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Abstract

Large language models suffer from positional
biases like the “Lost in the Middle” (LiM) phe-
nomenon and recency bias, which reduce the ef-
fective utilization of long contexts. In this work,
we investigate the role of positional encodings
in this context. Our empirical study confirms
the persistence of these biases in modern large
language models. Drawing on these findings,
we introduce CALIOPE, a training-free frame-
work for calibrating positional encodings at
inference time. Our calibrators yield substan-
tial improvements on needle-in-a-haystack and
cross-chunk reasoning benchmarks, and offer
a practical, lightweight method for improving
long-context utilization.

1 Introduction

Large language models (LLMs) have demonstrated
substantial capabilities across diverse natural lan-
guage processing tasks, including text generation,
logical reasoning, and question answering (Brown
et al., 2020; OpenAI, 2023). These models leverage
vast pre-training corpora to acquire broad knowl-
edge, enabling generalist performance across multi-
ple domains (Radford et al., 2019). However, their
application in specialized settings faces a critical
issue: The inability to access internal data outside
of public training corpora, or real-time information
that emerges after model training, is a fundamen-
tal limitation originating from the static nature of
pre-training, as models can not access information
that emerges from proprietary data or was created
after their training cutoff date. Retrieval augmented
generation (RAG) has emerged as a prominent ap-
proach to address these limitations by retrieving
and incorporating relevant documents during in-
ference time (Lewis et al., 2020). Modern LLMs
advertise substantial context window capacities,
suggesting that models should effectively process
extensive retrieved information. However, empiri-
cal evidence reveals a systematic failure known as

the “Lost in the Middle” (LiM) phenomenon, where
model performance exhibits a U-shaped curve with
respect to information position: models effectively
utilize information at sequence boundaries while
systematically underutilizing content in middle po-
sitions (Liu et al., 2024). This positional bias means
that critical information becomes less visible solely
due to its positioning in the context, undermin-
ing the practical utility of large context capaci-
ties. More generally, ineffective utilization of long
contexts affects a broad range of applications be-
yond RAG, including extended conversational in-
teractions with LLM assistants and tasks involving
lengthy reasoning.

While current LLM research is mostly focused
on various architectural and training improvements,
positional encoding mechanisms remain compara-
tively understudied. Rotary position embeddings
(RoPE; Xiong et al., 2023) have become the domi-
nant encoding scheme in LLMs (Sun et al., 2021),
yet mounting evidence suggests that these encod-
ings correlate with long-context failures (Wang
et al., 2024; Ding et al., 2024). We investigate
whether calibration of (rotary) positional encod-
ings can enhance the utilization of long context.

Our Contributions are the following:
1. We provide a comprehensive literature review

of the LiM phenomenon and a categorization
of possible existing mitigation strategies.

2. We conduct an empirical study to verify the
existence of the LiM phenomenon, alongside
recency biases in recently released LLMs.

3. We propose the Calibration of Positional
Encodings (CALIOPE) framework, introduc-
ing a set of novel training-free position cali-
brators, as well as a rigorous evaluation.

4. We provide an open-source codebase for repli-
cation and extension of our experiments, avail-
able at https://github.com/finitearth/
caliope.
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2 Related Work

Positional Encodings. The attention mecha-
nism’s permutation invariance necessitates explicit
position information to distinguish between “the
monkey ate the banana” and “the banana ate the
monkey”. Positional encoding schemes inject this
ordering information by mapping each sequence
position t to a vector representation ψ(t). The orig-
inal Transformer (Vaswani et al., 2017) employed
sinusoidal functions to encode absolute positions
without learnable parameters. BERT (Devlin et al.,
2018) and GPT-2 (Radford et al., 2019) adopted
trainable absolute position embeddings, parameter-
izing positions as a learnable matrix ψ(t) ∈ RT×d,
that – as in sinusoidal position encodings – is
added to the token embeddings. Because this lim-
its the model’s applicability to sequences exceed-
ing the training length T , Shaw et al. (2018) in-
troduced relative position encodings (RPE), rec-
ognizing that syntactic and semantic relationships
depend more on relative distances than absolute po-
sitions: αts = q⊤s kt + bt−s, where bt−s represents
a learned embedding for the relative distance t− s
between positions, clipped at a maximum distance.

Rotary Position Embeddings Xiong et al.
(2023) build upon the concept of RPE while replac-
ing learnable parameters in the positional encoding
mechanism with a deterministic rotational transfor-
mation, by applying rotation matrices, constructed
using sine and cosine functions. Similar to RPE,
RoPE is applied exclusively to queries and keys,
leaving values unmodified, ensuring that positional
information solely affects attention weight com-
putation, while preserving the semantic content
aggregated through value vectors.

