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Some say the piano is easier to learn, as the

finger and hand movements are more natural,
and learning and memorizing notes can be

GitHub Coplilot

Others say that it's easier to learn chords on
the guitar and you could pick up a strumming

@ s srna pattern in a couple of hours.

Music teachers often recommend that
beginners practice for at least 1 hour per day.
To get to an intermediate level, it typically
takes 3-6 months of regular practice for
guitar, and 6-18 months for piano.
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What's Easier to Learn Piano
or Guitar?

It's much easier to learn a seng
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Attention Is All You Need
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The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
N '—l'—_" O 1 O 2 O 8 O 7 O 9 entirely. Experiments on two machine translation tasks show these models to
-La -H'A ]\ 0 a D o 0 be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-

= to-German translation task, improving over the existing best results, including

m} E O 2 O 1 O 7 O 8 O 9 ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,

. . . . . our model establishes a new single-model state-of-the-art BLEU score of 41.8 after

training for 3.5 days on eight GPUs, a small fraction of the training costs of the

T best models from the literature. We show that the Transformer generalizes well to

other tasks by applying it successfully to English constituency parsing both with

5 N S N
k*%ﬂ E/\] h large and limited training data.
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https://www.bilibili.com/video/BV1uudylm7ak

Natural Language Processing with Deep Learning CS224N/Ling284
https://web.stanford.edu/class/cs224n/slides/cs224n-2023-lecturell -
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TensorFlowE A #FE: Neural machine translation with a Transformer
and Keras, https://www.tensorflow.org/text/tutorials/transformer

The Illustrated GPT-2, http://jalammar.github.io/illustrated-gpt2/
« ¥ https://blog.csdn.net/g534441921/article/details/104312983
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