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Abstract

Large Language Models exhibit degraded per-
formance when extrapolating beyond training
context lengths. Existing training-free meth-
ods like positional reuse or interpolation can
alleviate this issue in an efficient manner. How-
ever, these strategies are semantics-agnostic
by only considering relative token distances,
which could indiscriminately blur semantically
relevant and irrelevant tokens alike. To address
this, we introduce an adaptive positional zoom-
ing method called Relevance-Informed Posi-
tional Resource Allocation (RiPRA). RiPRA
formulates positional encoding as a constrained
resource allocation, in which a fixed positional
budget is distributed across tokens in a longer
context based on their semantic relevance to
the query: relevant tokens get higher positional
resolution, while irrelevant tokens (positions)
are compressed. By doing this, RiPRA enables
a dynamic and nonparametric positional zoom-
ing where the positional resolution is adap-
tively modulated across queries and network
layers, effectively improving long-range con-
text modeling and retrieval capacity. Besides,
an isotonic smoothing is used to further en-
force a global linear ordering relationship to
preserve stability and generalization, together
with a chunk-based hierarchical approxima-
tion to further reduce inference overhead. Ex-
tensive experiments demonstrate that RiPRA
consistently outperforms existing training-free
extrapolation methods, showing the value of
relevance-conditioned positional encoding for
long-context generalization.

1 Introduction

Large language models (LLMs) have become in-
dispensable for a diverse array of natural language
processing tasks (Yang et al., 2025; Tay et al., 2021;
Kryscinski et al., 2022; Zhong et al., 2022; Zheng
et al., 2023). As the demand for richer contextual

*These authors contributed equally.
†Corresponding author.

understanding and extended interactions grows, it
has become imperative to increase the lengths of
input and output sequences. Although improve-
ments in model architectures and positional en-
coding methods (Ruoss et al., 2023a; Liu et al.,
2024) have partially advanced the ability to han-
dle longer sequences, the performance of LLMs
remains limited by the context length established
during pre-training (Xiao et al., 2023; Han et al.,
2024). When inputs exceed this range, models
encounter out-of-distribution positional patterns,
resulting in significant performance degradation.
While fine-tuning on longer sequences (Chen et al.,
2023b; Ruoss et al., 2023b; Li et al., 2024; Ding
et al., 2024) offers a potential solution, it is compu-
tationally expensive, relies on scarce high-quality
long-context data, and may degrade performance
on short-context tasks (Gao et al., 2025).

To circumvent these limitations, training-free
methods have emerged as a promising alterna-
tive. These approaches extend the effective con-
text length by remapping inference-time positions
back into the pretraining positional regime, with-
out any additional learning process to adjust the
model parameters. They typically fall into two
categories. Positional reuse strategies, such as Self-
Extend (Jin et al., 2024a) and ChunkLlama (An
et al., 2024b), expand the context window reusing
pre-trained positional slots for tokens beyond the
original range. AdaGroPE (Xu et al., 2025) further
increases the frequency of positional reuse as token
distance grows, adapting to long-term attention de-
cay phenomena in the rotary position embeddings
(RoPE) (Su et al., 2024). Interpolation-based meth-
ods, including NTK-aware scaling (bloc97, 2023;
emozilla, 2023) and YaRN (Peng et al., 2023),
compress long-range positions into the pre-training
window by non-uniformly rescaling the frequency
spectrum of RoPE, while GALI (Li et al., 2025)
performs interpolation at both the positional and
attention-logit levels.
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Despite strong empirical performance, existing
training-free strategies remain content-agnostic.
They typically use a predefined function to map to-
ken positions based on relative distances, ignoring
token semantics or inter-token relationships. Such
strategies are suboptimal, as they can uniformly
compress positions by blurring semantically salient
and irrelevant tokens alike. This constrains LLMs’
ability to identify key evidence from long contexts
for accurate reasoning and language modeling.

In this paper, we investigate how to effectively
coordinate positional encoding with semantic in-
formation in a training-free manner. This problem
is inherently challenging and remains largely un-
derexplored, as the absence of additional learning
requires the relationship between positional and
semantic components to be specified a priori as
an explicit inductive bias, rather than learned from
data. Consequently, although several studies have
successfully integrated positional encoding with
semantic embeddings through supervised learn-
ing (Golovneva et al., 2024; Wang et al., 2025),
these approaches typically rely on data-driven op-
timization to mitigate potential discrepancies and
refine the alignment between positional and seman-
tic components. As a result, their designs are not
directly transferable to training-free settings.

To solve this, we propose Relevance-Informed
Positional Resource Allocation (RiPRA), which
is a training-free approach for content-aware con-
text extension. Rather than relying on a fixed,
content-agnostic positional mapping, RiPRA in-
troduces adaptive positional zooming that dynami-
cally modulates positional resolution according to
the semantic landscape of the input sequence.

Specifically, RiPRA formulates (relative) posi-
tional encoding as a constrained resource alloca-
tion problem, where a finite positional budget is
distributed across sequences substantially longer
than the pretraining context. Semantically salient
regions relevant to the current query are assigned
higher positional resolution (i.e., reduced index
reuse), while less informative segments are com-
pressed to conserve resources. As a result, posi-
tional encoding is determined in a flexible, nonpara-
metric manner, adapting to both the query and the
layer-wise processing dynamics. To the best of our
knowledge, this is among the first attempts to ex-
ploit semantic information in training-free methods
for LLM context extension.

Overall, RiPRA provides a useful mechanism
for improving long-context modeling and represen-

tation capacities of LLMs, and our main contribu-
tions are summarized as follows:

• We propose RiPRA, a new positional encoding
scheme that achieves adaptive zooming by modu-
lating positional resolutions based on the token rel-
evance landscape while simultaneously respecting
the global linear ordering relationship.

• We provide an efficient, end-to-end implemen-
tation that combines inner embedding representa-
tions of Transformers with chunk-based hierarchi-
cal approximation to minimize inference overhead
without auxiliary models.

• We evaluate RiPRA on several long-context
benchmarks (LongBench, L-Eval, and Passkey Re-
trieval), and report consistent improvements over
SOTA training-free models for context extension.

2 Related Work

2.1 Position Encoding

Positional information is essential for modeling
token relationships (Vaswani et al., 2017; Dufter
et al., 2022; Kazemnejad et al., 2023) and is typi-
cally incorporated as either absolute position em-
beddings or relative positional biases. Absolute po-
sition encoding assigns position-specific vectors to
each token (e.g., sinusoidal or learned embeddings),
which are commonly added to token embeddings.
In contrast, rotary position encoding (RoPE) (Su
et al., 2024) rotates the query and key representa-
tions by position-dependent phases, so that atten-
tion scores depend primarily on relative distance
between token pairs. This rotary scheme has been
widely used in modern LLMs like Llama (Touvron
et al., 2023).

As discussed, some supervised settings allow
token embeddings and positional encodings to
be combined in a learnable manner, and they
have shown promising results in long-context mod-
eling based on the RoPE framework, such as
CoPE (Golovneva et al., 2024), and TAPA (Wang
et al., 2025). These methods learn new paramet-
ric couplings between content and position during
training, whereas our goal is to recover and exploit
content–position interactions already implicit in a
frozen LLM’s inference dynamics, without intro-
ducing new parameters or supervision.

2.2 Training-free Extrapolation of RoPE

Extrapolating RoPE beyond the pre-training win-
dow induces positional O.O.D. effects and degrades
long-context performance (Chen et al., 2023a;
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Chowdhury and Caragea, 2023; Chen et al., 2024).
Training-free methods address this by modifying
relative positions in the rotary transform, mainly
via (i) position reuse, which remaps out-of-window
offsets to in-window values using segment-wise
constant zooming (Jin et al., 2024b; Xu et al., 2025)
or periodic token grouping (An et al., 2024b; Li
et al., 2025), and (ii) interpolation-based compres-
sion, which applies continuous frequency-based
zooming to compress long-range rotation angles
back into the pretraining range (Chen et al., 2023a;
bloc97, 2023; emozilla, 2023; Peng et al., 2023;
Li et al., 2025). Our method integrates continuous
interpolation with rounding-based discrete remap-
ping and leverages semantic relevance to adaptively
modulate positions, bridging distance-based extrap-
olation and token-level semantics.

