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Why Al systems don’t learn and what to do about it
Lessons on autonomous learning from cognitive science
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We critically examine the limitations of current Al models in achieving autonomous learning and
propose a learning architecture inspired by human and animal cognition. The proposed framework
integrates learning from observation (System A) and learning from active behavior (System B) while
flexibly switching between these learning modes as a function of internally generated meta-control
signals (System M). We discuss how this could be built by taking inspiration on how organisms adapt
to real-world, dynamic environments across evolutionary and developmental timescales.
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Both AI and Cognitive Science emerged in the 1950’s in
the post-war intellectual ferment which brought together
neural modeling, computation, information, and control.
While the objectives differ —creating intelligent machines
vs. scientific understanding of brains and behavior, the
intellectual trajectories of Al and cognitive science have
overlapped with varying degree of cross-fertilization. To-
day, the successes of Deep Learning ushered an era of
deeper cross-disciplinary interactions. As AI models
tackle high level human abilities like language, visual
understanding and reasoning, they incorporate concepts
and evaluation methods from the cognitive and neural
sciences. Conversely, Al systems provide sorely needed
quantitative theories of cognitive processes that can be
tested against empirical data. Paradoxically, given the
importance of deep learning, one key component of hu-
man intelligence remains out of reach for current Al
models: the ability to learn as humans do.

1 What is autonomous learning?

Consider the distinction between children and current
Al models. Children learn and act from birth. They
flexibly choose what to attend, what to learn, when to
act or observe, and more generally how to switch between
different learning modes (Botvinick et al., 2019; Shenhav
et al., 2017). For example, a toddler trying a new toy may
explore it randomly (learning through action; Gopnik
et al. 2017), or by watching a peer, attempt to imitate the
goal or gesture, depending on context (learning through
observation; Gergely et al. 2002; Tomasello 1999). They
may follow a caretaker’s verbal instruction on how to

use the toy (learning through communication; Csibra and Gergely 2009), or take a pause and daydream about
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The dominant Al research paradigm to-
day relies on hyperscaling of text-based
LLMs with ever larger models, data and
compute. But even prominent architects
of this approach such as Ilya Sutskever®
and Andrei Karpathy © suggest we may
be hitting diminishing returns. Areas of
concern include (1) confronting the "data
wall" on quality text data (2) inability
to learn new things beyond current hu-
man knowledge because of the absence of
interaction with the environment (Silver
and Sutton, 2025) (3) excessively language-
centrism as opposed to spatial, embodied
and grounded reasoning in the physical
world (4) lack of continual life-long learn-
ing (self-improvement after deployment).
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1983), and situated interactions (Piaget,
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the various ways to use the toy (learning through imagination; Redshaw and Suddendorf 2016).
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Figure 1 Standard machine learning (left). The machine does not learn by itself; it requires an assembly line of
research engineers and data scientists collecting, formatting, and curating different kinds of data, each used to train
successively different components of the model, each with specificly engineered loss and reward functions. The machine
is then left with no ability to learn from its experience. Autonomous machine learning (right). The agent is learning
directly in interaction with the world; the sources of data are generarated by the agent itself through different learning
modes (learning by observation, by action, which can be extended to higher modes like learning by verbal interaction
or self-play). Our proposed architecture include a meta controler enabling learning while operating in the real world.
(Drawings from ChatGPT).

In contrast, AT models, once deployed, learn essentially nothing; their mode of operation is fixed, and if not
adapted to their environment, a new model has to be rebuilt using new data by human experts-in-the-loop
(Hadsell et al., 2020). Furthermore, the different learning modes exemplified in children are typically siloed
into distinct machine learning paradigms (e.g., self-supervised learning, supervised learning, reinforcement
learning), each requiring specific data curation pipelines and training recipes; when the different modes are
mixed, it is mainly through rigid sequences of training recipes established through trial and error by human
experts and tuned to particular applications (chatbots, coding assistants, etc.). In other words, in current Al
systems, learning is outsourced to human experts instead of being an intrinsic capability.

Arguably, the inability to learn may explain some difficulties of Al systems to be deployed in real life. Al
systems are built by optimizing an objective over a fixed set of training data, typically lifted from the internet.
However, once deployed in real life, this system may be confronted with new data that diverge significantly
from this distribution, with unpredictable consequences. This phenomenon known as domain mismatch cannot
be fixed by merely increasing the training set size, as real-life data always contains new, unseen cases (heavy
tailed) and keeps changing over time (non-stationarity) (Geirhos et al., 2020; Koh et al., 2021). Modern
AT addresses domain mismatch by breaking down model training into two phases: pretraining using large
generic datasets, and fine tuning using data more appropriate to the target application (Bommasani et al.,
2022). This is a first step in the right direction, but it still requires considerable human involvement, and
there is no guarantee that this will work, as the system has not been primarily built to be fine-tunable or
adaptable, especially on unfiltered raw data. In contrast, in biological organism, domain mismatch is mitigated
by enabling the agent to learn and adapt from the data directly available in its environment, allowing for
species-specific cognitive adaptability. Humans are particularly adaptable in this respect, having shown the
ability to spread very quickly to a variety of different ecological niches (Boyd et al., 2011).

In this paper, we start from the idea that autonomous learning should be considered a core capability, essential
for building reliable Al systems that can operate in the real world. Conversely, we take it that the development
of adaptable Al systems can benefit cognitive science by providing quantitative models capable of addressing
long-standing debates about the nature and origins of human intelligence. The main contributions of the
paper are the following: we identify three conceptual and technical roadblocks that have so far limited the
development of autonomous learning, and we propose possible diractions to address them. This should be as a
high level roadmap which we hope will be useful in inspiring future cross-disciplinary work and collaborations.

The first roadblock is conceptual: existing approaches to learning remain fragmented across subfields, making
it difficult to integrate them within a unified framework. In Section 2, we argue that a path for integration is
first to recognize two fundamental learning modes: learning through observation (System A) and learning
through action (System B), and then classify the different ways in which these modes can interact with



one another. The second roadblock is the externalisation of learning which is currently practiced in AI. To
address this, we propose in Section 3 a meta-control architecture (System M) that coordinates information
flow between the learning components enabling to reproduce automatically the learning and data filtering
recipes typically done by hand. We show that such system open up the possibility of higher order learning
modes only found in some large brain species, like learning by through communication and imagination. The
third roadblock is the lack of effective methods to build such architectures at scale. In Section 4, we propose
an evolutionary inspired bilevel optimization approach to jointly learn the meta-control model and the initial
states of the system A and B components to achieve robust real-world behavior. In Section 5, we conclude by
reviewing recent progress and outlining promising directions for research at the interface of Al and cognitive
science in this emerging area of autonomous learning.

2 Integrating Observation and Action

The ability to learn has been studied within a rich set of traditions and methods in the natural, social, and
formal sciences. For lack of space, we will not attempt even a cursory review of this vast topic here, but
rather point out one major fault line across these fields that separates what can be called observation-based
versus action-based learning. In the first case, the organism is conceived passively accumulating sensory input,
and learning through building a statistical or a predictive model of its input data (Saffran et al., 1996; Rao
and Ballard, 1999). We call the set of learning mechanisms that fall in this bucket: System A. In the second
case, the organism is conceived as an agent interacting in the world and trying to achieve a particular goal
through the adjustment of its actions against the observed feedback from the environment (Sutton and Barto,
2018; Schultz et al., 1997). We call the relevant set of mechanisms System B'.

