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Abstract

Human adults can often perform a novel task correctly on the first attempt after
only receiving verbal or written instructions. This rapid instructed task learning
(RITL) is a hallmark of human cognitive flexibility, yet its mechanisms and paral-
lels in artificial systems remain under-explored across disciplines. In this position
paper, we argue that humans possess an evolved instruction-following bias—an
inductive bias shaped by evolution to interpret and execute linguistic instructions—
which critically enables fast generalization of behavior from language. This bias
functions analogously to the way large language models (LLMs) leverage instruc-
tion tuning to achieve zero-shot task performance. We synthesize evidence from
cognitive science, neuroscience, and machine learning research to support this hy-
pothesis. While instruction-following in Al is currently achieved via specialized
training protocols, we posit that in humans it arises as an innate cognitive archi-
tecture feature. We outline testable predictions and call for more interdisciplinary
research to investigate Instruction-Following as a unifying mechanism enabling
rapid task learning in both natural and artificial neural networks.

1 Introduction

Humans uniquely excel at learning new tasks from instructions. With minimal or no direct expe-
rience, a person can often understand a set of written or spoken directions and immediately carry
out a novel task correctly [Cole et al.l[2013al]. For example, an adult might successfully operate an
unfamiliar software application or play a new board game after reading a manual just once. In labora-
tory settings, cognitive scientists term this ability Rapid Instructed Task Learning (RITL)- "The
ability to rapidly reconfigure our minds to perform new tasks based on instruction". RITL allows
first-trial execution of novel rule sets without iterative practice, a capacity that is highly advanta-
geous in daily life and distinguishes human learning from standard reinforcement learning (which
typically requires repeated trial-and-error) [Sutton and Barto, 2018]]. Indeed, non-human animals
generally cannot do the same: they require numerous reinforced trials to acquire a new behavioral
task, whereas humans often succeed by instruction on the first attempt [[Asaad et al., |199§]].

Cross-Disciplinary Gap. Research on instruction following is siloed. Cognitive and developmen-
tal scientists have studied how humans learn from pedagogy and language, while neuroscientists
probe the brain networks enabling flexible task sets. In parallel, Al researchers have developed
instruction-tuned language models that exhibit striking abilities to perform new tasks described in
natural language [Ouyang et al.,[2022]]. However, these communities use different terminologies and
frameworks, and a unifying perspective is lacking. Cognitive neuroscience studies the topic mainly
tangentially, whereas Al views instruction-following largely as merely a useful model training step.
We identify a critical gap in existing theoretical work: is there an underlying principle of instruction-
based generalization common to both human brains and artificial models? And if so, have humans
effectively been “instruction-tuned” by evolution?



Central Hypothesis. We propose that humans possess an evolved instruction-following bias that
enables rapid generalization from linguistic instructions, analogous to how instruction tuning en-
dows LLMs with broad task flexibility. In other words, the human mind may come prepared with
inductive biases and neural machinery specialized for processing inputs as instructions in a way that
is different to other species. We argue that this instruction-following bias in humans is likely an evo-
lutionary adaptation—forged by the advantages of cultural transmission and social learning—and is a
key enabler of humans’ unparalleled capacity for fast instructed learning [Csibra and Gergely, 2011}
Rendell et al.,[2010]]. Understanding this bias can inform the design of Al systems, and conversely,
insights from instruction-tuned models can shed light on cognitive and neural mechanisms of RITL.
We organize the paper as follows: (i) review relevant work from cognitive science, neuroscience, and
machine learning on instruction following and rapid task generalization; (ii) articulate the proposed
analogy between human and Al instruction-following, highlighting evolution in humans versus ex-
plicit training in machines; (iii) compare and contrast with animal studies and (iv) discuss testable
implications for both neuroscience and Al

2 Background and Related Work

2.1 Human Cognitive Capacity for Instruction Following

Work on human development suggests that infants are born students, equipped with biases to learn
from communicative cues i.e. "natural pedagogy". According to this theory, infants innately recog-
nize signals such as infant-directed speech as indicators that they are being taught, and they pref-
erentially process information presented in this pedagogical context, enabling fast social learning
of cognitively opaque cultural knowledge. Human children appear predisposed to follow instruc-
tions and demonstrations, allowing rapid uptake of knowledge that ensures cultural transmission.
In adults, the pinnacle of instruction-following ability is captured by RITL: learning a novel task
rule or procedure from an instruction and executing it correctly on the first try [|Cole et al.l 2013a].
Everyday examples include learning to use a new software after reading a guide, or mentally run-
ning through steps of a new recipe from a list. Experimental psychology demonstrates that humans
can achieve high first-trial performance on arbitrary tasks when those tasks are described in advance
by instructions—for example, implementing arbitrary mappings between novel stimuli and responses
immediately and with high accuracy [Meiran et al., 2012, |Wolfensteller and Rugel [2012]]. Such
behavior would be impossible without instructions—imagine learning the rules of chess by pure trial-
and-error versus having them explained verbally. RITL dramatically reduces the search space of
learning by directly imposing a task set via language.

