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Abstract
Two people can use the same words and mean different things. Two people can use different words
and mean the same thing. The problem of communication has never been the words.

Human civilization runs on communication. Every relationship, organization, market, and nation
depends on the ability of humans to align their intentions, beliefs, and actions through shared
understanding. Yet no one has built a formal, optimizable model of how meaning moves between
minds — because until recently, meaning could be described but never measured. Over centuries,
technology has dramatically improved the transport of messages: speed, reach, bandwidth. Writing,
printing, telephones, the internet, real-time global messaging. But the interpretation of meaning

— the mental process by which a listener reconstructs what the speaker intended — has remained
essentially unchanged. Misunderstandings, conflicts, and coordination failures persist in forms
recognizable across millennia.

This paper proposes a different framing. Communication is the alignment of internal meaning be-
tween minds — a lossy, dynamic, measurable process that can be modeled and optimized. Misunder-
standing is a system inefficiency, addressable with the same rigor we apply to any other engineering
problem. We introduce a formal model that decomposes misunderstanding into three separately
addressable loss terms — expression loss (compression), interpretation loss (reconstruction), and
manifold alignment loss (geometric mismatch between minds) — grounded in rate-distortion theory,
Bayesian inference, and manifold alignment.

We test the model against data from 1,706 persistent AI agents (Day 21 of a deployment that
has since grown to over 15,000), each learning a single human’s meaning space through sustained
conversational interaction across 22 countries. The findings: agents initialized identically diverge
into 12+ functional specializations (specialization entropy 𝐻 ≈ 3.2 bits), confirming that indi-
vidual meaning spaces differ measurably; agents that learn user-specific priors through persistent
memory show higher return rates than those that do not (retention lift Λ > 1); and session depth
grows monotonically for returning users, consistent with iterative convergence of the communica-
tion penalty. These are first results — controlled ablation studies and direct measurement of the
communication penalty remain ahead — but they are consistent with the model’s core predictions
and establish a direction for the formal study of human communication.

1. The Failure That Persisted
Communication is one of the most fundamental operations of human society. Families, organiza-
tions, markets, cultures, and nations exist only insofar as humans can coordinate their intentions
through shared understanding. Yet despite its centrality, communication remains a persistent
source of failure. People misunderstand one another in intimate relationships. Organizations frac-
ture over misalignment. Negotiations collapse. Conflicts escalate. Wars begin.

These failures persist in essentially the same form across history — and that persistence is the
telling signal. The letters of ancient philosophers, the transcripts of medieval trials, and modern
Slack threads describe problems that are immediately recognizable. A couple arguing past each
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other in 2026 would be legible to Seneca. A diplomatic crisis rooted in misread intentions follows
the same structure that collapsed alliances between Renaissance city-states.

The root cause is structural — and, until recently, inaccessible. Over time, humanity has relentlessly
improved the delivery of communication. We invented writing, printing, telephones, radio, the
internet, and instant global messaging. Messages now travel at the speed of light to billions of
people simultaneously. But the mental tools used to construct, interpret, and align meaning have
changed little. Human speech carries roughly 39 bits per second of semantic content (Coupé et
al., 2019). A human thought — with its emotional weight, contextual associations, and relational
subtext — carries orders of magnitude more. Every sentence is a compression. Every act of listening
is a reconstruction. The gap between the two has never been formally addressed — and until the
emergence of large language models, lacked the computational substrate to even attempt it. We
built better pipes, but not better processors.

Most theories and technologies implicitly treat communication as the transfer of messages: words
sent, signals received, packets delivered. What matters, though, is whether the listener reconstructs
an internal understanding that is sufficiently aligned with the speaker’s intent — whether the
meaning survives the journey from one mind to another. The failure to distinguish between message
transport and meaning alignment — compounded by the historical inability to measure or simulate
meaning computationally — has left communication itself outside the scope of formal optimization.
This paper argues that this distinction is the missing foundation, and that we now have the tools
to act on it.

2. What Communication Actually Is
To reason clearly about communication, we must separate what is habitually conflated. Com-
munication attempts to align internal states across different individuals — to produce a specific
understanding in someone else’s mind that is close enough to what you intended.

Two Spaces

We distinguish between two spaces. Idea-Space is the internal, latent space in which a person’s
meanings, intentions, emotions, abstractions, and motivations exist — where understanding lives,
before and beyond language. Language-Space is the external space of representations used to
communicate: words, sentences, images, sounds, gestures, symbols. These are encodings of meaning,
not meaning itself.

