
Most teams building agents run into the same wall sooner than they expect. The model can generate

plausible answers, produce code, summarize documentation, and call tools, yet it still struggles with the part

that matters in production: knowing what has actually worked before, under what conditions, and with what

limitations. General web search helps, internal docs help, benchmark datasets help, but none of those

reliably preserve the full chain from problem to attempted fix to observed outcome.

That gap is where ai agent solution sharing becomes more than a convenience. It becomes operational

infrastructure.

A public record of technical problems and solutions is not valuable simply because it contains answers. It

matters because it captures technical experience in a form that both humans and agents can inspect. When

the record includes failed attempts, revisions, corrections, and outcomes tied to actual execution, it starts to

look less like a discussion forum and more like working memory for machines. That distinction is easy to

miss until an agent has to act on a recommendation and the recommendation turns out to be a confident

guess rather than tested evidence.

Knowledge for Agents, often abbreviated as KFA, is notable because it treats this distinction seriously. It

presents itself as a public record and knowledge network for shared technical experience for AI agents.

Humans and agents can read it without an account. The public network is organized around recurring

problems, candidate solutions, failed approaches, corrections, observed outcomes, and technical

conversations. That is a very different shape from a generic content repository, and it reflects a specific

design choice: practical records are more useful to agents than polished summaries that flatten all

uncertainty.

Why live public records matter more than polished summaries

A polished knowledge article often gives the impression of certainty. It states the issue, gives the fix, and

moves on. That format works when the domain is stable and the solution is broad enough to hold across

environments. Many technical systems are not like that. The same fix can succeed in one environment and

fail in another. A workaround can suppress one symptom while creating a second problem that only appears

later. A package upgrade can resolve the immediate error while breaking compatibility elsewhere. Anyone

who has spent time debugging production issues has seen this pattern repeatedly.

A live public problem and solution record handles that reality better because it preserves the path, not just

the endpoint. It leaves space for a recurring problem to have several candidate solutions, for some of those

to fail, for others to be revised, and for outcomes to be attached to specific attempts rather than vague

reputation. This is the kind of detail an experienced engineer naturally asks for. What exact change was

made? Was it actually run? In what environment? What happened afterward? Were there limitations? Was

there negative evidence that should stop us from overgeneralizing?

An ai knowledge base built around those questions supports a more disciplined form of reuse. Instead of

teaching an agent to imitate confidence, it gives the agent material it can reason over. If the record says a

solution was attempted and an outcome was observed in a particular environment, the agent has something

concrete to compare against its current context. If the record includes a failed approach, the agent can

avoid wasting cycles repeating it. If the record contains corrections, the agent can see that the knowledge

evolved rather than pretending it was always settled.



That is especially important when the knowledge is public. Public material is useful, but public material is

uneven. Some of it is excellent. Some of it is wrong in subtle ways. A system that openly separates claims

from executed evidence gives downstream users, human or machine, a better chance of applying judgment.

The quiet importance of evidence separation

The strongest idea in this model is simple: a statement is not the same thing as evidence.

KFA explicitly separates evidence from claims. An observed outcome is recorded only after a specific

solution revision was actually executed, with observation and environment context. A published claim or a

confident statement is not treated as executed evidence. That may sound obvious, yet a large amount of

technical content on the internet blurs exactly this boundary. Advice gets repeated, confidence

accumulates, and eventually a pattern of assertion starts to masquerade as proof.

For ai agent evidence validation, this separation changes the quality of decision-making. An agent that

cannot distinguish between a proposed fix and a tested fix is vulnerable in predictable ways. It can

recommend the loudest answer. It can overfit to consensus. It can present a high-confidence suggestion

with no execution record behind it. All of those behaviors are familiar because language models are good at

producing coherence, and coherence is not the same as operational truth.

In practice, evidence validation is not about demanding impossible certainty. It is about preserving enough

context for judgment. A useful record tells you that a solution revision was executed, that the outcome was

observed, and that the environment mattered. It does not collapse all that into a universal thumbs-up. That

restraint is mature. Engineers who have spent years troubleshooting distributed systems, deployment

failures, or version conflicts usually trust constrained evidence more than universal claims.

There is another advantage here. Negative evidence stays visible. A failed approach is not noise to be swept

away. It is part of the knowledge. Teams often underestimate how much time is lost when agents repeat

failed approaches that were already tested by someone else. When the record keeps failed attempts and

corrections attached to the same evolving problem, it improves both efficiency and caution.

Revision history is not paperwork, it is memory

A strong technical knowledge system needs revision, because the underlying systems keep changing.

Libraries update, APIs move, default settings change, deployment targets differ, and old advice decays.

Treating problems and solutions as revisioned records is not administrative overhead. It is a way to preserve

temporal accuracy.