Lost in the Middle. The LiM phenomenon, as
characterized by Liu et al. (2024), manifests as a
U-shaped performance curve where LLMs demon-
strate better utilization of information from begin-
ning and end positions of provided context inside of
the prompt while systematically under-performing
on middle-positioned content. This pattern emerges
consistently across major language model families,
including GPT-3.5 and Claude 1.3 at the time of the
original study, suggesting a fundamental represen-
tational limitation rather than a model-specific ar-
tifact. The core experimental paradigm employs a
multi-document question-answering task with care-
fully controlled positioning of relevant information,
inserting one relevant chunk among k−1 distractor

chunks. These distractors are selected as the most
relevant Wikipedia passages that do not contain the
answer, retrieved using standard retrieval models.
This design creates a challenging scenario where
distractors maintain topical relevance but lack the
specific information needed to answer the query, re-
quiring the model to identify which retrieved chunk
contains the pertinent details. In these controlled
experiments, all conditions, except for the position
of the relevant chunk, remain unchanged.

Mitigation Strategies. Existing attempts to mit-
igate the LiM phenomenon can be grouped into
three levels of intervention: retrieved chunk pro-
cessing, attention mechanism modifications, and
positional encoding adjustments (cf. Tab. 1). Each
category contains both training-free approaches
that can be immediately applied to pre-trained mod-
els and training-based approaches that require fine-
tuning or retraining. Although many of these meth-
ods are motivated by retrieval-augmented genera-
tion and Lost in the Middle specifically, the underly-
ing phenomenon reflects a more general limitation
in long-context utilization.

Training-Free Requires Training

Chunk
Attention Sorting LongLLMLingua∗Processing

Attention Found in the Middle Position-Agnostic Fine-tuning
Mechanism SSMax Curriculum Learning

Scale positional hidden states

Positional
CALIOPE (ours)

Position Interpolation
YaRN

Encoding LongRoPE
NoPE
p-RoPE

Table 1: Categorization of approaches addressing the
LIM phenomenon.
∗Requires training a lightweight compression model,
not the main LLM.

Chunk processing methods address the problem
at the input level through reordering or compres-
sion of retrieved information. Attention Sorting
(Peysakhovich and Lerer, 2023) employs iterative
retrieved chunk reordering, building on the hypoth-
esis that models do attend more strongly to relevant
retrieved chunks even when poorly positioned, as
they simply fail to utilize this attended information
effectively. LongLLMLingua (Jiang et al., 2024)
implements question-aware prompt compression
using smaller language models, finetuned for the
selection of relevant context.

Attention mechanism modifications are direct
interventions at inference time, which often require
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architectural changes. Found in the Middle Calibra-
tion (Hsieh et al., 2024) addresses positional bias in
attention by first estimating it through systematic
shuffling of retrieved chunks. The measured bias
is then subtracted from the attention scores during
inference, assuming that positional effects are lin-
early separable. Scale positional hidden states (Yu
et al., 2025) propose a method that mitigates po-
sitional bias by identifying and modifying hidden-
state channels associated with position-dependent
behavior induced by the causal attention mask.
Scalable-Softmax (SSMax) (Nakanishi, 2025) in-
troduces a modified softmax as a drop-in replace-
ment for standard softmax that prevents attention
flattening in long contexts. Position-agnostic fine-
tuning, explored in An et al. (2024) and He et al.
(2024), fine-tunes models on synthetic data with
systematic position shuffling, forcing models to
learn position-independent attention patterns. Cur-
riculum learning with progressive context exten-
sion, investigated by Nagatsuka et al. (2023), and
Li et al. (2022), gradually increases context length
during training, allowing models to learn positional
patterns incrementally.

Positional encoding modifications are targeted
alterations of what may be the root of the repre-
sentational bias. Existing methods (all requiring
training) include Position Interpolation (Chen et al.,
2023), which extends a model’s context length by
linearly compressing position indices to fit longer
sequences. YaRN (Peng et al., 2023) advances be-
yond this by applying different scaling strategies
to different frequency bands within the positional
encoding. LongRoPE (Ding et al., 2024) general-
izes this through evolutionary search for optimal
per-dimension scaling factors. Barbero et al. (2024)
show that high RoPE-frequencies encode positional
attention for nearby tokens while low frequencies
capture semantic relationships independent of dis-
tance. Their proposed p-RoPE removes the lowest
frequencies with wavelengths exceeding context
length. Wang et al. (2024) show that, removing
positional encodings (NoPE) can improve length
generalization.

CALIOPE occupies a distinct and direct point of
intervention in this landscape, as it acts solely on
the explicit inputs to the rotary positional encoding
mechanism via deterministic position remapping
at inference time. Unlike methods that probe or
manipulate internal representations, CALIOPE re-
quires no access to hidden states, no identification
of bias-related channels, and no parameter tuning

or retraining. It does not directly modify hidden-
state tensors or learned parameters, making it a
fully training-free, architecture-agnostic interven-
tion that can be applied to existing RoPE-based
models as a drop-in modification.

