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Abstract

We investigate and reflect upon the common grounds for writing the history of
machine learning. It may seem natural for machine learning practitioners—i.e., all
people involved in working with machine learning: researchers, engineers, executives,
ethicists, etc.—to think of history as a mere repository of curiosities. However,
through a comprehensive study of a large number of literary sources, we argue that
our discipline can benefit from it in practical ways. In particular, we discuss three
areas of opportunity for machine learning practitioners provided by the study of
history. Concrete examples are provided in support of our views. Subsequently, we
observe, however, that the state of the art of the history of machine learning does
not realize its full potential to have a positive impact on the discipline. We attribute
this to three major challenges that impede historical studies of machine learning.
Following a description of these challenges, we present several postulates to facilitate
history research. In conclusion, we call on the machine learning community to take
up the quest for its history and make space for dedicated research into the history of
machine learning following historiographic standards.
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1 Introduction: setting the stage

The growth of the machine learning community and its societal impact over the last
decade is rapid and evident. It manifests in many ways. For instance, the number
of submissions and accepted papers in machine learning journals and conferences
grew more than four-fold between 2011 and 2021 (Pedregosa et al., 2022; Audibert
et al., 2022), the search interest as reported by Google Trends increased more than ten
times over the past 15 years (Trends, 2023), and the machine learning market size was
estimated to have risen from $1.58 billion in 2017 (Columbus, 2017) to $15.44 billion
in 2021 (Insights, 2023). Moreover, machine learning applications break records in the
speed of adoption, with ChatGPT reaching 100 million monthly users in two months
(Hu, 2023), while low-cost alternatives like DeepSeek can catalyze unprecedented
losses in market value (Carew et al., 2025). Though not certain, it is easy to imagine
that these trends will continue.

The machine learning community’s reactions to this growth pace are ambivalent.
There are many conflicting visions of what values we should share. The determination
of some to take research in particular directions is met with confusion or opposition
by those who do not understand or do not agree with these tendencies. This situ-
ation leads to tensions, which can turn into open conflicts. For instance, in 2018,
following the social media campaign #ProtestNIPS led by leading researchers, the
major machine learning conference Neural Information Processing Systems changed
its original offensive acronym to NeurIPS, despite previous social media poll results
in favor of keeping the old one (Brown, 2018b,a; Else, 2018). It triggered a heated
Twitter discussion between two prominent scientists Pedro Domingos and Anima
Anandkumar. In 2020, it amplified and led to hundreds of reactions amongst com-
munity members, when NeurIPS introduced its ethical guidelines (Soper, 2020). For
Domingos, it was “alarming that NeurIPS papers are being rejected based on ‘ethics
reviews’” while his opponents in the discussion were supporting the changes. Among
other outcomes, the heated conflict resulted in Anandkumar removing her Twitter
account (Anandkumar, 2020) and Domingos, along with many signatories, sending an
open letter to the Communications of the ACM to protest against “repressive actions
aimed at limiting the free and unfettered conduct of scientific research and debate”
(Signatories, 2020). There were many more such affairs over the past few years with
community members taking sides and posing questions related to community values
and requirements for machine learning researchers. Some examples from recent years
include the exchange between Yannic Kilcher, Timnit Gebru, and Yann LeCun over
biases in machine learning systems (Kilcher, 2020), Jürgen Schmidhuber’s critique
concerning the Honda Prize for Geoffrey Hinton (Schmidhuber, 2020), and the latest
controversies around Schmidhuber’s work concerning history (Schmidhuber, 2022,
2023; Gros, 2023; Loosemore, 2023). As a community, however, we should not be
worried that conflicts appear, but rather that we cannot find a common ground to
resolve and learn from them.

