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ABSTRACT Recently introduced self-supervised methods for image representation learning provide on
par or superior results to their fully supervised competitors, yet the corresponding efforts to explain the
self-supervised approaches lag behind. Motivated by this observation, we introduce a novel visual probing
framework for explaining the self-supervised models by leveraging probing tasks employed previously in
natural language processing. The probing tasks require knowledge about semantic relationships between
image parts. Hence, we propose a systematic approach to obtain analogs of natural language in vision,
such as visual words, context, and taxonomy. Our proposal is grounded in Marr’s computational theory
of vision and concerns features like textures, shapes, and lines. We show the effectiveness and applicability
of those analogs in the context of explaining self-supervised representations. Our key findings emphasize
that relations between language and vision can serve as an effective yet intuitive tool for discovering how
machine learning models work, independently of data modality. Our work opens a plethora of research
pathways towards more explainable and transparent AI.

INDEX TERMS Computer vision, explainability, probing tasks self-supervised representation.

I. INTRODUCTION
Visual representations are cornerstones of a multitude of
contemporary computer vision and machine learning appli-
cations, ranging from visual search [8] to image classifica-
tion [9] andVisual QuestionAnswering, VQA [10]. However,
learning representations from data typically requires tedious
annotation. Therefore, recently introduced self-supervised
representation learning methods concentrate on decreasing
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the need for data labeling without reducing their perfor-
mance [1], [20], [21]. Because of the fundamental role rep-
resentations play in real-life applications, much research
focuses on explaining these embeddings [6], [15], [17].
Nevertheless, most of them concentrate on fully supervised
embeddings [11] rather than on their self-supervised coun-
terparts. Moreover, the majority of the proposed approaches
rely on pixel-wise image analysis [13], [14], while general
semantic concepts present in the images are often ignored.

Here, we attempt to overcome these shortcomings and
draw inspiration from a simple yet often overlooked
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FIGURE 1. Probing tasks, widely used in natural language processing, validate if a representation implicitly encodes a given property, e.g.,
a sentence topic or its length. We introduce a visual taxonomy along with the corresponding probing framework that allows building
analogous visual probing tasks and explain the self-supervised image representations. As a result, we e.g., discover that the information
stored by self-supervised representations is more biased towards lines and forms than textures.

observation that humans use language as a natural tool
to explain what they learn about the world through their
eyes [16]. Therefore, considering that the very same machine
learning algorithms can be successfully applied to solve
both vision and Natural Language Processing (NLP) tasks
[23], [24], we postulate that the methods used to analyze
text representation can also be employed to investigate visual
inputs.

Very popular tools for explaining textual embeddings are
probing tasks [18]. As shown in the upper part of Figure 1,
a probing task in NLP is a simple classifier that asks if a given
textual representation encodes a particular property, such as
a sentence length or its semantic consistency, even though
this property was not a direct training objective. For instance,
we can create a textual probing task by substituting a word in
a sentence and checking if a simple classifier that takes the
representation of the original and altered sentence can detect
this change. Furthermore, by analyzing the accuracy of a
probing task, one can verify if the investigated representation
contains certain information and understand the rationale
behind embedding creation. However, while probing tasks
are straightforward, intuitive, and widely used tools in NLP,
their computer vision application is limited [12], mainly due
to the lack of appropriate analogs between textual and visual
modalities.

In this paper, we address this limitation by introducing an
intuitive mapping between vision and language that enables
applying the NLP probing tools in the computer vision (CV)
domain. For this purpose, in Section III, we propose a taxon-
omy of visual units that includes visual sentences, words, and
characters. We describe them using visual features presented

inMarr’s computational theory of vision [36], such as texture,
shapes, and lines. Finally, we employ them as building blocks
for a more general visual probing framework that contains a
variety of NLP-inspired probing tasks, such as Word Con-
tent, Sentence Length, Character Bin, and Semantic Odd
Man Out [17], [18]. The results we obtain provide us with
unprecedented insights into semantic knowledge, complexity,
and consistency of self-supervised image representations, e.g.
we discover that semantics of the image only partially con-
tribute to target task accuracy. One of our key findings is that
the information stored by self-supervised representations is
much more influenced by lines and forms than textures. What
confirms the design choices behind hand-crafted visual repre-
sentations such as SIFT [52] or BRIEF [53]. Our framework
also allows us to compare the existing self-supervised repre-
sentations from a novel perspective, as shown in Section VI.
Our contributions can be therefore summarized as follows:

• We propose an intuitive mapping between visual and
textual modalities that constructs a visual taxonomy.

• We introduce novel visual probing tasks for comparing
self-supervised image representations inspired by simi-
lar methods used in NLP.

