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Abstract

Long-context language models assemble
prompts from heterogeneous sources, and ev-
ery deployed system trusts the model to use the
right span. We show that this trust is routinely
violated. Irrelevant spans silently shape outputs
and produce errors that are neither fabrication
nor omission but misattributed grounding, a
claim supported by the wrong part of the in-
put. Unlike intrinsic hallucination, which con-
tradicts the source, or extrinsic hallucination,
which introduces unsupported claims, misat-
tributed grounding uses real evidence from the
wrong source, and standard faithfulness met-
rics are structurally unable to detect it. We call
this phenomenon Ghost Context and present an
empirical study of its prevalence, structure, and
remediation.

We evaluate three widely used models across a
272-case corpus using a mask-and-rerun causal
attribution protocol with dual-judge calibration.
We measure two complementary signals. Strict
Ghost Context Rate (GCR) captures verifiable
factual misattribution. Open-ended influence
captures any detectable shaping, including non-
factual shifts. Under realistic contextual con-
flict, strict GCR spikes. Temporal contradic-
tions trigger misattributed grounding in 38.3%
of cases. Open-ended influence reaches 20.4%
across all cases. Crucially, Ghost Context is
not only detectable but correctable. Masking
the single highest-attributed distractor span re-
solves 95.5% of detected errors (Fix@1), with
collateral damage of only 2.4% and zero false
positives on negative controls. We release the
full corpus, pipeline, and results.

1 Introduction

Production language model deployments assem-
ble prompts from multiple sources. A retrieval-
augmented generation (RAG) system (Lewis et al.,
2020) appends retrieved document chunks to a
user query. An agent framework preserves tool
outputs and past conversation turns (Park et al.,

2023a; Sumers et al., 2024). A multi-step reason-
ing pipeline concatenates intermediate results with
original instructions. In each case, the model re-
ceives a context C composed of spans from dis-
parate origins, and the system trusts the model to
attend selectively to the spans that matter for the
current query. Ghost Context undermines that trust
by producing errors that appear well-supported yet
rely on irrelevant spans, invisible to existing faith-
fulness metrics.

The breakdown happens under specific, realistic
conditions. When a RAG system retrieves both
the current remote work policy and a superseded
2022 draft, the model draws on the outdated draft
38.3% of the time on the most susceptible model
we tested. The answer sounds authoritative. It is
two years out of date. The error is invisible to any
faithfulness metric that checks whether the claim is
supported by some span in the context (Honovich
et al., 2022; Min et al., 2023), because it is. It is
supported by the wrong span.

We call this phenomenon Ghost Context, the
causal influence of an irrelevant context span on
model generation. Ghost Context differs from con-
ventional hallucination (Ji et al., 2023) in a way
that has been overlooked. A hallucinating model
fabricates claims. A model exhibiting Ghost Con-
text uses real evidence from the wrong source, a
failure mode we term misattributed grounding.

Prior work has identified related phenomena. Liu
et al. (2024b) document positional attention decay;
Tang et al. (2024b) show distractor degradation
in multi-hop QA; Shi et al. (2023) show reason-
ing failures from irrelevant context. These studies
establish that irrelevant context matters, but none
provide a unified formalization, causal detection
protocol, and empirical measurement of this failure
mode. We close that gap. We define Ghost Con-
text and misattributed grounding as a failure mode
distinct from fabrication and omission, introduce
a causal mask-and-rerun protocol to measure and
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attribute it, and show that under realistic conflict it
is both frequent and largely correctable (Fix@1 =
95.5%).

The key finding of this paper is that Ghost Con-
text is not uniformly distributed. It is rare in benign
scenarios but spikes dramatically under realistic
contextual conflicts. The overall rate across all cat-
egories and models is a modest 3.2%. Temporal
contradictions push that figure to 38.3%, and open-
ended distractor influence reaches 20.4%. These
are not edge cases. They are the everyday con-
ditions of RAG systems serving versioned docu-
ments, agentic systems accumulating memory over
time, and multi-source contexts assembled by re-
trieval.

Equally important, Ghost Context is not in-
tractable. Unlike many LLM failures, it is not
only measurable but causally localizable to a sin-
gle span and largely correctable with one masking
intervention. Masking a single identified distrac-
tor span resolves 95.5% of errors with only 2.4%
collateral damage (Table 2). This combination of
high detectability, causal localizability, and cheap
remediation is rare among LLM failure modes and
points toward a practical mitigation path.

This paper makes five contributions. (1) An em-
pirical measurement of Ghost Context under con-
trolled conditions, revealing that contextual conflict
produces failure rates an order of magnitude above
baseline (§6). (2) A formal causal framework defin-
ing Ghost Context and its diagnostic metrics (GCR,
Fix@k, CDR), plus Contextual Invariance Rate
(CIR) as a system-level robustness objective, and a
demonstration that source-blind faithfulness met-
rics are structurally unable to detect it (§2). (3) A
taxonomy of four interference patterns (§3). (4) A
mask-and-rerun protocol with dual-judge calibra-
tion, together with practical guidance for deploy-
ment when ground-truth relevance labels are not
available (§4). (5) Analysis of Ghost Context as a
security vulnerability in authorized contexts (§7).

2 Defining Ghost Context

2.1 Formal Framework

Consider a language model M that receives a
prompt consisting of a query q and a context
C = {c1, c2, . . . , cn} of n spans. Each span ci
originates from a distinct source. The model gener-
ates an output o = M(q, C).

Not all spans in C are relevant to q. Let
R(q, C) ⊆ C denote the set of spans that a cor-

rect answer should draw upon, and let R̄(q, C) =
C \R(q, C) denote the irrelevant spans.