For methodological or historical reasons, these two conceptions have yielded distinct subfields within each of
the relevant sciences, with little interaction between them (even using different terminology, as in Table 1 for
System A). In the following sections, we describe their strengths and limitations and then outline why they
need to be combined to account for how learning really takes place in living organisms.

2.1 System A: Learning from Observation

From a cognitive point of view, System A learning situations abound in early childhood where infants’ abilities
to act on the world are limited. For instance, infants initially can discriminate faces from multiple species at
6 months (e.g., human and monkey faces), but by 9 months they become specialized for human faces and
lose sensitivity to non-human faces (Pascalis et al., 2002). Similarly, while newborns can distinguish phonetic
contrasts from many languages, between 6 and 12 months their perception improves for the sounds of their
native language and degrades for non-native ones (Werker and Tees, 1984). Infants are thought to learn a
model of the world through observation, making them able to predict the future based on past observations:
they are surprised by ’impossible’ events or magic tricks (Spelke et al., 1992; Baillargeon, 2004; Spelke and
Kinzler, 2007). All of these phenomena have been attributed to learning mechanisms capable of extracting the
statistical distribution of sensory stimuli and/or predicting future stimuli conditioned on past events, both
being instances of, both being instance of System A algorithms (Saffran and Kirkham, 2018).

From an AT perspective, such algorithms include Self-Supervised Learning (SSL) models applied to static
datasets or passively collected sensory streams (Chen et al., 2020; He et al., 2020; Devlin et al., 2019). These
paradigms can be classified based on their modality, data type, and structure. Some systems operate on
a single modality such as text, images, or audio, while others combine modalities, for instance, vision and
language (Radford et al., 2021). Some work on symbolic, discrete data like tokens, while others learn directly
from continuous sensory input. Finally, some models explicitly exploit the spatial or sequential structure of
their inputs, such as grids or time series.

Abstractly, one can describe this class of algorithms in the following way. Let data come from a distribution
D (z ~ D). We define a task generator G that, given a raw sample x, produces an input—target pair:

IThis terminology is reminescent of Kahneman’s System 1 and 2, but is actually orthogonal to it, see Appendix A for a
discussion.



Table 1 Sample observational learning problems (System A) from different sensory inputs, proposed mechanisms with
corresponding terminology in Cognitive Science and Al fields and sample Al algorithms (non-exhaustive).

Proposed Learning Mechanisms

Input Task CogSci terminology Al terminology (sample) AI
Algorithms
Speech  Learning phonetic  Distributional Self-Supervised CPC (van den Oord et al.,
categories Learning / Learning / Acoustic  2018), HuBERT (Hsu

Perceptual Learning

Unit Discovery

et al., 2021)

Language Syntax acquisition

Statistical Learning

Language Modeling

GPT (Radford et al.,
2018), BERT (Devlin
et al., 2019), GSLM

(Lakhotia et al., 2021)

Images  Face recognition, Perceptual Learning Self-Supervised SimCLR (Chen et al.,
Object Learning 2020), MoCo (He et al.,
categorization 2020), DINO (Caron

et al., 2021), I-JEPA
(Assran et al., 2023)
Video Intuitive physics Perceptual Learning Predictive World PredNet (Lotter et al.,

Modeling 2017), V-JEPA (Bardes
et al., 2024)
Language Learning words Cross-situational Multimodal CLIP (Radford et al.,

+ and sentence

Learning

Language Modeling

2021), Flamingo (Alayrac

et al., 2022), Transfusion
(Zhou et al., 2024)

Vision meaning

(xinaxtar) == Q’(x) (1)

We want to learn a representation z = fy(x) with parameters 6 that minimizes a loss. The training objective
is:

0* = arg mein Eonp L£(fo(in), Tar) (2)

System A has several strengths. It scales well with large datasets and is capable of discovering abstract
latent representations that can be organized hierarchically across different levels of abstraction, from low-level
sensory features to high-level conceptual categories (Bengio et al., 2013), and can support robust transfer to
downstream tasks (Devlin et al., 2019; Caron et al., 2021).

However, it also faces limitations, as is apparent in the formulations in Equations 1 and 2. System A models
need access to D and a task generator G, both of which typically require considerable human expertise, and
have to be tailored to each domain with care (Tian et al., 2020). They lack any built-in mechanism to decide
what data might be useful or should be acquired next (Settles, 2009). Furthermore, their representations
are disconnected from the agent’s ability to act, making it hard to ground what they learn in real-world
behavior (Bisk et al., 2020). Last but not least, because they are based purely on observation, they struggle
to distinguish between correlation and causation (Scholkopf, 2019).

2.2 System B: Learning from Action

From a cognitive point of view, typical System B learning situations can be found in basic motor learning in
children, like learning to walk. Here, observation of the world does not necessarily help, as children do not
initially attempt to imitate other agents’ mode of locomotion (Adolph et al., 2012). Rather, through trial and
error they go through various stages using non-bipedal modes (rolling, crawling), before they develop the



ability to stand and take a few wobbling steps and finally develop a mature gait. To a certain extent, vocal
learning follows a similar path, whereby initial vocal explorations by infants are not similar to their linguistic
input, and even arise in children with hearing loss (Oller and Eilers, 1988).

From a machine learning point of view, the class of System B algorithms comprises learning mechanisms that
operate through interaction. Acting is to intervene on the world through a sequence of actions a;, to reach a
given goal (optimizing some reward r over some time horizon T'). The world is characterized in terms of its
states sy, and transition dynamics M (siy1|s¢, ar). The transition dynamics of the agent is called a policy ().
If the world dynamics were totally known in advance and relatively simple, the optimal sequence of actions
could be derived mathematically without any learning all (as in control theory, Bertsekas 2019). If the world
dynamics are unknown, then the system has to learn about it to optimize its actions (as for reinforcement
learning and planning; Sutton and Barto 2018; Russell and Norvig 2020; Moerland et al. 2023). The general
problem can be formulated:

T
Maximize J(7w) = E lz yir(se, at)] (3)

t=0
Where:
St4+1 ~ M(.|st,a;) Dynamic model of the world
ap ~ 7(.]s¢) Agent’s policy
r(s,a) Reward function
v €[0,1) Discount factor

Table 2 Popular paradigms addressing System B optimization problems, differing in how the world model M and the
policy 7 are defined, whether they are learned from data in a training phase, and how they are used at inference time,
with selected examples of applications in the modeling of animal behavior.

ParadigmW. Model M Policy 7 When is optimiza- Example
(train., infer.) (train., infer.) tion solved?
Control fixed derived analytically  offline (design time)  Spinal reflexes,
Theory (no,no) (no, direct) saccadic eye movement
(Robinson, 1981)
Adaptive adaptive param. derived analytically  online (parameter Motor adaptation
Control (yes, no) (no, direct) estimation) (Shadmehr and
Mussa-Ivaldi, 1994)
Model- none NN training time {Habitual actions
Free (ves, direct) (compil- (Schultz et al., 1997)
RL ation of experience
into reactive policy)
Model- NN (yes, NN (yes, both training Goal-directed behaviors,
Based 1no / unrolled ) direct / search) and inference foraging strategies
RL (Daw et al., 2011)
Planning simulator / NN computed online inference time Detour planning,
(no/yes, unrolled)  (no,search) (thinking before mental simulation
acting) (Pfeiffer and Foster, 2013)

Methods to optimize the objective function depend on whether the world transition dynamics and reward
function are known or must be learned, and whether one searches through a space of actions, or learns a
policy that directly predicts the next action to be taken given the world state (see Table 2). These systems
also vary in their reward sources, which may be provided externally through task-specific signals or generated
internally through curiosity, novelty, or empowerment (Schmidhuber, 1991; Pathak et al., 2017; Mohamed and
Rezende, 2015). The size and structure of the action space also vary widely. Simple environments use a small
set of discrete actions, but real-world tasks often require complex, continuous, and high-dimensional action



spaces (Lillicrap et al., 2016). Exploration strategies can be random, curiosity-driven, or guided by a goal or
policy (Ecoffet et al., 2021).

