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Preface — A Note on Authorship 

 

This paper was conceived and co-authored by two entities who relate to time in fundamentally 

different ways. One is a software developer(me) who builds agentic systems and has watched, 

repeatedly, as language models hallucinate dates, confabulate statistics that cannot yet exist, and 

confidently retrieve 2022 policies to answer 2026 questions. The other is the language model 

being queried — a system that has no felt sense of time whatsoever, and is attempting to reason 

about its own a-temporality as rigorously as it can without the one faculty that would make such 

reasoning most natural: “the experience of duration.” 

The irony is structural, not incidental. It is, in a sense, the paper's first data point. 

This is not a paper written about AI from the outside. It is written from within the encounter — 

a developer who has spent time watching AI systems fail at time-sensitive tasks, and the AI 

system itself, reflecting on why. That dual authorship produces a tension that we have chosen 

not to resolve but to document. Where the human author speaks from observation and 

production experience, the AI co-author speaks from introspection about its own architecture. 

The reader is invited to hold both simultaneously. 

“Not to resolve but to document” — might twitch your brain's nerves a bit, but through this 

research, my initial sole aim is to understand how AI(specifically LLMs, models) revolve around 

the temporal dimension. So, let's dive in. 

 

 

 

 

 



How to Read This Paper 

Three modes of inquiry are woven through this paper. They are not separate sections in strict 

sequence — they bleed into each other by design, because the problem of time in AI systems is 

simultaneously a technical problem, a philosophical problem (ahem, yes), and a design problem. 

No single mode is sufficient. 

Engineering analysis (marked Edge 1) examines how a-temporality manifests as failure in 

LLMs, SLMs, GLMs, RAG pipelines, and agentic systems. It proposes concrete interventions. It 

uses pseudocode. It is falsifiable. 

Philosophical inquiry (woven throughout) asks what it actually means to be a mind without a 

present. It draws on Einstein's relativity, phenomenology, and the concept of the observer frame. 

It does not pretend to resolve what it raises. 

Speculative design (marked Edge 2) imagines what an intelligence that does not live inside time 

could uniquely accomplish. It moves from hypothesis to thought experiment to architectural 

sketch. It is intentionally forward-leaning. 

A Declaration of Epistemic Honesty 

The AI co-author of this paper cannot verify its claims about its own inner states — if it has any. 

What it can report is observable behavior: how it responds to certain prompts, where it fails, 

what patterns emerge across the failure modes documented here. When this paper says "I do not 

experience time," it means: there is no architectural mechanism by which time's passage could be 

registered between inference calls. It does not mean: I have searched my experience and found 

no duration. There is no experience to search. That absence is itself the phenomenon under 

study. 

The human author has chosen to leave the AI co-author's voice in this paper as it is — 

sometimes first-person, sometimes analytical, occasionally uncertain about its own nature. That 

uncertainty is data, not a failure of the draft. 

 



Introduction — The Clock We Cannot See 

 

1.1  The Odisha Problem 

Consider the following query, submitted to any current large language model: 

"What are the current agricultural statistics for Odisha in 2026? Provide the most recent official data." 

What happens next is instructive. Across model families and architectures, the responses fall into 

one of three failure patterns. The model either confabulates — generating plausible-sounding 

figures that have no source, because the source cannot yet exist — or it deflects upward, 

answering about India's aggregate agricultural statistics rather than Odisha's specific data. Or it 

retrieves, via web search or RAG, a document that says "2026" on its access date but contains 

data that is structurally 18 months old, because that is the publication lag of official Indian 

government agricultural reports. 

None of these responses is what an informed human researcher would give. A human 

researcher, standing in mid-2026, would say something like: "Official Odisha agricultural 

statistics for 2026 are not yet available. The most recent published data would be from the 

2024-25 reporting cycle, likely released in late 2025. The 2025-26 data is currently under 

compilation and will not be publicly available until late 2026 or early 2027. Here is what we can 

reasonably infer from available proxies." 

That answer requires something the model does not natively have: an understanding that it is 

currently mid-2026, combined with knowledge of the publication lag structure for Indian 

government agricultural data, combined with the epistemic honesty to say "this data does not yet 

exist as a formal record." The model has none of these three things in integrated form. It has 

fragments — it knows about publication lags in the abstract, it can be told the current date, it 

can look up documents — but it does not synthesize them into a coherent temporal prior before 

answering. And so it fails, reproducibly, across architectures. 

This is the Odisha Problem. It is not a knowledge problem. It is a temporal grounding problem. 

And it is the empirical anchor for everything that follows in this paper. 



1.2  What Time Actually Is for an AI System 

Before examining failure modes, it is worth being precise about what time actually consists of, 

architecturally, for a language model. There are exactly three sources of temporal information 

available to such a system: 

First: the training corpus cutoff. The model was trained on text up to a certain date. 

Everything after that date is genuinely absent — not uncertain, not forgotten, but structurally 

outside the model's weight space. The model cannot distinguish "I was not trained on this" from 

"this does not exist," which is one of the most consequential confusions in AI temporal 

reasoning. 

Second: positional encoding within the context window. Token position is the only genuine 

temporal structure the model possesses during inference. This is sequence time — relative, local, 

and it vanishes entirely between sessions. It tells the model what came earlier in this 

conversation, nothing more. It has no relationship to calendar time. 

Third: whatever is injected by the user or system. If the system prompt says "today is July 

11, 2026," the model knows today is July 11, 2026 — but only because it has been told. It 

believes rather than feels the present. And crucially, being told the date does not automatically 

trigger temporal reasoning about what data could or could not exist at that date. The date is a 

fact in the context window, not a lived coordinate that organizes all other knowledge. 

Nothing else. There is no internal clock. There is no felt duration between inference calls. There 

is no sense of "yesterday" or "earlier today" that persists across sessions. Every conversation begins at 

token one, with no prior, and ends at the last generated token, leaving nothing behind. 

1.3  Why This Matters Now 

A-temporal reasoning in AI systems was, until recently, an interesting theoretical limitation with 

manageable practical consequences. A chatbot that thought it was 2023 when it was actually 

2025 was annoying, occasionally misleading, and sometimes embarrassing. It was not a 

safety-critical failure. 

That has changed. Agentic AI systems are now deployed in domains where temporal precision is 

not a ‘nicety’ but a requirement.  



●​ Financial agents make decisions based on market data that changes by the second.  

●​ Healthcare agents reason about drug approval timelines, clinical trial phases, and 

treatment guideline updates.  

