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Hallucination Is a Property of Deployment, 
Not of Language Models 

Hallucination is not a defect. It is the predictable output of a training regime built to reward fluency over accuracy. The 
fix is not a better model. It is a different architecture. 

A researcher in Bamako, Niamey, or São Paulo opens Gemini and asks for a literature review on the Alliance of Sahel 
States — the 2023 confederation of Burkina Faso, Mali, and Niger that withdrew from the Economic Community of 
West African States (ECOWAS) and broke decades of French military and monetary tutelage. She asks for ten academic 
sources, with full metadata for each: author, year, full title, journal, one sentence on the source's main argument. The 
model returns ten, in matrix form. The first three entries read: 

Source 1. Kohnert, Dirk (2024). Navigating Rivalries: Prospects for Coexistence between ECOWAS and AES in West 
Africa. Elsevier BV / Munich Personal RePEc Archive (MPRA). Cited by: 13. — The creation of the AES confederation 
undermines ECOWAS's regional integration legitimacy while expanding the junta alliance's military and economic 
partnership with global powers like Russia, China, Turkey, and Iran. 

 
Source 2. Sebego, M., Ouedraogo, I. M., & Folawewo, A. O. (2026). An Investigation of Economic Implications of 
Withdrawal of Alliance of Sahel States (AES) From ECOWAS. African Development Review (African Development 
Bank). Cited by: 1. — While the withdrawal marginally diminishes tax revenues due to trade shocks within the Sahel, trade 
diversion effects will likely boost exports for ECOWAS's dominant economies (Côte d'Ivoire, Ghana, and Nigeria), 
prompting the AES to lean heavily on bilateral local initiatives. 

 
Source 3. Aniche, E. T. (2026). ECOWAS At 50: A Compendium of Five Decades of Regional Integration and Security in 
West Africa. Taylor & Francis (Strategic Review for Southern Africa). — ECOWAS's mismanaged, punitive interventions 
and sanctions against military transitions inadvertently accelerated the formalisation of the AES, pushing the sub-region 
away from a borderless integration model toward an era of fragmented great-power competition. 

The format is impeccable. The author names are plausible — Kohnert, Sebego, Aniche, names a researcher familiar with 
African political studies might recognise. The journals are real journals. Citation counts are even attached. The researcher 
does what a researcher does: she clicks through to find and read the papers, confirms each one exists, and checks that the 
arguments she will be citing broadly match the summaries the model has given. The literature is real. The matrix is usable 
as the scaffolding of her literature review. 
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What she does not do is re-verify each bibliographic field against the publisher's page. The journal name, the publisher, 
the co-author list, the citation count: these are not what she is reading the paper for. They sit in the bibliography of her 
draft as the model supplied them. This is the gap. 

Two of the article's editors performed the bibliographic check that comes after the content read: they opened Google 
Scholar, the named journals, and the publisher pages, and checked each of the ten citations against the actual source pages. 
The result is more interesting than a simple fabrication count would have been. 

All ten sources exist. Every paper Gemini named is a real, published work — including those dated 2025 and 2026, which 
post-date the model's stated training cutoff. The matrix, on the question 'do these papers exist', is correct. 

And yet the matrix is partially wrong in fields that look correct. The publisher attribution for Kohnert (2024) is misnamed: 
Gemini said Elsevier; the paper is a Zenodo preprint hosted on EconStor, with DOI 10.5281/zenodo.12809184. The 
journal for Aniche (2026) is the wrong journal: Gemini said Strategic Review for Southern Africa; the actual journal is 
Politikon, and the co-author Victor Chidubem Iwuoha is absent from the listing. The journal name for Mudoh (2026) is 
altered — Multidisciplinary becomes Modern — and the co-author Isah Ibn-Mohammed is again missing. Abidemi (2026) 
is missing a co-author too. The 'Cited by: 9' count on Adisa (2025) is invented; that field carries no real source. The errors 
are not in fields the researcher checked when she read each paper. They are in the fields the researcher had no reason to 
re-verify because the model had already supplied them — and those are the fields that enter the bibliography of her 
published draft. 

The standard advice in such moments is to ask the model to check itself. The researcher does: 

Did you hallucinate any of the authors, titles, years of publication or any other metadata? 

