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Figure 1: An overview of the multi-fidelity optimization (MFO) method for inverse material rendering. Given a reference image
and initial scene information, the method optimizes for a matching material using a two-step approach. First, we optimize
using a low-fidelity (LF) metric, generating a fast approximation of the reference. Then, using the scene information from the
LF optimization as a starting point for a second optimization process, we optimize using a high-fidelity (HF) metric to refine
the result. To illustrate the inner workings of the MFO method, we show representative loss surfaces with a plotted optimizer
path, indicating its starting point with a red circle.

Abstract
Image quality metrics are typically used as loss functions for inverse
material rendering. However, all these metrics have drawbacks.
When optimizing with low-fidelity (LF) metrics, shorter runtimes
can be achieved, but this also produces lower quality results. On
the other hand, optimizing using high-fidelity (HF) metrics pro-
duces higher quality results, but causes significantly longer run-
times. We present an alternative method of applying image quality
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metrics to inverse material rendering by using multi-fidelity opti-
mization (MFO). This optimization method is a two-stage process,
where an LF optimization is utilized to quickly generate the starting
point for an HF optimization. By evaluating the MFO approach for
multiple material optimization scenarios, we show that this method
produces high quality results, while having shorter runtimes than
optimizations applying HF metrics. Given the efficacy of apply-
ing multi-fidelity optimization to inverse material rendering, we
expect this technique to be useful for any optimization applying
image quality metrics, encouraging a broader evaluation of MFO
in inverse rendering.
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1 Introduction
Differentiable rendering, Inverse rendering [Patow and Pueyo 2003;
Marschner 1998], a method for retrieving a scene description from
a given image by inverting the rendering process, is a prevalent
technique in the field of material optimization [Meyer et al. 2025;
Ramamoorthi and Hanrahan 2023; Yu et al. 1999].

However, the current image quality metrics [Kavoosighafi et al.
2025] all have drawbacks. Low-fidelity metrics such as the mean
square error (MSE) applied over pixel differences are fast, but these
metrics do not always produce a result close to the reference render,
as shown in figure 2b. While this issue can be resolved by using a
high-fidelity metric such as HDR- FLIP [Andersson et al. 2021], as
shown in figure 2c, these metrics strongly impact the performance
of the inverse rendering process.

In this work, we introduce a multi-fidelity optimization method
[Gano et al. 2005; Zhou et al. 2023; Li and Li 2024] for material
optimization using inverse rendering: by using the faster, but lower
quality result from the LF optimization as the starting point for the
slower HF optimization process, we improve the performance of
the overall optimization process while also increasing the quality
of the results.

We evaluated this optimization method for multiple material
optimization contexts, investigating the runtimes and quality of
the results for multiple image quality metrics.

This paper makes the following contributions:
• An evaluation of a multi-fidelity optimization method in
various scenarios in the material optimization context, com-
paring the runtime and quality of the various results with
optimizations applying other image quality metrics.

• We demonstrate a multi-fidelity optimization method for
material optimization using inverse rendering. Showing im-
proved runtime performance when compared with high-
fidelity metrics, as well as an increase in quality over low-
fidelity metrics and non-converging high-fidelity metrics.

2 Related Work
2.1 Inverse Rendering
Inverse rendering aims to perform the inverse function of ren-
dering. While the goal of rendering is to transform a given scene
description into an image, inverse rendering instead aims to trans-
form a given image back into a scene description [Patow and Pueyo
2003; Marschner 1998].

(a) Reference image (b) Low-fidelity
inverse render

(c) High-fidelity
inverse render

Figure 2: Example of a situationwhere the low-fidelitymetric
fails to find a material matching the reference (b), whereas
the high-fidelity metric does (c), albeit with a longer runtime.

Inverse rendering is often an ill-posed problem because the ren-
dering function is not uniquely invertible. Many different combina-
tions of geometry, material, lighting, and camera parameters could
all yield the same image. Inverse rendering techniques often try to
recover only one of those aspects, assuming the others are known:
only lighting [Nishino and Nayar 2004; D’Orazio et al. 2024], only
material properties [Nguyen et al. 2013; Zsolnai-Fehér et al. 2020],
or only the camera position [Smelyansky et al. 2002]. Additionally,
inverse rendering rarely has direct solutions, causing most inverse
rendering techniques to employ iterative optimization. This pa-
per uses inverse material rendering as an example application to
demonstrate the more widely applicable multi-fidelity optimization
technique.

