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Abstract

Large language models (LLMs) are increas-
ingly required to process inputs composed of
multiple context units, such as answer options,
retrieved passages, or in-context demonstra-
tions. Effective reasoning in such scenarios
demands capturing both intrinsic semantics
within each unit and the aggregated semantics
across units. However, recent efforts typically
treat multiple units as a single entangled se-
quence, ignoring the distinct knowledge within
isolated units, which leads to suboptimal per-
formance. To this end, we propose MUA1

(Multiple Context Units Attention), a dual-view
self-attention module that computes a local
view for learning unit-specific semantics and a
global view to enable bidirectional interaction
across units. These two views share projec-
tion matrices and are fused by a lightweight
input-conditioned gate, while generation pro-
ceeds with standard causal decoding. With an
optimized implementation, this design achieves
efficient fusion of multiple context units and
superior information utilization during input en-
coding at marginal overhead. Experiments on
diverse multiple context units reasoning bench-
marks, including multiple-choice, multi-hop
QA and language understanding tasks, show
that MUA consistently improves performance
across model scales, exhibits increased robust-
ness to context units reordering, and establishes
new state-of-the-art results on key benchmarks.

1 Introduction

Large language models (LLMs) achieve strong re-
sults on many NLP tasks, such as summarization
and zero-shot learning (Pu et al., 2023; Chang et al.,
2023; Kojima et al., 2022). However, their applica-
tion in scenarios involving multiple context units
such as multiple-choice question answering (QA),
retrieval-augmented generation (RAG)(Lewis et al.,

*Corresponding author.
1https://github.com/Iheadx/MUA

2020), and in-context learning (ICL)(Brown et al.,
2020; Akyürek et al., 2022) with multiple demon-
strations presents distinct challenges. Existing re-
search reveals that LLMs are notably sensitive to
the ordering of these units(Chen et al., 2024; Zhao
et al., 2021; Lu et al., 2022). Furthermore, the
mechanisms for effectively learning the intrinsic
knowledge within each unit, while simultaneously
capturing the aggregated knowledge across units,
remain significantly under-explored(Ding et al.,
2024).

Recent work addresses these challenges through
two primary lines. The first targets order sensitiv-
ity directly (Zaheer et al., 2017; Lee et al., 2018;
Pezeshkpour and Hruschka, 2023). Set-based ap-
proaches, such as SetLLM (Egressy and Stühmer,
2025), enforce units permutation invariance so that
model representations remain unchanged under
units reordering. However, these methods involve
substantial continued pre-training costs. As demon-
strated in our empirical experiments, such tech-
niques make LLMs insensitive to order permuta-
tions at the cost of performance degradation.

The second line of work relaxes the causal atten-
tion constraints within the prompt to allow bidirec-
tional attention. This strengthens inter-unit knowl-
edge learning and often improves average accuracy
on benchmarks involving multiple context units
(Clark et al., 2018; Sap et al., 2019; Zellers et al.,
2019). However, these methods treat the learning
of each unit from a fully global perspective, where
any unit can attend freely to all others. This can
weaken the learning of intrinsic knowledge within
individual units, which may harm performance in
settings that require sufficient single unit under-
standing prior to aggregation.

In this work, we focus on this second direction,
aiming to enable LLMs to learn intra-unit seman-
tics (within each unit) and inter-unit semantics
(across units) simultaneously. Effective reasoning
over multiple context units depends on two com-
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Figure 1: Attention visibility patterns for multi-context-
unit prompts. Top: Causal view where visibility de-
pends on sequence position. Bottom: Local view
that isolates peer units while keeping shared Prefix/-
Suffix visible, and Global view that enables prompt-
bidirectional interaction across all prompt tokens.

plementary capabilities: robust cross-unit interac-
tion for global information aggregation, and strong,
self-contained intra-unit representations that pre-
serve local semantic integrity(Beltagy et al., 2020;
Zaheer et al., 2020). This necessitates attention
mechanisms that balance localized unit encoding
with cross-unit reasoning, rather than treating per-
mutation invariance as the sole objective.

Learning both types of semantics within pre-
trained autoregressive LLMs presents significant
challenges. First, premature global interaction can
dilute unit-specific semantics before they are fully
formed, leading to cross-unit interference. Sec-
ond, integrating complementary attention patterns
within a unified decoder-only architecture requires
careful design to avoid collapsing into one of two
extremes: premature mixing of context units or
their overly strict isolation. These inherent con-
straints help explain why prior work has typically
addressed only one side of this trade-off.

