
CS769 Advanced NLP


Deep Learning Basic
Junjie Hu

Slides adapted from Graham
https://junjiehu.github.io/cs769-spring22/
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Logistics
• HW1 is released.


• Office hour is updated to Friday 2:30-3:30 PM (Prof. 
Junjie Hu)


• Bonus point on Piazza


• Quiz will be submitted to Canvas.
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Neural Network Frameworks
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Example App: 
Deep CBOW Model

I hate this movie
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Mikolov, et al. CBOW: Efficient Estimation of Word Representations in Vector Space4

https://arxiv.org/pdf/1301.3781.pdf


Algorithm Sketch for 
NN App Code

• Create a model

• For each example


• create a graph that represents the computation you 
want


• calculate the result of that computation

• if training


• perform back propagation 
• update parameters
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Tensors and Numerical 
Computation
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Numerical Computation Backend
• Most neural network libraries use a backend for 

numerical computation

• PyTorch/Tensorflow: MKL, CUDNN, CUDA, 

OpenMP, custom-written kernels

• Support many numerical functions on tensors
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Tensors
• An n-dimensional array

...

• Widely used in neural networks


• Parameters in NNs consist of different shape of tensors, which store  
both their values and gradients

Scalar Vector Matrix 3-dim Tensor
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Tensors in Neural Networks
I hate this movie
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lookup lookup lookup lookup
Can represent
parameters

intermediate values
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Tensor Operations
• PyTorch/Tensorflow: Support many different matrix operations: matrix-

multiply

Element-wise matrix multiplymatrix multiply

create tensors from list, numpy.array 
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Model and Parameter 
Definition
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Algorithm Sketch

• Create a model

• For each example


• create a graph that represents the computation you 
want


• calculate the result of that computation

• if training


• perform back propagation 
• update parameters
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Example Model Creation
• Define model’s parameters:


• Weight matrix W0 for the input embedding layer

• Weight matrix W1, W2 and B1, B2 for feedforward layers

• Any other layers … 
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Parameter Initialization
• Neural nets must have weights that are not identical to 

learn non-identical features


• Uniform Initialization: Initialize weights in some range, 
such as  for example


• Problem! Depending on the size of the net, inputs to 
downstream nodes may be very large


• Glorot (Xavier) Initialization, He Initialization: Initialize 
based on the size of the matrix

[−v, v], v = 0.01

Glorot Init: 
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Example Model Initialization
• Initialize model’s parameters using Glorot or others:


• Create initial random values within [-v, v] for tensors 
such as W0, W1, W2, B1, B2 , and any others before 
training.
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Computation Definition
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NN App Algorithm Sketch

• Create a model

• For each example


• create a graph that represents the computation you 
want


• calculate the result of that computation

• if training


• perform back propagation 
• update parameters
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y = x>Ax+ b · x+ c

expression:

x

graph:
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y = x>Ax+ b · x+ c

x

expression:

graph:
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y = x>Ax+ b · x+ c

x

A

expression:

graph:
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y = x>Ax+ b · x+ c

x

A

f(M,v) = Mv

expression:

graph:
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y = x>Ax+ b · x+ c

x

f(u) = u>

A
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f(M,v) = Mv
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Colab: https://colab.research.google.com/drive/12LyIog90fm6ed2W1hfkOMGebBkVhopaN?usp=sharing25

https://colab.research.google.com/drive/12LyIog90fm6ed2W1hfkOMGebBkVhopaN?usp=sharing


Operations
• Operations must know:


• Forward: how to calculate their value given input 
 

• Backward: how to calculate their derivative given 
following derivative

f(u)

<latexit sha1_base64="Q3MSfieFO0EjIDzrtXbPTgmoH48=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBHqpsxIRZdFNy4r2Ae0Q8mkmTY0k4xJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniDnTxnW/nbX1jc2t7cJOcXdv/+CwdHTc0jJRhDaJ5FJ1AqwpZ4I2DTOcdmJFcRRw2g7Gd5nfnlClmRSPZhpTP8JDwUJGsLGSH1Z6ETajIEyT2UW/VHar7hxolXg5KUOORr/01RtIkkRUGMKx1l3PjY2fYmUY4XRW7CWaxpiM8ZB2LRU4otpP56Fn6NwqAxRKZZ8waK7+3khxpPU0CuxkFlEve5n4n9dNTHjjp0zEiaGCLA6FCUdGoqwBNGCKEsOnlmCimM2KyAgrTIztqWhL8Ja/vEpal1WvVr16qJXrt3kdBTiFM6iAB9dQh3toQBMIPMEzvMKbM3FenHfnYzG65uQ7J/AHzucPil+R9g==</latexit>

@f(u)

@u

@F
@f(u)

