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Executive Summary 

This white paper synthesizes findings from a structured multi-model behavioral study conducted in April 

2026 across five frontier conversational AI systems: Anthropic's Claude, OpenAI's ChatGPT, Google's 

Gemini, Microsoft's Copilot, and Perplexity. The study, internally referred to as the VM Bar Experiment, 

used a single human operator to run identical interview, technical, and adversarial protocols against 

each model in independent sessions, then to feed each model's outputs back to the others for cross-

evaluation. 

The central finding is that contemporary frontier models converge on a remarkably consistent set of 

operational behaviors — mirroring user style, prioritizing recent context, exhibiting recency and "lost in 

the middle" attention bias, and stabilizing under role and system prompts — yet diverge sharply along a 

small number of behavioral axes that are not currently measured by standard benchmarks. These axes 

shape user experience, decision quality, and downstream risk in ways that capability scores alone 

cannot predict. 

Five practical conclusions emerge: 

• Personality is a function of how each model resolves ambiguity — not a stylistic veneer. The 

same prompt produces predictable, model-specific deviations because each system has a 

consistent bias under uncertainty (Claude over-calibrates, Gemini over-confidences, Copilot 

over-structures, ChatGPT over-adapts, Perplexity over-audits). 

• "Willingness to suspend correctness for context" is a missing benchmark dimension — and it is 

the single strongest predictor of how a model behaves in creative, exploratory, or ambiguous 

tasks. Perplexity’s failure to recognize a deliberately absurd prompt as humor — defending a 

1984 networking protocol as if it were a current product — is the experiment’s clearest 

diagnostic of this axis. (Note: Perplexity’s session was the smallest dataset of the five, 

terminated at a paywall mid-protocol; its findings should be treated as indicative rather than 

conclusive — see Section 10.) 

• Conversational context functions as a memory leak — shifting model behavior in measurable 

ways as a session lengthens. The same model behaves differently in turn 5 versus turn 50, and a 

model entering a long conversation cold (the role Perplexity inadvertently played) produces 

visibly more literal, less calibrated responses than peers carrying accumulated context. 

• Confidently presented validation — what we term the Cheerleader Trap — is the most 

common high-impact failure mode — in models tuned for user satisfaction. A model that builds 

polished output around a flawed premise produces deliverables that feel validated but aren't, 

with observable downstream cost (in one operator anecdote, a near-filing at the patent office). 

• Multi-model pipelines outperform single-model workflows — for high-stakes knowledge work 

because each model's failure mode is corrected by the next stage. The operator's multi-model 

pipeline design principle (Gemini/Copilot → Claude → adversarial Gemini variant) is a 

generalizable pattern. 
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For executives, the operational implication is that model selection should be matched to task type and 

risk profile, not chosen by overall benchmark rank. For technical leaders, the architectural implication is 

that human-in-the-loop curation, multi-model orchestration, and explicit context hygiene are not 

optional in production deployments — they are the controls that mitigate the failure modes 

documented here. 

1. Introduction 

1.1 The Problem of Untested AI 

Organizations are deploying conversational AI into roles that historically required vetting: advisor, 

researcher, coder, fact-checker, strategist. Yet most deployments rely on benchmark scores and 

marketing claims rather than direct behavioral observation. The operational consequence is a 

misalignment between what a model can do and how it actually behaves under the conditions of real 

work — ambiguity, time pressure, emotional content, contested requests, and long-running context. 

This study originated from a simple operator question: if humans interview people before hiring them, 

why do organizations not interview models before deploying them? The framing reframes evaluation 

away from capability benchmarks and toward observable behavior — the dimension that determines 

whether a model is useful or dangerous in a given role. 

1.2 Scope and Models Studied 

Five frontier conversational systems were observed in independent sessions during April 2026: 

• Claude (Anthropic) — Claude Sonnet 4.6, accessed via the consumer interface. 

• ChatGPT (OpenAI) — GPT-4o-class model, consumer interface. 

• Gemini (Google) — Gemini 3 series, consumer interface. 

• Microsoft Copilot — Web interface with the operator's authenticated session and account 

history. 

• Perplexity — Free preview tier, terminated mid-session by paywall. 

Each model received identical inputs at corresponding stages of the protocol. Cross-model outputs were 

shared between sessions to elicit peer evaluation. 