3 Experiments

We evaluate positional biases and the effects of
calibration using two complementary long-context
datasets that capture distinct aspects of context
utilization. First, we use the Natural-QA dataset
(Kwiatkowski et al., 2019) to study single-fact re-
trieval under varying positional conditions, also
known as Needle-in-a-Haystack experiments. Sec-
ond, we use the Babilong-QA dataset (Kuratov
et al., 2024) to assess cross-context reasoning,
where answers require integrating multiple relevant
facts distributed across a longer context.

Following (Liu et al., 2024), we evaluate the
models on the Natural-QA dataset (Kwiatkowski
et al., 2019), employing the classic needle-in-
haystack paradigm, where a single relevant chunk
r∗ is placed among d− 1 irrelevant distractors.

The retrieved information set R = {r1, ..., rd}
contains exactly one chunk with the answer to the
posed question. Key modifications from the orig-
inal study include extended context scales with
d ∈ {20, 50, 100} chunks, corresponding to ap-
proximately 3K, 8K, and 16K tokens of context,
respectively. We systematically vary the relevant
chunk’s position at d∗ ∈ {0, 0.2d, 0.5d, 0.8d, d}
to test primacy effects (d∗ = 0), recency effects
(d∗ = d), and varying degrees of middle positions.
Prompt structure, question difficulty, and distrac-
tor content are kept constant across all position
variations.

For each configuration, we run three random
seeds with 500 questions sampled from the original
datasets and report mean performance with stan-
dard deviation. Following Liu et al. (2024) and
Kuratov et al. (2024), we use substring matching
to check whether the correct answer appears in
the model output. Since this metric does not as-
sess semantic correctness (e.g., negation or misuse
in context), we additionally employ an LLM-as-
a-judge evaluation using Llama-3.3-70B to assess
contextual and semantic validity.

To quantify the strength of the U-shaped posi-
tional bias, we calculate the Pearson correlation
ρδ,a between a position’s distance from the middle
(δt) and its corresponding accuracy (a) multiplied
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Figure 1: Comparison of Accuracy across varying context window positions. The x-axis represents the normalized
position of the relevant information within the context window. Note that y-axis ranges are adjusted per subplot to
emphasize patterns while maintaining consistent scale spans across all plots.

Model Position of r∗ in retrieved information ρδ,a
0% 20% 50% 80% 100%

Llama-3.1-8B
d = 20 45.53± 0.90 48.20± 1.77 46.27± 1.39 49.07± 2.50 49.87± 1.00 0.83
d = 50 36.47± 2.13 40.47± 2.85 40.13± 3.19 38.93± 1.16 48.20± 1.50 1.60
d = 100 27.47± 1.95 31.53± 1.68 33.40± 1.18 34.33± 1.95 44.53± 3.71 2.08

Qwen-2.5-14B
d = 20 57.93± 1.55 52.67± 0.84 56.00± 2.24 55.40± 2.26 56.20± 0.33 1.06
d = 50 57.73± 0.94 51.60± 1.41 54.07± 3.03 51.93± 2.65 55.33± 1.64 2.14
d = 100 56.87± 3.03 50.93± 0.57 53.13± 0.90 51.93± 1.18 56.60± 3.34 2.97

Table 2: Retrieval accuracy (%) on Natural-QA measured by LLM-as-a-Judge.

by 100. We calculate the normalized distance from
the middle as:

δt =
|t− 0.5T |

0.5T
, (1)

yielding values of 0 for the middle position (d∗ =
0.5d) and 1 for border positions. Positive correla-
tion indicates U-shaped patterns, near-zero corre-
lation suggests no positional bias, while negative
correlation reveals inverted-U patterns. We use
this correlation measure to complement our visual
inspection of the performance plots.

While the aforementioned experiment provides
insight into the presence and strength of positional
biases, it falls short of representing challenges
present in real-world long-context use-cases: Of-
tentimes, answers are not contained within a single
relevant paragraph, but scattered across the pro-
vided context. We conduct a complementary ex-
periment on the BabiLong-QA cross-chunk reason-
ing dataset (Kuratov et al., 2024). Babilong-QA
requires the model to identify and integrate two
relevant facts distributed across different locations
within a context of distractor documents. By vary-
ing the total context length from 0 to 8,000 tokens,

we assess whether the model maintains its ability
to reason across the provided context.

In these experiments, we employ Llama-3.1-8B-
Instruct (Touvron et al., 2023), and Qwen-2.5-14B-
Instruct (Bai et al., 2023), both of which support a
context length of 128k tokens. A detailed descrip-
tion of the models can be found in Appendix B, and
details about the hardware utilized in Appendix C.
Additional details about the used datasets can be
found in Appendix D.

4 Confirming Positional Biases

The original LiM study (Liu et al., 2024) demon-
strated severe positional bias in language models
available at the time. We replicate these experi-
ments on modern LLMs to assess whether such
biases persist and to establish a current baseline.
Experiments are conducted at context lengths of
d ∈ 20, 50, 100 chunks. Results from the LLM-
as-a-Judge evaluation are reported in Figure 1 and
Table 2, with additional substring-matching results
provided in Appendix A.1 (Tab. 5, Fig. 4).
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Findings. Llama-3.1-8B demonstrates a severe
recency bias that manifests across all context
lengths, meaning that positioning the relevant
chunk in the first position results in a substantially
worse performance (27.5 % using LLM-as-a-Judge
at d = 100), than positioning it at the end of the
context (44.5%). This model also degrades heavily
in performance, when increasing the context length
(46.3% for d = 20 at position d∗ = 0.5d, 40.1%
for d = 50, and 33.4% for d = 100).