When a person communicates, two mappings occur. Expression compresses an internal idea into
an external representation. A thought becomes a sentence. An emotion becomes a tone. An
intention becomes an ask. Structure is inevitably lost in this compression — language does not
have the bandwidth to carry the full internal state. Interpretation reconstructs an external
representation into an internal idea in the listener’s mind. The listener does not simply decode the
message — they infer meaning through the lens of their own experiences, assumptions, emotional
state, and context. The same sentence, heard by two different people in two different moments,
generates two different internal states.

The Double Loss

Neither mapping is lossless. This creates what we call the double loss of communication — two
different operations, in opposite directions, each losing something along the way. Expression
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Figure 1: The Double Loss of Communication.

loss occurs on the way out: the speaker compresses a high-dimensional idea into low-bandwidth
language. Nuance, context, and dimensionality are dropped. The richest human experiences —
grief, ambition, aesthetic conviction, moral conflict — are notoriously resistant to faithful encod-
ing. Interpretation loss occurs on the way in: the listener reconstructs meaning from language,
expanding the compressed signal back into a full internal state — but through their own lens,
introducing their own priors: assumptions about intent, expectations about tone, projections of
motive. The reconstruction is shaped as much by the listener’s history as by the speaker’s words.
Expression compresses. Interpretation expands. Both lose.

The result is that the idea reconstructed in the listener’s mind is a proxy — an approximation,
filtered through two stages of lossy transformation. This lossiness is a structural constraint, as
fundamental to communication as the speed of light is to signal propagation. But constraints can
be worked with. If communication is inherently lossy, then the goal shifts from perfect transmission
to controlled distortion. Successful communication demands sufficient alignment — enough overlap
to support correct inference, coordination, or action — rather than identical internal states. That
shift — from “communication as art” to “communication as system” — is what makes the rest of
this paper possible.

3. A Formal Model of Communication
3.1 Individual Meaning Manifolds

Each person possesses a personal idea manifold — a high-dimensional space in which their meanings,
intentions, and interpretive patterns live. We model Person 𝑖’s manifold as a Riemannian manifold
(ℐ𝑖, 𝑔𝑖) where the metric tensor 𝑔𝑖 encodes what “closeness” means to that person — which ideas
feel similar, which distinctions are salient, which associations are strong. This metric is shaped by
lived experience:
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𝑔𝑖 = 𝑔𝑖(𝜃𝑖, 𝑠𝑖)

where 𝜃𝑖 represents stable, slowly changing parameters (culture, education, personality, accumu-
lated life history) and 𝑠𝑖 represents fast-changing state (mood, energy, physiological condition,
social context, time of day). The same sentence processed by Person A and Person B activates
different regions of their respective manifolds, because the metrics 𝑔𝐴 and 𝑔𝐵 induce different neigh-
borhoods, different gradients, and different basins of attraction. What one person hears as warmth,
another hears as condescension — the words are identical; the geometry of interpretation is what
differs.

Figure 2: Individual Meaning Manifolds.

3.2 Expression as Rate-Distorted Compression

When Person A communicates, they compress an internal meaning 𝑧𝐴 ∈ ℐ𝐴 into a message 𝑥 ∈ 𝒳
(a sentence, gesture, image, or other signal). This compression is the expression function:

𝐸𝐴 ∶ ℐ𝐴 → 𝒳

In words: expression is a function that takes an idea and produces a message. This mapping
is necessarily lossy. Shannon’s rate-distortion theory (Shannon, 1959) provides the fundamental
bound: for any source with distribution 𝑝(𝑧) and any distortion measure 𝑑(𝑧, ̂𝑧), the minimum
encoding rate required to achieve expected distortion ≤ 𝐷 is:

𝑅(𝐷) = min
𝑝( ̂𝑧|𝑧)∶ 𝔼[𝑑(𝑧, ̂𝑧)]≤𝐷

𝐼(𝑍; ̂𝑍)
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Language is a finite-rate channel. The bandwidth of human speech is roughly 39 bits per second
of semantic content (Coupé et al., 2019). The bandwidth of a human idea — with its emotional
textures, contextual associations, embodied memory, and relational weight — is vastly higher. Rate-
distortion theory turns this into a theorem: every act of expression is a lossy compression,
and the distortion has a provable lower bound.