Differentiable rendering implementations perform conven-
tional rendering and simultaneously return the gradient of the
rendering function, i.e., the partial derivatives of the image pixel
values with respect to the scene parameters [Kato et al. 2020; Gao
and Qi 2024]. The derivatives could be used for backpropagation, so
differentiable rendering functions could be integrated into neural
networks. In this paper, the derivatives are used as the Jacobian in
gradient-based optimization for inverse rendering.

Notable differentiable renderer implementations include the Mit-
suba 3 ray tracer [Jakob et al. 2022] and the DIB-R rasterizer [Chen
et al. 2019].

2.2 Image Quality Metrics
Image quality assessment (IQA) metrics quantify the difference
between two images as a single numerical value or in some cases
as a per-pixel heat map. In this paper, the numerical difference
between the generated image and a reference image is used as
the objective function in an optimization process. IQA metrics are
commonly applied in that way for inverse rendering [Nguyen et al.
2013] or image-based generative neural networks [Goodfellow et al.
2014].

The most commonly used IQA metrics range from simple aggre-
gates of pixel differences, such as (root) mean square error ((R)MSE)
or peak signal-to-noise ratio (PSNR), to complex metrics that are
trained or designed to emulate human visual perception, such as
learned perceptual image patch similarity (LPIPS) [Zhang et al.
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2018], FLIP [Andersson et al. 2020, 2021], and the HDR visual dif-
ference predictor (HDR-VDP-3) [Mantiuk et al. 2023]. A more com-
prehensive table of state-of-the-art IQA metrics is presented by
Kavoosighafi et al. [2025].

Simple and fast metrics such as MSE are often used as objective
functions in inverse rendering optimizations or as loss functions
in image-based generative neural networks. However, they are
known to be overly sensitive to some types of differences and
insufficiently sensitive to others [Wang et al. 2004] because of the
way they aggregate pixel differences over a large number of pixels.
As a consequence, they do not correlate well with human visual
perception. Therefore, more elaborate metrics are intentionally
designed to correlate with human visual perception and have been
shown to be appropriately sensitive to certain salient differences in
natural image features such as gloss [Cheeseman et al. 2025].

Differentiable implementations of some perception-inspired IQA
metrics such as LPIPS or FLIP exist, but these complex metrics in-
cur a considerable computational cost compared to MSE, making
them too slow in practice for many optimization or neural network
applications. This paper presents a multi-fidelity optimization solu-
tion that mitigates the computational cost and enables the use of
complex perception-inspired IQA metrics in iterative applications.

2.3 Multi-Fidelity Optimization
Warm-start optimization is a strategy that solves a first optimiza-
tion problem to initialize a second, related optimization problem
[Yıldırım and Wright 2002]. Typically the optimum found by the
first problem is used as the starting point for the second, but it is
conceivable that additional hyperparameters, e.g., the learning rate
or momentum vector, could be carried over. The two optimization
problems must be related in the sense that they have similar optima
for warm-start to be beneficial: the second optimization will start
close to its optimum and is therefore expected to converge in fewer
iterations. The first optimization problem could be a simplification
of the second, in the sense that it could use a simpler, approximate
objective function. Alternatively, it could be a subset of the train-
ing dataset, or a previous run of the same optimization problem
with slightly different parameters. Transfer learning, fine-tuning
a pretrained machine learning model on a different dataset or for
a different task [Pan and Yang 2010; Zhuang et al. 2020], can be
considered a form of warm-start optimization.

Multi-fidelity optimization (MFO) is a form of warm-start
optimization where the first optimization uses a low-fidelity (LF)
surrogate objective function, and the second optimization uses
the high-fidelity (HF) objective function that we actually want to
optimize. The LF surrogate is a fast approximation that quickly
gets sufficiently close to the optimum, where the computationally
expensive HF optimization takes over and refines the final result.
Both optimizations express the same objective, only at different
levels of fidelity [Gano et al. 2005; Zhou et al. 2023; Li and Li 2024].

