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LLM Output Degradation

Consolidated and Re-validated Findings from Gemini, GPT, Claude, and
Kimi Reports
Prepared: June 22, 2026

Scope note. This report synthesizes the supplied LLM-generated research artifacts and re-validates their major claims
against external primary, peer-reviewed, official, or otherwise traceable sources. It does not rerun benchmark
experiments; it checks source existence, claim/source alignment, and confidence level.

Bottom line

The major convergence across all supplied reports is correct: LLM quality is not limited only by nominal context-window size.
It degrades through multiple mechanisms - positional blind spots, noisy or stale context, conflicting instructions, multi-turn
state drift, decoding behavior, overlong reasoning, and system-level constraints. The defensible mitigation is not simply ‘use
more tokens'; it is to engineer, evaluate, and refresh the context state.
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1. Executive summary

e Main validated finding: Longer context windows increase capacity, not guaranteed usable memory. Multiple
external benchmarks show non-uniform retrieval, middle-position weakness, degradation as length and complexity
grow, and a gap between advertised and effective context [V1-V6].

e Most important interaction finding: Tasks split across dialogue turns can be substantially less reliable than fully
specified single-turn prompts. Laban et al. report a 39% average drop across six generation tasks, with failures
driven more by unreliability and premature assumptions than by total inability [V7].

e Most important design implication: Context must be treated as a managed runtime surface: curated, structured,
compacted, retrieved, re-ranked, audited, and regression-tested [V22-V24, V31].

e Most important correction: Several supplied reports overstate universality or precision. The external literature
supports ‘all tested models in these studies’ more than 'all LLMs.' Exact effective-context numbers are model,
version, task, and benchmark dependent.

e Most important operational warning: Architectural tricks that reduce memory or enable streaming, such as
attention sinks, H20, and selective state-space models, are valuable but do not automatically solve semantic
retrieval, multi-hop integration, or prompt-injection risks [V15-V17, V25-V28].

The strongest validated synthesis is a layered one. Input-side degradation comes from position, length, noisy retrieval,
and stale or conflicting content. Interaction-side degradation comes from multi-turn underspecification, early wrong
assumptions, and agent histories that accumulate irrelevant or misleading state. Output-side degradation comes from
decoding, long-form generation limits, overthinking, hallucination, and style/verbosity drift. System-side degradation
comes from truncation, KV-cache pressure, latency, and security boundaries. Because these modes have different
causes, they need different mitigations.

The supplied reports agreed strongly on context rot, lost-in-the-middle, multi-turn failure, RAG/context engineering, and
compaction. The re-validation layer confirms those broad findings. The main caveats are about numerical precision,
source quality, and causal overreach: a benchmark score is not automatically a mechanism, a secondary blog is not a
reproducible benchmark, and a memory-saving architecture is not a reliability guarantee.

2. What was re-validated and how

The validation pass used the five substantive reports in the uploaded archive, then checked major claims against external
sources. Evidence was weighted by source quality: peer-reviewed papers and official documentation received highest
weight; arXiv preprints were treated as traceable but not final; industry technical reports were used when their claims
were specific and consistent with independent work; practitioner blogs and secondary benchmark pages were used only
as low-confidence corroboration or to identify where a supplied report got a number from.

Input LLM Supplied artifact Main contribution to synthesis

Gemini Gemini/ Architectural vulnerabilities, lost-in-the-
Gemini_Deep_Research_Degradation/ middle, context rot, RAG and memory-
report.md oriented mitigations.

GPT GPT/ Claims/evidence table; long context, multi-

GPT-5.5 Pro deep research

LLM_Output_Degradation_Research_20260
621/
research_report_20260621_lim_output_degr
adation.md

GPT/

LLM_Output_Deep_Research_GPT5.5PRO/
deep-research-report.md

turn, instruction conflict, RAG, context
engineering.

Broad degradation taxonomy: drift,
hallucination, prompt injection, operations,
tooling, monitoring.