• We show that leveraging the relationship between lan-
guage and vision serves as an effective yet intuitive tool
for discovering how self-supervised models work.

II. RELATED WORKS
The visual probing framework aims to explain image repre-
sentations obtained from self-supervised methods. Moreover,
it is inspired by probing tasks used in NLP. Therefore, in this
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section, we consider related works from three research areas:
self-supervised computer vision models, probing tasks in
natural language processing, and explainability methods in
computer vision.

A. SELF-SUPERVISED COMPUTER VISION MODELS
Earliest self-supervised methods were based on a pretext
task, for example, image colorization [45], or rotation pre-
diction [46] using cross-entropy loss. However, recently pub-
lished state-of-the-art methods usually base on contrastive
loss [30], which measures the similarities of patches in rep-
resentation space and aims to discriminate between positive
and negative pairs. The positive pair contains modified ver-
sions of the same image, while the negative pairs correspond
to two images in the same dataset. One of the methods,
called MoCo v1 [27] trains a slowly progressing encoder,
driven by a momentum update. This encoder plays the role
of a large memory bank of past representations and delivers
information about negative examples. Anothermethod, called
SimCLR v2 [1], proposes a different way of generating neg-
ative pairs, using a large batch size of up to 4096 examples.
Other important improvements proposed by SimCLR v2 are
the projection head and carefully tuned data augmentation.
The projection head maps representations into space where
contrastive loss is applied to prevent the loss of information.
On the other hand, BYOL [20] also uses the projection head,
but unlike MoCo v1 and SimCLR v2, it achieves a state-of-
the-art performance without the explicitly defined contrastive
loss function, so it does not need negative examples. Finally,
SwAV [21] first obtains ‘‘codes’’ by assigning features to
prototype vectors and then solves a ‘‘swapped’’ prediction
problem wherein the codes obtained from one data aug-
mented view are predicted using the other view. Our paper
provides a framework for analyzing the representations gen-
erated by those methods regarding the semantic knowledge
they encode.

B. PROBING TASKS IN NLP
NLP probing tasks aim to probe word or sentence represen-
tations for interesting linguistic features to discover whether
they contain linguistic knowledge [48]. Probing is usually
achieved with a binary or multi-class classifier, which takes
one or two-word embeddings as input, and predicts the exis-
tence or absence of a chosen linguistic phenomenon in the
input representation(s) [18]. The qualities of a good probing
classifier are the subject of debate, as too expressive probes
could learn important features on their own, even if the infor-
mation is not present in the representations [5]. Thus, probing
is usually achieved with simple classifiers.

Classic probing literature considers various linguistic
aspects, from the simplest to very complex ones. In [18], the
probed linguistic features are, for example, the depth of the
sentence parse tree or whether the sentence contains a specific
word. Other works propose to focus on lexical knowledge
concerning the qualities of individual words more than the

whole sentences [6], [17], probing token embeddings for
qualities such as gender, case, and tense, or differentiation
between real words and pseudowords [17]. Other approaches
focus on certain kinds of words, e.g., function words, such
as wh-words and propositions [4]. We consider all these
objectives in our approach, i.e., we study probing tasks on
individual concepts and their compositions. Moreover, while
most works on probing tasks focus on one selected language,
the others [17] are designed with multilingual settings in
mind. It has been shown that it is possible to create NLP prob-
ing tasks that are transferable across languages, even if the
languages vary considerably in their structure, which means
that probing tasks can touch upon more universal cognitive
phenomena [2]. This paper also aims at the flexibility and
universality of our probing tasks, as our approach can be
applied to various image domains.

C. EXPLAINABILITY METHODS IN CV
REPRESENTATION LEARNING
eXplainable Artificial Intelligence (XAI) gains popularity
fuelled by the black-box character of today’s deep neural
networks [19], [39]. Popular explainability approaches for
model explanations are saliency or attention maps, which
provide the importance of weights to pixels based on the
first order derivatives [13], [14], [40], [41] but do not fully
explain the reasoning behind the actual decision [54] and do
not describe the concrete semantic concepts. Moreover, some
of the methods are even agnostic of the model itself [13]
and thus are not able to explain it. Another common local
approach is perturbation-based interpretability, which applies
changes to either data [55] or features [56] and observes the
influence on the output.

Some methods verify the relevance of network hidden
layers. For example, [12] uses linear classifiers trained on
representations from these layers to measure how suitable
they are for the classification. Subsequent efforts focused
on understanding the function of hidden layers led to the
introduction of network dissection [42], [43], which enables
quantifying the interpretability of latent representations by
evaluating the alignment between their hidden units and a set
of visual semantic concepts obtained from human annotators.

