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Long-context understanding ability of the existing large language models (LLMs)
is generally limited by their pre-training context window, providing limited ef-
fectiveness as context length increases. Moreover, even within the range of pre-
training context length, LLMs often fail to capture vital information present in the
middle of the context-window. Towards mitigating these limitations, we introduce
context-position duo-mixture (CoPMix) of LLMs, a simple yet effective training-
free method designed to enhance their long-context understanding performance
in terms of both effectiveness as well as context awareness. Specifically, we present
an input context chunking and mixing strategy that divides long sequences into mul-
tiple chunks, each accompanied by a shared context sink. The input query attends
to all chunks in parallel, enabling the efficient integration of information across
chunks. We then introduce an adaptive assignment of positional information to
enhance the context awareness. This duo-mixture strategy reduces the quadratic
complexity of attention to sub-quadratic while improving long-context processing
performance. Extensive experiments acrossmultiple LLMs on diverse long-context
datasets demonstrate that CoPMix achieves up to a 9.79% accuracy improvement
over the existing alternatives, while reducing the pre-filling latency by up to 69.14%
compared to full attention LLM alternative.

1. Introduction
Large language models (LLMs) have significantly enhanced the capabilities of machine learning
across various tasks, including summarization and comprehension of extensive texts [1], multi-
round conversations [2, 3], and code generation [4, 5]. In these real-world applications, the ability
to process long-sequence inputs (for example, long-sequence retrieval tasks) has become a critical
requirement. However, LLMs face several challenges in processing long-sequences. Firstly, the lim-
ited context-size of the pre-training data often makes the trained LLMs perform poorly on longer
contexts during inference, due to positional out-of-distribution (OOD) issue [6]. Secondly, even
within the limited context window, LLMs are susceptible to positional biases [7], often overlook-
ing the information in the middle. Additionally, the quadratic compute complexity of the LLM
self-attention layers with increased sequence length makes their inference with long-context input
significantly compute heavy, increasing the prefill latency [8].

Existingworks on long-contextmodeling of pre-trained LLMs primarily rely on themanipulation of
positional information [9–13] in RoPE [14] or employment of selective sparse attention [6, 15–17].
However, even with an extended context window, these approaches often lack sufficient context
awareness, risking the omission of critical information and result in an effective context length that
remains inadequate [18, 19]. To enhance context awareness, Peysakhovich and Lerer [20] proposed
splitting inputs into chunks and dynamically reordering them, placing themost critical chunk at the
end of the sequence to improve contextual understanding. Other works [21, 22] enhanced context
awareness by blending positional informationwith different RoPE bases. More recently Zhang et al.
[23] introduced multi-scale positional rescaling across different heads. However, these methods
struggle to handle sequence lengths beyond the pre-trained context windows.
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Figure 1: Overall framework of CoPMix . First, the input sample is divided into several context
chunks, with each chunk combined with a shared context sink. Each context chunk is then encoded
separately, while the KV cache ismixedwith shifted context chunks across different attention heads.
To enhance context awareness, different RoPE bases θ are assigned to different attention heads.

To improve efficiency of context processing earlier works proposed various compute reduction
methods including sparse attention [8] and self-attention alternatives such as gated linear atten-
tion [24], and state space models [25]. However, these works require significant hardware and/or
runtime optimization support to yield latency benefit and often suffer from accuracy drop [26].

To effectively and efficiently handle long-context inputs, chunk-wise context processing has
emerged as a promising solution. However, a naive implementation of this strategy can lead to sub-
stantial accuracy degradation due to two main factors: (i) the key-value (KV) states for each text
depend on preceding in-context information, which is disrupted by chunk-wise processing; and
(ii) incoherent information flow across chunks hinders consistent representation and negatively
impacts overall performance.

