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Acknowledgement: slides are based on CMU's Deep Learning Systems course 

(10-414/714, Fall 2025). Thanks to: Prof. Zico Kolter, Prof. Tianqi Chen, Prof. 

Tim Dettmers.

https://dlsyscourse.org/


Announcements

• HW2 is out! Due in a few days.

• Midterm next week!

• "Midterm Study Guide" released (see Edstem post)

• Midterm assignments will be emailed out soon
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https://edstem.org/us/courses/91872/discussion/7734058
https://edstem.org/us/courses/91872/discussion/7734058


Outline

Overview of class concepts

Practice Problems
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What have we done in this class?
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https://phdcomics.com/comics/archive.php?comicid=820

https://phdcomics.com/comics/archive.php?comicid=1655

https://phdcomics.com/comics/archive.php?comicid=1656

https://phdcomics.com/comics/archive.php?comicid=1655
https://phdcomics.com/comics/archive.php?comicid=1655
https://phdcomics.com/comics/archive.php?comicid=1655
https://phdcomics.com/comics/archive.php?comicid=1655
https://phdcomics.com/comics/archive.php?comicid=1655
https://phdcomics.com/comics/archive.php?comicid=1656
https://phdcomics.com/comics/archive.php?comicid=1656


Model architecture design

Learned (nearly) everything required to design model architectures for: 

classification, regression

5

Parameter 

initialization

Linear Layer

Norm

Relu

X

Repeat

Residual "skip" 

connection

Linear

logits

CrossEntropy

Loss

Shape=[batchsize, d]

MSELoss

Classification Regression

Activation nonlinearity 

function. Crucial to improve 
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Model Training

Learned how model training works, via the backprop algorithm (reverse mode 

autodiff)
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def gradient(out):

    node_to_grad = {out:  [1]}

  for 𝑖 in reverse_topo_order(out):

 ഥ𝑣𝑖 =  σ𝑗 𝑣𝑖→𝑗  = sum(node_to_grad[𝑖])

    for 𝑘 ∈ 𝑖𝑛𝑝𝑢𝑡𝑠 𝑖 :

        compute 𝑣𝑘→𝑖 = ഥ𝑣𝑖
𝜕𝑣𝑖

𝜕𝑣𝑘

        append 𝑣𝑘→𝑖 to node_to_grad[𝑘] 

    return adjoint of input 𝑣𝑖𝑛𝑝𝑢𝑡

Recall:

ഥ𝑣𝑖 =
𝜕𝑦

𝜕𝑣𝑖

𝑣𝑖→𝑗 =  ഥ𝑣𝑗
𝜕𝑣𝑗

𝜕𝑣𝑖

class MatMul(Op):
    def forward(self, lhs, rhs):
        return lhs @ rhs
    def gradient(self, out_grad, node):
        lhs, rhs = node.inputs
        # calculate dloss_dout @ dout/dlhs
        dloss_dlhs = out_grad @ rhs.T
        # calculate dloss_dout @ dout/drhs
        dloss_drhs = lhs.T @ out_grad
        return dloss_dlhs, dloss_drhs



Optimization

Learned how we update model parameters, given adjoints (gradients).
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"Vanilla" SGD SGD+Momentum Adam

𝜃𝑡+1 = 𝜃𝑡 − 𝛼∇𝜃𝑓(𝜃𝑡) 𝑢𝑡+1 = 𝛽1𝑢𝑡 + 1 − 𝛽1 ∇𝜃𝑓 𝜃𝑡

𝑣𝑡+1 = 𝛽2𝑣𝑡 + 1 − 𝛽2 ∇𝜃𝑓 𝜃𝑡
2

𝜃𝑡+1 = 𝜃𝑡 − 𝛼
𝑢𝑡+1

𝑣𝑡+1 + 𝜖

𝑢𝑡+1 = 𝛽𝑢𝑡 + 1 − 𝛽 ∇𝜃𝑓 𝜃𝑡

𝜃𝑡+1 = 𝜃𝑡 − 𝛼𝑢𝑡+1

Linear 

approximation (first 

order methods)

