
MirrorGAN: Learning Text-to-image Generation 
by Redescription

Sanghyuck Na

Jan, 15, 2021

Dongguk University

Artificial Intelligence Laboratory

shna@Dongguk.edu

AI Lab., Dongguk Univ. Sanghyuck Na

mailto:shna@Dongguk.edu


AI Lab., Dongguk Univ. Sanghyuck Na

1. Introduction

2. StackGAN

3. CycleGAN

4. MirrorGAN

5. Result

6. Reference

Contents0



AI Lab., Dongguk Univ. Sanghyuck Na

Introduction1

Text to image generation Image to text generation

Green: Human ground truth. 
Red: Top-scoring sentence from training set. 
Blue: Generated sentence.

There is a lot of electrical 
sitting on the table.
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StackGAN2

Stage-II GAN: it corrects defects 
in the low-resolution image 
from Stage-I and completes 
details of the object by reading 
the text description again, 
producing a high-resolution 
photo-realistic image. 

Stage-I GAN: it sketches the 
primitive shape and basic colors 
of the object conditioned on 
the given text description, and 
draws the background layout 
from a random noise vector, 
yielding a low-resolution image.
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StackGAN2

𝐷𝐾𝐿(𝒩(𝜇 𝜑𝑡 , σ(𝜑𝑡))ԡ𝒩(0, 𝐼))

𝑡 ∶ 𝑡𝑒𝑥𝑡 𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛
𝑧 ∶ 𝑛𝑜𝑖𝑠𝑒 𝑣𝑒𝑐𝑡𝑜𝑟 𝑓𝑟𝑜𝑚 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝐷𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
𝜑𝑡 ∶ 𝑡𝑒𝑥𝑡 𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 𝑛𝑒𝑡𝑤𝑜𝑟𝑘𝑠 (𝑝𝑟𝑒 − 𝑡𝑟𝑎𝑖𝑛𝑒𝑑)
Ƹ𝑐0 ∶ 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖𝑛𝑔 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒
𝒩(𝜇 𝜑𝑡 , σ(𝜑𝑡)) ∶ 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖𝑛𝑔 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
𝒩(0, 𝐼) ∶ 𝑛𝑜𝑟𝑚𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
σ(𝜑𝑡) ∶ 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑚𝑎𝑡𝑟𝑖𝑥
𝑠0: 𝑖𝑚𝑎𝑔𝑒 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝑏𝑦 𝑡ℎ𝑒 𝑆𝑡𝑎𝑔𝑒-I

𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖𝑛𝑔 𝐴𝑢𝑔𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 (𝐶𝐴)
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StackGAN2

𝐿𝐷0 = 𝔼 𝐼0,t ~𝑝𝑑𝑎𝑡𝑎 𝑙𝑜𝑔𝐷0 𝐼0, 𝜑𝑡

+ 𝔼z~𝑝𝑧,,𝑡~𝑝𝑑𝑎𝑡𝑎, log(1 − 𝐷0 𝐺0(𝑧, Ƹ𝑐0, 𝜑𝑡)

𝐿𝐺0 = 𝔼z~𝑝𝑧,,𝑡~𝑝𝑑𝑎𝑡𝑎, log(1 − 𝐷0 𝐺0(𝑧, Ƹ𝑐0, 𝜑𝑡)

+ λ𝐷𝐾𝐿(𝒩(𝜇0 𝜑𝑡 , σ0(𝜑𝑡))ԡ𝒩(0, 𝐼))

𝑡 ∶ 𝑡𝑒𝑥𝑡 𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛
𝑧 ∶ 𝑛𝑜𝑖𝑠𝑒 𝑣𝑒𝑐𝑡𝑜𝑟 𝑓𝑟𝑜𝑚 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝐷𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
𝜑𝑡 ∶ 𝑡𝑒𝑥𝑡 𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 𝑛𝑒𝑡𝑤𝑜𝑟𝑘𝑠 (𝑝𝑟𝑒 − 𝑡𝑟𝑎𝑖𝑛𝑒𝑑)
Ƹ𝑐0 ∶ 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖𝑛𝑔 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒
𝒩(𝜇 𝜑𝑡 , σ(𝜑𝑡)) ∶ 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖𝑛𝑔 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
𝒩(0, 𝐼) ∶ 𝑛𝑜𝑟𝑚𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
σ(𝜑𝑡) ∶ 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑚𝑎𝑡𝑟𝑖𝑥
𝑠0: 𝑖𝑚𝑎𝑔𝑒 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝑏𝑦 𝑡ℎ𝑒 𝑆𝑡𝑎𝑔𝑒-I
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StackGAN2

