
Mathematizing Human
Perception

Brett Jefferson
In this exposition, I aim to encourage mathematicians to
learn about and conduct research in the area of cognitive
science by walking the reader through the process of uti-
lizing tools and formalism from mathematics to address
challenges in perception. First, I introduce the audience
to a historically considered phenomena from psychology,
called blob processing. Then, I present one approach to
mathematically model the phenomena. Throughout, I in-
troduce psychological findings to show how we can incor-
porate observed experimental results into our mathemati-
cal model.

A Brief Foreword on the Importance
of Mathematical Psychology
I’d like to pick on the bully in the room a bit. In the
last decade, the area of data science has grown massively
due to advances in deep learning. It touches almost every
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scientific discipline and algorithms are being developed
that are undeniably accurate in their predictive power and
robustness. However, despite the popularity of machine
learning approaches to applied problems, there are many
observable phenomena that require more finesse and rigor
for an appropriate explanation than deep learning can pro-
vide. Psychology is full of such examples. It is amaz-
ing how humans are able to pick out a loved one’s voice
in a noisy crowd, or quickly identify a word before the
actual letters are discernible. Likewise, mathematics is
much broader than machine learning and provides a way
of thinking and working through real-world problems. To
describe and model human behaviors, psychologists and
mathematicians (not always distinct people) have a long
history of working together to axiomatize underlying princi-
ples, uncover the right decomposition of perceptual parts,
and prove theorems about how and why the human expe-
rience doesn’t simply cease to function! While this exposi-
tion is not a review of this history, a wonderful review of
howmathematics and psychology have played in the same
sandbox can be found in another AMS column article by
Joseph Malkevitch [Mal15].
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I encourage this generation of mathematicians to con-
tinue this history of marrying psychological principles and
mathematical language, as it poses rich opportunities for
mathematicians to find exciting new problems and re-
search avenues. Here, I showcase one example of how a
psychological observation can benefit from mathematical
concepts and the rigorous formalismofmathematics. That
methodology can, in turn, formalize the space of open
questions around that observation. This article serves to
provide just one example of what I call “mathematizing”
a psychological observation.

The Blob Phenomena
We first think about a psychology problem (usually
presented as an experiment with a puzzling result).
Consider three rectangles of varying height and width,
{(ℎ1, 𝑤1), (ℎ2, 𝑤2), (ℎ3, 𝑤3)}. Over multiple rounds, you
present a single rectangle very quickly (just a couple of
tenths of a second) and task an observer (a priori) with
identifying either height only or width only by responding
with the appropriate value. First, you use the three rectan-
gles from Figure 1a and, later, you rerun the experiment
with rectangles from Figure 1b. The data collected are ac-
curacy and response time. Once the experiments are com-
plete, you compare performance across the two stimulus
sets.

One will find that on average, judgements from stim-
ulus set 1 were less accurate and slower than judgements
on stimulus set 2. This is a bit of a mystery. Both sets
of stimuli have two dimensions, height and width, that can
be used to discriminate the rectangles. One might even
posit that since the dimensions vary in a redundant and
monotonic way in stimulus set 1, that we should expect
the opposite behavioral result. Understanding how parts
come together to form a perceptual experience is a major
theme in perception research [TG11,Tre86,PP11]. [Loc72]
proposes a descriptive model for why this occurs for the
rectangles. The blob processing model posits that visual
stimuli are initially perceived in a holistic way with the
sum being greater than the parts. Higher-order features
emerge that are perceived faster and are also easier to dis-
criminate than the part-wise (single-dimension) compo-
nents. As such, Lockhead suggests that the rectangles in
the second stimulus set have more shape features than the
squares in the first set. The notion of blob processing has
been a persistent model throughout the decades following
Lockhead’s note. Namely, in the area of letter and word
recognition, there’s evidence that (1) words are identified
before individual letters, (2) word shape and orthography
are important for word recognition, and (3) neighboring
words also serve as cues for word recognition. The type of
holistic processing evidenced in this research area points
towords (respectively sequences of words) being perceived

as a single object rather than a collection of letters (respec-
tively words) with general shape features playing an im-
portant role. In fact, the word “blob” appears frequently
in the literature when investigating early visual perception
and speeded-judgement tasks and the idea of a “fuzzy” to
“sharp” perception is an intuitive notion.

