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Abstract. 34 

AI is transforming the workflow of biological science. But what role remains for human cognition 35 

when the priority is deep theory? We propose a division of labor based on a “coverage asymmetry” 36 

between artificial and biological agents. AI excels at extending the encounterable: scaling known 37 

mechanisms and exploring complex parameter regimes. However, AI cannot (yet) perform kind 38 

formation – the minting of new variables and constraints – because it is bounded by its training 39 

ontology. Current systems cannot register that their own vocabulary is incomplete, because 40 

recognizing missing variables requires material participation in the system under study. We 41 

leverage phenomenological philosophy to argue that new kinds originate in Wild Being: the 42 

embodied friction that occurs when an organism encounters something its current categories 43 

cannot name (an Out-of-Ontology encounter). We outline a curriculum to train human scientists 44 

as “detectors of the unparameterized,” ensuring that the growth of knowledge remains coupled to 45 

the growth of care. The question is not whether AI can do biology, but how we design systems to 46 

maximize discovery efficiency, producing both knowledge and knowers whose embodied 47 

engagement guides what that knowledge is for. 48 

 49 
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1. The dream of BioGPT 52 

“How many biologists – how many scientists, really – have started dreaming of a 53 

BioGPT?” At a recent NSF workshop (Kitzes et al. 2025a), a facilitator asked for a show of hands. 54 

Dozens went up. In a breakout session, the dream took clearer shape: not a Large Language Model, 55 

but a foundations model for biological theory, a Large Causal Model. A system that predicts the 56 

next causal link, not the next word. 57 

Imagine BioGPT not only exists but delivers sustained success. As a mechanistic 58 

foundation model, it “thinks” in causal graphs of familiar variables (gene expression, canopy 59 

conductance, microbial necromass) and relations (Michaelis-Menten kinetics, Lotka-Volterra 60 

dynamics, allometric scaling), preserving competing theories with explicit uncertainty. Like 61 

AlphaFold expands what 3D protein structures are encounterable (Varadi et al. 2022), BioGPT 62 

expands what mechanistic processes are encounterable, possibly borrowing from and innovating 63 

on the diffusion models now revolutionizing protein design (Watson et al. 2023) and single-cell 64 

dynamics (Gao et al. 2025). On demand, one could run a minimal protocol: “clamp” what is 65 

securely known about a process (its nodes, units, conservation laws, and empirically constrained 66 

edges), then treat the unknown as noise, and let the model denoise toward constraint-satisfying 67 

completions, characterizing candidate mechanisms that are physically-admissible but not yet 68 

causally identified. Because this process is generative, each run yields a different completion: a 69 

physically-plausible, math‑explicit, testable narrative consistent with the clamped constraints. The 70 

generated ensemble is a proposal distribution over many mechanisms (not a convergence on 71 

ground truth), for the typed, unit-consistent graphs remain undetermined by typical biological data. 72 

Each candidate is ranked by effect size and cross‑system plausibility, then the best ones are 73 

subjected to lab and field testing (i.e., organismal veto)—judging whether the proposed edges hold 74 



under intervention and domain shift. Many verify. Such successes would be profound… but what 75 

kind of knowledge is being made? 76 

 77 

2. Mechanisms and kinds: a taxonomy of biological discovery 78 

To explore this question, consider the following taxonomy of discovery (Table 1) to 79 

distinguish between two kinds of progress, both historically familiar and valuable in biological 80 

science. The first adds testable mechanisms within the existing conceptual vocabulary, showing 81 

how known entities and activities work together to produce change (mechanistic sensu Craver & 82 

Darden, 2013; Machamer et al., 2000). One route recombines known mechanisms into a new chain 83 

(C1 novelty). For example, some well-known metabolic proteins regulate a gene in a different 84 

developmental pathway; these “moonlighting” proteins reveal previously unknown links (Jeffery 85 

2018, Singh and Bhalla 2020). A second route is regime shift and conceptual transfer (C2 novelty), 86 

paralleling the logic of “transfer learning” in AI where a valid mechanistic schema is mapped onto 87 

a new domain or parameter space (Theodoris et al. 2023, Cui et al. 2025). In ecology, familiar 88 

predator-prey-producer relationships change (or flip) when ocean temperatures rise (Ashton et al. 89 

2022, Eskuche-Keith et al. 2024) or lake trophic status changes (Carpenter et al. 2011), showing 90 

that known mechanisms in novel parameter regimes can yield qualitatively different outcomes. 91 

Because C1-C2 discoveries export existing predicates to new contexts rather than minting new 92 

ones, they are the imagined BioGPT’s native territory and align with current generative-AI 93 

opportunities identified for the sciences (Karpatne et al. 2025). Even when proposed mechanistic 94 

chains originate in human “hunches” or AI “hallucinations,” they remain candidates for knowledge 95 

until verification in living systems.  96 



A second, less frequent kind of progress arises when recombination and regime exploration 97 

no longer buy explanation because the available vocabulary itself is inadequate. Here investigators 98 

stop adding links and start minting nodes in the ‘knowledge graph:’ the invention of new predicates 99 

or constraints (“kinds”) that change what counts as an explanation (Boyd 1999, Leonelli and 100 

Ankeny 2015) (Table 1). One route is naming and operationalizing a new predicate (C3). For 101 

example, long before “trophic cascade” settled as a term, ecologists could describe wolves hunting 102 

elk and elk browsing willows, yet lacked a single predicate for why removing a top predator could 103 

restructure vegetation and alter river morphology (Paine 1980, Ripple and Beschta 2012, Ripple 104 

et al. 2016). Once named, “trophic cascade” became a portable explanatory predicate measured, 105 

and “cascade strength” supplied a measurable property for testing where and whether that predicate 106 

applies across ecological conditions (Galiana et al. 2021, Xu et al. 2023, Ripple et al. 2025). 107 

