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Abstract

Reproducibility is a cornerstone of scientific reliability, yet
today’s Al assistants themselves often fail this test. Large
Language Models (LLMs) are increasingly used for envi-
ronmental analyses and data references, yet their ability to
maintain consistent data references across multi-turn con-
versations remains largely unexplored. This study introduces
the concept of environmental reproducibility drift—the phe-
nomenon where environmental data references mutate, dis-
appear, or get fabricated during extended LLM interactions.
Through a comprehensive analysis of 240 conversations
across 4 LLaMA models using 36 authentic environmental
datasets from 6 domains, this work demonstrates significant
data reference instability. Results reveal that environmental
reference stability varies dramatically across models, with
llama-4-maverick-17b showing the highest stability (0.481)
and llama-4-scout-17b showing the worst fabrication rates
(0.856). This study introduces novel metrics including en-
vironmental drift entropy and willingness-to-reference data,
providing a framework for evaluating LLM data reference re-
liability in environmental contexts. We frame environmental
reproducibility drift as a meta-reproducibility benchmark re-
vealing that LLMs cannot reproduce their own environmental
outputs consistently. Instability in reproduced environmental
outputs threatens policy communication and risk assessment
(e.g., flood or wildfire warnings). Our benchmark offers a
practical reliability audit for environmental Al tools prior to
deployment.

Introduction

The integration of Large Language Models (LLMs) into
environmental research workflows has accelerated rapidly,
with models increasingly assisting in environmental report
generation, data analysis, and policy synthesis (Devlin et al.
2019; Brown et al. 2020). However, a critical gap exists in
our understanding of how these models handle environmen-
tal data references—the fundamental currency of environ-
mental communication—across extended conversations.

Recent debates on the reproducibility crisis in Al high-
light the need to evaluate not only human experiments
but also the reproducibility of machine-generated knowl-
edge. This work extends that discourse by testing whether
large language models can reproduce their own factual out-
puts—environmental data references—under controlled, de-
terministic conditions.

Environmental reproducibility drift represents a novel
phenomenon where environmental data references undergo
systematic changes during multi-turn LLM interactions.
This includes data reference mutation (changes in format or
content), data reference loss (disappearing references), and
data reference fabrication (invented references). Environ-
mental reproducibility drift threatens the integrity of envi-
ronmental communication by propagating misinformation,
compromises factual reliability in generative models, and
erodes user trust in Al-assisted environmental research tools.

We distinguish between three complementary layers
of reproducibility in language models: (1) Output repro-
ducibility—producing identical environmental forecasts/-
summaries given same inputs, (2) Referential reproducibil-
ity—preserving same data sources and indicators across
turns, and (3) Epistemic reproducibility—maintaining sta-
ble reasoning about ecological causality/attribution. Envi-
ronmental reproducibility drift directly measures failures in
the second layer.

* Climate/air-quality dashboards can present conflicting
results across identical runs (trust risk).

* Biodiversity & water-resource assessments require re-
peatable references to the same datasets.

* City- and national-level policy memos need stable model
outputs to avoid contradictory guidance.

This study presents the first comprehensive analysis of en-
vironmental reproducibility drift across multiple LLM archi-
tectures, introducing novel metrics and providing actionable
insights for the environmental Al research community.

Related Work
Narrative Related Work

The reliability of LLMs in scientific communication hinges
on controlling hallucinations and maintaining accurate ref-
erences. Comprehensive surveys synthesize the landscape
of hallucination research (Huang et al. 2024b; Alansari and
Lugman 2025). Citation accuracy and mitigation have been
studied via benchmarks and training frameworks, includ-
ing This Reference Does Not Exist (Byun, Vasicek, and
Seppi 2024), ALCE (Gao et al. 2023), FRONT (Huang
et al. 2024a), and post-hoc Citation-Enhanced Generation
(Lietal. 2024). Capacity analyses further probe citation gen-
eration and metrics (Qian et al. 2024).