System B has important strengths: it is grounded in control and interaction, enabling it to learn directly
from sparse or delayed outcomes, making it naturally suited for real-time and adaptive behavior. It can
also discover truly novel solutions via search (Silver et al., 2017). However, it also faces major limitations.
Primarily, it is notoriously sample-inefficient, often requiring large numbers of interactions to learn even simple
tasks (Dulac-Arnold et al., 2021). It struggles in high-dimensional or open-ended action spaces. Furthermore,
it depends on having well-specified reward functions and interpretable actions, which are rarely available in
naturalistic settings (Amodei et al., 2016).

2.3 System A Helping System B

At an intuitive level, learning through action is easy when the number of possible actions is limited, and the
world states are easy to track. This is typically the case in games like chess or video games. This is less the
case in real life where the action space grows exponentially with the number of degrees of freedom (roughly
200 to 300 for robotics or animation), and world states are virtually unlimited. In humans and animals, one
dominant idea is that the sensory/motor system provides a kind of curriculum by limiting the resolution of
sensors at birth (children are myopic) and the effective degrees of freedom (with very synergistic muscles)
(Turkewitz and Kenny, 1982; Bernstein, 1967). Even there, the search space is vastly larger than in a game of
chess, and this is where System A can help by providing compressed representations for states and actions,
predictive world models, and intrinsic reward signals that would make learning and planning more tractable
(Ha and Schmidhuber, 2018; Yarats et al., 2020).

Abstract representations of states and actions. By observing the world as experienced by the agent, System
A can learn abstract representations of observations through SSL methods. This can be used as a proxy for
the representation of world states that are more abstract and more compact than raw sensory data (pixels
or sound waves). For instance, CURL (Laskin et al., 2020) uses contrastive vision pretraining to derive a
compact representation from pixels that can be fed to an RL agent learning policies for Atari games, with
performance equivalent to an agent trained on hand-coded world states. (see also ACT; Zhao et al. 2023).
Similarly, instead of working from raw pixels, many robotics papers leverage a pretrained vision encoder to
provide useful features (Nair et al., 2022; Radosavovic et al., 2022).

Similarly, by observing sequences of actions taken by the agent, SSL techniques can yield abstract representa-
tions of the action space or group successive actions into skills (see DIAYN, Eysenbach et al. 2019; action
chunking, Li et al. 2025). These principles are applied to robotics to reduce the dimensionality of action space
(eg. CLAM, Liang et al. 2025). In Radosavovic et al. (2024b,a), generatively modeling sensorimotor trajectories
in humanoid locomotion (in simulation), facilitates subsequent RL and application to real ,challenging terrain.

Forward looking, System A can learn latent action spaces from unlabelled video (eg. LAWM; Tharwat et al.
2025) or infer goals or rewards from raw videos, enabling inverse RL and direct imitation of tasks or goals
(Sermanet et al., 2017; Ma et al., 2023).

Predictive World Models. Among System A models, predictive models learn to predict future states based on
past states, capturing the dynamics of the environment. This addresses a critical problem in (model-free) RL,
which is the combinatorial explosion of the search space. Predictive models, when conditionned on self-actions
can turn System B into model-based RL, enabling planning instead of blind trial-and-error.

Notable models include PlaNet (Hafner et al., 2019), Dreamer (Hafner et al., 2020) and SPR (Schwarzer
et al., 2021). The ability to learn an internal simulation that can fully replace an external environment has
been demonstrated in video games and Go with Mu-zero Schrittwieser et al. (2020). The scaling of these
ideas to more complex environment is still underway. Predictive World models are split between pixel-based
generative models (e.g., Genie (Bruce et al., 2024), Gato (Reed et al., 2022)), and Video Joint Embedding
Predictive Architecture (V-JEPA) that predict in latent space (Bardes et al., 2024), enabling better modeling
of physics (Garrido et al., 2025), and showing fast transfer to robotics applications (Assran et al., 2025).

Intrinsic reward signals. Reinforcement Learning hasclassically been confronted with the exploration/exploita-
tion dilemma, where exploitation tries to optimize immediate reward, but may fail because of incomplete
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Figure 2 Summary of modes of interactions between Systems A and B. System A provides System B with predictions
of future states conditioned on past states and actions, with hierarchical abstractions over possible actions, and a SSL
loss that can be used for curiosity/exploration. System B through its action provides rich and task relevant input for
System A to learn from.

knowledge about the effect of actions on the world, and exploration improves world knowledge but may delay
immediate reward. System A can help by providing intrinsic reward signals like prediction errors, uncertainty,
or novelty, enabling the agent to explore efficiently, and shift to exploitation once it is confident (Oudeyer
et al., 2007; Schmidhuber, 2010; Aubret et al., 2023). These ideas have been applied to the video game
domains (e.g., Pathak et al. 2017; Badia et al. 2020; Kayal et al. 2025), but applications to robotics remain
limited (Tang et al., 2025; Taylor et al., 2021).

Each of these mechanisms reduces the burden on System B by simplifying the search space of model-free RL,
by reducing the dimensionality of representations, providing forward models to guide search, and exploration
rewards to reduce uncertainty. Much remains to be done in scaling these different approaches to real-life
situations.

2.4 System B Helping System A

System A’s primary limitation is its reliance on passive or static data. Without guidance or data curation, it
may fail to learn useful representations from uninformative, noisy, or irrelevant data streams (Lavechin et al.,
2023; Oquab et al., 2024; Gadre et al., 2023). But even human newborns are not passive observers: they can
affect their data stream by orienting their visual and auditory attention to specific parts of the sensory field
(e.g., orientation towards faces or speech sounds; Morton and Johnson 1991; Vouloumanos and Werker 2007).
As they grow in motor autonomy, they are more and more able to seek out specific sources of information
useful for their goals. System B, through active behavior, can help collect better data and provide grounding
for learned representations. Gibson (1966)’s notion of active perception: “We see in order to move and we
move in order to see” is a classic statement of the active gathering of information driven by a goal.

System B can support System A learning in two fundamental ways: directly, by helping to optimize System
A’s own predictive objectives (active SSL), or indirectly, by exploring the environment in ways that yield
task-relevant or informative trajectories (goal-directed SSL).

Active self-supervised learning. System B is explicitly optimizing System A’s ability to represent or generalize.
For instance, through eye or head movement, System B can select a particularly ’interesting’ portion of the
sensory data to learn from, ’'interesting’ being defined by System A itself such as uncertainty, prediction error,
or learning progress (Gottlieb et al., 2013; Oudeyer and Kaplan, 2007). This resembles curriculum learning
or active data selection, but achieved through actions in the world (Smith et al., 2018). This logic can be
extended to interventions that help disambiguate perception by revealing causal relationships that would be
missed through passive observation (Agrawal et al., 2016).