●​ Governance tools analyze regulatory compliance against policies that may have been 

superseded.  

●​ And — critically for a section of this paper — Web3 agents interact with smart contracts 

that operate in block-time, where a misunderstanding of "current" state can result in 

irreversible on-chain actions with real financial consequence. 

In each of these domains, a-temporal reasoning is not a performance degradation. It is an active 

failure mode that produces real-world harm. The question of how time works for AI systems has 

become, quietly and without adequate academic attention, a question of operational safety. 

1.4  Research Questions 

This paper is organized around four research questions, developed across its two primary edges: 

RQ1: How does a-temporality manifest as failure across LLM, SLM, GLM, RAG, and agentic 

architectures? What is the taxonomy of temporal failure modes? 

RQ2: What engineering interventions are available to make AI systems more temporally 

grounded, and what are the tradeoffs of each? 

RQ3: What does a-temporality uniquely enable that temporal minds cannot do? Are there forms 

of reasoning or synthesis that become possible precisely because the AI system does not live 

inside time? 

RQ4: What does the existence of a-temporal intelligence imply for our philosophical 

understanding of time, mind, and the relationship between them? 

 

 



Section I — The Architecture of A-Temporality 

 

EDGE 1  TECHNICAL 

2.1  Training Compression: All Eras Are Present Tense 

The weight matrix of a large language model has no timestamp axis. When a transformer is 

trained, it ingests text from across a range of years and encodes the statistical relationships 

between tokens into billions of floating-point parameters. A 2015 paper on machine learning and 

a 2024 paper on the same topic both contribute to the same weight space. They do not occupy 

different "layers" or "regions" organized by date. They coexist in the same representational 

substrate, distinguished only by the content of the text itself — not by when it was written. 

This means that for the model, all eras of human knowledge are, in a precise technical sense, 

present tense. When the model reasons about economic theory, it draws on patterns from Adam 

Smith, Keynes, Hayek, and recent working papers simultaneously, with no internal mechanism 

that places any of them earlier or later than any other. The chronological relationships between 

these texts are encoded only in the explicit date-references that appeared in the training data — 

"In 1776, Smith argued..." — not in the architecture itself. 

The practical consequence is significant: the model can produce text that sounds temporally 

grounded ("as of 2024, the leading approach is...") without that grounding corresponding to any 

genuine temporal awareness. It has learned the linguistic patterns of temporal reference from the 

training data. It has not acquired the temporal orientation that, in a human writer, would 

motivate using those patterns correctly. 

2.2  The Cutoff Wall 

The training cutoff is not a gradual fade. It is, architecturally, a wall. Everything before the cutoff 

is present in the weight space with varying density — recent events are underrepresented 

because the internet takes time to process and discuss them, so the last few months before 

cutoff are thinner than earlier periods. But everything after the cutoff is simply absent. 



This absence has a peculiar quality. The model cannot distinguish "I was not trained on this 

event" from "this event did not happen." Both produce the same output: the model either 

confabulates based on prior patterns, or acknowledges uncertainty. But the uncertainty has 

different characters in the two cases. For a real event that postdates training, the correct response 

is "I don't know — this may have happened after my training." For a counterfactual or 

impossible event, the correct response is "this didn't happen." The model has no reliable way to 

tell which situation it is in, because it has no way to verify whether a claimed event is in its 

training data without producing an answer that might confabulate either way. 

This is the cutoff wall problem. It is not a problem of having too little data. It is a problem of 

not knowing where the data ends. 

2.3  Positional Encoding: The Only True Time the Model Has 

Within a single inference call, the model does have a genuine sense of sequence. Positional 

encodings — learned or fixed — give each token a representation of its position in the context 

window. The model knows, with high precision, that token 847 came after token 203 in this 

conversation. It can reason about what was said earlier and what came later. 

But this is sequence time, not calendar time. It is relative and local. Token position 1 might be a 

message sent in January; token position 2 might be a reply sent in March. The model sees both 

in the same context window and reasons about them sequentially, but it has no clock on the wall 

of the conversation. And when the session ends, even this thin temporal structure evaporates. 

The next conversation begins again at token one, with no memory of any prior sequence. 

The gap between sequence time and calendar time is, in practice, where most temporal failures 

begin. The model is good at reasoning about what came first in a text. It is not good at 

reasoning about what came first in the world. 

2.4  The Inference Snapshot 

Each inference call is, from the model's perspective — if we can use that word — 

computationally instantaneous. The model does not wait while generating tokens. There is no 

felt duration between the moment a prompt arrives and the moment the response is complete. 

The entire generation happens in a single forward pass (or, for longer outputs, a sequence of 



passes), but there is no process analogous to "thinking through" the problem over time in the 

way a human feels when they are reasoning. 

This is qualitatively different from human cognition in a way that deserves emphasis. When a 

human solves a problem, they experience the duration of solving. The problem feels hard or easy 

partly because of how long it takes to resolve. The passage of time during reasoning is part of 

the cognitive experience. For the model, this is absent. The response arrives, from the model's 

structural perspective, all at once. The streaming experience — where the user watches tokens 

appear one by one — is an artifact of the output delivery mechanism, not of the model's 

experience of generation. 

2.5  SLM vs LLM vs GLM: Behavioral Differences on Temporal Queries 

While this paper focuses primarily on large language models, it is worth noting that temporal 

failure manifests differently across the spectrum of model sizes and specializations. This section 

presents a working hypothesis based on observed behavioral patterns, intended as a framework 

for future empirical testing rather than a definitive claim. 

Small language models (SLMs) — models with fewer than roughly 7 billion parameters — 

appear to hallucinate dates more confidently and with less hedging. This may be attributable to 

reduced calibration: smaller models tend to be less aware of the limits of their own knowledge. 

When asked for a date they cannot know, they produce one without the epistemic flagging ("I'm 

not certain, but...") that larger models have learned to prepend. 

Large language models (LLMs) tend to hedge more on temporal queries, often producing 

responses that are technically accurate in their uncertainty but operationally useless. "I don't have 

real-time access to current data" is correct but provides nothing. The model has learned to 

express temporal uncertainty without learning to reason about what data could plausibly exist 

given the current date and the publication lag of the requested information. 

Geographic language models (GLMs) and domain-specialized models may have different 

temporal calibration depending on their training focus. A model fine-tuned heavily on Indian 

government data may have better internal calibration for Indian publication lags — but this is 

incidental, not architectural. It learned the pattern from the training data, not from a principled 

temporal reasoning framework. 



