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Abstract

Retrieval-Augmented Generation (RAG) is es-
sential for extending Large Language Models
(LLMs) to knowledge-intensive tasks. While
prior research has primarily focused on re-
trieval quality and prompting strategies, the
influence of how the retrieved documents are
framed, i.e., context format, remains under-
explored. We demonstrate that semantically
identical inputs can yield drastically different
behaviors based solely on superficial format-
ting choices. Through mechanistic analysis,
we reveal the underlying factors that govern
performance differences, showing that subopti-
mal formats can disrupt information grounding.
Moreover, we introduce Contextual Normal-
ization, a lightweight framework that calibrates
the input surface formats to the model’s internal
dynamics. By optimizing the proposed metric,
it adaptively selects the most effective format
without requiring architectural changes. Exten-
sive experiments demonstrate that the method
consistently enhances robustness and accuracy,
particularly in challenging long-context scenar-
ios. These findings underscore that reliable
RAG depends not only on retrieving the right
content, but also on how that content is pre-
sented, offering both new empirical evidence
and practical techniques.

1 Introduction

Retrieval-Augmented Generation has emerged as
a foundational paradigm for enabling large lan-
guage models to scale to knowledge-intensive tasks
by conditioning generation on external documents
retrieved from large corpora (Lewis et al., 2020;
Borgeaud et al., 2022). In a standard pipeline, a
retriever first identifies potentially relevant texts
for a given query, and these documents are then
concatenated into a prompt for the LLM. With the
advent of long-context LLMs that can process tens
of thousands of tokens (Xiao et al., 2024; Xu et al.,
2024), the opportunities for complex understanding

over vast information spaces have been unlocked,
making RAG increasingly central to real-world ap-
plications such as open-domain QA and scientific
literature analysis.

While long-context extensions enable RAG sys-
tems to scale to much larger evidence pools, they
also introduce new challenges. Recent study (Leng
et al., 2024) highlights these limitations by sys-
tematically varying context length, from 2K up to
128K tokens across dozens of models, and docu-
menting consistent failure modes when contexts
become too long or unwieldy. With the number
of retrieved chunks increasing, LLMs face ampli-
fied retrieval noise, redundancy across overlapping
documents, and dilution of truly relevant evidence.
These issues often make it harder for LLMs to dis-
tinguish signal from distraction, leading to unstable
reasoning and degraded accuracy. Moreover, posi-
tional biases (Liu et al., 2024a; Zhang et al., 2024b)
further interact with these challenges: LLMs tend
to over-attend to the beginning or end of a prompt,
leaving evidence buried in the middle underutilized.
Together, these factors expose a fundamental brit-
tleness in RAG systems that limits its reliability in
real-world deployments.

To mitigate these limitations, a growing line
of research has explored strategies to improve
RAG performance. One representative approach
is inference-time restructuring: prompt optimiza-
tion (Liu et al., 2024b) selects the best permuta-
tion of retrieved chunks, while recent partitioning
methods (Zhang et al., 2024a) mitigate “lost-in-
the-middle” phenomena by splitting contexts and
aggregating answers. While effective, these strate-
gies often incur significant computational over-
head due to complex aggregation logic. A sec-
ond direction focuses on training-centric solutions:
methods utilizing synthetic supervision (An et al.,
2024) or specialized position-agnostic datasets (He
et al., 2024) aim to teach models to ignore posi-
tional bias. Although these approaches establish
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Figure 1: Illustration of Surface Brittleness: different
formats yield substantial performance differences.
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a strong upper bound for robustness, they face
scalability issues and high resource costs. More
granular approaches (Zhang et al., 2024b; Hsieh
et al., 2024b) target the attention mechanism di-
rectly. For instance, Hsieh et al. (2024b) diagnose
positional attention bias and propose calibrating
attention weights to rectify it. This aligns with the
broader trend of leveraging inference-time compute
to boost performance (Vladika and Matthes, 2025;
Welleck et al., 2024).

In this work, we uncover a third, overlooked
critical factor: how the information is encoded.
We argue that semantic equivalence does not guar-
antee attention equivalence during inference. As
illustrated in Figure 1, we identify a phenomenon
of “Surface Brittleness”: purely cosmetic changes
to the format of retrieved data, such as replacing
a standard hyphen delimiter with an ampersand,
can trigger a catastrophic collapse in model perfor-
mance, even when the semantic content remains
identical. This suggests that the bottleneck in long-
context RAG is not only the reasoning capacity,
but also a perceptual barrier caused by the inter-
nal biases. Optimizing the “connective tissue” of
the context offers a lightweight, complementary
intervention that can be integrated into existing
pipelines with minimal overhead.

