Biasing optimization to find more informative model metamers
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Abstract

Sensory neuroscientists must carefully choose or design
experimental stimuli in order to test hypotheses. Recently,
scientists have leveraged computational models and auto-
matic differentiation to synthesize model-optimized stimuli,
such as model metamers — stimuli that are physically dis-
tinct but that produce identical model responses. However,
there exist many different stimuli which satisfy the con-
straints of the stimulus-generation process, but which may
give rise to different scientific interpretations. Here, we
propose adding a penalty term to the objective function
used to generate the stimuli. This biases the synthesis pro-
cedure, allowing researchers to preferentially search for
stimuli with certain properties. We demonstrate the use of
several penalty functions on a simple LGN-inspired model
to increase perceptual diversity among synthesized model
metamers. By carefully choosing their penalty functions,
researchers can better design stimulus sets to address
their scientific question.

Introduction

Sensory neuroscience experiments often require careful
design of stimuli to test specific properties of the brain. In
recent years, one fruitful approach in visual neuroscience
has been the use of synthetic stimuli optimized to match
or manipulate some feature of the output of a computa-
tional model of the visual sytem. Successful examples of
this approach include model metamers (e.g., Freeman
and Simoncelli, 2011, Feather et al., 2023), Most Exciting
Inputs (e.g., Rose et al., 2021; Walker et al., 2019), and
perceptography (e.g., Shahbazi et al., 2024).

However, best practices for the generation of model-
optimized stimuli are still developing. Metameric stimuli
are defined by invariances of an encoding model, and
these invariances are often poorly understood — such that
predicting the approximate number of such images and
their appearances is impossible a priori. Furthermore,
the scientific interpretation of these studies depend upon
the generated metamer stimuli, and may change if these
stimuli turn out to be biased or influenced by the sampling
procedure.
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Here, we present one approach to combat this problem
in the synthesis of model metamers. We propose adding
a secondary penalty to the optimization objective func-
tion, which seeks to induce additional properties in the
resulting image. We demonstrate that such a penalty can
be used to encourage perceptual diversity in the resulting
metameric images, showing that the model’s invariances
are broader than the traditional procedure implies.

Our procedure is implemented in the open source
python library plenoptic, which can be found at

Methods

Traditionally, model metamer synthesis initializes opti-
mization with a sample of uniform noise and iteratively
updates the pixels so as to minimize the difference be-
tween the model output of this optimized image and that
of some target image. Here, we propose minimizing a
weighted sum of this metamer objective and a generic
penalty term.

This procedure can be applied to any model which op-
erates on images. The penalty term in this procedure can
be any function that operates on a single image and re-
turns a scalar. We show examples using a simple model
inspired by the primate visual Lateral Geniculate Nucleus
(LGN) which consists of a single center-surround convo-
lutional filter with a single stage of gain control (the LG
model described in Berardino et al., 2017). This model
cares only about mid-range frequencies and, because
of its gain control, is insensitive to absolute luminance.
Thus, its metamers will all differ in their lowest and high-
est frequencies.

We demonstrate two classes of examples:

» We directly incentivize visual diversity by maximizing
the Normalized Laplacian Pyramid Distance (NLPD,
Laparra et al., 2016) between two simultaneously-
generated metamers.

* We encourage different spectral power densities in
two simultaneously-generated metamers. We use the
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Figure 1: Penalty functions can be used to increase visual
diversity of synthesized images. The picture of Albert
Einstein in the top left is the target image; the goal of
the stimulus synthesis procedure is to produce images
whose model output matches that of this image. All other
images are model metamers which meet this criterion,
synthesized simultaneously in pairs. The first column
shows the results of the standard procedure, in which
no penalty is used, and the resulting images are indis-
tinguishable. The other three columns shows pairs of
images synthesized with an additional penalty, as de-
scribed in the methods section. The images synthesized
so that the NLPD is as large as possible have a low
frequency modulation applied, so that Einstein’s face is
darker in the bottom image and brighter in the top. The
bottom image of the pair encouraged to differ as much as
possible in the low frequencies is modulated by a high-
contrast low frequency diagonal grating. Finally, the pair
synthesized to differ as much in the vertical power show a
marked difference in orientation, with more vertical power
in the bottom image and horizontal in the top.

steerable pyramid (Simoncelli & Freeman, 1995) to
decompose each image into orientation and spatial
frequency sub-bands and compute the average power
in each band. We then use this vector to maximize the
difference in low frequencies and (separately) vertical
orientation across frequencies.

Results

The metamers for the LGN model can be seen in figure
1. The top-left image of Albert Einstein is the target im-
age: all other images have a model representation that
matches that of this natural image. Each column shows
a pair of model metamer images which were synthesized
together using a different penalty, and all images were
initialized with independent patches of white noise. The
leftmost pair of images have no penalty and are visu-
ally indistinguishable (note that they have a comparable
mean-squared error to the other pairs of images, but hu-
mans are bad at distinguishing different samples of white
noise at high enough resolution). The other pairs are all
much more visually distinctive from each other. If one
synthesized a set of images without using a penalty, one

would likely think that all metameric images for this model
are perceptually identical. However, the use of different
penalties reveal that this model’s metamers include dis-
tinguishable images with a variety of appearances. |If
one wishes to align model and human visual invariances
(as in e.g., Broderick et al., 2025), this implies that the
model needs to be further improved.

Discussion

We demonstrate a simple modification to the model
metamer synthesis procedure which allows greater con-
trol over the resulting images. Similar attempts to find
more diverse model-optimized stimuli have included ini-
tializing with natural images (Broderick et al., 2025) or
using equivalent models with alternative training proce-
dures (Feather et al., 2023). While these procedures do
result in more diverse stimuli, the penalty function ap-
proach presented here demonstrates that even relatively
simple and easy-to-reason-about functions can lead to a
wider diversity of stimuli.

Through the above examples, we hope to demonstrate
how researchers using model-optimized stimuli can find
more relevant sets of stimuli for their scientific question
through a simple modification of their optimization pro-
cedure. The choice of penalty function depends on the
specific hypothesis and model, with a wide variety of
potential options. Beyond the examples shown here,
one could use simple measures of wavelet representa-
tional sparsity (Burt & Adelson, 1987) or power spectra
to encourage or discourage known properties of natural
images, and similar modifications could also be applied
to other model-optimized stimulus synthesis procedures.

Disclosure

LLMs were not used in any part of the preparation of this
manuscript.
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