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Abstract—As the artificial intelligence industry exhausts
high-quality, human-generated datasets, the shift toward
recursive training on synthetic outputs has introduced
significant systemic instabilities. This paper analyzes the
compounding risks of model collapse and functional inco-
herence as failure modes that can result in the irreversible
erosion of data diversity and model stability. The results
of this analysis are an urgent call to both industry
and the research community to recognize that current
scaling laws are insufficient for resolving these defects, as
increased compute may actually broaden the surface area
for incoherent execution. To address these vulnerabilities,
a transition toward agentic architectures is proposed that
implements non-machine learning constraints as a way to
ground model outputs. By integrating structural anchors
like state-based persistence and parallel consensus loops,
these frameworks provide a deterministic foundation
for maintaining logical consistency in high-consequence
environments. This research suggests that the path to
sustainable, trustworthy AI lies in moving beyond purely
probabilistic scaling toward verifiable, context-dependent
reliability.
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I. INTRODUCTION

Large Language Model (LLM) development has
largely been dictated by the scaling laws paradigm,
which posits that increases in model size, compute,
and data volume yield predictable improvements in
performance [1]. This has resulted in the emergence
of frontier models as powerful few-shot learners [2].
However, as the AI industry approaches the limits of
human-generated data, a significant depletion of human-
generated data has emerged [3]. To circumvent this,
developers have increasingly turned to synthetic data,
inadvertently triggering self-consuming, recursive train-
ing loops [4]. Within this recursive cycle, the model es-
sentially absorbs its own generational artifacts, leading
to failures that are not only significant, but potentially
irreversible.

Contemporary research has found that models trained
on their own outputs are susceptible to collapse as they
progressively forget the underlying data distribution,
leading to irreversible model flaws [5]. In addition,
the diversity of model outputs progressively decreases
when models do not have a sufficient sampling bias to
maintain quality. Recursive training also creates fairness
feedback loops where systematic shifts in the model’s
internal data distribution amplify existing biases, further
marginalizing already at-risk groups [6]. While these
shifts represent a statistical decay of the data, they
also manifest as a fundamental breakdown in expected
model behavior.

Recent findings identify functional incoherence as
another volatile mode of failure [7]. As models engage
in longer reasoning sequences, their failures become
increasingly incoherent, stemming from high variance
that additional scale is unlikely to resolve. This behavior
suggests that a given model’s perceived intelligence
does not guarantee that it will be capable of reliably
completing complex tasks [8]. This gap between latent
capability and reliable execution undermines the foun-
dations for trustworthy AI.

Because trustworthiness is a relational and context-
dependent concept rather than a universal model at-
tribute, purely training-level solutions are likely in-
sufficient [9]. Instead, a socio-technical approach is
required that prioritizes the user’s decision context and
external verifiability. This paper reviews the literature
surrounding the conditions that precipitate model col-
lapse and functional incoherence. The result of this
review proposes that agentic architectures utilizing non-
ML constraints can serve as anchors that help ground
models while mitigating these unpredictable failure con-
ditions.

The investigation into this topic is driven by the
need to understand the practical application of deep
learning architectures in real-world scenarios. The pri-
mary works by Shumailov et al. and Alemohammad et



al. were selected to establish the statistical limits and
mathematical risks of training models on synthetic data.
These were contrasted with the more recent research
from Hägele et al. that characterizes the reasoning-
time failures occurring with frontier models that use
iterative ”thinking” loops. The goal of this survey is to
evaluate whether the scaling laws that have historically
dictated LLM development remain a viable path for
ensuring operational safety, or if the field is approaching
a structural ceiling that necessitates a shift toward more
grounded, agentic model development. This remainder
of this paper is organized as follows:

• Section II: Establishes the survey scope by defining
related work and the criteria used for exclusion.

• Section III: Analyzes the mechanisms of recur-
sive decay, statistical convergence and autophagous
loops identified in training-time research.