If the surface format of context can be altered
while preserving semantics, could model perfor-
mance also be systematically improved? To ad-
dress this question, we propose Contextual Nor-
malization (C-NORM), a lightweight, training-
free framework that optimizes the surface texture
of retrieved contexts to maximize the model per-
formance. C-NORM is grounded in mechanistic

interpretability, which employs the proposed Atten-
tion Balance Score (ABS) to calibrate the context
format, ensuring that the retrieved information is
presented in a structure that aligns with the model’s
pre-trained biases. More precisely, C-NORM acts
as a compatibility layer: it automatically selects the
optimal formatting strategies that prevent attention
sinks and promote uniform information processing.

The contributions of this work can be summa-
rized as follows:

* We identify the Surface Brittleness in RAG sys-
tems. We demonstrate that context formatting is
a decisive control variable. Through controlled
experiments, we show that standardizing “con-
nective tissue” (delimiters) is as critical as order-
ing, with suboptimal formats causing models to
effectively ignore valid evidence.

* We provide mechanistic explanations grounded
in tokenization efficiency and attention alloca-
tion, showing that format sensitivity stems from
how specific tokens disrupt or facilitate the atten-
tion flows.

* We introduce a model-agnostic, inference-time
calibration method C-NORM. By optimizing the
Attention Balance Score, C-NORM aligns the
context format to the model’s internal dynamics
without requiring parameter updates or expensive
per-query searching.

* We conduct extensive experiments under both
controlled and real-world settings, demonstrating
that C-NORM consistently improves the RAG
performance across diverse models. Gains are es-
pecially pronounced in challenging long-context
scenarios, underscoring its practical value for re-
liable RAG systems.

2 The Hidden Brittleness of Context
Formatting

The performance of RAG systems in long-context
scenarios is profoundly influenced by the effec-
tive integration of retrieved information (Borgeaud
et al., 2022; Karpukhin et al., 2020). While previ-
ous work (Asai et al., 2023) has primarily focused
on the quantity and relevance of retrieved docu-
ments, we posit that the internal format of this in-
formation, more specifically, how context content
in each chunk is structured, acts as a hidden control
variable that can drastically alter the model’s ability
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Figure 2: Model performance varies significantly with delimiter choice despite semantic identity. This divergence
proves that formatting is not a neutral container but a factor that can blind LLMs before reasoning begins.

to ground information. To investigate this hypothe-
sis, we design a set of experiments centered on the
key-value extraction task (Liu et al., 2024a). The
goal of the task is to retrieve the value of a specific
key from a long JSON object. More details are pro-
vided in Appendix B. We manipulate the surface
form of the context while keeping semantic content
identical. We introduce three distinct formats to
probe different aspects of model sensitivity:

- UUID: We use standard 128-bit Universally
Unique Identifiers (e.g., alb2-c3d4...). This
represents the high-entropy, rigid structures often
found in database retrievals or JSON blobs.

- Plain Text: We flatten the data, removing struc-
tured identifiers entirely. This tests the model’s
ability to rely solely on natural language patterns
without structural crutches.

- Modified UUID: Crucially, we introduce a for-
mat that is semantically identical to the standard
UUID but structurally perturbed: we replace the
standard hyphen delimiter (-) with an ampersand
(&). If an LLM is robust, this trivial character swap
should yield negligible performance differences.

Evaluation Protocol. We design a controlled
experiment with 500 samples to evaluate the perfor-
mance of LLaMA-2-7B, LLaMA-2-7B-Chat (Tou-
vron et al., 2023), and Qwen2.5-1.5B (Yang et al.,
2024). The experiments are conducted with two
context configurations: low-density (40 32-char
chunks) and high-density (10 128-char chunks).
For each setting, we record two key metrics: the
Overall Averaged Accuracy (OAA) across all per-
muted positions of the gold chunk, which mea-
sures robustness of RAG systems, and the Optimal
Positioned Accuracy (OPA), which captures the
model’s best-case performance under ideal posi-
tion of gold key to disentangle syntactic legibility
from attention capacity.

The “Hyphen-to-Ampersand” Collapse. As
shown in Figure 2, our results reveal a startling

fragility in different LLMs. The most significant
finding is the extreme sensitivity to arbitrary de-
limiters. For LLaMA-2-7B-Chat, simply switching
the delimiter from a hyphen (UUID) to an amper-
sand (Modified UUID) causes a catastrophic per-
formance collapse: OAA plummets from 0.810 to
0.102. In some high-density structured cases, the
model even refused to answer entirely. Despite
the task being semantically identical, the model ef-
fectively loses the ability to “see” the information.
This suggests that certain tokens trigger failures,
rendering the context opaque to the model.