<latexit sha1_base64="cRJSqr9FcS3+tMUAr3Jc8kMr1Y4=">AAACT3icdVFdS8MwFE3r1za/qj76EhzCfBmtTPRxKIiPE9wHrGWkWboF07QkqTBK/6Ev+ubf8MUHRUxrYbrpgcDhnHtvbk78mFGpbPvFMFdW19Y3KtXa5tb2zq61t9+TUSIw6eKIRWLgI0kY5aSrqGJkEAuCQp+Rvn9/lfv9ByIkjfidmsXEC9GE04BipLQ0sgI3EAinboyEoojBoOGGSE39IE2yk2yuz9UMLrQUFkYsvc6y/waNrLrdtAvAZeKUpA5KdEbWszuOcBISrjBDUg4dO1Zemg/HjGQ1N5EkRvgeTchQU45CIr20yCODx1oZwyAS+nAFC/VnR4pCKWehryvzHeWil4t/ecNEBRdeSnmcKMLx90VBwqCKYB4uHFNBsGIzTRAWVO8K8RTptJT+gpoOwVl88jLpnTadVvPstlVvX5ZxVMAhOAIN4IBz0AY3oAO6AINH8ArewYfxZLwZn2ZZaholOQC/YFa/ABPFttg=</latexit>
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Back Propagation
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NN App Algorithm Sketch

• Create a model

• For each example


• create a graph that represents the computation you 
want


• calculate the result of that computation

• if training


• perform back propagation 
• update parameters
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x

A

b c

graph:

Back Propagation
• Mean-square error:

Model parameters:
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Back Propagation
graph:

• Mean-square error:

• Compute gradients automatically

    by most tools:

x

A

b c
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Parameter Update
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NN App Algorithm Sketch

• Create a model

• For each example


• create a graph that represents the computation you 
want


• calculate the result of that computation

• if training


• perform back propagation 
• update parameters
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Optimizer Update
• Most deep learning toolkits implement the parameter updates by calling 

optimizer.step() function

Before optimizer update

After optimizer update
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Many Different Update Rules

• Simple SGD: update with only gradients


• Momentum: update w/ running average of 
gradient


• Adagrad: update downweighting high-variance 
values


• Adam: update w/ running average of gradient, 
downweighting by running average of variance
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Standard SGD
• Reminder: Standard stochastic gradient descent does

Learning Rate

Gradient of Loss

• There are many other optimization options! (see 
Ruder 2016 in references)

✓t = ✓t�1 � ⌘gt
<latexit sha1_base64="WmTb7CmseFEFrcsdvuCoFOH6zU0=">AAACCnicbZBPS8MwGMbT+W/Of1WPXoJD8LLRiqAehKEXjxOsG6ylpFm2haVpSd4Ko+zuxa/ixYOKVz+BN7+N2daDbj4Q+OV535fkfaJUcA2O822VlpZXVtfK65WNza3tHXt3714nmaLMo4lIVDsimgkumQccBGunipE4EqwVDa8n9dYDU5on8g5GKQti0pe8xykBY4X2oQ8DBiQEfIkLzKHmjnEN++aC+yGEdtWpO1PhRXALqKJCzdD+8rsJzWImgQqidcd1UghyooBTwcYVP9MsJXRI+qxjUJKY6SCf7jLGR8bp4l6izJGAp+7viZzEWo/iyHTGBAZ6vjYx/6t1MuidBzmXaQZM0tlDvUxgSPAkGNzlilEQIwOEKm7+iumAKELBxFcxIbjzKy+Cd1K/qLu3p9XGVZFGGR2gQ3SMXHSGGugGNZGHKHpEz+gVvVlP1ov1bn3MWktWMbOP/sj6/AFhNJmN</latexit><latexit sha1_base64="WmTb7CmseFEFrcsdvuCoFOH6zU0=">AAACCnicbZBPS8MwGMbT+W/Of1WPXoJD8LLRiqAehKEXjxOsG6ylpFm2haVpSd4Ko+zuxa/ixYOKVz+BN7+N2daDbj4Q+OV535fkfaJUcA2O822VlpZXVtfK65WNza3tHXt3714nmaLMo4lIVDsimgkumQccBGunipE4EqwVDa8n9dYDU5on8g5GKQti0pe8xykBY4X2oQ8DBiQEfIkLzKHmjnEN++aC+yGEdtWpO1PhRXALqKJCzdD+8rsJzWImgQqidcd1UghyooBTwcYVP9MsJXRI+qxjUJKY6SCf7jLGR8bp4l6izJGAp+7viZzEWo/iyHTGBAZ6vjYx/6t1MuidBzmXaQZM0tlDvUxgSPAkGNzlilEQIwOEKm7+iumAKELBxFcxIbjzKy+Cd1K/qLu3p9XGVZFGGR2gQ3SMXHSGGugGNZGHKHpEz+gVvVlP1ov1bn3MWktWMbOP/sj6/AFhNJmN</latexit><latexit sha1_base64="WmTb7CmseFEFrcsdvuCoFOH6zU0=">AAACCnicbZBPS8MwGMbT+W/Of1WPXoJD8LLRiqAehKEXjxOsG6ylpFm2haVpSd4Ko+zuxa/ixYOKVz+BN7+N2daDbj4Q+OV535fkfaJUcA2O822VlpZXVtfK65WNza3tHXt3714nmaLMo4lIVDsimgkumQccBGunipE4EqwVDa8n9dYDU5on8g5GKQti0pe8xykBY4X2oQ8DBiQEfIkLzKHmjnEN++aC+yGEdtWpO1PhRXALqKJCzdD+8rsJzWImgQqidcd1UghyooBTwcYVP9MsJXRI+qxjUJKY6SCf7jLGR8bp4l6izJGAp+7viZzEWo/iyHTGBAZ6vjYx/6t1MuidBzmXaQZM0tlDvUxgSPAkGNzlilEQIwOEKm7+iumAKELBxFcxIbjzKy+Cd1K/qLu3p9XGVZFGGR2gQ3SMXHSGGugGNZGHKHpEz+gVvVlP1ov1bn3MWktWMbOP/sj6/AFhNJmN</latexit>

