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Fig. 1. Interactive applications with Open Image Denoise (OIDN) (left of the splits). Efficient in-renderer
deployment of denoising is crucial for the viability of real-time path tracing. It also enables faster iterations in
look development and lighting where the final appearance including expensive global illumination needs to
be judged. We propose a method to generate efficient shader dispatches from an ONNX description (shown in
red), using autotuning and profile guided optimization. We demonstrate our approach by generating Vulkan
dispatches for OIDN. Timings in the graph are for the left image (7M animated triangles).

Image denoising is fundamental to Monte Carlo rendering. Recently, real-time path-traced applications have
become viable, relying heavily on efficient denoising. Modern denoisers are often based on neural networks,
most commonly variants of the U-Net architecture. While tooling for development and training of custom
neural networks is well established in Python, existing deployment and interop strategies typically rely on
external inference frameworks, incur host synchronization, data movement, or heavyweight dependencies,
making them impractical for tightly integrated, real-time rendering pipelines. We present a light-weight and
portable ONNX to Vulkan conversion framework that is designed for efficient, fully GPU-resident deployment
of U-Net-based networks. We employ graph-based and profile-guided optimizations to determine optimal
Vulkan dispatch schedules, including block sizes, data layouts, and kernel fusion decisions. Our method
includes effective pruning of the vast search space, significantly reducing compile times. Using the Open Image
Denoise (OIDN) network, we demonstrate runtime improvements over established inference frameworks such
as TensorRT.
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1 Introduction

Physically-based rendering primarily relies on Monte Carlo methods to solve the light transport
problem. While general, it introduces stochastic noise that converges slowly and yields diminishing
returns after a modest number of samples. To truncate the long-tail error distribution, a denoising
stage as an image-space post process is employed, often guided by sidecar information such as
per-pixel depth, albedo, and normals [Dammertz et al. 2010; Schied et al. 2017].

Today, the highest quality denoisers employ neural networks [Chaitanya et al. 2017; Marshall
2021; Thomas et al. 2022; Vogels et al. 2018] and, paired with upsampling to a higher resolution,
are frequently found in modern games'. Implementing Monte Carlo path tracing efficiently in
graphics engines has been made easier by introducing specialized hardware units for ray tracing
in GPUs [Nvidia 2018]. Similarly, new hardware units for efficient neural network inference has
been introduced, for example NVIDIA’s Tensor Cores. Vulkan is a good choice to implement these
techniques in graphics engines, as it is platform and OS independent, allows access to the graphics
pipeline as well as to both specialized hardware units using the Vulkan ray tracing or cooperative
matrix extension, respectively. Unfortunately, while access to specialized hardware is available, it
still incurs substantial implementation effort to optimize network inference for speed [Bolz 2025].
This is mainly due to a wide range of possible implementation choices and parameter settings
which grossly affect performance, but also heavily depend on the device and network architecture,
for example, the supported matrix shapes or the number of channels per layer in the network.
The implementation choices might be the data layout (HWC, CHW, CHWCS, ...), and type (f32 vs.
f16), and parameters might be workgroup sizes, block sizes of data to be prefetched into shared
memory, the dimensions of the cooperative matrix operations, etc. This poses a challenge for
deploying a high-performance implementation that runs efficiently across diverse network and
device architectures. Existing deployment solutions [Chen et al. 2018; Google 2026; Microsoft 2026;
NVIDIA 2026] often require heavy dependencies that can increase the size of a shipped product by
several gigabytes. These solutions are rarely native to Vulkan and require interoperability between
the APIs, which must be handled carefully to avoid additional overhead, such as synchronization
costs. Also, they are designed for generality and broad coverage of potential operations, rather
than for peak performance.

We present a lightweight approach for deploying neural network inference kernels directly
within Vulkan. Our method is designed to minimize integration overhead while enabling rapid
iteration when experimenting with different network architectures and configurations. In contrast
to existing deployment frameworks, our approach allows developers to quickly obtain realistic
end-to-end performance measurements within their target rendering environment, allowing practi-
cal optimization and informed design decisions. We demonstrate our approach on U-Net-based
denoising networks and show that it achieves competitive and portable inference performance
across GPUs supporting the cooperative matrix extension. The source code of the compiler is
publically available at https://github.com/kistenklaus/denox.git.

In summary, our contributions are

e An ONNX-to-Vulkan compiler tailored to U-Net denoising, enabling lightweight and efficient
deployment of inference pipelines without external runtime dependencies.

e Vulkan-native execution plans that integrate directly into the native resource and scheduling
systems of existing renderers while delivering competitive real-time performance.

e A profile-guided optimization strategy that jointly explores operator fusion, tensor layouts,
and kernel parameters to automatically identify high-performance configurations across
diverse devices.

Ihttps://gpuopen.com/amd-fsr-sdk/, https://developer.nvidia.com/rtx/dlss, https://game.intel.com/de/xess-gaming/
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2 Related Work
2.1 Denoising Monte Carlo Renders

Classic Approaches. Denoising path traced images has a long history. Approaches include diffusion
[McCool 1999], wavelets [Dammertz et al. 2010], regression [Moon et al. 2014], non-local means
[Rousselle et al. 2012], and statistical tests [Sakai et al. 2024]. This broad family of methods is highly
regarded for their understandable algorithms, and the fastest denoisers fall into this category.

Neural Methods. Among the neural approaches are the highest quality results, yet they are more
resource-hungry and slower. These methods are often based on the U-Net architecture [Ronneberger
et al. 2015]. Similar to decimated wavelets, this architecture reduces the resolution of the input
image successively by pooling operations, and then increases it again by upsampling operations
(see fig. 3). Much like detail coefficients in wavelet methods, there are skip connections, which are
appended to the channels after upsampling by means of a concatenation operation. Unlike wavelets,
a U-Net typically increases the number of channels before pooling.

Some specific artifacts such as gradient reversals and color shifts can appear in the output of
direct-prediction U-Nets. Kernel-prediction [Bako et al. 2017; Vogels et al. 2018] addresses this by
learning filter kernel weights instead of directly predicting an output image. This also enables more
aggressive quantization of the inner network weights.

Transformer/attention operations are popular elements today, and can be implemented using a
1X1 convolution and element-wise multiplication [Chen et al. 2022]. Many neural denoisers target
offline rendering, with a smaller subset targeting interactive [Chaitanya et al. 2017] or real-time
usage. Often, light transport is separated into effects before denoising, e.g. into direct and indirect
illumination [Schied et al. 2017], or diffuse, specular, and deep [Vicini et al. 2018]. This aggravates
the problem of slow execution since it requires the denoiser to be run multiple times per frame.
Recent work amortizes cost by joint denoising and upsampling [Kazmierczyk et al. 2025; Thomas
et al. 2022].

2.2 GPU Compilers and Runtimes for Neural Networks

Modern neural network toolchains are in practice compilers: they accept a high-level graph de-
scription of a model and produce optimized executable code for a target backend and device. Some
systems compile ahead of time (AOT), emitting a self-contained binary or library before deploy-
ment, while others operate just in time (JIT) ingesting the network graph as data at execution
time. Regardless of when compilation occurs, the resulting optimization strategies can be broadly
categorized along the level of abstraction at which transformations are expressed.

