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Why On-Device AI?


Enhanced Privacy
Data never leaves the device. Process personal 
content, conversations, and media locally 
without cloud exposure.


Real-Time Response
Instant inference with no network round-trips. 
Perfect for AR/VR, autonomous driving, and 
voice agents.


Connectivity
Works seamlessly in low-bandwidth regions, 
remote areas, or completely offline. No 
high-speed network required.


Cost Efficient
No cloud compute bills or API limits. Scale to 
billions of users without infrastructure costs 
growing linearly.

MLSys 2026



Why is On-Device AI hard?


Hardware 

Heterogeneity

● Varying compute capability 
and SoC configurations

● Memory constraints
(RAM and Storage)

● Bespoke vendor compilers 
for NPUs
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
Battery Powered

● Constrained Power and 
Thermal envelopes

● Limited TOPS and memory 
bandwidth


Research to 

Production Gaps

● Numerical differences from 
model conversions

● Debugging is non-trivial

● Model compression 
trade-offs for on-device

● Updating and maintaining 
models
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ExecuTorch Guiding Principles


Portability

Support wide variety 
of computing 

platforms, from 
desktop to 

constrained 
embedded systems.


Productivity
Enable the same 

PyTorch experience 
for authoring, 

debugging, and 
deployment across 

platforms.


Performance
High-performance 

experience via 
lightweight runtime 

utilizing full hardware 
capabilities.


Community

Develop in the open, 
encouraging 
community 

contributions and 
feedback


Modularity

Well-defined 
workflow for program 

capture, transform, 
and execution with 

OOTB components.
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Conversion-based

Compiler-based

Vendor-specific

Model-Specific
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?

Existing Solutions

MLSys 2026



?

PyTorch 
Program

torch.nn.Module

torch.export ()

Exported Graph 

Quantization & 
Backend Delegation

ExecuTorch
Program

ExecuTorch
Runtime

Edge Device.pte file

“dog”

Inference

ExecuTorch
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Model preparation
Offline / Compile-time

Model execution
Online / Runtime



➔ Building ExecuTorch on top of PyTorch 2.0 and torch.export
➔ Introducing Graph based, Backend-aware Quantization
➔ Ahead-of-Time, Composable, Optional Backend Delegates
➔ Portable and Tiny Runtime with Batteries included
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Key Architectural Choices
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What does this design choice enable?

● PyTorch powers >90% of AI Research. This lets us leverage it directly
● Backends can work with Core ATen ops (<300), and executable FX graph
● PyTorch tooling and ecosystem support are available

How?

● Take a PyTorch model, export it, and lower it via ExecuTorch*
○ Supports models from Hugging Face via Optimum-ExecuTorch

● Progressive lowering within PyTorch
○ torch.nn.Module → Export IR → Edge IR
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torch.export and ExecuTorch

MLSys 2026 * See appendix for torch.export limitations 



What does this design choice enable?

● Hardware specific quantization for backends
● Numerical accuracy tracing at node level
● Same flow from training to deployment
● Seamless evals on server

How?

● Backend specific Quantizer*
● Supporting both PTQ and QAT
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inter-
polate

linear

conv

relu

soft
max

weight

int8_qspec

int8_qspec int8_qspec

Input quantization
Output quantization

class QuantizationSpec:
    dtype: torch.dtype
    qscheme: Optional[torch.qscheme]
    ch_axis: Optional[int]
    ...

* ExecuTorch also supports pre-export, eager-based quantization flows through TorchAO.

Graph Quantization



What does this design choice enable?

● Abstracts away hardware 
heterogeneity, uses same IR

● Enables vendor tooling
● Simpler core runtime, making it 

portable

How?