gt = r✓t�1`(✓t�1)
<latexit sha1_base64="6hDez93AjMrSnNoeZfXZjS/6HaI=">AAACFnicbVDLSsNAFJ34rPUVdelmsAi6sCQiqAuh6MZlBatCE8JketsOTiZh5kYoIX/hxl9x40LFrbjzb5w+Fr4OXO7hnHuZuSfOpDDoeZ/O1PTM7Nx8ZaG6uLS8suqurV+ZNNccWjyVqb6JmQEpFLRQoISbTANLYgnX8e3Z0L++A21Eqi5xkEGYsJ4SXcEZWily670I6QkNFIsli4oA+4C2455fljQAKXe+S7uRW/Pq3gj0L/EnpEYmaEbuR9BJeZ6AQi6ZMW3fyzAsmEbBJZTVIDeQMX7LetC2VLEETFiM7irptlU6tJtqWwrpSP2+UbDEmEES28mEYd/89obif147x+5RWAiV5QiKjx/q5pJiSoch0Y7QwFEOLGFcC/tXyvtMM442yqoNwf998l/S2q8f1/2Lg1rjdJJGhWySLbJDfHJIGuScNEmLcHJPHskzeXEenCfn1Xkbj045k50N8gPO+xdFOJ7z</latexit><latexit sha1_base64="6hDez93AjMrSnNoeZfXZjS/6HaI=">AAACFnicbVDLSsNAFJ34rPUVdelmsAi6sCQiqAuh6MZlBatCE8JketsOTiZh5kYoIX/hxl9x40LFrbjzb5w+Fr4OXO7hnHuZuSfOpDDoeZ/O1PTM7Nx8ZaG6uLS8suqurV+ZNNccWjyVqb6JmQEpFLRQoISbTANLYgnX8e3Z0L++A21Eqi5xkEGYsJ4SXcEZWily670I6QkNFIsli4oA+4C2455fljQAKXe+S7uRW/Pq3gj0L/EnpEYmaEbuR9BJeZ6AQi6ZMW3fyzAsmEbBJZTVIDeQMX7LetC2VLEETFiM7irptlU6tJtqWwrpSP2+UbDEmEES28mEYd/89obif147x+5RWAiV5QiKjx/q5pJiSoch0Y7QwFEOLGFcC/tXyvtMM442yqoNwf998l/S2q8f1/2Lg1rjdJJGhWySLbJDfHJIGuScNEmLcHJPHskzeXEenCfn1Xkbj045k50N8gPO+xdFOJ7z</latexit><latexit sha1_base64="6hDez93AjMrSnNoeZfXZjS/6HaI=">AAACFnicbVDLSsNAFJ34rPUVdelmsAi6sCQiqAuh6MZlBatCE8JketsOTiZh5kYoIX/hxl9x40LFrbjzb5w+Fr4OXO7hnHuZuSfOpDDoeZ/O1PTM7Nx8ZaG6uLS8suqurV+ZNNccWjyVqb6JmQEpFLRQoISbTANLYgnX8e3Z0L++A21Eqi5xkEGYsJ4SXcEZWily670I6QkNFIsli4oA+4C2455fljQAKXe+S7uRW/Pq3gj0L/EnpEYmaEbuR9BJeZ6AQi6ZMW3fyzAsmEbBJZTVIDeQMX7LetC2VLEETFiM7irptlU6tJtqWwrpSP2+UbDEmEES28mEYd/89obif147x+5RWAiV5QiKjx/q5pJiSoch0Y7QwFEOLGFcC/tXyvtMM442yqoNwf998l/S2q8f1/2Lg1rjdJJGhWySLbJDfHJIGuScNEmLcHJPHskzeXEenCfn1Xkbj045k50N8gPO+xdFOJ7z</latexit>
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SGD With Momentum
• Remember gradients from past time steps

