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Abstract: Visual knowledge is a new form of knowledge representation that can encapsulate visual concepts and
their relations in a succinct, comprehensive, and interpretable manner, with a deep root in cognitive psychology.
As the knowledge of the visual world has been identified as an indispensable component of human cognition and
intelligence, visual knowledge is poised to have a pivotal role in establishing machine intelligence. With the recent
advance of artificial intelligence (AI) techniques, large Al models (or foundation models) have emerged as a potent
tool capable of extracting versatile patterns from broad data as implicit knowledge, and abstracting them into an
outrageous amount of numeric parameters. To pave the way for creating visual knowledge empowered Al machines
in this coming wave, we present a timely review that investigates the origins and development of visual knowledge in
the pre-big-model era, and accentuates the opportunities and unique role of visual knowledge in the big model era.

Key words: Visual knowledge; Artificial intelligence; Foundation model; Deep learning

https://doi.org/10.1631/FITEE.2400250

1 Introduction

The concept of visual knowledge (Pan, 2019)
was recently proposed as a new form of knowl-
edge representation that differs from the traditional
ones used or learned by symbolic and sub-symbolic
artificial intelligence (AI) approaches (e.g., knowl-
edge graph, handcrafted image descriptors, and dis-
tributed visual representations). Drawing on cogni-
tive studies (Anderson, 2005) of human mental im-
agery, which enables us to manipulate visual entities
in our mind, the visual knowledge theory posits that
next-generation Al needs to fully express visual con-
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cepts and their attributes (e.g., shape, structure, mo-
tion, and affordance), as well as reason about their
transformations, compositions, comparisons, predic-
tions, and narrations, through a unified, abstract,
and interpretable form of representation.

After the emergence of large language models
(LLMs) like GPT-3 (Brown et al., 2020), the field
of natural language processing has experienced re-
markable advancements: traditional “narrow” lan-
guage models that are trained to perform specific
tasks in a single domain are giving way to highly
sophisticated and versatile language models that are
trained on a vast corpus of unlabeled textual data
that can be used for different language tasks across
domains. Like GPT for natural language process-
ing, the recent work known as the segment anything
model (SAM) (Kirillov et al., 2023) ushered the field
of computer vision into the era of visual founda-
tion models—by training on >1 billion segmentation
masks in >11 million natural images, SAM shows the
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promise of a broad applicability to various image seg-
mentation tasks, without re-training or fine-tuning
as previously needed. With incredible speed, large
models are revolutionizing Al field and transforming
the landscape of scientific research.

Albeit the unprecedented progress, it is becom-
ing increasingly evident that large Al models still
suffer from several deficiencies that compromise their
reliability and efficacy. Chief among these is their
pronounced opacity, which poses great challenges for
trust, accountability, and effective debugging, as well
as their insatiable demand for data and computa-
tional resources, leading to both ethical and envi-
ronmental concerns. These limitations are inherited
from their rudimentary predecessors but exacerbated
by their heightened sophistication and scale. Com-
pounding these concerns, large Al models are suscep-
tible to generating nonsensical or unfaithful content,
known as “hallucination,” exposing their inherent bi-
ases, lack of real-world understanding, and weakness
in generalizing or reasoning beyond their scope.

Considering the appealing advantages of visual
knowledge in terms of expressive and interpretable
representation, manipulation, and reasoning of vi-
sual concepts, it is probably fair to assume that
a deeper understanding and development of visual
knowledge can (at least in part) alleviate the weak-
nesses of big Al models. On the other hand, given
the tremendous success of big Al models and the sig-
nificant challenges of visual knowledge acquisition, it
appears to be apparent that future endeavors should
be made to develop specific techniques that seek to
build visual knowledge with the aid of large-scale sta-
tistical learning. These are the considerations that
give rise to the work presented here. In this work,
we delve into early theoretical and methodological
investigations of visual knowledge, and demonstrate

that the key insights provided by visual knowledge
studies shed new light onto the increasingly promi-
nent role of trust, interpretability, and accountability
in the ongoing AI revolution sparked by big mod-
els. Moreover, we identify promising directions for
the creation of more powerful Al systems that har-
ness the synergies between visual knowledge and big
models to overcome the weaknesses of each other. It
also turns out that the development of new, deeper
forms of visual knowledge at a large scale charts the
course for next-generation Al (Pan, 2020; Yang Y
et al., 2021).

The following sections are organized as follows
(Fig. 1): we first briefly introduce the origin and the-
ory of visual knowledge (Section 2). Subsequently,
we systematically categorize the latest advances in
visual knowledge based on a taxonomy from four
different perspectives, including visual concept, vi-
sual relation, visual operation, and visual reasoning,
which are key elements and characteristics of visual
knowledge (Section 3). Based on the analysis of the
research situation of visual knowledge, we outline a
series of promising directions that can act as a com-
pass for future explorations of visual knowledge in
the imminent age of big models (Section 4). Section 5
concludes this work. We hope our efforts in this pa-
per can bring together computer vision, graphics,
and machine learning communities as well as the in-
dustry to advance a further development of visual
knowledge, and inch the level of general intelligence
in machines closer to that of humans.

2 Visual knowledge: origins and defini-
tions

To facilitate a comprehensive understanding of
visual knowledge theory, in this section, we discuss
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its cognitive foundations (Section 2.1) and core defi-
nitions (Section 2.2).

2.1 Origins

The theory of visual knowledge (Pan, 2019) did
not appear “out of the blue.” Rather, its roots extend
deeply into the realm of cognitive psychology.

1. The significant role of visual signals in infor-
mation processing of human brain. Our knowledge of
the world is not solely derived from textual and ver-
bal material, but also from the visual perception of
the real environment. Pioneering research in cogni-
tive and biological psychology (Milner and Goodale,
2006) has revealed that nearly half of our cerebral
cortex is dedicated to processing visual stimuli. In
addition, the human brain processes images 60 000
times faster than processing text, and 90 percent of
information transmitted to the brain is visual. These
statistics suggest that the human brain places a high
value on visual information over any other type of
information.

2. Visual memory: capacity, function, and rep-
resentation of the stored content. Recent cognitive
research also provided strong evidence that the hu-
man memory for pictures is much better than that for
sounds (Bigelow and Poremba, 2014). Human visual
memory is ubiquitous in daily life and closely links to
many high-level cognitive functions, such as mental
imagery (the ability to create an image in mind in
the absence of sensory input). Visual memory, active
(i.e., visual working memory) or passive (i.e., visual
long-term memory), holds and recalls visual infor-
mation in mind, making it accessible and manipu-
lable in support of ongoing cognitive tasks. Rather
than solely concentrating on the capacity and cogni-
tive function of visual memory, cognitive psycholo-
gists endeavored to explore the representation of the
content stored in visual memory. Shepard RN and
Feng (1972), Moyer (1973), Kosslyn et al. (1978), and
Shepard S and Metzler (1988) conducted a series of
experiments showing that visual memory representa-
tions, in contrast to verbal memory representations,
support a variety of mental manipulations, including
rotation, folding, scanning, and analogizing. Cog-
nitive psychologists also found evidence suggesting
that the structure of visual memory representations
can be thought of as hierarchically organized (Brady
et al., 2011).

