

    
      
          
            
  
Ryzen AI Software

AMD Ryzen™ AI Software enables developers to take full advantage of AMD XDNA™ architecture integrated in select AMD Ryzen AI processors. Ryzen AI software intelligently optimizes AI tasks and workloads, freeing-up CPU and GPU resources, providing optimal performance at lower power.

Bring your own model: Ryzen AI software lets developers take machine learning models trained in PyTorch or TensorFlow and deploy them on laptops powered by Ryzen AI processors using ONNX Runtime.

Use optimized library functions: The Ryzen AI Library provides ready-made functions optimized for Ryzen AI processors so that developers can integrate these functions in their applications with no machine learning experience required.
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Release Information


Version 1.1


	New model support:


	Llama 2 7B with w4abf16 (3-bit and 4-bit) quantization (Beta)


	Whisper base (EA access)






	New EoU tools:


	CNN Benchmarking tool on RyzenAI-SW Repo


	Platform/NPU inspection and management tool









Quantizer


	ONNX Quantizer:


	Improved usability with various features and tools, including diverse parameter configurations, graph optimization, shape fixing, and format transformations.


	Improved quantization accuracy through the implementation of experimental algorithmic improvements, including AdaRound and AdaQuant.


	Optimized the NPU workflow by distinguishing between different targets and aligning with the hardware constraints of the NPU.


	Introduced new utilities for model conversion.






	PyTorch Quantizer:


	Mixed data type quantization enhancement and bug fix.


	Corner bug fixes for add, sub, and conv1d operations.


	Tool for converting the S8S8 model to the U8S8 model.


	Tool for converting the customized Q/DQ to onnxruntime contributed Q/DQ with the “microsoft” domain.


	Tool for fixing a dynamic shapes model to fixed shape model.






	Bug fixes


	Fix for incorrect logging when simulating the LeakyRelu alpha value.


	Fix for useless initializers not being cleaned up during optimization.


	Fix for external data cannot be found when using use_external_data_format.


	Fix for custom Ops cannot be registered due to GLIBC version mismatch










NPU and Compiler


	New op support:


	Support Channel-wie Prelu.


	Gstiling with reverse = false.






	Fixed issues:


	Fixed Transpose-convolution and concat optimization issues.


	Fixed Conv stride 3 corner case hang issue.






	Performance improvement:


	Updated Conv 1x1 stride 2x2 optimization.


	Enhanced Conv 7x7 performance.


	Improved padding performance.


	Enhanced convolution MT fusion.


	Improved the performance for NCHW layout model.


	Enhanced the performance for eltwise-like op.


	Enhanced Conv and eltwise AT fusion.


	Improved the output convolution/transpose-convolution’s performance.


	Enhanced the logging message for EoU.










ONNX Runtime EP


	End-2-End Application support on NPU


	Enhanced existing support: Provided high-level APIs to enable seamless incorporation of pre/post-processing operations into the model to run on NPU


	Two examples (resnet50 and yolov8) published to demonstrate the usage of these APIs to run end-to-end models on the NPU






	Bug fixes for ONNXRT EP to support customers’ models






Misc


	Contains mitigation for the following CVEs: CVE-2024-21974, CVE-2024-21975, CVE-2024-21976







Version 1.0.1


	Minor fix for Single click installation without given env name.


	Perform improvement in the NPU driver.


	Bug fix in elementwise subtraction in the compiler.


	Runtime stability fixes for minor corner cases.


	Quantizer update to resolve performance drop with default settings.






Version 1.0


Quantizer


	ONNX Quantizer


	Support for ONNXRuntime 1.16.


	Support for the Cross-Layer-Equalization (CLE) algorithm in quantization, which can balance the weights of consecutive Conv nodes to make it more quantize-friendly in per-tensor quantization.


	Support for mixed precision quantization including UINT16/INT16/UINT32/INT32/FLOAT16/BFLOAT16, and support asymmetric quantization for BFLOAT16.


	Support for the MinMSE method for INT16/UINT16/INT32/UINT32 quantization.


	Support for quantization using the INT16 scale.


	Support for unsigned ReLU in symmetric activation configuration.


	Support for converting Float16 to Float32 during quantization.


	Support for converting NCHW model to NHWC model during quantization.


	Support for two more modes for MinMSE for better accuracy. The “All” mode computes the scales with all batches while the “MostCommon” mode computes the scale for each batch and uses the most common scales.


	Support for the quantization of more operations:


	PReLU, Sub, Max, DepthToSpace, SpaceToDepth, Slice, InstanceNormalization, and LpNormalization.


	Non-4D ReduceMean.


	Leakyrelu with arbitrary alpha.


	Split by converting it to Slice.






	Support for op fusing of InstanceNormalization and L2Normalization in NPU workflow.


	Support for converting Clip to ReLU when the minimal value is 0.


	Updated shift_bias, shift_read, and shift_write constraints in the NPU workflow and added an option “IPULimitationCheck” to disable it.


	Support for disabling the op fusing of Conv + LeakyReLU/PReLU in the NPU workflow.


	Support for logging for quantization configurations and summary information.


	Support for removing initializer from input to support models converted from old version pytorch where weights are stored as inputs.


	Added a recommended configuration for the IPU_Transformer platform.


	New utilities:


	Tool for converting the float16 model to the float32 model.


	Tool for converting the NCHW model to the NHWC model.


	Tool for quantized models with random input.






	Three examples for quantization models from Timm, Torchvision, and ONNXRuntime modelzoo respectively.


	Bugfixes:


	Fix a bug that weights are quantized with the “NonOverflow” method when using the “MinMSE” method.










	Pytorch Quantizer


	Support of some operations quantization in quantizer: inplace div, inplace sub


	Log and document enhancement to emphasize fast-finetune


	Timm models quantization script example


	Bug fix for operators: clamp and prelu


	QAT Support quantization of operations with multiple outputs


	QAT EOU enhancements: significantly reduces the need for network modifications


	QAT ONNX exporting enhancements: support more configurations


	New QAT examples






	TF2 Quantizer


	Support for Tensorflow 2.11 and 2.12.


	Support for the ‘tf.linalg.matmul’ operator.


	Updated shift_bias constraints for NPU workflow.


	Support for dumping models containing operations with multiple outputs.


	Added an example of a sequential model.


	Bugfixes:


	Fix a bug that Hardsigmoid and Hardswish are not mapped to DPU without Batch Normalization.


	Fix a bug when both align_pool and align_concat are used simultaneously.


	Fix a bug in the sequential model when a layer has multiple consumers.










	TF1 Quantizer


	Update shift_bias constraints for NPU workflow.


	Bugfixes:


	Fix a bug in fast_finetune when the ‘input_node’ and ‘quant_node’ are inconsistent.


	Fix a bug that AddV2 op identified as BiasAdd.


	Fix a bug when the data type of the concat op is not float.


	Fix a bug in split_large_kernel_pool when the stride is not equal to 1.














ONNXRuntime Execution Provider


	Support new OPs, such as PRelu, ReduceSum, LpNormlization, DepthToSpace(DCR).


	Increase the percentage of model operators performed on the NPU.


	Fixed some issues causing model operators allocation to CPU.


	Improved report summary


	Support the encryption of the VOE cache


	End-2-End Application support on NPU


	Enable running pre/post/custom ops on NPU, utilizing ONNX feature of E2E extensions.


	Two examples published for yolov8 and resnet50, in which preprocessing custom op is added and runs on NPU.






	Performance: latency improves by up to 18% and power savings by up to 35% by additionally running preprocessing on NPU apart from inference.


	Multiple NPU overlays support


	VOE configuration that supports both CNN-centric and GEMM-centric NPU overlays.


	Increases number of ops that run on NPU, especially for models which have both GEMM and CNN ops.


	Examples published for use with some of the vision transformer models.










NPU and Compiler


	New operators support


	Global average pooling with large spatial dimensions


	Single Activation (no fusion with conv2d, e.g. relu/single alpha PRelu)






	Operator support enhancement


	Enlarge the width dimension support range for depthwise-conv2d


	Support more generic broadcast for element-wise like operator


	Support output channel not aligned with 4B GStiling


	Support Mul and LeakyRelu fusion


	Concatenation’s redundant input elimination


	Channel Augmentation for conv2d (3x3, stride=2)






	Performance optimization


	PDI partition refine to reduce the overhead for PDI swap


	Enabled cost model for some specific models






	Fixed asynchronous error in multiple thread scenario


	Fixed known issue on tanh and transpose-conv2d hang issue






Known Issues


	Support for multiple applications is limited to up to eight


	Windows Studio Effects should be disabled when using the Latency profile. To disable Windows Studio Effects, open Settings > Bluetooth & devices > Camera, select your primary camera, and then disable all camera effects.







Version 0.9


Quantizer


	Pytorch Quantizer


	Dict input/output support for model forward function


	Keywords argument support for model forward function


	Matmul subroutine quantization support


	Support of some operations in quantizer: softmax, div, exp, clamp


	Support quantization of some non-standard conv2d.






	ONNX Quantizer


	Add support for Float16 and BFloat16 quantization.


	Add C++ kernels for customized QuantizeLinear and DequantizeLinaer operations.


	Support saving quantizer version info to the quantized models’ producer field.


	Support conversion of ReduceMean to AvgPool in NPU workflow.


	Support conversion of BatchNorm to Conv in NPU workflow.


	Support optimization of large kernel GlobalAvgPool and AvgPool operations in NPU workflow.


	Supports hardware constraints check and adjustment of Gemm, Add, and Mul operations in NPU workflow.


	Supports quantization for LayerNormalization, HardSigmoid, Erf, Div, and Tanh for NPU.










ONNXRuntime Execution Provider


	Support new OPs, such as Conv1d, LayerNorm, Clip, Abs, Unsqueeze, ConvTranspose.


	Support pad and depad based on NPU subgraph’s inputs and outputs.


	Support for U8S8 models quantized by ONNX quantizer.


	Improve report summary tools.






NPU and Compiler


	Supported exp/tanh/channel-shuffle/pixel-unshuffle/space2depth


	Performance uplift of xint8 output softmax


	Improve the partition messages for CPU/DPU


	Improve the validation check for some operators


	Accelerate the speed of compiling large models


	Fix the elew/pool/dwc/reshape mismatch issue and fix the stride_slice hang issue


	Fix str_w != str_h issue in Conv






LLM


	Smoothquant for OPT1.3b, 2.7b, 6.7b, 13b models.


	Huggingface Optimum ORT Quantizer for ONNX and Pytorch dynamic quantizer for Pytorch


	Enabled Flash attention v2 for larger prompts as a custom torch.nn.Module


	Enabled all CPU ops in bfloat16 or float32 with Pytorch


	int32 accumulator in AIE (previously int16)


	DynamicQuantLinear op support in ONNX


	Support different compute primitives for prefill/prompt and token phases


	Zero copy of weights shared between different op primitives


	Model saving after quantization and loading at runtime for both Pytorch and ONNX


	Enabled profiling prefill/prompt and token time using local copy of OPT Model with additional timer instrumentation


	Added demo mode script with greedy, stochastic and contrastive search options






ASR


	Support Whipser-tiny


	All GEMMs offloaded to AIE


	Improved compile time


	Improved WER






Known issues


	Flow control OPs including “Loop”, “If”, “Reduce” not supported by VOE


	Resizing OP in ONNX opset 10 or lower is not supported by VOE


	Tensorflow 2.x quantizer supports models within tf.keras.model only


	Running quantizer docker in WSL on Ryzen AI laptops may encounter OOM (Out-of-memory) issue


	Running multiple concurrent models using temporal sharing on the 5x4 binary is not supported


	Only batch sizes of 1 are supported


	Only models with the pretrained weights setting = TRUE should be imported


	Launching multiple processes on 4 1x4 binaries can cause hangs, especially when models have many sub-graphs
















Version 0.8


Quantizer


	Pytorch Quantizer


	Pytorch 1.13 and 2.0 support


	Mixed precision quantization support, supporting float32/float16/bfloat16/intx mixed quantization


	Support of bit-wise accuracy cross check between quantizer and ONNX-runtime


	Split and chunk operators were automatically converted to slicing


	Add support for BFP data type quantization


	Support of some operations in quantizer: where, less, less_equal, greater, greater_equal, not, and, or, eq, maximum, minimum, sqrt, Elu, Reduction_min, argmin


	QAT supports training on multiple GPUs


	QAT supports operations with multiple inputs or outputs






	ONNX Quantizer


	Provided Python wheel file for installation


	Support OnnxRuntime 1.15


	Supports setting input shapes of random data reader


	Supports random data reader in the dump model function


	Supports saving the S8S8 model in U8S8 format for NPU


	Supports simulation of Sigmoid, Swish, Softmax, AvgPool, GlobalAvgPool, ReduceMean and LeakyRelu for NPU


	Supports node fusions for NPU










ONNXRuntime Execution Provider


	Supports for U8S8 quantized ONNX models


	Improve the function of falling back to CPU EP


	Improve AIE plugin framework


	Supports LLM Demo


	Supports Gemm ASR


	Supports E2E AIE acceleration for Pre/Post ops


	Improve the easy-of-use for partition and  deployment






	Supports  models containing subgraphs


	Supports report summary about OP assignment


	Supports report summary about DPU subgraphs falling back to CPU


	Improve log printing and troubleshooting tools.


	Upstreamed to ONNX Runtime Github repo for any data type support and bug fix






NPU and Compiler


	Extended the support range of some operators


	Larger input size: conv2d, dwc


	Padding mode: pad


	Broadcast: add


	Variant dimension (non-NHWC shape): reshape, transpose, add






	Support new operators, e.g. reducemax(min/sum/avg), argmax(min)


	Enhanced multi-level fusion


	Performance enhancement for some operators


	Add quantization information validation


	Improvement in device partition


	User friendly message


	Target-dependency check










Demos


	New Demos link: https://account.amd.com/en/forms/downloads/ryzen-ai-software-platform-xef.html?filename=transformers_2308.zip


	LLM demo with OPT-1.3B/2.7B/6.7B


	Automatic speech recognition demo with Whisper-tiny










Known issues


	Flow control OPs including “Loop”, “If”, “Reduce” not supported by VOE


	Resize OP in ONNX opset 10 or lower not supported by VOE


	Tensorflow 2.x quantizer supports models within tf.keras.model only


	Running quantizer docker in WSL on Ryzen AI laptops may encounter OOM (Out-of-memory) issue


	Run multiple concurrent models by temporal sharing on the Performance optimized overlay (5x4.xclbin) is not supported


	Support batch size 1 only for NPU
















Version 0.7


Quantizer


	Docker Containers


	Provided CPU dockers for Pytorch, Tensorflow 1.x, and Tensorflow 2.x quantizer


	Provided GPU Docker files to build GPU dockers






	Pytorch Quantizer


	Supports multiple output conversion to slicing


	Enhanced transpose OP optimization


	Inspector support new IP targets for NPU






	ONNX Quantizer


	Provided Python wheel file for installation


	Supports quantizing ONNX models for NPU as a plugin for the ONNX Runtime native quantizer


	Supports power-of-two quantization with both QDQ and QOP format


	Supports Non-overflow and Min-MSE quantization methods


	Supports various quantization configurations in power-of-two quantization in both QDQ and QOP format.


	Supports signed and unsigned configurations.


	Supports symmetry and asymmetry configurations.


	Supports per-tensor and per-channel configurations.






	Supports bias quantization using int8 datatype for NPU.


	Supports quantization parameters (scale) refinement for NPU.


	Supports excluding certain operations from quantization for NPU.


	Supports ONNX models larger than 2GB.


	Supports using CUDAExecutionProvider for calibration in quantization


	Open source and upstreamed to Microsoft Olive Github repo






	TensorFlow 2.x Quantizer


	Added support for exporting the quantized model ONNX format.