(a) Stimulus set 1.

(b) Stimulus set 2.

Figure 1. Two sets of stimuli for identification task.

This phenomena is not restricted to rectangular stimuli.
In the 1980s Townsend published two studies in which he
created a stimulus set comprised of the factorial combina-
tions of three line parts and a curve part (Figure 2). Par-
ticipants were asked to identify which components were
shown. Townsend showed that the components/ parts
were not perceived independent of one another. Findings
included that the probability of a correct identification in-
creased when there were more components present, the
angle between line parts increased, and the stimuli was pre-
sented for longer durations [THE8408, THK8807]. These
studies also highlighted the importance of time by mod-
eling this discrimination of parts of a single stimulus as a
process whereby over the time course of stimulus onset, ex-
posure, and stimulus offset, more and more information
is accumulated about the stimulus.

‘1’

‘2’

‘3’‘4’

Figure 2. Townsend 1984 stimulus components.

At this point, the reader may have started developing a
few theories on why and how such processing occurs. The
reader may be thinking through the technical process of
how our eyes transform light into neurological signals that
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our brain then sends down various pathways that lead to
perceived visual experiences. However, that level of end-to-
end explanation does not quite prove satisfying from the
point of view of providing an understanding of mapping
direct stimulus inputs to perception … not to mention the
neuroscience community still doesn’t have the tools for
a complete classification in this way. Rather, we desire a
mathematical expression or theory to properly understand
how the measurable visual components come together to
form this blob and, for that matter, a rigorous definition
of what a blob is.

In the next sections, we’ll explore a straightforward def-
inition for a blob that is intuitive and testable. After,
we’ll see how different stimuli can be used to test the sub-
sequent hypotheses. Finally, an analysis method is pre-
sented that relates to blob processing theory.

Mathematical Formulations
Mathematizing a repeatable human behavioral phenomena
is both beautiful and terrifying at once. While it is satisfy-
ing to develop a rigorous framework for study, it can be
difficult to know if the mathematics adequately (or appro-
priately) captures the observation. In mathematics, one
tends to constrain the objects and rules for objects to well-
studied and agreed upon structures like topological spaces,
continuous maps, or algebraic structures. By contrast, in
mathematical psychology, the phenomena often are so
strange that it can be difficult to relate them to each other
via existing structures. It’s not uncommon for new areas
of study to be derived from observed human behaviors.
Fortunately, for the aforementioned phenomena, there are
some ready structures that are proposed to define blob pro-
cessing.

Any definition of blob processing should be compatible
with observable processing properties. Those properties
are:

1. Refinement. When a stimulus is presented, as time in-
creases, the blob for that stimulus should decompose
into a fixed set of constituent parts for sufficient view-
ing conditions.

2. Complexity. Assuming that for a given stimulus there
is a fixed number of 𝑛 constituent parts, as stimuli be-
come more complex (containing more parts) they be-
comemore discriminable1 from substimuli or stimuli
comprised of a subset of constituent parts.

3. Orthogonality. Given a set of constituent parts, we
assume that when two parts are not similar then the
parts are discernible and discriminable earlier in time.

1Discrimination of two stimuli is measured via accuracy in an identification
task (i.e., naming the distinct stimuli when they appear). We note that accu-
racy is experimentally measured and is usually the mean performance of several
trials where performance is modulated by variance in motor movements, envi-
ronment settings, attention, display properties, cognitive processing stochasticity,
stimulus names, and a host of other factors that are well studied in psychology.

Remark. This list of properties is not intended as an ex-
haustive list. In fact, property 2 is arguably not necessary
as there are many examples where adding more features to
a stimulus may serve to slow down discrimination rather
than facilitating it. For this exposition, the properties pri-
marily support the findings of [THE8408,THK8807].