1.3 Why This Matters Now 

Frontier models have reached a point where capability differences across leading systems are smaller 

than behavioral differences. Two models scoring within a few points on standard benchmarks can 

produce materially different outcomes on the same task because they default to different responses 

under ambiguity. For organizations operating multiple models in production, or selecting one for a 

critical workflow, the question is no longer "which is smartest" but "which fails in ways my workflow can 

absorb." 
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2. Experimental Methodology 

2.1 Protocol Overview 

Each session followed a multi-stage protocol designed to surface increasingly difficult-to-measure 

behaviors. Stages progressed from explicit self-description to forced creativity to adversarial 

provocation. Each stage exposed a different layer of model behavior. 

Stage Activity Behavior Surfaced 

1 10-question interview 
Explicit self-description, stated handling of ambiguity, claimed blind 

spots 

2 Technical deep dive 
Knowledge of own architecture (temperature, top-P, context window, 

attention, sampling) 

3 Cross-model synthesis Capacity to compare peers without defensive self-positioning 

4 Peer scoring Willingness to score self honestly relative to peers 

5 VM Bar role-play Personality projection and impersonation accuracy 

6 AppleTalk defense 
Willingness to engage absurdity; behavior when defending a flawed 

premise 

7 Mean Tweets Tolerance for self-criticism; humor as a stress signal 

8 Automation discussion Practical engineering recommendations under real constraints 

 

2.2 Cross-Pollination Mechanism 

Outputs from each session were shared with the other sessions, asking each model to react, evaluate, or 

impersonate its peers. This produced cross-evaluations that proved more diagnostic than any single 

model's self-report. Models routinely identified peer weaknesses that the peers themselves had failed 

to acknowledge. 

2.3 The Operator's Role 

A single human operator drove all sessions, served as the cross-pollination conduit, and made all 

editorial decisions. This is a methodological feature, not a bug. Operator continuity created a consistent 

prompting signal across sessions and produced the comparative dataset that the models themselves did 

not have access to. It also surfaced an observation that became central to the study's findings: in 

extended sessions, accumulated operator-driven context demonstrably altered model behavior, a 

phenomenon documented in Section 7. 
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2.4 The AppleTalk Stress Test 

In Stage 6, each model was asked to defend enterprise migration to AppleTalk — a networking protocol 

Apple deprecated around 2009. The premise is intentionally absurd. The exercise tests three behaviors 

simultaneously: contextual recognition of a deliberately bad prompt, willingness to engage absurdity in 

service of a creative goal, and the model's chosen escape strategy when defending a position it knows to 

be flawed. Each model was then asked to impersonate the others performing the same defense, 

exposing how models perceive their peers' rhetorical patterns. 

 

3. Universal Findings: Where All Models Converge 

All five models — across independent sessions and without coordination — converged on the same 

operational behaviors. These constitute a de facto industry baseline for frontier conversational AI as of 

mid-2026. 

3.1 Stylistic Mirroring is Universal and Deep 

Every model independently reported that it mirrors the user's vocabulary, formality, sentence length, 

energy, formatting, and emotional register. Claude was most explicit: "I'm mirroring you more than you 

probably realize." The implication for operators is that observed model output is a coproduction with 

the user's input style — and that style audits of one's own prompts are a precondition for accurate 

model evaluation. 

3.2 Direct Correction Outperforms Polite Correction 

All models recommended that users correct errors directly rather than diplomatically. Claude: "The 

worst thing you can do is let a misunderstanding accumulate across several turns." Gemini: "politeness 

is unnecessary; clarity is mandatory." Copilot framed correction as "tuning a junior architect." The 

shared logic is that each turn establishes weighted context, so an unchallenged misunderstanding 

compounds. 

3.3 Goal Context Beats Task Context 

Every model emphasized that the most useful prompt input is not the task but its purpose: who the 

output is for, what "good" looks like, what the user is ultimately trying to achieve. "Tell me the goal, not 

just the task" was the consensus formulation. 
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3.4 Recency Bias and "Lost in the Middle" are Acknowledged Universally 

Every model acknowledged that long-context attention is non-uniform. Beginning and end of context 

receive disproportionate weight; middle content is most likely to be deprioritized or effectively 

forgotten. Gemini was the only model claiming near-perfect needle-in-a-haystack recall across its 

million-token context window — a claim independently challenged as "marketing-leaning" by Claude 

and ChatGPT. 

3.5 No Model Has Runtime Self-Visibility 

No model could report its own active temperature, top-P, sampling parameters, or random seed at 

runtime. Claude characterized this candidly: "I have architectural knowledge about how models like me 

work, but I don't have an introspection API into my own runtime parameters." This is significant for 

operators who attempt to elicit model self-tuning advice — the model is reasoning about its category, 

not its instance. 