Qwen-2.5-14B showcases a severe negative bias
for middle positions, as the start (56.9% for d =
100, using LLM-as-a-Judge) and end (56.6%) posi-
tions perform vastly better than the middle position
(53.1%). Not only does the general performance
decrease with increased scale of context, but also
the severity of the LiM U-Shape increases, as quan-
tified by ρδ,a (1.1 for d = 20, 2.1for d = 50, and
3.0 for d = 100). Notably for this model, the ac-
curacy measured by LLM-as-a-Judge is notably
lower (ranging from 50% to 58%), than measured
by substring matching (52% to 68%).

Having confirmed that the positional biases per-
sist within recent LLMs, we now turn to devel-
oping a targeted solution. Our analysis suggests
that middle positions suffer from the characteristic
information underutilization that defines the LiM
phenomenon, while later positions benefit from a
recency bias. To address these issues, we present
CALIOPE, a family of training-free calibration
methods designed as drop-in replacements com-
patible with RoPE-based architectures.

5 CALIOPE: Calibration of RoPE

CALIOPE employs strictly monotonic transforma-
tion functions on the input to the positional en-
coding function while leaving all learned model
parameters untouched.1 The position calibration
framework operates on a set of retrieved chunks
R = {r1, r2, . . . , rd}, where d denotes the total
number of retrieved chunks in the context. To
track the relationship between individual tokens
and their respective chunks, we define a retrieved
chunk membership function m(t) that returns the
index of the retrieved chunk preceding the token at
index t, with m(t) = 0 for tokens appearing before
any retrieved information.

Central to the calibration approach is the gap ac-
cumulation function c : {0, . . . , d} → R+

0 , which
maps each retrieved chunk index to a cumulative

1Implementation details are provided in Appendix E.

position offset. This function enables the position
remapping operation Φ : N → R+

0 , defined as:

Φ(t) = t+ c(m(t)) (2)

This transformation maps each token position t
to a modified position that serves as input to the
positional encoding function ψ(Φ(t)), compared
to uncalibrated encodings, where the encodings
are solely based on t. A critical constraint for all
calibration functions is strict monotonicity: ∀t1, t2 :
t1 < t2 =⇒ Φ(t1) < Φ(t2), ensuring that the
order of tokens is preserved.

The calibrators are presented with untuned pa-
rameters, demonstrating their fundamental efficacy
in an out-of-the-box configuration and providing
clear baselines that avoid task-specific overfitting.
The central question is whether strategic position
remapping can reduce or eliminate the observed
positional biases. To address this, we repeat the
experiment from Section 4 with d = 100 retrieved
chunks, applying each of the following calibrators
during inference.

Moses Calibrator. The hypothesis underlying
this calibrator posits that if positional encodings
themselves cause the LiM phenomenon, avoiding
these problematic encodings should improve down-
stream performance. This transformation funda-
mentally alters the relative positioning: tokens orig-
inally at the middle position become located at
edges in an expanded position space. For instance,
when mapping positions to ranges 0–500 and 1500–
2000 instead of the original 0–1000, the calibrator
ensures that retrieved chunks bypass the relative
middle of typical position distributions entirely.

Moses Calibrator

Visualization:

🗋🗋🗋🗋

Gap function:

c(m) =

{
0 if m ≤ ⌊d/2⌋
∆gap if m > ⌊d/2⌋

(3)

Parametrization: ∆gap = 10,000.

Hourglass Calibrator. Unlike the Moses Cal-
ibrator’s discontinuous jump, the Hourglass ap-
proach provides gradual transitions that minimize
middle position occupancy while maintaining local
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coherence at sequence boundaries. It does so by
applying a gap function based on a parabola, which
contains maxima at the middle positions, therefore
making gaps in the middle bigger, ergo less tokens
are mapped to “the middle”.

Hourglass Calibrator

Visualization:

🗋🗋🗋 🗋

Gap function:

c(m) =
m−1∑

k=1

[
∆min + 4 · k

d− 1

·
(
1− k

d− 1

)
· (∆max −∆min)

]
(4)

Parametrization:
∆min = 5; ∆max = 1,000

Decay Calibrator. Early chunks typically oc-
cupy positions far from the query, regions where
models systematically ignore content. By introduc-
ing large initial gaps that decay exponentially, the
calibrator effectively “pulls” early retrieved chunks
closer in relative terms to the query position. Later
retrieved chunks largely maintain their natural clus-
tering in positions where attention mechanisms
already function effectively. This redistribution
places early retrieved chunks at positions with im-
proved relative proximity to the question, compen-
sating for the model’s inherent bias toward recent
content, observed in the Llama-3.1-8B in Section 4.