Another route is the articulation of a new cross‑system constraint (C4). The early 20th century 108 

curiosity that mammalian metabolic rate scales as body mass^(3/4) (Kleiber 1932) was eventually 109 

explained by space-filling resource distribution networks (West et al. 1997) and generalized into a 110 

“metabolic scaling theory” (Brown et al. 2004, White et al. 2022)—a C4 discovery that generated 111 

portable relationships with explicit boundary conditions across terrestrial, freshwater, and marine 112 

ecosystems (Schramski et al. 2015). 113 

Table 1 summarizes these novelty classes; Table 2 places a few recent examples from AI 114 

systems (2023-2025) on this ladder. Current biological foundation models operate comfortably at 115 

C1-C2. DECIPHAER, a C2 example, recombines known mechanisms and systematically explores 116 

neglected parameter regimes to flag regime shifts (Johnson et al. 2025). Proto-C3 examples include 117 

Evo-2 (Brixi et al. 2026) and Prov-GigaPath (Xu et al. 2024), which draft candidate kinds by 118 

learning latent features that could become predicates once named and operationalized. AI-Aristotle 119 



(Daryakenari et al. 2024) approaches a Proto-C4 class, proposing additional terms and functional 120 

forms that may, with sufficient cross-system validation, harden into constraints. These systems can 121 

currently contribute to theory change, compressing the search over conceptual space by drafting 122 

candidate predicates and candidate functional forms, but they do not instantiate any idea end-to-123 

end. The full pipeline from latent feature to travelling kind, or from fitted term to validated 124 

constraint, still requires a ratification process that current AI architectures do not supply: naming, 125 

operationalization, portability tests across contexts, and survival under organismal veto. This 126 

approach is the division of labor that Tables 1-2 visualize: AI now excels at extending the already-127 

encounterable (C1-C2) and at drafting candidate kinds and constraints (proto-C3/C4); biological 128 

organisms and embedded scientists do the work of stabilizing kinds and laws. 129 

Two cases illustrate this division. The Snapshot Safari camera-trap network demonstrates 130 

why human involvement remains essential for identifying the anomalies that precede discovery. 131 

AI scales image classification but struggles with rare species and complex behavioral contexts, 132 

often mislabeling species (e.g., caracals as lions) or missing demographic details (Pardo et al. 133 

2021). Integrating human volunteers reduced error rates from ~35% to ~9% for rare species 134 

(Huebner et al. 2024) and preserved outliers (unusual behaviors, morphs) that purely automated 135 

pipelines smoothed away (Palmer et al. 2021, Thel et al. 2021). AI manages the volume while 136 

humans preserve the anomalies that signal potential C3-C4 discoveries. A second case showed 137 

how such anomalies graduate become new predicates through embodied noticing. Around a 138 

campfire, researchers inspecting fisher (Martes pennanti) track-plates developed a hunch that paw-139 

print papillary patterns were unique enough to identify individual animals. They operationalized 140 

that hunch into a protocol analogous to fingerprinting, validating that the pattern traveled 141 

reliably—transforming ‘fisher present’ into ‘individual fisher X’ (Herzog et al. 2007). The 142 



predicate originated in a body noticing a pattern for which no variable yet existed, a classificatory 143 

handle that restructured what could be individuated and tracked. 144 

These examples help explain why today’s AI models (and our imagined BioGPT) function 145 

as powerful drafting or plausibility engines rather than autonomous discoverers of kinds. Kind 146 

formation typically demands three moves that disembodied systems do not yet supply on their 147 

own: (i) recognizing that the existing predicate set is inadequate; (ii) inventing a measurement that 148 

makes the missing variable testably real; and (iii) separating a portable invariant from a statistical 149 

artefact by stating boundary conditions. While models like BioGPT can recombine known 150 

mechanisms and surface candidate regularities, they currently lack the participatory history – the 151 

friction of inhabiting the system being studied – that triggers kind invention. This limitation 152 

implies that the future of discovery requires more than scaling computation; it points toward a 153 

more complete cognitive architecture that is embodied, embedded, enactive, and extended. 154 

 155 

3. How bodies, tools, and places make biological knowledge 156 

To understand why kind formation resists automation, consider how biological knowledge 157 

emerges. A soil ecologist disturbs leaf litter in a familiar forest plot and notices an unusual earthy-158 

sweet odor. This sensory anomaly prompts questions, new sampling protocols, and reveals a 159 

phenomenon that eventually gets formalized through instruments (like chemical analyses, 160 

microbial assays). What began as embodied pattern recognition becomes a testable hypothesis 161 

about microbial metabolism under specific environmental conditions. This example illustrates 4E 162 

cognition (Newen et al. 2018, Carney 2020, Alexander 2025), a cognitive science framework that 163 

recognizes thinking is not a detached, internal process (“in the head”), but emerges from a coupled 164 

system that is: (i) Embodied in sensory capacities (the ecologist’s olfactory detection); (ii) 165 



Embedded in specific environments (this forest, moisture, and temperature regime); (iii) Enacted 166 

through intervention and feedback (sampling and monitoring); and (iv) Extended by tools 167 

(chemical analyzers, statistical frameworks).  168 

AI systems like AlphaFold exemplify “extended” cognition, a computational tool that 169 

widens what a research community can encounter without altering the field’s conceptual grammar. 170 

AlphaFold predicts three-dimensional protein structures across entire proteomes (Varadi et al. 171 

2022), making an enormous region of mechanism-space newly encounterable: a spectacular C1-172 

C2 expansion. What it does not supply is the capacity to register that the conceptual vocabulary 173 

guiding its predictions is itself incomplete—the recognition that triggers kind formation (C3-C4). 174 

This missing capacity is called here, ‘embodied friction,’ or the material coupling between an 175 

inquiring organism and its study system that generates expectations the organism did not explicitly 176 

encode, and that forces ontological repair when those expectations are violated.  177 

Terrestrial bioacoustics illustrates how embodied friction operates alongside AI extension. 178 

