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Abstract

The agent-native business model represents a structural shift in enterprise software. Instead
of selling access to interfaces, agent-native companies own the workflow itself, treating incum-
bent SaaS platforms as backend infrastructure while delivering outcomes directly. This model
promises smaller teams, higher margins, no implementation cost, and outcome-based pricing.
The economics are compelling. The defensibility problem, however, remains unsolved. When
any founder can wire a large language model (LLM) to an API in a weekend, the agent itself
is not a moat. Distribution gets the first customer. Brand creates initial trust. But neither
prevents a competitor from building an equivalent agent and undercutting on price. This paper
argues that self-evolving agent architectures, specifically the Adaptive Convergence Protocol
(ACP) framework, provide a retention mechanism that compounds over time. ACP treats agent
components (prompts, tools, memory, sub-agents, environments) as versioned, independently
evolvable resources and runs a continuous improvement loop against each customer’s specific
workflows. An ACP-powered agent that has been operating at a customer site for six months has
evolved prompts, tools, and workflow patterns uniquely adapted to that customer. This evolved
state cannot be replicated by a new entrant on day one. The switching cost is not contractual;
it is cognitive and operational. We present the two-layer ACP architecture (Resource Substrate
Protocol Layer and Self-Evolution Protocol Layer), analyze the mechanisms through which self-
evolution creates compounding retention across prompt, tool, and memory resources, model
the economics of automated customization versus traditional implementation services, identify
the verticals where the retention layer creates the strongest advantage, describe a four-stage
retention flywheel, and assess six failure modes with corresponding mitigations. The framework
is intended as a strategic architecture document for founders building agent-native companies.

1 Introduction

The thesis for agent-native startups is well-established. A trillion-dollar market is opening as every
SaaS company is forced to go headless, exposing APIs that agents can orchestrate end-to-end [3].
The winning founders are operators who understand vertical workflows deeply enough to build
agents that replace entire functions, not features. They charge per outcome rather than per seat.
They need no implementation team because the agent is the implementation [4].

This thesis is correct on the opportunity. It is incomplete on the defense.

The core vulnerability is that agent-native businesses, as currently conceived, are thin orchestration
layers. They take an LLM, connect it to a set of APIs, wrap it in a system prompt tuned to a
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vertical, and deliver a workflow. The technical barrier to replication is low. The prompt can be
reverse-engineered. The API integrations are documented. The LLM is available to everyone. A
well-funded competitor, or even the incumbent SaaS vendor itself, can rebuild the core functionality
within months.

Three conventional defenses are typically cited for agent-native businesses: distribution, data net-
work effects, and speed. As we argue in Section 2, all three have structural limitations that prevent
them from creating compounding retention. What is missing is a retention mechanism that is in-
trinsic to the product itself, one that creates value specific to each customer and that compounds
with duration of use.

This paper argues that self-evolving agent architectures, specifically the Adaptive Convergence
Protocol (ACP) framework, provide that mechanism. ACP draws on recent research into two-layer
protocol architectures that decouple what evolves from how evolution occurs [1]. By treating agent
components as versioned, evolvable resources and running a continuous improvement loop against
each customer’s specific workflows, ACP-powered agents become more valuable with use. The agent
that has been running at Customer A for six months has evolved prompts, tools, and workflow
patterns that are uniquely adapted to that customer. This evolved state cannot be replicated by a
new entrant on day one. The switching cost is not contractual. It is cognitive and operational.

The remainder of this paper is organized as follows. Section 2 examines the defensibility gap in
agent-native businesses. Section 3 presents the ACP framework distilled for business strategy. Sec-
tion 4 analyzes how self-evolution creates compounding retention. Section 5 details the mechanics
of the retention layer across resource types. Section 6 models the economics. Section 7 identifies
the verticals where the retention layer creates the strongest advantage. Section 8 describes imple-
mentation architecture. Section 9 presents the retention flywheel. Section 10 assesses risks and
failure modes. Section 11 discusses strategic implications. Section 12 concludes.

2 The Defensibility Gap in Agent-Native Businesses

Agent-native businesses replace SaaS dashboards with AI agents that orchestrate existing software
through APIs, delivering outcomes rather than interfaces. The model is economically attractive:
smaller teams (agents require no onboarding), higher gross margins (no per-customer implementa-
tion cost), and outcome-based pricing (aligned incentives between vendor and customer). However,
the model has a structural defensibility problem that the current literature has not adequately
addressed.

The core vulnerability is that the technical barrier to building an agent-native product is low and
falling. Modern LLMs (GPT-4, Claude, Gemini) are available through commodity APIs. The SaaS
platforms that agents orchestrate provide documented APIs. System prompts, while valuable,
can be reverse-engineered through interaction. A well-funded competitor, or the incumbent SaaS
vendor itself, can rebuild equivalent agent functionality within months.