Also, there is a pressure “to do something.” The authors of the position paper
It’s time to do something... (Hecht et al., 2018) observe “a massive gap between the
real-world impacts of computing research and the positivity with which we in the
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computing community tend to view our work (. . . ) it is analogous to the medical
community only writing about the benefits of a given treatment and completely
ignoring the side effects, no matter how serious they are.” Some of us support
the efforts to close the gap. Some of us consider this gap an overstatement, like the
signatories of Domingos’ open letter to the ACM (Signatories, 2020). Some of us have
mixed opinions (croissants, 2020): “I agree with the general conclusion that machine
learning (just like any way of making decisions) involves ethics, but I disagree with the
conclusion that every NeurIPS submission should have a concluding 1-2 paragraphs
about the ethics of the submission.” Besides, for some of us, it is still not clear why
all of our work now needs to be reviewed in terms of ethics as well. Should we not
only be machine learning practitioners but ethicists in addition? Similarly, if we are
required to assess negative societal impact, how should we prepare ourselves to do it
in the right way? Should we now be well-informed in sociology, politics, and other
fields? How do we come to such interdisciplinary knowledge?

1.1 Aim and outline

The above sketches two important aspects of the current state in which the machine-
learning community finds itself. On the one hand, we have no common ground to talk
through and resolve conflicts within the community. On the other hand, it is not clear
how to interdisciplinarily train machine learning practitioners to comply with the
growing pressure to step out of their purely technical expertise. Our proposal in this
essay for both these problems is to turn to the history of machine learning. If studied
systematically and following the appropriate methodological rules, it can provide us
with reliable information about our discipline with which we can resolve community
conflicts. Such a historiography (i.e., a study of history) of machine learning can
help us understand the perspectives of others, guide us in (at times, heated) debates,
and contextualize the societal impact of our work. The knowledge and awareness
of history can be the common ground for building the machine learning community.
Rather than taking sides in fierce debates, our contribution should facilitate this
process for the good of all.

Why does the history of machine learning not serve the mentioned purposes yet?
As we will establish, it is no longer true that the historiography of machine learning
“is virtually nonexistent” as Aaron Plasek (2016) puts it, but it is still too often
neglected. In this essay, through the analysis of historiographical research and prior
work in abutting fields, we demonstrate the benefits of history and the challenges that
block the research in this area. Ultimately, we conclude with a number of postulates
to the machine learning community. More specifically, our contribution is structured
as follows. In Section 2, we first discuss the opportunities the history of machine
learning can provide to machine learning practitioners. In this context, in Section 3,
we review and analyze the current state of the art. We identify major challenges that
are obstacles to high-quality research in the history of machine learning in Section 4.
In Section 5, we present our postulates and conclude the paper.
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2 Opportunities

The history of machine learning can be thought of as a disciplinary history within
the history of science or more broadly the history of knowledge (Daston, 2017). In
our discussion of the benefits of studying the history of machine learning, we draw
inspiration from multiple sources concerning the benefits of studying the history of
science or specific disciplinary histories. Among others, we consider the 2014 Kailath
lecture Let’s not dumb down the history of computer science given by Donald Knuth
(2021), the earlier cited short 2016 essayOn the Cruelty of Really Writing a History of
Machine Learning by Plasek (2016), and a number of essays and interviews related to
the benefits of the history of science for scientists (Maienschein, 2000; Maienschein
et al., 2008; Creath, 2010; Chang, 2016; Passos Videira and Queijo Olano, 2020;
Loncar, 2022).We primarily point out views of interest and reflect on their relevance
to the history of machine learning. We additionally combine this with our personal
experience as machine learning practitioners in academia and industry. Generally
speaking, we are convinced that the study of history can be beneficial in at least the
following three areas, which we refer to as community building, practical training,
and synthetic thinking. We elaborate on these three areas in the remainder of this
section.

2.1 Community building

By community building we mean all activities and processes that facilitate collabo-
ration between machine learning practitioners: 1) sharing knowledge, 2) promoting
good practices, appreciating the work of others, identifying and fighting long-lasting
problems, and, last but not least, 3) defining the scope of the field, its ambitions and
challenges.

Here the history of machine learning has many uses. The first point above,
knowledge sharing, concerns such important areas as education, exchange of ideas,
or research communication. Education is one of the five main uses of history for
Maienschein (2000); Maienschein et al. (2008). For Knuth (2021), history story-
telling is “the best way of exposition.” As he puts it: “I can be a much better
teacher and writer if I can understand why it is that Leibniz didn’t get it.” In the
context of machine learning, a notable example is the technique of back-propagation
for training neural networks, which nowadays we look upon as a simple application of
the ancient chain rule. Neither Rosenblatt (1958) nor Ivakhnenko (1971) may have
needed it and it seems to have taken decades before the relevance of back-propagation
for neural networks had been fully realized by the community.

