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Background
DGM For lossless compression

Neural Compressor: Probabilistic Model + Entropy Coding

High compression rate
Low encoding/decoding speed
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Background
Integer discrete flows (IDF, Hoogeboom et al.)

Model data x and latent 
representation z both in discrete 
integer space:

𝒳 = 𝒵 = ℤ!

Design a bijective function 𝑓" (')
between x and z. With change-of-
variable formula, 

P# 𝑥 = 𝑃$ 𝑓" 𝑥
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Method
Quantization

Hybrid format representation
Tensors are represented with a hybrid numerical format, which is done by a 
quantizer 𝑄.
For a real-valued tensor 𝐫, the quantizer outputs

.𝐫 = 𝑄 𝐫 = 𝑠𝐫0𝐫 ≈ 𝐫
0𝐫 : 8-bit integers in {-128,...,+127} or {0,...+255}. 
𝑠𝐫: scalar, scale parameter. 
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Convolution

Method
Quantization
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Integer-only Convolution
Use hybrid format to represent 𝐲, 𝐱,𝐖

plug them into 
reorganize terms, we have 

Method
Quan>za>on
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Method
Quantization

Learned Step-size Quantization (LSQ, Esser et al.)
Back-propogation through quantizer is performed with STE (Bengio et al.):

Gradient of scale parameter 𝑠
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Method
Quantization

Deployment on GPU 
After fine-tuning networks with fake quantizers, we deploy the model on GPU with 
TensorRT library and realize more efficient inference.

Improvement of network architecture
• Dense blocks v.s.residual blocks
• Optimization over residual blocks
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Method
Pruning
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Method
Pruning

Training binary-gated convolution

tends to remain all entries of .𝐠 close to 1 to remain high performance.
.𝐠 & pushes the gates to be sparse. 
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Method
Training workflow
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Thanks for listening.
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