𝑡 ∶ 𝑡𝑒𝑥𝑡 𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛
𝑧 ∶ 𝑛𝑜𝑖𝑠𝑒 𝑣𝑒𝑐𝑡𝑜𝑟 𝑓𝑟𝑜𝑚 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝐷𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
𝜑𝑡 ∶ 𝑡𝑒𝑥𝑡 𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 𝑛𝑒𝑡𝑤𝑜𝑟𝑘𝑠 (𝑝𝑟𝑒 − 𝑡𝑟𝑎𝑖𝑛𝑒𝑑)
Ƹ𝑐0 ∶ 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖𝑛𝑔 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒
𝒩(𝜇 𝜑𝑡 , σ(𝜑𝑡)) ∶ 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑖𝑛𝑔 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
𝒩(0, 𝐼) ∶ 𝑛𝑜𝑟𝑚𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
σ(𝜑𝑡) ∶ 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑚𝑎𝑡𝑟𝑖𝑥
𝑠0: 𝑖𝑚𝑎𝑔𝑒 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝑏𝑦 𝑡ℎ𝑒 𝑆𝑡𝑎𝑔𝑒-I

𝐿𝐷 = 𝔼 𝐼,t ~𝑝𝑑𝑎𝑡𝑎 𝑙𝑜𝑔𝐷 𝐼, 𝜑𝑡 +

𝔼𝑠0~𝑝𝐺0,,𝑡~𝑝𝑑𝑎𝑡𝑎, log(1 − 𝐷 𝐺 (𝑠0, Ƹ𝑐0), 𝜑𝑡)

𝐿𝐺 = 𝔼𝑠0~𝑝𝐺0,,𝑡~𝑝𝑑𝑎𝑡𝑎, log(1 − 𝐷 𝐺 (𝑠0, Ƹ𝑐), 𝜑𝑡) +

λ𝐷𝐾𝐿(𝒩(𝜇 𝜑𝑡 , σ(𝜑𝑡))ԡ𝒩(0, 𝐼))
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StackGAN2
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CycleGAN3

Given any two unordered image collections, CycleGAN translates image to image.
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CycleGAN3

CycleGAN contains two mapping functions and Associated adversarial discriminator 𝐷𝑋 and 𝐷𝑌.

𝐺∗, 𝐹∗ = 𝑎𝑟𝑔 min
𝐺,𝐹

max
𝐷𝑋𝐷𝑌

𝐿 𝐺, 𝐹, 𝐷𝑋, 𝐷𝑌



AI Lab., Dongguk Univ. Sanghyuck Na

CycleGAN3

𝐿𝐺𝐴𝑁 𝐺, 𝐷𝑌, 𝑋, 𝑌
= 𝔼𝑦~𝑝𝑑𝑎𝑡𝑎(𝑦)[𝑙𝑜𝑔𝐷𝑌 𝑦 + 𝔼𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥)[𝑙𝑜𝑔𝐷𝑌 (𝐺(𝑥)

𝐴𝑑𝑣𝑒𝑟𝑠𝑎𝑟𝑖𝑎𝑙 𝑙𝑜𝑠𝑠

𝐶𝑦𝑐𝑙𝑒 𝑐𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑐𝑦 𝑙𝑜𝑠𝑠

𝐿𝑐𝑦𝑐 𝐺, 𝐹

= 𝔼𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥) 𝐹 𝐺 𝑥 − 𝑥
1
+ 𝔼𝑦~𝑝𝑑𝑎𝑡𝑎(𝑦)[ 𝐺 𝐹 𝑦 − 𝑦

1
]

𝐹𝑢𝑙𝑙 𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒

𝐿 𝐺, 𝐹, 𝐷𝑋, 𝐷𝑌
= 𝐿𝐺𝐴𝑁 𝐺, 𝐷𝑌 , 𝑋, 𝑌 + 𝐿𝐺𝐴𝑁 𝐹, 𝐷𝑋, 𝑌, 𝑋 + 𝜆𝐿𝑐𝑦𝑐 𝐺, 𝐹
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MirrorGAN4

MirrorGAN has two goals : T2I and I2T.
First, T2I : An image generates from a text description.
Second, I2T : A re-description is generated from the image created by T2I.
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MirrorGAN4

MirrorGAN has three modules.