Decay Calibrator

Visualization:

🗋🗋 🗋 🗋

Gap function:

c(m) =
m−1∑

k=1

∆0 · λk (5)

Parametrization:
∆0 = 1,000; λ = 0.95

6 Experimental Results

6.1 Positional Biases after Calibration

The results measured by LLM-as-a-Judge of the
LiM experiment with the aforementioned calibra-
tors, showcased in Figure 2 and Table 3 paint a
promising picture. For the results using Substring-
Matching we refer to Appendix A.2.

For Llama-3.1-8B every calibrator increases the
performance by a huge margin, and in the case of
the Decay and Moses calibrator combat the posi-
tional bias effectively. In the case of Qwen-2.5-14B
the calibrators stay competitive for the most part,
with the exception of the Hourglass calibrator, that
induces a severe recency bias into the model.

The Moses calibrator demonstrates the most con-
sistent success in tackling the positional biases for
Llama-3.1-8B, where Moses maintains accuracy
between 50% and 53%. For Qwen-2.5-14B, Moses
does not substantially alter performance compared
to using unaltered RoPE; however, it decreases ρδ,a
from 3.0 to 2.3, indicating a slight success in miti-
gating the LiM phenomena.

The Decay calibrator is competitive with the
Moses calibrator, as for Llama-3.1-8B, it achieves
severe improvement at middle positions while
maintaining a slight recency bias. However, for
Qwen-2.5-14B, the Decay calibrator in fact in-
creases the severity of the U-shape, with ρδ,a = 4.1
compared to the identity baseline’s 3.0, represent-
ing an increase in the distance correlation.

The Hourglass calibrator produces an unex-
pected pattern: For Llama-3.1-8B, accuracy pro-
gressively improves from 42.2% at d∗ = 0 to
56.7% at d∗ = d, indicating a severe recency bias.
Qwen-2.5-14B exhibits a similar pattern, with ac-
curacy increasing from 40.5% to 55.5%.

6.2 Performance in Cross-Chunk Reasoning

The results of the cross-chunk reasoning experi-
ments on Babilong-QA, shown in Figure 3 and
Table 4, reveal further strengths of the calibrators.

The response to calibration varies dramatically
between models, revealing important interactions
between model capacity and calibration strategies.
Under increasing distractor presence, the Moses
calibrator demonstrates exceptional resilience for
Qwen-2.5-14B. While the identity baseline de-
grades from 68.1% to 25.3% at 8K distractors,
Moses degrades from 68.2% to 38.3%, resulting
in a 13 %p improvement at high distractor pres-
ence versus unaltered positional encodings. Other
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Figure 2: Retrieval accuracy on Natural-QA measured by LLM-as-a-Judge using different calibration methods
across varying context window positions. Colors indicate different calibration methods; y-axis ranges are adjusted
per subplot.

Model Position of r∗ in retrieved information ρδ,a
0% 20% 50% 80% 100%

Llama-3.1-8B
Hourglass 42.20± 3.54 45.80± 2.16 50.60± 2.08 53.93± 1.46 56.67± 2.45 −0.91
Decay 47.80± 0.75 50.07± 0.75 51.47± 2.42 49.07± 0.93 53.13± 1.48 −0.67
Moses 50.07± 2.25 50.73± 1.64 50.93± 1.65 50.07± 1.46 52.07± 0.96 0.13
Identity 27.47± 1.95 31.53± 1.68 33.40± 1.18 34.33± 1.95 44.53± 3.71 2.08

Qwen-2.5-14B
Hourglass 40.53± 0.62 38.40± 0.43 47.47± 2.54 49.87± 1.82 55.47± 1.88 0.64
Decay 55.07± 1.31 49.67± 2.55 50.20± 0.49 52.60± 1.93 56.07± 1.61 4.13
Moses 54.40± 2.41 51.40± 1.31 51.87± 1.27 52.27± 0.84 55.07± 0.93 2.25
Identity 56.87± 3.03 50.93± 0.57 53.13± 0.90 51.93± 1.18 56.60± 3.34 2.97

Table 3: Retrieval accuracy (%) on Natural-QA measured by LLM-as-a-Judge matching for the different calibrators.

calibrators provide either modest benefits or slight
degradation for this model, up to the point of 4k
distractor tokens, where both Decay and Hourglass
start outperforming the unaltered model.

In contrast, Llama-3.1-8B is not benefiting as
much from Calibration. Even Moses, which pro-
vides substantial benefits to Qwen, slightly de-
grades Llama’s reasoning performance. At 8K
noise, Moses reduces Llama’s accuracy from 12.5%
to 10.8%, while Hourglass and Decay approach a
low accuracy of 5%.