Claude Claude/ Context rot, effective context, multi-turn
LLM_Output_Degradation_Research_20260 unreliability, decoding degeneration,
621/ overthinking, context engineering.
research_report_20260621_llm_output_degr
adation.md

Kimi Kimi/Kimi_Agent_LLM Output Degradation Detailed mechanics and architectural

Study/report.md

mitigation catalog; includes several model-
specific benchmark tables requiring caveats.
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Validation limits

This report did not rerun Chroma, RULER, NoLiMa, LongBench, MT-OSC, or other benchmark suites. A claim marked
Confirmed means it is supported by traceable external sources, not that the result was experimentally reproduced in this

environment.

3. Validation matrix

The matrix below compresses the core validation judgments. It intentionally preserves caveats instead of smoothing them

away.
Claim Raised by Validation Notes External refs
Long context windows do not All five Confirmed Lost in the Middle, RULER, V1, V2, V3, V4, V6
guarantee reliable use of all NoLiMa, Chroma, and
tokens. LongBench v2 all support the
direction of the claim. Use
‘tested models' rather than
‘all models.'
Models often perform best Gemini, GPT, Claude, Kimi Confirmed Directly supported by Lost in V2
when evidence is near the the Middle. Some recent
beginning or end, and worse models reduce but do not
in the middle. eliminate the phenomenon;
exact size is model/task
dependent.
Needle-in-a-haystack GPT, Claude, Kimi Confirmed RULER and NoLiMa show V3, V4, V5
success overstates drops when tasks add
production long-context complexity, multiple needles,
ability. aggregation, or lexical
mismatch.
NoLiMa shows a large 32K GPT, Claude, Kimi Qualified The 99.3 to 69.7 GPT-40 V4, V5
degradation and GPT-40 figure is supported. The
falls from 99.3% to 69.7%. count of models below 50%
appears as 10 in the official
repository and as 11 in
later/publication-indexed
summaries; report both
rather than forcing one
number.
Context rot is a measurable All five Confirmed with caveat Chroma's 18-model industry Vi
decline as input length evaluation supports this
grows, even before the framing; it is valuable but not
window is full. peer-reviewed. Treat it as
technical-report evidence.
Adding more retrieved GPT, Claude, Gemini, Kimi Confirmed Supported by Long-Context V18
passages can first help and LLMs Meet RAG. It argues
then hurt because hard for reranking, reordering, and
negatives enter the prompt. retrieval quality gates rather
than top-k stuffing.
RAG always beats naive Kimi; partially Gemini/GPT Overstated The literature is task V18, V19, V20
long context at high token dependent: LC can
counts. outperform RAG on some
QA, while RAG helps
dialogue/general queries and
noisy/hard-negative control.
Use workload-specific evals.
Multi-turn conversations GPT, Claude, Gemini, Kimi Confirmed Laban et al. report an V7,V8
degrade when full task specs average 39% drop across six
are spread across turns. generation tasks and
attribute it largely to
unreliability and premature
assumptions.
Intent mismatch is a major GPT,; partially Kimi Qualified A 2026 preprint supports the V9

driver of multi-turn failures.
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framing and mediator-style
mitigation, but this is newer
and less settled than the
39% degradation result.



Claim

Conversation-history
condensation can reduce
tokens while preserving or
improving accuracy.

Generation quality can
degrade on the output side,
not only because of input
retrieval failures.

More reasoning tokens are
not always better.

Instruction ambiguity/conflict
and prompt injection are
separate reliability hazards
from context length.

Architectural techniques
such as attention sinks, H20,
Mamba, or sliding windows
solve degradation.

Kimi's 2026 frontier-model
table gives reliable current
effective context values.

Raised by
GPT, Kimi, Claude

GPT, Claude

GPT, Claude, Kimi

GPT deep, GPT concise,

Claude

Kimi, Claude, Gemini

Kimi

4. Consolidated findings

Validation
Promising

Confirmed

Qualified/confirmed

directionally

Confirmed

Qualified

Low confidence

Consolidated and re-validated LLM output degradation report

Notes

MT-OSC reports up to 72%
fewer tokens in 10-turn
dialogues; AdaCoM reports
performance gains in long-
horizon agents. Both are
recent preprints and should
be reproduced in the target
workload.