High-Level, Graph-Based Intermediate Representation. At one end of the spectrum, high-level oper-
ators are treated as atoms. From a formal perspective these systems use a graph-based intermediate
representation (IR) [Braun et al. 2011; Click and Paleczny 1995; Leif3a et al. 2015], where operators
go through a pipeline of operator fusion, bufferization of tensors, linearization into command lists,
etc. These have many parallels to the traditional compilation steps instruction selection, register
allocation, instruction scheduling and so forth. These systems often do not support cyclic data
dependencies and authors rely on ad-hoc solutions. Transformations performed on these IRs are
often limited to legalization passes, i.e. transformations required for correct execution by the back-
end. In many cases this implies transforming operators from the data exchange format (e.g. ONNX),
to operators of vendor libraries (e.g. cuBLAS). TensorRT [NVIDIA 2026] is a proprietary inference
compiler and runtime with ONNX import. ONNX Runtime [Microsoft 2026] is a general-purpose
inference runtime for ONNX models. Both perform graph-based optimizations, including operator
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fusion and layout optimization. Compared to our approach, they emphasize broad applicability
rather than a Vulkan-Native path specialized for tightly integrated real-time denoising.

Low- and Multi-Level IRs. At the other end, high-level operators are opened down to the machine
instruction-level for more generalized optimization. These systems [Baghdadi et al. 2019; Vasilache
et al. 2018] are often grounded in polyhedral analysis, where (affine) loopnests are transformed.
Emerging systems rewrite at both high and low-level [Rotem et al. 2018], or at multiple levels
as many problems are better modeled at different abstraction levels. Especially MLIR [Lattner
et al. 2021], LLVM’s multi-level intermediate representation provides this concept as an extensible
infrastructure and has found wide-spread adoption in industry projects: Triton [Tillet et al. 2019] is a
compiler for custom deep learning operators. OpenXLA [OpenXLA Project 2026] is able to compile
many frontends to many backends using StableHLO as an IR optimized for interoperability and
exchange. TVM [Chen et al. 2018] combines graph-level rewrites with lower-level code generation.
And IREE [Google 2026] is an MLIR-based compiler offering both JIT and AOT compilation targeting
CPU and GPU through multiple APIs, including the workflow of our proposed work: execution of
ONNX with Vulkan. In many cases, these projects constitute a whole ecosystem of technologies,
making them a heavyweight dependency.

Graph-Based Optimizations. Many problems in neural-network compilers are NP-hard graph
optimization problems. For example, fusion and graph-substitution decisions induce a large space
of equivalent computation graphs. The problem of optimizing computation graphs using graph
substitutions has been formalized as OCGGS and shown to be NP-hard [Fang et al. 2020]. MetaFlow
explores this space using cost-based backtracking search over graph substitutions [Jia et al. 2019b],
while TASO extends this idea by automatically generating and verifying substitution rules [Jia
et al. 2019a]. DNNFusion focuses specifically on fusion-plan generation, constructing fusion blocks
greedily, using operator classifications and lightweight profiling [Niu et al. 2021].

Among the zoo of neural network compilers and runtimes, we focus on a lean and performance
portable design, supporting a single highly portable compilation path: ONNX to Vulkan. We
demonstrate that competitive performance is achievable through the use of compute shaders by
focusing on aggressive operator fusion (to minimize memory traffic) and autotuning of operators.

3 System Overview

Figure 2 illustrates the intended workflow of our system: U-Net models are designed and trained
using machine learning frameworks, such as PyTorch or TensorFlow. Once training is complete,
the model is exported to the ONNX format, which serves as a stable representation of the network
topology and parameters. The exported ONNX is then processed by our offline compiler. During
this stage, the compiler parses the network structure, determines data layouts, identifies fusion
opportunities, and selects concrete Vulkan native kernel implementations. This is resolved entirely
offline, yielding a lightweight artifact without the need to embed a general neural network runtime.
The result of this process is a fully materialized execution plan that captures the exact sequence
of compute dispatches required for inference. This is then serialized into a flatbuffer that can be
integrated into the renderer’s asset pipeline together with generated code for the dispatches, or
loaded dynamically at runtime and translated into compute dispatch commands.

The rest of this document is structured as follows: The remainder of section 3 details the
contents of the flatbuffer artifact and gives an integration example with generated code. Section 4
recapitulates the operators in a U-Net to provide the context for the schedule optimization. Section 5
details how the schedule is found by first building a supergraph including all options and then
selecting a minimum latency subgraph. Finally, section 6 presents results.
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Fig. 2. Models are designed and trained using for instance PyTorch or TensorFlow. The finalized model is
exported to ONNX and then processed by our offline compiler. The compiler creates a concrete Vulkan native
dispatch schedule, including auto-tuned configuration parameters, fused operators, and selected data layouts.
Finally, the execution plan is serialized into a flatbuffer which can be integrated into the renderer without

dependencies on external libraries.

3.1 Structure of the Flatbuffer Artifacts

Dispatch Schedule. The flatbuffer representation encodes an ordered list of compute dispatches.
Each entry contains the associated SPIR-V binary together with its descriptor bindings and resource
access semantics. When executed sequentially, this dispatch sequence performs a complete model
inference without requiring additional graph interpretation or runtime decision making. We delib-
erately do not encode explicit synchronization primitives or dependency graphs within the artifact.
Instead, each resource binding specifies its access semantics (e.g., read, write, read-write), which
allows the host application to derive the necessary barriers. Most modern rendering engines already
employ custom render graph systems or barrier management strategies. Therefore, providing
explicit synchronization would unnecessarily restrict integration flexibility.

Device Resources. Memory requirements are expressed in terms of buffers that store tensor data
in contiguous regions of device memory. A buffer represents a contiguous allocation, while tensors
define how this memory is interpreted during computation. In the common case, each buffer stores
exactly one tensor. Consistent with our overall design philosophy, the memory interface is kept
minimal. The compiler does not perform aggressive memory optimizations such as buffer aliasing
or lifetime-based reuse. Most modern rendering engines already implement their own memory
management and resource aliasing strategies, and duplicating such mechanisms within the artifact
would only make integration more complicated.

Parameters. Model parameters are represented as initializers within the artifact. Each initializer
references exactly one tensor and stores constant data as a binary blob. Since different kernel
implementations may require weights and biases in different memory layouts and data types, the
binary blob is stored exactly in the format expected by the selected implementation, such that
uploading an initializer to device memory is a direct memory copy without further transformation.
The artifact does not prescribe how parameters are managed on the device. Before a dispatch
accesses a tensor backed by an initializer, the corresponding data must be available in device
memory. Whether parameters are uploaded once and reused across frames or streamed per inference
is left entirely to the renderer implementation.