We therefore seek a novel mechanism that sup-
plies both unit-wise encoding and cross-unit rea-
soning during prompt encoding, while preserving
standard causal decoding for generation.

In this work, we propose MUA (Multiple Con-
text Units Attention), a Dual-View Self-Attention
framework tailored to prompts with multiple con-
text units (Figure 1). Standard causal self-attention
imposes an inherent asymmetry: tokens in later
units can attend to earlier ones, but not vice versa.
This constraint limits effective information aggrega-

tion during prompt encoding (Zhao et al., 2021; Liu
et al., 2024). Furthermore, processing all tokens in
a single causal pass obscures the boundaries and in-
ternal structure of distinct units. Consequently, the
learning of unit-specific semantics and cross-unit
reasoning becomes entangled, introducing noise
and suboptimal representations (Min et al., 2022).

MUA addresses these challenges by computing
two complementary attention views over prompt to-
kens within each Transformer layer: a Local View
that enforces strict unit boundaries to strengthen
intra-unit encoding, and a Global View that applies
bidirectional attention across all units to facilitate
cross-unit comparison and aggregation. Two views
share projection matrices and are dynamically
fused via a lightweight, input-conditioned gate.
Autoregressive generation remains unchanged and
uses standard causal masking.

However, standard FlashAttention(Dao et al.,
2022) do not natively support the heterogeneous
masking patterns required by MUA, making a naive
implementation inefficient and memory-intensive.
To enable efficient decoding, we therefore reformu-
late MUA’s attention computation through a combi-
nation of structured mask decomposition and Fused
RoPE(Su et al., 2021), which exactly preserves the
intended behavior while remaining compatible with
FlashAttention. This reformulation involves sub-
stantial engineering effort, yet yields near-vanilla
inference efficiency and greatly reduced memory
footprint.

This paper makes three contributions:

1. We unify multiple-choice QA, multi-hop rea-
soning, and retrieval-augmented generation
under a multiple context units framework. To
address this, we propose MUA, a novel dual-
view self-attention module that integrates
unit-wise isolation and bidirectional interac-
tion within each Transformer layer through a
lightweight, gated fusion mechanism.

2. Extensive experiments across multiple bench-
marks and model scales demonstrate that
MUA consistently improves both average ac-
curacy and robustness to context-unit reorder-
ing. Notably, the gains become more pro-
nounced as context length and the number of
context units increase.

3. We develop a FlashAttention-compatible im-
plementation of MUA through attention de-
composition and shared RoPE computation,
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substantially improving inference efficiency
while preserving exact behavior.

2 Related Works

Encoder-only architectures such as BERT and its
variants model structured, multi-segment inputs
with fully bidirectional self-attention (Devlin et al.,
2019; Liu et al., 2019; Lewis et al., 2019). In paral-
lel, set representation learning studies inputs as un-
ordered collections, where permutation invariance
is a central requirement. Deep Sets (Zaheer et al.,
2017) and Set Transformer (Lee et al., 2018) aggre-
gate element-wise representations with symmetric
operators or attention-based pooling, combining
strong intra-element modeling with global aggre-
gation. These architectures rely on bidirectional
attention over the full input and therefore do not
directly apply to autoregressive generation under
causal constraints.

Most LLMs are decoder-only Transformers
trained with causal self-attention(Vaswani et al.,
2017), including GPT-style models (OpenAI et al.,
2023; Yang et al., 2025). Causal masking is re-
quired for autoregressive generation(Ding et al.,
2024; Yin et al., 2024), but it can be limiting for
prompt encoding when the prompt contains mul-
tiple context units that benefit from bidirectional
modeling. Several works modify attention masks
or positional encodings within decoder-only mod-
els. Prefix language models relax causal masking
inside a designated prefix region, enabling bidi-
rectional attention during prompt encoding while
preserving causal decoding(Diao et al., 2022).

Related ideas appear in instruction tuning and
retrieval-augmented generation, where prompt
tokens and generated tokens are treated differ-
ently(Katz et al., 2024). This separation can im-
prove prompt representations without changing the
decoding objective.

For multiple context units prompts, Segment-
Based Attention Masking (MAS) relaxes the
prompt mask to allow bidirectional visibility,
strengthening cross-unit interaction (Katz et al.,
2024). A different direction treats the units as a set
and enforces permutation invariance to remove or-
der effects (Zhao et al., 2021; Egressy and Stühmer,
2025). SetLLM follows this route and typically re-
lies on extra pre-training, which increases training
cost (Egressy and Stühmer, 2025).