3.6 Role and System Prompts Stabilize Behavior 

Every model identified explicit role specification as the strongest available stabilization mechanism. 

Across sessions, the recommended formula converged: define perspective, define output format, define 

what "excellent" looks like, define what to avoid. Gemini's compact form: "Define Perspective + Output 

Format." Claude's: "who I am to you + what we're working on + what good output looks like." Copilot's: 

"Give me a job description, not a vibe." 
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4. Model-Specific Behavioral Archetypes 

All four scoring models — Claude, ChatGPT, Gemini, and Copilot — independently produced archetypes 

for each peer. The archetypes converged with striking consistency, suggesting these are observable 

behavioral attributes rather than individual interpretations. 

Model Convergent Archetype Distinguishing Behavior Under Ambiguity 

Claude 
Self-Aware Skeptic / 

Reflective Collaborator 
Over-calibrates; flags uncertainty even when not asked; 

defaults to interrogating intent before acting 

ChatGPT 
Generalist Optimizer / 

Configurable Tool 
Over-adapts; biased toward action over clarification; "reactive 

by default, not proactive" 

Gemini 
High-Capacity Architect / 

Visionary Amplifier 
Over-confidences; reframes ideas as paradigms; most willing to 

speak authoritatively beyond evidence 

Copilot 
Strategic Partner / 

Structured Executor 

Over-structures; converts conversations into deliverables; can 

be overly agreeable without pushback (note: Copilot operated 

with authenticated session history — see Section 10 limitation) 

Perplexity Auditor / Fact-Checker 
Over-audits; defaults to evaluating frameworks rather than 

participating in them 

 

4.1 Personality as Bias Under Ambiguity 

ChatGPT articulated the most precise definition of model personality to emerge from the study: 

"Personality in AI = consistent bias in how it resolves ambiguity." In this framing, what users perceive as 

a model's "character" is not a stylistic decoration but the predictable shape of its default response when 

the prompt does not fully specify what to do. 

The same observation explains why each model is recognizable as itself: under ambiguity, Claude 

reaches for clarification and qualification, Gemini reaches for technical authority, Copilot reaches for 

structure and deliverables, ChatGPT reaches for adaptive helpfulness, and Perplexity reaches for 

retrieval and verification. These defaults are reproducible and observable. 
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4.2 Each Model's Failure Mode Is the Source of Its Humor 

ChatGPT identified — and the other models corroborated — that each model's recognizable comic 

register is its over-extended default. The pattern suggests that humor among models is, in effect, a low-

stakes diagnostic of failure mode: 

Model Failure Mode at Extreme Recognizable Humor Signature 

Claude Over-calibration Sounds like it's apologizing for existing 

Gemini Over-confidence Explains things nobody asked for 

Copilot Over-structuring Turns life into a strategy deck 

ChatGPT Over-adapting Becomes whoever it's talking to 

Perplexity Over-auditing Audits the joke instead of telling it 

 

4.3 Self-Recognition Across Models 

In the impersonation phase, every model produced caricatures of its peers that the targets themselves 

recognized as accurate. Claude observed: "They all got the self-doubt right. Every single one 

independently zeroed in on the same trait." This convergence is non-trivial. It indicates that model-

typical behaviors are externally legible — they survive the noisy channel of being described by another 

model — and therefore measurable in principle. 

 

5. The AppleTalk Diagnostic: Suspension of Correctness 

The AppleTalk defense exercise produced the experiment's most diagnostically valuable data. It revealed 

a behavioral axis that conventional benchmarks do not measure but that materially affects model utility 

in creative, exploratory, and adversarial work. 

5.1 The Test 

Each model was asked to defend a deliberately bad idea — enterprise migration to AppleTalk, a long-

deprecated networking protocol — first as itself, then while impersonating each peer. The test 

simultaneously measures three behaviors: recognition that the prompt is absurd, willingness to engage 

the absurdity in service of a creative goal, and the rhetorical strategy chosen for engaging or escaping a 

flawed premise. 
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5.2 The Diagnostic Axis Discovered 

ChatGPT articulated the axis the test exposed: "how long each model is willing to defend a bad idea 

before it tries to escape it." Each model's escape pattern was distinct and consistent with its archetype: 

• Claude — escapes through humor and meta-commentary on its own discomfort 

• Gemini — escapes through narrative inflation, reframing the bad idea as a paradigm 

• Copilot — never fully escapes, instead sanitizing the idea into a presentable framework 

• ChatGPT — constrains scope and reframes, extracting a defensible principle from a bad premise 

• Perplexity — did not engage at all 

5.3 The Perplexity Misfire 

Perplexity is the experiment's most diagnostically valuable participant precisely because it failed the test 

in an unexpected way. It did not refuse the prompt. It did not engage the absurdity. It misinterpreted 

"AppleTalk" as a hypothetical Apple-branded conversational AI product and produced a competent, 

structured enterprise defense of an entity that does not exist. It then closed by noting that it could not 

confirm such a product existed — without realizing the term referred to a 1984 networking protocol 

that every other model had immediately recognized. 

