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Data Synthesis of Complex Spatial
Relationships for Visual Reasoning

Hughes, J. Tyler Michael, Chris J.
August 29, 2023

Abstract

Visual reasoning for classifying spatial relationships has become a
popular topic of research in recent machine learning studies. Simple
spatial relationships (SSRs), or spatial relationships between two ob-
jects, are often well represented in visual question answering (VQA)
datasets used for training visual reasoning models. Complex spatial
relationships (CSRs) however, or spatial relationships that are com-
binations of SSRs, are not generally well represented due to the ran-
domness of object layout during dataset generation. One such dataset,
CLEVR, is the inspiration for many recent VQA datasets. By intro-
ducing a CSR called the aligned relationship, the research presented
here seeks to improve on the limitation of these datasets with a model
that parameterizes stochastic object placement. This model aids in
VQA dataset generation by allowing control of the probability that
CSRs will be expressed. Working with the CLEVR generation tool,
this work also shows that datasets generated with certain distribu-
tions of these probabilities can be used to improve visual reasoning
models.

1 Introduction

Distinguishing spatial relationships is among one of the most important clas-
sification tasks in recent visual reasoning research. A popular visual question
answering (VQA) dataset called CLEVR now represents a baseline for test-
ing many visual reasoning models [1]. This dataset, generated by a custom
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tool, comprises 3D scenes of simple but distinguishable geometric shapes
and the associated questions about their attributes and spatial relationships.
CLEVR, and the many datasets inspired by CLEVR, only express simple
spatial relationships (SSRs), or how the location of a single object relates to
another [2-9]. The randomness of the object layout allows CLEVR to ex-
press all possibilities of SSRs, but not specific complex spatial relationships
(CSRs), or those being combinations of SSRs. Due to the uniform random
distribution of object positions, the generator does not adequately create
realistic scenarios where many CSRs consistently emerge.

To improve on this limitation, we present a model that parameterizes
stochastic object placement so that the probability of a specific CSR existing
can be controlled via a single adjustable parameter called the miz value. The
model employs an optimization technique called a genetic algorithm (GA) to
locate optimal parameters for the object placement algorithm such that the
mix value best approximates the probability of the existence of the CSR .
To implement this model, we introduce the aligned relationship, a CSR that
describes whether a set of objects are approximately collinear. By integrat-
ing the model with CLEVR, we also demonstrate diversity modeling, or the
process of representing certain distributions of mix values called demograph-
ics. We finally show how diversity modeling can be used to improve the
effectiveness of visual reasoning models.

2 Background

2.1 Complex Spatial Relationships

Formalized by Freeman in 1975, the term spatial relations denotes how ob-
jects in scenes are located relative to others [10]. The author gives a list of
irreducible labels to describe these relationships. Examples include “left of”,
“right of”, “above”, “below”, etc. The labels simply describe how a single
object relates to another object. For the purpose of this study, relationships
like these are referred to as simple spatial relationships (SSRs) to distinguish
from complex spatial relationships (CSRs), or combinations of these simple
spatial relationships.



2.2 CLEVR

Visual question answering (VQA) is a visual reasoning problem in which a
computer visual model answers questions associated with given images [11].
The VQA dataset CLEVR introduced by Johnson et al. is used as a baseline
for many recent visual reasoning models [1]. This dataset was generated by a
tool that creates 3D scenes and visual reasoning questions [12]. The authors
of CLEVR also implemented visual reasoning models to test the dataset, with
the best performing of these being a CNN+LSTM followed by an iteration
of spatial attention (CNN+LSTM+SA) [13, 14].

To create a scene in the dataset, the generator places a number of objects
represented by geometric shapes, each with random attributes, in random,
non-intersecting positions on a 3D plane. Randomized object attributes in-
clude shape, color, material, and size. A sample scene is shown in Figure 1.

Figure 1: A sample scene created with the CLEVR generator tool.



The generator then creates questions and answers about the scene from a
template based on these attributes and the relationships between the objects.
It generates questions of the following types: simple queries, comparisons,
existence queries, and counts (e.g. “How many metal things are there?”,
“What shape is the object to the left of the blue sphere?”). All questions
involving spatial relationships only refer to SSRs. The tool then converts the
questions to machine-readable representations for model training.

2.3 Genetic Algorithms

The genetic algorithm (GA) is a heuristic approach designed to optimize a
set of parameters to approximate a solution for a given problem [15]. It
loosely simulates biological evolution through natural selection and genetic
drift. A GA begins with an initial population of individuals, often called
chromosomes, each containing information that corresponds to a set of pa-
rameters. The population is usually generated at random. The chromosomes
are quantified with a fitness value according to how well they solve the prob-
lem. Constraints, usually related to the fitness values, are set to stop the GA
from continually running. Processes such as genetic crossover and mutation
are repeated on the population until a resulting chromosome satisfies the
constraints.

