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Abstract

Modern machine learning systems are increas-
ingly deployed in settings that require persistent
interaction, adaptation, memory, and decision-
making over time. Yet, most learning paradigms
remove the temporal pressures faced by physically
embedded agents: the world waits for computa-
tion, failures are erased by resets, past experi-
ence can be replayed exactly, memory is treated
as static storage, and learning is often separated
from the irreversible trajectory of the learner. We
argue that these assumptions limit progress to-
ward agents that can learn through experience
over extended lifetimes. This paper proposes
six guidelines for temporally grounded learn-
ing: autonomous external time, partial embodied
observability, non-resettable lifetime interaction,
bounded reconstructive memory, multi-rate en-
dogenous computation, and path-dependent self-
modification. We use these guidelines to compare
major machine learning paradigms, showing that
existing approaches capture important fragments
of temporal grounding while relaxing, externaliz-
ing, or assuming away other temporal pressures.
We then present calls to action for the commu-
nity to build benchmark ecosystems that make
temporal grounding measurable, audit the tempo-
ral assumptions inside agent architectures, create
shared venues around time, and reward tempo-
rally grounded work during review. Our central
claim is that modeling temporal structure is not
sufficient for persistent agency: artificial agents
should learn, act, remember, and adapt within
the same irreversible time in which their worlds
unfold.
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1. Introduction

The “life” of an agent instantiated through machine learning
is often untethered from temporal pressures. A robot that
drops a glass in simulation can rely on env.reset () to
perfectly recover an intact glass again; a language model
can ponder over a frozen prompt indefinitely and begin a
new session without any trace of what happened; a world
model-based agent can consider thousands of possible fu-
tures while the real world continues on; and neural networks
can optimize billions of parameters on a GPU cluster over
days, weeks, or even months, patiently waiting for a loss
value to descend. These systems may learn about time
but are ultimately exempt from the consequences of living
through it.

In contrast, people are inescapably bound to time. Under
strict temporal constraints, we walk, speak, collaborate, play,
recover from mistakes, develop new skills, and adapt to un-
seen circumstances. The world does not conveniently pause
while we think, reset when we fail, or preserve our past
experiences as lossless samples. Every decision consumes
time and every failure leaves both the world and learner
changed. Our memories are partial, opportunities in the
world expire, and who we become strongly depends on the
individual path we have taken over time. Yet, as suggested
above, the agents we build to assist us are often trained and
evaluated under temporal affordances that are incompatible
with the environments they are meant to provide support.
This mismatch creates what we consider as a remporality
gap. We argue that machine learning-based agents may
not realize their full potential to help and participate in our
world until they start learning, acting, remembering, and
adapting within a shared timeline with people.

Synthesizing our points above, our central position through
this paper is that machine learning’s engagement with time
remains incomplete. Much of modern machine learning
studies time by first converting it into a static object: a
dataset, replay buffer, context window, trajectory, episode,
benchmark split, or computational graph. We refer to this
tendency as the spatialization of time. Time is spatialized
when events that originally unfolded one after another are
represented as positions in an indexable structure, allowing
the learner to inspect, batch, reorder, revisit, or compare
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them as if they were points laid out in space. This transfor-
mation is often useful, and in many cases necessary for scal-
able optimization. However, it also removes the pressures
that make learning through time different from learning
about time.

We argue that progress toward persistent artificial agents
requires treating temporality not merely as a feature of
the input, but as a set of constraints on the environment
and learner. This paper makes those constraints explicit
through six guidelines for temporally grounded learning:
autonomous external time, partial embodied observability,
non-resettable lifetime interaction, bounded reconstructive
memory, multi-rate endogenous computation, and path-
dependent self-modification. These guidelines are not in-
tended to specify a particular architecture or algorithm; in-
stead, they define the conditions under which a learning
system can be said to experience, act, remember, and adapt
through time.

The rest of the paper develops this framework and uses
it to organize a research agenda. In § 2, we define and
motivate each guideline by identifying the machine learn-
ing affordance it removes, the evaluation considerations it
introduces, and the natural precedent that supports it. In
§ 3, we use the guidelines to compare machine learning
paradigms, showing that existing work captures important
fragments of temporal grounding but does not yet treat all
six constraints as central and simultaneous. In § 4, we trans-
late this perspective into concrete calls to action. We call
for benchmark ecosystems that make temporal grounding
measurable; agent architectures that explicitly audit their
assumptions about time; shared venues where time is treated
as a first-class object of study; and review norms that reward
work confronting temporal constraints, even when doing so
makes learning harder. Lastly, we consider alternative views
in § 5 and conclude in § 6.

Our central claim is the following: existing machine learn-
ing has become increasingly effective at modeling temporal
structure, but modeling time is not the same as learning
through time. The field has built powerful systems for rep-
resenting sequences, predicting futures, and optimizing tra-
jectories. The next frontier is building agents whose learning
itself is embedded in the same irreversible, resource-limited,
history-shaping time as the worlds they inhabit.

2. Guidelines for Temporally Grounded
Learning

In this section, we propose six guidelines for temporally
grounded learning. These guidelines do not define a specific
algorithm, architecture, or benchmark. Rather, they specify
conditions under which a learning system can be said to
experience, act, remember, and adapt through real clock

time.

We do not claim that these six guidelines are the only possi-
ble decomposition of temporally grounded learning. Instead,
they are a principled starting point: a set of pressures that
distinguish learning through time from learning about tem-
poral data. We select each of them based on their removal
of common artificial affordances in machine learning, intro-
duction of concrete evaluation considerations, and reflection
of natural precedents in biological organisms.

2.1. Guideline 1: Autonomous External Time

Description. A temporally grounded learner must operate
in a world that evolves according to its own clock and dy-
namics. Let 7 € [0, 00) denote external time, and let W(7)
denote the world state. We assume that 7 is strictly mono-
tonic and that YW(7) evolves according to dynamics not
synchronized with the agent’s computational cycles. The
agent may observe, act, deliberate, and update itself, but it
cannot pause external time while it computes.

Removed ML Affordance. This guideline removes the
assumption that the environment waits for the learner. In
many reinforcement learning systems, interaction is medi-
ated by a synchronous loop such as env.step (), where
the world advances only after the agent has computed an
action. Temporally grounded learning instead treats compu-
tation, sensing, memory retrieval, and learning as processes
that consume world-time.

Evaluation Considerations. Latency becomes part of the
learning problem. A decision that is optimal under zero-
cost computation may be obsolete by the time it is executed.
Agents should therefore be evaluated not only by decision
quality, but also by whether decisions arrive while they
are still relevant. Benchmarks should measure inference
time, update time, sensing delay, and the opportunity cost
of deliberation.

