
Distilling Representations from GAN Generator 
via Squeeze and Span

Yu Yang1*, Xiaotian Cheng1*, Chang Liu1, Hakan Bilen2, Xiangyang Ji1    

1 Tsinghua University   2 The University of Edinburgh 

2022

Yu Yang Xiaotian Cheng Chang Liu Hakan Bilen Xiangyang Ji



Introduction

[1] Yuxuan Zhang, Huan Ling, Jun Gao, Kangxue Yin, Jean-Francois Lafleche, Adela Barriuso, Antonio Torralba, and Sanja Fidler. Datasetgan: Efficient labeled data factory with minimal human effort. In CVPR, 2021.

[2] Yu Yang, Xiaotian Cheng, Hakan Bilen, and Xiangyang Ji. Learning to annotate part segmentation with gradient matching. In ICLR, 2022.

[3] Yuxuan Zhang, Wenzheng Chen, Huan Ling, Jun Gao, Yinan Zhang, Antonio Torralba, and Sanja Fidler. Image gans meet differentiable rendering for inverse graphics and interpretable 3d neural rendering. In ICLR, 2021.

[4] William Peebles, Jun-Yan Zhu, Richard Zhang, Antonio Torralba, Alexei Efros, and Eli Shechtman. Gan-supervised dense visual alignment. In CVPR, 2022.

Part Segmentation[1,2]

3D Reconstruction[3]

Image Alignment[4]

GAN’s application Representation learning

Encoder

LabelPrediction
Loss

GAN

𝐰~𝑷(𝐰)

Task 

decoder

Image synthesis



Method

Latent space Transferable representationSupervisionLegend

(a) Discrimination of real and fake[1]

𝑫
Real/

Fake

𝐱𝐟𝐚𝐤𝐞

𝐱𝐫𝐞𝐚𝐥

𝑮
𝐰~𝑷(𝐰)

(b) Encoding into latent space[2, 3, 4]

𝑬

𝐱𝐫𝐞𝐜𝑮
𝐰~𝑷(𝐰)

𝐱

(c) Distillation of generator feature

𝑮

𝑺

𝐱𝐠
𝐰~𝑷(𝐰)

Ours

[1] Alec Radford, Luke Metz, and Soumith Chintala. Unsupervised representation learning with deep convolutional generative adversarial networks. In ICLR, 2016.

[2] Vincent Dumoulin, Ishmael Belghazi, Ben Poole, Olivier Mastropietro, Alex Lamb, Martin Arjovsky, and Aaron Courville. Adversarially learned inference. In ICLR, 2017.

[3] Jeff Donahue, Philipp Krähenbühl, and Trevor Darrell. Adversarial feature learning. In ICLR, 2017.

[4] Jeff Donahue and Karen Simonyan. Large scale adversarial representation learning. In NeurIPS, 2019.

Previous works



Method

Airplane

Automobile

Bird

Cat

Deer

Dog

Frog

Horse

Ship

Truck

Visualization of three types of GAN representations

(c) Generator feature(a) Discriminator feature (b) Latent variable



Method

• Squeeze-and-span representations from GAN generator

min
𝜃

𝔼𝐰~𝑃 𝐰 𝑆𝜃 𝐺 𝐰 − 𝐡𝑔 𝐰 2
2

• GAN distillation optimization

Problem:

Redundant representation

𝑮

𝑺

𝐱𝐠
𝐰~𝑷(𝐰)

𝐡𝑔 𝐰



Method

• Squeeze-and-span representations from GAN generator

min
𝜃

𝔼𝐰~𝑃 𝐰 𝑆𝜃 𝐺 𝐰 − 𝐡𝑔 𝐰 2
2

• GAN distillation optimization

𝐰~𝑷(𝐰)

Synthesis

4x4

Synthesis

8x8

Synthesis

16x16

Synthesis

32x32

toRGB

toRGB

toRGB

toRGB

Const

Up

Up

Up

𝐱𝐠

M
L

P

𝜇 & FC

𝜇 & FC

𝜇 & FC

𝜇 & FC

Squeeze 

module 𝑇𝜙

Generator 𝐺

Teacher

• Squeezing informative representations

• Use an MLP as squeeze module 𝑇𝜙
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Experiments

Representation distillation significantly outperforms 
discriminator and encoding
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Squeeze and Span yields better results 
compared to SSL methods in linear classification
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Better transferability in linear classification, object detection,  
surface normal estimation and semantic segmentation 
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For more results and discussion, please read our paper.
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Learning representations with stronger generalization and 

transferability with more powerful GANs.
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