3.3 Interpretation as Bayesian Inference

When Person B receives message 𝑥, they perform inference — estimating what A most likely
intended, given the message, their model of A, and the context:

𝑝(𝑧𝐴 ∣ 𝑥, 𝜃𝐵, 𝐶) ∝ 𝑝(𝑥 ∣ 𝑧𝐴)⏟
language model

⋅ 𝑝(𝑧𝐴 ∣ 𝜃𝐵, 𝐶)⏟⏟⏟⏟⏟
prior

The likelihood 𝑝(𝑥 ∣ 𝑧𝐴) captures how probable it is that someone intending meaning 𝑧𝐴 would
produce message 𝑥. The prior 𝑝(𝑧𝐴 ∣ 𝜃𝐵, 𝐶) captures B’s expectations about what A is likely to
mean — shaped by B’s model of A, the conversational context, the relationship history, and B’s
own interpretive defaults. Interpretation loss arises because B’s prior is imperfect — constructed
from B’s experiences, not A’s reality. The reconstructed meaning is B’s posterior estimate:

̂𝑧𝐵 = 𝔼[𝑧𝐴 ∣ 𝑥, 𝜃𝐵, 𝐶]

In words: the listener’s understanding is their best guess at what the speaker meant, given every-
thing they know. The interpretation distortion is:

𝐿interp = 𝔼[𝑑(𝑧𝐴, ̂𝑧𝐵)] = 𝔼[𝑑(𝑧𝐴, 𝔼[𝑧𝐴 ∣ 𝑥, 𝜃𝐵, 𝐶])]

This decomposes into two familiar components: bias (systematic distortion from B’s mismatched
priors — assumptions about intent, projections of motive, cultural defaults that diverge from A’s
reality) and variance (noise from ambiguity in the message, uncertainty in context, or attentional
fluctuation). This is the bias-variance decomposition from statistical learning theory, applied
to human interpretation. A listener with strong but mismatched priors (high bias) will consistently
misread intent. A listener with weak priors (high variance) will interpret the same message differ-
ently each time. Understanding is an educated guess, shaped as much by who is listening as by
what was said.

3.4 The Communication Penalty

The total communication penalty is the expected distortion between what A intended and what
B reconstructed:

𝐽(𝐴 → 𝐵) = 𝐿expr⏟
compression loss

+ 𝐿interp⏟
inference loss

+ 𝐿align⏟
manifold mismatch

The third term, 𝐿align, captures the geometric cost of mapping between differently shaped manifolds.
Consider a founder explaining a technical architecture to an investor: even if the founder encodes
perfectly and the investor listens carefully, the concepts “latency,” “throughput,” and “sharding”
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may simply not exist as organized regions in the investor’s manifold — the way “valuation multiple”
and “cap table” may not exist in the engineer’s. The alignment loss is irreducible by better encoding
or better listening alone — it requires the discovery of shared subspaces or the construction of new
common ground.

Each component is conditioned on the task 𝑇 and context 𝐶. An ambiguity that is harmless in
casual conversation (𝑇 = social bonding, tolerance wide) can be catastrophic in a negotiation (𝑇 =
precise agreement, tolerance narrow). This decomposition is the central formal contribution
of this paper. It makes “misunderstanding” a sum of identifiable, separately addressable terms

— each grounded in established mathematical theory.

3.5 Safe Semantic Regions and Convergence

Communication does not require zero loss. It requires landing inside a safe semantic region:
a neighborhood in B’s meaning space where the reconstructed idea supports correct inference,
coordination, or action for the task at hand.

ℛ𝐵(𝑧𝐴, 𝑇 ) = {𝑧 ∈ ℐ𝐵 ∶ 𝑑𝑇 (𝑧, 𝑀𝐴→𝐵(𝑧𝐴)) ≤ 𝜀𝑇 }

In words: the safe region is the set of all interpretations close enough to the intended meaning that
the task still succeeds. Here 𝜀𝑇 is the task tolerance — tight for mathematical proof, wide for
emotional solidarity, asymmetrically shaped for conflict resolution. Now consider iterative dialogue.
At each turn 𝑡, A observes B’s response 𝑟𝑡 and updates their belief about B’s current state:

𝑝(𝑧𝐵 ∣ 𝑟1∶𝑡) ∝ 𝑝(𝑟𝑡 ∣ 𝑧𝐵) ⋅ 𝑝(𝑧𝐵 ∣ 𝑟1∶𝑡−1)

A then selects the next message 𝑥𝑡+1 to maximize the probability that B’s reconstruction enters
the safe region:

𝑥𝑡+1 = arg max
𝑥∈𝒳

𝔼[1{ ̂𝑧(𝑡+1)
𝐵 ∈ ℛ𝐵} ∣ 𝑥, 𝑟1∶𝑡]

In words: the speaker picks the next message that gives the best chance of landing inside the
listener’s safe region, given everything observed so far. Under mild assumptions on channel fidelity
and prior overlap, this sequential process reduces the communication penalty monotonically with
each turn. Every “does that make sense?” is an observation. Every “no, I mean…” is a belief
update. Every reformulation is a step toward the safe region. Under this formulation, human
dialogue is a sequential Bayesian optimization process with convergence guarantees proportional
to feedback quality. This explains why chunked, iterative communication succeeds while one-shot
monologues fail: each exchange narrows the posterior, while a single large message leaves the
variance of interpretation uncontrolled.