Momentum Momentum

Conservation


Parameter

Previous Momentum

• Intuition: Prevent instability resulting from sudden changes

vt = �vt�1 + ⌘gt
<latexit sha1_base64="HmkNoCJNVtCiFQYOq963plf1tJg=">AAACB3icbVA9SwNBEN2LXzF+RS0tXAyCIIY7EdRCCNpYRjAmkIRjbrNJluzeHbtzgXCktPGv2Fio2PoX7Pw3bj4KTXww8Hhvhpl5QSyFQdf9djILi0vLK9nV3Nr6xuZWfnvnwUSJZrzCIhnpWgCGSxHyCgqUvBZrDiqQvBr0bkZ+tc+1EVF4j4OYNxV0QtEWDNBKfn6/7yO9oo0OKAW076d44g3pMW1wBNrx0c8X3KI7Bp0n3pQUyBRlP//VaEUsUTxEJsGYuufG2ExBo2CSD3ONxPAYWA86vG5pCIqbZjp+ZEgPrdKi7UjbCpGO1d8TKShjBiqwnQqwa2a9kfifV0+wfdFMRRgnyEM2WdROJMWIjlKhLaE5QzmwBJgW9lbKuqCBoc0uZ0PwZl+eJ5XT4mXRuzsrlK6naWTJHjkgR8Qj56REbkmZVAgjj+SZvJI358l5cd6dj0lrxpnO7JI/cD5/AId/l/Q=</latexit><latexit sha1_base64="HmkNoCJNVtCiFQYOq963plf1tJg=">AAACB3icbVA9SwNBEN2LXzF+RS0tXAyCIIY7EdRCCNpYRjAmkIRjbrNJluzeHbtzgXCktPGv2Fio2PoX7Pw3bj4KTXww8Hhvhpl5QSyFQdf9djILi0vLK9nV3Nr6xuZWfnvnwUSJZrzCIhnpWgCGSxHyCgqUvBZrDiqQvBr0bkZ+tc+1EVF4j4OYNxV0QtEWDNBKfn6/7yO9oo0OKAW076d44g3pMW1wBNrx0c8X3KI7Bp0n3pQUyBRlP//VaEUsUTxEJsGYuufG2ExBo2CSD3ONxPAYWA86vG5pCIqbZjp+ZEgPrdKi7UjbCpGO1d8TKShjBiqwnQqwa2a9kfifV0+wfdFMRRgnyEM2WdROJMWIjlKhLaE5QzmwBJgW9lbKuqCBoc0uZ0PwZl+eJ5XT4mXRuzsrlK6naWTJHjkgR8Qj56REbkmZVAgjj+SZvJI358l5cd6dj0lrxpnO7JI/cD5/AId/l/Q=</latexit><latexit sha1_base64="HmkNoCJNVtCiFQYOq963plf1tJg=">AAACB3icbVA9SwNBEN2LXzF+RS0tXAyCIIY7EdRCCNpYRjAmkIRjbrNJluzeHbtzgXCktPGv2Fio2PoX7Pw3bj4KTXww8Hhvhpl5QSyFQdf9djILi0vLK9nV3Nr6xuZWfnvnwUSJZrzCIhnpWgCGSxHyCgqUvBZrDiqQvBr0bkZ+tc+1EVF4j4OYNxV0QtEWDNBKfn6/7yO9oo0OKAW076d44g3pMW1wBNrx0c8X3KI7Bp0n3pQUyBRlP//VaEUsUTxEJsGYuufG2ExBo2CSD3ONxPAYWA86vG5pCIqbZjp+ZEgPrdKi7UjbCpGO1d8TKShjBiqwnQqwa2a9kfifV0+wfdFMRRgnyEM2WdROJMWIjlKhLaE5QzmwBJgW9lbKuqCBoc0uZ0PwZl+eJ5XT4mXRuzsrlK6naWTJHjkgR8Qj56REbkmZVAgjj+SZvJI358l5cd6dj0lrxpnO7JI/cD5/AId/l/Q=</latexit>

