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Outline

• Multi-label Classification on YouTube-8M
• Introduction of multi-task learning



Multi-label Classification on YouTube-8M
• Task
• Dataset 
• MAP@K
• Submission Requirements
• Demo



Task
Learn Predict

American football Festival Gym 

Beauty & FitnessArts & EntertainmentSports

Weight training American football
Gym 

Video game 

Labels

Topic

Input (128+1024)
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The category of the label is vocabulary.csv

https://research.google.com/youtube8m/csv/2/vocabulary.csv




TFrecord
1. Many tf.Example is store in one Tfrecord file.
2. TF Example:

a. As {"string": tf.train.Feature}
b. Type of tf.train.Feature

• tf.train.BytesList
• tf.train.FloatList
• tf.train.Int64List

3. Way to load
a. Tf tutorial
b. Following the demo

Tf.Example

id
(bytes)

labels
(List of int)

mean_rgb
(1024)

mean_audio
(128)

6

https://www.tensorflow.org/tutorials/load_data/tfrecord


MAP@K
1. True label: list of label {3, 4, 34, 2781, 3764}
2. Label with confidence {1:0.23, 2:0.43, 3:0.87, 4:0.86, 5:0.30, …}
3. Prediction label {4, 3, 139, 188, 215, 34, 2781, 2208, 40, 3764} with confidence decreasing.
4. Intuition: 

a. Better model will predict the true labels at higher rank.
b. In one prediction, the recall is bigger, the precision is always smaller. 

{3, 34, 2781, 4, 3764, 215, 873, 2208, 40, 3764, …} 
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MAP@K
1. Definition 

Where K is the number of labels you output (recommend) 

P k and r k is the precision and recall calculated by the subset from rank 1 through 𝐤;

q is one query, here it is the list containing true labels of video；
Q is the number of queries, here it is number of videos.

@ K: Evaluate on only the first K output (recommend).
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AveP@K
1. Calculate AveP

a. Intuition: The area under the Precision-recall

P k and r k is the precision and recall calculated by the subset from rank 1 through 𝐤;
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https://zhuanlan.zhihu.com/p/88896868

{T,    T,   F,    F,    F,    T,    T,   F,    F,    T} 
P={1/1, 2/2, 2/3, 2/4, 2/5, 3/6, 4/7, 4/8, 4/9, 5/10} 
R={1/5, 2/5, 2/5, 2/5, 2/5, 3/5, 4/5, 4/5, 4/5, 5/10} 

Prediction    {4, 3, 139, 188, 215, 34, 2781, 2208, 40, 3764}
Actual label {3, 4, 34, 2781, 3764}



AveP@K
1. Calculate AveP

a. Smooth: The area under the Precision-recall

P k and r k is the precision and recall calculated by the subset from rank 1 through 𝐤;
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Prediction    {4, 3, 139, 188, 215, 34, 2781, 2208, 40, 3764}
Actual label {3, 4, 34, 2781, 3764}

{T,    T,   F,    F,    F,    T,    T,   F,    F,    T} 
P={1/1, 2/2, 2/3, 2/4, 2/5, 3/6, 4/7, 4/8, 4/9, 5/10} 
R={1/5, 2/5, 2/5, 2/5, 2/5, 3/5, 4/5, 4/5, 4/5, 5/5} 

=0.714



Example of AP@10
1. In our question MAP@10
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Actual label        {3, 4, 9, 34}
Prediction label {3, 4, 139, 188, 34, 215, 2781, 2208, 40, 3764}



Example of AP@10
1. In our question MAP@10

2. Kaggle Example
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Rank
Predic
tion

Like?
Precisi
on

Recall Δ𝑅𝑒𝑐𝑎𝑙𝑙

1 3 Yes 1/1 1/4 1/4

2 4 Yes 2/2 2/4 1/4

3 139 2/3 2/4 0

4 188 2/4 2/4 0

5 34 Yes 3/5 3/4 1/4

6 215 3/6 3/4 0

7 2781 3/7 3/4 0

8 2208 3/8 3/4 0

9 40 3/9 3/4 0

10 3764 3/10 3/4 0

Actual label {3, 4, 9, 34}
Prediction label {3, 4, 139, 188, 34, 215, 2781, 2208, 40, 3764}

https://www.kaggle.com/wendykan/map-k-demo


Assignment Requirements
1. Output: Top 10 label with highest predicted confidence  (separated by spaces) descending 

order of confidence. 
2. Model: Any DNN architecture. (CNN, RNN, GCN, etc)
3. You can use subset or all the following packages.

a. Python 3.6 or Python 3.7
b. Numpy
c. Pandas
d. TensorFlow-gpu 1.15.0 (or TensorFlow-cpu 1.15.0) 
e. PyTorch 1.1.0 
f. Keras 2.2.4
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Dataset
1. Video-level feature dataset

a. training data (3,844 shards, 3,888,919 videos, 17.0GB) 
b. Validation data (3,844 shards, 1,112,356 videos, 4.87GB)
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No Kaggle.
Predict all videos in training set and validation set (21.9GB in total). 
We will randomly select data from your predictions to score.

