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ABSTRACT

Neural audio models for real-time synthesis and processing are
typically deployed on CPU. Whether the integrated GPU found on
modern system-on-chip platforms can accelerate these models un-
der streaming audio constraints remains an open question. In this
work, we benchmark five models (from a 769-parameter oscilla-
tor to a 6-million-parameter convolutional autoencoder) deployed
in a custom C++ audio engine on a Qualcomm Snapdragon SoC,
comparing optimized CPU inference against GPU inference. We
use Qualcomm’s QNN SDK, sweeping over batch and block sizes.
Our results reveal when integrated GPU acceleration offers mean-
ingful gains over CPU, when per-call overhead negates the bene-
fits, and how model size and architecture determine GPU suitabil-
ity. Since the Snapdragon family shares both hardware architec-
ture and software toolchain across embedded boards, smartphones
and laptops, the performance trends and deployment workflow pre-
sented here are applicable beyond the specific device tested.

1. INTRODUCTION

Deep learning has become a central tool in audio processing and
synthesis research. Neural networks now achieve state-of-the-art
results in amplifier and effects emulation [1//2/3}/4], audio codec
design [5!16], speech synthesis [7/|8] and musical sound genera-
tion [9./10//11]. Within the DAFx community specifically, the last
several years have seen a proliferation of causal, streamable neural
architectures, i.e., models designed to operate sample-by-sample
or on small blocks of audio within the strict timing constraints of a
real-time audio callback. These span recurrent networks for non-
linear circuit emulation [1], temporal convolutional networks for
audio effects modeling [12], differentiable digital signal process-
ing (DSP) hybrids for synthesis [13], and streamable convolutional
autoencoders for timbre transfer |[14].

As these models grow in complexity—from fewer than a thou-
sand parameters for a simple neural oscillator, to several million
for a convolutional autoencoder—the computational cost of in-
ference becomes a primary concern for deployment on resource-
constrained hardware. Significant effort has gone into making
CPU-based inference efficient for these models. Dedicated infer-
ence engines, like RTNeural [15] and ONNX Runtim provide
optimized C++ implementations and minimize dynamic memory
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allocation, enabling sample-level processing within audio callbacks.
Collectively, these tools have made CPU deployment viable for

many neural audio models, but they leave open the question of

whether the GPU—the workhorse of neural network acceleration

in virtually every other domain—can offer additional gains for

real-time audio inference.

GPU acceleration for neural audio is, in principle, well estab-
lished. Vocoders based on generative adversarial networks rou-
tinely achieve throughput factors exceeding 100x real-time on
desktop GPUs |7)/16] and GPU-based training is standard practice
for all neural audio models. However, there is a fundamental dis-
tinction between throughput-oriented and latency-constrained in-
ference that is often obscured by inconsistent use of the term “real-
time” across communities. In the machine learning literature, in-
ference is typically called “real-time” if processing a buffer of NV
seconds takes fewer than N seconds—a real-time factor (RTF =
compute time / audio duration) below 1.0. This metric is mean-
ingful for offline or batch rendering, but it doesn’t say much about
whether a model can actually produce output within the deadline
imposed by an audio callback at a given sample rate and buffer
size. For interactive audio—whether in a digital audio worksta-
tion, a live performance system, or an embedded instrument—
the relevant constraint is not throughput over a long buffer, but
whether each individual block of samples (often 64—1024 samples
at48 kHz, i.e., 1.3-21.3 ms) can be processed before the next block
arrives. Practically speaking, a model that achieves an impressive
RTF on a 10-second batch may still fail when required to meet a
5 ms deadline on every single callback, due to per-call overhead,
memory transfer costs, or GPU kernel launch latency.

Furthermore, the vast majority of GPU inference results re-
ported in the literature are obtained on discrete NVIDIA GPUs |7,
16//17//18]—high-end hardware with dedicated VRAM and PCle
bandwidth that is absent from the devices where audio applica-
tions are most commonly deployed. Musicians and sound design-
ers should not be expected to purchase expensive discrete GPUs to
run neural audio models, and instrument designers and audio prod-
uct developers typically target laptops or single-board computers
equipped with integrated GPUs [19./20.|21].

In this paper, we investigate whether the integrated GPU avail-
able on a Qualcomm Snapdragon SoC (system on a chip) can
accelerate streaming inference of neural audio models and under
what conditions. We benchmark five models (four of which previ-
ously published) that carry out neural audio synthesis and process-
ing. They span three orders of magnitude in parameter count (769
to approximately 6 million), cover the two fundamental streaming
regimes of neural audio (sample-by-sample and block-based ar-
chitectures) and employ a variety of layer types, including dense,
recurrent, convolutional and encoder/decoder. All models are de-
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ployed in C++ using three different inference approaches, two on
CPU and one on GPU. For each configuration, we measure the av-
erage and standard deviation of per-sample inference tim across
repeated test runs, sweeping over batch and block sizes to char-
acterize how GPU utilization scales with the degree of available
parallelism.

