilla)

self attn

MLP
(token-wise)

self attn

Beyond this basic template, there are many variations that can be added, resulting in
di↵erent particular architectures within the transformer family. Some common additions are
normalization layers and residual connections.

1.6.1 Multihead self-attention

Additionally, it is common to use multihead self-attention, or MSH, which simply con-
sists of running k attention layers in parallel, applied to the same input tin, then concate-
nating all the outputs, and finally projecting back to the original dimensionality of tin:

Z =

0

B@
attn1(tin).zT

...
attnk(tin).zT

1

CA (1.31)

tout.z = WZ / W 2 RM2⇥kM1 (1.32)

W are learnable parameters of this layer (in addition to the query, key, and value projections
parameters for each of the k attention heads), M1 is the dimensionality of the value vectors
and M2 is the dimensionality of the code vectors of the output ([Dosovitskiy et al. 2021]
recommends setting kM1 = M2).

1.6.2 Input and output modules

The transformer also has an input and output module. The input module is the tokenization
layer that converts the input signal into a set of tokens. The output module converts the
transformed tokens into a target prediction or decision. The input and output modules are
specific to the type of input signal and the type of output task.
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Multihead self-attention (MSH)

Rather than having just one way of attending, why not have k?

Each gets its own parameterized query(), key(), value() functions.

Run them all in parallel, then (weighted) sum the output token code vectors
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1.5. THE ATTENTION LAYER 9

patch is represented by a token. Now we have a token, t1, that represents the patch of pixels
around of the birds’ heads. We wish to update this token via one layer of self-attention.
Since the goal of the network is to classify patches, it would make sense to update t1 to
get a better semantic representation of what’s going on in that patch. One way to do this
would be to attend to the tokens representing the other bird heads, and use them to refine
t1. The intuition is that it’s easier to recognize an object given three views of it (the three
tokens representing bird heads). The refinement operation is just to sum over the token code
vectors, which has the e↵ect of reducing “noise” that is not shared between the three tokens
and amplifying the commonalities between them. Figure 1.3 illustrates this scenario.
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Figure 1.3: One way self-attention could be used to aggregate information across all patches
containing the same object, and thereby arrive at a better representation of this object.

This is just one way self-attention could be used by the network. How it is actually used
will be determined by the training data and task. What really happens might deviate from
our intuitive story: tokens on hidden layers do not necessarily represent spatially localized
patches of pixel. While the initial tokenization converts patches to pixels, after this point at-
tention layers can mix information across spatially distant tokens – tout1 does not necessarily
represent the same spatial region in the image as tin1.

In fact, attention layers are permutation equivariant:

attn(permute(tin)) = permute(attn(tin)) (1.30)

where permute is a permutation of the indices of the vector tin. This means that if you
scramble (i.e. permute) the patches in the input image then apply attention, the output will
be unchanged up to a permutation of the original output. It is often useful to understand
layers in terms of their invariances and equivariances. Convolutational layers are translation
equivariant but not permutation equivariant whereas attention layers are both translation
equivariant and permutation equivariant (since translation is a special kind of permutation,
any permutation equivariant layer is also translation equivariant). Other layers can be cat-
alogued similarly: global average pooling layers are permutation invariant, relu layers are
permutation equivariant, per-token MLP layers are also permutation equivariant (but w.r.t.
vectors of tokens rather than vectors of neurons), and so on. As we will see below, transform-
ers only use layers that are permutation equivariant, so the entire transformer architecture
is permutation equivariant over its input tokens.

tokenMLP(permute(tin)) = tokenMLP(attn(tin))
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Idea #3: positional encoding
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What if you don’t want to be shift invariant?

1. Use an architecture that is not shift invariant (e.g., MLP) 

2. Add location information to the input to the convolutional filters — this is 
called positional encoding

signalpos



What if you don’t want to be permutation invariant?

1. Use an architecture that is not permutation invariant (e.g., MLP) 

2. Add location information to the token code vectors — this is called 
positional encoding

332 CHAPTER 25. TRANSFORMERS

25.5.2 Self-attention

As we have now seen, attention is a general-purpose way of dynamically pooling information
in one set of tokens based on queries from a di↵erent set of tokens. The next question we will
consider is: “which tokens should be doing the querying and which should we be matching
against?” In the example from the last section, the answer was intuitive because we had a
textual question that was asking about content in a visual image, so naturally the text gives
the query and we match against tokens that represent the image. But can we come up with
a more generic architecture where we don’t have to hand design which tokens interact in
which ways?

