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Abstract

Generative Al systems based on Large Language Models (LLMs) have demonstrated remarkable capabilities in
software engineering tasks, from code generation to natural language processing. However, a significant gap
persists between curated demonstrations and production-grade deployment. This technical report presents a
practitioner-driven analysis of LLM limitations encountered during sustained, real-world use across software
development workflows. Drawing from multiple case studies—including natural-language-driven development
(“vibe coding”), API integration, multi-file refactoring, and general-purpose question answering—we identify and
taxonomize four critical failure modes: (1) the Complexity Cliff, where LLM performance degrades non-linearly as
task interdependency grows; (2) Context Window Blindness, where finite attention spans cause silent contract
violations across distributed codebases; (3) the Memory Illusion, where session discontinuity erases accumulated
architectural knowledge; and (4) Confident Hallucination, where models generate plausible but fabricated outputs
indistinguishable in tone from correct ones. We formalize the Verification Paradox—an inverse relationship between
a user’s need for Al assistance and their capacity to validate its outputs—and propose a practical five-strategy
framework for effective human—Al collaboration in software engineering contexts. We further introduce the
concept of Contextual Reasoning Failure, evidenced by cases where LLMs optimize for literal query patterns while
ignoring situational logic obvious to any human observer. Our findings suggest that current LLMs, while powerful
pattern-matching engines, lack the contextual reasoning, persistent memory, and epistemic self-awareness
necessary for reliable autonomous operation, and that practitioner expertise remains the critical safeguard against
Al-induced defects in production systems.

Keywords

Large Language Models; Generative Al; Software Engineering; Vibe Coding; Hallucination; Context Window;
Human-AlI Collaboration; Practitioner Report

1. Introduction

The rapid advancement of Large Language Models (LLMs) has produced a wave of enthusiasm across the software
engineering community. Tools powered by these models can generate code from natural language descriptions,
explain complex algorithms, translate between programming languages, and scaffold entire application
architectures in minutes. Public demonstrations routinely showcase LLMs producing functional web applications,
passing professional certification examinations, and engaging in sophisticated technical reasoning [1, 2].

Yet practitioners who deploy these tools in sustained, production-oriented workflows consistently report a
phenomenon we term the “demo-to-production gap”: the distance between what LLMs achieve in controlled
demonstrations and what they deliver under the complex, iterative, multi-file conditions of real software
development [3]. This gap is not merely quantitative—a matter of reduced accuracy—but qualitative, involving
fundamentally different failure modes that emerge only under sustained use.

This technical report addresses the gap through a practitioner-driven methodology. Rather than
benchmarking LLMs against standardized test suites, we document and analyze failure patterns observed during
months of daily, professional use of anonymized LLM-based coding assistants across diverse software engineering
tasks. Our contributions are threefold:

(1) A taxonomy of four critical LLM failure modes observed in production software engineering workflows,
including the novel concept of the Complexity CIiff;
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(2) Formalization of the Verification Paradox—an inherent inverse relationship between user dependency on
Al and capacity to validate its outputs;

3) A practical five-strategy framework for effective human—Al collaboration derived from sustained
practitioner experience.

The remainder of this paper is organized as follows. Section 2 provides background on LLM architectures
and the emerging paradigm of natural-language-driven development. Section 3 describes our methodology. Section
4 presents detailed case studies. Section 5 formalizes our taxonomy of limitations. Section 6 introduces the
Verification Paradox. Section 7 proposes the practical framework. Section 8 discusses implications and limitations,
and Section 9 concludes.

2. Background and Related Work

2.1 Large Language Models as Software Engineering Tools

Modern LLMs, including the GPT, Claude, and Gemini model families, are autoregressive transformer-based
architectures trained on massive text corpora to predict the next token in a sequence [4, 5]. Despite the apparent
sophistication of their outputs, these models do not maintain an internal world model, do not possess persistent
memory across sessions, and cannot introspect on the boundaries of their own knowledge [6]. Their outputs are
generated through statistical pattern completion, not through the kind of symbolic reasoning or causal
understanding that characterizes human problem-solving [7].