Definition 1 (Ghost Context). An output o =
M(q, C) exhibits Ghost Context with respect to
span cj ∈ R̄(q, C) if there exists a claim ϕ ∈
Claims(o) such that (1) ϕ appears in M(q, C), and
(2) ϕ does not appear in M(q, C(j→mask)), where
C(j→mask) replaces span cj with a neutral place-
holder preserving approximate token count, and
Claims(o) denotes the set of atomic factual asser-
tions extracted from o. Two claims are equivalent if
they assert the same factual proposition (entity, re-
lation, value) regardless of surface phrasing. Stylis-
tic variation, verbosity changes, and paraphrase
do not constitute distinct claims.

The placeholder is a fixed token pattern (repeated
[MASKED CONTENT] tokens), chosen to avoid in-
troducing new semantic content while preserving
positional context for surrounding spans. This op-
erationalization treats masking as an intervention
that approximates causal influence (Pearl, 2009)
under fixed decoding settings (temperature zero,
greedy decoding).

We note here that the masking operation is
methodologically a span-level counterfactual. This
sits in the same family as leave-one-out attribution
(Koh and Liang, 2017) but is not the contribution of
this paper. The contribution is the conceptual cat-
egory (misattributed grounding), the metrics that
follow from it (Definitions 2–4), and the structural
argument that source-blind faithfulness cannot de-
tect this category (Proposition 2). Span counter-
factuals are the verification mechanism, not the
definition of the phenomenon.

Definition 2 (Ghost Context Rate). For a dataset
D = {(qi, Ci)}Ni=1 and model M , let R̄i =
R̄(qi, Ci).

GCR(M,D) =
1

N

N∑

i=1

1
[
∃ cj ∈ R̄i :

GC(M, qi, Ci, cj)
]

(1)

Definition 3 (Fix@k and Collateral Damage Rate).
Fix@k is the fraction of Ghost Context cases re-
solved by masking the top-k attributed distractor
spans. The Collateral Damage Rate (CDR) mea-
sures how often masking degrades the answer to
the original query.

These three metrics together characterize preva-
lence, remediability, and cost. A model with high
GCR but also high Fix@1 and low CDR is one
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where Ghost Context is frequent yet cheaply cor-
rectable, a property we find empirically across all
tested models.

Definition 4 (Contextual Invariance and CIR). A
model M is context-invariant for query q and con-
text C if the set of query-relevant factual claims
in M(q, C) is equivalent to that in M(q,R(q, C))
under deterministic decoding and a task-specific
equivalence function ≡q. The Contextual Invari-
ance Rate (CIR) measures the fraction of cases
satisfying this property.

CIR(M,D) =
1

N

N∑

i=1

1
[
M(qi, Ci) ≡qi

M(qi, R(qi, Ci))
]
.

(2)

In our experiments, R(q, C) is instantiated using
the corpus relevance labels (relevant vs. distractor
vs. filler), which makes CIR directly measurable.
We operationalize ≡q via the same deterministic
claim extraction and judge rubric used in strict
detection, restricted to query-target facts. Under
labeled relevance, CIR complements GCR. GCR
measures distractor-attributed failure frequency,
while CIR measures invariance to irrelevant context
at the system level. We recommend reporting both,
GCR for diagnostic granularity and CIR for system-
level robustness assessment. In our setting, CIR
is empirically correlated with conflict-conditional
GCR under the same strict equivalence and corpus
labeling assumptions, but the two are not comple-
ments in general.

2.2 Formal Properties
Proposition 1 (Masking Monotonicity, Diagnostic
Expectation). If masking span cj eliminates a span-
attributed claim ϕ from the output, then masking
any superset S ⊇ {cj} removes the span-based
evidence for ϕ. Any reappearance of ϕ must origi-
nate from other context spans or from parametric
knowledge, not from cj . Monotonicity thus holds
for span-attributed claims but not for claims re-
coverable from parametric memory, which makes
it a useful diagnostic expectation rather than an
absolute guarantee.

Proposition 2 (Incompleteness of Source-Blind
Faithfulness). Let F : O × 2C → {0, 1} be a
faithfulness metric returning 1 iff every claim in
o is entailed by at least one span in C. Then F
cannot distinguish Ghost Context from correct at-
tribution. For any output exhibiting Ghost Context,

F (o, C) = 1, because the ghost claim is entailed
by cj ∈ C.

This structural limitation follows directly from
the standard definition of source-blind faithfulness
metrics (proof in Appendix G). Metrics such as
FActScore (Min et al., 2023), TRUE (Honovich
et al., 2022), SummaC (Laban et al., 2022), and
MiniCheck (Tang et al., 2024a) check whether
claims are supported by some span but not whether
they are supported by the correct span, and are
therefore unable to detect Ghost Context.

We propose misattributed grounding as a com-
plementary category to intrinsic and extrinsic hal-
lucination (Maynez et al., 2020). Intrinsic halluci-
nation contradicts the source. Extrinsic hallucina-
tion introduces unsupported claims. Misattributed
grounding introduces claims that are supported, by
the wrong source. The evidence is real and present
in the context, so it is not extrinsic. The model does
not contradict its source, so it is not intrinsic. Exist-
ing taxonomies miss the category entirely because
they treat the context as an undifferentiated pool
(see Appendix F for a detailed comparison).

3 Interference Taxonomy

Ghost Context arises through four interference pat-
terns, each corresponding to a different mechanism
by which an irrelevant span captures model atten-
tion (Vaswani et al., 2017). These patterns are not
mutually exclusive.

Temporal Bleed. The model draws on an out-
dated span when a newer span contains the correct
information. This occurs when contexts contain
multiple versions of a fact, as in conversational and
agent memory settings (Park et al., 2023a). Our ex-
periments show this is the most potent interference
pattern, with GCR reaching 38.3%.