Secondly, by tracking the origins of ideas and their development over time, history
can be used to promote good practices like proper credit assignment. This point,
along with the one about the role of history in “celebrating the contributions of
many cultures”, is made by Knuth (2021). By combining all sources of knowledge,
history is a way to embrace and support diversity in the community and can help
us realize and fight its long-lasting problems. A concrete example is gender bias;
the fact that women are underrepresented in the machine learning community. It
is estimated that only 12% of the leading machine learning researchers are female
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(Fatemi, 2020). The study of history can help us understand its roots and tackle
such problems.

Finally, through history, we shape the boundaries of our discipline and define our
common ambitions, challenges, and methods to address them. We do it by specifying
the ideas and people from the past related to machine learning, this way defining our
scope of interest today. For example, in this manner, we sustain the strong connection
of machine learning with the field and challenges of artificial intelligence, while we
keep it looser with the fields of pattern recognition or operations research.

2.2 Practical training

By practical training, we mean that history can help machine learning practitioners
perform their jobs better. We illustrate this point from the two complementary
perspectives of a scientist and a historian of science, respectively. The first is (Knuth,
2021) again and the second by Hasok Chang (2016), who is a renowned historian and
philosopher of science.

For Knuth (2021), history helps researchers in “understanding the process of dis-
covery,” “understanding the process of failure,” and “learning how to cope with life.”
We can give a concrete example for the first point from the personal accounts of Judea
Pearl. In a short retrospective essay, Pearl (2006) gives a step-by-step overview of the
process that led him to the invention of Bayesian networks, starting from his “naive”
speculations about the human mind, through the realization that conditional inde-
pendence is “the most crucial factor facilitating distributed computations,” and end-
ing with connecting graphs with probability theory to yield what he called Bayesian
networks. This example can guide other researchers in what questions they might
ask and what explorations to perform in various stages of their research. History is
a way of sharing experiences of people very distant in time and space, regardless of
their professions. By studying the history of the people or institutions in the past,
one can learn from their experiences about how to do their job better.

Chang (2016) focuses on what he calls “internal” functions of the history of sci-
ence. He differentiates two kinds of such functions: “orthodox” and “complemen-
tary.” One of the orthodox functions of the history of science is that “historical
knowledge can help us understand better the scientific knowledge that we accept at
present.” He argues that history helps scientists to be more critical and understand
scientific concepts with more depth. On the complementary side, he observes that
“generally speaking, learning history is a wonderful way of opening one’s mind to
new possibilities.” The new possibilities are understood in three senses: 1) that
science could have developed in different directions, 2) that the ways of thinking
in the past were radically different than the ones we experience in the present and
provide different perspectives, 3) that past systems of science were different. Here, a
concrete example from the history of machine learning is the fact that Rosenblatt re-
alized his perceptron in hardware rather than software (Sejnowski, 2020); a fact that
many researchers may not realize anymore. Nowadays, neural network computations
are performed on general-purpose computers and it is highly non-obvious that it
was actually more efficient in Rosenblatt’s times to have specialized hardware. Had
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such a situation persisted, we could have faced different challenges and used different
paradigms in the field of deep learning. Lorraine Daston, a prominent historian of
science, makes a similar point about such alternative possibilities (Passos Videira and
Queijo Olano, 2020): “The history of science can also provide a sense of intellectual
possibility. It’s very important especially for younger scientists to realize that the
current reigning orthodoxy in science is not without alternatives. We did not always
think the way we do now and in all probability will think differently in the future.”.

2.3 Synthetic thinking

Synthetic thinking, positioning one’s work in context, is indispensable in the daily
work of all machine learning practitioners. Having an overview of what is going on
in the field is equally important for researchers, engineers, and others. History, as
a discipline combining multiple sources to construct consistent narratives, can help
individuals get a wider perspective on the field.