Dynamic Shapes. Since our system targets real-time denoising, support for dynamic input reso-
lutions is required. All size-dependent quantities, including buffer sizes, tensor offsets, dispatch
dimensions, and push constant values may depend on the input resolution. At runtime, these values
must be available before buffers are allocated, descriptors are updated, or dispatches are recorded.
Since these values depend on the input resolution, we must be able to efficiently recompute them
whenever the resolution changes. We therefore store, such dependent values as a linear sequence
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of binary integer operations arranged in evaluation order. At runtime, given a concrete input
resolution, this sequence is executed once from beginning to end. Each operation reads previously
computed values and writes its result into a temporary array. Dynamic fields, such as dispatch sizes
or push constants, reference indices in this array, so retrieving their values reduces to a simple
index lookup.

3.2 Integration Example

As a proof of concept, we integrated the proposed workflow into two different systems: an existing
real-time renderer based on a render graph architecture and a lightweight internal testing and
benchmarking framework. In the first case, the renderer provides infrastructure for render graphs,
resource management, and dispatch scheduling, where each node represents a single dispatch.
During build time, a small code generation tool processes the model’s flatbuffer artifact. The tool
extracts and converts the stored parameters into an engine-specific asset format and generates C
code that constructs a render subgraph corresponding to the model’s dispatch schedule. Listing
1 shows snippets of the generated C code. At runtime, this generated subgraph is inserted into
the renderer’s render graph, allowing the model to execute using the engine’s native resource and
scheduling mechanisms. In the second case, such advanced infrastructure is not available. Instead,
synchronization barriers and memory placement are derived in a single pass while loading the
model, introducing only negligible host-side overhead. These two integration paths demonstrate
that the artifacts can be embedded into a wide range of rendering architectures with minimal effort
while achieving integration quality comparable to custom, engine-specific implementations.

void create_rendergraph (graph_t «graph, module_t «module, uint64_t W, uint64_t H) {
const int64_t r2 = W + 127; Evaluate dynamic values
const int64_t r3 =r2 / 128;

const int64_t r122 = r121 = 6;

Adding nodes to render graph
const uint32_t memory_pad_pc[6] = {(uint32_t)(r22), (uint32_t)(r8), 0, (uint32_t)(r21), 0, (uint32_t)(r7)};
const int memory_pad_id = node_add(graph, module, "oidn", "dispatch0.spv",

1, r120, r118, dispatch size

sizeof (memory_pad_pc), memory_pad_pc, // push constant

"in", "read", "ssbo", "f16", &resource_desc0, descriptors

"out", "write", "ssbo", "f16", &resource_descl);

Adding connections to render graph.
node_connect_named(graph, memory_pad_id, "out", conv0_id, "in");

Listing 1. Generated C code, which constructs a render graph inside an engine.

4 U-Nets: It’s all Convolutions?

U-Net denoisers follow a regular encoder decoder structure with skip connections (fig. 3). Besides
convolutions, U-Net computational graphs commonly contain operations such as activations,
pooling, upsampling, and channel-wise concatenation. Many of these operations are poor standalone
dispatches: they perform little arithmetic work and instead mainly transform how data is read or
written around a subsequent convolution. Many of these operations are therefore worth fusing into
neighboring convolutions. The benefit is often larger than simply removing the dispatch overhead
of the unfused operation. For some operators, fusion also reduces the amount of intermediate
data that must be materialized and can improve the efficiency of the surrounding convolution. For
example, when max pooling is fused into a convolution, the kernel can write the downsampled
result directly instead of first materializing the full resolution output and then reducing it in a
separate dispatch. These operators are therefore natural fusion targets. Once they are fused into
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Fig. 3. lllustration of an example U-Net similar to the OIDN direct prediction denoising network. U-Nets are
prominently made up of convolutions (not explicitly shown in the drawing, connecting the blocks from left
to right on the same level). However, for fastest inferencing performance, optimizing the other operations
(upsampling, pooling, and concatenation) is equally important. We address this by aggressive operator fusion.

neighboring convolution kernels, the remaining dispatches reduce to a small set of convolution
based shaders.

Implicit GEMM. We implement convolutions as implicit GEMMs using cooperative matrix opera-
tions. A convolution can be lowered to a matrix multiplication over a lowered input feature map
and a filter matrix. In efficient implementations, this lowered representation is generated on the fly
rather than materialized explicitly. This retains the regular structure of GEMM while avoiding the
memory cost of explicitly forming the full lowered input [Nvidia 2026; Zhou et al. 2021]. Because
the resulting computation is a tiled matrix multiplication, it maps naturally to hardware cooperative
matrix operations. Our implementation follows a software-pipelined tiled-GEMM structure, parame-
terized by macro definitions for tensor layouts, cooperative-matrix shapes, tile sizes, and workgroup
dimensions. For each reduction tile, activation and filter values are prefetched from global memory
into registers and then written to shared memory in the layout expected by cooperative-matrix
loads. Cooperative-matrices are then loaded from shared memory and accumulated using matrix
multiply-add operations. The reduction loop prefetches the next activation and filter tile while
the current tile is multiplied, exposing independent memory and arithmetic work to the compiler
and hardware scheduler. Finally the accumulator tile is then written back to global memory in the
selected output layout. Although alternatives such as Winograd and FFT convolutions exist, we use
implicit GEMM throughout. The shader does not implement spatial reuse explicitly, instead relying
on the cache hierarchy to make repeated accesses cheap. We use f16 accumulation, as preliminary
experiments showed lower latency with no visually perceivable impact on output quality. Section 5
describes how we choose the shader macro definitions to select performant configurations.

Down and Upsampling Fusion. For nearest-neighbor upsampling fusion is particularly simple.
In the common 2 X 2 case, nearest-neighbor upsampling is fused into the following convolution
by reading from (|x/2], |y/2]) in the original feature map. This only changes the input address
calculation and requires minimal modification to the base convolution kernel. Max pooling can be
fused into the writeback path of the preceding convolution. For 2 X 2 max pooling, this only requires
performing the pooling in shared memory during the epilog before the final store to global memory.
Compared to the complexity of the main implicit-GEMM loop, this additional swizzling logic is
negligible. Both fusions avoid materializing intermediate tensors, which reduces memory traffic.
This is especially beneficial for real-time applications, where layers are often partially memory
bound and can become compute bound after fusion, significantly improving performance.
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Concat Fusion. Concatenation followed by convolution can be fused into a single dispatch. The key
observation is that a single convolution can be decomposed into two convolutions and an addition.
Each convolution operates on a disjoint subset of the input channels with the corresponding subset
of the filter weights.

conv(concat(xy, x2), w) = conv(xy, wi) + conv(xz, ws),

Given this observation, a concatenation followed by a convolution can be fused by evaluating the
two convolutions back-to-back, where both use the same accumulator tile in registers. This makes
the fusion particularly simple to implement, since it mainly amounts to duplicating the convolution
loop within a single dispatch, with each convolution loading activations and filter weights from
different input buffers. This does not increase register or shared memory usage significantly, as only
the accumulator registers must remain live across both convolutions, while the other temporary
resources can be reused. This fusion can improve performance beyond removing the intermediate
tensor. For example, a convolution with 67 input channels cannot be vectorized cleanly in groups of
8, while after fusion it may instead be evaluated as two convolutions with 64 and 3 input channels,
allowing the convolution with 64 input channels to use a more efficient vectorized path. This can
also be combined with upsampling, such that upsampling, concatenation, and a convolution are
performed together in a single dispatch.

