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Benchmarking studies  against ONNXRuntime suggested SOFIE performs
better for smaller models and single event evaluation in time and
memory, but takes longer time and intensive memory for large models.

[1]

Several enhancements can be made to further optimize SOFIE for larger
models, which include:

Multi-Operator Fusion

Memory Reuse

Support for inference on heterogeneous architectures provides flexibility to the user 
       for easier integration in complex pipelines.

Abstraction libraries like SYCL and ALPAKA  provides a platform agnostic interface[2]

       for managing memory on heterogeneous architectures, making them suitable to  be    
       supported by SOFIE.

Development continues with prototypes implemented for support of SYCL[3]

       and ALPAKA in SOFIE.

Architecture
Using buffer-accessor model
Initializes buffers during session instantiation
Accepts buffers as inputs
Returns buffers as outputs
Abstract Infer function 

user has the control of   
                     running on Intel, NVIDIA,
                     or AMD GPUs

BLAS methods chosen 
                     automatically as per the 
                     chosen execution
                     architecture.

Experimentation on inference code for ParticleNet was performed after adding the
optimization methods, measuring particularly memory improvements.

Experimentation on generated heterogeneous code was performed for various
configurations and platforms, measuring particularly elapsed time per event.
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Popular libraries, such as Keras and PyTorch, provide functionality for
inference, but support only their own models, whereas inference in
ONNXRuntime is constrained by heavy dependency.
SOFIE creates standalone C++ inference code, which can be included in
any other C++ project with limited dependencies.
In this work, we add optimizations in SOFIE that further reduces its  
memory usage making it more suitable for deployment in constrained
environments. We further present SOFIE’s latest developments for
generating inference code for heterogeneous architectures.

SOFIE parses a trained model in ONNX, Keras or PyTorch format to its
IR (based on ONNX standard).
Generates inference code in the form of C++ functions.
Supports several ONNX operators, including Transformer models
used by LHC experiments.
Supports also GNNs trained in DeepMind’s Graph Nets.
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Initial state: Tensor 1 and 2 are
assigned with memory
locations

When Tensor 3 arrives, Tensor
1 is no longer required,

therefore its memory is
available for reuse

Tensor 3 takes a part of the available memory,
keeping the remaining chunk available for reuse
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