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Executive summary 
Generative AI has acquired a peculiar user experience. Open a model picker and the names can look less 
like software specifications and more like the illuminated front of a casino floor: Sol, Terra, Luna, Opus, 
Fable, Pro, Flash and Grok. Each promises a slightly different mixture of intelligence, speed, reasoning, 
personality, context, tools and price. The user chooses a machine, inserts a prompt, pulls the 
conversational handle and waits for the reels to stop. 

The analogy is funny because it is recognisable, but it is also analytically useful. Large language models are 
probabilistic systems. The same or near-identical request can produce different outputs, and model 
families differ materially in capability, latency, tool use, context, output style and cost. Providers also 
change prices, release new tiers, retire older versions and alter the controls exposed to users. OpenAI's 
own evaluation guidance explicitly says that generative AI is variable, while current provider 
documentation recommends balancing accuracy, latency and cost rather than treating the newest flagship 
as automatically best. [3][4] 

The crucial difference from an actual slot machine is more serious. A slot machine tells you whether you 
won. An AI system can hand you a beautifully written answer without telling you whether the facts are 
correct, whether the reasoning is robust, whether an omitted caveat matters or whether a cheaper model 
would have done the job just as well. The real gamble is therefore epistemic. The user is staking trust, 
time and sometimes money on an output whose quality is not always immediately observable. 

This paper develops the 'Knowledge Casino' analogy as a framework, not as a claim that AI use is literally 
gambling or psychologically equivalent to gambling disorder. It examines model selection, output 
variability, pricing, retries, choice overload, novelty effects and the tendency to chase a better answer 
through repeated regeneration. It then proposes a practical antidote: stop choosing models by reputation 
or sparkle alone, and instead build a small personal or organisational evaluation routine based on task fit, 
first-pass success, effective cost, verification burden and acceptable variability. 

The core idea:  A prompt is not a coin and an AI model is not a fruit machine. But the user experience 
can behave like a knowledge casino when model choice is opaque, output quality is variable and 
repeated retries replace deliberate evaluation. 
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Key findings at a glance 

Finding Why it matters 

The output really can vary Generative AI is not conventional deterministic 
software. Sampling, inference infrastructure, 
routing, tools and model updates can all alter what 
comes back. [4][12] 

The model floor changes quickly In 2026 alone, major providers launched new 
families, changed prices and retired models. 
Google released Gemini 3.7 Flash in August, 
OpenAI repriced Terra and Luna in July, and 
Anthropic continues active model retirement. 
[2][8][9] 

The cheapest token price can be a false economy A low-cost model that needs four retries, 
extensive checking or manual repair can have a 
higher effective task cost than a pricier model that 
succeeds first time. 

The flagship can also be a false economy Paying for maximum capability on simple 
extraction, classification or routine drafting is the 
AI equivalent of hiring a concert pianist to play the 
microwave beep. 

Near-miss behaviour is a useful metaphor Gambling research shows that near-misses can 
motivate continued play. There is no established 
evidence that AI regeneration has the same causal 
mechanism, but the resemblance is useful: an 
answer that is nearly right can tempt users into 
repeated pulls. [14] 

More choice does not guarantee better choice Choice-overload research is context dependent, 
but large, difficult and poorly differentiated option 
sets can reduce confidence and increase decision 
difficulty. [15][16] 

The answer is task-specific evaluation Both OpenAI and Anthropic recommend 
evaluations that reflect real tasks rather than 
relying only on generic benchmarks. [4][13] 
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1. Welcome to the Model Casino 
Picture the scene. It is 08:47 on a Monday. You do not need a yacht, a jackpot or a lifetime supply of 
cherries. You need a reliable two-page summary of a report before a meeting. 

You open the model menu. The floor lights up. 