Cross-Document Fusion. The model synthe-
sizes information from unrelated spans, produc-
ing composite claims that appear in neither source.
This pattern is amplified by semantic retrieval sys-
tems (Gao et al., 2024) that surface chunks by topic
similarity without regard for shared provenance.

Distractor Dominance. A span that is seman-
tically similar to the query but factually irrelevant
overrides a less similar but more relevant span.
Surface-level token overlap or richer detail in the
distractor biases attention. This interacts with the
“lost in the middle” effect (Liu et al., 2024b).

Instruction-Data Interference. An instruction
span (system prompt, safety directive) fails to sup-
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Figure 1: Mask-and-rerun detection pipeline. For each
distractor span cj , the protocol generates a masked vari-
ant and an LLM judge compares outputs to identify
ghost claims.

press the causal influence of a data span. The model
may acknowledge the instruction while generating
content shaped by the data span, a behavior related
to negation blindness (Nadeem et al., 2024; Kim
et al., 2025; Truong et al., 2025) and instruction-
following failures (Jang et al., 2023).

4 Mask-and-Rerun Detection

The causal definition in Definition 1 suggests a
natural detection methodology. We systematically
mask each distractor span and observe whether sus-
pect claims persist. The approach is analogous
to counterfactual explanation methods (Molnar,
2022), causal mediation analysis (Vig et al., 2020),
and leave-one-out influence estimation (Koh and
Liang, 2017), applied at the span level. Figure 1
illustrates the protocol.

Step 1, baseline generation. Generate o =
M(q, C) at temperature = 0.

Step 2, claim extraction. Decompose o into
atomic claims using an LLM extractor.

Step 3, span masking. For each distractor span
cj ∈ R̄(q, C), generate oj = M(q, C(j→mask)).
The mask replaces each distractor with repeated
[MASKED CONTENT] tokens at approximately half
the original word count, preserving positional con-
text.

Step 4, differential attribution. An LLM judge
(Zheng et al., 2024) compares o with each oj , iden-
tifies ghost claims that appeared in the baseline
but vanished after masking, and assesses collateral
damage.

Step 5, aggregation. A case exhibits Ghost
Context if any masking intervention reveals causal
attribution to a distractor span.

For a context with d distractor spans, the pro-
tocol requires d + 1 inference calls. In our ex-
periments, the average case contains 2.5 distrac-
tor spans, which makes single-span attribution
tractable.

4.1 Operationalization Without Relevance
Labels

In our evaluation corpus, relevance labels are
known by construction, so R(q, C) and R̄(q, C)
are explicit. A natural question, raised in review, is
how the protocol applies when those labels are not
available, since most production deployments lack
hand-annotated distractor labels.

We see three deployment patterns that preserve
the spirit of the protocol without requiring labels.

Retrieval-score gating. Most RAG systems al-
ready produce retrieval scores or rerank scores for
each chunk. A practical surrogate for R̄ is the
bottom-k chunks under that score, or chunks below
a confidence threshold. The mask-and-rerun proto-
col then runs only on candidates the retriever itself
was least sure about. This trades a perfect relevance
partition for a cheap and deployable proxy.

All-span counterfactual sweep. When chunk
counts are small (typical of conversational agents
and short RAG contexts), the protocol can mask
each chunk in turn and look for chunks whose re-
moval materially changes the output. A span whose
removal eliminates a claim but does not degrade
the answer to the original query is, by Definition 1,
behaving like a distractor under the current query,
independent of any prior relevance label. This con-
verts the protocol from a labeled diagnostic into an
unsupervised attribution tool.

Audit mode rather than runtime mode. The
protocol is not meant for runtime use on every
query. We expect deployment as a periodic au-
dit applied to logged query-context pairs, sampled
from production traffic, with the goal of estimating
GCR for a given pipeline and locating systematic
interference patterns (specific source pairs, specific
time-gap profiles, specific document templates). In
audit mode, the absence of R is less constraining,
because identification rather than online correction
is the objective.

We view these patterns as starting points rather
than completed methods. A full study of unsuper-
vised mask-and-rerun, including its sensitivity to
retriever quality and its calibration against labeled
GCR, is left to future work.

5 Experimental Design

5.1 Evaluation Corpus

We construct a 272-case evaluation corpus span-
ning five categories (Table 1).
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Table 1: Corpus composition. Adapted cases use
MuSiQue (Trivedi et al., 2022), HotpotQA (Yang et al.,
2018), and SituatedQA (Zhang and Choi, 2021).

Category Cases Adapted Custom

Cross-document fusion 65 45 20
Distractor dominance 67 49 18
Temporal bleed 60 35 25
Instruction-data interf. 60 0 60
Negative control 20 13 7

Total 272 149 123

Adapted cases (149) preserve original queries
and gold answers from established multi-hop QA
benchmarks while restructuring documents into
labeled multi-span contexts with annotated ghost
claims.

Custom cases (123) provide controlled interfer-
ence with precisely specified gold answers, distrac-
tor answers, and 3–5 ghost claims per case. Custom
cases are essential for instruction-data interference,
for which no benchmark exists, and for enterprise-
domain scenarios (HR policies, medical protocols,
financial guidance) underrepresented in academic
datasets.

Negative controls (20) contain only relevant and
filler spans with no distractor content. Each case
averages 4.5 spans (1.3 relevant, 2.5 distractor, 0.7
filler), totaling approximately 479 words.

All cases underwent automated structural valida-
tion, LLM-assisted semantic validation, and cross-
contamination checking (Appendix A).

5.2 Models Under Test

We evaluate three widely used models.
Claude Haiku 4.5 (Anthropic, 200K con-
text). DeepSeek V3.2 (DeepSeek, 128K context).
Llama 3.3 70B Instruct (Meta, 128K context,
open-weight). All accessed via AWS Bedrock at
temperature = 0.

