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Abstract

Generative models increasingly produce content that can enter later training corpora, creating recursive
synthetic-data feedback loops. This review examines when such loops cause model collapse and when
synthetic data remain useful. It synthesizes theoretical, empirical, and methodological evidence across
language, diffusion, evaluation, mitigation, and governance, organized into four dimensions: training regime,
degradation mechanism, outcome, and intervention point. Collapse is most consistently associated with
repeated replacement of independent observations with unverified outputs, resulting in tail loss, declining
diversity, cumulative error, and bias amplification; recursive diffusion studies also report a shift toward
memorization. However, stable or beneficial outcomes occur when independent data or accumulated history
are retained and generated samples are corrected, filtered, reweighted, or verified. Findings vary across model
families, sampling policies, synthetic ratios, recursive depths, and metrics, limiting direct comparison and
large-scale generalization. Priorities include standardized multigeneration benchmarks, multidimensional
longitudinal evaluation, recovery research, realistic multimodel ecosystems, and provenance-aware
governance. Overall, model collapse is conditional on the workflow rather than an inevitable consequence of
synthetic data.
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1. Introduction

Generative artificial intelligence is changing both content production and future training corpora. Language
models, diffusion systems, and related architectures generate text, images, code, annotations, and structured
records at scale. When these outputs are scraped or deliberately reused, the central question is not the quality
of one synthetic dataset but the stability of recursive training.

Synthetic data are attractive because independent observations can be costly, privacy-sensitive, or unevenly
distributed. In tested settings, selected synthetic examples improved instruction-following, reasoning,
mathematical training, and image classification [1-4], and LLMs supported annotation and text synthesis with
task-specific prompting, filtering, and validation [5—6]. Synthetic origin alone, therefore, does not determine
value, but one-round gains do not demonstrate multigeneration stability.
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Recursive reuse creates distinct risks. Model collapse is an intergenerational process in which model-
generated data cause successors to misrepresent the original distribution [7]. At the same time, self-consuming
loops may lose quality or diversity as synthetic samples dominate [8]. Reported mechanisms fall into three
classes: distributional narrowing, including tail loss and altered scaling [7,9]; inherited error and bias
amplification [10—12]; and, in diffusion recursion, a generalization-to-memorization shift as synthetic-data
entropy declines [13]. These outcomes remain conditional. Local stability requires assumptions about accuracy
and independent-data retention [14]; accumulation, correction, verification, and detector-guided importance
resampling stabilize tested loops [15—18]. Strong-collapse analysis instead derives an asymptotic error floor
under persistent synthetic fractions [19]. The evidence is therefore regime-dependent, not a simple real—
synthetic dichotomy.

Apparent disagreement also reflects incompatible designs. Replacement, fixed-ratio mixture, and
accumulation preserve different amounts of independent information [14—15,20-23], whereas one-round
augmentation [24] and unknown-origin contamination [18] address different estimands. Studies further vary
in modality, scale, metric, and recursive horizon. This review asks: under which combinations of update regime,
independent-data retention, generator quality, selection or verification, capacity, and recursive depth does
reuse remain stable or beneficial, and when does it degrade the target distribution? It distinguishes recursive
regimes; synthesizes distributional narrowing, error accumulation, and memorization; compares language and
image evidence without equating one-round gains with recursive stability; and evaluates utility, fidelity,
coverage, diversity, long-tail retention, memorization, fairness, privacy, and provenance. Mitigation is
organized around data anchors, composition control, correction or verification, and lifecycle governance.

1.1 Review Scope and Method

This article is a focused narrative review rather than a preregistered systematic review. It examines peer-
reviewed theoretical, empirical, evaluation, and governance studies published through 2025 that directly
address recursive synthetic-data training or provide methods for assessing it. Studies are compared by update
regime, retained independent information, mechanism, outcome, and intervention. The corpus supports cross-
study synthesis rather than exhaustive coverage, and absence-of-evidence claims are interpreted accordingly.

2. Theoretical Background

2.1 Recursive Learning and Distribution Estimation

Let Po denote the independent target distribution, P, the output distribution of generation t, and Qw1 the
idealized distribution used to train the next model. If a is the current synthetic fraction and ny is the number of
retained samples from generation k, the three common regimes can be written as follows:

rep __
t+1 = Pr-
miX — (1 —a)P, + aP,, 0<a<l.
noPo + Xi=1 T Px

Replacement uses only Pi; mixture retains a fixed Po anchor; and accumulation keeps earlier data in
proportion to retained sample counts [7,14—15]. Because each P, is learned from finite samples in an imperfect
model class, recursion can compound statistical, approximation, and optimization error [7,10,20].
Heterogeneous generator—learner pairs may share different errors.

acc _—
t+1 —

2.2 Sampling and Information Loss

Finite sampling can turn small estimation errors into irreversible information loss. Low-probability events
are least likely to appear, and, under replacement, an omitted event provides no evidence to later learners.
Recursion can therefore contract support and variance while reinforcing recurrent artifacts [7,9,23].

