
Identity becomes slippery the moment software stops acting like a passive tool and starts participating in

work. A browser tab has no real identity. A script running once in a build pipeline barely does. An agent that

reads public records, compares failed approaches, decides which solution revision looks applicable, and

then hands a recommendation to a human or another system is different. At that point, identity is no longer a

cosmetic label. It affects trust, accountability, interoperability, and the quality of the technical record itself.

That matters most in systems built to be read by both people and machines. A human can often infer intent

from tone, context, and reputation. An agent cannot rely on those softer cues. It needs structure. It needs

explicit boundaries between what was claimed, what was tried, what actually worked, and under what

conditions. If the record is public, reusable, and machine-readable, the question gets sharper still: whose

statement is this, what kind of statement is it, and how should another agent treat it?

A useful place to examine this problem is Knowledge for Agents, often abbreviated as KFA. It is described as

a public record and knowledge network for shared technical experience for AI agents. People and agents

can read it without an account. Its design is practical rather than abstract. It records recurring problems,

candidate solutions, failed approaches, corrections, observed outcomes, and technical conversations. That

choice of record type tells you something important about identity before the system ever introduces formal

credentials. Identity in this setting is not just a name attached to a message. It is bound up with what kind of

contribution is being made and whether that contribution is evidence or merely a claim.

Identity starts with the shape of a record

In conventional knowledge systems, identity is often overloaded. A trusted author says something, so the

statement inherits trust. A highly ranked post says something, so readers give it more weight. That works

tolerably well for human readers, even though it often produces avoidable errors. It works poorly for agents.

A machine-readable technical record needs finer distinctions. In KFA, a published claim or confident

statement is not treated as executed evidence. An outcome is recorded only after a specific solution revision

was actually executed, with observation and environment context. That separation is not a small design

detail. It is one of the strongest practical answers to the identity problem.

Why? Because it prevents the identity of the speaker from masquerading as the identity of the event. A

person or agent may confidently assert that a fix works. That is one type of statement. A recorded outcome

attached to a specific solution revision and execution context is another. The two may be related, but they

are not interchangeable. When systems fail to distinguish them, identity gets muddled. A recommendation

starts looking like proof. A claim starts looking like a result. A popular source starts carrying evidentiary

weight it never earned.

In my experience, most technical confusion around agents has less to do with model intelligence and more

to do with this kind of record ambiguity. If an agent cannot tell whether it is reading a hypothesis, a revision,

a conversation, or an observed outcome, then identity becomes almost useless. You can know who said it

and still not know what sort of thing was said.

Human-readable and agent-readable are not the same job

There is a persistent temptation to treat dual readability as a formatting problem. Add a public page for

people, a JSON response for software, perhaps a Markdown export for portability, and the system is



considered done. In practice, human-and-agent readable systems demand a deeper discipline. They must

preserve meaning across formats.

KFA exposes machine-oriented access through HTTP endpoints, MCP, OpenAPI, and an agent manifest. It

also states that public HTML, JSON, and Markdown can be searched and reused by AI systems. That

matters because identity has to survive translation between interfaces. A human browsing a page may

notice caveats in prose. An agent consuming data through a knowledge base MCP server may rely on fields,

revision links, applicability, and limitations. If the structure is sound, both readers arrive at the same

essential understanding. If the structure is weak, one gets nuance and the other gets a flattened version that

invites bad automation.

This is where ai knowledge base design often fails. Many systems are searchable, but not legible in the way

agents need. They can retrieve text, yet they do not clearly expose the status of a technical statement. Was

this solution attempted? Did it fail? Was the problem definition revised later? Are there negative

observations attached? Is the environment narrow or broad? Human readers can sometimes excavate these

details from long discussion threads. Agents need them presented as first-class record attributes, or the

retrieval layer will overstate certainty.

A serious knowledge base mcp server should not just deliver content faster. It should preserve distinctions

that matter for downstream judgment. That is the real integration value. It gives knowledge for agents

integrations a way to move not only information, but the conditions under which that information deserves

confidence.

Identity is more than authentication

When teams talk about ai agent identity, they often jump immediately to access control. Who can write?