Self-attention is just such an architecture. The idea is that on a self-attention layer, all
tokens submit queries, and for each of these queries, we take a weighted sum over all tokens
in that layer. If tin is length N then we have N queries, N weighted sums, and N output
tokens to form tout:

A

o f

attn layer

tin

tout

The equations for self-attention can be written in an especially compact form:

Qin = ZinWq / query matrix (25.25)

Kin = ZinWk / key matrix (25.26)

Vin = ZinWv / value matrix (25.27)

A = f(tin) = softmax(
QinKT

inp
d

) / attention matrix (25.28)

Zout = AVin (25.29)

d is dimensionality of the query/key vector (since we take a dot product between query and
key their dimensionalities much match). In expanded detail, here are the full mechanics of
an attention layer:

The nodes outlined in
blue correspond to each

other; they represent one
query being matched

against one key to result
a scalar similarity value,

in the gray box, which
acts as a weight in the

weighted sum computed
by A.

A A

N

N = N

M N

M

attn layer (expanded)

Zin

Zout

Qin,Kin,Vin

This fully defines a self-attention layer, which is the kind of attention layer used in
transformers. Before we move on though, let’s think through the intuition of what self-
attention might be doing.

Consider that we are processing the Guineafowl image and our task is semantic segmen-
tation (label each patch with an object class). First, we tokenize the image so that each
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[“SIREN”, Sitzmann, Martel et al. 2020]

Neural Fields — SIREN
Conv net applied per-pixel to map from a coordinate grid to a color

x
<latexit sha1_base64="f2yzimwbR/Dgjzp6tZ360fHRqNI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ae0oWy2k3btZhN2N2IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3H1FpHst7M0nQj+hQ8pAzaqzUeOqXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHpwX5935WLQWnHzmGP7A+fwB5jmM/A==</latexit><latexit sha1_base64="Jelc4dZavWSWh5fxRSBdMsTIsJU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sTRgHpAsYXZyNxkyO7vMzIphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqte1Sax/LOjBP0IzqQPOSMGivVH3rlilt1ZyDLxMtJBXL8L94rf3b7MUsjlIYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY6mkEWo/m10zISdW6ZMwVvZJQ2bqz4mMRlqPo8AmI2qGetGbin95ndSEl37GZZIalGy+KEwFMTGZVkP6XCEzYmwJZYrbvxI2pIoyYwss2dO9xUOXSfOs6rlVr35eqV3lnRXhCI7hFDy4gBrcwC00gAHCIzzDq/PkvDhvzvs8WnDymUP4BefjG00FlHU=</latexit><latexit sha1_base64="Jelc4dZavWSWh5fxRSBdMsTIsJU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sTRgHpAsYXZyNxkyO7vMzIphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqte1Sax/LOjBP0IzqQPOSMGivVH3rlilt1ZyDLxMtJBXL8L94rf3b7MUsjlIYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY6mkEWo/m10zISdW6ZMwVvZJQ2bqz4mMRlqPo8AmI2qGetGbin95ndSEl37GZZIalGy+KEwFMTGZVkP6XCEzYmwJZYrbvxI2pIoyYwss2dO9xUOXSfOs6rlVr35eqV3lnRXhCI7hFDy4gBrcwC00gAHCIzzDq/PkvDhvzvs8WnDymUP4BefjG00FlHU=</latexit><latexit sha1_base64="Jelc4dZavWSWh5fxRSBdMsTIsJU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sTRgHpAsYXZyNxkyO7vMzIphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqte1Sax/LOjBP0IzqQPOSMGivVH3rlilt1ZyDLxMtJBXL8L94rf3b7MUsjlIYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY6mkEWo/m10zISdW6ZMwVvZJQ2bqz4mMRlqPo8AmI2qGetGbin95ndSEl37GZZIalGy+KEwFMTGZVkP6XCEzYmwJZYrbvxI2pIoyYwss2dO9xUOXSfOs6rlVr35eqV3lnRXhCI7hFDy4gBrcwC00gAHCIzzDq/PkvDhvzvs8WnDymUP4BefjG00FlHU=</latexit>

