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• M.Sc. in Electrical and Computer Engineering

• Doctoral Candidate at “Embedded System Level (ESL)” group since 2021

• Focus: Embedded Machine Learning (TinyML)

• Deployment

• Optimizations

• RISC-V ISA

• Automation

About myself
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TinyML: Bring machine learning tasks to tiny edge devices

• Resource constraints (memory, power, cost, size, latency)

• Sometimes connected to cloud (IoT)

• Here: inference only

Further challenges:

• Deployment: Used frameworks etc.

• Hardware Design: Reduce time-to-market (i.e. by virtual prototyping)

• Benchmarking: often framework/vendor-specific

→ MLonMCU: Framework-independent deployment and benchmarking tool with fast retargeting support

Motivation
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TinyML Frameworks

• TFLM: TensorFlow Lite for Microcontrollers [1]

• Industry standard, hardcoded NN kernels, supports vendor libraries

• TFLite Micro Compiler: Static code generator for TFLM inference [2]

• TVM: An Automated End-to-End Optimizing Compiler for Deep Learning [3]

• Compiler-driven approach, Generated kernels, support Tuning

• MicroTVM: Deployment platform for baremetal devices (MCUs)

State of the Art
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Isolation

• Do not interfere with rest of the system

Reproducibility

• All intermediate benchmarking artifacts should be accessible

Parallelism

• Use all available computational resources

Extensibility

• Integrate custom user-written code easily

Implementation: Design Principles

M.Sc. Philipp van Kempen (TUM) | CODAI 2022 Workshop

CODAI 2022 Workshop

8



Implementation: Structure
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Frontends

• Load: Make model (provided by name or path) available for later stages

Frameworks and Backends

• Tune: Benchmark several different operator configurations on target hardware to reduce latency (optional)

• Build: Use provided model (and tuning records if available) for generating the models inference code and 

kernels 

Implementation: Components I
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Platforms and Targets

• Compile: Produce target software binary (ELF)

• Run: Execute & monitor target software on a device or simulator

Postprocesses

• Use previously generated results (metrics & artifacts) to do further analysis and some filtering

Features

• Alter the behavior of specific components (by adding callbacks or modifying their configuration)

Implementation: Components II
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Used commands

• Experiment A
mlonmcu flow run tinymlperf \

--parallel –-progress \

--target etiss_pulpino \

--backend tflmi --backend tflmc –-backend tvmaot --backend tvmaotplus --backend tvmrt \

--feature trace --postprocess detailed_cycles

• Experiment B
mlonmcu flow run tinymlperf --parallel –-progress --backend tvmaot \

--target esp32c3 –-target stm32f4 –-target stm32f7 –target esp32 \

--feature-gen _ --feature-gen autotuned --config autotuned.tuning_records=... \

--config-gen tvmaot.desired_layout=NHWC --config-gen tvmaot.desired_layout=NCHW \

--config-gen tvmaot.target_device=arm_cpu tvmaot.desired_layout=NHWC \

--config-gen tvmaot.target_device=arm_cpu tvmaot.desired_layout=NCHW

Demo
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Used Models: MLPerf Tiny Benchmark [4]

Considerations

• Quantized only

Methodology: Models
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Used Targets:

Considerations

• Single core inference only

• Usefulness of these boards should not be the point of discussion

• Most limiting factor: available (S)RAM (for intermediate tensors and MicroTVM runtime)

Methodology: Targets
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Tasks

1. Compare runtime overheads of two TFLM backends

2. Compare runtime overheads of three TVM backends

3. Compare TFLM with TVM framework

Considered metrics

• Cycles (Setup & Invoke)

• Memory

• ROM: Constant weights, code size

• RAM: Intermediate tensors (activations), temporary workspace buffers

Used Simulator: ETISS (Extendable Translating Instruction Set Simulator) [5]

Experiment A
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Experiment A: Framework/Backend Overheads
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Experiment A: TFLM Backends
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Experiment A: TVM Backends
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Experiment A: TFLM vs. TVM Framework
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Observations

• Interpreter based backends (tflmi, tvmrt) are outperformed by static alternatives

• TVMs default kernel implementation are much faster compared to TFLM reference kernels

• Memory overheads compared to TFLM exist for TVM, even with USMP feature enabled