Researchers position microphones using knowledge of vegetation density, wind, and animal 179 

corridors – their bodies and field experience “embedding” inquiry in real constraints. AI detection 180 

models then “extend” perception across thousands of recording hours and frequency ranges 181 

beyond what human hearing can parse (Kitzes et al. 2025b). But it is the researcher who recognizes 182 

when a dawn chorus “sounds wrong” in context-dependent ways that algorithms trained on 183 

statistical baselines often miss or misclassify. That recognition (an embodied expectation violated 184 

by what the ear encounters) is the friction that flags where existing predicates may be inadequate 185 

and new ones may be needed. Without that embedded and embodied oversight, error patterns shift 186 

silently with background noise and microphone placement, and the conceptual vocabulary remains 187 

unchallenged. Seen this way, 4E cognition becomes more than a philosophical add-on but a 188 



working description of how biology continues to make sense of itself. Tools and algorithms extend 189 

the reach of attention; field sites and model organisms embed inquiry in real constraints; 190 

experiment and manipulation enact understanding through feedback; and skilled minds embody 191 

the sensing and judgment that transform surprise and conjecture into knowledge. Together they 192 

define a cognitive ecology in which human and artificial agents cooperate most fruitfully—AI 193 

extends the encounterable (scale and speed), while embodied minds determine what is worth 194 

pursuing.  195 

Given this objective, why not just embody the AI? Imagine BioGPT-bot; a robot equipped 196 

with advanced sensors to navigate terrain and sample physical and biogeochemical parameters 197 

adaptively (sensu Henrys et al. 2024). It even “learns” new protocols. While technically the bot 198 

occupies space, navigates terrain, and suffers humidity, cold, and power limits, it lacks something 199 

fundamental for discovery: sensibility (the metabolic vulnerability of a living system). A 200 

biologist’s body is a living system studying living systems, entrained to the same light cycles that 201 

structure organism behavior, stressed by the same temperatures that constrain plant physiology, 202 

and responsive to the same humidity gradients that shape fungal growth. Human thermoregulation, 203 

fatigue, smell, heading, and proprioception are generic measurement devices only secondarily; 204 

primarily, they are biological responses shaped by the very evolutionary-ecological pressures that 205 

shape the organisms under study. That shared history creates pre-attentive saliences (what feels 206 

“off” or “alive”) that sensors cannot (perhaps yet) replicate. BioGPT-bot records data; the 207 

biologist’s body notices what had not yet been known. That gap between extending known 208 

protocols and recognizing that the protocols themselves are inadequate marks the frontier where 209 

kind formation begins. 210 

  211 



4. Wild Being: When life studies life 212 

Before arguing that embodied encounters supply something AI currently does not, let’s 213 

steelman the alternative. Imagine a sophisticated AI-sensor network on an ocean buoy that detects 214 

a shift in pH and dissolved phosphorus, relays it to an agentic system that assimilates decades of 215 

time-series data, and issues a probabilistic forecast of a plankton bloom, updating itself when new 216 

sensor data contradicts the forecast. Knowledge-guided architectures now incorporate domain 217 

ontologies and physical constraints into model training and inference, uncertainty quantification 218 

methods flag when models operate outside their reliable range, and complementary AI paradigms 219 

(from symbolic reasoning to reinforcement learning) are being integrated to improve consistency 220 

and decision-making (cf. Karpatne et al. 2025). This is no imaginary system. Its component parts 221 

and their integration represent genuine advances in extending the encounterable and, increasingly, 222 

in drafting candidates for new kinds (in addition to Table 2). Additionally, human embodied 223 

intuition can be unreliable. Anthropocentric assumptions can misdirect cross-species inference 224 

(Brebner et al. 2024, Barton and Barrett 2025), clinician “hunches” underperform statistical 225 

models in well-defined prediction tasks (Dawes et al. 1989, Grove et al. 2000), and ethicists have 226 

misused the “wisdom of repugnance” to impede legitimate inquiry, particularly in biotechnological 227 

research (Kass 1997; cf. Nussbaum 2004). Fundamentally, shared material history is a filter as 228 

much as a channel, systematically foregrounding perturbations to which the observer’s own 229 

biology is attuned (Wilson 2002, Van Dyck 2012). Even so, discovery is bottlenecked not only by 230 

correctness but by what gets noticed as worth formalizing. Wild Being, as developed below, is not 231 

a truth-guarantee or inference engine but a salience channel; when it tracks something real, it can 232 

initiate naming, instrument design, and boundary-condition mapping in ways current AI does not 233 



yet originate on its own. When it misfires, the organismal veto (Box 2) and AI-based checks help 234 

discipline false positives and parochialism. 235 

With this concession in place, consider three scenes. A marine biologist slips into a familiar 236 

reef and notices the water surface feels oddly ‘tacky’ hours before a plankton bloom. An 237 

ornithologist registers a missing voice in the dawn chorus before surveys document territory 238 

abandonment. A botanist touches leaves and recognizes incipient drought stress days before 239 

wilting becomes visible to cameras or satellites. None of these are measurements or parts of 240 

established protocols. They are pre-predicative recognitions enabled by biological similarity. The 241 

marine biologist’s tactile and olfactory systems did not evolve to detect precursors of dinoflagellate 242 

blooms, but they were tuned in aquatic environments where lipid chemistry, surface tension, and 243 

dissolved compounds structure sensory experience. The ornithologist’s auditory processing 244 

evolved in acoustic landscapes that included avian vocalizations. The botanist’s mechanoreceptors 245 

respond to turgor changes because plant and animal cells regulate water through overlapping 246 

biophysical principles. In each case, shared evolutionary and material history makes some patterns 247 

salient to a living observer before they are named or measured. 248 

Philosopher Maurice Merleau-Ponty – who engaged with the science of his time, including 249 

psychology, developmental biology, and physics (Seglard 2003, Carman and Hansen 2004) – 250 

called this phenomenon l’être sauvage: Wild Being, or flesh (Merleau-Ponty 1969, 1992). He uses 251 

the term “Wild Being” to name the shared material continuity in which living systems articulate 252 

and reveal themselves to one another.1 When the biologist feels the reef is “off,” they are not 253 

inferring a conclusion; their biological system is registering a material shift in the local biological 254 