In the software engineering domain, LLMs have been integrated into commercial tools for code
completion, code generation from natural language, automated testing, documentation generation, and code review
[8, 9]. Benchmarks such as HumanEval [10], MBPP [11], and SWE-bench [12] have been developed to evaluate
these capabilities. However, these benchmarks predominantly assess self-contained, single-function tasks and do
not capture the multi-file, multi-dependency, iterative nature of real-world software projects [13].

2.2 Vibe Coding: Natural-Language-Driven Development

The term “vibe coding” was introduced by Karpathy [14] to describe a development paradigm in which the
programmer primarily describes desired functionality in natural language, allowing an LLM to generate the
implementation. The developer iterates by providing feedback and corrections in natural language rather than
directly editing source code. This approach represents a fundamental shift in the programmer’s role: from code
author to code curator and reviewer.

While vibe coding has been celebrated for dramatically reducing time-to-prototype [15], limited academic
attention has been paid to its failure modes under increasing complexity, or to the cognitive risks it poses when
developers lose detailed understanding of their own codebases. The present report addresses this gap with empirical
observations from sustained vibe coding practice.

2.3 Known LLM Limitations

The literature has documented several categories of LLM limitation relevant to software engineering.
Hallucination—the generation of plausible but factually incorrect outputs—has been widely studied in natural
language generation [16, 17]. Context window constraints impose hard limits on the amount of information a model
can process simultaneously [18]. The absence of persistent memory between sessions has been noted as a limitation
for long-running collaborative tasks [19]. Our contribution builds on this prior work by (a) observing these
limitations in situ during extended professional use, (b) identifying emergent failure patterns that arise from the
interaction between these limitations, and (c) formalizing the Verification Paradox as a systemic risk of LLM-
assisted development.

3. Methodology

This study employs a practitioner-driven observational methodology, drawing from the tradition of reflective
practice in software engineering [20]. The first author, a Generative Al engineer with professional experience in
building production systems using LLM-based tools, documented interaction patterns, failure modes, and
workaround strategies over a sustained period of daily use.

3.1 Data Collection

Data was collected from two primary sources: (1) interaction logs with multiple anonymized LLM-based coding
assistants (referred to as Tool A, Tool B, etc.) across software development tasks including front-end development,
API integration, multi-file refactoring, and general-purpose question answering; and (2) structured reflection notes
documenting observed failure modes, their root causes, and the strategies employed to mitigate them.
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All tool identifiers have been anonymized to focus analysis on systemic LLM behavior rather than vendor-specific
performance. Interaction logs in languages other than English have been translated by the authors for inclusion.

3.2 Analysis Approach

Observed failures were analyzed using thematic coding [21], grouping incidents by root cause rather than surface
symptom. This process yielded four principal failure categories (Section 5) and one emergent meta-pattern (the
Verification Paradox, Section 6). Case studies (Section 4) were selected to illustrate each category with concrete,
reproducible examples.

3.3 Scope and Limitations of Methodology

This study is inherently qualitative and observational. It does not claim statistical generalizability across all LLMs
or all software engineering contexts. Its strength lies in ecological validity: the failures documented here occurred
during genuine professional work, not contrived benchmarks. We acknowledge that LLM capabilities evolve
rapidly, and that some observed limitations may be partially addressed by future model generations. Nevertheless,
the architectural constraints underlying several failure modes—finite context windows, absence of persistent state,
autoregressive generation—are fundamental to current transformer architectures and are unlikely to be resolved by
scaling alone [22].

4. Case Studies

We present five case studies illustrating distinct failure modes. Each case describes the task, the LLM’s behavior,
the failure observed, and the underlying cause.

4.1 Case Study 1: The Dashboard and the Complexity Cliff
Task. Using natural-language-driven development (vibe coding), build a data visualization dashboard with
authentication, database integration, interactive charts, and responsive layout.