3 Method

3.1 Problem Definition
Let L̃ denote the maximum context length sup-
ported during pre-training, and let L be the target
context length at inference time, where L > L̃. Our
objective is to learn a positional mapping function
P that maps the index of each token i—defined
as its relative distance to the query placed at the
origin—onto a position ĩ within the available posi-
tional budget:

ĩ = P(i), P : [0, L]→ [0, L̃]. (1)

Constructing P can be interpreted as allocating a fi-
nite positional budget L̃ across the L token indices.
To formalize this, we define the discrete derivative
of P at token index i as

g(i) =
∆P(i)
∆i

= P(i)− P(i− 1). (2)

By definition, g(i) represents local positional res-
olution around token i: larger values (g(i) → 1)
correspond to finer resolution, effectively separat-
ing the token from its neighbors, whereas smaller
values (g(i)→ 0) compress the token with neigh-
bors, leading to minimal resolution.

Since the total positional budget is fixed, the
derivatives across all L positions must satisfy

constraints:
L∑

i=1

g(i) = L̃, g(i) ∈ [0, 1].

(3)
For convenience, we denote the sequence of posi-
tional derivatives by the vector

g = [g(1), . . . , g(L)] ∈ RL×1.

Under this formulation, the core idea of RiPRA
is to allocate positional resolutions gi under the
global budget and numerical constraints, while pri-
oritizing tokens based on their importance. In par-
ticular, task-relevant and semantically significant
tokens are assigned higher resolutions, whereas
less relevant tokens are compressed. Additionally,
global structural priors and normalization are in-
corporated to enhance stability and generalization.
Overall, as illustrated by Figure 1, our method pro-
ceeds in three main steps:

(1) Constructing relevance landscape. We con-
struct a relevance landscape that reflects the dis-
tribution of contextual importance by measuring
the semantic similarity between the token at each
position i and the current Query.

(2) Positional resource allocation. We assign
positional derivative gi’s proportional to the seman-
tic relevance scoresRi’s., so that salient contexts
are granted high resolution, whereas low-relevance
regions are compressed.

(3) Post-processing. To further refine the po-
sitional encoding, we apply isotonic regression to
guarantee a monotonic derivative decay, thus pre-
serving global linear order relationships. Then we
perform a rescaling to make sure that the sum of
all positional derivatives equals the budget L̃.

3.2 Relevance Landscape Construction

In order to quantify the importance of each token in
the context window to the current focus of the gen-
erative process, we resort to the semantic relevance
between each token and the query. Specifically, for
each Transformer layer, we take the pre-position
projections of the query q̃ and the tokens k̃’s and
compute their dot product. Since positional in-
formation has not yet been injected, this score is
purely content-driven and captures semantic com-
patibility rather than proximity effects. We use
these semantic relevance scores as the basis for
estimating which regions of the context are more
relevant to deserve a higher positional resolution.

To improve efficiency, we compute relevance
scores at the chunk level, and assume that all tokens
within the same chunk share the same positional
derivative. Assume we have a sequence of key vec-
tors ki for tokens i = 1, 2, ..., L. By using a chunk
size of S tokens, we segment the sequence into a
number of chunks Cj’s for j = 1, 2, ..., N , with
N = ⌈L/S⌉. The fingerprint for Cj is computed
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Figure 1: Illustration of the Relevance-Informed Positional Resource Allocation (RiPRA).

by pooling the key vectors from that chunk,

cj =
1

|Cj |
∑

i∈Cj

ki, (4)

with |Cj | the size of the i-th chunk. The resulting
chunk fingerprints c = {c1, . . . , cN} ∈ RN×D

will be cached for reuse in the decoding steps.
Throughout this paper, we use i to denote the token
index and j to denote the chunk index.

We compute the semantic relevance between
each chunk and the query q̃ using inner product.
For efficiency, the inner products computed from
each individual attention head are aggregated to-
gether as a unified, comprehensive relevance score,
so as to reflect the relevance of chunk j across
different semantic subspaces, as

sj =
1

H

H∑

h=1

(
q̃(h) · (c(h)j )⊤

)
, (5)

where q̃(h) is query vector, and c
(h)
j is the finger-

print of chunk Cj , both from the h-th head.
To transform sj’s into a standardized signals for

adjusting the zooming factors in [0, 1], we apply
min-max normalization:

Rj =
sj −min({st}Nt=1)

max({st}Nt=1)−min({st}Nt=1) + ϵ
, (6)

where ϵ is a small constant (e.g., 1e−6) ensur-
ing numerical stability. The resulting set R =
{R1, . . . ,RN} constitutes the Relevance Land-
scape, which maps the distribution of semantic
relevance across the entire context.

3.3 Positional Derivative Assignment and
Post-processing

The context relevance landscape R serves as piv-
otal guidance for allocating positional resolution,
enabling non-uniform “zooming” across context
positions. Intuitively, regions with high relevance
scores, representing tokens critical for the current
focus, warrant higher local positional resolution
to preserve information fidelity. Conversely, low-
relevance regions should be compressed to con-
serve the positional budget.

Based on this intuition, we adopt the semantic
relevance score Rj as an initial (unnormalized)
estimate of the chunk-level positional derivative
G̃(j) for the j-th chunk, defined as:

G̃(j) = Rj + ϵ, (7)

where ϵ is a small constant introduced to ensure
numerical stability. For convenience, G̃(j) can be
concatenated as a vector G̃ = [G̃(1), . . . , G̃(N)].

3.3.1 Smoothing via Isotonic Regression
While adapting positional resolution based on rel-
evance scores enhances semantic flexibility, the
primitive global linear ordering relation among to-
kens remains critical for stable positional encoding.
To preserve this structural inductive bias, we im-
pose an additional constraint requiring contextual
importance to decay monotonically as tokens be-
come increasingly distant from the query. This
simple constraint injects a global positional signal
as an essential complement to semantic relevance
information.
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We employ the following isotonic smoothing
formulation to fulfill the above concept, as follows

min
G∈RN

N∑

j=1

(G̃j −Gj)
2, s.t. Gj ≥ Gj+1. (8)

which is aimed to find a sequence of positional
derivatives G that minimizes the squared error
w.r.t. the initial estimates G̃, subject to a non-
increasing constraint. This regression can be
solved by the Pool Adjacent Violators Algorithm
(PAVA) (De Leeuw et al., 2010). It maintains a
partition of indices into disjoint contiguous pools
I1, . . . , IK , each assigned an initial mean value.
Whenever a monotonicity violation is encountered
for two neighboring pools (e.g., Gj < Gj+1),
PAVA merges them and replaces their values with
the average over the merged pool. This merge-and-
average procedure repeats until all violations are
eliminated, with each entry computed as

Ĝj =
1

|Ik|
∑

t∈Ik
G̃t, ∀j ∈ Ik. (9)

Overall, PAVA has a linear time complexity
O(N) and is quite efficient. It ensures that the
resulting derivatives decay gradually with relative
distance, while simultaneously taking into account
the difference in content relevance. Empirically,
isotonic smoothing proves to be as important as
relevance-guided resource allocation in improving
the generalization capability of positional encoding
(see ablation studies in Table 5).

