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Language GANSs fall short

Cooperative Decoding Generative Cooperative Networks (GCN, this work)

Cooperative Decoding:

-> Use of the discriminator D cooperatively
Generator + Discriminator

with the generator p for sampling texts

e In Beam Search: Expert
o DAS (Scialom et. al, 2020b)
o Discriminative EBM (Bakhtin et al., 2021)
e InMCTS: Expert Imitation
o SelfGAN (Scialom et. al, 2021) Improvement Learning
(MCTS) (Cross-entropy: «* log p)
-> SelfGAN: Cooperative decoding at train time via Expert lteration Apprem.ce

e Denser Rewards
e More Realistic Samples

GANSs are gOOd for approximating continuous data distributions... - Based on Reward'augmented Maximum Likelihood (RML) (Norouzi et al., 2016):

e considers a Boltzmann distribution q(gj) X eacp(f(a;))

with f(aj) a reward dependent function and 7 a temperature

e updates the generator p via: mznpKL(q\ \p)

- Our GCN considers f(:v) = log(pt_l(:v)) + log(Dt(x))

e Pt—1isthe generator at previous iteration
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.. but have hard time with discrete data (e.g., text):

> No backpropagation from the discriminator to the generator :
- Reinforcement Learning with Discriminator scores as Rewards
- Noisy and Moving Rewards

Fake image

- Existing language GANSs are known to fall short (Caccia et al, 2020)
- Cautious Sampling is a key to stabilize the process (Scialom et al., 2020a)

° Dt is a discriminator trained with samples generated from P¢—1

Generator & Discriminator Updates - Variance reduction via Cooperative Decoding with MCTS and Weighted Importance Sampling
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Table 1. Final results on QG and Summarization test sets, 1n
terms of BLEU-4 (B), ROUGE-1 (R-1) and ROUGE-L (R-L). = 2’3‘5‘““)
Scores in bold are significantly different from the best baseline

(GAN?H? ;{de;zqer) according to a 95%-Student-t-test.
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Selection is applied recursively E ﬁ ﬁ

until a leaf is reached (or a non
created node is selected)

One node is created by sampling
a token from the Nucleus of p
given starting sequence s

Evaluation V(s’) of the new
node s’is done through the
discriminator: V(s’)=D(s’)

For each parent § of s’, the value
of s’ is back-propagated by taking:
V(8) <-- max(V(3),V(s))