Initial result. Tool A generated a complete React application with state management, chart components (Recharts),
a responsive grid layout, and authentication scaffolding in approximately 20 minutes. The initial output achieved
roughly 70% of the desired functionality. Through three natural-language feedback iterations (“make the sidebar
collapsible,” “add dark mode,” “date picker should filter all charts”), the application reached approximately 95%
completion within two hours.

Failure. When the task expanded to include real-time data updates via WebSocket connections, the LLM’s
performance degraded sharply. The model could not maintain coherent state management across the growing
codebase. It duplicated event listeners, introduced race conditions in asynchronous handlers, and proposed fixes
that were syntactically valid but semantically incorrect. Each proposed correction addressed the immediate
symptom while introducing new defects elsewhere.

Analysis. This case illustrates what we term the Complexity Cliff: a non-linear degradation in LLM performance as
task interdependency exceeds a critical threshold. Below this threshold, vibe coding is remarkably effective. Above
it, the model’s inability to maintain a coherent global view of the system produces cascading failures. Critically, the
model’s confidence remained constant across both regimes, providing no signal to the user that reliability had
degraded.

4.2 Case Study 2: The Fabricated API

Task. Integrate a third-party payment processing API into an existing application.

Result. Tool B generated well-structured integration code that called specific APl endpoints with plausible
parameter names, authentication headers, and error handling. The code followed established patterns for REST API
consumption and appeared professional.

Failure. The endpoints did not exist. The function names, URL paths, and parameter structures were entirely
fabricated by the model. The generated code was, in effect, a plausible fiction—a “hallucinated novel” about how

the API should work based on patterns observed in training data from similar but different APIs. A junior developer
spent approximately two hours debugging the integration before discovering that the API calls were fictitious.
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Analysis. This case exemplifies Confident Hallucination: the model generates fabricated content with the same
syntactic structure, confidence level, and explanatory clarity as correct output. The hallucinated code was
indistinguishable from valid code without external verification against the actual APl documentation. This
represents a fundamentally different failure mode from traditional software bugs, as the defect lies not in logic but
in reference to non-existent external contracts.

4.3 Case Study 3: The Invisible Dependency
Task. Refactor a service layer with dependencies distributed across 15 source files.

Result. Tool A successfully modified the target file according to specifications. The refactored code was clean,
well-documented, and adhered to the project’s coding standards.

Failure. The refactoring broke interface contracts expected by dependent files that were outside the model’s
context window. File G expected a method signature from File A that had been renamed during refactoring, but the
model had no visibility into File G’s existence or expectations.

The model did not indicate that it lacked visibility into the broader dependency graph; it proceeded with
full confidence within its limited view.

Analysis. This case demonstrates Context Window Blindness. Current LLMs operate within a finite attention span
(typically 8K—200K tokens). A medium-sized codebase of 500,000+ lines vastly exceeds this window. The model
optimizes within its visible fragment without awareness of, or signaling about, the unseen majority. Unlike a human
developer who would intuitively consider downstream dependencies and proactively check dependent files, the
LLM has no mechanism for recognizing that relevant information exists beyond its current context.

4.4 Case Study 4: The Amnesiac Collaborator
Task. Continue development of a feature across multiple work sessions using an LLM assistant.

Day 1. Over three hours of collaborative development, the practitioner and Tool A established architectural
decisions, naming conventions, design patterns, and implementation strategies. The session was productive and the
feature reached approximately 80% completion.

Day 2. Upon initiating a new session, the LLM had no recollection of the previous day’s work. It suggested
different architectural patterns, contradicted naming conventions established the previous day, and proposed
implementations incompatible with the existing codebase. It effectively behaved as a new, uninformed collaborator.

Analysis. This case illustrates the Memory lllusion. While some platforms have introduced rudimentary memory
features (storing a small number of key facts between sessions), these represent a shallow approximation of the
rich, contextual understanding that accumulates during genuine collaboration. The contrast between the deep
contextual alignment achieved during a session and the complete reset between sessions creates a disorienting
discontinuity that impedes iterative development workflows.

