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This article focuses on the development and application of intelligent software for image and sound
recognition to perform iconographic and audiographic analyses of the work of video art pioneers Steina
and Woody Vasulka (the Vasulkas). The Al epistemological tool Vasulka Live Archive is designed to pro-
vide unique results that benefit from the synthesis of automatic statistical analysis across the dataset and
application of predefined categories that are the results of aesthetic evaluation of the Vasulkas’ videos
and inspired by terminology of video art aesthetics (Weibel, Krauss). The advantages of this Al tool reveal
themselves particularly when the tool is used for transmedia analysis of the whole dataset (the Vasulkas’
work) as the accuracy and completeness of its results are out of reach of an individual human researcher.
We argue that this kind of Al tools can contribute to more exact and data-based findings on media art
aesthetics, it can contribute to establishing a new field augmented iconology (Spratt) as well as expand-
ing the sphere of Al tools application towards digital collections of experimental and conceptual art of

20th and 21st centuries.

© 2024 Consiglio Nazionale delle Ricerche (CNR). Published by Elsevier Masson SAS. All rights are
reserved, including those for text and data mining, Al training, and similar technologies.

1. Introduction and research aim

Our efforts are in response to the ever evolving museum and
archival landscape, as well as the general tendency toward digitiz-
ing cultural artifacts (see Google Art & Culture!, 2011; Europeana?,
2009). Open access to the digitalized and interconnected art col-
lections of notable institutions (e.g. Tate Britain; Mo Ma, The Mu-
seum of Modern Art; Rijk Museum) has recently increased schol-
ars’ interest in utilizing machine learning to handle these massive
datasets.

1.1. Related works

An increasing number of projects focus on the development of
intelligent tools for the automated examination of digitalized art
collections [1-7]. Multiple interdisciplinary research teams have
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adapted, created, and combined a range of Artificial Intelligence
(AI) technologies to serve as a tool for the study of art history and
cultural heritage.

The focus has been on older time periods and collections of tra-
ditional artifacts such as paintings, drawings, or sculptures [1-5].
Part of these experiments were conducted on collections of artistic
photographs [8]. However, as far as we know, we present the first
application of machine learning on a collection of video art.

These projects typically focus on different kinds of sorting and
searching of static images in databases of visual art, and they are
applied to datasets of artworks from older historical periods, with
their realistic symbolic vocabulary based on mimetic depiction of
objects and environments (regardless of whether the subject mat-
ter of the artwork is taken from the observation of the world or is
of allegoric, religious, or mythological nature) [9,10]. The results of
these projects serve as evidence that Al tools are able to automat-
ically accomplish goals specified by human art historians almost
a century ago (such as Wolfflin’s methods of style distinction and
analysis [9,10], and Panofsky’s iconography as used by Spratt [8]).

Due to the conceptual nature and formal diversity of modern
art, the applicability of machine learning to the art of the 20th and
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21st centuries is regarded challenging. This notion is confirmed by
the unsatisfactory results of trials involving the application of Al
algorithms to current-art databases [8]. However, we are convinced
that the issue is less related to the nature of contemporary art and
more to the fact that Al software was trained on datasets, such as
ImageNet [11], which are incompatible with the visual language of
most modern and contemporary art [8].

1.2. Main goals of our research

In response to the current situation described above in the field
of Al application to digitalized art archives, we decided to develop
Al software specially trained to be an effective analytical tool when
applied to audiovisual artworks (artistic videos) with very specific
aesthetics compared to the pop-culture imagery contained in Im-
ageNet. Our research aims to train Al software to become an ex-
pert in the iconography of Woody and Steina Vasulka’'s experimen-
tal creative videos.

The specially designed web portal Vasulka Live Archive [12] is
the main result of the research and is available online for the art
historian community to serve as a unique intelligent epistemolog-
ical tool for Al-assisted iconological analysis of the Vasulkas artis-
tic videos. The online, open-access, intelligent epistemological tool
can (a) aid in the intertextual structural analysis of the videos
(relations between visual and acoustic leitmotifs, usage of various
tools and software, or media); (b) quantify the degree of ambigu-
ity (multivocal and metaphorical imagery) in these videos; and (c)
assist in determining the amount to which the video demonstrates
a tendency toward abstraction.

