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Motivation: Sequence-based Problems is Everywhere … 
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[1]. Girdhar, Rohit, et al. "Video action transformer network." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2019. 



Attention is All You Need!
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[1]. https://paperswithcode.com/sota/question-answering-on-squad20-dev
[2]. https://paperswithcode.com/sota/semantic-textual-similarity-on-mrpc 

Question Answering on SQuAD2.0 dev

Semantic Textual Similarity on MRPC

https://paperswithcode.com/sota/question-answering-on-squad20-dev
https://paperswithcode.com/sota/semantic-textual-similarity-on-mrpc


Challenge #1. Long Turnaround Time
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Challenge #1. Long Turnaround Time
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Self-attention MLP

[1]. https://github.com/NVIDIA/TensorRT/tree/master/demo/BERT 

https://github.com/NVIDIA/TensorRT/tree/master/demo/BERT


Challenge #2.  Gigantic model size
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Kernels are not free 
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Think self-attention as a primitive
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Think self-attention as a primitive
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Compute the self-attention on-the-fly
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Evaluate on-the-fly-attention
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Pruning makes the model small
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Using emerging hardware
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A

B

C = A B + C⋅

[1]. https://www.amd.com/en/technologies/cdna 
[2]. https://www.nvidia.com/en-us/data-center/tensor-cores 

https://www.amd.com/en/technologies/cdna
https://www.nvidia.com/en-us/data-center/tensor-cores


Efficient computing on sparse models
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Prune the model as fine-tuning
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Prune the model as fine-tuning
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Performance gain from pruning
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Irregular Row Column Tensor-tile
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Efficient computing on sparse models
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Attention-aware pruning 
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Evaluate pruning algorithms
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Compare with state-of-the-art
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Conclusion
❖ We design a novel self-attention architecture with 2.5x speedup compared 

with TensorRT

❖ We introducing tensor-tile pruning algorithms and model-aware pruning.

❖ E.T. is avaliable at:
❖
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Thank You & Questions?
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