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Abstract
This paper aims to contribute to the reconciliation between radical critiques and endorsements of machine learning’s
capacity to act, intervene, and produce social effects (i.e., its agency). Building upon recent ethnographic studies of the
mundane shaping of algorithmic systems, the paper begins by underlining three positive attributes of machine learning
agency: “experience” (the ability to embody insights derived from referential datasets), “consistency” (the ability to re-
main aligned to encoded principles), and “intelligence” (the ability to link new elements with prior knowledge). To balance
this reverential perspective, the paper then highlights the limitations of these attributes through the lens of philosophy.
Chuang Tzu’s concept of emptiness reveals the struggle of machine learning agency with openness and confusion; Bruno
Latour’s reflections on psycho-bearing entities highlight machine learning agency’s imperviousness to external disruptions;
and Henri Bergson’s discussion of intelligence exposes the inability of machine learning agency to engage with lifeful phe-
nomena. This exploration results in a form of “critical praise” that acknowledges both the constraints and capacities of
machine learning agency, fostering diplomatic rapprochement between its strongest critics and advocates.
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I, and others, started out wanting a strong tool for deconstruct-
ing the truth claims of hostile science by showing the radical
historical specificity, and so contestability, of every layer of
the onion of scientific and technological constructions, and
we end up with a kind of epistemological electroshock therapy,
which far from ushering us into the high stakes tables of the
game of contesting public truths, lays us out on the table
with self-induced multiple personality disorder. (Haraway,
1988, 578)

Introduction
Since at least Hubert Dreyfus’s pioneering work (1972), al-
gorithms—loosely understood as computerized methods of
calculation—have been the subject of sustained criticism
from scholars in the humanities and social sciences (e.g.,
Hoffman and Novak, 1998; Introna and Nissenbaum, 2000;
Introna and Wood, 2002; Zureik and Hindle, 2004). And in
recent years, this criticism has justifiably intensified, driven
by the combined rise ofmobile computing—which has broa-
dened the use of algorithm-based web applications (e.g.,
Bozdag, 2013; Bucher, 2012; Steiner, 2012)—and the devel-
opment of advanced machine learning (ML) techniques

capable of deriving new and powerful algorithms from for-
matted data (e.g., Jaton, 2021a; Bechmann and Bowker,
2019; Girard-Chanudet, 2025).

This critical scrutiny of the capacities attributed to ML
algorithms to act, intervene, and produce social effects—
what we refer to here under the synthetic term agency1—
was salutary, if only to counterbalance the overenthusiasm
of techno-solutionist artificial intelligence (AI) admirers.
More generally, this critical approach has helped to prob-
lematize the notion of ML algorithm, somewhat distancing
it from the modernist trope of pure objectivity. In short,
thanks to what is now referred to as critical algorithm stud-
ies (Gillepsie and Seaver, 2015), ML algorithms have come
to be understood publicly as they have long been privately:
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as technical-and-therefore-also-cultural devices (Akrich,
1992; Seaver, 2017) that inherently embody—and conse-
quently reproduce and reinforce—aspects of the contingent
social arrangements from which they originate (O’Neil,
2016). Mere stochastic parrots, in short, as Bender et al.
(2021) famously (and provocatively) put it.

However, the backlash against this much-needed critical
moment is very real. Beyond highly publicized events, such
as the abrupt dismissal of ethical AI researcher Timnit
Gebru by Google (Wong, 2020)2 or infamous technopoliti-
cal supports for the authoritarian turn in U.S. politics
(Coeckelbergh, 2026), there are subtler yet increasingly vis-
ible signs of normative tightening within computer science
research and industry. From the downsizing of research
units that lean towards social sciences and humanities (De
Vynck and Oremus, 2023), to the removal of social science
profiles from the boards of major companies (Mickle et al.,
2023)—and even harsh statements questioning the legitim-
acy and seriousness of scholars in critical algorithms stud-
ies3—computer science practitioners and enthusiasts seem
to be publicly expressing a growing reluctance to collabor-
ate with social scientists, often viewing them as obstructive
figures who merely “love mind games” (Moats and Seaver,
2019). There are, of course, notable exceptions (e.g., Choi
and Park, 2025) that have succeeded in overcoming various
forms of indifference, misalignment in publication venues
(Domínguez Hernández and Owen, 2024), or, more pro-
saically, the compartmentalization of academic disciplines
(Armstrong et al., 2012: 148). Yet such cases remain mar-
ginal, underscoring rather than reversing the growing diffi-
culty—or at least stagnation—of stabilized interdisciplinary
collaboration, even as the social consequences of ML algo-
rithms and systems continue to be framed as increasingly
massive.

This paradoxical tendency toward hermeticism is un-
fortunate, particularly in an academically inclined field
where openness to critique is supposedly a fundamental
value. But it also raises a harder question: if critique often
encounters resistance, is that only due to (pervasive) in-
dustrial cynicism and institutional closure, or can some
critical interventions also fail to engage constructively
with the objects and practices they contest? In other words,
as in the so-called “science wars” of the 1990s, could the
current standoff over ML agency—that is, over the capaci-
ties attributed to ML algorithms and over the distribution
of agency across humans, technical systems, and organiza-
tions—reflect, at least in part, an inability to respect essen-
tial (yet certainly arguable) values in computer science that
are, ultimately, necessary to compose with (Latour,
2010a)?4 This debatable hypothesis is the basis of our ap-
proach in this text, which aims to serve as a diplomatic ef-
fort (Janicka, 2023) to bridge computer science and critical
algorithm studies, focusing on both the limitations and
strengths of ML agency.5 The idea is that of a small but
real attempt at pacification, aimed at clarifying what ML

algorithms can and cannot do, in order to foster new forms
of engaged collaboration.