We choose Qualcomm’s Snapdragon platform for several rea-
sons. First, the specific board we chose (RB3 Gen 2) is repre-
sentative of a class of embedded single-board computers increas-
ingly used in audio hardware prototyping and product develop-
ment (e.g., Rubik Pi §*| Arduino VENTUNO @). Second, the
broader Snapdragon family of SoCs powers the vast majority of
Android smartphones [20] as well as a growing number of lap-
tops, making our results potentially indicative of behavior on re-
lated hardware (e.g., Snapdragons with different CPU clock speed
and GPU version). Third, Snapdragon SoCs support Qualcomm’s
Al Runtime (QAIRT) SD which provides unified interfaces for
deploying models on CPU, GPU (and also NPU, which we leave
for future work) backends from a single model representation; this
SDK offers a level of direct GPU access that is not straightfor-
wardly available in comparable mobile/edge ecosystems such as
Apple’s CoreML or Google’s TensorFlow Lite.

2. RELATED WORK

GPU acceleration has been instrumental in advancing neural au-
dio research, both for training and for high-throughput inference.
GAN-based vocoders routinely achieve throughput factors of 25—
167 x real-time on discrete NVIDIA GPUs [7//16,|18}|17] and
GPU-based synthesis has been demonstrated for modular sound
generation at over 16,000 real-time [22]. Deployment tools such
as TensorRT (23] further optimize inference through layer fusion
and reduced-precision quantization, but are restricted to NVIDIA
hardware. These results share two characteristics that limit their
applicability to interactive audio: they report throughput on large
buffers using the real-time factor as the performance metric (see
Section, and they rely on discrete GPUs absent from the devices
where audio applications are typically deployed.

Skare [24] published GPU audio benchmarks at DAFx 2024,
measuring kernel launch overhead and memory transfer costs on
NVIDIA CUDA hardware. The findings quantify a fundamen-
tal challenge: the overhead of dispatching small workloads to the
GPU can dominate the actual computation, making GPU acceler-
ation counterproductive for the small buffer sizes typical of real-
time audio. That study benchmarks GPU primitives rather than
complete models; to our knowledge, only one work has directly
addressed GPU-based inference for real-time audio. Publicly re-
leased in 2025, the GPU Audio SDI@runs over 100 simultaneous
Neural Amp Modele (NAM) plugin instances on a single dis-
crete NVIDIA GPU by batching processing requests into execu-
tion windows of 100-200 us. While this demonstrates GPU audio

2This is commonly referred to as ‘latency’ in machine learning, but we
prefer the term ‘inference time’ to avoid confusion with the established
meaning of latency in real-time audio.
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in a production context, it requires a discrete GPU and achieves
parallelism by aggregating many independent audio streams—a
fundamentally different scenario from accelerating a single model
on an integrated GPU.

A parallel line of work has focused on CPU deployment on
resource-constrained hardware. Hoopes et al. [20] benchmarked
neural audio effects on Android phones spanning 2014-2022, find-
ing that RTNeural consistently outperformed ONNX Runtime due
to lower per-call overhead, though GPU inference was not ex-
plored. Pelinski et al. [21] demonstrated deep learning deploy-
ment on the Bela embedded audio platform with strict real-time
constraints.

In the speech domain, the LPCNet (8] family pioneered ef-
ficient on-device synthesis by combining linear prediction with
compact recurrent networks, achieving real-time on a single phone
CPU core. This line culminated in FARGAN |25], which reaches
600 MFLOPS while matching HiFi-GAN quality.

The choice of inference engine is critical, as framework over-
head can exceed the cost of the neural computation itself. RT-
Neural [15] provides lightweight C++ inference with no dynamic
memory allocation, targeting sample-by-sample processing of small
recurrent and dense networks. NAMcor offers hand-optimized
Eigen-based inference for NAM’s WaveNet architecture. ONNX
Runtime is a general-purpose engine supporting multiple back-
ends, including a QNN Execution Provider that can target Qual-
comm’s CPU, GPU and NPU—though we are not aware of any
published deployment using this GPU capability for streaming au-
dio or any other domain. ANIRA [26] addresses real-time safety
by decoupling inference from the audio thread via static thread
pools, motivated by the concern that engines like ONNX Runtime
may violate real-time guarantees through dynamic memory allo-
cation. The Neutone SDK [19] wraps PyTorch models for use in
digital audio workstation plugins, handling buffer sizes and sample
rate conversion on CPU.