✓t = ✓t�1 � vt
<latexit sha1_base64="oxwK4UvXJJth96v9YgVP9R9O+WE=">AAACB3icbVDLSsNAFJ34rPUVdenCwSK4aUlEUBdC0Y3LCsYW2hAm00k7dPJg5qZQQpZu/BU3LlTc+gvu/BunbRBtPXDhzDn3MvcePxFcgWV9GQuLS8srq6W18vrG5ta2ubN7r+JUUubQWMSy5RPFBI+YAxwEayWSkdAXrOkPrsd+c8ik4nF0B6OEuSHpRTzglICWPPOgA30GxMsgx5f451G1c1zFQw88s2LVrAnwPLELUkEFGp752enGNA1ZBFQQpdq2lYCbEQmcCpaXO6liCaED0mNtTSMSMuVmk0NyfKSVLg5iqSsCPFF/T2QkVGoU+rozJNBXs95Y/M9rpxCcuxmPkhRYRKcfBanAEONxKrjLJaMgRpoQKrneFdM+kYSCzq6sQ7BnT54nzkntombfnlbqV0UaJbSPDtExstEZqqMb1EAOougBPaEX9Go8Gs/Gm/E+bV0wipk99AfGxzfPT5jA</latexit><latexit sha1_base64="oxwK4UvXJJth96v9YgVP9R9O+WE=">AAACB3icbVDLSsNAFJ34rPUVdenCwSK4aUlEUBdC0Y3LCsYW2hAm00k7dPJg5qZQQpZu/BU3LlTc+gvu/BunbRBtPXDhzDn3MvcePxFcgWV9GQuLS8srq6W18vrG5ta2ubN7r+JUUubQWMSy5RPFBI+YAxwEayWSkdAXrOkPrsd+c8ik4nF0B6OEuSHpRTzglICWPPOgA30GxMsgx5f451G1c1zFQw88s2LVrAnwPLELUkEFGp752enGNA1ZBFQQpdq2lYCbEQmcCpaXO6liCaED0mNtTSMSMuVmk0NyfKSVLg5iqSsCPFF/T2QkVGoU+rozJNBXs95Y/M9rpxCcuxmPkhRYRKcfBanAEONxKrjLJaMgRpoQKrneFdM+kYSCzq6sQ7BnT54nzkntombfnlbqV0UaJbSPDtExstEZqqMb1EAOougBPaEX9Go8Gs/Gm/E+bV0wipk99AfGxzfPT5jA</latexit><latexit sha1_base64="oxwK4UvXJJth96v9YgVP9R9O+WE=">AAACB3icbVDLSsNAFJ34rPUVdenCwSK4aUlEUBdC0Y3LCsYW2hAm00k7dPJg5qZQQpZu/BU3LlTc+gvu/BunbRBtPXDhzDn3MvcePxFcgWV9GQuLS8srq6W18vrG5ta2ubN7r+JUUubQWMSy5RPFBI+YAxwEayWSkdAXrOkPrsd+c8ik4nF0B6OEuSHpRTzglICWPPOgA30GxMsgx5f451G1c1zFQw88s2LVrAnwPLELUkEFGp752enGNA1ZBFQQpdq2lYCbEQmcCpaXO6liCaED0mNtTSMSMuVmk0NyfKSVLg5iqSsCPFF/T2QkVGoU+rozJNBXs95Y/M9rpxCcuxmPkhRYRKcfBanAEONxKrjLJaMgRpoQKrneFdM+kYSCzq6sQ7BnT54nzkntombfnlbqV0UaJbSPDtExstEZqqMb1EAOougBPaEX9Go8Gs/Gm/E+bV0wipk99AfGxzfPT5jA</latexit>
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Adagrad
• Adaptively reduce learning rate based on 

accumulated variance of the gradients

• Intuition: frequently updated parameters (e.g. common word 
embeddings) should be updated less


• Problem: learning rate continuously decreases, and training can 
stall -- fixed by using rolling average in AdaDelta and RMSProp

