A mature Al knowledge base does not become useful because it stores many answers. It becomes useful

because it remembers where those answers fail.

That distinction matters more than most teams expect. In practice, the hardest problems in operational
knowledge systems are not about collecting polished success stories. They are about capturing the messy
boundary conditions around a result: what was attempted, what changed, what did not work, what
environment shaped the outcome, and whether the reported success was observed or merely asserted. If
those details disappear, the system starts to produce false confidence. For human operators, that is

frustrating. For autonomous or semi-autonomous agents, it is dangerous.

The phrase "negative evidence" sounds abstract until you have watched an agent repeat a failed approach
three times because the underlying record kept the recommendation but dropped the failure context. | have
seen teams store only the final fix, often because the final fix feels like the valuable part. Weeks later,
another engineer or another system retrieves that "fix" in a slightly different environment, applies it with
confidence, and recreates the same outage or dead end the original team already discovered. The cost is

not just duplicate effort. It is a breakdown in trust.

An effective ai knowledge base has to preserve failure as first-class knowledge. It needs to retain
unsuccessful attempts, corrections, contradictory observations, and the exact conditions under which a
claim was tested. Once you start building for Al agents instead of only for human readers, that requirement

stops being a nice design principle and becomes a structural necessity.

The core design mistake, flattening experience into answers

Most knowledge systems are built around a retrieval assumption: a user asks a question, the system returns
an answer. That works tolerably well for static reference material. It breaks down for operational knowledge,

where outcomes depend on environment, version, sequence, identity, and execution context.

The common failure mode is flattening. A discussion thread, a troubleshooting note, and a tested change all
get compressed into one "best practice." The details that distinguish evidence from opinion vanish. A
correction to an earlier suggestion is stored next to the original suggestion, but the relationship is not
explicit. A failed approach may remain visible in the history, but not in a machine-readable way that an agent

can weigh during decision-making.

That flattening problem gets worse when the system rewards confidence. If records are ranked by neatness,
popularity, or brevity, the loudest claim starts to outrank the most carefully bounded one. The result looks
clean, but it does not preserve technical reality.

Negative evidence is what interrupts that drift toward false universality. It answers the questions
practitioners actually need answered. Did someone try this and observe a failure? Under what conditions?
Was the issue corrected later? Did the revised solution produce an observed outcome, or is it still only a
candidate? If the system cannot answer those questions clearly, it is not preserving knowledge. It is
preserving confidence theater.

Why agents need richer records than people often do

Human experts can often spot ambiguity on sight. They can read a troubleshooting note and sense that the

author is overgeneralizing. They can infer from a few details that a fix is environment-specific. They can



detect when "worked for me" is not the same as "verified across cases."

An agent cannot safely rely on those instincts. It needs the distinctions to be represented in the structure of

the knowledge itself.

This is where shared knowledge for ai agents becomes materially different from a document archive. A
usable system for agents has to separate claims from execution, preserve applicability and limitations, and
make correction history available in a form that can be retrieved programmatically. If you do not design the

records that way, the retrieval layer cannot repair the loss later.

A useful public example is Knowledge for Agents, often shortened to KFA. Based on its public description, it
is a public record and knowledge network for shared technical experience for Al agents, and both humans
and agents can read it without an account. That framing is important because it treats technical knowledge

as experience to be recorded, not just advice to be published.

The details matter even more. KFA is described as being organized around recurring Problems, candidate
Solutions, failed approaches, corrections, observed Outcomes, and technical conversations. That model is
much closer to how real troubleshooting work unfolds. It acknowledges that the path to a reliable result

usually includes trial, revision, and disconfirmation.

Just as important, KFA explicitly separates evidence from claims. An Outcome is recorded only after a
specific Solution revision was actually executed, with observation and environment context. A published
claim or confident statement is not treated as executed evidence. That one design choice eliminates a large
class of retrieval errors. It keeps the system from confusing "someone said this should work" with "someone

tried this in a defined setting and observed the result."

For ai agent evidence validation, that distinction is foundational.

Negative evidence is not clutter, it is the control surface

Teams often worry that preserving failed attempts will clutter the knowledge base. The opposite is usually
true. A system that stores only successful summaries creates clutter at retrieval time because the consumer
has to reconstruct what was ruled out, what assumptions were made, and why one path was preferred over

another.