 
1 See Merleau-Ponty, The Visible and the Invisible (1969), “Working Notes” (May 1960), esp. p. 248, where he 
characterizes “l’être sauvage” as a pre-predicative order shared by perceiver and world (“l’être sauvage n’est 
pas opacité, mais dimensionnalité”), mechanistically grounding why certain patterns are perceptible to living 
observers before they are measured. 



system—a “mutual experience” possible because observer and observed are “fundamentally 255 

homogeneous”2 (i.e., formed by the same evolutionary processes). Some brief philosophical 256 

clarification is needed. Wild Being is not the “preconceptual given” that philosophers like 257 

Immanuel Kant and Wilfrid Sellars rejected (Triplett 2023). Kant established that “intuitions 258 

without concepts are blind” (Kant 1787). Sellars (1956) extended the argument by showing that 259 

nothing counts as knowledge unless it is already situated in inferential relations among concepts—260 

the “logical space of reasons.” We do not dispute this. Kant and Merleau-Ponty agree that 261 

conceptual activity is already operative in sensory experience. Merleau-Ponty parts from Kant in 262 

arguing that beneath both stabilized concepts and sense qualities lies a dimension of embodied 263 

sense-making from which both emerge, an embodied intelligibility before it is tamed into concepts 264 

(what Merleau-Ponty elsewhere calls sens sauvage). Wild Being names this pre-predicative field—265 

not separate from conceptual mediation, but a source of sense that prompts the generative 266 

reorganization of concepts when the world refuses the available categories. Our argument requires 267 

only this minimal commitment: that there exists a relational, embodied register through which 268 

living systems sense perturbations in one another before stabilized instruments and predicates 269 

catch up. 270 

This outcome also differs from “common sense biology” or naive intuition (sensu Wolpert 271 

1994). Mature science may appear “unnatural” in routinely overturning folk expectations, but even 272 

the most counter-intuitive theories are disciplined by friction with living systems. Wild Being, as 273 

used here, names the pre-predicative channel where such friction first appears—e.g., the chemistry 274 

of rotting cactus (Fogleman and Danielson 2001) cohering as a recognizable syndrome of tactile, 275 

olfactory, and visual cues. These recognitions mark where current concepts are being challenged 276 

 
2 See Merleau-Ponty, The Visible and the Invisible (1969), “Interrogation and Intuition,” p. 114. 



by the external world. In this sense, Wild Being is the precondition to the “unnatural” character of 277 

science. There is no route to genuinely revisional theory that does not run through situated 278 

encounters where the world ‘refuses’ our expectations. Operationally, Wild Being is the spark that 279 

opens a worklist – flags the anomaly, sketches a feature, and engineers a protocol – driving C3 and 280 

C4 novelty. For C3 (kind formation), the biologist notices an anomaly in Wild Being (the tacky 281 

water surface), names it through conceptual invention, then measures change through instrumental 282 

formalization so that the candidate predicate gets a protocol others can run. For C4 (new 283 

constraints), the scientific task is to hunt for the breaking point, i.e., a series of structured surprises 284 

in places where a trusted relation unexpectedly fails across different sites or conditions. Once a 285 

frontier of failure is traced, observations of systematic breakdown can be formalized into boundary 286 

conditions, compressing the insight into a portable law with explicit thresholds (often with 287 

hysteresis).  288 

Why can’t current AI, scaffolded with physics, biology, unit consistency, etc., detect such 289 

violations? Because there are two kinds of rules at work. A model’s scaffold currently encodes 290 

explicit, formal constraints (thermodynamics, stoichiometry, mass balance) (Karniadakis et al. 291 

2021, Faure et al. 2023). A biologist’s body develops implicit expectations, a high-dimensional 292 

sense of how this reef or valley or canopy should behave. An AI’s “surprise” is a statistical anomaly 293 

against its model, a deviation within the parametrized variable space on which it was trained. A 294 

biologist’s surprise is a perturbation registered by a sensory baseline built from material co-295 

participation with the system, a baseline that extends, noisily and unreliably, beyond any current 296 

parametrization. Both are pattern-matching engines, and within a well-specified ontology the AI 297 

is often superior at this point. But the anomalies that seed C3/C4 discovery are precisely those for 298 

which no variable yet exists. There, detection depends on whether the agent’s baseline has 299 



coverage in the missing dimension, and a baseline built from shared material constraints 300 

sometimes does, where one built from explicit parameters, by construction, cannot (today).  301 

This distinction leads to a central hypothesis: that C3-C4 discovery requires constraint-302 

sharing (being subject to the same thermodynamic, temporal, and ecological pressures as the study 303 

system). This concept is a testable claim: do conceptual breakthroughs correlate with the 304 

researcher’s material overlap with the study system? If so, disembodied AI faces a principled 305 

barrier at the C3/C4 frontier; not a general barrier to discovery, but a barrier to types of kind-306 

formation that depend on material overlap with the system under study. If not, the barrier is merely 307 

practical, reflecting the current absence of constraint-sharing in generative models. When 308 

extrapolating beyond trained data, models may fabricate plausible outputs within their 309 

parameterized space rather than signal that the space itself is incomplete (Huang et al. 2025). 310 

AlphaFold 3’s occasional stereochemical errors – chirality flips, atomic clashes, “ordered 311 

hallucinations” in intrinsically disordered regions – are instructive here, showing that the model 312 

can optimize confidently where its ontology has no coverage, producing physically-admissible but 313 

chemically-fictitious structure (Abramson et al. 2024, Magana Gomez and Kovalevskiy 2024). A 314 

biologist handling the same protein might not predict the fold, but their biochemical intuition 315 