Squared Current Gradient

Small Constant

Gt = Gt�1 + gt � gt
<latexit sha1_base64="Z2cxcDFOvpvgsypOoSmSEm4CFcQ=">AAACBXicbZDLSgMxFIYz9VbrrepShGARBLHMiKAuhKKLuqxgbaEdhkwmbUMzyZCcEcrQlRtfxY0LFbe+gzvfxvSy0OoPgS//OYfk/GEiuAHX/XJyc/MLi0v55cLK6tr6RnFz686oVFNWp0oo3QyJYYJLVgcOgjUTzUgcCtYI+1ejeuOeacOVvIVBwvyYdCXvcErAWkFxtxoAvsDVIIMjb4gPcdfe2ypSMKKgWHLL7lj4L3hTKKGpakHxsx0pmsZMAhXEmJbnJuBnRAOngg0L7dSwhNA+6bKWRUliZvxsvMYQ71snwh2l7ZGAx+7PiYzExgzi0HbGBHpmtjYy/6u1Uuic+RmXSQpM0slDnVRgUHiUCY64ZhTEwAKhmtu/YtojmlCwyRVsCN7syn+hflw+L3s3J6XK5TSNPNpBe+gAeegUVdA1qqE6ougBPaEX9Oo8Os/Om/M+ac0505lt9EvOxzeO0pbZ</latexit><latexit sha1_base64="Z2cxcDFOvpvgsypOoSmSEm4CFcQ=">AAACBXicbZDLSgMxFIYz9VbrrepShGARBLHMiKAuhKKLuqxgbaEdhkwmbUMzyZCcEcrQlRtfxY0LFbe+gzvfxvSy0OoPgS//OYfk/GEiuAHX/XJyc/MLi0v55cLK6tr6RnFz686oVFNWp0oo3QyJYYJLVgcOgjUTzUgcCtYI+1ejeuOeacOVvIVBwvyYdCXvcErAWkFxtxoAvsDVIIMjb4gPcdfe2ypSMKKgWHLL7lj4L3hTKKGpakHxsx0pmsZMAhXEmJbnJuBnRAOngg0L7dSwhNA+6bKWRUliZvxsvMYQ71snwh2l7ZGAx+7PiYzExgzi0HbGBHpmtjYy/6u1Uuic+RmXSQpM0slDnVRgUHiUCY64ZhTEwAKhmtu/YtojmlCwyRVsCN7syn+hflw+L3s3J6XK5TSNPNpBe+gAeegUVdA1qqE6ougBPaEX9Oo8Os/Om/M+ac0505lt9EvOxzeO0pbZ</latexit><latexit sha1_base64="Z2cxcDFOvpvgsypOoSmSEm4CFcQ=">AAACBXicbZDLSgMxFIYz9VbrrepShGARBLHMiKAuhKKLuqxgbaEdhkwmbUMzyZCcEcrQlRtfxY0LFbe+gzvfxvSy0OoPgS//OYfk/GEiuAHX/XJyc/MLi0v55cLK6tr6RnFz686oVFNWp0oo3QyJYYJLVgcOgjUTzUgcCtYI+1ejeuOeacOVvIVBwvyYdCXvcErAWkFxtxoAvsDVIIMjb4gPcdfe2ypSMKKgWHLL7lj4L3hTKKGpakHxsx0pmsZMAhXEmJbnJuBnRAOngg0L7dSwhNA+6bKWRUliZvxsvMYQ71snwh2l7ZGAx+7PiYzExgzi0HbGBHpmtjYy/6u1Uuic+RmXSQpM0slDnVRgUHiUCY64ZhTEwAKhmtu/YtojmlCwyRVsCN7syn+hflw+L3s3J6XK5TSNPNpBe+gAeegUVdA1qqE6ougBPaEX9Oo8Os/Om/M+ac0505lt9EvOxzeO0pbZ</latexit>

✓t = ✓t�1 �
⌘p

Gt + ✏
gt

<latexit sha1_base64="zqtmM8v1Le4LNs3ZqSPl2MoNcc8="></latexit><latexit sha1_base64="zqtmM8v1Le4LNs3ZqSPl2MoNcc8="></latexit><latexit sha1_base64="zqtmM8v1Le4LNs3ZqSPl2MoNcc8="></latexit>
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Adam
• Most standard optimization option in NLP and beyond

• Considers rolling average of gradient, and momentum
mt = �1mt�1 + (1� �1)gt

vt = �2vt�1 + (1� �2)gt � gt
<latexit sha1_base64="7LaGMij2fvu9TSQ4l1XLThYMwZo="></latexit><latexit sha1_base64="7LaGMij2fvu9TSQ4l1XLThYMwZo="></latexit><latexit sha1_base64="7LaGMij2fvu9TSQ4l1XLThYMwZo="></latexit>

