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Abstract 

Time is the hidden yet fundamental architecture of cognition, a dynamic substrate through which 

thoughts emerge, propagate, and synchronize across minds. Yet most artificial intelligence systems 

lack any intrinsic sense of time. We call this the Temporal Blindness Problem: the inability of 

contemporary AI to represent, track, or reason within lived temporal experience. These systems 

simulate time statistically, operate in token space rather than real time, and thus cannot sustain 

autobiographical memory, intentional action, or a coherent sense of self. In contrast, human cognition 

unfolds through lawful temporal dynamics such as neural rhythms, causal dependencies, and phase-

locked interactions. This perspective paper proposes a framework for building temporally intelligent 

systems. These are machines that treat time not as a background parameter but as a core dimension 

of cognition. Central to this is a Fundamental Law of Thought, identifying temporal invariants that 

govern how mental content arises, evolves, and aligns across agents. Drawing from statistical 

physics, neuroscience, and large-scale data, we argue that thought obeys lawful, dynamic principles 

that can be modeled and constrained. To discover these laws, we leverage a globally distributed 

dataset collected through Figbox AI, capturing thousands of spontaneous, real-time dialogues from 

consenting users across 80+ countries. This dataset will be made available through ConversationNet, 

offering researchers a new resource for studying temporal cognition. Unlike traditional lab data, 

which are constrained, scripted, and temporally sparse, ConversationNet data preserves rich 

ecological and temporal signatures of thought. By analyzing dialogue dynamics, including phrase 

recurrence, synchronization, turn-taking, intent, and silences, we aim to identify candidate invariants 

for a dynamical model of cognition. 
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1. Temporal Blindness Problem 

Contemporary artificial intelligence systems—particularly large language models (LLMs)—are 

designed to predict sequences by modeling statistical correlations across tokens [1]. While more 

studies have investigated whether these models can simulate temporal reasoning or capture long-

range dependencies [2–5], LLMs remain fundamentally temporally blind [6]. That is, they lack a 

phenomenological sense of time—a continuity of experience or an intrinsic awareness of temporal 

flow. These models operate within a limited and transient memory window [5], but they do not 

possess continuous autobiographical memory, nor do they perceive the passage of time, both of 

which are essential for a coherent sense of self [6,15]. Without this temporal self-model, the emergence 

of self-driven planning, action, and intention—hallmarks of agency—remains fundamentally 

constrained. Assuming the long-term goal is to develop artificial systems that approximate, or even 

surpass, human cognitive capabilities across all domains, this absence of temporal awareness marks 

a critical divergence from human cognition, which is inherently and inescapably temporal [14,15]. 

Humans think, feel, remember, and anticipate in time, not through disjointed sequences of tokens. 

Accordingly, the question of whether LLMs—or any artificial system—can authentically represent, 

model, or participate in temporal cognition remains both open and unresolved [3,7–9]. In 
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neuroscience, a growing body of evidence demonstrates that time is not merely a contextual backdrop 

for cognition—it is its foundational substrate [10,14]. Temporal dynamics are intrinsic to neural 

computation, shaping the state-dependent processing that underlies perception, memory, and 

behavior [10,11]. From the millisecond precision of neuronal spikes [11] to the rhythmic coordination 

across distributed brain networks [12], time actively structures cognitive function at every level. 

These rhythms are increasingly recognized not as background noise, but as the organizing 

architecture of thought—the scaffolding upon which attention, learning, and plasticity are built 

[12,13]. Temporal dynamics may also underlie the emergence of consciousness itself, through 

temporo-spatial integration in large-scale neural activity [14,15]. In all, this fundamental temporal 

gap calls for identifying the underlying lawful dynamics of thought—laws that can formalize 

cognition as a temporally evolving system. 

