11-695 Assignment 1 Image Classification

11-695: Al Engineering
Assignment 1: Supervised Learning

Spring 2019

Abstract

In this assignment, you will implement an image classification system in TensorFlow [Abadi
et al., 2015]. The starter code is provided for you, where a naive classifier has been implemented.
Your job is to understand the starter code and implement two models of your choice: a feed-forward
neural network, and a convolutional neural network. For each network, you have the freedom to
explore different architectures, to implement, to train, and to test your model. As a starting point,
you will be working with the CIFAR-10 dataset [Krizhevsky, 2009], where we expect your best
method to reach 80% accuracy. Next, you will be dealing with a more real-world problem by
training the Tiny Image-Net' dataset.

1 Code and Dataset

Install TensorFlow. If you have not already, please navigate to TensorFlow’s site and follow their
instructions to install the framework. The instructions are at

https://www.tensorflow.org/install/

Their instructions should be sufficient to install TensorFlow and all of its dependencies on your system.
It is possible to complete this assignment without using any GPU, so you do not need to install CUDA
or anything related to GPU programming. However, if you wish to, you are more than encouraged
to install TensorFlow GPU, which will make your implementation much faster, hence saving much of
your time.

Download the CIFAR-10 Dataset. You will be working with the CIFAR-10 dataset, which is
available at

https://www.cs.toronto.edu/~kriz/cifar-10-python.tar.gz

This dataset consist of 50,000 training images and 10, 000 testing images. All images are RGB images
with the size of 32 x 32. Each image is assigned one of 10 pre-defined labels. You can find out more
about the CIFAR-10 dataset in the paper by Krizhevsky [2009].

One of the best performances on the CIFAR-10 dataset is 97.7% accuracy, which is achieved by
Neural Architecture Search [Zoph et al., 2017]. In this assignment, your best model is required to
reach 80% accuracy.

The starter code implements some data preprocessing procedures for you. In particular, we reserve
5,000 training images for validation. Thus, there are 45,000 images for training. We have also
subtracted the channel mean and divided the channel standard deviation from all images. These are
the standard data preprocessing steps for the CIFAR-10 dataset.

Lhttps://tiny-imagenet.herokuapp.com/


https://www.tensorflow.org/install/
https://www.cs.toronto.edu/~kriz/cifar-10-python.tar.gz

Download the Tiny Image-Net Dataset. The second dataset you will be working with is the
Tiny Image-Net Dataset, which is available at

https://tiny-imagenet.herokuapp.com

This dataset consists of 200 classes, 500 training images and 50 validation images per each class. To
make the problem easier for you, we narrow the scope down to 50 classes and already parse the data
into 450 train images, 50 validation and 50 testing images per class.

Starter code. The starter code for your project is available at
http://www.cs.cmu.edu/~htpham/11695/assignment.html

After downloading and unzipping the code and the CIFAR-10 data, you can navigate to your code.
To make things simple, please place your uncompressed CIFAR10 data into the folder cifar10 and
Image-Net data into the folder imagenet. The respective drivers for each code are the corresponding
main.py. There are some bash scripts which illustrate how to run these drivers.

The starter code (for each dataset) implements an extremely simple baseline algorithm: a naive
classifier. This algorithm performs the following steps:

e Flattens each CIFAR-10 images into a vector of 3072 numbers,
e Applies a matrix multiplication to turn the image into a logit vector of 10 numbers,
e Applies the softmax function on the logits to obtain the output class distributions.

This softmax classification is trained using stochastic gradient descent (SGD), with a fixed learning
rate, which is not a very good setting for SGD. If you run the starter code, which trains this model
for only 1000 steps, you will get around 26% accuracy on the test data.

2  Your Work

The driver of the program is in the file main.py. From this file, the relevant computational graphs are
from models.py. It is your responsibility to read the code and figure out all the relevant points. We
note the sections to implement/change by the #T0DO signals. You are free to implement however you
want, but it is prohibited to use the contained implmented networks such as LeNet, VGG16, VGG19,
ResNet, etc.. Likewise, you are expected to implement each FC, Conv2d, Pooling and Dropout
Layers completely by yourself, using the provided TF libraries.