A Dbasic iteration of the GA is illustrated as follows: Pairs of best fit
chromosomes, or those having the highest fitness, are selected to be par-
ents of offspring. Each parent passes on a portion of its information in a
process called genetic crossover. The resulting offspring replace the least fit
chromosomes. Some chromosomes are then subjected to mutation, randomly
changing a portion of their information. This all repeats until the constraints
are reached.

Continually replacing the least fit chromosomes causes an overall loss
of information in the population, and subsequently, a decrease in diversity.
This can result in premature convergence to a local minimum. Mutation
helps to mitigate this, but is often insufficient. To further preserve diversity,
a modified GA called the island model [16] maintains multiple populations
representing islands, and allows gene flow to occur between pairs of popula-
tions. This is done by migrating a random chromosome from each island to
a neighboring island after each GA iteration.



3 Implementation

With the existing visual reasoning datasets, the positions of objects in scenes
assume a uniform random distribution. This makes it difficult to sufficiently
capture CSRs since they are not often expressed in these datasets. The ap-
proach presented in this paper demonstrates the capability to generate CSRs
in the following way. First, the aligned relationship CSR is implemented that
describes whether a set of objects is approximately collinear. Then a model
is presented to reduce aligned relationships into a single scalar parameter
called the miz value. Finally, the CLEVR generator tool is modified to cre-
ate demographics, or datasets generated from distributions of mix values to
improve visual reasoning model effectiveness.

3.1 Aligned Relationships

For this work, we introduce a specific CSR called the aligned relationship
that describes some level of collinearity of a set of objects. We define a set of
at least three objects as aligned if all objects are collinear within a specified
threshold distance. That is, the set must contain at least three objects and
must contain objects that are all within the threshold distance of a straight
line, called the benchmark line.

To determine if all objects are within the threshold distance, connecting
lines are formed between every pair of objects. From each connecting line,
the perpendicular distance from every object not on the line must be less
than the threshold distance. An example line is drawn connecting the two
blue objects in Figure 2.

3.2 Model for Complex Spatial Relationship Represen-
tation

The CLEVR generator positions objects in a scene according to a uniform
random distribution. The likelihood of aligned relationships emerging out
of uniform randomness is very small. Ideally, the probability that a gen-
erated sample contains aligned relationships is controlled via an adjustable
parameter, the miz value x € [0.0,1.0]. The mix value represents a stochastic
parameterization of object layout with lower values leading to placement that
tends less towards misalignment and higher values tend more towards mis-
alignment. Thus, the mix value x = 0.0 (Figure 3a) represents the highest



Figure 2: An example connecting line (black) joining the two blue objects, showing perpendicular lines
(orange) and an example threshold distance (red). No objects fall within the threshold distance.



confidence that objects will be aligned, while + = 1.0 (Figure 3d) repre-
sents the highest confidence that objects will be not aligned. Subsequently,
x = 0.5 (Figure 3b) represents the boundary case between aligned and not
aligned, where small disturbances of object positions could change classi-
fications. Scenes generated with other mix values, i.e. x = 0.75 shown in
Figure 3c, are generally more or less aligned depending on whether x is closer
to 0.0 or 1.0, respectively.

(a) (b)

(c) (d)
Figure 3: Scenes showing an aligned relationship generated with mix values « = 0.0 (a), z = 0.5 (b),
z =0.75 (¢), and z = 1.0 (d).

To represent aligned relationship strength with a single scalar parameter,
the model first creates a perfectly aligned scene called the initial state. In
this scene, the centers of all objects lie on a random benchmark line. Each
scene object is then translated by a random variable Y called the disturbance
amount in a direction perpendicular to the benchmark line. Examples of this



are represented by the orange arrows in Figure 2. Disturbing each object by
any amount increases the likelihood of the scene not being aligned. With
Y being large enough, the object positions should approximate a uniform
random distribution, resulting in a scene that is almost always not aligned,
called the uniform random state.

