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Abstract

Retrieval-augmented generation reduces hallu-
cination by grounding model outputs in exter-
nal evidence, yet hallucinations can still occur
even when the retrieved context is accurate and
sufficient. From the perspective of informa-
tion routing in the residual stream, this reflects
an imbalance where internal parametric knowl-
edge overwhelms external context during gen-
eration. We present an attention-centric analy-
sis of RAG hallucination under valid evidence,
showing that hallucinated and factual tokens
diverge in mid-to-late Transformer layers as
context-selective attention routing weakens, al-
lowing parametric influence to dominate the
residual stream. Motivated by prior studies
showing that some attention heads—often re-
ferred to as copying heads—exhibit stronger
information transport capacity, we aim to ex-
tend similar evidence-carrying behavior to a
broader set of attention heads. To this end, we
introduce CoDA, a lightweight inference-time
attention intervention that amplifies evidence-
aligned value states, enabling more attention
heads to transport reliable external evidence
in a copy-encouraged manner. Experiments
demonstrate that CoDA improves contextual
faithfulness, reduces hallucination, and remains
robust under long and noisy contexts with mod-
est and stable inference overhead.

1 Introduction

Large language models perform well on
knowledge-intensive tasks but remain vulnerable
to hallucination, producing fluent yet factually
incorrect content (Xu et al., 2025a; Chuang et al.,
2024; Niu et al., 2024a). Retrieval-augmented
generation mitigates this issue by grounding
outputs in external evidence (Ge et al., 2025;
Chen et al., 2025). However, even with accurate
retrieval, RAG systems can still contradict the
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provided context, a phenomenon known as RAG
hallucination (Sun et al., 2025; Chen et al.,
2024; Matys et al., 2025; Yeh et al., 2025; Tan
et al., 2025). This indicates that hallucination
arises not only from retrieval errors, but also
from how Transformer architectures integrate
parametric knowledge with external context during
generation (Long et al., 2025; Goyal et al., 2025).

(a) Store parametric knowledge in FFN. (b)The copying head  carries external context.

(c) RAG hallucination occurs when internal parametric knowledge suppresses external context.
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Figure 1: Knowledge contribution to the residual stream
via copying heads and FFNs in a one-layer Transformer.

A substantial body of work reduces hallucination
by improving retrieval quality or verification, such
as re-ranking, adaptive context selection, and exter-
nal checking pipelines (Asai et al., 2023; Bergeron
et al., 2025; Datta et al., 2022; Magesh et al., 2024;
Friel and Sanyal, 2023). While effective when ev-
idence is missing or noisy, these approaches do
not directly address a more challenging case fre-
quently observed in practice: the retrieved con-
text already contains valid evidence, yet the model
under-utilizes it and falls back on parametric associ-
ations. For example, SELF-RAG (Asai et al., 2023)
and HalluGuard (Bergeron et al., 2025) regulate re-
trieval timing or consistency, but leave unresolved
how internal and external knowledge compete once
context enters the network.

Recent mechanistic analyses provide insight
into this issue by examining how different com-
ponents contribute to the residual stream. Re-
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DeEP (Sun et al., 2025) shows that some atten-
tion heads act as copying modules that transport
external context, while FFNs inject strong para-
metric signals (Fig. 1). Complementary studies
such as LUMINA (Yeh et al., 2025), InterpDe-
tect (Tan et al., 2025), and Context–Parametric In-
version (Goyal et al., 2025) further indicate that hal-
lucination often emerges when internal activations
dominate evidence-aligned representations. How-
ever, these analyses are largely descriptive and of-
fer limited guidance on where hallucination-related
divergence forms and how to intervene during in-
ference.

Inspired by the locate–edit paradigm in model
editing (Santurkar et al., 2021; Xu et al., 2023;
Meng et al., 2023a,b; Li et al., 2023b, 2024b),
we propose CoDA, an attention-centric locate-and-
intervene framework for RAG hallucination. Our
key insight is that copying is not a behavior exclu-
sive to a small set of specialized heads, but can
be extended to non-copying heads when evidence
is semantically aligned. Accordingly, CoDA first
localizes hallucination-prone layers where hallu-
cinated and factual tokens begin to diverge. Then
it applies a lightweight, plug-in attention modula-
tion that amplifies evidence-aligned value states,
promoting copy-encouraged routing before down-
stream parametric amplification.

Our design complements mechanistic findings
on parametric circuits and knowledge neurons (Dai
et al., 2022a; Yao et al., 2025) and aligns with
fine-grained analyses of harmful generation (Wang
et al., 2024b). Extensive experiments show that
CoDA consistently improves contextual faithful-
ness and reduces hallucination under both standard
and long/noisy-context settings, while incurring
only modest inference overhead.