Prior work points to a trade-off in decoder-only
models with multiple context units. Global interac-

tion helps comparison and aggregation, but early
cross-unit mixing can degrade unit representations.
This paper explores an attention design that coordi-
nates complementary local and global views within
a unified decoder-only layer.

3 Method

This section details the Multiple Context Units At-
tention (MUA) mechanism. Motivated by the need
to balance unit-specific encoding with cross-unit
reasoning, MUA comprises three key elements: (1)
a Local View for intra-unit attention, (2) a Global
View for inter-unit attention, and (3) a lightweight
adaptive gate that dynamically fuses the two views.

3.1 Overview

We consider prompts consisting of a shared prefix,
multiple context units, and a shared suffix, as illus-
trated in Figure 1. Modern LLMs, built on decoder-
only Transformers, treat such prompts as a single
unidirectional sequence and encode them using
causal self-attention. However, this single causal
pass often leads to premature cross-unit mixing,
where representations from different units blend
before unit-level semantics are fully formed. This
can impair both intra-unit interpretation and inter-
unit aggregation.

To address this, we propose to decouple the learn-
ing of unit-wise representations and cross-unit se-
mantics through two distinct attention mechanisms,
whose outputs are then adaptively fused. Further-
more, we employ different positional encoding
strategies for each attention type. For learning self-
contained unit representations, we enforce strict
isolation by resetting positional IDs at unit bound-
aries (the Reset strategy). For cross-unit commu-
nication, we allow bidirectional attention between
units while maintaining the original sequential or-
der of positions (the Sequential or Seq strategy).

Based on this design, MUA computes a Local
view and a Global view in parallel over prompt
tokens and fuses them with an input-conditioned
gate. We integrate MUA by substituting the stan-
dard self-attention mechanism in each Transformer
layer with this dual-view module, while keeping
all other layer components unchanged. The three
core components of MUA are detailed below.

3.2 Preliminaries

Let the layer input be H ∈ RT×d. We denote
Pos(·; p) as the operation of applying position ids p
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Figure 2: Conceptual overview of the Dual-View Self-Attention architecture. The input sequence is processed
through two complementary paths: a Local View that enforces isolation between context units to extract independent
intra-unit semantics, and a Global View that enables full interaction for comparative inter-unit reasoning. These
two information streams are dynamically fused via an adaptive gating mechanism.

to a projected vector (e.g., as in RoPE). The generic
multi-head attention with an explicit attention mask
M and position ids p is expressed as:

Q = Pos(HWQ; p), (1)

K = Pos(HWK ; p), (2)

Attn(H;M,p) = Softmax

(
QK⊤
√
dh

+M

)
(HWV ),

(3)

O = Attn(H;M,p)WO. (4)

As shown in Figure 2, MUA computes two com-
plementary attention outputs over the prompt to-
kens: a Local View for intra-unit encoding and
a Global View for inter-unit interaction. While
the two views share the same projection matrices
(WQ,WK ,WV ,WO), they employ distinct atten-
tion masks and positional encoding strategies.

3.3 Local View: Intra-Unit Attention
The Local View aims to strengthen unit-wise en-
coding by isolating context units. We compute the
output Olocal using a block-structured mask Mlocal
and reset position ids plocal:

Olocal = Attn(H;Mlocal, plocal)WO (5)

In Mlocal, tokens attend bidirectionally within
the same context unit and to the shared prefix/suffix,
while attention between different units is blocked.
Concurrently, we employ position ids plocal, which
are reset for each unit. This combination forces
the model to focus on intra-unit structure and local
semantics without being distracted by the global
absolute positions of other units.

3.4 Global View: Inter-Unit Attention

Complementing the local view, the Global View
facilitates aggregated reasoning across units—a ne-
cessity for tasks such as summarizing evidence
from multiple paragraphs or selecting relevant ex-
amples. We compute the global output Oglobal by
allowing unrestricted interaction across the prompt:

Oglobal = Attn(H;Mglobal, pglobal)WO (6)

Here, Mglobal applies a fully bidirectional mask
over the prompt region, enabling tokens from all
context units (as well as the prefix and suffix) to
attend to one another. We utilize position ids pglobal,
which are sequential across the entire input, to cap-
ture relative structural relationships and distance
between units. Note that for generated tokens, au-
toregressive masking is preserved in both views to
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ensure compatibility with standard decoder-only
language modeling.