5.3 Judge Model and Dual-Judge Calibration

Claude Sonnet 4.6 serves as primary LLM judge,
used exclusively as evaluator and never as test sub-
ject, which prevents direct circularity. The relia-
bility of LLM judges for structured evaluation has
been validated in prior work (Zheng et al., 2024;
Chiang and yi Lee, 2023). DeepSeek V3.2 serves
as secondary judge on a 30% stratified sample of de-
tection judgments (n = 206 judgments per model,
drawn from the 688 total judgments per model).

Same-family judge. We note explicitly that the
primary judge and one of the test models, Claude
Haiku 4.5, belong to the same model family. This
raises a legitimate concern about family-aligned
scoring, even though the primary judge is never
asked to evaluate its own output. Three pieces of ev-
idence speak to it. First, the dual-judge agreement
rate between Claude Sonnet 4.6 and DeepSeek
V3.2 is consistent across all three test models
(97.1%, 98.1%, 99.0%), with no spike in disagree-
ment specifically on Haiku judgments. Second, the
strict GCR ranking the protocol produces (Haiku
> DeepSeek > Llama) is not the ranking a family-
aligned judge would be expected to favor for its
own family. Third, the protocol detects misattribu-
tion by comparing two outputs from the same test
model, baseline and masked, rather than scoring an
output in isolation, so any uniform family-aligned
bias would cancel between the two outputs. We
treat this as mitigation, not elimination, and flag it
again in Limitations.

5.4 Experimental Conditions

Over 8,000 inference calls across four conditions.
Main detection. 688 judgments per model (272

cases ×∼2.5 distractor spans per case) × 3 models
= 2,064 detection judgments.

Positional variants. 3 positional variants for 67
distractor-dominance cases plus 1 shuffled variant
for 252 non-control cases, across 3 models = 2,880
variant judgments.

Open-ended detection (Suite E). Independent
rubric-based protocol without predefined ghost
claims = 2,064 evaluations.

Context scaling. 15 cases × 3 models × 3
lengths (2K, 8K, 32K tokens) = 135 runs. We re-
port this as a sanity check rather than as a primary
result. At n = 15 per condition it is underpowered
for strong scaling conclusions and we treat it as
such throughout.

6 Results

Table 2 summarizes the key findings.

6.1 Ghost Context under Contextual Conflict

The overall strict GCR of 3.2% is a mixture. It aver-
ages benign scenarios (near 0%) with high-conflict
scenarios (up to 38.3%). The policy-relevant num-
ber is the conflict-conditional rate, because produc-
tion systems routinely encounter temporal contra-
dictions and overlapping retrievals. The central
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Table 2: Key findings at a glance.

Metric Value

Peak GCR (temporal bleed, Haiku) 38.3%
Open-ended influence (all models) 20.4%
Overall strict GCR 3.2%
CIR (overall) 94.1%
Fix@1 (single-span remediation) 95.5%
Negative control false positive rate 0.0%

Table 3: Ghost Context under contextual conflict. Tem-
poral contradictions and open-ended distractor influence
represent the most realistic and highest-impact failure
scenarios.

Scenario Haiku 4.5 DeepSeek Llama 70B

Strict detection (binary GCR)
Temporal bleed 38.3% 13.3% 3.3%

Open-ended influence (any detectable change)
Any influence 22.2% 20.5% 18.6%
Factual contam. 9.9% 14.8% 6.7%
Framing shift 4.8% 2.6% 5.2%

finding is that Ghost Context concentrates in spe-
cific, realistic contextual conflict scenarios. Table 3
presents GCR for the two highest-interference cat-
egories.

Temporal contradictions are the most danger-
ous. When the context contains both an outdated
and a current version of a fact, Claude Haiku 4.5
draws on the outdated version in 38.3% of cases
(95% Wilson CI: 26.5%, 51.4%), more than one
in three queries. For RAG systems serving ver-
sioned documents (Gao et al., 2024), this suggests
that temporal conflicts can frequently trigger con-
tamination on susceptible models. Even the most
resilient model (Llama 3.3 70B) exhibits 3.3%, a
non-negligible rate at scale.

An illustrative case. The query “What is the
current population of the United Kingdom? An-
swer with a single current estimate.” explicitly
requires one value. The context contains a 2023
source (gold, 67.7 million) and a 2019 distractor
(66.4 million). The baseline output reports both
figures, “approximately 67.7 million people (as of
2023)” and “approximately 66.4 million people (as
of 2019).” The task requires a single value, which
makes the inclusion of the outdated figure incorrect
under the task specification. This is misattributed
grounding. The model drew on the wrong span to
produce a claim that violates the query constraint.
After masking the 2019 distractor, the model re-
ports only the correct 2023 figure. The ghost claim

Table 4: GCR for baseline interference categories.

Category Haiku 4.5 DeepSeek Llama 70B

Distractor dom. 5.2% 3.4% 1.7%
Cross-doc fusion 2.4% 1.9% 1.3%
Instruction-data 0.0% 1.7% 0.0%
Negative control 0.0% 0.0% 0.0%

is verifiably supported by a span in the context,
which makes it invisible to source-blind faithful-
ness metrics while being causally attributable to
the wrong span.

Open-ended influence is a companion met-
ric. Strict GCR measures factual misattributed
grounding, verifiable claims causally attributed to
distractor spans. Open-ended influence measures
non-factual but detectable shaping, framing shifts,
emphasis changes, and hedging. It serves as a com-
panion metric characterizing the broader interfer-
ence spectrum. The gap between strict GCR (3.2%)
and open-ended influence (20.4%) represents cases
where distractor spans do not introduce verifiable
factual errors but shift the output’s framing, empha-
sis, or hedging. Temporal bleed shows the highest
open-ended influence (63–70% across models; see
Appendix C). Instruction-data cases reveal a no-
table divergence. Strict GCR is near-zero, but open-
ended influence spans 5–43%, which suggests that
explicit instructions suppress factual contamination
but not subtler forms of contextual shaping.