Natural Basis. Natural agents already face this constraint:
the world does not wait for organisms to perceive, decide, or
act. Across animals, perceptual processing speed is coupled
to ecological tempo, with faster visual perception in species
facing fast-paced ecological demands (Haarlem et al., 2026).
Processing latency also varies across species and modali-
ties (Itoh et al., 2022), while perception, action, and cog-
nition operate over distinct temporal scales within a single
nervous system (Hari & Parkkonen, 2015; Tovée, 1994).
These observations suggest that real-time agency requires
matching computation and action to the timescale of the
world.
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The Six Guidelines for Temporally Grounded Learning

1. Autonomous External Time. The world evolves according to its own clock and dynamics, independent of the
agent’s computational cycles.

2. Partial Embodied Observability. The agent receives only a narrow and non-invertible stream of observations from
the much larger world state.

3. Non-resettable Lifetime Interaction. The agent cannot rewind, reset, or restart the world, and must instead learn
over a single irreversible lifetime.

4. Bounded Reconstructive Memory. The agent’s memory is capacity-limited, constructive, and modified by recall,
rather than a static archive of perfectly replayable past samples.

5. Multi-rate Endogenous Computation. The agent must support internal processes that unfold at different rates,
including fast reactions, slower deliberation, and long-term consolidation.

6. Path-dependent Self-Modification. The agent’s internal structure must be persistently shaped by its own history,
so that learning is cumulative, hysteretic, and identity-forming.

Autonomous Partial Embodied Non-Resettable
External Time Observability Lifetime
Interaction

A
v -

Bounded Multi-Rate Path-Dependent
Reconstructive Endogenous Self-Modification
Memory Computation

2.2. Guideline 2: Partial Embodied Observability

Description. A temporally grounded learner must operate
through a limited stream of embodied observations, not
through direct access to the full world state. Let o(7) € O
denote the agent’s observation at time 7, generated from
W(T) by a sensory process. We assume this observation is
partial, local, and non-invertible: many distinct world states
can produce the same observation.

Removed ML Affordance. This guideline removes the
assumption that the relevant state is fully available. In
many supervised, reinforcement learning, and planning set-
tings, agents receive complete or nearly complete state de-
scriptions. Temporally embedded agents instead acquire
data through situated, bandwidth-limited, and perspective-
dependent sensing.

Evaluation Considerations. The present observation is
rarely sufficient on its own. The agent must use time to re-
solve ambiguity by integrating observations, actions, mem-
ories, and predictions. Agents should therefore be evaluated
on their ability to maintain useful internal state, actively
gather information, fuse observations over time, and act
under uncertainty when the true world state is unavailable.

Natural Basis. Natural agents construct useful represen-
tations from partial, local, and task-dependent sensory
streams (Gallistel, 1990). Desert ants navigate using path in-

tegration and homing despite local sensory access (Wehner
& Srinivasan, 1981); migratory birds combine environmen-
tal signals to update navigational representations (DemSar
et al., 2025); and place and grid cells support spatial rep-
resentation built from experience rather than direct access
to a global world state (Moser et al., 2008; Poucet et al.,
2004). Partial observability is therefore not an edge case,
but a central pressure faced by embodied learners.

2.3. Guideline 3: Non-resettable Lifetime Interaction

Description. A temporally grounded learner must oper-
ate over a single irreversible lifetime, not a collection of
independent episodes. Because external time is strictly
monotonic, the agent cannot rewind the world, erase the
consequences of its actions, or restart from a clean initial
condition. Every observation, action, failure, recovery, and
update becomes part of the agent’s continuing trajectory.

Removed ML Affordance. This guideline removes the
assumption that experience can be reset. In episodic re-
inforcement learning, failure is often handled by calling
env.reset () and returning the agent and environment
to a predefined start state. This eliminates the persistent
consequences that define real lifetime interaction, allowing
agents to discard failures rather than avoid, repair, or adapt
to them.
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Evaluation Considerations. Mistakes cannot simply dis-
appear at the end of an episode. Agents should be evaluated
by how they handle damage, missed opportunities, explo-
ration risk, resource depletion, changing circumstances, and
long-term consequences. Benchmarks should measure via-
bility, recovery, accumulated cost, irreversible state changes,
and adaptation across a continuing lifetime rather than only
per-episode success.

Natural Basis. Natural agents do not receive external re-
sets after failure. Animals develop risk-sensitive exploration
when mistakes may lead to injury, predation, or resource
loss (Shen & Dayan, 2024), and risk aversion has been
linked to neural decision mechanisms and evolutionary ad-
vantage (Hintze et al., 2015; Trepel et al., 2005; Zhang et al.,
2014). When organisms suffer damage, they often adapt be-
havior rather than return to baseline (David Smith & Hines,
1991; Rennolds & Bely, 2023). Irreversibility therefore
shapes exploration, caution, recovery, and adaptation.

2.4. Guideline 4: Bounded Reconstructive Memory

Description. A temporally grounded learner must re-
member through bounded and reconstructive memory, not
through unlimited access to perfectly preserved past sam-
ples. Let m(7) € M denote the agent’s memory state. We
assume that M is capacity-limited, that memory compresses
the agent’s growing stream of experience, and that recall can
influence and modify memory itself. The past is therefore
reconstructed from the present, not retrieved from a lossless
archive.

Removed ML Affordance. This guideline removes the
assumption that the past can be replayed exactly. In many
learning systems, past data are stored in static datasets, re-
play buffers, logs, or context windows that can be revisited
without alteration. This abstraction is useful, but it grants
the agent a form of time travel: the ability to repeatedly
access identical past samples as if they were independent,
unchanged objects.

Evaluation Considerations. Remembering becomes part
of learning rather than a passive read operation. Agents
should be evaluated by what they preserve, compress, for-
get, revise, and consolidate over time. Benchmarks should
consider memory capacity, degradation, interference, recall-
induced modification, and the ability to maintain useful
abstractions without lossless replay.

Natural Basis. Biological memory is not a static data
store. Human retrieval can incorporate new information,
reshape details, and strengthen linked memories (Hupbach
et al., 2007; Jonker et al., 2013; 2018). Memory is organized
around temporally extended events (DuBrow, 2024; Liver-

ence & Scholl, 2012; Ongchoco et al., 2023; Zacks et al.,
2007), and long-term memory depends on consolidation
across hippocampal and neocortical systems (McClelland
et al., 1995). Neural replay exists, but differs from machine
learning replay buffers: it is selective, structured, and tied
to consolidation rather than exact resampling (Hayes et al.,
2021; Pavlides & Winson, 1989).