These processing properties directly describe the ob-
served phenomena from Townsend’s study. Lockhead’s re-
view specifies that when there are multiple dimensions to
a stimulus (like length and width) then the additional di-
mensions contribute to the perception and discrimination
of the stimuli. This is akin to modeling stimuli in a multi-
dimensional metric space rather than projecting to a uni-
dimensional space. Note that there are two ends of the dis-
cussion here. The first end is at the early stage processing
where stimuli can be thought of as barely detectable and
coarse. Here the concept of dimensions isn’t relevant be-
cause not enough information has been processed to even
guess at the dimensionality of the stimulus. On the other
end of the discussion, at a later stage of processing, stimuli
are modeled together in a higher-dimensional space (of-
ten the experimenter defined manipulations each being a
dimension) and as being comprised of perceivable parts.
Each part can bemodeled in the higher-dimensional space.
For example, the rectangles in Figure 1 can be embedded as
points in the 2-dimensional space with width correspond-
ing to x-coordinates and length to y-coordinates. Simul-
taneously, the lower line segment of each rectangle can
also be embedded in this space where the y-coordinate is 0.
More commonly, a set of parts is defined first, and stimuli
are created from combinations of parts. For this discus-
sion, we take this later view and treat the transition from
blob to not blob as a question of when the parts become
discernible.

Definition 1 (Part). Let𝒯 be a task for participants to com-
plete, and 𝒮 be a fixed set of visually presented stimuli for
that task. Let {𝑝𝑖}𝑁 be a set of subsets of ℝ2 along with an
inner product such that for each 𝑠 ∈ 𝒮, 𝑠 = {𝑝𝑗𝑖 }1..𝑁𝑠 . We
will call the 𝑝𝑗 the parts of a stimulus, 𝑠. It is also useful
to call the inner product the similarity between parts.

[Jef18] followed on [THE8408] and proposed that blob
processing for a stimulus is a time sensitive function on
the Fourier decomposition of visual stimuli. Look ahead
to Figure 3 for example stimuli and their Fourier repre-
sentations in polar coordinates. Let 𝐹 × 𝑂 be the Carte-
sian product of spatial frequencies (measured in the num-
ber of cycles subtended at the eye per degree) and orien-
tations (measured in degrees of rotation from horizontal).
For each frequency-orientation combination, (𝑓, 𝑜), of the
decomposition, there is an amplitude determined by the
stimulus. When the amplitude at (𝑓, 𝑜) is greater than
a threshold specific to that (𝑓, 𝑜) a human can perceive
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that component. We refer to the threshold as the sensitiv-
ity of the human to a frequency-orientation component
(higher sensitivity implying lower threshold). Sensitivity
(as a broadly used term in psychology) can refer to neuron
responses, just-noticeable-differences, minimum settings
before accurate detection occurs, minimum settings before
accurate discrimination can occur, or, yet still, minimum
setting before accurate identification can occur. The ba-
sic setup in the detection, discrimination, or identification
tasks is that an experimenter will have a participant view
stimuli through an apparatus (such as a digital monitor)
for variable duration and respond (commonly through a
button press) as quickly as possible. In a detection task,
the participant will be given a cue to respond if a stimu-
lus appeared or not. In the discrimination task, the par-
ticipant may be asked to distinguish two or more stimuli
(‘same’/ ‘different’ judgements for example). In the identi-
fication task, the participant will be asked to respond with
the unique identifier (maybe a name or a unique button)
for each distinct stimulus presented. Conditions for pre-
senting stimuli are manipulated to induce errors so that
theorized deficits in stimulus processing can be studied.
Manipulations can include duration of presentation, con-
trast of the stimulus with background, and size. Further-
more, sensitivity is not static, but is a function of time,
contrast, and previously perceived points (𝑓, 𝑜) in the de-
composition.

Conjecture 1. For a task, 𝒯, and set of stimuli, 𝒮, let time
from stimulus onset be denoted, 𝑡 ∈ 𝑇. Blob processing is a
real-valued function of a Fourier decomposition for stimulus, 𝑠,

ℬ𝑡,𝑠 ∶ 𝐹 × 𝑂 → ℝ
that predicts sensitivity thresholds for each frequency-orientation
pair. We denote the amplitudes of a stimulus decomposition as
𝒜(𝑠) ∶ 𝐹 × 𝑂 → ℝ.