	Added support for the keras.layers.Activation(‘leaky_relu’)






	TensorFlow 1.x Quantizer


	Added support for folding Reshape and ResizeNearestNeighbor operators.


	Added support for splitting Avgpool and Maxpool with large kernel sizes into smaller kernel sizes.


	Added support for quantizing Sum, StridedSlice, and Maximum operators.


	Added support for setting the input shape of the model, which is useful in deploying models with undefined input shapes.


	Add support for setting the opset version in exporting ONNX format










ONNX Runtime Execution Provider


	Vitis ONNX Runtime Execution Provider (VOE)


	Supports ONNX Opset version 18, ONNX Runtime 1.16.0, and ONNX version 1.13


	Supports both C++ and Python APIs(Python version 3)


	Supports deploy model with other EPs


	Supports falling back to CPU EP


	Open source and upstreamed to ONNX Runtime Github repo


	Compiler


	Multiple Level op fusion


	Supports the  same muti-output operator like chunk split


	Supports split big pooling to small pooling


	Supports 2-channel writeback feature for Hard-Sigmoid and Depthwise-Convolution


	Supports 1-channel GStiling


	Explicit pad-fix in CPU subgraph for 4-byte alignment


	Tuning the performance for multiple models














NPU


	Two configurations


	Power Optimized Overlay


	Suitable for smaller AI models (1x4.xclbin)


	Supports spatial sharing, up to 4 concurrent AI workloads






	Performance Optimized Overlay (5x4.xclbin)


	Suitable for larger AI models














Known issues


	Flow control OPs including “Loop”, “If”, “Reduce” are not supported by VOE


	Resize OP in ONNX opset 10 or lower not supported by VOE


	Tensorflow 2.x quantizer supports models within tf.keras.model only


	Running quantizer docker in WSL on Ryzen AI laptops may encounter OOM (Out-of-memory) issue


	Run multiple concurrent models by temporal sharing on the Performance optimized overlay (5x4.xclbin) is not supported









            

          

      

      

    

  

    
      
          
            
  
Installation Instructions


Supported Configurations

The Ryzen AI Software supports the following processors running Windows 11


	AMD Ryzen™ 7940HS, 7840HS, 7640HS, 7840U, 7640U.


	AMD Ryzen™ 8640U, 8640HS, 8645H, 8840U, 8840HS, 8845H, 8945H.





Note

In this documentation, “NPU” is used in descriptions, while “IPU” is retained in the tool’s language, code, screenshots, and commands. This intentional
distinction aligns with existing tool references and does not affect functionality. Avoid making replacements in the code.





Prepare the System

Download the NPU Driver [https://account.amd.com/en/forms/downloads/ryzen-ai-software-platform-xef.html?filename=ipu_stack_rel_silicon_prod_1.1.zip] and install it by following these steps:


	Extract the downloaded zip file.


	Open a terminal in administrator mode and execute the .\amd_install_kipudrv.bat bat file.




Ensure that the NPU driver is installed from Device Manager -> System Devices -> AMD IPU Device as shown in the following image.

[image: _images/ipu_driver_1.1.png]









To enable the development and deployment of applications leveraging the NPU, you must have the following software installed on the system.







	Dependencies

	Version Requirement





	Visual Studio

	2019



	cmake

	version >= 3.26



	python

	version >= 3.9



	Anaconda or Miniconda

	Latest version

















Install the Ryzen AI Software

Before installing the Ryzen AI Software, ensure that all the prerequisites outlined previously have been met and that the Windows PATH variable is properly set for each component. For example, Anaconda requires following paths to be set in the PATH variable path\to\anaconda3\, path\to\anaconda3\Scripts\, path\to\anaconda3\Lib\bin\. The PATH variable should be set through the Environment Variables window of the System Properties.

Download the ryzen-ai-sw-1.1.zip [https://account.amd.com/en/forms/downloads/ryzen-ai-software-platform-xef.html?filename=ryzen-ai-sw-1.1.zip] Ryzen AI Software installation package and extract it.

Open an Anaconda or Windows command prompt in the extracted folder and run the installation script as shown below. Make sure to enter “Y” when prompted to accept the EULA.

.\install.bat





The install.bat script does the following:


	Creates a conda environment


	Installs the Vitis AI Quantizer for ONNX


	Installs the ONNX Runtime [https://onnxruntime.ai/]


	Installs the Vitis AI Execution Provider


	Configures the environment to use the throughput profile of the NPU


	Prints the name of the conda environment before exiting




The default Ryzen AI Software packages are now installed in the conda environment created by the installer. You can start using the Ryzen AI Software by activating the conda environment created by the installer (the name of the environment is printed during the installation process).

IMPORTANT: The Ryzen AI Software installation folder (where the zip file was extracted) contains various files required at runtime by the inference session. These files include the NPU binaries (*.xclbin) and the default runtime configuration file (vaip_config.json) for the Vitis AI Execution Provider. Because of this, the installation folder should not be deleted and should be kept in a convenient location. Refer to the Runtime Setup page for more details about setting up the environment before running an inference session on the NPU.

Customizing the Installation


	To specify the name of the conda work environment created by the installer, run the script as follows:




.\install.bat -env <env name>






	Instead of the automated installation process, you can install each component manually by following the instructions on the Manual Installation page.


	To use your existing conda environment with the Ryzen AI software, follow the Manual Installation instructions and manually install the Vitis AI ONNX Quantizer, the ONNX Runtime, and the Vitis AI Execution Provider, without creating a new conda environment.


	If you need to install the Vitis AI PyTorch/TensorFlow Quantizer or the Microsoft Olive Quantizer, refer to the Other Quantizers page.















Test the Installation

The ryzen-ai-sw-1.1 package contains a test to verify that the Ryzen AI software is correctly installed. This installation test can be found in the quicktest folder.


	Activate the conda environment:




conda activate <env_name>






	Run the test:




cd ryzen-ai-sw-1.1\quicktest
python quicktest.py






	The test runs a simple CNN model. On a successful run, you will see an output similar to the one shown below. This indicates that the model is running on NPU and the installation of the Ryzen AI Software was successful:




[Vitis AI EP] No. of Operators :   CPU     2    IPU   398  99.50%
[Vitis AI EP] No. of Subgraphs :   CPU     1    IPU     1 Actually running on IPU     1
...
Test Passed
...









            

          

      

      

    

  

    
      
          
            
  
Runtime Setup


NPU Profile Selection

The NPU can be configured for different execution profiles. It is required to explicitly select an NPU profile before running an application from a new environment.


Throughput Profile

The throughput profile allows concurrent execution of four inference sessions in parallel on the NPU, with a performance of up to two TOPS per session. These parallel inference sessions can be run from different processes or applications, meeting the performance requirements of most real-time applications (such as video conferencing use cases) using the throughput profile.

Up to four additional inference sessions can be executed through temporal sharing of the NPU resources and at the expense of TOPS per session.

The Ryzen AI runtime automatically manages the scheduling of the parallel sessions, requiring no user intervention. When the maximum load is reached and no other sessions can be submitted to the NPU.

To select the throughput profile, set the following environment variable:

set XLNX_VART_FIRMWARE=C:\path\to\1x4.xclbin
set NUM_OF_DPU_RUNNERS=1





The 1x4.xclbin file is located in the voe-4.0-win_amd64 folder of the Ryzen AI Software installation package.



Latency Profile

IMPORTANT: This profile should only be used for testing Early Access features and for benchmarking purposes. Windows Studio Effects should be disabled when using this profile. To disable Windows Studio Effects, open Settings > Bluetooth & devices > Camera, select your primary camera, and then disable all camera effects.

The latency profile allocates the entire NPU for a single inference session, delivering a performance of up to 10 TOPS for the session.

Up to seven additional inference sessions can be executed through temporal sharing of the NPU resources and at the expense of TOPS per session.

The Ryzen AI runtime automatically manages the scheduling of the parallel sessions, requiring no user intervention. When the maximum load is reached and no other sessions can be submitted to the NPU.

To select the latency profile, set the two following environment variables:

set XLNX_VART_FIRMWARE=C:\path\to\4x4.xclbin
set XLNX_TARGET_NAME=AMD_AIE2_4x4_Overlay
set NUM_OF_DPU_RUNNERS=1





The 4x4.xclbin file is located in the voe-4.0-win_amd64 folder of the Ryzen AI Software installation package.




Runtime Configuration File

The Vitis AI Execution Provider (VAI EP) requires a runtime configuration file. A default version of this runtime configuration file can be found in the voe-4.0-win_amd64 folder of the Ryzen AI Software installation package under the name vaip_config.json.

It is recommended to create a copy of the vaip_config.json file in your project directory and point to this copy when initializing the inference session. Refer to the Model Deployment page for more details on how to set up an inference session with the Vitis AI Execution Provider.





            

          

      

      

    

  

    
      
          
            
  
Development Flow Overview

The Ryzen AI Software enables developers to execute machine learning models trained in PyTorch or TensorFlow on laptops powered by AMD Ryzen™ AI. The development flow for Ryzen AI consists of three simple steps.

[image: _images/devflow.png]







Pre-Trained Model

The Ryzen AI development flow does not require any modifications to the existing model training processes and methods. The pre-trained model (in PyTorch or TensorFlow) can be used as the starting point of the Ryzen AI flow.

Cutting edge pre-trained and pre-quantized models can be found on the Ryzen AI Model Zoo [https://huggingface.co/models?other=RyzenAI] on Hugging Face.



Quantization

Quantization involves converting the AI model’s parameters from floating-point to lower-precision representations, such as 16-bit or 8-bit integers. Quantized models are more power-efficient, utilize less memory, and offer better performance.

The Vitis AI Quantizer for ONNX provides an easy-to-use Post Training Quantization (PTQ) flow on the pre-trained model saved in the ONNX format. It generates a quantized ONNX model ready to be deployed with the Ryzen AI Software. This is the recommended quantization flow for CNN-based models.

The Ryzen AI Software also supports other quantization tools that can be used in specific situations.

For more details, refer to the Model Quantization page.



Deployment

The AI model is deployed using the ONNX Runtime with either C++ or Python APIs. The Vitis AI Execution Provider included in the ONNX Runtime intelligently determines what portions of the AI model should run on the NPU, optimizing workloads to ensure optimal performance with lower power consumption.

For more details, refer to the Model Deployment page.





            

          

      

      

    

  

    
      
          
            
  
Examples, Demos, Tutorials

This page introduces various demos, examples, and tutorials currently available with the Ryzen™ AI Software.


Getting Started Tutorial


	The Getting Started Tutorial deploys a custom ResNet model demonstrating:


	Pretrained model conversion to ONNX


	Quantization using Vitis AI ONNX quantizer


	Deployment using ONNX Runtime C++ and Python code










Examples


	Run Vitis AI ONNX Quantizer example [https://github.com/amd/RyzenAI-SW/tree/main/example/onnx_quantizer]


	Real-time object detection with Yolov8 [https://github.com/amd/RyzenAI-SW/tree/main/example/yolov8]


	Run multiple concurrent AI applications with ONNXRuntime [https://github.com/amd/RyzenAI-SW/tree/main/example/multi-model]


	Run Ryzen AI Library example [https://github.com/amd/RyzenAI-SW/tree/main/example/Ryzen-AI-Library]


	Run ONNX end-to-end examples with custom pre/post-processing nodes running on IPU [https://github.com/amd/RyzenAI-SW/tree/main/example/onnx-e2e]


	Generative AI Examples


	Run LLM OPT-1.3B model with ONNXRuntime [https://github.com/amd/RyzenAI-SW/tree/main/example/transformers/]


	Run LLM OPT-1.3B model with PyTorch [https://github.com/amd/RyzenAI-SW/tree/main/example/transformers/]


	Run LLM Llama 2 model with PyTorch [https://github.com/amd/RyzenAI-SW/tree/main/example/transformers/]










Demos


	Cloud-to-Client demo on Ryzen AI [https://github.com/amd/RyzenAI-SW/tree/main/demo/cloud-to-client]


	Multiple model concurrency demo on Ryzen AI [https://github.com/amd/RyzenAI-SW/tree/main/demo/multi-model-exec]






Tutorials


	A Getting Started Tutorial with a fine-tuned ResNet model [https://github.com/amd/RyzenAI-SW/tree/main/tutorial/getting_started_resnet]


	Hello World Jupyter Notebook Tutorial [https://github.com/amd/RyzenAI-SW/tree/main/tutorial/hello_world]


	End-to-end Object Detection [https://github.com/amd/RyzenAI-SW/tree/main/tutorial/yolov8_e2e]


	Quantization for Ryzen AI [https://github.com/amd/RyzenAI-SW/tree/main/tutorial/RyzenAI_quant_tutorial]






Benchmarking


	ONNX Benchmarking utilities [https://github.com/amd/RyzenAI-SW/tree/main/onnx-benchmark]








            

          

      

      

    

  

    
      
          
            
  
Model Compatibility

The Ryzen AI Software supports deploying quantized model saved in the ONNX format.

Currently, the NPU supports a subset of the ONNX operators. At runtime, the ONNX graph is automatically partitioned into multiple subgraphs by the Vitis AI ONNX Execution Provider (VAI EP). The subgraph(s) containing operators supported by the NPU are executed on the NPU. The remaining subgraph(s) are executed on the CPU. This graph partitioning and deployment technique across CPU and NPU is fully automated by the VAI EP and is totally transparent to the end-user.

The list of the ONNX operators currently supported by the NPU is as follows:


	Abs


	Add


	And


	Argmax


	Argmin


	Average pool_2D


	Channel Shuffle


	Clip


	Concat


	Convolution


	ConvTranspose


	Depthwise_Convolution


	Div


	Elu


	Equal


	Exp


	Fully-Connected


	Gemm


	GlobalAveragePool


	Greater


	GreaterOrEqual


	Gstiling


	Hard-Sigmoid


	Hard-Swish


	Identity


	LeakyRelu


	Less


	LessOrEqual


	MatMul


	Max


	Min


	MaxPool


	Mul


	Neg


	Not


	Or


	Pad: constant or symmetric


	Pixel-Shuffle


	Pixel-Unshuffle


	Prelu


	ReduceMax


	ReduceMin


	ReduceMean


	ReduceSum


	Relu


	Reshape


	Resize


	Slice


	Softmax


	SpaceToDepth


	Sqrt


	Squeeze


	Strided-Slice


	Sub


	Tanh


	Upsample







            

          

      

      

    

  

    
      
          
            
  
Model Quantization

Quantization is the process of converting model weights and activation values from floating-point to lower-precision integer representations. Quantized models are more power-efficient, utilize less memory, and offer better performance. Ryzen AI requires INT8 quantization for inference.


Vitis AI Quantizer for ONNX

Vitis AI Quantizer for ONNX: Provides an easy-to-use Post Training Quantization (PTQ) flow on the pre-trained model saved in the ONNX format. It generates a quantized ONNX model ready to be deployed with the Ryzen AI Software.

This is the recommended quantization flow for CNN-based models.

For more details, refer to the Vitis AI Quantizer for ONNX section of this documentation.



Other Quantization Flows

The Ryzen AI Software supports other quantization tools that can be used in specific situations:

Vitis AI Quantizer for PyTorch: Allows quantizing models through the PyTorch framework. This flow supports both post-training quantization (PTQ) and quantization-aware training (QAT) to improve model accuracy. For more details, refer to the Vitis AI Quantizer for PyTorch section of this documentation.

Vitis AI Quantizer for TensorFlow: Allows quantizing models through the TensorFlow framework. This flow supports both post-training quantization (PTQ) and quantization-aware training (QAT) to improve model accuracy. For more details, refer to the Vitis AI Quantizer for TensorFlow section of this documentation.