y
<latexit sha1_base64="l29WxoUb9DEbvmhLG7jHtZ0OU24=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68diC/YA2lM120q7dbMLuRgihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5m/mdJ1Sax/LBZAn6ER1JHnJGjZWa2aBSdWvuHGSVeAWpQoHGoPLVH8YsjVAaJqjWPc9NjJ9TZTgTOC33U40JZRM6wp6lkkao/Xx+6JScW2VIwljZkobM1d8TOY20zqLAdkbUjPWyNxP/83qpCW/8nMskNSjZYlGYCmJiMvuaDLlCZkRmCWWK21sJG1NFmbHZlG0I3vLLq6R9WfPcmte8qtZvizhKcApncAEeXEMd7qEBLWCA8Ayv8OY8Oi/Ou/OxaF1zipkT+APn8wfnvYz9</latexit><latexit sha1_base64="JJVypg3/VUWWBTSCpWCcLIjWorI=">AAACDXicjVA9SwNBFHwXv2L8ilraLAbBKtyJoGXQxtKASYTkCHubd8mSvb1jd084jvwCCxv/io2Irb2d/8ZNcoUmFg4sDDPzePsmSATXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrG6D6hGwSW2DDcC7xOFNAoEdoLx9dTvPKDSPJZ3JkvQj+hQ8pAzaqzUzPrVmlt3ZyDLxCtIDQr8L96vfvYGMUsjlIYJqnXXcxPj51QZzgROKr1UY0LZmA6xa6mkEWo/n10zISdWGZAwVvZJQ2bqz4mcRlpnUWCTETUjvehNxb+8bmrCSz/nMkkNSjZfFKaCmJhMqyEDrpAZkVlCmeL2r4SNqKLM2AIr9nRv8dBl0j6re27da57XGldFZ2U4gmM4BQ8uoAE3cAstYIDwCM/w6jw5L86b8z6Plpxi5hB+wfn4Bk6ulHY=</latexit><latexit sha1_base64="JJVypg3/VUWWBTSCpWCcLIjWorI=">AAACDXicjVA9SwNBFHwXv2L8ilraLAbBKtyJoGXQxtKASYTkCHubd8mSvb1jd084jvwCCxv/io2Irb2d/8ZNcoUmFg4sDDPzePsmSATXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrG6D6hGwSW2DDcC7xOFNAoEdoLx9dTvPKDSPJZ3JkvQj+hQ8pAzaqzUzPrVmlt3ZyDLxCtIDQr8L96vfvYGMUsjlIYJqnXXcxPj51QZzgROKr1UY0LZmA6xa6mkEWo/n10zISdWGZAwVvZJQ2bqz4mcRlpnUWCTETUjvehNxb+8bmrCSz/nMkkNSjZfFKaCmJhMqyEDrpAZkVlCmeL2r4SNqKLM2AIr9nRv8dBl0j6re27da57XGldFZ2U4gmM4BQ8uoAE3cAstYIDwCM/w6jw5L86b8z6Plpxi5hB+wfn4Bk6ulHY=</latexit><latexit sha1_base64="JJVypg3/VUWWBTSCpWCcLIjWorI=">AAACDXicjVA9SwNBFHwXv2L8ilraLAbBKtyJoGXQxtKASYTkCHubd8mSvb1jd084jvwCCxv/io2Irb2d/8ZNcoUmFg4sDDPzePsmSATXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrG6D6hGwSW2DDcC7xOFNAoEdoLx9dTvPKDSPJZ3JkvQj+hQ8pAzaqzUzPrVmlt3ZyDLxCtIDQr8L96vfvYGMUsjlIYJqnXXcxPj51QZzgROKr1UY0LZmA6xa6mkEWo/n10zISdWGZAwVvZJQ2bqz4mcRlpnUWCTETUjvehNxb+8bmrCSz/nMkkNSjZfFKaCmJhMqyEDrpAZkVlCmeL2r4SNqKLM2AIr9nRv8dBl0j6re27da57XGldFZ2U4gmM4BQ8uoAE3cAstYIDwCM/w6jw5L86b8z6Plpxi5hB+wfn4Bk6ulHY=</latexit>

l
<latexit sha1_base64="RXFmeCFAFLWm6A2HPHJ7FvtnIgg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQblilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/UCYzw</latexit><latexit sha1_base64="fjkQTxk66AzTP1HHzswFxoii1xE=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqiH654lbdOcgq8XJSgRz/i/fLn71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5tdMyZlVBiSMlX3SkLn6cyKjkdaTKLDJiJqRXvZm4l9eNzXhlZ9xmaQGJVssClNBTExm1ZABV8iMmFhCmeL2r4SNqKLM2AJL9nRv+dBV0rqoem7Va1xW6td5Z0U4gVM4Bw9qUIdbuIMmMEB4hGd4dZ6cF+fNeV9EC04+cwy/4Hx8AzkZlGk=</latexit><latexit sha1_base64="fjkQTxk66AzTP1HHzswFxoii1xE=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqiH654lbdOcgq8XJSgRz/i/fLn71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5tdMyZlVBiSMlX3SkLn6cyKjkdaTKLDJiJqRXvZm4l9eNzXhlZ9xmaQGJVssClNBTExm1ZABV8iMmFhCmeL2r4SNqKLM2AJL9nRv+dBV0rqoem7Va1xW6td5Z0U4gVM4Bw9qUIdbuIMmMEB4hGd4dZ6cF+fNeV9EC04+cwy/4Hx8AzkZlGk=</latexit><latexit sha1_base64="fjkQTxk66AzTP1HHzswFxoii1xE=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqiH654lbdOcgq8XJSgRz/i/fLn71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5tdMyZlVBiSMlX3SkLn6cyKjkdaTKLDJiJqRXvZm4l9eNzXhlZ9xmaQGJVssClNBTExm1ZABV8iMmFhCmeL2r4SNqKLM2AJL9nRv+dBV0rqoem7Va1xW6td5Z0U4gVM4Bw9qUIdbuIMmMEB4hGd4dZ6cF+fNeV9EC04+cwy/4Hx8AzkZlGk=</latexit>