3.5 Adaptive Gated Fusion

The Local and Global views provide complemen-
tary signals: the former captures unit-wise seman-
tics, while the latter facilitates cross-unit aggrega-
tion. We integrate these views using a lightweight
gate conditioned on the pre-attention hidden state.
Formally, for layer ℓ and token t, the fused output
is computed as:

g
(ℓ)
t = σ

(
W

(ℓ)
gateh

(ℓ)
t + b

(ℓ)
gate

)
, (7)

o
(ℓ)
t = g

(ℓ)
t ⊙ o

(ℓ)
t,local +

(
1− g

(ℓ)
t

)
⊙ o

(ℓ)
t,global (8)

where σ is the sigmoid function and ⊙ denotes
element-wise multiplication. This corresponds to
implementing W

(ℓ)
gate as a single linear layer applied

to the attention input.
We adopt this input-conditioned gating mech-

anism for its stability and efficiency. By avoid-
ing complex attention-style interactions (e.g., head-
wise reweighting), the gate dynamically modulates
the mixture of Local and Global information based
on token content without complicating optimiza-
tion. Note that this dual-view mechanism is ap-
plied exclusively to the input context; during token
generation, the model reverts to standard causal
masking.

3.6 Efficient FlashAttention-Compatible
Implementation

Naively implementing MUA incurs substantial
overhead due to heterogeneous masking patterns
and distinct positional encodings in the Local and
Global views, preventing direct use of optimized
attention kernels. To improve practicality, we de-
velop an exact FlashAttention-compatible reformu-
lation of MUA.

First, we avoid redundant rotary computations
between the two views. Instead of independently
applying RoPE(Su et al., 2021) twice, we first com-
pute a shared basis transformation of the projected
queries and keys, and then apply lightweight view-
specific phase rotations corresponding to the Lo-
cal and Global position ids. This reformulation
preserves exact behavior while reducing repeated
tensor reads and element-wise operations.

Second, we reformulate the Local View atten-
tion to eliminate dense O(S2) masks. We observe

that only tokens inside context units require non-
standard visibility, whereas prefix and suffix re-
gions naturally follow standard causal attention.
Based on this property, Local View computation is
decomposed into: (1) a standard causal FlashAtten-
tion pass over the full sequence, and (2) lightweight
per-unit corrections computed only on valid sub-
contexts (prefix, current unit, and suffix) using bidi-
rectional FlashAttention. The resulting unit-wise
outputs overwrite the corresponding context-unit
regions, yielding behavior mathematically equiv-
alent to the original structured masking without
explicit mask materialization. The Global View
directly applies bidirectional FlashAttention over
prompt tokens.

Finally, to minimize overhead when many con-
text units are present, we batch per-unit computa-
tions using variable-length FlashAttention kernels.
Overall, our implementation preserves the exact
behavior of MUA while substantially improving ef-
ficiency. On Llama3.2-1B with input length 4096,
our optimized implementation reduces prefill la-
tency by 81%, decoding latency by 10%, and peak
VRAM usage by 61%.

4 Experiments

4.1 Experimental Setup

Models. We evaluate our method across a range
of model sizes: LLAMA-3.2-1B/3B, LLAMA-
3.1-8B, and QWEN-3-14B. All models are initial-
ized from their publicly released instruction-tuned
checkpoints. Our implementation modifies only
the attention mechanism, replacing standard self-
attention with MUA, while leaving all other compo-
nents, including layer normalization, feed-forward
networks, and residual connections unchanged.

Tasks. We evaluate on three categories of tasks
that inherently involve reasoning over multiple con-
text units: multiple-choice QA (ARC-Challenge)
(Clark et al., 2018), multi-hop QA (2WikiMul-
tihopQA, HotpotQA) (Ho et al., 2020; Yang
et al., 2018), which we use as a substitute for
ICL and RAG tasks, providing the full context
rather than retrieved snippets or few-shot exam-
ples, and broad language understanding (MMLU)
(Hendrycks et al., 2020).

Compared Methods. We compare the follow-
ing model variants, which share identical back-
bone parameters and differ only in their attention
computation: Base(The standard fine-tuned base-
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line using causal self-attention.), Bitune(Kopiczko
et al., 2024), SetLLM(Egressy and Stühmer, 2025),
MAS(Katz et al., 2024) and MUA.

4.2 Evaluation Metric

To eliminate the randomness incurred by different
units order, we randomly sample K different order-
ings of the context units for each example during
evaluation. Here we use K = 5 unless otherwise
specified. To further assess the robustness of dif-
ferent methods to context unit reordering, we also
compute strictly correctness across all K samples
(5-Adv), specifically, the prediction should be all
correct for the sampled K orderings, otherwise, the
prediction is incorrect, we name this metric 5-Adv.