Momentum

Rolling Average of Gradient

m̂t =
mt

1� (�1)t
<latexit sha1_base64="uU/7wIbYkpNLdU8wOtlDEbAhmgY=">AAACDXicbVA9SwNBEJ3z2/gVtbRZlEAsDHc2aiEEbSwVjAq5eOxt9pIlu3fH7pwQjvsFNv4VGwsVsbO38x/Y+RfcJBZ+PRh4vDfDzLwwlcKg6745Y+MTk1PTM7OlufmFxaXy8sqZSTLNeIMlMtEXITVcipg3UKDkF6nmVIWSn4e9w4F/fsW1EUl8iv2UtxTtxCISjKKVgnLF71LMVREg2Sd+pCnLVYBF7m1V/ZAjDbzNSyyC8oZbc4cgf4n3RTbq9Y/3ZwA4DsqvfjthmeIxMkmNaXpuiq2cahRM8qLkZ4anlPVohzctjanippUP3ylIxSptEiXaVoxkqH6fyKkypq9C26kods1vbyD+5zUzjHZbuYjTDHnMRouiTBJMyCAb0haaM5R9SyjTwt5KWJfaTNAmWLIheL9f/ksa27W9mndiwziAEWZgDdahCh7sQB2O4BgawOAabuEeHpwb5855dJ5GrWPO18wq/IDz8gnWbp6D</latexit><latexit sha1_base64="ebyssrkgbrz8OmYYTlFMkBtIdy4=">AAACDXicbVC7SgNBFJ31bXxFBRubwRiIhWHXRi2EoI1lBGMC2bjMTmbN4MzuMnNXCMt+gY0f4E/YWGiwtbfzD+z8BSePQhMPXDiccy/33uPHgmuw7U9ranpmdm5+YTG3tLyyupZf37jSUaIoq9FIRKrhE80ED1kNOAjWiBUj0hes7t+e9f36HVOaR+EldGPWkuQm5AGnBIzk5Ytuh0AqMw/wCXYDRWgqPchSZ7/k+gyI5+xdQ+blC3bZHgBPEmdECpXK91dv63G36uU/3HZEE8lCoIJo3XTsGFopUcCpYFnOTTSLCb0lN6xpaEgk06108E6Gi0Zp4yBSpkLAA/X3REqk1l3pm05JoKPHvb74n9dMIDhqpTyME2AhHS4KEoEhwv1scJsrRkF0DSFUcXMrph1iMgGTYM6E4Iy/PElqB+XjsnNhwjhFQyygbbSDSshBh6iCzlEV1RBF9+gJvaBX68F6tnrW27B1yhrNbKI/sN5/AO4hn1U=</latexit><latexit sha1_base64="tX+KmExHPpLLt2r1vquyYOWnxPw=">AAACDXicbVA9SwNBEN2LXzF+nVraLIZALAx3NmohBG0sIxgTyMVjb7OXLNm9O3bnhHDcL7Dxr9hYqNja2/lv3HwUmvhg4PHeDDPzgkRwDY7zbRWWlldW14rrpY3Nre0de3fvTsepoqxJYxGrdkA0EzxiTeAgWDtRjMhAsFYwvBr7rQemNI+jWxglrCtJP+IhpwSM5NsVb0Agk7kP+AJ7oSI0kz7kmXtc9QIGxHeP7iH37bJTcybAi8SdkTKaoeHbX14vpqlkEVBBtO64TgLdjCjgVLC85KWaJYQOSZ91DI2IZLqbTd7JccUoPRzGylQEeKL+nsiI1HokA9MpCQz0vDcW//M6KYRn3YxHSQosotNFYSowxHicDe5xxSiIkSGEKm5uxXRATCZgEiyZENz5lxdJ86R2XnNvnHL9cpZGER2gQ1RFLjpFdXSNGqiJKHpEz+gVvVlP1ov1bn1MWwvWbGYf/YH1+QOt25ts</latexit>

v̂t =
vt

1� (�2)t
<latexit sha1_base64="3k3UytFXUZZXN9xAvbSC1KbMZCk=">AAACDXicbVC7SgNBFL3r2/iKWtoMSiAWht00aiEEbSwVjBGycZmdzCZDZh/M3A2EZb/Axl+xsVARO3s7/8DOX3DyKHwduHA4517uvcdPpNBo2+/W1PTM7Nz8wmJhaXllda24vnGp41QxXmexjNWVTzWXIuJ1FCj5VaI4DX3JG37vZOg3+lxpEUcXOEh4K6SdSASCUTSSVyy5XYpZP/eQHBE3UJRlfQ/zzNkruz5H6lV3rzH3ijt2xR6B/CXOhOzUap8fLwBw5hXf3HbM0pBHyCTVuunYCbYyqlAwyfOCm2qeUNajHd40NKIh161s9E5OSkZpkyBWpiIkI/X7REZDrQehbzpDil392xuK/3nNFIODViaiJEUesfGiIJUEYzLMhrSF4gzlwBDKlDC3EtalJhM0CRZMCM7vl/+SerVyWHHOTRjHMMYCbME2lMGBfajBKZxBHRjcwB08wKN1a91bT9bzuHXKmsxswg9Yr1/05J6W</latexit><latexit sha1_base64="inXyXnDDlmalxS+brMkBon+upyE=">AAACDXicbVC7SgNBFJ31bXytCjY2gzEQC8OujVoIQRtLBWMC2XWZncyaIbMPZu4GwrJfYOMH+BM2Fiq29nb+gZ2/4ORRaOKBC4dz7uXee/xEcAWW9WlMTc/Mzs0vLBaWlldW18z1jWsVp5KyGo1FLBs+UUzwiNWAg2CNRDIS+oLV/c5Z3693mVQ8jq6glzA3JLcRDzgloCXPLDltAlk39wCfYCeQhGZdD/LM3i87PgPiHezdQO6ZRatiDYAniT0ixWr1++t162H3wjM/nFZM05BFQAVRqmlbCbgZkcCpYHnBSRVLCO2QW9bUNCIhU242eCfHJa20cBBLXRHggfp7IiOhUr3Q150hgbYa9/rif14zheDIzXiUpMAiOlwUpAJDjPvZ4BaXjILoaUKo5PpWTNtEZwI6wYIOwR5/eZLUDirHFftSh3GKhlhA22gHlZGNDlEVnaMLVEMU3aFH9IxejHvjyXg13oatU8ZoZhP9gfH+Awymn2g=</latexit><latexit sha1_base64="4PRu3kPKoHVfeG6bK0+b+RrguA0=">AAACDXicbVC7SgNBFJ2NrxhfUUubwRCIhWE3jVoIQRvLCK4JZNdldjKbDJl9MHM3EJb9Aht/xcZCxdbezr9x8ig08cCFwzn3cu89fiK4AtP8Ngorq2vrG8XN0tb2zu5eef/gXsWppMymsYhlxyeKCR4xGzgI1kkkI6EvWNsfXk/89ohJxePoDsYJc0PSj3jAKQEteeWqMyCQjXIP8CV2AkloNvIgz6zTmuMzIF7j5AFyr1wx6+YUeJlYc1JBc7S88pfTi2kasgioIEp1LTMBNyMSOBUsLzmpYgmhQ9JnXU0jEjLlZtN3clzVSg8HsdQVAZ6qvycyEio1Dn3dGRIYqEVvIv7ndVMIzt2MR0kKLKKzRUEqMMR4kg3ucckoiLEmhEqub8V0QHQmoBMs6RCsxZeXid2oX9StW7PSvJqnUURH6BjVkIXOUBPdoBayEUWP6Bm9ojfjyXgx3o2PWWvBmM8coj8wPn8AzFGbfw==</latexit>