First, STEM : Semantic Text Embedding Module.
Second, GLAM : Global-Local collaborative Attentive Module in Cascaded Image Generators.
Third, STREAM : Semantic Text REgeneration and Alignment Module.
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MirrorGAN4

𝑅𝑁𝑁𝑇𝑒𝑥𝑡
𝑊

𝑆 𝐹𝑐𝑎 𝑆𝑐𝑎

𝑤, 𝑠 = 𝑅𝑁𝑁(𝑇) 𝑆𝑐𝑎 = 𝐹𝑐𝑎(s)

STEM : Semantic Text Embedding Module

• RNN is used to extract word and sentence features from 
the given text.

• Sentence features apply conditioning augmentation.
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MirrorGAN4

• Image generate through attention of 𝑤𝑜𝑟𝑑 ↔ 𝑙𝑜𝑐𝑎𝑙 𝑖𝑚𝑎𝑔𝑒
and 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒 ↔ 𝑔𝑙𝑜𝑏𝑎𝑙 𝑖𝑚𝑎𝑔𝑒

• There is construct a multi-stage cascaded generator by 
stacking three image generation networks sequentially.

𝑉𝑖𝑠𝑢𝑎𝑙 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑚𝑒𝑟𝑠 = 𝐹0, 𝐹1, …𝐹𝑚−1

𝐼𝑚𝑎𝑔𝑒 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟 = {𝐺0, 𝐺1, … 𝐺𝑚−1}

GLAM : Global-Local collaborative Attentive 
Module in Cascaded Image Generators

𝑊

𝑆
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MirrorGAN4

GLAM : Global-Local collaborative Attentive 
Module in Cascaded Image Generators

𝐴𝑡𝑡𝑖−1
𝑤 = 

𝑙=0

𝐿−1

(𝑈𝑖−1𝑤
𝑙)(𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑓𝑖−1

𝑇 𝑈𝑖−1𝑤
𝑙 )𝑇

𝐴𝑡𝑡𝑖−1
𝑠 = (𝑉𝑖−1𝑠𝑐𝑎) ∘ (𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑓𝑖−1 ∘ 𝑉𝑖−1𝑠𝑐𝑎 )

𝐹𝑎𝑡𝑡𝑖 𝑓𝑖−1, 𝑤, 𝑠𝑐𝑎 = 𝑐𝑜𝑛𝑐𝑎𝑡(𝐴𝑡𝑡𝑖−1
𝑤 , 𝐴𝑡𝑡𝑖−1

𝑠 )

𝐼𝑖 = 𝐺𝑖 𝑓𝑖 , 𝑖 ∈ 1, 2, … ,𝑚 − 1

𝑓0 = 𝐹0(𝑧, 𝑠𝑐𝑎)

𝑓𝑖 = 𝐹𝑖 𝑓𝑖−1, 𝐹𝑎𝑡𝑡𝑖 𝑓𝑖−1, 𝑤, 𝑠𝑐𝑎 , 𝑖 ∈ 1, 2, … ,𝑚 − 1

𝐴𝑡𝑡𝑖−1
𝑤 𝑖𝑠 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 𝑎𝑡𝑡𝑛 𝑠𝑐𝑜𝑟𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑤𝑜𝑟𝑑𝑠 𝑎𝑛𝑑 𝑖𝑚𝑎𝑔𝑒𝑠.

𝐴𝑡𝑡𝑖−1
𝑠 𝑖𝑠 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 𝑎𝑡𝑡𝑛 𝑠𝑐𝑜𝑟𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠 𝑎𝑛𝑑 𝑖𝑚𝑎𝑔𝑒𝑠.