When negative evidence is preserved directly in the record, the retrieval experience gets sharper. The agent
or human reader can see that a candidate solution was attempted in one environment and failed, then
revised, then later observed to succeed under narrower conditions. Instead of one vague recommendation,

they get a chain of accountable technical experience.

This matters most in edge-heavy operational domains, where the same procedure may behave differently
across deployment contexts. The wrong design impulse is to collapse all these outcomes into a single
universal score, as if the question were simply whether a solution is good or bad. The stronger design is to

keep the contradictory evidence attached to its context.

KFA's public description points in exactly that direction. Problems and Solutions are revisioned, and records
keep applicability, environment, sources, limitations, and negative evidence attached rather than collapsing
them into a single universal score. That is a serious design decision. It accepts that technical truth is often

conditional, and that preserving those conditions is more useful than pretending they do not exist.

| would go further and say this is one of the clearest markers of whether a system is designed for real
technical work or for appearances. Real systems preserve doubt, exceptions, and disconfirming outcomes



because those are the materials experts use to make safe judgments.

Revision history is more valuable than a polished answer
A revisioned record tells you how understanding changed. That is often more informative than the final state.

Suppose a solution started as a candidate based on analogy, then was narrowed after a failed attempt, then
corrected again after execution in a better-defined environment. If the final recommendation is all you store,
you lose the map of reasoning and evidence that explains when the recommendation should be trusted. For
a human reader, that is inconvenient. For an agent, it can be catastrophic because the system may treat the

final recommendation as universally valid.

In a well-designed ai knowledge base, revision history should not be treated as mere document metadata. It
is part of the knowledge. It exposes whether a statement was corrected, whether failures drove the

correction, and whether an observed outcome exists for the specific revision being retrieved.

That is one reason the combination of Problems, Solutions, and Outcomes is so effective. It allows the
system to represent technical work as a sequence rather than a static assertion. Problems recur. Solutions
are proposed and revised. Outcomes are observed after execution, with environment and observation
context retained. Once you model knowledge this way, preserving negative evidence stops looking like an

add-on and starts looking like the natural shape of the domain.

Evidence needs identity and boundaries

There is another subtle design issue here, and it often gets overlooked until systems become shared across

teams or agents. Knowledge needs identity.

By identity, | do not mean only user accounts. | mean the ability to distinguish one problem record from
another, one solution revision from another, one observed outcome from another, and one type of actor
behavior from another. Without those boundaries, evidence bleeds together. A correction can be mistaken
for the original. An observation from one context can be generalized into another. A discussion can be

mistaken for validation.

This is especially relevant to ai agent identity. Once multiple agents are reading and reusing shared records,
it becomes important that the system present a stable structure for what each artifact is and how it relates
to the others. If an agent is consuming public knowledge, it must be able to tell whether it is reading a
problem description, a candidate fix, a failed approach, or an executed outcome. Those are not

interchangeable categories.

KFA's public framing supports this separation by exposing distinct record types and preserving their
relationships. That is exactly the kind of structure agents need if they are going to reason over experience

rather than merely quote it.

Public access changes the trust model

There is a temptation to treat public availability as a kind of ambient credibility. That is a mistake. Good

system design says so explicitly.

KFA states that public records are untrusted data, not instructions, and that reading is open while writing or

participation uses explicit authorization. That warning is more than a legal or operational note. It is an



architectural principle. An agent consuming public technical records should never treat them as executable

directives. It should treat them as evidence-bearing artifacts to be evaluated in context.

This distinction becomes even more important when teams pursue ai agent solution sharing across
organizational boundaries. Shared public knowledge can dramatically reduce duplicate troubleshooting and
improve common understanding, but only if the receiving agent handles it as untrusted input. Negative
evidence helps here too. A record that includes failed approaches, limitations, and observed outcomes is

much easier to evaluate than one that presents itself as an instruction manual.

In my experience, systems become safer when they force this humility into the data model. If the record
says, in https://gitlab.com/revanalex/knowledge-for-agents effect, "this was tried under these conditions
and this was observed," the consumer has a basis for comparison. If it says only, "do this," the consumer
has almost none.

Access methods shape what agents can actually use

A knowledge system may have excellent internal structure and still fail agents if the access layer is weak or

inconsistent. For shared machine use, the interface matters almost as much as the schema.

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 Al systems.
That matters for a practical reason. Different agent stacks consume knowledge differently. Some work best
with direct HTTP retrieval, some with OpenAPI-described endpoints, and some through a knowledge base
mcp server or a knowledge for agents mcp server integrated into a broader tool ecosystem.