• Section IV: Investigates functional incoherence and
the stochastic failure modes that emerge in long-
chain reasoning.

• Section V: Explores the socio-technical dimensions
of AI trustworthiness and the shift toward rela-
tional evaluation.

• Section VI: Proposes a mitigation framework uti-
lizing data provenance and agentic architectures.

• Section VII: Provides a comparative analysis ad-
dressing the strengths and weaknesses of the pri-
mary sources reviewed for this survey.

• Section VIII: Synthesizes the technical common-
alities and unifying themes discovered during this
review.

• Section IX: Identifies open questions regarding task
complexity and synthetic data saturation.

• Section X: Summarizes the findings of this research
and the implications for sustainable model devel-
opment.

II. RELATED WORK

This survey focuses on the structural decay of LLMs
and potential agentic mitigations. Several other research
avenues were considered but ultimately excluded in or-
der to maintain focus on architectural reliability. These
include:

• Human-in-the-Loop Curation: While there is a
significant body of work on using human feedback
in model fine-tuning, these were ignored because
they don’t provide a solution for the underlying
mathematical challenges where the base training
distribution is already contaminated.

• Efficiency and Quantization: Research into model
quantization and compression techniques were ex-
cluded as these tend to focus more on addressing
inference speed rather than the logical coherence

and distributional stability that are the focus of this
review.

• Adversarial Attacks: Significant research has been
conducted on techniques like jailbreaking and
prompt injection. These were omitted from review
in lieu of prioritizing systemic internal failure
modes over external manipulations of pre-trained
models.

III. MECHANISMS OF RECURSIVE DECAY

The transition toward recursive training where suc-
cessive models are trained on the outputs of previous
generations is primarily driven by the projected deple-
tion of high-quality, human-generated data [10]. While
this approach may address short-term data scarcity
needs, it introduces systemic failures characterized as
a self-consuming or autophagous loop [4].

A. The Curse of Recursion and Model Collapse

Model collapse is the process where generative mod-
els progressively forget the underlying data distribution
of their predecessors. Unlike concept drift in traditional
machine learning which typically stems from evolving
external data, model collapse is an internal, potentially
irreversible defect [5]. When models are trained on
generated content, the tails of the original distribution
which represent rare or complex data points tend to
disappear first. This leads to a state where the model
only generates a narrow subset of the reference distri-
bution [6]. Experimental evidence suggests that once
the original data sources are lost, the model’s ability
to represent the full complexity of human interaction is
permanently diminished [12].

B. Model Autophagy Disorder (MAD)

Alemohammad et al. refine this understanding
through the lens of Model Autophagy Disorder (MAD),
which diagnoses the specific conditions under which the
quality and diversity of outputs progressively decrease
[4]. Their research indicates that without a significant
sampling bias to filter for quality, generative models
trained in a fully synthetic loop experience significant
reliability drops within approximately 10 generations.
A critical finding is the existence of an admissible
threshold for synthetic samples for each model. This
suggests that the ratio of synthetic to real data a model
can ingest before collapsing is heavily dependent on
the sampling bias employed during the generation pro-
cess. Nevertheless, this reliance introduces an important
trade-off, given that the same mechanisms used to
preserve quality can actually accelerate the narrowing
of the model’s worldview.



C. Model-Induced Distribution Shifts (MIDS) and Bias

These trade-offs are best described as Model-Induced
Distribution Shifts (MIDS), which are the specific sta-
tistical convergence that occurs over successive genera-
tions of training. Wyllie et al. demonstrate that when
synthetic outputs contaminate new training datasets,
the resulting data distribution converges toward a point
estimate [6]. While this convergence may temporarily
mask quality loss, it amplifies unfairness and bias. As
the distribution narrows, errors and biases present in
early generations are embedded and amplified, leading
to a representative disparity where already marginalized
groups are effectively erased from the model’s opera-
tional reality [11]. These compounding failures suggest
that the use of human-curated data is not merely a
preference but a mathematical requirement for long-
term model stability.