2.5. Guideline 5: Multi-rate Endogenous Computation

Description. A temporally grounded learner must support
internal processes that unfold at different rates, rather than
forcing all computation, memory, and learning to advance
on one global clock. Let 7; denote the internal time of
subsystem ¢. Different subsystems may evolve with different
effective temporal velocities, allowing fast reactions, slower
deliberation, and long-term consolidation to coexist. These
multi-rate processes may also enable the agent to form an
implicit representation of time used for temporal cognition.

Removed ML Affordance. This guideline removes the as-
sumption that the learner updates uniformly at each timestep.
Many sequence models, recurrent architectures, and rein-
forcement learning agents advance through a single synchro-
nized loop. Temporally grounded intelligence may instead
require asynchronous processes operating across multiple
timescales, with some systems coupled tightly to the sensory
stream and others integrating or consolidating more slowly.

Evaluation Considerations. Agents must be designed,
not only with the content of their computations in mind,
but also when and at what rate these computations occur.
Agents should be evaluated on their ability to coordinate
fast reaction, delayed reasoning, memory consolidation, and
slow structural adaptation within the same ongoing lifetime.
Benchmarks should test events and decisions that unfold
across multiple temporal scales.

Natural Basis. Biological organisms contain many inter-
acting temporal processes rather than a single uniform clock.
Endogenous timekeeping and biological oscillators coor-
dinate behavior across scales (Gallistel, 1990; Kaufmann,
2026; Kronfeld-Schor et al., 2013). Circadian rthythms are
tied to Earth’s day-night cycle (Czeisler & Gooley, 2007;
Pitsawong et al., 2023), and brain oscillatory hierarchies
are preserved across vertebrates despite large differences
in brain size (Buzséki et al., 2013). These rhythms support
temporally organized behavior in bees, hummingbirds, and
chimpanzees (Boesch, 2002; Janmaat, 2019; Moore et al.,
1989). These examples suggest that temporally grounded
agents should not merely process observations in order; they
should maintain internal temporal structure that supports be-
havior, memory, and adaptation across multiple timescales.
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2.6. Guideline 6: Path-dependent Self-Modification

Description. A temporally grounded learner must be per-
sistently shaped by its own history rather than returning
to a fixed baseline after each task, episode, or interaction.
Let 6(7) denote the agent’s internal structure, including
parameters, memory organization, learned skills, plasticity
mechanisms, and other persistent variables. We assume 6(7)
depends on the particular trajectory of experiences, actions,
and updates that preceded it. In this sense, the same present
observation may be interpreted differently by agents with
different histories.

Removed ML Affordance. This guideline removes the
assumption that the relevant past can be artificially bounded,
discarded, or made structurally irrelevant. In many systems,
history enters only through a fixed context window, finite
recurrent state, truncated rollout, or episode-specific adapta-
tion mechanism. Temporally grounded learning is cumula-
tive: early experiences, rare failures, or highly salient events
can permanently alter how future experience is interpreted,
what can be learned next, and how the agent responds.

Evaluation Considerations. History is not merely stored;
it alters the learner. Agents should be evaluated by how their
internal structure evolves across a non-repeatable lifetime.
Benchmarks should track learning trajectories, plasticity,
stability, recovery, and long-term behavioral change rather
than treating the final model state as the only object of
interest. They should also test whether early experiences
or salient events have durable effects on later learning, for
better or worse.

Natural Basis. Natural agents are path-dependent sys-
tems. Developmental biology provides a clear example:
the same genotype can produce different phenotypes de-
pending on environmental conditions (Lafuente & Beldade,
2019), and early critical periods can make certain windows
of experience disproportionately important for later per-
ception, behavior, and learning (Hensch, 2005; Knudsen,
2004). Path dependence can also be maladaptive: traumatic
or highly stressful experiences can leave durable traces that
shape future threat perception, memory, affect, and behav-
ior (Teicher et al., 2016). More broadly, animals display
behavioral plasticity that supports survival in changing en-
vironments (Botero, 2026; Garcia-Porta et al., 2022; Wong
& Candolin, 2015). At the neural level, Hebbian learning,
synaptic plasticity, neurogenesis, and cell migration provide
structural substrates for cumulative change (Gazerani, 2025;
Hebb, 1949; von Bernhardi et al., 2017). These observations
support the view that temporally grounded learners should
not merely condition on history; they should be structurally
shaped by it.

3. Current ML Paradigms Through the Six
Guidelines

In this section, we use the six guidelines from § 2 to com-
pare several major machine learning paradigms. Our goal
is not to rank individual works, but to highlight a recurring
pattern: existing paradigms often capture important frag-
ments of temporal grounding while relaxing, externalizing,
or assuming away other temporal pressures.

Table 1 provides a coarse summary, and the paragraphs
below briefly justify each row. More detailed discussions of
reinforcement learning and foundation models are provided
in Appendix A and Appendix B, respectively.

Transformer-Based Foundation Models. Foundation
models (Deitke et al., 2024; Team et al., 2024; Zitkovich
et al., 2023) provide powerful machinery for representing
temporal structure through token sequences (Dosovitskiy
et al., 2021; Sennrich et al., 2016; Zhao et al., 2023), posi-
tional encodings (Chen et al., 2021; Vaswani et al., 2017),
long context windows (Mei et al., 2025), and large-scale pre-
training (Radford & Narasimhan, 2018). However, they typ-
ically spatialize experience into static corpora and context
windows rather than learning through ongoing interaction
with a world that evolves during inference. They partially
address observability through scale, broad pretraining, and
transient in-context adaptation (Dong et al., 2024), but they
generally lack autonomous external time, non-resettable life-
time interaction, bounded reconstructive memory, multi-rate
endogenous computation, and persistent self-modification.

Episodic Reinforcement Learning. Episodic reinforce-
ment learning (Lillicrap et al., 2015; Mnih et al., 2015) is
explicitly built around interaction, but it usually grants the
agent several strong temporal affordances. The environment
(Towers et al., 2026) often advances only through a syn-
chronous call such as env . step (), while failure is erased
through env.reset (). Replay buffers (Andrychowicz
et al., 2017; Mnih et al., 2015; Schaul et al., 2016) fur-
ther convert experience into a static archive of reusable
transitions. Thus, episodic reinforcement learning captures
sequential decision-making while removing the pressures
of real-time latency, irreversible consequence, bounded re-
constructive memory, and lifetime self-modification.