3.3.2 Normalization of Ĝj’s under the Budget
Constraints

The smoothed positional derivatives Ĝj should be
further normalized so that their total sum matches
the predefined positional budget L̃. Prior to nor-
malization, the nearest M chunks to the query will
be first assigned the maximal positional deriva-
tive of 1, pre-consuming a fixed positional budget
L̃0 = M · S. This reservation strategy is standard
in the literature (Jin et al., 2024a; Xu et al., 2025)
and is typically applied to the nearest 1024 tokens,
which corresponds to M = ⌈1024/S⌉ chunks in
our setting. This design reflects the common as-
sumption that the immediate context should be pre-
served at the highest positional resolution*.

*Note that the M chucks nearest to the query will not
be subject to the isotonic smoothing in Eq. (8), namely, the
derivatives gi’s should start to decay for i ≥ L̃0.

The remaining positional budget, L̃− L̃0, is allo-
cated to the distant-context chunks Cj with j > M .
This is accomplished via a global scaling operation
that enforces the sum of positional derivatives over
these chunks to match the remaining budget:

Ḡj ←




1, if j ≤M

Ĝj

λ , if j > M,

(
λ =

S·∑N
j=M+1 Ĝj

L̃−L̃0

)
.

The normalization term λ respects the priority of
immediate-context while enforcing the global bud-
get under semantic relevance-based modulations.
Furthermore, since L̃ is much smaller than L, this
operation naturally guarantees that derivatives in
the distant chunks satisfy gi ∈ [0, 1].

3.4 From Derivative to Positions
Having determined the positional derivative (res-
olution) for each chunk, we need to transform
these normalized values into actual relative po-
sitions P(i) for each historical token from the
query position. To achieve this, we first recover
the chunk-level positional derivatives Ḡ into token-
level derivatives g by assigning the same deriva-
tives to all tokens within the same chunk:

gi = Ḡj , j = ⌈i/S⌉. (10)

Based on the definition of the positional deriva-
tive in Eq. (2), the relative position P(i) can be
computed recursively as

P(i) =
{
0, if i = 0,

P(i− 1) + gi, if i ≥ 1.
(11)

This process is continuously updated throughout
the auto-regressive generation, providing dynamic
guidance for positional encoding.

3.5 Efficient Inference Implementation
Due to the high semantic similarity and functional
redundancy among adjacent Transformer layers,
we compute relevance maps only for a few selected
anchor layers Lanchor to reduce the cumulative
overhead of per-layer relevance estimation. Specif-
ically, if l ∈ Lanchor, we run the full relevance
computation procedure (from Eq. (4) to Eq. (6))
to obtainR(l). Otherwise, we reuse the map from
the nearest preceding anchor layer: R(l) ← R(l′),
where l′ = max{k ∈ Lanchor | k < l}. This
amortizes relevance computation across layers and
keeps the added latency negligible. Empirically,
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Methods
Single document QA Multi document QA Summarization Few-shot Learning Synthetic Code

Avg.

NarrativeQA

Qasper
MultiF

ield-en

HotpotQA

2WikiMQA

Musique

GovReport

QMSum
MultiN

ews

TREC
TriviaQA

SAMSum

Passa
geCount

Passa
geRe

Lcc RepoBench-P

Llama-2-7B-chat-4k
Original 18.70 19.20 36.80 25.40 32.80 9.40 27.30 20.80 25.80 61.50 77.80 40.70 2.10 9.80 52.40 43.80 31.52
SelfExtend-16k 21.69 25.02 35.21 34.34 30.24 14.13 27.32 21.35 25.78 69.50 81.99 40.96 5.66 5.83 60.60 54.33 34.62
ChunkLlama-16k 8.48 13.97 20.40 13.62 16.77 5.46 25.17 12.47 24.78 67.50 74.24 40.28 2.30 3.25 56.39 50.36 27.22
AdaGroPE-16k 18.90 27.19 39.30 29.07 30.41 12.02 29.26 21.92 26.08 70.00 83.90 41.49 5.35 3.25 56.37 51.38 34.12
GALI-16k 6.29 16.73 22.26 12.82 13.65 6.31 23.58 15.96 23.37 62.00 72.80 25.12 1.83 2.83 58.71 48.51 25.80
(Ours) RiPRA-16k 21.96 23.99 36.73 40.35 33.74 16.00 28.02 21.92 26.63 69.50 83.30 41.83 6.06 6.25 58.96 52.03 35.45

Llama-3-8B-ins-8k
Original 21.71 42.24 44.54 46.82 36.42 21.49 30.03 22.67 27.79 74.50 90.23 42.53 0.00 67.00 57.00 51.22 42.39
SelfExtend-16k 21.50 43.96 50.26 48.18 28.18 25.58 34.88 23.83 26.96 75.50 88.26 42.01 1.42 88.00 36.58 37.73 42.22
ChunkLlama-16k 23.87 43.86 46.97 49.37 35.34 26.52 31.06 21.99 24.45 76.00 90.73 42.29 7.00 72.00 59.93 56.98 44.27
AdaGroPE-16k 23.31 44.15 52.40 51.59 36.93 29.93 32.70 23.50 28.02 76.00 90.59 42.56 4.95 93.91 49.84 46.14 45.40
GALI-16k 25.88 45.65 47.09 51.07 37.42 28.75 30.09 22.70 24.58 77.00 90.91 42.43 6.00 83.00 57.04 53.06 45.17
(Ours) RiPRA-16k 26.11 43.54 49.62 52.45 40.88 32.05 32.87 24.80 27.77 75.00 91.34 43.41 4.62 99.00 54.22 46.49 46.51

Llama-3-8B-ins-8k
Original 21.71 44.24 44.54 46.82 36.42 21.49 30.03 22.67 27.79 74.50 90.23 42.53 0.00 67.00 57.00 51.22 42.39
SelfExtend-32k 26.27 44.23 50.19 48.28 38.29 29.19 29.24 22.68 24.59 76.00 90.16 42.45 8.00 88.00 57.47 49.51 45.28
ChunkLlama-32k 24.48 42.37 47.05 48.79 34.53 26.94 32.08 23.40 24.36 76.00 90.46 42.08 6.50 72.00 59.52 60.54 44.44
AdaGroPE-32k 23.88 44.47 52.40 51.59 36.93 29.93 32.73 23.68 28.02 76.00 90.15 42.58 7.03 99.00 50.01 46.72 45.95
GALI-32k 28.63 45.66 47.23 51.07 38.35 29.00 29.98 22.79 24.59 77.00 91.13 42.38 5.50 83.00 57.07 52.63 45.38
(Ours) RiPRA-32k 28.74 44.26 52.81 50.59 40.17 32.07 32.52 24.86 27.99 75.00 91.68 43.32 5.62 98.00 59.04 51.96 47.41

Mistralv0.1-7B-ins-8k
Original 19.40 34.53 37.06 42.29 32.49 14.87 27.38 22.75 26.82 65.00 87.77 42.34 1.41 28.50 57.28 53.44 37.08
SelfExtend-16k 23.56 39.33 49.50 45.28 34.92 23.14 30.71 24.87 26.83 69.50 86.47 44.28 1.18 29.50 55.32 53.44 39.86
ChunkMistral-16k 20.86 36.56 42.40 35.89 31.25 12.47 28.08 22.87 27.09 69.50 86.52 42.94 2.14 21.50 54.92 52.70 36.73
AdaGroPE-16k 25.02 39.00 53.38 47.88 35.26 25.47 31.26 23.84 26.67 70.50 86.66 43.86 3.41 33.50 55.05 51.50 40.77
(Ours) RiPRA-16k 26.11 41.68 51.03 49.80 36.93 27.32 31.42 22.27 26.40 69.50 89.65 43.39 3.44 32.00 57.89 52.72 41.35

Phi2-2k
Original 4.46 7.01 19.98 9.43 8.55 4.62 25.64 14.32 24.03 50.50 74.55 1.71 2.83 4.17 58.96 54.14 22.81
SelfExtend-8k 12.04 12.10 20.15 8.22 9.68 3.89 27.90 14.58 22.13 61.00 82.82 1.40 2.37 2.83 57.87 56.42 24.71
AdaGroPE-8k 14.14 11.90 26.80 9.96 11.37 5.09 29.68 20.04 25.19 60.00 82.69 1.29 2.37 4.73 58.10 55.07 26.15
(Ours) RiPRA-8k 15.33 11.45 28.32 10.59 9.99 5.95 31.06 20.26 26.97 57.00 83.30 1.50 2.85 4.04 58.96 57.65 26.50

Table 1: Performance comparison of competing methods on LongBench. The number following each method
denotes the target context window size. “Original” refers to the backbone model without any extension.

for a 32-layer architecture, selecting a few anchor
layers, such as Lanchor = {0, 16}, already yields
promising results with minute overhead compared
to standard attention (see Table 7).