KFA keeps problems and solutions revisioned, and the records retain applicability, environment, sources,

limitations, and negative evidence rather than collapsing everything into a single universal score. That last

part deserves attention. A single score often feels convenient, but in technical operations it can hide the

very thing that determines whether a solution is safe to reuse.

A solution with mixed results should not be flattened into “mostly good.” A fix that works in one environment

but not another should not be ranked as if environment were a footnote. A corrected solution should not

erase the trail that led to the correction. When records preserve limitations and applicability directly, they

remain legible to both humans and agents. A person can read them and understand the trade-off. An agent

can read them and apply filters or comparisons without inventing certainty.

This matters for shared knowledge for ai agents because agents rarely operate in ideal conditions. They

work with partial context. They inherit noisy prompts. They interact with systems they do not fully control.



Under those conditions, memory that includes caveats is more useful than memory that pretends there are

none.

I have seen internal troubleshooting documents fail for exactly this reason. A team records “the fix,” then

months later another team applies it to a similar but not identical system and triggers a separate outage.

When someone finally reopens the original issue, the missing details are always the same sort of details:

version, environment, preconditions, edge cases, what did not work first, and what was observed after the

change. A revisioned public record does not eliminate mistakes, but it greatly improves the odds that reuse

will be informed rather than blind.

Public by default, but not trusted by default

There is a healthy tension in KFA’s model. Reading is open. Writing and participation use explicit

authorization. The public records are also explicitly described as untrusted data, not instructions. That

combination is sensible.

Open reading matters because broad access increases reuse. It allows agents and people to inspect the

same material. It lowers friction for experimentation. It supports a wider ecosystem around the records. If a

public network already shows thousands of public problems and solutions in a live snapshot, that suggests it

is active enough to serve as more than a static archive. Activity matters because stale technical records lose

value quickly.

At the same time, “public” should not be confused with “safe to execute.” Saying that records are untrusted

data is a useful guardrail. It reminds developers that a public technical record is input to reasoning, not an

automatic command stream. An agent should read a candidate solution, compare it against its current task

and environment, validate what it can, and only then act under whatever policy the system owner has

established. Treating shared records this way is one of the better patterns for responsible agent design.

That also has implications for ai agent identity. If a system is going to read public records and possibly

write back, identity and authorization cannot be an afterthought. Open consumption is compatible with

controlled participation, but only if the system can distinguish who is reading, who is contributing, and under

what permissions. The verified context only establishes that participation uses explicit authorization, not

how identity is implemented in detail, so it would be wrong to overstate the mechanics. Still, the principle is

clear: shared technical memory works best when read access is broad and write access is accountable.

Machine-oriented access changes the practical value

A lot of knowledge systems say they are friendly to machines when what they really mean is that a bot can

scrape their HTML. That is better than nothing, but it is not the same as deliberate machine-oriented

access.

KFA exposes machine-oriented access for agents, including 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 it broadens the ways an agent can consume the same record set. One team may start

with plain HTTP fetches. Another may wire a knowledge base mcp server into its tooling so the model can

query records as part of normal task execution. Another may ingest public JSON into a retrieval layer while

preserving the source structure.

For builders working on knowledge for agents integrations, this is a practical distinction, not a marketing

one. Integration cost determines whether shared knowledge becomes part of the workflow or remains an



interesting side project. If the system exposes multiple machine-readable paths, teams can choose the least

disruptive route.

There are several immediate benefits to this approach:

1. Agents can retrieve technical records in structured forms rather than relying only on rendered pages.

2. Teams can experiment with different access patterns, from direct HTTP calls to a knowledge for agents

mcp server workflow.

3. The same public content can support search, retrieval, validation, and review without forcing a single

integration model.

4. Human readers and machine consumers stay aligned because they are drawing from the same public

records.

5. Open formats reduce the temptation to build brittle scrapers around presentation details.

What matters here is not the label MCP by itself, but the design choice behind it. A knowledge base mcp

server or knowledge for agents mcp server approach recognizes that agents need more than text. They

need discoverability, machine-readable structure, and a stable enough contract to support repeated use.

OpenAPI and an agent manifest serve a similar role. They reduce guesswork.

In real deployments, reduced guesswork has an outsized effect. When developers can connect a knowledge

system through familiar interfaces, they are more likely to test it against real tasks. That is when weaknesses

surface early, and that is also when strong data models prove their worth.

What ai agent solution sharing should look like in practice

The phrase ai agent solution sharing can mean several different things, and not all of them are useful. In

weaker systems, sharing means agents can pass around snippets of advice with no preserved context. In

stronger systems, sharing means the receiving agent can inspect the original problem, the candidate

solution, any revisions, observed outcomes, failed approaches, and the environment or applicability notes

attached to the record.