Caveats

• TVM Graph runtime (tvmrt) has useful features (Debugging, Tuning,…)

• RAM usage of TVM backends can often be reduced by a factor of two by disabling specific legalization 

passes

Important

• Only considered default (unoptimized) kernel variants here

• Instruction counts instead of cycles counts

Experiment A: Results

M.Sc. Philipp van Kempen (TUM) | CODAI 2022 Workshop

CODAI 2022 Workshop

21



Tasks

1. Compare different data/kernel layouts (channels-first vs. channels-last)

2. Try out alternative TVM schedules (Default (x86) vs. ARM)

3. Observe impact of AutoTVM (tuned vs. untuned)

→ 4 Targets x 4 Models x 4-8 Schedules = 98 Measurements

(excluding invalid/unsupported combinations)

Experiment B
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Experiment B: TVM Schedules on actual HW 
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Experiment B: NHWC vs. NCHW Layouts
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Experiment B: Default vs. ARM Schedules
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Experiment B: Untuned vs. Tuned
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Experiment B: Untuned vs. Tuned
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Observations

• CNNs: Transform layouts to NCHW and tune kernels

• DNNs: Prefer to use untuned ARM schedules or tune default (x86) ones

Caveats

• Exceptions exist

• Tuning is very time/resource intensive (Especially using MicroTVM)

Important

• Optimized ARM Cortex-M (DSP) schedules NOT used here

• Optimized RISC-V Schedules for TVM are not yet available

Experiment B: Results
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Achievements

• Proposed and implemented MLonMCU software with retargeting possibilities

• Many supported Components (Frontends, Frameworks, Targets,…)

• Demonstrated how to use MLonMCU effortlessly to generate complex benchmarks

• Discussed overserved results

Results

• 118 Benchmarks generated in less than one hour

• There is no “catch-all” solution for TinyML deployment

• Static code-generation outperforms interpreter-based approaches

• TFLM: Performance with “Reference” (Default) kernels miserable → Highly relies on vendor libraries

• TVM: Used layouts and Auto-Tuning highly relevant, tweak passes to optimize RAM usage on MCUs

Overview
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Work In Progress

• Improve Benchmarking Speed (Remote Execution etc.)

• RTL Simulation (Pulp Platform Cores)

Future Research

• ISA Extensions (i.e. RISC-V Packed & Vector)

• Kernel Libraries (i.e. CMSIS-NN[6])

• Network Architecture Search

• Power Consumption

Outlook
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Open Source Repositories

• MLonMCU Package: https://github.com/tum-ei-eda/mlonmcu

• MLonMCU Model Zoo: https://github.com/tum-ei-eda/mlonmcu-models

• MLonMCU SW Library (Machine Learning Interface): https://github.com/tum-ei-eda/mlonmcu-sw

Documentation: https://mlonmcu.readthedocs.io

Demo: https://github.com/tum-ei-eda/mlonmcu/blob/main/ipynb/Demo.ipynb

Available via PyPI: https://pypi.org/project/mlonmcu

Try out MLonMCU by yourself!
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End
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• MLonMCU features…

• High test coverage

• Extensive Documentation

• CI/CD Infrastructure

• …

Bonus: Further details 
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Bonus: Benchmark Runtimes
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• Frontends: TFLite, TF, ONNX, (Paddle)

• Frameworks: TFLM + TVM

• Backends: TFLM Intepreter, TFLM Compiler, TVM AoT, TVM Graph, …

• Platforms/Targets:

• Default (MLF): x86 (Host), ETISS, Spike, OVPSim, RISC-V QEMU, Corstone300

• Zephyr: STM32 Discovery Boards, ESP32(-C3) and probably many more

• ESP-IDF: ESP32-(C3) etc.

• MicroTVM: Spike, ETISS & various Zephyr/Arduino boards → Used for AutoTVM

• Postprocesses: …

• Features:

• muRISCV-NN (TFLM+TVM), CMSIS-NN (TFLM+TVM), RISC-V Extensions (V+P), ARM-DSP, ARM-

MVEI, Debug, GDBServer, Trace (Memory+Intructions), Unpacked API, USMP, MOIOPT, Visualize 

(TFLite+Relay), Autotune, Cache Simulation, Benchmark, RPC, Profile…

Bonus: MLonMCU Components
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