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Factorization Machines

Different features have different

Factorized embeddings for each feature: frequencies of occurences
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What is the best rank of the embeddings?
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Performance of FMs with fixed ranks
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Rank-Aware Factorization Machines
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Multiple embeddings with different ranks:
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The largest rank to Choose a proper rank for computation of pairwise interaction
avoid overfitting

(hyperparameters)

« What is the time and space complexity?
« How to efficiently train RaFM?
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Active and Inactive Factors

Inactive Factors

Active Factors/<),\—/’
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Described by Feature Set

F.={ieF :k >k}

Inactive factors:  p?)

Need NOT be stored!

F-F,

Active factors: p(?)
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Space Complexity: O(ka |Fk|)
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Auxiliary Variables
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It is easy to prove that l
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Free and Dependent Factors Bi-Level Optimization
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Pushing dependent factors to approximate free factors
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b A Algorithm 1 Training the RaFM
I 1: Initialize all the parameters

2: while not convergent do
Free Factors S 3:  Sample a data point (x, y) randomly
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Table 3. Results on Regression Tasks

ML 10M ML 20M AMovie
square #p:lram trm‘n/te st square #param tram/tesl square #para = trEl!I]jteSt
loss fime loss time loss fime
0.8016 .. 0.8002 1.0203
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Table 4. Results on Classification Tasks
Frappe ML Tag
log loss AUC #param  train/test time  log loss AUC #param  frain/test time
0.1702  0.9771 0.2538  0.9503
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RaFM outperforms FM.

RaFM is also more computational
efficient than FM.

Improvement: 0.5%~15%
Model Size: 20%~66%
Training Time: 24%~95%
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RaFM vs. FM Results on Tencent CTR Dataset
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Thanks!

Code https://github.com/cxsmarkchan/RaFM

Xiaoshuang Chen https://cxsmarkchan.github.io

Yin Zheng https://sites.google.com/site/zhengyin1126



