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VWhat Is
Mamba?

e Released end of 2023
e Signhal processing

Recursive Convolutional
Neural Network i { Neural Network
(RNN) I (CNN)
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Mamba Architecture

Linear
projection

Sequence

transformation

Nonlinearity
(activation or
multiplication)
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Recursive Neural Network (RNN)
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State Space Model (SSM)

State Representation
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Selective State Space Model

State Representation
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State update h; = A(x)hy.1 + B(x)x;
Output v = C(x)h;
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240 MHz dual core

512 KB RAM 1000x less than
8 MB flash  smartphone

Integer Vector Instructions

ESP32-53 MCU
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Why use
Mamba ?

Efficient
S

Accurate
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Step 2

Step 3

Mamba
Memory: O(1)
Time: 0O(n)
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Transformer
Memory: O(n)
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BN cOMPARISON I

Inference throughput on A100 80GB (prompt length 2048)
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DN coMPARISON I

Scaling Laws on The Pile (Sequence Length 2048)
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Mamba compared to other architectures in language
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I USES .

Hybrid models

% ol Codestral )

@ Nemotron 3

MISTRAL

Jamba @ Qwen3

A Breakthrough SSM -Transformer Open Model




RESEARCH QUESTION

Is mamba suitable for inference on MCU?'s?
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RESEARCH CHALLENGE |

How to compare
different Al architectures?

What model and
training parameters to use?
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RESEARCH CHALLENGE II

J

Training on PC, : Choosing the right
running on MCU - framework
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RESEARCH CHALLENGE il

mdamba
[oC0e)

MCU has Mamba is designed
limited resources for GPU’s
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OPTUN A |—Parameters =

e Train model with pytorch on PC -> official implementation

e Export to ONNX

e Import ONNX to ESP-DL library
» Hyperparameter optimization using Optuna

SOFTWARE

O PyTorch [—

o Official Mamba
implementation

€ ONNX

e Replace GPU
code

 —

ESP-DL

e Best hardware
support

e Quantization

e Limited operator
support
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EXPERIMENT

EXPERIMENT STEP 1 EXPERIMENT STEP 2

Geneate Test model on .
optimal Train model Best models —p Quantize
parameters Parameters —p ONNX model —» PC toints

Est. latency + accuracy

u
u
u
[ ]
u
u
]
[ ]
L

ff Test final

accuracy

1. LET OPTUNA FIND OPTIMAL PARAMETERS FOR MODEL ® and latency
2. TRAIN MODEL IN PYTORCH
3. TEST MODEL ON LAPTOP

4. REPORT ACCURACY + LATENCY BACK TO OPTUNA
Pareto front
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DATASETS

HUMAN ACTIVITY
RECOGNITION (HAR)

KEYWORD
SPOTTING (KWS)
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Add / mul

Bidirectional Mamba

OPTIMIZATION

Key Value

|'(1 Vi
kz Vs
Kn Vn

Lookup table

13.45678

9.34

3212

3.445

Before Quantization

Quantization

\

After Quantization

Quantization
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RESULTS




RESULTS - PROFILING

Operation Time (float) - Sorted by Time
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& Mamba-1 on ESP-32 (Tensorflow Lite Micro)
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RESULTS - PROFILING

MCU Operator Profiling — Trial 18 (bidirectional {mul))
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RESULTS - HAR

Pareto front comparison (HAR)
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& single direction — Pareto front

o single direction — all trials
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RESULTS - HAR
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RESULTS - HAR

PC Pareto Front (* = MCU-tested)
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RESULTS - HAR

Paramter size vs MCU accuracy (HAR)
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RESULTS - KWS

Pareto front comparison (KWS)

single direction — Pareto front
single direction — all trials
bidirectional (add) — Pareto front
bidirectional (add) — all trials
bidirectional (add) — Pareto front
bidirectional (add) — all trials
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RESULTS - KWS
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RESULTS - KWS

PC Pareto Front (* = MCU-tested) MCU Accuracy vs Latency
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RESULTS - KWS

MCU Accuracy vs Latency
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Mamba, benchmarked on ESP32-53

Variouse models, benchmarked on STM32F746ZG
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CONCLUSION

e Mamba can be very effective on MCU'’s
e Software support is limited
 Quantization without retraining is limited
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1.

/

Improve

quantization:

PTQor QAT

FUTURE WORK

2. 3.
4

-

Add Mamba-2
and other model
comparisons
(e.g.transformer)

Create kernel
for mamba
inference
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THANK YOU

FOR YOUR ATTENTION




Mamba

MAMBA-2 AND MAMBA-3

Mamba-2 Block

Mamba-3 Block

Linear projection

Sequence transformation

MIMO projection (optional)

Nonlinearity (activation,
normalization, multiplication, etc.)
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