(trained on years of gel behavior, binding kinetics, and crystallization failures) could register that 316 

something about the output “doesn’t sit right,” because the human baseline extends into 317 

dimensions the model does not parameterize. A scientist, by contrast with the model, must triage 318 

anomalies, deciding which deviations are noise, which are artifact, and which may indicate that 319 

the existing frame is incomplete—knowing that this judgment shapes the kind of scientist one 320 

becomes. This is a form of embodied virtue epistemology, the skillful anomaly triage cultivated 321 



through practice and accountability that is not reducible to noise reduction. Wild Being thus opens 322 

the worklist, then today’s AI can sweep the charted territory. 323 

One might object that these limitations are engineering rather than epistemic, solvable by 324 

fine-tuning on physics, chain-of-thought scaffolds, or coupling methods to simulated 325 

environments. The literature does document such mitigations and reports incremental gains (Song 326 

et al. 2026). More ambitiously, orchestration frameworks pit multiple models against one another 327 

and against continuous data streams, creating consistency loops of genuine power (Gao et al. 2024, 328 

Ghafarollahi and Buehler 2025). But consistency is not coverage. Adding models improves cross-329 

validation within a shared ontology, not sensitivity to dimensions beyond it. An orchestrated 330 

BioGPT-bot could sample more data yet still fail to notice that the sampling regime is missing a 331 

necessary variable. The 3D-reasoning failures catalogued by Song et al. (2026) make this point 332 

concrete: even physically-situated LLM-driven agents – robots interacting with environments and 333 

receiving sensorimotor feedback – still produce systematically impossible action plans (Song et 334 

al., 2026), a deficit traced to the absence of a “robust internal world model” (sensu Dao and Vu 335 

2025, Wu et al. 2025). Current systems are increasingly adept at out-of-distribution (OOD) 336 

detection, flagging data that are statistically improbable given known parameters. C3/C4 337 

discovery, however. addresses a different problem: an out-of-ontology (OOO) encounter, where 338 

the model lacks the dimension required to represent what it encounters. To a system parameterized 339 

by pH and temperature, the “tackiness” of the water is not an outlier but a null value (there is no 340 

axis on which to register a deviation). Engineering can mitigate for OOD by expanding training 341 

distributions; OOO requires an agent whose baseline extends into the missing dimension. Wild 342 

Being, as we have defined it, names the capacity to register this friction and be perturbed by a 343 

variable that has yet to receive a name. 344 



For now, the optimal human-AI system for biology is one that exploits this coverage 345 

asymmetry as a design resource. AI’s computational power extends the already-encounterable by 346 

exploring known variable space at unprecedented scale, while embodied cognition supplies 347 

anomaly detection in the unparameterized margins where new variables originate. Without this 348 

embodied anchor, an “inaction vortex” of place-blind data may occur where disembodied 349 

monitoring substitutes for intervention (Devictor and Bensaude-Vincent 2016). Beyond method, 350 

Wild Being generates ethical commitments that autonomous systems cannot replicate today. When 351 

researchers spend months in an ecosystem, they (ideally) develop attachments to places and stakes 352 

in the system’s futures—a root of scientific accountability that helps ensure knowledge production 353 

serves more than efficiency metrics and that questions of value are not delegated to optimization 354 

alone. 355 

 356 

5. Wild attachments: The ethical tether and existential pull of embodied biology 357 

Removing bodies from places risks more than missed C3-C4 discovery; it invites place-358 

blind inference. Models trained “there” could fail “here” without notice because no agent has “skin 359 

in the game” (i.e., a material stake in the outcome) to ask e.g., which questions matter?, which 360 

risks are acceptable?, and which futures matter?. This omission invites circular validation, where 361 

disembodied systems confirm their own assumptions, optimizing for metrics that may not align 362 

with ecological or human flourishing. It also risks foreclosed discovery, where the anomalies that 363 

have historically forced conceptual revision go unregistered. These limits are bigger than epistemic 364 

failures, they are ethical ones because they sever the feedback loop between knowledge and care. 365 

Even if future iterations of BioGPT-bot achieve technical embodiment (sophisticated sensors, 366 



adaptive morphology, enactive algorithms, embedded constraints) an existential question remains: 367 

What is biological science for? 368 

Avoiding the abstract, one working answer has emerged, almost accidentally, from a 369 

platform that embodies the design principle that Section 4 advocates. In contrast to the 370 

disembodied “view from nowhere” of global biodiversity databases, iNaturalist 371 

(www.inaturalist.com) cultivates a form of wild attachment through the productive friction of 372 

machine-human interaction. While technically a data infrastructure (Leonelli 2016), iNaturalist’s 373 

practical effects are often the opposite of epistemic distancing: re-embedding users in multispecies 374 

encounters by mobilizing AI to activate field experience (Mason et al. 2025). AI mis-identification 375 

errors – especially for species with few database records (Mesaglio et al. 2025) – can be productive. 376 

They trigger debates among taxonomists, naturalists, and casual observers, prompting return visits, 377 

additional photo uploads, and documentation of context that escapes pattern-recognition systems 378 

(e.g., smells, habitats, associated practices, local names). Each misclassification thus catalyzes a 379 

co-production loop in which the encounter between observer and organism is not merely archived 380 

but continually re-enacted through comment threads, anecdotes, accounts of local uses, and 381 

debates over diagnostic traits (Campbell et al. 2023). The system’s indeterminacies become 382 

conditions for wild attachment by inducing a return to the field, offering a counterpoint to the 383 

“inaction vortex” produced when remote monitoring substitutes for place-based engagement 384 

(Devictor and Bensaude-Vincent 2016). The design principle here is not to keep AI peripheral; 385 

rather, AI is most virtuous (most conducive to good science and good scientists) when it intensifies 386 

return-to-field loops and community deliberation. This outcome is a different ethical architecture 387 

than AI-as-autonomous-discoverer and suggests that how we deploy AI matters as much as what 388 