Inconsistent Inductive Biases. There is no uni-
versal best format. While the LLaMA family con-
sistently favors unstructured Plain Text, Qwen2.5-
1.5B exhibits a shifting preference. In low-density
settings, Qwen benefits from the rigid structure of
UUIDs. This inconsistency highlights that optimal
formatting is a function of model behavior which
depends heavily on its internal dynamics.

Context Window # Effective Attention. Even
models with massive context windows are not im-
mune. Qwen2.5-1.5B, despite its 128k context
capability, also suffers degradation when the for-
mat clashes with its internal biases. This implies
that the LLM performances on key-value extrac-
tion are brittle, which can be deactivated simply by
choosing the “wrong” delimiter.

These findings demonstrate that formatting is
not merely a stylistic choice but a fundamental con-
straint on model performance. The divergence in
model behaviors, where one collapses and another
shifts preferences, requires a deeper explanation.

3 Mechanism Analysis: Attention
Collapse vs. Balanced Allocation

To understand why context formats affect long-
context performance and robustness, we delve into
the internal dynamics of different LLMs. We focus
specifically on the distribution of attention, which
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Figure 3: Attention attributions under low-density settings.

governs how the model allocates focus across posi-
tions. Meanwhile, we also investigated whether the
sheer number of tokens (tokenization length) drives
this effect. As detailed in Appendix A, while token
count correlates with performance in some models
(Qwen2.5-1.5B), it fails to explain the sensitivity in
others (LLaMA-2-7B), making attention allocation
the more universal explanatory mechanism.

3.1 Attention Attribution

To understand how context format shapes ground-
ing, we observe last-layer attention distributions in
both LLaMA-2-7B and Qwen2.5-1.5B. We aim to
identify why different context formats lead to dif-
ferent performance patterns across models. Specif-
ically, we construct 20 key-value pairs, place the
target key at varying positions, and measure how
attention from the final token is allocated across the
sequence under both UUID and Plain Text formats.

Figure 3 presents the attention weights from the
final token to all preceding tokens. For Qwen2.5-
1.5B, the Plain Text format yields sharp atten-
tion peaks at the beginning and end of the se-
quence, while the UUID format produces a more
uniform distribution, with increased emphasis on
middle positions. On the contrary, in LLaMA-2-
7B, UUID contexts concentrate attention at the
sequence boundaries, whereas plain-text contexts
lead to stronger coverage of the middle portion.
This contrast in allocation explains the opposite
performance trends observed in Figure 2: formats
that encourage more balanced attention across the
sequence tend to achieve higher robustness and
overall accuracy in long-context retrieval.

On the Role of Training Data. To further probe
why different context formats lead to distinct at-
tention allocation patterns, we attempt to trace the

PLAIN
0.104 uuID

o o
o o
=) ©
s s

Attention
o
o
)

0.02 1

0.00 1

First Middle Last

(b) Qwen2.5-1.5B

The x-axis denotes the relative position of input tokens.

effect back to the training data. With Stanford-
Alpaca-7B (Taori et al., 2023), we sort tokens in
its fine-tuning corpus by frequency of occurrence,
and then reconstruct QA contexts where original
tokens are replaced with either the most frequent
or least frequent tokens. This design tests whether
exposure frequency in fine-tuning data influences
how attention is distributed across contexts. How-
ever, the results (detailed in Appendix C) do not
show a clear relationship between token frequency
and LLM performance or attention allocation. This
negative result reinforces that the grounding mech-
anism behind context-format sensitivity is more
complex than simple token frequency statistics,
likely driven by deeper dynamics acquired during
both pretraining and fine-tuning.

4 Contextual Normalization:
Inference-Time Format Calibration

Inspired by the above findings, we propose Contex-
tual Normalization, C-NORM, a lightweight pro-
cedure that standardizes retrieved passages into a
format that better supports grounding in long con-
texts. As shown in Figure 4, the method operates in
three stages: (i) candidate formatting of contexts,
(ii) attention-guided scoring to select a format, and
(iii) application of the chosen format for all con-
texts in RAG. This procedure is model-aware yet
training-free, requiring only a forward pass with
attention outputs.