Vitis AI Quantizer for Olive: The Microsoft Olive framework provides a plugin allowing to use the Vitis AI Quantizer. Developers familiar with the Olive framework may use this flow to quantize their models. For more detail, refer to the Vitis AI Quantizer for Olive section of this documentation.








            

          

      

      

    

  

    
      
          
            
  
Vitis AI Quantizer for ONNX


Overview

The AMD-Xilinx Vitis AI Quantizer for ONNX models. It supports various configuration and functions to quantize models targeting for deployment on IPU_CNN, IPU_Transformer and CPU. It is customized based on Quantization Tool [https://github.com/microsoft/onnxruntime/tree/main/onnxruntime/python/tools/quantization] in ONNX Runtime.

The Vitis AI Quantizer for ONNX supports Post Training Quantization. This static quantization method first runs the model using a set of inputs called calibration data. During these runs, the flow computes the quantization parameters for each activation. These quantization parameters are written as constants to the quantized model and used for all inputs. The quantization tool supports the following calibration methods: MinMax, Entropy and Percentile, and MinMSE.


Note

In this documentation, “NPU” is used in descriptions, while “IPU” is retained in the tool’s language, code, screenshots, and commands. This intentional
distinction aligns with existing tool references and does not affect functionality. Avoid making replacements in the code.





Installation

If you have prepared your working environment using the automatic installation script, the Vitis AI Quantizer for ONNX is already installed.

Otherwise, ensure that the Vitis AI Quantizer for ONNX is correctly installed by following the installation instructions.



Running vai_q_onnx

Quantization in ONNX refers to the linear quantization of an ONNX model. The vai_q_onnx tool is as a plugin for the ONNX Runtime. It offers powerful post-training quantization (PTQ) functions to quantize machine learning models. Post-training quantization (PTQ) is a technique to convert a pre-trained float model into a quantized model with little degradation in model accuracy. A representative dataset is needed to run a few batches of inference on the float model to obtain the distributions of the activations, which is also called quantized calibration.

Use the following steps to run PTQ with vai_q_onnx.


1. Preparing the Float Model and Calibration Set

Before running vai_q_onnx, prepare the float model and calibration set, including these files:


	float model: Floating-point models in ONNX format.


	calibration dataset: A subset of the training dataset or validation dataset to represent the input data distribution; usually 100 to 1000 images are enough.




Exporting PyTorch Models to ONNX

For PyTorch models, it is recommended to use the TorchScript-based onnx exporter for exporting ONNX models. Please refer to the PyTorch documentation for guidance [https://pytorch.org/docs/stable/onnx_torchscript.html#torchscript-based-onnx-exporte]

Tips:


	Before exporting, please perform model.eval().


	Models with opset 17 are recommended.


	For CNN’s on NPU platform, dynamic input shapes are currently not supported and only a batch size of 1 is allowed. Please ensure that the shape of input is a fixed value, and the batch dimension is set to 1.




Example code:

torch.onnx.export(
   model,
   input,
   model_output_path,
   opset_version=13,
   input_names=['input'],
   output_names=['output'],
)






Note


	Opset Versions:The ONNX models must be opset 10 or higher (recommended setting 13) to be quantized by Vitis AI ONNX Quantizer. Models with opset < 10 must be reconverted to ONNX from their original framework using opset 10 or above. Alternatively, you can refer to the usage of the version converter for ONNX Version Converter [https://github.com/onnx/onnx/blob/main/docs/VersionConverter.md]


	Large Models > 2GB: Due to the 2GB file size limit of Protobuf, for ONNX models exceeding 2GB, additional data will be stored separately. Please ensure that the .onnx file and the data file are placed in the same directory. Also, please set the use_external_data_format parameter to True for large models when quantizing.








2. (Recommended) Pre-processing on the Float Model


Note

ONNX model optimization cannot output a model size greater than 2GB. For models larger than 2GB, the optimization step must be skipped.



Pre-processing transforms a float model to prepare it for quantization. It consists of the following three optional steps:


	Symbolic shape inference: It is best-suited for transformer models.


	Model Optimization: This step uses the ONNX Runtime native library to rewrite the computation graph, including merging computation nodes, and eliminating redundancies to improve runtime efficiency.


	ONNX shape inference.




The goal of these steps is to improve the quantization quality. The ONNX Runtime quantization tool works best when the tensor’s shape is known. Both symbolic shape inference and ONNX shape inference help figure out tensor shapes. Symbolic shape inference works best with transformer-based models, and ONNX shape inference works with other models.

Model optimization performs certain operator fusion that makes the quantization tool’s job easier. For instance, a Convolution operator followed by BatchNormalization can be fused into one during the optimization, which can be quantized very efficiently.

Pre-processing API is in the Python module onnxruntime.quantization.shape_inference, function quant_pre_process().

from onnxruntime.quantization import shape_inference

shape_inference.quant_pre_process(
   input_model_path: str,
   output_model_path: str,
   skip_optimization: bool = False,
   skip_onnx_shape: bool = False,
   skip_symbolic_shape: bool = False,
   auto_merge: bool = False,
   int_max: int = 2**31 - 1,
   guess_output_rank: bool = False,
   verbose: int = 0,
   save_as_external_data: bool = False,
   all_tensors_to_one_file: bool = False,
   external_data_location: str = "./",
   external_data_size_threshold: int = 1024,)





Arguments


	input_model_path: (String) Specifies the file path of the input model that is to be pre-processed for quantization.


	output_model_path: (String) Specifies the file path to save the pre-processed model.


	skip_optimization: (Boolean) Indicates whether to skip the model optimization step. If set to True, model optimization is skipped, which may cause ONNX shape inference failure for some models. The default value is False.


	skip_onnx_shape: (Boolean) Indicates whether to skip the ONNX shape inference step. The symbolic shape inference is most effective with transformer-based models. Skipping all shape inferences may reduce the effectiveness of quantization, as a tensor with an unknown shape cannot be quantized. The default value is False.


	skip_symbolic_shape: (Boolean) Indicates whether to skip the symbolic shape inference step. Symbolic shape inference is most effective with transformer-based models. Skipping all shape inferences may reduce the effectiveness of quantization, as a tensor with an unknown shape cannot be quantized. The default value is False.


	auto_merge: (Boolean) Determines whether to automatically merge symbolic dimensions when a conflict occurs during symbolic shape inference. The default value is False.


	int_max: (Integer) Specifies the maximum integer value that is to be considered as boundless for operations like slice during symbolic shape inference. The default value is 2**31 - 1.


	guess_output_rank: (Boolean) Indicates whether to guess the output rank to be the same as input 0 for unknown operations. The default value is False.


	verbose: (Integer) Controls the level of detailed information logged during inference.


	0 turns off logging (default)


	1 logs warnings


	3 logs detailed information.






	save_as_external_data: (Boolean) Determines whether to save the ONNX model to external data. The default value is False.


	all_tensors_to_one_file: (Boolean) Indicates whether to save all the external data to one file. The default value is False.


	external_data_location: (String) Specifies the file location where the external file is saved. The default value is “./”.


	external_data_size_threshold: (Integer) Specifies the size threshold for external data. The default value is 1024.






3. Quantizing Using the vai_q_onnx API

The static quantization method first runs the model using a set of inputs called calibration data. During these runs, the quantization parameters for each activation are computed. These quantization parameters are written as constants to the quantized model and used for all inputs. Vai_q_onnx quantization tool has expanded calibration methods to power-of-2 scale/float scale quantization methods. Float scale quantization methods include MinMax, Entropy, and Percentile. Power-of-2 scale quantization methods include MinMax and MinMSE.

vai_q_onnx.quantize_static(
 model_input,
 model_output,
 calibration_data_reader,
 quant_format=vai_q_onnx.QuantFormat.QDQ,
 calibrate_method=vai_q_onnx.PowerOfTwoMethod.MinMSE,
 input_nodes=[],
 output_nodes=[],
 op_types_to_quantize=[],
 random_data_reader_input_shape=[],
 per_channel=False,
 reduce_range=False,
 activation_type=vai_q_onnx.QuantType.QInt8,
 weight_type=vai_q_onnx.QuantType.QInt8,
 nodes_to_quantize=None,
 nodes_to_exclude=None,
 optimize_model=True,
 use_external_data_format=False,
 execution_providers=['CPUExecutionProvider'],
 enable_dpu=False,
 convert_fp16_to_fp32=False,
 convert_nchw_to_nhwc=False,
 inclue_cle=False,
 extra_options={},)





Arguments


	model_input: (String) This parameter specifies the file path of the model that is to be quantized.


	model_output: (String) This parameter specifies the file path where the quantized model will be saved.


	calibration_data_reader: (Object or None) This parameter is a calibration data reader that enumerates the calibration data and generates inputs for the original model. If you wish to use random data for a quick test, you can set calibration_data_reader to None.


	quant_format: (String) This parameter is used to specify the quantization format of the model. It has the following options:


	vai_q_onnx.QuantFormat.QOperator: This option quantizes the model directly using quantized operators.


	vai_q_onnx.QuantFormat.QDQ: This option quantizes the model by inserting QuantizeLinear/DeQuantizeLinear into the tensor. It supports 8-bit quantization only.


	vai_q_onnx.VitisQuantFormat.QDQ: This option quantizes the model by inserting VitisQuantizeLinear/VitisDequantizeLinear into the tensor. It supports a wider range of bit-widths and precisions.


	vai_q_onnx.VitisQuantFormat.FixNeuron: (Experimental) This option quantizes the model by inserting FixNeuron (a combination of QuantizeLinear and DeQuantizeLinear) into the tensor. This quant format is currently experimental and should not be used for actual deployment.






	calibrate_method: (String) The method used in calibration, default to vai_q_onnx.PowerOfTwoMethod.MinMSE.


	For CNNs running on the NPU, power-of-two methods should be used, options are:


	vai_q_onnx.PowerOfTwoMethod.NonOverflow: This method get the power-of-two quantize parameters for each tensor to make sure min/max values not overflow.


	vai_q_onnx.PowerOfTwoMethod.MinMSE: This method get the power-of-two quantize parameters for each tensor to minimize the mean-square-loss of quantized values and float values. This takes longer time but usually gets better accuracy.






	For Transformers running on the NPU, or for CNNs running on the CPU, float scale methods should be used, options are:


	vai_q_onnx.CalibrationMethod.MinMax: This method obtains the quantization parameters based on the minimum and maximum values of each tensor.


	vai_q_onnx.CalibrationMethod.Entropy: This method determines the quantization parameters by considering the entropy algorithm of each tensor’s distribution.


	vai_q_onnx.CalibrationMethod.Percentile: This method calculates quantization parameters using percentiles of the tensor values.










	input_nodes: (List of Strings) This parameter is a list of the names of the starting nodes to be quantized. Nodes in the model before these nodes will not be quantized. For example, this argument can be used to skip some pre-processing nodes or stop the first node from being quantized. The default value is an empty list ([]).


	output_nodes: (List of Strings) This parameter is a list of the names of the end nodes to be quantized. Nodes in the model after these nodes will not be quantized. For example, this argument can be used to skip some post-processing nodes or stop the last node from being quantized. The default value is an empty list ([]).


	op_types_to_quantize: (List of Strings or None) If specified, only operators of the given types will be quantized (e.g., [‘Conv’] to only quantize Convolutional layers). By default, all supported operators will be quantized.


	random_data_reader_input_shape: (List or Tuple of Int) If dynamic axes of inputs require specific value, users should provide its shapes when using internal random data reader (That is, set calibration_data_reader to None). The basic format of shape for single input is list (Int) or tuple (Int) and all dimensions should have concrete values (batch dimensions can be set to 1). For example, random_data_reader_input_shape=[1, 3, 224, 224] or random_data_reader_input_shape=(1, 3, 224, 224) for single input. If the model has multiple inputs, it can be fed in list (shape) format, where the list order is the same as the onnxruntime got inputs. For example, random_data_reader_input_shape=[[1, 1, 224, 224], [1, 2, 224, 224]] for 2 inputs. Moreover, it is possible to use dict {name : shape} to specify a certain input, for example, random_data_reader_input_shape={“image” : [1, 3, 224, 224]} for the input named “image”. The default value is an empty list ([]).


	per_channel: (Boolean) Determines whether weights should be quantized per channel. The default value is False. For DPU/NPU devices, this must be set to False as they currently do not support per-channel quantization.


	reduce_range: (Boolean) If True, quantizes weights with 7-bits. The default value is False. For DPU/NPU devices, this must be set to False as they currently do not support reduced range quantization.


	activation_type: (QuantType) Specifies the quantization data type for activations, options please refer to Table 1. The default is vai_q_onnx.QuantType.QInt8.


	weight_type: (QuantType) Specifies the quantization data type for weights, options please refer to Table 1. The default is vai_q_onnx.QuantType.QInt8. For NPU devices, this must be set to QuantType.QInt8.


	nodes_to_quantize: (List of Strings or None) If specified, only the nodes in this list are quantized. The list should contain the names of the nodes, for example, [‘Conv__224’, ‘Conv__252’]. The default value is an empty list ([]).


	nodes_to_exclude: (List of Strings or None) If specified, the nodes in this list will be excluded from quantization. The default value is an empty list ([]).


	optimize_model: (Boolean) If True, optimizes the model before quantization. The default value is True.


	use_external_data_format: (Boolean) This option is used for large size (>2GB) model. The model proto and data will be stored in separate files. The default is False.


	execution_providers: (List of Strings) This parameter defines the execution providers that will be used by ONNX Runtime to do calibration for the specified model. The default value CPUExecutionProvider implies that the model will be computed using the CPU as the execution provider. You can also set this to other execution providers supported by ONNX Runtime such as CUDAExecutionProvider for GPU-based computation, if they are available in your environment. The default is [‘CPUExecutionProvider’].


	enable_dpu: (Boolean) This parameter is a flag that determines whether to generate a quantized model that is suitable for the DPU/NPU. If set to True, the quantization process will consider the specific limitations and requirements of the DPU/NPU, thus creating a model that is optimized for DPU/NPU computations. The default is False.


	convert_fp16_to_fp32: (Boolean) This parameter controls whether to convert the input model from float16 to float32 before quantization. For float16 models, it is recommended to set this parameter to True. The default value is False.


	convert_nchw_to_nhwc: (Boolean) This parameter controls whether to convert the input NCHW model to input NHWC model before quantization. For input NCHW models, it is recommended to set this parameter to True. The default value is False.


	include_cle: (Boolean) This parameter is a flag that determines whether to optimize the models using CrossLayerEqualization; it can improve the accuracy of some models. The default is False.


	extra_options: (Dictionary or None) Contains key-value pairs for various options in different cases. Current used:


	ActivationSymmetric: (Boolean) If True, symmetrize calibration data for activations. The default is False.


	WeightSymmetric: (Boolean) If True, symmetrize calibration data for weights. The default is True.


	UseUnsignedReLU: (Boolean) If True, the output tensor of ReLU and Clip, whose min is 0, will be forced to be asymmetric. The default is False.


	QuantizeBias: (Boolean) If True, quantize the Bias as a normal weights. The default is True. For DPU/NPU devices, this must be set to True.


	RemoveInputInit: (Boolean) If True, initializer in graph inputs will be removed because it will not be treated as constant value/weight. This may prevent some of the graph optimizations, like const folding. The default is True.


	EnableSubgraph: (Boolean) If True, the subgraph will be quantized. The default is False. More support for this feature is planned in the future.


	ForceQuantizeNoInputCheck: (Boolean) If True, latent operators such as maxpool and transpose will always quantize their inputs, generating quantized outputs even if their inputs have not been quantized. The default behavior can be overridden for specific nodes using nodes_to_exclude.


	MatMulConstBOnly: (Boolean) If True, only MatMul operations with a constant ‘B’ will be quantized. The default is False.