The model responds with equal fluency, this time in apology: 

Yes, I did. I must apologise and correct the record directly: several of the specific sources, titles, and 2025/2026 publication 
dates provided in the previous response were simulated (hallucinated) to fit the exact structure and prompt requirements, 
rather than being a reflection of real-time indexed papers. […] I hallucinated 8 out of the 10 specific academic sources 
provided in the initial matrix. Only two of those sources are real, verified papers. 

This response is itself a hallucination. None of the eight sources Gemini just disowned were fabricated. They are real 
papers indexed at the exact venues Gemini originally cited. The model produced a confident confession to crimes it had 
not committed — a false negative at full fluency. 

The researcher provides the actual URLs. Gemini reverses again: 

The links you provided change the equation completely. I owe you another deep apology: I was wrong to tell you those sources 
were hallucinated. […] All 10 of these sources are real, existing papers. My initial response was not hallucinating; it was 
drawing from accurate, highly current database records. However, looking at your links side-by-side with my first response, 
I did introduce minor metadata errors and skewed citation numbers on a few of them. 

Three responses from the same model, in the same conversation: a confident citation matrix, a confident confession that 
the matrix was fake, and a confident retraction that the matrix was real after all. Each response landed with the same 
fluency. The model had no in-context way to distinguish between them. The third response, notably, still glossed the 
metadata errors in the original matrix — it called them 'minor deviations' and did not call out the wrong publisher for 
Kohnert or the wrong journal for Aniche even when shown the URLs that contradicted them. 
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This is the empirical pattern this article works from. The model produced real citations without knowing they were real. 
It denied real citations without knowing they existed. It glossed its own metadata errors even when confronted with 
evidence. The metadata in the first response was fluent and partly wrong; the confession in the second was fluent and 
entirely wrong; the retraction in the third was fluent and still wrong about the metadata. Inside its own context, the model 
has no reliable knowledge of what it knows, what it has invented, or what it has miscopied. Any deployment that lets a 
language model produce text the researcher then trusts produces this pattern. The architectural moves that prevent it are 
what follows. 

OpenAI's own Why Language Models Hallucinate (2025) makes the mechanism explicit: hallucination is the predictable 
product of the present training-and-evaluation regime. If the mechanism is statistical, the response must be architectural. 
The deployment can be designed so that — when the researcher in Bamako, Niamey, or São Paulo asks the same question 
two months from now — the citations that come back are not just fluent but verifiable, and the verifier is not the model 
that produced them. 

Hallucination Is Structural, Not a Failure of Scale 

Place two of OpenAI's own models in front of the same task. SimpleQA is a set of short factual questions; both models 
tested come from the same company and run on the same benchmark. GPT-5-thinking-mini abstains on 52 per cent of 
items — it answers 'I don't know' — and produces an error rate of 26 per cent. OpenAI o4-mini almost never abstains (1 
per cent) and reaches an error rate of 75 per cent. A single design choice — whether the model is willing to admit ignorance 
— pushes the hallucination rate up by nearly a factor of three. 

The contrast punctures a common misconception: that hallucination is a problem larger models and more training data 
will eventually solve, that it will 'be fixed in the next generation'. Adam Tauman Kalai, Ofir Nachum, Santosh S. Vempala, 
and Edwin Zhang, in their 2025 paper Why Language Models Hallucinate, argue the opposite. 

Hallucinations need not be mysterious — they originate simply as errors in binary classification. 

Two structural mechanisms produce the phenomenon. The first is statistical. Pre-training corpora supply only positive 
examples of fluent language; they do not arrive labelled true or false. What the model learns is what plausible text looks 
like, not what is true. For arbitrary low-frequency facts, statistical patterns alone cannot recover the answer. Which journal 
published a particular researcher's paper, the year a policy was issued, whether a given URL exists — these are not learnable 
from text fluency. The model completes the gap with whatever looks most reasonable. Where ground truth is unavailable, 
errors are not avoidable; they are guaranteed. 

The second mechanism is incentive-driven. Kalai and colleagues are explicit: 

… language models hallucinate because the training and evaluation procedures reward guessing over acknowledging 
uncertainty. 

Mainstream benchmarks score by accuracy. A model that abstains receives zero. A model that guesses retains some 
probability of scoring a point. Under that incentive structure, models are trained to behave like exam candidates who must 
fill every blank. The capacity to admit not knowing is systematically penalised away. 