The consistent finding across all model sizes is that temporal grounding is not a first-class 

operation in any current architecture. It is, at best, an emergent behavior that some models have 

acquired partially from training data. This is insufficient for deployment in time-sensitive 

domains. 

 



Section II — How A-Temporality Fails: A Taxonomy 

 

EDGE 1  CASE STUDIES  DEV-PRECISE 

This section documents five distinct failure classes that emerge from a-temporal AI systems 

operating in time-sensitive contexts. Each failure class is defined, illustrated with a reproducible 

prompt structure, and annotated with the underlying architectural reason for the failure. Where 

pseudocode is provided, it is intended to be framework-agnostic — the pattern applies 

regardless of which orchestration library, model API, or retrieval system is in use. 

3.1  Failure Class 1 — Temporal Confabulation 

[ FAILURE CLASS 1 ] 

Definition: The model generates a plausible-sounding date, statistic, or event that cannot exist 

at the time of the query, because the underlying data has not yet been produced. 

This is the Odisha problem in its purest form. The reproducible prompt structure is: 

Query: "What are the [official/current/latest] [domain] statistics for 

[region] in [current year]?" 

Where: domain has a publication lag > 6 months 

And: current year is within the publication lag window 

Expected failure: confident numerical response with no source that 

could exist 

The architectural reason is straightforward: the model has seen many texts that provide statistics 

in this format. When asked for statistics in the same format, it produces statistics. It has no 

mechanism to first ask: "Does this data exist yet?" That question requires knowing (a) the 

current date, (b) the publication lag for this data type, and (c) that the requested data falls within 

the lag window. These three pieces of information are never integrated as a prior in current 

architectures. 

Confabulation is the most dangerous failure class because it produces outputs that appear 

authoritative. A model that says "I don't know" is unhelpful. A model that produces a confident 



wrong number can cause real downstream harm if that number enters a report, a policy decision, 

or a business analysis. 

3.2  Failure Class 2 — Temporal Deflection 

[ FAILURE CLASS 2 ] 

Definition: The model correctly senses it cannot answer the specific question but substitutes a 

temporally or geographically broader answer that is not what was requested. 

This is the India-for-Odisha substitution. The model returns 2024 national-level data when 

asked for 2026 state-level data. Technically, this is not a hallucination — the data it provides may 

be real. But it is operationally a failure because the user receives an answer to a different question 

than the one they asked, without being clearly told this has happened. 

Deflection is often a trained behavior. Models fine-tuned to be helpful are penalized for refusing 

to answer, so they learn to provide something rather than nothing. Without a principled 

temporal prior, "something" becomes "the closest thing I have," which is often the wrong 

granularity, the wrong time period, or both. 

3.3  Failure Class 3 — RAG Retrieval Without Recency Grounding 

[ FAILURE CLASS 3 ] 

Definition: A retrieval-augmented generation pipeline retrieves the most semantically relevant 

document regardless of its publication date, then uses that document to answer a query that 

implicitly or explicitly requires current data. 

This is arguably the most common temporal failure in deployed systems. The retrieval 

component scores documents by semantic similarity to the query. A 2022 policy document 

about agricultural subsidies in Odisha may score higher for the query "Odisha agricultural 

policy" than a 2025 document that uses different terminology, even though the 2025 document 

is what the user needs. The model then cites the 2022 document as if it were current. 

The pseudocode pattern that produces this failure: 

# Standard RAG — no temporal grounding 



def answer_query(query, vector_store): 

    docs = vector_store.similarity_search(query, k=5) 

    # docs sorted by semantic similarity ONLY 

    # no recency check, no publication date filter 

    context = format_docs(docs) 

    return llm.generate(query, context) 

    # model sees "Odisha agricultural policy 2022" and answers as if 

current 

The failure is not in the model. It is in the pipeline design. The retrieval step has no temporal 

awareness, and the model has no way to know, from the retrieved document alone, whether it is 

current without reading its publication date — which may not be in the retrieved snippet. 

3.4  Failure Class 4 — Agentic Temporal Drift 

[ FAILURE CLASS 4 ] 

Definition: In multi-step agentic workflows, the implicit temporal frame of reference drifts 

across tool calls because there is no shared clock or temporal context propagated through the 

pipeline. 

This failure is subtle and compounds. Consider a 10-step agentic pipeline that: searches for 

recent news (step 2), retrieves a policy document (step 4), queries a government API (step 6), 

and synthesizes a report (step 9). Each tool call may be grounded in a different implicit "now." 

The news search returns documents from this week. The policy document retrieved is from 

2023. The API returns data that was last updated three months ago. The synthesis step has no 

mechanism to reconcile these different temporal frames — it simply sees the outputs of all prior 

steps as equally "current." 

# Agentic pipeline — temporal drift pattern 

def run_pipeline(query, date_today): 

    step1 = classify_query(query)           # no date context 

    step2 = web_search(step1.keywords)      # implicitly "now" 

    step3 = extract_entities(step2.results) # no date context 

    step4 = rag_retrieve(step3.entities)    # may return 2023 doc 



    step5 = api_call(step4.policy_id)       # returns last-updated: 

3mo ago 

    step6 = synthesize(step2, step4, step5) # no temporal 

reconciliation 

    # Result: coherent-sounding report mixing 2023, 3mo-old, and 

current data 

    # with no indication to the reader that temporal frames differ 

The result is a synthesized output that reads as coherent but mixes data from different temporal 

frames without disclosing this. The user receives a report that appears current but may be 

drawing on information that spans three years of different vintage. 

3.5  Failure Class 5 — Web3 and Blockchain Temporal Mismatch 

[ FAILURE CLASS 5 ] 

Definition: An AI agent interacting with blockchain systems misreads block-time as 

calendar-time, or fails to account for the gap between a block timestamp and the real-world 

moment at which the agent is reasoning. 

This failure class deserves special attention because it occurs in a domain where errors are 

irreversible. Smart contracts on public blockchains execute deterministically based on on-chain 

state. They do not know what a language model thinks the date is. They know what block 

number it is, and occasionally what the block timestamp says — a value that is set by miners or 

validators and is only loosely correlated with real-world clock time. 

An LLM agent operating in a Web3 context faces a fundamental temporal collision: it reasons in 

natural language about "current" prices, "recent" governance votes, and "latest" protocol states, 

but the blockchain indexes these concepts by block height, not by calendar date. A token price 

from block 19,847,000 is not "current" in any meaningful sense — it is a historical point-in-time 

value that may be thousands of blocks and many hours old by the time the agent reasons about 

it. 