But how could one effectively initiate this effort to rec-
oncile both radical critique and endorsement of ML agency?
In this article, we propose to ground this effort empirically
by drawing on a substantial corpus of fine-grained ethno-
graphic inquiries into the construction of ML algorithms
in various fields of applied computer science, which exam-
ine, for example, the everyday work of data preparation,
model adjustment, evaluation, and deployment through
which contemporary ML systems are made operational in
concrete settings (e.g., Jaton, 2019, 2021b; Bechmann and
Bowker, 2019; Engdahl, 2024; Henriksen and Bechmann,
2020; Kang, 2023; Muhr et al., 2023). By drawing on these
descriptions of the everyday processes that shape ML algo-
rithms, we first seek to highlight certain positive attributes
of ML agency. To counterbalance this perspective, we
then turn to its limitations, guided by philosophical reflec-
tions from classic yet unconventional thinkers. Our aim is
to propose a nuanced characterization of ML agency, one
grounded in both empirical observation and speculative
thinking, and capable of resonating with both strong advo-
cates and critics. We call this approach “critical praise” to
signal its diplomatic ambition: “praise” because it respect-
fully underlies the specificity of ML agency, and “critical”
because it refuses to treat this agency as innocent. In that
sense, this article is addressed to two audiences at once.
For critical scholars (of whom we are part), it argues that
skepticism gains precision when it distinguishes carefully
between what ML algorithms materially do and what is
ideologically projected onto them. For practitioners and ad-
vocates, it argues that grand claims about the capabilities of
ML or AI should be tempered by closer attention to the fun-
damental—almost logical—limits of these systems.

The paper is organized as follows. We begin by noting a
common observation across ethnographic studies of ML al-
gorithm construction: most ML algorithms encountered in
daily life derive from datasets that are, to some extent, arbi-
trarily assembled. From this observation, we define ML al-
gorithms as parameterized function approximations
designed to model relationships within these datasets as
finely as possible. We then draw on this socio-ethnographic
definition to identify three positive attributes of ML agency,
treating them not as native categories given in the case stud-
ies, but as analytical consequences of our interpretation.
Following—and therefore respecting—stakeholders in their
propensity for anthropomorphizing (MacKenzie, 2019) and
hyperbole (Kotliar, 2025), we name the first attribute a form
of experience, as the ML algorithm—this parameterized
function approximation—embodies accumulated represen-
tations from its referential dataset. The second attribute is
a form of consistency, as the ML algorithm adheres to fixed
principles enshrined in its defining parameters. The third at-
tribute is a form of intelligence, in that the ML algorithm is
effectively the expression of links between (inter-legere) a
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multitude of elements gathered into sets. To add a critical
dimension to this approach, we then highlight the limita-
tions of these positive attributes through the lens of classical
philosophy. The concept of emptiness as developed by the
Chinese thinker Chuang Tzu, along with recent interpreta-
tions of his works (Billeter, 2004, 2010, 2014), helps us il-
lustrate the limitation of the experience attribute, as ML
agency can hardly revert to a state of openness and confu-
sion. Bruno Latour’s discussions of entities possessing a
“psyche” (Latour, 2013: 181–206) underscore the limita-
tions of the consistency attribute, as ML agency is resistant
to disruptive external influences. Finally, Henri Bergson’s
differentiation between instinct and intelligence (Bergson,
1944 [1907]) sheds light on the limitations of the intelli-
gence attribute, as ML agency is fundamentally extrinsic
and therefore unable to engage with lifeful phenomena. In
the conclusion, we expand on these insights and the broader
notion of critical praise, with a view to clarifying a more ba-
lanced characterization of ML agency and examining the
moral, political, and practical stakes of such a characteriza-
tion for critique and interdisciplinary collaboration.

Machine learning algorithms as
parameterized derivatives of referential
datasets
A recent series of ethnographic studies has looked into the
everyday work practices involved in constructing ML algo-
rithms across applied fields, including image processing
(Jaton, 2017, 2021b, 2022), computer audition (Kang,
2023; Seaver, 2022), video processing (Engdahl, 2024), al-
gorithmic trading (Lange et al., 2019, 2024), text analysis
(Bechmann and Bowker, 2019; Girard-Chanudet, 2025;
Wu, 2024), digital journalism (Christin, 2020), and predict-
ive medicine (Jaton, 2023; Henriksen and Bechmann, 2020;
Muhr et al., 2023).6 Taken together, the focus of these stud-
ies has been less on abstract models than on the concrete
work through which ML systems become operative: coord-
inating heterogeneous actors, specifying targets through
programming and validation practices, and negotiating
what counts as a good result in particular domains. The
cases are diverse—from image, video, and sound process-
ing to trading, text analysis, journalism, and medicine—
but they converge on one point that is central to our
argument here: in all of them, ML work is inseparable
from the preparation, formatting, linking, and evaluation
of data. A recurring observation in this literature is thus
that ML systems are tied to inscriptions collected/produced
in more or less arbitrary ways and assembled in more or less
structured sets (Amoore et al., 2024; Le Ludec et al., 2023).

These referential datasets—referred to as “ground
truth,”7 “benchmark,” or simply “dataset,” depending on
the specific application field (Jaton, 2021a, 2025)—serve
to organize, and thus relationally connect, at least two

distinct subsets: (a) an input-data subset, which gathers
the data the prospective ML algorithm will process, and
(b) an output-targets subset which gathers the outcomes
the ML algorithm is intended to produce (see Figure 1
and 2).