Coordinates
x

<latexit sha1_base64="f2yzimwbR/Dgjzp6tZ360fHRqNI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ae0oWy2k3btZhN2N2IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3H1FpHst7M0nQj+hQ8pAzaqzUeOqXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHpwX5935WLQWnHzmGP7A+fwB5jmM/A==</latexit><latexit sha1_base64="Jelc4dZavWSWh5fxRSBdMsTIsJU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sTRgHpAsYXZyNxkyO7vMzIphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqte1Sax/LOjBP0IzqQPOSMGivVH3rlilt1ZyDLxMtJBXL8L94rf3b7MUsjlIYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY6mkEWo/m10zISdW6ZMwVvZJQ2bqz4mMRlqPo8AmI2qGetGbin95ndSEl37GZZIalGy+KEwFMTGZVkP6XCEzYmwJZYrbvxI2pIoyYwss2dO9xUOXSfOs6rlVr35eqV3lnRXhCI7hFDy4gBrcwC00gAHCIzzDq/PkvDhvzvs8WnDymUP4BefjG00FlHU=</latexit><latexit sha1_base64="Jelc4dZavWSWh5fxRSBdMsTIsJU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sTRgHpAsYXZyNxkyO7vMzIphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqte1Sax/LOjBP0IzqQPOSMGivVH3rlilt1ZyDLxMtJBXL8L94rf3b7MUsjlIYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY6mkEWo/m10zISdW6ZMwVvZJQ2bqz4mMRlqPo8AmI2qGetGbin95ndSEl37GZZIalGy+KEwFMTGZVkP6XCEzYmwJZYrbvxI2pIoyYwss2dO9xUOXSfOs6rlVr35eqV3lnRXhCI7hFDy4gBrcwC00gAHCIzzDq/PkvDhvzvs8WnDymUP4BefjG00FlHU=</latexit><latexit sha1_base64="Jelc4dZavWSWh5fxRSBdMsTIsJU=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sTRgHpAsYXZyNxkyO7vMzIphyRdY2PgrNiK29nb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqte1Sax/LOjBP0IzqQPOSMGivVH3rlilt1ZyDLxMtJBXL8L94rf3b7MUsjlIYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY6mkEWo/m10zISdW6ZMwVvZJQ2bqz4mMRlqPo8AmI2qGetGbin95ndSEl37GZZIalGy+KEwFMTGZVkP6XCEzYmwJZYrbvxI2pIoyYwss2dO9xUOXSfOs6rlVr35eqV3lnRXhCI7hFDy4gBrcwC00gAHCIzzDq/PkvDhvzvs8WnDymUP4BefjG00FlHU=</latexit>