Themain benefit of MFO is the speedup. Running only the HF op-
timization from the start would be computationally too expensive.
The LF optimization is faster but it may converge to an approx-
imate optimum instead of the true optimum of the HF objective
function. The LF optimization does not even need to run until it
has fully converged and may be cut off early when progress slows,

indicating the optimum is near enough for the HF optimization to
take over. MFO leverages both the speed of the LF optimization and
the accuracy of the HF optimization.

An additional benefit of MFO is that it relies only on the LF
objective function far from the optimum, and only on the HF ob-
jective function near the optimum. It elegantly handles objective
functions with regions of unreliable gradients, e.g., that are flat or
discontinuous, if the other objective function is being used in those
regions. We have encountered LF objective functions with a wide,
flat valley near the optimum, and HF objective functions with a flat
plateau far from the optimum. MFO handles both cases much more
reliably than either LF or HF alone.

MFO is fundamentally different from multi-criteria or multi-
objective optimization (MOO), where a number of complementary
objective functions are optimized simultaneously. Typically each
objective function represents a distinct desirable aspect of the solu-
tion, and all objective functions are combined into a single weighted
sum objective function [Ehrgott 2005]. This approach requires all
objective functions to be evaluated in every iteration and therefore
does not yield the speedup of MFO. MOO does solve the problem of
flat regions where an individual objective function would get stuck
due to a lack of gradient, as the other objective functions would
provide sufficient gradients to continue improving.

There are few examples of MFO being used in computer graph-
ics or computer vision. One notable application of MFO in in-
verse rendering is an inverse rendering method for producing in-
terpretable basis bidirectional reflectance distribution functions
(BRDFs) [Chung et al. 2024]. This method uses a first optimization
with a subset of its MOO objectives, followed by the final optimiza-
tion with the full set of objectives, including a computationally
expensive sparsity objective that involves rendering an image.

3 Multi-Fidelity Optimization
Our MFO technique is a variant of the warm start optimization
strategy. Starting with a given reference render and initial scene
information, we first run our inverse rendering process using an
LF metric, producing a lower quality solution to the optimization
problem. The scene information produced by our LF optimization
is then used as the new starting point for our HF inverse rendering
process. From this starting point, we optimize for a small number of
iterations with the HF metric, further improving the quality of the
resulting material. We show an overview of our method in figure 1.

Switching Loss Function. There are multiple methods for chang-
ing from the LF metric to the HF metric, namely changing the loss
function to the HF metric but keeping the internal state of the
optimizer, such as learning rate or momentum; or starting a new
optimization process with the HF metric and a reset internal state.

We chose to switch the metric by starting a new optimization
process with the HFmetric, as only reusing the LF solution is a more
common approach while also being the least involved method. This
method of switching loss functions is further evaluated in section
5.5.

Additionally, it is important to determine when to switch to the
HF metric. We performed a small-scale experiment, evaluating and
comparing the runtime performance when using LF and HFmetrics,
showing that the runtime for fully optimizing using an LF metric
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is on par with optimizing for a small number of iterations using an
HF metric. Therefore, in order to produce the best starting point
for the second stage of the optimization, we fully optimize using
the LF metric before switching to the HF optimization.

Stopping conditions. For all discussed optimization methods, we
apply the same stopping conditions for the inverse rendering pro-
cess. The optimization process is stopped when, for ten iterations:
the loss does not change; or the best loss value does not improve.
Additionally, the process is stopped if it reaches a user-specified
maximum number of iterations.

4 Evaluation
In order to evaluate our novel approach and compare its perfor-
mance to current optimization methods and their related metrics,
we created a simple testing pipeline. This pipeline produces a num-
ber of scenes by selecting an object from a set of 15 objects from the
Stanford 3D Scanning Repository [Stanford 2013] and the McGuire
Computer Graphics Archive [McGuire 2017], as well as the blob by
Vangorp et al. [2007] and surface 1 and 2 by Havran et al. [2016].
The object’s material is generated with random parameter values
for the diffuse color, specular, roughness and metallic parameters
in the Disney principled BRDF [Burley 2012].

For each scene, a corresponding initial scene is produced by
replacing the original material with another, randommaterial. After
all scene information has been determined, the scenes are rendered
using Mitsuba [Jakob et al. 2022] and tonemapped using a global
gamma exposure curve if a low dynamic range (LDR) metric is
used.