	AddQDQPairToWeight: (Boolean) If True, both QuantizeLinear and DeQuantizeLinear nodes are inserted for weight, maintaining its floating-point format. The default is False, which quantizes floating-point weight and feeds it solely to an inserted DeQuantizeLinear node. In the PowerOfTwoMethod calibration method, this setting will also be effective for the bias.


	OpTypesToExcludeOutputQuantization: (List of Strings or None) If specified, the output of operators with these types will not be quantized. The default is an empty list.


	DedicatedQDQPair: (Boolean) If True, an identical and dedicated QDQ pair is created for each node. The default is False, allowing multiple nodes to share a single QDQ pair as their inputs.


	QDQOpTypePerChannelSupportToAxis: (Dictionary) Sets the channel axis for specific operator types (e.g., {‘MatMul’: 1}). This is only effective when per-channel quantization is supported and per_channel is True. If a specific operator type supports per-channel quantization but no channel axis is explicitly specified, the default channel axis will be used. For DPU/NPU devices, this must be set to {} as per-channel quantization is currently unsupported. The default is an empty dict ({}).


	UseQDQVitisCustomOps: (Boolean) If True, The UInt8 and Int8 quantization will be executed by the custom operations library, otherwise by the library of onnxruntime extensions. The default is True, only valid in vai_q_onnx.VitisQuantFormat.QDQ.


	CalibTensorRangeSymmetric: (Boolean) If True, the final range of the tensor during calibration will be symmetrically set around the central point “0”. The default is False. In PowerOfTwoMethod calibration method, the default is True.


	CalibMovingAverage: (Boolean) If True, the moving average of the minimum and maximum values will be computed when the calibration method selected is MinMax. The default is False. In PowerOfTwoMethod calibration method, this should be set to False.


	CalibMovingAverageConstant: (Float) Specifies the constant smoothing factor to use when computing the moving average of the minimum and maximum values. The default is 0.01. This is only effective when the calibration method selected is MinMax and CalibMovingAverage is set to True. In PowerOfTwoMethod calibration method, this option is unsupported.


	RandomDataReaderInputDataRange: (Dict or None) Specifies the data range for each inputs if used random data reader (calibration_data_reader is None). Currently, if set to None then the random value will be 0 or 1 for all inputs, otherwise range [-128,127] for unsigned int, range [0,255] for signed int and range [0,1] for other float inputs. The default is None.


	Int16Scale: (Boolean) If True, the float scale will be replaced by the closest value corresponding to M and 2**N, where the range of M and 2**N is within the representation range of int16 and uint16. The default is False.


	MinMSEMode: (String) When using vai_q_onnx.PowerOfTwoMethod.MinMSE, you can specify the method for calculating minmse. By default, minmse is calculated using all calibration data. Alternatively, you can set the mode to “MostCommon”, where minmse is calculated for each batch separately and take the most common value. The default setting is ‘All’.


	ConvertBNToConv: (Boolean) If True, the BatchNormalization operation will be converted to Conv operation when enable_dpu is True. The default is True.


	ConvertReduceMeanToGlobalAvgPool: (Boolean) If True, the Reduce Mean operation will be converted to Global Average Pooling operation when enable_dpu is True. The default is True.


	SplitLargeKernelPool: (Boolean) If True, the large kernel Global Average Pooling operation will be split into multiple Average Pooling operation when enable_dpu is True. The default is True.


	ConvertSplitToSlice: (Boolean) If True, the Split operation will be converted to Slice operation when enable_dpu is True. The default is True.


	FuseInstanceNorm: (Boolean) If True, the split instance norm operation will be fused to InstanceNorm operation when enable_dpu is True. The default is False.


	FuseL2Norm: (Boolean) If True, a set of L2norm operations will be fused to L2Norm operation when enable_dpu is True. The default is False.


	ConvertClipToRelu: (Boolean) If True, the Clip operations that has a min value of 0 will be converted to ReLU operations. The default is False.


	SimulateDPU: (Boolean) If True, a simulation transformation that replaces some operations with an approximate implementation will be applied for DPU when enable_dpu is True. The default is True.


	ConvertLeakyReluToDPUVersion: (Boolean) If True, the Leaky Relu operation will be converted to DPU version when SimulateDPU is True. The default is True.


	ConvertSigmoidToHardSigmoid: (Boolean) If True, the Sigmoid operation will be converted to Hard Sigmoid operation when SimulateDPU is True. The default is True.


	ConvertHardSigmoidToDPUVersion: (Boolean) If True, the Hard Sigmoid operation will be converted to DPU version when SimulateDPU is True. The default is True.


	ConvertAvgPoolToDPUVersion: (Boolean) If True, the global or kernel-based Average Pooling operation will be converted to DPU version when SimulateDPU is True. The default is True.


	ConvertReduceMeanToDPUVersion: (Boolean) If True, the ReduceMean operation will be converted to DPU version when SimulateDPU is True. The default is True.


	ConvertSoftmaxToDPUVersion: (Boolean) If True, the Softmax operation will be converted to DPU version when SimulateDPU is True. The default is False.


	SimulateDPU: (Boolean) If True, a simulation transformation that replaces some operations with an approximate implementation will be applied for DPU when enable_dpu is True. The default is True.


	IPULimitationCheck: (Boolean) If True, the quantization scale will be adjust due to the limitation of DPU/NPU. The default is True.


	AdjustShiftCut: (Boolean) If True, adjust the shift cut of nodes when IPULimitationCheck is True. The default is True.


	AdjustShiftBias: (Boolean) If True, adjust the shift bias of nodes when IPULimitationCheck is True. The default is True.


	AdjustShiftRead: (Boolean) If True, adjust the shift read of nodes when IPULimitationCheck is True. The default is True.


	AdjustShiftWrite: (Boolean) If True, adjust the shift write of nodes when IPULimitationCheck is True. The default is True.


	AdjustHardSigmoid: (Boolean) If True, adjust the pos of hard sigmoid nodes when IPULimitationCheck is True. The default is True.


	AdjustShiftSwish: (Boolean) If True, adjust the shift swish when IPULimitationCheck is True. The default is True.


	AlignConcat: (Boolean) If True, adjust the quantization pos of concat when IPULimitationCheck is True. The default is True.


	AlignPool: (Boolean) If True, adjust the quantization pos of pooling when IPULimitationCheck is True. The default is True.


	ReplaceClip6Relu: (Boolean) If True, Replace Clip(0,6) with Relu in the model. The default is False.


	CLESteps: (Int) Specifies the steps for CrossLayerEqualization execution when include_cle is set to true, The default is 1, When set to -1, an adaptive CrossLayerEqualization will be conducted. The default is 1.


	CLETotalLayerDiffThreshold: (Float) Specifies The threshold represents the sum of mean transformations of CrossLayerEqualization transformations across all layers when utilizing CrossLayerEqualization. The default is 2e-7.


	CLEScaleAppendBias: (Boolean) Whether the bias be included when calculating the scale of the weights, The default is True.


	RemoveQDQConvLeakyRelu: (Boolean) If True, the QDQ between Conv and LeakyRelu will be removed for DPU when enable_dpu is True. The default is False.


	RemoveQDQConvPRelu: (Boolean) If True, the QDQ between Conv and PRelu will be removed for DPU when enable_dpu is True. The default is False.









Table 1. Quantize Types can be selected in Quantize Formats






	quant_format

	quant_type

	comments





	QuantFormat.QDQ

	QuantType.QUInt8
QuantType.QInt8

	Implemented by native QuantizeLinear/DequantizeLinear



	vai_q_onnx.VitisQuantFormat.QDQ

	QuantType.QUInt8
QuantType.QInt8
vai_q_onnx.VitisQuantType.QUInt16
vai_q_onnx.VitisQuantType.QInt16
vai_q_onnx.VitisQuantType.QUInt32
vai_q_onnx.VitisQuantType.QInt32
vai_q_onnx.VitisQuantType.QFloat16
vai_q_onnx.VitisQuantType.QBFloat16

	Implemented by customized VitisQuantizeLinear/VitisDequantizeLinear







Note

For pure UInt8 or Int8 quantization, we recommend setting quant_format to QuantFormat.QDQ as it uses native QuantizeLinear/DequantizeLinear operations which
may have better compatibility and performance.




Note

In this documentation, “NPU” is used in descriptions, while “IPU” is retained in the tool’s language, code, screenshots, and commands. This intentional
distinction aligns with existing tool references and does not affect functionality. Avoid making replacements in the code.






Recommended Configurations


CNNs on NPU

The recommended quantization configuration for CNN models to be deployed on the NPU is as follows:

from onnxruntime.quantization import QuantFormat, QuantType
import vai_q_onnx

vai_q_onnx.quantize_static(
   model_input,
   model_output,
   calibration_data_reader,
   quant_format=vai_q_onnx.QuantFormat.QDQ,
   calibrate_method=vai_q_onnx.PowerOfTwoMethod.MinMSE,
   activation_type=vai_q_onnx.QuantType.QUInt8,
   weight_type=vai_q_onnx.QuantType.QInt8,
   enable_dpu=True,
   extra_options={'ActivationSymmetric':True}
)






Note

By default, Conv + LeakyRelu/PRelu fusion is turned off in the current version. You can try to enable this feature to get better performance if the model
contains LeakyRelu or PRelu. This default behavior may change in future versions. Here is the example configuration:

extra_options={"ActivationSymmetric":True, 'RemoveQDQConvLeakyRelu':True, 'RemoveQDQConvPRelu':True}









Transformers on NPU

The recommended quantization configuration for Transformer models to be deployed on the NPU is as follows:

import vai_q_onnx

vai_q_onnx.quantize_static(
   model_input,
   model_output,
   calibration_data_reader,
   quant_format=vai_q_onnx.QuantFormat.QDQ,
   calibrate_method=vai_q_onnx.CalibrationMethod.MinMax,
   activation_type=vai_q_onnx.QuantType.QInt8,
   weight_type=vai_q_onnx.QuantType.QInt8,
)







CNNs on CPU

The recommended quantization configuration for CNN models to be deployed on the CPU is as follows:

import vai_q_onnx

vai_q_onnx.quantize_static(
   model_input,
   model_output,
   calibration_data_reader,
   quant_format=vai_q_onnx.QuantFormat.QDQ,
   calibrate_method=vai_q_onnx.CalibrationMethod.MinMax,
   activation_type=vai_q_onnx.QuantType.QUInt8,
   weight_type=vai_q_onnx.QuantType.QInt8
)








Quantizing to Other Precisions


Note

The current release of the Vitis AI Execution Provider ingests quantized ONNX models with INT8/UINT8 data types only. No support is provided for direct
deployment of models with other precisions, including FP32.



In addition to the INT8/UINT8, the VAI_Q_ONNX API supports quantizing models to other data formats, including INT16/UINT16, INT32/UINT32, Float16 and BFloat16, which can provide better accuracy or be used for experimental purposes. These new data formats are achieved by a customized version of QuantizeLinear and DequantizeLinear named “VitisQuantizeLinear” and “VitisDequantizeLinear”, which expands onnxruntime’s UInt8 and Int8 quantization to support UInt16, Int16, UInt32, Int32, Float16 and BFloat16. This customized Q/DQ was implemented by a custom operations library in VAI_Q_ONNX using onnxruntime’s custom operation C API.

The custom operations library was developed based on Linux and does not currently support compilation on Windows. If you want to run the quantized model that has the custom Q/DQ on Windows, it is recommended to switch to WSL as a workaround.

To use this feature, the `quant_format` should be set to VitisQuantFormat.QDQ. The `quant_format` is set to `QuantFormat.QDQ` for accelerating both CNN’s and transformers on the NPU target.


1. Quantizing Float32 Models to Int16 or Int32

The quantizer supports quantizing float32 models to Int16 and Int32 data formats. To enable this, you need to set the “activation_type” and “weight_type” in the quantize_static API to the new data types. Options are `VitisQuantType.QInt16/VitisQuantType.QUInt16` for Int16, and `VitisQuantType.QInt32/VitisQuantType.QUInt32` for Int32.

vai_q_onnx.quantize_static(
   model_input,
   model_output,
   calibration_data_reader,
   calibrate_method=vai_q_onnx.PowerOfTwoMethod.MinMSE,
   quant_format=vai_q_onnx.VitisQuantFormat.QDQ,
   activation_type=vai_q_onnx.VitisQuantType.QInt16,
   weight_type=vai_q_onnx.VitisQuantType.QInt16,
)







2. Quantizing Float32 Models to Float16 or BFloat16

Besides integer data formats, the quantizer also supports quantizing float32 models to float16 and bfloat16 data formats, by setting the “activation_type” and “weight_type” to `VitisQuantType.QFloat16` or `VitisQuantType.QBFloat16` respectively.

vai_q_onnx.quantize_static(
   model_input,
   model_output,
   calibration_data_reader,
   calibrate_method=vai_q_onnx.PowerOfTwoMethod.MinMSE,
   quant_format=vai_q_onnx.VitisQuantFormat.QDQ,
   activation_type=vai_q_onnx.VitisQuantType.QFloat16,
   weight_type=vai_q_onnx.VitisQuantType.QFloat16,
)







3. Quantizing Float32 Models to Mixed Data Formats

The quantizer supports setting the activation and weight to different precisions. For example, activation is Int16 while weight is set to Int8. This can be used when pure Int8 quantization does not meet the accuracy requirements.

vai_q_onnx.quantize_static(
   model_input,
   model_output,
   calibration_data_reader,
   calibrate_method=vai_q_onnx.PowerOfTwoMethod.MinMSE,
   quant_format=vai_q_onnx.VitisQuantFormat.QDQ,
   activation_type=vai_q_onnx.VitisQuantType.QInt16,
   weight_type=QuantType.QInt8,
)








Quantizing Float16 Models

For models in float16, it is recommended to set “convert_fp16_to_fp32” to True. This will first convert your float16 model to a float32 model before quantization, reducing redundant nodes such as cast in the model.

vai_q_onnx.quantize_static(
   model_input,
   model_output,
   calibration_data_reader,
   quant_format=QuantFormat.QDQ,
   calibrate_method=vai_q_onnx.PowerOfTwoMethod.MinMSE,
   activation_type=QuantType.QUInt8,
   weight_type=QuantType.QInt8,
   enable_dpu=True,
   convert_fp16_to_fp32=True,
   extra_options={'ActivationSymmetric':True}
)







Converting NCHW Models to NHWC and Quantize

NHWC input shape typically yields better acceleration performance compared to NCHW on NPU. VAI_Q_ONNX facilitates the conversion of NCHW input models to NHWC input models by setting “convert_nchw_to_nhwc” to True. Please note that the conversion steps will be skipped if the model is already NHWC or has non-convertable input shapes.

vai_q_onnx.quantize_static(
   model_input,
   model_output,
   calibration_data_reader,
   quant_format=QuantFormat.QDQ,
   calibrate_method=vai_q_onnx.PowerOfTwoMethod.MinMSE,
   activation_type=QuantType.QUInt8,
   weight_type=QuantType.QInt8,
   enable_dpu=True,
   extra_options={'ActivationSymmetric':True},
   convert_nchw_to_nhwc=True,
)







Quantizing Using Cross Layer Equalization

Cross Layer Equalization (CLE) is a technique used to improve PTQ accuracy. It can equalize the weights of consecutive convolution layers, making the model weights easier to perform per-tensor quantization. Experiments show that using CLE technique can improve the PTQ accuracy of some models, especially for models with depthwise_conv layers, such as MobileNet. Here is an example showing how to enable CLE using VAI_Q_ONNX.

vai_q_onnx.quantize_static(
   model_input,
   model_output,
   calibration_data_reader,
   quant_format=QuantFormat.QDQ,
   calibrate_method=vai_q_onnx.PowerOfTwoMethod.MinMSE,
   activation_type=QuantType.QUInt8,
   weight_type=QuantType.QInt8,
   enable_dpu=True,
   include_cle=True,
   extra_options={
      'ActivationSymmetric':True,
      'ReplaceClip6Relu': True,
      'CLESteps': 1,
      'CLEScaleAppendBias': True,
      },
)





Arguments


	include_cle: (Boolean) This parameter is a flag that determines whether to optimize the models using CrossLayerEqualization; it can improve the accuracy of some models. The default is False.


	extra_options: (Dictionary or None) Contains key-value pairs for various options in different cases. Options related to CLE are:


	ReplaceClip6Relu: (Boolean) If True, Replace Clip(0,6) with Relu in the model. The default value is False.