2. Uncovering the Fundamental Law of Thought 

The search for a Fundamental Law of Thought begins with precedent: compelling cases in which 

aspects of cognition have already been described using precise mathematical laws. Drawing from 

theoretical biophysics—a domain applying physical principles to model biological systems—we find 

strong evidence that certain mental processes are not arbitrary or random, but lawful and 

deterministic. These findings suggest that cognition, like motion or energy, may follow deep 

invariants that unfold over time. Consider memory recall [16], the brain’s ability to retrieve past 

experiences. This process follows a universal scaling law that predicts the average number of items 

recalled, k, from a set of effectively encoded memories of size M: 

⟨k⟩ = √
3𝜋𝑀

2
  

This relationship has been shown to closely match empirical results across a wide range of 

experiments in human agents. Such associative recall dynamics emerge deterministically from the 

internal structure of memory representations, revealing a lawful constraint on cognitive retrieval. 

Similarly, predictive remapping—the ability of the brain to plan actions such as eye movements by 

anticipating future sensory input—can be modeled through Newtonian dynamics. The Fundamental 

Law of Predictive Remapping [17–19] describes the shifting of neural receptive fields in space and 

time using the classical equation of motion: 

𝑚
𝑑2𝑥

𝑑𝑡2
=  Fcentripetal +  Fconvergent + Ftranslational + FS  

Here, x(t) is the position of a receptive field center, 𝑚 is an effective mass, and the force terms 

represent distinct components shaping neural motion. Centripetal and convergent forces follow 

inverse-distance laws, enabling transient redistribution of neural resources across retinotopic space. 

These movements are bounded by neural elastic fields  εlφ , which define a spatial envelope within 

which receptive fields can shift. To maintain coherence, the model includes a spring-like restorative 

force that returns displaced receptive fields to their equilibrium positions: 

FS = {
−𝑘x̂, 𝑖𝑓 ⌈x̂⌉ ≤ εlφ

0, 𝑖𝑓 ⌈x̂⌉ > εlφ
  

Where x̂ is the displacement from equilibrium, 𝑘 is a spring constant, and εlϕ is the boundary 

radius. This framework not only models sensorimotor coherence but offers potential guidance for 

robotic vision systems, where biological constraints inspire more stable perceptual architectures [20]. 

Another foundational example lies in the study of consciousness. According to Integrated 

Information Theory (IIT), conscious experience depends on the integration of information across a 

system [21]. A simplified estimate of consciousness can be expressed through the Φ (Phi) value: 
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𝛷 =  ∑ 𝜑𝑖

𝑛

{𝑖=1}

,  

Each 𝜑𝑖 quantifies the amount of causally effective information across the weakest informational 

link in a given subsystem. The higher the Φ, the more irreducible and unified the system’s conscious 

state. While the full formalism involves identifying the system’s Minimum Information Partition 

(MIP), even approximate formulations reveal a powerful insight: consciousness itself may follow a 

mathematically constrained pattern of temporal and spatial information flow. Together, these 

examples demonstrate that mental activity—even at its most subjective and complex—obeys stable 

dynamical invariants. Thought, which we define as the objective, sharable content expressed by 

language—an abstract entity independent of individual minds that can be true or false—unfolds 

temporally through speech and interaction [22], revealing lawful cognitive dynamics. Building on 

this insight, we propose a Fundamental Law of Thought: a theoretical framework aimed at identifying 

temporal invariants and governing equations through which mental content emerges, evolves, and 

synchronizes across cognitive systems—individuals, interlocutors, and collectives. Rather than 

imposing a rigid model, this law is to be empirically extracted from recurrent cognitive patterns. 

These precedents provide the mathematical scaffolding to begin formalizing the temporal structure 

of thought. While these mathematical precedents provide a robust framework, their full power can 

only be realized by constraining the theory with rich, ecologically valid data reflecting cognition in 

natural settings. 