• SOL: frontier reasoning, long-horizon work, premium output price. 
• TERRA: balanced everyday work, lower cost. 
• LUNA: fast and very cheap at scale. 
• FABLE: heavyweight capability with heavyweight pricing. 
• OPUS: deep reasoning and professional work. 
• GEMINI PRO: complex multimodal and agentic work. 
• GEMINI FLASH: speed, throughput and increasingly serious reasoning. 
• GROK: another frontier option with its own tools, style and economics. 

The names are not inherently confusing. Product families need names. The problem is that the names 
become psychological shortcuts. "Flagship" starts to mean "best for everything". "Flash" starts to mean 
"probably shallow". A newly released model acquires the aura of a freshly installed machine with brighter 
lights and a queue around it. Yet the correct choice depends on the task, not the glow around the cabinet. 

Provider guidance itself points in that direction. OpenAI describes model selection as a balance between 
accuracy, latency and cost. Anthropic similarly advises developers to compare models by capability and 
cost, and both providers emphasise task-specific evaluation. [3][13] 

Casino translation:  The model picker is the casino floor. The prompt is the stake. The response is the 
spin. The regenerate button is the handle again. The dangerous part is that the payout is partly 
subjective and sometimes unknowable without verification. 

 

  



The Knowledge Casino  |  Research snapshot: 17 August 2026    Page 5 

2. Why the slot-machine analogy works 

2.1 Different machines, different odds 

Slot machines are not interchangeable. Neither are models. A model optimised for frontier reasoning may 
outperform a cheaper model on a complex multi-stage research task but add unnecessary latency and 
cost to routine classification. A fast model may be excellent for large-scale extraction while being less 
dependable on subtle judgement. A coding-oriented model may feel unusually strong in software work 
but ordinary in a creative brief. The correct question is not "Which model is smartest?" It is "Which model 
has the best expected value for this task?" 

2.2 The handle produces a distribution, not a stored answer 

A language model does not normally retrieve a single prewritten response. It generates tokens according 
to a probability distribution conditioned on the input and system state. Sampling controls can influence 
diversity, but variability can also arise lower in the inference stack. Recent research has documented 
output differences even under settings intended to be deterministic, including effects associated with 
numerical precision and execution conditions. [12] OpenAI's evaluation guidance states the practical point 
more simply: generative AI is variable, so ordinary software testing is not enough. [4] 

The metaphor should not be exaggerated. The result is not uniformly random. Good prompts, stable 
context, structured output, grounded sources and appropriate model choice can narrow the range 
considerably. The machine has odds, architecture and rules. It is not a roulette wheel made of words. 

2.3 The lights, bells and near-misses 

A striking model response can feel like a jackpot because the value arrives unevenly. One answer is bland. 
The next is startlingly insightful. The third misreads the brief. The fourth contains the phrase you were 
trying to find all afternoon. That uneven reinforcement is part of why repeated regeneration can be 
tempting. 

Research on slot-machine near-misses shows that outcomes which come close to a win can increase 
motivation to continue gambling. [14] It would be scientifically irresponsible to claim that the same 
mechanism has been established for AI users. It has not. The value of the comparison is conceptual: a 
near-perfect AI response may create the feeling that one more pull will produce the perfect version, even 
when a deliberate edit would be cheaper, faster and more controllable. 

“One more regenerate” is the knowledge-worker equivalent of leaning 
towards the machine because two cherries have already landed. 
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3. The casino floor in August 2026 
The model landscape is unusually dynamic. The table below is a deliberately incomplete snapshot of 
prominent API models on 17 August 2026. It is not a leaderboard. It is evidence that the machines differ 
greatly in role and price, and that model names age quickly. Prices are provider list prices in US dollars per 
one million tokens, using standard or short-context pricing where a provider distinguishes contexts. 
Consumer subscriptions, enterprise agreements, caching, batch modes, priority modes and tool charges 
can differ. 