More recent methods are inspired by the human brain and
how it explains its visual judgments by pointing to proto-
typical features that an object possesses [57]. I.e., a certain
object is a car because it has tires, a roof, headlights, and a
horn. For example, prototypical part network [44] applies this
paradigm by focusing on parts of an image and comparing
them with prototypical parts of a given class. At the same
time, the extension proposed in [58] uses data-dependent
merge-pruning of the prototypes to allow sharing them among
the classes. Another promising approach is Concept Acti-
vation Vector (CAV), defined in the feature space to quan-
tify the degree to which a predefined concept is vital for a
prediction [26]. This approach has recently been extended
to automatically discovered concepts [19] and to interactive
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techniques used by pathologists to indicate what characteris-
tics are essential when searching for similar images [59].

We propose to continue and extend this line of research
by introducing visual word probing, which systemati-
cally explains the self-supervised representations. Our work
presents a framework that focuses on model analysis. It inter-
prets the internal representation of the deep learning model
using visual probing tasks, e.g., it shows which semantic
concepts are included in the representation and towhat extent.

III. VISUAL PROBING
This section introduces a novel visual probing framework
that analyzes the information stored in self-supervised image
representations. For this purpose, in Section III-A, we pro-
pose a mapping between visual and textual modalities that
constructs a visual taxonomy. As a result, the image becomes
a ‘‘visual sentence’’ constructed from ‘‘visual words’’ and
can be analyzed with visual probing tasks inspired by similar
methods used in NLP (see Section III-C). Moreover, for
in-depth analysis of the concepts trained by self-supervised
methods, in Section III-B, we provide a cognitive visual sys-
tematic that identifies a visual word with structural features
from Marr’s computational theory [36].

A. MAPPING BETWEEN VISION AND NLP
After defining the images as analogous to sentences within
our framework, the question remains which parts of an image
should be considered equivalent to individual words and char-
acters? There are multiple possible answers to this question.
One of the intuitive ones is to divide an image into non-
overlapping superpixels that group pixels into perceptually
meaningful atomic regions, e.g., using SLIC algorithm [28].
As a result, we obtain an image built from superpixels,
an analogy of a sentence built from words. The superpix-
els, similarly to words, have their order and meaning (see
Section III-B). Moreover, each superpixel contains a specific
number of pixels, like the number of characters in a word.
As a consequence, we obtain an intuitive mapping between
visual and textual domains.

However, superpixels differ conceptually from their lin-
guistic counterparts in one important aspect: they do not
repeat between different images, while in text, the words
often repeat between sentences. Therefore, we propose to
define visual words as the clusters of all training superpixels
in representation space and assign each superpixel to the
closest centroid from such a dictionary. For this purpose,
we could use the original definition of visual words from [25].
However, it does not take into consideration the importance
of those words for a model’s prediction. Therefore, we use
TCAV methodology [19], [26] that generates high-level
concepts, which are important for prediction and easily
understandable by humans. Such an approach requires a
supervisory training network but generates visual words inde-
pendent of the analyzed self-supervised techniques, which is
crucial for a fair comparison. To summarize, the process of
dividing an image into visual words consists of three steps:

segmentation into superpixels, their encoding, and assign-
ment to visual words (see Figure 2).

B. COGNITIVE VISUAL SYSTEMATIC
In contrast to words in NLP, visual words do not have a
well-defined meaning required for in-depth analysis of self-
supervised representations. Hence, in this section, we intro-
duce cognitive visual systematic, considering that generating
visual words is similar to the process of concept forma-
tion. This process, described in psychology and cognitive
science, is traditionally understood as an internal cognitive
representation of a set of similar objects, i.e., ‘‘an idea that
includes all that is characteristically associated with it’’ [37].
In other words, concepts are created in relation to features that
constitute similarity amongst included objects.

What features could then be the basis for the formation of
visual words? Reference to Marr’s computational theory of
vision [35], [36] seems to be an appropriate aid in answering
this question. Marr assumed that perception is achieved by
detecting an object’s specific structural features, which are
then organized in a series of visual representations. Among
those, three constitute the major representations: the ‘‘primal
sketch’’, the ‘‘2.5D sketch’’ and the 3D model representa-
tion’’ [36]. The primal sketch is a two-dimensional image that
uses information on light intensity changes, featuring blobs,
edges, lines, boundaries, bars, and terminations. Colors and
textures are also thought to be detected on this level [34], [38].
The 2.5D sketch represents mostly two-dimensional shapes
and their orientation towards a viewer-centered location (the
sense of image depth is achieved in this stage [35]). Finally,
the 3D model is a representation suitable for object recog-
nition. In this stage, the observer can imagine the object
from different views. This includes surfaces that are currently
invisible to the observer [35], [36].