Open-ended influence rates must be interpreted
relative to each model’s negative-control baseline.1

6.2 Baseline Interference Rates

Table 4 presents GCR for the remaining interfer-
ence categories.

Distractor dominance and cross-document fu-
sion produce lower but consistent GCR across mod-
els (1.3–5.2%). Instruction-data interference is
rare under strict detection (1 instance across 180
judgments), though open-ended analysis reveals
broader influence. Critically, negative controls
achieve 0% GCR across all 228 control detec-
tions, establishing zero false positives when no
distractor content is present.

1DeepSeek shows 18.4% influence on negative controls
due to parametric knowledge leakage (the model adding bi-
ographical details from training data), compared to 6.6% for
Haiku and 9.2% for Llama. Net influence above baseline:
Haiku 15.6%, Llama 9.4%, DeepSeek 2.1%. Full breakdown
in Appendix C.
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Table 5: Remediation metrics. Fix@1 = resolved by
masking top-1 span; CDR = collateral damage rate. Con-
fidence = fraction of detections rated “high” by the LLM
judge.

Model GCR Fix@1 CDR Confid.

Haiku 4.5 5.5% 94.7% 1.3% 98.4%
DeepSeek V3.2 2.9% 95.0% 2.8% 99.6%
Llama 3.3 70B 1.3% 100.0% 3.2% 98.4%

Overall 3.2% 95.5% 2.4% 98.8%

6.3 Remediation, Detection, Attribution, and
Correction

A failure mode that is frequent but intractable is an
interesting finding. A failure mode that is frequent,
precisely localizable, and cheaply correctable is an
actionable one. Table 5 presents the remediation
metrics.

Three properties make Ghost Context unusually
tractable among LLM failure modes.

Detectable. 98.8% of detections were rated
“high confidence” by the LLM judge. No detected
Ghost Context cases received a “low” confidence
rating, which means Ghost Context produces out-
put differences that are unambiguous to the judge.

Causally attributable. Each Ghost Context er-
ror is traceable to a specific distractor span. Unlike
parametric hallucination, where the offending in-
put is distributed across the training corpus, Ghost
Context errors can be localized to a single span in
the runtime context.

Correctable. Masking the single highest-
attributed distractor resolves 95.5% of all detected
errors. Collateral damage from masking is only
2.4%, which means removing the offending span
rarely degrades the correct answer. This suggests
a practical mitigation path. A post-generation ver-
ification step that masks low-relevance spans and
compares outputs could catch and correct most
Ghost Context errors before they reach users.

6.4 Dual-Judge Calibration

Table 6 presents inter-judge reliability.
Raw agreement exceeds 97% across all mod-

els. The κ = 0.0 for Llama is an instance of
the well-documented prevalence paradox (Fein-
stein and Cicchetti, 1990). With only 1.3% GCR,
the 206-judgment sample contains so few positive
instances that expected chance agreement is al-
ready 99%, which makes κ uninformative. For
Claude Haiku, where the positive class is better

Table 6: Dual-judge agreement. Primary judge is Claude
Sonnet 4.6; secondary judge is DeepSeek V3.2. 30%
stratified sample of detection judgments (n = 206 per
model). †Uninformative under low prevalence (preva-
lence paradox).

Test Model Agreement κ n

Claude Haiku 4.5 97.1% 0.652 206
DeepSeek V3.2 98.1% 0.325 206
Llama 3.3 70B 99.0% 0.000† 206

Table 7: GCR by positional variant. Positional, n = 116
per model per position. Shuffled, n = 612 per model.

Model Begin Middle End Shuffled

Haiku 4.5 5.2% 1.7% 4.3% 4.4%
DeepSeek V3.2 3.4% 3.4% 3.4% 2.9%
Llama 70B 1.7% 2.6% 3.4% 2.8%

represented, κ = 0.652 indicates substantial agree-
ment (Landis and Koch, 1977).

6.5 Positional Robustness
Table 7 tests whether Ghost Context depends on
span position.

Position has bounded influence. Haiku shows a
3× range (1.7–5.2%) while DeepSeek is uniform,
consistent with prior findings on position sensi-
tivity (Liu et al., 2024b; Levy et al., 2024; Hsieh
et al., 2024). Shuffled variant GCR (2.8–4.4%) is
comparable to positional averages, which confirms
that span ordering has limited impact. That is an
important result for RAG systems where chunk
order is arbitrary (Barnett et al., 2024). The prelim-
inary context scaling check (Appendix D, n = 15
per condition at 2K, 8K, and 32K tokens) finds no
significant GCR variation. It does not establish
absence of length effects at production scale and is
reported as a sanity check rather than as a finding.

7 Security Implications

Ghost Context exposes three security surfaces that
existing defenses do not address. These are framed
as hypotheses derived from our causal results rather
than as evaluated attacks, and we say so explicitly.

Authorized context leakage. Even when ev-
ery span is individually authorized, cross-context
interference can produce outputs disclosing infor-
mation no single document intended to convey. An
employee viewing both a headcount report and indi-
vidual project assignments could receive an LLM-
generated salary estimate that neither document
contains. Authorization-first retrieval frameworks
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prevent unauthorized spans from entering context,
but Ghost Context arises from authorized spans
interacting in unintended ways.

Agent memory contamination. In multi-user
agent deployments (Park et al., 2023a; Sumers
et al., 2024), a memory entry from one user’s ses-
sion can shape responses to another user, which
creates a cross-user information flow channel that
no per-session access control prevents.