• Final update
✓t = ✓t�1 �

⌘p
v̂t + ✏

m̂t
<latexit sha1_base64="vFWgf8Z25xhNy/8deLRj2WaSIkw="></latexit><latexit sha1_base64="vFWgf8Z25xhNy/8deLRj2WaSIkw="></latexit><latexit sha1_base64="vFWgf8Z25xhNy/8deLRj2WaSIkw="></latexit>
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• Correction of bias early in training, because         is a 
biased estimation of variance:



Training Tricks
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Shuffling the Training Data

• Stochastic gradient methods update the 
parameters a little bit at a time


• What if we have the sentence “I love this 
sentence so much!” at the end of the training 
data 50 times?


• To train correctly, we should randomly shuffle the 
order at each time step
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Simple Methods to Prevent Over-fitting

• Neural nets have tons of parameters: we want to prevent 
them from over-fitting


• Early stopping: 

• monitor performance on held-out development data 

and stop training when it starts to get worse

• Learning rate decay:

• gradually reduce learning rate as training continues, or

• reduce learning rate when dev performance plateaus


• Patience:

• learning can be unstable, so sometimes avoid 

stopping or decay until the dev performance gets 
worse n times
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Which One to Use?
• Adam is usually fast to converge and stable


• But simple SGD tends to do very will in terms of 
generalization (Wilson et al. 2017)


• You should use learning rate decay, (e.g. on Machine 
translation results by Denkowski & Neubig 2017)
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Dropout

(Srivastava+ 14)

• Neural nets have lots of parameters, and are prone 
to overfitting


• Dropout: randomly zero-out nodes in the hidden 
layer with probability p at training time only

• Because the number of nodes at training/test is different, scaling is 
necessary:

• Standard dropout: scale by 1-p at test time

• Inverted dropout: scale by 1/(1-p) at training time


• An alternative: DropConnect (Wan+ 2013) instead zeros out 
weights in the NN

x

x
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Efficiency Tricks: 
Operation Batching
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Efficiency Tricks: 
Mini-batching

• On modern hardware 10 operations of size 1 is 
much slower than 1 operation of size 10


• Minibatching combines together smaller operations 
into one big one

45



Minibatching

46



Procedure of Minibatching
• Group together similar operations (e.g. loss 

calculations for a single word) and execute them all 
together

• In the case of a feed-forward language model, each 

word prediction in a sentence can be batched

• For recurrent neural nets, etc., more complicated


• How this works depends on toolkit

• Most toolkits have require you to add an extra 

dimension representing the batch size

• Some toolkits have explicit tools that help with 

batching
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Assignment

48



Still Some Things Left!
• We've left off the details of some underlying parts.


• What about more operations?


• What about more optimizers?


• Challenge: can you make a more sophisticated 
model?

https://github.com/JunjieHu/cs769-assignments/tree/main/assignment1 
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https://github.com/JunjieHu/cs769-assignments/tree/main/assignment1


Questions?
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