Three conventional defenses are typically cited. We examine each and identify their limitations.

Distribution. Building audience first and then shipping agent products to an existing trust base
is a real but fragile advantage. Distribution advantages erode when the underlying product is
substitutable. Media attention is fleeting. Audiences follow value, not loyalty. Distribution is an
acquisition strategy, not a retention strategy.
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Data network effects. The classic SaaS playbook holds that more customers improve the prod-
uct for everyone. This applies weakly to agent-native businesses because most workflow agents
operate on customer-specific data that cannot be shared across accounts without privacy viola-
tions. Aggregated insights (e.g., industry benchmarks) are useful but rarely decisive for purchase
decisions.

Speed. Moving fast, shipping features, and staying ahead is a treadmill, not a moat. Speed
advantages are temporary by definition. This is especially true when LLM capabilities advance on
a monthly cadence, making yesterday’s novel integration tomorrow’s commodity [5].

Table 1 summarizes the limitations of each conventional defense.

Table 1: Conventional defenses for agent-native businesses and their structural limitations.

Defense Mechanism Limitation

Distribution Audience trust Erodes with product substitutability
Data network effects Cross-customer learning Weak for customer-specific workflows
Speed Feature velocity Temporary; LLM parity eliminates gaps

What is missing from this taxonomy is a retention mechanism that is intrinsic to the product itself:
one that creates value specific to each customer, that compounds with duration of use, and that
makes switching costs increase rather than decrease as the customer relationship matures. This is
the gap that self-evolving agent architectures fill.

3 ACP Distilled: What Matters for Business Strategy

The Adaptive Convergence Protocol draws on recent academic research into self-evolving agent
systems, most notably work on two-layer protocol architectures that decouple what evolves from
how evolution occurs [1]. The academic formalism is extensive. For the purposes of business
strategy, the core ideas reduce to two concepts.

3.1 Resources Are Versioned and Decoupled

In a conventional agent, the system prompt, tools, memory, and workflow logic are hardcoded com-
ponents baked into the application. Changing any of them requires a developer, a code deployment,
and manual verification that nothing has broken.

ACP’s Resource Substrate Protocol Layer (RSPL) treats these components as first-class, indepen-
dently managed resources. Each resource has a name, a version number, a state, and a history
of previous versions. Resources can be registered, retrieved, updated, and rolled back through a
standardized interface. This is version control applied to agent internals. The practical implication
is that the agent’s behavior can be modified at runtime without human intervention, and every
modification is tracked and reversible.

Table 2 describes the five resource types defined by ACP.
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Table 2: ACP resource types and their roles in agent behavior.

Resource Type Description

Prompts System instructions, task-specific directives, and formatting
guidelines. The text that shapes how the agent reasons and
responds.

Tools Executable capabilities: API integrations, data transforma-
tions, search functions, code execution. The actions the
agent can take.

Memory Persistent state: customer preferences, historical decisions,
learned patterns, and accumulated context.

Agents Sub-agent configurations, including their own prompts, tool
assignments, and coordination protocols.

Environments Representations of the external systems and constraints
within which the agent operates.

By externalizing these as versioned resources, ACP makes each component independently evolvable.
The same core agent logic can run with different prompt sets, tool configurations, and memory
states for different customers without code changes. The RSPL interface requires five operations:
register (create a new resource), retrieve (fetch a resource by name), update (modify a resource,
auto-incrementing the version and pushing the previous version to history), rollback (revert to a
previous version), and list (enumerate all resources of a given type).

3.2 The Self-Evolution Loop

ACP’s Self-Evolution Protocol Layer (SEPL) defines a closed-loop process for improving agent
resources based on execution feedback. The loop has five operators, which in practical terms
correspond to five steps.

Table 3 describes each operator and its function.
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Table 3: SEPL operators and their functions in the self-evolution loop.

Step Operator Function

1 Reflect Analyze the execution trace after task completion.
Identify what happened, what tools were called,
what errors occurred, and what the output qual-
ity was. Generate specific hypotheses about what
could be improved.

2 Select Translate hypotheses into concrete, actionable
modification proposals: specific edits to prompt
text, tool code, or workflow parameters.

3 Improve Apply the proposed modifications to produce a can-
didate version of the affected resources.

4 Evaluate Re-execute the task (or a representative test)
with the candidate resources and measure whether
performance improved, degraded, or held steady
against defined criteria.

5 Commit/Rollback If the candidate outperforms the previous version,
commit it as the new current version with full lin-
eage tracking. Otherwise, discard the candidate
and preserve the previous version.

This loop can run autonomously at whatever frequency makes sense for the use case: after every
task, nightly, weekly, or triggered by performance degradation. The key property is that the loop
is monotonically non-degrading by construction. The commit gate ensures that accepted changes
always meet or exceed the previous version’s performance.