To simplify visual word description in terms of Marr’s the-
ory, we decided to use concepts of light intensity (brightness),
color, texture, and lines in relation to primal sketch, shape
in relation to 2.5D sketch, and form in relation to 3D model
(examples are depicted in Figure 3). Our initial analysis of
individual visual words shows that these six categories from
Marr’s theory describe very well the particular types of our
visual words. In the process of creating visual words (see
Figure 2), similar superpixels cluster together. As a result,
we generate different visual words consisting of similar lines,
similar shapes, similar colors, etc. To confirm that our obser-
vations are not accidental, we conducted user studies that
confirmed our assumptions and categorized visual words into
specific categories from Marr’s theory, such as brightness,
color, texture, lines, forms, and shapes. This user study helps
us to establish the meaning of the visual words we use.

C. VISUAL PROBING TASKS
After dividing an image into visual words, its representation
can be analyzed by the visual probing framework that can
adapt most NLP probing tasks. Here, we describe adaptations
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FIGURE 2. The process of dividing an image into visual words. First, an image is segmented into multiple superpixels: P0, P1, . . ., P10. Then, each
superpixel is embedded in the latent space previously used to generate the dictionary of visual words: W0, W1, W2, W3. Finally, each superpixel is
assigned to the closest word in the visual word dictionary. This results in mapping between vision and language and enables using the visual
probing framework that includes a variety of NLP-inspired probing tasks.

of five of them, including those well known in the NLP com-
munity [17], [18] together with their original NLP definitions
to make the paper self-contained.

1) WORD CONTENT (WC)
TheWord Content probing task aims to identify which visual
words are present in an image (see Figure 4). The input of this
probing task is a self-supervised representation of the image.
The target labels represent the presence of a particular visual
word. As we describe in Section IV, all visual words are
clustered into 50 clusters. Hence, there are 50 binary target
labels. Figure 2 illustrates the process of determining which
visual words are present in the image. This is similar to the
bag of words representation.

The NLP inspiration of this task probes for surface infor-
mation, i.e., the type of information that does not require
any linguistic knowledge [18]. In contrast, its adaptation
requires semantic knowledge to understand which concept is
represented by a superpixel.

2) SENTENCE LENGTH (SL)
The aim of the Sentence Length probing task is to distin-
guish between simple and complex images, as presented in
Figure 5. The input of this probing task is a self-supervised
representation of the image. The target label is the number of
unique visual words in the image, which can be determined
based on the WC labels. The original NLP probing task
predicts the number of words (or tokens) and retains only
surface information [18]. In CV, it serves as a proxy for
semantic complexity, requiring the semantic understanding of
the image.

3) CHARACTER BIN (CB)
The aim of theCharacter Bin probing task is to checkwhether
the representation stores information about the complexity

of the visual word represented by a superpixel. The input
of this probing task is a self-supervised representation of
the image’s superpixel, and we define two target labels that
are commonly used in CV literature to describe superpixels.
The first target label is the compactness (CO) [49] of the
superpixel S defined as the area of the superpixelA(S) divided
by the area A(C) of a circle C with the same perimeter as S:

CO(S) =
A(S)
A(C)

.

Sample superpixels with various ranges of CO are presented
in Figure 6a. The second target label is Intra-Cluster Variation
(ICV) [50] defined as the average standard deviation σc(S) of
channels c ∈ C for superpixel S:

ICV (S) =
1

|C|

∑
cϵC

σc(S).

Sample superpixels with various ranges of ICV are in
Figure 6b. The original NLP probing task is defined as a
classifier of the number of characters in a single word [17].
From this perspective, the Character Bin retains only surface
information in both domains.

4) SEMANTIC ODD MAN OUT (SOMO)
The objective of the SOMO probing task is to predict whether
the image was modified. We replace a center-biased super-
pixel in the image with a similarly shaped superpixel from
another image that corresponds to different visual words.
We pick a superpixel using a two-dimensional Gaussian
distribution center in the middle of the image. Regarding
replacement, we consider two setups, SOMO close and far,
depending on how often two visual words co-occur in the
training images. In SOMO close, we replace a center-biased
superpixel with visual words that often co-occur with the
replaced visual word. In SOMO far, we replace superpixel
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FIGURE 3. Sample superpixels illustrate six visual concepts from the
Marr’s computational theory of vision.

with the rarely co-occurring visual word (see Figure 7).
In both cases, the input of the probing task is a self-supervised
representation of the image. The target label is binary, i.e.,
whether the image was modified or not. The original NLP
task predicts if replacing a random noun or verb alters the
sentence [18]. In both domains, it requires the ability to detect
alterations in semantic consistency.