# create the folder as “train” and “validation” 

# in “train” folder  

curl data.yt8m.org/download.py | partition=2/video/train mirror=asia python 

# in “validation” folder  

curl data.yt8m.org/download.py | partition=2/video/validate mirror=asia python 



Output and Marking
1. Evaluation will belong to 3 parts:

a. 50 shards in train0000.tfrecord~train0199.tfrecord
b. 30 shards in validate0000.tfrecord~validate0099.tfrecord
c. 20 shards from all remaining in the training and validation set

2. Data to be predicted
a. put all the training and validation data in one folder named “train_validation/”

3. test.py
a. first sort all the tfrecord files in “train_validation/” (21.9GB)
b. must use relative path “train_validation/” in your submitted test.py file to access the data.

4. Label: 10 labels should be arranged in decreasing order (separated by spaces) 

80% of the data in a small 
range guaranteed the 
lower bound of your score.



Submission Requirement
1. To Canvas (Less than 600MB)

a. train.py 
b. test.py 
c. output_ student_id.txt 
d. Weight of your models (Folder)
e. Report (in paper format, include but not limited)

• Title
• Introduction
• Related Work (optional)
• Methods
• Experiments (with possible discussions)
• Conclusion
• The role and specific contributions of each group member
There is no page limit.

f. Presentation slides (7-minute presentation at Dec 24, Thursday) 16

NeurIPS 2020 format is recommended

https://neurips.cc/Conferences/2020/PaperInformation/StyleFiles


Demo
1. The entire folder demo: CS410_2020_fall_project_2
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https://github.com/Ritchiegit/CS410_2020_fall_project_2


Introduction of Multi-task Learning

• Introduction/Motivation
• General Approach
• Specific Related Works

MMoE/ SNR/ PLE

• Implementation details 



Introduction
1. Single Model

2. Model ensemble

3. Multi-task Learning
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Scenarios
1. Finance or economics forecasting

• Predict the value of many possibly related indicators

2. Bioinformatics
• predict symptoms for multiple diseases simultaneously

3. Self-driving car
• predict different characteristics of the road as auxiliary tasks for predicting the steering direction

4. Recommendation system
• Predictions on multi business KPIs, CVR, CTR
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General Approach
1. Deep Model

a. Hard parameter sharing

• Sharing the hidden layers between all tasks
• keeping task-specific output layers

b. Soft parameter sharing

• Each task has its own parameters while the distance
• between parameters is regularized to be similar

c. Learning what to share

• Determine sharing parts and manners between 
• tasks without prior information

2. Linear/Shallow Model (not in here)
a. Learning task relationships

• Tasks are in cluster/tree/graph/hierarchy structure
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Specific Related Works
1. MMoE

Ma, Jiaqi, et al. "Modeling task relationships in multi-task learning with multi-gate mixture-of-experts." Proceedings of the 24th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining. 2018.

Shared Bottom OMoE MMoE
All tasks share a set of Gates Each task uses a set of Gates
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Specific Related Works
2. SNR

Ma, Jiaqi, et al. "Snr: Sub-network routing for flexible parameter sharing in multi-task learning." Proceedings of the AAAI Conference on Artificial Intelligence. Vol. 33. 2019.

Where𝑔𝑖
𝑘 x = zik𝑊𝑖𝑘 Where𝑔𝑖

𝑘 x = zik

binary coding variables  𝑧𝑖 ∈ {0,1} 

Where 𝑔𝑖
𝑘 x = softmax W𝑔kx
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MMoE



SNR two types of connections
• SNR-Trans use matrix transformations

• SNR-Aver use identity matrix

• 𝑢1, 𝑢2, 𝑢3 be the outputs of the lower-level

• 𝑣1, 𝑣2 be the inputs of the higher-level

• 𝑊𝑖𝑗: transformation matrix from the j th lower-level network to the i th higher level network. 

• 𝐼𝑖𝑗 : identity matrix for all i, j 

• SNR-Trans has more model parameters in the connection

• SNR-Aver has more budget of model parameters in the sub-networks. 

binary coding variables  𝑧𝑖 ∈ {0,1} 

lower-level layer

higher level layer
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Specific Related Works
3. CGC/PLE

Tang, Hongyan, et al. "Progressive Layered Extraction (PLE): A Novel Multi-Task Learning (MTL) Model for Personalized Recommendations." Fourteenth ACM Conference 
on Recommender Systems. 2020.

Gate: Only use the output of the shared expert and the 
expert exclusive to the task.

25

MMoE
Part 



Specific Related Works
3. CGC/PLE

26

MMoE
Part 



Implementation details on Youtube-8m
1. The Baseline should be a Fully Connected Network with an output size of 3862.
2. The number of labels of youtube-8m is 3862. Do we need to build a tower layer for each 

category?
a. Instead of building 3862 tower layers, the implementation in SNR is: building one tower 

layers for each topic(25 tower: 24 topic and 1 unknown). The output units of each topic is 
the number of labels in this topic where one units is corresponding to a label. 
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THANKS!