The rest of the article is structured as follows. Section 2 de-
scribes the dataset and the Al-based methods for the analysis of
the audiovisual content of the Vasulkas’ videos. Next, we summa-
rize the main results in Section 3. Finally, we provide a discussion
and a conclusion in Sections 4 and 5, respectively.

2. Materials and methods
2.1. Dataset characteristics

We worked with videos by Steina and Woody Vasulka, stored in
a digital archive in possession of the Center for New Media Arts—
Vasulka Kitchen Brno.? The total data volume is 536 GB, including
1,800 audiovisual works. After discarding redundant content, we
ended up with 880 videos by Vasulkas, a 137 GB corpus of material
that would take nearly seven days to watch.

Since there is no generally recognized list of the Vasulkas’
works that we could use as a reference when identifying videos
in the dataset, we had to create our own. We accomplished this
by comparing and overlapping the lists of Vasulkas’ works avail-
able on the web sites of the authoritative institutions.* In this way,
we compiled a list of 108 video titles, of which 21 were made by
Woody Vasulka, 49 by Steina Vasulka, and 38 works were made by
both authors. We were able to identify 105 distinct works by the
Vasulkas, represented by 124 videos and video-documentaries (62
by Steina Vasulka, 10 by Woody Vasulka, 38 by Woody and Steina
Vasulka, and 14 made in cooperation of the Vasulkas with other
authors). We can therefore assert that the collection of their works
we worked with is nearly complete. Moreover, the vast majority of
videos are available as complete versions (master tapes), with only
a few appearing as fragments in the dataset.

In terms of visual information, the Vasulkas’ work is varied,
comprising a small volume of documentary footage and the ma-

3 vasulkakitchen.org.
4 vasulka.org, Foundation Langlois, LI-MA, Electronic Art Intermix, Berg Contem-
porary, monoskop.org.
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Fig. 1. Flowchart of our system for audiovisual content recognition.

jority of manipulated images. While the Vasulkas’ earliest video-
tapes made use of only camera effects, later works showed a
tendency toward blending documentary footage with visual ef-
fects; these were created by disrupting electronic signal using cus-
tomized synthesizer-based instruments and a range of hardware
and software tools.

The sonic character of Vasulkas’ work is predominantly made
up of various kinds of noise and synthetic sounds that can be clas-
sified as electronic music. Voice (talking, singing) and its manipula-
tion in real time contribute significantly to the soundscape of their
videos. Another typical sound is produced by Steina Vasulka play-
ing a violin, later on a Musical Instrument Digital Interface (MIDI)
violin, which Steina used to control image sequences in real time.
There are also sounds of natural elements, such as wind, water-
falls, or fire, as well as some industrial noises, such as the sound
of a car engine.

The extensive manipulation of images and sounds in Vasulkas’
work is an expression of the tendency towards abstraction and the
detachment from the recorded reality in favor of synthetic, artifi-
cial images and sounds [13,14]. For the goals of dataset sorting and
training the Neural Networks (NNs) to perform an iconographic
and audiographic analysis of videos automatically, these categories
were required to be separated.

During dataset creation, a sub-dataset was created for experi-
mental verification of classification using NNs. The dataset contains
a small number of visual classes with a limited number of frames.
The results of these experiments were published in [15].

The dataset with which we worked could not be published
in its entirety for licensing reasons, but the videos we identified
as master tapes of the Vasulkas work are fully available on the
Vasulka Live Archive. The two software trained on this dataset de-
scribed in the following section are available in the open access
regime on GitHub.>-6

2.2. Audiovisual content recognition

We used Convolutional Neural Networks (CNNs) to develop our
audiovisual content recognition system because they are the most
common choice for image and audio classification [16]. Before de-
ploying the system (see Fig. 1), we had to correctly prepare the
training dataset for CNNs. To organize and categorize the dataset of
the Vasulkas’ recordings, we developed a website-based interface
that allowed for automatic searching across the full unsorted video

github.com/vasulkalivearchive/audio.
github.com/vasulkalivearchive/video.
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archive. The interface made it simple to locate the master tapes or
the most representative segments of the Vasulkas’ artistic videos.
The selected videos were provided with basic metadata (author,
work title, year, abstract, etc.). In addition, it was made possible
to simultaneously play these videos and annotate the audio and
visual categories. Annotations were produced with a second preci-
sion on the timelines, and as the majority of the videos featured
many categories simultaneously, it was possible to use numerous
timelines for this purpose. Before training the CNNs, the audio and
image datasets were separated into training and validation sets.