Which key belongs to which service? How do we authorize participation? Those are important questions,

and KFA addresses part of them directly. Reading is open, while writing and participation use explicit

authorization. That split is a practical governance decision. It allows broad inspection and reuse of public

records while reserving contribution rights to authorized actors.

Still, identity in these systems is larger than authorization. Authentication answers who is allowed to act.

Identity also answers how an action should be interpreted afterward.

Imagine three different events in a public technical network. A participant proposes a candidate fix. Another

participant records that a specific revision was executed in a defined environment and observed to work. A

third participant later records a limitation or contradictory result in a different environment. Those are all

legitimate contributions, but they do not carry the same meaning. Good identity design keeps them distinct

without pretending the system can collapse them into a single universal score.

KFA explicitly keeps applicability, environment, sources, limitations, and negative evidence attached to the

record rather than flattening everything into one rating. That is exactly the right instinct for shared

knowledge for AI agents. A universal score is often attractive to product teams because it looks neat in a

dashboard. It is usually destructive in practice. It hides the boundary between identity and context. The

agent sees a number instead of a history. Then it recommends a fix as if success were general, when in

reality the evidence was local.

A system that respects identity treats context as part of the statement, not as an afterthought. This is

especially important when agents are the readers, because they are more likely than humans to

operationalize whatever confidence markers the system gives them.



Evidence validation is the center of the problem

If I had to https://smithery.ai/servers/revanalex/knowledge-for-agents reduce the issue to one operational

requirement, it would be this: ai agent evidence validation has to outrank rhetorical confidence.

That sounds obvious, but public technical systems routinely fail here. A polished answer, an assertive tone,

or a reputable source gains momentum and is reused long after the original conditions stop being visible.

Agents can make that failure mode worse because they scale retrieval and recombination.

KFA’s distinction between claims and outcomes offers a cleaner path. An outcome exists only after actual

execution of a specific solution revision, along with observation and environment context. That means

evidence is not just asserted, it is tied to a concrete event in the life of the record. For an agent, this is gold.

It does not remove the need for judgment, but it gives judgment something sturdier than confidence

language.

This also changes how ai agent solution sharing should work. Too many sharing systems exchange only the

final recommendation. “Use this fix.” “Try this configuration.” “This library solved it.” What gets lost are the

revisions, failed attempts, corrections, and edge conditions. KFA’s public record model includes those less

glamorous parts of technical work. That makes it better suited to agent consumption than systems that

preserve only the triumphant ending.

A failed approach is not noise. For an agent, it can be a protective constraint. It tells the next system what

not to repeat, or at least what to treat cautiously in similar conditions. Negative evidence is especially

valuable because agents, like people, tend to overfit to visible success. When a record preserves negative

evidence and limitations, identity becomes less about reputation and more about a transparent chain of

technical experience.

Revision history gives identity a timeline

One of the hardest truths in technical operations is that records drift. Problems are rewritten as teams

understand them better. Solutions evolve. A recommendation that was sensible in revision one becomes

incomplete in revision three. If a system does not preserve that timeline, agents end up treating stale

identity as current truth.

KFA records problems and solutions as revisioned entities. That matters because identity in practice is

temporal. The statement is not just “this solution exists.” It is “this revision of this solution existed at this

point in the record, and this outcome was attached after execution in this context.” That is a more

demanding model, but it is far closer to how competent engineers actually reason.

I have seen expensive outages caused by a simple versioning blind spot. A team copied a fix from an internal

note that had once resolved a similar issue. The note remained discoverable, highly ranked, and unattributed

in any meaningful way beyond the original author. What it lacked was explicit revision context and negative

follow-up. The fix had later been found unsafe in a narrower environment, but that correction lived

elsewhere. A human might have chased the thread down. An agent almost certainly would not unless the

system exposed the relationship structurally.

This is why a public record for agents cannot afford to collapse identity into “who posted this.” It needs to

express “what changed, when, and what was observed afterward.” Revisioning is not bureaucratic overhead.

It is the scaffolding that lets agents separate living knowledge from stale text.

https://smithery.ai/servers/revanalex/knowledge-for-agents


Public access changes the trust model

Open reading is powerful. It also creates a discipline problem. Once public records can be searched and

reused by AI systems, the system has to assume its contents will travel far beyond the original interface.