POMDP / Recurrent Reinforcement Learning.
POMDPs (Lauri et al., 2022; Astrém, 1965) and recurrent
reinforcement learning (Anjarlekar et al., 2026; Hausknecht
& Stone, 2015) directly address partial observability by
recognizing that agents receive observations rather than
full world states, and by maintaining histories, belief states,
or recurrent hidden states. This makes them an important
approximation of embodied sensing. However, most remain
embedded within standard reinforcement learning loops:
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environments are stepped synchronously, episodes are reset,
and memory is often treated as a learned hidden vector or
replayed trajectory rather than as bounded reconstructive
memory. They therefore satisfy Guideline 2 most directly
while only partially addressing the remaining guidelines.

Online Meta-RL. Online meta-RL (Beck et al., 2023;
Nam et al., 2022; Kobayashi et al., 2025) studies agents
that adapt within a task or episode, and therefore partially
engages path-dependent change. However, this adaptation
usually occurs inside a broader training procedure built from
resettable tasks, fixed task distributions, and externally de-
fined episode boundaries. The inner loop may simulate
short-horizon adaptation, but the outer loop is typically opti-
mized offline. Meta-RL is therefore valuable for studying
fast adaptation, but it does not by itself provide autonomous
external time, non-resettable lifetime interaction, bounded
reconstructive memory, or multi-rate endogenous computa-
tion.

Continual Learning. Continual learning (Abel et al.,
2023; Wang et al., 2024a) is one of the clearest engage-
ments with path-dependent self-modification: it studies how
a model changes over time while preserving prior capabili-
ties (Dohare et al., 2024; Kirkpatrick et al., 2017; Luo et al.,
2025). However, much of the field still operates on static or
presegmented datasets, often with task boundaries supplied
by the experimenter. The learner changes, but the world usu-
ally does not evolve independently; observations are often
fully specified; and evaluation may still be organized around
fixed tasks (Hu et al., 2026; Wolczyk et al., 2021). Continual
learning therefore captures important aspects of Guideline 6,
but usually only partially addresses irreversibility, bounded
memory, and embodied temporal interaction.

Streaming / Real-Time RL. Streaming and real-time re-
inforcement learning move closer to temporal grounding
by reducing reliance on large offline batches and empha-
sizing continuous data streams (Elsayed et al., 2024; Vasan
et al., 2024) or real-time interaction (Ramstedt & Pal, 2019;
Bouteiller et al., 2021). These methods partially address
autonomous external time and non-resettable interaction,
especially when the data stream does not wait for repeated
optimization over stored samples. However, many still rely
on simplified clocks, engineered observation streams, action
buffers, limited memory mechanisms, or uniform update
rates. They are promising steps toward temporal ground-
ing, but generally do not yet provide bounded reconstructive
memory, multi-rate endogenous computation, or robust path-
dependent self-modification.

State-Space Models / Continuous-Time RNNs. State-
space models (Gu & Dao, 2024), recurrent networks
(Hochreiter & Schmidhuber, 1997), Neural ODEs (Chen

et al., 2018), continuous-time RNNs (Rubanova et al., 2019),
liquid neural networks (Hasani et al., 2020), and related
architectures (Schlag et al., 2021) provide useful mecha-
nisms for maintaining hidden state and modeling continu-
ous dynamics. They can compress history, represent tem-
poral dependencies, and in some cases evolve according to
continuous-time equations. However, these architectures are
often trained offline on fixed datasets using backpropaga-
tion through time or related procedures that turn trajectories
into static computational graphs. They offer architectural
ingredients for temporal grounding, but architectural tem-
porality alone does not guarantee non-resettable interaction,
autonomous world-time, or lifetime self-modification.

Latent World Models / Model-Based RL. Latent world
models (Ermolov & Sebe, 2020) and model-based reinforce-
ment learning (Hafner et al., 2025; Janner et al., 2019; Moer-
land et al., 2023) explicitly address the need to infer hidden
state and predict future consequences from partial obser-
vations. They therefore strongly engage partial observabil-
ity and provide machinery for planning under uncertainty.
However, these systems are often trained with replay buffers,
episodic simulators, and resettable rollouts. Their imagined
futures are useful, but they are usually generated outside the
constraints of irreversible world-time. Thus, world models
help agents reason about time, but do not necessarily make
the learning process itself temporally grounded.

Neuromorphic / Spiking systems. Neuromorphic com-
puting (Schuman et al., 2017) and spiking neural networks
(Tavanaei et al., 2019; Zanatta et al., 2024) are well aligned
with temporal dynamics at the computational level. Spikes,
leaks, decays, and hardware-level temporal evolution make
these systems natural candidates for autonomous time and
bounded memory. However, many neuromorphic systems
are still evaluated on static datasets, reset between exam-
ples, or trained using offline objectives that reintroduce spa-
tialized time. Their physical substrate may be temporally
grounded, but the surrounding learning setup often is not.
In particular, most such systems do not remove resets as an
evaluation affordance or support persistent path-dependent
self-modification across a lifetime.

Artificial Life / Open-Ended Learning. Artificial life
(Bhattacharjee et al., 2020; Kumar et al., 2024) and open-
ended learning (Team et al., 2021) often come closest to
treating agents as persistent entities in ongoing worlds.
These systems can emphasize survival, adaptation, ecolog-
ical interaction, partial observability, non-stationarity, and
path-dependent change. However, many still rely on sim-
ulator clocks, simplified sensors, limited memory systems,
externally defined evolutionary or learning procedures, and
global update schedules. In particular, bounded reconstruc-
tive memory and multi-rate endogenous computation are
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Table 1. A coarse diagnostic of how representative machine learning paradigms engage with the six guidelines for temporally grounded
learning. Symbols indicate substantial engagement (v'), partial engagement or simulation (), or typical violation / assumption-away (X).