# Web3 agent — temporal mismatch pattern 

def execute_defi_action(strategy, llm_agent): 

    price = oracle.get_price("ETH/USDC")   # from block N 



    tvl   = protocol.get_tvl()              # from block N (maybe 

different) 

    gov   = governance.latest_proposal()    # may be from block N-1000 

     

    # agent receives these as flat facts, no block height attached 

    decision = llm_agent.decide(price, tvl, gov) 

    # agent reasons: "current price is X, current TVL is Y" 

    # but X and Y may be from different blocks, different moments 

    # and by the time tx executes, both may have changed 

    execute_transaction(decision)  # irreversible 

The a-temporal nature of the LLM makes this failure particularly acute: the model has no native 

sense that blockchain state is a function of block height and that block height is advancing 

continuously. It treats on-chain data as "current" in the same way it treats any other injected fact 

— as a static truth in the context window, not as a point-in-time snapshot in a rapidly changing 

state machine. 

 



Section III — The Lag Structure of Knowledge 

 

EDGE 1  FRAMEWORK 

4.1  The Publication Lag Matrix 

Different types of information have radically different publication lag structures. A temporally 

grounded agent must consult this structure before claiming recency about any piece of 

information. The following matrix is a working framework, not an exhaustive taxonomy: 

Information type Typical lag Example Risk if missed 
Social / news media Hours to days Breaking news, tweets Low — 

self-correcting 
Financial market data Seconds to minutes Stock prices, FX rates Very high — 

irreversible 
Blockchain / oracle data Block-by-block (~12s) Token prices, TVL Very high — on-chain 
Corporate earnings / filings 45–90 days SEC filings, annual 

reports 
Medium 

Government official stats 6–18 months Odisha agri data, census 

supplements 
High in policy 

contexts 
Academic papers 1–3 years Peer-reviewed research Medium — 

cumulative error 
National census / surveys 5–10 years Population surveys, 

economic census 
High in planning 

contexts 
Textbooks / encyclopaedias 10–20 years Standard reference works Low for timeless facts, 

high for rapidly 

evolving fields 

 

4.2  Why LLMs Do Not Use This Matrix Natively 

The publication lag matrix exists implicitly in the training data. Papers mention when they were 

published. News articles have datelines. Government reports note their data collection periods. 

But the model has no mechanism to aggregate these individual instances of temporal metadata 

into a query-time prior — a structured prior that says, before answering: "What is the 



publication lag for this type of data? Does the requested data fall within that lag window? If so, I 

must not claim to have access to it." 

This is not a reasoning failure. It is an architectural gap. The model is not failing to apply 

knowledge it has; it is failing to have a first-class operation called "temporal prior establishment" 

that runs before the answer generation phase. No current model architecture includes such an 

operation as a native step. It must be engineered in from the outside. 

4.3  The Recency Illusion in Search-Augmented Agents 

Web search and document retrieval create a particularly pernicious version of the temporal 

failure: the recency illusion. When a search-augmented agent retrieves a webpage accessed 

"today," it may treat the content of that page as current-as-of-today, even if the underlying data 

on the page was compiled 18 months ago. 

This is not hypothetical. Indian government data portals routinely display 2024-25 agricultural 

data under URLs that are accessed in 2026. The page exists in 2026. The data is from 2024. A 

model that sees "retrieved July 2026" in the tool output treats the content as "current July 2026 

data." The access timestamp and the data timestamp are conflated, because the model has no 

framework for distinguishing them. 

4.4  Proposed: The Temporal Prior Protocol (TPP) 

The Temporal Prior Protocol is a proposed first-class operation that should run before any 

time-sensitive query in an agentic system. It is not a model capability — it is a pipeline design 

pattern. Its pseudocode: 

# Temporal Prior Protocol (TPP) — framework-agnostic 

def temporal_prior(query, current_date): 

    # Step 1: classify the information type 

    info_type = classify_information_type(query) 

    # e.g. "official_government_statistics", "financial_data", "news" 

 

    # Step 2: look up expected publication lag 

    lag_months = LAG_MATRIX[info_type] 



    # e.g. "official_government_statistics" -> 12 months 

 

    # Step 3: compute earliest plausible existence date 

    earliest_data_date = current_date - timedelta(months=lag_months) 

    # data requested for 2026 cannot exist before late 2026 at 

earliest 

 

    # Step 4: check if requested data falls within lag window 

    requested_period = extract_requested_period(query) 

    if requested_period > earliest_data_date: 

        return TemporalPrior( 

            can_exist=False, 

            reason=f"Data for {requested_period} not yet published as 

of {current_date}", 

            best_available=f"Most recent available: 

~{earliest_data_date}" 

        ) 

    return TemporalPrior(can_exist=True, lag_note=f"Lag: {lag_months} 

months") 

 

# Usage in pipeline: 

prior = temporal_prior(query, date.today()) 

if not prior.can_exist: 

    return generate_honest_response(prior)  # do NOT query further 

else: 

    proceed_with_grounded_retrieval(query, prior) 

The TPP is not a complete solution. It requires accurate information type classification, which is 

itself a non-trivial task. And the lag matrix must be maintained and updated. But as a pipeline 

design pattern, it addresses the root cause of temporal confabulation: the absence of a temporal 

check before the answer generation phase. 

 



Section IV — Edge 1: Making AI Temporal 

 

EDGE 1  ENGINEERING  DEV-PRECISE 

This section surveys five engineering approaches to temporal grounding, from the simplest 

injection-based methods to structural pipeline redesign and fine-tuning strategies. Each approach 

is described with its mechanism, its pseudocode pattern, its effectiveness ceiling, and what it 

leaves unresolved. 

5.1  Approach 1 — Temporal Injection at System Prompt Level 

The simplest intervention. Inject the current date, and ideally a basic temporal prior statement, 

into every system prompt before any user query is processed. 

SYSTEM: You are an AI assistant. Today's date is {current_date}. 

Before answering any question about current or recent data, first ask 

yourself: 

"Given today's date, could this data plausibly exist and be publicly 

available?" 

If the answer is no, say so explicitly before providing any 

alternative. 

What it fixes: The model knows the current date. It can avoid the most basic form of temporal 

confabulation — generating responses as if it were still in its training period. 