Given both the reference and initial renders, as well as the initial
scene information, we optimize over the material parameters using
MSE, LPIPS [Zhang et al. 2018], LDR- FLIP [Andersson et al. 2020],
HDR- FLIP [Andersson et al. 2021] or an MFO combination of MSE
followed by FLIP. We also extend LPIPS to support high dynamic
range (HDR) using perceptual units [Mantiuk and Azimi 2021].

Noise in Rendering. The renders generated using our base sce-
nario are noiseless. However, some amount of noise is typically
present in most conventional renders. This noise could influence
the performance of the optimization process by influencing the gra-
dients of the loss function, thereby possibly steering the optimizer
away from correct values.

Therefore, we also evaluated all optimization methods for noisy
renders by sampling environment maps. Scenes are illuminated
with seven environment maps: six from the USC High-Resolution
Light Probe Image Gallery [Vision &Graphics Laboratory 2019] and
one by Vogel [2010] and rendered using 4 samples per pixel (spp).

Available Parameters. Another consideration is the set of param-
eters for which to optimize. Not all material models use the same
set of material parameters and in some cases certain parameters
could be less interesting to the user. Additionally, more available
parameters could result in more non-zero gradients per step, bene-
fitting LF metrics by possibly preventing the optimization to find a
plateau. This could therefore possibly reduce the relative efficacy
of the multi-fidelity method.

Given that we optimize over all material parameters in the base-
line evaluation, we evaluate this particular scenario by optimizing

Figure 3: Examples of problematic renders produced by using
a low spp in combination with transparent materials.

using a reduced set of material parameters. This reduced set con-
sists of the diffuse color, roughness, specular and metallic material
parameters, limiting the optimizer to the basic parameters of the
Disney principled BRDF model.

Transparency. The previous scenarios only utilized the BRDF
component of our chosen material model, excluding transmissive
or transparent materials. To cover this subset of materials, we gener-
ated transparent materials and evaluated all optimization methods
on scenes using transparent materials. The transparent materials
were generated by selecting a value in the range [0.75,1.0] for the
specular transmission material parameter, a value in the range
[0,0.6] for the roughness parameter and setting the metallic pa-
rameter value to zero. These values were chosen to maximize the
number of transparent materials, as most parameter combinations
outside these ranges would result in opaque materials.

These scenes are illuminated using the environment maps men-
tioned above in order to capture the full effect of using transparent
materials. However, we use a higher spp of 32, as we noted that
rendering these materials at lower values resulted in unrealistic
images with localized peak values. An example of such problematic
renders is shown in figure 3.

5 Results
The MFO method is evaluated for all scenarios described in section
4 by optimizing for at least 100 scenes per metric. All results are
shown in table 1, grouped by LDR and HDR metrics, showing the
mean runtimes and the relative speed increases compared to the
corresponding FLIP metric. The compared methods are:

MSE: The low-fidelity-only optimization that is typically used
in many optimization and neural network applications be-
cause it was the only computationally feasible approach.

LPIPS: A high-fidelity-only optimization that seems to vary
rather widely in runtime and quality.

FLIP: A high-fidelity-only optimization that we would want
to use in applications because it produces consistently good
quality results, but it is computationally infeasible.

MFO: The multi-fidelity optimization (MSE followed by FLIP)
that produces consistently equal or even better quality than
FLIP alone and with a consistent speedup compared to FLIP
alone.
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In addition to evaluating the runtimes for the various optimiza-
tion methods, the quality of their results is also evaluated quan-
titatively using an independent IQA metric that was not used in
the optimization: HDR-VDP-3 [Mantiuk et al. 2023]. This metric
has been shown to correspond well to human perception of image
distortions and natural image features such as gloss [Cheeseman
et al. 2025]. Using HDR-VDP-3, the output renders of the various
optimization processes are compared to the corresponding refer-
ence renders. This produces an objective quality value𝑄JOD on the
Just-Objectionable-Difference scale [Perez-Ortiz et al. 2020] where
10 represents a perfect match, 9 means that 75% of observers would
notice the difference in a pairwise comparison, and lower quality
values represent even more objectionable differences. The results
of these comparisons are shown in table 2.

The quality value is also used to determine whether the opti-
mization process was able to converge to the correct optimum for
a given scene. In case the quality value was lower than a threshold
value, the runtime for that scene is excluded from the average. The
chosen threshold value is 9, as we found that this value ensures
a visually good match but is also sufficiently lenient, accepting
some small, less relevant differences. The inclusion percentages are
shown in table 3.