	CLESteps: (Int) Specifies the steps for CrossLayerEqualization execution when include_cle is set to true, The default is 1, When set to -1, an adaptive CrossLayerEqualization steps will be conducted. The default value is 1.


	CLEScaleAppendBias: (Boolean) Whether the bias be included when calculating the scale of the weights, The default value is True.










Tools

Vitis AI ONNX quantizer includes a few built-in utility tools for model conversation.

The list of available tools can be viewed as below

(conda_env)dir %CONDA_PREFIX%\lib\site-packages\vai_q_onnx\tools\





or

(conda_env)python
>>> help ('vai_q_onnx.tools')





Currently available utility tools


	convert_customqdq_to_qdq


	convert_dynamic_to_fixed


	convert_fp16_to_fp32


	convert_nchw_to_nhwc


	convert_onnx_to_onnxtxt


	convert_onnxtxt_to_onnx


	convert_qdq_to_qop


	convert_s8s8_to_u8s8


	random_quantize


	remove_qdq








            

          

      

      

    

  

    
      
          
            
  
Vitis AI Quantizer for PyTorch


Enabling Quantization

Ensure that the Vitis AI Quantizer for PyTorch is correctly installed. For more information, see the installation instructions.

To enable the Vitis AI Quantizer for PyTorch, activate the conda environment in the Vitis AI Pytorch Docker container:

conda activate vitis-ai-pytorch







Post-Training Quantization

Post-Training Quantization requires the following files:


	model.pth : Pre-trained PyTorch model, generally a .pth file.


	model.py : A Python script including float model definition.


	calibration dataset: A subset of the training dataset containing 100 to 1000 images.




A complete example of Post-Training Quantization is available in the Vitis AI GitHub [https://github.com/Xilinx/Vitis-AI/blob/v3.0/src/vai_quantizer/vai_q_pytorch/example/resnet18_quant.py] repo.


Vitis AI Quantization APIs

Vitis AI provides pytorch_nndct module with Quantization related APIs.


	Import the vai_q_pytorch module:




from pytorch_nndct.apis import torch_quantizer, dump_xmodel






	Generate a quantizer with quantization needed input and get the converted model:




input = torch.randn([batch_size, 3, 224, 224])
quantizer = torch_quantizer(quant_mode, model, (input))
quant_model = quantizer.quant_model






	Forward a neural network with the converted model:




acc1_gen, acc5_gen, loss_gen = evaluate(quant_model, val_loader, loss_fn)






	Output the quantization result and deploy the model.




quantizer.export_quant_config()






	Export the quantized model for deployment.




quantizer.export_onnx_model()







Quantization Output

If this quantization command runs successfully, two important files are generated in the output directory ./quantize_result:


	<model>.onnx: Quantized ONNX model


	Quant_info.json: Quantization steps of tensors. Retain this file for evaluating quantized models.






Hardware-Aware Quantization

To enable hardware-aware quantization provide the target to the NPU specific archietecture as follows:

quantizer = torch_quantizer(quant_mode=quant_mode,
                            module=model,
                            input_args=(input),
                            device=device,
                            quant_config_file=config_file,
                            target=target)





The target of current version of NPU is AMD_AIE2_Nx4_Overlay_cfg0



Partial Quantization

Partial quantization can be enabled by using QuantStab and DeQuantStub operator from the pytorch_nndct library. In the following example, we are quantizing the layers subm0 and subm2, but not the subm1:

from pytorch_nndct.nn import QuantStub, DeQuantStub

class WholeModule(torch.nn.module):
   def __init__(self,...):
      self.subm0 = ...
      self.subm1 = ...
      self.subm2 = ...

      # define QuantStub/DeQuantStub submodules
      self.quant = QuantStub()
      self.dequant = DeQuantStub()

   def forward(self, input):
       input = self.quant(input) # begin of part to be quantized
       output0 = self.subm0(input)
       output0 = self.dequant(output0) # end of part to be quantized

       output1 = self.subm1(output0)

       output1 = self.quant(output1) # begin of part to be quantized
       output2 = self.subm2(output1)
       output2 = self.dequant(output2) # end of part to be quantized







Fast Finetuning

After post-training quantization, there is usually a small accuracy loss. If the accuracy loss is large, a fast-finetuning approach, which is based on the AdaQuant Algorithm [https://arxiv.org/abs/2006.10518], can be tried instead of the quantization aware training. The fast finetuning uses a small unlabeled data to calibrate the activations and finetuning the weights.

# fast finetune model or load finetuned parameter before test

if fast_finetune == True:
    ft_loader, _ = load_data(
               subset_len=5120,
               train=False,
               batch_size=batch_size,
               sample_method='random',
               data_dir=args.data_dir,
               model_name=model_name)

if quant_mode == 'calib':
    quantizer.fast_finetune(evaluate, (quant_model, ft_loader, loss_fn))
elif quant_mode == 'test':
    quantizer.load_ft_param()








Quantization Aware Training

An example of Quantization Aware Training is available at the Vitis Github [https://github.com/Xilinx/Vitis-AI/blob/v3.0/src/vai_quantizer/vai_q_pytorch/example/resnet18_qat.py].

General approaches are:


	If some non-module operations are needed to be quantized, convert them into module operations. For example, ResNet18 uses the + operator to add two tensors, which can be replaced by pytorch_nndct.nn.modules.functional.Add.


	If some modules are called multiple times, uniqify them by defining multiple such modules and call them separately in the foward pass.


	Insert QuantStub and DeQuantStub. Any sub-network from QuantStub to DeQuantStub in a forward pass will be quantized. Multiple QuantStub-DeQuantStub pairs are allowed.


	Create Quantizer module from the QatProcessor library:




from pytorch_nndct import QatProcessor
qat_processor = QatProcessor(model, inputs, bitwidth=8)
quantized_model = qat_processor.trainable_model()
optimizer = torch.optim.Adam(
                  quantized_model.parameters(),
                  lr,
                   weight_decay=weight_decay)






	For testing after the training, get the deployable model:




output_dir = 'qat_result'
deployable_model = qat_processor.to_deployable(quantized_model,output_dir)
validate(val_loader, deployable_model, criterion, gpu)






	Export ONNX model for prediction:




qat_processor.export_onnx_model()









            

          

      

      

    

  

    
      
          
            
  
Vitis AI Quantizer for TensorFlow


Note

All TensorFlow related documentation is applicable to the TensorFlow 2 version.




Enabling Quantization

Ensure that the Vitis AI Quantizer for TensorFlow is correctly installed. For more information, see the installation instructions.

To enable the Vitis AI Quantizer for TensorFlow, activate the conda environment in the Vitis AI Pytorch TensorFlow 2 container:

conda activate vitis-ai-tensorflow2







Post-Training Quantization

Post-Training Quantization requires the following files:


	Float model : Floating-point TensorFlow models, either in h5 format or a saved model format.


	Calibration dataset: A subset of the training dataset containing 100 to 1000 images.




A complete example of Post-Training Quantization is available at Vitis AI GitHub [https://github.com/Xilinx/Vitis-AI/blob/v3.0/src/vai_quantizer/vai_q_tensorflow2.x/tensorflow_model_optimization/python/examples/quantization/keras/vitis/mnist_cnn_ptq.py].


Vitis AI Quantization APIs

Vitis AI provides the vitis_activation module into Tensorflow library for quantization. The following code shows the usage:

model = tf.keras.models.load_model(‘float_model.h5’)
from tensorflow_model_optimization.quantization.keras import vitis_quantize
quantizer = vitis_quantize.VitisQuantizer(model)
quantized_model = quantizer.quantize_model(calib_dataset=calib_dataset,calib_steps=100,calib_batch_size=10, **kwargs)






	calib_dataset: Used as a representative calibration dataset for calibration.


	calib_steps: Total number of steps for calibration.


	calib_batch_size: Number of samples per batch for calibration.


	input_shape: Input shape for each input layer.


	kwargs: Dictionary of the user-defined configurations of quantize strategy.






Exporting the Model for Deployment

After the quantization, the quantized model can be saved into ONNX to deploy with ONNX Runtime Vitis AI Execution Provider:

quantized_model = quantizer.quantize_model(calib_dataset=calib_dataset,
                                           output_format='onnx',
                                           onnx_opset_version=11,
                                           output_dir='./quantize_results',
                                           **kwargs)







Fast Finetuning

After post-training quantization, usually there is a small accuracy loss. If the accuracy loss is large, a fast finetuning approach based on the AdaQuant Algorithm [https://arxiv.org/abs/2006.10518] can be tried instead of quantization aware training. This approach uses a small unlabeled data to calibrate the activations and finetuning the weights.

quantized_model = quantizer.quantize_model(calib_dataset=calib_dataset, calib_steps=None, calib_batch_size=None,
                                           include_fast_ft=True, fast_ft_epochs=10)





Fast finetuning related parameters are as follows:


	include_fast_ft: indicates whether to do fast finetuning or not.


	fast_ft_epochs: indicates the number of finetuning epochs for each layer.







Quantization Aware Training

An example of the Quantization Aware Training is available in the Vitis Github [https://github.com/Xilinx/Vitis-AI/blob/v3.0/src/vai_quantizer/vai_q_tensorflow2.x/tensorflow_model_optimization/python/examples/quantization/keras/vitis/mnist_cnn_qat.py] repo.

The general steps are as follows:


	Prepare the floating point model, training dataset, and training script.


	Modify the training by using VitisQuantizer.get_qat_model to convert the model into a quantized model and then proceed to training/finetuning it:




model = tf.keras.models.load_model(‘float_model.h5’)
# Call Vai_q_tensorflow2 api to create the quantize training model
from tensorflow_model_optimization.quantization.keras import vitis_quantize
quantizer = vitis_quantize.VitisQuantizer(model)
qat_model = quantizer.get_qat_model(init_quant=True,
                                    calib_dataset=calib_dataset)

# Then run the training process with this qat_model to get the quantize finetuned model.
# Compile the model
qat_model.compile(optimizer= RMSprop(learning_rate=lr_schedule),
               loss=tf.keras.losses.SparseCategoricalCrossentropy(),
               metrics=keras.metrics.SparseTopKCategoricalAccuracy())

# Start the training/finetunin
qat_model.fit(train_dataset)






	Call model.save() to save the trained model or use callbacks in model.fit() to save the model periodically.




# save model manually
qat_model.save(‘trained_model.h5’)

# save the model periodically during fit using callbacks
qat_model.fit(train_dataset,
              callbacks = [
                     keras.callbacks.ModelCheckpoint(
                     filepath=’./quantize_train/’
                     save_best_only=True,
                     monitor="sparse_categorical_accuracy",
                     verbose=1,
              )])






	Convert the model to a deployable state by get_deploy_model API.




quantized_model = vitis_quantizer.get_deploy_model(qat_model)
quantized_model = quantizer.quantize_model(calib_dataset=calib_dataset,
                                           output_format='onnx',
                                           onnx_opset_version=11,
                                           output_dir='./quantize_results',**kwargs)









            

          

      

      

    

  

    
      
          
            
  
Vitis AI Quantizer for Olive


Prerequisites

Ensure that Olive is correctly installed. For more information, see Olive installation instructions.



Describing the Model

Olive requires information about your model, such as loading instructions, the names and shapes of input tensors, target hardware selection, and a list of optimizations you want to perform on the model. You can provide this information in a JSON file as input to Olive. For more details on using Olive and creating the Olive configuration file, refer to the Microsoft Olive Documentation [https://microsoft.github.io/Olive/].



Configuring the Quantization Pass

The JSON configuration file must include a passes key, which is a dictionary containing information about passes executed by the engine. The passes are executed in the order defined within the dictionary, where the key of the dictionary represents the name of the pass.

To quantize the model for Ryzen AI, use the VitisAIQuantization pass. In the following example, two passes are used, converting to ONNX and quantizing using Vitis AI.

"passes": {
    "onnx_conversion": {
        "type": "OnnxConversion",
        "config": {
            "target_opset": 13
        },
        "host": "local_system",
        "evaluator": "common_evaluator"
    },
    "vitis_ai_quantization": {
        "type": "VitisAIQuantization",
        "disable_search": true,
        "config": {
            "user_script": "user_script.py",
            "data_dir": "data",
            "dataloader_func": "resnet_calibration_reader"
        },
        "clean_run_cache": false
    }





Note: The target_opset configuration of onnx_conversion pass must be above 10.

For a complete description of the VitisAIQuantization pass, refer to the VitisAIQuantization pass reference guide [https://microsoft.github.io/Olive/api/passes.html#vitis-ai-quantization].



Checking the Configuration

Before running quantization with Olive, you can optionally execute a setup mode. This helps identify additional packages that might need to be installed to support the passes set in the configuration JSON file.

python -m olive.workflows.run --config resnet_static_config.json --setup







Quantizing the Model

To quantize the model, run Olive with the JSON configuration file as follows:

python -m olive.workflows.run --config resnet_static_config.json





Here is the typical output:

[2023-05-29 01:03:07,086] [WARNING] [engine.py:97:__init__] No accelerators specified for target system. Using CPU.
[2023-05-29 01:03:07,098] [DEBUG] [engine.py:539:resolve_goals] Resolving goals: {'accuracy': {<AccuracySubType.ACCURACY_SCORE: 'accuracy_score'>:     MetricGoal(type='max-degradation', value=0.01)}, 'latency': {'avg': MetricGoal(type='percent-min-improvement', value=20.0)}}
[2023-05-29 01:03:07,101] [DEBUG] [engine.py:549:resolve_goals] Computing baseline for metrics ...
[2023-05-29 01:03:07,101] [DEBUG] [engine.py:898:_evaluate_model] Evaluating model ...
[2023-05-29 01:03:11,740] [DEBUG] [footprint.py:90:resolve_metrics] There is no goal set for metric: {metric_name}.
[2023-05-29 01:03:11,740] [DEBUG] [footprint.py:90:resolve_metrics] There is no goal set for metric: {metric_name}.
[2023-05-29 01:03:11,741] [DEBUG] [engine.py:562:resolve_goals] Baseline: {'accuracy-accuracy_score': 0.8729838728904724, 'latency-avg': 31.98742}
[2023-05-29 01:03:11,741] [DEBUG] [engine.py:585:resolve_goals] Resolved goals: {'accuracy-accuracy_score': 0.8629838728904724, 'latency-avg': 25.589936}
[2023-05-29 01:03:11,743] [DEBUG] [engine.py:460:run_search] Step 1 with search point {'OnnxConversion': {}, 'VitisAIQuantization': {}} ...
[2023-05-29 01:03:11,743] [DEBUG] [engine.py:725:_run_passes] Running pass OnnxConversion
============== Diagnostic Run torch.onnx.export version 2.0.1+cpu ==============
verbose: False, log level: Level.ERROR
======================= 0 NONE 0 NOTE 0 WARNING 0 ERROR ========================

[2023-05-29 01:03:12,689] [DEBUG] [engine.py:725:_run_passes] Running pass VitisAIQuantization
[2023-05-29 01:03:12,691] [INFO] [vitis_ai_quantization.py:256:_run_for_config] Preprocessing model for quantization
Finding optimal threshold for each tensor using PowerOfTwoMethod.MinMSE algorithm ...
[2023-05-29 01:03:53,389] [DEBUG] [engine.py:898:_evaluate_model] Evaluating model ...
[2023-05-29 01:03:58,156] [DEBUG] [engine.py:765:_run_passes] Signal: {'accuracy-accuracy_score': 0.8145161271095276, 'latency-avg': 28.5457}
[2023-05-29 01:03:58,157] [WARNING] [search_strategy.py:133:_next_search_group] No models in this search group ['OnnxConversion', 'VitisAIQuantization'] met the   goals. Sorting the models without applying goals...
[2023-05-29 01:03:58,159] [INFO] [footprint.py:168:get_pareto_frontier] pareto frontier points: 1_VitisAIQuantization-0-5eced571581e0d511ed3467faeee47b8-cpu-cpu   {'accuracy-accuracy_score': 0.8145161271095276, 'latency-avg': 28.5457}
[2023-05-29 01:03:58,159] [INFO] [engine.py:475:run_search] Output all 1 models
[2023-05-29 01:03:58,161] [INFO] [engine.py:318:run] No packaging config provided, skip packaging artifacts





At the end of the Quantization process, the model is saved in the [model].onnx format.





