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G(z) = x � pg
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The generator G transforms noise z � N (0, I) into fake samples
x = G(z).

The GAN[1] discriminator D classifies x as real or fake.

The optimal generator learns to confuses the discriminator!
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Tiny-ImageNet
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Standard GANs provide high-dimensional Gaussian noise as
input to the generator.

In Spider GANs we propose to provide images drawn form
closely-related friendly neighborhood datasets as input!
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The signed Inception distance, SID(ps�pt): Compute
SD(ps�pt) over Inception embeddings.

Cq,r Target: c ⇠ µq Source: c̃ ⇠ µp References: x ⇠ U [Cq,r]
Cq,r Target: c ⇠ µq Source: c̃ ⇠ µp References: x ⇠ U [Cq,r]
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Pre-trained Stage-I GAN
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Stage-II Spider GAN
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Stage-I Interpolation
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Stage-II Interpolation

Table: Comparing FID and area under the SID curve (CSID) in identifying friendly  
neighbors of target datasets in terms of the first, second and third “friendliest neighbors.”
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Fig. Interpolations on Stage-I Spider StyleGAN2-ADA
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Fig. Interpolations on Stage-II Spider StyleGAN2-ADA

4. Experiments on Spider GANs 5. Novel Transfer Learning — Cascaded Spider GANs
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Visual correspondence is not necessary! Spider GANs leverage
underlying structural similarity between datasets.
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The output of a Stage-one pre-trained GAN can be used
as the input to a Stage-two Spider GAN.
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State-of-the-art performance in one-fifth of the training time!
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The signed distance (SD(ps�pt)): Average D�
p(x) over x.
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D�
p(x) has promising properties!

Consider a test point x drawn from pd:

(a) D�
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p(x) > 0.

(c) D�
p(x) < 0.
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di � pd
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Trained the generator with inputs from closely related datasets.

SID can identify friendly neighbors and quantify diversity.

Spider StyleGANs achieved state-of-the-art performance in a
fraction of the training time.
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Fig. Images generated by Spider StyleGAN3-T on FFHQ, with
inputs drawn from StyleGAN2 pre-trained on Tiny-ImageNet.
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StyleGANs: Karras et al., NeurIPS 20, CVPR 21, NeurIPS 22