Provider / model Positioning Input / 1M Output / 1M Research note 

OpenAI GPT-5.6 Sol Flagship / frontier $5.00 $30.00 Highest-priced 5.6 
general tier in this 
snapshot. [1][2] 

OpenAI GPT-5.6 Terra Balanced everyday $2.00 $12.00 Repriced down on 30 July 
2026. [2] 

OpenAI GPT-5.6 Luna Fast / high-volume $0.20 $1.20 Repriced down sharply on 
30 July 2026. [2] 

Anthropic Claude Fable 5 High-end frontier $10.00 $50.00 Anthropic positions it for 
ambitious coding and long 
autonomous work. [5] 

Anthropic Claude Opus 5 Deep reasoning / agents $5.00 $25.00 Launched 24 July 2026 at 
half Fable 5 token price. 
[6] 

Anthropic Claude Sonnet 
5 

Balanced professional $2.00 $10.00 Lower-cost current 
Sonnet tier. [7] 

Google Gemini 3.1 Pro 
Preview 

Complex / multimodal $2.00 $12.00 For prompts up to 200k 
tokens; higher price 
above that threshold. [10] 

Google Gemini 3.7 Flash Workhorse / coding / 
agents 

$0.75 $3.75 Introductory pricing 
through 31 Dec 2026; 
launched August 2026. 
[9] 

Grok 4.6 Frontier / coding / agents $2.00 $6.00 Short-context pricing 
below 200k; higher above 
it. [11] 

The spread is striking. Using a deliberately simple illustration of 12,000 input tokens and 3,000 output 
tokens, the raw API generation price would be about $0.006 on GPT-5.6 Luna, about $0.060 on Terra or 
Gemini 3.1 Pro, about $0.135 on Claude Opus 5, about $0.150 on Sol and about $0.270 on Claude Fable 
5. These are not quality-adjusted comparisons. They simply show why “which machine?” is economically 
meaningful before retries, verification and human editing are counted. 

Important:  API price is only the visible coin slot. For many ordinary users the direct price is hidden 
inside a subscription or usage allowance. The real bill may arrive as time, quota consumption, waiting, 
editing and verification. 
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4. Pulling the handle: where variability enters 

 

Figure 1. A simplified model of the “AI pull”. The visible choice of model is only one layer. 

4.1 Prompt variability 

Tiny changes in wording can redirect emphasis, assumptions and structure. Long conversations add 
accumulated context. Uploaded files, tools, search results and hidden system instructions can all change 
the effective input even when the final user sentence is identical. 

4.2 Generation variability 

Sampling is the most familiar source of variation, but it is no longer safe to assume that users can always 
reach for a temperature knob. Anthropic documentation says sampling parameters such as temperature 
are not supported on Claude 4.7 and later model generations, while Google’s Gemini 3.7 migration 
guidance instructs developers to remove temperature, top-p and top-k settings. [17][9] The direction of 
travel is towards higher-level behaviour controls and provider-managed inference rather than a universal 
set of exposed dials. 

4.3 Infrastructure and routing variability 

Research on LLM reproducibility identifies additional sources such as numerical precision, batching and 
execution order. [12] Product systems may also involve search, tool calls, specialist submodels, safety 
layers or automatic routing. In practical terms, the user may be interacting with a system rather than a 
single frozen neural network. 

4.4 Model drift and version churn 

The machine can change without the user changing the prompt. Providers publish aliases that can move 
to newer stable versions, deprecate older releases and change default behaviour. xAI explicitly documents 
“latest” aliases as moving targets and date-specific versions as the option for consistency. [18] Anthropic’s 
2026 deprecation history shows how quickly older models can leave the API. [8] This creates a second 
form of uncertainty: not only “what answer will I get?” but “what exactly am I running today?” 



The Knowledge Casino  |  Research snapshot: 17 August 2026    Page 8 

5. The near-miss trap: when 80 per cent good creates 

five more pulls 
The most expensive AI response is often not the obviously bad one. It is the answer that is almost right. 