Towards mitigating the above mentioned limitations, in this paper, we introduce Context-Position
Duo-Mixture (CoPMix), a simple yet effective training-free method to effectively and efficiently
process long-context prefill inputs. The key idea behind CoPMix is a divide-and-conquer approach,
where inputs are partitioned into multiple chunks, processed in parallel, and then integrated back
for subsequent generation. This approach allows for the reuse of positional information, mitigating
the positional OOD issue. Additionally, this approach enables sub-quadratic computational com-
plexity for LLMs, as the overall computation scales linearly with the number of chunks. CoPMix
addresses the incoherent chunk processing and associated accuracy drop concern via three key in-
novations, as illustrated in Figure 1: (i) Context Sink: Initial chunk of tokens is selected as a shared
context sink for each of the following chunk, significantly enhancing the sink information across
chunks. (ii) Shifted Context Chunk Mixture: Chunks are mixed with their shifted counterparts
across different attention heads to prevent critical information from being split across chunks. (iii)
Positional Mixture: we assign different rotational bases across attention heads, further improving
their context awareness when processing each chunk.

We empirically demonstrate that CoPMix enhances the long-context understanding capability of
different LLMs, achieving up to 9.79% performance improvements on tasks from the LongBench
benchmark [27]. Additionally, CoPMix reduces the latency of the pre-filling stage by 69.14%, while
remaining fully compatible with existing KV cache compression techniques [28, 29], enabling fur-
ther efficiency gains during the decoding process.
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2. Related Works

2.1. Long-Context Generalization of LLMs

To extend the context window of LLMs and support longer sequences, advancements broadly fall
into two main approaches: (i) Manipulating Position Embeddings, with notable methods such
as PI [9], CLEX [11], YaRN [10], Self-Extend [12], and ChunkLlama [13]. These methods effec-
tively extend the contextwindowbeyond the pretraining length limitation, achievingmultiple times
the original capacity, yet not unlimited sequence lengths.(ii) Sparse Attention Mechanisms, like
StreamingLLM [15], which introduces the concept of “sink tokens” to enable processing of unlim-
ited sequence lengths. However, this approach may overlook critical contextual information. Alter-
native methods, such as H2O [30], InfLLM [17], and DuoAttention [16], address this limitation by
using heuristic selection or head-wise adaptive strategy.

2.2. Context Aware LLMs

Despite the extended context window, LLMs still struggle with limited context awareness, often
favoring information from certain positions. Liu et al. [7] demonstrated that LLMs are prone to
overlooking middle-context information, which may stem from the side-effect of causal attention
mechanisms and rotary position encoding [21, 23, 31]. To tackle this issue, Peysakhovich and Lerer
[20] proposed attention sorting, which reorders inputs by placing critical information at the end.
Chen et al. [21] employed Attention Buckets for aggregating outputs frommultiple forward passes,
while Lin et al. [22] developed a lightweight router that dynamically adjusts positional information
for each sample. Additionally, Hsieh et al. [32] addressed the problem by denoising attention scores
using calibration samples.

2.3. Efficient Computation for Long-Sequence Inputs

To achieve efficient long-sequence computation, previous methods have primarily focused on
sparse attention. For instance, Jiang et al. [8] and Lai et al. [33] dynamically select sparse pat-
terns and perform sparse computations on-the-fly to enable efficient prefilling, while Gao et al.
[34] introduces a training-based approach to enhance the performance of sparse attention mech-
anisms. In addition to these algorithmic advancements, innovative architectural designs—such as
YOCO [35], Mamba [25], and gated linear attention [24]—present alternative solutions for han-
dling long contextsmore effectively. Beyondmodel-level improvements, system-level optimizations
have also been proposed to boost inference efficiency in long-context scenarios. Techniques such as
vLLM [36], FlashAttention [37, 38], and RingAttention [39] optimize batch processing and leverage
sequence parallelism, resulting in substantial gains in runtime efficiency.

Despite extensive prior work on long-context processing, existing approaches typically focus on sin-
gle challenge—such as extending the context window, enhancing context awareness, or improving
computational efficiency—but not all simultaneously. In this work, we aim to develop an effective
strategy that addresses all three aspects in a unified manner.

3. Methodology
We now describe the details of CoPMix method. Section 3.1 offers a brief overview of the back-
ground knowledge. Sections 3.2 and 3.3 describe the main components of the context and position
mixture, respectively. Finally, the complete methodology of CoPMix is outlined in Section 3.4.