y
<latexit sha1_base64="l29WxoUb9DEbvmhLG7jHtZ0OU24=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68diC/YA2lM120q7dbMLuRgihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5m/mdJ1Sax/LBZAn6ER1JHnJGjZWa2aBSdWvuHGSVeAWpQoHGoPLVH8YsjVAaJqjWPc9NjJ9TZTgTOC33U40JZRM6wp6lkkao/Xx+6JScW2VIwljZkobM1d8TOY20zqLAdkbUjPWyNxP/83qpCW/8nMskNSjZYlGYCmJiMvuaDLlCZkRmCWWK21sJG1NFmbHZlG0I3vLLq6R9WfPcmte8qtZvizhKcApncAEeXEMd7qEBLWCA8Ayv8OY8Oi/Ou/OxaF1zipkT+APn8wfnvYz9</latexit><latexit sha1_base64="JJVypg3/VUWWBTSCpWCcLIjWorI=">AAACDXicjVA9SwNBFHwXv2L8ilraLAbBKtyJoGXQxtKASYTkCHubd8mSvb1jd084jvwCCxv/io2Irb2d/8ZNcoUmFg4sDDPzePsmSATXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrG6D6hGwSW2DDcC7xOFNAoEdoLx9dTvPKDSPJZ3JkvQj+hQ8pAzaqzUzPrVmlt3ZyDLxCtIDQr8L96vfvYGMUsjlIYJqnXXcxPj51QZzgROKr1UY0LZmA6xa6mkEWo/n10zISdWGZAwVvZJQ2bqz4mcRlpnUWCTETUjvehNxb+8bmrCSz/nMkkNSjZfFKaCmJhMqyEDrpAZkVlCmeL2r4SNqKLM2AIr9nRv8dBl0j6re27da57XGldFZ2U4gmM4BQ8uoAE3cAstYIDwCM/w6jw5L86b8z6Plpxi5hB+wfn4Bk6ulHY=</latexit><latexit sha1_base64="JJVypg3/VUWWBTSCpWCcLIjWorI=">AAACDXicjVA9SwNBFHwXv2L8ilraLAbBKtyJoGXQxtKASYTkCHubd8mSvb1jd084jvwCCxv/io2Irb2d/8ZNcoUmFg4sDDPzePsmSATXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrG6D6hGwSW2DDcC7xOFNAoEdoLx9dTvPKDSPJZ3JkvQj+hQ8pAzaqzUzPrVmlt3ZyDLxCtIDQr8L96vfvYGMUsjlIYJqnXXcxPj51QZzgROKr1UY0LZmA6xa6mkEWo/n10zISdWGZAwVvZJQ2bqz4mcRlpnUWCTETUjvehNxb+8bmrCSz/nMkkNSjZfFKaCmJhMqyEDrpAZkVlCmeL2r4SNqKLM2AIr9nRv8dBl0j6re27da57XGldFZ2U4gmM4BQ8uoAE3cAstYIDwCM/w6jw5L86b8z6Plpxi5hB+wfn4Bk6ulHY=</latexit><latexit sha1_base64="JJVypg3/VUWWBTSCpWCcLIjWorI=">AAACDXicjVA9SwNBFHwXv2L8ilraLAbBKtyJoGXQxtKASYTkCHubd8mSvb1jd084jvwCCxv/io2Irb2d/8ZNcoUmFg4sDDPzePsmSATXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrG6D6hGwSW2DDcC7xOFNAoEdoLx9dTvPKDSPJZ3JkvQj+hQ8pAzaqzUzPrVmlt3ZyDLxCtIDQr8L96vfvYGMUsjlIYJqnXXcxPj51QZzgROKr1UY0LZmA6xa6mkEWo/n10zISdWGZAwVvZJQ2bqz4mcRlpnUWCTETUjvehNxb+8bmrCSz/nMkkNSjZfFKaCmJhMqyEDrpAZkVlCmeL2r4SNqKLM2AIr9nRv8dBl0j6re27da57XGldFZ2U4gmM4BQ8uoAE3cAstYIDwCM/w6jw5L86b8z6Plpxi5hB+wfn4Bk6ulHY=</latexit>

Field

l
<latexit sha1_base64="RXFmeCFAFLWm6A2HPHJ7FvtnIgg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipKQblilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/UCYzw</latexit><latexit sha1_base64="fjkQTxk66AzTP1HHzswFxoii1xE=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqiH654lbdOcgq8XJSgRz/i/fLn71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5tdMyZlVBiSMlX3SkLn6cyKjkdaTKLDJiJqRXvZm4l9eNzXhlZ9xmaQGJVssClNBTExm1ZABV8iMmFhCmeL2r4SNqKLM2AJL9nRv+dBV0rqoem7Va1xW6td5Z0U4gVM4Bw9qUIdbuIMmMEB4hGd4dZ6cF+fNeV9EC04+cwy/4Hx8AzkZlGk=</latexit><latexit sha1_base64="fjkQTxk66AzTP1HHzswFxoii1xE=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqiH654lbdOcgq8XJSgRz/i/fLn71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5tdMyZlVBiSMlX3SkLn6cyKjkdaTKLDJiJqRXvZm4l9eNzXhlZ9xmaQGJVssClNBTExm1ZABV8iMmFhCmeL2r4SNqKLM2AJL9nRv+dBV0rqoem7Va1xW6td5Z0U4gVM4Bw9qUIdbuIMmMEB4hGd4dZ6cF+fNeV9EC04+cwy/4Hx8AzkZlGk=</latexit><latexit sha1_base64="fjkQTxk66AzTP1HHzswFxoii1xE=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqiH654lbdOcgq8XJSgRz/i/fLn71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5tdMyZlVBiSMlX3SkLn6cyKjkdaTKLDJiJqRXvZm4l9eNzXhlZ9xmaQGJVssClNBTExm1ZABV8iMmFhCmeL2r4SNqKLM2AJL9nRv+dBV0rqoem7Va1xW6td5Z0U4gVM4Bw9qUIdbuIMmMEB4hGd4dZ6cF+fNeV9EC04+cwy/4Hx8AzkZlGk=</latexit>