4.1 Candidate Formatting

Given a query ¢ € () and a set of retrieved pas-
sages D = {di,...,dn}, we generate format
variants of each passage using sentence-level re-
structuring. Specifically, with a delimiter f €
{none, -, _, :, ., ~,+,/,&, ...} and the predefined
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Figure 4: Overview of the proposed C-NORM pipeline.

ratio p € [0, 1], a fraction p of sentences in d; are
reformatted by replacing whitespace with f. This
procedure preserves semantic content while vary-
ing structural cues in a controlled manner, creat-
ing candidate contexts JZ(-f #) The formatted docu-
ments are then assembled as contexts into prompts

for finishing the task.

4.2 Attention-Guided Scoring

To assess which format best supports grounding,
we propose an Attention Balance Score (ABS)
from the LLM’s internal attention distributions. For
each candidate format f, we sample a subset of
prompts S with |S| < |Q], and extract the last-
layer attention vector a € R’ corresponding to the
final token. We then compute:

ABS(a) =1—-2-|u— 0.5,

where

This score peaks when attention mass is balanced
across the sequence, avoiding pathological focus
on only the beginning or end of the input. The final
delimiter f* is chosen by maximizing the average
ABS across S sampled prompts:

S
1
* f
fr= argm}z}x 5 5521 ABS(all)).

4.3 Inference-Time Deployment

At inference time, all sentences in the retrieved doc-
uments are reformatted with the selected configu-
ration (f*, p) before constructing the final prompt.
Here, f* denotes the delimiter format that has been
automatically chosen during the calibration stage,
and p specifies the proportion of sentences in which

this format is applied. The reformatting step pro-
duces a normalized context representation that re-
duces spurious variability in how evidence is pre-
sented to the model. Importantly, the operation
is performed at the sentence level, ensuring that
semantic content remains intact while surface pat-
terns are harmonized.

To summarize, C-NORM provides a lightweight
and training-free mechanism for adapting context
structure to the inductive biases of each model. By
aligning the input format with the model’s internal
dynamics, it reduces mismatches between surface
structure and processing preferences, thereby sys-
tematically mitigating the brittleness.

S Experiments

To validate the effectiveness of C-NORM in en-
hancing the robustness and generalization of LLMs
under long-context RAG, we design two comple-
mentary evaluation settings: a controlled QA test
based on NQ-Open and the real-world task from
LongBench-v2 to assess generalizability across di-
verse input types. We show that C-NORM consis-
tently improves LLM’s performance.

5.1 Controlled Long-Context RAG Settings

In this case, we propose a controlled test using a
permuted version of NQ-Open to evaluate both the
robustness to order variation and long-context ca-
pacity of LLMs. First, we randomly sample 500
questions from NQ-Open (Liu et al., 2024a). For
each question, one gold (relevant) document is iden-
tified and mixed with 9 distractors, each containing
about 100-300 tokens. We then construct 10 in-
put permutations by placing the gold document at
each possible position while shuffling the remain-
ing distractors. The ratio p in C-NORM is fixed at
p = 0.5 with 8 samples used for selecting the best
delimiters. We report the OAA and OPA metrics
introduced in Section 2. All results are averaged
over three random seeds to reduce variance.
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Models. We adopt several LLMs for evalua-
tion, including LLLaMA-2-7B (pretrained context
length 4K) (Touvron et al., 2023), LLaMA-2-7B-
Chat (4K), Qwen2.5-1.5B (128K) (Yang et al.,
2024), and Qwen2.5-1.5B-Instruct (128K). These
two model families are specifically selected with
their completely different formatting sensitivities
demonstrated in Figure 2. By evaluating across
such distinct LLMs, we aim to demonstrate the uni-
versality of C-NORM in adapting to diverse internal
mechanisms. We utilize unaligned QA prompts
for base models and official chat templates for
instruction-tuned variants, with full prompt speci-
fications provided in the Appendix D. All genera-
tions are performed with temperature fixed at 0 to
ensure deterministic outputs and eliminate random-
ness from sampling.

Experimental Results. In the controlled long-
context RAG evaluation on NQ-Open, as shown
in Figure 5, C-NORM consistently improves both
robustness (OAA) and comprehensive capacity
(OPA) across all evaluated LLMs. The gains are
especially pronounced for LLaMA-2-7B, show-
ing that format adaptation can compensate for the
LLM'’s limited understanding ability. It highlights
that long-context performance is not only deter-
mined by LLM scale or pretraining context window,
but also by how the context is presented. Interest-
ingly, the most effective formats are often not the
ones most interpretable to humans. For instance,
delimiter-heavy or structurally altered representa-
tions outperform plain natural text. This under-

scores the importance of optimizing the input for-
mat for alignment with the model’s internal dynam-
ics rather than assuming that human-friendly repre-
sentations are optimal. By automatically selecting
a context format that maximizes balanced attention,
C-NORM enables models to reason more reliably
across arbitrary evidence positions, offering a prac-
tical path toward more robust long-context RAG
systems.