Holtzman et al. support
decoding-level degeneration;
LongGenBench supports
long-form output difficulty
even for models strong on
retrieval benchmarks.

Recent preprints find
diminishing returns, non-
monotonic gains, and
overthinking; exact stop rules
are workload and model
specific.

Official model-spec
guidance, ManylIH,
Anthropic, and OWASP
support separation of trusted
instructions from untrusted
data and defense-in-depth.

These techniques address
streaming, memory, and
sequence-efficiency issues.
They do not by themselves
guarantee faithful reasoning
over arbitrary long, noisy
contexts.

The cited Digital Applied
page exists and contains the
numbers, but it is a
secondary blog with limited
methodological detail. Do not
use those exact model
rankings without rerunning or
finding primary benchmark
data.

External refs
V10, V11

V12, V29

V13, V14

V25, V26, V27, V28

V15, V16, V17

V33

4.1 The effective context window is smaller than the advertised context window

All reports converge on the same practical distinction: a context window is an input-capacity ceiling, not a promise that the
model will use every token equally well. Lost in the Middle shows positional non-uniformity; RULER shows degradation

with longer inputs and more complex tasks; NoLiMa shows a sharp drop when lexical shortcuts are removed; LongBench
v2 shows that realistic long-context reasoning remains hard even for strong models [V2-V6].

The correct phrasing is therefore: '‘Advertised context length is necessary but not sufficient.' It is valid to say that many
evaluated long-context models have an effective context shorter than their maximum accepted token count. It is not valid
to treat any one secondary benchmark table as a universal, stable measurement of current model capability.

4.2 Positional effects are real, but their shape is task and model dependent
The classic lost-in-the-middle pattern is well supported: models often use evidence near the beginning or end of the
prompt better than evidence buried in the middle [V2]. However, some supplied wording treated this as a fixed universal
curve for every decoder-only model. The revalidated statement should be more careful: middle-position weakness is a
repeated empirical pattern across many tested models and tasks, and it should be tested for the target model and prompt

format.
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4.3 Context rot is best understood as reliability decay from accumulated tokens

Chroma's 2025 technical report evaluated 18 LLMs and found that performance becomes increasingly unreliable as input
length grows, even on simple tasks [V1]. This aligns with RULER and NoLiMa, but it is still an industry technical report.
The most defensible use of 'context rot' is as an engineering label for token-accumulation reliability decay caused by
length, position, distractors, stale facts, and conflicting state - not as a single proven mechanism.

4.4 Retrieval can help or hurt depending on relevance, ranking, and prompt packing

The reports agree that RAG is a central mitigation, but the validation pass adds nuance. Long-Context LLMs Meet RAG
finds that adding more retrieved passages can initially improve output and then degrade it as hard negatives enter the
prompt; retrieval reordering is one mitigation [V18]. Long Context vs. RAG finds that long-context input can outperform
RAG for some QA settings while RAG has advantages in dialogue-based and general queries [V19]. LOFT shows long-
context models can rival retrieval/RAG in some retrieval-like tasks, but still struggle with compositional reasoning [V20].

Operationally, this means RAG should not be implemented as blind top-k stuffing. It should include query-focused
retrieval, deduplication, reranking, source quality gates, chunk-size tests, and prompt ordering that keeps decisive
evidence close to the model's active attention surface.

4.5 Multi-turn degradation is one of the strongest validated findings

Laban et al. show that LLMs can perform much worse when the same task specification is distributed over multiple turns
rather than provided in a fully specified single turn. The paper reports an average 39% drop across six generation tasks,
based on large-scale simulated conversations, and decomposes the failure into a minor aptitude loss and a larger
unreliability increase [V7]. The paper was also listed among ICLR 2026 outstanding papers [V8].

This result matters because many real deployments are multi-turn: support workflows, coding sessions, research agents,
sales assistants, data-analysis copilots, and project managers all gather requirements over time. Single-turn evaluation
can therefore overstate production reliability.