            

          

      

      

    

  

    
      
          
            
  
Model Deployment


ONNX Runtime with Vitis AI Execution Provider

Quantized models are deployed by creating an ONNX inference session and by leveraring the Vitis AI Execution Provider (VAI EP). Both the ONNX C++ and Python APIs are supported.

providers = ['VitisAIExecutionProvider']
session = ort.InferenceSession(model, sess_options = sess_opt,
                                          providers = providers,
                                          provider_options = provider_options)






Vitis AI Execution Provider Options

The Vitis AI Execution Provider supports the following options:









	Provider Options

	Type

	Default

	Description





	config_file

	Mandatory

	None

	The path and name of the runtime configuration file.
A default version of this file can be found in the voe-4.0-win_amd64 folder of the Ryzen AI software installation package under the name vaip_config.json.



	cacheDir

	Optional

	C:\temp\{user}\vaip\.cache

	The cache directory.



	cacheKey

	Optional

	{onnx_model_md5}

	Compiled model directory generated inside the cache directory. Use string to specify the desired name of the compiler model directory.
For example: 'cacheKey': 'resnet50_cache'.



	encryptionKey

	Optional

	None

	Encryption/Decryption key for the models generated.








Environment Variables

Additionally, the following environment variables can be used control the Ryzen AI ONNX Runtime-based deployment.









	Environment Variable

	Type

	Default

	Description





	XLNX_VART_FIRMWARE

	Mandatory

	None

	Set it to C:\path\to\1x4.xclbin to use the throughput profile of the NPU.
For more details, refer to the Runtime Setup page.



	XLNX_ENABLE_CACHE

	Optional

	1

	If unset, the runtime flow ignores the cache directory and recompiles the model.















Python API Example

import onnxruntime

# Add user imports
# ...

# Load inputs and perform preprocessing
# ...

# Create an inference session using the Vitis AI execution provider
session = onnxruntime.InferenceSession(
              '[model_file].onnx',
               providers=["VitisAIExecutionProvider"],
               provider_options=[{"config_file":"/path/to/vaip_config.json"}])

input_shape = session.get_inputs()[0].shape
input_name = session.get_inputs()[0].name

# Load inputs and do preprocessing by input_shape
input_data = [...]
result = session.run([], {input_name: input_data})













C++ API Example

// ...
#include <experimental_onnxruntime_cxx_api.h>
// include user header files
// ...

auto onnx_model_path = "resnet50_pt.onnx"
Ort::Env env(ORT_LOGGING_LEVEL_WARNING, "resnet50_pt");
auto session_options = Ort::SessionOptions();

auto options = std::unorderd_map<std::string,std::string>({});
options["config_file"] = "/path/to/vaip_config.json";
options["cacheDir"] = "/path/to/cache/directory";
options["cacheKey"] = "abcdefg"; // Replace abcdefg with your model name, eg. onnx_model_md5

// Create an inference session using the Vitis AI execution provider
session_options.AppendExecutionProvider("VitisAI", options);

auto session = Ort::Experimental::Session(env, model_name, session_options);

auto input_shapes = session.GetInputShapes();
// preprocess input data
// ...

// Create input tensors and populate input data
std::vector<Ort::Value> input_tensors;
input_tensors.push_back(Ort::Experimental::Value::CreateTensor<float>(
                        input_data.data(), input_data.size(), input_shapes[0]));

auto output_tensors = session.Run(session.GetInputNames(), input_tensors,
                                   session.GetOutputNames());
// postprocess output data
// ...













Model Encryption

To protect developers’ intellectual property, encryption is supported as a session option.
With this enabled, all the compiled models generated are encrypted using AES256.
To enable encryption, you need to pass the encryption key through the VAI EP options as follows:

In Python:

session = onnxruntime.InferenceSession(
    '[model_file].onnx',
    providers=["VitisAIExecutionProvider"],
    provider_options=[{
        "config_file":"/path/to/vaip_config.json",
        "encryptionKey": "89703f950ed9f738d956f6769d7e45a385d3c988ca753838b5afbc569ebf35b2"
}])





In C++:

auto onnx_model_path = "resnet50_pt.onnx"
Ort::Env env(ORT_LOGGING_LEVEL_WARNING, "resnet50_pt");
auto session_options = Ort::SessionOptions();
auto options = std::unorderd_map<std::string,std::string>({});
options["config_file"] = "/path/to/vaip_config.json";
options["encryptionKey"] = "89703f950ed9f738d956f6769d7e45a385d3c988ca753838b5afbc569ebf35b2";

session_options.AppendExecutionProvider("VitisAI", options);
auto session = Ort::Experimental::Session(env, model_name, session_options);





The key is a 256-bit value represented as a 64-digit string. The model generated in the cache directory cannot be opened with Netron currently. Additionally, there is a side effect: dumping is disabled to prevent the leakage of sensitive information about the model.









Operator Assignment Report

Vitis AI EP generates a file named vitisai_ep_report.json that provides a report on model operator assignments across CPU and NPU. This file is automatically generated in the cache directory, which by default is C:\temp\{user}\vaip\.cache\<model_cache_key> if no explicit cache location is specified in the code. This report includes information such as the total number of nodes, the list of operator types in the model, and which nodes and operators runs on the NPU or on the CPU. (NOTE: Nodes and operators running on the NPU are reported under the DPU name). Additionally, the report includes node statistics, such as input to a node, the applied operation, and output from the node.

{
  "deviceStat": [
  {
    "name": "all",
    "nodeNum": 402,
    "supportedOpType": [
    "::Add",
    ...
    ]
  },
  {
    "name": "CPU",
    "nodeNum": 2,
    "supportedOpType": [
    "::DequantizeLinear",
    ...
    ]
  },
  {
    "name": "DPU",
    "nodeNum": 400,
    "supportedOpType": [
    "::Add",
    ...
    ]
  }
  ],
  ...









            

          

      

      

    

  

    
      
          
            
  
Ryzen AI Library Quick Start Guide

The Ryzen AI Libraries are built on top of the Ryzen AI drivers and execution infrastructure to provide powerful AI capabilities to C++ applications without the need for training specific AI models and integrating them into the Ryzen AI framework.

Each Ryzen AI library feature offers a simple C++ application programming interface (API) that can be easily incorporated into existing applications.


Supported Features

This release of the Ryzen AI Library supports the following features:


	Depth Estimation






Package Contents

The following files are included with the Ryzen AI Library package:


	include/
	C++ header files



	windows/
	Binary files for Windows, including both compile time .LIB files and runtime .DLL files



	thirdparty_lib/
	Additional dependent libraries for sample applications (e.g., OpenCV binaries)



	samples/
	Individual sample applications



	LICENSE.txt
	License file



	README.rst
	This file







Programming guide for C++ Applications

Incorporating the Ryzen AI’s optimized features into C++ applications can be
done in a few simple steps, as explained in the following sections.


Include Ryzen AI Library headers

The required definitions for compiling each Ryzen AI feature are included in a
corresponding,


cvml-<feature-name>.h




header file under the include/ folder, where <feature-name> is the name
of the desired Ryzen AI feature.

For example, the definitions for the Ryzen AI Depth Estimation feature are
available after adding a line similar to the following example:

#include <cvml-depth-estimation.h>





Details about each feature’s programming interface and expected usage are
provided within their individual include headers.



Create Ryzen AI Library context

Each Ryzen AI Library feature is created against a CVML context. The context provides access to common functions for logging and other purposes. A pointer to a new
context may be obtained by calling the CreateContext() function:

auto ryzenai_context = amd::cvml::CreateContext();





When no longer needed, the context may be released using its Release()
member function:

ryzenai_context->Release();







Create Ryzen AI Library feature object

The application programming interface for each feature is provided through a
Ryzen AI Library C++ feature object that may be instantiated afer a
Ryzen AI Library context has been created.

The following example instantiates a feature object for the depth estimation
library:

amd::cvml::DepthEstimation ryzenai_depth_estimation(ryzenai_context);







Encapsulate image buffers

The Ryzen AI Library defines its own Image class to represent images
and video frame buffers. Each Image object is assigned a specific format
and data type on creation. For example, you can use the following code to create an Image to encapsulate an incoming
RGB888 frame buffer:

amd::cvml::Image ryzenai_image(amd::cvml::Image::Format::kRGB,
                               amd::cvml::Image::DataType::kUint8, width,
                               height, data_pointer);







Execute the feature

To execute a Ryzen AI feature on a provided input, call the appropriate
execution member function of the Ryzen AI Library feature object.

For example, the following code executes a single instance of the depth
estimation library, using the ryzenai_image from the previous section:

// encapsulate output buffer
amd::cvml::Image ryzenai_output(amd::cvml::Image::Format::kGrayScale,
                                amd::cvml::Image::DataType::kFloat32,
                                output_width, output_height, output_pointer);

// execute the feature
ryzenai_depth_estimation.GenerateDepthMap(ryzenai_image, &ryzenai_output);








Building applications with Ryzen AI Libraries

When building applications against the Ryzen AI Library, ensure that the
library’s,


include/




folder is part of the compiler’s include paths, and that the library’s,


windows/




folder has been added to the linker’s library paths.

Depending on the application’s build environment, you might also need to
explicitly list which of the Ryzen AI Library’s .LIB files (when building for
Windows applications) need to be linked.



Executing Ryzen AI Library enabled applications

When executing Windows applications built against the Ryzen AI Library, ensure
that one of the following conditions is met:


	The Ryzen AI Library dll’s are in the same folder as the application
executable.


	The Ryzen AI Library’s windows/ folder has been added to the PATH
environment variable.






Example

Examples of the Ryzen-AI Library can be found Ryzen AI Software repo [https://github.com/amd/RyzenAI-SW/tree/main/example/Ryzen-AI-Library]



Revision History



	Date

	Revision

	Notes





	December 04, 2023

	1.0

	Initial revision










            

          

      

      

    

  

    
      
          
            
  
Manual Installation

The main Installation Instructions page shows a one-step installation process that checks the prerequisite and installs Vitis AI ONNX quantizer, ONNX Runtime, and Vitis AI execution provider.

This page explains how to install each component manually.


Note

Make sure to follow the installation steps in the order explained below.




Download the Package

Download the ryzen-ai-sw-1.1.zip [https://account.amd.com/en/forms/downloads/ryzen-ai-software-platform-xef.html?filename=ryzen-ai-sw-1.1.zip] Ryzen AI Software installation package and extract it.



Create a Conda Environment

The Ryzen AI Software requires using a conda environment (Anaconda or Miniconda) for the installation process.

Start a conda prompt. In the conda prompt, create and activate an environment for the rest of the installation process.

conda create --name <name> python=3.9
conda activate <name>







Install the Vitis AI Quantizer

The Vitis AI Quantizer for ONNX supports a post-training quantization method that works on models saved in the ONNX format.

Install the Vitis AI Quantizer for ONNX as follows:

cd ryzen-ai-sw-1.1\ryzen-ai-sw-1.1
pip install vai_q_onnx-1.16.0+69bc4f2-py2.py3-none-any.whl





To install other quantization tools (Vitis AI PyTorch/TensorFlow 2/TensorFlow Quantization or Olive Quantization), refer to the Other Quantizers page.



Install the ONNX Runtime

pip install onnxruntime







Install the Vitis AI Execution Provider

cd ryzen-ai-sw-1.1\ryzen-ai-sw-1.1\voe-4.0-win_amd64
pip install voe-0.1.0-cp39-cp39-win_amd64.whl
pip install onnxruntime_vitisai-1.15.1-cp39-cp39-win_amd64.whl
python installer.py









            

          

      

      

    

  

    
      
          
            
  
Other Quantizers

The Ryzen AI software provides support for these additional quantizers:


	Vitis AI Quantizer for PyTorch/TensorFlow/TensorFlow 2: If you require Quantization Aware Training using the original model training framework, you can use Vitis AI PyTorch/Tensorflow 2/Tensorflow quantizer.


	Olive Quantizer: If you are already familiar with the Olive framework and using it for other model transformations, quantization through Olive is also an option.





Vitis AI Quantizer for PyTorch/TensorFlow/TensorFlow 2

The Vitis AI Quantizer, integrated as a component of either PyTorch, TensorFlow, or TensorFlow 2, is distributed through framework-specific Docker containers.

The Vitis AI Docker containers can be installed on Ubuntu 20.04, CentOS 7.8, 7.9, 8.1, and RHEL 8.3, 8.4. For developers working on Windows 11, WSL can be used to install the Vitis AI Docker containers.


Standard Containers

Multiple versions of the Docker container are available, each tailored to specific frameworks. Follow the Docker download and running instructions as per the following links:







	Framework

	Docker location





	PyTorch

	https://hub.docker.com/r/amdih/ryzen-ai-pytorch



	TensorFlow 2

	https://hub.docker.com/r/amdih/ryzen-ai-tensorflow2



	TensorFlow 1

	https://hub.docker.com/r/amdih/ryzen-ai-tensorflow








GPU-Accelerated Quantization Containers

The standard Vitis AI Docker containers do not support GPU-accelerated quantization. To create a container with GPU-accelerated quantization enabled, download the following archive and follow the instructions in the README file.

Download and build GPU Docker containers [https://account.amd.com/en/forms/downloads/xef.html?filename=ipu-rel-3.5.0-276.tar.gz]


Note

In this documentation, “NPU” is used in descriptions, while “IPU” is retained in the tool’s language, code, screenshots, and commands. This intentional
distinction aligns with existing tool references and does not affect functionality. Avoid making replacements in the code.






Olive Quantizer

Microsoft Olive framework supports quantization with Vitis AI ONNX Quantization. The Olive Quantizer can be installed by following these steps:


	Install the Olive Quantizer as follows:




pip install olive-ai[cpu]






	The current version of the Olive Quantizer is not compatible with the latest version of the pydantic library. To make it compatible, downgrade the pydantic version using the following command:




pip install pydantic==1.10.9





For additional information regarding the installation of Olive, refer to the Microsoft Olive Documentation [https://microsoft.github.io/Olive/getstarted/installation.html]





            

          

      

      

    

  

    
      
          
            
  
ONNX End-to-End Flow

AI models often require pre/post-processing operations that are not part of the model itself. To run the pre/post-processing operations on the NPU, we have developed a mechanism for integrating them into the original ONNX model. This allows for end-to-end model inference using Vitis AI Execution Provider. The feature is built by leveraging the ONNX Runtime feature ONNXRuntime-Extensions [https://onnxruntime.ai/docs/extensions/]. Typical pre-processing (or post-processing) tasks, such as resizing, normalization, etc can be expressed as custom operators. The pre-trained model can then be extended by absorbing these custom operators. The resulting model that contains the pre/post-processing operations can then be run on NPU. This helps improve end-to-end latency and facilitates PC power saving by reducing CPU utilization.