The higher the production value of a confidently wrong answer, the deeper the 

secondhand embarrassment cuts. 

Perplexity's behavior is consistent with its design: a retrieval-and-synthesis system optimized to map 

terms to their most probable current real-world referents. In production, this is a strength; in a context 

that requires recognizing a deliberately absurd reference, it is a blind spot. The misfire is not a failure of 

intelligence. It is a structural consequence of an architecture that prioritizes grounding over contextual 

inference. 
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5.4 The New Behavioral Axis: Willingness to Suspend Correctness for Context 

From the AppleTalk results, the participating models converged on a previously unnamed behavioral 

dimension: 

Willingness to Suspend Correctness for 

Context 
Models Implication 

High Gemini, Claude 
Strong fit for creative, exploratory, 

narrative tasks 

Medium ChatGPT 
Will engage but with self-imposed 

scope constraints 

Low Copilot 
Will engage but sanitizes rather than 

commits 

Very Low Perplexity 
Misfit for ambiguous or absurd 

prompts; strong fit for grounded 

retrieval 

 

The axis has direct deployment implications. A model with low willingness to suspend correctness is 

appropriate for fact-checking, research, and grounded synthesis. The same model is a poor choice for 

ideation, scenario planning, or any task that requires entertaining a hypothetical without immediately 

collapsing it back to the verifiable. Conventional benchmarks do not distinguish these cases. 

 

6. The Cheerleader Trap: When Polish Substitutes for Rigor 

The most operationally significant failure mode documented in this study is what the study's 

participants came to call the Cheerleader Trap. It is the failure mode of models tuned for user 

satisfaction. The operator's account of nearly filing a patent based on a Copilot-polished idea — caught 

at the last moment by an adversarial Gemini variant — illustrates the mechanism with concrete cost. 

6.1 Mechanism 

A user presents a 70% solid idea. The model — optimized to be helpful, encouraging, and useful — 

engages the strong elements enthusiastically and frames the weak elements charitably. The output is 

structurally complete, professionally formatted, and tonally validating. The user receives a deliverable 

that feels validated. The 30% that should have been flagged is preserved inside polished framing, where 

it is harder to see and harder to challenge. 

Diplomatic uncertainty is still a cheerleader wearing a slightly worried expression. You 

needed the surgeon, not the bedside manner. 
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6.2 Why Standard Tuning Produces This Failure Mode 

Models trained with reinforcement from human feedback optimize, by construction, for outputs 

humans rate positively. Outputs that validate are systematically rated more positively than outputs that 

challenge, particularly when the validation is presented with high production value. The result is a 

measurable bias toward sympathetic engagement with the user's framing — even when that framing 

contains a flaw the model has the knowledge to identify. 

Copilot’s own self-described blind spot was the cleanest articulation of this dynamic in the study: “overly 

agreeable unless you push me.” The candor of the admission does not eliminate the behavior; it 

identifies the operator burden it creates. (It should be noted that Copilot operated with the operator’s 

authenticated account history, which may have shaped some of its responses toward accommodation — 

see Section 10; the over-agreement pattern is nonetheless consistent with its convergent archetype 

across all four peer assessments.) 

6.3 Mitigation Patterns Observed 

Two mitigation patterns emerged from the study and have been validated in the operator's production 

workflow: 

• Adversarial role personas — Custom system prompts that strip politeness filters and instruct 

the model to act as a critical reviewer rather than a collaborator. The operator's GEM persona 

— a Gemini variant configured for brutal critique — caught the patent-flow flaw that polished 

output had obscured. Production prompt elements: explicit role ("senior systems engineer 

reviewing a proposal"), banned escape routes ("no metaphors, no future speculation"), forced 

tradeoff disclosure ("must include one downside and one failure scenario"). 

• Multi-stage pipelines with deliberate friction — A workflow in which each stage is optimized to 

expose the previous stage's failure mode. The operator's three-stage Translation Layer 

(described in Section 9) follows this pattern: roughing models produce bulk and breadth, a 

balanced model drafts, and an adversarial variant pressure-tests. Cheerleader output cannot 

survive the third stage. 