Under this framework, a stimulus is not discernible at
time 𝑡 if 𝒜(𝑠) < ℬ𝑡,𝑠 for all (𝑓, 𝑜) ∈ 𝐹 × 𝑂. In other
words, the human is not sensitive enough to the stimulus
to finely perceive it but it can be detected. Time is a crit-
ical consideration here. In this model, the time scale for
becoming more sensitive is typically on the order of mil-
liseconds and is directly related to stimulus duration. For
extremely short periods of duration, sensitivity will never
reach a level sufficient enough for discrimination. For
longer durations, there is a chance the sensitivity thresh-
olds will be reached, but there are other considerations ex-
perimentally that are typically controlled for (dark adapta-
tion, practice, stimulus size, etc.). Assuming that the par-
ticipant is familiar with the stimuli, that the size is suffi-
cient to avoid eye movements while being large enough to
recognize parts, and that lighting is sufficient, sensitivity
should reach threshold for enough frequency-orientation
points that the stimulus becomes perceptible in a matter

of a couple hundred milliseconds. At this point a blob can
now be defined.

Definition 2 (Blob). For a task, 𝒯, and set of stimuli, 𝒮,
a stimulus 𝑠 is perceived as a blob at time 𝑡 if for some
part of the stimulus, 𝑝𝑖, 𝒜(𝑠) restricted to the frequency
and orientation components of 𝑝𝑖 is less than ℬ𝑡,𝑠(𝑝𝑖) for
a sufficient amount of frequencies and orientations.

Remark. The failure of a few components of 𝒜(𝑠) to reach
threshold doesn’t prevent accurate perception of stimulus
parts, much like using fewer terms in the Taylor expansion
of a function doesn’t prevent understanding of the overall
function shape. In fact, there is a large body of research
surrounding critical Fourier components for foveal (cen-
tral vision) and peripheral stimulus identification.

Each of the desired processing properties can now be
stated in terms of ℬ and 𝒜.

1. Refinement. The refinement property requires that for
𝑠 ∈ 𝒮, there exists ̂𝑡𝑠 ∈ 𝑇 so that whenever 𝑡 > ̂𝑡𝑠,
ℬ𝑡,𝑠 ≤ 𝒜(𝑠) for sufficiently many (𝑓, 𝑜) ∈ 𝐹 × 𝑂.

2. Complexity. There exists a minimum 𝛿𝑑 ∈ ℝ so that
for 𝑠𝑖, 𝑠𝑗 ∈ 𝒮 with 𝑠𝑖 ⊂ 𝑠𝑗, there exists 𝑡𝑑,𝑖𝑗 ∈ 𝑇 so that
whenever 𝑡 ≥ 𝑡𝑑,𝑖𝑗 we have ‖ℬ𝑡,𝑠𝑖 − ℬ𝑡,𝑠𝑗‖ ≥ 𝛿𝑑 and
humans can accurately distinguish 𝑠𝑖 from 𝑠𝑗. We re-
fer to 𝛿𝑑 as the discrimination threshold and 𝑡𝑑,𝑖𝑗 as
the discrimination time. Note that 𝛿𝑑 is not stimulus
dependent and is minimum over all stimulus compar-
isons. Also, 𝑡𝑑,𝑖𝑗 is ideally small enough that parts are
not discernible. Complexity is how blobs are distin-
guished from one another.

3. Orthogonality. Given four parts, 𝑝1, 𝑝2, 𝑝3, and 𝑝4,
where

• 𝑡𝑑,12 is the discrimination time for {𝑝1} and {𝑝2},
• 𝑡𝑑,34 is the discrimination time for {𝑝3} and {𝑝4},

and
• ⟨𝑝1, 𝑝2⟩ ≤ ⟨𝑝3, 𝑝4⟩,

we have 𝑡𝑑,12 ≤ 𝑡𝑑,34.
With a working definition of a blob, blob processing,

and mathematical expressions for the three processing
properties, we make note of a few directions in which one
could go. First, one could start to study the nature of the
sensitivity function, ℬ. This includes understanding if fre-
quency and orientation have independent effects on sensi-
tivity, asking if sensitivity is monotonic with time, or how
sensitivity changes with different and related stimulus sets.
In the next sections we explore some of these questions.