Far from peripheral, these referential datasets are central
to the work of ML algorithm construction, for the funda-
mental purpose of ML algorithms is to reproduce, as finely
as possible, the relationships present in those datasets, using
mathematical formulations, specialized hardware, program-
ming languages, evaluation mechanisms, and often other al-
gorithms. In fact, the profound impact these datasets and
their assemblage exert on both the development process
and the content of ML algorithms even suggests the follow-
ing socio-ethnographic definition: an ML algorithm can be
viewed as a computer-compatible approximation of an ideal
function that purportedly governs the relationship between
the input-data and the output-targets of at least one referen-
tial dataset (Jaton and Lenglet, 2025; Mackenzie, 2017: 28;
Rettberg et al., 2024: 85).8

There are at least two general methods for achieving this
type of function approximation. The first is the “classical”
approach, which involves assessing whether an established
type of mathematical function (e.g., Fourier transform, dis-
crete cosine transform) can express part of the relationships
between input-data and output-targets. If successful, the
function is then parameterized according to the dataset,
with this parameterized function serving as the new algo-
rithm. For many decades, this mathematical approach was
the primary method of algorithm construction in applied
computer science (e.g., early data compression schemes,
path-finding methods). Over the past two decades, however,
a second method has become more prevalent: using other
algorithms specialized in function approximation. These al-
gorithms, delegated the task of best fitting the constitutive
relationships of referential datasets (Jaton, 2021b: 263–
279), are typically rooted in statistics, probabilities, and—
especially for large language models (LLMs)—linear alge-
bra. Because they mechanically minimize errors, they are
said to “learn,” hence the label machine learning algo-
rithms. This approach requires at least two algorithms: a
first, “learning” algorithm, which mechanically defines the
function approximation, and a second, “parameterized” al-
gorithm, which constitutes the final approximated
function.9

Due to various contingent factors, ML has recently be-
come dominant within applied computer science.
Ingenious methods, such as deep neural networks
(Dhaliwal et al., 2024), have enabled the creation of ML al-
gorithms with previously unimaginable performance levels.
But regardless of whether they are massive, as in deep
learning neural networks, or simpler, as in linear regression,
ML algorithms ultimately revolve around approximating an
ideal function that supposedly organizes the relationships
between the data of a referential set (see Figure 3).
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An algorithm of this kind can therefore be understood as
a computer-compatible, parameterized function approxima-
tion derived from at least one referential dataset. Quite a

down-to-earth thing, then. But does it imply that all the
talk about AI, digital brains, thinking robots, or the immi-
nent advent of artificial “general” intelligence is, above

Figure 1. Taken from the WIDER FACE open dataset (Yang et al., 2016), this schematic illustrates a referential “ground truth”
dataset for face detection. On the left are three examples from the dataset’s 32,203 images, which are publicly available for
face-detection research. In the middle, face annotations (expressed as numerical values) correspond to the human faces within these
images (green arrows). Since each annotation belongs to the coordinate space of its associated “input” image, it can be represented as a
set of four numerical values: the first two indicate the starting position of the label along the x and y axes, the third represents the
width in pixels, and the fourth represents the height in pixels. This numerical information, corresponding to the bounding boxes
around faces (as shown in the images on the right), was manually produced by one annotator and cross-checked by two others (Yang
et al., 2016: 5527). Once linked, the images and labels are used to train and evaluate algorithms designed to detect faces in videos and
photographs. The referential “ground truth” dataset operates as the optimal answer list for this task, that is, the task-specific reference
against which outputs are judged. Source: adapted with permission (Jaton, 2021a).

Figure 2. This diagram offers a hypothetical schematic of a simplistic referential “ground truth” dataset. Here, the input-data subset is
a list of integers meant to be transformed (indicated by green arrows) into other integers in the output-targets subset. The referential
“ground truth” dataset (shown on the right) “simply” aligns these two subsets to form a list of two-dimensional coordinates (indicated
by the symbol “;”). Source: authors.

4 Big Data & Society 13(3)



all, a science-fictional pop fantasy? There have undoubtedly
been—and remain—notable exaggerations, the most cyn-
ical of which must be openly opposed (Vertesi et al.,
2026). Yet, in this text, we want to adopt a different, com-
plementary perspective: instead of asserting that ML (or AI)
algorithms are nothing more than parameterized derivatives
of referential datasets, we suggest they are nothing less. For
the painstaking work of function approximation has also
been, and remains, a remarkable collective techno-scientific
undertaking, endowing ML algorithms with a respectable
agency, which we will now examine through a number of
positive attributes.

Three positive attributes: Experience,
consistency, intelligence
Before proceeding, one methodological clarification is
necessary. The three positive attributes discussed in this
section—experience, consistency, and intelligence—are
not presented as native categories extracted directly from
the ethnographic case studies, nor as terms that ML practi-
tioners themselves would necessarily use in this form.
Rather, they are analytic categories proposed here on the ba-
sis of the socio-ethnographic definition developed in the pre-
vious section. That definition, in turn, is grounded in our
interpretation of ethnographic studies of ML algorithm con-
struction work across several domains. In other words, the
ethnographic material does not by itself present these three
attributes as already established findings; instead, it provides
the empirical basis for a definition of ML systems from

which these attributes can then be interpretively derived.
This is also why the attributes are not exhaustive and we
do not claim that they are the only possible qualities one
could emphasize. Our claim is narrower: given the definition
advanced here, these three attributes are especially useful,
we believe, for a diplomatic exercise in critical praise.

MLalgorithmsproducedifferences and, in this sense, they
participate in forms of agency that are relational and distrib-
uted across design, training, deployment, monitoring, and
use. The question, then, is how to characterize this specific
form of agency, ideally first from a positive and slightly
anthropomorphic viewpoint (if only to respect the values
that seem to be central to those with whom we have to com-
pose). Does the socio-ethnographic definition of ML algo-
rithms as parameterized derivatives of referential datasets
offer a sufficiently rich account of their capabilities?