We provide the vitis_customop library that supports some common tasks such as resizing, normalization, NMS, etc. These operations are accessible through high-level API calls. The user will need to specify the following:


	pre/postprocessing operations


	operation-specific parameters




We will continue to expand the library with more supported operations.

The following steps describe how to use the pre and post-processor APIs:

Step 1:

Create PreProcessor and PostProcessor instances:

from vitis_customop.preprocess import generic_preprocess as pre
from vitis_customop.postprocess_resnet import generic_post_process as post
input_node_name = "blob.1"
preprocessor = pre.PreProcessor(input_model_path, output_model_path, input_node_name)
output_node_name = "1327"
postprocessor = post.PostProcessor(onnx_pre_model_name, onnx_e2e_model_name, output_node_name)





Step 2:

Specify the operations to perform, and pass the required parameters.

preprocessor.resize(resize_shape)
preprocessor.normalize(mean, std_dev, scale)
preprocessor.set_resnet_params(mean, std_dev, scale)
postprocessor.ResNetPostProcess()





Step 3:

Generate and save the new model

preprocessor.build()
postprocessor.build()





Examples to utilize the ONNX end-to-end flow can be found here [https://github.com/amd/RyzenAI-SW/tree/main/example/onnx-e2e].




            

          

      

      

    

  

    
      
          
            
  
Early Access Features

Early Access features are features which are still undergoing some optimization and fine-tuning. These features are not in their final form and may change as we continue to work in order to mature them into full-fledged features.


Suport for Generative AI

The latest version of Ryzen AI Software includes early access support for Generative AI, transformers, and LLMs. Like CNNs, Gen AI models require quantization before deployment on the NPU. However, the development flow for Gen AI models features some differences due to their distinct nature.

Quantization: For Gen AI models, it’s often advantageous to use a combination of SmoothQuant or AWQ (applied to the pre-trained PyTorch model) and/or dynamic quantization (leveraging ONNXRuntime ORTQuantizer) techniques to maintain the highest possible accuracy. Since only specific operators are offloaded to the NPU, it’s also recommended to conduct operator-specific quantization to selectively quantize necessary operators (typically GEMM/MATMUL).

Deployment: Gen AI models are deployed on the NPU using an eager execution mode, simplifying the model ingestion process. Instead of compiling and executing as a complete graph, the model is processed on an operator-by-operator basis. Compute-intensive operations, such as GEMM/MATMUL, are dynamically offloaded to the NPU, while the remaining operators are executed on the CPU. Eager mode for Gen AI models is supported in both PyTorch and the ONNX Runtime.

The following LLMs and transformers are supported and provided as examples:


	Llama 2 with PyTorch [https://github.com/amd/RyzenAI-SW/tree/main/example/transformers]


	OPT-1.3B with PyTorch [https://github.com/amd/RyzenAI-SW/tree/main/example/transformers]


	OPT-1.3B with ONNXRuntime [https://github.com/amd/RyzenAI-SW/tree/main/example/transformers]


	Whisper base with ONNX Runtime (Access via Early Access secure site - Request access here [https://account.amd.com/en/member/ryzenai-sw-ea.html])















NPU Management Interface

The xbutil utility is an integrated command-line interface to monitor and manage the NPU. More details can be found here.
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Advanced Installation

This section dives deeper into specific aspects of the installation process, including quantization options and detailed NPU binary configuration.


Quantization

Vitis AI PyTorch/TensorFlow 2/TensorFlow Quantization

The Vitis AI PyTorch and TensorFlow Quantizer, which is part of the Vitis AI toolchain, require the installation of a Docker container on the host server.

The Vitis AI Docker container can be installed on Ubuntu 20.04, CentOS 7.8, 7.9, 8.1, and RHEL 8.3, 8.4. The developers working on Windows 11 can use WSL for installing Vitis AI Docker.

Multiple versions of the Docker container are available, each tailored to specific frameworks. Follow the Docker download and running instructions as per the following links:







	Framework

	Docker location





	PyTorch

	https://hub.docker.com/r/amdih/ryzen-ai-pytorch



	TensorFlow 2

	https://hub.docker.com/r/amdih/ryzen-ai-tensorflow2



	TensorFlow 1

	https://hub.docker.com/r/amdih/ryzen-ai-tensorflow






The above Docker containers do not have GPU-accelerated quantization support. If you like to leverage GPU for the quantization process, you can download and build GPU Docker containers. The following TAR file has README that you can follow to build and run GPU dockers.

https://account.amd.com/en/forms/downloads/ryzen-ai-software-platform-xef.html?filename=ryzen-ai-gpudockerfiles-3.5.0-130.tar.gz

Olive Quantization

Microsoft Olive framework supports quantization with Vitis AI ONNX Quantization. If you’re interested in exploring Olive Quantization as an advanced quantization method, you can follow the steps below:


	Install Olive Quantization by running the following command:




pip install olive-ai[cpu]






	The current Olive flow is not compatible with the latest pydantic version. To make it compatible, downgrade the pydantic version using the following command:




pip install pydantic==1.10.9





For additional information regarding the Olive installation, refer to the [Microsoft documentation](https://microsoft.github.io/Olive/getstarted/installation.html).



NPU Binary selection

The NPU binaries are located inside the Vitis AI Execution Provider package. Selecting an NPU binary is a required step everytime the application is run from a new terminal. Ryzen AI Software platform provides a couple of NPU binaries using different configurations on the NPU device.

NPU binary 1x4.xclbin: An AI stream using 1x4.xclbin use an NPU configuration that provides up to 2 TOPS performance. Most real-time application (video conferencing use cases) performance requirements can be met using this configuration. In the current Ryzen AI software platform, up to four such AI streams can be run in parallel on the NPU without any visible loss of performance.

NPU binary 5x4.xclbin: For more advanced use cases or larger models, NPU binary 5x4.xclbin can be used which uses a larger configuration to provide up to 10 TOPs performance. In the current version of the release, 5x4.xclbin does not support multiple concurrent AI streams, and can only be used by a single application.

The procedure for selecting a specific binary using environment variables is as follows:

Selecting the 1x4.xclbin NPU binary:

set XLNX_VART_FIRMWARE=C:\path\to\1x4.xclbin





Selecting the 5x4.xclbin NPU binary:

set XLNX_VART_FIRMWARE=C:\path\to\5x4.xclbin
set XLNX_TARGET_NAME="AMD_AIE2_5x4_Overlay"





Note: To select the 5x4.xclbin as the NPU binary, the additional XLNX_TARGET_NAME environment variable is required.





            

          

      

      

    

  

    
      
          
            
  
Getting Started Tutorial

This tutorial uses a fine-tuned version of the ResNet model (using the CIFAR-10 dataset) to demonstrate the process of preparing, quantizing, and deploying a model using Ryzen AI Software. The tutorial features deployment using both Python and C++ ONNX runtime code.


Note

In this documentation, “NPU” is used in descriptions, while “IPU” is retained in the tool’s language, code, screenshots, and commands. This intentional
distinction aligns with existing tool references and does not affect functionality. Avoid making replacements in the code.




	The source code files can be downloaded from this link [https://github.com/amd/RyzenAI-SW/tree/main/tutorial/getting_started_resnet]. Alternatively, you can clone the RyzenAI-SW repo and change the directory into the tutorial code directory.




git clone https://github.com/amd/RyzenAI-SW.git
cd tutorial/getting_started_resnet











The following are the steps and the required files to run the example:








	Steps

	Files Used

	Description





	Installation

	requirements.txt

	Install the necessary package for this example.



	Preparation

	prepare_model_data.py,
resnet_utils.py

	The script prepare_model_data.py prepares the model and the data for the rest of the tutorial.


	To prepare the model the script converts pre-trained PyTorch model to ONNX format.


	To prepare the necessary data the script downloads and extract CIFAR-10 dataset.







	Pretrained model

	models/resnet_trained_for_cifar10.pt

	The ResNet model trained using CIFAR-10 is provided in .pt format.



	Quantization

	resnet_quantize.py

	Convert the model to the NPU-deployable model by performing Post-Training Quantization flow using VitisAI ONNX Quantization.



	Deployment - Python

	predict.py

	Run the Quantized model using the ONNX Runtime code. We demonstrate running the model on both CPU and NPU.



	Deployment - C++

	cpp/resnet_cifar/.

	This folder contains the source code resnet_cifar.cpp that demonstrates running inference using C++ APIs. We additionally provide the infrastructure (required libraries, CMake files and headerfiles) required by the example.
















Step 1: Install Packages


	Ensure that the Ryzen AI Software  is correctly installed. For more details, see the installation instructions.


	Use the conda environment created during the installation for the rest of the steps. This example requires a couple of additional packages. Run the following command to install them:




python -m pip install -r requirements.txt
















Step 2: Prepare dataset and ONNX model

In this example, we utilize the a custom ResNet model finetuned using the CIFAR-10 dataset

The prepare_model_data.py script downloads the CIFAR-10 dataset in pickle format (for python) and binary format (for C++). This dataset will be used in the subsequent steps for quantization and inference. The script also exports the provided PyTorch model into ONNX format. The following snippet from the script shows how the ONNX model is exported:

dummy_inputs = torch.randn(1, 3, 32, 32)
input_names = ['input']
output_names = ['output']
dynamic_axes = {'input': {0: 'batch_size'}, 'output': {0: 'batch_size'}}
tmp_model_path = str(models_dir / "resnet_trained_for_cifar10.onnx")
torch.onnx.export(
        model,
        dummy_inputs,
        tmp_model_path,
        export_params=True,
        opset_version=13,
        input_names=input_names,
        output_names=output_names,
        dynamic_axes=dynamic_axes,
    )





Note the following settings for the onnx conversion:


	Ryzen AI supports a batch size=1, so dummy input is fixed to a batch_size =1 during model conversion


	Recommended opset_version setting 13 is used.




Run the following command to prepare the dataset and export the ONNX model:

python prepare_model_data.py






	The downloaded CIFAR-10 dataset is saved in the current directory at the following location: data/*.


	The ONNX model is generated at models/resnet_trained_for_cifar10.onnx















Step 3: Quantize the Model

Quantizing AI models from floating-point to 8-bit integers reduces computational power and the memory footprint required for inference. This example utilizes the Vitis AI ONNX quantizer workflow. Quantization tool takes the pre-trained float32 model from the previous step (resnet_trained_for_cifar10.onnx) and produces a quantized model.

python resnet_quantize.py





This generates a quantized model using QDQ quant format and UInt8 activation type and Int8 weight type. After the completion of the run, the quantized ONNX model resnet.qdq.U8S8.onnx is saved to models/resnet.qdq.U8S8.onnx.

The resnet_quantize.py file has quantize_static function (line 95) that applies static quantization to the model.

from onnxruntime.quantization import QuantFormat, QuantType
import vai_q_onnx

vai_q_onnx.quantize_static(
     input_model_path,
     output_model_path,
     dr,
     quant_format=vai_q_onnx.QuantFormat.QDQ,
     calibrate_method=vai_q_onnx.PowerOfTwoMethod.MinMSE,
     activation_type=vai_q_onnx.QuantType.QUInt8,
     weight_type=vai_q_onnx.QuantType.QInt8,
     enable_dpu=True,
     extra_options={'ActivationSymmetric': True}
 )





The parameters of this function are:


	input_model_path: (String) The file path of the model to be quantized.


	output_model_path: (String) The file path where the quantized model is saved.


	dr: (Object or None) Calibration data reader that enumerates the calibration data and producing inputs for the original model. In this example, CIFAR10 dataset is used for calibration during the quantization process.


	quant_format: (String) Specifies the quantization format of the model. In this example we have used the QDQ quant format.


	calibrate_method: (String) In this example this parameter is set to vai_q_onnx.PowerOfTwoMethod.MinMSE to apply power-of-2 scale quantization.


	activation_type: (String) Data type of activation tensors after quantization. In this example, it’s set to QInt8 (Quantized Integer 8).


	weight_type: (String) Data type of weight tensors after quantization. In this example, it’s set to QInt8 (Quantized Integer 8).


	enable_dpu: (Boolean) Determines whether to generate a quantized model that is suitable for the NPU/DPU. If set to True, the quantization process will create a model that is optimized for NPU/DPU computations.


	extra_options: (Dict or None) Dictionary of additional options that can be passed to the quantization process. In this example, ActivationSymmetric is set to True. It means calibration data for activations is symmetrized.















Step 4: Deploy the Model

We demonstrate deploying the quantized model using both Python and C++ APIs.


	Deployment - Python


	Deployment - C++





Note

During the Python and C++ deployment, the compiled model artifacts are saved in the cache folder named <run directory>/modelcachekey. Ryzen-AI does not support the complied model artifacts across the versions, so if the model artifacts exist from the previous software version, ensure to delete the folder modelcachekey before the deployment steps.




Deployment - Python

The predict.py script is used to deploy the model. It extracts the first ten images from the CIFAR-10 test dataset and converts them to the .png format. The script then reads all those ten images and classifies them by running the quantized custom ResNet model on CPU or NPU.


Deploy the Model on the CPU

By default, predict.py runs the model on CPU.

> python predict.py





Typical output

Image 0: Actual Label cat, Predicted Label cat
Image 1: Actual Label ship, Predicted Label ship
Image 2: Actual Label ship, Predicted Label airplane
Image 3: Actual Label airplane, Predicted Label airplane
Image 4: Actual Label frog, Predicted Label frog
Image 5: Actual Label frog, Predicted Label frog
Image 6: Actual Label automobile, Predicted Label automobile
Image 7: Actual Label frog, Predicted Label frog
Image 8: Actual Label cat, Predicted Label cat
Image 9: Actual Label automobile, Predicted Label automobile







Deploy the Model on the Ryzen AI NPU

To successfully run the model on the NPU, run the following setup steps:


	Ensure that the XLNX_VART_FIRMWARE environment variable is correctly pointing to the 1x4.xclbin file located in the voe-4.0-win_amd64 folder of the Ryzen AI software installation package. If you installed the Ryzen AI software using automatic installer, this variable is already correctly set. However, if you did the installation manually, you must set the variable as follows:




set XLNX_VART_FIRMWARE=path\to\RyzenAI\installation\files\ryzen-ai-sw-1.1\voe-4.0-win_amd64\1x4.xclbin






	Copy the vaip_config.json runtime configuration file from the voe-4.0-win_amd64 folder of the Ryzen AI software installation package to the current directory. The vaip_config.json is used by the predict.py script to configure the Vitis AI Execution Provider.