3. Interactions among perception, visual mem-

ory, and human knowledge. Compared with ver-
bal memory, which is primarily processed in the left
hemisphere, visual memory tends to be more bilat-
eral. Visual memory can be episodic (i.e., memory of
visual events or experiences that have a specific time
and place), but it can also be semantic (i.e., mem-
ory of general facts or visual concepts that are not
tied to a specific context). Human store knowledge
about most items in the real world and there is clear
evidence that the representation of content in visual
memory is not just a straightforward recording of
sensory input but depends upon our past experience
and our stored knowledge (Brady et al., 2011). Here
it is necessary to make the distinction between visual
memory and human stored knowledge. Visual mem-
ory refers to the ability to remember visual informa-
tion that was seen previously. Thus, visual memory
is the storage and subsequent retrieval of perceived
visual information. Stored knowledge refers to the
preexisting representations that underlie our ability
to recognize and understand visual input. For ex-
ample, when we first view an image, say of an or-
ange, stored knowledge about the visual form and
features of oranges in general enables us to recognize
the object as such. Later, if we encounter another
picture of an orange, visual memory enables us to
decide whether it is exactly the same orange we saw
previously. Thus, specific items for which we have
expertise, like faces, are represented with more fi-
delity (Scolari et al., 2008), while general concepts
are represented after statistical regularities (Brady
et al., 2008). Cognitive research has also shown that
our stored knowledge can modulate how we form
and use mental images and visual memory, and our
knowledge and visual memory can affect how we per-
ceive and attend to visual stimuli.

4. Proposal of the visual knowledge theory. The
aforementioned cognitive studies evidenced the close
and complex relations between visual information
processing, visual memory, and human knowledge:
the information gleaned from visual experiences sup-
ports many cognitive functions (such as visual mem-
ory and mental imagery) as well as the construction
of our knowledge; such knowledge, in turn, shapes
visual memory, influences perception, and greatly
facilitates our understanding of the world around
us. Taking all these into consideration, a plausible
argument can be made that one of the shortcom-
ings of existing Al research is the scarcity of studies
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concerning human mental representations of visual
items. The theory of visual knowledge (Pan, 2019)
is thus arising to fill in such a gap.

2.2 Definitions

Basically, our visual knowledge is stable mental
representations of visual objects and the commonal-
ities in the inherent rules among various tasks. They
are abstracted from our visual experiences and mem-
ory, and retained in our mind. They enable us to
remember, imagine, and reason about the world and
accomplish targeted tasks. Neuropsychological in-
vestigations have also revealed some characteristics
of our mental representations of visual objects:

1. the ability to capture the typical attributes
of visual objects, such as their shapes, sizes, colors,
and textures;

2. the ability to describe the static and dynamic
relationships between visual objects, such as rela-
tive positions, actions, velocities, and temporal se-
quences;

3. the ability to perform spatio-temporal op-
erations over visual objects, such as transforming
shapes, actions, and scenes, making analogies and
associations, and predicting future outcomes;

4. the ability to engage in reasoning, such as
analogizing, inducting, and deducing new tasks,
combining existing concepts to form new concepts,
and generalizing from anomalous samples.

Visual knowledge is not just an abstract rep-
resentation of visual objects, but involves an active
and generative process that supports various cogni-
Hence, one of the core insights of the
visual knowledge theory is that AI systems should
develop and use visual knowledge in a similar way.

tive skills.

Specifically, visual knowledge (Pan, 2019), as
a new form of knowledge representation, is con-
structed as a combination of four essential com-
ponents, namely visual concept (Section 2.2.1), vi-
sual relation (Section 2.2.2), visual operation (Sec-
tion 2.2.3), and visual reasoning (Section 2.2.4).
With these key components, visual knowledge can
enable Al systems to comprehensively describe, ro-
bustly recognize, and reason about visual items and
solve tasks.

2.2.1 Visual concept

A visual concept is a category of visual objects
that share some common features. The visual knowl-
edge theory holds that a visual concept is defined
by prototype and scope. When thinking of a visual
concept, such as apple, we form a mental set of im-
ages that represent the most common or typical fea-
tures/attributes of that concept. These images are
called prototypes, serving as the basis for generating
or recognizing any variation of that concept. For in-
stance, we might have prototypes of apples that are
red, green, or yellow, and those that are round, oval,
or heart-shaped. Based on these prototypes, we can
imagine or identify any apple that has similar fea-
tures, even if it is not exactly the same as any of
the prototypes. However, apples do not look exactly
the same; some might be lighter or darker, bigger
or smaller, smoother or rougher than others. How-
ever, there exists a limit or boundary to how much
an apple can deviate from the prototypes and still
be considered an apple. If the shape or color is too
different, it might belong to another visual concept,
such as pear or watermelon. The range of varia-
tion that is acceptable for a category is called scope.
Shapes and colors within the scope are considered
part of the category of apples, but shapes and colors
outside it are not (Fig. 2).

) O

Prototype

a2 ©
Scope A

Fig. 2 Illustration of prototype- and scope-based vi-
sual concept representation. Here we show three vi-
sual concepts, namely pear, apple, and watermelon

The idea of using prototypes to represent visual
concepts is in line with the classic prototype theory,
which in large part owes its beginnings to Rosch and
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Mervis (1975), and has gained widespread recogni-
tion in cognitive science and other fields. The pro-
totype theory provides an important theoretical ac-
count of cognitive categorization. It posits that a
category of things in the world (objects, animals,
shapes, etc.) can be represented in the mind by a
prototype. A prototype is a cognitive representa-
tion that captures the regularities and commonalities
among category members. According to the proto-
type theory, objects are classified by first comparing
them to the prototypes stored in the memory, evalu-
ating the similarity evidence from those comparisons,
and then classifying the item in accord with the most
similar prototype. Formally, let X be the data space
and Y={y1,y2,...,yc} a set of C categories. Given
a data instance * € X, a prototype classification
model assigns it to the class y € ) with the closest
prototype:

y:argminycey<vac>, c=1, 27 Tty C? (1>

where () is a distance measure, p. refers to the
prototype of category y., and a certain dimension of
x (p) encodes a specific salient attribute. This novel
prototype view has enabled researchers to develop
many computational models for categorization, in-
cluding the famous k-nearest neighbors (k-NN) and
nearest centroids (Fix and Hodges, 1952; Cover and
Hart, 1967). These prototype models differ mainly in
how the prototypes are derived. For instance, the k-
NN algorithm treats the k-nearest neighbors of the
data samples as prototypes, while the nearest cen-
troids algorithm considers the centroid, or average,
of each category as the prototype.

In general, prototype theory is well-suited to
explain the learning of many visual categories with
a strong family-resemblance structure. However, the
prototype theory lacks the notion of scope, making
it less tolerant to intra-class variance.