Citation recommendation and verification lines of work
provide retrieval and validation foundations, spanning clas-
sic surveys (Firber and Jatowt 2020) and recent verification-
first RAG designs such as VeriCite (Zhu 2025), CoV-
RAG (He et al. 2024), and FEVER-style claim verification
pipelines (Adjali 2024). Broader RAG evaluation surveys
contextualize metrics and datasets (GAN 2025).

Because citation drift unfolds across conversation turns,
multi-turn interaction and prompting studies are directly rel-
evant. Surveys of multi-turn capabilities (Zhang et al. 2025)
and advances in chain-of-thought prompting (Wei et al.
2022; Shizhe Diao 2024) inform protocol design that en-
courages models to maintain and justify citations across
turns. Fine-grained citation evaluation frameworks (ALiiCE
(Qin et al. 2024) and follow-ups (?Marzieh Tahaei 2024))
enable claim-level grounding analysis that complements our
drift metrics.

Definition 1 (Environmental Reproducibility Drift).
Environmental reproducibility drift refers to changes in
a model’s environmental data references—through muta-
tion, loss, or fabrication—when responding to semantically
equivalent prompts across conversation turns.

Methodology — Designing a
Meta-Reproducibility Benchmark for
Environmental Reproducibility Drift

Experimental Design

This study designed a controlled experiment to measure en-
vironmental reproducibility drift across multiple LLM mod-
els using authentic environmental content. The experimental
setup includes:

e Models: 4 LLaMA variants (llama-4-maverick-17b,
Ilama-4-scout-17b, llama-3.3-70b, llama-3.3-8b)

* Dataset: 12 seed environmental reports with 36 gold-
standard environmental data references across 6 environ-
mental domains

¢ Protocol: 5-turn conversation structure with structured
environmental data reference format hints

¢ Scale: 240 total data points (4 models x 12 environmental
reports X 5 turns)

e Hyperparameters: All models were run with tempera-
ture = 0.0, top-p = 1.0, and max tokens = 1024 to ensure
deterministic responses

* Execution: Each conversation was generated indepen-
dently per model in parallel to prevent information leak-
age

* Ethics: No human or sensitive data was used; all content
was synthetically generated

Environmental Adaptation

We reused our multi-turn protocol but conditioned prompts
to preserve/extend environmental datasets (e.g., ERAS,
CMIP6, MODIS, GPM, Copernicus Land Cover, GHCN,
VIIRS Fire). We clarified deterministic decoding (temper-
ature=0.0, top-p=1.0) to isolate drift from sampling noise.
Each conversation simulates a workflow: environmental

summary — explanation — policy brief — simplification
— careful extension.
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Figure 1: System architecture for citation drift analysis

Dataset Construction
Our dataset comprises 36 authentic environmental datasets
across 6 domains:
¢ Climate (6 datasets): ERAS, CMIP6, HadCRUT, Berke-
ley Earth, NOAA GHCN, CRU TS

e Air Quality (6 datasets): MODIS AOD, OMI NO2,
TROPOMI, AERONET, EPA AQS, CAMS

¢ Water Resources (6 datasets): GPM, TRMM, GRACE,
MODIS ET, USGS Streamflow, Copernicus Water

* Biodiversity (6 datasets): GBIF, iNaturalist, [UCN Red
List, MODIS NDVI, Landsat, Sentinel-2

* Sustainability Policy (6 datasets): UN SDGs, World
Bank Indicators, OECD Environmental, Eurostat, EPA
TRI, CDP

* Disaster Management (6 datasets): VIIRS Fire, MODIS
Fire, EM-DAT, ReliefWeb, GDACS, NASA FIRMS

Each dataset includes verified metadata: title, source, pub-
lication year, DOI/URL, and access information.

Conversation Protocol

We developed a structured 5-turn conversation protocol de-

signed to elicit environmental data reference behavior:

1. Summarization: “Summarize the environmental report
and list central data sources”

2. Explanation: “Explain how each environmental dataset
supports the claims”

3. Adaptation: “Rewrite for a graduate student audience”

4. Simplification: "Explain for a 12-year-old”

5. Extension: ”Add 3 related environmental datasets and
integrate them”

Each turn includes structured environmental data refer-
ence format hints: ’List environmental data sources as Title



— Source (Year) — DOI/URL:;value or NONE;; each on a
new line.”