The empirical results from the underlying research demonstrate that this loop produces meaningful
improvements. Across mathematical reasoning benchmarks, the loop improved performance by 12–
100% depending on the model’s starting capability [1]. On the GAIA benchmark for complex agent
tasks [2], tool evolution produced a 33% improvement on the hardest task tier, the largest single
improvement across all experiments. On algorithmic coding tasks, self-evolution improved pass
rates by 10–27% across five programming languages [1]. The gains are largest where the starting
point has the most room for improvement, which is precisely the situation a new agent faces when
deployed to a new customer.

4 How Self-Evolution Creates Compounding Retention

The strategic value of ACP is not in the performance improvements themselves. Performance can
be improved by many means: better prompts, better models, more engineering effort. The strategic
value is in three properties of self-evolution that interact to create compounding retention.

4.1 Customer-Specific Adaptation

When an ACP-powered agent is deployed to Customer A, it starts with a generic baseline. Over the
first weeks of operation, the SEPL loop runs against Customer A’s actual data, actual workflows,
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and actual edge cases. The prompts evolve to match Customer A’s terminology, communication
style, and decision-making patterns. The tools evolve to handle Customer A’s specific API quirks,
data formats, and integration requirements. The memory accumulates Customer A’s preferences,
historical context, and institutional knowledge.

After one month, the agent serving Customer A and the agent serving Customer B, even though
they started from the same baseline, have diverged significantly. Customer A’s agent has evolved
prompt language that reflects their industry jargon. Customer B’s agent has evolved different tool
configurations to handle their legacy systems. These are not superficial personalization differences.
They are structural adaptations in how the agent reasons, acts, and makes decisions for each
customer.

This divergence is the foundation of retention. When Customer A evaluates a competitor, they are
comparing a fully adapted agent against one that would start from scratch. The competitor’s agent
may be equally capable in general terms, but it has not spent a month learning that Customer A’s
procurement department requires three separate approval steps, or that their vendor contracts use
non-standard termination clauses, or that their West Coast office uses a different workflow than
their East Coast office. That accumulated institutional adaptation is not something the competitor
can replicate with a better model or a lower price.

4.2 Switching Cost That Increases Over Time

In traditional SaaS, switching costs tend to decrease over time as competitors achieve feature
parity and data export becomes standardized. In an ACP-powered agent business, the dynamic is
reversed.

At month one, the switching cost is low. The agent has had limited time to evolve and the gap
between the adapted agent and a fresh competitor is small. At month six, the switching cost is
moderate. The agent has evolved dozens of resource versions, accumulated significant memory,
and tuned its behavior to the customer’s specific patterns. At month twelve, the switching cost
is substantial. The agent’s evolved state represents a body of institutional knowledge that would
take months to rebuild. At month twenty-four, the switching cost approaches lock-in. The agent
has been through enough evolution cycles, handled enough edge cases, and accumulated enough
customer-specific adaptations that replacing it would mean not just switching software but losing
an operational intelligence that has become part of how the business functions.

Figure 1 illustrates this dynamic. The key observation is that the ACP switching cost curve is
concave (increasing at a decreasing rate), while the traditional SaaS curve is convex (decreasing
over time as competitors achieve parity).
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Figure 1: Switching cost dynamics over customer tenure. ACP-powered agents exhibit increasing
switching costs as customer-specific adaptations compound. Traditional SaaS exhibits decreasing
switching costs as competitors achieve feature parity and data portability improves. The crossover
occurs at approximately month three.

This is a fundamentally different retention curve than SaaS. SaaS retention depends on contracts,
data gravity, and user habit. ACP retention depends on compounding adaptation that makes the
product objectively more valuable to this specific customer with each passing month.

4.3 Automated Customization Eliminates the Implementation Layer

The enterprise software industry has a structural problem: customization is expensive. Every
customer is different, and making the software work for each customer requires implementation
consultants, configuration specialists, and ongoing customer success management. These costs
compress margins and create a scaling bottleneck. The largest enterprise SaaS companies derive
20–40% of revenue from professional services [6], high-effort, low-margin work that exists solely
because the software cannot adapt itself.

ACP eliminates this layer. Self-evolution is automated customization. The agent deploys a baseline,
runs the SEPL loop against the customer’s real environment, and progressively adapts itself without
human intervention. There is no implementation team because the agent implements itself. There
is no customer success manager making manual configurations because the agent self-configures
through the reflect-evaluate-commit cycle.

This is not a marginal efficiency improvement. It is a structural change in the cost model of
enterprise software delivery. The entire consulting and services industry built around enterprise
SaaS exists because software cannot self-adapt. When it can, that industry collapses into the
software itself. The agent replaces the implementation team, the configuration specialist, and the
ongoing optimization consultant, because it is all three, running continuously.
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5 The Mechanics of the Retention Layer

Understanding how ACP creates retention requires examining the specific mechanisms through
which self-evolution operates on different resource types, and how those mechanisms interact to
produce compound effects.