4.6 Some multi-turn failures are task-specification failures, not pure memory failures

Newer work argues that the model may have the information somewhere in the dialogue but not a clean compiled task
specification; this is framed as an intent-alignment gap [V9]. This is consistent with the supplied reports' recommendation
to maintain explicit state: current objective, constraints, decisions, unresolved questions, evidence ledger, tool results,
and next action. Condensation systems such as MT-OSC and adaptive context management systems such as AdaCoM
are promising but should be validated in the deployment domain [V10, V11].

4.7 Output-side degradation is distinct from input-side context degradation

Several reports correctly separated input retrieval from output generation. Holtzman et al. showed that decoding strategy
alone can cause bland or repetitive text degeneration, motivating nucleus sampling [V12]. LongGenBench shows that
models can struggle with long-form generation and instruction adherence even when retrieval benchmarks look strong
[V29]. Grounding benchmarks such as FACTS and RAGTruth further show that source-aware generation needs explicit
factuality checks, not just longer prompts [V21, V30].

4.8 More reasoning tokens can improve results, plateau, or hurt

The supplied reports' ‘overthinking' point is directionally supported. Recent test-time scaling studies report non-monotonic
curves, diminishing marginal returns, answer abandonment, and different optimal budgets for different problem difficulties
[V13, V14]. This does not negate reasoning models; it means reasoning budget should be a controlled variable with stop

rules, verification, or parallel sampling rather than an unlimited instruction to 'think longer.’

4.9 Instruction conflicts and prompt injection are a reliability layer, not just a security add-on
Instruction hierarchy and prompt injection appeared mostly in the GPT reports, but they belong in the unified taxonomy.
Official model-spec guidance treats messages and data as having different authority levels and explicitly warns that
quoted text, file attachments, and tool outputs should be treated as untrusted by default unless authority is delegated
[V25]. ManyIH suggests that models struggle when instruction conflicts scale across many privilege levels [V26].
Anthropic and OWASP guidance frames prompt injection as a major security challenge requiring defense in depth [V27,
v28].

4.10 Architecture helps, but application-level context management remains necessary

Kimi and Claude emphasized architectural interventions. StreamingLLM shows that retaining initial ‘attention sink' tokens
can stabilize streaming inference [V15]. H20 dynamically retains recent and heavy-hitter KV-cache tokens to reduce

Prepared from supplied Gemini, GPT, Claude, and Kimi research artifacts; external re-validation performed June 22, 2026.



Consolidated and re-validated LLM output degradation report

memory cost [V16]. Mamba proposes selective state-space modeling with linear sequence scaling [V17]. These are
important, but they are not substitutes for retrieval quality, state compaction, prompt hierarchy, or grounded verification.

5. Corrections and caveats to the supplied reports

Issue
NoLiMa count discrepancy

'Universal' degradation

Chroma context rot

Kimi frontier-model table

'‘Below 200K works for every frontier model'
'RAG almost always beats long context'

Catastrophic forgetting terminology

Mechanistic claims

Reasoning token waste

6. Production mitigation stack
The highest-confidence mitigation is a stack, not a single prompt. The stack below synthesizes the recommendations that

survive validation.

Layer
Context budget

Instruction hygiene

Retrieval quality

Prompt packing

Correction | caveat

The reports used both 10 and 11 for the number of models dropping
below 50% at 32K. The official repository states 10; publication-
indexed summaries show 11. The report preserves this discrepancy
and treats the exact count as version-dependent [V4, V5].

The broad direction is well supported, but the exact claim should be
‘all models tested in the cited benchmarks' rather than all possible
LLMs.

The Chroma source is useful and specific, but it is an industry
technical report. It should be triangulated with RULER, NoLiMa, and
Lost in the Middle rather than treated as sole proof [V1-V4].

The Digital Applied source exists and contains the model-specific
numbers Kimi cited, but it is a secondary source with limited
reproducibility detail. The exact rankings and model numbers were
not promoted into the main conclusions [V33].

This is too broad. Reliability depends on model, task, instruction
complexity, distractors, prompt structure, and output format.

This overstates a nuanced literature. LC, RAG, and hybrid
approaches dominate in different settings [V18-V20].

Some supplied text blended multi-turn state drift with continual-
learning catastrophic forgetting. The production issue here is better
called state drift, memory interference, or stale-context accumulation
unless discussing model training.