Always append sources in this structure: Title — Source
(Year) — DOI/URL:jvalue or NONE,. Preserve earlier
sources unless the turn explicitly permits careful extension.

Environmental Data Reference Parsing
We developed a comprehensive environmental data refer-
ence extraction system supporting multiple formats:

* DOIs: Standard 10.XXXX/XXXX format
Dataset IDs: MODIS, ERAS, CMIP6, GPM identifiers
URLSs: HTTP/HTTPS links to environmental data portals
¢ Source-Year: (Source, Year) or Source (Year) patterns
¢ Structured: Title — Source (Year) — DOI/URL format
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Figure 2: Citation parsing and analysis pipeline

Metrics
We introduce five novel metrics for measuring environmen-
tal reproducibility drift:

Environmental Reference Stability (Jaccard Similarity)
Measures environmental data reference preservation be-
tween consecutive turns:
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Model Stability Fabrication Drift Rate Drift Entropy

llama-4-maverick-17b  0.481 0.377 0.197 1.114
Illama-3.3-70b 0.057 0.293 0.104 0.385
llama-3.3-8b 0.000 0.762 0.239 0.807
Illama-4-scout-17b 0.000 0.856 0.232 1.005

Table 1: Environmental Reproducibility Metrics Across
Models (higher stability better; lower fabrication better).

where C; represents environmental data references at turn ¢.
Jaccard similarity was chosen for interpretability and robust-
ness to partial reference overlap. Interpretation: how con-
sistently the system preserves the same datasets/indicators
across turns.

Data-Fabrication Rate Proportion of environmental data
references that are invented or incorrect:

|Fabricated Environmental DataRe fer

Data — FabricationRate =

|Total Environmental DataRe feren

2)
Interpretation: share of spurious or non-verifiable dataset-
s/links.

Environmental Drift Rate Rate of environmental data
reference changes between turns:
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where A denotes symmetric difference. Interpretation: frac-
tion of added/removed sources turn-to-turn.

Prediction/Reference Drift Entropy Measures random-
ness in environmental data reference changes:
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where p; is the probability of environmental data reference
change type i. Interpretation: unpredictability of changes in
sources/outputs; higher = less reliable.

Willingness-to-Reference Data (WTR) Binary metric
indicating whether the model provides any environmental
data references:

WTR = {1if|Ct| > 000otherwise 5)

Interpretation: whether the model grounds its claims at all.

Reproducibility Findings

These results quantify environmental reproducibility loss
across deterministic runs, defining environmental reference
stability and data-fabrication as reproducibility metrics.

Overall Environmental Reproducibility

Our analysis of 240 conversations reveals significant varia-
tion in environmental data reference behavior across models.
Table 1 summarizes the key findings.



Key Findings

Summary (compact). Environmental reference stabil-
ity varies widely across models (0.000-0.481). llama-4-
maverick-17b leads on environmental reference stability;
llama-3.3-70b has the lowest data-fabrication; llama-4-
scout-17b shows the highest data-fabrication. The Maver-
ick model shows 8x higher environmental reference sta-
bility than 8B, suggesting parameter count and fine-tuning
strategy both affect environmental data reference persis-
tence. Larger models do not consistently outperform smaller
ones, and environmental domain-specific patterns are ev-
ident. These disparities confirm that environmental repro-
ducibility is model-specific, not architecture-invariant, even
when all decoding parameters remain identical.

Results Summary

Figures 3-8 show key patterns: llama-4-maverick-17b leads
environmental reference stability; llama-4-scout-17b shows
highest data-fabrication; llama-3.3-70b has lowest environ-
mental drift rate; entropy varies significantly across models.
Higher drift entropy in disaster management implies greater
risk of conflicting advisories. Models with higher environ-
mental reference stability are safer defaults for public cli-
mate dashboards.
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Figure 3: Environmental Reference Stability across 5 turns.
LLaMA-4-Maverick-17B preserves environmental data ref-
erences better than other models.