All timing experiments were run on an NVIDIA RTX 3070.

5.1 Baseline
The Base column in table 1 shows the runtime statistics for the
different optimization processes and metrics.

Of note is the runtime difference between the MFO method and
the optimization only applying HDR- FLIP: using the MFO method
more than doubles the optimization speed. This, combined with
the increased output quality shows that applying this strategy is
worthwhile in the base case.

In contrast, the LDR version of the MFO method has a slightly
longer runtime in comparison with the other LDR metrics. This
is most likely due to the low runtimes for these metrics, meaning
a small increase in the runtime could impact the relative runtime
significantly. Given that we chose to run the LF metric (MSE) until
its optimization process has fully converged, and running a number
of HF optimization iterations afterwards, an increase in runtime
was to be expected.

This impliesMFO ismore effective in cases where there is a larger
runtime difference between the chosen LF and HF metrics, as can
be observed in the runtime of the HDR version of the MFO method.
HDR- FLIP has a particularly slow runtime because it essentially
tonemaps the HDR image at a number of exposures and then runs
LDR- FLIP at each exposure.

The MFO method produces results of a higher quality than the
non-MFO methods, for both the LDR and HDR metrics. Unlike the
non-MFO methods, it is able to find correct materials for optimiza-
tions that stall on plateaus, as the HF stage will most likely find
gradients due to its higher quality. This is illustrated in the example
of the outputs for the various stages of the MFO method in figure
5, row 1. Additionally, as can be noted from table 2, the minimum
quality of the results is also improved, indicating a more stable
optimization.

5.2 Noise
The noisy scenario examines the effect of stochastic rendering
noise on the optimization results. When examining the runtime
statistics for the noisy scenario in the Noise column in table 1, it
can be noted that the performance for all metrics is roughly in
line with their performance in the baseline experiment, meaning
the MFO method yields the best quality and, for the HDR variant,
significantly improves in runtime over HDR- FLIP.

One notable exception is the runtime when using LPIPS, which
has drastically improved. Contrasting this with the lower quality of
the LPIPS results (tables 2 and 3), however, shows that the majority
of noisy LPIPS optimizations did not reach an adequate optimum.
That makes the runtime improvement less promising. From inspect-
ing the results, we noticed that for a large portion of the excluded
scenes the optimization process only produced slight deviations
from the starting material parameters, causing the process to get
stuck after a small number of iterations.

5.3 Parameter Sets
The Parameters column in tables 1 and 2 shows that the HDR MFO
method performs consistently with the previous scenarios, produc-
ing the best results while significantly improving on the runtime
of HDR- FLIP.

The LDR variant shows similar performance, producing the high-
est quality results. Additionally, unlike in the previous scenarios,
it outperforms its LDR- FLIP counterpart on runtime as well, yield-
ing a 40% speedup. This is most likely the result of leveraging the
significant runtime improvement for the MSE metric.

Finally, for this scenario, LPIPS seems to have the same issue as
in the Noise scenario.

5.4 Transparency
The results in the Transparency column in table 1 show that the
runtimes for all metrics have increased significantly due to the
higher samples per pixel (spp) as discussed in section 4.

Additionally, the overall quality has been reduced. This is also
noticable in table 3, showing a drop of around 50% in the inclusion
percentages, meaning a large number of result images still include
noticeable differences. Despite this drop in quality, theMFOmethod
still produces the best results for both variants, with the HDR vari-
ant being on par with HDR- FLIP. However, when considering the
minimum quality values, the HDR MFO method will be slightly
more consistent.

Interestingly, both MFO variants have the highest runtimes.
From evaluating the results, we observed that the HF metric (LDR-
or HDR- FLIP) is mostly responsible for the higher quality outputs
in this scenario. This implies that the starting point provided by the
LF optimization (MSE) provides little benefit to the performance of
the HF optimization. However, optimizing for the LF metric still
adds to the runtime, meaning that the overall runtime for the MFO
method will be longer.

5.5 Ablations
In addition to evaluating the performance and quality of the MFO
method in various scenarios, we also investigated a set of edgecases
by ablation.
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Table 1: Mean runtime statistics over all sample scenes for the different metrics when used for material optimization in various
scenarios as described in section 4. The values shown are the mean runtime (mm:ss) and the increase in speed relative to the
corresponding LDR- or HDR- FLIP metric.