Comparative evidence underscores that RITL is a rare trait. Some primates can follow extremely
simple instructions. Macaques, for example, often require many practice trials to learn even simple
stimulus-response associations [[Asaad et al., [1998]. In contrast, human participants facing similar
novel mapping tasks can be highly accurate on the very first trial [[Cole et al [2013a]. Our closest
ape relatives show a bit more prowess—the bonobo Kanzi could execute dozens of simple English
commands (e.g., “Put your ball on the pine needles”) with substantial accuracy [Savage-Rumbaugh
et al.,|1993]]. But even Kanzi’s performance is roughly equivalent to that of a human toddler. Classic
experiments by Horner and Whiten|[2005]] showed that human children faithfully reproduced arbi-
trary actions they saw an adult perform while completing a simple task, in contrast, chimpanzees
in the same setup skipped the irrelevant steps and went straight for the goal-efficient actions. This
difference is profound: it suggests humans are intrinsically wired to follow instructions/observations
from others with high fidelity, whereas apes emulate the goal but filter out what seems unnecessary.
Follow-up studies have found overimitation to be robust across cultures, with verbal instructions
enhancing the effect. [Papa et al., 2021]]. The benefits of such a capacity are evident: being able
to share new skills or behaviors through communication confers adaptive value. Computational
tournaments of social learning strategies show how instruction-like social learning enhances group
success and the spread of knowledge [Rendell et al., 2010|]. This likely created selective pressure
for an instruction-following bias in the human lineage [Csibra and Gergely, [2011]].

Dogs as heterospecific instruction followers. Domestic dogs provide a natural experiment on
whether an instruction-following bias (IF-bias) can be shaped by selection. In imperative ob-
ject—choice tasks, dogs reliably use human pointing and gaze to select the requested item, whereas
chimpanzees often perform at chance without extensive training [Hare et al.|[2002| Kirchhofer et al.,



2012]. Dogs pups are able to outperform wolf pups of similar age on similar tasks [Viranyi et al.,
2008]. Taken together, the canids illustrate that selective pressure (human domestication and so-
cial hierarchy) can create a robust IF-bias for human signals — without the broad, compositional,
language-mediated task recomposition that characterizes human RITL.

2.2 Neural Mechanisms: Task-Set Reconfiguration and Cognitive Control

What happens in the brain when we convert an instruction into action? Cognitive neuroscience
points to the frontoparietal cognitive control network—especially lateral prefrontal cortex (LPFC)-as
key for implementing novel task sets on the fly [Duncan| 2010]. Neuroimaging of RITL finds that
when people encode new instructions, dorsolateral/anterior PFC represents the intended task even
before any practice, and then interacts with parietal and task-relevant areas to guide execution [[Cole
et al., 2011} |2013b]]. This aligns with task-set reconfiguration: when faced with a new instructed
task, the brain rapidly configures a network that implements the mapping from stimuli to responses
as specified by the rule; the pattern of frontoparietal connectivity shifts flexibly with current demands
and can predict which task a person is performing, consistently across novel and practiced tasks
[Cole et al., | 2013b]. These “flexible hubs” are thought to underwrite generalized cognitive control.

There are indications that humans’ proficiency at instruction-based task-set formation has distinct
neural underpinnings compared to other species. Anatomically, anterior prefrontal cortex (ap-
prox. Brodmann area 10) is disproportionately enlarged in humans relative to other primates, and
among non-human apes the bonobo shows a relatively large area 10 [Semendeferi et al., [2001].
This suggests evolutionary expansion of prefrontal circuitry supporting abstract, instruction-derived
rules. Consistently, classic theory casts PFC as an instruction parser/buffer transforming linguis-
tic/symbolic instruction into an executable task set via top-down control [Miller and Cohen, [2001].
Overall, the evidence suggests a general-purpose task engine configurable by instruction.

2.3 Instruction Tuning in AI and Zero-Shot Task Generalization

Mirroring the human ability to generalize, modern large language models have recently demon-
strated remarkable zero-shot and few-shot capabilities. Base pretrained models (e.g., GPT-3) can
solve new tasks given a few examples or prompts, but unable to follow arbitrary user instructions
out-of-the-box [Brown et al.| [2020].