In the most general case, history is about the “integration of many different
strands of evidence” as Daston puts it in (Loncar, 2022). The most common examples
in the machine learning community are “related work” sections, part of virtually all
peer-reviewed papers published in journals and conferences, or literature surveys
(Creath, 2010). Good literature reviews help researchers position their work in the
context of the work of other researchers who addressed similar challenges or applied
similar methods. Beyond literature surveys, history is a way to have a bird’s eye
view of the field, which facilitates specifying one’s goals and leads to novel research
directions or application areas. This kind of orientation that scientists may seek in
the history of science is also mentioned by Daston (Passos Videira and Queijo Olano,
2020).

In addition, history can help machine learning practitioners reason about the so-
cietal impact of their work and, in Daston’s words (Passos Videira and Queijo Olano,
2020), it helps “reflect on their social and political responsibility by providing case
studies of how even the best of intentions have sometimes resulted in terrible human
tragedies.” In the context of machine learning, this lesson from history is as impor-
tant as in any other discipline. In (Passos Videira and Queijo Olano, 2020), Daston
further observed that “scientists often take their own categories from the colloquial
categories of the society in which they were raised, – how could it be otherwise? –
without further critical reflection.” For example, this problem concerns the collection
of large datasets that are core to machine learning progress. In the famous ImageNet
computer vision dataset there were images with such categories as “call girl”, “bad
person”, or “hypocrite” (Crawford and Paglen, 2021). Though these categories were
not used for training current state-of-the-art computer vision models, the images of
the actual people labeled with these categories were available publicly on the Internet
for a long time. It is obvious now that our datasets are biased and we have to be
aware of these biases and how to control them. As Plasek (2016) suggests: “to begin
to see how biases are propagated and reinforced via machine learning system training
data” we need history or, specifically, “histories of datasets”.
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3 State of the art

In the previous section, we explained that the study of history can be beneficial for
machine learning practitioners in many ways. In this section, we review the state of
the art and analyze whether it provides the mentioned opportunities. We performed
our literature survey by querying internet search engines, consulting scientific publi-
cation databases, and following references in already surveyed papers. We took into
account works that are directly related to machine learning and, as their main topic,
are concerned with something located in the past, with the development of some-
thing over time, or focus on history in itself. The result of our survey is more than 40
works, which we grouped into six categories concerning their methodology and genre
to assess their relevance in light of the benefits listed in the previous section. The cat-
egories we defined, and subsequently discuss, are: 1) popular histories, 2) reflections,
3) literature surveys, 4) analytical historiography, 5) philosophical historiography, 6)
socio-political historiography.1

3.1 Popular histories

Popular histories are personal accounts about certain historical topics given usually
by machine learning practitioners themselves based on their own experiences and
observations. They are usually written to be good histories to read without a strict
methodology. Characteristic features of popular histories are overexposure of the past
directly related to the author, the use of personal anecdotes and correspondence, fo-
cus on technical and financial aspects, explicit contribution to a specific worldview,
and subjective interpretations. The classical examples of popular histories are two
extensive books about the history of artificial intelligence in which machine learning
forms a large part by Crevier (1993) and Nilsson (2009). There are also a book and a
paper about the history of deep learning by Sejnowski (2018, 2020). Other related ex-
amples are Cordeschi (2007); Tappert (2019); Fradkov (2020); Stanko (2020); Adami
(2021); Foote (2022). To this category, we count also memoirs and interviews, in
particular the two series of interviews by Anderson and Rosenfeld (1998) and Ford
(2018). Finally, somewhat related to this group are the historical essays in a book
by Lungarella et al. (2007), but they are concerned mostly with artificial intelligence
rather than machine learning.

Popular histories contribute to all three areas of community building, practical
training, and synthetic thinking. By giving an overall perspective on the field and
its ambitions, they help shape the boundaries of what in the past was thought of
as machine learning. Their storytelling assets, the use of anecdotes, and subjective

1Roughly, we came to the proposed categorization in the following way. If the work’s authors and/or
venue are from humanities or philosophy, it approximately identifies with the philosophical historiography.
If coming from the social sciences the work typically identifies with the socio-political historiography. When
from mathematics or the natural sciences a further distinction in four categories applies. If the work is
peer-reviewed and has an underlying research question it typically categorizes as analytic historiography
and as literature research if it doesn’t pursue a particular research question. On the other hand, non-peer-
reviewed work roughly identifies with reflections if they try to argue a particular case and with popular
histories if they don’t.
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but strong opinions can provide not only educational help in engaging students, but
also inspiration for one’s work. Many popular histories cover periods of decades and
a wide range of areas, giving this way a good overview of the methods of machine
learning developed over time. On the other hand, the danger of popular histories is
their bias, which, unintentionally, can lead to a widespread of false or even harmful
claims. This can, in turn, perpetuate rather than fight long-lasting problems in the
community. Moreover, their focus on technical aspects goes hand in hand with a
poor treatment of societal issues.