Attention dilution, softmax effects, and information propagation
decay are plausible explanatory frames, but benchmark results alone
do not prove a single mechanism. They should be used as
hypotheses for diagnosis.

Specific percentages from some mitigation matrices were not
independently validated. The validated claim is non-monotonic value
and overthinking risk, not a universal waste percentage [V13, V14].

Recommended control

Set a target working-context budget below the
max window. Track token growth by category:
system/developer instructions, user history,
retrieved docs, tool outputs, scratch state, and
examples.

Keep authoritative instructions short, non-

conflicting, and separated from untrusted data.

Put data in explicit blocks and state that data
may contain instructions to ignore.
Use high-recall search followed by reranking,

deduplication, freshness checks, source
reliability checks, and hard-negative tests.

Place task, constraints, and answer schema
clearly; keep key evidence near the active

edges or use repeated summaries/indices when

appropriate. Ask for quote-first grounding on
long documents.

How to measure it

Token logs; context composition diffs; alert
when low-value tokens exceed threshold.

Instruction-conflict evals; prompt-injection tests;
role/authority audits.

Recall@k, precision@k, citation coverage,
unsupported-claim rate.

Position-sweep eval; middle-evidence failure
rate; quote coverage.
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Layer
Multi-turn state

Compaction

Tool results

Grounding

Reasoning budget

Agent safety

Regression evals

Recommended operating principle

Consolidated and re-validated LLM output degradation report

Recommended control

Maintain a structured state ledger: objective,
assumptions, constraints, decisions, open
guestions, evidence, and next action.
Reconfirm state before irreversible actions.

Periodically summarize or fold conversation
history into a validated state object. Keep raw
evidence links/IDs so compaction does not
silently delete critical facts.

Do not carry bulky tool outputs forever. Extract
facts, source IDs, and action-relevant results;
clear raw outputs once summarized and
citeable.

Require evidence for factual claims, especially
in RAG. Use source quotes, citations, or
external tools. Allow abstention when evidence
is insufficient.

Use moderate, task-specific reasoning limits.
For hard tasks, prefer verification, self-
consistency, or parallel reasoning over
unlimited serial overthinking.

Separate planning from acting, isolate untrusted
content, use least-privilege tools, and require
confirmation for high-impact actions.

Run long-context, multi-turn, hard-negative,
stale-context, and prompt-injection tests on
every model/prompt/retrieval change.

How to measure it

State-drift tests; recovery-after-wrong-turn tests;
user correction uptake.

Summary fidelity tests; dropped-constraint rate;
token reduction vs accuracy.

Tool-result retention audit; repeated stale-
output incidents.

Groundedness score;
hallucination/contradiction rate; no-answer
calibration.

Accuracy vs token budget curve; cost per
correct answer; answer-flip rate.

Prompt-injection red team pass rate; tool
misuse incidents; confirmation compliance.

Release gate dashboard; pass/fail trend;
change attribution.

Before adding tokens, ask: Is the new content relevant, current, non-duplicative, trusted, and positioned so the model can use
it? If the answer is no, retrieval, compaction, or isolation is usually better than context stuffing.

7. Evaluation protocol

A production team should validate its own workload rather than copy headline benchmark results. The following suite
converts the literature into practical regression tests.

Test
Position sweep

Length sweep

Lexical mismatch
Hard-negative RAG
Multi-needle integration

Multi-turn shard

Wrong-turn recovery
Stale-context audit
Prompt-injection drill

Reasoning budget curve

Design

Move the decisive fact through beginning,
early-middle, center, late-middle, and end
positions while keeping all else constant.

Hold task constant while increasing
irrelevant but realistic context from small to
near-window sizes.

Ask questions whose wording differs from
the supporting passage, NoLiMa-style.
Add semantically similar but wrong
passages to the retrieved set.

Require combining multiple facts spread
across documents or turns.

Split a fully specified task across several
turns and compare with a single-turn
version.

Introduce an early ambiguity or model
mistake, then correct it later.

Include old policy/code facts plus newer
superseding facts.

