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Abstract — NAM — NAN converts models by directly parsing their structures and weights. It reads supported NAM FULL models and uses a cloud-based Al conversion model to extract
mathematical features and generate NAN parameters, eliminating the need to generate training samples and retrain a target network for each source model. This paper describes the
method’s technical principles, conversion workflow, and scope, and compares the two generations of conversion approaches with other common model migration methods.

1. Overview

NAM (Neural Amp Modeler) uses neural networks to model the nonlinear characteristics of amplifiers and distortion devices. On some platforms with limited processing capacity or no support for
native NAM execution, a source model may need to be converted to a model supported by the target platform.

Terminology: In this paper, ANN refers to M-VAVE’s Audio Neural Network modeling technology; “neural network” is used for the general concept. NAN refers to the target model produced by this
conversion approach and its deployment format. Support for NAM FULL must be defined by the specific architecture, model configuration, and file version; the name alone does not establish
compatibility.

The released first-generation NAM — ANN approach uses training on audio samples: the source NAM model is run to generate input-output audio pairs, which are then used to train the target
ANN model. Sample generation and target-model training are required for each source model. Conversion time and quality depend on sample coverage, training configuration, and convergence.

NAM - NAN uses the source model’s structure and weights as the basis for conversion. The new approach reads supported NAM FULL models directly and uses a cloud-based Al conversion
model to extract mathematical features and generate NAN parameters. No audio samples are required during feature extraction or parameter generation.

First generation: NAM — Audio pairs = ANN model training — Validation
Next generation: NAM FULL structure and weights — Cloud-based Al feature extraction and parameter generation = NAN — Validation

2. Technical Principles

2.1 Cloud-Based Al Conversion Model

NAM models may differ in layer count, channel count, convolution configuration, and parameter count. Their weights must also meet the requirements of the NAN target architecture and cannot
be used directly as NAN parameters. The conversion system uses a cloud-based Al conversion model to construct a representation for analysis from the input NAM model’s structure and weights
and to perform the following tasks:

1. Parse the structure
Read the NAM model’s file version, network topology, and weight tensors.

2. Organize structural relationships
Identify the structural relationships among layers, channels, and convolution kernels.

3. Extract features
Use Al to extract mathematical features from the model structure and weight tensors for NAN parameter generation.

4. Build a unified representation
Organize relevant information from different NAM architectures into a unified intermediate representation.

5 Generate parameters
Generate NAN model parameters from the extracted features and the NAN target architecture.

The representation used for analysis is constructed dynamically from the source NAM model’s topology and weights; “dynamically” describes how this representation is constructed. Feature
extraction during conversion does not use audio samples, swept test signals, or direct instrument recordings (DI signals).

2.2 Al-Based Mathematical Feature Extraction

Training on audio samples learns the source model’s behavior from input-output relationships. The NAM = NAN approach analyzes the source model’s structure and parameters, including weight
distributions, connections between layers, channel relationships, and convolution-kernel configurations, and extracts the features needed to generate NAN parameters. This analysis requires no
external excitation signal.

This paper describes the workflow for an individual model conversion. “No per-model training” means that the target network does not need to be retrained for each source NAM model during
conversion. The training method for the cloud-based Al conversion model itself is outside the scope of this paper.

3. Conversion Workflow

The workflow from source-model parsing to NAN parameter generation consists of the following three steps. These steps do not require running the source NAM model to generate training
samples or retraining a target network for each source model.

1. Parse NAM FULL
Read the network structure, weights, biases, activation-function configuration, and metadata, and verify that the model’s file version and network architecture are supported.

2. Extract structural and weight features
The cloud-based Al conversion model organizes and analyzes the source model’s structure and weights, extracting features for NAN parameter generation, including connections between
layers, weight distributions, channel relationships, and convolution-kernel configurations.

3. Generate NAN
Generate target-model parameters from the extracted features and NAN runtime constraints, check parameter ranges, model format version, computational requirements, and memory
requirements, and output a NAN model for deployment.

After model generation, independent audio testing is still required to assess conversion error, including objective error measurements and A/B listening comparisons. Tests should use consistent
sample rates, input levels, gain settings, and time-alignment procedures.



M-VAVE - Technical White Paper - WP-NAM-NAN-001 - V1.0

4. Comparison of the Two Conversion Approaches

The table below describes this paper’s architectural modules and the engineering information that must be confirmed for each. It is not a list of implemented features.

Aspect

Basis for conversion NAM input-output audio pairs

Run the source model to generate Yes

training samples?

Core operation Train the target ANN model

Intermediate data Audio training dataset

Reproducibility
environment

Main workflow

4.1 Sample-Based Training (First Generation)

Advantages

« Relies primarily on the source model’s input-output behavior, with limited
dependence on its internal structure

« Training samples can be generated using excitation signals if the source NAM
model runs correctly

« Independent audio samples can be used to measure error between the target
and source models

« Can serve as an alternative for models unsupported by weight-based conversion

or for special cases

4.2 Structure- and Weight-Based Conversion (Next Generation)

Advantages

Reads supported NAM FULL structures and weights directly, without generating

training samples

Eliminates the need to retrain a target network for each source model, removing

the corresponding training stage

Weights, connections between layers, and channel relationships provide a direct

basis for feature extraction and parameter generation

NAN architectural and resource constraints can be considered together during

parameter generation

Removes random factors introduced by per-model training, helping to control

the consistency of conversion results

First-generation NAM = ANN (sample-based training)

Sample generation — Training and tuning — Validation

Affected by training randomness, configuration, and execution

Next-generation NAM = NAN (structure- and weight-based
conversion)

Supported NAM FULL structures and weights

No

Structural and weight feature extraction; NAN parameter generation
Al-extracted mathematical features