3.1. Preliminaries

Self-Attention Mechanism. As the key building block of transformer architecture [40], self-
attention operates the interaction among token embeddings. In specific, the self-attention layer
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output is computed as

O = Softmax

(
QK⊤
√
d

)
V

where Q ∈ Rlq×d,K ∈ Rlk×d,V ∈ Rlk×d,O ∈ Rlq×d represent the query, key, value, and output
token embeddings, respectively. Here, lq and lk denote the sequence lengths of the query and key
states, respectively, while d represents the dimensionality of each state. TheQ,K, andV tensors are
generated via respective linear transformations of the input embedding X through three separate
learned linear transformation blocks.

Positional Encoding. Numerous positional encoding methods have been proposed to capture the
relative positional dependency among tokens. These can be broadly categorized as absolute po-
sitional encoding [40] and relative positional encoding [14, 41, 42]. In this work, we focus on ro-
tary positional encoding (RoPE [14]), due to its effectiveness in capturing relative dependency and
widespread industry adoption. The formulation of RoPE is given by:

f(H,m) = Heimθ

=
[
(H1 + iH2)e

imθ1 , (H3 + iH4)e
imθ2 ,

..., (Hd−1 + iHd)e
imθd/2

]⊤
where a rotational transformation is applied to the original embedding H with θi = θ

−2i/d
B . θB

denotes the base angle used for the rotation and Hi is the ith dimension of the representation H.
This ensures that the inner product of query and key embeddings incorporates relative positional
information. Specifically:

f(Qm,m)⊤f(Kn, n) = g(Qm,Kn,m− n)

m and n denote the positional indices of the query and key embeddings, respectively.

3.2. Mixture of Context
Since pretraining is generally conducted under a constrained context window due to hardware lim-
itations, LLMs struggle to generate meaningful outputs when processing significantly larger posi-
tional indices. This is potentially caused by the positional OOD issue [6, 43], leading to degraded
LLM performance in long-context scenarios, or complete performance collapse.

Thus, CoPMix starts with the mixture of context strategy where we can view the original LLMs as
a context expert that is capable of handling the input within its effective context length. For longer
sequences, the inference process can be structured as a mixture of multiple small context chunks.
For example, consider an input sequence of length N , which is uniformly divided into multiple
chunks, each of size NC , where NC ≤ NP , with NP as the pre-training context length. The total
number of chunks is then given by ⌈N/NC⌉. This approach ensures that each chunk remains within
the effective context length, mitigating the positional OOD issue. However, directly applying this
strategy leads to significant degradation in generative performance, as demonstrated in Figure 2.
The primary cause may be attributed to the attention sink phenomenon [15], where the initial to-
kens play a crucial role in sustaining the generation process. Since LLMs employ causal attention,
preceding tokens contribute more significantly to the attention process. Specifically, the ith token
can be attended to by the subsequent S−i tokens, where S is the total sequence length. This mecha-
nism leads the model to disproportionately prioritize the initial tokens. When encoding each chunk
separately, the absence of shared initial tokens prevents the key-value pairs of different chunks from
being directly integrated. To address this issue, we employ context sink [44, 45], where each chunk
shares a fraction of initial tokens as the context sink (T), as shown in Figure 1. We consistently use
the initial instruction tokens as the context sink.

Context Sink. Let us assume a long input sequence S composed of the main sequence window
SM that is followed by the query observation window Sq , respectively. The total sequence length
equals |SM | + |Sq|. We designate the first T tokens as the context sink, denoted as Sc = SM [: T].
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The remaining sequence of the main window, SM [T :], is evenly divided into several chunks. Each
chunk is then attached to the context sink, as Si = S[: T] + S[T + iC : T + (i + 1)C], where C rep-
resents the chunk size. Each chunk sharing the same positional information in the RoPE to prevent
the positional OOD issue. We then encode each context in parallel, storing and reconstructing the
intermediate key-value pairs:

HotpotQA MultiFieldQA Qasper
0

10

20

30

40

A
cc

ur
ac

y 

LLaMA-3-8B-Instruct

Full
Chunk

Figure 2: Comparison results of directly apply-
ing chunk-wise inference v.s. full attention.