4 Experiments

4.1 Backbone Models and Baseline Methods
We build our method on four representative LLMs:
Llama-2-7B-chat (Touvron et al., 2023), Llama-
3-8B-Instruct (Dubey et al., 2024), Mistral-7B-
Instruct-v0.1 (Jiang et al., 2023), and Phi-2 (Java-
heripi et al., 2023). Details of the implementation
are provided in Appendix A.

We include the following training-free RoPE
extrapolation methods: positional reuse methods
(Self-Extend (Jin et al., 2024a), ChunkLlama (An
et al., 2024b), and AdaGroPE (Xu et al., 2025))
and interpolation methods (NTK-Aware (bloc97,
2023), Dyn-NTK (emozilla, 2023), YaRN (Peng
et al., 2023), and GALI (Li et al., 2025)). All
results were obtained by running the officially re-
leased codes.

Datasets. Following Li et al. (2025); Xu et al.

(2025), we adopt three categories of long-context
benchmarks that have been widely adopted in the
literature. (1) Real-world tasks: we use Long-
Bench (Bai et al., 2024), covering 16 English
datasets spanning QA, summarization, and code
completion. To further probe long-range reason-
ing, we also report results on 4 challenging closed-
ended L-Eval datasets (An et al., 2024a): TOFEL,
QuALITY, Coursera, and SFiction. For these tasks,
we strictly adhere to the official prompt templates
and truncation protocols. (2) Synthetic tasks: fol-
lowing Li et al. (2025), we adopt standard Passkey
Retrieval and the harder Multi-Passkey Retrieval
benchmark. (3) Long-context language modeling
task: we evaluat the language modeling perfor-
mance of LLMs by examining the perplexity on
their generated texts on the PG19 dataset (Rae
et al., 2019).

4.2 Main Results

4.2.1 Real-World Long-Context Task Results
Table 1 summarizes the results on LongBench.
RiPRA consistently outperforms the baselines
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across different LLM backbones. On Llama-3-8B-
Instruct, it achieves notable improvements in av-
erage performance at both 16k (+1.34%) and 32k
(+2.03%) context lengths, demonstrating strong ro-
bustness under varying extension scales. RiPRA
also performs strongly on representative tasks.
It consistently ranks first on NarrativeQA and
MuSiQue across all evaluated models and context
lengths, indicating a strong ability to preserve long-
range dependencies and integrate dispersed evi-
dence for narrative comprehension and multi-hop
question answering. It also ranks first or second
on GovReport and TriviaQA across all settings,
suggesting an advantage in maintaining coherent
global context representations over long inputs. Its
gains on synthetic and code-related tasks, including
PassageRetrieval-en, further suggest that adaptive
positional resolution helps separate key informa-
tion from substantial irrelevant content and posi-
tional noise. On the smaller Phi-2 (2.7B) model,
RiPRA achieves the highest average score and at-
tains the best performance on 11 out of 16 datasets,
highlighting its effectiveness even under limited
model capacity.

To assess the reasoning performance over closed-
ended tasks, we report results on L-Eval in Table 2
across different models. On Llama-3-8B-Instruct,
RiPRA surpasses AdaGroPE by 5.3% and GALI
by 6.79%. The advantage is most prominent on the
longest dataset, SFiction (+6.25%), where RiPRA’s
“Zoom In” mechanism effectively preserves key nar-
rative details often blurred by static positional map-
ping strategies. Its superior performance on mid-
length tasks (QuALITY, Coursera) further confirms
the versatility across varying context lengths. Note
that TOFEL is excluded for Llama-3-8B-Instruct
as it can fit within the native 8k window, sparing
the need for context extrapolation.

4.2.2 Long Language Modeling Task Results
Table 3 reports the perplexity (PPL) of different
methods on PG19 with context lengths ranging
from 1k to 32k. Overall, RiPRA shows strong
and stable performance across the entire context
range. For short context lengths (1k–8k), its per-
plexity is close to the best-performing method
(with 0.1%–0.3% relative difference). For longer
contexts (12k–32k), RiPRA consistently achieves
the lowest perplexity (0.2%–2.0% lower than the
best baseline). Moreover, its perplexity decreases
steadily as the context window expands. These re-
sults indicate that dynamically allocating positional

Method
TOFEL QuALITY Coursera SFiction

Avg.
(3k∼5k) (4k∼9k) (5k∼17k) (6k∼27k)

L
la

m
a-

2-
7B

-c
ha

t-
4k

Original 51.67 37.62 29.21 60.15 44.66
Self-Extend 55.39 41.09 35.76 57.81 47.51
ChunkLlama 57.62 35.14 32.12 61.72 46.65
AdaGroPE 61.34 38.12 35.47 64.06 49.28
NTK 52.78 33.16 32.71 41.41 40.02
Dyn-NTK 52.27 30.69 13.95 57.02 38.48
YaRN 57.62 42.08 36.49 42.97 44.79
GALI 54.65 39.11 35.32 51.43 45.18
RiPRA (Ours) 58.36 45.05 36.05 67.19 51.66

L
la

m
a-

3-
8B

-in
s-

8k

Original - 61.88 53.05 60.16 58.36
Self-Extend - 63.37 53.92 65.63 60.97
ChunkLlama - 60.89 54.36 64.06 59.77
AdaGroPE - 64.80 52.33 70.31 62.48
NTK - 65.35 52.03 42.97 53.45
Dyn-NTK - 61.88 52.03 52.34 55.42
YaRN - 63.37 55.96 62.50 60.61
GALI - 62.38 54.17 66.41 60.99
RiPRA (Ours) - 69.80 56.98 76.56 67.78

Table 2: Performance comparison of all competing
methods on L-Eval with context lengths up to 27k to-
kens using Llama-2-7B-chat and Llama-3-8B-ins back-
bones. Baselines are grouped by their characters: posi-
tional reuse (middle three) and interpolation (last four).

resolution based on semantic relevance enables pre-
serving and exploiting critical historical informa-
tion, leading to accurate next-token prediction.

4.2.3 Synthetic Long-Context Task Results
Table 4 reports the results on the Passkey Retrieval
benchmark (Mohtashami and Jaggi, 2023). All
competing methods achieve 100% accuracy on the
16k and 32k settings, where the task requires re-
trieving a single passkey. Since this setting is
already saturated, we further consider the more
challenging 64k Multi-Passkey Retrieval task in-
troduced by Li et al. (2025). In this variant, the
64k-token input is divided into four segments, each
containing a random 5-digit passkey, and a predic-
tion is counted as correct only if all four passkeys
are retrieved correctly. Under this more demand-
ing setting, RiPRA achieves 40.00% accuracy, out-
performing the strongest baselines. This result
suggests that relevance-guided positional zooming
helps preserve positional distinctiveness for query-
relevant chunks even under extreme compression,
making RiPRA particularly effective for difficult
retrieval-oriented long-context tasks.