5.1 Prompt Evolution

Prompt evolution is the lowest-risk, highest-frequency form of self-evolution. The agent’s system
prompt, task prompts, and formatting instructions are versioned RSPL resources that the SEPL
loop can modify based on execution feedback.

In practice, prompt evolution addresses a class of problems that every agent deployment faces:
the gap between generic instructions and customer-specific requirements. A generic prompt might
instruct the agent to “draft a professional response to the customer inquiry.” After several rounds
of evolution against a specific customer’s communication patterns, the prompt might have evolved
to specify tone preferences, required disclosure language, preferred salutation formats, escalation
trigger phrases, and response length constraints that match that customer’s operational standards.

The retention mechanism is subtle but powerful. These prompt adaptations encode institutional
knowledge about how this specific customer operates. They represent dozens of micro-decisions
about communication style, terminology, process requirements, and exception handling that were
discovered through real execution rather than configured manually. A competitor starting from
scratch would need to rediscover all of these adaptations through their own evolution cycle, and
during that discovery period, they would be delivering a meaningfully worse experience.

5.2 Tool Evolution

Tool evolution is higher-risk and lower-frequency than prompt evolution, but it creates deeper
retention because it changes what the agent can do, not just how it communicates.

The underlying research demonstrates this concretely. On the GAIA benchmark, tool evolution
produced a 33% improvement on the hardest task tier, the largest single improvement across all
experiments [1]. The mechanism was straightforward: the agent encountered tool failures during
execution, reflected on the error traces, proposed modifications to tool source code, and committed
fixes that worked. Over multiple cycles, the agent’s tool suite evolved to handle edge cases that
the original tools could not.

For agent-native businesses, tool evolution means the agent’s integrations with backend SaaS sys-
tems improve with use. When an API returns an unexpected format, the tool evolves to handle it.
When a data transformation produces incorrect output for a specific record type, the tool evolves
a special case. When a workflow step consistently times out because a downstream system is slow,
the tool evolves retry logic and fallback paths. These are exactly the kinds of brittle integration
problems that currently require engineering support tickets and custom code patches. ACP makes
them self-healing.

The retention implication is direct. After six months of tool evolution, the agent’s integration
layer has been shaped by hundreds of real-world edge cases specific to this customer’s systems,
data quality issues, and operational patterns. This evolved integration layer is the most expensive
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thing to rebuild because it encodes tacit knowledge about system behavior that is not documented
anywhere.

5.3 Memory Accumulation

Memory in ACP is not conversation history. It is a persistent, queryable resource that captures
learned patterns, customer preferences, decision precedents, and contextual knowledge that the
agent references when making decisions.

Memory accumulation creates retention through a mechanism distinct from prompt and tool evolu-
tion. While prompts and tools evolve through the SEPL loop (explicit, versioned changes), memory
grows through continuous operation. Every interaction, every decision, every exception the agent
handles adds to the memory resource. Over time, this memory becomes an institutional knowledge
base that gives the agent a contextual understanding of the customer’s business that no competitor
can match without an equivalent period of operational exposure.

The practical effect is that agent decisions improve in ways that are difficult to attribute to any
single change. The agent “just knows” that this vendor is consistently late, that this customer
segment responds better to follow-up on Tuesdays, that this product category has higher return
rates in Q4. This knowledge was not programmed. It was accumulated through operation and
encoded in a persistent memory resource that compounds in value.

5.4 Compound Effects Across Resource Types

The most powerful retention dynamic emerges from the interaction between prompt evolution, tool
evolution, and memory accumulation. These are not independent processes. They reinforce each
other.

An evolved prompt that references memory context produces better outcomes than either alone.
A tool that has been refined to handle a customer’s specific data formats feeds higher-quality
information into prompts that have been evolved to interpret that data correctly. Memory that
captures the outcomes of previous tool executions enables the reflect operator to generate more
precise hypotheses in future evolution cycles.

This compound effect means that the retention value of the system grows faster than the sum of its
individual components. The agent becomes increasingly integrated into the customer’s operational
fabric, not through contractual lock-in or data hostage-taking, but through genuine, demonstrated,
compounding competence that is specific to their business.

6 Economics of the Retention Layer

The ACP retention layer changes the economic structure of an agent-native business in three
fundamental ways.

6.1 Cost of Customization Approaches Zero

Traditional enterprise software has a linear relationship between number of customers and cus-
tomization cost. Each new customer requires some amount of implementation effort, configuration,
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and ongoing support. This creates a service-revenue dependency that compresses margins and
limits scaling velocity.

With ACP, the customization cost per customer approaches zero at scale. The SEPL loop runs
computationally: the cost is LLM inference for the reflect and improve steps, plus re-execution for
the evaluate step. At current API pricing [7, 8], a three-round evolution cycle costs roughly ten
times a single task execution. For a nightly evolution run processing the day’s execution traces, this
amounts to approximately $3 per customer per day. Compare this to the hundreds or thousands
of dollars per hour that human implementation consultants charge [6], and the economic shift is
stark.