Let us start with a ground-level observation. Although
simplistic, the computer-compatible parameterized function
approximation on the bottom right of Figure 3 was the prod-
uct of a process—almost a short journey—within its limited
referential dataset. It involved summing x, y, xy, and then x2

values, and reorganizing them based on the number of data
points (n). In that sense, even for such a simplistic “machine
learning” linear regression, multiple trials were involved.
And the reward for these training trials—overseen by an-
other algorithm, in this case, the Least Squares Method—
is the parameters m and b, which serve as numerical objec-
tivations of some small but real acquired knowledge. In
short, becoming a parameterized function approximation
renders this algorithm—and others of this kind—an entity
with experience.

Figure 3. On the left, a graphical representation of the referential dataset from Figure 2 (green dots in the XY coordinate system) is
shown. In the middle, details of the Least Squares statistical learning algorithm are provided, which has been tasked with fitting—and
thus optimally expressing—the relationships between the dataset’s data points. On the right are the results of this task: a function
approximation with two parameters (m and b), which allows the prediction of new y-values (red triangles) based on previously
“unseen” x-values (red squares) and the placement of these new xy pairs on the XY plane (red dots). At the bottom right, the
computer-compatible version of this new, small, ML algorithm is presented in Python code. Source: authors.
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We use the term experience in a deliberately restricted
sense: not sensation, embodiment, cognition, or emotion,
but the incorporation of prior data relations into parameters.
And compared with most recent Generative Pre-trained
Transformers (GPT) whose trillions of parameters are de-
rived from massive datasets, the linear regression shown
in Figure 3, with only two parameters, sits at the very lower
end of this experience continuum. Nonetheless, the differ-
ence is one of degree rather than kind, since even these
two parameters capture a meaningful level of experience,
grounded in the dataset from which this ML algorithm ori-
ginates (see Figure 4).

To identify a second positive attribute of ML agency, we
need to make a less intuitive observation: unlike what popu-
lar fictional narratives may sometimes suggest, the experi-
ence accumulated in an ML algorithm’s parameters
remains constant over its existence.10 Returning to our sim-
plistic linear regression in Figure 3, once learning and par-
ameterization are complete, this small ML algorithm retains
its parameterized experience (m and b), which it will then
computationally apply to new, previously “unseen” input
data.11 These parameters thus act as constitutive elements:
should they change, a different ML algorithm would, at
least by virtue of the empirical socio-ethnographic defin-
ition we embrace here, come into existence.

We call this second attribute consistency: the degree to
which ML outputs remain consistent with guiding para-
meters that are relatively stable over time, and the degree
of effort required to modify them. Like experience, con-
sistency exists along a continuum: for the linear regression
in Figure 3, enriching the dataset and re-running the par-
ametrization would be easy—a task achievable in two
clicks in Excel. In contrast, refining a GPT foundation
model involving bottomless layers of neural network and
extensive hardware demands months of preparation
(Riom and Tanferri, 2024), massive computational re-
sources, and substantial investment. In that sense,
GPT-based algorithms like GPT-4 (Achiam et al., 2024)
rank highly on the consistency continuum, remaining rela-
tively stable unless substantial effort is invested in chan-
ging them, while the simplistic linear regression of
Figure 3 ranks much lower. Yet again, this difference is
one of degree, rather than kind (see Figure 5).

Experience and consistency: these are already quite re-
spectable attributes of the agency of computer-compatible

function approximations. But a third attribute appears
once we observe what happens when an ML algorithm pro-
cesses new data.

Examining again our small linear regression in Figure 3,
we find that the ML algorithm takes new input-data (values
5, 11, and 15 on the X axis), drawing on its acquired experi-
ence (parameters m and b). This operation produces new
elements (values 8.74, 14.96, and 18.44, on the Y axis), en-
abling the placement of these x;y pairs within the coordinate
system, on the regression line (red dots). In short, the ML
algorithm augments new input data by linking it to its
past experience, enabling the new element to become
more intelligible (spatially situated on a plane, in this
case). We term this quality intelligence, in the etymological
sense of inter-legere: the capacity to link newly encoun-
tered elements to prior parameterized relations. We use
the term cautiously; its colonial and patriarchal history
(Cave, 2020; Weheliye, 2014) makes any celebratory use
suspect. Here, it is meant in a restricted sense only: not con-
sciousness or phenomenal awareness, but the capacity to
render new inputs intelligible by linking them to prior data-
based experience. Nothing more, but nothing less.

As with the previous attributes, intelligence also unfolds
along a continuum. The agency of the linear regression in
Figure 3 expresses, for example, a very low degree of intel-
ligence, as it only permits one numerical value to be spatia-
lized on a plane (which is already something). Conversely,
the agency of the JPEG compression algorithm, ubiquitous
in digital imaging, can be considered highly intelligent, as it
facilitates the manipulation of large volumes of digital
images, making them much more tractable to various en-
tities, including other algorithms. But here too, the differ-
ence is one of degree, rather than kind (see Figure 6).

Chuang Tzu’s confusion and emptiness
Experience, consistency, intelligence: this list of attributes
may seem flattering, and it certainly is. Our point, however,
is not to humanize algorithms excessively, but to identify—
in a diplomatically attentive vocabulary—a restricted set of
interesting capabilities, that yet also have their limits.

Starting with the experience attribute, we might ask:
what kind of settled experience is this? Essentially, it is
the result of multiplications, divisions, subtractions, and
sums that eventually come to rest. Does this accumulation

Figure 4. The experience continuum, illustrated with three arbitrarily selected algorithms. Source: authors.
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of values constitute experience? Looking from a different
angle, it could be seen as a mere heap. Can this heap grant
ML agency true insight? Occasionally, for sure, but it can
also pull inward, creating a tendency to revolve around
the familiar. Has there ever been a metaphysics brave en-
ough to deal with such a counter-intuitive pitfall of experi-
ence? To clarify this limit of experience, we turn to Chuang
Tzu; more specifically, we draw on the interpretation pro-
posed by Jean-François Billeter (2004, 2010, 2014), for
whom Chuang Tzu’s writings offer precise descriptions of
ordinary regimes of activity.