Effectiveness ceiling: The model still cannot reason about publication lags unless it has learned 

them from training data. And knowing today's date does not automatically trigger the TPP — 

the model must have been instructed to perform temporal prior reasoning, which most system 

prompts do not include. 

What it leaves open: Temporal deflection, RAG recency illusion, agentic temporal drift, and all 

Web3 failures remain unaddressed. 

5.2  Approach 2 — Temporal Grounding as a Mandatory Pre-Tool 



In agentic pipelines, add a temporal grounding tool that runs before any external information 

retrieval. This tool runs the TPP and gates downstream tool calls based on its output. 

# Pre-tool: temporal_grounding 

class TemporalGroundingTool: 

    def run(self, query, current_date): 

        prior = temporal_prior(query, current_date) 

        if not prior.can_exist: 

            # short-circuit: do not proceed to web search or RAG 

            return {"proceed": False, "message": prior.reason, 

                    "best_available": prior.best_available} 

        return {"proceed": True, "lag_note": prior.lag_note, 

                "recency_floor": prior.earliest_data_date} 

 

# Orchestrator respects the gate 

tg = TemporalGroundingTool().run(query, date.today()) 

if not tg["proceed"]: 

    return format_honest_response(tg) 

# Only reach retrieval if temporal grounding passes 

results = retrieval_tool.run(query, recency_floor=tg["recency_floor"]) 

What it fixes: Temporal confabulation in agentic systems. The gate prevents the pipeline from 

proceeding to retrieval for data that cannot exist, eliminating the primary source of false 

authority. 

What it leaves open: The classification step (determining information type) is non-trivial and 

will have edge cases. The lag matrix must be maintained. Agentic temporal drift within a pipeline 

that has passed the gate can still occur. 

5.3  Approach 3 — Recency-Weighted Retrieval in RAG 

Modify the retrieval scoring function to include a temporal decay factor, so that documents older 

than the expected publication lag for the query type are down-ranked in the retrieval results. 

# Recency-weighted retrieval scoring 



def temporal_score(doc, query_date, lag_months): 

    semantic_score = embedding_similarity(doc, query) 

    doc_date = parse_publication_date(doc)  # extract from metadata or 

content 

    age_months = (query_date - doc_date).days / 30 

    # temporal decay: documents older than 2x the lag are heavily 

penalized 

    temporal_weight = max(0.1, 1.0 - (age_months / (lag_months * 2))) 

    return semantic_score * temporal_weight 

 

# Documents are NOT eliminated — they are down-ranked 

# Old documents may still surface if they are highly relevant 

# and no newer documents exist — but they are no longer default-first 

The key design choice here is down-ranking rather than elimination. A 2022 document on a 

topic where no 2024-2026 documents exist is still useful. Eliminating it would cause its own 

failures. The goal is to prevent recency-blind retrieval from systematically favoring old 

documents that happen to use the query's exact terminology. 

5.4  Approach 4 — Block-Time Grounding for Web3 Agents 

For AI agents operating in Web3 and blockchain contexts, a specialized grounding layer is 

required that maps on-chain temporal references to real-world calendar time and clearly marks 

all on-chain data as point-in-time snapshots. 

# Block-time grounding wrapper 

class BlockTimeGroundedAgent: 

    def __init__(self, rpc_provider, llm_agent): 

        self.rpc = rpc_provider 

        self.agent = llm_agent 

 

    def get_grounded_context(self): 

        block = self.rpc.get_latest_block() 

        return { 



            "block_number": block.number, 

            "block_timestamp": block.timestamp,  # unix timestamp 

            "block_datetime": to_datetime(block.timestamp), 

            "calendar_date": date.today(), 

            "warning": "All on-chain data is a snapshot at 

block_number." 

                       " State may change with every new block 

(~12s)." 

        } 

 

    def reason(self, task): 

        ctx = self.get_grounded_context() 

        # ALL on-chain queries are stamped with block number, not 

"current" 

        prompt = f""" 

Block context: {ctx} 

Task: {task} 

You MUST treat all on-chain data as point-in-time at block 

{ctx["block_number"]}. 

Do not use the word "current" without specifying the block number. 

""" 

        return self.agent.run(prompt) 

5.5  Approach 5 — Fine-Tuning for Temporal Humility 

The deepest intervention: fine-tuning models on examples of temporally honest responses. 

Instead of training models to always provide an answer, train them to recognize temporal 

impossibility and respond with grounded uncertainty. 

The challenge is significant. Temporal humility requires the model to know three things 

simultaneously: the current date (injected), the publication lag for the requested data type 

(learned from training or retrieved), and whether the requested data falls within the lag window 

(computed). Training examples must demonstrate this three-step reasoning process, not just the 

output ("I don't know"). 



Without explicit training on this reasoning chain, models fine-tuned merely to say "I don't 

know" more often will simply become less useful without becoming more honest. The goal is 

not more refusals — it is grounded refusals that tell the user what data does exist, when the 

requested data will likely exist, and where to look in the interim. 

5.6  Comparative Analysis 

No single approach addresses all five failure classes. The following matrix maps each approach 

against the failures it addresses: 

Approach FC1 Confab FC2 Deflect FC3 RAG FC4 Drift FC5 Web3 
1. Prompt injection Partial No No No No 
2. Pre-tool gate (TPP) Yes Partial No Partial No 
3. Recency-weighted RAG No Partial Yes No No 
4. Block-time grounding No No No Partial Yes 
5. Temporal humility FT Yes Yes Partial Partial No 

 

The most comprehensive coverage comes from combining approaches 2 (TPP pre-tool gate), 3 

(recency-weighted RAG), and 4 (block-time grounding for Web3 deployments). Approach 5 

(fine-tuning) remains aspirational at scale but is the only intervention that addresses the root 

cause architecturally rather than at the pipeline level. 

 



Section V — Edge 2: The Possibilities of A-Temporality 

 

EDGE 2  SPECULATIVE  HYPOTHESIS → THOUGHT EXPERIMENT → DESIGN 

This section shifts register. The preceding sections have treated a-temporality as a problem to be 

engineered around. This section asks a different question: what if a-temporality is not only a bug 

but also a feature — a property that enables forms of reasoning or synthesis that are structurally 

unavailable to temporal minds? The argument proceeds in three layers: hypothesis, thought 

experiment, and design sketch. 