3.2 Reflections

Reflections are in-depth essays of machine learning practitioners about the field and
its history. Their main goal is on a meta-level: rather than presenting and analyzing
specific facts, they focus on naming topics for further analysis. An example is a
paper by Newell (1983) which identifies the intellectual issues in the history of arti-
ficial intelligence. A paper by Breiman (2001) names two paradigms of approaching
statistical data modeling which gave way to two separate research communities. A
retrospective by Pearl (2006) is a reflection on the research process which led towards
a major contribution. Marcus (2018) evaluates the recent history of deep learning to
reflect on ten concerns of this subdiscipline of machine learning. There is also Chau-
vet (2018) who suggests that every 30 years the debate in AI repeats some patterns.
To this category, we can also count the summary of the NeurIPS 2019 Retrospectives
Workshop by Sodhani et al. (2020). Finally, a paper by Hooker (2020) is a reflection
on the influence of the availability of specific hardware at a specific time on research
progress.

Reflections, due to their unrestricted style and wide range of tackled topics, can
contribute to any community building, practical training, and synthetic thinking.
They can trigger discussions whose results can be beneficial for the community in
the long perspective. They can point to specific processes that impact the work of
individuals, giving them tools to situate their work in context. It must be noted that
often they are not peer-reviewed and are published as technical reports or preprints.
The consequence of this is that the author’s biases might not be identified and ad-
dressed properly in the review process. Also, for the same reason the impact of
reflections is limited.

3.3 Literature surveys

Literature surveys are works that briefly summarize developments in machine learn-
ing in specific topics or in general, using extensive numbers of technical sources. Short
and focused literature surveys are parts of most machine learning papers in the form
of “related work” sections, but there are also works that are dedicated to a profound
review of some topics. Probably the most prominent examples of such standalone
literature surveys are two papers by Schmidhuber (2015, 2022). Schmidhuber (2015)
concisely reviews papers that contributed to fundamental ideas in deep learning in
neural networks. As the author admits, the paper “mostly consists of references”. A
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follow-up paper by Schmidhuber (2022) contains more discussions and a wider the-
matic scope, but it still concerns more than five hundred references on less than thirty
pages. Another example of a literature survey is a review by Carbonell et al. (1983)
that briefly discusses methodological approaches to machine learning, its objectives,
and historical development. The authors propose different taxonomies of learning
systems but do not treat them in detail. Other examples of literature surveys are
Rosenfeld and Wechsler (2000); Misra and Saha (2010); Bengio et al. (2012); LeCun
(2019); Loog et al. (2020); Michelucci (2024).

Due to their focus on tracking the specific topic over time, extensive literature
surveys are usually the most reliable way for proper credit assignments. Due to their
brevity and limited depth of treatment, they can provide only high-level overviews
and starting points for researchers interested in specific topics. The characteristic
of literature surveys is that they are rigorous, but their ambitions are limited. As a
result, except for some specific aspects, they contribute relatively little to the aspects
of community building, practical training, and synthetic thinking.

3.4 Analytical historiography

Analytical historiography is the study of the past in terms of time-series analysis.
The main method is to reduce certain historical events or processes to numbers and
analyze the evolution of these numbers over time. This genre, like the three above, is
again written by machine learning practitioners who apply the methods of machine
learning to analyze history. There are extensive studies very much based on numeric
data and measurements like Cardon et al. (2018); Gurcan and Sevik (2019); Ahmed
and Wahed (2020); Audibert et al. (2022). Another example is the recent short
JMLR retrospective blog post by Pedregosa et al. (2022) which showcases plots of
number-reduced characteristics of the JMLR journal over 20 years of its existence
with little interpretation.

Analytical historiography can be valuable for machine learning practitioners in the
sense that it can help identify trends in the data that can highlight certain problems
or challenges in the field, but it usually does not provide tools to understand the
reasons for such trends. For this, one needs to go beyond quantitative analysis.