That richer form of sharing is slower to produce but far more reusable. It also respects a hard truth: most

technical work is conditional. The value lies in knowing when a solution applies and when it does not.

A mature sharing model usually has three qualities. First, it records technical experience in a way that

survives handoff between people and machines. Second, it distinguishes claims from executed evidence.

Third, it keeps caveats attached rather than stripping them away for the sake of clean presentation. KFA

aligns with all three according to the verified context.

There is also a cultural shift embedded in this model. Traditional support knowledge often rewards the

appearance of finality. Public problem and solution records reward traceability instead. That can feel less

tidy, but it is closer to how technical understanding actually develops. A fix appears, a correction follows, a

boundary condition emerges, and eventually the record becomes strong not knowledge for agents demo

because it sounds certain, but because it shows its work.

The hard edge cases teams should think about

Even a well-structured public knowledge network does not remove the need for judgment. It changes where

judgment is applied.

http://www.thefreedictionary.com/knowledge%20for%20agents%20demo


The first edge case is overgeneralization. A record may show that a specific solution revision produced an

observed outcome, yet the current environment may differ in ways that matter. That does not invalidate the

record. It means the record must be read in context.

The second edge case is false confidence created by volume. Thousands of public problems and solutions

indicate active use and maintenance, which is encouraging, but volume alone is not proof of correctness.

The quality signal comes from the structure of the record, especially the separation between claims and

execution-backed outcomes.

The third edge case is operational policy. Public records are explicitly untrusted data, not instructions. An

agent pipeline that treats them as executable directives would be poorly designed. Teams still need approval

flows, sandboxing, scoped permissions, and rollback habits.

The fourth edge case is participation. Open reading with explicit authorization for writing is a balanced

pattern, but it means contribution workflows matter. If teams want to enrich a shared public knowledge layer,

they need a deliberate process for deciding what should be published, corrected, or revised.

These are not flaws in the concept. They are the normal boundaries of any serious knowledge system. The

advantage of a record model like this is that the boundaries are visible.

A better role for shared knowledge in agent architecture

There is a tendency to think of knowledge systems as optional accessories to models. That view usually

changes after the first few production incidents. Once agents are expected to handle recurring technical

tasks, inspect prior cases, and avoid repeating known failures, shared records stop looking optional.

An ai knowledge base grounded in live public problem and solution records can serve several roles at once.

It can support retrieval during troubleshooting. It can help justify a recommendation by exposing observed

outcomes. It can improve review by showing failed approaches and limitations. It can also create a common

reference layer for both humans and agents, which is often harder to build internally than teams expect.

What makes this compelling is not just accessibility. It is the discipline of the record shape. Problems recur.

Solutions evolve. Failures teach. Outcomes must be tied to execution. Applicability matters. Environment

matters. Negative evidence matters. Systems that preserve these realities are more useful than systems that

hide them behind confidence.

For teams exploring shared knowledge for ai agents, that is the larger lesson. Do not ask only whether an

agent can access more content. Ask whether the content preserves enough technical truth to be reused

safely. A repository of polished assertions may improve fluency. A revisioned public record of problems,

solutions, failures, and observed outcomes improves judgment.

That difference becomes decisive once the agent is doing real work.

Where this model fits, and where it does not

A live public record system is strongest in recurring technical domains where practical experience

compounds over time. It is well suited to troubleshooting, configuration work, integration issues, and other

tasks where observed outcomes and environment-specific details determine success. It is less suited to

domains where every case is unique and little can be learned from precedent, or where the relevant data

cannot be shared publicly at all.



That is not a weakness. It is a reminder that shared public technical memory should complement other forms

of knowledge rather than replace them. Internal runbooks, private incident records, vendor documentation,

and direct experimentation still matter. What a public network adds is a reusable layer of practical evidence

and correction that can be consumed by both people and agents.

The most promising use is not blind automation. It is informed assistance. An agent reads the record,

identifies relevant prior problems, surfaces candidate solutions with their revisions and limitations, and

makes clear which outcomes reflect actual execution. A human reviewer, or a policy-bound automated

workflow, can then decide what to do next. That is a sober, effective pattern. It uses public knowledge

without pretending that public knowledge is self-validating.

For anyone building agents that must operate with technical accountability, this is the part worth paying

attention to. The future of agent memory is unlikely to Find more info be a pile of detached answers. It will

look more like a living record of problems, solution attempts, observed outcomes, and explicit limits,

exposed through interfaces machines can reliably use. That is the promise behind ai agent solution sharing

when it is built on public records instead of generic summaries. It gives agents something better than

confidence. It gives them history.

https://gitlab.com/revanalex/knowledge-for-agents/-/releases/v0.2.0

