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Abstract

Recent work has documented striking heterogeneity in the performance of state-
of-the-art vision language models (VLMs), including both multimodal language
models and text-to-image models. These models are able to describe and generate
a diverse array of complex, naturalistic images, yet they exhibit surprising failures
on basic multi-object reasoning tasks — such as counting, localization, and simple
forms of visual analogy — that humans perform with near perfect accuracy. To
better understand this puzzling pattern of successes and failures, we turn to theo-
retical accounts of the binding problem in cognitive science and neuroscience, a
fundamental problem that arises when a shared set of representational resources
must be used to represent distinct entities (e.g., to represent multiple objects in an
image), necessitating the use of serial processing to avoid interference. We find that
many of the puzzling failures of state-of-the-art VLMs can be explained as arising
due to the binding problem, and that these failure modes are strikingly similar to
the limitations exhibited by rapid, feedforward processing in the human brain.

1 Introduction

Recent progress in training large-scale neural networks on internet-scale datasets has led to the
creation of Al systems with capabilities rivaling human performance across a broad range of complex
tasks. Most recently, this has given rise to an array of vision language models (VLMs), including
multimodal language models such as GPT-4v that can generate text descriptions of multimodal text
and image inputs [1]], and text-to-image models such as DALL-E 3 that can generate images from
natural language descriptions [24]. However, despite the considerable success of VLMs across many
tasks, these models still perform poorly on several surprisingly simple multi-object reasoning tasks —
such as counting [23| 125} 1401, relational image generation [/], relational scene understanding [[15}31]],
and simple visual analogy tasks [20, 38]] — on which humans achieve near perfect accuracy.

Drawing from theoretical work both in cognitive science and neuroscience, we turn to the binding
problem [9} 10} 129} 33| 136] as a potential explanation for these limitations. ‘Binding’ refers to the
ability to associate one feature of an object (e.g., its color) with the other features of that object (e.g.,
its shape and location), and the ‘binding problem’ refers to the question of how the brain accomplishes
this without interference between the features for different objects. It is widely recognized that the
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human visual system relies on serial processing to solve this problem, iteratively directing attention to
individual objects so as to avoid interference [28, 33]], and that binding errors arise when it is forced
to rely on rapid, parallel visual processing [[14,19,33]. For example, when human participants are not
able to effectively deploy serial processing (e.g., because attention is overloaded, or because speeded
judgments are required), they are susceptible to so-called illusory conjunctions (e.g., mistakenly
identifying a red square in an image that contains a green square and a red circle) [32].

In this work, we test the hypothesis that the failures exhibited by VLMs on multi-object reasoning
tasks are due to representational interference resulting from an inability to manage the binding
problem. We first investigate two classic tasks from the cognitive science literature, visual search [33]]
and numerical estimation [14}[19] (i.e., counting), finding that a wide range of VLMs (including 5
multimodal language models and 4 text-to-image models) exhibit stark capacity constraints similar to
those displayed by human observers when forced to make speeded responses. Importantly, although
these effects are more pronounced for scenes with more objects, they cannot be explained entirely as
a function of the number of objects in a scene. Instead, we find that performance is best explained
by the probability of interference given the specific distribution of features and their conjunctions
within a scene. Motivated by this observation, we develop a novel scene description benchmark that
systematically varies the likelihood of interference, finding that this quantity is highly predictive of
binding errors.

We also apply these insights to better understand the limitations of VLMs in visual analogy tasks,
introducing a simple input pre-processing technique to reduce the potential for representational inter-
ference. We show that this technique improves the performance of VLMs on the task, suggesting that
their original limitation on this task may be due to a more basic difficulty with processing multi-object
scenes, rather than an inability to process relations. Finally, we discuss the normative factors that
underlie the binding problem [2} 9] 22]], highlighting the role of compositional representations, which
are useful for generalization, but introduce the potential for interference when shared representations
are used to process multiple objects at the same time. We argue that, surprisingly, the binding
failures exhibited by VLMs imply the presence of compositional representations. Overall, these
results highlight the usefulness of cognitive science in helping to understand the limits of large-scale
generative models, and suggest the presence of a common set of principles that govern information
processing in both artificial systems and human cognition.