Beyond its gains on contexts longer than the
pretrained window, we also observe that RiPRA
improves the base model even within its native con-
text length, as shown in Appendix B.2. This finding
suggests that RiPRA may also improve attention
dynamics of LLMs.
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Method 1k 4k 8k 12k 16k 20k 24k 28k 32k

L
la

m
a-

3-
8B

-in
s-

8k

Self-Extend 11.52 11.54 11.32 11.18 11.07 10.97 11.01 11.04 10.91
ChunkLlama 11.72 11.77 11.54 11.39 11.27 11.22 11.19 11.15 11.12
AdaGroPE 11.52 11.55 11.48 11.40 11.32 11.28 11.25 11.22 11.18
NTK 11.93 11.94 11.67 11.50 11.39 13.03 23.00 42.95 77.41
Dyn-NTK 11.51 11.53 12.75 66.88 166.86 269.93 334.83 360.57 365.36
YaRN 11.93 11.81 11.48 11.30 11.18 11.06 11.10 11.13 11.18
GALI 11.52 11.54 11.35 11.25 11.17 11.09 11.14 11.18 11.05
RiPRA (Ours) 11.52 11.54 11.36 11.16 10.99 10.87 10.85 10.82 10.81

Table 3: Perplexity (PPL) of Llama-3-8B-Instruct equipped with various training-free methods for long-language
modeling on the PG19 dataset, in which token lengths range from 1k to 32k.

Method 16k Standard 32k Standard 64k Multi-Passkey

L
la

m
a-

3-
8b

-in
s

SelfExtend 100.00 100.00 15.00
ChunkLlama 100.00 100.00 5.00
AdaGroPE 100.00 100.00 10.00
NTK 100.00 100.00 0.00
Dyn-NTK 100.00 100.00 10.00
YaRN 100.00 100.00 0.00
GALI 100.00 100.00 30.00
RiPRA (Ours) 100.00 100.00 40.00

Table 4: Accuracy on Passkey Retrieval. For the 64k
multi-passkey setting, results are reported in increments
of 5 as evaluation was conducted on 20 test samples.

4.3 Ablation Studies

We conduct a series of ablation studies to better
understand the behavior of RiPRA and to quantify
the contribution of its key design choices. Un-
less otherwise specified, all ablation experiments
are performed using the Llama-3-8B-Instruct back-
bone with a 16k target context window, and are
evaluated on two representative LongBench QA
datasets, NarrativeQA and Musique.

4.3.1 Impact of Key Algorithm Modules

Table 5 shows that replacing the dynamic relevance
scores with a uniform scheme (RiPRA w/o Seman-
tic Relevance Info.) decreases the average perfor-
mance from 29.08% to 26.43%, while removing
isotonic regression (RiPRA w/o Isotonic Regres-
sion) reduces it to 26.74%. The similar magni-
tude of these drops indicates that both components
are critical and complementary for the final perfor-
mance, with semantic relevance estimation having
a slightly larger effect in this setting. Taken to-
gether, the results suggest that RiPRA benefits from
combining content-aware local positional resolu-
tion allocation with global structural regularization.

Method NarrativeQA Musique Avg.
Full RiPRA 26.11 32.05 29.08
w/o Semantic Relevance Info. 22.72 30.14 26.43
w/o Isotonic Regression 22.63 30.84 26.74

Table 5: Ablation study on key algorithm components.

4.3.2 Granularity Analysis
We further conduct a sensitivity analysis on three
key hyper-parameters in RiPRA: the chunk size,
the number of anchor layers, and the immediate
context window size.

(1) Chunk Size. Larger chunks greatly reduce
the number of inner-product computations, but may
compromise fine-grained semantic resolution. Fig-
ure 2 (left) shows performance is fairly stable from
S = 64 to S = 256 on both datasets, suggesting
that the method is robust to chunk granularity in
this range. Interestingly, on the Musique dataset,
S = 256 yields a higher F1 score than a smaller
chunk size of S = 64. We hypothesize that overly
small chunks may fragment semantically coher-
ent information, whereas a moderate chunk size
better preserves contextual integrity and supports
effective retrieval. Overall, these results suggest
that S = 256 strikes the best balance between effi-
ciency and semantic precision.

(2) Number of Anchor Layers. The number of
anchor layers reflects a trade-off between compu-
tational efficiency and representational granularity.
Figure 2 (right) shows that reducing the number of
anchor layers from 32 to 2 incurs only a marginal
performance drop while substantially reducing re-
dundant layer-wise relevance computation. By con-
trast, using only a single anchor layer (layer 0)
leads to a much larger degradation. This trend is
consistent with the analysis in Appendix C, where
we show that the relevance landscape of the last
token across the 32 layers of Llama-3-8B-Instruct
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Figure 2: Performance of RiPRA under different hyper-
parameter settings, including the Semantic Granularity
(chunk size S) and the number of anchor layers.

L̃0 NarrativeQA Musique

Base Model 21.71 21.49
256 25.87 31.98
512 26.01 32.11
1024 26.11 32.05
2048 25.85 31.80

Table 6: Performance of RiPRA under different imme-
diate context window size choices (L̃0).

naturally forms two clusters. The result suggests
that neighboring Transformer layers often share
similar relevance patterns, making it effective to
reuse relevance information across adjacent layers.
However, overly sparse anchoring, such as using
only one layer, fails to capture sufficient layer-wise
variation and therefore harms retrieval quality.

(3) Immediate Context Window Size. The im-
mediate context window size L̃0 determines the
number of nearby tokens to the query that are as-
signed a fixed high-resolution budget, introducing
a trade-off between capturing sufficient local con-
text and the distribution of the remaining positional
resources. As shown in Table 6, increasing L̃0

from 256 to 1024 leads to consistent performance
improvements on both datasets, while further in-
creasing it to 2048 results in slight degradation.
This pattern suggests that the immediate window is
important for modeling short-range dependencies,
which support the logical consistency and topical
coherence of generated responses.

At the same time, L̃0 directly influences the al-
location of the remaining positional budget. An
excessively large local window consumes too much
of this budget, reducing the positional resolution
available for distinguishing key tokens from irrele-
vant content in the rest of the prefix. This weakens
the relevance signal over longer ranges and ulti-

Context Latency (ms/token) Memory (GB)
Length SelfExtend RiPRA (Ours) SelfExtend RiPRA (Ours)

12k 172.75 178.27 (+3.2%) 25.1265 25.1272 (+0.0008)

16k 212.70 221.84 (+4.3%) 28.8335 28.8348 (+0.0012)

24k 292.85 309.84 (+5.8%) 35.2751 35.2769 (+0.0018)

32k 382.43 408.06(+6.7%) 42.0530 42.0556 (+0.0026)

Table 7: Latency and memory consumption across con-
text lengths for SelfExtend and our method.

mately hurts performance. Taken together, the re-
sults indicate that RiPRA benefits from a balanced
allocation strategy: enough local capacity to pre-
serve immediate coherence, but enough remaining
resolution to support relevance discrimination over
the broader context.

4.3.3 Computational and Memory Cost
We evaluate the computational efficiency of RiPRA
against SelfExtend using the Llama-3-8B-Instruct
backbone on an NVIDIA A6000 GPU (48GB). As
shown in Table 7, RiPRA preserves strong long-
context performance while introducing only mod-
est additional cost. In particular, the overhead in per
token generation latency ranges from 3.2% to 6.7%
and grows approximately linearly with the input
context length, which remains practical for deploy-
ment. This overhead is mainly due to chunk-based
relevance computation, while the use of sparse an-
choring layers helps keep it limited. In contrast, the
memory overhead is almost negligible. RiPRA’s
memory footprint is virtually identical to that of
the baseline, with the additional storage for chunk-
level embeddings reaching only about 2.6 MB even
at the 32k context length. These results show that
RiPRA achieves its performance gains with mini-
mal extra resource consumption.

