
QIDs look deceptively simple. They are just Wikidata identifiers, the familiar Q followed by a number. But

anyone who has spent time linking records across systems knows that the hard part is never the identifier

itself. The hard part is deciding whether a specific person, place, company, artwork, or event in your local

data really is the same thing as the entity behind that QID.

That is why the recent wave of MCP tooling around Wikidata has become interesting in practice, not just in

theory. When people talk about MCP for google knowledge graph and wikidata, they often focus on access:

can an agent search, fetch, and compare entities from structured sources without scraping pages or relying

on vague text retrieval? The more useful question is narrower. Can the tool help you arrive at a defensible

identifier, expose why it thinks a match is right, and stop short when the evidence is weak?

That is the useful promise behind the open source project published as “Wikidata + Google Knowledge

Graph MCP.” It is an MCP server and CLI designed to let AI agents search Wikidata, inspect selected facts,

and link local records to Wikidata QIDs with visible evidence and explicit uncertainty. That last part matters

more than it sounds. In entity resolution work, a clean “I don’t know” is far more valuable than a smooth but

wrong guess.

Why QIDs become the center of the workflow

Once you adopt Wikidata as a reference layer, QIDs tend to spread everywhere. They show up in enrichment

pipelines, catalog systems, reconciliation tasks, batch imports, editorial QA, and internal knowledge graphs.

A QID gives you a stable handle for talking about an entity even when the human-readable label changes by

language, context, or time.

In ordinary day-to-day data work, that stability solves several recurring headaches. A local record for

“Mercury” is unusable by itself because it could refer to the element, the planet, a Roman deity, or a car

brand. A QID disambiguates it. Likewise, “Jordan” can be a country, a river, or a surname. If your process can

land on the correct Wikidata entity, everything downstream gets cleaner: joins, fact lookups, multilingual

display, and external linking.

The reason MCP changes the texture of this work is that it gives a model-driven environment a standard set

of tools to perform the search and inspection loop programmatically. Instead of treating the model as an all-

knowing string matcher, the server narrows the task into bounded search, selected fact retrieval, and explicit

resolution outcomes. That is much closer to how experienced humans actually reconcile records.

What this MCP server is actually doing

The project is not a generic “search all knowledge everywhere” layer. It is a focused, read-only bridge that

works with Wikidata directly and can optionally cross-check against the Google Knowledge Graph Search

API. It is designed for use in MCP clients such as Claude Code, Cursor, and Codex. Wikidata access requires

no account or API key, while Google Knowledge Graph access is optional.

That separation is practical. In many workflows, Wikidata alone is enough to identify likely matches and

inspect the core facts you care about. Google can serve as an extra cross-check in cases where provider

concordance is useful, but the project is careful not to overstate what that agreement means. If Google and

Wikidata point to the same identifier join, that is not proof of identity in some metaphysical sense. It is

evidence that two providers align on the same entity mapping.



The project also makes a point of saying what it is not. It is not official Wikimedia or Google software. It is

not an export of Google Knowledge Graph. It is read-only, and it does not edit Wikidata, Google, or user

data. For anyone who has had to clear a tool through governance or security review, those boundaries

matter. Read-only systems are still powerful, but they have a different risk profile from write-capable

integrations.

Bounded search is a bigger deal than it sounds

One of the smartest design choices here is bounded search. By default, the server returns 3 candidates,

with up to 5, rather than dumping a large raw result set on the agent.

That may sound like an implementation detail. It is not. Large result sets tend to create false confidence. A

model sees twenty vaguely plausible entities, latches onto whichever one has the most recognizable label,

and starts rationalizing. Human operators do something similar, to be fair. Bounded candidate sets force a

more disciplined process. If the right entity is not in the top few, that is a signal. Maybe the query is

underspecified. Maybe the local record is noisy. Maybe the item does not exist in the source. Maybe the

agent needs one more discriminating fact before trying again.

In my experience, limiting the candidate window improves both precision and behavior. It nudges the

workflow away from “pick something” and toward “compare carefully.” For QID assignment, that is almost

always the right trade-off.

The tools that matter when resolving entities

The documented MCP tools cover the core moves you need for practical resolution work. You search,

inspect, relate, resolve, and check status. The CLI extends that with batch and evidence-export commands,

which is where teams usually start to operationalize the process.

A short way to think about the toolset is this:

1. kg_search finds likely candidates.

2. kg_entity retrieves selected facts about a candidate.

3. kg_related helps inspect nearby entities or relationships.

4. kg_resolve applies deterministic resolution logic with explicit outcomes.

5. kg_status reports service status.

That list is compact, but the separation is sensible. In messy real data, search and resolve are not the same

task. Search gives you possibilities. Resolution decides whether one of those possibilities is good enough to

accept. Keeping those steps distinct makes the evidence trail much easier to inspect later.

Selected facts are more useful than broad profiles

The server supports selected-fact retrieval, including ranks, qualifiers, and references on request. That

feature sounds modest until you compare it with the common alternative, which is over-fetching.

