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YouTube-8M Dataset

 Frame-level data (total size of 1.71 TB)
Each video has
a. “video_id”: unique id for the video,
b. “label’: list of labels of that video,
c. Each frame has “rgb”: float array of length 1024,
d. Each frame has “audio”: float array of length 128.

A video v is given by a sequence of frame-level features (rgb) x?. Fyr
where x}’ is the feature of the j-th frame from video v.



YouTube-8M Dataset

« Video-level data (total size of 31GB)
Each video has
a. "video_id”
b. “labels”
c. ‘mean_rgb”:float array of length 1028
d. “mean_audio”: float array of length 128



Evaluation Metric

« Global Average Precision (GAP) at k

For each video, we take the predicted labels that have the highest k confidence
scores. Then we treats each prediction and score as an individual data point to
have k X #Videos predictions.

If kK x #Videos predictions sorted by its confidence score, we compute the

precision, recall, and GAP:
kx#Videos

GAP = z (D Ar ().
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Correlation plot
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Multi-label classification
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Multi-label classification

4, A=l BY:
a. Logistic model (100)

b. 2 Fully connected layers (512, 256) + Dropout(0.5)
+ logistic (100)

optimizer: sgd

hidden layer activation: relu

output layer activation: sigmoid
loss: binary_crossentropy

metrics: top_k_categorical_accuracy



Multi-label classification

- 24

Model Mttt eGP

Logit 0.6906 0.7791
Deep logit 0.6690 0.7792



Discussion

1. Frame-level 9 scene detection = ©|85}% RNN 2 ©|835}9{ training.

2. Label Ato|9| dependency 7} Q= ZL0llA Multi-label classification - HH (ex.
Mixture of experts) 2! loss function 2| 24,

3. HiE £} 2 class £2 #2.