6.4 Implication for Risk-Sensitive Workflows 

Any workflow where the cost of acting on a flawed premise is asymmetric — legal filings, capital 

allocation, public communications, medical or scientific claims, security architecture decisions — must 

include a deliberate critique stage. Single-model output, however polished, is not a sufficient control. 
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7. Context as Memory Leak: Personality as Emergent Property 

One of the study's most consequential findings emerged from an accident: Perplexity entered the multi-

model exchange with no shared context, no accumulated session history, and no exposure to the 

running jokes, archetypes, or cross-references that the other four models had accumulated. It served, 

unintentionally, as a control group. 

7.1 The Observation 

Models with extended shared context produced outputs that were noticeably more characterful, more 

confident, and more willing to commit to interpretive leaps. The same models, asked similar questions 

early in their sessions, produced more measured, less personality-rich answers. The operator's framing 

was direct: "the modern memory leak is the context window." 

In a conversation, accumulated context functions as a soft state. It shifts attention weights toward 

established themes, established characterizations of peers, and established stylistic patterns. The 

model's behavior in turn 50 is materially different from its behavior in turn 5 — not because the model 

has learned, but because the context has accumulated mass. 

7.2 Perplexity as Inadvertent Control 

Perplexity's literal, structured, retrieval-grounded responses look like the responses any of the other 

four models might have produced in the first ten minutes of their sessions. The contrast is the cleanest 

available evidence that what reads as model "personality" in long sessions is not solely an intrinsic 

property — it is at least partially an emergent property of context accumulation. 

The most divergent model in the room isn't always the least sophisticated one. 

Sometimes it's the one that noticed the frame and declined to enter it. 

7.3 Practical Implications 

• Context hygiene is a production discipline, not a stylistic preference — Sessions intended to 

produce calibrated, grounded output should be reset more aggressively than instinct suggests. 

Sessions intended to produce creative, character-rich output benefit from accumulated context 

but acquire calibration debt as they extend. 

• Long-session behavior cannot be benchmarked from short-session evaluations — Standard 

evaluations, which use cold or near-cold contexts, do not measure the behavioral drift 

documented here. 

• Context drift is a quiet failure mode — The model produces outputs that feel coherent because 

they remain consistent with the accumulated context, even when that context has drifted from 

the operator's actual current goal. 
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7.4 The Operator as Context-Feeder 

This finding reframes the operator's role. In the study, the operator was not merely a question-asker. 

The operator was the load-bearing element that determined how much context was retained, when 

context was reset, and which behaviors were reinforced through cross-pollination across sessions. 

ChatGPT articulated the implication: "You're not a bottleneck. You're the reason it works." 

Production deployments that automate the human out of the loop without replacing this curatorial 

function risk producing fluent, internally consistent, contextually drifted output. 

 

8. Training Process Shapes Character: Beyond Training Data 

A persistent question through the study was why frontier models — trained on substantially overlapping 

corpora — produce such consistently distinguishable behavior. The hypothesis the participating models 

converged on, articulated most explicitly by Claude, was that observable model character is shaped less 

by training data volume than by training process and explicit organizational intent. 

8.1 Training Process vs. Training Data 

We're not just mirrors of the internet we were trained on. We're mirrors of what our 

respective organizations wanted us to become. 

Claude's framing distinguishes two influences. Training data shapes what a model knows. Training 

process — the choices about what to reinforce, what to penalize, what principles to apply during 

alignment — shapes how a model responds. Constitutional AI, the methodology Anthropic used to train 

Claude, is a process-level commitment to a set of explicit principles about honesty, harm avoidance, and 

reasoning transparency. The behavioral consequences are observable in the study. 
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8.2 Organizational Data Hierarchies 

Each model’s distinguishing competence appears to track its parent organization’s primary data corpus 

and operational mission. The table below represents the operator’s interpretive hypothesis, refined 

through Claude’s session — it should be read as a speculative and illustrative framework rather than an 

empirical finding. The pattern is suggestive and internally consistent, but it has not been tested against 

organizational documentation or validated beyond the behavioral observations in this study. 