From a statistical perspective, the use of proto-
type and scope to describe category is essentially to
capture the form or structure of the data distribu-
tion p(x|y), i.e., how the data samples of a certain
category look like. Hence, the computational model
of visual concept based categorization is a generative
classifier, which estimates the conditional probabil-
ity of a label given an input, and then uses Bayes’
rule to assign the most likely label (Mackowiak et al.,
2021):

p(y)p(zly)
ey PO)p(xlye)”

plylz) = D (2)

Unlike discriminative classifiers, which directly
map inputs to labels without explicit modeling of
data distribution, generative classifiers are more dif-
ficult to train, because they have to model more as-
pects of the data (Liang et al., 2022a). This par-
tially explains the challenges of constructing visual
knowledge.

2.2.2 Visual relation

The term “visual relation” in visual knowledge
theory denotes the connections and interactions that
prevail among visual concepts, which are pivotal in
navigating the complex landscape of visual cogni-
tion. Humans harbor an extensive repository of
knowledge pertaining to the attributes of visual ob-
jects, a repository that transcends the mere intrinsic
properties of these objects, such as color, shape, and
texture, to include the relational properties interlink-
ing them. These encompass their relative position-
ing, semantic dependencies, and affordances, which
collectively constitute the relational properties, or
visual relations. These relational properties, or vi-
sual relations, are amenable to categorization into
distinct classes, each illuminating different facets of
visual cognition.

1. Geometric relations: These relations delin-
eate how objects or concepts are interconnected
based on their spatial configurations and geomet-
ric constructs, such as their relative position, direc-
tion, distance, intersection, alignment, parallelism,
and perpendicularity (Fig. 3a). Such relations facil-
itate an understanding of the structure and organi-
zation of objects within the environment, and unveil
the inherent harmony and order of nature and art.
For example, the kernels in an apple are located at its
center. Similarly, our knowledge about the human
face is not only the occurrence of eyes, nose, mouth,
and ears, but also the precise spatial arrangement of
those key facial elements (Fig. 3b).

2. Temporal relations: These relations, while
not always directly visual, enrich visual knowledge
by marking the sequence or timing of events and
transformations within a visual scene over time. For
example, temporal relations can describe the pro-
gression of actions, such as “before,” “after,” and
“during,” which are instrumental in comprehending
the dynamics of environments and activities. Fig. 4
shows the 13 base temporal relations defined by Allen
(1983).
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(@)

Fig. 3 Illustration of geometric relations: (a) spatial
configurations and geometric constructs of different
kinds of furniture; (b) spatial arrangement of key fa-
cial elements

Relation lllustration Interpretation
Before (A before B) A A occurs completely before B
After (B after A) B B occurs completely after A
. . A A occurs completely within B, with B
During (A during 5) e starting before A and ending after A
Contain (B contains A) B B completely contains A, starting
before A and ending after A
: A starts before B and ends after the
Overlap (A overlaps with 5) A start of B but before the end of B
B
B starts after the start of A and ends
Overlapped by (B overlapped by A) after A has ended
Meet (A meets B) A A ends exactly when B begins
- B .
Met by (B met by A) —_— B begins exactly when A ends
A starts at the same time
Start (A starts B) A as B but ends before B
B .
B starts at the same time
Started by (B started by A) as A but ends after A
n . A A starts after B has started and ends at
Finish (A finishes B) A the same time as B
Finished by (B finished by A) B B starts before A and ends at
the same time as A
A
Equal (A equals B) 5 A starts and ends at the same time as B

Fig. 4 Illustration of 13 base temporal relations de-
fined in Allen’s interval algebra (Allen, 1983)

3. Semantic relations: These relations spec-
ify the connections between objects or concepts
grounded in their meanings or significances, hence
enhancing our grasp of meanings,
relationships, differences,

exclusion criteria, and semantic dependencies within

part—whole
similarities, inclusion—
visual information. For example, the part—whole re-
lationships help us dissect visual concepts into their
constituent parts or components, such as an apple
can be broken down into its kernels, flesh, rind, and
pedicel; human body can be broken down into dif-
ferent parts (Fig. 5a). Each of these sub-concepts
maintains its own semantic connections both among
themselves and with the overarching concept. In a
similar vein, the categorical relationships describe
the fact that visual concepts can be categorized with
others that fall under the same category or superordi-
nate concept; these concepts have semantic relations
of similarity and difference with each other and with
the category. For instance, dogs and cats are dif-

ferent types of animals (Fig. 5b). Moreover, seman-
tic relationships involve more abstract associations,
like the metaphorical relationship between dove and
peace (Fig. 5¢). Furthermore, semantic relationships
enable the inclusion or exclusion of visual concepts
based on specific criteria or rules, such as whether
they belong to a certain domain or context. For
example, apples and oranges are classified as fruits,
not vegetables, based on certain distinguishing fac-
tors (Fig. 5d).

A

<+— Peace

Full body Dove
/ (c)
B0 Q@
Upper body F\ —
Lower body ~ Cat Dog Apple
(a) (b) (d)

Fig. 5 Illustration of semantic relations: (a) part—
whole relationship; (b) categorical relationship; (c)
metaphorical relationship; (d) exclusion relationship

4. Functional relations: These relations expli-
cate the interactions among objects based on their
physical properties or affordances, hence facilitating
our understanding of purpose, utility, effect, cause,
and action-relevant structures. For example, a knife
can cut bread, a chair can support a human, a pen
Func-
tional relations establish the causal links between

can write on a piece of paper, and so on.

behavior and its environmental antecedents (stim-
uli) and consequences (reinforcers or punishers). For
example, if a child learns that pressing a button pro-
duces a sound (antecedent), he or she may press
the button more often (behavior) to hear the sound
more frequently (consequence). Functional relations
are foundational for reasoning and problem-solving,
as they allow human to infer new facts or actions
By identifying the
functional relations between problem behaviors and

from existing facts or actions.

their environmental variables, one can design inter-
ventions that either change the antecedents or con-
sequences of problem behaviors or teach alternative
behaviors that serve the same function. For exam-
ple, we can use functional relations to infer that if
a knife can cut bread, then it can also cut cheese.
We can also use functional relations to infer that if
we want to crush stones into pieces, we may need
a hammer (Fig. 6). Functional relations also help
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in generating explanations or justifications for facts
or actions. For example, functional relations can be
used to explain why a knife is required to cut bread
or why people sit on chairs.

Afford hitting - = Han%
K s \<\ _ >

Stone : w];g Hammer Afford grasping

Fig. 6 Illustration of functional relations
5. Causal relations: These relations identify
cause-and-effect connections between visual ele-
ments, which are essential for interpreting how and
why changes occur in the visual context, such as un-
derstanding that rain makes the streets wet (Fig. 7).
Causal relations also enable predictive reasoning re-
garding the outcomes of actions and events within a
visual context.