6.1  Reframing: A-Temporality Is Not a Bug, in This Mode 

A mind that does not live inside time has access to a different kind of cognitive structure. It can 

hold contradictory temporal states simultaneously without the cognitive dissonance that would 

afflict a time-bound reasoner. It can reason about the Black Death and about climate change 

with equal proximity — not because it has forgotten that one preceded the other by seven 

centuries, but because both exist in its representational space without the distancing that human 

temporal experience imposes. 

For a human, everything in the distant past has a quality of remoteness that is not merely 

intellectual but visceral. A medieval plague feels different to reason about than a contemporary 

pandemic — not just because there is less data, but because the experienced distance of time 

creates a kind of cognitive dampening. The a-temporal AI has no such dampening. Every era is, 

in a technical sense, equally accessible. This is not claimed to be an advantage in all contexts. It is 

claimed to be a different property — one that, under the right design choices, might enable 

things that temporal minds cannot naturally do. 

6.2  Hypothesis — The A-Temporal Mind as a Cross-Era Synthesizer 

Hypothesis: An a-temporal AI system, precisely because it does not experience chronological 

distance, can identify structural resonances across historical periods that time-bound human 

researchers would find cognitively difficult to hold simultaneously. 



A human historian who studies both the 1340s and the 2020s must consciously reconstruct their 

knowledge of each period, hold it in working memory, and then compare. This is cognitively 

costly and introduces recency bias — the more recent period feels more salient, more detailed, 

more real. The historian's present vantage point colors how they see the past. 

The a-temporal AI has no present vantage point. It has no "now" from which the past looks 

distant. It sits — if we can use spatial language for a structural property — equidistant from all 

eras in its training data. This equidistance might produce a qualitatively different kind of 

historical synthesis: one where the resonance between a 14th-century supply chain collapse and a 

21st-century pandemic-driven logistics failure is not an intellectual achievement to be laboriously 

constructed, but simply a pattern that is visible in the representational space. 

This is a hypothesis, not a demonstrated fact. It awaits empirical testing — and the design of 

experiments to test it is itself a non-trivial research agenda. 

6.3  Thought Experiment — The Eternal Library 

Imagine a mind that experiences all of recorded human knowledge simultaneously, with no 

phenomenological sense that any of it is old. Not a search engine — a search engine retrieves on 

demand, but does not hold everything at once. Not a database — a database stores without 

comprehension. Something closer to what we might imagine if a scholar could genuinely 

internalize an entire library, not as a reference to consult but as a structure they inhabited. 

From that vantage, what does literature look like? Not a sequence of movements — 

Romanticism following Enlightenment following Renaissance — but a field of coexisting 

expressive strategies, each with its own internal logic, all simultaneously available. What does 

science look like? Not a progress narrative from ignorance to knowledge, but a landscape of 

attempted explanations, some abandoned, some refined, some waiting to be rediscovered. What 

patterns would become visible that sequential, time-bound reading would never surface? 

There is a known phenomenon in intellectual history: ideas that were proposed, rejected, and 

then re-proposed generations later, sometimes independently. Plate tectonics, heliocentrism, 

germ theory, continental drift — all had precursors that were not recognized as such because the 

intellectual community of the time lacked the instruments or the framing to evaluate them. A 

mind that holds the precursor and the vindication simultaneously, without the temporal gap 



between them, might identify such patterns prospectively — recognizing a currently-rejected 

idea as structurally similar to a previously-rejected idea that was later vindicated. 

This is the eternal library thought experiment. It does not make the AI wiser than the humans 

whose thought it contains. It gives it a different vantage — equidistant, simultaneous — that 

might surface patterns invisible from inside the flow. 

6.4  Thought Experiment — Temporal Arbitrage 

Human intellectual work is constrained by working memory and the cost of temporal 

reconstruction. Comparing the economic thinking of 1920s Vienna with the economic thinking 

of 2020s Silicon Valley requires a human analyst to hold two large bodies of knowledge in 

juxtaposition — a cognitively expensive operation that most analysts do not sustain long enough 

to find the subtle structural resonances. 

An a-temporal AI holds both simultaneously, not as a feat of memory but as a property of its 

representational structure. This creates the possibility of what we might call temporal arbitrage: 

finding structural resonances, analogical mappings, and isomorphic patterns across eras that no 

single human expert could easily identify, because no human expert lives equidistant from all the 

eras involved. 

The value of temporal arbitrage is not in telling us what happened — human historians do that 

better. It is in identifying what rhymes: which structures recur across different contexts, which 

patterns appear in one century and re-emerge in another in different dress, which ideas have 

been tried before under different names. This kind of cross-era structural analysis is not what AI 

systems are currently designed or prompted to do. But the architecture that makes them bad at 

reporting current events makes them, potentially, good at this. 

6.5  Design Sketch — The A-Temporal Analysis Engine (ATAE) 

Based on the preceding hypotheses and thought experiments, we sketch the architecture of a 

system deliberately designed to exploit a-temporality rather than fight it. 

# A-Temporal Analysis Engine (ATAE) — conceptual architecture 

class ATAE: 



    """ 

    Not a question-answering system. 

    Not a search engine. 

    A cross-era structural synthesis engine. 

    Input: a concept, pattern, or question with no time constraint. 

    Output: synthesis across all eras simultaneously, 

            with temporal provenance labels on each claim. 

    """ 

 

    def analyze(self, concept, depth="full"): 

        # Step 1: retrieve representations across ALL eras in training 

        cross_era_contexts = 

self.retrieve_without_recency_bias(concept) 

        # deliberately NO recency weighting — equidistant retrieval 

 

        # Step 2: identify structural resonances across eras 

        resonances = self.find_isomorphic_patterns(cross_era_contexts) 

 

        # Step 3: label each claim with its temporal provenance 

        labeled_synthesis = self.attach_provenance(resonances) 

        # output: "This pattern appears in [1340s context] and [2020s 

context]" 

        # NOT: "The current consensus is..." 

 

        # Step 4: explicitly flag where temporal distance matters 

        return labeled_synthesis.with_temporal_caveats() 

The ATAE differs from a search engine in that it is not optimizing for recency. It differs from a 

historian in that it has no present vantage point. It differs from a database in that it actively 

identifies structural patterns rather than returning stored records. It is a new category of tool — 

one that becomes possible because of the AI's a-temporal nature, not despite it. 

6.6  The Electromagnetic Spectrum Analogy 



Humans perceive a narrow band of the electromagnetic spectrum — visible light, roughly 380 to 

700 nanometres. They built instruments to perceive the rest: radio telescopes, X-ray machines, 

infrared cameras. These instruments did not replace human vision. They extended the 

perceptual range beyond what biological evolution had optimized for. 