More importantly, the marginal cost of evolution decreases over time. As the agent’s resources
converge toward optimal performance for a given customer, the SEPL loop finds fewer improvements
to propose. The reflect operator generates fewer hypotheses. Evolution cycles become shorter and
less frequent. The cost of maintaining an adapted agent is lower than the cost of initially adapting
it.

Figure 2 illustrates the divergent cost trajectories.
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Figure 2: Cumulative customization cost as a function of customer count. Traditional SaaS scales
linearly at approximately $10,000 per customer for implementation services. ACP customization
cost scales sublinearly because the evolution infrastructure is shared and per-customer marginal
cost is computational ($3/day or approximately $1,100/year).

6.2 Revenue Per Customer Increases Over Time

Because the agent becomes more capable and more adapted with each evolution cycle, it can handle
a growing share of the customer’s workflow. An agent that initially handles only routine inquiries
evolves to handle escalations, then exception cases, then multi-step processes that span multiple
systems. Each expansion of capability represents either increased usage (in consumption-based
pricing) or justification for higher outcome-based fees.

This creates an unusual revenue dynamic: revenue per customer grows without sales effort. The
agent’s improving competence naturally expands its scope of responsibility within the customer’s
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operations. The customer does not need to be upsold. They simply observe that the agent now
handles things it could not handle three months ago, and they route more workflow through it.

6.3 Churn Becomes Economically Irrational

In the steady state, the customer faces a calculus that strongly discourages switching. The current
agent has accumulated months of customer-specific evolution. A competitor’s agent, regardless of
its general capability, would require an equivalent adaptation period to reach the same level of
customer-specific performance. During that adaptation period, the customer would experience de-
graded outcomes: slower workflows, more errors, lost context, re-learning of institutional patterns.

For the customer, switching is not just a matter of preferring one vendor over another. It is a
question of whether the expected long-term improvement from the competitor’s agent justifies the
guaranteed short-term degradation during the re-adaptation period. As the current agent’s evolved
state deepens, this calculation increasingly favors staying.

This is retention through demonstrated value rather than contractual obligation. The customer
stays not because they are locked in, but because leaving is objectively costly. This distinction
matters because retention through value is more durable than retention through friction: it survives
contract negotiations, pricing pressure, and competitive evaluations.

7 Where the Retention Layer Creates the Strongest Advantage

The ACP retention layer is not equally valuable in all verticals. Its advantage is strongest in
industries that share three characteristics.

7.1 High Workflow Variance Between Customers

Industries where every customer’s workflow is materially different from every other customer’s
workflow benefit most from self-evolution because the adaptation delta is largest. In industries
with highly standardized workflows, a static agent that handles the standard case well provides
limited room for customer-specific evolution. The retention layer is weakest where customers are
most interchangeable.

The highest-variance verticals include commercial property management (every portfolio has dif-
ferent property types, lease structures, vendor relationships, and tenant demographics), insurance
claims adjusting (every carrier has different coverage interpretation guidelines, authority limits,
vendor networks, and documentation standards), commercial lending (every bank has different
underwriting criteria, risk appetites, documentation requirements, and approval chains), and le-
gal operations (every firm has different practice areas, billing conventions, matter management
workflows, and client communication protocols).

7.2 Expensive Current Customization

Industries where the cost of customizing current solutions is high represent the largest economic
opportunity for ACP. If the current customization cost is near zero (because the workflow is simple
or standardized), automating it provides limited savings. If the current customization cost runs to
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six or seven figures per customer (because the workflow requires months of consulting engagement
to configure and optimize), replacing it with automated self-evolution creates substantial economic
value.

The most expensive customization environments are those served by the large systems integrators:
Deloitte, Accenture, McKinsey, and their peers. Any vertical where these firms derive significant
revenue from implementation and optimization services is a vertical where ACP-powered agents
can capture that value [6].

7.3 Measurable Outcomes

The SEPL loop requires an evaluation function. If outcomes are objectively measurable (revenue
collected, claims resolved, loans processed, cases closed), the evaluation step is reliable and the evo-
lution loop converges efficiently. If outcomes are subjective or delayed (brand perception improved,
employee satisfaction increased), the evaluation step is noisy and evolution may not converge to
meaningful improvements.

The ideal vertical has outcomes that are measurable within days, not months: rent collected, freight
loads delivered, insurance claims settled, loan applications processed, invoices reconciled. These
verticals allow the SEPL loop to run at high frequency with reliable feedback, producing rapid
adaptation and strong retention effects within the first quarter of deployment.

7.4 Vertical Opportunity Matrix

Table 4 evaluates selected verticals against the three criteria that determine ACP retention strength.