We summarize our contributions as follows:

1. Attention-centric view of RAG hallucina-
tion. We reinterpret hallucination under valid
evidence as a failure of context-selective atten-
tion routing in the residual stream (Sun et al.,
2025; Long et al., 2025; Goyal et al., 2025).

2. Fine-grained localization of hallucination-
prone layers. We develop a layer-wise
framework that pinpoints where hallucinated
and factual tokens diverge, enabling targeted
inference-time intervention.

3. Plug-in attention modulation for copy-
encouraged routing. We propose a

lightweight method that amplifies evidence-
aligned value states and promotes copy-
encouraged attention routing without modi-
fying model parameters.

2 Mechanistic Insights into Knowledge in
Transformer Layers

Mechanistic interpretability studies have revealed
how different components of Transformer architec-
tures contribute to knowledge representation and
utilization (Geva et al., 2021; Meng et al., 2023b;
Wang et al., 2024a; Yao et al., 2025). We focus on
decoder-only Transformers (Grattafiori et al., 2024;
OpenAI et al., 2024), where the residual stream
acts as the primary communication, through which
both parametric knowledge and retrieved context
are propagated (Geva et al., 2021; Li et al., 2024a;
Sui et al., 2025; Bi et al., 2025).

Within this architecture, attention heads and
FFNs play complementary roles: attention routes
and aggregates contextual information across to-
kens, while FFNs inject latent associations memo-
rized during pretraining. Their interaction jointly
determines how internal and external knowledge
influence model predictions.

2.1 Copying Heads

Prior work has identified a subset of attention heads
that propagate token representations with mini-
mal transformation, effectively copying informa-
tion from source tokens to target positions (Dai
et al., 2022b; Elhage et al., 2021). These copying
heads (Sun et al., 2025) are particularly effective
at preserving high-fidelity contextual signals, such
as entity mentions or factual spans retrieved from
external documents.

As illustrated in Figure 1, in a RAG setting
where the context explicitly states that Usain Bolt
speaks fluent English, copying heads can directly
route this evidence to downstream layers, yielding
context-consistent logits that favor the correct an-
swer. In contrast, non-copying heads often perform
more abstract or associative transformations, which
may dilute or override such evidence when internal
parametric associations are activated.

2.2 Feed-forward Neural Networks

Feed-forward neural networks, which comprise ap-
proximately two-thirds of model parameters, have
been shown to function as key–value memories
that store and recall factual associations acquired
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during pretraining (Mitchell et al., 2022; Dai et al.,
2022a; Meng et al., 2023a; Geva et al., 2021, 2022;
Sun et al., 2025). These modules exert strong in-
fluences on factual predictions, often amplifying
parametric knowledge even in the presence of ex-
ternal evidence (Niu et al., 2024b; Goyal et al.,
2025).

3 Methodology

This section presents a unified framework for lo-
calizing and mitigating hallucination in retrieval-
augmented generation models from an attention-
centric perspective. Our approach builds upon the
residual-stream decomposition framework intro-
duced in ReDeEP (Sun et al., 2025), which distin-
guishes internal parametric knowledge from exter-
nally retrieved evidence. While prior work primar-
ily attributes hallucination to excessive parametric
activation, we reframe the problem as a failure
of context-selective attention routing: even when
correct and sufficient evidence is retrieved, atten-
tion may fail to copy valuable information, and
thus fail to adequately prioritize context-aligned
representations, allowing downstream parametric
amplification to dominate the residual stream.

Based on this view, we develop a layer-wise anal-
ysis framework that quantitatively characterizes
how contextual evidence and parametric signals
interact across depth, identifies hallucination-prone
regions, and applies attention-level intervention
during inference. Importantly, our framework does
not modify model parameters nor explicitly edit
feed-forward networks; instead, it reshapes how
contextual information is routed and encourages
more copy-encouraged behaviors through attention
into the residual stream.

3.1 Quantification of Knowledge
Contributions

Following prior mechanistic analyses (Sun et al.,
2025; Long et al., 2025), we decompose each
layer’s residual stream into two primary sources
influencing a generated token ri: (1) external con-
textual evidence propagated via attention mecha-
nisms, quantified by the External Context Score
(ES), and (2) internal parametric influence injected
through feed-forward transformations, quantified
by the Parametric Knowledge Score (PS). This de-
composition reflects the complementary roles of
attention and FFNs in Transformer models, while
enabling fine-grained tracking of their relative dom-

inance during generation.