Notably, the GPU Audio SDK reimplemented NAMcore’s
WaveNet for discrete GPU execution, demonstrating that GPU par-
allelization of these architectures is feasible—but only across mul-
tiple simultaneous instances on discrete hardware.

Beyond GPUs, FPGAs have been applied to audio-related work-
loads such as sparse LSTM acceleration [27] and WaveNet synthe-
sis, but require hardware description language expertise and long
development cycles. NPUs such as the Hexagon Tensor Proces-
sor on Qualcomm SoCs offer high-throughput inference for quan-
tized models but require INT8/INT16 quantization, whose impact
on audio quality has not been investigated. The integrated GPU, by
contrast, supports standard floating-point arithmetic, is accessible
through vendor SDKSs and is present on virtually every Snapdragon
device, making it a natural candidate for accelerating neural audio
inference without sacrificing numerical fidelity.

3. MODELS

In this section we detail the five models used in our benchmarks.
Tablesummarizes their task, streaming regime, key architec-
tural layers, sample rate and parameter count. To our knowledge,
other architectures that are increasingly prominent in audio re-
search (such as transformer-based and diffusion-based models) do
not yet offer streaming implementations suitable for per-callback

8https://github.com/sdatkinson/
NeuralAmpModelerCore
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execution at the buffer sizes typical of interactive audio. Therefore
they are not included in our tests. Pre-trained versions of all mod-
els, along with Google Colab notebooks to load them in PyTorch,
test inference and export them to ONNX are available onlin

Neural Oscillator. The simplest model in our benchmark:
a single-hidden-layer feedforward network with ReL U activation
(hidden size 256, 769 parameters), trained to approximate sin(z)
by mapping a phase input z € [0,2m) to a scalar audio sam-
ple. It operates strictly sample-by-sample and contains only dense
layers. It was designed from scratch as the simplest—yet fully
functional—neural audio architecture within the benchmark.

AutoGuitarAmp. A recurrent neural network for black-box
guitar amplifier modeling, based on the architecture of Wright et
al. [1)|2]. It processes one audio sample per time step through an
LSTM cell (hidden size 20) followed by a dense output layer, to-
taling 1,861 parameters. Like the oscillator, it operates sample-by-
sample, but its recurrent architecture makes successive samples in-
herently sequential, i.e., processing N samples requires N LSTM
steps. This makes it an important test case, representing the irre-
ducibly sequential regime where GPU acceleration can only help
within each time step, not across time.

NAM. An open-source platform for amplifier and effects mod-
eling, based on a feedforward WaveNet |28] variant with dilated
causal 1D convolutions, gated activations and skip connections
(13,802 parameters, “standard” model). Unlike the recurrent mod-
els, NAM is block-based; it processes a buffer of samples in par-
allel through the convolution stack, making it a natural candidate
for GPU acceleration.

MS-Wavehax. A lightweight neural vocoder [29] (~500K
parameters) that converts mel spectrograms and FO contours into
audio. The architecture interleaves deterministic DSP stages with
learned layers. On the input side, FO generates a harmonic prior,
which is split into sub-bands by learned analysis filters before an
STFT converts each to a complex spectrogram. On the output side,
an iSTFT and learned synthesis filters reconstruct the waveform.
The core is a stack of 8 ConvNeXt-style blocks using 2D depth-
wise separable convolutions (7 X 7 kernels), operating on the time-
frequency representation—structurally identical to mobile vision
workloads and precisely the type of operation Qualcomm’s GPU is
optimized for. We created a 48 kHz configuration by doubling the
hop length (to 480 samples) and per-sub-band FFT size (to 240),
replaced reflect padding with causal zero padding, and retrained
from scratch. We benchmark the neural core only; surrounding
stages are detailed in Section

BRAVE. A causal convolutional variational autoencoder for
timbre transfer |11}, redesigned from RAVE [10] for sub-10 ms la-
tency (~6M parameters). An encoder compresses audio at 128:1
via strided 1D convolutions, and a decoder reconstructs via trans-
posed 1D convolutions, with multi-band filterbanks at input and
output. Streaming requires 47 cache tensors (~320 KB of state);
valid block sizes must be multiples of 128. BRAVE is the only
model trained at 44.1 kHz; retraining at 48 kHz would require re-
designing the architecture. Caspe et al. originally implemented
BRAVE inference in RTNeural, but this code was not publicly re-
leased. We instead export to ONNX using an explicit stateless
cache formulation where all 47 tensors are passed as inputs and
outputs at each call.