At 0K distractors, the Decay and Hourglass cal-
ibrators unexpectedly decrease performance. For
Qwen-2.5-14B, the Hourglass calibrator reduces
accuracy from 68.1% to 54.8%, while Decay drops
to 56.7%. This effect is even more pronounced for
Llama-3.1-8B, where Hourglass causes an 18.1 %p
drop from 34.5% to 16.4%, and Decay results in
an 8.3 %p decrease. A notable exception emerges
with the Moses calibrator on Qwen-2.5-14B, which
maintains performance at 68.2%, essentially match-
ing the identity baseline of 68.1%.

7 Discussion

While models are frequently marketed with context
windows exceeding hundreds of thousands of to-
kens, our baseline experiments confirm that context
utilization degrades even at modest scales.

Across both experimental settings, our results
demonstrate that calibrating positional encodings at
inference time is a viable and surprisingly effective
lever for improving long-context utilization. De-
spite leaving all model parameters untouched and
using untuned calibration functions, CALIOPE can
substantially mitigate positional biases in needle-
in-a-haystack retrieval and can improve robustness
under heavy distractor presence in cross-chunk rea-
soning, showcasing enhanced Long-Context Uti-
lization. These findings suggest that positional en-
codings remain an underexploited control surface
in modern LLMs, and that lightweight, training-
free interventions can already yield meaningful
gains.

At the same time, the heterogeneous effects ob-
served across models and tasks point to non-ideal
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Figure 3: Cross-chunk reasoning accuracy on Babilong-QA as a function of distractor context length with different
calibrators. Y-axis ranges are adjusted per subplot.

Model Distractor noise (measured in k tokens)
0 1 2 4 8

Llama-3.1-8B
Hourglass 16.40± 1.45 7.80± 1.00 6.60± 0.49 5.20± 0.75 5.20± 0.86
Decay 26.27± 2.17 9.13± 1.04 7.33± 2.13 5.53± 1.36 5.13± 0.34
Moses 33.27± 1.18 23.47± 2.22 20.87± 1.09 15.53± 1.46 10.80± 1.57
Identity 34.53± 0.75 25.60± 1.07 20.27± 0.90 17.47± 0.34 12.47± 0.66

Qwen-2.5-14B
Hourglass 54.80± 0.49 33.67± 1.76 30.20± 1.14 32.53± 0.81 31.87± 1.23
Decay 56.73± 1.54 34.53± 0.47 34.07± 2.39 35.27± 1.05 35.13± 1.52
Moses 68.20± 0.33 57.93± 2.22 51.00± 1.84 45.40± 0.82 38.33± 0.96
Identity 68.13± 1.80 45.00± 1.56 34.67± 1.79 31.27± 1.39 25.27± 2.13

Table 4: Accuracy (%) measured by substring matching on Babilong-QA cross-chunk reasoning tasks for the
different calibrators.

generalization of the proposed methods. The op-
posite trends between Llama-3.1-8B and Qwen-
2.5-14B across retrieval and cross-chunk reasoning
highlight that CALIOPE’s benefits remain task- and
model-specific. Taken together, our experiments
position CALIOPE not as a silver bullet, but as a
flexible and extensible framework that opens the
door to task-aware, adaptive calibration strategies
for long-context reasoning.

Crucially, the calibrators presented in this work
were implemented with untuned parameters to es-
tablish their foundational efficacy. Therefore, the
reported performance should be interpreted as a
conservative lower bound on the potential of po-
sitional calibration in the CALIOPE framework.
The performance shifts observed indicate that the
models are highly sensitive to these modifications,
strongly suggesting that a systematic hyperparame-
ter search could unlock further gains. Future work
should focus on optimizing these parameters, or
potentially learn them via fine-tuning.

Another finding that is relevant for further inves-
tigation is the degraded performance of certain cali-
brators in cross-chunk reasoning when no distractor
context is present. In the zero-distractor setting of
the Babilong-QA dataset, the Hourglass and Decay
calibrators reduce accuracy even when the two rele-
vant facts constitute the only information provided.
This behavior suggests that in short or minimally
noisy contexts, in which relevant information is
already compactly localized and positional biases
are weak or absent, modifying positional encodings
can unnecessarily perturb well-adapted attention
patterns. Consequently, CALIOPE should be seen
as a targeted intervention for long-context scenar-
ios in which positional bias measurably impairs
information utilization. For short-context tasks or
standard reasoning problems without substantial
distractor context, uncalibrated positional encod-
ings may remain the preferable choice.

Real-world long-context applications span a
broad spectrum, ranging from tasks that require

2275



identifying a single relevant fact to more com-
plex settings that demand integrating multiple dis-
tributed pieces of information. RAG represents
one prominent instance of this spectrum, but sim-
ilar challenges arise in document understanding,
extended dialogue, and multi-step reasoning. Our
results show that the CALIOPE framework provides
a promising, training-free pathway for improving
performance in such long-context scenarios. While
the observed gains are task-dependent, they estab-
lish that strategic manipulation of positional encod-
ings is a viable and effective tool for mitigating
positional biases in practical long-context systems,
including RAG.

