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A Graph Convolutional Generative Adversarial Network (GCGAN) is proposed to effectively recommend to
new users or items. To maintain scalability, the discriminator is improved to capture latent features of users and
items by using graph convolution from a minibatch size bipartite graph. Through the experiment using MovieLens
dataset, it is confirmed the effectiveness of the proposed GCGAN compared with the conventional methods.
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Algorithm 1 Minibatch stochastic gradient descent training of graph convolutional generative adversarial nets.

for number of training iterations do

• Sample minibatch of b noise sample {z(1), . . . , z(b)} from pz(z).

• Sample minibatch of b examples {m(1), . . . ,m(b)} from data generating distribution pdata(m).

• Sample minibatch of b user feature {x(1)
u , . . . , x

(b)
u }.

• Sample minibathc of b mask {e(1), . . . , e(b)}.
• Update the discriminator by ascending its stochastic gradient:

∇θD =
1

b

b∑

i=1

[logD(m(i) ⊗ (x(i)
u , xv)) + log(1−D((G(z(i)|x(i)

u )� e(i))⊗ (x(i)
u , xv)))].

• Sample minibatch of b noise sample {z(1), . . . , z(b)} from pz(z).

• Sample minibatch of b user feature {x(1)
u , . . . , x

(b)
u }.

• Update the generator by ascending its stochastic gradient:

∇θG =
1

b

b∑

i=1

[log(1−D((G(z(i)|x(i)
u )� e(i))⊗ (x(i)

u , xv)))].

end for

The gradient-based updates can use any standard gradient-based learning rule.
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2: MovieLens100K,1M Precision@N
Dataset MovieLens 100K MovieLens 1M

Bache Size 64 128 64 128

method P@5 P@10 P@15 P@5 P@10 P@15 P@5 P@10 P@15 P@5 P@10 P@15

CFGAN 0.610 0.678 0.684 0.667 0.768 0.808 0.578 0.735 0.759 0.662 0.732 0.757

GCGAN 0.499 0.611 0.648 0.425 0.561 0.618 0.677 0.749 0.771 0.705 0.765 0.784

3: f1

4: f1
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