IV. FUNCTIONAL INCOHERENCE

While the statistical erosion of a model’s foundational
data distribution is an obvious threat to reliability,
recent research identifies functional incoherence as a
more immediate operational threat. This phenomenon
describes a state where models optimized for complex
reasoning fail to maintain logical or procedural consis-
tency when executing long sequences of actions. Unlike
model collapse, which is a training-time degradation,
functional incoherence manifests at inference time and
is intrinsically linked to the complexity of the task and
the depth of the model’s reasoning process [7].

A. Inherent Variance and Emergent Stochasticity

Functional incoherence is quantified by measuring
the fraction of a model’s error that stems from variance
rather than bias over repeated test-time trials. Hägele
et al. have demonstrated that as frontier models spend
more time navigating multi-step action loops, their fail-
ure modes shift from predictable, biased errors toward
highly stochastic, incoherent behaviors [7]. This inher-
ent stochasticity suggests models become increasingly
unpredictable as task complexity increases, regardless
of the size of their training dataset. The authors sug-
gest that these failures seldom represent the consistent
pursuit of a misaligned goal, but are instead erratic
deviations that make the model’s trajectory difficult to
anticipate or correct.

B. The Illusion of Thinking and Complexity Limits

The danger of this stochasticity is exacerbated by
surface-level fluency in problem-solving that masks
fundamental limitations in handling underlying prob-
lem complexity [8]. While many models can perform
impressively on isolated benchmarks, their reliability

drops significantly when tasked with maintaining co-
herence across extended operational contexts. This sug-
gests a functional ceiling where the increased com-
putational overhead of ”thinking” actually introduces
more opportunities for statistical drift. By increasing
the length of the reasoning chain, the model effectively
decouples its perceived accuracy from its operational
consistency [12].

C. The Limits of Scaling as a Solution

If functional incoherence is an emergent byproduct
of reasoning depth, then conventional scaling appears
unlikely to eliminate it. The scaling laws that suc-
cessfully predicted improvements in linguistic fluency
and few-shot learning do not account for the variance-
based errors that arise in complex, goal-oriented se-
quences. Because these failures stem from the inher-
ent randomness of the model’s internal state during
long-chain reasoning, increasing the parameter count
or the volume of synthetic training data may actually
exacerbate the problem by providing a broader surface
area for incoherent behavior to manifest. This mismatch
between scale and reliability underscores the need for
structural interventions to ground model behavior in
high-stakes environments [13]. The inability of pure
scaling to resolve these stochastic failures necessitates a
re-evaluation of how we define and measure a system’s
safety and worthiness for deployment.

V. RE-EVALUATING AI TRUSTWORTHINESS

As generative models transition from experimental
prototypes to foundational components of critical in-
frastructure, the metrics for evaluating their utility must
shift from strictly relying on performance benchmarks
to a broader framework of trustworthiness [9], [14].
The technical failures of model collapse and functional
incoherence highlight the reality that a model’s statis-
tical accuracy or fluency is not synonymous with its
reliability in a deployed environment. Trust in AI should
be understood as a relational and context-dependent
dynamic between the system and its human users rather
than a static property of the software.

A. Relational Trust and the Trustor’s Perspective

This shift toward relational trust elevates the trustor’s
perspective as a necessary dimension of evaluation,
acknowledging that there are no universal attributes
that make a model inherently worthy of trust [9]. In-
stead, trustworthiness is established when the system’s
behavior aligns with the user’s specific context and
risk tolerance. This alignment is particularly critical as
AI is integrated into sensitive sectors like healthcare,
military operations, and weather tracking, where the
cost of incoherent failure could be catastrophic [15],