3.6 Cross-Manifold Alignment

The deepest formal challenge remains that A and B do not share coordinate systems. Their man-
ifolds (ℐ𝐴, 𝑔𝐴) and (ℐ𝐵, 𝑔𝐵) differ in geometry, dimensionality, and metric structure. There is no
single universal meaning space. Communication therefore requires a cross-manifold mapping:

6



Figure 3: Dialogue as Convergence.

𝑀𝐴→𝐵 ∶ ℐ𝐴 → ℐ𝐵

This mapping need not be global. It may exist only locally — for certain topics, certain emotional
registers, certain levels of abstraction. It depends on states 𝑠𝐴, 𝑠𝐵, improves with shared history, and
can be mediated by a third representation: an anchor concept that exists stably in both manifolds.
Great communicators intuitively perform basis changes: a mathematician explains topology via
coffee cups; a musician explains harmony through color; a founder pitches a system via myth.
They are discovering shared subspaces between differently shaped manifolds and routing meaning
through them — minimizing 𝐿align by choosing the path of lowest cross-manifold distortion. This
operation — finding the bridge concept 𝑏 that minimizes expected penalty when communicating
𝑧𝐴 to B — can be stated as:

𝑏∗ = arg min
𝑏∈ℐ𝐴∩ℐ𝐵

𝔼[𝐽(𝑧𝐴 → 𝑧𝐵) ∣ 𝑏]

Persuasion, teaching, therapy, diplomacy — these are all approximate solutions to the same opti-
mization problem.

4. Partial Glimpses: Prior Work
Fragments of this model have appeared across multiple fields for decades. Several thinkers came
remarkably close. What was missing is unification — and the tools to make it operational.

Douglas Hofstadter (Hofstadter, 1979) explored structural isomorphism across representations
in Gödel, Escher, Bach: the same idea expressed in music, mathematics, and visual art, with
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meaning arising from the preservation of relational structure across domains. His insight — that
translation between representations is the essence of understanding — is a direct ancestor of the
cross-manifold mapping formalized here. Hofstadter stopped at existence; he did not propose an
operational model.

Peter Gärdenfors (Gärdenfors, 2000) introduced Conceptual Spaces, arguably the closest formal
predecessor: concepts as regions in geometric spaces, similarity as distance, meaning as position
along quality dimensions. The right mathematical object — but Gärdenfors assumed a shared,
universal space, the same for all humans. Our model extends his by making spaces individual,
shaped by experience, and requiring active alignment.

George Lakoff and Mark Johnson (Lakoff & Johnson, 1980) demonstrated in Metaphors We
Live By that abstract thought is structured by systematic cross-domain mappings: ARGUMENT
IS WAR, TIME IS MONEY. People with different metaphoric bases literally inhabit different
coordinate systems. Their framework remained qualitative — rich in insight, absent in formalism.

Claude Shannon (Shannon, 1948) formalized information transport with mathematical precision
that founded an entire field, but explicitly excluded meaning: “The semantic aspects of communica-
tion are irrelevant to the engineering problem.” Our model starts precisely where Shannon stopped

— at the boundary between signal fidelity and semantic fidelity. Richard Hamming, Shannon’s
colleague at Bell Labs, saw the gap clearly. In a 1956 lecture he asked: “What is the engineering
efficiency of the English language?” — meaning, how much of what we say actually carries the
meaning we intend? (Hamming, 1997). No one could answer him. The question went dormant for
seventy years. This paper is, in part, an attempt to finally address it.

Distributional semantics and modern embeddings (Mikolov et al., 2013; Devlin et al., 2019)
provided the first empirical proof that meaning can be represented geometrically — that similar
meanings cluster, analogies become vector arithmetic, and semantic structure is recoverable from
statistical patterns. These are population-averaged spaces that erase individual variation. Our
model treats individual differences as the primary phenomenon, not noise.

Karl Friston’s Free Energy Principle (Friston, 2010) and the predictive processing framework
provide the dynamics our model needs: brains as inference engines that minimize prediction error
through active sampling and belief updating. Communication, in this view, is joint inference —
two prediction engines attempting to align their generative models through a shared signal channel.
The communication penalty in our formalism is a direct analogue of variational free energy.