What does Chuang Tzu tell us, then, and how could it
help us identify a limit of experience, here understood as
the insight acquired through trials happening in referential
sets? A dialogue between Confucius—a recurring character
in Chiang Tzu’s texts—and one of his friends, Yen Hui,
makes the point clearly:12

Yen Hui said, “I’m improving!”

Confucius said, “What do you mean by that?”

“I’ve forgotten benevolence and righteousness!”

“That’s good. But you still haven’t got it.”

Another day, the two met again and Yen Hui said, “I’m
improving!”

“What do you mean by that?”

“I’ve forgotten rites and music!”

“That’s good. But you still haven’t got it.”

Another day, the two met again and Yen Hui said, “I’m
improving!”

“What do you mean by that?”

“I can sit down and forget everything!”

Confucius looked very startled and said, “What do you mean,
sit down and forget everything?”

Yen Hui said, “I smash up my limbs and body, drive out per-
ception and intellect, cast off form, do away with understand-
ing, and make myself identical with the Great Thoroughfare.
This is what I mean by sitting down and forgetting everything.”

Confucius said, “If you’re identical with it, you must have no
more likes! If you’ve been transformed, you must have no
more constancy! So you really are a worthy man after all!
With your permission, I’d like to become your follower.
(Tzu, 1968, 6/h/89–93)

What does this passage—whose themes are echoed in
other texts by Chuang Tzu (e.g., 21/d/24–27; 4/a/26–28;
7/f/31–33)—tell us? The first part of the dialogue presents
a familiar image of learning: Yen Hui progressively interna-
lizes morality, rites, and music to the point that he no longer
needs consciously to attend to them. Confucius nonetheless
replies each time that this is still insufficient. So far, Yen
Hui is learning, accumulating what we have provisionally
termed experience, yet Confucius indicates that Yen Hui’s
journey is far from complete.

The decisive turn comes when Yen Hui says that he can
“sit down and forget everything.” This does not mean that
he has perfected mastery. It means, rather, that he can sus-
pend the very drive to retain, categorize, and stabilize. He
“drive[s] out perception and intellect,” “do[es] away with
understanding,” and becomes identical with the “Great
Thoroughfare.” Confucius’s response makes the implica-
tion explicit: to go through such transformation is to have
“no more likes” and “no more constancy.” Worthiness
lies not in ever greater accumulation, but in the capacity
to let prior acquisitions loosen their hold.

The lesson is straightforward, yet profound: accumulat-
ing experience and skills—and thereby gaining a form of
mastery—is a virtue (“that’s good,” as Confucius remarks).
Yet this accumulation has its limitations. Worthiness, which
Confucius admires in Yen Hui at the end of the passage,
arises precisely from the recognition of this asymptotic na-
ture of learning, constrained by the ongoing transformations
of the “Great Thoroughfare.” But how does Yen Hui man-
age to transcend this tendency to accumulate mastery, a ten-
dency he seemed so invested in at the beginning of the
passage? First, it appears, by accepting a form of disorien-
tation, and then by letting go of what he had accumulated.
Indeed, it is through embracing a form of confusion (and,
perhaps, a degree of anxiety) and then forgetting his prior
acquisitions that Yen Hui achieves worthiness. Rarely has
an apology for dephasing—that is, detaching oneself from
a fixed tendency—been expressed so wittingly.

How, then, do these reflectionshelpunderline the limitations
of ML agency’s experience? Not because ML algorithms
undergo an equivalent process of forgetting, embodiment, or
self-transformation. They do not. The passage is useful pre-
cisely as a contrast. YenHui’s worthiness depends on suspend-
ing prior acquisitions, letting go of established orientations, and
inhabitinguncertainty.TheMLsystemsdiscussedhere, by con-
trast, retain and operationalize prior relations in parameterized
form. In this limited sense, Chuang Tzu helps specify a bound-
ary: such systems can accumulate and mobilize prior relations,
but they cannot by themselves enact the practice of transforma-
tive forgetting described in the dialogue.

Latour’s beings of metamorphosis
It appears, then, that experience alone is not enough, for—
as Chuang Tzu suggests—its constitutive phasing prevents
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one from returning to the most fertile state of confusion and
emptiness. This metaphysical insight carries implications
for ML agency, firmly constraining its first attribute, though
without entirely undermining its vitality. But what about the
two remaining attributes? Let us set aside the sensitive issue
of intelligence for now and focus instead on consistency,
with an important clarification: the consistency we discuss
here involves the preposition “with,” signifying the propen-
sity of ML agency to remain consistent with its guiding
principles or parameters.

This clarification is especially relevant because the
thinker we believe best suited to illuminate the limitations
of this attribute is the sociologist and philosopher of science
Bruno Latour, whose engagement with the concepts of
truth, knowledge, and coherence has long been a source
of debate and controversy. Fortunately, we don’t need to re-
solve those broader Latourian questions here. For our pur-
poses, a few ideas drawn from Latour’s exploration of
ethnopsychiatry (2010b) are enough, for it is in his attempt
to reveal the networks that generate interiorities that we find
a useful way of specifying a limit of ML agency’s
consistency.