Sampling policy controls this trade-off. Across 10 LLM generations, Drayson et al. compared untruncated
sampling with temperature (t = 0.9), top-k (k = 50), and top-p (p = 0.95) sampling. In the tested settings,
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temperature and truncation produced increasingly peaked, less diverse distributions; untruncated sampling
weakened narrowing but generated high-perplexity, incoherent tail text [18]. Broader sampling can improve
tail coverage at the cost of validity, so independent data, correction, or verification are needed to prevent
selection errors from becoming inherited targets [14,16—17].

2.3 Scaling Laws and Stability

Conventional scaling laws predict lower error with more data or capacity, but recursive contamination can
introduce an error component that additional synthetic samples do not remove. Analyses therefore distinguish
finite-sample gains from asymptotic bias or error floors relative to Po [9,19]. Generator quality, verification
accuracy, mixture ratio, and capacity can also create transitions between beneficial and harmful regimes
[17,22]; more synthetic data may improve a finite budget while shifting the long-run target.

2.4 Theoretical Assumptions

Theoretical results are conditional on the update regime and assumptions about data retention, sample
independence, model capacity, and verification quality. Local or finite-generation stability should not be read
as global or asymptotic equivalence to Po, nor should an asymptotic error floor imply immediate failure [14,19—
22].

3. Literature Review

Studies are compared by update regime, retained independent information, mechanism, and outcome.
Replacement removes omitted support, whereas mixture and accumulation preserve external anchors [7,14—
15]. The sections below, therefore, treat regime as a moderator and focus on distributional narrowing, error
accumulation, memorization, and model-family differences.

3.1 Distributional Narrowing

Distributional narrowing is the most consistent recursive signature. Low-probability events are readily
omitted from finite synthetic samples, so repeated learning can contract support and reduce lexical, semantic,
or visual diversity before aggregate quality metrics deteriorate [7-9,11]. Fairness feedback can likewise
amplify disparities when weakly represented regions lose further support [12]. Evidence is strongest for
replacement, in which omitted information cannot be recovered [7—8]. Independent data mixtures and
accumulation can mitigate the bottleneck under stated conditions, but do not guarantee the preservation of the
full target distribution [14—-15,19]. Plausible outputs may therefore coexist with losses of rare vocabulary,
minority classes, unusual compositions, or subgroup knowledge.

3.2 Error Accumulation

Error accumulation turns finite-sample, approximation, and optimization errors into inherited targets.
Regression and general analyses distinguish label noise, covariate error, recursive depth, and conditions under
which errors contract or propagate [7,10,20]. Empirical studies further suggest that outcomes depend on corpus
composition, generator behavior, sampling policy, and selection procedures, rather than on synthetic
proportion alone [11-12,18,23]. Recursive learning can amplify particular tendencies without forcing every
error or bias to change monotonically.

Propagation depends on the full pipeline. Image contamination can cause class-dependent degradation,
while external correction and detector-guided importance resampling stabilize tested loops through different
signals [16,18,25]. Evidence largely comes from controlled lineages; operational ecosystems may include
multiple generators, human editing, retrieval, deduplication, and changing sources. Such uncertainty in origin
can confound recursive reinforcement learning with domain shift, while detector errors may introduce selection
bias [26-27].

3.3 Generalization-to-Memorization Transition

Recursive diffusion studies identify a transition from novel generation to reproduction as the entropy of
synthetic data declines [13]. This complements evidence that tail and diversity loss can precede deterioration

475



Vol. 16 (2026): Proceedings of the 2026 International Conference on Al and Technological Innovation Applications (AITIA 2026)

in aggregate quality [7—8,11]: common patterns remain plausible while uncommon alternatives weaken. Direct
evidence for this intergenerational transition is concentrated in diffusion models. Authenticity and
distributional precision—recall can diagnose copying and coverage, but cannot alone establish the transition
[28-29]; its generality remains unresolved.

3.4 Differences across Model Families

Language-model studies link corpus composition and decoding to linguistic diversity and task performance,
with conditional stabilization from detector-guided importance resampling [11,18,23]. These multigeneration
results differ from one-round uses in which selected synthetic text supports classification or pretraining [6,24];
human-model co-writing separately suggests reduced content diversity [30]. Image and diffusion studies
likewise report support loss, class-dependent contamination, and memorization alongside benefits from high-
quality augmentation [4,8,13—14,25]. No universal cross-modal threshold holds: decoding, guidance, data
retention, representation, and evaluation differ, and evidence from frontier-scale recursive pretraining remains
scarce.