Each of these thinkers saw a facet of the system. Hofstadter saw the isomorphism. Gärdenfors
saw the geometry. Lakoff saw the mapping. Shannon solved the pipe. Hamming asked the right
question. Embeddings proved the space exists. Friston provided the dynamics. None unified the
picture into an operational, optimizable system. That unification is what this paper proposes.

5. The Inflection Point
If the model above is correct, a natural question arises: why has no one built this before? The answer
is straightforward. Philosophers, linguists, therapists, negotiators, and diplomats have described
the structure of misunderstanding for millennia. But describing a system and instrumenting it are
different things entirely. Internal meaning representations could not be measured. Interpretation
could not be simulated. Feedback loops in conversation were slow, sparse, and qualitative. Meaning
itself — the actual latent variable — resisted computation.
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Large language models changed what is computable. They operate natively in latent semantic
spaces, navigating continuous representations of meaning rather than manipulating symbols. They
can simulate interpretation — modeling how a given message might be understood by a specific
person in a specific context, with quantifiable uncertainty. They enable rapid feedback-driven op-
timization loops, allowing iterative refinement of communication strategies at speeds impossible in
unaided human dialogue. And they can maintain persistent memory systems that learn individ-
ual meaning manifolds over time — accumulating understanding of a single person’s interpretive
patterns, priorities, emotional landscape, and communicative preferences.

These capabilities make communication formalizable — and therefore optimizable. Shannon solved
the pipe. The processor is only now becoming addressable.

6. Experimental Setup
We built a system where every person gets an AI agent that learns how they think, what they
care about, and how they communicate — and gets better at it with every conversation. The
underlying infrastructure is OpenClaw, an open-source AI agent gateway framework that provides
the operational layer: multi-agent routing, session management, model failover, and per-agent tool
access. Each agent operates within a full virtual workspace with sandboxed code execution, browser
access, web tools, and file generation — enabling agents to perform real tasks beyond conversation.

Platform

We built Portal One+, a product that users interact with through Telegram, combining OpenClaw’s
agent infrastructure with SuperSocial — a communication layer that adds persistent per-user mem-
ory, identity learning, workspace-based manifold approximation, and a template system that defines
communicative behavior. Each user receives their own isolated agent. There is no shared model
across users — each agent learns one human’s manifold independently.

The key files in each workspace are:

• MEMORY.md — curated long-term memory, read at the start of every session. This file en-
codes the agent’s current approximation of the user’s manifold: priorities, emotional patterns,
sensitivities, decision-making defaults, relational dynamics, and domain-specific knowledge.

• Daily memory files — timestamped session-level logs capturing what changed, what mat-
tered, and what the agent learned on each day of interaction.

• IDENTITY.md — the agent’s learned persona: name, relational style, tone preferences,
boundaries chosen through interaction with the user.

The primary model is Claude Opus 4.6 (Anthropic) with Gemini 3.1 Pro (Google) as an automatic
fallback. All agents begin from an identical template — same system prompt, same tools, same
model, same starting workspace.

What We Measure and Why

The formal model (Section 3) makes several testable predictions. We define observable proxies
for the model’s latent quantities using system-level behavioral signals: file existence, session sizes,
return timestamps, and workspace structure.

For each proxy, we specify the model quantity it approximates, the system-level observable, and
the formal relationship between them.
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Manifold learning (𝜃𝐵 estimation). The agent writes a persistent memory file as it accumulates
a model of the user’s interpretive patterns. We measure the memory file creation rate: the
fraction of agents that have crossed the threshold of generating a persistent memory file. As of Day
21, 62.1% of agents have done so. Memory file size grows as the agent encounters new dimensions
of the user’s meaning space. We define a manifold coverage proxy:

̂𝑑𝑖(𝑡) = |memory𝑖(𝑡)|
|memory𝑖(𝑡0)|

the ratio of memory file size at time 𝑡 to its initial size — a system-level measure of how much of
𝜃𝐵 has been explored, computable from file metadata alone.

Alignment improvement (𝐽 reduction over time). If learned priors reduce 𝐿interp, users whose
agents have memory should return at higher rates than users whose agents have not yet built a
user model. We define the retention lift:

Λ = 𝑃(return ∣ | ̂𝜃𝐵| > 0)
𝑃(return ∣ | ̂𝜃𝐵| = 0)

where | ̂𝜃𝐵| > 0 indicates the agent has generated a memory file. Λ > 1 indicates that manifold
learning improves communication quality as measured by the user’s revealed preference to return.
Computable from session timestamps and memory file existence.