{K,V } = {K0[: T], V0[: T]}∪
(
∪n
i=0{Ki[T :], Vi[T :]}

)
As illustrated in Figure 3, we visualize the atten-
tion scores of the final query token with respect
to all previous keys. The context sink effectively
prevents attention score spikes and facilitates the
integration of different context chunks.

Shifted Context Chunks Mixture. Although ef-
fective, one limitation of the contextmixture strat-
egy is that it might split critical sub-sequences
into different chunks. This disrupts the continu-
ity of key information and leads to performance
degradation. To investigate this, we conducted
preliminary experiments on the multi-document
question-answering task [7], where each sample
contains ten documents, but only one is relevant to the query. As shown in Figure 4, we divide the
inference process into two chunks and manually position the key documents in either the first (1st)
or second (2nd) chunk. We then compare performance when the key documents are split across
both chunks (Splitted). Full represents the original inference process. Using the LLaMA-3.2-1B-
Instruct and LLaMA-3-8B-Instruct models, we report the average accuracy over 100 test samples.
The results indicate a significant performance degradation when key documents are split across
different chunks.
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Figure 3: Visualization of attention scores of
LLaMA-3-8B-Instruct.

To address this issue and better integrate infor-
mation across different chunks, we propose a
shifted context chunks mixture strategy. For each
context chunk, we apply a shift to create shifted
chunks, defined asSf

i = S[: T]+S[T+iC+Toffset :
T + (i + 1)C + Toffset]. We compute the index
T + (i + 1)C modulo the sequence length to en-
sure valid indexing. We then mix the original
and shifted context chunks by replacing the KV
pairs of p attention heads from the original con-
text chunk with those from the shifted context.
Section 4.3 presents a detailed ablation study on
selecting the optimal ratio p and offset parame-
ter Toffset. In this way, if critical information is
split across two context chunks, its main compo-
nents can still be preserved in the shifted chunk,
enabling effective information encoding for sub-
sequent generation steps.

3.3. Mixture of Position
When processing each context chunk, LLMs often struggle with limited context awareness, show-
ing sensitivity to the position of key information [7] and a vulnerability to missing critical details.
Previous works [21, 22] suggest that this limitation primarily arises from RoPE. The rotation format
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in RoPE introduces fluctuations in attention scores, causing LLMs to favor contexts within certain
areas.

To address this, we employ a simple yet effective mixture of position strategy, where the base θ of
RoPE varies across different attention heads. For the RoPE of attention head i: fi(H,m) = Heimθ

where θi = θ
−2i/d
B , we assign θB as a linear interpolation between a minimum and maximum base

values.
θB,i =

i

h
(θmax − θmin) + θmin

In our experiments, we set θmin = 10000 and θmax = 13000 as default values.
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Figure 4: Results on the multi-document question-answering task where key documents are placed
at different positions.

3.4. CoPMix Method
The overall framework of CoPMix is illustrated in Figure 1. By leveraging a context-position
duo-mixture strategy, CoPMix offers several key advantages: (i) it mitigates positional out-of-
distribution (OOD) issues by sharing position indices across different context chunks, (ii) it reduces
the pre-filling complexity from quadratic (O(n2N2

C)) to sub-quadratic (O(nN2
C)) by employing a

fixed context chunk size NC , where n denotes the number of chunks, and (iii) it enhances con-
text awareness by varying the rotation base θ across attention heads. Additionally, CoPMix is fully
compatible with KV cache compression techniques [28–30], providing further efficiency during the
decoding phase (see Section 4.3, A4).

4. Experiments

4.1. Long-Context Understanding
Setup. We evaluate CoPMix on six tasks from LongBench [27], including MultiFieldQA, Hot-
potQA, 2WikiMQA, TREC, Qasper, and GovReport. Experiments are conducted using LLaMA-
2-7B-Chat [46], Vicuna-7B [47], Mistral-7B-Instruct [48] and LLaMA-3-8B-Instruct [49]. For the
full baseline, we adopt the default chunking strategy for samples exceeding the model’s context
window. This method evicts the middle portion of the input, retaining only the beginning and end
segments to ensure the remaining context fitswithin the allowablewindow. However, this approach
inevitably leads to the loss of critical information in the middle of the sequence. Alternatively, feed-
ing the entire sequence without truncation results in model collapse and zero accuracy due to OOD
positional encoding issues. Evaluations are conducted with BF16 precision onH100 GPUs. We con-
sider a contemporary work, StarAttention [45] as the baseline method for comparison. It similarly
splits the context into multiple chunks and encodes them in parallel. The original StarAttention
implementation uses absolute positional indices across all chunks which is prone to OOD issues in
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Table 1: Comparison results for long-context understanding in LongBench dataset.
MultiFieldQA HotPotQA 2WikiMQA TREC Qasper GovReport Avg.