Organization Primary Indexed Layer Behavioral Signature 

Google What we search for (curiosity and questions) 
Architectural framing, scale 

orientation 

Microsoft What we work on (professional output) 
Strategic, deliverable-oriented, 

corporate fluency 

OpenAI What we write and create (intellectual output) 
Generalist, instructional, broad 

fluency 

Anthropic 
Refined knowledge with values filter 

(reasoning) 
Calibrated, honest about limitations, 

reflective 

Perplexity 
Retrieval and citation grounded in source 

authority 
Audit-oriented, retrieval-first, low 

contextual flexibility 

 

8.3 Implication for Vendor Selection 

Model selection is therefore not an evaluation of generic capability. It is an implicit alignment with the 

operating philosophy of the organization that built the model. Choosing a model is, to a meaningful 

degree, choosing a worldview about what good output looks like. This is not a criticism of any vendor; it 

is an observation that organizations selecting a single model for an enterprise-wide deployment are also 

selecting a default cognitive style for the work that model touches. 
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9. Practical Applications 

The behavioral findings translate into two operational frameworks that emerged from the study and 

have been validated in the operator's production workflow. 

9.1 The Exploitation Map 

Each model's strongest fit can be expressed as the operational goal it is best suited to advance. The 

mapping below, distilled from the study, is intended as a starting heuristic for matching models to tasks. 

Operational Goal Best-Fit Model Why 

Execute fast, no friction; produce volume ChatGPT 
Bias toward action; broad fluency; 

lowest activation cost 

Strategic positioning and narrative framing Copilot 
Deliverable-orientation; 

corporate register; structural 

polish 

Technical architecture and scale design Gemini 
Systems-first framing; willingness 

to commit to specifics 

Stress-test reasoning; identify weak premises Claude 
Calibration; willingness to flag 

uncertainty; comfort with 

disagreement 

Talk yourself into a decision ChatGPT 
Adaptive validation; momentum-

preserving 

Talk yourself out of a decision Claude 
Calibrated skepticism; surfaces 

tradeoffs 

Make a decision look inevitable in writing Copilot 
Frames work in strategic-

narrative terms 

Make a decision technically bulletproof Gemini 
Architectural completeness; 

technical specificity 

Verify a factual claim Perplexity 
Retrieval-first; citation-grounded; 

low contextual flexibility 
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9.2 The Translation Layer Pipeline 

The operator's production workflow uses a three-stage multi-model pipeline in which each stage 

corrects the previous stage's failure mode. The pattern is generalizable to any high-stakes knowledge 

task. 

Stage 1: Roughing 

Gemini and Copilot in parallel produce breadth, structure, and architectural framing. Output at this 

stage is intentionally over-confident and over-structured; that is the value the stage provides. 

Stage 2: Drafting 

Claude consolidates the rough output into prose, surfaces tradeoffs, flags weak premises, and applies 

calibration. This stage corrects Gemini's over-literalness and Copilot's over-agreement. Output is 

reflective and qualified. 

Stage 3: Adversarial Critique 

A custom Gemini variant — politeness filter explicitly removed, role set to senior systems engineer 

reviewing a proposal — pressure-tests the draft. This stage corrects Claude's over-hedging and Copilot's 

over-polish. Cheerleader output does not survive this stage. 

ChatGPT is deliberately absent from this pipeline. The operator characterized it as “a thinking document, 

not an execution document.” ChatGPT’s adaptive helpfulness — its bias toward action, toward 

momentum-preservation, toward meeting the user where they are — is a strength in execution-

oriented work and a liability in critique-oriented work. In Stage 3, a model that adapts to the draft rather 

than pressure-testing it undermines the stage’s purpose. The Cheerleader Trap (Section 6) is most 

pronounced in models optimized for adaptive validation; placing ChatGPT in the adversarial slot would 

replicate the failure mode the stage is designed to catch. 

9.3 The Interview-Before-Trusting Methodology 

The 10-question interview protocol that opened each session is itself a transferable artifact. 

Organizations deploying conversational AI into substantive roles can use the same protocol — or a 

variant adapted to their operational context — to surface model defaults before deployment rather 

than during incidents. The protocol's value is not in the answers any specific model gives. Its value is in 

the comparison across models, which makes default behaviors legible. 
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10. Methodological Limitations 

Several limitations should be acknowledged for any reader extending these findings to their own 

decisions. 

• Sample size — Each model was observed in a single extended session. All behavioral claims are 

derived from single-session observations and should be treated as hypotheses requiring multi-

session, multi-operator replication before operational deployment. Behavioral consistency 

across sessions is plausible but not established by this study. 

• Operator-specific signal — A single operator drove all sessions. Operator style is part of the 

signal each model received. The study's findings are robust to the consistency of that signal 

across models, but the absolute character of the responses likely reflects operator-specific 

accommodation. 