Layout Transformations. Convolutions with different numbers of input and output channels may
favor different tensor layouts, and the optimal choice can further depend on the tiling parameters
used by the kernel. Layout transformations between convolutions are therefore often desirable.
In the implicit-GEMM convolution, such transformations can be fused into the convolution itself.
Activations are first loaded from global memory into shared memory and then into cooperative
matrices, while writeback follows the reverse path from cooperative matrices through shared
memory back to global memory. Once the data is stored in opaque cooperative-matrix registers, the
computation no longer depends on the external tensor layout. This makes layout transformation
particularly simple to implement, as it only requires selecting different read and write paths
depending on the input and output layout. As a result, a convolution can read activations in one
layout and write them back in another without requiring a separate layout-transformation dispatch.

5 Global Optimization

This section describes how a high level ONNX graph is transformed into a statically scheduled
sequence of Vulkan compute dispatches. Our formulation follows established compiler principles:
we model alternative layout choices and kernel implementations explicitly and select an optimal
realization under a latency objective. While the individual techniques are not novel, their combina-
tion enables aggressive fusion and layout specialization tailored to real-time U-Net inference. A
set of carefully chosen heuristics (cf. section 5.4) allows us to cut down the search space signifi-
cantly, while still surpassing the performance of many frameworks and remaining comparable to
hand-tuned implementations (see section 6).

Figure 4 provides an overview of how an ONNX graph is transformed across several compiler
passes into an implementation search space in form of a supergraph, spanning all options of memory
layouts, fused kernels, and configuration parameters. To select the final dispatch schedule, we
associate each edge in this graph with a latency cost obtained via benchmarking. The optimization
problem then reduces to selecting a minimum-latency subgraph that derives the network outputs
from the network inputs (see section 5.5). We then linearize this subgraph into a topologically
ordered sequence of compute dispatches, which forms the execution plan described in section 3.

Proc. ACM Comput. Graph. Interact. Tech., Vol. 9, No. 4, Article 53. Publication date: July 2026.



Optimizing Vulkan Dispatch Schedules for Real-Time U-Net Denoising 53:9

5.1 Input: The ONNX Graph

Our compiler takes an ONNX model as input. ONNX stores a neural network as a graph of high-level
logical operators together with associated constant parameters. This representation specifies the
semantics of the network, but not its implementation. In particular, it does not encode explicit
memory layouts of intermediate tensors, and operators remain abstract high-level operations
such as convolutions, activations, pooling, upsampling, and concatenation. ONNX models may
also contain shape computations, for example to determine padding or cropping from the input
resolution. We evaluate these computations separately using a small unsigned symbolic-expression
engine. After this separation, the remaining graph consists of tensor operators that describe the
network layers executed on the GPU. We interpret those operators as a computational hypergraph
(see fig. 4a), where logical tensors are represented as nodes, and logical operations are represented
as edges connecting one or more input tensors to an output tensor. This formulation naturally
captures operations such as concatenation, which depends on multiple inputs (see fig. 4a).

Input Specialized Supergraph Supergraph

XN
I 1l
concat concat concat concat | || concat

conv conv ! conv

@ (b) ©

Fig. 4. Overview of the compiler pipeline illustrating an example graph with a concat operation, taking two
tensors as input. A,B, and D are shown with fixed layouts, as they are the network inputs and outputs, whose
layout is controlled via compilation flags.

5.2 Specialization: Memory Layouts

As discussed in section 4, different convolution implementations may favor different physical
memory layouts. We therefore treat tensor layouts as an explicit optimization choice. In the initial
representation, tensor nodes do not carry a fixed memory layout. The only exceptions are the
network inputs and outputs, whose layout is controlled with compilation flags to allow for a well
defined interface between our dispatch schedules and rendering engines (see A, B, and D in fig. 4a).
During the specialization pass, each logical tensor is duplicated for each valid memory layout
(HWC, CHW, etc., see fig. 4b and fig. 5b). After specialization, the hypergraph implicitly encodes
all valid layout assignments. For example, in Figure 5b, the specialized graph for the conv-relu
network duplicates each tensor in the HWC and CHW layouts. In total, there are 2° possible
derivations of the logical value C, each corresponding to a different choice of tensor layouts. For
larger graphs enumerating all such assignments explicitly quickly becomes unmanageable. The
hypergraph representation avoids this by compactly representing multiple layout choices for the
same computation within the topology of the graph itself. All subgraphs of the specialized graph
connecting the input and output tensors correspond to realizations of the computation under
specific layout choices.
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Fig. 5. Overview of the compiler pipeline from logical model representation to implementation search space.

5.3 The Supergraph: mapping Shaders

In the next pass, we map concrete shader implementations onto the specialized hypergraph. Each
shader defines a structural pattern over tensor nodes and logical operations of the specialized
hypergraph. A structural pattern is a graph pattern that describes a class of subgraphs for which
the shader is applicable. In other words, it describes what subgraphs of the specialized hypergraph
can be implemented by the shader. We search the specialized hypergraph for occurrences of these
patterns, and for each match, we introduce corresponding implementation edges connecting the
inputs of the matched subgraph to its output. For the simple conv-relu network, this is illustrated
in Figure 5c. Notably, there is no implementation edge between BEWC and C®HW, because no
shader implements an activation function together with a layout transformation. Furthermore, both
Figure 4c and Figure 5c¢ contain implementation edges that bypass intermediate tensors, realizing
a fusion of two operations into a single dispatch. Such edges arise from structural patterns that
describe larger subgraphs; for example, a convolution followed by an activation. These patterns can
be arbitrarily large, allowing us to model the capabilities of any shader within the same hypergraph
abstraction as layout selection.

Shader Parameters. Most shaders expose additional parameters, such as tile sizes or workgroup
sizes. A concrete assignment of these parameters is specified via macro definitions and called a
configuration. We model different shader configurations in the same abstraction as layout choices
and shader selection by introducing one implementation edge per valid configuration. As a result, a
single matched subgraph can produce multiple implementation edges, where each edge represents
a different configuration of the same shader. This is illustrated in Figure 5c and Figure 4c as multi
edges.