Subsequently, two CNNs were trained—one for visual categories
and one for audio categories. First, a CNN was trained on the audio
clips from the videos. In the case of the visual CNN, a multilabel
image classifier was trained. Predictions were made on the time-
lines of all Vasulkas master recordings. Some parts of the master
recordings are already included in the CNN training dataset. The
videos for the training and validation subset were specifically cho-
sen so that all categories occur in both subsets. Subsequent predic-
tions were made on all master tapes.

The predictions of both trained CNNs were then uploaded to
the Vasulka Live Archive website, where they are stored in the
database for quick access. For our purposes, the high temporal ac-
curacy of the classification was not crucial. Therefore, we chose to
predict the occurrence of objects with one-second skips. Further-
more, predictions were used for a feature of the website that au-
tomatically suggests similar videos as described in Section 3.4.1.

2.2.1. Visual classes

Our dataset has twenty visual classes (see Table 1), some of
which cannot be found in general-purpose datasets commonly
used for CNN learning. Moreover, their distribution is quite unbal-
anced (see Fig. 2b).

For example, the class Interior was detected more than ten
thousand times in the images of the dataset. In contrast, the fre-
quency of the class Car does not exceed 500. The imbalance of
class appearances in the dataset was compensated for by using
weights. Before CNNs were trained, the number of images per class
was determined and the weights were modified accordingly.

Moreover, the visual classes appear as individual objects, or
there are several of them in one frame in the dataset. An exam-
ple of the appearance of several classes at the same time in the
frame shows Fig. 3a.

Table 1
Percentual F; score on a validation subset for the trained
visual models.

Class name Xception NASNet  Inception
Body 84.5 88.6 88.7
Digit 88.0 99.9 99.9
Effect 49.7 39.4 39.8
Air 68.6 72.2 72.5
Earth 59.6 58.8 55.6
Fire 56.3 39.0 69.9
Water 71.6 70.6 66.0
Face 90.1 90.5 89.2
Keying 62.6 59.9 53.2
Interior 81.9 79.7 79.8
Landscape 81.5 80.4 74.8
Letter 87.7 89.8 84.0
TV set 78.9 78.5 85.6
Car 74.4 92.0 89.8
Fisheye 85.0 87.0 82.0
Rutt/Etra 61.4 71.0 68.1
Steina 34.9 63.6 28.6
Stripes 66.0 66.0 80.4
Violin 50.2 55.5 55.2
Woody 82.5 91.4 96.1
Macro average  70.8 73.7 73.0
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Table 2
Percentual F; score on a validation subset for the trained audio models.

Class name CNN14 (3s) CNN14 (1s) CNN14 (0.5 s)
Music (acoustic) 84.9 86.0 86.9
Music (electronic)  89.2 91.2 90.2
Music (violin) 83.3 84.0 81.9
Music (vocal) 83.6 79.6 78.1
Noise 92.6 934 93.1
Noise (air) 81.0 78.6 78.9
Noise (car) 83.9 77.0 83.1
Noise (fire) 90.9 96.6 97.9
Noise (water) 86.4 86.8 85.6
Speech 94.0 93.4 84.7
Macro average 87.0 86.6 86.0

It is the screenshot from the video Summer Salt [17], in which
categories Air, Body, Earth, Face, Machine vision, Lanscape, and Steina
were identified. On the other hand, Fig. 3b shows a case of a single
class in the frame. It is the Earth class identified in the video Lava
and Moss [18].

2.2.2. Audio classes

The audio classes, which have been used for the CNN train-
ing (see Table 2), consist of ten individual categories. The dataset
is also imbalanced (see Fig. 2a). For example, the most frequently
identified class is Music (electronic), that was recognized on more
than three hours of videos. On the other hand, the occurrence of
the class Noise (fire) was identified the least frequently, on a total
of three and a half minutes of video length.

The next step was to standardize the length of the audio seg-
ments for training because manual annotation and subsequent ex-
traction produced audio files of varying lengths. To do so, the au-
dio dataset was divided into training segments of 0.5, 1, and 3 s in
length.