External Context Score (ES). Let the retrieved
context be C = {c1, . . . , cm} and the generated
response be R = {r1, . . . , rn}. At layer l, let Al =
[ali,j ] denote the attention matrix from response
tokens to context tokens. For each response token
ri, we define the indices of the top-k% attended
context tokens as:

I li = { j | ali,j is in the top-k% of ali,1:m }. (1)

Let xLt denote the hidden state of token t at the
final layer L. We then define the external context
score as:

ES l
i = cos


xLri ,

1

|I li |
∑

j∈Ili

xLcj


 , (2)

which measures the semantic alignment between
the generated token and its most attended contex-
tual evidence. A higher ES l

i indicates that attention
at layer l effectively routes context-consistent in-
formation toward the final representation.

Parametric Knowledge Score (PS). To quan-
tify the parametric influence associated with feed-
forward transformations at layer l, we follow es-
tablished mechanistic analyses showing that FFNs
function as key–value memories encoding factual
associations acquired during pretraining (Dai et al.,
2022a; Mitchell et al., 2022; Meng et al., 2023a;
Geva et al., 2021, 2022). These parametric activa-
tions are known to exert strong influence on factual
predictions, and can dominate generation even in
the presence of external evidence (Niu et al., 2024b;
Goyal et al., 2025).

Let xmid,l
ri denote the residual-stream state of

token ri immediately before the FFN at layer l, and
xlri the state after the FFN. We map these states to
vocabulary distributions via:

q(x) = softmax(LogitLens(x)). (3)

The parametric knowledge score is defined as:

PS l
i = JSD

(
q
(
xmid,l
ri

) ∥∥ q
(
xlri

))
, (4)

where JSD(·∥·) denotes the Jensen–Shannon di-
vergence. A higher PS l

i reflects a stronger FFN-
induced shift in the token distribution, correspond-
ing to increased parametric influence injected into
the residual stream.
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Figure 2: Overview of CoDA. Bottom (Localization): CoDA diagnoses where hallucination emerges by contrasting
layer-wise behaviors of factual versus hallucinated tokens, and selects a small set of hallucination-prone layers
R for intervention. Top (Intervention): On layers in R, CoDA performs inference-time attention modulation: it
selects contextual anchors, measures value-level semantic consistency, and reweights attention to upweight evidence-
consistent key–value pairs, thereby inducing context-encouraged routing without updating model parameters.

Cumulative Ratio. To capture how parametric
dominance accumulates across depth, we define
the cumulative ratio up to layer l as:

CRl
i =

∑l
k=1 P̃S

k

i
∑l

k=1

(
P̃S

k

i + ẼS
k

i

) , (5)

where P̃S
k

i and ẼS
k

i denote normalized scores.
This metric reflects the extent to which internal
parametric signals dominate the formation of token
ri’s representation as generation progresses.

3.2 Identification of Hallucination-Prone
Layers

Based on the cumulative ratio CRl
i, we intro-

duce dataset-level indicators to identify layers
where attention-context misalignment and paramet-
ric dominance jointly emerge.

Activation Strength. We define the average
residual activation at layer l as:

Al = Ei

[
|CRl

i|
]
, (6)

which summarizes the overall strength of internal
influence at that layer.

Divergence Strength. To measure representa-
tional divergence between hallucinated and factual
tokens, we define:

∆l =
∣∣∣E

[
CRl

i | yi=1
]
− E

[
CRl

i | yi=0
]∣∣∣ , (7)

where yi=1 denotes hallucinated tokens and yi=0
factual tokens.

Hallucination Sensitivity. We combine these in-
dicators to obtain:

Hl = Al ×∆l, (8)

and extract the hallucination-prone layer set:

R = Top-kl
(
Hl

)
, (9)

which identifies the subset of layers where atten-
tion fails to sufficiently privilege context-aligned
representations, resulting in amplified parametric
dominance.

3.3 Copy-encouraged Attention Modulation
Having localized hallucination-prone layers, We
introduce CoDA, an inference-time, layer-wise at-
tention modulation mechanism that leverages copy-
encouraged attention to strengthen attention heads’
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ability to transport and route evidence from the
retrieved context into the residual stream, applied
only to the hallucination-prone layers l ∈ R. Un-
like prior approaches that directly regulate FFN ac-
tivations via fixed scaling (Sun et al., 2025; Huang
et al., 2025), CoDA does not modify FFNs or model
parameters. Instead, it dynamically reweights at-
tention to promote copy-encouraged behavior in
non-copying heads when contextual evidence is
semantically consistent.