Quadratic 

approximation (second 

order methods)



ConvNets

Learned how we can better handle image data, via convolutional neural networks 

("Convnets").
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CrossEntropyLoss

loss

Y



Computer Vision: object detection

Studied the "YOLO" object detection model, which frames object detection as box 

regression+classification on top of a ConvNet.
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Deep learning library abstractions

Learned (and implemented!) the typical abstractions/interfaces used in modern 

popular deep learning libraries (ex: pytorch, tensorflow, needle)
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Label: "dog"

Data loader and 

preprocessing

nn.Module to 

compose the model
nn.Module to build 

loss functions

Optimizer

Parameters and gradients

data hypothesis loss

Initialization

Dataset. 

Eg: disk, 

internet



Where are we now, and what is next?

At this point, you should be able to read and understand the deep learning code of 

state of the art, powerful models.

Further, you understand the inner workings of every step of the deep learning 

pipeline (model architecture design, backprop, optimizers).

Next, we will move on from needle and start learning the pytorch framework.

Fortunately, pytorch is extremely similar to needle, so this transition should be 

easy!
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Sigmoid vs Relu

Question: suppose we used the Sigmoid function instead of Relu as our nonlinear 

activation function. What might go wrong?

Hint: consider the gradient of Sigmoid and Relu for large/small values.
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Answer: Sigmoid can suffer from vanishing gradient problem if 

input activations have large magnitude, eg <-5 or >+5.

Relu does not suffer from this problem, but does have a "dying 

Relu" problem (see Disc03 Q2)



Layer Stacking

Question: Suppose I have this model architecture: Linear->Linear->Linear. Why is 

this architecture a red flag?
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Answer: composition of multiple linear operators is another linear operator. In other words: 

model complexity of this model is equivalent to a single Linear layer.

Question: What about: Conv2d -> Conv2d -> Conv2d?

Answer: same issue as Linear layers, Conv2d is a linear operator, so this is equivalent to a single 

Conv2d layer.

Question: What about: Linear -> LayerNorm -> Linear -> LayerNorm -> Linear?

Answer: LayerNorm is a nonlinear operator (due to division, and calculating var is a nonlinear 

operation). Thus, technically we can use LayerNorm as a nonlinear activation function. 

But, not recommended, use a dedicated activation function like Relu in practice!

(optional, for fun) A blog post exploring using LayerNorm as the 

activation function: "Re-Examining LayerNorm"

https://www.lesswrong.com/posts/jfG6vdJZCwTQmG7kb/re-examining-layernorm?ref=conjecture.dev
https://www.lesswrong.com/posts/jfG6vdJZCwTQmG7kb/re-examining-layernorm?ref=conjecture.dev
https://www.lesswrong.com/posts/jfG6vdJZCwTQmG7kb/re-examining-layernorm?ref=conjecture.dev
https://www.lesswrong.com/posts/jfG6vdJZCwTQmG7kb/re-examining-layernorm?ref=conjecture.dev
https://www.lesswrong.com/posts/jfG6vdJZCwTQmG7kb/re-examining-layernorm?ref=conjecture.dev


Linear Layers
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Backprop

Perform backprop (reverse-mode autodiff) on this computation graph
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Linear Exp Linear

X

MSELossFirst do it with scalar x 

(shape=[1]).

Then, try it with vector 

x.shape=[d]

Linear has no bias.

Residual ("skip") 

connection is implemented 

via elementwise-sum


	Intro
	Slide 1: Data 188: Introduction to Deep Learning  Midterm Review
	Slide 2: Announcements
	Slide 3: Outline
	Slide 4: What have we done in this class?
	Slide 5: Model architecture design
	Slide 6: Model Training
	Slide 7: Optimization
	Slide 8: ConvNets
	Slide 9: Computer Vision: object detection
	Slide 10: Deep learning library abstractions
	Slide 11: Where are we now, and what is next?
	Slide 12: Sigmoid vs Relu
	Slide 13: Layer Stacking
	Slide 14: Linear Layers
	Slide 15: Backprop