2.3. Towards two complementary NN models

The categories for the training of the two NNs were determined
considering the intended next step, which was to incorporate them
into the Vasulka Live Archive website’s interface to serve as a tool
for providing users of the tool with an interface that enables si-
multaneous analysis of audio and visual motifs of the videos as
they are audiovisual artworks.

2.3.1. The visual CNN

We decided to test three CNNs: Xception [19], NASNetLarge
(NASNet-A) [20], and Inception-ResNet-v2 [21]. The core of Xcep-
tion is made of depth-wise separable convolutions. The model is
based on several improvements of the Inception model, on which
the name Extreme Inception is based. This model is based on the
hypothesis that it is appropriate to decouple spatial and channel
convolutions on channels.

Then, NASNetLarge was tested. It is the best performing net-
work trained on CIFAR [22] and ImageNet [11] datasets. The frame-
work allows for the automated composition of individual blocks of
the whole NN, which enables it to achieve the best results on a
given dataset.

Finally, the Inception-ResNet-v2 model was applied experi-
mentally to the dataset. We chose this model because the net-
work achieves very good results on the ImageNet database and
thus ranks among the state-of-the-art classifiers. Moreover, the
model achieves acceptable computational requirements. The au-
thors claim that residual connections dramatically improved train-
ing speed but did not increase accuracy. Thus, the accuracy of the
model is achieved by a special design of the individual blocks of
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Fig. 2. Dataset statistics.

(a) Summer Salt [17].

(b) Lava and Moss [18].

Fig. 3. Images from two videos.

the architecture based on the previous versions of the Inception
architecture [21].

When we developed these three CNNs, we progressed as fol-
lows. We removed the last classification layer from all CNNs and
replaced it with a 2D global average pooling layer followed by
a dropout layer. Next, we used a fully connected layer with a
neuron activated by a sigmoid for each class. All models were
trained for 15 epochs. For the predictions presented on the
Vasulka Live Archive website, we chose the NASNetLarge model, as
it had the best classification accuracy.

2.3.2. The audio CNN

In recent years, large-scale audio datasets such as AudioSet
were classified using NNs [23]. In addition to CNNs [24], archi-
tectures such as convolutional recurrent neural networks (CRNNs)
[25], or NNs with attention mechanisms were used in the task
of audio classification [26]. We decided to use the CNN14 model
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presented in [27] due to its performance on large datasets and in
transfer learning settings.

The CNN14 model comprises six convolution blocks and a fully
connected layer with a size of 527 neurons, which corresponds to
the number of classes in the AudioSet. However, the CNN14 model
had to be customized to fit the parameters of our dataset. The
number of neurons of the last layer was changed according to the
number of audio classes we used for our dataset, which was ten
(see Table 2). The CNN14 model contains a logarithmic mel spec-
trogram layer [30] on the input, which transforms audio into the
frequency domain. We apply 64 mel filters to calculate the log mel
spectrogram. Each convolution block consists of two layers acti-
vated by a ReLU function [31], then followed by an average pooling
and a dropout of 0.2.

The output of the last convolution block is reduced to a one-
dimensional embedding by a combination of max and mean pool-
ing followed by a dropout of 0.5. The embedding is then activated
by a ReLU function and follows a final dropout of 0.5. The predic-
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tions are made by a fully connected layer with 10 neurons, which
is activated by a log softmax function [32]. We trained the model
three times for 60 epochs, each time with a different length of
training segments. The negative logarithmic likelihood loss crite-
rion [33] was used to train the model.

3. Results
3.1. Visual CNNs

Table 1 summarizes the results of all three CNNs tested for vi-
sual class analysis. The best model in terms of the macro-average
F; score was the NASNetLarge model with 73.7%. The worst results
were achieved by the Xception model with a margin of 2.9%.

To illustrate the results summarized in Table 1, two examples
are used: Fig. 4a shows a screenshot from the video Bent Scans
[29], in which Steina Vaulka performs different movements in front
of the projector. The body is distorted and bent using Image/ine
software (Tom Demeyer) in real time, and the image is instantly
projected onto a wall. The CNN correctly identified classes Interior
(100 %), Body (100 %), and class Effect (100 %), which means that
some image manipulation took place in the frame. Fig. 4b shows a
frame from the video 1-2-3-4 [28]. The video depicts animated nu-
merical birthday cake candles 1, 2, 3, 4 on the striped background.
The numbers and stripes change their positions rhythmically and
overlap with each other. To do so, the author used Multi-Level
Keyer, an analog tool with digital control, built by Georg Brown.
The CNN successfully identified the class Stripes (100 %), and the
class Digit (100 %) in the image.