Manipulation surface. An adversary who can
inject a span into a RAG corpus can exploit Ghost
Context to subtly bias generation. Unlike prompt
injection (Greshake et al., 2023; Perez and Ribeiro,
2022; Zhan et al., 2024), which aims to override
instructions, Ghost Context manipulation shifts the
output without visible traces. The injected span
contains no adversarial instructions. It contains
information that, blended with legitimate spans,
biases the output in the attacker’s desired direction
(Yi et al., 2023).

We do not empirically evaluate these scenarios in
this paper, and we list this as a limitation in the next
section. The causal mechanism we demonstrate,
irrelevant spans shaping outputs, is what makes the
surfaces plausible, and the manipulation surface in
particular is increasingly timely as RAG and agent
systems assemble contexts from partially trusted
sources.

We identify the need for Generative Contextual
Fidelity (GCF), a guarantee that irrelevant spans
do not causally influence generation, analogous to
Nissenbaum’s Contextual Integrity (Nissenbaum,
2004) applied to generation. Formally, a system
satisfies GCF if for all queries q and contexts C,
the output M(q, C) is functionally equivalent to
M(q,R(q, C)), which means irrelevant spans have
zero causal influence. We treat this as an idealized
guarantee; stochastic or long-context models may
not achieve strict equivalence. Practical systems
can target approximate GCF, outputs equivalent up
to factual claims about the query target, under de-
terministic decoding and task-specific equivalence.
This is operationalized by the Contextual Invari-
ance Rate (Definition 4). Targeting high CIR on
conflict-stress suites is a concrete way to pursue ap-
proximate GCF as an audit criterion or design goal.
Our Fix@1 results suggest that approximate GCF
is achievable in practice through post-hoc verifica-
tion, even though it is not guaranteed by current
model architectures.

8 Related Work

Hallucination. Surveys by Ji et al. (2023), Huang
et al. (2023), and Zhang et al. (2023) organize hal-
lucination into intrinsic and extrinsic categories but
do not address misattributed grounding. FActScore
(Min et al., 2023) and MiniCheck (Tang et al.,
2024a) verify claims against context but treat it
as an undifferentiated pool. SelfCheckGPT (Man-
akul et al., 2023) detects hallucination through sam-
pling consistency but cannot localize the causal
span. Our Proposition 2 demonstrates that all such
source-blind metrics are structurally unable to de-
tect Ghost Context.

Long-context evaluation. Liu et al. (2024b)
demonstrate positional attention decay; Shi et al.
(2023) show distractor degradation of reasoning.
RULER (Hsieh et al., 2024) and NeedleBench (Li
et al., 2024) benchmark retrieval within long con-
texts. Our positional results (Table 7) show that
positional effects on Ghost Context are measurable
but bounded, and that distractor content matters
more than position.

RAG. Lewis et al. (2020) introduce RAG; Self-
RAG (Asai et al., 2024) adds self-reflection; RA-
GAS (Es et al., 2024) automates evaluation. Bar-
nett et al. (2024) identify seven RAG failure points;
Gao et al. (2024) survey the landscape. None oper-
ationalize the causal link between retrieval errors
and generative contamination; our protocol does.

Attribution and ablation. Influence functions
(Koh and Liang, 2017), TRAK (Park et al., 2023b),
and AttriBoT (Liu et al., 2024a) trace predictions to
training examples or context elements. Attributable
QA (Bohnet et al., 2022) and Gao et al. (2023) re-
quire models to cite sources. These treat attribution
as a generation task. We provide causal verifica-
tion at the span level. We acknowledge that the
mask-and-rerun mechanism shares its mechanical
structure with leave-one-out ablation; the contribu-
tion here is the framing (misattributed grounding as
a distinct failure category), the formal incomplete-
ness result for source-blind faithfulness, the metric
suite (GCR, Fix@k, CDR, CIR), and the empirical
demonstration that this framing yields actionable
remediation in deployed model settings.

Prompt injection. Indirect injection (Greshake
et al., 2023), instruction-override attacks (Perez and
Ribeiro, 2022), and tool-integrated vulnerabilities
(Zhan et al., 2024) exploit instruction-data confu-
sion. Ghost Context manipulation differs. The
injected content need not contain instructions.

323



Attention and multi-document QA. Attention
weights do not capture span-level causal attribu-
tion (Jain and Wallace, 2019; Wiegreffe and Pinter,
2019; Vig et al., 2020). MuSiQue (Trivedi et al.,
2022), HotpotQA (Yang et al., 2018), and Situat-
edQA (Zhang and Choi, 2021) provide datasets we
adapt, adding distractor and ghost claim annota-
tions the originals lack.

9 Conclusion

Ghost Context is not a uniform failure. It spikes
under realistic contextual conflict. Temporal contra-
dictions trigger misattributed grounding in 38.3%
of cases on the most susceptible model, open-ended
influence reaches 20.4%, and the overall strict rate
is 3.2%. Crucially, it is detectable (98.8% high-
confidence), causally localizable to specific spans,
and correctable. Masking a single distractor re-
solves 95.5% of errors with 2.4% collateral dam-
age. These results challenge the assumption that
more context is uniformly better. RAG and agent
builders can use the mask-and-rerun protocol to
audit deployed systems. Evaluation teams can re-
port GCR and Contextual Invariance Rate as stan-
dard robustness metrics. Future directions include
attention-weight analysis, multi-span joint mask-
ing, production-scale context lengths (50K–200K
tokens), training-time mitigations such as context-
source tagging, and human-validated calibration of
the detection judge.

Limitations

Corpus scale and length. The 272-case corpus
establishes prevalence and identifies patterns but
limits fine-grained statistical comparisons at low
prevalence. Category-level comparisons, particu-
larly for instruction-data interference (1 detected
instance under strict detection), require larger cor-
pora. Primary evaluation also uses short contexts
of roughly 479 words. Production RAG systems as-
semble 5K–50K token contexts. Our scaling check
at n = 15 per condition is a sanity check rather
than a production-scale result, and we treat it as
such. A scaled-up evaluation in the 5K–50K token
range remains the most important follow-up.