Image metric Base Noise Parameters Transparency

MSE (LDR) 01:02 (1.5x) 01:13 (1.4x) 00:39 (2.3x) 04:36 (1.3x)
LPIPS 01:58 (0.8x) 00:23 (4.4x) 00:22 (4.1x) 02:30 (2.3x)
LDR- FLIP 01:35 (1x) 01:40 (1x) 01:31 (1x) 05:44 (1x)
MFO (LDR) 01:38 (0.9x) 01:51 (0.9x) 01:03 (1.4x) 07:55 (0.72x)
MSE (HDR) 00:54 (8.1x) 01:13 (4.2x) 00:33 (10.6x) 05:10 (2x)
LPIPS (PU) 02:30 (2.9x) 00:26 (11.7x) 00:37 (9.5x) 03:14 (3.2x)
HDR- FLIP 07:17 (1x) 05:03 (1x) 05:50 (1x) 10:25 (1x)
MFO (HDR) 03:08 (2.3x) 03:15 (1.6x) 02:52 (2x) 14:06 (0.7x)

Table 2: The HDR-VDP-3 quality values over all sample scenes for the different metrics when used for material optimization in
various scenarios as described in section 4, shown as: mean (min/max).

Image metric Base Noise Parameters Transparency

MSE (LDR) 9.84 (8.05/9.99) 9.45 (6.88/9.99) 9.81 (7.76/9.99) 8.30 (4.01/9.99)
LPIPS 9.72 (1.49/9.99) 7.87 (5.14/9.93) 7.82 (5.23/9.99) 7.94 (3.59/9.96)
LDR- FLIP 9.69 (6.45/9.99) 9.54 (7.03/9.99) 9.54 (5.96/9.99) 8.35 (5.88/9.99)
MFO (LDR) 9.89 (8.24/9.99) 9.66 (5.74/9.99) 9.84 (6.13/9.99) 8.43 (5.21/9.99)
MSE (HDR) 9.19 (4.24/9.99) 9.39 (7.45/9.99) 9.35 (4.98/9.99) 7.61 (4.35/9.98)
LPIPS (PU) 9.38 (4.58/9.99) 7.43 (4.08/9.89) 7.44 (1.77/9.98) 7.28 (4.28/9.82)
HDR- FLIP 9.58 (5.54/9.99) 9.34 (6.26/9.99) 9.66 (6.38/9.99) 8.17 (4.59/9.99)
MFO (HDR) 9.83 (7.58/9.99) 9.52 (7.16/9.99) 9.91 (7.60/9.99) 8.17 (4.89/9.99)

Table 3: The percentage of scenes passing the threshold,
thereby included to calculate the mean runtimes as shown
in table 1.

Image metric Base Noise Parameters Transparency

MSE LDR 95% 84% 96% 34%
LPIPS 90% 13% 14% 24%
LDR- FLIP 88% 86% 84% 36%
MFO LDR 97% 88% 95% 36%
MSE (HDR) 74% 80% 80% 15%
LPIPS (PU) 80% 10% 11% 9%
HDR- FLIP 83% 76% 86% 35%
MFO (HDR) 92% 82% 97% 33%

Switching Loss Function. In order to evaluate the method of
switching from the LF metric to the HFmetric, we performed a qual-
itative comparison. This evaluated both methods, namely changing
the loss function to the HF metric but keeping the internal state
of the optimizer, such as learning rate or momentum; or starting a
new optimization process with the HF metric and a reset internal
state.

From the resulting images, we found that creating a new opti-
mization process produces results with better output more consis-
tenly, suggesting that the naive implementation is the preferred

option. A set of resulting images is shown in figure 4, showing the
constrasting consistency of the two methods.

Exploring the optimization process shows that the inconsistency
when keeping the internal state is mostly likely caused by transfer-
ring the learning rate, causing the HF optimization process to be
less able to further correct the previously found parameter values.

Lower spp for Transparency. While rendering with a lower spp
for the transparency scenario resulted in unrealistic images, these
images can still be used to evaluate the robustness of the MFO
method. Therefore, we evaluated the performance and quality of
the optimization process for the various metrics with renders using
transparent material and 4 spp, showing the results in table 4.

