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Introduction1

this magnificent fellow is almost all black 
with a red crest, and white cheek patch.

this white and yellow flower have thin 
white petals and a round yellow stamen.

Captions are from the training set
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Introduction1

this small bird has a pink breast and crown, 
and black primaries and secondaries.

the flower has petals that are bright pinkish
purple with white stigma.

Captions are from Zero-shot(held out)
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GAN-INT-CLS2
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GAN-INT-CLS2

GAN-CLS
𝑚𝑖𝑛
𝐺

𝑚𝑎𝑥
𝐷

𝑉 𝐷, 𝐺 = 𝔼𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥)[𝑙𝑜𝑔 𝐷 𝑥

+ 𝔼𝑧~𝑝𝑧 𝑧 [𝑙𝑜𝑔 1 − 𝐷 𝐺 𝑧

GAN-INT
𝔼𝑡1,𝑡2~𝑝𝑑𝑎𝑡𝑎[𝑙𝑜𝑔 1 − 𝐷 𝐺(𝛽𝑡1 + (1 − 𝛽)𝑡2 ))

Style Transfer
𝔼𝑡,𝑧~𝑁(0,1) ‖z-S(G(z, φ(t))

ො𝑥

)‖2
2
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GAN-INT-CLS2

Transferring style from the top row (real) 
images to the content from the query 
text, with G acting as a deterministic 
decoder. 

The bottom three rows are captions made 
up by us.
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SRGAN3

The task of estimating high-resolution (HR) images from low-
resolution (LR) counterpart is referred to as super-resolution (SR).
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SRGAN3
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SRGAN3

𝑘 = 𝑘𝑒𝑟𝑛𝑒𝑙 𝑠𝑖𝑧𝑒
𝑛 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑚𝑎𝑝𝑠
𝑠 = 𝑠𝑡𝑟𝑖𝑑𝑒

𝑚𝑖𝑛
𝜃𝐺

𝑚𝑎𝑥
𝜃𝐷

𝔼𝐼𝐻𝑅~𝑝𝑡𝑟𝑎𝑖𝑛(𝐼𝐻𝑅)[𝑙𝑜𝑔 𝐷𝜃𝐷 𝐼𝐻𝑅

+ 𝔼𝐼𝐿𝑅~𝑝𝐺 𝐼𝐿𝑅 [𝑙𝑜𝑔 1 − 𝐷𝜃𝐷 𝐺𝜃𝐺 𝐼𝐿𝑅

መ𝜃𝐺 = 𝑎𝑟𝑔𝑚𝑖𝑛
𝜃𝐺

1

𝑁


𝑛=1

𝑁

𝑙𝑆𝑅 (𝐺𝜃𝐺 𝐼𝑛
𝐿𝑅 , 𝑙𝑛

𝐻𝑅)
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SRGAN3

𝑙𝑆𝑅 = ด𝑙𝑥
𝑆𝑅

𝐶𝑜𝑛𝑡𝑒𝑛𝑡 𝑙𝑜𝑠𝑠

+ 10−3𝑙𝐺𝑒𝑛
𝑆𝑅

𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑟𝑖𝑎𝑙 𝑙𝑜𝑠𝑠

መ𝜃𝐺 = 𝑎𝑟𝑔𝑚𝑖𝑛
𝜃𝐺

1

𝑁


𝑛=1

𝑁

𝑙𝑆𝑅 (𝐺𝜃𝐺 𝐼𝑛
𝐿𝑅 , 𝑙𝑛

𝐻𝑅)

𝑙𝑀𝑆𝐸
𝑆𝑅 =

1

𝑟2𝑊𝐻


𝑥=1

𝑟𝑊



𝑦=1

𝑟𝐻

(𝐼𝑥,𝑦
𝐻𝑅 − 𝐺𝜃𝐺 𝐼𝐿𝑅 𝑥,𝑦)

2

𝑙𝑉𝐺𝐺/𝑖,𝑗
𝑆𝑅 =

1

𝑊𝑖,𝑗𝐻𝑖,𝑗


𝑥=1

𝑊𝑖,𝑗



𝑦=1

𝐻𝑖,𝑗

(∅𝑖,𝑗(𝐼
𝐻𝑅)𝑥,𝑦−∅𝑖,𝑗(𝐺𝜃𝐺 𝐼𝐿𝑅 )𝑥,𝑦)

2

𝑙𝐺𝑒𝑛
𝑆𝑅 = 

𝑛=1

𝑁

−𝑙𝑜𝑔𝐷𝜃𝐷(𝐺𝜃𝐺 𝐼𝐿𝑅 )

𝑟 = 𝑑𝑜𝑤𝑛 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑓𝑎𝑐𝑡𝑜𝑟

∅𝑖,𝑗 =the feature map obtained by the j-th convolution 

(after activation) before the i-th maxpooling layer 
within the VGG19 network,

𝑝𝑒𝑟𝑐𝑒𝑝𝑡𝑢𝑎𝑙 𝑙𝑜𝑠𝑠

𝐶𝑜𝑛𝑡𝑒𝑛𝑡 𝑙𝑜𝑠𝑠

𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑟𝑖𝑎𝑙 𝑙𝑜𝑠𝑠
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SRGAN3
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StackGAN4
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StackGAN4

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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StackGAN4

𝐷𝐾𝐿(𝒩(𝜇 𝜑𝑡 , σ(𝜑𝑡))‖𝒩(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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StackGAN4

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))‖𝒩(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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StackGAN4

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))‖𝒩(0, 𝐼))
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StackGAN4
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Result5

Example results by our StackGAN, GAWWN, and GAN-INT-CLS 
conditioned on text descriptions from CUB test set
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Result5

Oxford-102 MS COCO
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Result5

Inception scores and average human ranks of StackGAN, GAWWN, and 
GAN-INT-CLS on CUB, Oxford102, and MS-COCO datasets.
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Result5

Samples generated by StackGAN from unseen texts in CUB test set.
Each column lists the text description, images generated from the text by Stage-I and Stage-II
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Result5

For generated images, retrieving their nearest training images 
by utilizing Stage-II discriminator to extract visual features. 
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Result5

Conditioning Augmentation (CA) helps stabilize the training of conditional GAN and improves the diversity 
of the generated samples. (Row 1) without CA, Stage-I GAN fails to generate plausible 256×256 samples.

Although different noise vector z is used for each column, the generated samples collapse to be the same 
for each input text description. (Row 2-3) with CA but fixing the noise vectors z, methods are still able to 
generate birds with different poses and viewpoints.
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Result5

Inception scores calculated with 30,000 samples generated by different baseline models of StackGAN
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Result5

(Left to right) Images generated by interpolating two sentence embeddings. 
Gradual appearance changes from the first sentence’s meaning to that of the second 
sentence can be observed. The noise vector z is fixed to be zeros for each row.
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