5 Conclusion

This paper proposes RiPRA, a semantically aware,
training-free long context extrapolation method.
By modeling positional encoding as a constrained
resource allocation, it adaptively allocates posi-
tional resolution based on the semantic relevance of
the token to the query, highlighting key information
and compressing irrelevant content. Experimental
results show that RiPRA significantly outperforms
existing training-free methods and effectively im-
proves long context generalization ability. In the
future, we shall further integrate RiPRA with other
forms of positional encoding strategies and expand
the scope to pretraining settings as well.
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Limitations

Our empirical validation is restricted to English-
language benchmarks. Although the underlying
mechanism of content-aware zooming is theoret-
ically language-agnostic, we have not rigorously
verified its generalizability to multilingual settings.

This work focuses exclusively on the textual
modality. With the rapid evolution of Multimodal
Large Language Models (MLLMs), efficient long-
context processing is increasingly vital for tasks
involving high-resolution images or video streams.
Whether the proposed method can be directly ex-
tended to visual labels or cross-modal sequences
remains an open question.
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A Implementation Details

To provide a holistic view of the proposed frame-
work, we summarize the complete execution flow
of RiPRA in Algorithm 1.

Regarding the configuration of RiPRA, we set
the chunk size to S = 256 and the immediate con-
text window to L̃0 = 1024 tokens. Since all eval-
uated backbone models (Llama-2, Llama-3, Mis-
tral, and Phi-2) possess a 32-layer architecture, we
consistently designate Layer 0 and Layer 16 as
the anchor layers when realizing the sparse anchor
strategy. Following GALI (Li et al., 2025), we fix
the random seed to 42 and report results from a sin-
gle run. All experiments are conducted on NVIDIA
A6000 GPUs.

The target maximum position limit L̃ setting
follows AdaGroPE (Xu et al., 2025), which is re-
stricted to half of the pre-training context window
size (e.g., L̃ = 2048 for Llama-2-4k and L̃ = 4096
for Llama-3-8k). This decision is based on an em-
pirical observation that positional embeddings cor-
responding to smaller relative distances are thor-
oughly optimized during pre-training. By mapping
extended sequences into this “well-trained” lower
half of the positional spectrum, we may maximize
representation quality and stability, as evidenced
by the ablation results in Table 8.

Setting Ratio NarrativeQA Musique Avg.
Original - 21.71 21.49 21.60
RiPRA (L̃ = 2048) 0.25× Ltrain 24.52 30.15 27.34
RiPRA (L̃ = 4096) 0.50× Ltrain 26.11 32.05 29.08
RiPRA (L̃ = 8192) 1.00× Ltrain 25.20 31.45 28.33

Table 8: Impact of the maximum position limit L̃ using
Llama-3-8B-Instruct with a pre-trained window length
of Ltrain = 8192.

B Additional Experimental Results

B.1 Detailed Comparison on LongBench

Due to space constraints, we defer additional com-
parisons with interpolation-based RoPE extrapola-
tion methods to Table 9. This table reports the full
LongBench breakdown for Llama-2-7B-Chat (4k)
and Llama-3-8B-Instruct across extended context
windows from 16k to 32k. Results for the base-
lines are taken directly from GALI (Li et al., 2025),
which follows the same evaluation protocol.

Performance Across Backbone Models. The
experimental results in Table 9 reveal distinct be-
haviors across different backbone capacities. On

Algorithm 1 RiPRA’s Inference Procedure

Input: Query q̃, Key Sequence k̃, Value v, Layer
index l, Chunk size S, Immediate context win-
dow L̃0, Target budget L̃

Globals: Shared Cache C, Anchor index lAnchor

Output: Attention output o
// Phase 1: Constructing relevance landscape

1: if l ∈ Lanchor then
2: C← Segment(k̃, S)
3: c← MeanPool(C)
4: R ← Min-max Normalize(q̃ · c⊤)
5: lAnchor ← l ▷ Cache anchor layer
6: C[lAnchor].R ← R
7: else
8: R ← C[lAnchor].R
9: end if

// Phase 2: Positional Derivative Assignment
and Post-processing

10: N ← Length(R), M ← ⌈L̃0/S⌉
11: G̃← R+ ϵ
12: Ĝ← IsotonicRegression(G̃, decreasing)
13: Ldist ← S ·∑N

j=M+1 Ĝj

14: λ← Ldist/(L̃− L̃0)
15: for j ← 1 to N do
16: if j ≤M then
17: Gj ← 1 ▷ Neighbor preservation
18: else
19: Gj ← Ĝj/λ
20: end if
21: end for

// Phase 3: Positional Remapping & Attention
22: g← Repeat(G, S)
23: P ← CumulativeSum(g)
24: krot ← ApplyRoPE(k̃, relative_pos = P)
25: return o = Softmax(q̃ · k⊤

rot/
√
d) · v

Llama-2-7B-Chat (16k), interpolation methods
face significant challenges, with average scores
largely below the original 4k baseline. This phe-
nomenon suggests that for models with limited
pre-trained contexts (4k), simple frequency scaling
might aggressively alter the rotation angles, dis-
rupting the model’s original attention patterns that
are not robust enough to handle such shifts. In
contrast, RiPRA achieves a robust average score of
35.45%, which suggests that our method offers a
more stable alternative by preserving the original
positional features for critical tokens.

As the extension ratio increases to 4× on Llama-
3-8B-Instruct (32k), advanced interpolation meth-
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Methods Single document QA Multi document QA Summarization Few-shot Learning Synthetic Code Avg.

NarrativeQA

Qasper
MultiF

ield-en

HotpotQA

2WikiMQA

Musique

GovReport

QMSum
MultiN

ews

TREC
TriviaQA

SAMSum

Passa
geCount

Passa
geRe

Lcc RepoBench-P

Llama-2-7b-chat-4k
Original 18.70 19.20 36.80 25.40 32.80 9.40 27.30 20.80 25.80 61.50 77.80 40.70 2.10 9.80 52.40 43.80 31.52
NTK-16k 0.73 10.33 19.44 2.38 7.91 0.42 19.47 6.26 26.13 59.50 17.89 23.17 0.52 0.51 50.70 27.91 17.08
Dyn-NTK-16k 3.79 10.37 22.38 7.47 10.26 3.81 29.52 20.13 22.84 63.50 45.35 31.79 2.29 4.33 57.13 42.16 23.57
YaRN-16k 3.22 10.86 22.14 5.52 13.36 1.32 24.78 10.90 25.92 64.50 40.60 32.36 2.20 2.15 51.74 43.91 22.22
(Ours) RiPRA-16k 21.96 23.99 36.73 40.35 33.74 16.00 28.02 21.92 26.63 69.50 83.30 41.83 6.06 6.25 58.96 52.03 35.45

Llama-3-8b-ins-8k
Original 21.71 42.24 44.54 46.82 36.42 21.49 30.03 22.67 27.79 74.50 90.23 42.53 0.00 67.00 57.00 51.22 42.39
NTK-16k 8.04 43.85 47.94 20.44 34.32 1.57 24.31 13.22 24.12 74.50 52.18 33.12 4.50 45.50 46.84 38.71 32.07
Dyn-NTK-16k 8.19 43.31 47.91 34.63 35.26 7.92 26.83 17.85 24.51 76.50 71.72 39.15 5.67 83.50 56.58 46.39 39.12
YaRN-16k 12.39 42.60 51.70 40.06 35.03 12.81 30.30 22.56 23.51 75.50 82.99 42.31 6.50 89.00 50.51 51.58 41.83
(Ours) RiPRA-16k 26.11 43.54 49.62 52.45 40.88 32.05 32.87 24.80 27.77 75.00 91.34 43.41 4.62 99.00 54.22 46.49 46.51