After mapping all shaders onto the specialized hypergraph and introducing implementation edges
per configuration, we obtain a new computational hypergraph that describes all possible realizations
of the model’s computation, including all possible shader configurations, layout choices, and
fusion decisions. We refer to this graph as the supergraph, and it can be thought of as a compact
representation of the global implementation search space. The key advantage of the supergraph
representation is that it defers implementation decisions to later compilation stages rather than
committing greedily to local choices such as layouts, fusion, and kernel implementations. This is
particularly important because these choices are strongly coupled: the best layout may depend on
whether neighboring operators are fused, and the best shader configuration depends on the chosen
layouts. The disadvantage is that the resulting implementation search space can become very large.
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5.4 Pruning: Search Space Reduction

A naive implementation would instantiate every valid configuration for every matched shader pat-
tern, yielding millions of implementation edges and making exhaustive benchmarking impractical.
We therefore reduce the search space in two stages. First, for each shader, we precompute a reduced
configuration space from offline benchmarks spanning 8 GPUs from 3 different vendors. This is
described in detail in the next paragraph. Second, after instantiating the reduced supergraph for a
concrete model, we remove implementation edges that are structurally dominated by alternatives
with fewer dispatches.

Configuration Space Reduction. As previously discussed, a shader denotes a kernel implemen-
tation that realizes structural patterns in the specialized graph and is parameterized by macro
definitions. A concrete assignment of these macro definitions is a configuration. Let X denote the
set of all configurations of a shader. An operation describes an abstract computation, such as a
convolution or a fused computation. For a given shader and tuple ¢t = (operation, device), only
a subset of configurations ¥; C ¥ are valid, e.g. due to layout compatibility, cooperative-matrix
support, or shared-memory and register limits. Configuration-space reduction now amounts to
choosing a subset £’ C ¥ that contains configurations competitive across many relevant operations
and devices, while keeping the time required to benchmark the remaining dispatches small. With a
reduced configuration space ¥’, we instantiate only configurations in %, N ¥’ instead of creating
one implementation edge for every configuration in ;. This is motivated by the observation that
a large fraction of valid configurations are extremely uncompetitive across many operations and
devices, but would still have to be instantiated and benchmarked, leading to significantly slower
compilation times.

To select X’ we ran offline benchmarks. Let ® denote the set of tuples (operation, device) included
in these benchmarks. We choose ® to cover common U-Net operations, layouts, channel counts,
and fusions across multiple GPUs from different vendors. The reduction relies on the assumption
that configurations that remain competitive across many benchmarked operations and devices are
also likely to be good candidates for related operations and devices not included in ®. For each
t € &, we benchmark all valid configurations ¢ € 3, and store the measured latency L; .. We define
a loss function £, as the average latency lost relative to the optimal measured configuration when
restricting the search to the best k configurations 2;’0 CX¥NZ,.

L) =Y Y MO, - 1)) )

k
E—

where L} = minces, L; is the best measured latency for t, and wy(;) is a device-specific weight,
which is chosen proportional to the performance of the device, such that slower devices do not
dominate the objective. Using the best k configurations instead of only the best, makes the reduced
set more robust to measurement noise and architectural differences, as each (operation,device)
tuple requires at least k competitive configurations instead of only a single one.

We further define a second loss function £; which models the cost of executing and measur-
ing the latencies of the remaining configurations.

Li(Z) = Z Z ®d(r)Lic (2)
ted ceTnsy

Because £, is based on measured latencies instead of only the size of X', it rewards smaller configu-
ration spaces stronger if ¢ is a slow operation, such as a convolution with high channel counts. This
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is exactly what we want, as the majority of the compilation time is spent measuring implementation
edges, which implement those slow operations.

We combine those two loss functions, and choose X’ by solving a minimization problem.

argmin{azo(z') + ﬁLl(Z’)} (3)
P>

where a and f are tuning parameters, which determine whether more emphasis is put on run time
latency or the compile time. We solved this minimization problem once offline with a Mixed Integer
Linear Programming (MILP) library. In the appendix A we describe how this minimization problem
can be transformed into a MILP program. For shaders with especially large configuration spaces
3 NY’, we further reduce it using policies. In particular, we discard variants that tile across output
channels when non-tiled alternatives exists, variants whose tile sizes are larger than lowered matrix
multiplication itself, and variants that substantially under- or overallocate shared resources such as
registers or shared memory.

Structural Pruning. After the configuration-space reduction, the instantiated supergraph is already
significantly smaller, but it still contains many implementation edges that are unlikely to be
competitive. In particular, unfused implementations remain even though fused alternatives produce
the same values with fewer dispatches. We therefore prune the supergraph topologically and retain
only implementation edges that belong to at least one minimum-dispatch subgraph. (-) This is a
heuristic rather than an exact latency criterion and may discard an unfused implementation that
would perform better in isolation. For our target U-Net workloads, however, it is highly effective,
since fusion is usually beneficial in practice due to lower memory traffic. As a secondary benefit,
this pruning also reduces the impact of measurement noise. The additional dispatches introduced
by unfused implementations are often small, low-arithmetic kernels whose measurement latency
depends strongly on whether their data is still in cache. Since these dispatches are short, even
modest absolute latency variance constitutes a large fraction of their runtime and can make the
overhead of the unfused schedule appear smaller than it is in end-to-end execution.

5.5 Minimum Latency Subgraph

After configuration-space reduction and structural pruning, the remaining implementation super-
graph is small enough to measure the latencies of the remaining implementation edges. We then
use the measured latencies as edge costs and select the dispatch schedule by searching for the
minimum-latency subgraph that derives the output tensors from the input tensors. We implement
this search by exploring candidate subgraphs, using branch-and-bound to prune partial solutions
whose cost already exceeds the best schedule found so far, and memoization to avoid recomputing
identical subproblems. We additionally use a heuristic ordering of the search to visit promising
candidates first, which improves pruning efficiency in practice. Although the underlying problem
is hard in general, the regular structure of U-Nets considered here allows for good heuristic search
ordering, which, together with memoization, keeps the effective amount of searched subgraphs
small. The selected subgraph is then linearized into a sequence of compute dispatches and serialized
into the execution plan described in Section 3.

Overall, our compiler initially constructs a large global implementation search space, then reduces
the considered configurations based on offline benchmarks, removes unfused implementations, and
finally selects a minimum-latency schedule. Section 6 shows that this yields both practical compile
times and high-quality dispatch schedules, resulting in competitive inference performance.
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6 Evaluation

For the evaluation, we compile the OIDN U-Nets [Afra 2026] in the fast and balanced quality settings
and benchmark it on 9 GPUs spanning 3 vendors and 6 unique architectures. We compare against
five baselines covering vendor-specific inference compilers, portable runtimes, a handwritten
implementation, and general-purpose ML compiler stacks. For each framework, we ensure that the
reported latencies reflect GPU execution time by cross-checking the measurements with NVIDIA
Nsight. We do not lock GPU clocks to base frequencies, as this would introduce an unrealistic bias.
All measurements are reported over at least 10 timed iterations, preceded by 10 warm-up iterations.

6.1 Kernel Performance

As a case study on kernel performance we take a deeper look at a convolution with 67 input
and 64 output channels, which appears in the OIDN models and contributes around 24% of the
inference latency. Table 1 shows average occupancy, SM throughput, peak register counts, and
VRAM throughput measured on a RTX 4070. Interestingly on the RTX 4070, this operation lies
just between memory and compute limits, with a arithmetic intensity of 295 FLOPS/Byte and a
machine balance of 232 FLOPS/Byte.