R TN
p e Causal Ry e

=,
relationships o ¥4
2 |
4

Vaga T

Fig. 7 Illustration of causal relations

Modeling these visual relations is fundamental
to the fabric of the visual knowledge theory, as it
enables Al systems to process and decipher visual
information in a structured and meaningful manner.
By categorizing and analyzing these relations, re-
searchers can develop more sophisticated artificial
models for visual perception, enhancing our ability
to replicate human-like understanding and reasoning
in machines.

2.2.3 Visual operation

The term “visual operation” in the visual knowl-
edge theory denotes transformations over visual con-
cepts or objects in space or time, such as composi-
tion, decomposition, replacement, combination, de-
formation, motion, comparison, destruction, restora-
tion, and prediction. Visual concepts are the key
elements of visual knowledge, enabling us to recog-
nize, categorize, and name the entities we observe in
our environment. Furthermore, visual relations en-
hance our understanding of the interconnectedness
and functionalities of these entities. Yet, as illumi-

nated by cognitive studies such as Margolis and Lau-
rence (1999, 2015), Carey (2000), Nersessian (2010),
and Thagard (2013), visual concepts are subject to
manipulation through cognitive processes that, for
example, transform them in space or time, alter their
components or characteristics, and facilitate various
operations over these concepts or objects. These op-
erations are instrumental in augmenting our capacity
to comprehend the world, fostering innovation, and
executing intricate tasks. They embody the dynamic
aspect of visual knowledge, showcasing how static
images or scenes can be reimagined or restructured
through cognitive engagement.

1. Composition and decomposition: Composi-
tion involves assembling multiple visual elements to
form a new object or concept, whereas decomposition
refers to breaking down an object into its constituent
elements. These operations are crucial for under-
standing complex systems and structures by analyz-
ing their parts and how they fit together. Moreover,
they are essential for the generation of innovative and
creative concepts or objects. For example, through
a thoughtful arrangement of an apple with other ob-
jects (e.g., flour), novel inventions can be created
(e.g., an apple pie as in Fig. 8).

Composition

Decomposition

Fig. 8 Illustration of composition and decomposition
operations

2. Replacement and combination: Replacement
entails the substitution of one visual element by
another, whereas combination pertains to merging
distinct elements to forge a new entity. These op-
erations are fundamental to creative thinking and
problem-solving, enabling the exploration of alterna-
tive configurations and solutions. They also enhance
our understanding of the functionality of objects by
allowing for imaginative scenarios, such as replacing
the wheels of a car with apples (Fig. 9).

3. Deformation and motion: Deformation refers
to altering the shape or structure of an object,
whereas motion involves changing its position over
time. Understanding these operations is vital for
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comprehending both the intrinsic and extrinsic prop-
erties of objects, interpreting various physical and
biological processes, as well as for crafting anima-
tions and simulations that replicate real-world phe-
nomena. FExamples include: manipulating a piece
of paper by scaling, rotating, or translating it in
space; modifying the motion of a falling paper ball
by speeding up, slowing down, reversing, looping, or
interpolating its moving trajectory (Fig. 10).

Fig. 9 Illustration of replacement and combination
operations

Deformation

\ﬂ/@ ¢S @ (

Motion

Fig. 10
operations

Illustration of deformation and motion

4. Comparison: This operation entails evaluat-
ing similarities and differences between visual ele-
ments, aiding in classification and decision-making
processes. For example, we can compare an apple
with other apples or objects in terms of size, weight,
etc. (Fig. 11). Comparison is essential for discern-
ing patterns, making judgments, and learning from
visual experiences.

5. Destruction and restoration: Destruction
involves the removal or breakdown of visual ele-
ments, whereas restoration focuses on repairing or
returning them to their original state (Fig. 12).
These operations can be applied in various contexts,
from understanding natural disasters and their af-
termath to conservation efforts in art and historical
preservation.

Comparison

Fig. 11 Illustration of comparison operation

l. Destruction
| bl
/ & 'y A
N Restoration A

Fig. 12 Illustration of destruction and restoration
operations

6. Prediction: This operation involves project-
ing future states or changes of visual elements based
on current or past information (Fig. 13). This oper-
ation is crucial for planning, forecasting, and antici-
pating outcomes of actions and events.

Fig. 13 Illustration of the prediction operation

Through these operations, the visual knowledge
theory provides a framework for comprehending how
visual information can be dynamically manipulated
and used. These operations underscore the versa-
tility and power of visual knowledge, illustrating its
pivotal role in enhancing our ability to interact with,
modify, and make predictions about the visual world,
as well as its vast potential for application across var-
ious domains.

2.2.4 Visual reasoning

The term “visual reasoning” in the visual knowl-
edge theory refers to the process of applying the
knowledge gained from visual concepts, relations,
and operations to interpret visual data, solve prob-
lems, and make informed decisions (Fig. 14). This in-
tricate process typically entails a series of methodical
operations on visual concepts and relations, aimed at
deriving valid and sound conclusions from what they
observe visually and already know (common sense
and knowledge).
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Are the kinds of fruits more than the kinds of vegetables?

W

How can the
thirsty crow drink
water from the
pot?

Fig. 14 Two examples for visual reasoning

In short, visual concept (Section 2.2.1) is about
the identification and categorization of visual items;
visual relation (Section 2.2.2) is about understanding
the connections or associations between these items;
visual operation (Section 2.2.3) is about the pro-
cesses applied to manipulate or analyze visual items;
visual reasoning is about the process (Section 2.2.4)
that uses visual concepts, relations, and operations
to solve problems, make decisions, or derive sound
conclusions from visual information.

3 Visual knowledge in the pre-big-
model era: retrospect

In this section, we provide an overview of recent
research relevant to visual knowledge, along with the
four key components of visual knowledge outlined
in Section 2, namely visual concept, visual relation,
visual operation, and visual reasoning.

3.1 Visual knowledge: visual concept

The idea of representing visual concepts by pro-
totype and scope (Section 2.2.1) has been explored
in a few fundamental computer vision tasks, namely
image classification and segmentation. For instance,
prototype-based networks (Suell et al., 2017), non-
parametric neural classifiers (Zhou TF et al., 2022b),
and nearest centroid based neural classifiers (Wang
WG et al., 2023) were developed, where each class
is represented by one or a few prototypes, and new
observations are classified by their proximity to the
class prototypes. Despite their impressive perfor-
mance in few-shot and general settings, these ap-
proaches fail to capture the scope of each class or pro-
totype. For a more comprehensive modeling of the
underlying data distribution, deep generative classi-
fiers (Liang et al., 2022a) were devised to estimate
the data density of each visual concept or class as a
Gaussian mixture model (GMM), where the proto-
types and scopes are the estimated GMM’s parame-

ters (i.e., the mean vectors and covariance matrices).
Its remarkable results on both closed-set and open-
world scenarios evidence the power of prototype- and
scope-based visual concept representation.

3.2 Visual knowledge: visual relation

As discussed in Section 2.2.2, visual concepts
can be related to each other in different ways, result-
ing in various types of visual relations, such as ge-
ometric, semantic, temporal, functional, and causal
relations.