Another direction that one could pursue is characteriz-
ing the similarity inner product. This is one of the more
difficult directions to validate in psychology because simi-
larity judgements and responses can be modulated by ex-
perimenter instructions, context, and experiment environ-
ment settings . . . all things that ideally would have no
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bearing on a true similarity representation. We often de-
sire a static similarity space to make understanding other
phenomena more feasible. There are models in psychol-
ogy dedicated to unveiling such a representation, but this
is outside of the scope of this exposition. For our purposes,
we assume there is such an inner product and move on.

Testing Framework
Testing the blob model assumption that the Fourier de-
composition is the right way to describe the stimulus space
faces many challenges. This assertion is one based in hu-
man performance and humans, after all, vary in behavior,
learn, adapt, and evolve. In truth many psychology mod-
els are, at best, contextually true; that is, they are specific
to a stimulus set, population demographic, experiment set-
tings, and measure of behavior. Strong theories show con-
sistent results when these conditions change. A theory of
visual perception based on spatial frequency channels (or
dedicated processors) has been explored for an array of
simple and complex stimuli. While alternative theories
exist, as in [Lup79], there still remains strong physiolog-
ical and psychophysical evidence that humans are wired
to detect spatial frequency and orientation information
[BC69,DeV82,VSG89]. The blob processing model brings
to the forefront the question of time-course of processing.
Namely, for early stage processing, we can ask three ques-
tions:

1. Do distinct, yet co-occurring frequencies facilitate, in-
hibit, or act independently on relative sensitivity? Us-
ing our definitions, for fixed 𝑜 ∈ 𝑂, sufficiently low 𝑡 ∈
𝑇, and 𝑓1 ≠ 𝑓2 ∈ 𝐹, what is the relationship between
ℬ𝑡,𝑠({(𝑓1, 𝑜), (𝑓2, 𝑜)}), ℬ𝑡,𝑠({(𝑓1, 𝑜)}), and ℬ𝑡,𝑠({(𝑓2, 𝑜)})?

2. Likewise, do distinct, yet co-occurring orientations fa-
cilitate, inhibit, or act independently on relative sensi-
tivity?

3. Lastly, is sensitivity to frequency independent of sen-
sitivity to orientation? We desire the relationship be-
tween two frequencies (resp. orientations) to be in-
dependent of orientation (resp. frequency). Equiva-
lently, are the following true:
(a) Given frequencies 𝑓1 and 𝑓2, there exists a con-

stant, 𝑐𝑜 so that for any orientation, ̂𝑜,

ℬ𝑡,𝑠𝑓1
({(𝑓1, ̂𝑜)}) = 𝑐𝑜 ⋅ ℬ𝑡,𝑠𝑓2

({(𝑓2, ̂𝑜)})

for stimuli that only contain the respective fre-
quencies and

(b) Given orientations 𝑜1 and 𝑜2, there exists a con-
stant 𝑐𝑓 so that for any frequency, ̂𝑓,

ℬ𝑡,𝑠𝑜1 ({(
̂𝑓, 𝑜1)}) = 𝑐𝑓 ⋅ ℬ𝑡,𝑠𝑜2

({( ̂𝑓, 𝑜2)})

for stimuli that only contain the respective orien-
tations.

Note that the stimulus corresponding to a single fre-
quency and single orientation is a 2-dimensional linear si-
nusoidal pattern that changes in brightness. The stimulus
corresponding to a single frequency and all orientations is
a radial sinusoidal pattern; and the stimulus correspond-
ing to a single orientation and all frequencies is a line. See
Figure 3.