SMocc. SMtput. Regs. VRAM tput.

TensorRT 16.5% 69.4% 194 31.6%
Ours 82.6% 49.6% 45 27.7%
Ours + Fusion  33.0% 74.5% 127 28.5%

Table 1. Profiling metrics for a convolution with 67 input and 64 output channels, collected with NVIDIA
NSight on a RTX 4070. The last row shows fusion of 2x2 upsampling, concatenation and the convolution.

The implicit GEMM convolution implemented by TensorRT, outperforms our implementation,
reaching higher SM and VRAM throughputs, with significantly lower occupancy. We theorize, that
this is most likely due to optimized address generation, horizontal and vertical reuse, improved
memory coalescing, as well as shared memory access patterns. However within the OIDN net-
works, this convolution appears after a upsampling and concatenation layer. Fusing those into the
convolution increases the arithmetic intensity to 478 FLOPS/Byte, as only the downscaled input
has to be loaded from memory. Further fusion of the concatenation layer as discussed in section 4
can allow for improved memory accesses through vectorization. Table 1 shows that although our
convolution in isolation performs worse, fusion can increase arithmetic intensity, allowing us to
hide memory access latencies with lower occupancies, which allows for larger tile sizes, which
in turn improves SM throughput. In practice, fusing upsampling and concatenation reduces the
latency to approximately 0.6 times the unfused baseline.

Although profiling metrics are only shown for NVIDIA, fusion has a similar impact on latency on
AMD and Intel devices. However, our convolution implementation itself is less competitive on these
platforms. For example on Intel GPUs, the native OIDN SYCL backend is often more than twice as
fast. At this point we cannot isolate a single cause for this slowdown. A plausible explanation is
that our current implicit-GEMM kernel is missing explicit spatial reuse, which makes performance
more dependent on vendor-specific cache and local-memory behaviour. We therefore attribute the
AMD and Intel gap primarily as a kernel-level implementation issue rather than a limitation of the
fusion and autotuning strategies.
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6.2 Dispatch Schedule

Further we compare dispatch schedules produced by our compiler against those generated by exist-
ing inference frameworks. Figure 6 shows that progressively enabling the fusion opportunities from
section 4 leads to shorter schedules and lower latency. In particular, aggressive fusion eliminates
several low-arithmetic, memory-dominated dispatches such as standalone pooling, upsampling
and copy operations. Among the evaluated frameworks, we found no general-purpose compiler
that automatically fuses pooling or upsampling into neighboring convolutions, nor one that ab-
sorbs channel-wise concatenation into the subsequent convolution without first materializing an
intermediate tensor. Intel Open Image Denoise is the only notable exception: its hand-written
SYCL backend [Afra 2026] produces a schedule that is almost identical to ours. ONNX Runtime,
IREE, and TVM often introduce even more dispatches by materializing padding or inserting explicit
layout-transformation steps, which further increase memory traffic and overall latency. A more
detailed example of a complete schedule can be found in appendix B.

4.49 ms

converelu

TensorRT ‘ conv+relu | conv+relu

...... Py | convirelu

Ours

Without Fusion 5.28 ms

memepy | memepy | convirelu |mnm|u

Ours

Concat Fusion 3.88 ms

conv

concat
relu

Ours
All Fusions

Latency [ms]

Fig. 6. Dispatch schedules for TensorRT and three variants of our compiler with progressively stronger fusion,
shown for a simplified U-Net with a single pooling and upsampling stage. All convolutions are implemented
as implicit GEMM convolutions, including those generated by TensorRT. The network is deliberately minimal
and serves only to illustrate the impact of fusion on the generated dispatch schedule.

6.3 Inference Latency

Table 2 shows that our compiler achieves the strongest results on NVIDIA GPUs, where it con-
sistently outperforms both TensorRT and the handwritten OIDN backend across all reported
resolutions and both quality settings. The advantage generally grows with resolution, which
is consistent with the reduced memory traffic and shorter dispatch schedules enabled by our
more aggressive fusion. By contrast, results on AMD and Intel are less favorable: on the Radeon
RX 7900 XTX our implementation remains roughly competitive with OIDN and ONNX Runtime, but
on the Radeon RX 6800 XT and Arc B580 it falls behind substantially, especially at higher resolutions.
We attribute this gap primarily to the fact that our current convolution kernels are optimized for
NVIDIA architectures and are not yet as well tuned for AMD or Intel GPUs. In addition, the Radeon
RX 6800 XT does not support the Vulkan cooperative matrix extension. On this device, our compiler
therefore falls back to simpler, less fused dispatch schedules, which further increases latency. The
results, therefore, suggest that our global schedule optimization is effective across devices, but
that end-to-end performance still depends critically on the quality of the underlying convolution
implementations.
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Table 2. End-to-end inference latencies for the OIDN U-Net in the fast and balanced quality settings across all
evaluated GPUs and input resolutions. We compare our compiler against NVIDIA TensorRT, ONNX Runtime,
TVM, IREE, and the native OIDN GPU backend. ONNX Runtime is evaluated using its CUDA, ROCm, and
OpenVINO execution providers depending on the target device; TVM uses the CUDA code generation path;
IREE uses its Vulkan/SPIR-V backend; and OIDN uses its native GPU backend. TensorRT is only available
on NVIDIA GPUs and is therefore omitted on AMD and Intel hardware. Since IREE, TVM, and the ONNX
Runtime failed to compile with dynamic shapes, we only evaluate it at a fixed resolution, without dynamic
input padding and output cropping layers, which would be required for proper alignment of the input tensors.
The ONNX runtime failed to compile the 4K models on some devices, we mark those entries with “error”.
TVM also supports AMD and Intel, we ommit those timings due to time pressure. Relative slowdown is
reported with respect to the best result for the same model, resolution, and target GPU. Lower is better.

RTX RTX RTX RTX RTX RTX RX RX Arc
2070 2080 Ti 3080 Ti 4060 Ti 4070 4080 Super 7900 XTX 6800 XT B580

OIDN balanced @1280x720

TensorRT | 10.79(135%)  6.76 (142% 4.97 (114%)  8.43 (181%)  5.57 (157%) 3.53 (161%) unsupported unsupported —unsupported
ONNKX runtime | 26.02(325%) 16.02(337%) 11.73(268%) 25.02(538%) 15.06(424%) 8.91 (407%) 5.00 (109%) 11.419 26.81(735%)
(113%) 7.53 (162%) 5.18 (146%, 3.28 (150%) 4.58 22.59(198%) 3.65

TVM | 28.09(351%) 14.61(307%)  10.21(234%)  13.70(295%)  9.09 (256%)  5.65 (258%) - - -
IREE | 406 (5075%) 231 (4853%) 201 (4600%) 260 (5591%) 188 (5296%) 120 (5480%)  43.9 (959%) 52.9 (463%)  991(27151%)
Ours 8.00 4.76 4.37 4.65 3.55 2.19 4.92 (107%)  39.07(342%)  8.61 (236%)
OIDN balanced @1920x1080