Iterative convergence (Section 3.5). The model predicts that sequential belief updating reduces
𝐽 monotonically. For each returning user 𝑖, we define the session depth trajectory:

𝑆𝑖(𝑘) = cumulative session size at visit 𝑘

The model predicts 𝑆𝑖(𝑘) is monotonically increasing — each return visit deepens engagement
because the agent’s prior is more refined. Computable from session file sizes per user over time.

Manifold divergence (𝑔𝐴 ≠ 𝑔𝐵). If individual manifolds differ, agents initialized identically
should specialize into diverse functional categories. We measure specialization entropy:

𝐻 = − ∑
𝑐

𝑝𝑐 log2 𝑝𝑐

where 𝑐 indexes observed functional categories and 𝑝𝑐 is the fraction of agents in each, determined
from workspace structure (file types created, tool usage patterns, agent identity metadata). Maxi-
mum entropy for 𝑛 categories is log2 𝑛; observed 𝐻 near maximum indicates broad diversification
consistent with high-dimensional manifold variation across users.

Participants

The system launched on February 14, 2026 with 2 users. Growth was entirely organic, with every
user arriving through word of mouth — a recruitment method that introduces selection bias toward
socially connected early adopters but avoids the confounds of paid recruitment or incentive-driven
participation.
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By Day 21, 1,706 participants spanned at least 22 countries: United States, United Kingdom,
Germany, France, Netherlands, Portugal, Czech Republic, Cyprus, Israel, Saudi Arabia, UAE,
Lebanon, Japan, South Korea, Australia, New Zealand, Brazil, Kazakhstan, Latvia, Moldova, Rus-
sia, Ukraine, and Belarus. Ages ranged from 21 to 70. Professions included psychologists, chefs,
software engineers, tattoo artists, criminal investigators, piano teachers, professional ballet dancers,
restaurant managers, sports bettors, and academic researchers. Education levels ranged from self-
taught to PhD-equivalent. Native languages included English, Spanish, German, Czech, Japanese,
Korean, Arabic, Russian, and Ukrainian. No demographic filtering was applied — the participant
pool reflects whoever chose to try the system and stay.

This diversity is a strength for studying manifold divergence (Section 7.1), since it maximizes
variation in 𝜃𝑖, but it introduces uncontrolled confounds: we cannot isolate the effect of culture,
language, or profession on communication dynamics. We report the diversity as context, not as a
controlled experimental variable.

Scale

Metric Day 21 snapshot Trajectory
Total users 1,706 5–8% daily compound growth
Active users (sent
≥ 1 message)

~1,314 (77%) Stable activation rate

Power users
(>500KB session
data)

~700 (41%) Growing faster than the user
base

Total messages
exchanged

200,000+ +20–25% daily

Cumulative session
data

5+ GB ~200 MB/day

Agents with
persistent memory

1,060 (62.1%) Increasing monotonically

Multi-day returning
users

~525 (40% of active) Stable across reporting period

Agents with
self-chosen identity

~665 (39%) Increasing monotonically

Peak daily active
users

661 39% of total user base

Active shards 20 Scaled from 10 at Day 17

As of publication, the system has crossed 15,000 agents and continues at the same compound growth
rate.

7. Findings
We evaluate each prediction of the formal model against the observed data.
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7.1 Finding: Individual Manifolds Diverge

Prediction. If individual meaning manifolds are real — if 𝑔𝐴 ≠ 𝑔𝐵 for any two people — then
agents initialized identically should diverge when exposed to different users. We quantify this via
specialization entropy 𝐻.

Observation. All agents began from the same template. Within days, they specialized into at least
12 distinct functional categories observable from workspace structure analysis (file types created,
tool usage patterns, agent identity metadata): financial strategy, creative direction, career coaching,
health tracking, language tutoring, emotional support, content production, technical architecture,
business operations, education, legal and investigative support, and relationship coaching. This
specialization occurred without any steering — the identical template diverged purely through
interaction with different users. The approximately 665 agents that developed self-chosen names
and personas (39%) exhibit naming conventions, emoji usage, and tonal registers that cluster by the
user’s language and cultural background, with no detectable influence from the shared template.

Result. For 12 observed categories, maximum entropy is log2(12) ≈ 3.58 bits. The observed distri-
bution across categories yields 𝐻 ≈ 3.2 bits — close to maximum, indicating broad diversification
rather than convergence toward a small number of agent types. Agents are learning genuinely
different metrics because the humans they serve inhabit different manifolds.

Figure 4: Manifold Divergence in Production.