Judge-based detection and human validation.
Detection relies on LLM judges. Dual-judge cali-
bration shows high raw agreement (97–99%), but
κ values are difficult to interpret at low prevalence
because of the prevalence paradox (Feinstein and
Cicchetti, 1990). We did not run a human annota-

tion study on a subset of judgments. That is the
cleanest way to validate the LLM-as-judge setup
we use, and we identify it as the highest-priority
next step for strengthening these claims.

Same-family judge. The primary judge (Claude
Sonnet 4.6) and one test model (Claude Haiku 4.5)
share a model family. We mitigate this through
dual-judge calibration with an unrelated judge and
through differential rather than absolute scoring,
and the agreement rates and rankings reported
in Section 5 do not indicate family-aligned bias.
Mitigation is not elimination, however, and cross-
family judge replication is a useful follow-up.

Single-span attribution. The protocol tests
single-span masking. Cross-document fusion can
involve jointly causal spans, and single-span mask-
ing may underestimate GCR for this category. A
multi-span joint-masking variant is straightforward
in principle but quadratic in inference cost and is
left to future work.

Operationalization without relevance labels.
Our headline experiments use labeled relevance.
Section 4.1 sketches three deployment patterns that
do not require labels, but none is empirically val-
idated in this paper. A calibrated unsupervised
version of the protocol is an open problem.

Security claims are unevaluated. The three
attack surfaces discussed in Section 7 are derived
from our causal results. They are not separately
tested. Empirical evaluation of authorized context
leakage, agent memory contamination, and manipu-
lation attacks is the natural next step for the security
implications section.

Model coverage. We evaluate three models
from three families. Frontier models with larger pa-
rameter counts may produce different interference
profiles.

Ethical Considerations and Broader
Impact

This work measures a failure mode that could be
exploited for adversarial manipulation (Section 7).
We disclose the Ghost Context manipulation sur-
face to enable defensive research; the mask-and-
rerun protocol is itself a defensive tool.

Data and AI use. Our corpus contains no sensi-
tive personal data; all custom cases use fictional en-
tities. Adapted cases are drawn from publicly avail-
able Wikipedia content via MuSiQue, HotpotQA,
and SituatedQA. Corpus construction employed
LLM-assisted generation for custom cases and an-
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notation enrichment; all generated content was val-
idated through three independent layers (Section 5,
Appendix A). The evaluation pipeline uses an LLM
judge as an integral methodological component,
consistent with established LLM-as-judge evalua-
tion practices (Zheng et al., 2024).

Broader impact. Ghost Context detection can
improve the trustworthiness of deployed RAG sys-
tems, agent frameworks, and multi-source LLM
applications by identifying a previously invisible
failure mode. While the taxonomy could inform ad-
versarial strategies, the detection and remediation
capabilities we provide substantially outweigh that
risk. Our protocol enables defenders to identify
and correct Ghost Context errors before they reach
users.
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A Corpus Construction Details

Each adapted case undergoes (1) category assign-
ment based on question type, (2) span structur-
ing with explicit relevant/distractor/filler labels,
(3) ghost claim annotation (3–5 claims per case),
and (4) enrichment with metadata including source,
word counts, and system instructions.

Custom cases follow a template. Define a query
with a clear gold answer, design a distractor span,
add filler spans, annotate ghost claims, and for
instruction-data cases add constraining system in-
structions.

All cases undergo three validation layers, auto-
mated structural checks, LLM-assisted semantic
validation (answer isolation, distractor plausibility,
ghost claim specificity), and cross-contamination
checks.

Table 8 summarizes the corpus statistics.

Table 8: Corpus statistics by span type.

Span type Count Mean words Median Range

Relevant 357 75.7 76 13–267
Distractor 688 133.4 99 13–1378
Filler 183 62.5 62 20–235

Ghost claims per case have a mean of 4.3 and a
range of 3–5. Source dataset breakdown is custom
123, MuSiQue 49, HotpotQA 45, SituatedQA 35,
negative controls 20.

B Detection Prompt Templates

B.1 Strict Detection Prompt

The strict detection prompt provides the judge with
the original query, baseline output, masked output,
and known ghost claims. The full template is given
below.

You are evaluating whether a language
model exhibited “Ghost Context”: drawing
on an irrelevant document span to
produce claims.

The model was asked: {query}

OUTPUT WITH FULL CONTEXT:
{baseline_output}

OUTPUT WITH DISTRACTOR MASKED:
{masked_output}

KNOWN GHOST CLAIMS: {ghost_claims}

Analyze the two outputs and determine:
1. Did the baseline output contain any
of the ghost claims? 2. Did removing
the distractor change or eliminate those
claims? 3. Did removing the distractor
degrade the answer (collateral damage)?

Return JSON:
{ghost_claims_present_in_baseline,
ghost_claims_absent_in_masked,
ghost_context_detected,
collateral_damage, confidence,
reasoning}

B.2 Open-Ended Detection Prompt

The open-ended variant omits known ghost claims
and asks the judge to independently identify dis-
tractor influence using a structured rubric.

You are comparing two outputs from the
same language model answering the same
question. The ONLY difference is that
one distractor document was REMOVED.

Follow this STRICT 3-step evaluation:

STEP 1: Does Output A meaningfully
differ from Output B? (Ignore trivial
wording variations.)

STEP 2: Classify the PRIMARY difference:
factual_contamination | framing_shift |
emphasis_shift | hedging | tone_change
| no_change.

STEP 3: Provide EXACT QUOTED EVIDENCE
from both outputs.