3.2. Audio CNNs

The CNN model for audio content recognition was trained
on sound segments of varying length. The results indicate that
the quality of the classification is comparable across all segment
lengths. Some classes scored a much poorer classification accu-
racy, which was primarily attributable to their underrepresenta-
tion. Several classes also contained audio material that was difficult
for humans to distinguish, so even after manual correction, some
classes contained material that was incomprehensible for NNs. De-
spite these shortcomings, a balanced level of categorization accu-
racy was achieved across all chosen sound classes. Table 2 displays
the results of the predictions on a validation subset.

Due to the sufficient temporal accuracy of audio track tagging,
we chose the CNN14 model, which was trained on 1-second seg-
ments, for prediction purposes on the master tapes of the Va-
sulkas.

Journal of Cultural Heritage 68 (2024) 298-306

3.3. CNNs in a service of an audiovisual analyses of the Vasulkas’
videos

The CNNs we have trained are unique intelligent tools that en-
able investigators to perform automatic content-oriented (leitmo-
tifs) and form-oriented (special effects usage, image-sound inter-
actions, etc.) analysis of the artistic videos, both individually and
across the dataset.

To increase the effectiveness of the CNN analysis, the models
are integrated into a single interface of the Vasulka Live Archive
website so that users can investigate the visual and audio aspects
of the videos simultaneously. The simultaneous usage of the CNNs
enables users to conduct the structural analyses of the videos, e.g.
to observe how the representation of objects by visual and audio
features is mutually supportive (it is usually the case of documen-
tary videos), or how the visual and audio objects mutually convey
a dominant position within the audiovisual works. An example of
the case where the audio contains the mimetic information while
the visual information is highly abstracted is shown in Fig. 5b. It is
an image from the video Telc [35]. Significant usage of the Rutt/Etra
synthesizer almost obliterates the visual information, while the au-
dio carries the information with a documentary-like quality, allow-
ing us to discern that someone is remarking on a car driving along
a street. Fig. 5a is a still from the video Violin Power [34] that il-
lustrates the opposite situation. The image depicts Steina Vasulka
playing a violin, but the audio clarifies that it is a MIDI violin, i.e.
an electronic device used as an interface for manipulating elec-
tronic signals.

3.4. Intelligent epistemological tool for audiovisual analysis of
Vasulkas’ videos

The specially designed Vasulka Live Archive website was cre-
ated to harness the full potential of specially trained CNNs for au-
dio and visual analysis of Vasulkas’ videos. This applies particularly
to the Machine Learning section, which we refer to as an interactive
epistemological tool, while the Machine Vision section serves edu-
cational purposes, providing a basic insight into the hidden pro-
cesses of Al software.

3.4.1. Machine learning

In the Machine Learning section of the website, users can filter
videos according to the appearance of visual and audio classes in
the videos, with frequencies calculated as a percentage of the ap-
pearance of a given class with a probability threshold of 1%. For
example, in the video 1-2-3-4 [28], the Digit class was identified in
95% of the frames and therefore the weight of this class is 0.95.

Stripes: 100.0%
Digit: 100.0%

(a) Interior: 100 %, Body: 100 %, Effect: 100 %.

(b) Digit: 99.9 %, Stripes: 99.7 %.

Fig. 4. Image from 1-2-3-4 [28] (on left), Image from Bent Scans [29] (on right).
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(a) Music (electronic): 97.3 %.

(b) Noise (car): 52.5 %, Noise: 42.9 %.

Fig. 5. Image from Violin Power [34] (on left) and Telc [35] (on right).
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Fig. 6. An example of the dominance of the acoustic over the visual in video Swan Lake [38] (Violin: 0 %, Music (violin): 100 %).

The class weight can be adjusted for several occurrence rates: 1
to 100%, 25 to 100%, and 50 to 100%. However, we expect that the
ability to search for clusters of videos with shared features from
1 sec to whole video can bring main benefits. In this way, we can
analyze the Vasulkas’ work from the perspective of repeating visual
and sound motifs and compare them in terms of their rarity or
density of their occurrence.