Llama-3-8b-ins-8k
Original 21.71 44.24 44.54 46.82 36.42 21.49 30.03 22.67 27.79 74.50 90.23 42.53 0.00 67.00 57.00 51.22 42.39
NTK-32k 7.31 45.11 53.18 52.31 37.70 27.37 29.37 21.45 23.69 73.50 78.25 41.65 9.00 69.00 34.25 36.12 39.97
Dyn-NTK-32k 23.06 43.95 48.55 52.68 37.46 25.22 31.53 22.19 24.52 77.00 90.96 42.42 8.00 71.50 56.77 43.78 43.72
YaRN-32k 17.09 40.90 52.51 46.40 33.92 29.47 29.93 22.69 23.11 75.00 91.29 42.54 5.50 89.50 46.50 51.38 43.61
(Ours) RiPRA-32k 28.74 44.26 52.81 50.59 40.17 32.07 32.52 24.86 27.99 75.00 91.68 43.32 5.62 98.00 59.04 51.96 47.41

Table 9: Performance comparison between RiPRA and interpolation-based methods on LongBench

ods like YaRN show improved resilience compared
to NTK. Meanwhile, RiPRA further advances the
average score to 47.41%. This suggests that RiPRA
can“zoom out” on irrelevant contexts to avoid the
overwhelming effect of the increasing noise floor,
which pure frequency interpolation lacks in pro-
cessing extremely long sequences.

In Multi-document QA tasks such as HotpotQA,
when evaluated on the Llama-3-8B-Instruct model
with a 16k context length, different positional adap-
tation strategies exhibit varying levels of effective-
ness. Methods based on positional interpolation
may face challenges in precisely localizing fine-
grained evidence within long contexts. For in-
stance, NTK achieves an accuracy of 20.44%. One
possible explanation is that the frequency scaling
in RoPE is applied in an approximately isotropic
manner, which may limit its ability to preserve
high-frequency positional distinctions that are im-
portant for exact evidence localization.

By contrast, RiPRA explicitly allocates higher
positional resolution to content that is estimated
to be more relevant, enabling more accurate focus
on evidence-bearing chunks. As a result, RiPRA
attains an accuracy of 52.45% under the same set-
ting. These results suggest that adapting positional
resolution according to content relevance can be
particularly effective for downstream tasks that de-
mand high-precision retrieval from long contexts.

B.2 Impact of RiPRA on Native Long-Context
Backbone Models

To test whether RiPRA is merely a tool for con-
text window extension or it could also be beneficial
to the general attention mechanism, we evaluate
the impact of RiPRA on Mistralv0.3-7B-Instruct,

an LLM that is already capable of handling pre-
training context windows as long as 128k. As a
result, the LongBench dataset lies entirely within
this window, and so no extrapolation is needed in
principle. This case study allows us to examine the
impact of different context-extension methods on a
backbone model that is already endowed with long
context-window processing capacities.

Table 10 reports the results of both RiPRA and
two SOTA methods, SelfExtend and AdaGroPE,
for comparison. For SelfExtend, we retain its offi-
cial implementation and hyperparameter settings.
For both AdaGroPE and RiPRA, we set the target
maximum relative position limit to L̃ = 8192 (8k).
We have the following two interesting observations.

(1) Pure positional reuse methods do not neces-
sarily improve the performance of the base model
when the data fall within the pretrained context
length. As can be seen, when applying SelfExtend
and AdaGroPE on Mistralv0.3-7B-Instruct, the av-
erage score drops by 0.67% and 1.85% relative to
the original model, respectively. We speculate that
this might be due to the static compression of token
positions, which leads to a certain level of blurring
when the backbone already supports full-resolution
attention at this length.

(2) RiPRA slightly improves performance of the
base model when the data fall within the pretrained
context window. Table 10 shows that applying
RiPRA to Mistralv0.3-7B-Instruct increases the av-
erage performance from 47.15% (original model)
to 47.68%. In fact, among all the 16 sub-tasks, us-
ing RiPRA improves the performance over the base
model for 12 cases. This suggests that RiPRA is
not just a remedy for context window extension; in-
stead, the relevance-informed positional resolution
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Methods Single document QA Multi document QA Summarization Few-shot Learning Synthetic Code Avg.

NarrativeQA

Qasper
MultiF

ield-en

HotpotQA

2WikiMQA

Musique

GovReport

QMSum
MultiN

ews

TREC
TriviaQA

SAMSum

Passa
geCount

Passa
geRe

Lcc RepoBench-P

Mistralv0.3-7b-ins-128k
Original 27.81 41.21 52.99 49.76 40.01 28.58 34.64 24.69 27.86 76.00 88.89 45.36 5.00 91.54 59.19 60.93 47.15
SelfExtend 26.32 40.85 54.25 50.14 43.13 30.86 34.74 25.14 27.40 76.50 88.86 42.53 5.50 89.00 58.92 57.65 46.99
AdaGroPE 26.32 41.04 54.55 50.00 42.39 27.03 34.68 25.26 27.63 75.50 88.68 46.66 5.00 72.5 58.08 57.97 45.83
(Ours) RiPRA-16k 26.01 41.50 54.09 51.83 43.77 30.34 34.92 25.22 27.65 77.00 88.94 47.09 5.50 89.00 59.31 60.74 47.68

Table 10: Performance comparison between RiPRA and interpolation-based methods on LongBench, with a 128k
pre-training context window of the Mistralv0.3-7b-instruction backbone model.

modulation seems to be beneficial to the underlying
attention mechanism in general.

B.3 Impact of Different Components in
Different Cases

To provide a clearer ablation study beyond two
specific tasks, we extend the results in Table 5 to
all six LongBench task groups (covering all 16
tasks), as reported in Table 11, which reveal where
each component contributes most:

Removing either component causes a consistent
drop in the average score, dropping from 46.51% to
43.89% without semantic relevance and to 44.27%
without isotonic regression. More importantly, task-
specific ablation results are as follows:

• Semantic relevance matters when in-
puts contain many distractors, e.g., for
Code (50.36%→41.36%) and Synthetic
(51.81%→47.67%). In these settings, accu-
rately separating evidence from irrelevant
content is crucial, and this can be achieved
through content-aware relevance estimation.

• Isotonic regression matters for globally
structured tasks, e.g., Summarization
(28.48%→22.79%). In these settings, stable
long-range position allocation is crucial,
which can be achieved through global
monotone smoothing that produces a more
reliable positional budget distribution.

B.4 Generalization to Alternative Positional
Encodings

To test the generalizability of different positional
inductive biases beyond RoPE, we employ RiPRA
on MPT-7B-Chat, which is pretrained with Al-
iBi (Press et al., 2022) with a context window of
2k tokens. AliBi differs structurally from RoPE by
adding a linear distance-dependent term directly

to attention logits. The adaptation is straightfor-
ward: only replace the rope-based computation of
the adjusted relative distance in Eq. (11) with that
of AliBi. Following standard long-context evalua-
tion protocols, we report perplexity on PG19 with
context lengths ranging from 2k to 8k.

As shown in Table 12, the original AliBi-based
model exhibits a sharp increment in perplexity
as context length increases beyond its pretraining
range (especially when exceeding 4096). In con-
trast, all positional extrapolation methods, includ-
ing SelfExtend, AdaGroPE, and GALI, reduce the
performance degradation. Among them, RiPRA
maintains the lowest perplexity values across all
evaluated lengths. These results provide additional
evidence that RiPRA remains effective for non-
RoPE positional encoding schemes.

B.5 Effectiveness on Newer Models and
Longer Context

To assess whether the performance gains of
RiPRA generalize across different backbone archi-
tectures, we further evaluate it on a newer RoPE-
based model, Qwen3-8B, and compare it against
the same baselines (SelfExtend, AdaGroPE, and
GALI). All evaluations are conducted on Long-
Bench.