An obviously wrong answer triggers diagnosis. You change the prompt, add a source, choose a different 
model or stop. A near-miss is slipperier. The structure is good but the tone is wrong. The facts are mostly 
right but one paragraph feels thin. The code works except for one edge case. The summary is useful but 
omits the exact thing you care about. The user presses regenerate because the next answer might 
preserve the good bits and fix the weak bits. 

Often it does not. It fixes one thing and breaks another. The user has now entered a comparison loop, 
mentally carrying fragments from several versions. At this point the task has shifted from “ask AI to 
produce an answer” to “curate an unstable portfolio of candidate answers”. 

The Regeneration Trap:  When an output is close enough to encourage another try but not good 
enough to use, repeated generation can substitute for deliberate editing. The remedy is not to ban 
retries. It is to decide in advance what a retry is for. 

 

A practical one-retry rule 

1. First pull: judge the output against explicit acceptance criteria. 
2. If it fails for a clear reason, make one targeted correction to the prompt or context and retry. 
3. If the second attempt fails in a materially different way, stop regenerating. Diagnose model fit, 

evidence quality or task design. 
4. For high-stakes work, verification is mandatory regardless of how many attempts “feel” good. 

6. The shiny-machine effect 
New models matter. Capability improvements can be real and sometimes dramatic. The error is turning 
“new” into a decision rule. 

Technology products naturally foreground novelty because novelty is easy to communicate. A new model 
arrives with benchmark gains, demonstration videos, fresh naming, new context limits or a lower price. 
This can create a temporary asymmetry: the benefits are vivid while the migration costs are mostly 
invisible. Your prompts may behave differently. Output length may change. A formerly useful parameter 
may disappear. A tool may be called more or less often. A cheap model may become capable enough to 
replace an expensive one, or a new flagship may solve a task that previously needed a bespoke workflow. 

Research on choice overload does not support the simplistic claim that “more choice is always bad”. 
Meta-analytic work finds that overload depends on factors such as task difficulty, preference uncertainty 
and choice-set complexity. [15] That nuance fits AI particularly well. An expert with a clear task and 
evaluation set may benefit from ten models. A casual user who only wants a competent answer may 
experience the same menu as cognitive fog. 

The classic choice research by Iyengar and Lepper also showed that extensive options can attract 
attention while reducing subsequent selection or satisfaction in some contexts. [16] That is a useful 
warning for AI interfaces: excitement about the model menu is not the same thing as better model 
selection. 

A glowing NEW badge is information about release date, not 
information about fit for your task. 
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7. What are users actually gambling? 

7.1 Money 

At API scale, model choice can produce large differences in unit cost. But focusing only on token price 
encourages a false precision. The cheapest model can become expensive when it triggers retries, longer 
outputs, extra tool calls or extensive human repair. The premium model can be wasteful when the task is 
trivial. 

7.2 Time 

Every retry has a latency cost and a human reading cost. Five 30-second generations do not merely cost 
two and a half minutes. They create five artefacts that must be compared, remembered and reconciled. 
The user becomes the ensemble manager. 

7.3 Attention 

The regenerate button can transform a clear task into a browsing experience. Instead of defining the 
target, the user evaluates possibilities. This is useful during ideation, but destructive during routine 
knowledge work where consistency matters more than surprise. 

7.4 Confidence 

Repeated outputs can create either false confidence or corrosive doubt. If three models agree, users may 
assume consensus equals truth even when the models share training patterns or source errors. If three 
outputs differ, users may lose confidence even when one answer is well supported. Agreement and 
correctness are related only when the evidence and evaluation process justify the relationship. 

7.5 Knowledge 

This is the largest stake. A slot machine exposes the outcome. In knowledge work, the user may not know 
whether a confident answer is correct. The “payout display” is missing. That means model use should 
become more evidence-heavy as consequence rises. For creative ideation, variability is often a feature. 
For financial, legal, medical, regulatory or safety-sensitive decisions, uncontrolled variability and 
unverified claims are risks, not entertainment. 