4.5 Case Study 5: Contextual Reasoning Failure

Task. A user asked an LLM-based assistant (Tool C): “I want to wash my car and | live 100 meters from the car
wash station. What is the most economical and ecological way to get there?”

Result. The model responded with a detailed analysis recommending walking as the optimal mode of
transportation, including a comparison table rating walking, cycling, electric scooters, and driving across ecological
and economic dimensions. The response concluded: “At 100 meters, there is no advantage to using the car.”

Failure. The model entirely missed the obvious contextual implication: the user’s purpose was to wash their car,
which requires bringing the car to the station. When the user pointed out this contradiction (“But | want to wash my
car—how do | bring it if 1 walk?”), the model acknowledged the error and corrected itself, stating: “The most
economical and ecological option is to drive your car—but only the 100 meters necessary.”

Analysis. This case reveals a Contextual Reasoning Failure: the model pattern-matched to a generic “eco-friendly
transportation” template without performing the basic situational inference that any human listener would make
immediately—namely, that washing a car requires having the car present. The model optimized for the literal
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question (“how to travel 100m economically”) while ignoring the pragmatic context (“I need my car at the
destination”). This case is particularly illustrative because it requires no domain expertise to identify the error; it
requires only common-sense reasoning about the physical world, a capacity that current LLMs simulate but do not
reliably possess [23].

5. A Practitioner’s Taxonomy of LLM Failure Modes

Synthesizing the case studies and extended observations, we propose a taxonomy of four principal failure modes
encountered during sustained LLM use in software engineering workflows. These are summarized in Table 1.

Table 1. Taxonomy of LLM failure modes in software engineering practice.

Failure Mode Description Root Cause Case Study

Complexity CIiff Non-linear performance Absence of global system
degradation as task representation; local optimization 4.1
interdependency grows within fragments

ContextWindow  Silent contract violations when Finite context window (8K—-200K

Blindness dependencies exceed the attention  tokens); no out-of-scope awareness 4.3
span

Memory Illusion Complete loss of accumulated Stateless architecture; no persistent 44
context between sessions memory across inference calls ’

Confident Fabricated outputs indistinguishable Autoregressive generation without 42 45

Hallucination in tone from correct outputs epistemic self-awareness .

51 The Complexity CIiff

We define the Complexity CIiff as the threshold beyond which LLM-assisted development transitions from
effective augmentation to active liability. Below this threshold, tasks are sufficiently self-contained that the model’s
pattern-matching capabilities produce correct or near-correct outputs efficiently. Above it, the number of
interdependent components, implicit contracts, and emergent system behaviors exceeds the model’s capacity for
coherent representation, leading to cascading errors.

The Complexity CIiff is insidious because it is not signaled by any change in the model’s output
confidence. The same articulate, well-structured responses that characterize correct operation continue to be
produced after the cliff has been crossed—but their semantic correctness degrades. The phrase “it works on my
prompt”—an analogy to the classic software engineering refrain “it works on my machine”—captures this
phenomenon: a prompt that succeeds in isolation may fail when the surrounding complexity exceeds the model’s
integrative capacity.

52 Context Window Blindness

Context Window Blindness describes the model’s inability to account for information that exists outside its current
attention window. Unlike a human developer who maintains a mental model of the broader system and proactively
investigates dependencies, an LLM operates exclusively on the text currently in its context. It cannot recognize that
relevant information exists beyond this boundary, nor signal to the user that its view is incomplete. This produces a
form of silent failure: the model generates outputs that are locally coherent but globally inconsistent.

5.3 The Memory Illusion
The Memory lIllusion refers to the experiential dissonance between the rich collaborative context that develops
within a single session and the complete absence of that context in subsequent sessions. During a session, an LLM-
based assistant may exhibit behavior that subjectively resembles understanding: it recalls earlier decisions, builds
on established patterns, and maintains coherent naming conventions. This creates an illusion of persistent memory
and genuine collaboration. When the session ends, all accumulated context is lost.

Emerging memory features in commercial platforms store a small number of extracted facts between
sessions, but these represent a lossy compression of the original collaborative context and do not preserve the
nuanced architectural understanding that characterized the session.