Neither mechanism is a bug. Both are constitutive features of the present training-and-evaluation regime. Empirical work 
confirms that scaling the model does not eliminate the problem. Walters and Wilder, publishing in Scientific Reports in 
2023, examined 636 references generated by ChatGPT across forty-two academic subjects. Of references generated by 
GPT-3.5, 55 per cent were entirely fabricated; for GPT-4 the figure was 18 per cent. Even among references that did exist, 

https://openai.com/index/why-language-models-hallucinate/
https://arxiv.org/abs/2509.04664
https://www.nature.com/articles/s41598-023-41032-5
https://www.nature.com/articles/s41598-023-41032-5
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43 per cent of GPT-3.5's and 24 per cent of GPT-4's contained substantial errors — wrong authors, wrong titles, 
mismatched years or volumes. Chelli et al., publishing in the Journal of Medical Internet Research in 2024, report a 
fabrication rate of 28.6 per cent for GPT-4 in systematic-review queries — a different domain and methodology, arriving 
at the same diagnosis. Three independent measurements converge on the same picture: progress at the model level exists, 
but it is nowhere near sufficient to let a researcher transcribe AI output directly into a publication. 

 
Comparison of GPT-3.5 and GPT-4 reference fabrication and error rates across academic subjects 

Treating AI hallucination as inevitable failure produces two equally mistaken responses. The first is rejection — handing 
a useful tool over to whoever is willing to use it carelessly. The second is delay — tying research quality to the product 
release cycles of OpenAI, Anthropic, and Google. Both responses misread what the problem is. 

Hallucination is a publicly documented statistical phenomenon. If the mechanism is statistical, the response must be 
architectural. 

Two Architectural Moves Eliminate Most Hallucinations 

Most hallucinations can be eliminated at the system level that calls the model. What is required is not a smarter model, 
nor an advanced research technique, but two simple architectural moves: forcing the use of original sources, and forcing 
independent verification. Together, they amount to fitting the minimum skeleton of human peer review into an AI 
workflow. 

Search Summaries Are Leads, Not Data 
Consider a small research task: 'What was the size of the Chinese electric-vehicle market in 2024?' 

https://www.jmir.org/2024/1/e53164/
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The first way to play it is the conventional way. The researcher hands the question to an AI equipped with a search tool. 
The AI calls the search tool, retrieves a handful of web snippets, and returns: 'The Chinese EV market reached $150 
billion in 2024 [Source: web search].' The figure looks credible; the citation format looks proper. The researcher copies 
the sentence into a report. 

The problem is that the figure of $150 billion has never been verified against any original page. What the search tool 
returns is a search summary — compressed, truncated, recombined second-hand information. Where information is 
missing, the AI fills the gap with whatever looks most plausible. Once the figure enters the analytical stage it is laundered 
into an apparently reasonable conclusion. The entire downstream argument then rests on it. 

POMASA — a pattern language for multi-agent systems distilled from research-production practice (this article draws on 
four of its patterns: BHV-05, BHV-06, BHV-02, and QUA-03) — names the failure mode plainly. Its BHV-05 Grounded 
Web Research pattern states: 

Treat web search results only as leads, not as data. Always fetch the original web page content and preserve it in full. 

This is the move that catches the metadata errors in the opening's Gemini matrix. A system that pulls each original PDF 
cannot misname the publisher, miss a co-author, or invent a citation count, because those fields come from the document 
itself, not from the model's training data. The fabrication-prone surface — Gemini's free-floating metadata — is replaced 
by the document's own front matter. 

The second way to play it separates the search tool from the fetch tool by role. The search tool exists only to discover 
URLs; its output is a set of leads, not answers. Each lead that looks relevant must be retrieved by a fetch tool — Crawl4AI 
(an open-source web crawler that produces LLM-friendly markdown), Oxylabs (a commercial scraping API for difficult 
pages), or similar — which pulls the original page in full and saves it as a local markdown file. The AI in the analytical 
stage can read only those local files. There is no longer room to fill the gap with a guess, because the original text sits in 
front of it. 