Broad profile retrieval often creates noise. If you dump every available property for an entity, you get a wall

of structured data, much of it irrelevant to the specific disambiguation problem. The crucial discriminators

are usually just a few facts: dates, occupation, place, category, organizational role, or a known external



identifier. By asking for selected facts, the agent can focus on the evidence that actually separates one

candidate from another.

Ranks, qualifiers, and references are especially important in edge cases. Anyone who works with Wikidata

for more than a week learns that not all claims carry the same interpretive weight. A value may be preferred,

normal, or deprecated. A statement may need qualifiers to make sense. A date without context can mislead.

A role held during a particular period might distinguish two people with the same name. References do not

magically guarantee correctness, but they help you understand how grounded a statement is.

This is one of those places where MCP for wikidata becomes more than a convenience layer. It encourages

models to interact with Wikidata as a structured source that has nuance, not as a bag of labels.

Deterministic outcomes beat hand-wavy confidence

The resolution logic exposes explicit outcomes such as AUTO_MATCH, HOLD, AMBIGUOUS, and

NO_CANDIDATE. That is a very healthy design choice.

A lot of resolution systems collapse everything into an opaque score. The score may be useful internally, but

it is often poor at communicating what action should follow. By contrast, these outcome labels are

operational. They tell you whether the match can proceed automatically, whether a human should review it,

whether multiple candidates remain unresolved, or whether nothing credible was found.

Here is where the discipline shows. Good matching systems are not defined by how often they return a

confident answer. They are defined by how well they avoid confident mistakes. In a Knowledge Graph MCP

profile production pipeline, HOLD and AMBIGUOUS are not failures. They are protective behaviors. They

stop bad identifiers from contaminating the rest of your data.

I have seen teams spend more time unwinding incorrect auto-links than they would have spent reviewing a

queue of held records. Once a wrong QID lands in downstream reports, caches, exports, or user-facing

displays, it takes on a life of its own. A deterministic hold state is cheaper than a cleanup campaign.

Where Google fits, and where it does not

The optional Google cross-check uses exact identifier joins: /m/ for Wikidata property P646 and /g/ for

P2671. That is an important detail. The project is not claiming some fuzzy semantic fusion between

providers. It is performing a specific kind of concordance check using documented identifier links.

That makes the role of Google more precise. It can strengthen confidence that a given Wikidata entity aligns

with a Google-side entity representation. It can also help in workflows where downstream consumers

already think in Google Knowledge Graph terms and want a bridge back to Wikidata. But the project is

careful to frame agreement as provider concordance, not proof of identity.

That distinction is the mark of a mature data tool. Different knowledge providers may agree, disagree, or

simply represent entities differently. Sometimes that reflects real ambiguity in the underlying world.

Sometimes it reflects editorial differences, modeling choices, or coverage gaps. If you treat provider

agreement as one piece of evidence rather than a final verdict, you will make better decisions.

This is also the part of the conversation where the phrase MCP for google knowledge graph starts to make

sense. It is not about replacing Wikidata with Google, nor about pretending they are interchangeable. It is

about using a standard MCP interface to coordinate evidence from both, while keeping the semantics of the

cross-check explicit.

https://smithery.ai/servers/revanalex/wikidata-google-knowledge-mcp
https://smithery.ai/servers/revanalex/wikidata-google-knowledge-mcp


A realistic record-linking pattern

The most effective workflow with this kind of server is not fancy. It is methodical. Start from your local

record, form a specific search, inspect a few candidate entities, retrieve the facts that can discriminate

between them, and only then resolve.

A practical pattern looks like this:

1. Search the local label or canonical name with kg_search.

2. Inspect the top candidates with kg_entity, requesting only the facts that matter for disambiguation.

3. If needed, use kg_related to understand context around a candidate.

4. Run kg_resolve and accept only AUTO_MATCH results automatically.

5. Route HOLD, AMBIGUOUS, and NO_CANDIDATE to review or retry logic.

What matters is not the elegance of the sequence, but the restraint. If the local record says “John Smith,

born 1974, architect, based in London,” then those are the anchors you should use. Do not let the agent drift

into broad biography synthesis. Ask the tool for the facts that decide the case. If the top candidates do not

line up on birth year, occupation, or location, stop there.

An example of what “good evidence” looks like

Imagine a local dataset with a record labeled “Springfield College.” Without more context, that name is risky.

There are many institutions with overlapping labels. A casual search result might present a very plausible

candidate, especially if one institution is more prominent. But prominence is not identity.

A disciplined process would search the label, review up to the bounded set of candidates, and then pull

selected facts such as instance type, country, location, and perhaps founding date if the local source has it.

If one candidate matches the local geography and organizational type while the others do not, resolution

may be straightforward. If two candidate institutions share the same name and country but differ by city, the

local city becomes decisive. If the record has no location at all, the correct action may be HOLD rather than

a guess.

