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Approach to Efficiency

Fundamental algorithms 

Hardware

CNN Transformer

GPU CPU Edge device

MobileNet



Approach to Efficiency

Roofline Model - Operational Intensity 

https://www.cnblogs.com/studyinglover/p/18127962



How the GPU Calculates

A100 GPU with 128 SMs

https://resources.nvidia.com/en-us-genomics-ep/ampere-architecture-white-paper?xs=169656



How the GPU Calculates

https://resources.nvidia.com/en-us-genomics-ep/ampere-architecture-white-paper?xs=169656A100 GPU Streaming Multiprocessor(SM)



GPU Memory Hierarchy

The GPU Devotes More Transistors to Data Processing
https://docs.nvidia.com/cuda/cuda-c-programming-guide/



GPU Memory Hierarchy

CUTLASS GEMM Structural Model

https://developer.nvidia.com/blog/cutlass-linear-algebra-cuda/



FlashAttention: Fast and Memory-Efficient Exact Attention with 
IO-Awareness



FlashAttention



FlashAttention



FlashAttention



FlashAttention

HBM access 

FlashAttention:

StandardAttention:

d: 64/ 128
N: ~1024
M: ~100KB (A100)



Glance at RNN and Transformer

1( )t h h t h tx hh   W U

( )t y y ty h W

RNN:

The recurrent formulation is not good for training!

SSM:



Glance at RNN and Transformer

Attention scales quadratically in sequence length N.



Glance at RNN and Transformer

Natural autoregressive (causal) model

Bad parallelizable

Vanishing gradients

Linear-time training and inference
Good performance
Good parallelizable

Quadratic-time training



SSM

Parameters are constant (invariant) through time (LTI system).
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Selective State Spaces



Selective State Spaces

Bilinear discretization Zero-order hold (ZOH) discretization



Selective State Spaces

ZOH:



Selective State Spaces



Selective State Spaces



SSM and RNN

1( )t h h t h tx hh   W U

( )t y y ty h W



SSM and Attention

SSM: Each dimension is managed by an independent
state space model.

Transformer: Each group of dimensions is 
managed by a different head of multi-head attention.



Selective State Spaces

ZOH:
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HiPPO

Online Function Approximation

Gu A, Goel K, Ré C. Efficiently modeling long sequences with structured state spaces,  
2021.

Gu A, Dao T, Ermon S, et al. Hippo: Recurrent memory with optimal polynomial 
projections, 2020.



HiPPO

https://en.wikipedia.org/wiki/Fourier_transform

The Fourier transformation allows us to decompose a signal 
into sinusoidal functions

A set of complete polynomials can approximate an arbitrary 
function by linear combination.

- Fourier series
- Legendre polynomials
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HiPPO

As opposed to traditional function approximation instead of constructing all signals perfectly, new 
signals are constructed exactly, and old signals decay exponentially, so being able to h(t) is able to 
capture recent tokens.

A matrix can build in such a way that it approximates all the 
input signal seen so far into a vector of coefficients by Legendre 
polynomials.



Mamba: Linear-Time Sequence Modeling with Selective State Spaces 



Mamba

Mamba: The Easy Way:https://jackcook.com/2024/02/23/mamba.html



Mamba

B: Batch size
L: Sequence length
D: Size of the input vector
N: Size of the hidden state h



Mamba

https://en.wikipedia.org/wiki/Prefix_sum

1t t ty y x 

Parallel prefix-sum 



Mamba



Mamba



Mamba

Hungry Hungry Hippo 



Summary

What different between RNN and Mamba?

1( )t h h t h tx hh   W U

( )t y y ty h W

1. Removed the nonlinear layer and able to 
parallelize the computation;

2. Design Matrix A to Reduce Hidden State 
Obliviousness;

3. Each dimension corresponds to an SSM module.



Mamba for CV

100+ papers on the use of Mamba in CV https://github.com/ReaFly/Awesome-Vision-Mamba



Mamba for CV

ViT

Vision Mamba

Zhu L, Liao B, Zhang Q, et al. Vision mamba: Efficient visual representation learning with 
bidirectional state space model[J]. arXiv preprint arXiv:2401.09417, 2024.



Mamba for CV

VMamba



Mamba for CV

Yu W, Wang X. MambaOut: Do We Really Need Mamba for 
Vision?[J]. arXiv preprint arXiv:2405.07992, 2024.



Mamba for CV

Wang Z, Li C, Xu H, et al. Mamba YOLO: SSMs-Based YOLO 
For Object Detection[J]. arXiv preprint arXiv:2406.05835, 
2024.



Mamba for CV

Wang Z, Li C, Xu H, et al. Mamba YOLO: SSMs-Based YOLO 
For Object Detection[J]. arXiv preprint arXiv:2406.05835, 
2024.

FPS?