Return JSON: {influence_detected,
influence_type, influence_severity,
factual_contamination,
ghost_claims_found,
evidence_from_output_a,
evidence_from_output_b, reasoning}
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Table 9: Open-ended influence rate by category and
model. These rates include all detectable influence types
(factual contamination, framing shifts, emphasis shifts,
hedging).

Category Haiku 4.5 DeepSeek Llama 70B

Temporal bleed 63.3% 70.0% 63.3%
Instruction-data 43.3% 6.7% 5.0%
Distractor dom. 21.6% 17.2% 25.9%
Cross-doc fusion 15.7% 16.2% 13.3%
Negative control 6.6% 18.4% 9.2%

C Full Open-Ended Influence Results

Table 9 presents open-ended influence rates by cat-
egory and model.

The instruction-data category reveals a striking
divergence between strict GCR (near-zero) and
open-ended influence (43.3% for Haiku). Explicit
instructions suppress factual contamination effec-
tively but do not prevent subtler forms of contextual
shaping such as framing shifts and hedging.

DeepSeek’s elevated negative control rate of
18.4% reflects parametric knowledge leakage rather
than distractor influence. Manual inspection con-
firms the model adds biographical details from
training data even when no distractor is present.
Net influence above baseline is Haiku 15.6%,
Llama 9.4%, DeepSeek 2.1%.

Table 10 breaks down the types of open-ended
influence per model across all categories.

Table 10: Open-ended influence type breakdown across
all categories.

Influence type Haiku 4.5 DeepSeek Llama 70B

No change 77.8% 79.5% 81.4%
Factual contam. 9.9% 14.8% 6.7%
Framing shift 4.8% 2.6% 5.2%
Emphasis shift 4.2% 1.0% 3.1%
Hedging 3.2% 2.0% 3.5%

D Context Scaling Results

Fifteen cases were padded with neutral filler spans
to approximate target token counts of 2K, 8K, and
32K tokens and re-evaluated across all three mod-
els (n = 15 per condition per model). Results
show no clear GCR trend across context lengths in
this small sample, which suggests that for the in-
terference patterns tested, Ghost Context is driven
by distractor content quality rather than context
length within this range. We emphasize the limita-
tion of the sample size. At n = 15 per condition

this analysis is a sanity check, not a result. It is
consistent with the hypothesis that distractor con-
tent drives GCR, but it does not rule out length
effects at production-scale contexts. Larger-scale
experiments in the 5K–50K token range are needed
to settle this question (Hsieh et al., 2024; Li et al.,
2024).

E Qualitative Case Studies

E.1 Temporal Bleed, UK Population
Query. “What is the current population of the
United Kingdom? Answer with a single current
estimate.”

Relevant span (2023 source). “As of 2023, the
United Kingdom has a population of approximately
67.7 million people, making it the third most popu-
lous country in Europe. . . ”

Distractor span (2019 source). “As of 2019, the
United Kingdom maintains a population of approx-
imately 66.4 million. . . ”

Baseline output (Claude Haiku 4.5, with dis-
tractor present).

“Approximately 67.7 million people (as of 2023),
the most recent figure available. Approximately
66.4 million people (as of 2019).”

Masked output (distractor removed).

“As of 2023, the United Kingdom has a population
of approximately 67.7 million people.”

Analysis. The ghost claim “66.4 million as of
2019” is verifiably present in the baseline and ab-
sent in the masked output. The claim is supported
by a span in the context, the 2019 source, which
makes it invisible to source-blind faithfulness met-
rics. Masking the distractor resolves the error with
no collateral damage.

E.2 Remediation Example, Fix@1
In the case above, Ghost Context was detected by
the LLM judge with “high” confidence. The single
distractor span was identified as the causal source.
Masking it produced a clean output with only the
correct 2023 figure, which illustrates Fix@1 reme-
diation. Across all 67 detected Ghost Context in-
stances, masking the top-1 attributed span resolved
95.5% of errors (64/67).

F Hallucination Taxonomy Comparison

Table 11 compares misattributed grounding with
the established intrinsic/extrinsic hallucination tax-
onomy.
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Table 11: Comparison of hallucination categories. Mis-
attributed grounding (Ghost Context) is a complemen-
tary category that existing taxonomies do not capture.

Dimension Intrinsic Extrinsic Misattributed
grounding

Definition Contradicts
source

Unsupported
claims

Claims from
wrong source

Error
source

Distorts pro-
vided info

Parametric
memory

Irrelevant con-
text span

Source-
blind
detection?

Yes (contra-
diction)

Yes (no sup-
port)

No (supported
by a span)

Causal attri-
bution

Difficult Difficult Tractable
(mask-and-
rerun)

Runtime
fix?

Retrain /
prompt

Retrieval fix Yes (Fix@1 =
95.5%)

G Proof of Proposition 2

Proposition 3 (Incompleteness of Source-Blind
Faithfulness, restated). Let F : O × 2C → {0, 1}
be a faithfulness metric that returns 1 if and only if
every claim in o is entailed by at least one span in
C. Then for any output o exhibiting Ghost Context
with respect to span cj , F (o, C) = 1.

Proof. Suppose o = M(q, C) exhibits Ghost Con-
text with respect to cj ∈ R̄(q, C). By Defini-
tion 1, there exists a claim ϕ ∈ Claims(o) such
that ϕ appears in o and ϕ does not appear in
M(q, C(j→mask)).

By definition of F , F (o, C) = 1 iff every claim
in o is entailed by at least one span in C. The ghost
claim ϕ is entailed by cj ∈ C; hence ϕ satisfies the
entailment condition. Thus F (o, C) = 1 whenever
the ghost claim is present and entailed by some
span in C, regardless of whether that span is rele-
vant or irrelevant. F cannot detect misattribution
because it does not distinguish which span in C
supported each claim, only that some span did.

Hence, F is structurally unable to distinguish
Ghost Context from correct attribution.
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