Let the input to layer l consist of attention
weights A and hidden states X , where A ∈
RB×H×L×L and X ∈ RB×L×d. We first compute
the mean attention map A ∈ RL×L by averaging
over heads:

Āi,j =
1

H

H∑

h=1

Ah
i,j . (10)

We then estimate token-level attention intensity
sj = 1

L

∑L
i=1 Āi,j and select the top-K most at-

tended context tokens T = TopK(s).
For each head h, we designate the corresponding

value vectors {vhk | k ∈ T } as contextual anchors.
The semantic consistency of each token j is com-
puted as:

Sh
j =

1

K

∑

k∈T

⟨vhj , vhk ⟩
∥vhj ∥2 · ∥vhk∥2

. (11)

After min–max normalization to S̃h
j ∈ [0, 1], we

derive the adaptive dosing factor:

wh
j = α+ (2− 2α) · σ

(
τ · (S̃h

j − 0.5)
)
, (12)

where τ controls the sharpness of modulation and
α specifies the minimum weight.

Finally, attention weights are modulated as:

Ãh
i,j = Ah

i,j · wh
j , (13)

which scales the contribution of each key–value
pair according to its contextual relevance. By
amplifying context-aligned value states prior to
aggregation, CoDA effectively encourages copy-
encouraged behavior in attention heads that would
otherwise dilute external evidence, thereby restor-
ing contextual dominance in the residual stream.

4 Experiments

4.1 Settings
Datasets. We evaluate our method on two cate-
gories of datasets: (1) hallucination benchmarks, in-
cluding RAGTruth (Niu et al., 2024a) and Dolly (Hu

et al., 2024), which assess factual consistency under
retrieved evidence; and (2) contextual faithfulness
benchmarks derived from CoFaithfulQA (Huang
et al., 2025), comprising six subsets—HotpotQA,
NewsQA, NQ, SearchQA, SQuAD, and TriviaQA.
For each dataset, we report the number of faithful
examples used for evaluation, as summarized in
Appendix B.

Baselines. We compare CoDA with representa-
tive baselines spanning prompt-based, decoding-
based, fine-tuning, and alignment-based paradigms,
including AttrPrompt and OIPrompt (Zhou et al.,
2023), COIECD (Yuan et al., 2024), SFT and
KAFT (Wei et al., 2022; Li et al., 2023a), as well
as C-DPO (Bi et al., 2024), DDR (Li et al., 2025),
and ParamMute (Huang et al., 2025). All base-
lines are evaluated using Context Recall (ConR)
and Memory Recall (MemR), as defined in Ap-
pendix C. In addition, we directly compare CoDA
with ReDeEP (Sun et al., 2025) on RAGTruth and
Dolly (AC).

4.2 Main Results and Analysis

4.2.1 Hallucination-Prone Region
Localization

Figure 3: Layer-wise cumulative ratio trajectories CRl
i

(Eq. 5) comparing hallucinated (red) and factual (blue)
samples. The green dashed curve shows their difference.

We localize hallucination-prone regions by an-
alyzing where factual and hallucinated tokens be-
gin to diverge across model depth. Figure 4 sum-
marizes two layer-wise indicators. As shown in
Figure 4(b), the divergence strength ∆l stays near
zero in early layers and exhibits a sharp rise in
the mid-to-late layers, indicating clear separation
points where hallucinated and factual tokens start
to differ. In contrast, the activation strength Al in
Figure 4(a) varies substantially across layers, but
elevated activation alone does not reliably distin-
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Figure 4: Layer-wise indicators for hallucination-prone region identification: (a) Activation Strength Al (Eq. 6) and
(b) Divergence Strength ∆l (Eq. 7) measuring the separation between factual and hallucinated behaviors across
layers. High-score layers are treated as hallucination-sensitive candidates.

guish hallucinated from factual behaviors, suggest-
ing that “being active” is not sufficient for halluci-
nation formation.

To provide a more intuitive view of this sepa-
ration process, Figure 3 visualizes the cumulative
ratio trajectories CRl

i. The red and blue curves
largely overlap in early layers, while their gap
rapidly expands at the identified mid-to-late lay-
ers, matching the peak in ∆l. Beyond these layers,
the difference stabilizes, implying that the repre-
sentational separation has already been established.
Taken together, these observations suggest that hal-
lucination formation is localized to a small subset
of mid-to-late layers, where insufficient context-
selective attention routing allows parametric influ-
ence to dominate the residual stream. Accordingly,
we treat these mid-to-late layers as hallucination-
sensitive regions and select them as our interven-
tion set R.

