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Please follow our instruction to convert the your Colab notebook to a PDF file and
submit the PDF file to Gradescope. For your convenience, we have included the PDF
conversion script at the end of the notebook. If you have any issue converting the notebook
file, please refer to the Piazza post @432 for more detailed guidance. Nothing needs to be
submitted to Canvas.

The starter code can be found at:
https://colab.research.google.com/drive/1CPIntalw8xobRYZVXXz5ns8XdAh6H_V-?usp=

sharing

We recommend editing and running your code in Google Colab, although you are welcome to
use your local machine instead.

Problem 7.1 Object Detection

In this problem set, we will implement a single-stage object detector, based on YOLO v1 [1].
Unlike the (better-performing) R-CNN models, single-stage stage detectors simply predict
bounding boxes and classes (e.g. as part of a fully convolutional network), without explicitly
cropping region proposals out of the image or feature map. This makes them significantly
faster to run, and simpler to implement.

We’ve given you the code for the object detection system, but we’ve left a few key functions
unimplemented. Your task is to 1) understand the model and code, 2) fill in these missing
pieces. Consequently, this problem set will require you to read more code than in previous
problem sets (but your solution will not require very much code).

We’ll train and evaluate our detector on the PASCAL VOC dataset, a standard dataset for
object detection tasks. The full dataset contains a total of 11K train/validation data images
with 27K labeled objects, spanning 20 classes (Figure 1).

Below, we outline the steps in the object detection pipeline and the modules that you will be
implementing. The instructions here are not exhaustive, and you should refer to the comments
in the provided notebook for further implementation details. Also, we encourage you to not
necessarily jump directly to the part of the notebook that requires you to write code — instead,
we recommend first reading the comments in the system we’ve provided, and to understand
the utility of each function by understanding their inputs and outputs.
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Figure 1: Example images and detections from the PASCAL VOC dataset.

1. We will use MobileNetv2 [2] as our backbone network for image feature extraction.
This is a simple convolutional network intended for efficient computation. To speed up
training, we’ve pretrained the network to solve ImageNet classification. This is already
implemented for you. (0 points)

2. After passing the input image through the backbone network, we have a convolutional
feature map of shape (D, 7, 7) which we interpret as a 7x7 grid of D−dimensional features.
At each cell in this grid, we’ll predict a set of A bounding boxes.

The format of these bounding boxes is as follows: consider a grid with center (xgc , y
g
c ).

The prediction network, which you will implement later will predict offsets (tx, ty, tw, th)
with respect to this center. By applying this transformation, we get the bounding box
or proposal with center, width, and height (xpc , y

p
c , wp, hp). To convert the offsets to the

actual bounding box parameters, read the instructions in the notebook to implement
the GenerateProposal function. (2 points)

3. We have provided you with an IoU function that estimates the intersection-over-union
(IoU) of two bounding boxes. You will be needing this function later in the object
detection module to calculate the IoU between the predicted and ground-truth bounding
boxes. If time permits, we encourage you to read and understand this code, since it is
an important part of the system. (0 points)

4. The prediction network inputs the features from the backbone network, and outputs the
classification scores and offsets for each bounding box.

For each position in the 7 × 7 grid of features from the fully convolutional network, the
prediction network outputs C numbers to be interpreted as classification scores over the
C object categories for the bounding boxes with centers in that grid cell.

In addition, for each of the A bounding boxes at each position, the prediction network
outputs offsets (4 numbers, to represent the bounding box) and a confidence score (where
large positive values indicate high probability that the bounding box contains an object,
and large negative values indicate low probability that the bounding box contains an
object), as shown in Figure 2. Please refer to the notebook for further instructions and
implement the PredictionNetwork class. (4 points)
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Figure 2: Output of the prediction network. Image credit: towardsdatascience

5. We’ll regress the three quantities: confidence score, bounding box offset, and class score.
We provided the code for computing each of these losses individually, but you will need
to compute a weighted sum for the total loss. (0 points)

6. Implement the forward pass of the object detector. The forward pass inputs the images
and ground-truth bounding boxes and returns the loss for the minibatch. The forward
pass should encapsulate all the previous modules you’ve written and some previously
defined by us for you (feature extraction, prediction network, etc). (4 points)

7. To make sure that everything is working as expected, we can try to overfit the detector
to a small subset of data. This overfitting experiment should only take about a few
minutes to run. After 200 epochs of training you should see a total loss of around or
less than 0.13. Now that we are confident that the training code is working properly,
let’s train the network on more data and for longer. We will train for 50 epochs; this
should take about 35 minutes on the GPU that Colab provides. You should see a total
loss around or less than 0.15. (0 points)

Note that real object detection systems typically train for 12-24 hours, distribute training
over multiple GPUs, and use much faster GPUs. As such our result will be far from the
state of the art, but it should give some reasonable results!

8. The inference step will input validation images and predict bounding boxes, confidence
scores, and class labels for each object in the image. Low confidence and repeated
bounding boxes will be filtered by thresholding and Non Maximal Supression (NMS).
This has already been implemented for you. (0 points)

9. To evaluate the performance of your detector, we will use the mean Average Precision
(mAP) metric. mAP is computed by taking the average of precision over all the classes
in the dataset. For your convenience, we’ve also provided code to compute mAP, so
you are only required to run the inference code and confirm that your detector achieves
around 12% mAP or above on the validation dataset. (0 points)

(Optional): As a challenge, try to improve the performance of your object detector. You
can try increasing the number of samples in the training set or train the model for more
epochs. Additionally, you can try to increase the resolution of the input by increasing the
feature map dimension from 7 × 7 to 13 × 13. For more advanced techniques to try, refer to
Figure 3 taken from the YOLO v2 [3] paper. It is possible to achieve 18-20% mAP using this

3

https://towardsdatascience.com/yolov1-you-only-look-once-object-detection-e1f3ffec8a89


implementation of the YOLO detector with basic modifications. Please revert the code back
for grading purposes.

Figure 3: Design choices for YOLO v2 leading to performance boost

Resources

1. Lecture slides

2. YOLO v1 paper [1] and this comprehensive summary of the paper by Sik-Ho Tsang..
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