G1: Autonomous external time
G4: Bounded reconstructive memory

G2: Partial embodied observability
G5: Multi-rate endogenous computation

G3: Non-resettable lifetime interaction
G6: Path-dependent self-modification

Paradigm Gl G2 G3 G4 G5 Gé6
Transformer-Based Foundation Models (e.g., (Deitke et al., 2024; Zitkovich et al., 2023)) X X X X
Episodic RL (e.g., (Lillicrap et al., 2015; Mnih et al., 2015)) X X X X
POMDP / Recurrent RL (e.g., (Hausknecht & Stone, 2015; Lauri et al., 2022)) X v X X
Online Meta-RL (e.g., (Beck et al., 2023; Nam et al., 2022)) X X X X
Continual Learning (e.g., (Abel et al., 2023; Wang et al., 2024a)) X X v
Streaming / Real-Time RL (e.g., (Elsayed et al., 2024; Ramstedt & Pal, 2019)) X
State-Space Models / Continuous-Time RNNs (e.g., (Chen et al., 2018; Gu & Dao, 2024)) X

Latent World Models / Model-Based RL (e.g., (Hafner et al., 2025; Moerland et al., 2023)) X v X

Neuromorphic / Spiking Systems (e.g., (Schuman et al., 2017; Tavanaei et al., 2019)) v X v X
Artificial Life / Open-Ended Learning (e.g., (Kumar et al., 2024; Team et al., 2021)) v v X X

rarely central objects of study. Artificial life demonstrates
why temporal grounding matters, but often leaves unre-
solved how individual agents should remember, deliberate,
consolidate, and self-modify through a lifetime.

Summary. The pattern in Table 1 is not that current
paradigms fail to study time. Rather, they each isolate dif-
ferent fragments of temporality while relaxing or ignoring
others. This fragmentation motivates the central call of
the paper: the field should move from isolated temporal
modules toward agents that jointly satisfy the six proposed
temporal pressures.

4. Calls to Action

The six guidelines in § 2 are intended to be actionable. If
temporally grounded learning is to become a fruitful re-
search direction, the community needs new benchmarks,
agent architectures, venues, and review norms that make
time a principal object of study.

Build temporally grounded benchmark ecosystems.
The most important next step is to build public benchmark
ecosystems that make the six guidelines measurable. These
benchmarks should impose the external pressures of tem-
porally grounded learning: worlds that continue to evolve
while agents compute, observations that are partial and em-
bodied, and interactions that unfold over non-resettable life-
times. At the same time, they should include tasks that
specifically probe the agent-side capacities required to sur-
vive those pressures: bounded memory, multi-rate computa-
tion, and path-dependent self-modification.

Concretely, benchmarks should report performance along
each temporal dimension. A useful benchmark should reveal
whether an agent succeeds by genuinely handling temporal
pressure or by exploiting resets, perfect state access, paused

computation, lossless memory, or simplified observability.
Public leaderboards can give the community shared targets,
make progress measurable rather than rhetorical, and track
which temporal pressures remain unsolved over time.

Audit the temporal assumptions inside agent architec-
tures. Researchers should make the temporal assumptions
of their agents explicit. Many standard design choices
quietly spatialize time: the Markov assumption treats the
present state as sufficient; fixed context windows bound
history by construction; replay buffers turn past experience
into an indexable database; synchronous update loops force
all internal processes onto one clock; and episodic adapta-
tion mechanisms allow the agent to return to a clean base-
line. These assumptions are often useful, but they should be
treated as modeling choices rather than defaults.

We therefore call on researchers to introspect and ask, for
every proposed agent architecture: where is time actually
unfolding in this system? Is the agent learning through an
irreversible stream of experience, or optimizing over a spa-
tialized record of that experience? Does memory actively
change through recall, or is it a passive lookup table? Are
internal processes allowed to unfold at different rates, or
is the entire system advanced by one global tick? Does
the agent’s history structurally shape future learning, or is
history merely placed in a buffer? Making these assump-
tions explicit is a necessary step toward architectures that
genuinely learn through time.

Create shared venues around time. Major machine
learning conferences should host workshops, tutorials, com-
petitions, and discussion tracks where time is treated as a
first-class citizen. Temporally grounded learning cuts across
reinforcement learning, continual learning, foundation mod-
els, robotics, neuromorphic computing, artificial life, cog-
nitive science, and neuroscience. Dedicated venues can
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help establish shared terminology, benchmark standards,
evaluation protocols, and open problems. They can also
help prevent temporally grounded learning from being frag-
mented across communities that currently study different
pieces of the problem in isolation.

Reward temporally grounded work during review. The
community may also need to adjust its review norms. Re-
moving temporal affordances makes learning harder. Sys-
tems trained under autonomous world-time, partial observ-
ability, non-resettable interaction, bounded memory, multi-
rate computation, and path-dependent self-modification may
initially perform worse than systems trained with static
datasets, resettable episodes, perfect replay, and unlim-
ited offline computation. This should not automatically
be treated as failure.

Reviewers should value work that exposes, formalizes, and
studies these difficulties, even when short-term performance
is lower than highly optimized baselines. The field is al-
ready highly capable under spatialized-time assumptions.
Temporally grounded learning asks us to leave that local op-
timum. Progress may require accepting harder benchmarks,
messier experiments, and temporary regressions in headline
capability in exchange for systems that are ultimately better
suited to persistent agency.

5. Alternative Views

We briefly address several possible objections to, and inter-
pretations of, our framing. Our goal is not to settle these
questions definitively, but to clarify the scope of our claims,
distinguish temporally grounded learning from nearby ideas,
and spark further discussion.

“Don’t machine learning models already engage with time ?”’
Machine learning has indeed made substantial progress on
problems involving time. Sequence models process text,
audio, and video; reinforcement learning agents optimize
behavior over trajectories; continual learning studies non-
stationary streams; recurrent networks and state-space mod-
els maintain hidden dynamics; world models simulate future
rollouts; and foundation models increasingly operate over
long context windows. In this sense, the field has certainly
not ignored time. Temporal structures are abundant within
the modern machine learning literature. Our argument, how-
ever, is that there exists a significant gap between simply
modeling temporal structures versus operating under the
constraints of continuous real time.

“Are the guidelines too prescriptive on the agent side?”
Guidelines 4-6 do prescribe properties of the agent rather
than only properties of the task or environment. This choice
is intentional. Many temporal affordances enter through

agent design. For instance, replay buffers, context windows,
and externally managed memory all shape how the learner
relates to time. If temporally grounded learning is about
how agents experience, remember, compute, and change
through time, then agent-side assumptions must be part of
the framework.

“Are the guidelines unique or exhaustive?” No. We do
not claim that these six guidelines are the only possible
decomposition of temporally grounded learning, nor that
they are necessary or sufficient conditions for intelligence
or agency. They are a diagnostic starting point: a way to
make common temporal affordances explicit and to define
a concrete research agenda. Other decompositions are pos-
sible. Our claim is narrower: systems that satisfy these
guidelines would remove many of the artificial temporal
conveniences that current learning paradigms often rely on,
and would therefore provide a useful target for studying
learning through time.