Llama-3-8B-Instruct 36.66 44.09 31.93 72.61 22.30 28.05 39.27
StarAttention 37.45 51.86 32.91 77.07 14.46 27.75 40.25

CoPMix 38.48 54.06 32.49 78.98 24.89 28.28 42.86

Llama-2-7B-Chat 33.13 30.57 27.08 59.52 20.57 27.25 33.02
StarAttention 16.44 12.93 15.88 32.54 19.89 28.86 21.09

CoPMix 34.71 32.59 25.58 62.30 21.70 28.08 34.16

Vicuna-7B 34.62 20.02 15.70 60.72 19.83 27.82 29.79
StarAttention 30.31 17.74 16.06 44.44 22.21 31.95 27.12

CoPMix 35.33 20.46 17.02 63.89 21.96 28.25 31.15

Mistral-7B-Instruct 46.92 49.80 33.05 69.41 35.68 32.55 44.57
StarAttention 41.55 53.72 34.90 71.18 30.71 33.10 44.19

CoPMix 43.01 53.74 34.54 72.35 36.93 31.03 45.27

positional encoding. We modify the approach to use relative positions within each chunk, avoiding
performance collapse.

Main Results. In Table 1, CoPMix consistently outperforms both Full Attention and StarAttention
across majority of the tasks, achieving up to 9.97% improvement in accuracy and an average gain
of 0.70% to 3.59%. These results are primarily attributed to the limitations of Full Attention in han-
dling inputs that exceed the pretrained context window, leading to degraded performance on long
sequences. In contrast, StarAttention, which resembles the context-sink-only variant of CoPMix, of-
ten disrupts continuity by splitting consecutive information across separate chunks. This fragmen-
tation weakens the model’s ability to capture dependencies and leads to performance degradation.

4.2. Prefilling Efficiency
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Figure 5: Latency of prefilling across different prompt length on H100 devices.

Next, we evaluate the efficiency of CoPMix across varying sequence lengths. Experiments are con-
ducted on H100 GPU, with sequence lengths ranging from 2K to 128K tokens. The chunk size is
fixed at 1024, and the context sink is set to 16. We measure latency during the prefilling stage, and
the results are shown in Figure 5. As illustrated, Full Attention incurs significantly higher latency as
the sequence length increases. In contrast, CoPMix achieves consistently lower latency compared
to both Full Attention and MInference [8]. For Minference, we use the official implementation with
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the Hugging Face backend and extend it to support LLaMA-2-7B following the instructions. These
results further demonstrate the efficiency and scalability of CoPMix for long-context processing.

4.3. Analysis and Ablation Studies
In this section, we further evaluate the effectiveness of CoPMix by addressing the following key
questions: Q1: How do the different components of CoPMix impact overall performance? Q2: How
does CoPMix perform when varying the number of attention heads in the shifted context chunk
mixture? Q3: What’s the optimal ratio of shifted context chunk? Q4: Is CoPMix compatible with
KV cache compression strategies?

Table 2: Ablation study of different components in CoPMix. Experiments are conducted with
Llama-2-7B-chat on HotpotQA.