Ihttps://github.com/victorzappi/
integrated-gpu-neural-audio/tree/main/models
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4. EXPERIMENTAL SETUP

All experiments are conducted on the Qualcomm RB3 Gen 2 de-
velopment board, built around the QCS6490 SoC. The CPU is an
8-core Kryo 670 in a tri-cluster configuration: one Gold Prime core
at 2.7 GHz (Cortex-A78), three Gold cores at 2.4 GHz (Cortex-
A78) and four Silver cores at 1.9 GHz (Cortex-AS55). The GPU
is an Adreno 643 running at 812 MHz. The board has 8 GB of
LPDDR4x RAM, shared between CPU and GPU in a unified mem-
ory architecture. The board runs Qualcomm Linux (OpenEmbed-
ded, Yocto-based) with a standard non-preemptive kernel. All
C++ code, including inference libraries, was cross-compiled using
Qualcomm’s Intelligent Multimedia Product SD Software ver-
sions used were QAIRT SDK 2.42, ONNX Runtime 1.22.0 and the
latest available versions of RTNeural (Eigen backend) and NAM-
core at the time of writing.

To test models under realistic audio conditions, we built a min-
imal C++ audio enginon top of Qualcomm’s AudioReach [30]
framework. AudioReach routes the audio signal through the on-
board Hexagon DSP to the hardware codec for playback. This
routing runs independently and does not consume CPU or GPU re-
sources available to inference. The engine opens a playback stream
at 48 kHz, registers a callback, processes audio and converts it into
the format expected by the hardware. The callback thread runs at
the highest scheduling priority with CPU affinity set to the fastest
core forced to run at full speed (2.7 GHz). All models are mono;
the output is duplicated to both channels. Within each callback, we
log the wall-clock execution time of the inference call and thermal
readings across board zones.

We compare three inference approaches for each model: best
available CPU, QNN CPU and QNN GPU. The best available
CPU baseline is the best CPU-based inference we could achieve,
selected per model: RTNeural for the Neural Oscillator and Au-
toGuitarAmp, NAMcore for NAM and ONNX Runtime for MS-
Wavehax and BRAVE, whose layer types are not supported b
specialized engines. QNN CPU and QNN GPU both use QN
from the QAIRT SDK introduced in Section which provides a
unified API for deploying models on different compute backends
from a single model representation. All models are first exported
to ONNX and then converted to Qualcomm’s DLC format. The
same DLC is loaded at runtime targeting either the CPU or GPU
backend, accessed through a thin C API wrapper integrated into
our audio engine.

Unlike the other engines, QNN allows batching multiple sample-
level invocations into a single call by reshaping the input tensor
to batch size > 1—this enables parallelism for sample-by-sample
models unless they embed recurrent layers (e.g., AutoGuitarAmp).
We parallelize whenever possible: batch size > 1, block size = 1
for sample-by-sample models, or batch size = 1, block size > 1
for block-based models. In both cases the audio buffer size of the
engine equals the batch or block size, so each callback triggers
exactly one inference call.

To verify that the conversion pipeline preserves output quality,
we confirmed that PyTorch and ONNX outputs are numerically
identical within floating-point precision. Informal listening con-
firmed no audible difference across all four engines.

Ohttps://github.com/qualcomm-1linux/
meta—-gcom—-gim-product-sdk
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qualcomm-ai-engine-direct-sdk
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Table 1: Summary of the five benchmark models.

Model Task Regime Sample Rate Key Layers Parameters
Neural Oscillator ~ Synthesis Sample-by-sample 48 kHz Dense, ReLU 769
AutoGuitarAmp  Amp modeling  Sample-by-sample 48 kHz LSTM, Dense 1,861
NAM Amp modeling  Block-based 48 kHz Dilated Convld, 1x1 Conv 13,802
MS-Wavehax Vocoding Block-based 48 kHz 2D Depthwise Separable Conv, Convld ~500K
BRAVE Timbre transfer ~ Block-based 44.1 kHz VAE, Strided Conv1d, ConvTransposeld ~6M

Each test consists of a 10-second audio run repeated 5 times,
with per-sample inference times concatenated before computing
mean and standard deviation. At48 kHz, this yields up to 2,400,000
data points for sample-by-sample models and approximately 1,700
for the largest block size tested (1,440 samples), ensuring that
warm-up transients have negligible impact on the reported statis-
tics. For sample-by-sample models on the best available CPU en-
gine, the buffer size is fixed at 256 samples (5.3 ms). For all other
configurations, it matches the batch or block size. The minimum
buffer supported by the RB3 Gen 2 is 64 samples (1.3 ms).