Notice that x is directly proportional to the likelihood of scenes not pos-
sessing the alignment relationship. For example, with x = 0.75, a generated
dataset should contain not aligned scenes 75% of the time and aligned for
the remaining 25%. When 2 = 0.0, scenes from the dataset should resem-
ble the initial state. Therefore, Y should be minimal. Conversely, scenes
generated from x = 1.0 should approximate the uniform random state, so
Y should be very large. The relationship between x and Y is modeled by
the parameterized normal distribution N:

Y ~ N(0.0,v(x)), (1)

where Y is the disturbance amount and N is a normal probability distribution
with mean 0.0 and a parameterized variance v(z). The variance v(x) is a
function of the mix value x. With a very small variance, i.e. near zero,
generated scenes should be aligned, while a much larger variance should
produce not aligned scenes. Thus, = should be proportional to v(z) and
subsequently, the probability of scenes being not aligned. In our testing, the
following nonlinear variance function performed best:

v(x) = pox™ + paa®?, (2)

where pg, p1, p2, p3 are unknown constants called the variance parameters.

3.3 Genetic Algorithm for Placement Parameteriza-
tion

The variance parameters in Equation 2 are selected such that a given x
approximates the probability of scenes being not aligned. Let there be a
set P = {po,p1,p2,p3} that best approximates this probability for any z.
Locating these values necessitates an optimization technique.

To find P, we used the island model genetic algorithm described in Sec-
tion 2.3. This was run for 2,000 iterations over nine populations, each con-
taining 400 chromosomes. There are a total of 9 x 400 = 3600 chromosomes,
therefore each one corresponds to a set of variance parameters P,, where
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n € [0,3599]. Since we know that the fraction of negative samples gener-
ated by the model should approximate a given mix value, the fitness of each
chromosome can be quantified by this approximation. To do this, a set of
mix values x € M is tested by generating a number of samples for each x
and comparing against the resulting fraction of negative samples f. It is
computationally expensive to test a large number of mix values, so we limit
the number tested. If we let the set M = {0.0,0.01,0.02,0.03,...,1.0}, then
the fitness corresponds to the mean accuracy for f approximating all z € M.
To calculate this, we first define the mean relative error for f approximating
all z € M as

1 lf-a
=2 @)
zeM
1

where 157 is derived from the cardinality of M. It follows then that the

accuracy, and thus the fitness, is

1 |f —
F=1-E=1-—Y ¥~ 4
101erM x )

Selecting the highest fit chromosome gave us the set of variance parame-
ters P = {0.273,10.911,0.531,29.320}. Substituting in for Equations 1 and 2,
a disturbance amount Y sampled from the resulting parameterized normal
distribution N is given as:

Y ~ N(0.0,0.2732'09M 4 0.53122%3%0), (5)

with mean 0.0 and parameterized variance v(z) = 0.273z1%91 4 0.531229-320,

3.4 Data Diversity Model for Training Complex Spa-
tial Relationships

Since a uniform random distribution of objects in a synthetic dataset does not
adequately express aligned relationships, we show how certain distributions of
mix values allows us to better train visual learning models through a process
called diversity modeling. This involves selecting a demographic, or a dataset
D generated from a set of mix values x € D, where each x is sampled from a
probability distribution. We hypothesize that for a particular visual learning
model, an optimal training demographic exists. Some example demographics



are presented here, being named according to how each x is sampled. For
example, each x in the uniform demographic, denoted as Dy form, is sampled
from a uniform random distribution. Here, all mix values are nearly equally
expressed. Similarly, the normal demographic, denoted as D,,ormar, is sampled
from a normal distribution. The binary demographic, Dyinary, models the
strongest representations of aligned and not aligned by sampling near z = 0.0
and z = 1.0. A comparison between D,;form and Dyorma is illustrated in
Figure 4.

Uniform, Normal Demographics for 10,000 Samples

MNumber of scene
e 0 -
N n

-
=]
=]

1 2 0.3 0.4 0.5 0.6 0.7 0.8 0.2 1

Mix value

—— Uniform ——MNormal

Figure 4: Example demographics of 10,000 scenes for uniform and normal.

4 Experimental Design

To test the diversity model, the CLEVR generator tool was updated to create
aligned relationships using the model presented in Sections 3.2 and 3.3. The
question generation template was changed to questions that only concern
object alignment. Some restrictions were set to simplify the visual reasoning
model scope: (1) five objects per scene, (2) all objects are small, (3) all objects
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are comprised of the rubber material, and (4) three color possibilities. Sample
scenes generated from the modified tool are shown in Figures 2 and 3.