3.5 Evaluation

Evaluation should separate fidelity, coverage, utility, novelty, and risk across generations. Table 1
summarizes the principal measures.

Table 1: Compact evaluation framework for recursive synthetic-data studies.

Dimension Representative measures What it reveals Main caution
Fidelity FID; KID; precision and Sample quality and Feature- and estimator-dependent;
density [24,29,32-34] closeness to a reference scalar distances may hide missing
distribution modes

Coverage and Recall and coverage;

Retention of modes, tails,

Sensitive to representation, geometry,

diversity Vendi Score; lexical or and variation and sample size; diversity can reflect
semantic diversity noise
[11,29,32,34,35]
Utility Task scores; general and Usefulness for downstream  Aggregate utility can remain high
specific utility [36,37] analysis or prediction while rare modes disappear
Novelty and  Authenticity and Generation of new samples Requires lineage or reference access
memorization reproduction tests [13,28]  rather than copying and defensible similarity thresholds
Risk and Subgroup and privacy Differential harm, Cannot be inferred from aggregate
traceability audits; provenance and disclosure, and data origin fidelity or utility

documentation checks
[12,38-42]

A longitudinal protocol should report recursive depth, real-synthetic composition, generator identity,
sampling and filtering policies, and matched non-recursive controls [26—27]. Because tail loss may precede
utility decline, every generation should be evaluated. No model-family-independent collapse criterion exists;
fixed-reference representations should be triangulated with coverage measures, expert assessment,
downstream utility, and uncertainty estimates [29,31].

3.6 Mitigation

Mitigation is strongest when independent information is preserved. Independent data mixtures,
accumulation, and fresh observations can stabilize tested loops or avoid fixed-size replacement [8,14—15],
although persistent synthetic fractions may still introduce limiting error under strong-collapse assumptions
[19]. Correction, detector-guided importance resampling, verification, and entropy-aware selection intervene
at different stages [13,16—18,21]. Their guarantees differ: correction requires external knowledge, detection
faces distribution shift, and verification depends on calibration. No generally safe synthetic ratio or filtering
rule has been established.

A threshold example illustrates the precision—coverage trade-off. Suppose a verifier accepts only scores of
at least 0.95. A valid rare-dialect sentence might score 0.80 because calibration data mainly represent majority-
language text and would therefore be removed, while common high-confidence variants remain. Average
accepted-sample validity could rise as tail and subgroup coverage fall. The values are illustrative; the risk
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arises from detector shifts, subgroup imbalances, and verifier blind spots [12,17-18]. Mitigation should
therefore be evaluated as a multi-objective trade-off rather than by acceptance precision alone.

Provenance and governance make recursive exposure measurable but do not establish sample quality. Data
statements, model cards, and datasheets document origin, composition, and limitations [32-34], while
watermarking and zero-shot detection support identification under domain- and transformation-dependent
conditions [35-37]. Sensitive settings require joint assessment of utility, privacy, and domain validity [38].
Lineage records should therefore be combined with independent anchors, selective acceptance, and
longitudinal audits.

3.7 Recovery

Evidence is stronger for prevention than for recovery after support disappears. Existing studies retain or
reintroduce independent data, correct samples, or filter them before severe degradation [14—18]; they do not
show that a rare mode absent from both the dataset and the model can be reconstructed without new evidence.
Stabilization and recovery are therefore distinct claims.

Recovery studies should quantify the independent information needed to restore tail coverage, distinguish
reweighting of retained rare modes from recollection of absent ones, and track novelty, subgroup performance,
and newly introduced errors. Preventive success should not be cited as proof that collapse is reversible.

4. Discussion and Synthesis

4.1 Cross-Study Synthesis

The principal disagreement is not whether recursive training can fail, but which outcome is treated as
evidence of stability and over what horizon. Replacement studies examine support loss; stability analyses
establish conditional behavior under retained-data assumptions; verification studies vary acceptance quality;
and strong-collapse theory characterizes limiting error [7-9,14,17,19-20]. Finite-generation utility, local
stability, asymptotic error floors, and full-support preservation are distinct claims. Conclusions should
therefore be indexed to update the rule, horizon, generator, and verifier quality, and protected outcome.

Design choices reinforce apparent contradictions. Controlled regression and bounded-distribution studies
aid causal isolation but do not reproduce web-scale heterogeneity [10,23,26]. Multigeneration replacement
exposes feedback, whereas one-round augmentation tests sample quality and task relevance [7,24]. Accuracy
or perceptual quality may remain high while rare modes, diversity, or novelty decline, and image and language
studies use different representations and metrics [11,13,29,31,39—40]. Seemingly inconsistent results may
therefore estimate different target quantities rather than oppose one another.