𝑉𝑖−1 𝑖𝑠 𝑡ℎ𝑒 𝑡𝑒𝑟𝑚 𝑓𝑜𝑟 𝑠𝑐𝑎 𝑚𝑎𝑝𝑝𝑖𝑛𝑔 𝑡𝑜 𝑎 𝑐𝑜𝑚𝑚𝑜𝑛 𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 𝑠𝑝𝑎𝑐𝑒.𝑊

𝑆
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MirrorGAN4

𝑥−1 = 𝐶𝑁𝑁(𝐼𝑚−1)

𝑥𝑡 = 𝑊𝑒𝑇𝑡 , 𝑡 ∈ 0, …𝐿 − 1

𝑝𝑡+1 = 𝑅𝑁𝑁 𝑥𝑡 , 𝑡 ∈ {0, … 𝐿 − 1}

STREAM : Semantic Text Regeneration and 
Alignment Module

• Regenerate text description from generation image.

• CNN was pretrained on imageNet.
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MirrorGAN4

𝐿𝐺𝑖 = −
1

2
𝔼𝐼𝑖~𝑃𝐼𝑖

log 𝐷𝑖 𝐼𝑖

−
1

2
𝔼𝐼𝑖~𝑃𝐼𝑖

[log 𝐷𝑖 𝐼𝑖 , 𝑠 ]

𝐿𝑠𝑡𝑟𝑒𝑎𝑚 = −

𝑡=0

𝐿−1

𝑙𝑜𝑔𝑝𝑡(𝑇𝑡)

𝐿𝐺 = 

𝑖=0

𝑚−1

𝐿𝐺𝑖 + 𝜆𝐿𝑠𝑡𝑟𝑒𝑎𝑚
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MirrorGAN4

𝐿𝐷𝑖 = −
1

2
𝔼𝐼𝑖

𝐺𝑇~𝑃
𝐼𝑖
𝐺𝑇

log 𝐷𝑖 𝐼𝑖
𝐺𝑇

−
1

2
𝔼𝐼𝑖~𝑃𝐼𝑖

[log 1 − 𝐷𝑖 𝐼𝑖 ]

−
1

2
𝔼𝐼𝑖

𝐺𝑇~𝑃
𝐼𝑖
𝐺𝑇

log 𝐷𝑖 𝐼𝑖
𝐺𝑇 , 𝑠

−
1

2
𝔼𝐼𝑖~𝑃𝐼𝑖

[log 1 − 𝐷𝑖 𝐼𝑖 , 𝑠 ]

𝐿𝐷 = 

𝑖=0

𝑚−1

𝐿𝐷𝑖
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MirrorGAN4

𝐿𝐺𝑖 = −
1

2
𝔼𝐼𝑖~𝑃𝐼𝑖

log 𝐷𝑖 𝐼𝑖 −
1

2
𝔼𝐼𝑖~𝑃𝐼𝑖

[log 𝐷𝑖 𝐼𝑖 , 𝑠 ]

𝐿𝑠𝑡𝑟𝑒𝑎𝑚 = −

𝑡=0

𝐿−1

log 𝑝𝑡(𝑇𝑡)

𝐿𝐺 = 

𝑖=0

𝑚−1
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1

2
𝔼𝐼𝑖
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−
1

2
𝔼𝐼𝑖~𝑃𝐼𝑖

[log 1 − 𝐷𝑖 𝐼𝑖 ]

−
1

2
𝔼𝐼𝑖

𝐺𝑇~𝑃
𝐼𝑖
𝐺𝑇

log 𝐷𝑖 𝐼𝑖
𝐺𝑇 , 𝑠

−
1

2
𝔼𝐼𝑖~𝑃𝐼𝑖

[log 1 − 𝐷𝑖 𝐼𝑖 , 𝑠 ]

𝐿𝐷 = 

𝑖=0

𝑚−1

𝐿𝐷𝑖
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Statistics of datasets

There is cosine similarities between the 
generated image vectors and text vectors.

Inception Score evaluate quality and 
diversity from generated image.

GA = Global Attention
𝜆 expresses the importance of STREAM

Inception Score

R-precision
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A higher value of the Authenticity Test means more convincing images. 

A higher value of the Semantic Consistency Test means a closer semantics between input text and 
generated images.

Results of Human perceptual test 
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Images generated by MirrorGAN by modifying the text descriptions by a 
single word and the corresponding top-2 attention maps in the last stage
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