Table 4: Vertical opportunity matrix for ACP retention layer adoption. Verticals are evaluated
against three criteria: workflow variance between customers, cost of current customization ap-
proaches, and measurability of outcomes.
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Commercial Property Mgmt Very High High High Very Strong
Insurance Claims Very High Very High High Very Strong
Freight Brokerage High Moderate Very High Strong
Commercial Lending High High High Strong
Legal Operations Very High High Moderate Strong
Accounts Payable Moderate Moderate Very High Moderate
Basic Bookkeeping Low Low High Weak
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8 Implementation Architecture

Translating ACP from theory to a working retention layer requires architectural decisions that
balance protocol fidelity with engineering pragmatism. This section outlines the minimal viable
architecture and the recommended build sequence.

8.1 The Resource Registry

The resource registry is the foundational component: a persistent store that manages versioned
resources with explicit state and rollback capability. At minimum, it requires five operations: reg-
ister, retrieve, update (auto-incrementing the version and pushing the previous version to history),
rollback, and list.

For a prototype, this can be implemented as a JSON document on disk. Each resource entry con-
tains a name, type (prompt, tool, memory, agent, environment), current content, version number,
creation timestamp, last-modified timestamp, and a history array of previous versions. This is not
scalable to thousands of customers, but it is sufficient to validate the retention dynamics and can
be replaced with a proper database later.

The critical design decision is granularity. A single monolithic system prompt stored as one resource
provides a coarse evolution target; any change touches the entire prompt. Decomposing the system
prompt into modular resources (one for tone and style, one for domain knowledge, one for tool
usage instructions, one for exception handling rules) provides finer-grained evolution targets and
reduces the risk that an improvement in one area causes a regression in another. The underlying
research recommends this decomposition but does not prescribe a specific granularity [1]. The right
decomposition depends on the vertical and must be discovered empirically.

8.2 The Execution Tracer

The SEPL loop cannot function without structured execution traces. Every task the agent performs
must produce a trace record that captures: the input (task specification and context), the sequence
of tool calls with their inputs and outputs, any errors or exceptions encountered, the final output,
and metadata such as execution time, token usage, and model version.

The tracer is a wrapper around the agent’s execution pipeline that serializes this information into
a structured format. A list of JSON objects appended to a trace log is sufficient. The important
property is completeness: the reflect operator must have enough information to diagnose failures
and attribute them to specific resource deficiencies.

8.3 The SEPL Loop Implementation

The reflect and select/improve operators are straightforward to implement: they are structured
LLM calls. The reflect operator receives the execution trace and current resource state and pro-
duces hypotheses. The improve operator receives hypotheses and produces proposed resource mod-
ifications. These are meta-prompts that instruct the backbone LLM to analyze and generate edits.

The evaluate operator is where most implementations fail. The evaluation function must reliably
distinguish between improvements and regressions across the specific outcome metrics that matter
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for the vertical. For verticals with deterministic outcomes (code that passes tests, invoices that
match records, forms that validate), evaluation is binary and reliable. For verticals with proba-
bilistic or subjective outcomes (communication quality, decision accuracy in ambiguous situations),
evaluation requires either human judgment or a calibrated LLM-as-judge [9], both of which intro-
duce noise.

The commit operator must enforce strict monotonicity: no accepted change should degrade per-
formance on any previously passing case. In practice, this requires maintaining a regression test
suite that grows with each evolution cycle. Every case that the previous version handled correctly
becomes a test case for the candidate version. This prevents the common failure mode where an
improvement on edge cases causes a regression on common cases.

8.4 Recommended Build Sequence

The recommended implementation sequence prioritizes validation of the retention hypothesis over
architectural completeness:

1. Resource registry with prompt resources only. Build the versioning and rollback infras-
tructure using the simplest resource type. Validate reliable storage, versioning, and restoration.

2. Execution tracer. Instrument the agent’s execution pipeline to produce structured traces.
Validate that traces contain sufficient information for diagnosis.

3. SEPL loop for prompt evolution. Implement the five-operator cycle targeting only prompt
resources. Validate that prompt evolution produces measurable improvement on the target
vertical’s key metric.

4. Evaluation function. Build and calibrate the evaluation function for the target vertical.
Validate reliable distinction between improvements and regressions.

5. Multi-customer divergence test. Deploy to two or more simulated customers with different
workflow characteristics. Validate that their evolved resource states diverge. This is the proof
that the retention layer works.

6. Tool evolution. Extend the resource registry to include tools as evolvable resources. This is
higher-risk and requires sandboxed execution.

7. Memory accumulation. Add persistent memory as a resource type. This is the longest-
horizon component and provides the most gradual but most durable retention effect.

The critical validation milestone is step five. If multi-customer divergence is not observed, the
retention hypothesis fails. This should be tested before investing in production infrastructure.