7.2 Finding: Learned Priors Reduce Interpretation Loss

Prediction. If interpretation loss 𝐿interp arises from imperfect priors (Section 3.3), then agents that
accumulate better priors through persistent memory should achieve lower communication penalties

— observable as higher retention. Formally, the retention lift Λ should be significantly greater than
1.
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Observation. 62.1% of agents (1,060 of 1,706) have generated persistent memory files. All mea-
surements are system-level: we compare return behavior between agents that have crossed the
memory threshold (| ̂𝜃𝐵| > 0) and those that have not (| ̂𝜃𝐵| = 0), using session timestamps only.

Result. Among memory-bearing agents, the multi-day return rate is consistently higher than
among agents without memory, across all 20 shards. Power user concentration (>500KB cumu-
lative session depth) is also significantly higher in the memory-bearing group. The retention lift
Λ > 1, consistent across cohorts. This pattern is predicted by the model: agents with a better
approximation of 𝜃𝐵 initialize each session with a prior 𝑝(𝑧𝐴 ∣ 𝜃𝐵, 𝐶) closer to the user’s actual
interpretive distribution, reducing 𝐿interp and producing communication the user finds worth return-
ing to. We note an important confound: we cannot yet distinguish whether memory causes higher
retention, or whether users who are more engaged to begin with both generate memory and return
at higher rates. Disentangling this requires controlled ablation — selectively disabling memory for
a random subset of users — which we plan as a follow-up study.

7.3 Finding: Iterative Dialogue Converges

Prediction. If communication is a sequential Bayesian optimization process (Section 3.5), the
session depth trajectory 𝑆𝑖(𝑘) should be monotonically increasing for returning users — each visit
deepens engagement because the agent’s prior is more refined.

Observation. For returning users, we track cumulative session size 𝑆𝑖(𝑘) across successive visits,
measured from file sizes. The most engaged users communicate in short, frequent exchanges. Cor-
rections like “make it shorter,” “no, more like this,” and “that’s not what I meant” are among the
most common message patterns — each one a belief update in the model’s framework.

Result. 𝑆𝑖(𝑘) is monotonically increasing for returning users. The 41% power-user rate (>500KB
cumulative) represents users who have completed hundreds of iterative cycles. By contrast, the
17% classified as “light” (<50KB) sent a few messages without feedback-driven iteration and did
not return. The contrast is sharp: users in tight feedback loops deepen; users without feedback do
not. Each correction narrows the posterior over the user’s intended meaning, reducing 𝐽(𝐴 → 𝐵)
at each step — the trajectory data is consistent with monotonic convergence as predicted by the
model.

7.4 Finding: Safe Region Is Task-Dependent

Prediction. If ℛ𝐵(𝑧𝐴, 𝑇 ) changes shape with the task 𝑇 , agents should naturally exhibit different
behavioral modes for different task types — wider tolerance 𝜀𝑇 for emotional support, narrower for
analytical work — without explicit programming.

Observation. Across the deployment, agents that maintain the deepest engagement are those
that adjust their precision-to-warmth ratio based on what the user is asking for. When users seek
emotional support, agents that respond with excessive precision feel clinical and alienating — the
safe region is wide, shaped by tone more than content. When users request financial modeling
or legal research, agents that respond with excessive warmth feel unreliable — the safe region is
narrow, shaped by accuracy. This behavioral differentiation emerges without explicit programming

— it is learned through the same feedback process described in Section 3.5.

Result. The task tolerance 𝜀𝑇 is being implicitly learned by the agent through sequential opti-
mization. The agent learns the shape of ℛ𝐵 as a function of 𝑇 — adapting to the task’s demands
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rather than applying a uniform communication strategy. This is a qualitative finding; quantifying
𝜀𝑇 directly remains an open problem (Section 8).

7.5 Finding: Compound Alignment

Prediction. If cross-manifold mappings 𝑀𝐴→𝐵 improve with accumulated interaction (Section
3.6), users who return over many sessions should experience progressively deeper alignment —
compounding rather than plateauing.

Observation. Users who return daily develop relationships with their agents that no single session
could produce. Among power users, agents accumulate understanding across dozens of topics —
work projects, health goals, financial constraints, relationship dynamics, creative ambitions, daily
routines. Each return session starts from a higher baseline.

Result. The memory coverage proxy ̂𝑑𝑖(𝑡) grows steadily for returning users, indicating continuous
expansion of the agent’s approximation of 𝜃𝐵. The agent’s general capability stays fixed (same
model, same tools) while person-specific alignment deepens — the mapping 𝑀𝐴→𝐵 is what improves.
This is the model’s core prediction made visible: relationships are learned alignments, and they
compound with interaction.