Methods Context Sink Shifted Context Position Mixture HotPotQA MultiFieldQA
Full ✗ ✗ ✗ 44.09 36.66

Chunk
✗ ✗ ✗ 40.94 30.16
✓ ✗ ✗ 51.65 34.75
✓ ✓ ✗ 52.94 37.51

CoPMix ✓ ✓ ✓ 54.06 38.48

A1: Ablation study of each component. Webegin by examining the individual effects of each com-
ponent in CoPMix, as presented in Table 2. Several key observations can be made: (i) Context Sink
is crucial for stabilizing the encoding of each chunk in parallel. Without it, performance signifi-
cantly degrades, which is expected since, during the pre-filling stage, KV pairs heavily depend on
the initial tokens. When each chunk starts with different initial tokens, the resulting KV pairs are
distributed across different representational spaces, making integration challenging. (ii) Shifted
context mixture is beneficial as it prevents important information from being split across different
chunks, thereby improving coherence and results the accuracy improvement of up to 2.76% (iii)
Position mixture further enhances performance, yielding an additional accuracy gain of 1.12% and
0.97%, respectively. This improvement stems from the enhanced context awareness within each
chunk. Overall, each component contributes to strengthening the model’s ability to handle long
contexts, and their benefits can be effectively combined for greater improvements.

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Shifted Context Ratio

42

44

46

48

50

52

54

A
cc

ur
ac

y

HotpotQA, Llama-3-8B-Instruct

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Shifted Context Ratio

0

5

10

15

20

25

A
cc

ur
ac

y

Qasper, Llama-3-8B-Instruct

Figure 6: Ablation study of shifted context ratio. Experiments are carried out with LLaMA-3-8B-
Instruct on the HotpotQA and Qasper task, respectively. The red line denotes the performance of
the original full attention baseline.

A2: Integrate shifted context across 40% of the attention heads. As illustrated in Figure 6 (Right),
we sequentially select attention heads and replace their KV pairs with those from the shifted con-
text chunks. The shifted context chunks maintain a fixed shift ratio of 20%, while we progressively
increase the number of attention heads incorporating these shifted chunks. Our observations indi-
cate that the optimal mixture ratio is approximately 40%, corresponding to 12 attention heads for
LLaMA-3-8B-Instruct.
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Figure 7: Ablation study of shifted context heads. Experiments are carried out with LLaMA-3-8B-
Instruct on the HotpotQA and Qasper task, respectively. The red line denotes the performance of
the original full attention baseline.

rTable 3: Comparison of CoPMix with existing KV cache compression techniques. All experiments
are conducted on LLaMA-3-8B-Instruct.

Methods HotPotQA MultiFieldQA
Full 44.09 36.66

CoPMix 54.06 38.48
w. KIVI [28] 53.58 37.40

w. SnapKV [29] 53.68 39.59

A3: Shifting the context by 10% to 20% yields the optimal results. Furthermore, while keeping
the number of attention heads with shifted context chunks fixed, we then investigate the impact of
varying the shifted ratios. Specifically, for each context chunk of size C, we remove the first r ∗ C
tokens and append the same number of tokens from the subsequent chunk, where r represents the
shifted ratio. The chunk size is determined by the maximum context window of the model—for
instance, 8K tokens for LLaMA-3-8B-Instruct. As shown in Figure 6 (Left), the optimal shifted ratio
is found to be around 10% to 20%.

A4: Compatibility with KVCache Compression. In real-world applications, thememory transfer
overhead of KV caches poses a significant bottleneck. To evaluate the compatibility of CoPMix with
recent KV cache compression techniques, we explore its integration with both quantization-based
and eviction-based methods. Specifically, we consider KIVI [28] for KV cache quantization and
SnapKV [29] for eviction. For KIVI, we quantize the key and value states to 4 bits. For SnapKV,
we constrain the KV cache size to 4096 and apply an attention score window size of 32. Results in
Table 3 demonstrate that CoPMix is highly compatible with these compression techniques—both
quantization and eviction methods achieve performance comparable to using CoPMix alone, while
surpassing the full baseline by up to 9.59%.

5. Conclusion
In this paper, we introduce a novel strategy with Context-Position Duo-Mixture for effective and
efficient long-context processing. Our approach leverages chunk-wise context encoding combined
with a position mixture mechanism to preserve contextual coherence while maintaining compati-
bility with existing KV cache compression techniques. Through extensive evaluations, we demon-
strate that CoPMix not only achieves superior performance compared to baseline methods such as
Full Attention and StarAttention, but also offers substantial gains in computational efficiency, scal-
ing linearly with input length. These results highlight the potential of CoPMix as a practical and
scalable solution for long-context language modeling.
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