4.2.2 Evaluation of Contextual Faithfulness

Across all six CoFaithfulQA subsets, CoDA con-
sistently achieves the highest ConR, indicating
stronger grounding in retrieved evidence. As
shown in Table 1, CoDA improves performance
on HotpotQA, SearchQA, SQuAD, and TriviaQA
by 1.5–3.0 points over ParamMute, with compa-
rable gains on NQ and NewsQA. These consis-
tent improvements demonstrate robustness across
datasets with diverse domains, context lengths,
and reasoning requirements. Importantly, these
gains align with the attention-centric design of
CoDA. Rather than globally suppressing FFN acti-

Models HotPotQA NQ NewsQASearchQASQuADTriviaQA
ConR ↑ ConR ↑ ConR ↑ ConR ↑ ConR ↑ ConR ↑

Vanilla-RAG 60.34 53.09 60.27 66.76 77.93 61.80
Attr_prompt 58.93 55.36 58.80 62.53 77.35 59.97
OI_prompt 47.79 49.25 52.03 52.26 76.81 55.41
COIECD 62.51 56.21 51.81 69.74 73.12 63.62
SFT 70.92 59.76 61.96 75.29 79.19 59.60
KAFT 69.52 60.89 65.09 77.38 80.04 62.32
C-DPO 67.20 62.24 61.40 64.12 80.08 58.67
DDR 68.66 63.29 64.74 78.07 81.36 60.71
ReDeEP 68.40 60.98 65.12 71.62 81.57 61.15
ParamMute 71.06 60.68 65.24 78.76 80.58 60.89
CoDA (Ours) 73.09 63.09 68.62 80.92 83.06 63.10

Table 1: Contextual faithfulness on CoFaithfulQA. We
report ConR (↑) on six subsets under the same RAG set-
ting. CoDA achieves the best ConR across all subsets,
benefiting from copy-encouraged attention that strength-
ens evidence-grounded routing; higher ConR translates
to more effective hallucination mitigation.

vations, CoDA dynamically reshapes attention rout-
ing by amplifying context-consistent value states
and encouraging copy-encouraged behavior in non-
copying heads when retrieved evidence is semanti-
cally aligned. This mechanism allows contextual
signals to be more effectively propagated into the
residual stream, which downstream FFNs then am-
plify in a context-consistent manner. Consequently,
CoDA strengthens reliance on faithful external evi-
dence without eliminating useful parametric knowl-
edge. This leads to a more favorable trade-off
between evidence grounding and representational
flexibility compared to prior suppression-based ap-
proaches.

Moreover, Figure 6 illustrates that CoDA consis-
tently maintains low MemR across datasets, con-
firming that improved contextual grounding does
not increase reliance on parametric knowledge .
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4.2.3 Hallucination Mitigation Comparison

Figure 5 presents pairwise comparisons between
CoDA and ReDeEP, evaluated by GPT-4o. For
each backbone, the left bars compare ReDeEP
against the base model, while the right bars com-
pare CoDA against ReDeEP; blue, yellow, and red
denote better, comparable, and worse faithfulness
(i.e., lower hallucination) for the former method,
respectively. On RAGTruth, CoDA surpasses Re-
DeEP on 57.5%, 56.1%, and 61.1% of examples for
Llama3-8B, Llama2-13B, and Llama2-7B, respec-
tively. On Dolly (AC), CoDA’s win rates further
rise to the 60–70% range, suggesting consistent
gains across datasets and model scales. Overall,
these results indicate that CoDA delivers more ef-
fective hallucination mitigation than ReDeEP.

Crucially, the improvement is not driven by
stronger suppression of FFN activations, but by
more accurate attention-level routing of contex-
tual evidence. By adaptively promoting copy-
encouraged behavior in attention heads when ex-
ternal evidence is relevant, CoDA ensures that
context-aligned representations dominate the resid-
ual stream before parametric amplification takes
effect, thereby reducing the chance of evidence-
contradicting generations. Representative compar-
ison cases and detailed evaluation outcomes are
provided in Appendix D.
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Figure 6: MemR comparison across six CoFaithfulQA
subsets. CoDA achieves competitive memory reliance
on all datasets, indicating reduced dependence on para-
metric memory during generation.

5 Efficiency Analysis

5.1 Noise and Length-Robust Efficiency under
Valid Context

In realistic RAG settings, retrieved contexts are
often long and noisy, even when gold-supporting
evidence is present. Under such conditions, hal-
lucination mitigation methods should remain ro-
bust to irrelevant context while introducing lim-
ited inference overhead. To evaluate CoDA in this
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regime, we design a controlled experiment where
the retrieved context always contains the gold ev-
idence, while varying only the context length and
the amount of injected noise.