l = �(x, y)
<latexit sha1_base64="ItDqajvKZiBNMnP4Zvbyfq8xd4w=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahgpREBL0IRS8eI9gPaEPZbDft0s0m7m6KIfR3ePGgiFd/jDf/jds2B219MPB4b4aZeX7MmdK2/W0VVlbX1jeKm6Wt7Z3dvfL+QVNFiSS0QSIeybaPFeVM0IZmmtN2LCkOfU5b/uh26rfGVCoWiQedxtQL8UCwgBGsjeRxdI267pBVn87S0165YtfsGdAycXJSgRxur/zV7UckCanQhGOlOo4day/DUjPC6aTUTRSNMRnhAe0YKnBIlZfNjp6gE6P0URBJU0Kjmfp7IsOhUmnom84Q66Fa9Kbif14n0cGVlzERJ5oKMl8UJBzpCE0TQH0mKdE8NQQTycytiAyxxESbnEomBGfx5WXSPK85ds25v6jUb/I4inAEx1AFBy6hDnfgQgMIPMIzvMKbNbZerHfrY95asPKZQ/gD6/MHz56Q0A==</latexit><latexit sha1_base64="TTNwe+PtNOX1hjaGXp9dI4b8H2Q=">AAACGXicjVDLSgMxFL1TX7W+qi7dBItQQcpMEXQjFN24rGAf0A4lk2ba0ExmTDLiMPQ7XLjxV9yIuNSVf2PazkJbFx4IHM45l5t7vIgzpW37y8otLa+sruXXCxubW9s7xd29pgpjSWiDhDyUbQ8rypmgDc00p+1IUhx4nLa80dXEb91TqVgobnUSUTfAA8F8RrA2ksvRBerWh6z8cJIc94olu2JPgRaJk5ESZPhfvFf86PZDEgdUaMKxUh3HjrSbYqkZ4XRc6MaKRpiM8IB2DBU4oMpNp5eN0ZFR+sgPpXlCo6n6cyLFgVJJ4JlkgPVQzXsT8S+vE2v/3E2ZiGJNBZkt8mOOdIgmNaE+k5RonhiCiWTmr4gMscREmzIL5nRn/tBF0qxWHLvi3JyWapdZZ3k4gEMogwNnUINrqEMDCNzBIzzDq/VkvVhv1vssmrOymX34BevzG7RymEk=</latexit><latexit sha1_base64="TTNwe+PtNOX1hjaGXp9dI4b8H2Q=">AAACGXicjVDLSgMxFL1TX7W+qi7dBItQQcpMEXQjFN24rGAf0A4lk2ba0ExmTDLiMPQ7XLjxV9yIuNSVf2PazkJbFx4IHM45l5t7vIgzpW37y8otLa+sruXXCxubW9s7xd29pgpjSWiDhDyUbQ8rypmgDc00p+1IUhx4nLa80dXEb91TqVgobnUSUTfAA8F8RrA2ksvRBerWh6z8cJIc94olu2JPgRaJk5ESZPhfvFf86PZDEgdUaMKxUh3HjrSbYqkZ4XRc6MaKRpiM8IB2DBU4oMpNp5eN0ZFR+sgPpXlCo6n6cyLFgVJJ4JlkgPVQzXsT8S+vE2v/3E2ZiGJNBZkt8mOOdIgmNaE+k5RonhiCiWTmr4gMscREmzIL5nRn/tBF0qxWHLvi3JyWapdZZ3k4gEMogwNnUINrqEMDCNzBIzzDq/VkvVhv1vssmrOymX34BevzG7RymEk=</latexit><latexit sha1_base64="TTNwe+PtNOX1hjaGXp9dI4b8H2Q=">AAACGXicjVDLSgMxFL1TX7W+qi7dBItQQcpMEXQjFN24rGAf0A4lk2ba0ExmTDLiMPQ7XLjxV9yIuNSVf2PazkJbFx4IHM45l5t7vIgzpW37y8otLa+sruXXCxubW9s7xd29pgpjSWiDhDyUbQ8rypmgDc00p+1IUhx4nLa80dXEb91TqVgobnUSUTfAA8F8RrA2ksvRBerWh6z8cJIc94olu2JPgRaJk5ESZPhfvFf86PZDEgdUaMKxUh3HjrSbYqkZ4XRc6MaKRpiM8IB2DBU4oMpNp5eN0ZFR+sgPpXlCo6n6cyLFgVJJ4JlkgPVQzXsT8S+vE2v/3E2ZiGJNBZkt8mOOdIgmNaE+k5RonhiCiWTmr4gMscREmzIL5nRn/tBF0qxWHLvi3JyWapdZZ3k4gEMogwNnUINrqEMDCNzBIzzDq/VkvVhv1vssmrOymX34BevzG7RymEk=</latexit>Can take continuous coordinates as input! 