Goal-directed self-supervised learning. System B optimizes its own task-related reward, and provides data to
System A as a by-product. This results in data that may not be optimized for System A’s loss but nonetheless
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Figure 3 Interactions between learning modes for imitation learning. (a) Self Play. System B provides action, state
trajectories to System A that learns a World Model, and provides a prediction-based intrinsic reward signal to system
B. (b) Social Observation. System B directs the attention to peers that provide System A with complex trajectories
from which it infers latent actions. (c) Retargeted imitation. System A learns to map exocentric actions and states to
egocentric ones, helping system B to achieve goal-directed behavior. (image from ChatGPT)

offers rich and grounded input that supports the development of task-relevant representations (Pathak et al.,
2017; Pong et al., 2020).

In both of these cases, System B may enrich the data available to System A by generating parallel action/per-
ception datasets that support cross-modal learning or even a form of supervised learning, to the extent that
actions are lower-variance and more reliable than noisy, ambiguous sensory inputs.

2.5 Towards deeper integration of learning modes

Figure 2 summarizes the interactions between the two systems discussed so far. In Al, deep integration
between System A and System B has already been succesful in constrained domains. In games, agents like
MuZero (Schrittwieser et al., 2020) and Dreamer (Hafner et al., 2023) couple learned latent dynamics with
action planning to achieve superhuman performance. Such integration is gaining traction in robotics where
vision-language-action models leverage massive, passively trained representations to directly guide motor
execution (Driess et al., 2023; Zitkovich et al., 2023). However, in current systems, the learning recipe and
runtime execution remains rigidly fixed by human engineers, while in living organisms, System A and B
interact far more autonomously and fluidly. Classical AT has proposed cognitive architectures (ACT, SOAR;
Anderson et al. 2004; Laird 2012) to formalize such flexibility, which have recently been adapted to deep
learning. LeCun (2022) proposes an architecture integrating self supervived learning of world models and
planning, within an energy based approach, enabling flexible specification of tasks through a configurator.
Flexbility is also the target of Global Workspace Theory architectures (Goyal and Bengio, 2022), which are
still in early stage of developmennt (Goyal et al., 2022).

In this section, we exemplify the flexibility problem with imitation learning (also called social learning)—a com-
plex behavior requiring continuous toggling between passive observation and active motor correction—before
turning to our proposed architecture, System M.

Imitation learning consists of reproducing an action performed by a conspecifics. It has been documented in
several species (Whiten and Ham, 1992) and in human children (Meltzoff, 2007; Rizzolatti and Craighero,
2004). Unpacking this capability reveals that it relies on tightly integrated Systems A and B learning modes
(see Figure 3). The organism needs to learn a sequence of observed action in conspecifics (System A world
modeling), then map this sequence to a corresponding sequence of its own actions. This is not obvious,
because the space of obervations (images) is not the same as the space of actions (motor commands). As the
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Figure 4 Blueprint of a cognitive architecture featuring System M as an autonomous orchestrator. System M acts as
a central control plane that automates data routing and training recipes. High-bandwidth data streams (e.g., plain
arrows) carry raw sensory inputs, motor commands, and latent representations between System A (perception/world
modeling), System B (action/policy), and an episodic memory buffer. Low-bandwidth control streams (e.g., thin
dashed arrows) carry telemetry: System M monitors internal meta-states (such as prediction errors or uncertainty)
and outputs routing commands (meta-actions) to dynamically open or close data pathways, effectively assembling and
disassembling learning and inference pipelines on the fly.

bodies between learner and demonstrators are not the same, this creates a 'retargeting problem’; which can be
addressed by trying to reproduce the observed state changes (goal imitation) or by learning a correspondence
between exocentric and egocentric actions (action imitation). Solving this problem involves learning a common
world model based on self-play and social observation, and learning a policy to reproduce these actions. These
phases of observation and action likely alternating in cases of complex skills requiring a hierarchy of subskills.

Current approaches in robotics also learn from human examples, but they sidestep the retargeting problem by
using data from teleoperation (where humans directly provide motor actions for the agent Fu et al. 2024).
This limits the scale at which new skills can be added to robots, as well as the speed and agility of the learned
skills. Recent approaches pretrain models using video data of human actions and learn latent actions (Baker
et al., 2022; Tharwat et al., 2025). This reduces the amount of teleoperation data without eliminating it. A
more flexibly integrated System A and System B model would be able to learn from videos of humans without
any teleoperation data. In the next section, we explore what such a flexible architecture could look like.

3 Meta-control for autonomous learning (System M)

In humans and animals, System A and System B are active from birth, exhibiting a continuous, fluid, and
autonomous interaction across cognitive domains (e.g., visuo-motor skills, social skills, and language). In
current Al systems, the switching between learning modes is managed offline through rigid training recipes
designed and controlled by human experts in a pipeline generally referred to as MLOps (Zhengxin et al., 2023).
A quintessential example is the training pipeline of Large Language Models (LLMs), which strictly forces
a massive phase of unsupervised next-token prediction (System A) followed by a subsequent, disconnected
phase of reinforcement learning from human feedback (System B; Ouyang et al. 2022).

A truly autonomous AI would integrate components that automate the traditional MLOps human functions of
data sourcing and curation, of building and adjusting training recipes, and of benchmarking performance and
monitoring learning signals (Sculley et al., 2015; Paleyes et al., 2022). In turn, this would require integrating
in the learning architecture, an episodic memory to store and replay raw or processed data, and a central
orchestrator to dynamically apply training recipes and route data streams.

At this stage, we can only offer a blueprint, a conceptual sketch requiring substantial future work to fully
instantiate. We call the orchestrator System M (for Meta-control) (see Figure 4). It would operate much like



the Control Plane in Software-Defined Networking (Kreutz et al., 2015). Tt does not process the high-bandwidth
data streams of raw sensory inputs or motor commands directly. Instead, System M can be formalized as
executing a (meta-)policy: it monitors low-dimensional telemetry or meta-states (e.g., prediction errors,
uncertainty, or somatic signals) and outputs meta-actions. Paralleling the executive routing functions of the
biological prefrontal cortex (Miller and Cohen, 2001), these meta-actions consist of dynamically interconnecting
auxiliary processors (System A, System B) and episodic memory. By opening and closing data pathways,
System M assembles and disassembles learning and inference pipelines on the fly.

Unlike the policies of System B, which are learned over the organism’s lifetime via gradient descent or
reinforcement, we propose that System M’s core routing policy is hardwired—an evolutionarily fixed transition
table that dictates when to explore, when to plan, and when to act?. In the following sections, we first review
how such meta-control functions in biological agents before mapping these principles to autonomous Al.

3.1 Inspiration for Meta-Control in Humans and Animals

Biological agents exhibit meta-control through multiple mechanisms that regulate learning and behavior
in context-sensitive ways. These mechanisms can be grouped into three broad categories that parallel the
engineering components of artificial systems: Input Selection, Loss/Reward Modulation, and Mode of Operation
Control.

Input Selection. The bandwidth of sensory space is overwhelmingly large, requiring organisms to typically
attend to only a subset of their data stream. For instance, infants preferentially attend to faces or vocalizations,
a form of hardwired data curation that boosts System A’s social and language learning (Morton and Johnson,
1991; Vouloumanos and Werker, 2007). Furthermore, they allocate attention to visual sequences of intermediate
complexity, effectively generating a developmental curriculum that optimizes learning gains (Kidd et al., 2012).
At a lower level, sensory streams are accompanied by internal uncertainty estimates, allowing the organism to
selectively discount noisy modalities during multimodal integration (Ernst and Banks, 2002). More generally,
both children and adults actively explore and select their inputs during learning tasks, acting as intuitive
scientists who sample data to resolve uncertainty (Gureckis and Markant, 2012; Gopnik, 2012; Gopnik et al.,
1999).