The effective task cost 

Effective Task Cost =  generation price + retry price + human review time + verification effort + 
switching/migration cost + expected cost of failure. 

 

This formula is intentionally broader than provider pricing. It changes the question from “Which model is 
cheapest per token?” to “Which workflow delivers an acceptable result at the lowest total cost and risk?” 
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8. Where the casino analogy breaks 
A useful analogy needs fences around it. There are at least six places where the slot-machine comparison 
should not be taken literally. 

• AI output is steerable. Better context, examples, constraints, tools and structured formats can 
materially improve consistency. A slot-machine player does not normally improve the odds by writing 
a better sentence. 

• Models are not designed around a fixed negative expected monetary return in the way commercial 
gambling products are. Many AI tasks have positive and repeatable value. 

• Variability can be desirable. Brainstorming, creative writing, design exploration and hypothesis 
generation often benefit from diverse outputs. 

• Users can verify results. Search, source checking, tests, calculations, code execution and domain 
expertise can convert uncertain generation into controlled workflows. 

• Organisations can build deterministic scaffolding around probabilistic models, using rules, schemas, 
validation, approvals and conventional software. 

• There is no basis in this paper for claiming that ordinary AI use is clinically or psychologically 
equivalent to gambling addiction. The gambling literature is used only to illuminate patterns such as 
near-miss persistence and variable reward. 

The better metaphor may therefore be a casino in which the customer is allowed to redesign the machine, 
inspect some of the odds, bring a calculator, set a spending limit and refuse to play any game whose 
payout cannot be verified. That is a very strange casino, but it is a much healthier AI workflow. 

9. The Model Casino Framework: turn gambling into 

evaluation 
The practical goal is not to eliminate model choice. It is to convert model choice from a mood into a 
method. 

9.1 Start with a task passport 

Question Example answer Why it matters 

What is the task? Summarise 40 pages into 800 
words 

Prevents capability shopping 
without a defined job. 

How costly is a wrong answer? Medium to high Determines verification and 
model tier. 

Is variety useful? Low Suggests consistency matters 
more than creativity. 

What evidence is required? Citations to supplied document Creates an observable 
acceptance test. 

What is the latency tolerance? Minutes, not seconds Allows a stronger model if quality 
improves. 

What is the cost ceiling? $0.10 per run Stops unlimited “one more pull” 
behaviour. 
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9.2 Keep a three-machine portfolio 

Most users do not need to master every model. A more robust default is a tiny portfolio: 

• Default workhorse: the model that handles most ordinary tasks reliably at sensible cost. 
• Heavy reasoning specialist: used when complexity, ambiguity or consequence justifies it. 
• Fast/cheap utility model: used for extraction, transformation, classification, bulk processing and quick 

iterations. 

This mirrors the tiering that providers increasingly expose themselves. OpenAI currently positions Sol, 
Terra and Luna across flagship, balanced and cost-sensitive roles, while Anthropic and Google likewise 
maintain families with different capability and cost profiles. [1][7][9] 

9.3 Run your own five-task bake-off 

Generic benchmarks are useful signals, but they do not know your work. OpenAI and Anthropic both 
recommend task-specific evaluations. [4][13] A lightweight personal bake-off can be enough: select five 
representative tasks, run each candidate model with the same instructions, and score the outputs blind 
where possible. 

Model Accuracy First-pass fit Editing Latency Effective cost 

Model A /5 /5 minutes seconds £/$ + time 

Model B /5 /5 minutes seconds £/$ + time 

Model C /5 /5 minutes seconds £/$ + time 

9.4 Prefer first-pass success to jackpot quality 

The most impressive answer you have ever seen from a model is not necessarily its operational quality. 
For repeat work, a slightly less dazzling model that succeeds eight times out of ten may be superior to one 
that produces a masterpiece twice, a muddle twice and something inexplicably about Victorian plumbing 
on the fifth run. 