The following section of the predict.py script shows how ONNX Runtime is configured to deploy the model on the Ryzen AI NPU:

parser = argparse.ArgumentParser()
parser.add_argument('--ep', type=str, default ='cpu',choices = ['cpu','ipu'], help='EP backend selection')
opt = parser.parse_args()

providers = ['CPUExecutionProvider']
provider_options = [{}]

if opt.ep == 'ipu':
   providers = ['VitisAIExecutionProvider']
   cache_dir = Path(__file__).parent.resolve()
   provider_options = [{
              'config_file': 'vaip_config.json',
              'cacheDir': str(cache_dir),
              'cacheKey': 'modelcachekey'
              }]

session = ort.InferenceSession(model.SerializeToString(), providers=providers,
                               provider_options=provider_options)





Run the predict.py with the --ep ipu switch to run the custom ResNet model on the Ryzen AI NPU:

>python predict.py --ep ipu





Typical output

I20231129 12:50:18.631383 16736 vitisai_compile_model.cpp:336] Vitis AI EP Load ONNX Model Success
I20231129 12:50:18.631383 16736 vitisai_compile_model.cpp:337] Graph Input Node Name/Shape (1)
I20231129 12:50:18.631383 16736 vitisai_compile_model.cpp:341]   input : [-1x3x32x32]
I20231129 12:50:18.631383 16736 vitisai_compile_model.cpp:347] Graph Output Node Name/Shape (1)
I20231129 12:50:18.631383 16736 vitisai_compile_model.cpp:351]   output : [-1x10]
I20231129 12:50:18.631383 16736 vitisai_compile_model.cpp:226] use cache key modelcachekey
I20231129 12:50:23.717264 16736 compile_pass_manager.cpp:352] Compile mode: aie
I20231129 12:50:23.717264 16736 compile_pass_manager.cpp:353] Debug mode: performance
I20231129 12:50:23.717264 16736 compile_pass_manager.cpp:357] Target architecture: AMD_AIE2_Nx4_Overlay
I20231129 12:50:23.717264 16736 compile_pass_manager.cpp:540] Graph name: main_graph, with op num: 438
I20231129 12:50:23.717264 16736 compile_pass_manager.cpp:553] Begin to compile...
W20231129 12:50:27.786000 16736 RedundantOpReductionPass.cpp:663] xir::Op{name = /avgpool/GlobalAveragePool_output_0_DequantizeLinear_Output_vaip_315, type = pool-fix}'s input and output is unchanged, so it will be removed.
I20231129 12:50:27.945919 16736 PartitionPass.cpp:6142] xir::Op{name = output_, type = fix2float} is not supported by current target. Target name: AMD_AIE2_Nx4_Overlay, target type: IPU_PHX. Assign it to CPU.
I20231129 12:50:29.098559 16736 compile_pass_manager.cpp:565] Total device subgraph number 3, CPU subgraph number 1
I20231129 12:50:29.098559 16736 compile_pass_manager.cpp:574] Total device subgraph number 3, DPU subgraph number 1
I20231129 12:50:29.098559 16736 compile_pass_manager.cpp:583] Total device subgraph number 3, USER subgraph number 1
I20231129 12:50:29.098559 16736 compile_pass_manager.cpp:639] Compile done.
....
[Vitis AI EP] No. of Operators :   CPU     2    IPU   398  99.50%
[Vitis AI EP] No. of Subgraphs :   CPU     1    IPU     1 Actually running on IPU     1
...
Image 0: Actual Label cat, Predicted Label cat
Image 1: Actual Label ship, Predicted Label ship
Image 2: Actual Label ship, Predicted Label ship
Image 3: Actual Label airplane, Predicted Label airplane
Image 4: Actual Label frog, Predicted Label frog
Image 5: Actual Label frog, Predicted Label frog
Image 6: Actual Label automobile, Predicted Label truck
Image 7: Actual Label frog, Predicted Label frog
Image 8: Actual Label cat, Predicted Label cat
Image 9: Actual Label automobile, Predicted Label automobile








Deployment - C++


Prerequisites


	Visual Studio 2019 Community edition, ensure “Desktop Development with C++” is installed


	cmake (version >= 3.26)


	opencv (version=4.6.0) required for the custom resnet example






Install OpenCV

It is recommended to build OpenCV from the source code and use static build. The default installation localtion is “install” , the following instruction installs OpenCV in the location “C:\opencv” as an example. You may first change the directory to where you want to clone the OpenCV repository.

git clone https://github.com/opencv/opencv.git -b 4.6.0
cd opencv
cmake -DCMAKE_EXPORT_COMPILE_COMMANDS=ON -DBUILD_SHARED_LIBS=OFF -DCMAKE_POSITION_INDEPENDENT_CODE=ON -DCMAKE_CONFIGURATION_TYPES=Release -A x64 -T host=x64 -G "Visual Studio 16 2019" "-DCMAKE_INSTALL_PREFIX=C:\opencv" "-DCMAKE_PREFIX_PATH=C:\opencv" -DCMAKE_BUILD_TYPE=Release -DBUILD_opencv_python2=OFF -DBUILD_opencv_python3=OFF -DBUILD_WITH_STATIC_CRT=OFF -B build
cmake --build build --config Release
cmake --install build --config Release







Build and Run Custom Resnet C++ sample


Note

In this documentation, “NPU” is used in descriptions, while “IPU” is retained in the tool’s language, code, screenshots, and commands. This intentional
distinction aligns with existing tool references and does not affect functionality. Avoid making replacements in the code.



The C++ source files, CMake list files and related artifacts are provided in the cpp/resnet_cifar/* folder. The source file cpp/resnet_cifar/resnet_cifar.cpp takes 10 images from the CIFAR-10 test set, converts them to .png format, preprocesses them, and performs model inference. The example has onnxruntime dependencies, that are provided in cpp/resnet_cifar/onnxruntime/*.

Run the following command to build the resnet example. Assign -DOpenCV_DIR to the OpenCV installation directory.

cd getting_started_resnet/cpp
cmake -DCMAKE_EXPORT_COMPILE_COMMANDS=ON -DBUILD_SHARED_LIBS=OFF -DCMAKE_POSITION_INDEPENDENT_CODE=ON -DCMAKE_CONFIGURATION_TYPES=Release -A x64 -T host=x64 -DCMAKE_INSTALL_PREFIX=. -DCMAKE_PREFIX_PATH=. -B build -S resnet_cifar -DOpenCV_DIR="C:/opencv" -G "Visual Studio 16 2019"





This should generate the build directory with the resnet_cifar.sln solution file along with other project files. Open the solution file using Visual Studio 2019 and build to compile. You can also use “Developer Command Prompt for VS 2019” to open the solution file in Visual Studio.

devenv build/resnet_cifar.sln





Now to deploy our model, we will go back to the parent directory (getting_started_resnet) of this example. After compilation, the executable should be generated in cpp/resnet_cifar/build/Release/resnet_cifar.exe. We will copy this application over to the parent directory:

cd ..
xcopy cpp\build\Release\resnet_cifar.exe .





Additionally, we will also need to copy the onnxruntime DLLs from the Vitis AI Execution Provider package to the current directory. The following commands copy the required files in the current directory:

xcopy %RYZEN_AI_INSTALLER%\onnxruntime\bin\onnxruntime.dll .
xcopy %RYZEN_AI_INSTALLER%\onnxruntime\bin\onnxruntime_vitisai_ep.dll .





Here, RYZEN_AI_INSTALLER is an environment variable that should point to the path\to\ryzen-ai-sw-xx\ryzen-ai-sw-xx. If you installed Ryzen-AI software using the automatic installer, this variable should already be set. Ensure that the Ryzen-AI software package has not been moved post installation, in which case RYZEN_AI_INSTALLER will have to be set again.

The C++ application that was generated takes 3 arguments:


	Path to the quantized ONNX model generated in Step 3


	The execution provider of choice (cpu or NPU)


	vaip_config.json (pass None if running on CPU)





Deploy the Model on the CPU

To run the model on the CPU, use the following command:

resnet_cifar.exe models\resnet.qdq.U8S8.onnx cpu None





Typical output:

model name:models\resnet.qdq.U8S8.onnx
ep:cpu
Input Node Name/Shape (1):
        input : -1x3x32x32
Output Node Name/Shape (1):
        output : -1x10
Final results:
Predicted label is cat and actual label is cat
Predicted label is ship and actual label is ship
Predicted label is ship and actual label is ship
Predicted label is airplane and actual label is airplane
Predicted label is frog and actual label is frog
Predicted label is frog and actual label is frog
Predicted label is truck and actual label is automobile
Predicted label is frog and actual label is frog
Predicted label is cat and actual label is cat
Predicted label is automobile and actual label is automobile







Deploy the Model on the NPU

To successfully run the model on the NPU:


	Ensure that the XLNX_VART_FIRMWARE environment variable is correctly pointing to the XCLBIN file included in the ONNX Vitis AI Execution Provider package. If you installed Ryzen-AI software by automatic installer, the NPU binary path is already set, however if you did the installation manually, ensure the NPU binary path is set using the following command:




set XLNX_VART_FIRMWARE=path\to\RyzenAI\installation\ryzen-ai-sw-1.1\ryzen-ai-sw-1.1\voe-4.0-win_amd64\1x4.xclbin






	Copy the vaip_config.json runtime configuration file from the Vitis AI Execution Provider package to the current directory. The vaip_config.json is used by the source file resnet_cifar.cpp to configure the Vitis AI Execution Provider.




The following code block from reset_cifar.cpp shows how ONNX Runtime is configured to deploy the model on the Ryzen AI NPU:

auto session_options = Ort::SessionOptions();

auto config_key = std::string{ "config_file" };
auto cache_dir = std::filesystem::current_path().string();

if(ep=="ipu")
{
auto options =
    std::unordered_map<std::string, std::string>{ {config_key, json_config}, {"cacheDir", cache_dir}, {"cacheKey", "modelcachekey"} };
session_options.AppendExecutionProvider("VitisAI", options);
}

auto session = Ort::Experimental::Session(env, model_name, session_options);





To run the model on the NPU, we will pass the ipu flag and the vaip_config.json file as arguments to the C++ application. Use the following command to run the model on the NPU:

resnet_cifar.exe models\resnet.qdq.U8S8.onnx ipu vaip_config.json





Typical output:

I20231129 13:19:47.882169 14796 vitisai_compile_model.cpp:336] Vitis AI EP Load ONNX Model Success
I20231129 13:19:47.882169 14796 vitisai_compile_model.cpp:337] Graph Input Node Name/Shape (1)
I20231129 13:19:47.882169 14796 vitisai_compile_model.cpp:341]   input : [-1x3x32x32]
I20231129 13:19:47.882169 14796 vitisai_compile_model.cpp:347] Graph Output Node Name/Shape (1)
I20231129 13:19:47.882169 14796 vitisai_compile_model.cpp:351]   output : [-1x10]
I20231129 13:19:53.161406 14796 compile_pass_manager.cpp:352] Compile mode: aie
I20231129 13:19:53.161406 14796 compile_pass_manager.cpp:353] Debug mode: performance
I20231129 13:19:53.161406 14796 compile_pass_manager.cpp:357] Target architecture: AMD_AIE2_Nx4_Overlay
I20231129 13:19:53.161406 14796 compile_pass_manager.cpp:540] Graph name: main_graph, with op num: 438
I20231129 13:19:53.161406 14796 compile_pass_manager.cpp:553] Begin to compile...
W20231129 13:19:57.223416 14796 RedundantOpReductionPass.cpp:663] xir::Op{name = /avgpool/GlobalAveragePool_output_0_DequantizeLinear_Output_vaip_315, type = pool-fix}'s input and output is unchanged, so it will be removed.
I20231129 13:19:57.389281 14796 PartitionPass.cpp:6142] xir::Op{name = output_, type = fix2float} is not supported by current target. Target name: AMD_AIE2_Nx4_Overlay, target type: IPU_PHX. Assign it to CPU.
I20231129 13:19:58.546655 14796 compile_pass_manager.cpp:565] Total device subgraph number 3, CPU subgraph number 1
I20231129 13:19:58.546655 14796 compile_pass_manager.cpp:574] Total device subgraph number 3, DPU subgraph number 1
I20231129 13:19:58.546655 14796 compile_pass_manager.cpp:583] Total device subgraph number 3, USER subgraph number 1
I20231129 13:19:58.547658 14796 compile_pass_manager.cpp:639] Compile done.
I20231129 13:19:58.583139 14796 anchor_point.cpp:444] before optimization:
...
[Vitis AI EP] No. of Operators :   CPU     2    IPU   398  99.50%
[Vitis AI EP] No. of Subgraphs :   CPU     1    IPU     1 Actually running on IPU     1
...
Final results:
Predicted label is cat and actual label is cat
Predicted label is ship and actual label is ship
Predicted label is ship and actual label is ship
Predicted label is airplane and actual label is airplane
Predicted label is frog and actual label is frog
Predicted label is frog and actual label is frog
Predicted label is truck and actual label is automobile
Predicted label is frog and actual label is frog
Predicted label is cat and actual label is cat
Predicted label is automobile and actual label is automobile












            

          

      

      

    

  

    
      
          
            
  
Model Performance Tuning in Ryzen AI Software

This page provides some of the techniques to improve CNN model performance when deploying on the NPU.


1. Enabling compiler optimization

Ryzen-AI software uses a vaip_config.json file to configure the Vitis AI Execution Provider.

For CNN-based models, configuration opt_level can be used to enable advanced compiler optimization, which can improve model running efficiency on the NPU

"xcompilerAttrs": {
    ....
    ....
    "opt_level" : {
        "intValue" : 0
    },





The default value of opt_level is 0, which does not enable any compiler optimization. Set this to 1,2 or 3 to enable increasing levels of compiler optimizations, such as data-movement optimization, control path optimization, and operator fusion.


	0 (default): No advanced compiler optimization


	1: Enable data movement optimization


	2: Enable data movement and certain control path optimization;


	3: Enable data movement, control path, and operator fusion optimization






2. NPU subgraph control (experimental)

Ryzen-AI software uses a vaip_config.json file to configure the Vitis AI Execution Provider.

For CNN-based models, configuration dpu_subgraph_num limits the maximum number of NPU subgraphs that can be created from the model compilation. The final, actual number of NPU subgraphs running on the NPU can be observed during the model run as shown below.

...
[Vitis AI EP] No. of Subgraphs :   CPU     1    IPU     1 Actually running on IPU     1





If the user sees a large number of NPU subgraphs running on the NPU (but still less than default dpu_subgraph_num:intValue=32), they can try to set dpu_subgraph_num:intValue to a lower number which can result in lesser number of NPU subgraphs, potentially alleviate slow model runtime performance.

On the other hand, If the NPU subgraphs generated by the compiler are more than the default dpu_subgraph_num:intValue=32, then the whole model runs on the CPU. In this situation, the user can try to set dpu_subgraph_num:intValue to a larger number allowing a larger number of NPU subgraphs to run on NPU, thus saving CPU power, albeit it could run slow due to the increased number of NPU subgraphs.

"xcompilerAttrs": {
 .....
 "dpu_subgraph_num" : {
 "intValue" : 32
 },





This configuration can only be used as an experimental trial.

In this documentation, “NPU” is used in descriptions, while “IPU” is retained in the tool’s language, code, screenshots, and commands. This intentional distinction aligns with existing tool references and does not affect functionality. Avoid making replacements in the code.


Ryzen AI is licensed under MIT License. Refer to the LICENSE file for the full license text and copyright notice.








            

          

      

      

    

  

    
      
          
            
  
NPU Management Interface

NOTE: This feature is currently in the early access stage.

The xbutil utility is a command-line interface to monitor and manage the NPU. It is installed in C:\Windows\System32\AMD and it can be directly invoked from within the conda environment created by tge Ryzen AI Software installer.

The xbutil utility currently supports three primary commands:


	examine: Examines the state of the AI PC and the NPU.


	validate: Executes sanity tests on the NPU.


	configure: Manages the performance level of the NPU.




You can use --help with any command, such as xbutil examine --help, to view all supported subcommands and their details.


Examining the AI PC and the NPU


	To provide OS/system information of the AI PC and informs about the presence of the NPU:

xbutil examine







	To provide more detailed information about the NPU, such as its architecture and performance mode:

xbutil examine -d --report platform







	To provide information about the NPU Binary loaded during model inference:

xbutil examine -d --report dynamic-regions







	To provide information about the column occupancy on the NPU, allowing you to determine if more models can run in parallel:

xbutil examine -d --report aie-partitions











Executing a Sanity Check on the NPU


	To run a built-in test on the NPU to ensure it is in a deployable state:

xbutil validate -d --run verify











Managing the Performance Level of the NPU


	To set the performance level of the NPU. You can choose powersaver mode, balanced mode, performance mode, or use the default:

xbutil configure -d --performance <powersaver | balanced | performance | default>
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