TABLE I
COMPARISON OF COMMON LLM ARCHITECTURES VS. PROPOSED AGENTIC ARCHITECTURES

Feature Common LLM Architecture Proposed Agentic Architecture

Core Paradigm Scaling Laws (Parameters/Data) Structural Anchors (Non-ML Constraints)
Data Strategy Synthetic-heavy (Vulnerable to MAD) Provenance-focused (Human-curated)
Reasoning Path Stochastic Next-token Prediction State-based Persistence & Logic Loops
Failure Mode Functional Incoherence and Stochastic Failures Procedural & Logical Consistency
Grounding Internal Latent Distributions External Non-ML Verifiability
Trust Model Static / Benchmark-centric Relational / Context-dependent

[16]. Because users in these domains operate under
high-consequence risks, they require a guarantee of
reliability rather than just plausible outputs.

B. The Role of Context and External Verifiability

To provide this guarantee, trustworthiness must be
achieved in external verifiability rather than internal
generative capacity. Traditional evaluations of founda-
tion models often fail to capture the socio-technical
risks identified by international regulatory and advisory
bodies because they prioritize fluency over grounding
[17]. This necessitates a move away from the as-
sumption that more computing resources or data will
naturally lead to more trustworthy models. Developers
must focus on how AI integrates into a user’s specific
decision context, ensuring that the system provides
the grounding required for decision-making in high-
consequence environments. By conceptualizing trust as
a response to risk, the mitigation of incoherence neces-
sitates architectures that prioritize system transparency
and grounding over generative volume. If trust is a
response to risk and context, then it follows that archi-
tectural choices must move toward structured, verifiable
frameworks.

VI. MITIGATION STRATEGIES

The compounding nature of recursive decay and the
stochastic volatility of functional incoherence neces-
sitate a multi-layered defense strategy. This approach
emphasizes data integrity as the foundation and agentic
grounding as an operational safeguard to ensure algo-
rithmic fairness and reliability.

A. Data Provenance and Integrity

The preservation of high-quality, human-curated
datasets is the most fundamental requirement for break-
ing the autophagous feedback loops described in Sec-
tion III. Practitioners must implement rigorous curation
pipelines that treat data provenance as a non-negotiable
requirement. Without explicit source metadata to dis-
tinguish human from synthetic content, models can-
not appropriately weight inputs leading to undetected
contamination and the amplification of hallucinations

[18]. While Retrieval-Augmented Generation (RAG)
is often cited as a grounding mechanism, evidence
suggests that these systems can inadvertently amplify
unsafe behaviors or introduce new vulnerabilities if the
retrieved context is not effectively managed [19]. As a
result, data integrity must be viewed as the prerequisite
for any architectural intervention.

B. Agentic Anchors and Non-ML Constraints

To mitigate functional incoherence, system design
must move beyond the sole use of probabilistic models
for largely deterministic tasks [8]. While data prove-
nance addresses the training-time collapse, agentic ar-
chitectures address the inference-time incoherence de-
scribed in Section IV.

• State-Based Persistence: By maintaining a de-
terministic record of task states and past actions,
agentic frameworks can reduce the variance-based
errors found in long-chain reasoning [7].

• Consensus Judging and Parallel Loops: Cross-
verification through multiple model iterations or
specialized agents in parallel research loops allows
for an algorithmic implementation of checks and
balances which can help catch erratic deviations
before they propagate through a sequence of ac-
tions [8].

• Hybrid Architectures: Combining transformer-
based reasoning with symbolic logic ensures that
models remain anchored to ground truth, even
when internal statistical drift occurs [20].