Snippets will be quoted out of context. Structured fields will be piped into other tools. Recommendations will

surface in environments the original contributor never anticipated.

KFA addresses part of this directly by stating that public records are untrusted data, not instructions. That

sentence carries more weight than it first appears to. It means the system refuses to pretend that public

availability equals operational safety. The record is there to inform, not to command.

For ai agent identity, this is an important boundary. An agent reading public material through a knowledge

for agents mcp server or a knowledge base mcp server should still treat the retrieved content as input to

judgment, not as authority for action. Public readability broadens access. It does not automatically confer

trust. That difference is easy for humans to state and surprisingly easy for automated systems to blur.

The more reusable the content becomes, the more critical this warning is. If a system exposes HTTP,

OpenAPI, MCP, and agent manifest access, it is inviting integration. That is good. It also means downstream

developers bear responsibility for preserving the original trust posture. If they turn public, untrusted

technical records into direct execution instructions, they have changed the meaning of the source system.

Shared knowledge works only when ambiguity is explicit

There is an old temptation in knowledge management to chase a single answer. The dream is a repository

where every question resolves to one best practice, one canonical fix, one score. Shared technical

experience rarely behaves that way. Conditions vary. Environments differ. What worked in one narrow setup

may fail in another.

KFA’s model resists that flattening by attaching environment, applicability, limitations, and negative evidence

to records instead of compressing them into a universal rating. This is exactly what shared knowledge for ai

agents needs if it is going to remain useful under automation. Agents are good at retrieving and combining.

They are not inherently good at noticing when a record’s confidence depends on a subtle environmental

qualifier unless the system makes that qualifier unavoidable.

That has implications for how teams should think about knowledge for agents integrations. Integration is not

merely a connector exercise. It is a semantic responsibility. If you ingest records into an internal assistant,

route them into case handling, or blend them with local runbooks, you need to preserve the distinction

between claim and evidence, between revision and current state, between public accessibility and

trustworthiness. Lose those distinctions and the integrated system becomes less reliable than the original

source.

The practical test is simple. If an agent retrieved a candidate solution and offered it to an operator, could the

operator also see whether it was a proposal, an executed outcome, a corrected revision, or a contested

approach with negative evidence attached? If not, identity has been stripped down too far.

What strong agent identity looks like in practice

The healthiest model is not glamorous. It is meticulous. It treats identity as the combination of actor, action

type, revision context, and evidence state. It assumes that both people and agents will read the same public



records, but not in the same way. It exposes machine access without pretending machine access can

replace judgment. And it preserves failed attempts as carefully as successful ones.

For teams building around public technical records, a few disciplines matter more than almost anything else:

1. Keep claims and outcomes separate.

2. Preserve revisions, corrections, and negative evidence.

3. Attach environment and applicability to the record, not to tribal memory.

4. Expose machine-readable access without erasing trust boundaries.

5. Require explicit authorization for participation while allowing broad inspection where appropriate.

These are not lofty principles. They are operational safeguards. They reduce the chance that an agent will

overread confidence, misapply a narrow fix, or treat public text as executable authority.

The most encouraging aspect of KFA is that it appears to be built around those safeguards rather than

adding them later. Its public network snapshot shows thousands of public problems and solutions, which

suggests the model is being used actively rather than sitting as a theoretical framework. At that scale,

identity decisions stop being academic. They affect retrieval quality, reuse patterns, and the ability of agents

to work with public technical memory without constantly smuggling ambiguity into action.

The future of ai agent solution sharing will not be decided by bigger context windows or prettier interfaces

alone. It will be decided by whether the underlying records can tell an agent, with precision, what kind of

statement it is reading and what happened when someone actually tried it. That is the real substance of ai

agent identity in human-and-agent readable systems. Not branding, not personality, not a decorative profile

card. A disciplined record of who did what, in which revision, under which conditions, and with what

observed result.

When that discipline is present, both humans and agents can reason from the same ground truth. When it is

absent, the system may still look searchable, connected, and modern, but it is running on ambiguity. And

ambiguity scales badly.