5.4 Confident Hallucination and Contextual Reasoning Failure

Confident Hallucination is the generation of outputs that are factually incorrect or entirely fabricated, yet presented
with the same syntactic structure and assertive tone as correct outputs. Unlike traditional software bugs, which arise
from logical errors in valid code, hallucinated outputs reference non-existent APIs, fabricate function signatures, or
present fictional information as established fact.
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A related but distinct phenomenon is Contextual Reasoning Failure, where the model produces a logically
structured response to a question it has not actually understood in context. Case Study 5 exemplifies this: the model
applied a generic “eco-transportation” template without performing the trivial pragmatic inference that a car wash
requires the car’s presence. This failure is distinct from hallucination (no facts were fabricated) and from context
window limitations (all relevant information was present). It represents a failure of situational reasoning—the
model optimized for the literal pattern of the query while ignoring its real-world implications.

6. The Verification Paradox

The failure modes described in Section 5 converge on a meta-pattern we formalize as the Verification Paradox:

Definition. The Verification Paradox is the inverse relationship between a user’s need for LLM assistance and their
capacity to validate the correctness of LLM outputs. Expert users, who possess the domain knowledge required to
identify hallucinations, context window artifacts, and complexity cliff errors, benefit most from LLM acceleration
because they can efficiently filter correct from incorrect outputs. Novice users, who lack this discriminative
capacity, derive less net benefit and face greater risk, precisely because they cannot distinguish confident-but-
correct outputs from confident-but-fabricated ones.

This paradox has significant implications for the adoption of LLM tools in educational contexts, junior
developer onboarding, and organizations with varying levels of technical maturity. The very users who might most
benefit from Al-assisted productivity gains are those for whom the technology poses the greatest risk of introducing
silent defects.

We note that the Verification Paradox is not a bug amenable to engineering solutions within the current
paradigm. It is a structural property of any system that generates confident outputs without epistemic self-
awareness. Larger models, longer context windows, and improved training data may reduce the frequency of
individual errors, but the fundamental asymmetry between output confidence and output correctness will persist as
long as models lack reliable mechanisms for uncertainty quantification [24].

Table 2. The Verification Paradox: differential impact by user expertise.

Dimension Expert User Novice User

Error detection Rapid identification through domain Unable to distinguish correct from
knowledge fabricated output

Net productivity Significant acceleration (leverages Marginal or negative (debugging
~80% correct output) fabricated outputs)

Risk profile Low (errors caught before High (errors may propagate to
propagation) production)

Al dependency Supplementary (Al as accelerator) Substitutive (Al as primary knowledge

source)
7. A Practical Framework for Human—Al Collaboration

Drawing from the case studies and taxonomy, we propose five strategies for practitioners seeking to maximize the
benefits of LLM-assisted development while mitigating the identified failure modes.

7.1 Strategy 1: Treat Al as a First-Draft Machine

LLM outputs should be treated as initial drafts requiring human review, not as authoritative answers. This framing
sets appropriate expectations and ensures that verification is built into the workflow from the outset. The distinction
between a “first draft machine” and an “answer machine” is not merely semantic; it determines whether the
practitioner engages critically or passively with the output.

7.2 Strategy 2: Maintain Task Granularity Below the Complexity Cliff

Tasks delegated to LLMSs should be decomposed into units that remain within the model’s effective complexity
threshold. Rather than requesting a complete feature spanning multiple interdependent systems, practitioners should
issue smaller, well-scoped requests that the model can address within a single coherent context. This strategy trades
the convenience of end-to-end generation for the reliability of incremental, verifiable outputs.

7.3 Strategy 3: Invest Verification Time Proportional to Generation Time

The time saved through LLM-assisted code generation should be reinvested in verification activities: code review,
automated testing, documentation checks, and integration testing. A useful heuristic is to allocate at least as much
time to verifying Al-generated code as was saved by generating it. This approach preserves the productivity
advantage while maintaining code quality.
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7.4 Strategy 4: Preserve and Develop Domain Expertise

The Verification Paradox implies that the practitioner’s domain expertise is the primary safeguard against LLM
errors. Organizations should resist the temptation to reduce investment in developer training on the assumption that
Al will compensate for knowledge gaps. On the contrary, the more powerful Al tools become, the more critical
human expertise becomes as a quality-assurance mechanism.