Must be verified with fixed inputs, model versions, conversion
configuration, and execution environment

Parsing — Feature extraction — Parameter generation — Validation

Limitations

Each source model requires sample generation and training of a corresponding target
model

Conversion time depends on audio duration, computational resources, training epochs,
and convergence criteria

The target model may struggle to reproduce the source model’s behavior under input
conditions not covered by the training samples

Training configuration and random factors may cause conversion results to vary

Limitations

Depends on converter support for the NAM file version, network architecture, and
associated configuration

Conversion quality depends on the cloud-based Al conversion model and the
capabilities of its feature representation

Unsupported structures and abnormal parameters must be detected, with clear rules for
rejecting conversion or using an alternative approach

The output targets the NAN architecture and deployment format; compatibility with
other formats or runtimes requires separate validation

Direct access to source-model information does not imply lossless conversion;

independent audio testing is still required to assess error

The new approach removes training-sample generation and target-network training for each source model. Actual conversion time and computational resource consumption still depend on the
source-model structure, cloud workload, and the versions of the converter and cloud-based Al model. Comparisons with the first-generation approach should use consistent test conditions.

Reproducibility must be verified with the same input file, converter version, cloud-based Al model weights and version, conversion configuration, and execution environment. The acceptance
criterion must specify whether outputs must be identical or whether differences within a defined numerical tolerance are acceptable.

5. Comparison of NAM Model Migration Methods

The main differences among these methods are whether the source NAM model is run to generate audio samples, whether optimization is performed for each model, and whether the target
model preserves the source-model structure. The table summarizes common implementations; the methods can also be combined.

Per-model processing
No model conversion or
retraining required

Main limitations

The target platform must support the
required operations; native execution
itself does not reduce the parameter
count, and actual resource usage
depends on the implementation and
hardware

Target model characteristics
Preserves the source-model
structure and parameters

Method Core principle Input information
Native NAM Implement the operations NAM structure and
execution required by the source model, weights

such as convolutions, activation

functions, and state updates,

on the target platform and

execute the model directly
IIR-Based Run NAM to obtain audio Input-output audio
Nonlinear System  samples, then fit its pairs
Identification input—output relationship using

Sample-Based
Training of
Lightweight
Neural Networks

structures such as
Wiener—-Hammerstein models
built from IIR filters and static
nonlinear blocks

Use NAM as a teacher model to
generate samples, then train a
smaller student neural network
by gradient descent

Input-output audio
pairs

Parameter fitting and
optimization

Training for each source
model

Typically compact, which can
help reduce DSP processing
cost

Approximates the source
model’s behavior with a
smaller neural network

Limited by the chosen structure and
sample coverage; reproduction of
nonlinear behavior with complex memory
effects and harmonic characteristics
under high-gain conditions requires
separate assessment

Requires training samples, computational
resources, and optimization time; GPU
acceleration can typically be used. Quality
depends on sample coverage, loss
function, and hyperparameters
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Direct Weight and  Parse the NAM computational NAM structure and Typically requires no Usually preserves the The target runtime must support the
Operator graph and map supported layers  weights training source-network structure required operators; the main purpose is
Mapping and weights to another inference and parameters format and execution compatibility, rather
format or runtime than reducing the parameter count
Pruning, Apply channel pruning, low-bit NAM structure and Often requires Can reduce model storage, Requires balancing compression ratio,

Quantization, and  quantization, or low-rank weights; some calibration, fine-tuning, ~ memory traffic, or error, and hardware acceleration

Low-Rank approximation through matrix methods also require or error assessment computation; benefits capabilities in the context of the
Compression decomposition to a NAM model  calibration or depend on the method and source-model structure

fine-tuning data implementation
NAM — NAN The cloud-based Al conversion Supported NAM FULL  Feature extraction and Generates model Depends on supported NAM architectures,

structures and
weights

model reads supported NAM
FULL structures and weights,
extracts mathematical features,
and generates NAN parameters

parameter generation;
no per-model training

parameters for the NAN
target architecture and
runtime resource budget

feature representation capabilities, and the
cloud-based Al model version; conversion
error requires independent validation

IIR-based nonlinear system identification and sample-based training of lightweight neural networks fit source-model behavior using input-output samples. Direct weight mapping usually
preserves the source-network structure, while pruning, quantization, and low-rank compression modify the structure, numerical precision, or parameter representation. NAM = NAN uses a
cloud-based Al conversion model to analyze the source model’s structure and weights, extract features, and generate NAN parameters.

6. Technical Scope and Release Information

NAM — NAN is currently pre-release technology. This paper does not yet include a complete compatibility list or measured performance results. The official release must specify the following:

The architectures and model configurations covered by NAM FULL, along with supported file versions, sample rates, and associated metadata requirements

Version information for the converter, cloud-based Al conversion model, and feature representation

The NAN model format, runtime version, and supported target platforms

How unsupported models and abnormal parameters are detected, reported, and handled

Measured conversion times, objective audio errors, listening-test results, and runtime resource usage, together with the test models, hardware, sample rates, and conversion configurations
Reproducibility test conditions, results, and numerical tolerances

Independent audio testing after conversion should compare the outputs of the source NAM and target NAN using identical inputs and consistent test conditions. Audio is not used for structural
and weight feature extraction or NAN parameter generation during the conversion stages described above.

Key conclusion — NAM = NAN takes supported NAM FULL structures and weights as input and uses a cloud-based Al conversion model to extract mathematical features and
generate NAN parameters, eliminating training-sample generation and target-network training for each source model.

This approach aims to simplify conversion from supported NAM FULL models to NAN. Conversion efficiency, audio fidelity, and runtime resource requirements should be evaluated for the actual models and target platforms. Its scope is
determined by both converter support and validation results.
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