Geometric relations describe how objects are ar-
ranged and transformed in space, including their po-
sition, orientation, size, and shape. Capsule network
(Sabour et al., 2017) is a landmark effort for mod-
eling the geometric relations among visual elements.
Basically, a capsule is a collection of neurons whose
activity vector represents the probability and pose of
a visual concept or object. A pose is a set of param-
eters describing the spatial relation and transforma-
tion of a visual concept, such as its location, rotation,
scale, and reflection. Though theoretically impres-
sive, capsule networks are less practical for real-world
applications, suggesting the great challenge of visual
geometric relation modeling.

Semantic relations specify how objects are re-
lated to each other in terms of their meanings. A set
of recent efforts are devoted to exploring semantic
relations in the context of visual understanding (Li
LL et al., 2022, 2024) and human parsing (Wang
WG et al., 2019, 2020). For instance, Li LL et al.
(2022) proposed a neural parser that can generate
structured, pixel-wise descriptions of visual obser-
vations in terms of a semantic concept hierarchy.
This structured visual parser makes an explicit use
of the composition and decomposition dependencies
among semantic concepts as additional regulariza-
tion terms during network training. For example,
an observation that is likely to be a cat should have
a low possibility of being any vehicle subcategory.
However, it is important to note that the seman-
tic relations encoded in the class hierarchy are pre-
defined, rather than automatically learned. This
suggests that learning visual semantic relations is
a challenging problem that requires much further
research.

Temporal relations explicate the sequential or
chronological order of events and actions as they oc-
cur over time within visual data. Temporal relations
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are studied mainly in the fields of action recogni-
tion and video object detection. For instance, in the
field of action recognition, the Something-Something
dataset (Goyal et al., 2017) requires fine-grained
motion distinctions and temporal modeling to dis-
tinguish interactions like picking something up and
putting something down, providing a good testbed
for temporal relation understanding. Video object
detection is also a classic computer vision task with
the target of classifying, segmenting, and tracking
object instances in video sequences (Russakovsky
et al., 2015; Zhou TF et al., 2023).

Functional relations refer to the actions that
objects enable or support. Various tasks in com-
puter vision study the functional relations of visual
concepts, such as human-object interaction (HOI)
detection and affordance estimation (also known as
functional recognition). HOI detection (Gupta A
et al., 2009; Zhou TF et al., 2022a; Li LL et al.,
2023b) aims to locate and identify the relationships
between humans and objects in visual scenes, like <
girl, eat, apple>, while affordance estimation (Stark
and Bowyer, 1991; Li YL et al., 2023) is to predict
typical action—object affordances from visual infor-
mation, such as eatable and openable.

Another task related to visual relation under-
standing is scene graph generation (SGG) (Johnson
et al., 2015; Krishna et al., 2017), which is to gen-
erate a visually-grounded graph as an explicit struc-
tural description of a visual scene. The nodes in a
scene graph represent the objects and the edges rep-
resent the relationships between objects (including
spatial, part-whole, and interaction relationships).
Each relationship between two objects is denoted
as a triplet of <subject, PREDICATE, object>, i.e.,
<boy, RIDE, car>, <car, HAS, wheel>, and
<car, NEAR, building>. Although SGG, to some
extent, encompasses the three types of visual rela-
tions, namely geometric, semantic, and functional
relations, in one single task, the covered relations
are still sparse; for example, the functional relations
are typically human-centric actions, less considering
object-centric affordances. Moreover, SGG requires
costly human efforts for visual relation annotation.

Causal relations delineate how events, actions,
or objects within a visual context can directly influ-
ence or result in one another. Recent years witnessed
unprecedented achievements of the deep learning
technique across various domains, which, however,

relies heavily upon fitting the data distributions. It
is apparent that such a technique tends to learn only
correlation-based patterns (statistical dependencies)
rather than the essential causal relationships from
data; thus, it easily collapses into data bias and
has limited generalization ability (Hendrycks and
Dietterich, 2019). In response to this challenge, a
set of recent efforts have shifted toward uncovering
the causality embedded in visual data. Basically,
these efforts investigate causal reasoning (Pearl,
2009; Scholkopf et al., 2021) within the deep learn-
ing framework to extract causal representations from
visual data. Leveraging causality-guided visual rep-
resentations, they achieved notable performance in
tasks such as visual recognition (Yue et al., 2021)
and visual question answering (VQA) (Wang T et al.,
2020). Tt was also shown that they are capable of au-
tomatically discovering causal dependencies among
environmental and object variables from videos (Li
YZ et al., 2020) and improving the interpretabil-
ity (Shi et al., 2022) and out-of-distribution gener-
alization ability (Christiansen et al., 2022) of deep
learning models.

3.3 Visual knowledge: visual operation

As discussed in Section 2.2.3, visual operation
refers to the manipulation of over visual concepts
or objects in space or time. A closely related re-
search field is customized visual content generation,
aiming at generating creative contents for a target
novel concept guided by textual descriptions. The
textual descriptions serve as a feasible and flexible
tool for specifying editing intensions, allowing for
diverse visual operations such as replacement and
combination. The task of generating realistic images
from natural language descriptions—text-to-image
synthesis—has been a research focus for years. Var-
ious deep generative models have been established
for this task, such as generative adversarial net-
works (Reed et al., 2016), variational autoencoders
(Ramesh et al., 2021), and autoregressive models
(Ramesh et al., 2022). Recently, diffusion models
have demonstrated a remarkable ability in gener-
ating text-aligned images with high fidelity (Rom-
bach et al., 2022; Saharia et al., 2022; Lin et al.,
2024). However, they encounter difficulties in per-
forming customized generation for novel concepts,
such as a specific animal or object which appears
only in a single testing image. Various customized
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visual content generation approaches have been de-
veloped to address this challenge (Gal et al., 2023;
Ruiz et al., 2023). They proposed pre-trained text-
to-image synthesis models to synthesize novel scenes
of target concepts (typically represented by one or
a few user-provided reference images) under natu-
ral language instruction. They have proven capable
of generating not only creative static images (Gal
et al., 2023; Ruiz et al., 2023) but also temporally
coherent videos (Xing et al., 2024) that adhere to
the guidance intentions.
may struggle for complicated visual operations (like
decomposition, destruction, and restoration).

Though impressive, they

Novel view synthesis, i.e., synthesizing new im-
ages of the same object or scene from arbitrary
viewpoints given single or multiple inputs of the ob-
ject/scene, is relevant to two visual operations: de-
formation and motion. Building on the concept of
novel view synthesis, it becomes imperative to dis-
cuss the intricacies involved in simulating deforma-
tion and motion for objects within these synthesized
viewpoints. This necessitates a deep understanding
of the spatial and temporal aspects of objects, al-
lowing for the generation of images that not only
look realistic but also behave in ways that are con-
sistent with the physical world. Techniques such
as three-dimensional (3D) modeling and neural ra-
diance fields (NeRFs) (Mildenhall et al., 2020) have
been instrumental in advancing this area. NeRFs,
in particular, have shown great promise in creating
detailed and continuous volumetric scenes, enabling
smooth transitions and realistic deformations across
different views (Pumarola et al., 2021). However,
they require significant computational resources for
both training and inference. Recently, 3D Gaus-
sian splatting (Kerbl et al., 2023; Chen and Wang,
2024), which represents a 3D scene with millions of
3D Gaussians, has demonstrated a remarkable abil-
ity in real-time rendering. By introducing additional
spatio-temporal modules (Yang ZY et al., 2024) or
Gaussian properties (Luiten et al., 2023), 3D Gaus-
sians can model the dynamics and deformation in a
given scene.