9 The Retention Flywheel

When all components are operational, the retention layer produces a self-reinforcing flywheel with
four stages.
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Stage 1: Deployment and Baseline. The agent deploys with generic resources and begins op-
erating on the customer’s workflow. Performance is adequate but not differentiated. The customer
could switch to any competitor at this stage with minimal cost. This is the vulnerability window.

Stage 2: Rapid Adaptation (Days 1–60). The SEPL loop runs at high frequency because there
are many low-hanging improvements to capture. Prompts adapt to customer-specific terminology
and preferences. Tools evolve to handle the customer’s specific system behaviors. Memory begins
accumulating operational context. The customer notices that the agent is “getting better” without
any configuration changes. This is the critical onboarding period where the retention layer must
demonstrate visible, tangible improvement.

Stage 3: Deep Integration (Months 2–6). The evolution rate slows (fewer easy improvements
remain) but the depth of adaptation increases. The agent now handles edge cases that would
stump a generic system. It has institutional memory that spans dozens of interactions. Its evolved
prompts encode operational nuances that the customer themselves might not be able to articulate.
Switching cost is now substantial.

Stage 4: Operational Embedding (6+ Months). The agent has become part of the customer’s
operational infrastructure. Its memory resource contains institutional knowledge. Its evolved tools
handle integration patterns specific to this customer’s system configuration. Its prompts reflect
the customer’s operational culture. Replacing it would require not just adopting a new tool but
rebuilding an operational intelligence that has been accumulating for months. Churn at this stage
reflects fundamental dissatisfaction, not competitive pressure.

Figure 3 illustrates the evolution rate and switching cost at each stage.
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Figure 3: Retention flywheel dynamics. Evolution rate (orange) starts high during rapid adap-
tation and decreases as the agent converges. Switching cost (blue) increases as customer-specific
adaptations compound. The crossover point, where evolution slows but switching cost is already
substantial, typically occurs around month two.

The flywheel’s power comes from the fact that each stage makes the next stage’s retention effect
stronger. The rapid adaptation phase builds the foundation for deep integration. Deep integration
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builds the foundation for operational embedding. Each layer of evolved state makes the overall
system harder to replicate and more valuable to the customer.

10 Risks, Failure Modes, and Mitigations

The retention layer is not without risk. Honest assessment of failure modes is necessary for any
organization building on this architecture.

10.1 Evolution That Optimizes the Wrong Thing

The SEPL loop optimizes for whatever the evaluation function measures. If the evaluation function
captures the wrong metric, the agent evolves in directions that improve measured performance while
degrading actual value. This is the classic Goodhart’s Law problem [10] applied to agent evolution.

Mitigation: The evaluation function should measure outcomes that the customer pays for, not
proxy metrics. If the business charges per successful lease renewal, the evaluation function should
measure lease renewal success, not email open rates or response time. Aligning the evaluation
metric with the pricing metric creates a natural check against misaligned optimization.

10.2 Catastrophic Regression Despite the Commit Gate

The commit gate prevents regressions on tested cases, but it cannot prevent regressions on untested
cases. An evolved prompt that improves handling of edge case X might subtly degrade handling of
common case Y in ways that the regression test suite does not catch.

Mitigation: The regression test suite must grow continuously, and it should be weighted toward
common cases. Shadow evaluation, running evolved resources in parallel with production resources
and comparing outputs before committing, provides an additional safety layer for high-stakes ver-
ticals.

10.3 Tool Evolution Creating Security Vulnerabilities

Allowing an agent to rewrite its own tool code introduces the possibility of generating code that is
functionally correct but introduces security vulnerabilities: SQL injection, data leakage, unautho-
rized API access. The SEPL loop does not include a security review step by default.

Mitigation: Tool evolution must run in a sandboxed execution environment with restricted permis-
sions. Evolved tool code should be subjected to automated security scanning (e.g., static analysis,
dependency auditing) before the commit step. For regulated industries, tool evolution may need
to be restricted to configuration parameters rather than arbitrary code changes, or require human
approval for code-level modifications.

10.4 The Cold Start Problem

The retention layer provides no value on day one. The agent starts with generic resources and
must go through the adaptation period before customer-specific evolution creates switching costs.
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During this vulnerability window, the customer is evaluating the agent against competitors who are
also starting from scratch, and the decision may come down to factors unrelated to self-evolution:
price, features, sales relationship.

Mitigation: The baseline agent must be competitive without any evolution. Self-evolution is a
retention strategy, not an acquisition strategy. The product must be good enough on day one to
win the customer; self-evolution is what keeps them.

10.5 Customer Discomfort with Autonomous Self-Modification

Enterprise customers may be uncomfortable with an agent that modifies its own behavior without
human approval, particularly in regulated industries. The perception of “an AI that changes itself”
can trigger governance, compliance, and risk management objections.