5.2 Real-World RAG Settings

To evaluate the real-world utility of C-NORM, we
adopt LongBench-v2 (Bai et al., 2024), a bench-
mark targeting long-context performance across
diverse question types. It contains 503 multiple-
choice questions drawn from six categories, includ-
ing single-document and multi-document QA, long
in-context learning, dialogue history understand-
ing, codebase comprehension, and structured data
understanding, which covers both textual and semi-
structured formats. Each question is paired with a
long context ranging from 8K to over 2M words,
with most falling under 128K.

We evaluate model performance using overall
accuracy, complemented by breakdowns across dif-
ficulty levels (Easy and Hard) and context lengths
(Short, Medium, and Long). For this setting,
we adopt LLaMA-2-7B-Chat and Qwen2.5-1.5B-
Instruct, leveraging the official task templates pro-
vided by LongBench to ensure comparability with
prior work. Moreover, we evaluate C-NORM
against (1) Baseline, which uses original docu-
ment formatting, and (2) Min-Token. The latter



Table 1: Evaluation on LongBench-v2. We report overall accuracy along with breakdowns across difficulty (Easy

vs. Hard) and context length (Short, Medium, Long).

Model Method Overall Easy Hard Short Medium Long
Baseline 26.4 25.0 273 26.7 24.7 29.6
LLaMA-2-7B-Chat Min-Token 26.6 250 277 278 22.8 324
C-NORM 27.6 271 28.0 283 25.6 32.6
Baseline 23.7 26.6 219 278 23.7 16.7
Qwen2.5-1.5B-Instruct Min-Token 25.6 27.6 244 294 27.0 16.7
C-NORM 26.2 27.1 257 294 27.4 18.5
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Figure 6: Impact of formatting density p on LLaMA-2-
7B performance.

is derived from our analysis in Section 3, which
suggests that higher tokenization efficiency corre-
lates with better performance. We explicitly do not
compare against other training-free interventions
as they operate on orthogonal mechanisms (atten-
tion weights and inference logic, respectively) and
are complementary to the input-level normalization
provided by C-NORM.

Experimental Results. As presented in Table 1,
the results on LongBench-v2 demonstrate that C-
NORM consistently achieves the highest overall
accuracy across both models. Notably, the method
excels in the Hard and Long subsets, which repre-
sent the most challenging scenarios for RAG. For
instance, Qwen2.5-1.5B-Instruct sees a substan-
tial boost (25.7% vs. 21.9%) in the Hard category
and LLaMA-2-7B-Chat gains in the Long category
(32.6% vs. 29.6%) over the baseline. While Min-
Token generally outperforms the baseline, validat-
ing our hypothesis in Section 3 that tokenization
efficiency is a factor, it lacks stability. For LLaMA-
2-7B-Chat, Min-Token actually degrades perfor-
mance in the Medium setting compared to the base-
line (22.8% vs. 24.7%), whereas C-NORM main-
tains robustness (25.6%). This confirms that simply
minimizing sequence length is a useful but insuf-
ficient heuristic. Reliability requires the attention-
aware calibration provided by C-NORM.

practical deployment.

Delimiter Choices. We first examine the ef-
fect of delimiter choices in C-NORM. A wider
set of candidate delimiters consistently improves
performance, as it increases the chance of identify-
ing a format that better aligns with LLM’s internal
processing. Interestingly, the best-performing de-
limiter is not always human-interpretable or intu-
itive. For instance, in our controlled settings, the
selected delimiters vary across models: LLaMA-2-
7B preferred “.”, LLaMA-2-7B-Chat favored “:”,
Qwen2.5-1.5B chose “-”, Qwen2.5-1.5B-Instruct
selected “&”. Moreover, we observe that the opti-
mal delimiter can also vary across different context
settings and lengths, which makes manual selec-
tion impractical. These findings underscore two
important insights: (1) delimiters that yield high
Attention Balance Scores (ABS) can substantially
enhance robustness, confirming the effectiveness of
C-NORM; and (2) optimal delimiter preferences are
both model-specific and context-dependent, high-
lighting the necessity of automatic selection via
ABS rather than relying on human intuition.