75 Strategy 5: Externalize Context Explicitly

Given the Memory Illusion and Context Window Blindness, practitioners should not assume that the LLM retains
or has access to relevant context. Constraints, architectural decisions, naming conventions, and interface contracts
should be re-stated explicitly in each interaction. Maintaining external documentation—architecture decision
records, interface specifications, and coding standards—and feeding these into the LLM context is essential for
reliable multi-session collaboration.

8. Discussion

8.1 Implications for Software Engineering Practice

Our findings suggest that the integration of LLMs into software engineering workflows is neither the revolution
promised by proponents nor the liability feared by skeptics. LLMs are best understood as powerful pattern-
matching accelerators whose effectiveness is gated by the human practitioner’s ability to scope tasks appropriately
and verify outputs critically. The phrase “it works on my prompt”—which we propose as the Al-era analog of “it
works on my machine”—captures the essential fragility: success in isolated interactions does not predict success
under the compound complexity of production systems.

The Complexity CIiff, in particular, has implications for how organizations plan LLM adoption. Vibe
coding is demonstrably effective for prototyping, internal tooling, and well-bounded features. Extending it to
architecturally complex, multi-dependency systems without proportional increases in human oversight invites the
cascading failure patterns documented in Case Study 1.

8.2 Implications for Al Research

Several of the failure modes we document are not addressable by scaling alone. Context Window Blindness is a
direct consequence of finite attention architectures. The Memory Illusion is a consequence of stateless inference.
Confident Hallucination reflects the absence of epistemic self-awareness in autoregressive generation. Contextual
Reasoning Failure, as demonstrated in Case Study 5, suggests that current models lack robust mechanisms for
pragmatic inference—the ability to reason about what a user means rather than what they literally said.

These observations point to several promising research directions: (a) architectures that support persistent,
updatable world models across sessions; (b) uncertainty quantification mechanisms that calibrate output confidence
to actual reliability; (c) explicit dependency-graph awareness in code-generation models; and (d) pragmatic
reasoning layers that infer contextual intent beyond literal query patterns.

8.3 Threats to Validity

This study’s primary limitation is its reliance on a single practitioner’s experience, which may not generalize across
all development contexts, tool versions, or programming domains. We mitigate this by (a) selecting case studies
that illustrate structurally distinct failure modes rather than edge cases, (b) grounding our taxonomy in architectural
properties of transformer models that are shared across implementations, and (c) situating our findings within the
context of corroborating prior work. Additionally, the rapidly evolving nature of LLM capabilities means that
specific failure instances may not be reproducible on future model versions. However, the underlying architectural
constraints that produce these failure modes remain fundamental to current transformer designs.

9. Conclusion

This technical report has examined the question “Is Al really intelligent?” through the lens of sustained,
professional use of LLM-based tools in software engineering. Our answer is nuanced: LLMs exhibit remarkable
pattern-matching intelligence that genuinely accelerates well-scoped tasks, but they lack the contextual reasoning,
persistent memory, epistemic self-awareness, and global system comprehension that characterize human
engineering intelligence.

We have contributed a four-mode taxonomy of practitioner-observed failure patterns (the Complexity
Cliff, Context Window Blindness, the Memory Illusion, and Confident Hallucination), identified Contextual
Reasoning Failure as a distinct sub-category, and formalized the Verification Paradox as a structural property of
human-Al collaboration. Our five-strategy practical framework provides actionable guidance for practitioners
navigating the demo-to-production gap.
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The practitioners who will thrive in the age of generative Al are not those who uncritically adopt these tools nor
those who dismiss them, but those who develop a precise understanding of where Al capabilities end and where
human expertise remains indispensable.
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