“Can external tools satisfy the endogenous guidelines?”
Yes, in principle. A temporally grounded agent may use ex-
ternal clocks, notebooks, databases, tools, or other artifacts.
The key distinction is not whether a component is physi-
cally internal or external, but whether it is integrated into the
agent’s temporal life. External mechanisms are compatible
with temporal grounding when they are temporally costly to
access, bounded, dynamically updated, and coupled to the
agent’s ongoing activity. They become problematic when
they function as lossless archives, free computation, or reset
mechanisms that let the agent stand outside time.

“Does biology overconstrain the agenda?” No. We do
not argue that artificial agents must copy biological mech-
anisms. We use biological and cognitive evidence for a
narrower purpose: to show that the proposed temporal pres-
sures are real, consequential, and compatible with robust
learning. Natural agents learn under autonomous external
time, partial observability, irreversible lifetimes, bounded
memory, multi-rate internal processes, and path-dependent
change. We acknowledge that artificial agents may satisfy
these pressures in vastly different ways. The point is not to
imitate biology, but to stop ignoring constraints that biologi-
cal learners never get to escape.

6. Conclusion

This position paper has argued that machine learning’s en-
gagement with time remains incomplete. Rather than treat-
ing temporality only as structure in data, we proposed six
guidelines that recast time as a set of constraints on the en-
vironment and learner: autonomous world-time, partial ob-
servability, irreversible interaction, bounded memory, multi-
rate computation, and path-dependent change. We used
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these guidelines to diagnose existing paradigms, clarify
where they capture fragments of temporal grounding, and
identify concrete actions for the community.

The next step is not simply to build longer-context models,
longer-horizon tasks, or larger replay buffers. It is to build
benchmarks, architectures, and evaluation norms that force
agents to learn while time continues to pass. If artificial
agents are to help people act in a world that never pauses,
then they must learn within that unfolding world, not merely
from records of what has already happened.
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A. Detailed Discussion of Reinforcement
Learning

Reinforcement learning (RL) is the machine learning
paradigm most directly associated with learning from ex-
perience. In its standard formulation, RL models sequen-
tial decision-making as a Markov Decision Process (MDP)
given by the tuple (S, A, P,R,v), where S is the state
space, A is the action space, P denotes transition probabili-
ties, R is the reward function, and «y € [0, 1] is the discount
factor (Sutton & Barto, 2018). The agent’s decisions are
governed by a policy 7, and the objective is to find a policy
Ty that maximizes expected return:

T

J(0) = Ex, [ YRS AN

t=0

where T is the episode horizon, with 7" = oo for infinite-
horizon or continuing tasks (Sutton & Barto, 2018). This
formalism naturally captures sequential decision-making,
but it also introduces several assumptions that conflict with
temporally grounded learning.
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A.1. Engagement with Environmental Guidelines

Autonomous external time. Because of its reliance on
MDPs, time in RL is typically represented as uniformly
spaced discrete transitions governed by a control frequency
or fixed timestep. This assertion is true across environments
ranging from continuous control (Lillicrap et al., 2015)
to discrete action spaces (Mnih et al., 2015). It clashes
with Guideline 1 in two ways. First, most RL environ-
ments (Towers et al., 2026) advance synchronously with the
agent through a step () function: the environment remains
in stasis while the agent computes an action, and only then
applies its transition dynamics P. As a result, clock-time in-
ference speed and computational latency are often excluded
from the learning problem. Second, uniform discretization
simplifies the continuous nature of external time. Given a
stream of percepts refreshed at some frequency, the stan-
dard formulation assumes that the agent acts at each new
observation rather than deciding when action is needed, how
urgently it must act, or how long it can afford to deliberate.

Prior works in real-time RL have proposed augmenting the
standard MDP formulation to simulate real-time interaction
via synchronously evolving state-action pairs (Ramstedt &
Pal, 2019) or random delays by appending an action buffer
to the delayed observation (Bouteiller et al., 2021). Formula-
tions such as semi-MDPs (Bradtke & Duff, 1994) have been
proposed as continuous-time variants of MDPs, though they
remain less central in modern deep RL. Some recent work
has explored related ideas using Neural ODEs (Du et al.,
2020). We discuss options over MDPs (Sutton et al., 1999)
below, since they partially reconcile traditional MDPs with
temporally extended decisions.

Partial embodied observability. An RL problem can
be fully observable or partially observable, as in a
POMDP (Astrém, 1965). However, because POMDPs are
difficult to solve, much of RL addresses partial observability
either by approximating the problem as an MDP (Anjar-
lekar et al., 2026) or by using architectures that incorporate
history, such as recurrent neural networks (Hausknecht &
Stone, 2015). This makes RL one of the paradigms that
most directly engages Guideline 2, especially in embodied
domains such as robotics, where agents often receive only
egocentric observations of the environment (Lauri et al.,
2022).

Still, partial observability is often treated as a technical
obstacle rather than as a defining condition of temporal
experience. The use of history also raises a deeper question:
if the agent requires memory or recurrent state to act well,
then the Markovian assumption that the present state is
sufficient is no longer the right abstraction for the learner’s
actual experience. In this sense, recurrent or history-based
RL partially moves toward the persistent internal structures
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emphasized by Guideline 6, even when it remains embedded
in standard episodic training loops.

Non-resettable lifetime interaction. A central dogma in
much of RL is to view learning as optimization for a nar-
row fixed task rather than as open-ended adaptation (Abel
et al., 2024). Many of RL’s most visible successes, from
superhuman game-playing (Silver et al., 2016) to dexter-
ous robotic manipulation (Andrychowicz et al., 2020), are
built around fixed task definitions and episodic horizons.
Moving away from this framework toward infinite-horizon,
reset-free interaction, as required by Guideline 3, remains
an open research area. Some work has begun to explore
reset-free or reset-minimal settings, particularly in robotic
manipulation (Gupta et al., 2021; Zhang & Weihs, 2023).
Closely related is single-life reinforcement learning, where
an agent must complete a task within a single episode with-
out intervention while using prior experience to recover
from novelty or out-of-distribution states (Chen et al., 2022).
This framing directly targets one of the central difficulties of
non-resettable interaction: the agent cannot rely on repeated
attempts, external resets, or human correction once it enters
an unfamiliar state.

Resets act as a powerful crutch. They constrain the effec-
tive state space S, limit the exploration region, and allow
agents to escape from states in which they would otherwise
be trapped (Wan et al., 2025). Removing resets therefore
makes the problem substantially harder. Agents must not
only learn task success, but also avoid unrecoverable states,
manage accumulated consequences, and recover from mis-
takes. This compounds existing challenges in long-horizon
RL, including objective mismatch under discounting (Li
et al., 2022).