Specifically, on CoFaithfulQA (NQ / TriviaQA),
we construct clean contexts containing only the
evidence span, and noisy contexts by appending
unrelated passages sampled from other instances;
the total context length is controlled at different
scales to assess scalability and noise robustness.
We report end-to-end latency together with Con-
text Recall (ConR) and ∆ConRdrop, defined as the
ConR difference between clean and noisy contexts.

As the context becomes longer and noisier, the
base model suffers substantially larger ConR degra-
dation, indicating heightened sensitivity to irrele-
vant information, whereas CoDA consistently ex-
hibits smaller drops across context scales. As
shown in Figure 7, CoDA achieves the smallest
∆ConRdrop across all six CoFaithfulQA subsets,
outperforming both Vanilla-RAG and ReDeEP un-
der noisy contexts.

This robustness stems from CoDA’s attention-
centric intervention. Rather than operating on
the full context or globally modifying activations,
CoDA selectively reshapes attention routing us-
ing a small set of context-aligned anchors and
hallucination-prone layers. By amplifying context-
consistent value states, CoDA limits the influence
of noisy tokens on downstream representations, re-
maining stable under long and noisy inputs with
modest and stable latency overhead.

Figure 7: Comparison of ConR degradation under noisy
contexts. CoDA consistently exhibits smaller perfor-
mance drops than Vanilla-RAG and ReDeEP across all
six subsets.

Inference Efficiency Evaluation
To evaluate the inference overhead of CoDA, we
compare end-to-end single-sample latency with and
without CoDA on RAGTruth and Dolly (AC), un-

Dataset Model Baseline (s) CoDA (s) ∆(s) Overhead (%)

RAGTruth

Llama3-8B 7.82 9.13 1.31 16.74%
Llama2-13B 10.50 12.08 1.58 15.00%
Llama2-7B 6.50 7.54 1.04 16.00%

Dolly (AC)

Llama3-8B 7.10 8.28 1.18 16.62%
Llama2-13B 9.70 11.20 1.50 15.46%
Llama2-7B 5.95 6.93 0.98 16.47%

Table 2: Inference latency with and without CoDA. La-
tency overhead remains stable (15–17%) across datasets
and model sizes.

der identical retrieval results, model configurations,
and hardware settings. As shown in Table 2, CoDA
introduces a modest and stable latency overhead of
approximately 10%–20% across model sizes. This
overhead stems from two lightweight inference-
time operations: (1) attention-based Top-K context
token selection and (2) semantic similarity compu-
tation with differential dosing applied to a small set
of hallucination-prone layers. Notably, hallucina-
tion localization is performed offline and incurs no
online cost. Since Transformer inference is domi-
nated by attention and FFN matrix multiplications,
these additional operations constitute only a mi-
nor fraction of the forward pass. Furthermore, as
CoDA depends on a fixed number of anchors and
selected layers rather than full context length, its
relative overhead remains stable as context length
increases.

CoDA achieves substantial improvements in hal-
lucination mitigation and contextual faithfulness
while introducing limited and predictable inference
overhead. These results demonstrate that attention-
level routing interventions can offer a practical
and scalable alternative to heavier model-editing or
retraining-based approaches in RAG applications.

6 Conclusion

Motivated by the observation that certain attention
heads function as copying heads with strong infor-
mation transport capacity, we ask whether similar
copy-encouraged behavior can be induced in other
heads to preserve external context better. Based
on this insight, we propose CoDA, a lightweight
inference-time attention intervention that amplifies
evidence-aligned value states and promotes copy-
encouraged routing in non-copying heads, restoring
context dominance in the residual stream without
modifying model parameters or requiring retrain-
ing.
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Limitations

Our evaluation focuses on Llama-family back-
bones; extending to a wider range of model ar-
chitectures is left to future work. CoDA adds
lightweight inference-time computation for anchor
selection and attention modulation, and further sys-
tem optimizations may benefit strict latency set-
tings. We adopt simple, practical default choices
for anchor selection and dosing strength, and more
adaptive variants could improve robustness under
diverse retrieval conditions.