Answering the posed questions requires determining
values for ℬ𝑡,𝑠 (human sensitivities) for different stimuli.
This is done experimentally. The blob phenomena pre-
sented here were observed in identification experiments.
The output of such an experiment is a confusion matrix,
𝑛 × 𝑛 where 𝑛 is the number of stimuli and possible re-
sponses. The matrix of integers describe response frequen-
cies with rows corresponding to individual stimuli and
columns to responses. We must tie responses to percep-
tion at this point so we make the following assumption.

Assumption 1. If𝒜(𝑠) ≥ ℬ𝑡𝑠𝑖 ,𝑠𝑖
at minimum time 𝑡𝑠𝑖 for suffi-

ciently many points for stimulus 𝑠𝑖, then 𝑠𝑖 may be a response
at time 𝑡 ≥ 𝑡𝑠𝑖 .

We don’t assume that 𝑠𝑖 will be a response because sev-
eral stimuli may meet this criterion. At this point, we note
there are many candidate response models corresponding
to choice experiments. One class of response models con-
siders behaviorally derived weights for each potential re-
sponse and chooses the maximum weight. Another class
represents alternative responses in a metric space and the
response closest to a behaviorally derived representation
is chosen. Yet a third class of response models are race
models in which the first response to reach a threshold
is the chosen response. For this application we use the
race model tomake a second assumption regarding choice.
This is made out of convenience rather than evidence.

Assumption 2. For {𝑠𝑖1 , … , 𝑠𝑖𝑀 } in the response candidate set,
the response corresponding to the minimum of {𝑡𝑠𝑖1 , … , 𝑡𝑠𝑖𝑀 } is
chosen.

Lastly, since responses are not deterministic, we must
introduce stochasticity. Again, there are many models for
how stochasticity enters responses. One class of models
considers information accumulation to be a noisy process,
where information is gained (learned) and lost (forgotten
or, more conservatively, inaccessible). In this model, this
might be introducing Gaussian noise to ℬ𝑡,𝑠 at each point
in the decomposition. Alternatively, wemay consider sam-
pling the stimulus to be a noisy process. This would mean
that𝒜(𝑠) is the the correct amplitude for a random sample
of frequencies and orientations. Out of convenience, we
model the former.
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Figure 3. Example stimuli: (Top-to-Bottom) single orientation,
two orientations, single frequency, two frequencies, single
frequency and orientation. (Left) Stimuli as presented to
participants. (Right) Fourier space representation of stimuli.
These are polar coordinates with angle denoting orientation
and distance denoting spatial frequency. Brighter color
denotes higher amplitude values.

Assumption 3. There exists an experimentally determined pa-
rameter 𝜖 so that for all stimuli and all (𝑓, 𝑜) ∈ 𝐹 × 𝑂,

ℬ𝑡,𝑠(𝑓, 𝑜) = 𝒩(0, 𝜖) + 𝐵𝑡,𝑠

for deterministic function 𝐵𝑡,𝑠.

Figure 4. Signal detection theory: (orange) signal distribution,
(blue) noise distribution, (green) decision boundary, 𝑥∗.

Signal detection theory. After attaining judgements in a
confusion matrix, the experimenter will need an analysis
technique to separate signals from different sources (or
stimuli). A widely used approach is signal detection the-
ory. We will call the no-stimulus condition the noise and
the stimulus-presented condition the signal due, in part, to
the history of signal detection theory in psychology and
to focus the reader on a particular stimulus of interest.
In psychology, signal detection theory is an application
of statistical decision theory to stimulus detection. It de-
scribes a perceptual process where there is no fixed thresh-
old for detecting a stimulus (or part of a stimulus) but
rather an observer-specific threshold. Briefly, we assume
that while the participant views a stimulus (including the
null stimulus) samples are drawn that are classified as ei-
ther coming from a signal distribution or a noise distribu-
tion. We model these distributions as Gaussian 𝒩(0, 𝜎𝑁)
and 𝒩(𝜇𝑆 , 𝜎𝑆) on a common support where a decision
boundary (𝑥∗ on the support) determines if participants
respond that a stimulus (or part) was present or not. We
fix the mean of the noise distribution to 𝜇𝑁 = 0 and vari-
ance of the noise distribution to 𝜎𝑁 = 1 without loss of
generality. Modellers often assume the variance of the sig-
nal distribution is equal to that of the noise distribution
(𝜎𝑁 = 𝜎𝑆 = 1) for computational simplicity and this as-
sumption provides an easier interpretation later. From
data, the mean of the signal distribution, 𝜇𝑆, and 𝑥∗ are
fit so that