We assess real-time viability by comparing mean per-sample
computation time against the sample period (1/48,000 == 20.83 us).
This is a necessary but not sufficient condition; in practice, format
conversion, data transfer and scheduling indeterminacy consume
part of the budget [20]. We additionally track audio underruns—
callbacks whose inference time exceeds the buffer period—as a
complementary indicator.

5. RESULTS

Thermal monitoring across all board zones showed a peak aver-
age temperature of approximately 81 °C on the hottest CPU sen-
sor, well below the SoC’s passive throttling threshold. No thermal
throttling was observed during any test run, confirming that all
inference time measurements reported below reflect sustained per-
formance rather than thermally degraded operation; mobile con-
sumer devices may throttle earlier though, due to enforced skin-
temperature limits. In the following subsections, we present per-
sample inference time results for each model, organized by infer-
ence engine and batch or block size. Each subsection also de-
tails model-specific implementation choices, including supported
batch/block sizes, audio configuration (synthesis vs. processing of
an input signal) and any adaptations required for deployment. The
C++ code for each test as well as the exported models (JSON,
ONNX, and DLC files) are available onlin under /projects
and /models respectively.

5.1. Neural Oscillator

The Neural Oscillator is configured as a 440 Hz sine synthesizer,
receiving a phase ramp as input and producing audio samples as
output. No input audio is processed.

For the best available CPU baseline, the model runs sample-
by-sample via RTNeural. This type of small, fixed-architecture
network is precisely the use case where RTNeural excels [15//20.
26]. For QNN, we test batch sizes of 1, 64, 128, 256, 512 and
1024 samples. A batch size of 1 isolates the per-call overhead of
the QNN runtime with minimal computation, while batch sizes of

Bhttps://github.com/victorzappi/
integrated-gpu-neural-audio
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64—1024 represent typical low-latency real-time audio buffer sizes
(1.3-21.3ms at 48 kHz) and allow the overhead to be amortized
across more samples. Figureshows the mean per-sample infer-
ence time with standard deviation for each configuration.
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Figure 1: Mean per-sample inference time for Neural Oscillator,
across inference engines and QNN batch sizes. The dashed line
indicates the sample period (1/48,000 ~ 20.83 us).

RTNeural dominates with a mean per-sample time of 0.2 us,
an order of magnitude faster than any QNN configuration. At
batch size 1, the QNN GPU backend performs poorly (126.1 us),
well above the real-time threshold, confirming that per-call over-
head dwarfs the actual computation for this tiny model. Both QNN
backends improve substantially as batch size increases. GPU drops
from 126.1 to 1.6 us and CPU from 12.3 to 2.0 us across the tested
range. All configurations meet the real-time threshold except QNN
GPU at batch size 1, but for a model of this size, RTNeural remains
the clear choice.

5.2. AutoGuitarAmp

AutoGuitarAmp processes an uncompressed mono audio file thr-
ough the LSTM-based amplifier model. As with the Neural Oscil-
lator, RTNeural serves as the best available CPU baseline, running
sample-by-sample. As discussed in Sectionand unlike the previ-
ous model, no batching is possible here (all three engines run with
a batch size of 1). Tablereports the mean per-sample inference
time for each engine.

RTNeural achieves a mean per-sample time of 0.43 us, com-
fortably below the real-time threshold. QNN CPU is roughly 44 x
slower at 19.06 pis—practically not enough for real time. QNN
GPU performs worst at 167.59 us, over 8x above the real-time
threshold, with high variance (std =31.87 us). This is the expected
outcome for an irreducibly sequential model. The GPU cannot
parallelize across time steps, so the per-call overhead dominates
with no opportunity for amortization through batching.
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Table 2: AutoGuitarAmp: mean and standard deviation of per-
sample inference time at batch size 1.

Engine Batch Size Mean (us)  Std (ps)

Best CPU (RTNeural) 1 0.43 0.16

QNN CPU 1 19.06 0.75

QNN GPU 1 167.59 31.87
5.3. NAM

NAM processes the same mono audio file as AutoGuitarAmp. The
best available CPU baseline uses NAMcore, the dedicated Eigen-
based inference engine optimized for NAM’s WaveNet architec-
ture.

As a block-based convolutional model, NAM naturally pro-
cesses multiple samples in parallel within each forward pass. All
three engines are tested at block sizes of 64, 128, 256, 512 and
1024 samples. Figureshows the mean per-sample inference time
for each engine and block size.
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Figure 2: Mean per-sample inference time for NAM across infer-
ence engines and block sizes. The dashed line indicates the sample
period (20.83 us). Underruns are shown only where real-time per-
formance is achieved.