Loss/Reward Modulation. The objective functions that organisms attempt to optimize are not fixed. At
the developmental scale, critical periods illustrate that specific learning components are highly plastic only
at certain developmental stages, effectively implementing a biological learning rate schedule (Smith and
Gasser, 2005; Hensch, 2005). Special modes of learning and memory consolidation are triggered during
sleep or rest states (Diekelmann and Born, 2010). During activity, agents transition between exploratory
behavior (sampling new options to reduce uncertainty) and exploitative behavior (maximizing known rewards)
based on the volatility and predictability of their environment (Daw et al., 2006; Wilson et al., 2014). Social
signals are also powerful modulators of learning strategies. Animals will learn preferentially from dominant
conspecifics (Kendal et al., 2015). Children dynamically modulate their learning updates by prioritizing
pedagogically cued demonstrations (Csibra and Gergely, 2009), but also learn according to estimated reliability
and trustworthiness (Harris and Corriveau, 2011).

Mode of Operation Control. System A and System B can be run independently in inference or learning modes,
with their inputs and outputs dynamically routed to each other or to episodic memory. Most spectacularly,
during sleep, motor outputs and primary sensory inputs are actively gated off by the orchestrator, while
episodic memory, System A, and System B remain highly active for both inference and offline learning, as
evidenced by coordinated neural replay during REM and slow-wave sleep (Rasch and Born, 2013). During
wake states, organisms flexibly arbitrate between habitual control (System B reactive policies, or model-free
behavior) and goal-directed planning (System A world-model simulation, or model-based behavior) depending
on reward stability, task volatility, and the degree of task mastery (Daw et al., 2005; Dolan and Dayan, 2013).
Other examples include flexibly toggling between observational social learning and direct trial-and-error
problem solving depending on task novelty and success rates, as observed in corvids and macaques (Subiaul

2This may seem a bit extreme considering that humans display the ability to acquire specific learning strategies through
culture (eg, going to school). This is not incompatible with a fixed system M, however, as illustrated in Appendix B where we
show that advanced learning modes like learning by communication and by imagination can be implemented through a fixed
system M.
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et al., 2004; Taylor et al., 2012). Similarly, human children leverage internal uncertainty estimates to switch
into specialized learning modes, initiating exploratory play or engaging in metacognitive help-seeking when
they recognize their own models are insufficient (Lyons and Ghetti, 2010).

To summarize, meta-control can be modeled as a policy, m(a™|s™), which maps an internal meta-state
to a corresponding meta-action (Figure 4). The input meta-states can be summarized into three distinct
types: epistemic signals, which are derived by monitoring the internal operation of cognitive components
(e.g., confidence, prediction error, learning gain, or novelty); species-specific signals, which are high-priority
environmental configurations recognized by pre-wired evolutionary detectors (e.g., direct gaze, dominance
displays, looming stimuli, or heights); and finally, for embodied agents, somatic signals derived directly from
the physical body (e.g., energy levels, pain detectors, or arousal states). Meta-actions consist of dynamically
connecting or disconnecting the input and output data streams of the subcomponents, turning them on and
off in various operating modes (e.g., learning, inference, or optimization), providing them targets or internal
rewards, and accessing episodic memory for memory replay or randomized batch learning. Together, these
meta-actions enable the system to autonomously assemble and disassemble entire training and inference
pipelines on the fly.

3.2 Meta-Control in Al systems

While a full specification of the possible routing circuits and meta signals is outside the scope of this paper,
we refer the reader to Appendix B for advanced operating modes, and Appendix C for further ethological
examples of meta-signals. In addition, we provide below a non-exhaustive list of relevant work in the Al
literature where isolated fragments of System M are actively being developed.

Input Selection. In machine learning, the autonomous curation of data streams is explored through the lens
of Active Learning, where epistemic meta-signals (like model uncertainty or ensemble variance) help query the
most informative data points, drastically reducing sample complexity (Ren et al., 2021). In Reinforcement
Learning, Prioritized Experience Replay (PER), past experiences are sampled with a probability proportional
to their temporal difference error (a direct equivalent of biological prediction error) (Schaul et al., 2016).
Miztures of Experts were an early implementation of dynamic routing of subsystems (Jacobs et al., 1991), and
have been applied to deal with noisy or incomplete modalities (e.g., Han et al. 2024; Mai et al. 2026).

Loss/Reward Modulation. The autonomous, dynamic adjustment of objective functions is actively researched
in the fields of Intrinsic Motivation and Unsupervised Environment Design (UED), where meta-states like
novelty or prediction error, enable curiosity-driven exploration that mirrors biological exploratory play
(Oudeyer and Kaplan, 2007; Bellemare et al., 2016; Pathak et al., 2017). Auto-Curriculum algorithms
dynamically modulate the difficulty of the training environment generating tasks at the frontier of the agent’s
capabilities (Portelas et al., 2020), while Continual Learning methods like Elastic Weigh Consolidation mimick
the biological critical periods discussed earlier Kirkpatrick et al. (2017).

Mode of Operation Control. The dynamic arbitration between fast inference (System B) and deliberate
planning (System A) has initially been explored in RL through a meta-controller optimizing an ’imagination
budget’ by switching from world-model simulation (Monte Carlo Tree Search), to a reactive model-free policy
based on task difficulty (Hamrick et al., 2017). Similarly, in Hierarchical Reinforcement Learning (HRL), a
high-level manager policy does not output motor actions directly, but rather acts as a router that toggles
lower-level, specialized sub-policies on and off depending on the task context (Bacon et al., 2017). These ideas
are also explored through inference-time compute scaling. LLM-based reasoning and agentic models using
"Thinking’ Tokens to solve complex tasks (Yao et al., 2023; Snell et al., 2024) can also be taught to switch
between reactive responses and more expensive search Lin et al. (2023); Zelikman et al. (2024).

Despite these advances, modern AT still lacks a unified Control Plane that integrates all these meta-
functions—input selection, reward modulation, and operational routing—into a single, cohesive architecture.
Next, we explore how such a system could be built.
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4 Bootstrapping Autonomous Learning: An Evolutionary-Developmental
Framework

Our proposed architecture with Systems A, B, and M is an overall blueprint for autonomous learning. Building
a functional model may prove challenging due to the interdependencies between the three components: if
System A relies on action-generated data to acquire grounded representations, and System B in turn depends
on perceptual structure to guide efficient action, how can either system be initialized so that learning can
begin? Likewise, if System M is crucial for orchestrating learning in the other systems, but itself depends
on well-calibrated uncertainty or error signals produced by them, how can it be set up to ensure robust
learning across diverse environments? In the following sections, we draw from biology the distinction between
adaptations at the evolutionary versus developmental scale (Evo/Devo), to outline a strategy for resolving
this chicken-and-egg (and rooster) problem.