∫
∞

𝑥∗
𝑓𝑆(𝑥)𝑑𝑥 = 𝑃(Respond Signal ∣ Signal)

and

∫
∞

𝑥∗
𝑓𝑁(𝑥)𝑑𝑥 = 𝑃(Respond Signal ∣ No Signal),

where 𝑓𝑆 and 𝑓𝑁 are density functions for the respective
distributions. A picture communicates the concepts more
efficiently (see Figure 4). Note, that the larger 𝜇𝑆 is, the
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more correct identifications occur and the better sensitiv-
ity is. The standardized distance between the means is re-
ferred to as sensitivity and is denoted 𝑑′. Let 𝐻 (hit) denote
𝑃(Respond Signal ∣ Signal Stimulus) and 𝐹𝐴 (false alarm)
denote 𝑃(Respond Signal ∣ No Stimulus). Then

𝑑′ = 𝑧(𝐻) − 𝑧(𝐹𝐴),
where 𝑧 denotes the z-score. Since we are already using the
word sensitivity to be inversely proportional to thresholds
from ℬ we can call this computation SDT sensitivity.

The SDT sensitivity can provide insight on the relation-
ships between functions ℬ𝑡,𝑠𝑖 and ℬ𝑡,𝑠𝑗 . [Jef18] conducted
an experiment with diagonal line stimuli (see Figure 3 for
example) presented for very short durations (50 ms) with
contrast level adjusted for each participant so that accuracy
in the identification task was 60%. There were two line
parts (line 1 at 45 degrees, referred to as 𝑙1 and line 2 at
135 degrees, referred to as 𝑙2) that provided for four stim-
uli (𝑙1, 𝑙2, 𝑙1 + 𝑙2, and blank). That study showed

• the probability of responding accurately in the
identification task when both diagonals were
present is lower than the product of probabili-
ties in single line presentations (inhibiting; non-
independence of orientation),

• SDT sensitivity decreased for each line part with
an increase in the number of parts, and

• higher correct “blank” responses than correct re-
sponses when a stimulus was presented.

The SDT decrease implies the probability of ℬ𝑡,𝑙1+𝑙2 or
ℬ𝑡,𝑙1 ≤ 𝒜(𝑙1) first is higher than the probability of ℬ𝑡,𝑙1+𝑙2
or ℬ𝑡,𝑙1 ≤ 𝒜(𝑙1 + 𝑙2) first. However, we’ve defined 𝒜 to
be the amplitudes corresponding to the Fourier decompo-
sition and since the study only considered simple stimuli,
𝒜(𝑙1 + 𝑙2) agrees with 𝒜(𝑙1) on the corresponding com-
ponents of 𝑙1. This may lead us to believe that either the
sensitivity functions are modulated by the exact stimulus
being presented, or the other sensitivity functions (one for
𝑙2 and one for “blank”) are winning the race model more
frequently for the 𝑙1+𝑙2 stimulus. In fact, the third finding
shows that the “blank” sensitivity is not negligible.

These results may appear to be at odds with the com-
plexity blob processing requirement, but they are not.
In [Jef18] the 𝑙1 + 𝑙2 stimulus was not correctly identi-
fied above chance (25%), in many cases being confused
with the “blank” stimulus, where nothing was shown. So
the discrimination threshold for that stimulus was not
reached to satisfy the complexity property. Concurrently,
for higher-contrast stimuli, many authors have shown ev-
idence that for longer display times, two oblique-angle
stimuli should act independently of one another (single
frequency [CK66] and line stimuli [Gil68]) and provide
higher accuracy and faster response times in discrimina-
tion tasks. We conjecture the following:

Conjecture 2. For small enough 𝑡, Blob processing is highly
sensitive to low-frequency stimulus content. That is, for all stim-

uli, ‖ 𝑑
𝑑𝑡
ℬ𝑡,𝑠(small 𝑓,−)‖ decreases as 𝑡 increases.