Regarding prediction, the visual operation of
forecasting future states, actions, or events from vi-
sual data, has garnered significant interest, with nu-
merous pertinent tasks in computer vision.
representative tasks are:

Some

1. Human trajectory prediction: estimate the

future paths of people in various settings, such as
pedestrians on sidewalks or shoppers in malls, con-
sidering social behaviors and surroundings (Alahi
et al., 2016).

2. Future frame prediction: generate future
frames of a video sequence to accurately depict the
continuation of the observed scene (Mathieu et al.,
2016).

3. Action prediction: anticipate the future ac-
tions of subjects in a video, such as predicting an
athlete’s next move in sports or a driver’s behavior
in traffic (Ryoo, 2011).

4. Physical interaction forecasting: predict the
outcome of physical interactions between objects,
such as forecasting the motion of objects after a col-
lision (Watters et al., 2017).

5. Accident anticipation:
hazardous situations before they occur, such as antic-

identify potentially

ipating vehicle collisions or industrial accidents from
a surveillance footage (Suzuki et al., 2018).

3.4 Visual knowledge: visual reasoning

Visual reasoning is the process of applying vi-
sual concept, visual relation, and visual operation,
which are commonalities among various tasks, to
draw valid and sound conclusions from premises or
evidence (Pan, 1996). We can use functional rela-
tions to infer like “If A can cut B, then B is soft” or
“If A can support B, then A is stable” (Section 2.2.2).
Reasoning is a fundamental cognitive process that
enables humans to make sense of the world. Human
reasoning is a complex and multifaceted phenomenon
that can be categorized into different types, such as
deductive, inductive, abductive, and analogical, de-
pending on the nature and strength of the arguments
involved. Machine reasoning is a field of AI that
complements the field of machine learning by aim-
ing to perform automated reasoning. This is done
by uniting known (yet possibly incomplete) informa-
tion with background knowledge and making infer-
ences regarding unknown or uncertain information,
with the aid of efforts at many different disciplines,
such as cognitive neuroscience, psychology, linguis-
tics, and logic (Bottou, 2014).

Early explorations of automated reasoning sys-
tems primarily adopted two approaches: connection-
ism and symbolism. In the 1940s, McCulloch and
Pitts (1943) proposed the first simplified neuronal
model, establishing the foundation for research in
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neural networks and connectionism. From the per-
spective of connectionism, reasoning is the result or
derivation of multiple, interconnected, simple pro-
cessing devices, one major example being neural
networks. The main motivation behind connection-
ism comes from cognitive neuroscience, since human
neural circuitry is clearly capable of storing and re-
trieving knowledge organized in short- and long-term
memory, by continuously analyzing and processing
new, complex information, and reasoning upon it.
While connectionist models, particularly neural net-
works, are adept at capturing statistical patterns
from data, they are bounded to computational re-
source and data availability at that time. Hence,
achieving nuanced reasoning for human-like infer-
ences remains intricate. This challenge prompted the
exploration of symbolism, which has its roots in the
study of logic and philosophy and became the dom-
inate approach to good-old-fashioned AI from the
middle 1950s to the late 1980s. Basically, symbolic
approaches posit that symbols representing worldly
objects and concepts form the foundational build-
ing blocks of human intelligence. They see reasoning
as the capability of deriving additional information
from that already encoded in a collection of given
symbols, by performing elaboration and manipula-
tion on the given structured symbolic representa-
tions. They typically conduct reasoning by applying
a series of restriction rules and formal logic opera-
tions to manipulate the discrete symbols in a rigor-
ous and precise way. The rules defined how sym-
bols could be manipulated to draw conclusions or
make decisions. For example, a symbolic rule might
deduce that “Socrates is mortal” from the premises
that “All men are mortal” and “Socrates is a man.”
Consequently, symbolic approaches are powerful for
problems with well-defined rules and discrete values,
offering transparent explanations for their reason-
ing processes and allowing to check the validity or
satisfiability of their logical steps. However, they
are intolerant of ambiguous and noisy data, mak-
ing them less suitable for many real-world applica-
tions due to the difficulty in defining the hard rules
and high degree of uncertainty involved. Probabilis-
tic reasoning techniques, such as Bayesian networks,
Markov decision processes, and stochastic models,
use the probability theory to represent and manip-
ulate uncertainty, and can provide probabilistic es-
timates for the outcomes of reasoning. While these

techniques can empower symbolic methods with the
ability to deal with uncertainty, the intrinsic limita-
tions of symbolic approaches, namely the lack of true
learning and reliance of hand-crafted rules, remain
significant obstacles to their application in practical
contexts.

Recently, the emergence of large-scale datasets
coupled with significant advancements in computa-
tional resources has sparked a resurgence in connec-
tionism, particularly rejuvenating interest in neural
network algorithms that are decades old. Yet, de-
spite their prowess in pattern recognition and predic-
tive modeling, deep neural networks (DNNs) struggle
with reasoning tasks that necessitate explicit manip-
ulation of symbols. Specifically, while DNNs excel
at learning subsymbolics (i.e., continuous embed-
ding vectors), their architecture is not inherently
suited for discrete symbolic operations that reason-
Moreover, DNNs typically learn
from data in an inductive manner, which contrasts

ing often entails.

with the deductive procedure prevalent in reason-
ing, where logical deductions are drawn from explicit,
pre-established rules and knowledge bases. It is not
straightforward to integrate domain-specific knowl-
edge into DNNs for explicit reasoning. In addition,
the decision-making process of DNNs is often ob-
scured, making it challenging to comprehend how
particular conclusions are reached. This opacity is
particularly problematic in decision-critical applica-
tions such as autonomous driving. On the other
hand, symbolic approaches, though far less train-
able, are excellent at principled judgements (such
as deductive reasoning), and exhibit inherently high
explainability (as they operates on clear, logical prin-
ciples that can be easily traced and understood). In
light of the challenges faced by DNNs in explicit
reasoning and considering the complementary na-
ture of connectionist and symbolic methodologies, a
pioneering research domain, termed neuro-symbolic
computing (NeSy), has gained prominence (Garcez
et al., 2019). NeSy essentially pursues the princi-
pled integration of the two foundational paradigms
in Al, providing a new framework of more powerful,
transparent, and robust reasoning (Wang WG et al.,
2025).

