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Fig 1. Schematic of a Transformer Architecture [1]

The encoder consists of a stack of N=6 identical layers, where each layer is
composed of two sub-layers:

1) The first sub-layer implements a multi-head Muilti-Head Attention
self-attention mechanism. It implements h heads
that receive a (different) linearly projected version
of the queries, keys, and values, each to produce h Concat
outputs in parallel that are then used to generate
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Each sub-layer is also succeeded by a
normalisation layer, layernorm(), which
normalises the sum computed between the
sub-layer input, x, and the output generated by
the sub-layer itself, sublayer(x):
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e For training purposes, the input sequence is prefix appended with a
<START> token and suffix appended with a <END> token. The same is
done for the output if it is also a sequence.

* The encoder generates the ENCODED matrix which includes correlation
between each elements in the sequence as well as positional encoding.
This is provided as keys and values to the second decoder sub-layer while
the query comes from the Masked Multi-Head Attention (first sub-layer)
of the decoder.

e Upon correct training of the model, the Output Probabilities should cross
a certain threshold (and may not improve significantly any further).

Inference is the implementation of a trained model. Once we have a trained
Transformer model, and assuming that the output is also a sequence, we
supply the <START> token to the Output and the input is as given. The
ENCODED matrix once calculated remains same for the input and we
successively modify the tokens supplied to the Decoder module. This
continues till we receive the <END> token as the output.

e This is primarily Due to the self-attention mechanism, Transformers can
process all elements of a sequence in parallel unlike RNNs. It enables
faster training and inference times, as multiple computations can be
performed simultaneously across different parts of the input sequence.

e |t allows Transformers to take advantage of hardware accelerators like
GPUs and TPUs more effectively, leading to significant speedups in
training and inference compared to sequential models.

e Transformers are highly scalable, meaning they can handle input
sequences of varying lengths without a significant increase in
computational complexity. Unlike recurrent models, which suffer from
vanishing or exploding gradients when processing long sequences,
Transformers maintain stable gradients throughout the entire sequence
length.

e Transformers can be scaled up in terms of model size (hnumber of layers,
hidden units, etc.) to improve performance on complex tasks or larger
datasets without sacrificing efficiency. With advancements like sparse
attention mechanisms and model pruning techniques, researchers are
further enhancing the scalability of Transformers, enabling them to
handle even larger datasets and more complex tasks.

Normalised = layernorm ( x + sublayer(x) )
F-0.25

| o050 e Text Generation: Models like GPT (Generative Pre-trained Transformer)
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capture any information about the relative I—n-?s are proficient in generating coherent and contextually relevant text.
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Fig 4. A practical example of positional encoding words into text, enabling applications in voice-controlled interfaces and
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