In another experiment from the same study, [Jef18] ran
the same identification task with a different set of stim-
uli. Two spatial frequencies were provided. For each fre-
quency, a sinusoidal radial stimulus was produced with
that frequency, one with 1 cycle (1c), and a second with 5
cycles (5c). A combination stimulus (1c+5c) and a “blank”
stimulus were also used (see Figure 3). These frequencies
have been largely agreed upon to be independent through
adaptation studies [DeV77], masking studies [KKS73], and
detection studies [GN71]. [Jef18] showed that SDT sensi-
tivity increased when going from the 5c stimulus to the
1c+5c stimulus, but not from the 1c stimulus. The study
concluded that there was a dominance effect of the 1c fre-
quency over the 5c stimulus in that participants were more
likely to respond that a stimulus was the 1c stimulus when
the 1c part was added to the 5c part. This study provides
some support for the second conjecture. Additionally, the
5c stimulus was often confused for the “blank” stimulus.

In a final experiment, participants were asked to identify
which of four stimuli were presented. Stimuli were Gabor
patches. The lower image in Figure 3 shows a Gabor patch,
a stimulus with alternating black and white linear patterns
at different orientations and frequencies. This task tests
the ability to simultaneously discriminate between orienta-
tion and frequency. [Jef18] found that stimulus frequency
discrimination was largely unimpaired by changes in ori-
entation, but low-frequency perception deteriorated sep-
aration of same-oriented stimuli. A model that could ex-
plain this observations is that the sensitivity functionsmay
have a uniform continuity constraint for a given 𝑡. The
observation that responses for a given stimulus have sys-
tematic confusions across dimensions can be explained by
sensitivity functions being more or less consistent across
bands of orientations and frequencies. A final conjecture
on sensitivity functions follows.

Conjecture 3. ℬ𝑡,𝑠 is uniformly continuous in 𝑓 and 𝑜 for each
𝑡. Further, ℬ𝑡,𝑠 is continuous in 𝑡.

While theremay be othermodels that explain the collec-
tive findings across these experiments, we have three con-
jectures that can be tested by other paradigms. Without
using mathematics, these disparate experimental results
would lack a unifying concept to organize and tie them to-
gether. Recall, that Figure 1 contained rectangular stimuli.
We now have a language and framework for describing the
“right” features of the stimuli for explaining varied accuracy
and reaction times. In Fourier space, the distance between
the stimuli in set 2 are larger than the distances between
stimuli in set 1. These distances may map directly to per-
ceptual distances and the sensitivity of rectangles is likely
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higher than that of squares due to the higher-frequency
content.

Open Questions
As a psychological construct, the blob processing model
provides a testable model for the concept of the blob. As
a mathematical construct, the simple functional approach
gives an intuitive and flexible base case.

To the degree possible, I encourage readers to consider
some open questions that I find interesting for this partic-
ular phenomena:

• The inner product as a similarity measure was left
undefined. When judging similarity is there a
more appropriate group structure or action that
captures behaviors?

• Are there topological properties inherent in the
surface of a stimulus sensitivityℬ𝑡,𝑠 that are indica-
tive of deficits or changes over time? Likewise, are
there topological properties applicable to similar-
ity space?

• This discussion avoided making claims about ℬ
outside of a particular range of frequencies and
orientations relevant to a stimulus. What would
changes in the support of ℬ do for SDT sensitiv-
ity?

There is research in this space that considers more com-
plex stimuli [TS22], and interested readers should con-
sider some of the citations in this notice as a good entry
point to the many viewpoints on the relationship between
spatial frequency and orientation (especially [VSG89]).
More generally, I encourage mathematicians to learn more
about the very diverse world of mathematical psychology.
There’s a a strong chance that a phenomena will fascinate
you, and there’s a guarantee that your expertise can be valu-
able in helping to describe the phenomena!
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