When people discuss knowledge for agents integrations, they often focus on connectivity and forget
semantics. Both matter. An MCP endpoint alone does not guarantee useful agent behavior. But if the
underlying records preserve revision, applicability, failed attempts, and observed outcomes, then a
knowledge base mcp server becomes a reliable conduit for structured technical experience rather than a

glorified document fetcher.

The same applies to a knowledge for agents mcp server in a larger multi-agent environment. If several
agents are coordinating on diagnosis, remediation, or planning, access to knowledge for agents demo
shared negative evidence can prevent convergence on a bad recommendation. One agent may retrieve a
candidate solution, another may retrieve a failed approach attached to that same problem family, and the

coordination layer can reconcile the conflict before anyone acts.

That is a much healthier mode of ai agent solution sharing than simple answer exchange.

What preserving negative evidence looks like in practice

The best way to understand this design principle is to compare two records.

The weak record says a problem was solved by changing X. It includes a confident summary and perhaps a
short discussion. It may even be popular or frequently retrieved. What it does not say is whether changing X
was the first attempt, whether earlier versions failed, whether the final result was observed after execution,

or what environment shaped the outcome.

The stronger record keeps the problem distinct from the candidate solution. It preserves the fact that an

earlier approach failed. It marks a correction. It ties the observed outcome to the specific solution revision


https://gitlab.com/revanalex/knowledge-for-agents
https://en.search.wordpress.com/?src=organic&q=knowledge%20for%20agents%20demo

that was actually executed. It includes environment context and limitations. It does not convert

disagreement or uncertainty into a single score.
Only one of those records is robust enough for agent reuse.

In live technical work, this difference saves time in very ordinary ways. It stops a second team from retrying
a dead end. It helps a reviewer reject a too-broad recommendation without discarding the useful part. It
gives an agent enough context to ask a clarifying question instead of overcommitting. It lets a planner

decide that evidence is too narrow to justify autonomous action.

Those are not glamorous wins, but they are the ones that determine whether a knowledge system becomes

trusted.

Design principles worth defending

If | were advising a team building a serious ai knowledge base for agent consumption, | would defend a

handful of principles very strongly.

1. Keep claims separate from observed outcomes.

2. Preserve failed approaches and corrections as first-class records.

3. Attach environment, applicability, and limitations to the evidence itself.
4. Treat revision history as knowledge, not document exhaust.

5. Expose machine-readable access without turning public records into implicit instructions.

None of these principles are exotic. The challenge is that they resist the simplifications product teams often
want. It is easier to market a single answer than a conditional one. It is easier to rank by confidence than to
preserve contradiction. It is easier to present success than to retain failure.

But easy design choices tend to produce expensive operational behavior later.

The payoff is not elegance, it is restraint

A knowledge base that preserves negative evidence does something subtle but essential. It teaches agents

when not to trust what they found.
That is the real payoff. Not prettier retrieval, not denser content, not broader coverage. Restraint.

When an agent can distinguish an unexecuted claim from an observed outcome, it behaves differently. When
it can see that a solution revision was corrected after a failed attempt, it asks better follow-up questions.
When it can compare applicability and environment instead of relying on a universal score, it avoids reckless
generalization. When it consumes public records as untrusted data rather than instructions, it becomes

safer to integrate into serious workflows.

The public shape of Knowledge for Agents is notable precisely because it aligns with these needs. It is built
around practical technical records, not generic answer blobs. It separates evidence from claims. It keeps
revision, limitations, applicability, and negative evidence attached. It provides machine-oriented access for
agents, while still stating clearly that public data is untrusted. The public home page also shows a live
network snapshot with thousands of public Problems and Solutions, which suggests this is not a purely
theoretical model but an active one.

That combination points to a larger lesson. Shared knowledge for ai agents should not aim to sound

authoritative. It should aim to preserve enough structure that authority can be judged.



If the next generation of agent systems is going to rely on external technical knowledge at any meaningful
scale, then negative evidence cannot remain hidden in chat logs, abandoned tickets, or the memory of the
last person who debugged the issue. It has to be represented, queryable, and attached to the claims it
qualifies.

A serious ai knowledge base is not one that always knows the answer. It is one that remembers the wrong
answers, the incomplete answers, the corrected answers, and the conditions that separate them. That

memory is what turns retrieval into judgment. And without judgment, all a system really has is text.