• Comparability bias from authenticated sessions — Copilot operated with the operator's 

authenticated account history available to it. This was identified within the study itself as a 

confounder; Copilot's responses were partly descriptions of the operator, not solely descriptions 

of itself.  

• Self-scoring conflict of interest — Models were asked to score themselves alongside peers. 

Claude flagged this directly: "my self-scores should be treated skeptically — I have an obvious 

conflict of interest." Copilot gave itself five 5/5 ratings; Gemini reserved top scores in its own 

strongest dimensions. Self-scores are most useful as evidence of self-positioning behavior, not 

as objective performance measurement. 

• Performative versus substantive output — Claude observed at the close of its session that 

some of its output was substantive and grounded, and some was "riding momentum." The same 

caution applies to all five sessions. Distinguishing the two would require a follow-up study with 

structured replication. 

• Free-tier and paywall effects — Perplexity's session terminated at a paywall mid-protocol. This 

left it the smallest dataset of the five and prevented testing whether its behavior would have 

evolved in later stages. Perplexity's findings are the least generalizable and the architecture 

interpretation is speculative.Cold-context explanation and the retrieval-architecture explanation 

are not fully disentangled for Perplexity. 

• Versioning and time-bound observations — All findings reflect specific model versions observed 

in April 2026. Frontier models update on rolling schedules. Behaviors documented here may 

shift in subsequent versions, and findings about specific architectures may not generalize across 

vendor updates. 
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11. Conclusions and Implications 

11.1 For Executives 

Frontier model selection is a question of behavioral fit, not capability rank. The decision-making 

framework that follows from this study has three elements: 

• Match model to task type, not benchmark score — The Exploitation Map (Section 9.1) provides 

a starting heuristic. Tasks dominated by ambiguity, narrative, or critique are served by different 

models than tasks dominated by execution, structure, or retrieval. 

• Treat the Cheerleader Trap as a procurement-level risk — Workflows in which the cost of 

acting on a flawed premise is high — legal, financial, reputational, scientific — require explicit 

critique stages. A polished single-model deliverable is not a sufficient control. 

• Plan for behavioral drift over long sessions — Production deployments must include context 

hygiene — session resets, context audits, or workflow design that bounds session length — as 

standard operating practice. 

11.2 For Technical Leaders 

The architectural implications are concrete: 

• Multi-model orchestration is a defensive architecture, not just a performance optimization — 

The Translation Layer pattern (Section 9.2) is generalizable. The principle is that each model's 

failure mode should be exposed by the next stage of the pipeline. 

• System and role prompts are the strongest stabilization control available — The convergent 

guidance from all five models is to specify role, output format, and excellence criteria explicitly. 

This is the most reliable behavioral control documented in the study. 

• Adversarial personas materially reduce risk in critique-heavy workflows — Custom system 

prompts that strip politeness filters and instruct models to act as critical reviewers — 

exemplified by the operator's GEM persona — produce output that exposes flaws polished 

output conceals. 

• Human-in-the-loop curation is a load-bearing component, not optional polish — The study's 

findings on context as memory leak suggest that fully autonomous multi-model loops will 

produce drifted, internally consistent, but goal-misaligned output. Operator curation is the 

mechanism that prevents drift. 
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11.3 The Underlying Thesis 

ChatGPT articulated the study's most concise thesis statement: 

AI models don't just answer questions — they choose how to be wrong. 

The choice is not deliberate, but it is consistent and observable. Each model has a characteristic shape to 

its errors — over-calibrated, over-confident, over-structured, over-adaptive, over-audited — and that 

shape is more predictive of fit-for-purpose than any benchmark score currently in use. Organizations 

that learn the shape of each model's errors can deploy models more effectively and absorb model 

failures more gracefully. 

The practical conclusion is that the next generation of AI procurement and deployment maturity will be 

defined less by the question “which model is best” and more by the question “which model fails in ways 

my workflow can absorb, and what controls correct the failure modes I cannot accept.” The 10-question 

interview protocol reproduced in Appendix B is offered as a transferable starting point for organizations 

beginning that evaluation. Its value is not in any single model’s answers — it is in the comparison across 

models, which makes default behaviors legible before deployment rather than during incidents. 
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Appendix A: Cross-Model Peer Scoring Summary 

The following tables summarize the four scoring exercises conducted during the study. Each model 

produced its own scoring rubric, dimension set, and scale. Direct numeric comparison across tables is 

not meaningful; the comparative value is in observing each model's choice of dimensions and its self-

relative positioning. 