There are 3 files to implement in general for each dataset:

1. data_utils.py: implement TF batched dataset object

2. models.py: implement inference model, i.e. taking the images tensor and return the correspond-
ing logits.

3. main.py: implement the function which counts the accuracy for each batch and return the
accuracy for the whole dataset. This one is to be reused everytime we need to evaluate (validation
or testing).

You are required to implement the functions conv_net and mlp networks and make the model have
as high accuracy as possible on validation and test datasets. You can use any techniques that you
desire, including but not limited to the following suggestions:

e /q regularization, {s-regularization, etc.

e Activation functions: tf.sigmoid, tf.tanh, tf.nn.relu, etc.


https://tiny-imagenet.herokuapp.com
http://www.cs.cmu.edu/~htpham/11695/assignment.html

e Momentum training [Nesterov, 1983]. The TF code for this is: tf.train.MomemtumOptimizer,

e DropOut [Srivastava et al., 2014],

e Batch Normalization [loffe and Szegedy, 2015]. For TF code, you can use tf .nn.fused batch norm,
e Residual connections [He et al., 2016], Highway connection [Greff et al., 2017],

You can also use any number of layers and architectures. Remember that networks with more layers
are harder to train, but if you can train them appropriately, you can usually get a better performance.
In summrary:

e For Cifar10: you are required to have 2 separate models: mlp and conv. You have to pass the
baselines of 45% and 80%, respectively, for top 1 accuracy.

e For Tiny Image-Net: you are only required to have 1 model, which is expected to be a deep
CNN. Hint: you can adjust VGG16 to a shorter version to cope with the small resolution. Also
note that we are requiring you to train on 50 classes, and you have to pass the baseline of 40%
on the test dataset for top 1 accuracy. After that, extra points and bonus points will be earned.
Another way to earn even more bonus points is to incrase the number of class (the constant
N_CLASSES_LIMIT) to more than 50.

Important Note: Please implment all TODO sections. And please be noticed that for each dataset,
you are required to report both topl and top5 accuracies.

3 Reports

After you have done, you should have respective train log files and more importantly, we expect you to

turn in a report detailing the results and analysis. The report is of free format, but ideally should have

a summary in tables for respective validation and test accuracies for each model, per each dataset.
To simplify your work, please limit your report to 2 pages maximum.

4 Gradings

The grading breakdowns are as follows with totally 110 points:
e CIFARI10 Feed-forward network: 15

CIFAR10 Convolutional network: 25 points.

ImageNet network: 20 points.

e Performance for exceeding the baselines: 20 = 545410 points.

Report at least topl and top5 on each dataset: 10 points.

Extra credit: up to 20 points.

5 Submission

Submit the following to our shared instructor email at: cmu.11695.sp2019@gmail.com

e Your folder of code, excluding dataset.
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e Your real log of running each of your models. You can export log of running simply by using
> log-cnn.txt after your command, or by using this syntax: python3 main.py 2>&1 | tee
log_cnn.txt.

e Your report.

Note: Your code must be runnable directly with Python3 and Tensorflow. Any extra packages
might be super useful but is prohibited. If you want to use any of new packages on the internet, check
with the instructors first. Furthermore, if your code has a special instruction to run, please detail it.
We will give you zero for each part where your code is not runnable. The TAs will be running each of
your code so please be considerate to them as well.

6 Bonus

As circulated, we give extra credits for top 3 performers for this assignments (total best accuracies
combined for 2 datasets). We also reserve our right to change this bonus scheme based on your real
submissions.

As usual, we urge you to start early and acquire help from instructors soon.

7 Academic Integrity.

As normal, you are encouraged to discuss with your friends and the instructors. Anything they tell
you, you can use. However, looking at other’s code should not happen at all cost.
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