)

)
OIDN | 12.33(154%)  7.29 (153%) 4.93

)

)

TensorRT | 24.72(141%)  15.14(144%, 11.29(161%)  19.45(183%)  12.74(163%)  8.30 (171%) unsupported unsupported — unsupported
ONNX runtime | 57.85(330%)  37.11(354% 26.04(371%)  59.55(560%)  35.52(453%, 21.47(443%)  11.39(107%) 19.75 59.19(738%)
( 7.57 (156%) 10.60 50.98(258%) 8.02

TVM | 63.49(368%)  37.11(334%)  23.34(333%)  31.58(297%)  22.52(287%
IREE | 920 (5245%) 524 (5000%) 460 (6562%) 577 (5428%) 426 (5434%

13.04(269%) - . B

)
)
OIDN | 27.61(157%)  16.10(154%)  10.00(143%)  17.47(164%)  11.79(150%
)
) 281 (5794%) 107 (1009%) 144 (729%) 2062 (25711%)

Ours 17.54 10.48 7.01 10.63 7.84 4.85 10.96(103%)  87.55(443%)  18.58(232%)
OIDN balanced @3840x2160
TensorRT | 94.86(138%)  58.20(141%)  46.33(167%)  76.89(186%)  50.37(162%)  32.65(172%) unsupported unsupported  unsupported
ONNX runtime error error 103.1(373%)  242.0(584%)  143.6(315%)  97.92(517%)  46.99(109%) 76.71 234 (736%)
OIDN | 114 (165%) 65.86(159%) 44.83(162%) 73.34(177%) 49.40(159%) 32.04(169%) 44.72(103%)  215.0(280%) 31.79

TVM | 251.6(365%) 144.3(348%)  82.72(299%)  132.7(320%)  89.88(289%)  48.34(255%) - - -
IREE | 5620(8150%) 3109(7506%)  2088(7549%) 2645(6383%) 1966(6315%)  1265(6683%) 556 (1284%) 772 (1006%) 4932 (15514%)
Ours 68.96 41.42 27.66 4144 31.13 18.93 43.30 336.9(439%)  72.07(227%)
OIDN fast @1280x720

TensorRT | 6.41 (133%) 4.02 (136%) 2.61 (135%) 5.12 (176%) 3.11 (151% 2.00 (160%) unsupported unsupported unsupported
ONNX runtime - - 7.50 (389%)  14.79(508%)  9.77 (474% 5.29 (423%)  2.98 (120%) 4.18 16.37(668%)
OIDN | 7.97 (166%) 4.72 (159%) 3.18 ( (172%)  2.70 (108%)  16.98(406%) 245

TVM | 17.80(370%)  9.56 (323%)  5.66 (293%)  9.37 (322%)  6.48 (315%)  3.32 (266%) -
IREE | 201 (4179%) 116 (3919%)  99.3(5145%) 130 (4467%)  92.2(4476%)  59.0(4720%)  19.0 (763%)  25.3 (605%)  466(19020%)
Ours 4.81 2.96 1.93 2.91 2.06 1.25 2.49 19.38(464%)  4.81 (196%)
OIDN fast @1920x1080

)

)
165%) 5.24 (180%) 3.48 (169%) 2.15

)

)

TensorRT | 14.29(133%)  8.82 (135% 6.29 (134%)  11.84(179%) 7.19 (156%, 4.88 (176%) unsupported unsupported unsupported
ONNX runtime | 38.49(358%) 24.07(370%)  17.23(366%) 35.55(37%) 23.20(502%)  14.06(508%) 6.81 (117%) 13.07 34.61(643%)
( (183%)  6.03 (104%)  38.24(293%) 5.38

TVM | 39.85(370%)  20.91(321%) 13.24(281%)  20.20(305%)  13.25(287%)  7.90 (285%) - - -
IREE | 447 (4154%) 261 (4009%) 255 (5414%) 290 (4381%) 210 (4545%) 138 (4982%) 46.2 (795%) 64.7 (495%) 1088 (20223%)
Ours 10.76 6.51 4.71 6.62 4.62 2.77 5.81 44.36(339%)  10.54(196%)
OIDN fast @3840x2160

) )

) )
OIDN | 17.83(166%)  10.36(159%)  6.98 (148%)  11.89(180%)  7.95 (172%)  5.07

) )

) )

TensorRT | 57.32(135%)  34.46(136%)  27.21(171%)  46.90(178%)  27.82(150%)  19.36(163%) unsupported unsupported —unsupported
ONNX runtime | 156.3(368%)  93.30(368%)  67.89(428%)  147.5(559%)  95.81(517%) error 27.64(114%) 51.56 133.7(611%)
OIDN | 74.38(175%) 42.67(168%) 28.98(182%) 49.93(189%) 33.07(178%) 21.26(179%)  26.68(110%) 160 (310%) 21.89
TVM | 168.0(395%) 87.19(344%) 49.61(312%) 78.32(297%) 51.19(276%)  33.44(282%) - - B
IREE | 2623(6167%) 1462(5774%) 972 (6121%)  1222(4627%) 908 (4900%) 582 (4907%) 239 (987%) 377 (731%) 4249 (19411%)

Ours 42.53 25.32 15.88 26.41 18.53 11.86 24.21 173.2(336%)  40.68(186%)
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6.4 Compile Times

In principle, selecting optimal kernel parameters, such as tile sizes, amounts to benchmarking all
valid configurations and choosing the best. In practice, this is infeasible, so we reduce the search
space as described in section 5, making benchmarking practical without significantly increasing final
inference latency. Figure 7a compares the full and reduced search spaces on an RTX 4070. To evaluate
whether the approach generalizes to unseen architectures, we solved the MILP without including
any measurements from the Ada Lovelace architecture. Although the reduced space still contains
suboptimal configurations, it preserves competitive ones with relative speedups close to 1 while
removing a large number of uncompetitive variants. This substantially reduces the time required
to benchmark the remaining dispatches. Table 7b shows that search-space reduction and structural
pruning drastically reduce compilation time, while only marginally affecting inference latency. This
tradeoff is particularly valuable when developers must iterate quickly over U-Net architectures and
assess the performance impact of architectural changes without incurring excessive compilation
cost.

@
E N\ Full configuration space
‘® %07 775 Reduced configuration space
ED Search Space Size  Compile-time Latency
S 200 All valid configurations 413650  4h 13min 7.79 ms
o Reduced (with Ada) 23034 7min 31s 7.84ms
o Reduced (without Ada) 21763 7min7s 8.07 ms
_E 100 Structurally pruned (with Ada) 6693 2min 2s 7.82ms
] Structurally pruned (without Ada) 5802 1min51s  8.05ms
]
Z __ow—r\_rﬁ%ﬁ\—.—_,
0 T T T T
0.0 02 0.4 0.6 0.8 1.0
Relative speedup
(a) Search-space distribution. (b) Search-space summary.