Continuous version of a convnet!



Some fancy architectures and applications



https://arxiv.org/abs/2010.11929



https://github.com/lucidrains/vit-pytorch



token-wise MLP 
(a.k.a. 1x1 conv)

specific to 
autoregressive 

modeling



Autoregressive models

Once upon a___ time

Once ___ a time Predictor
<latexit sha1_base64="+R+U7dKldTVrW+2u01d5L703cDY=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKezmosegF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63V9rY3NreKe9W9vYPDo+qxycdozJNaJsornQvwoZyJmnbMstpL9UUi4jTbjS5nfvdJ6oNU/LBTlMaCjySLGEEWyc9tjSNGbFKD6s1v+4vgNZJUJAaFGgNq1+DWJFMUGkJx8b0Az+1YY61ZYTTWWWQGZpiMsEj2ndUYkFNmC8OnqELp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObXIc5k2lmqSTLRUnGkVVo/j2KmabE8qkjmGjmbkVkjDUm1mVUcSEEqy+vk06jHvj14L5Ra94UcZThDM7hEgK4gibcQQvaQEDAM7zCm6e9F+/d+1i2lrxi5hT+wPv8AfYvkH4=</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit>

Upon

Predictor
<latexit sha1_base64="+R+U7dKldTVrW+2u01d5L703cDY=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKezmosegF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63V9rY3NreKe9W9vYPDo+qxycdozJNaJsornQvwoZyJmnbMstpL9UUi4jTbjS5nfvdJ6oNU/LBTlMaCjySLGEEWyc9tjSNGbFKD6s1v+4vgNZJUJAaFGgNq1+DWJFMUGkJx8b0Az+1YY61ZYTTWWWQGZpiMsEj2ndUYkFNmC8OnqELp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObXIc5k2lmqSTLRUnGkVVo/j2KmabE8qkjmGjmbkVkjDUm1mVUcSEEqy+vk06jHvj14L5Ra94UcZThDM7hEgK4gibcQQvaQEDAM7zCm6e9F+/d+1i2lrxi5hT+wPv8AfYvkH4=</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit>



!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

(

<latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit>

(

<latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit> <latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit> <latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit> <latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit>

,
,
,
,

Learner
<latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit>

T
ra
in
in
g

<latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit>

Predictor
<latexit sha1_base64="+R+U7dKldTVrW+2u01d5L703cDY=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKezmosegF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63V9rY3NreKe9W9vYPDo+qxycdozJNaJsornQvwoZyJmnbMstpL9UUi4jTbjS5nfvdJ6oNU/LBTlMaCjySLGEEWyc9tjSNGbFKD6s1v+4vgNZJUJAaFGgNq1+DWJFMUGkJx8b0Az+1YY61ZYTTWWWQGZpiMsEj2ndUYkFNmC8OnqELp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObXIc5k2lmqSTLRUnGkVVo/j2KmabE8qkjmGjmbkVkjDUm1mVUcSEEqy+vk06jHvj14L5Ra94UcZThDM7hEgK4gibcQQvaQEDAM7zCm6e9F+/d+1i2lrxi5hT+wPv8AfYvkH4=</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit>

x1, . . . ,xn�1
<latexit sha1_base64="znjXy0+k6Y6LgLBlKwLGl2a8VrY=">AAACEXicbVC7TsMwFHXKq5RXgJHFokLqAFWCkGCsYGEsEn1ITRQ5jtNadZzIdhBVlF9g4VdYGECIlY2Nv8FpM5SWI1k+Oude3XuPnzAqlWX9GJWV1bX1jepmbWt7Z3fP3D/oyjgVmHRwzGLR95EkjHLSUVQx0k8EQZHPSM8f3xR+74EISWN+ryYJcSM05DSkGCkteWbDiZAa+WH2mHuZnZ9ChwWxkvqf0/mZnXtm3WpaU8BlYpekDkq0PfPbCWKcRoQrzJCUA9tKlJshoShmJK85qSQJwmM0JANNOYqIdLPpRTk80UoAw1joxxWcqvMdGYqknES+riz2lIteIf7nDVIVXrkZ5UmqCMezQWHKoIphEQ8MqCBYsYkmCAuqd4V4hATCSodY0yHYiycvk+5507aa9t1FvXVdxlEFR+AYNIANLkEL3II26AAMnsALeAPvxrPxanwYn7PSilH2HII/ML5+AZwFnXw=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit>