5) MUTUAL WORD CONTENT (MWC)
The Mutual Word Content (MWC) probing task aims to
discover which visual words bring two self-supervised rep-
resentations close to each other and which ones push them
farther away (see Figure 8). The input of this probing task is
a pair of self-supervised representations of two images. The
target labels represent the presence of a particular visual word
in both images. The probing task classifier is validated on
equally-sized subsets {S ival} corresponding to the increasing
cosine distance between pairs of representations. Discrep-
ancies in the classifier accuracy show the impact of visual
words on the representations’ distance. More precisely, if the

FIGURE 4. Sample visual words, each represented by one row of five
superpixels.

FIGURE 5. Sample images grouped into rows with increasing value of
Sentence Length from top to bottom. One can observe that SL correlates
with the semantic complexity of the image.

probing task performance drops with increasing repre-
sentations’ distance, the visual word information in both
representations brings them closer. To quantify this relation-
ship, we introduce the attraction coefficient. To calculate this
coefficient, we use the Linear Regression fit to the points
(i,AUCi), where i is the index of the subset and AUCi is the
MWC probing task performance on this subset. Thus, the
attraction coefficient is the first derivative of the fitted model.
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FIGURE 6. Sample superpixels grouped into rows with increasing values
of CO (a) and ICV (b) from top to bottom. One can observe that bottom
rows contain superpixels of rounder shape (a) and higher contrast (b).

This probing task does not have a direct counterpart in the
NLP domain.

IV. EXPERIMENTAL SETUP
This section describes howwe generate visual words and self-
supervised representations, assign visual words to images,
and train the probing tasks.1

1The code available at github.com/BioNN-InfoTech/visual-probes

FIGURE 7. Sample images from SOMO far (a) and close (b) setup.
Replacements in SOMO close come from a set of visual words that often
co-occur with the replaced visual word. In SOMO far, we replace
superpixel with rarely co-occurring visual words. One can observe that in
the case of SOMO close, the differences are less visible. Notice that red
arrows indicate alterations to the image.

A. GENERATING VISUAL WORDS
This paper presents a general framework that can be used
with various methods of generating visual words. However,
choosing a high-quality method is crucial to drawmeaningful
conclusions from the probing tasks. That is why we use the
established ACE algorithm [19]. It first divides images into
superpixels using SLIC (Simple Linear Iterative Clustering)
algorithm [28]. This algorithm clusters pixels in the combined
five-dimensional color and position space to generate com-
pact, nearly uniform superpixels. This approach has only one
parameter that specifies the number of output superpixels.
We use the SLIC algorithm with three resolutions of 15, 50,
and 80 segments for each image. Next, it generates repre-
sentations of these superpixels as an output of the mixed4c
layer of GoogLeNet [7] trained on the ImageNet dataset.
Then, for each class separately, corresponding representa-
tions are clustered using the k-means algorithm with k = 25
and filtered to remove infrequent and unpopular clusters
(as described in [19]). This results in around 18 concepts
per class and approximately 18, 000 concepts for the whole
ImageNet dataset. They could be directly used as visual
words. However, such words would be exclusive for partic-
ular classes, and some of them would be ambiguous due to
the small TCAV score [26]. Hence, to obtain a reliable dictio-
nary with visual words shared between classes, we filter out
12, 000 concepts with the smallest TCAV score and cluster
the remaining 6, 000 concepts using the k-means algorithm
into 50 clusters treated as visual words (see Figures 4 and 9).
We do not treat the number of clusters as a tunable hyperpa-
rameter. Instead, we set a fixed number of clusters, ensuring
various concepts and making user studies feasible.

B. GENERATING A SELF-SUPERVISED REPRESENTATION
We examine four self-supervised methods: MoCo v1 [27],
SimCLR v2 [1], BYOL [20], and SwAV [21]. For all of them,
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FIGURE 8. Sample pairs of images with visual words (represented by
marked superpixels) that attract (a) or push away (b) the representations.
Visual words that attract representations include words with complicated
forms and ‘‘green’’ words. On the other hand, visual words that push
representations away contain fine textures.

we use publicly available models trained on ImageNet.2

Although they all use the penultimate layer of ResNet-50
to generate representations, their training hyperparameters
differ, which is presented in Table 5.

2We use the following implementations of self-supervised methods:
https://github.com/{google-research/simclr, yaox12/BYOL-PyTorch, face-
bookresearch/swav, facebookresearch/moco}. We use ResNet-50 (1x) vari-
ant for each self-supervised method.

TABLE 1. Bins ranges corresponding to the classes in Sentence
Length (SL) and Character Bin (CB) probing tasks.

