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(@)

Who wins the world cup in 20227

As an Al language model, | do not have the ability to predict the future, including the
winner of the World Cup in 2022. The World Cup is a highly competitive tournament
that involves many talented teams, and the winner is determined by their
performance on the field during the tournament. We will have to wait and see which

team performs the best during the tournament.

(b)
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Who invented Transformer in the area of natural language processing?

The Transformer was introduced by Vaswani et al. in the paper "Attention Is All You

Need", published in 2017. The paper was authored by Ashish Vaswani, Noam

Introduce some other works from Ashish Vaswani

Ashish Vaswani has made significant contributions to the field of natural language

processing and machine learning. In addition to the Transformer, here are some of

his other notable works:

1. "Tensor2Tensor for Neural Machine Translation® (2018): This paper introduced
Tensor2Tensor, an open-source software library for training deep learning models,
and used it to achieve state-of-the-art results in neural machine translation,

2. "Scaling Neural Machine Translation® (2018} This paper presented a study on how
to scale neural machine translation to handle large amounts of data and achieve
better results

3. “Attention Augmented Conveolutional Networks® (2018): This paper introduced
attention augmented convolutional networks, a neural architecture that combines
the benefits of both attention mechanisms and convolutional neural networks.
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