● Ahead-of-time graph partitioning
● Delegates are composable and optional
● Seamless fall back to Portable kernels
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interpolate

Step 1:
The backend tags 

the supported 
operators in the 

graph.

softmax

weight

linear

relu

conv

interpolate

Step 2:
The backend runs 

passes to fuse parts of 
the subgraph. It will then 
compile the graph into a 
binary and be embedded 

as part of the PTE file.

softmax

weight conv

compiled binary

linear
relu

compiled 
binary

Step 3: The backend can further 
compile the binary at runtime.

interpolate

softmax

weight conv

Step 4: Delegated 
binary is executed 

on the backend 
hardware.

further
compiled 

binary
further

compiled 
binary

Model preparation
Offline / Compile-time

Model execution
Online / Runtime

Backend Delegates
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CPU

● XNNPACK: Arm, x86 SIMD

● Cortex-M: CMSIS-NN

● Cadence: Hifi, Fusion, Vision DSPs

GPU

● Vulkan: Android GPUs

● Arm VGF: Arm Mali GPUs

● MLX: Apple Silicon GPU

● AOTI Metal: Apple Silicon GPU

● AOTI CUDA: NVIDIA GPU

● TensorRT: NVIDIA GPU

NPU

● Qualcomm QNN: Hexagon HTP

● Arm Ethos-U: Ethos-U55/U85

● Mediatek Neuropilot: Dimensity NPUs

● Samsung ENN: Exynos NPU

● NXP Neutron: eIQ Neutron NPU

Multi-hardware

● CoreML: Apple ANE, GPU, CPU

● OpenVino: Intel NPU, GPU, CPU

Backend Delegates

MLSys 2026



What does this design choice enable?

● Wide platform support: Hardware, OS

How?

● Light, C++17 based, portable execution engine
● Platform Abstraction Layer for system ops
● Aims to reduce the framework tax
● Built-in Kernels

○ Portable Kernel Library 
○ Op and dtype selective build to reduce binary size
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Portable Runtime
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● Last release v1.2 (Apr 1st) - General Availability
● We have been enabling latest LLM, multimodal models

○ Voxtral Realtime, Gemma 4, Qwen 3.6

● Successful deployments
○ Meta (Apps, Smart Glasses, Quest), LiquidAI, Private Mind, Nimble Edge

● Ecosystem integrations
○ Hugging Face, Unsloth, TorchAO

● Now part of the PyTorch foundation, embracing openness
● Just like PyTorch, accelerating research to production
● Productive hardware partnerships
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Current Status
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Thank you!



Appendix
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Architecture
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● Core Runtime
○ Light, C++17 based, portable execution engine
○ Platform Abstraction Layer for system ops
○ Aims to reduce framework tax

● Built-in Kernels
○ Portable Kernel Library
○ Op [+dtype] selective build to reduce binary size

● Language bindings
○ Python, Android (Java/Kotlin), iOS (Obj-C, Swift)

● Extensions
○ Data loaders, Module, LLM

Model Execution
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Enabling Use Cases: LLM and Multimodality

● Supports models from Hugging Face via Optimum-ExecuTorch
○ Or bring your own and torch.export it

● Enabled popular models already on multiple backends
○ Llama 3.2, Qwen3, Phi 4 Mini, and many more
○ Voxtral, Gemma 3

● Key features
○ Flash Attention, Sliding window Attention
○ Quantized KV-cache
○ Speculative Decoding
○ Dynamic Shape support (or separate methods for prefill/decode)
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Enabling Use Cases: Vision and Embedded

● Vision
○ Arbitrary PyTorch Model support
○ Classical Vision models run out of the box on multiple backends

■ Mobilenet-v2/v3, ResNet, ViT, and many more
■ Supports standard quantization

● Embedded
○ Allows binary size optimizations 

■ Kernel library selective build
■ Ahead-of-time memory planning

○ Performant yet tiny runtime
■ Performance optimized operators (CMSIS-NN)
■ Portable Runtime size ~20 KiB

○ Supports standard quantization
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Limitations and Future work

● torch.export 
○ Data Dependent Control flow
○ Dynamic Shapes
○ Custom operators

● Hardware retargetability and PTE portability
○ Ahead-of-time compilation especially for NPUs

● Supporting more capable devices e.g. Laptop/Desktops
○ CUDA and Metal
○ Leveraging AOTI

● Sparsity
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