C. ASSIGNING VISUAL WORDS
To assign a superpixel to a visual word, we first pass it through
the GoogLeNet to generate a representation from themixed4c
layer (similarly to generating visual words). Since all con-
cepts considered in Section IV-A are grouped into 50 clusters
(visual words), we use a two-stage assignment. First, we find
the closest concept and then assign the superpixel to the visual
word containing this concept.

D. TRAINING PROBING TASKS
We use a logistic regression classifier with the LBFGS
solver [61] to train all diagnostic classifiers. As input, we use
representations generated by the self-supervised methods.
The output depends on the probing task. In the case of Word
Content, we train 50 classifiers corresponding to 50 visual
words. Furthermore, we expect an image to be assigned to
a particular visual word if at least one of its superpixels is
assigned to it. Finally, we report the average AUC scores over
50 classifiers (see Table 2). To formulate a classification setup
in the Sentence Length probing task, we group the possible
output into six equally-sized bins (see Table 1), resulting in
one-vs-one OVO AUC, which is resistant to class imbalance.
A similar procedure is applied to the Character Bin probing
tasks. SOMO is formulated as a binary classification task in
which we predict whether the image was modified. We train
two separate classifiers for two use cases, SOMO far and
SOMO close, with balanced training and validation sets.

We conduct all of our experiments on the ImageNet
dataset [29] with standard train/validation split. Moreover,
we apply random over-sampling if needed to deal with the
imbalanced classes.

V. USER STUDIES
While the cognitive visual systematic introduced in
Section III-B presents the possible way of obtaining the
meaning of visual words, it requires human observers to
reliably decide which visual features should be assigned to
particular visual words. Hence, in this section, we describe
user studies conducted to establish this assignment.

Overall, 40 volunteers participated in the study (30 males
and 10 females aged 29 ± 10 years) recruited online. 62.5%
of the participants were students/graduates of computer sci-
ence and related fields, and the remaining attendees repre-
sented various backgrounds.

The description and questions of the study were in English
and Polish. Participants ranged from 18 to 66 years of age.
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The average age of the participant is 29, and 68% of the
participants are between 20 and 38 years old. 75% of the
participants declared themselves as male, 25% as female and
0% chose other options. Participants were recruited online.
62% of the participants were students or graduates of com-
puter science and related fields, and the remaining attendees
represented various backgrounds, e.g., medicine, law, and
psychology. 35% of participants have at least a bachelor’s
degree.

Users completed an online questionnaire. Their task was to
assess the similarity of superpixels representing a visual word
and provide key features associated with this visual word.
To this end, users were presented with 20 visual words con-
sisting of 12 representative superpixels (close to the visual
word center) each. Participants were instructed to use Lik-
ert scales with seven numerical responses with only end-
points labeled (1 and 7) for clarity. First, they were asked
to evaluate the homogeneity of a given set (scale endpoints:
great variety; great homogeneity; see Figure 14). Next, they
evaluated to what extent a given feature was essential for
visual word creation. In reference to Marr’s computational
theory of vision [36] (see Section III-B), six features were
taken into consideration: light intensity (brightness), color,
texture, lines, shape (Marr’s 2.5D sketch) and form (Marr’s
3D model representation). Scale endpoints were labeled as a
not significant feature and a key feature (see Figure 14).
Before the main task, users obtained an instruction

that included sample visual words with particular features
(selected by a cognitivist). They also underwent two training
trials to familiarize themselves with the task. There were no
time constraints for trial or task completion. The order of
visual words and on-screen localization of superpixels were
semi-randomized for each participant.

Due to the high number of visual words, the assessment
of all 50 visual words would be tedious for the users. That
is why we decided to limit our user study to the twenty
most reliable visual words. They were chosen based on the
results of Word Content probing task by selecting best and
worst-performing clusters, as well as the ones with the largest
performance difference between considered self-supervised
models.

Based on the results of the user studies, we select the
most representative visual words for each of the six features:
brightness, color, texture, lines, shape, and form. Thosewords
are then used to obtain detailed results of the Word Content
probing task presented in Table 3.

VI. RESULTS AND DISCUSSION
As we show in Table 2, all self-supervised representations
retain information about semantic knowledge, complexity,
and image consistency. However, SimCLR v2 surpasses other
methods in all probing task except CB color. Moreover, the
performance on probing tasks does not correlate with the
accuracy of the target task. In the following, we analyze those
aspects in greater detail.

A. SELF-SUPERVISED REPRESENTATIONS CONTAIN
SEMANTIC KNOWLEDGE WHICH DOES NOT
CORRELATE WITH THE TARGET TASK
As reported in Table 2, the AUC scores for Word Content
probing task vary from 0.793 for MoCo v1 to 0.811 for Sim-
CLR v2. This shows that considered self-supervised methods
can predict which visual words are present in the image, i.e.,
they code the semantic knowledge in the generated represen-
tations.