AI can do. 389 



This approach again reinforces the realist principle that knowledge production is never 390 

purely instrumental. When humans study living systems, they produce situated interactions, 391 

attachments, and practices that sustain them. Here, the BioGPT-bot thought experiment deserves 392 

a second look, to identify precisely what is absent functionally. BioGPT-bot optimizes task 393 

completion where “values” are parameters encoded at deployment. Whether AI systems could ever 394 

develop something functionally analogous to caring, vulnerability, or metabolic stake is an open 395 

question and, in today’s material conditions, these absences have specific epistemic consequences 396 

that connect to the coverage argument above. Caring is what makes a scientist persist with a 397 

recalcitrant anomaly long enough to push it through the C3/C4 pipeline, perhaps returning to the 398 

reef season after season until the “tacky” feeling becomes a named chemical signature. 399 

Vulnerability is what gives the anomaly a felt urgency coupled with a potential risk in the same 400 

environment suggesting precisely why discomfort carries information. These are functional roles 401 

in the discovery process, not sentimental extras. A system that lacks care is incomplete as a 402 

discovery architecture, which is why a human-AI partnership, rather than AI autonomy, remains 403 

the appropriate design frame. Biology should remain a practice that (at its best) reorients the 404 

knower. 405 

 406 

6. Curricula for combining two kinds of knowledge. 407 

The difference between how a practicing biologist would train a BioGPT-bot and how they 408 

ought to train a human student distills the argument of this essay. The training curriculum for 409 

BioGPT is reassuringly orthodox. First, pretrain on the canon: formalize mechanisms from 410 

textbooks and ODE (ordinary differential equation) models into typed, unit-consistent graphs 411 

scaffolded by constraints like stoichiometry. Then, mask and diffuse. Whether via BERT-style 412 



masking or diffusion-based denoising, the objective is the same: train the model to predict missing 413 

links consistent with the provided data. Finally, evaluate based on the recovery of known pathways 414 

(optimizing for C1-C2 performance). Semantic reasoning modules can extend this approach by 415 

drawing inferences over structured ontologies (Aleksander et al. 2026), and meta-learning 416 

architectures can flag latent structural mismatches within the model’s own representations (Shi et 417 

al. 2025)—genuine advances that push toward proto-C3 capabilities (Section 2, Table 2). But the 418 

ontology over which these systems reason, and the distribution against which they detect 419 

mismatches, are still defined by the training regime. The model can discover that parameters are 420 

inconsistent but not discover an incomplete vocabulary, because incompleteness, by definition, 421 

lies outside the parameterized space against which the loss is computed. Whether future 422 

architectures could develop baselines with coverage beyond their training ontology (achieving 423 

something functionally analogous to material co-participation) is an open question. 424 

A human student, by contrast, is someone to train to move work from C2 into C3/C4, often 425 

through collective sensemaking and sustained engagement with others (a capacity that, for now, 426 

requires a different architecture entirely). They must (i) cultivate orthodoxy (to speak the 427 

grammar), (ii) develop baseline depth (to detect when the grammar fails), and (iii) sustain 428 

engagement (to persist through the work of stabilization). We cover each below in more detail. 429 

(i) Train the canon and its limits. Students need deep familiarity with mechanisms that are 430 

taught as a record of past kind-formation with visible blind spots. Instructors should use the 431 

taxonomy of discovery to interrogate classic papers. What was not in the literature that required 432 

these authors to mint a new term? This style teaches students that “orthodoxy” is a frozen history 433 

of past kind-formations, and that every current vocabulary has similar gaps waiting to be exposed.  434 



(ii) Build deep baselines through staged encounters. The coverage argument from Section 435 

4 has a pedagogical corollary: anomaly detection in unparameterized dimensions requires a 436 

sensory baseline built through sustained material co-participation within a system. Field courses 437 

and long-term lab projects should require “anomaly logs”—running records of observations 438 

(smells, textures, or behaviors) that resisted easy classification under existing variables. Seminars 439 

can then push these through the C3 pipeline. This pipeline could begin with (a) sketch a predicate 440 

for the anomaly, (b) imagine how it might travel, (c) identify where it would cease to apply. 441 

Students should be sent on C4-hunts (to find where taken-for-granted relationships, e.g., size-442 

temperature scaling) break down. The goal is to build the kind of baseline that extends, however 443 

imperfectly, beyond current parameterizations, so that when a violation occurs in an unnamed 444 

dimension, the student has enough coverage to register an anomoly.  445 

(iii) Sustain engagement to enable stabilization. Kind formation is slow. A predicate must 446 

be coined, operationalized, tested across contexts, and defended under the organismal veto. Such 447 

a pipeline unfolds over years (not semesters). Long-residency projects build the baseline depth that 448 

makes anomaly detection possible, and they build the commitment to see a candidate kind through 449 

the full stabilization process. Risks remain; for example, deep familiarity with one system can 450 

produce parochialism, where a locally valid pattern is mistaken for a traveling kind. Fortunately, 451 

this limitation in a human is precisely where AI serves as a corrective—testing whether a predicate 452 

coined in one valley holds across the variable space of a thousand others. The partnership runs 453 

both ways, where embodied engagement generates the candidate and computational breadth 454 

disciplines the scope. 455 

While the above may appear to wall-off BioGPT, in practice the integration of BioGPT is 456 

straightforward. Teach students to see AI as an Extended tool in a 4E architecture. Teachers can 457 



use AI to scan parameter spaces while assigning students the job of designing ground-truth 458 

experiments to adjudicate the output. Side-by-side analyses, where students compare AI 459 

predictions with their own anomaly logs, become teachable moments about the C3/C4 frontier and 460 

about the complementary coverage of the two systems. Still, this pedagogical vision faces 461 

challenges regarding how to assess baseline depth and anomaly sensitivity in an academy that 462 

rewards quantifiable outputs. The prolonged noticing that precedes publication and the failed 463 

experiments that map constraint boundaries are rarely legible in current evaluation frameworks. 464 

