
Neural Discrete Representation 
Learning (VQ-VAE)



VAE



Why do we quantize?

• Discrete representations are potentially a more natural fit for 
many of the modalities (Audio, Visions and Texts)

• Data compression

• Tokenization



VQ-VAE



How do we quantize?

• Map the encoder output 𝑧𝑒
into an entry 𝑒𝑖 of the 𝐾 × 𝑑
codebook (similar to K-means)

• Calculate the distance between 
𝑧𝑒 and 𝑒𝑖

• Choose the nearest entry as the 
input for decoder 



Straight Through Estimator



Loss Function

Reconstruction Loss Codebook Loss Commitment Loss

The resulting algorithm to be quite robust to 𝛽, as the 
results did not vary for values of 𝛽 ranging from 0.1 to 2.0.



Representation Collapse

• For an entry 𝑒𝑖 of the codebook, 

• With 𝑒𝑖 and 𝑧e closer and closer, only a small subset of the 
codebook entries will be updated.

𝜕𝐿

𝜕𝑒𝑖
= ቊ

not 0, 𝑖𝑓 𝑒𝑖 𝑖𝑠 𝑐ℎ𝑜𝑠𝑒𝑛
0, 𝑖𝑓 𝑒𝑖 𝑖𝑠 𝑛𝑜𝑡 𝑐ℎ𝑜𝑠𝑒𝑛

 



ADDRESSING REPRESENTATION 
COLLAPSE IN VECTOR 

QUANTIZED MODELS WITH ONE 
LINEAR LAYER (simVQ)



Representation Collapse

• Representation Collapse: 

• the contradiction between codebook expansion and low codebook 
utilization in VQ models where increasing the codebook size fails to 
improve the performance.

• the disjoint optimization process that updates only a subset of codebook 
vectors



SimVQ

• Reparameterized codebook 𝐶 with 𝑊𝜋, with 𝑊 = 𝑤1, 𝑤2, … , 𝑤𝑑  
and 𝜋 = 𝜋1, 𝜋2, … , 𝜋𝐾
• the optimization of the reparameterized codebook can be divided into 

three scenarios:
1. Updating 𝝅 with 𝑾 frozen: The vanilla VQ is a special case of this scenario with 

𝑊 = 𝐼.

2. Updating 𝑾 with 𝝅 frozen: The entire codebook 𝑊𝜋 adjusts to the latent 
distribution of 𝑧𝑒. The basis matrix 𝑊 rotates and stretches the codebook space.

3. Updating both 𝑾 and 𝝅 : The selected subset of codes moves towards 𝑧𝑒 while 
the space spanned by 𝑾 undergoes simultaneous rotation and stretching.



Scenario 1: Updating 𝜋 with 𝑊 frozen

• For one of the entries 𝑒𝑖 = 𝑊𝜋𝑖 , 
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𝜕𝐿

𝜕𝑒𝑖
𝑊𝑇



Scenario 1: Updating 𝜋 with 𝑊 frozen



Scenario 2: Updating 𝑊 with 𝜋 frozen

• For one of the entries 𝑒𝑖 = 𝑊𝜋𝑖 , 
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Scenario 2: Updating 𝑊 with 𝜋 frozen



Scenario 2: Updating 𝑊 with 𝜋 frozen



Scenario 3: Updating both 𝑊 and 𝜋



Loss Curve



Experiments



Ablation Study on the codebook sizes



Ablation Study on the codebook 
optimization