Surprisingly, although the examined self-supervised meth-
ods have diverse target task accuracy, they all have a sim-
ilar level of semantic knowledge. For instance, MoCo v1
obtains the worst target task accuracy (60.6%), but its results
for the WC probing task are on par with more accurate
self-supervised methods. Moreover, although SwAV has
the highest accuracy on the target task, it does not pro-
vide the best performance in terms of semantic knowledge.
This finding supports the conclusion from [31] that seman-
tic knowledge only partially contributes to the target task
accuracy.

B. CERTAIN TYPES OF VISUAL WORDS ARE
REPRESENTED BETTER THAN THE OTHERS,
DEPENDING ON THE METHOD
According to the results presented in Table 3 and Figure 9,
self-supervised representations have more knowledge about
visual words containing forms and lines than about those
containing shapes and textures. This may indicate that the
representations are lines- and form-biased, which sheds new
light on this problem, considering that according to [31],
self-supervised representations are texture-biased. Moreover,
the information encoded by various self-supervised methods
differs. It is especially visible for brightness and color, where
the MoCo v1 works significantly worse than the remaining
methods.We assume that it is caused by the lack of projection
head in the former, which is important due to the loss of
information induced by the contrastive loss [33].

C. THE SAME VISUAL WORD IN A PAIR OF IMAGES
USUALLY BRINGS THEIR REPRESENTATIONS CLOSER
The results of the MWC probing task presented in Table 4
show that the same visual word in a pair of images usually
brings their representations closer. This is true for almost
all visual words (45 out of 50), and especially for those
presented in Figure 10a that contain complicated forms and
lines or green areas. The remaining five visual words, usually
corresponding to fine textures (see Figure 10c), are neutral or
pushing representations away.

Interestingly, SwAV differs from the other methods in
the case of lines and shapes, and BYOL differs in the
case of shape. As in both cases, the presence of those fea-
tures usually does not bring representations learned by those
methods closer together. Differences in the training proce-
dures of these methods might partially explain these results.
SwAV and BYOL are trained without negative pairs, whereas
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TABLE 2. AUC score for all our probing tasks (WC, MWC, SL, CB, and SOMO) and accuracy on the linear evaluation (Target) for the considered
self-supervised methods.

FIGURE 9. Visualization of the best (a) and the worst (b) predicted visual
words according to the results of the WC probing task. It supports the
results from Table 3 that self-supervised representations contain more
information about lines and forms than textures.

SimCLRv2 andMoCo v1 use both positive and negative pairs
during the training. Therefore, we hypothesize that this may
cause differences in the MWC probing task result.

FIGURE 10. Sample visual words that attract (a), are neutral (b), or push
away (c) the representations of two images. One can observe that the
visual words that attract representations include words with complicated
forms or green areas. On the other hand, visual words that push
representations away contain fine textures.

D. SELF-SUPERVISED REPRESENTATIONS CONTAIN
INFORMATION ABOUT SEMANTIC COMPLEXITY THAT
DIFFERS BETWEEN METHODS
Based on the results in Table 2 and Figure 11, we observe that
considered self-supervised methods code the level of seman-
tic complexity, as they all obtain approximately 0.77 AUC
for Sentence Length, and even higher AUCs are observed for
CB shape and color (from 0.797 to 0.893 AUC). Moreover,
when it comes to recognizing variance in superpixel color,
BYOL works best, in contrast to all other probing tasks,
where SimCLR v2 has the highest AUC. The potential reason
for this behavior is the fact that a positive pair with similar
color histograms provide more information in BYOL than in
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FIGURE 11. Confusion matrices for Sentence Length and Character Bin probings (results in %). The results indicate that the ability of
self-supervised representations to retain information about complexity differs depending on the level of image complexity. Moreover, even
though the final AUC of SL and CB for self-supervised methods are similar, their confusion matrices differ.
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TABLE 3. Biases of the representations measured by WC probing tasks. The colors indicate a higher (orange) or lower (blue) AUC score compared to the
overall performance for all visual words.

TABLE 4. The attraction coefficient of MWC probing task. The attractions
of representations containing the same visual word are marked in orange.

FIGURE 12. Sample images from the SOMO probing task. Images for
which the superpixel substitution was correctly classified based on the
representations by all methods (a) and by none of them (b). One can
observe that probing struggles with more subtle changes, which are still
visible to the human eye. Notice that red arrows indicate alterations to
the image.

SimCLR, as presented in Section V of [20]. Therefore, BYOL
puts more attention on the color characteristic.