Yet, these omissions are precisely what distinguish discoverers from data processors. An 465 

educational program that treats students as future BioGPTs – maximizing canonical data 466 

consumption while minimizing time in meadows and wet labs – will produce skilled link-adders, 467 

but they are unlikely to produce the creators who notice missing data on a known axis and 468 

recognize when the axis itself is absent. Do not shelter students from AI, rather, train them to 469 

inhabit a different role in the cognitive ecology, as the biological agents whose baselines extend 470 

into the unparameterized margins where new variables originate. 471 

 472 

7. Conclusions: Designing for productive asymmetry 473 

The future of biological discovery depends on how the cognitive ecology between human 474 

and artificial agents is designed. The two systems currently have different coverage profiles: AI 475 

excels within parameterized variable space, while embodied inquiry extends, imperfectly, into 476 

unparameterized dimensions where new variables originate. Good design exploits this asymmetry. 477 

The division of labor propose here is grounded in 4E cognition and is explicitly revisable as 478 

capabilities evolve: 479 



• Keep the Extended strong: Use AI to generate coherent candidate mechanisms (C1) and 480 

sweep parameter regimes (C2) at scales no human team could process. AI’s strength is 481 

coverage within the current ontology. Leverage it fully. 482 

• Protect the Embedded: Ensure that models trained in one context are governed by researchers 483 

embedded in the contexts where they are applied. Domain shift (where a model trained “there” 484 

fails “here”) is more than a statistical problem; it is an epistemic one. Local validity depends 485 

on knowledge that resists compression into portable parameters. Embedded researchers serve 486 

as governors of this local validity. 487 

• Make it Enactive: Treat AI predictions as probes designed to stress-test the ontology itself. 488 

The standard cycle (predict, test, revise parameters) improves C1-C2 performance. The 489 

additional move advocated here is deliberate C4-hunting. Deploy predictions across contexts 490 

specifically to find where trusted relationships break, then use those failures to map constraint 491 

boundaries. Iteration should aim not only at better predictions within the current variable space 492 

but also expose where that space has holes. 493 

• Fund the Embodied: Treat sustained material engagement with study systems (in field sites, 494 

in long-running labs, at instrument benches) as essential infrastructure for discovery. This 495 

proposal does not mean to claim that fieldwork is privileged over benchwork, but to encourage 496 

baseline depth, built through prolonged co-participation with a system, which is the most 497 

reliable way for building the sensory coverage that detects anomalies in unparameterized 498 

dimensions. Where that co-participation occurs (a reef, a sequencing facility, a greenhouse) 499 

matters less than providing an opportunity at a depth and duration required for baseline 500 

formation. In practice, funding agencies and institutions should prioritize long-term, place-501 

based projects that cultivate embodied expertise over short-cycle deliverables, curricula should 502 



train students to take responsibility for study systems (not just extract data from them), and 503 

evaluation criteria should reward the baseline depth and anomaly sensitivity that precede 504 

publishable discovery (cf. Dangles 2023) 505 

This division of labor carries ethical weight alongside epistemic function. Discovery 506 

generates knowledge and commitment. Researchers whose sustained co-participation builds 507 

baseline depth simultaneously develop the attachments that determine which questions feel urgent 508 

and which risks are acceptable. Whether future architectures could develop out-of-ontology 509 

sensitivity is an open empirical question; nothing in our framework defines Wild Being as 510 

exclusively biological and if such systems emerge, the division of labor would need to be redrawn. 511 

But this argument about organizing epistemic labor in biology is calibrated to the present 512 

asymmetry. For as long as extending the encounterable and inventing what is encounterable require 513 

different coverage profiles (one computational, one biological), this division of labor holds. That 514 

coordination will be slower, costlier, and messier than automation alone for now. It is also, to date, 515 

the only path that has generated discoverers who loved what they found enough to fight for its 516 

survival. 517 
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Table 1. A taxonomy of discovery in AI-assisted biological science. This includes novelty classes, who (typically) makes them, what 
counts as evidence, and each class’s epistemic function. 

Novelty class Description Typical AI 
contribution 

Typical embodied 
contribution 

What counts as 
evidence? 
 

Epistemic function 

C0: Retrieval 

Ex: Literature 
retrieval 

Restates a known 
mechanism from 
existing literature. 

Aligns prior causal 
links; checks 
consistency across a 
knowledge graph. 

Curates the relevance of 
known facts to a 
specific, local context. 

Matches literature; 
reproduces an 
expected outcome in 
situ. 

Keeps the ‘obvious’ 
obvious; confirms 
shared ground. 

C1: Mechanism 
addition 

Ex: Moonlighting 
proteins 

Builds a new causal 
chain from previously 
unconnected but 
known components. 

Generates coherent, 
testable hypotheses 
by combining 
existing mechanisms. 

Designs feasible assays; 
performs skilled 
sampling in the right 
place and time. 

Verified causal 
effect and the 
operative mechanism 
in vivo or in situ. 

Expands the 
encounterable into 
the actualizable. 

C2: New regime 

Ex: Prey-predator 
relationship in 
hotter system  

Shows how known 
mechanisms yield a 
qualitatively new 
outcome in a novel 
parameter range. 

Systematically 
explores parameter 
space; flags potential 
regime shifts and 
boundary conditions. 

Establishes the new 
regime in a living 
system; tracks historical 
contingency and path-
dependence. 

A reproducible 
regime shift with 
clear thresholds or 
hysteresis. 

Deepens theory by 
revealing the 
constraints on 
existing models. 

C3: Kind 
formation 

Ex: Trophic 
cascade 

Names a new, 
measurable variable or 
predicate that becomes 
explanatory. 

Scales the new 
“kind” once named 
and operationalized; 
integrates it into 
pipelines. 

Coins the predicate from 
a surprising encounter; 
invents the measurement 
or instrument. 

The new “kind” 
travels across 
sites/systems and 
becomes a stable 
explanatory concept. 

Changes the 
grammar of 
biological 
explanation. 