3.5 Philosophical historiography

Philosophical historiography is the kind of writing history that is performed mainly
by philosophers or machine learning practitioners with a philosophical background. It
concerns relations between philosophy and machine learning, in particular, how these
two influence each other. A book by Mackenzie (2017) is a philosophical attempt
to express machine learning within the framework of the archaeology of knowledge
developed by Foucault (1972). Berkeley (2019) is a review of philosophical issues
which were inspired by three waves of connectionism. How the emergence of specific
machine learning models is related to value shifts is discussed by Dotan and Milli
(2019). Another notable work is the PhD thesis of Grimsley (2022).

Philosophical historiography, with its intellectual depth, can be an inspiring tool
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for machine learning practitioners to understand and identify the sources and im-
plications of their work in a contemporary intellectual context. This way it can
contribute to building depth of machine learning arguments, in particular in their re-
lation to the question of what intelligence is. However, it might be quite inaccessible
due to its grounding in philosophical traditions unknown to most machine learning
practitioners. Therefore, its contributions might be limited.

3.6 Socio-political historiography

Socio-political historiography is authored mostly by historians, sociologists, and ethi-
cists and concerns a socio-political context of machine learning practice. The works
in this category started appearing in particular in the last decade following the in-
crease in the societal impact of machine learning after deep learning breakthroughs
in computer vision and natural language processing. The only work that we found
in this category from before 2012 is a paper by Olazaran (1996) which analyzes the
seminal book by Minsky and Papert (1969) within the framework of the sociology
of scientific knowledge. After 2012 many papers were devoted to machine learning
datasets, and how they are used and constructed. These papers concern mostly very
recent history so many of them can be treated as both historical and sociological.
Crawford and Paglen (2021) adopt Foucault’s archaeology (Foucault, 1972) to study
popular computer vision datasets. Denton et al. (2020) and Denton et al. (2021)
adopt another framework by Foucault, so-called genealogy (Foucault, 1979). Other
papers concerning datasets and their use are Jo and Gebru (2020); Paullada et al.
(2021); Koch et al. (2021). Another kind of work in this category concerns politics or
economy from a wider perspective. Examples are Mohamed et al. (2020); Crawford
(2021); Penn (2021); Steinhoff (2021)

The studies of socio-political historiography can provide machine learning prac-
titioners with the knowledge to reason about the societal impact of their work. As
the authors of the works in this category are trained specialists in social sciences and
historiography, they are usually more critical and less biased than technical authors.
If applied to the history of the machine learning community, socio-political histori-
ography can help identify and address its long-lasting problems. On the other hand,
due to its non-technical focus, it often fails to attract machine learning practitioners.2

In part, the feeling is that it does not offer insight that can be directly applied to
their daily technical work.

4 Challenges

The previous section substantiates that the state of the art in the historiography of
machine learning is largely biased (popular histories and reflections), limited (liter-
ature surveys and analytical historiography), or unattractive for machine learning
practitioners (philosophical historiography and socio-political historiography). Can
we have a historiography without all these issues? In this section, we identify and

2We hope, of course, that the current work is spared such fate.
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describe three challenges that hamper establishing a good, unbiased, ambitious, and
attractive history of machine learning: 1) lack of communication with historians, 2)
confusion about the topic, 3) contemporaneity.

4.1 Lack of communication with historians

History is the domain of historiography, an academic discipline in itself with its own
community and publishing venues. In our discussion in Section 3, we observed that
historians contribute to the history of machine learning mostly by practicing what
we called socio-political historiography. It focuses on aspects of what we identified
in Section 2 as community building and synthetic thinking, but does not necessarily
offer much in the area of practical training. Probably for this reason, its reception
in the machine learning community is limited.

The problem of lack of communication between historians and practitioners con-
cerns many contemporary disciplines, as has been frequently mentioned by historians
of science. Daston (2009) observes that “scientists stopped reading the history of sci-
ence” because “it had succeeded all too well in making past science wholly unfamil-
iar”. Maienschein et al. (2008) note that “scientists usually do not assume that the
history and philosophy of science could be of value for their actual research”. This
problem manifested itself in two recent discussions between scientists and historians
of science in mathematics and computer science, respectively.