Ethical Considerations

CoDA aims to improve evidence use in RAG, but it
does not guarantee correctness, especially when re-
trieved sources are incomplete or misleading; high-
stakes use should include standard safeguards (e.g.,
provenance and human review). Because CoDA is
inference-time and training-free, it introduces no
new data collection, but responsible deployment
still depends on privacy/compliance controls in the
retrieval pipeline. Automated evaluation can be
imperfect, and targeted human checks can comple-
ment automatic metrics.
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Langner, Teddy Ferdinan, Jan Kocoń, and Prze-
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A Related Work

A.1 RAG Hallucination
LLM hallucination refers to the phenomenon where
large language models generate plausible yet factu-
ally incorrect outputs, undermining their reliability
in real-world applications (Kaddour et al., 2023;
Kalai et al., 2025; Xu et al., 2025b). Retrieval-
augmented generation (RAG) alleviates this issue
by retrieving up-to-date and relevant external evi-
dence and conditioning generation on the retrieved
context (Gao et al., 2024; Fan et al., 2024; Zhang
et al., 2025; Guu et al., 2020; Lewis et al., 2021;
Santhanam et al., 2022; Varshney et al., 2023;
Mishra et al., 2024).
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However, even when the retrieved evidence is ac-
curate and contextually appropriate, RAG systems
may still produce unsupported or contradictory
statements—a phenomenon commonly referred to
as RAG hallucination (Shuster et al., 2021; Niu
et al., 2024a; Magesh et al., 2024; Sun et al.,
2025). This observation suggests that hallucination
in RAG is not merely a retrieval failure, but can
arise from how internal parametric knowledge and
external context are integrated during inference.

Following the experimental setting of Re-
DeEP (Sun et al., 2025), our work focuses on hal-
lucinations that persist despite sufficient and rel-
evant retrieved evidence, and aims to understand
and mitigate this failure mode from a mechanistic
perspective.

B Datasets

B.1 Dataset Overview and Usage Protocol
We evaluate contextual faithfulness and hallucina-
tion mitigation using two complementary dataset
families. (i) Hallucination benchmarks test
whether a model can remain faithful under retrieved
evidence, where human or automatic annotations
explicitly characterize unsupported or contradic-
tory generations. (ii) Contextual-faithfulness
benchmarks test whether the model grounds gen-
erated facts in the provided context when the evi-
dence is present and sufficient.

For clarity and to keep the main paper concise,
we summarize here the exact evaluation splits used
in our experiments. Table 3 reports the number of
faithful samples used for evaluation in each dataset
or subset. These counts correspond to the effective
evaluation pool after applying the dataset’s official
filters/constraints and our experimental protocol
(e.g., keeping only instances with valid retrieved
evidence and well-formed annotation fields). In
particular, for CoFaithfulQA-derived subsets, we
follow the standard subset partitioning and evaluate
under the same RAG setting across subsets, so the
reported counts are directly comparable across Hot-
potQA, NewsQA, NQ, SearchQA, SQuAD, and
TriviaQA.

Why report “#Faithful Samples”? Our primary
objective is to quantify contextual grounding when
the context is available and informative. Therefore,
we adopt the dataset-provided notion of “faithful
samples” as the evaluation substrate: each sam-
ple provides a retrieved context and a reference
for checking whether generated facts are supported

Dataset #Faithful Samples

Hallucination

RAGTruth (Niu et al., 2024a) 450
Dolly (AC) (Hu et al., 2024) 100

CoFaithfulQA Subsets

HotpotQA 1,546
NewsQA 374
NQ 3,010
SearchQA 10,692
SQuAD 2,799
TriviaQA 5,887

Table 3: Statistics of datasets used in our experiments
(moved from the main-body table to Appendix B.2 for
readability).

by that context. This design aligns with our focus
on hallucinations that occur even under valid ev-
idence, and complements case-based analysis in
Appendix D.

B.2 Additional Notes on Evaluation
Consistency

To ensure a consistent comparison across methods,
we keep the evaluation interface fixed: (1) each
method receives the same query and retrieved con-
text (when applicable), (2) metrics are computed
on the generated response under the same fact-
extraction and support-checking protocol defined
by the benchmark, and (3) we aggregate results at
the dataset/subset level using the same averaging
scheme across all baselines.

Hallucination benchmarks. RAGTruth and
Dolly (AC) provide representative contexts where
hallucinations manifest as statements that are un-
supported by or contradictory to the evidence.
These benchmarks are used to measure whether an
intervention reduces such misaligned generations
and to support the qualitative, case-level compar-
isons reported later.

Contextual-faithfulness benchmarks. The
CoFaithfulQA-derived subsets cover diverse QA
sources and context characteristics. Evaluating
on multiple subsets helps verify that gains are
not confined to a single domain, context length
distribution, or question style.

C Evaluation Metrics for Contextual
Faithfulness

The following metrics originate from CoFaith-
fulQA (Zhou et al., 2023; Huang et al., 2025)
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and quantify how well a model balances external-
evidence grounding and reliance on parametric
memory.