So, what does Latour say, and how might it help us iden-
tify the limitations of the consistency attribute, understood
here as a form of strong adherence to one’s constitutive
principles? Let us begin by examining a passage that de-
scribes a common experience rarely intellectualized—at
least today—as something tied to external displacements:

This experience is […] any kind of setting into motion—a hurt-
ful word, a shocking attitude, an untoward gesture, sometimes
even qualified by the term “evil eye”—that gives the impres-
sion that one is being taken over, overcome by an uncontrol-
lable force—“I don’t know what got into me.” Let us call
this experience a crisis. And since we are always “in the

grip” of something in a crisis, let us call it a gripping crisis.
(2013, 190, italics added)

These “gripping crises” are familiar, though sometimes
feared, because they transport us into another state—some-
times comforting, often terrifying. Yet these external forces
can also prove opportune, providing glimpses of salvation:

[T]he beings that were deceiving us are on the contrary helping
us to exist, finally, [we] can surf on them, through them, with
them, thanks to them, by dint of skill, as on a wave that carries
you away but that isn’t targeting you personally. As if there
were many beings that […] get you all mixed up. (2013, 192,
italics added)

To underscore this transformative quality, Latour refers
to these shifting entities—whose networks can be traced
—as “beings of metamorphosis” (2013: 201–210) that
shake, redirect, unsettle, but above all engender:

What would we do without them? We would be always and
forever the same. They trace […] paths of alteration that are
at once terrifying (since they transform us), hesitant (since
we can deceive them), and inventive (since we can allow our-
selves to be transformed by them). (2013: 201, italics added)

These speculative beings of metamorphosis are travers-
ing entities, capable of carrying, transporting, and altering.
But how does this relate, at least on a metaphysical level, to
our matters of ML agency? Precisely because the constitu-
tive consistency of this agency, which adheres to the princi-
ples enshrined in its experience/parameters, has to remain
impervious to these beings of metamorphosis. In other
words, this agency must remain isomorphic, true to itself,
unable to be disrupted by its own gripping crises. Beyond

Figure 5. The consistency continuum, with three arbitrary selected algorithms. Source: authors.

Figure 6. The intelligence continuum, with three arbitrary selected algorithms. Source: authors.
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its speculative tone, Latour’s vocabulary helps specify ML
agency’s relative inability to be altered from within by
transformative crises. But is this simply the nature of com-
puters, with their stone-like core? Not necessarily, for as it
is possible to design programs and systems that are perme-
able to the external forces that pass through them (though
such systems may no longer be strictly “ML algorithms”
by our definition)13 just as there are people as tough as nails,
whom nothing shakes or moves (Latour, 2013, 191), who
thus express a form of ML agency as defined here.

But is it truly a limitation to be constitutively impervious
to Latour’s speculative beings of metamorphosis? There are,
of course, advantages to consistently adhering to one’s prin-
ciples or parameters: a kind of staticity, for instance, that can
be reassuring in turbulent times (much like those childhood
friends who remain eternal teenagers). Yet to truly become
something new—to innovate or even create—requires a de-
viation from one’s established trajectory. This kind of genu-
ine novelty—which, according to Latour, emerges not from
deep within but from encounters with beings that turn us up-
side down—necessitates a rupture, a betrayal of the very
principles that once defined us. Latour therefore helps us spe-
cify a limit of ML consistency: the agency of such systems
can preserve continuity and stability, but must remain imper-
vious to unsettling disruptive transformations through which
genuinely new trajectories emerge.

Bergson’s distinctions: Of intelligence,
instinct, and intuition
It seems, then, that the consistency of ML agency also has a
limit: it remains unresponsive to Latour’s speculative
beings of metamorphosis, entities that may bring chaos
but also potential salvation—and, ultimately, novelty. But
what about intelligence? Let us revisit, one last time, the
definition of this attribute we proposed earlier in the text:
ML agency can be considered intelligent insofar as it en-
riches newly encountered data-entities by linking them to
previously acquired experience—thereby evoking the ety-
mology of the term “inter-legere.” If we accept this defin-
ition, the intelligence of ML agency is primarily
determined by two factors: the richness of its referential da-
taset, and the sophistication of its function-approximating
architecture. Consequently, intelligence emerges as an in-
herently extrinsic attribute—a quality that aligns with
Henri Bergson’s conception of intelligence as the capacity
to manufacture artificial objects. Bergson argues that this
capacity should be clearly distinguished from the abilities
associated with instinct.

Indeed, when developing his ideas on intelligence,
Bergson (1944 [1907]: 121) observes:

“As regards human intelligence, it has not been sufficiently
noted that mechanical invention has been from the first its es-
sential feature, that even to-day our social life gravitates around

the manufacture and use of artificial instruments, that the in-
ventions which strew the road of progress have also traced
its direction.” (Bergson, 1944 [1907]: 152–153)

Intelligence is best understood as the capacity to manu-
facture artificial objects, and to extend this capacity by de-
vising tools that serve in the making of other tools (Bergson,
1944 [1907]: 153–163). In setting intelligence apart from
instinct, Bergson emphasizes a key difference: instinct con-
cerns the use or even the construction of naturally organized
instruments, whereas intelligence centers on the creation
and use of instruments that are not organically given.
From this perspective, instinct and intelligence embody
two distinct modes of action, with innate knowledge in
the case of instinct directed toward objects themselves,
and in the case of intelligence directed toward relations
among things.

This distinction between instinct and intelligence is fur-
ther nuanced by Bergson’s discussion of their respective
limitations and strengths. Intelligence, he explains, is con-
cerned with relations:

“What is innate in intellect, therefore, is the tendency to estab-
lish relations, and this tendency implies the natural knowledge
of certain very general relations, a kind of stuff that the activity
of each particular intellect will cut up into more special rela-
tions. Where activity is directed toward manufacture, therefore,
knowledge necessarily bears on relations.” (Bergson, 1944
[1907]: 166)

While intelligence excels at making precise distinctions
and establishing order, it is fundamentally constrained by
its inability to engage with the fluid and indeterminate—
the domain of instinct. Instinct, in contrast, provides a direct
way of understanding that does not depend on external
forms or representations. Whereas intelligence divides and
categorizes, instinct moves seamlessly through continuities.

Applying this distinction to ML agency, we may there-
fore say that its intelligence—though capable of expressing
complex function approximations derived from referential
datasets—is inherently bound to its structured and extrinsic
nature. ML agency lacks the capacity to navigate the un-
structured, the ambiguous, and fundamentally undefined as-
pects that make the fabric of life. One might then say that it
operates most comfortably within the discontinuous, the
static, and the lifeless. As Bergson observes, the intellect
is marked by an intrinsic incapacity to grasp the essence
of life (Bergson, 1944 [1907]: 182).