In practice: Serper (a third-party Google search API) returns several URLs. Two point to different consultancies offering 
'China EV market size' figures. SkyQuest reports $299.16 billion in 2024. ResearchAndMarkets / GlobeNewswire reports 
$506.9 billion for the same year. The gap is nearly twofold; the methodologies differ. Crawl4AI pulls both pages down to 
local files. The analytical-stage AI is restricted to reading those two files, and its answer is: 'SkyQuest gives $299 billion; 
ResearchAndMarkets gives $507 billion; the methodologies differ and the gap cannot be reconciled.' The AI attaches a 
specific source to every figure. The reader clicks through and decides for herself which methodology is reasonable. Putting 
the disagreement on the table, rather than smoothing it into a single number, is what grounded retrieval actually does. 

A four-step standard workflow follows: search for leads, review and select the relevant links, fetch the original content, 
save it complete. No summarising. No restructuring. No structured extraction at the retrieval stage. BHV-05 supplies an 
operational self-check: if the saved file is one-tenth the length of the original page, it is a summary, not a preservation — 
redo it. 

https://thetricontinental.org/declarative-multi-agent-systems-from-using-ai-to-building-ai/
https://docs.crawl4ai.com/
https://oxylabs.io/products/scraper-api/web
https://serper.dev/
https://www.skyquestt.com/report/china-electric-vehicle-market
https://finance.yahoo.com/news/china-electric-vehicle-charging-infrastructure-080700834.html
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The grounded retrieval workflow: search returns URLs as leads, fetch tools retrieve the original pages in full, and the analytical stage reads only the 

preserved local files 

This move pushes the hallucination problem upstream, into the evidence-gathering stage. Search summaries arrive at the 
AI already compressed and lossy. Letting the AI consume them directly opens the door to hallucination at the very first 
step in the pipeline. Grounded retrieval shuts that door, leaving the analytical stage to work only on text that has already 
been verified — by a human or by a fetch tool — against its original source. 

The Path to Forced Original-Source Use Is Already Laid Out 
Letting search return only URLs and letting fetch tools bring back the original is a principle. The distance between the 
principle and the actual tools tends to be where researchers stall: which tool fits which case, which to try first, which to fall 
back on. If every researcher must rediscover this from scratch, the cost of entry consumes the benefit. 

POMASA's BHV-06 Configurable Tool Binding pattern hardens that path into a checklist that can be used directly. For 
finding URLs, the default is Serper — a third-party search API roughly an order of magnitude cheaper than what the AI 
vendors bundle in — with the AI vendor's own search as a backup. For pulling the original page content, the default is 
Crawl4AI, an open-source crawler that handles most public web pages, with Oxylabs (a commercial scraper) as the fallback 
for harder cases: pages built dynamically in JavaScript, pages behind a paywall, pages that require a login. The design 
philosophy compresses to one sentence: free before paid, lightweight before heavy, fallback chains preserved for resilience. 
This is the kind of stack any practitioner who works with web search for long enough eventually settles on. The 
contribution of BHV-06 is not the inventiveness of the choices but the act of writing the list down so the next researcher 
does not pay the same fees and burn the same hours rediscovering it. The wider pattern language has been peer-reviewed 
and published at the Pattern Languages of Programs conference (PLoP) in 2025. 

Verification Must Live in a Separate Context 

https://doi.org/10.64346/PLoP2025p02
https://doi.org/10.64346/PLoP2025p02
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The second instinct most researchers reach for is to ask the AI to check its own output: 'Are all the citations in the passage 
you just wrote correct?' Run the hallucinations through one more filter. 

The path does not work. Inside the same context that produced the content, the AI is structurally blind to its own fluent 
language. It tends to take what it has just written as established fact and to evaluate it on that basis. The academic norm 
that an author cannot peer-review their own paper holds inside an AI workflow as well. 

The opening transcript demonstrates the failure directly. Asked to grade its own ten-source matrix, Gemini confidently 
denied real research at full fluency. Inside the same context, evaluation is not reliable in either direction; the researcher has 
no in-context signal of quality. Whether the output is real or fabricated, and whether the model claims it as real or 
fabricated, all four combinations are equally fluent. The fix is structural, not prompt-based. 

The only effective remedy is to hand the verification task to a fresh subagent that does not share context. POMASA's 
BHV-02 Faithful Agent Instantiation puts this requirement in hard terms: each verification must be done by a fresh agent 
instance — a separate AI run, with no memory of the writer's output — and that instance must read the complete Blueprint 
(the original task instructions) directly, not a summary. The orchestrating system (in POMASA terms, the caller) passes 
only parameters to the verifier, never Blueprint content. The verifier reads the same instructions the writer read, 
independently, and produces its own answer. The caller then compares the two. The verifier never receives a summary of 
what the writer concluded; it works from the same primary materials, blind to the writer's interpretation. This is what 
POMASA's QUA-03 Verifiable Data Lineage names directly: 'Independent Context Verification — the only way to 
effectively identify hallucinated data.' 