xn
<latexit sha1_base64="NEqcSgvVdiYNMT3e3vfZTfnIuzA=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWTSTBuaSYYko5Zh/sONC0Xc+i/u/Bsz7Sy09UDgcM693JMTxJxp47rfTmlldW19o7xZ2dre2d2r7h+0tUwUoS0iuVTdAGvKmaAtwwyn3VhRHAWcdoLJde53HqjSTIo7M42pH+GRYCEj2Fjpvh9hMw7C9CkbpCIbVGtu3Z0BLROvIDUo0BxUv/pDSZKICkM41rrnubHxU6wMI5xmlX6iaYzJBI9oz1KBI6r9dJY6QydWGaJQKvuEQTP190aKI62nUWAn85R60cvF/7xeYsJLP2UiTgwVZH4oTDgyEuUVoCFTlBg+tQQTxWxWRMZYYWJsURVbgrf45WXSPqt7bt27Pa81roo6ynAEx3AKHlxAA26gCS0goOAZXuHNeXRenHfnYz5acoqdQ/gD5/MHU2aTCQ==</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit>

Once upon a time

There and back again

The slow brown fox

To be or not to be

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

S
am

p
li
n
g

<latexit sha1_base64="njAQj444Og2vP6pxJWF5hHmGmMk=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvsJUt2987dOSGE/AkbC0Vs/Tt2/hs3yRWa+GDg8d4MM/OiVAqLvv/tra1vbG5tF3aKu3v7B4elo+OmTTLDeIMlMjHtiFouheYNFCh5OzWcqkjyVjS6mfmtJ26sSPQDjlMeKjrQIhaMopPa91S5LXrQK5X9ij8HWSVBTsqQo94rfXX7CcsU18gktbYT+CmGE2pQMMmnxW5meUrZiA54x1FNFbfhZH7vlJw7pU/ixLjSSObq74kJVdaOVeQ6FcWhXfZm4n9eJ8P4KpwInWbINVssijNJMCGz50lfGM5Qjh2hzAh3K2FDaihDF1HRhRAsv7xKmtVK4FeCu2q5dp3HUYBTOIMLCOASanALdWgAAwnP8Apv3qP34r17H4vWNS+fOYE/8D5/ACLVkAM=</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit>
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should direct their attention to the neurons on the layer before that represent the color of
the car. We will soon see how this is done, in full detail, but first we need to introduce a
new data structure and a new way of thinking about neural processing.

1.3 A new data type: tokens

We discussed that the main data structures in deep learning are di↵erent kinds of groups of
neurons – channels, tensors, batches, etc. Now we will introduce another fundamental data
structure, tokens. A “token” is another kind of group of neurons, but there are particular
ways we will operate over tokens that are di↵erent from how we operated over channels,
batches, and the other groupings we saw before. Specifically, we will think of tokens as
encapsulated groups of information; we will define operators over tokens, and these operators
will be our only interface for accessing and modifying the internal contents of tokens. From
a programming languages perspective, you can think of tokens as a new data type.

In this chapter we will only consider token whose internal content is a vector of neurons.
We will call this vector the token’s code vector; the code for a token t will be labeled as t.z.

Although we are only
considering vector-valued

tokens in this chapter, it’s
easy to imagine tokens

that are any kind of
structured group. We

just need to define how
basic operators, like

summation, operate over
these groups (and,

ideally, in a di↵erentiable
manner).

Transformers consist of two main operations over tokens: 1) mixing tokens via a weighted
sum, and 2) modifying each individual token via a nonlinear transformation. These opera-
tions are analogous to the two workhorses of regular neural nets: the linear layer and the
pointwise nonlinearity. Before we get to that, though, how do we turn data into tokens in
the first place?

1.3.1 Tokenizing data

The first step to working with tokens is to tokenize the raw input data. Once we have done
this, all subsequent layers will operate over tokens, until the output layer, which will make
some decision or prediction as a function of the final set of tokens. How can we tokenize an
input image? Well, how did we “neuronize” an image for processing in a vanilla neural net?
We simply represented each pixel in the image with a neuron (or three neurons, if it’s a color
image). To tokenize an image, we may simply represent each patch of pixels in the image
with a token. The token vector is the vectorized patch (stacking the three color channels one
after the other). With each patch represented by a token, the full image corresponds to an
array of tokens. Here’s what it looks like to tokenize an image of guineafowl in this way:

…

…

tokens

…

tokens

patches

input

1.3.2 Mixing tokens

Once we have converted our data to tokens, we now need to define operations for transforming
these tokens and eventually making decisions based on them. The first key operation we will
define is how to take linear combinations of tokens.
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