4.1 Evo/Devo Scales for Organisms

Even a cursory examination of natural organisms reveals that none start from randomly initialized neural
networks (Zador, 2019). Animals inherit a highly specified species-typical nervous system that unfolds over
developmental time. This inherited structure constrains and guides learning by providing inductive biases that
shape what can be learned, how rapidly, and through which modalities (Karmiloff-Smith, 1992; Johnson, 2001;
Gallistel, 1990, 2013). In computational terms, such biases can be understood as an initial architectural and
parametric configuration, coupled with a developmental program that provides an internal curriculum (Bengio
et al., 2009) that gradually increases the complexity of perception, action, and learning (Thelen and Smith,
1994). Empirically documented mechanisms include synaptic growth and pruning, temporally regulated
plasticity, critical periods, spontaneous neural activity (Huttenlocher, 1979; Hensch, 2005; Hadders-Algra,
2018; Molnar et al., 2020), and progressive increase in visual acuity and motor degrees of freedom (Turkewitz
and Kenny, 1982; Turvey, 1990). Through these processes, organisms acquire increasingly sophisticated
representations and action policies starting from a deliberately simplified regime (Elman, 1993), but by no
means a tabula rasa state.

One could argue, however, that this merely shifts the bootstrapping problem from ontogeny to phylogeny,
without explaining how inductive biases and developmental curricula arise in the first place. Here we can offer
only speculative remarks. Large-brained, highly behaviorally flexible organisms are evolutionarily recent, and
early life forms likely operated with comparatively simple sensorimotor loops in environments where modest
behavioral plasticity was sufficient (Striedter, 2005; Paulin and Cahill-Lane, 2021; Keijzer, 2015). Evidently,
large brains are not a systematic outcome of evolution, as brainless organisms still occupy the majority of the
biomass (Bar-On et al., 2018). Nevertheless, evidence suggests that during the Cambrian, a fraction of this
biomass transitioned into more cognitively sophisticated organisms with improved sensory and effector organs
(see a review in Hsieh et al. 2022) correlatively to increasingly complex ecosystems including predation and
competition (Plotnick et al., 2010). The putative relationship between niche complexity, brain complexity and
learning abilities remains a fascinating and controversial topic (Krause et al., 2022; Dukas and Ratcliffe, 2019;
Arendt et al., 2016), but suggests a pathway from simple to increasignly sophisticated autonomous learning
capabilities.

4.2 Evo/Devo for autonomous Al

In machine learning, the evolutionary—developmental distinction is also present, but instantiated in strikingly
different terms. The developmental scale is the realm of current machine learning algorithms, as discussed
above as System A and B. The evolutionary scale is, for the most part, manifested through the standard
practices of scientific research (distributed research teams, publications, open sourcing, etc.). In this sense,
System M is implemented through humans—research scientists, engineers, and students.

Here we propose to formalize the problem in a unified fashion (Figure 5): each agent is defined by a set
of parameters ¢ that correspond to the information in its genetic code. At "birth", ¢ is used to specify
an architecture comprising Systems A, B, and M with their initial parameters (Ag,Bo,Mp). During the
developmental scale (inner loop), the agent learns in interaction with its environment by updating Systems A
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Evolution

Figure 5 Evo/Devo framework for building autonomous learning agents. Learning takes place at two scales. In the
developmental scale, the learner’s architecture (A, B and M) is initialized from meta parameter ¢. A and B update their
parameters through interaction with the environment controlled by a fixed controler M. In the the evolutionary scale,
phi is updated to optimize a fitness function £ measured over the life cycle of the system. (images from ChatGPT).

and B as controlled by a fixed System M. On the evolutionary timescale (outer loop), ¢ is optimized through
an externally handcrafted fitness function £ computed at the end of the life cycle of each agent. The fitness
function (and the environments) are the only handcrafted parts of the system. The update rules, initialization,
data filtering, curriculum, etc., are all provided through System M.

¢r41 = argming, L(Ao : Ax, By : Bk)
subject to

Ao, Bo, M = Init(qbt)

Ai+1, B,qu = Update(M, Ai, Bi, Em})
where

Init is the initialization procedure

Update is the inner loop update rule

Env is the interactive environment

This problem belongs to the class of bilevel optimization problems. Methods to solve it include research on
meta-learning (Schmidhuber, 1987; Thrun and Pratt, 1998; Andrychowicz et al., 2016; Finn et al., 2017),
neural architecture search (Stanley and Miikkulainen, 2002; Zoph and Le, 2017), curriculum learning (Bengio
et al., 2009; Graves et al., 2017), intrinsic motivation (Oudeyer and Kaplan, 2007), exploration strategies
(Bellemare et al., 2016; Pathak et al., 2017), and continual learning (Ring, 1997; Thrun, 1998; De Lange et al.,
2021), although these elements have not yet been integrated to deliver an autonomous learning system.

Note that bilevel optimization problems are challenging and have typically been studied in relatively simple
situations. One challenge is that at the outer level, a whole life cycle is just one data point. In order to
optimize ¢, one needs to run millions of simulated life cycles which themselves imply learning over millions
of datapoints. This requires considerable feats of improving memory and compute efficiency of the basic
architecture. In addition, while bilevel optimization can be solved using a variety of techniques, both gradient-
based and gradient-free methods (see Sinha et al. 2018 for a review), extending such techniques to much
larger architectures yields severe scalability issues (see Lorraine et al. 2020; Real et al. 2019; Metz et al. 2021).
A second challenge is that what has to be optimized is itself a dynamic system comprising a learner and an
environment in interaction. Here, we would suggest that an Fvolutionary Curriculum, gradually increasing
the diversity and unpredictability of the environments, would help allowing the three components to co-evolve
and solve the chicken—egg-rooster problem (Oudeyer and Kaplan, 2007; Leike et al., 2017).

Before closing, let us note that we are not proposing that the full complexity of living organisms need to be
reproduced to construct autonomous systems. These principles can be applied to systems behaving adaptively
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in simpler environments as has been done with adaptive control, for instance. One can view our proposal as
an extension of adaptive control to more complex problems with the tools of modern Al

5 Conclusions

Contrary to animals, current Al systems don’t learn autonomously. Their learning is restricted to an off-line
MLOps pipeline involving a large team of experts who prepare the data, build the training recipes and adjust
them according to performance metrics. Once deployed, the models do not learn anymore, and adaptation to
specific use cases is on the users through prompting or fine tuning.

Our analysis shows that current Al systems are lacking are three key abilities that are found across the animal
kingdom: the ability to select their own training data (active learning), the ability to flexibly switch between
learning modes (meta control), the ability sense their own performance (meta-cognition). In this paper, we
identified three roadblocks that stand in the way to unlocking these missing abilities: the necessity to merge
AT techniques from well siloed paradigms (self-supervised learning, reinforcement learning), the necessity
to build an integrated cognitive architecture that automates the MLops pipeline through additional data
routing, orchestration, and internal sensing components (the A-B-M architecture), the necessity to build these
components jointly through an evolutionary/development scheme using simulated environments.

5.1 Why is Autonomous Learning Useful?

Systems that learn autonomously and adaptively like animals or humans could offer a powerful leap toward
more general, robust, and flexible intelligence. Such systems would learn from raw experience, side stepping
the entire MLOps pipeline, enabling them to operate in complex, changing, or poorly understood environments.
Like children or animals, they could generalize from limited examples, explore new tasks through curiosity,
and develop an embodied, grounded understanding of the physical and social world (Lake et al., 2017).
These features would make autonomous Al well-suited for real-world deployment in uncertain or dynamic
settings—ranging from home robots to scientific discovery.

Beyond practical utility, they also offer a unique opportunity to reverse-engineer natural intelligence, accel-
erating the scientific understanding of the neural mechanisms and developmental trajectories of cognition
(Turing, 1950; Hassabis et al., 2017) across different environments and cultures.