2 Visual Search

Extensive prior work in cognitive psychology has tested how people process scenes involving
multiple objects and under what conditions their performance degrades. These studies demonstrate
that performance is not driven solely by the number of objects present in a scene, but also depends on
the likelihood of interference among objects given the specific distribution of features and feature
conjunctions from which they are composed. This can be seen most directly in research on visual
search, where participants are typically tasked with identifying a specific object within a multi-object
array. A classic pattern of results arises from a comparison of two conditions: disjunctive and
conjunctive search [33]]. In disjunctive search (depicted on the left side of Figure[T), the array consists
of distractor objects that share one feature with the target (e.g., the distractors are all circles) but differ
in a second feature (e.g., the distractors are all red circles in the 2D task variant). Since one of the
feature values (the color green) is uniquely assigned to the target object, the distractors present little
interference and therefore task performance is invariant to the number of distractors. This condition
is therefore sometimes referred to as “popout” search, as the target immediately stands out from
the distractors, and the task can thus be performed rapidly without the need for serial processing.
Conversely, in conjunctive search (depicted in the middle of Figure[I)), there are two types of distractor
objects that each share one feature with the target (e.g., half of the distractors are red L-shapes and
the other half are green T-shapes). In this case, the target (a green L-shape) possesses no unique
feature that easily distinguishes it from the distractors, leading to a significant degree of interference
between the distractors and the target. One way to mitigate this is the use of serial search to identify
the target. This is suggested by ubiquitiously observed increases in reaction time as a function of the
number of distractors, as well as the observation that when participants are prevented from engaging
in serial search (e.g., by forcing participants to respond quickly), task performance degrades rapidly
as more objects are added to the scene.



Figure 1:Visual search tasks and resultsExample trials for the 2D (top) and 3D (bottom) variants

of the disjunctive (left/red column) and conjunctive (middle/blue column) search conditions. Perfor-
mance for 2D and 3D task variants are plotted on the right. Results re ect aggregate performance
for all four VLMs (GPT-4v, GPT-40, Gemini Ultra 1.5, and Claude Sonnet 3.5; see Supplementary
Figure 5 for separate model results). Error bars denote 95% binomial con dence intervals.

2.1 Methods

We tested the extent to which VLMs demonstrate similar capacity constraints to humans in visual
search tasks. We evaluated four multimodal language models — GPT-4v, GPT-40, Gemini Ultra
1.5, and Claude Sonnet 3.5 — on a task involving disjunctive and conjunctive search corffitéons.
generated datasets involving either 2D sprites or 3D scenes created in Bigjrdenilar to those

found in the CLEVR datasefilB]). The datasets were designed to evaluate the ability of the model to
detect the presence of a target object among multiple distractors. In half of the images, a target was
present, while in the other half, no target was present.

Each image contained between 4 and 50 distractors. For the disjunctive search task, these consisted
of non-overlapping red circles (for the 2D dataset) or green spheres (for the 3D dataset) of a uniform
size. Half of the images additionally contained a target object, which was a green circle (for the 2D
dataset) or a red sphere (for the 3D dataset). For the conjunctive search task, the 2D dataset consisted
of images in which the distractors were either red L-shapes or green T-shapes (randomly selected
with equal probability). Half of the images additionally contained a target object, which was a green
L-shape. The 3D dataset consisted of images in which the distractors were either green spheres or red
cubes (randomly selected with equal probability). Half of the images additionally contained a target
object, which was a red sphere. Each of the datasets (2D disjunctive, 2D conjunctive, 3D disjunctive,
3D conjunctive) contained 1000 images.

2.2 Results

We measured the performance of each model by calculating, for each condition, how detection
accuracy varied as a function of the number of distraétdfbe results indicate that performance in

the disjunctive search (i.e., popout) condition was perfect, and invariant to the number of distractors.
That is, regardless of the number of distractors, all models achieved perfect accuracy in this condition.

We also evaluated an open-source multimodal language model — Llava 1.5 — but performance was very low
for these tasks. These results are presented in Supplementary Figure 6.

2When studying visual search in human participants, a reaction time (RT) paradigm is typically employed,
measuring the time required to locate the target object. Because RT measures cannot be straightforwardly
obtained from VLMs, we instead measure accuracy, which is sometimes used in human behavioral studies that
employ speeded responses. [18]



In contrast, in the conjunctive search condition performance was inversely related to the number
of objects: for 5 objects, all models displayed an accuracy@#%, but as the number of objects
increased, performance dropped substantially. These results were consistently observed for both
the 2D (top panel of Figure 1) and 3D (bottom panel of Figure 1) datasets. These results were also
replicated in an alternative version of the disjunctive search task, in which target and distractor colors
were varied between trials (Supplementary Figure 7).

The results of these experiments suggest that multimodal language models demonstrate human-like
capacity constraints in their ability to perform visual search in multi-object settings. It is important to
emphasize that these capacity constraints are not driven solely by the number of objects present within
a scene. Like humans, these models demonstrate capacity constraints only in the task conditions that
are impacted by interference between the target and distractor objects, consistent with the hypothesis
that these capacity constraints arise as a consequence of the binding problem.