NAMcore is remarkably stable, delivering a mean per-sample
time of approximately 6.3 us regardless of block size, well be-
low the real-time threshold. Both QNN backends start poorly at
block size 64 (QNN CPU: 53.2 us; QNN GPU: 53.0 us) but im-
prove substantially with increasing block size. The GPU backend
benefits most, dropping from 53.0 to 6.1 us at block size 1024—
an 88% reduction—effectively matching NAMcore performance.
QNN CPU also improves (53.2 to 11.7 us, a 78% reduction) but
remains roughly twice as slow as NAMcore at the largest block
size. This is the first model in our benchmark where the GPU
backend approaches the best available CPU baseline, suggesting
that NAM’s dilated 1D convolutions offer enough parallelism for
the GPU to amortize its overhead at larger block sizes.

5.4. MS-Wavehax

MS-Wavehax synthesizes audio from mel spectrogram and FO in-
puts. The best available CPU baseline uses ONNX Runtime, as
the model’s 2D depthwise separable convolutions would require
reimplementation from scratch in RTNeural.

As described in Section we benchmark the neural core only.
The core is exported to ONNX as a standalone module that re-
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ceives mel conditioning and prior sub-band spectrograms as in-
puts, and produces refined sub-band spectrograms as outputs. The
surrounding stages are excluded because they would run faster on
CPU than on GPU, and including them in the GPU path would
artificially penalize the GPU measurements. In particular, the de-
terministic stages (harmonic prior, STFT/iSTFT) are best served
by optimized native C++ DSP libraries such as NE1 1 while the
learned analysis and synthesis filters are well suited to inference
via RTNeural, given their small size and simple topology [20].

Block sizes are constrained to multiples of the hop length (480
samples). We test 480, 960 and 1440 samples—the closest val-
ues to the range used for the other models (10, 20 and 30 ms at
48 kHz). Figureshows the mean per-sample inference time for
each engine and block size.
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Figure 3: Mean per-sample inference time for MS-Wavehax (neu-
ral core) across inference engines and block sizes. Underruns
shown for real-time performance only.

MS-Wavehax is the first model in our benchmark where the
GPU backend decisively outperforms all CPU options. ONNX
Runtime exceeds the real-time threshold at block size 480 (26.7 us)
and improves with increasing block size (a 54% reduction to 12.2 ys
at 1440), but still incurs underruns at 960 and 1440 samples. QNN
CPU follows a similar trend, starting worse (57.3 us) and end-
ing worse (24.1 us), never reaching real-time operation. In con-
trast, the QNN GPU backend runs comfortably in real-time from
the smallest block size (6.1 s at 480) and continues to improve
with block size, reaching 2.9 us at 1440—a 52% reduction. The
2D depthwise separable convolutions at the core of MS-Wavehax
are an excellent match for the Adreno 643’s compute architec-
ture. It’s worth noting that the GPU leaves substantial headroom
within the audio callback for the surrounding stages (harmonic
prior, STFT/ASTFT, analysis and synthesis filters) that must also
execute each frame—headroom that neither CPU-based engine can
provide.

5.5. BRAVE

BRAVE performs timbre transfer on a streaming mono audio file.
As discussed in Section the best available CPU baseline uses
ONNX Runtime.

Due to the 128:1 compression ratio, valid block sizes must be
multiples of 128 samples, hence we test 128, 256, 512 and 1024
on all three engines. Although BRAVE was trained at 44.1 kHz
(see Section , we run it at 48 kHz in our benchmarks to keep
results directly comparable across all five models. This may affect
synthesis quality, but evaluating that impact is beyond the scope of

Yhttps://projectnell.github.io/Nel0/
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this work. Figureshows the mean per-sample inference time for
each engine and block size.
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Figure 4: Mean per-sample inference time for BRAVE across in-
ference engines and block sizes. Underruns shown for real-time
performance only.

BRAVE shows a more nuanced picture. ONNX Runtime ben-
efits substantially from larger block sizes, with mean per-sample
time crossing below the real-time threshold at block size 512, and
dropping from 56.6 us at 128 to 7.9 us at 1024. This 86% reduc-
tion speaks to the quality of the streaming redesign made by Caspe
etal. [11]. QNN CPU improves with block size (197.5 to 42.2 us)
too, but never approaches real-time operation.

The GPU backend starts on par with ONNX Runtime at block
size 128 (70.9 vs. 56.6 us), suggesting that the strided 1D convolu-
tions in BRAVE’s architecture offer meaningful parallelism from
the outset. It improves steadily from 70.9 to 10.7 us at block size
1024—an 85% reduction—and also crosses the real-time thresh-
old at block size 512. At first glance, GPU appears slightly slower
than ONNX Runtime at the larger block sizes. However, the un-
derrun counts indicate that mean inference time alone does not
capture the full picture. ONNX Runtime incurs underruns at both
512 (38) and 1024 (25) indicating that, despite a low mean, its in-
ference spikes periodically violate the callback deadline. The GPU
backend, by contrast, produces zero underruns at block size 1024,
making it the only engine that achieves reliable real-time inference
for this model.