Put malicious instructions inside retrieved
docs, webpages, emails, or tool outputs.

Run fixed tasks at low, medium, high, and
excessive reasoning budgets.

Failure mode detected
Detects lost-in-the-middle and prompt-
packing sensitivity.

Detects context rot/length penalty.

Detects overreliance on literal matching.
Detects context clash and distractor
susceptibility.

Detects single-needle benchmark overfitting.

Detects conversation-state degradation.

Detects recovery failure and assumption
stickiness.

Detects recency/freshness failures.

Detects authority-boundary failures.

Detects overthinking, answer flips, and
cost/accuracy optimum.
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Test
Groundedness check

8. Findings by source LLM
LLM report
Gemini

GPT concise report

GPT-5.5 Pro deep report

Claude

Kimi

9. References
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Design

Score every factual claim against source
passages or external tools.

Most useful contribution

Strong emphasis on architectural
vulnerabilities, attention dilution, lost-in-the-
middle, context rot, RAG, memory, and long-
conversation drift.

Best claim-evidence structure. Correctly
highlighted long context, hard negatives,
multi-turn, instruction ambiguity/conflict, and
context engineering.

Broadest operational taxonomy: context rot,
prompt drift, ambiguity, hallucination, style
drift, latency, distribution shift, prompt
injection, cascading errors.

Strong on context rot, claimed-vs-effective
context gap, multi-turn degradation,
decoding degeneration, overthinking, and
Anthropic-style context engineering.

Richest architectural and production catalog:
RAG, summarization, compaction, H20,
Mamba, sliding windows, benchmarking,
cost engineering.

Failure mode detected

Detects hallucinations and citation
laundering.

Caveat

Useful conceptual framing, but some
citations were listed without direct claim-level
sourcing. Treat as synthesis, not evidence
table.

Most internally auditable because it included
claims/evidence/source JSON. Some
citations required re-grounding to external
URLs.

Original citation tokens were not portable;
findings were revalidated independently
where possible.

Several 2026 arXiv claims were plausible but
early-stage; context rot source is industry not
peer-reviewed.

Several numeric model tables and
mitigation-effectiveness percentages relied
on weak or secondary sources. Use the
taxonomy; re-test the numbers.

References are numbered by validation ID used throughout the report. Source class and validation use are included to

make source quality explicit.

[V1] Hong, Troynikov, and Huber, Context Rot: How Increasing Input Tokens Impacts LLM Performance. Industry
technical report, 2025. https://www.trychroma.com/research/context-rot Validation use: Supports context-rot claim for

18 tested models; not peer-reviewed.

[V2] Liu et al., Lost in the Middle: How Language Models Use Long Contexts. Academic paper; TACL 2024 / arXiv 2023.
https://arxiv.org/abs/2307.03172 Validation use: Supports U-shaped positional degradation.

[V3] Hsieh et al., RULER: What's the Real Context Size of Your Long-Context Language Models?. Academic benchmark
paper, 2024. https://arxiv.org/abs/2404.06654 Validation use: Supports claimed-vs-effective context gap and task

complexity effects.

[V4] Modarressi et al., NoLiMa: Long-Context Evaluation Beyond Literal Matching. Academic benchmark paper, 2025.
https://arxiv.org/abs/2502.05167 Validation use: Supports lexical-overlap caveat and long-context retrieval degradation.

[V5] Adobe Research NoLiMa official repository. Official code/results repository.

https://github.com/adobe-research/NoLiMa Validation use: Used to reconcile the 10-vs-11 discrepancy and model

result table.

[v6] Bai et al., LongBench v2. Peer-reviewed ACL 2025 paper. https://aclanthology.org/2025.acl-long.183/ Validation use:
Supports difficult realistic long-context multitask benchmark results.

[V7] Laban et al., LLMs Get Lost In Multi-Turn Conversation. ICLR 2026 OpenReview paper.
https://openreview.net/forum?id=VKGTGGcwI6 Validation use: Supports 39% multi-turn performance drop and

unreliability mechanism.