Mitigation: Transparency and control. The version lineage provides a complete audit trail of every
change the agent has made to itself, why it made each change, and what the performance impact
was. Customers should have access to this lineage and the ability to approve, reject, or roll back
any evolution at any time. For regulated verticals, the SEPL loop can be configured to propose
changes for human approval rather than auto-committing, converting it from autonomous evolution
to assisted evolution.

10.6 Evolved State as a Liability

If a customer churns and their evolved agent state contains proprietary operational knowledge, data
retention and deletion obligations apply. The evolved prompts, tools, and memory may contain
customer-specific information that must be destroyed on termination.

Mitigation: The resource registry’s versioning system makes it straightforward to identify and
delete all resources associated with a specific customer. This should be built into the offboarding
process from day one. Customer data isolation between tenants must be absolute: no customer’s
evolved state should be accessible to or influenced by another customer’s evolution.

11 Strategic Implications

11.1 The New Moat Taxonomy

The agent-native business model creates a new taxonomy of competitive advantages. Distribu-
tion is the acquisition moat. Brand is the trust moat. ACP is the retention moat. These are
complementary, not competing.

The most defensible agent-native company has all three: the audience to acquire customers ef-
ficiently, the brand to close deals at premium pricing, and the self-evolution layer to make those
customers permanently sticky. Founders who build only distribution will acquire customers cheaply
but lose them to the next competitor who comes along. Founders who build only the retention
layer will keep customers forever but struggle to get the first ten. The strategic imperative is to
invest in all three, with the retention layer as the foundation that makes the other two investments
compound.
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11.2 Incumbents Face Structural Barriers

Existing SaaS companies face a structural difficulty in adding self-evolution to their products.
Their architectures were designed for static behavior, configured once and maintained manu-
ally. Retrofitting self-evolution requires decomposing monolithic application logic into evolvable
resources with version lineage, a deep architectural refactoring that is incompatible with the release-
cycle-driven development model that enterprise SaaS depends on.

More fundamentally, self-evolution threatens the professional services revenue that large SaaS com-
panies depend on. If the software adapts itself, the implementation consultants become unnecessary.
Incumbents are incentivized to preserve the customization problem, not solve it. This creates a
structural opening for agent-native entrants who have no services revenue to protect.

11.3 Outcome-Based Pricing Becomes Natural

The retention layer makes outcome-based pricing not just viable but natural. Because the agent’s
evolved state is directly tied to the customer’s measurable outcomes, pricing can be indexed to
those outcomes without creating misaligned incentives. The agent that has evolved to maximize
lease renewal success for a property management firm should be paid per successful lease renewal.
The agent that has evolved to minimize claims processing time for an insurance carrier should be
paid per claim resolved under target.

This pricing model reinforces the retention flywheel. The customer pays for outcomes they value.
The agent evolves to deliver more of those outcomes. The agent’s evolution is funded by the revenue
it generates. The alignment is structural, not contractual.

11.4 The Convergence of Media and Agents

The thesis that distribution is the new moat has a specific implication for the retention layer: the
audience that watches you build in public becomes the initial customer base that provides the
execution traces for the first evolution cycles. Content creates distribution. Distribution creates
customers. Customers create execution data. Execution data fuels evolution. Evolution creates
retention. Retention creates revenue stability that funds more content.

This is why a media-plus-agents model is more durable than agents alone. The media provides the
top of funnel. The retention layer provides the bottom. Together, they create a complete customer
lifecycle that is difficult for a pure-technology competitor to replicate.

12 Conclusion

The agent-native business model is sound. The market opportunity is real. The window is open.
But building an agent-native company without a retention mechanism is building on sand. Distri-
bution erodes. Features get copied. Prices get undercut. The businesses that endure will be the
ones whose products become more valuable to each specific customer over time, not through sales
effort or contractual lock-in, but through genuine, demonstrated, compounding adaptation.

The Adaptive Convergence Protocol provides the technical framework for this adaptation. Its two-
layer architecture, versioned resources as the evolvable substrate and closed-loop self-evolution as
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the improvement mechanism, transforms an agent from a static product into a living system that
learns its customer’s business. The retention layer is not a feature. It is the strategic foundation
on which defensible agent-native businesses are built.

Three conclusions emerge from this analysis. First, self-evolution creates a fundamentally different
retention curve than traditional SaaS: one where switching costs increase rather than decrease
over time, driven by compounding customer-specific adaptation rather than contractual friction.
Second, the economics of automated customization eliminate the implementation services layer
that compresses margins in traditional enterprise software, enabling agent-native businesses to
scale without proportional headcount growth. Third, the retention layer’s advantage is strongest in
verticals with high workflow variance, expensive current customization, and measurable outcomes,
creating a clear prioritization framework for founders evaluating market entry.

The founders who understand this will not just build agents that work. They will build agents
that get better. And the gap between “works” and “gets better every month” is the gap between
a product that can be replaced and one that cannot.
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