To bridge this, instruction tuning fine-tunes models on many natural-language (instruction, response)
pairs spanning diverse tasks (translation, QA, arithmetic, etc.), explicitly teaching models to follow
instructions. Through supervised learning (often with alignment via human feedback), parameters
are adjusted so the model interprets the instruction and generates an appropriate completion [Ouyang
et al.,|2022]. The outcome is strong zero-shot performance on unseen tasks—sometimes matching
or exceeding larger non-tuned models or few-shot baselines simply by understanding the instruction
[Wei et al., 2022| [Chung et al., [2022]]. In effect, instruction tuning confers task flexibility akin
to human RITL. These developments motivate viewing instruction tuning as a machine analog of
human instruction following.

3 Evolved Instruction-Following Bias: Linking Human and Machine

We hypothesize that the human brain comes equipped with a specialized inductive bias for inter-
preting and applying instructions, selected through the evolution of communication and culture. By
default, when a human hears or reads a directive (especially in a pedagogical context), the cognitive
system attempts to integrate that information as a guide for behavior—an innate expectation that lan-
guage conveys actionable, generalized knowledge [Csibra and Gergely} [2011]]. This is analogous to
how an instruction-tuned LLM exhibits an internal policy (learned via fine-tuning) to treat inputs as
instructions and produce appropriate outputs [Sanh et al.||[2022}, (Ouyang et al., 2022]]. For the LLM,
the skill is externally added by additional training; for humans, we propose it is deeply ingrained,
a result of our neurological “hardware” and inherited cognitive architecture. From an evolutionary
perspective, individuals who could rapidly share survival skills or tool-use techniques via language
would have an advantage [Rendell et al., |2010]. Over generations, this could favor brains adept
at rapidly mapping linguistic input to goal-directed actions. Natural pedagogy in infants and the
jump in instruction-following capacities from monkeys to apes to humans both point to evolutionary



tuning toward instruction-based learning. In short, what instruction tuning is to GPT-3, evolution
(and cultural evolution) is to Homo sapiens: a process endowing the system with a general skill of
following instructions.

This perspective reframes instruction following as a core computational strategy underlying human
cognitive flexibility. It suggests that the brain’s default prior (especially in cooperative social con-
texts) is that new behaviors can be acquired by listening and understanding, not solely by direct
experience. Just as an instruction-tuned model combines pretraining knowledge with the prompt to
produce the solution, a human combines prior world knowledge with the content of instructions to
synthesize a plan for a novel task. The hypothesis further implies that certain neural mechanisms
may be dedicated to, or disproportionately used for, parsing and implementing instructions (e.g., spe-
cialized representations of instructions in PFC) [Miller and Cohenl 2001} |Cole et al.,|2011]]. Recent
work by [Goldstein et al.| 2024] shows alignment between language-model embeddings and human
neural representations during language processing, and work by [Aw et al.| 2023|] demonstates that
instruction-tuning of LLMs improves alignment between language-model and brain representations.

4 Implications and Future Directions

If humans indeed have an evolved instruction-following bias analogous to Al instruction tuning,
several testable predictions and research directions emerge:

Neural Representation of Instructions. The hypothesis predicts that the brain maintains explicit
representations of intended task instructions, likely in frontal cortex, detectable during encoding
and predictive of later performance. During the instruction-encoding phase (before execution), one
should observe stable LPFC patterns corresponding to the rule, which then configure broader task
networks. Identifying alignments between instruction semantics and neural state geometry would
support a dedicated instruction-processing mechanism [|Goldstein et al.,|2024].

Flexible-Hub Dynamics. If instruction following relies on flexible hubs in frontoparietal net-
works, perturbations should selectively impair instruction-based setup while sparing well-learned
tasks. For instance, transient disruption of LPFC during instruction presentation should reduce the
ability to configure new task sets, paralleling classic evidence that LPFC disruption impairs top-
down control [Miller and Cohen, |2001]].

Comparative and Developmental Studies. The bias should be present early in development and
rudimentary or absent in non-human animals. Experiments can test toddlers’ one-shot instruction
following in novel tasks, tracking growth in parallel with language ability, and compare with pri-
mates using simplified gestural/symbolic instructions.

Parallels in AI Behavior. Instruction-tuned models offer a tool to simulate and predict human
instruction following. By presenting matched novel tasks to humans and tuned LLMs; comparing
divergences can reveal where human inductive priors differ from current models.

5 Conclusion

We argue that RITL should be regarded as a foundational aspect of human intelligence, fostered by
evolution and cultural transmission. This instruction-following bias in humans plays a role analo-
gous to instruction tuning in artificial language models. Recognizing this analogy provides a concep-
tual bridge between cognitive neuroscience and Al. For Al researchers, it has been key to creating
flexible, human-like learners. For neuroscientists, it highlights instruction-following as a distinct
cognitive function worthy of further focused investigation, with its own neural signatures and evo-
lutionary history. Interdisciplinary collaboration leading better understanding instruction-following
may prove key to a unifying theory for rapid generalization.
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