E. SELF-SUPERVISED REPRESENTATIONS CONTAIN
INFORMATION ABOUT SEMANTIC CONSISTENCY THAT
DIFFERS BETWEEN METHODS
The results of the SOMO probing task in Table 2 and
Figure 11 show that self-supervised representations reflect

FIGURE 13. Sample images from SOMO probing task, correctly classified
when embedded by MoCov1 (a), SimCLR v2 (b), BYOL (c), or SwAV
(d) only. One can observe no clear differences between the types of
inconsistencies classified correctly and incorrectly by the particular
methods. Notice that red arrows indicate alterations to the image.

changes in the center of the image. However, as presented
in Figure 12, the probing classifier struggles with more
subtle changes, which are still visible to the human eye.
Moreover, SimCLR v2 has the highest ability to recognize
altered images, but surprisingly, BYOL has the lowest per-
formance. However, as shown in Figure 12 and 13, there
are no visible reasons for this result. Overall, our results are
in line with [32], which claims that self-supervised methods
improve out-of-distribution detection. However, they contra-
dict our previous results [51], where the replaced superpixel
is selected entirely randomly (without center bias). Never-
theless, we decided to change replacement to center-biased
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TABLE 5. Differences between architecture and training of the considered self-supervised methods.

FIGURE 14. Sample question from our user study that allows in-depth analysis of the Word Content probing task using Marr’s
computational theory of vision.

in this work because they better correspond to semantic
inconsistency.

F. THE ABILITY TO DISTINGUISH ALTERED IMAGES
DEPENDS ON HOW OFTEN THE REMOVED VISUAL
WORD CO-OCCURS WITH THE REPLACEMENT
As presented in Table 2, SOMO far has higher performance
than SOMO close. It is expected because recognizing alter-
ations obtained by replacing a visual word with a non-fitting
one is simpler. However, this difference in performance for all
self-supervised representations leads us to believe that there is
a family of alterations that might not be reflected well enough
in a self-supervised representation. Hence, considering that
even minor alterations might lead to a change in the predic-
tion [60], this disability might pose a risk to the stability of
the classification results.

VII. CONCLUSION
In this work, we introduce a novel visual probing framework
that analyzes the information stored in self-supervised image
representations. It is inspired by probing tasks employed
in NLP and requires similar taxonomy. Hence, we pro-
pose a set of intuitive mappings between visual and textual
modalities to construct visual sentences, words, and char-
acters. Moreover, we provide a cognitive visual systematic
that identifies a visual word with structural features from
Marr’s computational theory [36] and provide the meaning of
the words.

Our cognitive framework reveals insights into high-level
concepts that the model has learned. Such insights can be
applied to promote the safer use of self-supervised learn-
ing, being aware of the biases encoded in the representa-
tions. The results of the provided experiments confirm the
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effectiveness and applicability of this framework in under-
standing self-supervised representations. We verify that the
representations contain information about semantic knowl-
edge, complexity, and consistency of the images. Moreover,
a detailed analysis of each probing task reveals differences
in the representations encoded by various methods, pro-
viding complementary knowledge to the accuracy of linear
evaluation.

Our framework goes beyond per-sample explanations to
identify higher-level human-understandable visual concepts
that apply across the entire dataset. The existing work, the
closest to ours, is a work [19] in which high-order concepts
are automatically determined for images from each class.
We build upon this work and propose a new approach using
probing tasks. The advantage of our method is measurabil-
ity, which enables us to compare to what extent individual
self-supervised models encode information about concepts in
their representations.

We note a couple of limitations of our framework. Our
framework only applies to concepts in the form of groups
of pixels. This assumption gives us plenty of insight into
the model, but more complex and abstract concepts might be
difficult to be noticed. In addition, the success of our approach
depends on the quality of the generated labels for probing
tasks. In our work, we presented five probing tasks inspired
by NLP. However, in future work, one can consider a more
generic approach to creating desirable probing tasks. One
possible way to do this is to use a model that generates images
based on a given text description, e.g., DALL-E 2 [62].
Thanks to this, we can create training pairs of image and
text, generate probing labels based on text and use a probing
classifier to image representation. In this case, creating new
probing tasks would be equivalent to formulating appropri-
ate queries for the image-generating model. These queries
describe the human-understandable concept influencing the
model’s trait we want to investigate.

Potentially, our method may have a wider application,
not only for self-supervised learning but for any learning
methods for which individual layers of representation can
be explained using our cognitive framework. The advantage
of our framework is that it is generic. For example, using a
different segmentation algorithmwill lead to a different visual
vocabulary. Therefore, conducting additional user studies to
evaluate visual words generated using different methods and
parameters would be worthwhile.

Finally, we show that the relations between language and
vision can serve as an effective yet intuitive tool for explain-
able AI. Hence, we believe that our work will open new
research directions in this domain.
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