Fig. 7. (a) Full vs reduced configuration space; the reduced space was computed without the Ada Lovelace
measurements. (b) Impact of search-space reduction on compile time and inference latency, with and without
measurements of the Ada Lovelace architecture.

7 Conclusion and Future Work

We present an offline compiler for Vulkan-native deployment of U-Net denoisers in real-time
rendering. Although we show integration within Vulkan renderers, we believe our approach to
also be applicable to other graphics APIs. By optimizing operator fusion, tensor layouts, and kernel
parameters, our method produces compact execution plans that integrate directly into the native
resource and scheduling systems of existing renderers, without relying on external dependencies.
For the OIDN denoising networks, our approach yields competitive inference performance, together
with a small deployment footprint and practical compile times enabled by search-space reduction
and profile-guided optimizations. Our results demonstrate that near-peak performance and optimal
schedule generation are feasible for simple U-Net architectures, allowing exploratory workflows
in which network architectures can be changed, recompiled, and evaluated directly in the target
renderer. Our system is specialized and, at this point, only supports simple U-Net architectures;
however, we expect our compilation process to also be applicable to more complex denoising
architectures. In particular, it does not yet support kernel-prediction or transformer based denoisers
due to the lack of a general GEMM implementation and specialized 1 X 1 convolution shaders. In
the future, we aim to improve the performance portability of our convolution implementation and
extend our compiler towards more complex denoising architectures.
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A  MILP Program

Given the following minimization problem described in Section 5.4:

argmin{a[o(zl) + /31:1(2’)} )
Cs
. Wd(t) *
= argmin az Z 2 (Lee — Ly) + ﬁz Z @d(t) L ®)
>Cy ted cezgk) ted ceX,; Ny’

We introduce binary variables x, € {0,1} and z;. € {0, 1}. The variable x, indicates whether
configuration c is retained in X’ (i.e. x, = 1 & ¢ € X’). The variable z;. indicates whether
configuration c is under the best k configurations for ¢t (i.e. z;, = 1 & ¢ € Z;k)). Because
Zik) c ¥ N ¢, it follows that Vt: z; . < x.. Further |2§k)| = k implies that V¢: ), z;. = k.
With this, any sum over X’ N ¥; can be expressed as a sum over 3;, where each term is multiplied
by x. and a similarly a sum over 2;’() can be expressed by multiplying each term with z; .. With
this substitution, the subset-selection problem becomes:

argmin{ argmin az Z (zt,c . %(Lt,C - L;‘)) + ﬁZ Z (xc - @a(r)Lec) (6)
xc€{01} |zec€{0.1} | red cex, ted cex;
This is a mixed integer linear program: all decision variables are binary, the objective is linear in
these variables, and all constrains are linear. The measured latencies L; ., L}, device weights wg(;),
parameters « and f3, and k are constants. For fixed x,, the first objective term makes the optimal z; .
the k fastest configurations for each t. After solving, the minimization problem ¥’ is constructed as
={ceX|x. =1}

B Detailed Example

For interested readers, we consider a complete example. Figure 8 shows the dispatch sched-
ule for the OIDN model at balanced quality setting, showing, which fusions are implemented.
Notable after fusion almost all dispatches are primarily convolutions. Figure 9 shows the cor-
responding profiling metrics recorded with NVIDIA Nsight Graphics. In U-Net architectures
arithmetic intensity generally grows towards the bottleneck and is highest in the decoding layers
(i-e., upsample+concat+iconv-cm). The profiling metrics show that the best configurations for
memory bound operations, aim for higher occupancy and primarily stall on long scoreboards,

HWC[3] memory-pad > HWC[3] 0.056ms ( 445 GB/s)
HWC[3] iconv-cm > CHWC8[32] 0.313ms ( 467 GB/s, 12 TFLOPS)
CHWC8[32] iconv-cm > CHWC8[32] 0.654ms ( 255 GB/s, 59 TFLOPS)
CHWC8[32] iconv-cm+max-pool------=----- > CHWC8[48] 0.216ms ( 213 GB/s, 67 TFLOPS)
CHWC8[48] iconv-cm+max-pool------=----- > CHWC8[64] 0.104ms ( 161 GB/s, 69 TFLOPS)
CHWC8[64] iconv-cm+max-pool---=--=-=--- > CHWC8[80] 0.046ms ( 121 GB/s, 65 TFLOPS)
CHWC8[80] ------------ iconv-cm+max-pool------=----- > HWC[96] 0.023ms ( 134 GB/s, 50 TFLOPS)
HWC[96] iconv-cm > CHWC8[96] : 0.026ms ( 129 GB/s, 53 TFLOPS)
{CHWC8[96],CHWC8[64]} --------~- upsample+concat+iconv-cm------- > CHWC8[112] : 0.150ms ( 89 GB/s, 70 TFLOPS)
CHWC8[112] iconv-cm > CHWC8[112] : 0.108ms ( 138 GB/s, 68 TFLOPS)
{CHWC8[112],CHWC8[48]} --------~-1 upsample+concat+iconv-cm------- > HWC[96] 0.447ms ( 101 GB/s, 81 TFLOPS)
HWC[96] iconv-cm > HWC[96] 0.298ms ( 169 GB/s, 73 TFLOPS)
{HWC[96],CHWC8[32]} --------~-1 upsample+concat+iconv-cm------- > CHWC8[64] 0.974ms ( 137 GB/s, 84 TFLOPS)
CHWC8[64] iconv-cm > CHWC8[64] 0.499ms ( 268 GB/s, 77 TFLOPS)
{CHWC8[64],HWC[3]} --------- upsample+concat+iconv-cm------- > CHWC8[64] 1.894ms ( 183 GB/s, 85 TFLOPS)
CHWC8[64] iconv-cm > CHWC8[32] 1.569ms ( 256 GB/s, 49 TFLOPS)
CHWC8[32] iconv-cm > HWC[3] 0.459ms ( 318 GB/s, 8 TFLOPS)

HWC[3] memory-slic > HWC[3] : 0.048ms ( 519 GB/s)

Total time : 7.825ms ( 219 GB/s)

Fig. 8. Generated dispatch schedule for an RTX 4070 and the balanced OIDN model at 1920 X 1080.
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which is expected. Those operations also often correspond to convolutions with low channel count,
here spatial reuse within the lowered input feature map is small, which results in high temporal L1
cache locally. Compute bound operations, like convolutions with high channel counts, follow the
opposite rules. Best configurations primarily rely on high tensor throughput, which often requires
larger tile sizes, which implies lower occupancy. However, as our convolution implementation,
does not implement explicit spatial reuse, we theorize that larger tile sizes, reduce L1 cache locality,
which may result in cache-misses of values, previously loaded. Regardless of these inefficiency
we believe that the metrics reflect a well balanced implementation, which manually auto-tuned
implementations can use as a reference.
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Fig. 9. Profiling metrics recorded with NVIDIA NSight Graphics, on a RTX 4070. The x-axis does not reflect
execution time
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