Formatting Density (p). We further investigate
the impact of the formatting ratio p, which con-
trols the density of delimiter replacement. As evi-
denced in Figure 6 by our controlled experiments
with LLaMA-2-7B, increasing p from the Baseline
(p = 0) yields steady gains. Pushing the density
further causes performance to recede while remain-
ing the positive improvement. This implies the
trade-off between structural guidance and semantic
integrity, where p acts as a regularization hyperpa-



rameter that balances the benefits of structural nor-
malization against the risks of over-tokenization.

Efficiency and Sensitivity Analysis. Finally,
we examine the sensitivity of C-NORM to the sam-
ple size (S) used for best format selection and the
resulting computational overhead. By varying S
from 1 to 10, we observe that the chosen delimiter
and downstream performance remain largely stable,
indicating rapid convergence. In practice, setting
S = 6 is sufficient to robustly identify optimal
formats. Consequently, the computational cost, de-
fined by |S| x | F'| forward passes, is negligible and
is incurred only once per model-task pair. Crucially,
at inference time, C-NORM imposes nearly zero
latency penalty. While modifying delimiters might
theoretically introduce slight token variations, the
sentence-level operation controlled by the density
p ensures the negligible increase in token count
relative to the total input length.

In summary, our analysis highlights the effective-
ness of C-NORM in adapting to diverse models and
context settings. The method consistently identifies
beneficial delimiters and achieves robust improve-
ments with only a handful of samples.

6 Related Work

Retrieval Augmented Generation (RAG) has
been widely adopted to improve model perfor-
mance on the tasks that requires intensive knowl-
edge resources (Borgeaud et al., 2022; Lewis et al.,
2020; Karpukhin et al., 2020). Traditional RAG
pipelines usually manage short context windows,
typically involving tasks with concise and immedi-
ately relevant contexts (Lewis et al., 2020). While
effective for short and well-contained queries, the
systems face substantial limitations when scaling
to more complex or open-ended tasks (Jeong et al.,
2024). Many real-world questions require integrat-
ing dispersed evidence from multiple documents
or reasoning over lengthy documents such as aca-
demic articles, legal cases, or multi-turn dialogues.
Standard pipelines that retrieve and concatenate
only a few short passages (typically 100-300 tokens
each) often suffer from information fragmentation
or omission of critical context (Li et al., 2024b;
Hsieh et al., 2024a). Furthermore, fixed-length con-
text windows in most pretrained LLMs (e.g., 2K-
4K tokens) severely limit the amount of retrievable
evidence considered simultaneously. These bottle-
necks have prompted shifts toward long-context
RAG setups, leveraging larger contexts and im-

proved retrieval for open-domain QA (Asai et al.,
2023; Lee et al., 2019; Nakano et al., 2021), multi-
hop reasoning (Zhong et al., 2023; Ho et al., 2020),
and complex document understanding (Dua et al.,
2019; Li et al., 2024a).

Long-Context RAG. Recent studies (Liu et al.,
2024a; Zhang et al., 2024b; An et al., 2024; Liu
et al., 2024b) have revealed critical limitations in
how large language models utilize long-context in-
puts in RAG. Simply appending more retrieved text
does not guarantee improved performance, poten-
tially causing degradation due to positional biases,
information dilution, and the “lost-in-the-middle”
phenomenon (Liu et al., 2024a). Models often favor
content at the beginning or end of the prompt, ne-
glecting relevant information buried in the middle.
This results in significant performance variance de-
pending on the order of retrieved documents, even
if the overall content remains unchanged (Liu et al.,
2024b; Zhang et al., 2024b; An et al., 2024). Thus,
the effectiveness of long-context RAG is influenced
not only by the amount of available information
but also by how it is ordered and integrated.

7 Conclusion

In this work, we expose the “Surface Brittleness”
problem in long-context RAG. Semantically identi-
cal contexts can yield drastically different perfor-
mance based solely on surface differences. Our
mechanistic analysis reveals that this is not a fail-
ure of reasoning, but a perceptual bottleneck aris-
ing from the interplay of model’s inductive biases.
Building on these insights, we introduce C-NORM,
a training-free calibration framework. By leverag-
ing the proposed Attention Balance Score (ABS),
C-NORM aligns the structural presentation of re-
trieved documents with the model’s internal dynam-
ics. Extensive experiments across both controlled
evaluations and the real-world RAG benchmark
demonstrate that C-NORM consistently improves
the RAG performances. Gains are especially pro-
nounced in challenging Hard and Long scenarios,
where retrieval noise and positional biases pose the
greatest hurdles.