The interface enables users to study the results of the video
classification frame by frame in real time (see Fig. 6). This is made
possible by the inclusion of a dashboard to the video player, which
displays a list of visual and audio classes, including data on their
frequency of occurrence based on weight (with per-video preci-
sion) and probability measure (with per-frame precision). During
video playback, the cursor automatically advances along the hori-
zontal timelines of each class.

In addition, an algorithm has been implemented to identify
similar videos, calculated as the distance between the videos, each
represented by a weight vector containing values corresponding to
all visual and audio classes. A value of one signifies that a given
class occurred for the whole duration of the video, and a value
of zero represents no occurrence of a particular class. Therefore, a
set of similar videos to a target video in terms of the visual and
audio class occurrence is found by calculating the Manhattan dis-
tance between respective weight vectors. This metric was chosen
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to rank similar videos because it is inexpensive to compute and
suitable for content-based retrieval, as shown in [36].

3.4.2. Machine vision

The Machine Vision section shows how the NNs can see the Va-
sulkas videos. It was inspired by the Activation Atlas project [37],
which uses visualization to illustrate the inner workings of NNs of
different layers.

We used the intermediate outputs from five of the 132 CNN
layers from Xception model, which is enough to sufficiently illus-
trate the process of decomposition of the image by CNNs, that
enables them to capture features of the image, to identify indi-
vidual objects in it, and finally to predict their appearance in the
given image. The website section Machine Vision was created using
the JavaScript library Three.js [39], which allows the images to be
mapped in the shape of a sphere (see Fig. 7a).

When the mouse hovers over any image mapped on the sphere,
a list of objects recognized by the Al software is shown first. By
clicking on the image, the CNN layers spread over the screen, mak-
ing the process of gradual decomposition and analysis of the image
perceivable, and it is accompanied by a list of categories, including
a percentage of the prediction probability of a particular label. This
feature is illustrated in Fig. 7b. It shows an image from the Techne
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(a) 3D Sphere as a user interface.
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(b) Expanded NN of the selected image.

Fig. 7. lllustrations from website.

and Eros video [40] and the four stages of its decomposition by the
Al software.

The interface was inspired by a reflective sphere used in Va-
sulkas’ installations. It is often placed in the center of optical ap-
paratuses called Machine Vision [41] or Allvision [42], and works in
cooperation with cameras recording the images of the surround-
ings, which are reflected in its mirrored surface. Similarly, the Va-
sulkas employed the fisheye effect’s characteristically convex form
refers to the human ability to enlarge its field of view through a
machine’s eyes (see, for example, Summer Salt [17]).

Steina Vasulka wrote about this:

“In the late seventies, I began a series of environments titled
Machine Vision and Allvision, with a mirrored sphere...These
automatic motions simulate all possible camera movements
that free the human eye from being the central point of the
universe. [41]”

4. Discussion

The Vasulka Live Archive website not only provides access to
the outputs of our Al driven research on the Vasulkas work. Our
main goal was to create a unique intelligent tool that integrates
the knowledge of iconography of the Vasulkas videos with the at-
tributes of video art as defined by prominent theorists [14,43]. We
can compare the website to a microscope or telescope, as it is a
tool that allows us to see the Vasulkas work both in detail and
in distance, which might bring new findings and knowledge about
their work. This epistemological tool can be used by scholars, stu-
dents, curators, or artists interested in this work.

4.1. Epistemological tool for audiovisual analysis of video art

The Al tool integrates two expert software, one for analyz-
ing visual motifs and the other for analyzing audio motifs on the
database of master tapes representing the Vasulkas’ work. The tool
can bring high effectivity and exactness into research focusing on
an intertextual structural analysis of the videos (relations between
visual and acoustic leitmotifs).

In general, a thorough structural analysis of any audiovisual
work, such as video art, must involve an analysis of visual and au-
ral components. It was found that the strategy is effective, partic-
ularly when the audiovisual material is substantially modified to
gain the effect of abstraction (distraction from reality), as is the
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case of the Vasulkas videos. In these circumstances, the comple-
mentary utilization of the Al software in the web-epistemological
tool led to more satisfactory findings, because their outcomes sup-
ported each other in a process of identifying (audio or visual)
things.