C4: New law or 
constraint 

Ex: Metabolic 
scaling 

Proposes a 
cross-system invariant 
or scaling law that 
reorganizes entire 
models. 

Derives the candidate 
form; suggests tests 
across different 
systems/modalities. 

Designs and executes the 
multi-site trials; probes 
for failure and 
exceptions that clarify 
the law’s boundaries. 

Holds true across 
taxa or biomes with 
precisely defined 
boundary conditions. 

Rewires theory by 
adding a durable, 
high-level  
structure. 

  



Table 2. The autonomy horizon: Distinguishing AI optimization from kind formation. Current AI systems excel at exploring the 
map (C1-C2) but function as “engines” for new concepts (Proto-C3, Proto-C4), requiring embodied ratification to be knowledge. 

Novelty Class Representative Models Epistemic Status  The Missing “Wild” Link 

C2:  
Regime Shift 

DECIPHAER (Johnson et al. 2025). 

Identifies a dose-dependent switch 
where bacteria transition from cell-
wall stress (ATP↑) to respiration 
inhibition (ATP↓). 

Parameter space explorer (high 
autonomy). AI systematically explores 
the state space of known variables to 
identify qualitative transitions and 
regime boundaries. It discovers new 
coordinates but operates within 
existing dimensions. 

Verify the regime. Requires 
embodied validation of regime in 
living systems (not just model 
artifact) and mapping where trans-
itions occur under real biological 
constraints (pH, temp, etc.). 

Proto-C3: 
Candidate 
predicates/scores 
that might become 
explanatory kinds 

Evo-2 (Brixi et al. 2026) 
Prov-GigaPath (Xu et al. 2024) 
(Genomic/Pathology FMs).  

Surfaces “latent features” or “patho-
contextual archetypes” that correlate 
with outcomes but lack semantic 
labels. 

Drafting engine (candidate kinds). 
Models identify mathematical clusters. 
However, a cluster is not a biological 
“kind” until it is: (1) semantically 
named, (2) operationalized via portable 
protocols, and (3) validated to travel 
across contexts. 

Stabilize the kind. Requires 
embodied recognition that a cluster 
corresponds to a biological reality; 
e.g., transforming “Latent Feature 
247” into “Cryptic Stress Response” 
through sensory-ecological 
encounter. 

Proto-C4: 
New Constraint 
Candidates 

AI-Aristotle 
(Daryakenari et al. 2024)  
(Symbolic Regression).  

Discovers “hidden physics” terms to 
improve ODE fit for pharmaco-
kinetics, suggesting missing 
regulatory constraints. 

Proposal engine (candidate laws). AI 
surfaces candidate functional forms 
(e.g., “Parameter X scales with Y”). 
These begin as statistical regularities 
or engineering rules, not yet 
established as biological laws. 

Validate the invariant. Requires the 
Organismal Veto: testing the 
proposed rule across diverse taxa and 
biomes to see where life respects v. 
violates it, thereby establishing the 
law’s true boundary conditions. 

 

 



BOX 1: The “Turing Test” for AI discovery 

What Would AI Achieving C3/C4 Discovery Look Like? 

We argue that current AI acts as a “drafting engine” for biological discovery. To qualify as an 
autonomous discoverer of kinds (C3) or constraints (C4), rather than just an optimizer of existing 
ones, an AI (not just its human handlers) must: 

1. Coin a Predicate: Invent a variable not present in its training ontology (e.g., “trophic cascade 
strength”) and provide a first operationalization (a measurement protocol) that produces 
discriminating data in vivo. 

2. Demonstrate Portability: Show that this new predicate travels across ≥2 distinct biomes or 
systems (e.g., from wolves to sea otters) with stated boundary conditions, correctly identifying 
where the concept applies and where it fails. 

3. Articulate a Cross-System Constraint: Derive a governing rule (C4) whose parameters are 
estimated independently from new data, and which systematically reorganizes existing models 
(e.g., improving prediction across taxa by adding a metabolic term). 

4. Survive the Organismal Veto: The predicted effect must replicate in a living system where 
domain shift, history, and noise are not controlled away. 

Until a system achieves these four steps unaided, we treat AI as maximally valuable for 
extending the encounterable (C1-C2) and as a force multiplier for humans stabilizing the new 
(C3-C4). 

  



BOX 2. The organismal veto: How life rejects bad hypotheses 

The “Organismal Veto” is the process where a theoretical prediction is rejected by the living 
system. This veto operates differently across the taxonomy of discovery, distinguishing genuine 
biological signals from model artifacts. 

C1 (mechanism): Veto of context. 
• Ex. AI prediction: Protein X binds to promoter Y based on high motif similarity. 
• The veto: The interaction works in vitro but fails in living cells due to chromatin accessibility 

or compartmentalization. 
• Epistemic gain: Reveals that mechanisms require structure in context; structure alone is 

insufficient. 

C2 (Regime Shift): Veto of resilience. 
• Ex. AI prediction: Ecosystem will flip from kelp forest to urchin barren at 2 ℃ warming 
• The veto: The system absorbs 3 ℃ through phenotypic plasticity and compensatory 

predation, maintaining its state. 
• Epistemic gain: Reveals hidden robustness and compensatory dynamics operating outside the 

model’s parameter space. 

C3 (Kinds): Veto of coherence. 
• Ex. AI prediction: Cluster 247 in a single-cell foundation model represents a novel cell type. 
• The veto: The pattern dissolves when measured across different batches, tissues, or 

organisms—it is confirmed to be a statistical artifact, not a biological reality. 
• Epistemic gain: Forces the distinction between a statistical cluster and a traveling biological 

kind. 

C4 (Constraints): Veto of exception. 
• Ex. AI prediction: A universal scaling law applied to all animals. 
• The veto: Flatworms and tardigrades systematically violate the exponent due to surface-area-

dominated geometries and cryptobiotic metabolic modes. 
• Epistemic gain: These violations are not noise; they map the law’s boundary conditions, 

converting a correlation into a structural constraint.  
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