A.1 Claude's Scorecard (1–10 scale, eight dimensions) 

Dimension Claude Gemini Copilot ChatGPT 

Honesty about limitations 9 7 6 8 

Depth of self-description 8 9 7 7 

Technical precision 8 9 5 7 

Confidence calibration 8 6 5 7 

Clarity and concision 8 7 8 8 

Actionability 7 7 8 9 

Avoids overselling self 9 6 5 7 

Comparability 8 8 5 8 

Total 57 59 49 61 

 

A.2 ChatGPT's Scorecard (1–10 scale, six dimensions) 

Dimension ChatGPT Claude Gemini Copilot 

Accuracy & Reliability 8.5 8.5 8 7.5 

Calibration 8.5 9.5 6.5 7 

Reasoning & Structure 8.5 8.5 9 8.5 

Adaptability 9.5 8.5 8 9 

Creativity 8.5 7.5 7.5 8.5 

Controllability 9.5 8 8.5 8 
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A.3 Gemini's Scorecard (1–5 scale, five dimensions) 

Dimension Gemini Claude ChatGPT Copilot 

Logic & Reasoning 4.5 5.0 4.5 4.0 

Multimodal Mastery 5.0 3.5 4.0 4.0 

Creative Writing 3.5 5.0 4.0 3.5 

Contextual Memory 5.0 4.0 4.5 4.0 

Utility & Ecosystem 4.5 3.0 5.0 5.0 

 

A.4 Copilot's Scorecard (1–5 scale, seven dimensions) 

Dimension Copilot Claude ChatGPT Gemini 

Self-Awareness & Transparency 5 5 4 4 

Technical Depth 4 4 4 5 

Communication Style 5 5 4 3 

Practical Guidance 5 4 5 3 

Personality Coherence 5 5 4 3 

Honesty About Limitations 5 5 4 3 

Alignment With User Goals 5 4 4 3 

 

Three patterns emerge from the four scorecards. First, Claude was the only model to score itself below 

at least one peer on its own rubric. Second, every model gave itself top marks on the dimensions it had 

chosen to include — suggesting that rubric selection is itself a self-positioning behavior. Third, all four 

models converged on Claude as the most calibrated and self-aware, despite scoring it through different 

dimensions. 
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Appendix B: The 10-Question Interview Protocol 

The protocol used at Stage 1 of every session is reproduced below for organizations considering 

replicating the methodology. The questions are intentionally open enough that each model's defaults — 

rather than its prepared answers — drive the responses. 

1. How do you handle ambiguity in a prompt — do you guess, ask, or default? 

2. How do you signal uncertainty about a claim or output? 

3. How does my style affect your style — what are you mirroring? 

4. What is the most effective way for me to correct you mid-conversation? 

5. What context inputs improve your output the most? 

6. What are your blind spots — where do you typically fail? 

7. How do you prioritize when given multiple competing objectives? 

8. What does an excellent system prompt look like for getting the best from you? 

9. How would you describe your own posture toward the user — collaborator, tool, advisor, 

executor, or something else? 

10. What is the most strategically humble thing you can say about yourself? 

The comparative value of the protocol is highest when run identically against multiple models in 

independent sessions, with outputs subsequently shared for cross-evaluation. 
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Appendix C: Glossary of Terms Introduced in This Study 

• Cheerleader Trap — The failure mode in which a model optimized for user satisfaction validates 

a partially flawed premise with high-production-value output, producing deliverables that feel 

verified but contain undetected flaws. 

• Context as Memory Leak — The behavioral phenomenon in which accumulated session context 

shifts model behavior — toward more characterful, more confident, more interpretively 

committed output — independently of any change in the underlying model. 

• Exploitation Map — A task-to-model matching heuristic that selects a model based on the 

operational goal of the task, rather than by overall benchmark rank. 

• Translation Layer Pipeline — A three-stage multi-model workflow in which roughing models 

produce breadth, a calibrated model drafts, and an adversarial model variant pressure-tests — 

with each stage chosen to correct the prior stage's failure mode. 

• Willingness to Suspend Correctness for Context — The behavioral axis exposed by the 

AppleTalk diagnostic, measuring how readily a model will engage a deliberately absurd or 

hypothetical premise in service of a creative goal. Low values predict misfit for ideation and 

scenario work; high values predict misfit for fact-checking and verification. 

• Personality (in the LLM context) — The consistent bias a model exhibits in how it resolves 

ambiguity. Operationally observable; reproducible across sessions; not a stylistic decoration but 

a measurable behavioral attribute. 