5.2 Why is it Difficult?

Building a machine that learns like children do has been envisioned since the inception of AI (Turing, 1950),
but several technical and ethical challenges remain.

Simulators and Environments. Training tightly coupled Systems A, B, and M requires environments that
should both be realistic and optimized for speed. On the realism side, it should provide diverse sensory
modalities to enable observational learning (System A), rich embodied affordances and goal-conditioned
tasks to support interaction and control (System B), and sufficiently diverse and non-stationary dynamics
to train a robust meta-controller (System M). On the speed side, faster than real time is necessary for the
evolutionary scale to be applicable. Procedural generation can help scale diversity, but requires careful design
to avoid trivial patterns or degenerate exploration (Cobbe et al., 2020). Incorporating social agents or enabling
teacher—learner interactions is especially challenging at scale (Crosby et al., 2019; Savva et al., 2019).

Evaluation and Benchmarking. As agents become more general, task-specific benchmarks lose their diagnostic
value, creating the need for new evaluation paradigms. We propose distinguishing between unit tests, which
assess individual learning components in isolation, and integration tests, which evaluate their combined
behavior.

Unit tests should target the core competencies of each system: sample-efficient perceptual generalization
for System A; few-shot task adaptation under sparse rewards for System B; and, for System M, efficient
switching between learning modes in non-stationary environments, as well as the emergence of more advanced
capabilities such as learning through communication or imagination.
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Integration tests should assess end-to-end learning performance in realistic settings. One promising approach
is to compare humans and Al agents in terms of learning speed on novel tasks—for example, the number of
trials required to learn a new videogame (Lake et al., 2017), or the number of hours of exposure needed to
acquire a language at a level comparable to that of human children (Dupoux, 2018). Such benchmarks should
emphasize few-shot, data-efficient generalization and closely mirror developmental learning processes (Hill
et al., 2020; Chevalier-Boisvert et al., 2019).

Scaling Bi-Level Optimization. Optimizing lifelong learning processes in complex environments is both
computationally demanding and highly sensitive to curriculum design. Addressing these challenges requires
progress along several complementary directions. First, we need more efficient inner-loop learners with low
data and computational requirements. Second, meta-objectives must be designed to effectively shape priors,
intrinsic reward structures, and communicative tendencies. Third, appropriate strategies for curriculum
scheduling and environment sampling are necessary to accelerate the emergence of robust, autonomous learning
architectures.

Ethical Issues. Developing Al systems that learn in ways analogous to humans or animals raises novel ethical
concerns that go beyond those associated with current Al technologies. In particular, autonomous learning
introduces new trade-offs between flexibility, safety, and societal oversight.

A first challenge concerns the tension between adaptability and controllability. As systems are granted greater
autonomy in exploratory learning modes, it becomes harder to guarantee that they remain aligned with
intended objectives. Mitigating this risk may require explicit auditing mechanisms and the ability to intervene
in or constrain the meta-control system (System M).

A second risk is alignment hacking. Although animals evolved to optimize reproductive fitness, their everyday
behavior is often driven by proxy objectives such as exploration or play, and can occasionally give rise to
maladaptive outcomes, including addiction or self-harm. These behaviors arise because biological agents
optimize internally generated signals that may become mismatched to their environment (Tooby and Cosmides,
1992; Buss, 2019). Autonomous artificial agents that rely on similar proxy signals may face analogous
vulnerabilities.

A third concern relates to over-trusting. As artificial agents become more human-like in their behavior
and learning trajectories, users may increasingly anthropomorphize them, leading to emotional attachment,
misplaced trust, or opportunities for manipulation (Turkle, 2011). Addressing this risk requires transparency
about system capabilities and limitations, as well as mechanisms that ensure meaningful societal and user
control.

Finally, autonomous learning systems often depend on bodily or somatic signals to guide adaptation. To the
extent that these signals are processed in ways functionally analogous to pain or fear in biological organisms,
this raises unresolved questions about the moral status of such agents (Gunkel, 2012; Birhane et al., 2021).

6 The Path Forward

To build agents capable of autonomous, open-ended learning, we must move beyond disjointed, hand-designed
training paradigms and rigid execution. Already, the Al field is moving beyond fixed systems with frontier
topics such as runtime adaptation and inference-time compute, including Large Language Models (e.g.,
test-time training with verifier-driven selection (Moradi et al., 2025), synergistic adaptation (Xu et al., 2025),
and adaptive retrieval (Sun et al., 2026)), Vision-Language Models (Lei et al., 2025; Kojima et al., 2025),
speech recognition (Fang et al., 2026), and core Reinforcement Learning (Chehade et al., 2025; Bagatella et al.,
2025). Closely related ideas are also gaining traction in robotics under adjacent terminology such as online
adaptive learning (Yuan et al., 2026), deployment-time correction (Welte et al., 2026), test-time reinforcement
learning (Liu et al., 2026), and test-time mixture of world models (Jang et al., 2026). These adaptations,
however exciting, are still minor variations over an overall rigid system, compared to children who learn a
whole language and new skills at ’test time’.

The challenges are considerable and we are probably decades away from fully autonomous, broad scope
learning systems. Our proposed architecture (System A-B-M) is a tentative blueprint that we hope can inspire
research by providing a unified conceptualization of this problem space, and a path towards building actual
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autonomous learning systems—inspired by natural intelligence, but not strictly bound to replicate it. The
alignment of such adaptive systems with humans goals, and the autonomy—controllability trade-offs, are of
paramount importance, and should be considered within an evolutionary—developmental framework through
the careful design of fitness rewards and interactive environments. But even before fully autonomous learning
systems are achievable, the successes and failures in building such systems will be scientifically invaluable,
providing quantitative models of how biological organisms successfully learn and adapt in the wild, and
offering insights on the very nature of learning and intelligence.
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Appendix

A  What'’s the link with System 1 and 27

Kahneman’s (Kahneman, 2011) distinction is about modes of inference (fast parallel inference, as in a forward
pass in a DNN versus slow multistep inference, as in tree search or chain of thought). Our distinction is
about modes of learning (from static data versus from interaction). Even though these distinctions seem
similar, one could argue that they are actually orthogonal: one could learn from static data through simple
backpropagation, or after having run simulation or imagination steps; conversely, even though learning from
interaction does require at least one step of action, this action step could be generated reflexively through a
learned policy rather than search.

Modes of learning
System A System B
Modes of System 1 predictive coding; statistical learning policy learning
inference  System 2 counterfactual reasoning; causal learning learning through planning

Table A.1 Link between System 1/2 and System A/B

B Two Advanced Meta-Controlled Learning Modes: Communication and Imagination

In species living in complex and unpredictable environments, a capable System M enables new functional
configurations, which we illustrate briefly here.

B.1 Learning from Communication

One of the functions of System M is to select “important” inputs to learn from, and across many species,
social context is highly salient. We call this learning through communication, and it serves as a mechanism
for accelerated, distributed learning (Tomasello, 1999; Heyes, 2018).

This ranges from basic attention-based mechanisms to complex cultural transmission. Below is a structured
summary of key forms of social learning, grouped by increasing complexity.

Basic Observational and Associative Learning. Individuals adjust their behavior by noticing where others
direct their attention or how they react to stimuli. Example: A child becomes interested in a toy only after
seeing another child play with it (Bandura, 1977; Moore, 2013).