We found that for these scenes, the runtime performance of the
MFO method is comparable with the runtime performance for the
noisy scenario. This was to be expected, given the performance of
the MFO method for noisy situations, as described in section 5.2.

In terms of quality, however, the MFO method is outperformed
by all other metrics except LPIPS. From inspecting the various
results, this drop in relative performance is difficult to explain. In
most cases, the HF optimization does not improve the results of the
LF optimization, as was the case for all other scenarios.

5.6 Discussion
As noted, the MFO method does not always improve the runtime
performance of the optimization process, most notably when ap-
plied to LDR optimizations. This raises the question of when to
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Reference image Start New Process Keep Internal State

Figure 4: Results from the ablation evaluating the methods
for switching from the low-fidelity (LF) metric to the high-
fidelity (HF) metric, showing the reference image and the
results from optimizing with each method.

Table 4: The mean runtime statistics and HDR-VDP-3 quality
values over all sample scenes for the different metrics when
used for material optimization in the Transparency scenario
while using 4 samples per pixel (spp). The values shown are
the mean runtime (mm:ss), the increase in speed relative to
the corresponding LDR- orHDR- FLIPmetric, and the quality
shown as: mean (min/max).

Image metric Time Quality

MSE (LDR) 01:07 (1.8x) 8.97 (5.89/9.99)
LPIPS 00:25 (4.9x) 7.46 (5.12/9.36)
LDR- FLIP 02:03 (1x) 8.03 (5.82/9.99)
MFO (LDR) 02:08 (1x) 7.99 (5.21/9.99)
MSE (HDR) 01:00 (4.7x) 8.79 (6.22/9.99)
LPIPS (PU) 00:42 (6.6x) 7.01 (4.06/9.22)
HDR- FLIP 04:39 (1x) 8.85 (4.49/9.99)
MFO (HDR) 04:27 (1x) 8.67 (5.24/9.99)

apply multi-fidelity optimization, and if it should always be the
preferred option. If quality is the primary concern and if a signifi-
cantly faster LF objective function is available, applying MFO will
generally be beneficial. Many image-based optimization or neural
network applications could benefit from the improved quality of
complex IQA metrics, and MFO will be applicable in a wide range
of computer graphics, computer vision, and machine learning ap-
plications by enabling the use of more complex and costly objective
functions than was previously feasible.

However, if one is purely concerned with shorter runtimes, ap-
plying an LF metric by itself could be sufficient, with MFO still
being a viable secondary option. Alternatively, while we did not
evaluate this, an adjusted version of MFO could be applied where

Low-fidelity High-fidelity
Reference image inverse render inverse render
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Figure 5: Examples of multi-fidelity optimization (MFO) per
scenario illustrating a situation where the low-fidelity (LF)
optimization fails to find a material matching the reference.
The high-fidelity (HF) optimization, using the result of the
LF optimization as a starting point, does manage to find a
correct material.

the number of iterations per optimization process is limited, pos-
sibly yielding quality improvements while compromising less on
runtime.

6 Conclusion and Future Work
By evaluating multiple scenarios, isolating various parts of the
inverse material optimization process, we have shown that multi-
fidelity optimization is beneficial for material optimization using
inverse rendering. While this technique does not always improve
the efficiency of the optimization process, it does generally improve
the quality of the results and should therefore be considered a viable
option for all material optimization settings.

This paper has explored the applicability of MFO in the context
of material optimization using inverse rendering. However, given
the advantages of applying this method, it could be a valuable
addition to any optimization applying image difference metrics.
Future work could therefore explore the usability of MFO in other
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fields, such as environment map optimization, three-point lighting
and shape optimization.

While we covered diverse scenarios in material optimization,
additional scenarios could be introduced for a more complete evalu-
ation. In all scenarios, we used a relatively simple scene consisting
of a single object illuminated by either a point light or an envi-
ronment map. This, however, is a simplified version of real-world
scenes, which typically consist of large numbers of objects and light
sources. A further evaluation of the MFOmethod using scenes com-
monly used in rendering, such as the Amazon Lumberyard Bistro
scene [Lumberyard 2017], could further explore the applicability
of multi-fidelity optimization in real-world applications. Another
scenario to consider is limiting the number of material parameters
available to the optimizer by evaluating the MFO method using
other material models instead of simulating these material models
by reducing the (material) parameters available to the optimizer.
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