C. Algorithmic Reparation and Robustness

Retraining alone is insufficient to counteract the
loss of distribution tails and the resulting representa-
tive disparity. Algorithmic Reparation (AR) offers a
framework for selectively curating training batches to
mitigate the amplification of societal inequities within
the data ecosystem [6]. By embedding fairness-aware
sampling and dynamic reweighting into the training
pipeline, practitioners can disrupt the feedback loops
that otherwise entrench existing biases [17]. Ensemble
learning techniques may also provide a path to improv-
ing robustness to distributional shifts by sampling from



TABLE II
SYNTHESIS OF FOUNDATIONAL RISKS IN RECURSIVE AND REASONING-INTENSIVE LLMS

Research Vector Research Cited Key Contributions

Statistical Decay [4], [5] Establish that training on synthetic data is self-consuming. Identifies the irreversible loss of
distribution tails and the admissible threshold of synthetic data required before total model collapse.

Societal Bias [6] Proves that systematic distribution shifts create feedback loops that amplify biases and marginalize
at-risk groups.

Operational Risk [7], [9] Focus on failures occurring at inference-time. Identifies functional incoherence where task complexity
leads to high variance, and argues that trustworthiness must be re-conceptualized as a relational and
context-dependent dynamic.

diverse regions of the loss landscape, preventing the
model from converging on a singular, overfitted point
estimate typical of model collapse.

D. Intelligent Scaling for Sustainability

Prior work exploring recursive training indicates that
increasing model size without corresponding improve-
ments in data diversity leads to diminishing returns and
potential collapse [5]. Long-term sustainability requires
modular training and phased fine-tuning that prioritize
output consistency over parameter count. By aligning
model development with the relational requirements
of trustworthy AI, these strategies can help ensure
that model growth remains tethered to the operational
reliability expected of these systems [16].

VII. COMPARATIVE ANALYSIS OF PRIMARY WORKS

This section evaluates the specific contributions,
strengths, and limitations of the primary research sur-
veyed as part of this review.

A. Shumailov et al. (2023) and Alemohammad et al.
(2023)

The primary strength of these works is their rigorous
characterization of the curse of recursion and model
autophagy disorder [4], [5]. By identifying the existence
of a threshold for the inclusion of synthetic data in
model training, they provide a predictive framework for
when a model will begin to collapse. A significant lim-
itation is that their experiments were largely conducted
on earlier generations of generative models. It’s unclear
whether current frontier models might possess a higher
resilience to distributional shifts that could delay the
onset of collapse.

B. Wyllie et al. (2024)

The primary contribution of this research is the
formalization of ”Fairness Feedback Loops” which con-
nect the mathematical reality of model collapse to soci-
etal outcomes [6]. A major strength of this work is its
demonstration that even if model performance appears
stable on average, the loss of distribution tails leads
to a disproportionate loss of accuracy for marginalized

groups. This provides an important ethical dimension to
the technical study of distribution shifts. A limitation
of the paper is its heavy reliance on sampling bias
as a primary mitigation strategy. The authors identify
the trade-off inherent in leveraging sampling bias to
preserve output quality, but don’t fully explore its
consequences. While Shumailov et al. and Alemoham-
mad et al. established the mathematical inevitability of
collapse, Wyllie et al. address a critical limitation in
their work by shifting the focus from aggregate perfor-
mance to distribution-specific degradation. In doing so,
they prove that the average stability reported in earlier
studies masks the erasure of minority data tails.

C. Hägele et al. (2026)

The strength of this research is in its novel iden-
tification of functional incoherence as a failure mode
that is distinct from statistical training decay [7]. They
provide a necessary critique of current scaling laws
by quantifying how failures shift from bias to high
variance during multi-step reasoning. A weakness of
this work is its lack of prescriptive solutions. While
it diagnoses the causes of inference-time failures, it
does not provide a standardized metric for measuring
task complexity, making it difficult for practitioners to
predict when a model will become incoherent. This
work represents a shift from the earlier literature that
focused on training-time degradation by addressing the
inference-time instability of frontier models. This is a
growing limitation in the field where models may be
trained on pristine data yet still exhibit signs of collapse
during the execution of complex tasks.