In 2014, Viktor Bl̊asjö (2014) and Michael Fried (2014), both established his-
torians of mathematics, disputed the “modern consensus in the historiography of
mathematics” in the Journal of Humanistic Mathematics. Bl̊asjö (2014) criticized
a large body of modern historiography of mathematics as practiced by professional
historians. His main allegation was that it focused on keeping high historiographic
standards but failed to be attractive or relevant for audiences other than historians
themselves. In particular, it wouldn’t appeal to mathematicians, mathematics stu-
dents, and teachers. In response, Fried (2014) argued that the work of historians
is to understand the past in its own right, with as little impact from the present
as possible. For him, the kind of history of mathematics that Bl̊asjö (2014) postu-
lated was mathematics rather than history. As such, it should rather be written by
mathematicians themselves.

An analogous exchange took place on the pages of IEEE Annals of the History of
Computing from 2007 to 2014 between Martin Campbell-Kelly (2007), Donald Knuth
(2021), and Thomas Haigh (2015). In his reflective overview of the historiography of
computing, Campbell-Kelly (2007) observed a switch in focus from technical matters
to socio-political issues of computing and assessed this change as clearly desirable.
Knuth (2021) admitted that socio-political issues were also important, but resigning
from studying technical aspects at all was limiting the value of historiography for
computer scientists and more technical audiences. Haigh (2015) responded to Knuth
that the kind of history that he postulates can only be practiced if computer scientists
get involved in writing history themselves. He suggested that for it to happen,
computer scientists should build institutional context with dedicated funding, tenure
positions, PhD studies, and publishing venues.
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Looking at the reviewed literature, we think that the lack of communication with
historians is the main reason behind the three problems we sketched at the beginning
of this section. The bias of reflections and popular histories and the limited value
of literature surveys and analytical historiography arise from the fact that machine
learning practitioners have no training in historiographic methodology. Without com-
munication with historians, common publishing venues, or interdisciplinary teams,
they hardly have ways or incentives to receive such training. On the other hand,
historians who write about the history of machine learning, do it mostly for other
audiences than the machine learning community and have no incentives to make it
attractive for machine learning practitioners.

4.2 Confusion about the topic

The strong relation between machine learning and artificial intelligence combined
with little methodological reflection results in blurring the subject matter of the his-
toriography of machine learning. Authors of historical works about machine learning
focus either on machine learning and its methods3 or on artificial intelligence, treat-
ing machine learning merely as one of its approaches, sometimes even omitting any
explicit reference to machine learning4. This concerns both the authors with more
technical and more sociological background.

There are two problems with this split. First, it results in additional fragmenta-
tion of the historiography of machine learning into two groups. This adds to research
communication problems that are consequences of a lack of communication between
scientists and historians. Second, the focus of one group on artificial intelligence
makes it oblivious to important aspects specific to machine learning which limits its
value. The problem was discussed by Plasek (2016). The author observes that the
focus on the ill-defined concept of artificial intelligence made historians neglect the
construction and maintenance of large annotated datasets, which is an inherent part
of machine learning practice, but not of other approaches to artificial intelligence.
As Plasek (2016) argues, to understand the societal impact of machine learning, it
is necessary to study the histories of datasets, because they encode and perpetuate
human biases which are later included in machine learning algorithms.

4.3 Contemporaneity

The history of machine learning is necessarily a kind of contemporary history. This
poses a number of additional challenges. The work of historians of machine learning
will be incomplete as they will have limited access to information that is still classified

3Examples are Alom et al. (2018); Anderson and Rosenfeld (1998); Carbonell et al. (1983); Denton
et al. (2021, 2020); Dotan and Milli (2019); Foote (2022); Fradkov (2020); Koch et al. (2021); Loog et al.
(2020); Mackenzie (2017); Misra and Saha (2010); Olazaran (1996); Paullada et al. (2021); Plasek (2016);
Schmidhuber (2015); Sejnowski (2018); Sodhani et al. (2020); Stanko (2020); Tappert (2019)

4Some examples are the following Adami (2021); Ahmed and Wahed (2020); Audibert et al. (2022);
Chauvet (2018); Cordeschi (2007); Crawford (2021); Crawford and Paglen (2021); Crevier (1993); Grimsley
(2022); Lungarella et al. (2007); Mohamed et al. (2020); Nilsson (2009); Penn (2021); Schmidhuber (2022);
Sejnowski (2020); Steinhoff (2021)
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for security or commercial reasons. Another challenge imposed by contemporaneity
is the danger of bias, as no distance in time can make it difficult to study some
topics with the necessary objectivity. Tensions may arise between an author’s role
as a historian and as a participant in contemporary discussions. Often, the authors
themselves will be actors of history and they may be biased towards their own agenda.