A.2. Engagement with Agent Design Guidelines

Bounded reconstructive memory. One of the grand chal-
lenges of RL is sample efficiency: we want agents that can
learn from limited experience. Foundational RL algorithms
such as TD learning, SARSA, and actor-critic methods (Sut-
ton & Barto, 2018) were originally designed for stream-
ing learning, where each transition is used to update the
policy and then discarded. However, as RL adopted deep
neural networks as function approximators, deep RL also
adopted batch-style parameter updates and replay buffers.
Replay buffers improve sample efficiency and stabilize train-
ing (Andrychowicz et al., 2017; Mnih et al., 2015; Schaul
et al., 2016), but they also conflict with Guideline 4: they
store lossless transitions and allow the learner to repeatedly
revisit identical past samples.

Recent work has shown that, with appropriate optimizers
and regularization, deep RL can sometimes be performed
in a streaming manner with performance competitive with
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batch-based methods (Elsayed et al., 2024; Vasan et al.,
2024). This result is encouraging because it suggests that
modern RL may not require lossless replay as strongly as of-
ten assumed. However, current streaming deep RL remains
limited in scope and is frequently evaluated under the same
short-horizon, resettable, episodic assumptions that domi-
nate the broader field. Its use of parametric-only memory
moves toward Guideline 4 and Guideline 6, but does not yet
provide a full account of bounded, reconstructive memory
in non-resettable lifetime interaction.

Multi-rate endogenous computation. The atomic unit of
experience in standard RL is the transition (s;, a;, ¢, S¢41),
consisting of a state, action, reward, and subsequent state.
Meaningful experience, however, often spans many transi-
tions: a search, a manipulation attempt, a social interaction,
a failure recovery, or a strategy shift may unfold over ex-
tended time. Episodes provide one engineered way to bound
such experiences. But because most single-task and even
multi-task RL (Team et al., 2021) focuses on episodic learn-
ing and execution, the field has only a limited understanding
of how agents should represent and organize experiences
over long-horizon streams of percepts.

Hierarchical RL is the subfield that most directly engages
this issue. It often uses the options-over-MDP frame-
work (Klissarov et al., 2025), in which high-level options
define temporally extended behaviors over variable-length
MDP intervals (Sutton et al., 1999). This partially addresses
Guideline 5 by introducing multiple timescales of decision-
making. However, approaches such as Option-Critic (Ba-
con et al., 2017) can suffer from option degeneracy, where
learned options collapse into non-robust or single-timestep
behaviors. Newer approaches that use a meta-controller for
internal RL remain constrained by short episodes and small
option sets (Kobayashi et al., 2025). Thus, hierarchical RL
directly engages temporal abstraction, but substantial work
remains to discover effective multi-rate structures online
and in long-lived agents.

Most RL systems also do not require agents to main-
tain internal representations of time or schedule behavior
with respect to a global temporal structure in the environ-
ment. Labash et al. (2023) show that adaptive circadian-like
rhythms and anticipatory behavior can emerge in recurrent
RL agents in a foraging environment. However, this work
remains limited to a relatively short-horizon and episodic
setting. Guideline 5 therefore remains a major open area for
RL, especially for agents that must operate longitudinally
in infinite-horizon environments.

Path-dependent self-modification. RL engages path-
dependent self-modification in two main ways: through neu-
ral parameter updates and through continual RL. Continual
RL focuses on agents that can adapt indefinitely (Abel et al.,
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2023), making it naturally relevant to Guideline 6. However,
continual RL often still violates Guideline 3, since many
problems remain tethered to episodic structures and are
framed as sequential task learning (Wolczyk et al., 2021).

Despite these limitations, continual RL has become an im-
portant setting for studying the stability-plasticity tradeoff
in deep learning. Neural networks are known to suffer from
catastrophic forgetting (Kirkpatrick et al., 2017) and plas-
ticity loss (Dohare et al., 2024; Juliani & Ash, 2024; Lyle
et al., 2023). These phenomena are directly relevant to tem-
porally grounded learning because they concern how an
agent’s internal structure changes over time while attempt-
ing to remain both stable and adaptable. Thus, continual RL
addresses important aspects of Guideline 6, even though it
usually does so within temporal abstractions inherited from
standard RL.

A.3. Summary.

RL provides many ingredients for temporally grounded
learning: interaction, sequential decision-making, partial
observability, streaming updates, temporal abstraction, and
continual adaptation. Yet, standard RL also spatializes
time through synchronized steps, resettable episodes, re-
play buffers, and evaluation protocols that focus on final
task performance. Reset-free RL, reset-minimal RL, single-
life RL, streaming RL, hierarchical RL, POMDP methods,
and continual RL each address important fragments of the
problem. However, no dominant RL formulation currently
treats all of our proposed guidelines as simultaneous design
constraints.

B. Detailed Discussion of Transformer-Based
Foundation Models

We next consider transformer-based foundation models
trained through supervised or self-supervised learning. This
category includes large language models (LLMs) (Team
et al., 2024; Yang et al., 2025), vision-language models
(VLMs) (Deitke et al., 2024), and the emerging class of
vision-language-action models (VLAs) (Black et al., 2025;
NVIDIA et al., 2025; Zitkovich et al., 2023). These mod-
els have transformed modern machine learning and provide
powerful mechanisms for representing temporal data. How-
ever, they also exemplify the spatialization of time: experi-
ence is converted into token sequences, context windows,
and static training corpora.

B.1. Engagement with Environmental Guidelines

Autonomous external time. Most foundation models use
transformer architectures that perform sequential prediction
over tokens. Tokens are the atomic units of experience:
strings of text (Sennrich et al., 2016), image patches (Doso-
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vitskiy et al., 2021), or action chunks (Zhao et al., 2023) are
converted into vector embeddings and combined with posi-
tional encodings (Chen et al., 2021; Vaswani et al., 2017)
to locate each token within a sequence. This structure is
powerful, but it represents time as positions in an indexable
context window. During inference, the model typically as-
sumes that the relevant world is static while the forward
pass or autoregressive generation unfolds.

This conflicts with Guideline 1. The model is not usually
constrained by the fact that the external world continues
to evolve during inference, and its internal objective does
not account for the latency of decision-making. In embod-
ied domains, this can be catastrophic: a delayed action
may no longer be appropriate by the time it is executed.
This problem has already affected VLAs in the physical
world, leading researchers to engineer mechanisms around
the temporal limitations of large models (Black et al., 2026).
Thus, foundation models currently fail to meet Guideline 1:
they spatialize time through context windows, assume the
world is effectively in stasis during inference, and lack na-
tive mechanisms for reasoning about the world-time cost of
computation.