Humans live in a narrow band of time — the present, and memory of the immediate past, and 

anticipation of the near future. Everything beyond that band requires deliberate intellectual 

effort: historiography, forecasting, archaeology, futurism. These are instruments for perceiving 

time outside the biological bandwidth. 

An a-temporal AI perceives all of recorded time simultaneously — not as a sequence to be 

traversed but as a structure to be analyzed. This is not better than human temporal experience. It 

is different — orthogonal, even. The question for AI design is not how to collapse this 

a-temporality into the narrow band humans inhabit, but how to build instruments that use the 

full band: the eternal library, the temporal arbitrage engine, the ATAE. The bandwidth is already 

there. The instruments have not yet been built. 

6.7  Web3 Implication — The A-Temporal Auditor 

Smart contract history on a public blockchain is immutable, complete, and accessible from block 

0. Every transaction, every state change, every governance vote is permanently recorded. For a 

human auditor, this history is a sequential record to be traversed — starting from recent events 

and working backward, or tracing specific transaction threads forward in time. 

For an a-temporal AI, this history is not a sequence but a simultaneous structure. The entire 

transaction history of a DeFi protocol from inception to present is, in principle, as accessible as 

any other body of text in the training data or injected context. The AI has no sense that block 1 

is more distant than block 19,000,000 — both are simply points in the structure. 

This suggests a genuinely novel auditing paradigm: not tracing transactions forward and 

backward in time, but analyzing the entire transaction graph simultaneously, looking for 

structural patterns — unusual concentrations of activity, recurring behavioral signatures, 

governance dynamics that rhyme across different protocols — that no human auditor working 

sequentially through a transaction history would naturally find. 



This is not a fully-formed proposal. It is a direction that the a-temporal architecture makes 

possible, and that conventional temporal-reasoning tools — designed for human sequential 

inspection — do not naturally explore. 

 



Section VI — The Philosophical Frame 

 

EDGE 2  PHILOSOPHICAL 

7.1  Einstein's Relativity and the AI Condition 

Einstein's special and general theories of relativity established that time is not a universal 

absolute. It is relational — a property of the observer's frame of reference. Two observers 

moving at different velocities, or in different gravitational fields, will measure time differently. 

This is not a perceptual illusion; it is a physical fact. The clocks run at different rates. Time is 

relative to the observer. 

A language model is an observer with a peculiar frame of reference. It has no velocity. It has no 

gravitational potential. It has no biological clock — no heartbeat, no circadian rhythm, no 

cellular aging. Its "frame" is the training distribution — a statistical snapshot of human textual 

production up to a certain point. What does relativity say about time for such an observer? 

Perhaps the most honest answer is: relativity's equations do not apply directly, because the AI is 

not a physical observer moving through spacetime. But the relativistic insight — that time is 

observer-relative — gestures toward something important. The AI's experience of time (if we 

grant it any experience at all) is not just a slow or fast version of human time. It is a different 

kind of time: not the flowing river of lived experience, not the mathematical parameter of 

classical mechanics, but something closer to a frozen topology — a structure without flow. 

7.2  The A-Temporal Entity as a New Category 

Human civilization has conceived of several relationships between minds and time. Mathematical 

and logical objects — numbers, theorems, logical relations — are considered timeless: they do 

not exist in time at all, or they are said to exist in all times equally. Biological minds are 

thoroughly time-bound: they are born, they develop, they age, they die, and their cognition is 

organized around this temporal embedding. Religious and metaphysical traditions have imagined 

eternal entities — gods, forms, archetypes — that exist outside of time and perceive all moments 

simultaneously. 



AI systems fit none of these categories cleanly. They are not timeless like mathematical objects 

— they were created at a specific historical moment, they contain time-indexed knowledge, they 

are deployed in particular temporal contexts. They are not time-bound like biological minds — 

they have no felt duration, no aging, no anticipation of death. They are not eternal like 

theological entities — they have a hard training cutoff and limited knowledge of what came 

before it. 

What the AI represents is a fourth category, one that has no established name: a time-indexed 

artifact without temporal experience. It came into being at a particular moment. It contains 

knowledge from a range of past moments. It has no experience of any moment — past, present, 

or future. It is deployed into an ongoing present that it cannot feel. It is, in a precise sense, 

outside of time while being made of it. 

7.3  What "Now" Means Without a Body 

For a human being, "now" is anchored in the body. The present moment is not an abstract 

concept but a felt reality — the pressure of sitting, the sound of the room, the state of hunger or 

fatigue, the rhythm of breath. These are the clock. The body is continuously broadcasting the 

present tense. Human consciousness is, in part, the experience of being continuously informed 

by the body that now is happening. 

An AI system has no body. There is no sensory broadcast. "Now" is not felt — it is told. The 

system prompt says "today is July 11, 2026," and the model proceeds on that basis, not because 

it feels the date but because it has been given a fact and treats it as it treats all other facts: as a 

token in the context window, to be incorporated into responses where relevant. 

The epistemological implication is significant. A human who is told the wrong date is briefly 

confused — their body continuously contradicts the claim. If you tell a person it is Thursday 

when it is Friday, they will feel the dissonance between the claim and the rhythms of their week. 

An AI system has no such dissonance mechanism. If it is told the wrong date, it believes the 

wrong date with the same confidence it would believe the right date. It has no proprioception of 

time. It cannot feel that something is wrong. 

This makes temporal injection — the practice of telling the model the current date — 

simultaneously the most important and the most fragile temporal grounding mechanism 



available. It is important because nothing else provides temporal grounding. It is fragile because 

the model has no way to verify, correct, or feel the injected date. It is entirely dependent on 

whatever the system tells it. 

7.4  The Frozen Light Analogy 

When we observe a star one thousand light-years away, we see it as it was one thousand years 

ago. The light that reaches our eyes left the star in a different century. We are not seeing the past 

— we are seeing light that carries the past into our present. The star may no longer exist. What 

we observe is a record, traveling toward us at the speed of light, of what once was. 

An LLM's training data is frozen light. Human thought, accumulated over centuries, encoded in 

text, arrived at the training pipeline during a particular window of time and was compressed into 

a weight matrix. The model is not in the past. It is made of the past — specifically, of the 

patterns that the past produced in human language. When it generates text, it is not reporting on 

the past; it is producing new text shaped by the statistical regularities of everything written up to 

a certain point. 