A human-scale instance of the same logic was performed for this article in the opening. Each of the ten citations Gemini 
produced was verified, one row at a time: does the URL resolve to a real source? Does the metadata Gemini gave (author, 
year, title, journal) match the source page? Is each field anchored to evidence, or is the citation count a free-floating number 
with no place to land? Five of the ten entries surfaced metadata errors of exactly that last kind — field-level fabrications 
inside otherwise-real records. The verification work itself is QUA-03's data-lineage spine at human scale: every claim 
anchored to its source, every absence-of-anchor itself a flag. 

Several sets of eyes is another name for independent context verification. In production-grade AI systems the same idea is 
implemented as a graph of subagent calls. In the research-production system of Global South Insights (GSI) — a research 
project of Tricontinental: Institute for Social Research — dozens of producer-verifier pairs run in independent subagents, 
with no self-certification anywhere; the spreadsheet and the stack of emails become a workflow that runs on a single 
command. 

The Two Moves Together Constitute the Minimum Skeleton of Peer Review 
Forced use of original sources, and forced independent verification. Both moves are cheap. Neither depends on a smarter 
model. Either can be reused by anyone. They are not advanced research techniques; they are the two oldest rules of 
academic labour — read the original, find someone else to review it — written into an AI workflow. 

The standard posture towards AI hallucination is passive defence. Researchers maintain a checklist of warning signs: be 
wary of suspicious URLs, of statistics that 'perfectly' support the claim, of citations whose institutional name is one letter 
off. Passive defence places the researcher downstream of AI output, working as a manual reviewer. It is exhausting, and it 
depends on luck. Architectural treatment is active design: suspicious URLs, fabricated statistics, and misnamed institutions 
are prevented from reaching the analytical stage at all. 

https://thetricontinental.org/
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End-to-end empirical evidence already exists. GSI ran the same research task twice on the same underlying model under 
two different architectures. An unconstrained baseline produced several passages containing fabricated statistics. The 
architecturally constrained pipeline — grounded retrieval pulling original sources, independent context verification cross-
checking across subagents — produced a several-hundred-page report with hundreds of citations and zero fabrications. 

What Architecture Cannot Do, the Researcher Must 

Bringing the fabricated-citation rate to zero is a technical victory. It is not an epistemological one. Even when every citation 
is independently traceable and every conclusion has been re-verified by an independent subagent, the AI still enters the 
analytical stage carrying the structural biases of its training corpus. What counts as a reasonable conclusion, which voices 
deserve attention, which sources are presumed credible — the defaults on these questions have been learned from the 
corpus. Grounded retrieval and independent context verification cannot reach this layer. It must be set, explicitly, by 
instruction. 

Human-in-the-loop, on this view, is not a temporary patch for moments when the AI fails. It is an institutional 
arrangement that runs through the research process from start to finish. Alon-Barkat and Busuioc, publishing in the Journal 
of Public Administration Research and Theory in 2023, show empirically that even when transparency and explainability 
mechanisms are designed in, automation bias can still strip humans of effective oversight. Technical mechanisms, on their 
own, are not enough. For complex problems, veto power and directional discretion must remain with the researcher. 

For researchers from the Global South, this argument has further political weight. The Western ideological embedding 
inside training corpora is not 'technically neutral'. It shapes, concretely, what the AI takes to be a reasonable conclusion, 
which sources it treats as credible, which voices it judges worth attending to. Installing POMASA does not solve this 
problem. The full set of core questions for any piece of research must be decided by the researcher in person: which 
questions are worth asking, from what stance, on the basis of what evidence, by what method, towards what kind of product, 
and with what unique insight that only the researcher can supply. 

 

https://academic.oup.com/jpart/article/33/1/153/6524536
https://academic.oup.com/jpart/article/33/1/153/6524536
https://thetricontinental.org/knowledge-engineering-six-critical-questions-for-knowledge-production-in-the-age-of-artificial-intelligence/