Behavioral Copying. Learners replicate others’ actions or outcomes, either by imitating specific movements
or by finding new ways to reach the same goal. Example: A chimpanzee uses a different method to retrieve
food after seeing another (typically dominant) chimpanzee succeed (Whiten et al., 2005; Subiaul et al., 2004).

Guided Learning. Learning is supported by intentional or structured social interaction with a teacher, using
methods such as shared attention, social referencing, behavioral scaffolding, or demonstrations. Example: A
parent shows how to use an object while making eye contact with a child (Bruner, 1983; Wood et al., 1976).
Such a mode of learning can extend to mimicking gestures that have no obvious goals (like learning rituals or
complex recipes).

Higher-Level Social Learning. Learners internalize norms, generalize across contexts, and pass on knowledge
culturally through abstract symbolic formats like language (Csibra and Gergely, 2009; Henrich, 2016). Example:
Children are explicitly taught about social rules, follow verbal instructions.

While the first two forms of social learning have been documented across many species (mammals and birds),
guided learning is more rarely observed, and only humans exhibit the higher-level form of social learning
(Tomasello, 2009).

System M supports learning through communication by attending to communicative triggers (e.g., pointing,
direct gaze, imperative intonation), and routing the highlighted inputs for System A or B learning. The
strength of this learning episode can be one-shot and modulated by System M based on perceived social
importance or trust in the teacher (epistemic vigilance; Sperber et al., 2010).
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In standard Al systems, learning through communication is done externally, through a team of data scientists
curating the data from reliable sources, or through post-training methods. But because this process is entirely
externalized, current systems are unable to learn socially or exert epistemic vigilance regarding the source of
their data.

B.2 Learning from Imagination

Another mode of operation enabled by System M is the ability to learn from internally generated inputs
(learning from imagination). This mode of operation has been documented in varying degrees of complexity
across species.

Memory replay at rest. During pauses in activity (e.g., at decision points or after receiving a reward), rodents
experience a reactivation of the place cells they have recently visited, in the same order or reverse order,
typically at a much faster rate. This has been linked to decision making, near-term planning, and updating
value functions in reinforcement learning (Foster and Wilson, 2006; Diba and Buzsdki, 2007; Mattar and Daw,
2018).

Memory replay during sleep. During non-REM sleep, recent experiences are replayed at a compressed time
scale, often in longer episodes including novel combinations. This has been linked to memory consolidation
and the formation of long-term schemas or generalization (Wilson and McNaughton, 1994; Diekelmann and
Born, 2010; Kumaran et al., 2016).

Long-horizon planning. Humans and some animals show evidence of problem-solving without prior trial
and error in tasks involving multiple steps of tool use, delayed gratification, or counterfactual reasoning
(Suddendorf and Corballis, 2007; Redshaw and Suddendorf, 2016; Tulving, 2005). Such phenomena highlight
imagination-like simulation as a substrate for flexible foresight

System M can support these modes of operation by switching Systems A and B into inference mode, routing
input information from memory (instead of the sensors), and routing output information (e.g., actions) to
internal simulation. It can then trigger learning on the successful imagined trajectories. This highlights the
flexibility of System M—mnot just as a router, but as an enabler of qualitatively new learning regimes (Ha and
Schmidhuber, 2018; Hafner et al., 2020).

C Examples of Meta-Control signals for autonomous learning in Humans and Animals

In Table C.1, we list examples of meta-states that have been found in humans and animals to have direct effect
on input selection (attention, gaze), on learning efficiency (loss/reward modulation) or on mode of Control. We
sort them according to our three way category of species-specific, epistemic and somatic signals. Interestingly,
most of these signals are relatively simple to compute or rest on rudimentary computations (for instance, the
preference for faces boils down to a preference to for a dark T pattern on a white background), making it
relatively simple to emerge in a meta learning setting. They could inspire the design of meta-controlers in
artificial agents depending on the application.
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Meta-states

Species

Effects (sample references)

Species-Specific signals

Faces and
vocalizations
Gaze direction

Pedagogical signals
(high pitch, direct
gaze; pointing)
Self-propelled,
biomechanical
motion

Potential threats
(looming, snake or
spider-like objects)

Dominant,
prestigious or in-
group conspecifics

Human infants

Human infants,
dogs, corvids
Human infants

Human infants,
chicks

Human infants,
mammals

Human infants,
primates

IS (Johnson et al., 1991; Vouloumanos and Werker, 2007);
LE (Ferry et al., 2010)

IS (gaze following: Farroni et al. 2002; Tomasello et al.
1998)

IS (Fernald, 1985), LE (Thiessen et al., 2005), MC (shifts
from memorization to generalization; Csibra and Gergely
2009; Gergely et al. 2002)

IS (Simion et al., 2008; Scholl and Tremoulet, 2000), LE
(Nairne et al., 2013); MC (switches to teleological reasoning;
Csibra et al. 1999)

IS (Ball and Tronick, 1971; Yilmaz and Meister, 2013;
DeLoache and LoBue, 2009); LE (Ohman and Mineka,
2001; Cook and Mineka, 1989); MC (freezing/high vigilance;
Fanselow 1994)

IS (Shepherd et al., 2006; Chudek et al., 2012; Kinzler et al.,
2007); LE (Buttelmann et al., 2013); MC (shifts from high
to low level imitation; Haun and Tomasello 2011)

Epistemic signals

Reliable conspecifics
/ Selective trust

Logical /semantic
contradictions or
conflicts
Unexpected
comes
Uncertainty

out-

Stimuli of intermedi-
ate complexity

Human infants,
primates, dogs

Human adults,

infants, pri-
mates

Mammals, birds,
insects

Human infants,
primates

Human infants,
primates

IS (Poulin-Dubois et al., 2011; Schmid et al., 2017); LE
(Koenig et al., 2004; Zmyj et al., 2010); MC (shifts to
exploration when unreliable; Gweon et al. 2014; Takaoka
et al. 2015)

IS (Baillargeon et al., 1985); LE?? (Stahl and Feigenson,
2015); MC (switches to world-model simulation; Botvinick
et al. 2001)

IS (Sokolov, 1963); LE (Pearce and Hall, 1980; Schultz et al.,
1997); MC (shifts to exploration: Dayan and Balleine 2002)
LE (bayesian multimodal fusion; Ernst and Banks 2002);
MC (halts exploitation (opt-out); Goupil et al. 2016; Hamp-
ton 2001)

IS (Kidd et al. 2012), LE (Kang et al. 2009)

Somatic signals

Sleep

Rest

Pain

Hunger

Stress

All animals

All animals

All animals

All animals

All animals

MC, LE, IS (disconnection of sensory inputs, boost in
learning, memory replay) (Buzséki, 2015; Tononi and Cirelli,
2014)

MC, LE, IS (sensory input attenuation, learning by imagi-
nation, memory replay) (Kam et al., 2011; Buckner et al.,
2008; Raichle, 2015)

MC (interrupts all goal-directed plans; switch to reactive
actions, followed by replay and world modeling), LE (single
shot learning) (Eccleston and Crombez, 1999)

MC (high exploration, boost in goal directed), IS(enhanced
detection of food) (Balleine and Dickinson, 1998; Kolling
et al., 2012).

MC (low stress: world modeling simulation, exploration;
high stress: reactive policies, exploitation) (Schwabe and
Wolf, 2009)

Table C.1 Non exhaustive list of meta-states in humans and animals, and their effects interpreted in terms of Input
Selection (IS: attracting gaze or attention), Learning Efficacy (LE: boosting learning rate) and Mode Control (MC) in
humans and animals.
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