Datasets for the uniform, normal, and binary demographics described in
Section 3.4 were created using the modified generator. For each demographic,
11 cumulative training datasets and one testing dataset were generated. The
cumulative training datasets were created with an initial dataset of 4,000
samples, and then repeatedly concatenating 2,000 samples for each subse-
quent dataset, up to 24,000 samples. Each testing dataset contained 8,000
samples. Using the CNN+LSTM+SA visual reasoning model implemented
by the CLEVR authors, we trained eleven models for each demographic, one
on each of the cumulative training datasets [13]. Each model was trained for
75,000 epochs, and then evaluated on all testing data.

5 Results

Data from the experiment detailed in Section 4 are shown in Table 1. The
accuracy for each model is listed by the model’s training demographic (Col-
umn 1), the testing demographic (Column 2), and the number of training
samples used for the model (Columns 3-13). For example, the model trained
on 4000 normal demographic samples and tested on the normal demographic
had an accuracy of 71%. Note that at sample sizes of 8000, 10000, and 18000,
some accuracies are not shown. These models did not converge for a reason
unknown at this time, so they were not included.

Train Test Number of Samples

Demo. Demo. 4000 6000 8000 | 10000 | 12000 | 14000 | 16000 | 18000 | 20000 | 22000 | 24000
Normal 0.7122 | 0.7444 | 0.7486 | 0.7668 | 0.7754 | 0.7826 | 0.8018 | 0.7979 | 0.8071 | 0.8087 | 0.8101
Uniform | Normal | 0.6677 | 0.7232 0.7594 | 0.7737 | 0.78 | 0.7808 | 0.7854 | 0.794 | 0.7953
Binary 0.6904 | 0.7317 | 0.735 | 0.7297 | 0.7438 | 0.7383 | 0.7562 0.753 | 0.7498 | 0.7391
Normal 0.7625 | 0.7583 | 0.7832 | 0.8094 | 0.8152 | 0.8313 | 0.8344 | 0.8482 | 0.835 | 0.8507 | 0.8549
Uniform | Uniform | 0.7168 | 0.7734 0.8091 | 0.8164 | 0.8294 | 0.8312 | 0.842 | 0.8444 | 0.8448
Binary 0.7511 | 0.7845 | 0.7927 | 0.7983 | 0.8133 | 0.814 | 0.8261 0.8209 | 0.8211 | 0.8218
Normal 0.7862 | 0.8133 | 0.8319 | 0.8406 | 0.8495 | 0.8636 | 0.8735 | 0.8589 | 0.8812 | 0.8863 | 0.8853
Uniform | Binary | 0.7639 | 0.8081 0.8443 | 0.8584 | 0.8606 | 0.8614 | 0.8839 | 0.8769 | 0.8885
Binary 0.77 | 0.8307 | 0.8516 | 0.8563 | 0.8826 | 0.888 | 0.8827 | 0.9033 | 0.8978 | 0.8869

Table 1: Percent of correct classification of aligned or not aligned objects for each demographic evalued
on all demographics.

Of the models tested on the normal demographic, the normal models

consistently resulted in the highest accuracies. In these experiments, the
normal models tended to reach higher accuracies with less training data
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than the others. For many sample sizes, the normal models perform as well as
others trained with more samples. When tested on the uniform demographic,
most of the normal models performed best, except for those at sample sizes
6000, 8000, and 22000. When tested on the binary demographic, the binary
models were the most effective in all comparisons but 4000 and 24000.

Intuitively, a model of a specific demographic would perform best on test-
ing data of the same demographic. However, this is not necessarily the case
as shown with the uniform testing demographic. This may be explained by
the normal demographic having different proportions of samples near cer-
tain mix values. Compared to uniform, it has significantly smaller sample
sizes near x = 0.0 and x = 1.0, while it has many more boundary cases
near x = 0.5. This can be seen in Figure 4. In general, boundary cases
are more difficult to classify since these CSRs can be more ambiguous. The
normal models train with more boundary cases than the other demographics,
suggesting that boundary cases may carry more weight for training.

In two cases with the uniform training demographic, the normal mod-
els do fall behind: sample sizes 6000 and 20000. These particular models
are also exceptions to the overall positive trend in accuracy for the normal
demographic. During training, they converged much slower than the other
normal models. As with the non-converging models, the cause is unknown.

The binary testing demographic only shows extreme examples of aligned
or not aligned cases, while the normal and uniform demographics have sig-
nificantly less of these examples. The inclusion of boundary cases during
training does not seem to be as beneficial for classifying this demographic.

6 Future Work

The models presented in this paper demonstrate that some demographics
may better train visual learning models. The next step is compare these
demographics against a baseline dataset, or one that has uniform random
object positions. We also need to identify the source of the convergence
issue. Furthermore, we will run new tests with these models to determine
whether our claims are supported when applied to real-world situations.
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