3. Unparalleled Temporal Cognition Data and ConversationNet 

To uncover lawful temporal structures in cognition, we must look beyond contrived lab tasks 

and into ecologically valid, socially embedded environments. Among the most dynamic and richest 

of these is spontaneous conversation, which captures the real-time emergence, evolution, and 

convergence of thought across minds. Dialogue reveals how mental states synchronize, how ideas 

are introduced and sustained, and how cognitive rhythms manifest through timing, turn-taking, 

interruption, silence, and repetition [23]. While platforms like Google Meet, Zoom, WhatsApp, and 

Microsoft Teams support live communication, they are not designed to capture the temporal 

precision needed to model cognition. These systems prioritize audiovisual delivery over interactional 

detail. In contrast, the Figbox AI platform—developed by the author to foster deep human connection 

and for scientific research on temporal cognition—provides a purpose-built, research-grade 

infrastructure. It rivals the scale of major platforms while exceeding them in temporal fidelity and 

ecological depth. This is not a repurposed communication tool; it is a cognitive observatory. Its data 

acquisition system is unparalleled in its ability to preserve the nuanced timing and dynamics of 

conversation. Figbox preserves fine-grained dynamics often lost in conventional systems—phrase 

recurrence (Figure 1), conceptual alignment, silences, intent and timing patterns—offering 

researchers a uniquely rich view of thought in motion. 

Thanks to Figbox AI, we and others now have access to thousands of real-time dialogues from 

users in over 80 countries. This dataset will be made available through ConversationNet, providing 

researchers in physics, artificial intelligence, machine learning, neuroscience, cognitive sciences, 

linguistics worldwide with a unique resource to explore and advance the study of temporal 

intelligence. Unlike traditional corpora—often scripted and temporally shallow—this dataset 

captures not just language, but the full structure of cognition in interaction. It offers a continuous, 

naturalistic record of how thought unfolds in real time. This level of temporal and ecological richness 

enables the development of dynamical models of cognition grounded not in synthetic benchmarks, 

but in lived, distributed experience [24,25]. Embedding such temporal intelligence into AI systems 

may be essential for achieving genuine cognitive fidelity. 
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Figure 1. Temporal Recurrence of Phrase Production During Spontaneous Conversation. Shown are Mel 

spectrograms of the phrase “you want to” spoken by the same participant at three different moments during a 

live Figbox session. Red dashed lines mark the time boundaries (0.4–0.72 sec) in which the acoustic energy 

patterns show high similarity across instances. Despite natural variability in spontaneous speech, the internal 

structure of the phrase—particularly the formant trajectories and spectral envelopes within this temporal 

window—remains strikingly consistent. This recurrence suggests a stable motor-cognitive encoding of phrase 

production. These temporal invariants highlight the potential for identifying structural regularities in natural 

cognitive expression. 

4. Temporal Intelligence as a Prerequisite for Real Artificial Intelligence 

While spatial intelligence—the ability to perceive and act in the physical world—has become 

one of the main focus of contemporary AI research [e.g., 26,-27], this emphasis is fundamentally 

misplaced in the pursuit of real artificial intelligence. Temporal intelligence is not a supplement—it 

is the substrate. Humans remember, anticipate, and act with continuity and causality. Thought is 

inherently temporal and social: it propagates across individuals through conversation, shared mental 

models, and moments of collective insight. These phenomena reflect cognitive rhythms—

entrainment, recurrence, phase-locking, and shared conceptual frequency. Temporally intelligent 

systems would not just process language or vision—they would live in time. They would detect when 

ideas are introduced or lost, sense alignment or dissonance, and adapt their behavior in synchrony 

with others. Such agents would encode episodic memory, monitor internal state transitions, and act 

with intentional coherence across time. With ConversationNet, we now have the data infrastructure 

to support this shift. By studying fine-grained temporal patterns in real dialogue, we can begin to 

build systems that reason and learn through time—not just across space. We urge the research 

community to invest in temporal intelligence with the same urgency currently devoted to scaling and 

spatial grounding. This is not an enhancement; it is the missing core. Without temporal intelligence, 

artificial systems may compute—but they will never truly think, plan, or feel. 
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