A useful metric is First-Pass Acceptance Rate: the percentage of representative tasks that meet the 
minimum quality bar without regeneration. Pair it with Verification Minutes and Effective Task Cost. 
Those three measures are far more actionable than “this model feels clever”. 

9.5 Pin versions when consistency matters 

Where providers offer dated or otherwise fixed model identifiers, use them for regulated, audited or 
regression-sensitive workflows. xAI explicitly distinguishes moving aliases from date-specific versions 
intended for consistency. [18] When a provider forces migration, rerun the evaluation set before 
declaring the replacement equivalent. 

9.6 Separate exploration mode from production mode 

Exploration mode is allowed to be fun. Try the new flagship. Compare personalities. Run three models on 
a weird prompt. Chase surprising ideas. Production mode needs different house rules: fixed model, fixed 
prompt template, evidence requirements, validation and change control. Confusing these two modes is 
one of the easiest ways to turn experimentation into operational noise. 
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10. Recommendations 

For individual users 

• Choose one default model for ordinary work and stop reopening the model menu for every prompt. 
• Use a stronger model because the task needs it, not because it is newest. 
• Decide what “good enough” means before generating. This gives the output a finish line. 
• Allow one purposeful retry. After that, diagnose rather than spin. 
• For factual work, ask for sources and verify the important claims. Fluency is not a win indicator. 
• Keep a small note of which model works best for your recurring tasks. Your own history is a better 

guide than launch-day excitement. 

For teams and organisations 

• Create a sanctioned model portfolio by task category rather than a single “approved AI”. 
• Track first-pass success, verification effort and failure severity alongside raw API spend. 
• Build regression tests for prompts and workflows before model upgrades. 
• Use deterministic software rules around probabilistic model steps wherever correctness can be 

checked mechanically. 
• Document model version, date, tool access and evidence sources for consequential outputs. 
• Treat model launches as change events, not automatic upgrades. New capability deserves testing, not 

ceremonial migration. 

House Rule #1:  Never confuse a fluent answer with a payout. The output has not “won” until it 
satisfies the task criteria and, where necessary, survives verification. 

 

House Rule #2:  Free spins are not free. Even when the token price is hidden inside a subscription, 
retries consume time, attention and confidence. 

 

House Rule #3:  Do not benchmark the logo. Benchmark the job. 

 

  



The Knowledge Casino  |  Research snapshot: 17 August 2026    Page 13 

11. Conclusion: leave the casino with a method 
The rapidly changing model landscape can genuinely feel like a casino floor. New machines arrive. Old 
ones disappear. Prices move. Controls change. One model delivers an astonishing result on Monday and 
an irritatingly different one on Tuesday. The user is offered more intelligence, more speed and more 
choice, but not always more certainty. 

The slot-machine analogy is most valuable when it exposes three habits. First, choosing a model by 
prestige rather than task fit. Second, treating repeated regeneration as a substitute for evaluation. Third, 
judging a system by its occasional jackpot rather than its repeatable performance. 

The antidote is not to become less curious. Experimentation is one of the pleasures of this technology. 
The antidote is to put a boundary between experimentation and dependence. Try the shiny machine, 
certainly. Then measure it. Keep the model that reliably solves your actual problem, at an acceptable cost, 
with an acceptable verification burden. 

The mature AI user does not ask, “Which model is best?” The mature 
question is, “Best odds of an acceptable result, for this task, at this 
cost, with this level of risk?” 

At that point the handle is still there, the lights can still flash and the occasional jackpot can still be 
delightful. But you are no longer gambling blind. 

Research limitations and cautions 
This is a conceptual synthesis, not an empirical study of AI users. Gambling and choice research is used 
only as analogy and hypothesis, not as proof of gambling-like behaviour. Model capabilities and prices 
change quickly, so the August 2026 snapshot will date rapidly. Provider benchmarks are useful but partly 
vendor-produced and should not replace independent, task-specific evaluation. API pricing also differs 
from consumer subscription economics. 
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