Following our reading of Bergson’s reflections on intel-
ligence, we thus uncover a compelling characterization of
the third attribute of ML agency. For example, a carefully
trained facial recognition ML algorithm may identify and
categorize facial images very accurately, thanks to its ac-
quired experience, thus expressing the ability to build rela-
tions. Yet the same ML algorithm, when presented with an
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unfamiliar image—one that is partially distorted, or subject
to unusual lighting conditions—may fail to process the im-
age. This failure would not arise from coding errors or a
lack of computational power: rather, it could result from
its inherent dependence on predefined elements—the very
elements that at the same time enable its success within
its given referential dataset. When faced with domains
where input data are less categorizable—areas where ambi-
guity or ambivalence are fundamental, such as interpreting
regulations in a specific situation (Campbell-Verduyn and
Lenglet, 2023, 2025; Lenglet, 2021) or tackling ethical di-
lemmas (Martin, 2019)—ML algorithms are likely to strug-
gle to gain traction, and to establish their legitimacy
convincingly.

From these considerations, it follows that ML agency
can, in Bergsonian terms, legitimately be described as a
form of intelligence. For Bergson, intelligence and instinct
represent distinct orientations of knowledge: “the former to-
ward inert matter, the latter toward life” (Bergson, 1944
[1907]: 194). On this basis, our expectations of ML algo-
rithms—be they huge or small—should be tempered: the
fact that they are capable of exhibiting intelligence is al-
ready significant. It is therefore misguided to fault ML
agency for lacking intuition, which Bergson describes as
“instinct that has become disinterested, self-conscious, cap-
able of reflecting upon its object and of enlarging it indefin-
itely” (Bergson, 1944 [1907]: 194). The difficulty in much
contemporary debate lies precisely here: by not sufficiently
distinguishing between intelligence and intuition, such dis-
cussions risk overlooking the metaphysical dimension of
knowledge production. Bergson thus helps specify the limit
at issue here: ML agency’s intelligence can establish and
operationalize relations with great force, but it remains
poorly equipped for the fluid, continuous, and indetermin-
ate dimensions of life to which instinct and intuition remain
more closely attuned.

Conclusion
In times marked by the rise of noxious forms of cyber-
modernism, to say the least, a direct and uncompromising
critique of ML agency remains essential (Coeckelbergh,
2026; Vertesi et al., 2026). Yet alongside this agonistic
stance, it is equally important, we believe, to lay the foun-
dations for a diplomatic process, one that continues to
seek to compose a common world, against all odds.

Such diplomacy, however, is not an invitation to repro-
duce the ideological uses of agency-related language nor
does it ask critical scholars to forget how notions such as in-
telligence or autonomy may be mobilized to legitimize
harmful deployments, concentrate power, or displace re-
sponsibility. Rather, it asks whether critique can remain un-
compromising while also becoming more precise about
what exactly is being attributed to ML algorithms, by
whom, for what purposes, and with what consequences. It

also depends on a deliberately limited premise: not that
ML systems are inherently necessary or socially beneficial,
but that many of them are already operative enough in col-
lective life that critique must decide whether to reject, regu-
late, redescribe, or strategically engage with them.

If the paper has a practical ambition, it is this dual one: to
make critique more indulgent, while making computer sci-
entific discourse less prone to mystification. That ambition
has led us to develop the argument throughout. Drawing on
ethnographic studies of ML algorithm construction work,
we proposed a restricted socio-ethnographic definition of
the class of algorithms at issue here: contemporary ML al-
gorithmic systems whose fundamental constitution derives
from the preparation and processing of referential datasets.
On that basis, we first identified three positive attributes of
their agency—experience, consistency, and intelligence—
before using Chuang Tzu, Latour, and Bergson to specify
their corresponding limits—their inability to undergo trans-
formative forgetting, their relative closure to metamorphic
disruption, and their difficulty in engaging indeterminate,
lifeful phenomena.

This is what we mean by critical praise: not a softening
of critique, but an effort to describe ML fundamental cap-
acities with sufficient precision that criticism does not re-
main external or mystified in reverse. Framing ML
algorithms as parameterized function approximations that
model relationships within referential datasets highlights
the powerful yet constrained nature of their experience, de-
rived from prior data; their respectable yet limiting consist-
ency, rooted in relatively stable parameters; and their
genuine yet constricted form of intelligence, which is effect-
ive in establishing and operationalizing relations but falters
in fluid and noncategorizable situations. The capacities
identified here are real, but they remain bounded by the so-
ciomaterial conditions and epistemic logics from which
they emerge.

Ultimately, a diplomatic engagement of this kind seeks a
form of critique capable of confronting both the real capaci-
ties of ML systems and the discursive excesses that sur-
round them. It aims to render claims about ML agency
more empirically grounded, politically answerable, and in-
stitutionally contestable, thereby helping to create the con-
ditions under which such systems can be criticized while
being respected, and deployed while being governed.
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Notes
1. This critique of what we provisionally call ML agency should

not be understood as claiming that earlier critical scholarship
was exclusively, or even always explicitly, about agency. The
critical literature has also addressed technological determin-
ism, bias, surveillance, power, and the broader social conse-
quences of data-driven systems. Our emphasis on agency is
therefore more limited: these critiques repeatedly raise the
question of what ML algorithms are taken to do and how
they intervene in situations. In this sense, “ML agency” is a
synthetic term for controversies over the capacities attributed
to ML algorithms and the consequences of those attributions.
The literature also makes clear that such agency is neither
autonomous nor self-sufficient, but embedded in wider
sociotechnical arrangements (e.g., Klinger and Svensson,
2018; Lange et al., 2019; Neff and Nagy, 2016; Neff et al.,
2017).