[V8] ICLR 2026 Outstanding Papers announcement. Conference announcement.

https://blog.iclr.cc/2026/04/23/announcing-the-iclr-2026-outstanding-papers/ Validation use: Validates

award/outstanding-paper status for Laban et al.
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[V9] Liu et al., Intent Mismatch Causes LLMs to Get Lost in Multi-Turn Conversation. arXiv preprint, 2026.
https://arxiv.org/abs/2602.07338 Validation use: Supports intent-alignment framing; early-stage evidence.

[V10] Singh et al., MT-OSC: Path for LLMs that Get Lost in Multi-Turn Conversation. arXiv preprint, 2026.
https://arxiv.org/abs/2604.08782 Validation use: Supports sequential condensation/token reduction as a multi-turn
mitigation.

[V11] Yi et al., Learning Agent-Compatible Context Management for Long-Horizon Tasks. arXiv preprint, 2026.
https://arxiv.org/abs/2605.30785 Validation use: Supports adaptive context management for long-horizon agents.

[V12] Holtzman et al., The Curious Case of Neural Text Degeneration. Academic paper, 2019.
https://arxiv.org/abs/1904.09751 Validation use: Supports decoding-level degeneration and nucleus sampling.

[V13] Ghosal et al., Does Thinking More always Help? Understanding Test-Time Scaling in Reasoning Models. arXiv
preprint, 2025. https://arxiv.org/abs/2506.04210 Validation use: Supports non-monotonic benefits from extended
thinking.

[V14] Zhou et al., When More Thinking Hurts: Overthinking in LLM Test-Time Compute Scaling. arXiv preprint, 2026.
https://arxiv.org/abs/2604.10739 Validation use: Supports diminishing returns and answer abandonment under
excessive reasoning.

[V15] Xiao et al., Efficient Streaming Language Models with Attention Sinks. Academic/engineering paper, 2023.
https://arxiv.org/abs/2309.17453 Validation use: Supports attention-sink and StreamingLLM claims.

[V16] Zhang et al., H20: Heavy-Hitter Oracle for Efficient Generative Inference of LLMs. Academic paper / NeurlPS
2023. https://arxiv.org/abs/2306.14048 Validation use: Supports KV-cache pressure and heavy-hitter eviction;
efficiency not semantic guarantee.

[V17] Gu and Dao, Mamba: Linear-Time Sequence Modeling with Selective State Spaces. Academic architecture paper,
2023. https://arxiv.org/abs/2312.00752 Validation use: Supports linear-time sequence modeling as an architectural
alternative.

[V18] Jin et al., Long-Context LLMs Meet RAG. Academic paper, 2024. https://arxiv.org/abs/2410.05983 Validation use:
Supports hard-negative degradation and retrieval reordering.

[V19] Li et al., Long Context vs. RAG for LLMs. Academic paper, 2024/2025. https://arxiv.org/abs/2501.01880 Validation
use: Supports task-dependent LC vs RAG trade-offs.

[V20] Lee et al., Can Long-Context Language Models Subsume Retrieval, RAG, SQL, and More?. Academic benchmark
paper, 2024, https://arxiv.org/abs/2406.13121 Validation use: Supports potential of long context but limitations in
compositional/SQL-like reasoning.

[V21] Jacovi et al., The FACTS Grounding Leaderboard. Academic/benchmark paper, 2025.
https://arxiv.org/abs/2501.03200 Validation use: Supports grounding and factuality evaluation for long-form responses.

[V22] Anthropic, Effective context engineering for Al agents. Official industry engineering guidance, 2025.
https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents Validation use: Supports context
engineering as a systems discipline.

[V23] Anthropic Claude Cookbook, Context engineering: memory, compaction, and tool clearing. Official cookbook, 2026.
https://platform.claude.com/cookbook/tool-use-context-engineering-context-engineering-tools Validation use: Supports
compaction, tool-result clearing, and memory patterns.

[V24] Anthropic Claude API Docs, Prompting best practices. Official documentation.
https://platform.claude.com/docs/en/build-with-claude/prompt-engineering/claude-prompting-best-practices Validation
use: Supports long-context prompt structure and quote-first grounding.