D. Wirz et al. (2025)

The authors contribute a socio-technical perspective
to this review by re-conceptualizing trustworthiness
as a relational dynamic rather than a static model
attribute, which is essential for deploying AI in high-
consequence environments [9]. However, the paper is
primarily theoretical, and lacks a concrete technical
implementation for how relational trust can be measured
through automated benchmarks or non-ML constraints.
This paper serves as a theoretical counterpoint to the



purely algorithmic focus of Shumailov et al. and Hägele
et al. They argue that if the technical failures identified
in those works can’t be fully eliminated, the field must
shift toward the relational trust framework that they
propose. This also addresses the ’optimization wall’ hit
by purely technical scaling.

VIII. TAKEAWAYS AND SYNTHESIS

The results of this review recommends a transi-
tion from purely probabilistic scaling toward structural
grounding. The technical commonality across the core
research analyzed here is that increasing compute and
data volume now act as catalysts for systemic instability
when those inputs are synthetic or when reasoning
chains are extended. One unifying theme is the reli-
ability gap between a model’s linguistic fluency and
its operational consistency. The specific question this
survey sought to answer was whether scaling laws could
resolve these emerging defects. The answer provided
by the literature is a decisive ’no’; increased scale
without architectural constraints like the agentic anchors
proposed in this review likely broadens the surface area
for both model collapse and functional incoherence.

IX. OPEN QUESTIONS & FUTURE WORK
DIRECTIONS

Following this review, several questions remain that
are critical for the deployment and reliability of trust-
worthy AI systems:

• While Hägele et al. identify variance as the driver
of functional incoherence, there is no standardized
metric for task complexity. What mathematical
threshold determines when a task’s reasoning depth
will trigger stochastic failure?

• If human-generated data is finite, is it possible to
identify a synthetic ratio that allows for continued
training without triggering model collapse? If not,
is any amount of synthetic data eventually corro-
sive?

• While this paper proposes agentic architectures as
a mitigation strategy, do these non-ML constraints
introduce their own biases or performance bottle-
necks that limit the intelligence they are meant to
ground?

X. CONCLUSION

These findings demonstrate that as the AI ecosystem
faces a terminal scarcity of human-generated data, the
shift toward recursive training introduces systemic insta-
bilities that threaten the sustainability of future models
[3], [18]. To better understand the interaction between
these risks and the necessity for structural anchors,
Table II categorizes the risks identified in this research.
The statistical decay identified by Alemohammad et al.

and Shumailov et al. creates a self-consuming envi-
ronment where the loss of distribution tails becomes
a catalyst for the feedback loops identified by Wyllie
et al [4]–[6]. This narrowing of the model’s worldview
ensures that biases are not only retained but structurally
amplified, effectively erasing the representation of at-
risk groups. Beyond these training-time defects, the
research reveals an equally critical operational failure.
As task complexity increases, Hägele et al. demon-
strate that model failures can manifest as functional
incoherence as operational depth increases [7]. This
mismatch between perceived intelligence and execution
emphasizes the necessity of trust frameworks like those
proposed by Wirz et al., shifting the burden of proof
from internal model attributes to external, context-
dependent verifiability [9].

The convergence between these foundational defects
and operational instabilities suggests that probabilistic
scaling has reached a point of diminishing returns for
system reliability. This paper proposes that while the
statistical decay of self-consuming loops may be an
inherent risk of training on synthetic data, the result-
ing functional incoherence can be mitigated through
the structural implementation of agentic architectures.
By utilizing non-machine learning constraints such as
state-based persistence to reduce reasoning variance,
parallel research loops to facilitate cross-verification,
and consensus-oriented judging to maintain procedural
logic, agentic frameworks can provide the necessary
anchors to ground models in verifiable truth. Ensur-
ing the long-term sustainability and trustworthiness of
generative AI requires moving beyond the limitations
of purely probabilistic scaling toward robust, agentic
systems designed to satisfy the rigorous relational re-
quirements of human trust.
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