3 Numerical Estimation

To assess the generality of the human-like capacity constraints observed for VLMs in visual process-
ing, we investigated a simple numerical estimation task (i.e., counting) that has been widely studied
in cognitive psychology. Although human observers can precisely count a very large number of items
when allowed to explicitly process those items one at a time, their ability to rapidly estimate the
number of items in a display is subject to a severe capacity constraint. Studies have found that the
number of objects that can be reliably estimated without explicit serial counting (sometimes referred
to as “subitizing”) is somewhere between 4 and 8,[L7, 19, 27, 34]. To determine whether VLMs

are subject to similar constraints, we evaluated both multimodal language models (GPT-4v, GPT-40,
Gemini Ultra 1.5, Claude Sonnet 3.5, and Llava 1.5) and text-to-image models (Stable Diffusion Ultra,
DALL-E 3, Google Parti, and Google Muse) on a numerical estimation task involving variations

of both the number and type of objects. We found that VLMs, across a variety of stimulus and
model types, display strikingly similar quantitative capacity limits to those observed in human vision.
We also found that these capacity constraints were strongly affected by the variability of features
present in an image. This effect is consistent with the hypothesis that these constraints arise due to
representational interference: given that objects are represented with a shared set of representational
resources, greater feature variability leads to less overlap in the use of these resources, and therefore
less opportunities for interference and binding errors.

3.1 Methods

We generated datasets involving both 2D sprites and 3D objects, varying the number of objects per
image between 1 and 20. We explored four conditions with varying levels of feature entropy (i.e.,
feature variability): a low-entropy condition in which all objects in an image had the same color
and shape; two medium-entropy conditions in which all objects in an image had the same shape but
unique colors, or vice versa; and a high-entropy condition in which all objects in an image had unique
colors and shapes. We prompted the multimodal language models to describe the image and then
state the number of objects present in it. To test the text-to-image models, we generated a dataset
comprising 100 distinct categories, evenly split between common foods (50 categories) and animals
(50 categories). We tasked these models with generating images from each category, for which the
number of instances of each object ranged from 1 to 10. To assess their ability to generate images
with the exact number of objects requested, we conducted a human evaluation study. Participants
were asked to count and report the number of objects visible in each generated image. The collected
human judgments were then used to quantify the model's accuracy. See Appendix C for further
details on human evaluations.

3.2 Results

We measured performance by calculating, for each condition, how accuracy varied with the number
of objects present in the scene. The results indicated that, regardless of the type of stimuli used (2D
vs. 3D shapes, or animals vs. food), and across two fundamentally different types of vision language
model (multimodal language models and text-to-image models), VLMs displayed human-like capacity
limits (Figure 2). For both multimodal language models and T2l models, accuracy was very high for
scenes involving a relatively small number of objects (1-5), but dropped sharply for scenes involving



Figure 2: Numerical estimation tasks and results.Top left: Examples of images generated by
text-to-image (T2I) models for different numbers and categories of objects. Top right: Performance
of T2l models as a function of the number and category of objects. Results re ect an aggregate
of four models (Stable Diffusion Ultra, DALL-E 3, Google Parti, and Google Muse). Bottom left:
Examples of images (featuring either 2D or 3D objects) used to evaluate numerosity estimation.
Feature entropy was varied in four conditions (low entropy, high entropy, and two medium entropy
conditions). Bottom middle: Numerosity estimation results for four multimodal language models
(GPT-4v, GPT-40, Gemini Ultra 1.5, Claude Sonnet 3.5; see Supplementary Figure 6 for results
with Llava-1.5). Bottom right: Numerosity estimation results plotted as a function of the number of
objects in an image, aggregated across all four models (see Supplementary Figure 8 for individual
model results). Error bars for all plots re ect 95% binomial con dence intervals.

6 or more objects. Moreover, the multimodal language models exhibited performance consistent
with our hypothesis that capacity limits arise due to representational interference across objects
(i.e., the binding problem), with overall performance highest in the high-entropy condition (lowest
interference), lowest in the low-entropy condition (highest interference), and intermediate in between
these two extremes in the medium-entropy conditions. Though there are slight differences between
the capacity limits exhibited by these two classes of models, it is striking that they both fall within
the subitizing limit of human vision, especially when considering the signi cant differences in both
architecture and training procedures. Furthermore, the effect of feature entropy on these capacity



	Introduction
	Visual Search
	Methods
	Results

	Numerical Estimation
	Methods
	Results

	Scene Description
	Methods
	Results

	Visual Analogy
	Methods
	Results

	Discussion
	Limitations & Future Directions

	Acknowledgements
	Appendix: Supplementary Figures
	Appendix: Prompts for Vision-Language Model Experiments
	Numerical Estimation
	Visual Search
	Scene Description
	Relational Match to Sample (RMTS)

	Appendix: Human Evaluations
	Appendix: Computational Resources