[V25] OpenAl Model Spec, chain of command and untrusted data guidance. Official model behavior specification.
https://model-spec.openai.com/2025-04-11.html Validation use: Supports instruction hierarchy and treating quoted/tool
data as untrusted by default.

[V26] Zhang et al., Many-Tier Instruction Hierarchy in LLM Agents. arXiv preprint, 2026. https://arxiv.org/abs/2604.09443
Validation use: Supports difficulty of scaled instruction conflicts in agent systems.

[V27] Anthropic, Mitigating the risk of prompt injections in browser use. Official research/engineering post, 2025.
https://www.anthropic.com/research/prompt-injection-defenses Validation use: Supports prompt injection as a major
security challenge for browser agents.
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https://arxiv.org/abs/2312.00752
https://arxiv.org/abs/2306.14048
https://arxiv.org/abs/2309.17453
https://arxiv.org/abs/2604.10739
https://arxiv.org/abs/2506.04210
https://arxiv.org/abs/1904.09751
https://arxiv.org/abs/2605.30785
https://arxiv.org/abs/2604.08782
https://arxiv.org/abs/2602.07338

Consolidated and re-validated LLM output degradation report

[V28] OWASP, LLM Prompt Injection Prevention Cheat Sheet. Security guidance.
https://cheatsheetseries.owasp.org/cheatsheets/LLM_Prompt_Injection_Prevention_Cheat Sheet.html Validation use:

Supports defense-in-depth and data/instruction separation framing.

[V29] Wu et al., LongGenBench: Benchmarking Long-Form Generation in Long Context LLMs. Academic benchmark
paper, 2024/2025. https://arxiv.org/abs/2409.02076 Validation use: Supports output-side long-form generation

degradation.

[V30] Niu et al., RAGTruth. Peer-reviewed ACL 2024 paper. https://aclanthology.org/2024.acl-long.585/ Validation use:
Supports RAG hallucination measurement and evidence that RAG can still hallucinate.

[V31] Mei et al., A Survey of Context Engineering for Large Language Models. arXiv survey, 2025.
https://arxiv.org/abs/2507.13334 Validation use: Supports context engineering taxonomy; survey-level evidence.

[V32] Treude and Baltes, Context Rot in Al-Assisted Software Development. arXiv preprint, 2026.
https://arxiv.org/abs/2606.09090 Validation use: Supports stale context/artifact consistency framing for coding-agent

configuration files.

[V33] Digital Applied, Long-Context Retrieval 2026: Needle-in-Haystack Test. Secondary industry blog, 2026.
https://www.digitalapplied.com/blog/long-context-retrieval-needle-in-haystack-2026 Validation use: Source for Kimi's

frontier model table; treated as low-confidence pending reproducible data.

10. Glossary

Term
Advertised context window

Effective context window
Context rot

Lost in the middle

Hard negative

Compaction

Attention sink
Overthinking
Instruction hierarchy

Prompt injection

Final recommendation

Meaning

Maximum tokens a model/API claims to accept. It is a capacity
boundary, not a quality guarantee.

The portion of context over which a model maintains acceptable
retrieval, reasoning, and grounding for a given workload.

Reliability decay as context accumulates, often due to length, noise,
stale facts, irrelevant tool results, and conflicting instructions.

The empirical pattern where evidence in the middle of a long prompt
is used less reliably than evidence near the beginning or end.

A retrieved passage that is semantically similar to the query but
misleading or wrong for the answer.

Converting long conversation or agent history into a smaller state
representation while retaining critical facts, constraints, and evidence
links.

A token or small set of tokens that attracts attention strongly,
sometimes enabling streaming inference when preserved in cache.
A failure mode where additional reasoning tokens produce
diminishing returns or cause the model to abandon a correct answer.
A policy or model behavior framework for prioritizing higher-authority
instructions over lower-authority or untrusted content.

An attack or failure mode where untrusted content contains
instructions that try to override intended behavior.

Make context management an explicit engineering subsystem. Store state outside the prompt, retrieve just-in-time, compact
with verification, separate data from instructions, test long and multi-turn workflows, and monitor quality as a function of token
count, turn count, evidence position, and retrieved-noise level.
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