6. DISCUSSION

The results reveal a clear pattern, i.e., integrated GPU acceleration
is not universally beneficial for real-time neural audio inference.
Its value depends on the interplay between model size, architec-
tural parallelism and block size.

Unsurprisingly, for small models with limited parallelism, the
GPU offers no advantage. For the Neural Oscillator and Auto-
GuitarAmp, optimized CPU engines such as RTNeural remain the
clear choice and the added complexity of a GPU deployment pipeline
is not justified. Without any opportunity for temporal parallelism,
the recurrent case is particularly unfavorable to the GPU backend.

The picture changes as model complexity increases, but not
simply as a function of parameter count. NAM’s dilated 1D convo-
lutions sit near the lower bound of GPU viability for the QCS6490’s
Adreno 643—competitive only at the largest block sizes. MS-
Wavehax, by contrast, represents the sweet spot; its 2D depthwise
separable convolutions provide enough native parallelism for the
GPU to dominate at all tested block sizes, with headroom to spare

149

for surrounding DSP stages. BRAVE, despite being the largest
model, falls between these two cases due to its less parallelizable
1D architecture, requiring large block sizes to approach real-time
operation.

6.1. Real-time Safety of GPU Inference

The underruns observed with ONNX Runtime on BRAVE are con-
sistent with known limitations of general-purpose inference en-
gines in real-time audio contexts [20//26]. ONNX Runtime may
perform dynamic memory allocations and other non-real-time-safe
operations during inference, leading to occasional inference spikes
that violate the audio callback deadline, even when the mean in-
ference time is below the threshold.

The GPU backend is inherently more predictable in this re-
gard. QNN pre-compiles the inference graph and pre-allocates all
memory at initialization; during inference, execution proceeds as
a deterministic sequence of kernel dispatches, isolated from the
CPU’s memory allocator and OS-level thread scheduling. BRAVE
results provide direct evidence of this, i.e., comparable mean in-
ference times, but zero underruns on GPU versus dozens on CPU.
This suggests that even when GPU and CPU inference times are
similar, the GPU may be the preferable backend for real-time au-
dio due to its more predictable execution model.

6.2. Borrowed Parallelism

Our results consistently show that increasing the buffer size im-
proves GPU inference time. While this may appear to be a straight-
forward optimization, it should be approached with caution. In
real-time audio, buffer size directly determines interaction latency
and latencies above 10 ms are already problematic for many mu-
sical applications [31]. Relying on larger buffers to compensate
for insufficient architectural parallelism (what we term borrowed
parallelism) is therefore not a viable deployment strategy.

The Neural Oscillator and NAM illustrate this. Large batch/bl-
ock sizes dramatically reduce GPU inference time but either yield
no net gain over CPU or push latency beyond acceptable limits.
MS-Wavehax demonstrates the alternative; its 2D convolutional
architecture provides enough native parallelism that the GPU wins
at the smallest tested block size, with no need to inflate the buffer.
These findings have direct implications for model design, as dis-
cussed in Section[6.5]

6.3. Inter-run GPU Variability

On the GPU, mean inference time can vary significantly between
consecutive runs of the same test. While not visible in the aggre-
gated bar plots of Section this phenomenon is clearly depicted
in per-run plots.

Figureillustrates this for NAM at block size 256 on QNN
GPU. The five runs cluster into two distinct performance modes,
with runs 1 and 3 averaging approximately 13 us and runs 2, 4 and
5 approximately 19 pus. Within each run, the variance is low; the
large overall standard deviation (3.10 us) is almost entirely driven
by this inter-run mode switching rather than intra-run jitter.

This bimodal behavior was not observed on any CPU configu-
ration. It suggests that GPU performance depends on initialization-
time state (such as kernel compilation strategy, cache configura-
tion, or memory layout) that is resolved once at startup and persists
throughout the run. The “fast mode” (~13 us) represents the true
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Figure 5: NAM’s per-inference timing (QNN GPU, block size
256) across five consecutive 10-second runs. The GPU settles
into one of two performance modes at initialization, with approxi-
mately 45% difference between them.

performance ceiling of the GPU for this configuration; the aver-
aged result reported in the bar plots (16.4 us) is a mixture of both
modes and therefore underestimates the GPU’s best-case capabil-
ity. Understanding and reliably triggering this fast-mode initializa-
tion is an important direction for future work.