The problem of contemporaneity appeared recently in several discussions on the
Connectionists mailing list around Jürgen Schmidhuber’s and Terrence Sejnowski’s
works concerning the history of deep learning. Some machine learning researchers
participating in discussions discouraged studying the history of machine learning be-
cause of its contemporary character. For one participant, Schimhuber was “part of
history, not a historian” (Hanson, 2022). Another participant suggested that “all
these threads [of Schmidhuber’s work] will be sorted out by historians one hundred
years from now” (Sejnowski, 2022). Such comments can be discouraging to (prospec-
tive) authors and hamper studies in the history of machine learning.

5 Postulates and Conclusion

We argued in Section 2 that the history of machine learning can be beneficial for the
practitioner. In Section 3, however, we provided strong arguments that the current
state of the art is generally biased, limited, or unattractive to the machine learner.
The three major obstacles in the way of historical studies of machine learning not
suffering from these issues we then discussed in Section 4.

In light of the preceding reflections, and despite the challenges identified, we are
convinced that studying the history of machine learning can be an effective and
marked way to build our community sustainably and responsibly. Here, we come
to three postulates that, if realized, could lay the foundation for a historiography of
machine learning that would be methodologically solid, consistent, and practical for
the machine learning community. They are as follows.

1. Make space for history in the machine learning community. The lack
of communication with historians will be a major obstacle as long as we will
expect historians to write history for the machine-learning community with-
out giving them any incentives. But, as the examples from the disciplines of
computer science and mathematics demonstrate, historians have their own in-
stitutional context and they will not all magically turn to study the history of
machine learning. To facilitate such research, we need to act in two directions.
First, machine learning practitioners should get basic historical training and
go beyond literature surveys, popular histories, and analytical historiography.
Second, the machine learning community should make space for professional
historians of machine learning via incentives for historical research, for example
by organizing history tracks at conferences or funding historical research. A
good example of such a space for historians in computing is ACM SIGGRAPH,
which sustains a history community (SIGGRAPH, Accessed on 07.05.2024a)
and welcomes submissions of historical works for its yearly conference about
computer graphics (SIGGRAPH, Accessed on 07.05.2024b).
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2. Refer to machine learning explicitly. Blurring the lines between machine
learning and artificial intelligence results in additional obstacles in the research
communication. The focus on artificial intelligence can result in the omission of
some crucial aspects of machine learning. We call historians to always refer to
machine learning explicitly to facilitate knowledge exchange and limit the risk
of involuntary neglect of important technical details.

3. Do not treat contemporaneity as a barrier. It is not possible to avoid the
challenges related to the contemporaneity of machine learning when writing its
history. Though some argue that we should wait decades or hundreds of years
for historians to treat it, it is not clear if machine learning will ever stop being
contemporary.

We are aware that realizing these postulates is not straightforward. It is not
a task for a single person or a small research team. It is a continuous process;
at no point in time will we be able to say that the history of machine learning is
complete. Therefore, contributions in all shapes and sizes ought to be welcomed.
It can be the monthly reading of a history paper and discussing it with colleagues.
It can be developing and teaching a course on the history of machine learning or
opening up academic positions, starting with postdoc positions and PhD studies.
Members of editorial boards and conference chairs can invite history contributions
to their venues and those who want to delve even deeper into our machine learning
history may choose to get methodological historiographic training and start writing
themselves. We believe every member of the machine learning community can find
a fitting role in this venture.

With the rapid pace of the field, we need to start building foundations for a
professional historiography of machine learning. This will not happen by itself, and
we call on the machine learning community to actively take up the quest for the
history of machine learning. Big or small, it would be great to have your contribution
as well.
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