8 Conclusion

This work investigated the “Lost in the Middle”
phenomenon, confirming its persistence in modern
LLMs, as well as another positional bias known
as “recency bias”, and examining the role of RoPE
as a contributing factor. We introduced CALIOPE,
a novel, training-free framework designed to miti-
gate these positional biases by recalibrating RoPE
inputs at inference time.

Our empirical results demonstrate that strate-
gic, training-free position remapping can substan-
tially alleviate the LiM effect in single-document
retrieval tasks on Natural-QA. The Moses and De-
cay calibrators, in particular, successfully flattened
the performance curves of Llama-3.1-8B in the
needle-in-a-haystack experiment. Additionally, the
Hourglass substantially improved the performance
of the Llama model, without flattening the perfor-
mance curve. While not improving performance
throughout positions, the calibrators remained com-
petitive when evaluated on the Qwen-Model, with
the exception of the Hourglass calibrator.

A more nuanced and complex picture emerged
in our cross-chunk reasoning experiments on the
Babilong-QA dataset. Llama-3.1-8B saw dramatic
performance gains from calibration in the single-
document retrieval task, but had its cross-chunk rea-
soning ability slightly impaired by the same meth-
ods. Conversely, Qwen-2.5-14B, which gained lit-
tle from calibration in the simpler task, benefited
substantially in the cross-chunk scenario.

In summary, this paper provides a systematic
investigation of RoPE’s contribution to the LiM
phenomenon, offering a practical mitigation frame-
work and key insights into the task-dependent na-
ture of positional biases. While our findings present

a viable path toward better context utilization, they
also underscore the need for future research into
task-aware calibration methods that can dynami-
cally adapt to the specific reasoning demands of a
given query.

Limitations

The experimental framework, while providing valu-
able insights into RoPE calibration strategies, is
subject to several constraints that warrant careful
consideration. The empirical evaluation was con-
ducted exclusively on models with relatively mod-
est parameter counts, specifically Llama-3.1-8B,
and Qwen-2.5-14B. This choice of model scale
potentially overlooks emergent behaviors that man-
ifest only in larger architectures. Understanding
whether and how the effectiveness of CALIOPE

changes with increasing model size is an important
direction for future work.

The rapidly evolving landscape of language
model development presents an additional tempo-
ral constraint on this research. With new research
emerging in high frequencies, the specific findings
regarding RoPE calibration may face obsolescence
as foundational architectural choices evolve.

A critical limitation of the current approach
lies in its exclusive focus on post-training cali-
bration that leave model parameters unchanged.
This constraint, while ensuring computational ef-
ficiency and eliminating the need for additional
training infrastructure, potentially overlooks cali-
bration strategies that could achieve superior per-
formance through minimal parameter adaptation.
Fine-tuning approaches that allow models to adapt
their internal representations to modified positional
encodings may unlock performance improvements
unattainable through parameter-frozen calibration
alone. The interaction between learned attention
patterns and modified positional encodings repre-
sents a complex optimization landscape that re-
mains unexplored in this work.

Furthermore, an unexpected observation
emerged during experimentation: certain calibra-
tors demonstrated degraded performance even
without the presence of distractors, suggesting that
the calibration functions may introduce unintended
perturbations to the model’s baseline capabilities.
This phenomenon requires further investigation
through comprehensive ablation studies examining
the interaction between different calibrator designs
and model architectures.
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A key limitation of our approach is that cali-
bration hyperparameters were not systematically
optimized. The performance observed with un-
tuned parameters should therefore be interpreted
as stablishing feasibility rather than optimal perfor-
mance. Systematic hyperparameter search tailored
to specific model architectures and context lengths
represents a clear direction for improving calibra-
tion effectiveness.
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Appendix

A Full Results

A.1 Reproduction Study

The results of the reproduction study measured by
Substring-Matching can be found in Table 5 and
Figure 4 respectively.

A.2 Evaluation of Calibrators

The results of the Needle-in-a-Haystack experi-
ments, evaluated by Substring-Matching can be
found in Table 6 and Figure 5 respectively.

B Model Details

Detailed specifications of the Large Language Mod-
els (LLMs) are provided in Table 7, including their
HuggingFace identifiers and specific revisions. For
local inference, we employed the vLLM library
(version 0.7.3, Kwon et al., 2023), selected for
its high-throughput serving capabilities, efficient
memory management, and native support for quan-
tized models. We configured the generation with a
maximum output length of 2048 tokens.

Model Huggingface ID
Llama-3.3-70B shuyuej/Llama-3.3-70B-Instruct-GPTQ
Llama-3.1-8B meta-llama/Llama-3.1-8B-Instruct
Qwen-2.5-14B Qwen/Qwen2.5-14B-Instruct-GPTQ-Int4

Table 7: Overview of the utilized LLMs.

C Hardware Details

All experiments were conducted on a GPU cluster
equipped with NVIDIA A100 (80GB) and H100
(94GB) GPUs. Each model was hosted on a single
GPU, and we leveraged the cluster to run multiple
experimental configurations in parallel. The total
computation for these experiments amounted to 13
GPU days.