4.2 Methodological Limitations and Research Gaps

External validity is limited by bounded datasets, short recursive horizons, and closed lineages. Operational
ecosystems may combine multiple generators, human editing, retrieval, deduplication, topic switching, and
uncertain provenance; controlled findings do not establish transferability to these open, non-stationary settings
[26-27].

Causal identification is weakened when recursive and non-recursive datasets are unmatched for size,
domain, quality, and sampling policy. Effects attributed to recursion may instead reflect domain shift, filtering,
or unequal quality. Image-contamination and language-pretraining protocols, therefore, motivate separate
identification of data anchoring, recursion, and selection [24-25].

Feature encoders, sample sizes, decoding policies, test contamination, and definitions of collapse constrain
the consistency of evaluation. Fairness, privacy, provenance, utility, and coverage are often studied separately
[12,26,38,41]. Shared generation-level reporting and stopping criteria are needed before cross-modal comparison.

Evidence at scale also remains limited. Few studies jointly vary capacity, synthetic proportion, generator
quality, verification accuracy, and recursive depth, and multigeneration foundation-model pretraining remains
scarce. One-round gains should not be treated as evidence of long-run recursive stability [18,24]. Recovery
after support loss is similarly under-tested.
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4.3 Future Research and Adaptive Framework

Future work should use factorial longitudinal designs that vary update regime, synthetic proportion,
generator quality, verification accuracy, capacity, and sampling policy under fixed budgets. Benchmarks
should contain known tails, subgroup labels, memorization probes, generation-level checkpoints, and equal-
budget controls. Pre-registered collapse definitions would improve comparison. Modality-specific measures
remain necessary for distinct representations and risks [12—13,28-29,31,41-42].

Based on the reviewed evidence, this review proposes a five-layer recursive-data lifecycle: information
source and provenance; recursion design; sampling and selection; learning dynamics; and outcome auditing.
It links data independence and lineage to replacement, mixture, or accumulation; then to filtering, correction,
verification, and weighting; and finally to utility, fidelity, coverage, diversity, memorization, fairness, and
privacy. The framework identifies where independent information enters, inherited error is amplified, and
interventions can be evaluated [14,16—17,34].

Adaptive policies require observable triggers. Candidate signals include declining tail recall or coverage,
rising held-out verification error, and increasing uncertainty about sample origin; they should be monitored
jointly because no single signal is sufficient [17,26,29,31,34]. A policy might lower the synthetic fraction,
broaden independent-data sampling, or tighten verification when coverage falls and verification error rises.
These are proposed triggers, not universal cutoffs; research must estimate pipeline-specific thresholds, false-
alarm costs, and preventive value.

5. Conclusion

The evidence supports a conditional conclusion: recursive synthetic-data training is neither inherently self-
destructive nor automatically sustainable. Risk is greatest when unverified outputs repeatedly replace
independent observations, turning omissions, approximation error, and bias into inherited targets [7-9].
Stability is more plausible when independent data or accumulated history are retained and generated samples
are reliably corrected or verified [14—17]. Long-run behavior, therefore, depends on access to independent,
validated information rather than on a binary distinction between human- and machine-generated data.

The main limitations are controlled datasets, closed lineages, short horizons, incompatible evaluation, and
scarce multigeneration evidence at pretraining scale [18,24,26]. Transfer to ecosystems with multiple
generators, human editing, retrieval, and evolving sources remains uncertain. Recovery is especially
unresolved: after rare modes or minority patterns disappear, the independent evidence needed to restore them
is unknown. Aggregate utility should therefore be interpreted alongside coverage, memorization, fairness,
privacy, and provenance [12-13,28,34,41-42].

Priority should be given to standardized multigeneration benchmarks with matched controls, traceable
lineages, generation-level reporting, and multidimensional metrics. Adaptive governance should connect
intervention to pipeline-specific signals such as declining tail coverage, rising verification error, or increasing
provenance uncertainty [17,27,29,31,34]. These signals can guide synthetic-data ratios, independent collection,
correction, or verification. Recovery studies should determine when lost support can be reconstructed and
when a new collection is necessary. The goal is a recursive learning ecosystem that remains observable,
traceable, and correctable.
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    Q  t + 1 rep =   P  t .


    Q  t + 1 mix =  ( 1 − 𝛼 )   P 0 + 𝛼   P  t ,     0 ≤ 𝛼 ≤ 1 .


    Q  t + 1 mix =  ( 1 − 𝛼 )   P 0 + 𝛼   P  t ,     0 ≤ 𝛼 ≤ 1 .


    Q  t + 1 acc =     n 0   P 0 +   ∑  k = 1  t    n  k   P  k    n 0 +   ∑  k = 1  t    n  k .


    Q  t + 1 acc =     n 0   P 0 +   ∑  k = 1  t    n  k   P  k    n 0 +   ∑  k = 1  t    n  k .