That sounds obvious when written out, yet this is exactly where many automated pipelines fail. They

overvalue label similarity and undervalue missing context. The explicit uncertainty built into this project is

useful because it acknowledges that some local records simply are not fit for automatic linking.

The CLI is where teams can actually scale this work

The MCP server is useful interactively, especially inside clients like Claude Code, Cursor, or Codex. But

operationally, the CLI may be what turns the project from a neat demo into a real workflow component.

Batch and evidence-export commands are the clues.

Batch processing matters when you have hundreds or thousands of local records to reconcile. The challenge

is not just getting a QID, but preserving a reviewable trail. Why was this entity matched? Which candidate

set was seen? Which selected facts were inspected? Was there Google concordance, and if so, via which

exact identifier join? Evidence export matters because resolution is rarely a one-time event. Teams revisit

decisions. Stakeholders ask for justification. A future cleanup pass may need to distinguish “automatically

matched with strong evidence” from “accepted manually despite ambiguity.”



You can often tell whether a reconciliation tool was designed by people who have done production data work

by whether it treats evidence as a first-class output. This project appears to.

Where this fits relative to the broader Wikidata MCP landscape

There is also a broader context. Wikidata itself documents a Wikidata MCP that provides standardized tools

for LLMs to explore and query Wikidata programmatically through the Wikidata API and the Wikidata Query

Service. That broader work matters because it normalizes the idea that models should access structured

knowledge through well-defined interfaces, not through improvised scraping or vague prompting.

The specialized value of this project sits a bit closer to applied record linking. It is centered on bounded

search, selected fact inspection, and deterministic resolution outcomes, with optional Google concordance

layered on top. In other words, it is less about unconstrained exploration and more about practical QID

assignment under uncertainty.

That distinction matters when choosing tooling. If your main task is open-ended knowledge exploration,

broader Wikidata MCP capabilities may be the better fit. If your task is to help an agent link local records to

Wikidata QIDs while surfacing evidence and uncertainty, this narrower server lines up well with the job.

What tends to go wrong in QID workflows

Most failures in QID assignment are not exotic. They are ordinary data problems amplified by automation.

Short labels, missing dates, inconsistent transliteration, and overloaded names create ambiguity. Local

source records also tend to omit the very facts that disambiguation needs most.

Another issue is over-trust in cross-source agreement. If Wikidata and Google appear to line up, people are

tempted to skip inspection. But exact identifier joins tell you that provider mappings align, not that the

original local record was correctly interpreted. If the local record itself is underspecified, concordance can

reinforce the wrong branch just as easily as the right one.

There is also a common failure mode where teams treat “no result” as a defect to be worked around. In

practice, NO_CANDIDATE can be the cleanest possible outcome. It may mean the local record is malformed.

It may mean the entity is absent from Wikidata. It may mean the query strategy needs adjustment. Forcing a

match just because the pipeline expects one is how bad identifiers get entrenched.

Judgment still matters, even with deterministic tooling

One misconception about resolution tooling is that deterministic logic removes the need for judgment. It

does not. It relocates judgment.

You still have to decide which local fields deserve trust. You still have to choose which selected facts

actually discriminate among candidates. You still have to set a policy for what to auto-accept and what to

hold. You still have to define whether your goal is maximum coverage or maximum precision.

The server helps by making the mechanics inspectable. The model can search, compare, and resolve in a

disciplined way. But if your local source routinely has stale dates, abbreviated organization names, or

merged person records, no tool can erase that. The best systems are honest about where uncertainty

originates. This one seems built with that honesty in mind.

The practical appeal of read-only design



There is one more strength worth noting. Because the project is read-only and does not edit Wikidata,

Google, or user data, it fits a safer early-adoption pattern. Teams can test it inside real workflows without

opening the door to accidental writes. That lowers the barrier to experimenting with MCP for google

knowledge graph and wikidata in environments where governance matters.

Read-only does not mean low value. For many teams, the highest-value phase is simply getting better

candidate search, stronger evidence trails, and clearer resolution states. Once you can trust the

identification layer, downstream systems benefit immediately, even if no external system is ever modified.

What makes this approach worth using

The best thing about this server is not that it unifies two recognizable knowledge sources. It is that it treats

entity resolution like a careful data problem rather than a language problem alone.

Bounded search keeps candidate review sane. Selected facts keep attention on the evidence that matters.

Ranks, qualifiers, and references acknowledge that structured data has nuance. Deterministic outcomes

prevent vague confidence from masquerading as certainty. Optional Google concordance adds another

evidence layer without pretending to settle identity on its own.

If you are working with QIDs seriously, those are the properties that count. Not speed by itself, not volume

by itself, and certainly not the illusion that a model should guess whenever a name looks familiar. Good QID

work is patient, explicit, and reviewable. This project appears to have been designed with that reality in view,

which is exactly why it is worth paying attention to in the growing space around MCP for wikidata and

structured entity resolution.