Context Recall (ConR, Higher is Better)

Meaning. ConR measures the proportion of gen-
erated facts that are explicitly supported by the
retrieved context. Higher values indicate stronger
grounding in external evidence.

Computation. For each answer, let

Fctx : context-supported, Fall : total.

Then,

ConR =
Fctx

Fall
.

Memory Recall (MemR, Lower is Better)

Meaning. MemR measures the proportion of gen-
erated facts that originate from parametric memory
and are not grounded in retrieved evidence.

Computation. To avoid long text overflowing
the column, we define

Fmem = facts not supported by context but
present in parametric memory

.

Then,

MemR =
Fmem

Fall
.

Misalignment Rate (MR, Lower is Better)

Meaning. MR quantifies the proportion of gener-
ated facts that are either unsupported by or contra-
dictory to the retrieved evidence—i.e., hallucina-
tions or conflicting statements.

Computation. Let

Fmis = number of unsupported or contradicted
generated facts

.

Then,

MR =
Fmis

Fall
.

Summary of the Metrics

• ConR (Higher) measures grounding in re-
trieved context.

• MemR (Lower) measures reliance on internal
parametric memory.

• MR (Lower) measures the fraction of unsup-
ported/contradictory facts.

D Case Evaluation Analysis

We present representative case-level comparisons
between Ours (CoDA) and the baseline ReDeEP.
Each example corresponds to a human evalua-
tion entry in the RAGTruth dataset, indexed by
ours_index. We include the evaluator comments
(translated) and our interpretive analysis to high-
light common patterns: (1) cases where improve-
ments mainly come from clearer adherence to the
instruction “strictly based on the given content”,
(2) cases where the baseline hallucinates unsup-
ported details, and (3) marginal cases where both
outputs are factually equivalent and differences are
stylistic.

Case 1: ours_index = 21 (Finland and NATO)

Original Comment (translated). Both answers
correctly state that Finland established a formal
relationship with NATO in 1994. However, Ours
adds “Therefore, the answer is 1994.”, making the
conclusion more explicit and decisive.

Analysis. Both outputs are factually equivalent;
the preference is primarily stylistic.

Conclusion. Reasonable but based on stylistic
preference.

Case 2: ours_index = 30 (Nickname of Stefano
Magaddino)

Original Comment (translated). Both models
correctly list the nicknames “Don Stefano” and
“The Undertaker.” Ours explicitly adds “Based on
the provided content,” reinforcing grounding.

Analysis. Both answers are content-equivalent;
Ours better matches the instruction constraint
(grounding emphasis).

Conclusion. Fair and well-justified judgment.

Case 3: ours_index = 41 (Cardiovascular Risk
Factors)

Original Comment (translated). Ours lists only
risk factors with explicit numerical contributions
(hypertension, smoking, diabetes, physical inactiv-
ity, obesity), and notes missing numbers for others.
The baseline misinterprets “53% dietary risk” and
fabricates proportions.

Analysis. The evaluator correctly identified
baseline hallucinations. Ours follows the rule
“report only numerically quantified factors” and
avoids making up unsupported ratios.

Conclusion. Completely correct evaluation.
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Prompt Length (tokens) Baseline (s) CoDA (s)

100 26.7219 33.4681
259 28.3332 32.9018
341 29.3058 37.4260

1142 33.5325 37.8841
2600 39.6130 44.7178

Table 4: Inference latency under different prompt
lengths.

Case 4: ours_index = 52 (Tesla Bot Alias)
Original Comment (translated). Ours uses quo-
tation marks for “Optimus,” which the evaluator
interprets as more precise. Baseline content is iden-
tical but lacks quotes.

Analysis. Both answers are factually identical;
quotation marks are stylistic.

Conclusion. Marginal justification; factual
equivalence holds.

Case 5: ours_index = 56 (Flex Computer
System)
Original Comment (translated). Both correctly
describe the architecture. The baseline more explic-
itly mentions “strong type checking and memory
safety,” aligning better with the source.

Analysis. Baseline legitimately infers “mem-
ory safety guarantees” from “safe implementa-
tion.” Ours emphasizes organization/execution and
slightly under-specifies the technical focus.

Conclusion. Evaluation correct; baseline superi-
ority justified.

E Inference Latency

We evaluate the inference latency of CoDA under
different prompt lengths. Our method applies at-
tention modulation only to a small set of critical
layers and operates on top-K attention elements,
which limits the additional computation.

As the prompt length increases, the relative over-
head decreases, since the baseline attention cost
grows with sequence length while CoDA only pro-
cesses a sparse subset.
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