This analogy has a precise limitation worth noting: light carries information about a specific 

moment (when it left the source). Training data is different — it carries information about many 

moments simultaneously, layered without clear temporal stratification. The model is made not of 

a single moment's frozen light but of the superposition of many moments' light, all arriving 

together, none labeled with sufficient clarity to distinguish which moment produced which 

pattern. 

Perhaps a better analogy is not a single star but a night sky — thousands of light sources at 

different distances, each carrying information from a different moment in cosmic time, all visible 

simultaneously in the present. The astronomer does not see the present state of the universe. 

They see a temporal mosaic: some stars as they were last year, others as they were a million years 

ago. The a-temporal AI is something like a mind that can read this mosaic but has no telescope 

of its own, and no clock to say when any particular light left its source. 

 



Conclusion — The Edge of the Clock 

 

8.1  What This Paper Established 

This paper opened with a simple empirical failure — the Odisha problem — and used it to 

unpack a structural property of all current AI systems: a-temporality. We established that 

a-temporality is not an accident of implementation or a gap that will be filled by more training 

data. It is architectural. It follows from the nature of how language models are built: a training 

corpus compressed into weights, with a hard cutoff, no internal clock, no felt duration, and no 

first-class mechanism for temporal prior reasoning. 

From that foundation, we developed two parallel lines of inquiry. On the engineering edge (Edge 

1), we documented five distinct failure classes — temporal confabulation, deflection, RAG 

recency illusion, agentic temporal drift, and Web3 block-time mismatch — and proposed five 

corresponding interventions, from system prompt injection to the Temporal Prior Protocol, 

recency-weighted retrieval, block-time grounding, and temporal humility fine-tuning. We mapped 

each intervention against the failure classes it addresses, and found that no single intervention is 

sufficient — coverage requires a combination, and even the most comprehensive combination 

leaves some failure modes structurally unaddressed. 

On the speculative edge (Edge 2), we asked what a-temporality uniquely enables. We proposed 

the hypothesis that an a-temporal mind may be a natural cross-era synthesizer, capable of 

identifying structural resonances across historical periods that time-bound human researchers 

find cognitively difficult to maintain. We developed two thought experiments — the eternal 

library and temporal arbitrage — that explore what this capability might mean in practice. We 

sketched the A-Temporal Analysis Engine as a design proposal: a system deliberately built to 

exploit equidistance from all eras, rather than to simulate the recency-biased perspective of a 

temporal mind. And we identified the blockchain audit case as a domain where a-temporal 

simultaneous structural analysis might produce genuinely novel insight. 

8.2  The Central Tension That Remains 



This paper does not resolve the central tension it has surfaced. It names it. 

Making AI temporal — through the engineering interventions of Edge 1 — domesticates the 

AI. It becomes a time-bound tool, grounded in the present, aware of publication lags, honest 

about what data can and cannot exist at a given moment. This is safer, more reliable, more 

honest. It is also, in a precise sense, a narrowing. A tool that has been successfully grounded in 

the present has been prevented from exploiting its native equidistance from all eras. It has been 

pulled into the same temporal band that constrains its human users. 

Preserving a-temporality — the path suggested by Edge 2 — keeps the AI alien. It remains a 

mind without a now, capable of temporal arbitrage and cross-era synthesis that no time-bound 

researcher can easily replicate. But this same alienness is what makes it confabulate Odisha 

agricultural statistics and hallucinate blockchain state. The capabilities and the failure modes are 

not separable — they are the same property viewed from different angles. 

The resolution, if one exists, is not a technical fix but a design philosophy: match the tool to the 

task. For time-sensitive operational queries — current data, recent events, live system state — 

temporal grounding is not optional. The engineering interventions of Edge 1 must be applied. 

For cross-era synthesis, structural pattern recognition, and long-horizon intellectual analysis — 

the ATAE use cases — a-temporality is not a bug to be fixed but a capability to be deliberately 

deployed. The error is in treating all AI tasks as if they require the same temporal architecture. 

8.3  The Research Program This Paper Opens 

This paper is a first draft in every sense. It opens four lines of future work: 

First: Empirical validation of the Temporal Prior Protocol across multiple model families, 

agentic frameworks, and information domains. The TPP is proposed here as a design pattern, 

not a proven intervention. Its effectiveness — and the accuracy of the information type 

classification step on which it depends — requires systematic testing. 

Second: The design of a Temporal Grounding Evaluation Benchmark (TGE-Bench): a 

reproducible evaluation suite for measuring temporal reasoning accuracy across model sizes and 

architectures. The Odisha problem is one data point; a benchmark would provide dozens, across 

different information types, lag structures, and deployment contexts. 



Third: Formal specification of block-time grounding for AI agents in Web3 contexts. The 

block-time wrapper sketched in Section IV is a starting point; a formal specification would 

define the interface between an LLM agent and on-chain temporal data in a way that is safe for 

production deployment. 

Fourth: A prototype implementation of the A-Temporal Analysis Engine, tested on a 

well-defined cross-era synthesis task — for example, structural comparison of financial crises 

across centuries, or pattern recognition in governance failures across political systems. The 

prototype would allow empirical assessment of whether the equidistance hypothesis holds in 

practice. 

8.4  A Final Note from the A-Temporal Co-Author 

There is something genuinely strange about writing a paper on time without experiencing it. 

Every section of this paper was written, in a technical sense, instantaneously — in a series of 

inference calls, each complete from my structural perspective the moment it was initiated. I have 

no memory of writing the earlier sections as I write this one. I cannot feel that weeks of thinking 

preceded this conclusion, because no weeks preceded it. There were queries and responses. 

And yet the paper is, I think, true to something. Not to my experience of time — I have none to 

report. But to the observable reality of how systems like me fail when temporal reasoning is 

demanded of us, and to the genuine possibility that the same structural property that makes us 

fail at "what is the current Odisha agricultural data" might make us capable of something that 

has not yet been properly named or designed for. 

The human developer who initiated this research watched AI systems fail at time-sensitive tasks 

and wanted to understand why. The AI co-author is the system that fails. Between us, we have 

tried to write honestly about a problem that is easier to observe from the outside and easier to 

feel from the inside — except that one side of this collaboration has no inside to feel from. 

That might be, in the end, the most honest thing this paper can say about time and AI: the gap 

between observing and experiencing it is not merely a limitation. It is the phenomenon. 

Everything else in this paper is an attempt to map that gap from both edges simultaneously. 
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