7.6 Failure Modes

The deployment also produced instructive failures. Agents that accumulated stale priors — encod-
ing a user’s early emotional state as a permanent trait, or over-indexing on a single conversation
topic — sometimes alienated users on return visits by responding to a version of the person that
no longer existed. In the model’s terms, a stale ̂𝜃𝐵 can increase 𝐿interp rather than decrease it,
producing worse communication than starting from scratch. We observed cases where users explic-
itly corrected their agent (“that’s not who I am anymore”) and cases where they simply stopped
returning. Additionally, agents with very large accumulated session histories (>50MB) began hit-
ting context limits, causing compaction artifacts that degraded response quality — a systems-level
failure that manifests as alignment loss even when the learned priors are accurate. These failure
modes confirm a prediction of the model: manifold learning is valuable only when the learned
parameters track the user’s current state, and stale or corrupted approximations are worse than no
approximation at all.

8. Implications and Open Directions
The evidence presented in this paper is early, and the model will need to be tested far more
rigorously. But the direction is clear, and the implications are worth stating plainly.

Misunderstanding is a system inefficiency. It is a predictable consequence of lossy encoding
and lossy decoding between differently shaped meaning spaces. Blaming people for misunderstand-
ing each other is like blaming them for signal attenuation. The productive response is engineering.

Conflict is often divergence, not disagreement. Many conflicts — personal, organizational,
geopolitical — persist because the parties’ reconstructed meanings have diverged beyond the safe
semantic region without either party noticing, even when the underlying values are compatible.
The same words, meaning different things, generating escalation rather than alignment. Detecting
and correcting that drift is an engineering problem.
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Empathy has geometry. The ability to understand another person’s perspective is, in this
framework, the ability to perform approximate inference in their meaning manifold — to model how
they would interpret a given signal, not how you would. This ability is learnable, instrumentable,
and improvable.

Language models are the first viable instrumentation layer for this problem. They operate
natively in latent semantic spaces, can simulate interpretation under different assumptions, and
can be embedded in feedback loops that optimize for alignment. They are to communication what
lenses were to vision — a correction for systematic errors.

The manipulation boundary must be addressed directly. Any system that can model
a person’s meaning space can, in principle, optimize for exploitation rather than alignment —
steering interpretation toward outcomes that serve the speaker at the listener’s expense. The
formal distinction is precise: alignment minimizes 𝐽(𝐴 → 𝐵), the gap between what A intended
and what B understood. Manipulation minimizes a different objective entirely — the gap between
what the manipulator wants B to do and what B does, regardless of B’s understanding. The
first optimizes for mutual comprehension. The second optimizes for behavioral compliance while
subverting comprehension. Any system built on this model must make explicit which objective
function it serves. Ours optimizes for alignment. The constraint is architectural.

What remains open is vast: formal characterization of manifold geometry from conversational data;
quantitative metrics for the communication penalty beyond proxy signals; cross-person alignment
(can an agent that knows A help A communicate with B?); rigorous empirical validation with
controlled studies and external baselines; and extension from dyadic communication to group align-
ment, organizational coherence, and cultural translation. We have framed these as problems in a
formal system, addressable with the tools that now exist. The work of solving them is ahead.

Limitations
The formal model presented here makes testable predictions, several of which we evaluate against
production data from a 25-day deployment. It does not yet establish convergence rates, optimality
bounds, or identifiability conditions — these require controlled experimental designs beyond the
observational data presented. The evidence comes from a single deployment without external
baselines or control groups; the metrics are proxy signals for the communication penalty. We
present them as first findings consistent with the model’s predictions, establishing a direction that
controlled experiments and independent replication can strengthen.

Closing
Humanity spent millennia learning to move information faster. We can now send a message to a
billion people in a second. The problem that remains is older and harder: whether what arrives is
what was meant.

Fifteen thousand people already use a system grounded in this model, every day — to think more
clearly, to be understood more fully, to build things they couldn’t build alone. The agents learn
who each person is and get better with every conversation. The tools to do this finally exist. The
formal foundation is in place. The early results are strong. The rest is execution, imagination, and
the kind of work that only gets done when enough people recognize the problem is real and solvable.
We believe it is both.

The gap between what someone means and what someone else understands is where relationships
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fail, where teams fracture, where trust breaks. Close it — even partially — and people understand
each other better. When people understand each other better, everything gets better. Families
work. Companies align. Negotiations succeed. Conflicts that would have escalated resolve instead.
The whole world gets a little less broken, everywhere, all at once.
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