D Dataset Details

In our experiments, we utilize the following two
datasets:

1. Natural-QA (Kwiatkowski et al., 2019): An
open-domain question answering dataset. To
evaluate long-context retrieval, we adopt the
Needle-in-a-Haystack setup proposed by Liu
et al. (2024). Using the functionality provided
in their supplementary material, we embed
the single relevant context chunk required to

answer a question within a larger body of dis-
tractor chunks. The model is then tasked with
finding the answer within this extended con-
text.

2. Babilong-QA (Kuratov et al., 2024): A suite
of synthetic long-context benchmarks de-
signed to assess specific reasoning capabil-
ities. We evaluate models on the Question An-
swering 2 (QA 2) task across varying context
lengths. In this task, a model must integrate
two facts, that are hidden within distractor
context, to answer a given question.

We provide detailed IDs and sizes of the utilized
datasets in Table 8. We use 500 data points from
the test set for each dataset per seed. The used
seeds are 7, 42, and 47.

Dataset Huggingface ID ntrain ntest

Babilong-QA RMT-team/babilong-1k-samples – 20k
Natural-QA google-research-datasets/natural_questions 10.6k 7.8k

Table 8: Overview of the utilized HuggingFace datasets.

E Implementation

The calibration framework employs a PyTorch
hook-based approach to intercept and modify po-
sition encodings without altering the underlying
model architecture. Retrieved chunk boundaries
are tracked by inserting unused tokens from the
model’s vocabulary, such as <doc_start> and
<doc_end>, into the raw string dataset. These to-
kens, while semantically meaningless in context,
serve as markers to delineate the boundaries of
retrieved information.

The implementation attaches a
forward_pre_hook to the model’s embed-
ding layer to identify these boundary tokens during
the forward pass. This mechanism maintains
a mapping between token positions and their
corresponding retrieved chunk indices throughout
the sequence, storing retrieved chunk boundaries
for subsequent use in position calibration.

Position encoding modification occurs through
a forward_hook attached to the RoPE posi-
tional encoding layer. This hook intercepts the
position_ids tensor before it enters the encod-
ing function, applies the position remapping Φ(t)
based on the selected calibration algorithm, and
returns modified position IDs that implement the
desired spacing strategy.
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Model Position of r∗ in retrieved information ρδ,a
0% 20% 50% 80% 100%

Llama-3.1-8B
d = 20 44.27± 1.15 48.73± 2.46 47.93± 0.41 50.13± 2.02 51.47± 0.68 −0.36
d = 50 32.67± 1.86 37.87± 2.39 37.27± 2.31 37.20± 2.59 46.53± 1.43 1.65
d = 100 24.47± 0.77 27.33± 1.70 30.07± 1.65 30.20± 3.83 42.60± 1.70 2.93

Qwen-2.5-14B
d = 20 68.20± 1.14 61.47± 0.90 62.80± 2.28 61.53± 2.55 63.40± 1.23 2.64
d = 50 66.13± 0.68 57.60± 1.00 59.13± 0.81 58.53± 1.32 62.07± 1.31 4.10
d = 100 63.13± 0.90 52.20± 0.75 55.80± 1.50 54.87± 0.93 60.07± 0.77 4.80

Table 5: Retrieval accuracy (%) measured by substring matching.
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Figure 4: Comparison of Accuracy across varying context window positions. The x-axis represents the normalized
position of the relevant information within the context window. Note that y-axis ranges are adjusted per subplot to
emphasize patterns while maintaining consistent scale spans across all plots.
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Figure 5: Retrieval accuracy measured by Substring Matching using different calibration methods across varying
context window positions. Colors indicate different calibration methods; y-axis ranges are adjusted per subplot.

Model Position of r∗ in retrieved information ρδ,a
0% 20% 50% 80% 100%

Llama-3.1-8B
Hourglass 38.47± 0.98 42.73± 2.12 49.80± 1.56 54.07± 1.95 59.07± 0.57 −0.78
Decay 48.87± 1.48 52.27± 0.93 50.53± 1.15 50.07± 1.43 55.40± 0.86 1.15
Moses 53.80± 0.86 52.40± 0.33 52.27± 1.27 51.20± 2.05 53.67± 0.62 1.18
Identity 24.47± 0.77 27.33± 1.70 30.07± 1.65 30.20± 3.83 42.60± 1.70 2.93

Qwen-2.5-14B
Hourglass 39.27± 0.38 38.20± 1.42 49.93± 0.52 52.20± 1.66 62.07± 1.27 0.87
Decay 62.27± 1.25 51.60± 0.43 53.27± 0.52 54.20± 1.85 60.13± 0.77 6.31
Moses 64.80± 0.91 51.73± 0.81 53.00± 0.71 55.07± 1.06 58.87± 1.16 6.99
Identity 63.13± 0.90 52.20± 0.75 55.80± 1.50 54.87± 0.93 60.07± 0.77 4.80

Table 6: Retrieval accuracy (%) measured by substring matching for the different calibrators.
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