Ultimately, our findings highlight that reliable
grounding in RAG depends not only on what is
retrieved, but also on how it is presented to the
model. By reframing context presentation as a nor-
malization problem, C-NORM opens a practical
new direction for improving the stability and scala-
bility of large language models.



8 Limitations

While C-NORM offers a robust, training-free mech-
anism for stabilizing long-context RAG, we ac-
knowledge several limitations regarding applica-
bility and scope in our current study. C-NORM
relies on internal attention weights for the calibra-
tion phase, limiting its direct application to closed-
source API models where such telemetry is inacces-
sible. However, for these scenarios, we hypothesize
that the optimal formats identified on open-weights
models of similar training dynamics could possibly
serve as effective transfer proxies, a direction we
leave for future exploration. Besides, in this work,
we focused primarily on optimizing sentence-level
delimiters. We did not exhaustively evaluate hi-
erarchical formats such as JSON, XML, or Mark-
down structures, nor did we explore semantic-level
rewrites. While our findings confirm that simple
delimiter calibration yields significant gains, inves-
tigating the interaction between complex structural
schemas and attention mechanisms remains a rich
avenue for future work.
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A Analysis of Tokenization Length

In this section, we investigate the impact of tok-
enization length on the key-value extraction task to
determine if performance gains are merely a result
of shorter contexts.

For LLMs such as Qwen2.5-1.5B, which use a
SentencePiece-based tokenizer (Kudo and Richard-
son, 2018), delimiter characters such as ‘-, “.’,
‘&’, ‘_’, and ‘+ affect the token count of the input
string significantly. To analyze this, we used 200
synthetic key-value samples, each consisting of 40
context pairs. The target (gold) key-value pair is
inserted at each position. We report OAA as the
aggregated metric.

As shown in Figure 7, the results reveal a rela-
tively strong negative correlation (Pearson’s r =
—0.82) between the number of tokens produced
and the corresponding OAA for Qwen2.5-1.5B. In
other words, delimiters that yield shorter tokenized
sequences (e.g., hyphens or colons) lead to higher
accuracy.
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Figure 7: Qwen2.5-1.5B performance across delimiter
configurations. Across settings, we observe a negative
trend: configurations that inflate tokenization length
tend to yield lower OAA.

Why this is not the full story: This behavior is
not universal. For LLMs like LLaMA-2-7B, which
tokenize many symbols (e.g., -, _, /, +) into single-
character tokens, the number of tokens remains un-
changed across different delimiters. In these cases,
performance still varies significantly with different
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delimiters, but the effect cannot be attributed to
token count. Therefore, while token efficiency is
beneficial, it does not explain the format sensitiv-
ity phenomenon across all models, necessitating
the attention-based approach proposed in the main
text.

B Key-Value Extraction

We adopt a controlled key-value extraction task to
study the effect of context formatting on retrieval-
augmented generation. The task is defined as fol-
lows: given a long JSON-like object containing
multiple key-value pairs, the model must return
the value corresponding to a specified key. Un-
like open-domain QA, this setup is free from world
knowledge or semantic priors, since both keys and
values are synthetic 32-character strings. As a re-
sult, performance directly reflects the LLLM’s abil-
ity to utilize and navigate long contexts rather than
any memorized information. This task provides
a minimal yet effective probe of long-context rea-
soning. Because all key-value pairs are semanti-
cally meaningless, the model cannot rely on prior
knowledge; instead, it must depend entirely on the
context provided. Success therefore reflects two
abilities: (i) robust retrieval under distraction, as
the model must locate the gold key among many
distractors regardless of position, and (ii) sensitiv-
ity to formatting, since any performance difference
arises solely from how identifiers are represented
(e.g., hyphenated UUIDs versus plain texts). This
isolation makes the task particularly well-suited for
analyzing how structural cues in the input guide
attention and grounding.

We design three variants of the input, differing
only in the format of the identifiers:

» UUID: Keys and values are expressed as stan-
dard universally unique identifiers, represented
as 32-character hexadecimal strings with hyphen
delimiters.

* Plain Text: Identifiers are flattened into continu-
ous 32-character strings without structural delim-
iters.

* Modified UUID: Identifiers are expressed as
UUIDs but with hyphens replaced by alternative
delimiters (e.g., the “&” symbol).

Prompt. The task prompt is shown below. The
model is asked to extract the value associated with
a given key.



Extract the value corresponding to the
specified key in the JSON object below.