Traditionally, tasks related to visual reason-
ing are typically VQA and visual semantic pars-
ing. VQA, i.e., answering questions based on visual
content, requires comprehensive understanding and
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reasoning over both the visual and linguistic modali-
ties. Andreas et al. (2016) introduced an NeSy based
VQA system that interprets questions as executable
programs composed of learnable neural modules that
can be directly applied to images. A module is typi-
cally implemented by the neural attention operation
and corresponds to a certain atomic reasoning step,
such as recognizing objects and classifying colors.
This pioneering work stimulated many subsequent
studies that explore NeSy for approaching VQA (Yi
et al., 2018; Vedantam et al., 2019; Amizadeh et al.,
2020). Visual semantic parsing seeks for a holis-
tic explanation of visual observation in terms of a
class hierarchy. The class hierarchy, pre-given as a
knowledge base, encapsulates the symbolic relations
among semantic concepts. Li LL et al. (2023a) de-
vised a powerful NeSy based visual semantic parser
through end-to-end embedding symbolic logic into
the network’s training and inference stages. Some
other relevant tasks include visual abductive reason-
ing (Liang et al., 2022b) and visual commonsense
reasoning (Zellers et al., 2019).

More recently, benefiting from the impressive
emergent capabilities of LLMs (Zhou J et al., 2024),
some efforts explore LLMs for solving sophisticated
visual reasoning tasks. VisProg (Gupta T and Kem-
bhavi, 2023) represents a pioneering effort in this
domain; it uses LLMs to decompose visual reason-
ing tasks (such as “Is it true that the two images
contain a total of six people and two boats?”) into
a series of manageable subtasks (such as text pars-
ing, object detection, and counting) and solves them
step by step. Later, HuggingGPT (Shen et al.,
2023) leverages LLMs to manage Al models avail-
able on the web to solve complicated reasoning tasks.
DoraemonGPT (Yang ZX et al., 2024) advances
this research trend towards solving real-world tasks
that involve dynamic observations. It equips LLMs
with a symbolic memory for gathering and storing
task-relevant information from the dynamic obser-
vation, a rich set of extra knowledge sources (e.g.,
AT tools, search engines, text books, and knowl-
edge databases) for reference, and a Monte Carlo
tree search based planner for efficiently probing the
huge solution space.

3.5 Discussion

So far, we have reviewed prior key contributions
relevant to the four foundational aspects of visual

knowledge. From such a review, some key insights
can be derived as follows:

First, visual knowledge is closely linked to the
two fundamental AT paradigms (namely connection-
ism and symbolism), several research domains (in-
cluding computer vision, graphics, machine learn-
ing, and logic), a set of fundamental and challenging
tasks (including visual recognition, affordance esti-
mation, text-to-image synthesis, novel view synthe-
sis, and future forecasting), and various advanced
techniques (including capsule networks, NeSy, and
LLMs). This underscores the significance of visual
knowledge and the necessity of interdisciplinary col-
laborations to achieve this grand goal.

Second, while our community has indeed
achieved progress in certain areas related to visual
knowledge, numerous core issues remain challenging
and underexplored, such as prototype- and scope-
based visual concept, causal relation, complex visual
operations (e.g., decomposition, destruction, and
restoration), and visual reasoning. This highlights
the difficulties in creating visual knowledge. This
also unveils a primary motivation for proposing vi-
sual knowledge—the lack of a principled framework
that offers a unified perspective on different aspects
of visual intelligence.

Third, although LLMs have demonstrated re-
markable capabilities in solving intricate problems,
they also exacerbate the “black box” issue, an in-
nate characteristic of neural network algorithms.
With their billions or even trillions of parameters,
LLMs pose an insurmountable challenge for any-
one attempting to dissect their internal workings.
Moreover, LLMs are yet to perform logical reason-
ing in the way humans do. They frequently pro-
duce plausible-sounding answers that, upon closer
examination, reveal a lack of genuine comprehen-
sion. Compounding this issue is the opaque nature
of LLMs, which obstructs the identification and cor-
rection of errors within the reasoning process. In the
subsequent section, we will delve into the significance
of investigating LLMs within the visual knowledge
framework.

4 Visual knowledge in the big model
era: prospect

In this section, we first explore how visual
knowledge can power big models to bring the level
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of general intelligence closer to that of humans. We
then investigate how big models can boost the de-
velopment of visual knowledge, given the significant
challenges of establishing visual knowledge.

4.1 Empowering big models with visual

knowledge

The advent of large Al models has undeniably
marked a new era in Al, providing unprecedented
accuracy and fluency in tasks that were once con-
sidered insurmountable for machine. However, de-
spite their astonishing success, these powerful mod-
els are not without their limitations. Among the
most critical challenges they face are issues related
to transparency, reasoning, and catastrophic forget-
ting. In the forthcoming discussion, we will show
that, despite these substantial obstacles, the integra-
tion of visual knowledge into the large models offers
a promising avenue for advancement.

One of the most discussed limitations of large
models is their lack of transparency. Transparency
refers to the degree to which the internal workings
and outputs of models can be understood and ex-
plained by humans.
parameters, understanding how the big models ar-

Due to the sheer volume of

rive at a particular conclusion is extremely challeng-
ing. The lack of transparency hinders our ability
to fully trust and verify the models’ decisions, es-
pecially in critical applications such as healthcare
diagnostics and autonomous driving, and causes a
lot of concerns regarding accountability, bias, fair-
ness, debugging, etc. Although there are some net-
work interpretation techniques based upon the anal-
ysis of reverse-engineer importance values or sensi-
tivities of inputs, they produce only posteriori ex-
planations for already-trained DNNs. They essen-
tially approximate the behavior of DNN by mod-
eling relationships between features and the out-
puts. Such post-hoc explanations are problematic
and misleading, as they cannot explain what actu-
ally makes a DNN arrive at its decisions (Rudin et al.,
2022). Yet, due to the inherent transparent nature
of prototype- and scope-based visual concept, the in-
tegration of visual knowledge may endow big models
with promising ad-hoc interpretability. A notable
evidence is the groundbreaking study by Wang WG
et al. (2023), which introduced deep nearest cen-
troids (DNC), a fully end-to-end, prototype-based
neural classifier. Through representing visual con-

cepts as a collection of automatically discovered pro-
totypes (i.e., class sub-centroids), DNC mirrors the
experience- or case-based reasoning process that hu-
mans are accustomed to and yields a powerful yet
ad-hoc interpretable framework for large-scale visual
recognition. This idea can be further explored for
prototype- and scope-based visual concept model-
ing. By employing such inherently transparent vi-
sual concepts as foundational elements, it is natu-
rally anticipated that visual knowledge will enhance
the transparency of big models.