2. Dr. Timnit Gebru, an AI ethics researcher at Google, was dis-
missed in December 2020. She claimed her firing was due to
her raising concerns about the ethical risks associated with
large language models and how these technologies were being
developed.

3. For instance, in a 2023 interview with The Guardian, when
confronted with critiques of large language models emerging
from the social sciences, Sam Altman dismissed them as

outdated, doubling down with a derisive question: “Is that still
a widely held view? I mean, is that considered—are there still
a lot of serious people who think that way?” (Hern, 2024).

4. Following Latour (2010a: 474): “[C]ompositionism takes
up the task of searching for universality but without be-
lieving that this universality is already there, waiting to
be unveiled and discovered. It is thus as far from relativ-
ism (in the papal sense of the word) as it is from univer-
salism (in the modernist meaning of the world […]). From
universalism it takes up the task of building a common
world; from relativism, the certainty that this common
world has to be built from utterly heterogeneous parts
that will never make a whole, but at best a fragile, revis-
able, and diverse composite material.”

5. This text joins a recent body of work concerned with bracing
reflexivity in computer science research. Recent contributions
include Hirsbrunner et al. (2024), who introduced Reflexive
Data Science (RDS)—building upon Agre’s critical technical
practice (1997)—to support reflexivity in AI practices;
Domínguez Hernández and Owen (2024), who proposed col-
laborative ethnography as a method for bridging interdiscip-
linary gaps in responsible AI development; and
John-Mathews et al. (2023), who used reflective interviews
and re-enactments to bring moral inquiry into the everyday
work of data scientists. The present text complements these ef-
forts by approaching reflection from a more theoretical and
foundational perspective.

6. There are many reasons for this recent interest in the ethnog-
raphy of ML algorithm construction work (Jaton, 2019), but it
is undoubtedly partly due to discomfort with the aporias of
what Malte Ziewitz (2016) wittingly termed the algorithmic
drama: a disarming and repetitive critical discourse—mainly
originating from the humanities and social sciences—that ar-
gues ML algorithms derive their power from their abstract na-
ture. This abstraction is said to make them even more
powerful, creating a cyclical narrative: the more abstract
ML algorithms become, the more powerful they are per-
ceived, and vice versa. Similarly to the ethnographic studies
of the late 1970s by scholars such as Bruno Latour and
Steve Woolgar (1986), Michael Lynch (1985), and Karin
Knorr-Cetina (1981), which aimed to move beyond the ab-
stractions of (critical) epistemology by providing grounded
perspectives on how scientific knowledge is constructed, these
modern ethnographers of computer science attempt to move
away from the abstractions of (critical) digital epistemology.
Instead, they seek to develop a concrete and realistic under-
standing of ML algorithms in order to provide, ultimately, a
more empowering perspective.

7. “Ground truth” is a vernacular technical term for the reference
labels, annotations, or target values against which outputs are
trained or evaluated. In that sense, “truth” does not name an
absolute or philosophical truth claim, but a practical reference
point internal to a given task. The sociopolitical ramifications
of ground truth datasets are the focus of numerous publica-
tions in the field of science and technology studies. For a
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nonexhaustive list, see https://docs.google.com/document/d/
1zDg396HuGU2ckSIQDQztIHe4XIQJwzVq/edit

8. This definition also usefully distinguishes between a “pro-
gram” and an “algorithm:” while all effective ML algorithms
are programs (they have no choice but to be), not all programs
are ML algorithms. Broadly speaking, it is the process of ref-
erencing an external dataset to reproduce or approximate some
of its constitutive relationships that—perhaps—defines the
ML algorithmic form.

9. Boullier and El Mhamdi (2020) refer to “learning algorithms”
and “execution algorithms,” which essentially amount to the
same thing.

10. The idea that ML algorithms can autonomously program
themselves has caused significant confusion. This notion sup-
ports the misleading belief in the supposed autonomy of these
systems, which are, in fact, highly dependent on external in-
puts and processes. This has also contributed to the abstract
and misleading idea of intelligence in the Cartesian sense of
consciousness. In practice, ML algorithms are parameterized
based on training data, which allows them to define (or ap-
proximate) a function. So far, there is nothing particularly
extraordinary about this. What is surprising, however, is that
these functions—sometimes of immense complexity—are ex-
pressed solely in the form of computer code rather than in
mathematical terms, as is the case with linear regression
(maybe the simplest form of ML). This distinction has led
some to claim that these algorithms program themselves,
which is only true if one ignores all the programming work re-
quired to prepare the extraction and parametrisation of these
functions. In this sense, it is indeed a misuse of language to
claim that ML algorithms program themselves. This misuse
of language can, however, be understood in a political sense,
as it aligns with the modernist (therefore, abstract) vision of
computer science. Another common misunderstanding is the
belief that ML algorithms can reparameterize themselves. In
reality, to parameterize a function mechanically (in a machine-
like way), another algorithm is required. A single algorithm—
at least according to the definition we adopt here—cannot
reparameterize itself. However, the parameters defining an
ML algorithm can be used to refine outputs by including pre-
vious outputs as new inputs (but this does not amount to
reparameterization).

11. This is now often referred to as inference in the field of applied
computer science.

12. Here, we use the translation by Watson (Tzu, 1968), which is
among the most highly regarded in Anglo-Saxon studies of
Chuang Tzu. In our references to the text, the first number in-
dicates one of the thirty-three books, the letter corresponds to
a subdivision of the book, and the subsequent numbers refer to
the lines of text as they appear in the compiled corpus A
Concordance to Chuang Tzu (Harvard-Yenching Institute,
1956).

13. See, for instance, the art installation “It’s Normal for Some
Things to Come to Your Attention” (Negativland, 2021), not-
ably discussed in Muniesa (2023).
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