# UUID:
550e8400-e29b-41d4-a716-446655440000:
123e4567-e89b-12d3-2456-426614174000

# Plain Text:
550e8400e29b41d4a716446655440000:
123e4567e89b12d3a456-426614174000

# Modified UUID:
550e84008e29b&41d48&a716&446655440000:
123e45678&e89b&12d3&a4568426614174000

Key: XXXXXXX

value:

Corresponding

C Frequency-Controlled Token
Replacement

To further analyze whether token exposure during
fine-tuning contributes to the observed sensitivity
of attention allocation to context format, we design
a Frequency-Controlled Token Replacement ex-
periment. Specifically, we focus on the Stanford-
Alpaca-7B model and construct test cases where
context tokens are systematically replaced with to-
kens of varying frequency in the fine-tuning corpus.

Settings. We evaluate the robustness and capac-
ity of LLM on 100 samples from the NQ-Open
dataset (Liu et al., 2024a). Each sample is paired
with 6 retrieved documents, each containing ap-
proximately 100-300 tokens. To simulate long-
context reasoning, we permute the position of the
gold document across all possible positions. For
token replacement, we sort tokens in the Alpaca
fine-tuning data by frequency of occurrence and
define replacement groups corresponding to the
top-k% most frequent tokens and bottom-k% least
frequent tokens (k = 1, 5, 10). Replacement is en-
forced by prompting the model to rewrite retrieved
passages using only tokens from the allowed set,
according to the following instruction:

You are given a list of allowed tokens.
Your task is to rewrite the text by replac-
ing as many words as possible with the
allowed tokens.
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Rules:
1. Do not add or remove sentences.
2. Do not change the order or structure.

. Only substitute words with allowed to-
kens when possible.

. Keep the formatting exactly the same
as the original.

Allowed tokens: [token list here]
Example:

Original text:  The cat is sleeping on
the mat.

Rewritten text: a cat is sleeping on
the mat

Now rewrite the following text:
nal text here]

[origi-

Table 2: Performance under frequency-controlled token
replacement on NQ-Open with Stanford Alpaca 7B.
Top-k and bottom-k indicate substitution using the most
and least frequent tokens from the fine-tuning corpus.

Setting OAA OPA
Stanford Alpaca  0.538 0.690
(no replacement)

Top 10% 0.530 0.720
Top 5% 0.512 0.700
Top 1% 0.505 0.640
Bottom 10% 0.505 0.680
Bottom 5% 0.510 0.700
Bottom 1% 0.502 0.670

Results. Table 2 reports the overall aver-

aged accuracy (OAA) and optimal-position accu-
racy (OPA) under different replacement groups.
The baseline Alpaca model without replacement
achieves an OAA of 0.538 and OPA of 0.690. Sub-
stituting with frequent tokens (top 10%) slightly
reduces performance (OAA =0.530, OPA = 0.720),
while extreme substitution with the most frequent
single token further degrades results (OAA = 0.505,
OPA = 0.640). Similarly, replacing with least fre-
quent tokens (bottom 10% / 5% / 1%) shows com-
parable degradation.

Discussion. The results suggest that token fre-
quency alone does not provide a satisfactory expla-



nation for the different attention allocation patterns
observed across context formats. Substitutions with
both highly frequent and rarely seen tokens lead to
similar levels of degradation, and no clear mono-
tonic relationship is observed. This indicates that
the grounding mechanism behind context sensitiv-
ity is more complex than exposure frequency, and
is likely shaped jointly by pretraining dynamics
and fine-tuning objectives.

D Prompt Templates

We provide the prompt templates used across dif-
ferent evaluation settings to ensure consistency and
reproducibility. These prompts guide the model
during evaluation in various configurations, includ-
ing controlled chunk order permutations, and real
RAG settings (LongBench-v2).

Write a high-quality answer for the given
question using only the provided search re-
sults (some of which might be irrelevant).
The search results are ordered randomly.

Search Results: {search_results}
Question: {question}

Answer:

Please read the following text and answer
the question below.

<text> $DOC$ </text>
Question: $Q$%

Choices:

(A) SC_AS
(B) $C_B$
(©) $C_C$
(D) $C_D$

Format your response as follows: "The cor-
rect answer is (insert answer here)".

You are a helpful, respectful and honest
assistant. Always answer as helpfully as
possible, while being safe. Please ensure
that your responses are socially unbiased
and positive in nature. If a question does
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not make any sense, or is not factually co-
herent, explain why instead of answering
something not correct. If you don’t know
the answer to a question, please don’t share
false information.
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