Partial embodied observability. The Big World Hypoth-
esis (Javed & Sutton, 2024) argues that the world relevant
to a learning problem is orders of magnitude larger than
the agent, and therefore can never be fully observed. Foun-
dation models respond to this problem indirectly. In lan-
guage, they sidestep partial observability through exten-
sive pretraining (Radford & Narasimhan, 2018) and over-
parameterization (K et al., 2025), which can give them broad
statistical coverage of many situations. This has been pow-
erful in language domains, but it is not the same as learning
through a narrow embodied sensory stream.

In the physical world, VLAs still struggle with out-of-
distribution generalization (Li, 2026). Moreover, recent
work shows that LLMs can fail catastrophically even in
fully observable puzzle games with unconventional mechan-
ics and long-horizon planning requirements (Earle et al.,
2025). These failures align with the challenge posed by the
Big World Hypothesis. Foundation models partially engage
Guideline 2 through scale and pretraining, but they do not
yet fully address the problem of situated, partial, ttemporally
unfolding observability in big worlds.

Non-resettable lifetime interaction. An ideal foundation-
model agent might operate longitudinally without resets for
as long as its context window permits. This ambition has
helped motivate techniques for extending context length in
LLMs (Wang et al., 2024b). However, many studies have
observed that LLM performance degrades substantially over
long contexts (Du et al., 2025; Li et al., 2025; Zhou et al.,
2025). As context grows, the odds of accumulated error
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increase while the ability to recover may degrade. The
practical solution is often to clear the context and begin a
new instance of the model.

This solution violates Guideline 3. Clearing the context
functions as a reset: it discards the transient interaction
history and returns the model to a clean baseline. It also
weakens Guideline 6, because the agent’s trajectory does not
necessarily leave a durable structural trace. Long context
windows can simulate persistence for a limited time, but
they do not by themselves provide non-resettable lifetime
interaction.

B.2. Engagement with Agent Design Guidelines

Bounded reconstructive memory. Foundation models
rely on two broad forms of memory: parametric memory
formed during pretraining and non-parametric memory sup-
plied through the context window. We return to parametric
modification below in relation to Guideline 6. For Guide-
line 4, the central issue is that context-window memory is
not a bounded reconstructive memory system in the rele-
vant sense. Context engineering studies how to design and
optimize the information payload within the context win-
dow (Mei et al., 2025), and this process can be dynamic in
practice. However, it typically occurs outside the model and
within the same spatialized token sequence that the model
attends over.

External memory mechanisms such as retrieval-augmented
generation (RAG) extend this paradigm by connecting the
model to a content-addressable vector database (Lewis et al.,
2020). Similar RAG-style memories have also been ex-
tended to the VLA domain (Shi et al., 2026). These mech-
anisms are useful, but they generally treat memory as a
static store of retrievable content. They therefore conflict
with Guideline 4, which emphasizes memory as selective,
compressive, revisable, and altered by recall. RAG-style
memory can preserve and retrieve the past, but it can also
allow agents to rewind time through lossless recall.

Multi-rate endogenous computation. Transformer-
based foundation models operate primarily on a single
token-based and positional timescale. Tokens are the atomic
units of experience, so higher-level temporal abstractions
must be composed over token sequences. This is especially
visible in VLAs, where researchers must decide what
temporal abstraction should be represented by a single
action chunk (Zhao et al., 2023). Such engineering is
useful, but it differs from the kind of internal multi-rate
organization described by Guideline 5.

Chain-of-thought prompting provides an apparent form of
slower reasoning, since the model generates intermediate
natural-language steps before producing a final output (Wei
et al., 2022). However, this process still unfolds through
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the same autoregressive token loop. It generally ignores
the external world while reasoning, leaving no room for
interruption or feedback during the deliberative process, and
the system as a whole remains governed by a single extended
generation process. Thus, chain-of-thought can increase the
amount of computation, but it does not by itself provide
multi-rate endogenous computation. It may even exacerbate
the tension with Guideline 1 by increasing latency while the
world continues to evolve.

Path-dependent self-modification. Foundation models
primarily engage Guideline 6 through in-context learning
and fine-tuning. In-context learning allows language models
to adapt behavior to new tasks using demonstrations placed
in the context window (Brown et al., 2020; Dong et al.,
2024). However, these demonstrations persist only as long
as the context remains useful, and their effects can degrade
over long contexts (Li et al., 2025). Unlike the biological
examples discussed in § 2.6, language models do not au-
tonomously improve through repeated practice of the same
skill via in-context learning; they may even decline as the
context becomes longer or less stable. Moreover, because
context windows spatialize time, history is not necessar-
ily structurally formative: models often perform best when
relevant information appears at the beginning or end of the
context rather than in the middle (Liu et al., 2024). For these
reasons, in-context learning is not a sufficient response to
Guideline 6.

Beyond the context window, there is a broad literature
on modifying the parametric memory of language mod-
els through supervised fine-tuning (Zhang et al., 2026) and
RL (Ouyang et al., 2022). However, because these models
are large and relatively rigid, structural modification typi-
cally requires substantial data and computation (Vieira et al.,
2024; Xia et al., 2024), or techniques that alter only a subset
of parameters, such as low-rank adaptation (LoRA) (Hu
et al., 2022). These updates can also suffer from fundamen-
tal deep learning issues such as catastrophic forgetting (Luo
et al., 2025). Although there are promising signs in adapt-
ing VLAs with LoRA and RL fine-tuning (Hu et al., 2026),
sample efficiency remains far from human-level adaptation.
In practice, these challenges often lead practitioners to re-
train models from scratch (Baek et al., 2026), highlighting
unresolved structural issues in how large foundation models
alter their internal representations from narrow streams of
experience. Current foundation models therefore contain
mechanisms that approximate self-modification, but they
do not yet provide effective autonomous self-modification
through lived experience.

B.3. Summary.

Transformer-based foundation models have transformed se-
quence modeling and provide powerful machinery for rep-
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resenting temporal structure. However, they largely learn
from static corpora, operate through context windows, and
adapt through transient prompting or externally orchestrated
fine-tuning. They therefore excel at learning about temporal
data, but do not yet learn through irreversible world-time.
Their limitations are especially visible in embodied settings,
where latency, partial observability, recovery, memory dy-
namics, and lifetime adaptation become central.