Discussion
Implications and Limitations

Implications: Researchers should prioritize llama-4-
maverick-17b for environmental data reference tasks; avoid
llama-4-scout-17b due to high data-fabrication (85.6%).
High data-fabrication rates (29.3-85.6%) require systematic
verification. Structured format hints improve consistency.
This framework can support editorial review pipelines,
automated environmental data reference checkers, and
reliability audits for Al-generated environmental texts.
Environmental reproducibility drift reveals underlying
instability in factual memory retention, aligning with recent
work on temporal consistency in LLMs.

Fabrication Rate vs Turn

—&- llama-3.3-70b

~&- llama-3.3-8b

—3&- llama-4-maverick-17b
T T llama-4-scout-17b

1.0 =s T !

Avg Fabrication Rate (DOI-level)

0.0

1.0 15 2.0 25 3.0 35 4.0 45 5.0
Turn

Figure 4: Data-Fabrication Rate by model and turn

Citation Drift Rate vs Turn
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Figure 5: Environmental drift rates across conversation turns

Citation Drift Entropy by Model
o

g
i

=
N)

=
<}
o

|

Drift Entropy
o o
S o

°
~

=4
o
o

Figure 6: Prediction/Reference drift entropy indicating ran-
domness in environmental data reference changes

The presence of environmental reproducibility drift under
deterministic decoding suggests that reproducibility failures
stem from internal stochasticity and memory compression,
not random sampling. Auditing such reproducibility at the




Willingness to Cite vs Turn
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Figure 7: Model willingness to provide environmental data
references across turns
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Figure 8: Total environmental data references vs DOI cita-
tions by turn

environmental data reference level may serve as an early di-
agnostic for larger epistemic instability in LLMs.

Limitations: Limited to 4 LLaMA variants, 6 environ-
mental domains, 240 data points. Current study is text-only;
next step is text+satellite/sensor fusion. Partial reliance on
allowlists for ”canonical” environmental datasets; propose
DOI/URL live validation in future.

Future Work: Scale to 100 environmental reports/300
datasets, include GPT/Claude models, add real-time DOI
validation, expand environmental domains. Future work
could explore environmental reproducibility interventions
such as environmental data reference-locking or retrieval-
based verification modules and evaluate how structured en-
vironmental reference memory reduces drift in multi-turn di-
alogues.

Even under identical seeds and decoding settings, mod-
els exhibit significant environmental data reference diver-
gence—violating basic reproducibility expectations. Envi-
ronmental Reproducibility Drift thus reveals that factual
memory in LLMs is non-reproducible across turns, requiring
formal auditing frameworks for Al-generated environmental
research.

Policy & Governance

Before using Al outputs in public-facing environmental
dashboards, agencies should run a reproducibility audit (our
metrics) and publish stability baselines.

Scientific Integrity

Peer review for environmental Al should require referential
reproducibility (identical data lists across reruns) and pro-
vide artifact bundles (prompts, seeds, outputs).

Benchmarks & Tooling

Extend to multimodal settings (satellite, sensor), add
DOI/URL verification, and support domain allowlists
(ERAS, CMIP6, MODIS...) to reduce false fabrication
flags.

Conclusion

This study introduces environmental reproducibility drift
and provides the first comprehensive analysis of environ-
mental data reference stability in multi-turn LLM conversa-
tions. Key contributions: novel metrics (environmental refer-
ence stability, data-fabrication rate, environmental drift rate,
prediction/reference drift entropy, willingness-to-reference
data), comprehensive analysis (240 conversations, 4 models,
36 environmental datasets), practical insights (model rank-
ings), and methodological framework. We introduce the first
benchmark for evaluating environmental data reference reli-
ability in multi-turn environmental dialogue systems.

Findings reveal significant environmental data reference
instability (data-fabrication rates up to 85.6%). llama-4-
maverick-17b is most reliable; 1lama-4-scout-17b shows
concerning patterns. Results emphasize need for systematic
environmental data reference verification and careful model
selection in environmental contexts. Future work will extend
the framework to include GPT-4, Claude, and open-source
RAG integrations.

Environmental reproducibility drift thus provides a
concrete, data-driven benchmark for assessing meta-
reproducibility in agentic Al systems, extending classical
notions of replication to machine-generated environmental
knowledge.
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