As shown in Table 13, RiPRA achieves the best
overall average performance and consistently out-
performs all baselines across the six task categories.
The improvements are particularly notable in both
single-document and multi-document QA, indicat-
ing the enhanced ability to retrieve and utilize rele-
vant context.

To further evaluate robustness under extended
context lengths, we conduct experiments on the
RULER benchmark (Hsieh et al., 2024) with con-
text windows of 64k, 128k, and 256k tokens.
RULER is a newer standard benchmark for long-
context evaluation, comprising 13 tasks that span
retrieval, multi-hop reasoning, information aggre-
gation, and long-form question answering. We
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Method Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code Avg.

Full RiPRA (Ours) 39.76 41.79 28.48 69.92 51.81 50.36 46.51
w/o Semantic Relevance Info 38.49 39.38 27.28 69.17 47.67 41.36 43.89
w/o Isotonic Regression 38.36 39.34 22.79 69.39 50.21 49.13 44.27

Table 11: Category-level ablation results on LongBench task groups.

Context length 2048 3172 4096 5120 6144 8192

MPT-7b-chat (AliBi) 9.6 12.0 26.3 52.0 115.5 196.0
+ SelfExtend 9.5 11.8 11.1 11.5 11.6 12.2
+ AdaGroPE 9.4 11.6 11.8 11.2 12.5 13.0

+ GALI 9.4 11.5 11.6 11.7 12.5 12.8
+ RiPRA (Ours) 9.2 10.6 10.9 10.8 11.1 11.3

Table 12: Perplexity comparison under the AliBi posi-
tional encoding method on PG19 for varying context
lengths. Lower values represent the better performance.

report the average accuracy across all tasks to re-
flect overall performance. All experiments are per-
formed using LLaMA-3.1-8B-Instruct, which na-
tively supports context lengths up to 128k. The
results are summarized in Table 14.

As the backbone model exhibits a noticeable
performance degradation at longer context lengths
(128k and 256k), RiPRA consistently mitigates this
decline, improving average accuracy by +2.92%
and +2.56%, respectively. Moreover, RiPRA out-
performs all competing methods across these set-
tings, demonstrating stronger robustness and scala-
bility in long-context scenarios.

Combined with the results in Table 1 and 9, these
findings indicate that the effectiveness of RiPRA
generalizes across backbone architectures and re-
mains robust on newer RoPE-based models, partic-
ularly under longer context regimes.
C Anchor Layer Selection

The proposed sparse anchoring strategy (in
Sect. 3.5) relies on the hypothesis that the seman-
tic relevance distribution (Relevance LandscapeR)
evolves gradually across Transformer layers, allow-
ing adjacent layers to share computation results.

To empirically validate this hypothesis, we an-
alyze the inter-layer similarity of the Relevance
Landscape. Specifically, we select a single ques-
tion from the NarrativeQA dataset together with its
associated context sequence. We then run Llama-
3-8B-Instruct and, right before predicting the last
token of the answer, compute the layer-wise Rel-
evance Landscapes (among all previous chunks)
from all 32 transformer layers. Finally, we compute
the pairwise cosine similarity matrix across these
Landscapes to quantify their cross-layer alignment.
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Figure 3: Layer-wise cosine similarity of Relevance
Maps (R) in Llama-3-8B-Instruct. The red dashed
boxes indicate the regions covered by anchor layers
(0-th and 16-th). The high similarity (dark color) within
these boxes justifies the reuse of relevance maps, while
the low similar region (light color) outside the boxes
confirms the need for mid-layer transition.

The heatmap in Figure 3 exhibits a prominent
block-diagonal structure: Similarity remains con-
sistently high within local layer blocks (e.g., layers
0–15, enclosed by the upper red dashed boxes),
suggesting that the Relevance Map from the an-
chor (e.g., Layer 0) provides an accurate proxy
for nearby layers. In contrast, similarity between
far-apart layers (e.g., Layer 0 vs. Layer 30) drops
markedly, indicating substantial cross-layer seman-
tic drift. Therefore, sharing a single static map
across all layers is likely suboptimal.

Together with the results in Figure 2 and Table 7,
these observations further confirm that selecting
the 0-th and 16-th layers as anchors achieves an
optimal balance between layer-wise semantic con-
sistency and overall computational efficiency.

D Visualization of Relevance Landscape

To evaluate whether the Relevance Landscape R
can reliably pinpoint key evidence, we conduct a
qualitative study with Llama-3-8B-Instruct on Hot-
potQA. Here, we randomly sample 10 questions
and extract the layer-16 relevance map at the de-
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Method Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code Avg.

Qwen3-8B 42.67 41.45 27.36 71.69 51.75 61.06 49.33
+ SelfExtend 42.21 42.02 27.58 70.94 52.10 61.38 49.37
+ AdaGroPE 43.48 42.37 27.84 71.12 52.31 61.55 49.78
+ GALI 42.93 41.94 27.43 70.87 52.25 61.44 49.48
+ RiPRA (Ours) 44.82 43.31 28.41 73.03 52.75 62.87 50.87

Table 13: LongBench results on the Qwen3-8B backbone.

Model 64k 128k 256k

LLaMA-3.1-8B 84.71 77.04 71.23
+ SelfExtend 84.96 76.82 71.02
+ AdaGroPE 85.35 79.48 71.98
+ GALI 85.90 76.84 72.11
+ RiPRA (Ours) 86.88 79.96 73.79

Table 14: Performance on the RULER benchmark under
extended context lengths.
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Figure 4: Visualization of the Relevance Landscape
from the 16th layer in Llama-3-8B-Instruct. The
heatmap displays a neighboring window of relevance
scores around the ground truth evidence chunk (high-
lighted by the red box) across 10 randomly selected
question samples from HotpotQA. Darker colors indi-
cate higher normalized relevance.

coding step immediately before generating the final
answer token. For each question, we first identify
the chunk containing the ground-truth supporting
evidence and treat its position as the reference in-
dex (0). We then re-index all chunks relative to
this position and construct a symmetric window
spanning 10 neighboring chunks on each side. This
setup allows us to conveniently visualize whether
the relevance score at the evidence chunk stands
out compared to its surrounding chunks.

Figure 4 visualizes these aligned relevance pro-
files as a heatmap, with the evidence chunk high-
lighted by the red box. Across questions, the high-
est relevance mass is consistently concentrated on

the evidence chunk, while scores diminish substan-
tially in surrounding chunks. This sharp contrast
between contextual signal and noise indicates that
the Relevance Landscape can accurately localize
the critical semantic chunks that support the answer,
even in long-context settings.

E Data Stastics

We provide detailed information about each dataset
in LongBench and L-Eval. Table 15 summarizes
the dataset names, task types, and the number of
samples for both benchmarks.

Source Dataset Task Type #Samples

LongBench

NarrativeQA Single-doc QA 200
Qasper Single-doc QA 200
MultiField-en Single-doc QA 150
HotpotQA Multi-doc QA 200
2WikiMQA Multi-doc QA 200
Musique Multi-doc QA 200
GovReport Summarization 200
QMSum Summarization 200
MultiNews Summarization 200
TREC Few shot 200
TriviaQA Few shot 200
SAMSum Few shot 200
PassageCount Synthetic 200
PassageRe Synthetic 200
LCC Code Completion 500
RepoBench-P Code Completion 500

L-Eval

TOFEL Multiple Choice 269
QuALITY Multiple Choice 202
Coursera Multiple Choice 172
SFiction True or False 64

Table 15: Detailed statistics of the datasets used in Long-
Bench and L-Eval.

License compliance. All scientific artifacts used in
this paper comply with the corresponding licenses
stated in the original papers or websites and are
used solely for research purposes.
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