4.2. Quantifying ambiguity

By using a special interface that allows one to simultaneously
track the probability of occurrence of each class in the videos as it
evolves over time, we can measure the degree of ambiguity with
which the Vasulkas deliberately worked. The word ambiguity is
used here to signify a certain way the Vasulkas implement mul-
tivocal and metaphorical imagery into their works using different
kinds of montages of images (superpositions, keying, spatial and
temporal montages). For example, it is not uncommon for an im-
age to denote and indicate two or three categories with high prob-
ability at once, one of them being the Effect category, as we ob-
served in our research.

For example, in the Lilith video [44], see Fig. 8, the NNs recog-
nized the Face and the Landscape with almost 100 % probability,
and the Effect category was also represented by almost 100 %. By
comparing this result with the screenshot shown in Fig. 8, it shows
that the face merges with the landscape, one overlaps the other,
and vice versa, creating a metaphorical image of a face-landscape
melting in the waves of an electronic signal, as if emerging from
the author’s memories.

Although the numerical representation of the composition of
the image may seem imprecise, it is an accurate expression of
what the viewer is actually seeing. The results of the analysis can
be used for the quantification of ambiguity as a characteristic fea-
ture of the work of the Vasulkas.

4.3. Scaling abstraction

As the Vasulkas’ videos oscillate between documentary depic-
tion of reality by camera and its diverse manipulations by interfer-
ences into electronic signal, the CNNs not only be trained to recog-
nize the visual or audio objects, but also to measure the degree of
abstraction, frame by frame. To do so, users of the website can fil-
ter categories such as Effect, Noise (audio), or Rutt/Etra. In addition,
from the standpoint of the aesthetics of video art, it is frequently
less important to recognize the objects on the video than to be
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Fig. 8. Example of ambiguity [44], (Effect, Face and Landscape almost 100 %).

able to quantify the degree of transformation or level of abstraction
of the image and/or sound. These measures can significantly con-
tribute to accurate, data-driven aesthetic evaluations of electronic
art and video art in particular.

5. Conclusions

The Vasulka Live Archive (comprising two Al software and the
website) represents a successful achievement of the goal, which
was to develop an intelligent epistemological tool (trained to rec-
ognize the recurring motifs and the main aesthetic categories of
video art) for augmented iconology [8] of the Vasulkas life work.

The purpose was to investigate the potential of Al for the devel-
opment of novel research methods and tools that will make it pos-
sible to implement augmented iconography, which can bring new
and data-driven knowledge and interpretations of videoart.

The goals of our research are informed by Vasulkas’ lifelong ef-
fort to investigate the nature of the electronic medium by means
of artistic experiments (see video Artifacts [45]), and to reflect the
broader social context within which electronic media and technol-
ogy are embedded (see, for example, The Art of Memory [46]; or
The Brotherhood, the interactive constructions, [47]). Vasulka Live
Archive is the result of translation of their artistic exploration of
video technology (as a medium of seeing and knowing) into the
field of Al and machine learning.

We demonstrate that Al tools, when correctly trained for cer-
tain tasks, are not only useful for the automated search and sort-
ing of datasets, but may also provide new knowledge of the stud-
ied artworks. We proved that the Al epistemological tool can help
with (a) intertextual structural analysis of the videos, (b) measur-
ing the degree of ambiguity (multivocal and metaphorical imagery)
in these videos, and (c) determining how much a particular video
exhibits a tendency toward abstraction. Its use is particularly ef-
fective when the research focuses on evaluating the work of the
Vasulkas as a whole, or groups of videos, for which the results of
working with the tool may be unattainable in other ways.

These three examples are not a complete list of how the tool
can be used. In further research, we encourage researchers to ex-
periment with the tool to test its potential, which has not been
discovered so far. For researchers focusing on the application of Al
in art and culture, it may also be interesting to observe the visual-
ization of the work of intelligent software in real time, that is also
incorporated feature of the website, and thus to study the machine

vision in the process of perception. The Vasulka Live Archive con-
tributes to the emerging field of augmented iconology that is based
on the use of Al for iconographic analysis.

Original Al tool development contributes to the establishment
of new research methods based on the tandem collaboration of
the researcher with the intelligent tool and design of the inter-
face that allows to observe the NN in the process of seeing the
particular video (a kind of performance of machine vision); these
indicate that our research is not only aimed at improving the his-
toriographic knowledge of the Vasulkas work, but that it was also
inspired by poetics of their work, particularly their approach to
technology as a partner in a creative dialogue.
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