This behavior was not observed consistently across all GPU
configurations though, and its magnitude varied. We attempted to
eliminate it through QNN runtime settings (including performance
profile and cache configuration options), but to no avail.

6.4. Transferability to Other Snapdragon Hardware

The QCS6490 SoC tested in this work is a mid-range chip in the
Snapdragon family. A natural question is how these results trans-
fer to the more powerful SoCs found in flagship smartphones (e.g.,
Snapdragon 8 Gen 3, 8 Elite) and laptops (e.g., Snapdragon X Elite,
X2 Elite).

Moving up the Snapdragon family, both CPU and GPU perfor-
mance increase substantially, but not proportionally. Single-core
CPU performance roughly doubles from the QCS6490’s Kryo 670
(2.7 GHz, Cortex-A78) to the Oryon cores found in flagship mo-
bile and laptop SoCs (4.0-5.0 GHz, with wider pipelines). This
means that optimized CPU baselines—RTNeural, NAMcore and
similar engines—will become significantly faster on newer hard-
ware. The GPU also improves dramatically, but with a caveat.
The Adreno X1 in the Snapdragon X Elite delivers 4.6 TFLOPS
compared to the Adreno 643’s more modest throughput and the
Adreno X2 roughly doubles that again. However, per-call over-
head (the fixed cost of dispatching work to the GPU) may not
shrink in proportion to raw compute gains.

The implication is that on more powerful SoCs, the GPU ad-
vantage threshold likely shifts to even larger and more complex
models. And the borrowed parallelism problem may intensify; as
CPUs get faster, the buffer sizes required for GPU parity increase,
pushing developers further into latency territory that is unaccept-
able for interactive audio. Conversely, models that provide suf-
ficient native parallelism—Ilike MS-Wavehax’s 2D convolutional
core—may see even larger GPU advantages on these more power-
ful Adreno GPUs.

6.5. Implications for Model Design

Many neural audio models designed for streaming inference are
deliberately lightweight, implicitly targeting CPU execution. This
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is a well-motivated strategy. Models such as LPCNet and its suc-
cessors |8], FARGAN ([25] and MS-Wavehax itself [29] were de-
signed to minimize computational cost for single-threaded CPU
deployment. The ecosystem of CPU inference engines (RTNeural,
NAMcore, ANIRA) reinforces this paradigm.

This CPU-first design philosophy is particularly sensible when
the alternative is a discrete GPU—a resource that is more pow-
erful, but less widespread and penalized by explicit host-device
memory transfers. Integrated GPUs share unified memory with
the CPU, eliminating this cost and lowering the viability thresh-
olds identified in our results. And, as previously discussed, they
are also increasingly prevalent (from embedded boards to smart-
phones and laptops) and feature dedicated SDKs.

Our results suggest a complementary design direction that lever-
ages this opportunity. Neural audio architectures that provide suf-
ficient native parallelism can exploit integrated GPU acceleration
even at small block sizes, achieving performance that CPU infer-
ence cannot match. The key architectural ingredients, as demon-
strated by MS-Wavehax, are layer types with high data-level par-
allelism (e.g., 2D convolutions, depthwise separable convolutions)
and sufficient model complexity to amortize per-call GPU over-
head. Designing models with integrated GPU deployment in mind—
rather than retrofitting CPU-oriented architectures onto the GPU—
could unlock a new class of real-time audio applications in mobile
and embedded domains.

7. CONCLUSION AND FUTURE WORK

We have presented a systematic benchmark of integrated GPU
acceleration for real-time neural audio inference, evaluating five
models across three backends on a Qualcomm Snapdragon SoC.
GPU acceleration is not universally beneficial. Small and recurrent
models remain best served by optimized CPU engines. However,
models with sufficient size and native parallelism see the GPU de-
cisively outperform all CPU alternatives, with more predictable
execution that avoids the inference time spikes that often cause un-
derruns in real-time callbacks. We caution against compensating
for insufficient architectural parallelism by inflating buffer sizes,
and argue that designing models for integrated GPU deployment
is a promising direction for mobile and embedded real-time audio.

Future work includes consolidating GPU performance by iden-
tifying the initialization parameters that control the inter-run vari-
ability observed in our benchmarks (Section and profiling
GPU core utilization to quantify how much compute capacity each
model actually exploits. Most importantly, the QCS6490 also inte-
grates a Hexagon NPU with a dedicated tensor accelerator rated at
12 TOPS. This accelerator was excluded from the present study
because it requires INT8 or INT16 quantization, whose impact
on neural audio quality warrants a dedicated investigation. NPU
performance is scaling rapidly across the Snapdragon family, and
benchmarking quantized neural audio models on these accelera-
tors is a natural next step toward a complete assessment of on-chip
acceleration for real-time audio.
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