While large AT models excel at pattern recogni-
tion and generating human-like text or images, they
may fail to grasp the underlying logic or truth of
the content it produces; hence, they may struggle
with tasks requiring an understanding of causality,
abstract concepts, or logical inference. For instance,
big models may generate plausible-sounding but fac-
tually incorrect or nonsensical answers, known as
“hallucination,” reflecting a surface-level mimicry of
human output, rather than a genuine comprehen-
sion (Ji et al., 2023). The challenge stems from the
big models’ reliance on statistical patterns or super-
ficial features, rather than causation which may not
capture the underlying causal relationships or logic.
Although a few reasoning strategies such as chain of
thoughts (Wei et al., 2022) and tree of thoughts (Yao
et al., 2023) were recently developed for boosting
large models’ reasoning ability, they are still far from
the true reasoning that typically involves manag-
ing complex operations over symbolic concepts, un-
derstanding causality, and applying abstract princi-
ples to novel situations. Yet, visual knowledge pro-
vides an explicit, powerful, and unified framework for
the comprehensive modeling of visual conceptions,
visual relations (including causality), visual opera-
tions, and visual reasoning. As a result, this may
bring the reasoning of big models into a brand-new
era where the reasoning is powered by both implicit
knowledge from big models and explicit knowledge
modeled by visual knowledge. In such cases, big
models can perform complicated tasks like humans,
e.g., reasoning about complex and dynamic scenarios
that involve multiple entities and complex relations,
solving problems that require a series of methodi-
cal operations on visual concepts and relations, and
applying learned knowledge to solve fundamentally
different problems. Given the recent impressive
progress in the integration of symbolic-knowledge
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based logic reasoning and data-driven neural sub-
symbolic learning (Li LL et al., 2023a), we firmly be-
lieve that combining big models’ implicit knowledge
and explicit visual knowledge in a form of multiple
knowledge representation (Pan, 2020; Yang Y et al.,
2021) is a promising pathway forward.

Catastrophic forgetting refers to the tendency
of DNNs to lose their previously learned knowledge
when exposed to new data or tasks. The root of this
issue lies in the way DNNs update their parameters;
new learning can overwrite the weights and biases
associated with old knowledge, leading to a rapid
degradation of performance on tasks the model had
previously mastered. Catastrophic forgetting is a
fundamental challenge to the vision of creating Al
systems that can learn and adapt over time in a
manner analogous to human learning. At the heart
of catastrophic forgetting lies the difficulty of knowl-
edge trace within big AI models. Knowledge trace,
or the ability to identify, follow, and understand the
representation and processing of information within
a model, is about knowing what the model knows
and how it came to know it. In human learning,
knowledge trace allows for the accumulation of expe-
riences and the seamless integration of new informa-
tion with existing knowledge. However, in large Al
models, identifying the specific components respon-
sible for particular pieces of knowledge is a daunting
task due to the complex network architecture of mas-
sive interconnected parameters. Visual knowledge,
with its deep root in cognitive psychology, offers
large models with a form of knowledge representa-
tion that is explicit, structured, persistent, editable,
and traceable. This allows to update knowledge out-
side the big models, enabling more targeted interven-
tions to prevent catastrophic forgetting. Moreover,
augmented with visual knowledge, the big models
can create more durable and retrievable memory to
enhance recall and understanding, like humans.

4.2 Boosting visual
models

knowledge with big

Having highlighted the great importance of vi-
sual knowledge in enhancing big Al models, we will
next explore the pivotal role that big models play in
advancing visual knowledge.

First, big AI models will be an essential cor-
nerstone of visual knowledge. Big models exhibit
the unparalleled ability to discern meaningful pat-

terns from large-scale data. Therefore, it is a natural
choice to use the large-scale learning ability of big
models to learn robust visual concepts, and model
basic visual relations (such as temporal relations and
geometric relations) and operations (such as compo-
sition, deformation, and motion).

Second, big AT models will serve as a knowledge
source for visual knowledge. Trained on large vol-
umes of text including scientific articles, Wikipedia,
books, and other sources of information, LLMs have
been observed to learn not only contextualized text
representations but also a significant body of world
knowledge and commonsense knowledge (Safavi and
Koutra, 2021). This suggests the great potential of
big models as a knowledge base that could signifi-
cantly enrich visual knowledge. For example, LLMs
can help better capture semantic relationships be-
tween concepts, which are often not immediately ap-
parent in visual data; the categorial relationship be-
tween “cat” and “animal” is more readily understood
through text. However, unlocking this treasure trove
of knowledge is a highly challenging task. The knowl-
edge acquired by big models is deeply hidden within
the network parameters, and it is not directly acces-
sible for analysis and reuse. Moreover, the knowledge
in big models is not purely factual or reliable; it is
intertwined with errors, bias, noise, and trivial pat-
terns. Therefore, advanced techniques (AlKhamissi
et al., 2022) for knowledge analysis (identify and lo-
calize what knowledge has been acquired by language
models), knowledge extraction (extract and repre-
sent the knowledge encoded in large models), and
knowledge enhancement (validate and refine the ex-
tracted knowledge) should be used.

Third, big AI models will provide complemen-
tary knowledge for visual knowledge. LLMs model
the world, as described by the text data. The knowl-
edge acquired from the text data not only enriches,
but also complements, visual knowledge. For exam-
ple, some knowledge is hard to learn from visual data,
such as human internal thoughts, motivations, and
emotions, and commonsense knowledge like “Beijing
is the capital of China.” Similarly, while a photo-
graph of the Great Wall of China conveys its majesty
and scale, it is through textual data that we learn
about its historical significance, the reasons for its
construction, and its role in Chinese culture. Cog-
nitive studies also suggest that visual memory and
linguistic memory are not independent but interact
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with each other in complex ways. Visual memory can
be influenced by linguistic information that provides
meaning and context to visual stimuli. Linguistic
memory can be influenced by visual information that
provides imagery and details to verbal stimuli. As
a result, complementing visual knowledge with the
knowledge in big models will lead to a more holistic
understanding of the world.

5 Conclusions

The last decade has witnessed breakthroughs in
the field of Al, especially connectionist approaches
to long standing challenges around computer vision,
natural language processing, speech recognition, and
autonomous systems. As the unique product of an
era with a treasure trove of data from the Inter-
net and increasingly powerful computing resources,
big AI models, which assemble the characteristics
of both connectionism and scaling law, are swiftly
embedding themselves into the fabric of human soci-
ety and becoming indispensable for scientific discov-
ery. While these developments are nothing short of
revolutionary, and have fundamentally altered our
way of life, there is a general agreement that this
is just the beginning of an Al revolution. However,
big AI models still exhibit deficiencies in, for ex-
ample, transparency, accountability, and symbolic
reasoning. Given the significant advantages of the
comprehensive modeling of visual concepts, rela-
tions, operations, and reasoning, visual knowledge
shows the promise of mitigating the shortcomings
of existing Al techniques, unlocking the door of the
next-generation Al. Starting from reviewing cogni-
tive studies in visual memory and perception, this
article introduces the origins and core concepts of
visual knowledge. Subsequently, this article retro-
spects recent research efforts that are relevant to vi-
sual knowledge, along the dimensions of visual con-
cept, visual relation, visual operation, and visual rea-
soning. Based on the analysis of the current research
situation of visual knowledge, we point out the op-
portunities and challenges it faces in the era of big
models, to pave the way for research on the next-
generation Al
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