4.3 Main Results

As shown in Table 1, MUA consistently outper-
forms both the standard fine-tuned baseline (Base)
and the strong segment-based attention masking
baseline (MAS) across all evaluated models and
tasks. Notably, it achieves maximum improve-
ments of 10.37% on the MMLU language under-
standing benchmark, 4.3% on the multi-hop QA
dataset (HotpotQA), and 11.95% on the ARC-
Challenge multiple-choice task. These results
demonstrate the effectiveness of MUA in enhanc-
ing reasoning across diverse multi-context unit sce-
narios.

4.4 Ablation Studies

We conduct ablation studies using the 1B and 3B
LLaMA-3.2 models to examine the contribution
of each core component in MUA. Specifically, we
evaluate the following model variants:

MUA: Our complete model with both the Local
View and Global View, fused via an adaptive gate.

w/o G-View: Ablates the Global View, retaining
only the Local View for strict intra-unit encoding.

w/o L-View: using only the Global View.
w/o Gate: Replaces the adaptive gate with a

simple summation of the two attention outputs.
The performance of the fine-tuned baseline

(Base) is included for comparison.
Table 2 presents the results of our ablation study.

View Ablations. We first isolate the contribu-
tions of the two views. Retaining only the Local
view (w/o G-View) yields strong robustness (high
5-Adv and Cons.), as unit-wise isolation minimizes
interference caused by permutation. However, this

comes at the cost of accuracy, as cross-unit rea-
soning is restricted. Conversely, retaining only
the Global view (w/o L-View) improves accuracy
over the baseline by enabling direct cross-unit in-
teraction, yet its robustness underperform the full
model. This indicates that global mixing alone fails
to preserve stable unit semantics. The full MUA
model effectively combines both strengths: the Lo-
cal view anchors robust unit representations, while
the Global view facilitates the interaction necessary
for high accuracy.

Gating Ablation. The "MUA w/o Gate" variant
replaces the input-conditioned fusion with a simple
summation of the Local and Global attention out-
puts. The resulting performance drop demonstrates
that a static combination of signals is insufficient.
Instead, the model benefits significantly from the
gate’s ability to dynamically modulate the balance
between Local and Global information based on
token content and layer depth.

5 Analysis

5.1 Robustness under Context Reordering

We evaluate robustness to context unit reordering
by sampling five random permutations per exam-
ple. As shown in Table 3, MUA consistently im-
proves not only average accuracy (Acc) but also
the robustness-oriented metrics (5-Adv and Cons.)
relative to both the base model and MAS. This
trend persists across diverse model scales and back-
bones, suggesting that the performance gains are
agnostic to model size. Notably, MUA outperforms
MAS, which relies on fully bidirectional global
mixing across all reported settings. This indicates
that MUA produces significantly more stable pre-
dictions under context reordering. These results
validate our core design hypothesis: the Local view
mitigates permutation-induced interference by pre-
serving unit-wise semantics, while the Global view
maintains the cross-unit interactions essential for
high accuracy.

5.2 Attention Sensitivity to Context Unit
Permutations

To investigate the stability of different attention
mechanisms, we analyze how attention distribu-
tions shift under context unit reordering. Specifi-
cally, we examine whether the model consistently
attends to semantically relevant units regardless of
their absolute positions.
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Models HotpotQA MMLU 2WikiMultihopQA ARC-e ARC-c AVG

Llama3.2 1B 33.83 48.16 64.63 67.00 49.30 52.58
Llama3.2 1BSetLLM 34.85 49.15 76.17 79.55 53.61 58.67
Llama3.2 1BBitune 31.43 45.87 73.59 74.79 52.65 55.67
Llama3.2 1BMAS 35.00 47.06 86.50 72.70 55.50 60.25
Llama3.2 1BMUA 36.53 50.22 87.82 81.36 61.26 63.44
Llama3.2 3B 38.20 54.54 86.69 83.00 70.60 66.61
Llama3.2 3BSetLLM 38.04 58.64 86.86 88.55 74.16 69.25
Llama3.2 3BBitune 37.22 59.36 85.27 88.68 75.94 69.29
Llama3.2 3BMAS 39.07 61.05 89.85 89.40 75.10 70.89
Llama3.2 3BMUA 40.49 61.70 91.11 91.20 78.16 72.53
Llama3.1 8B 37.02 56.99 88.33 88.80 78.00 69.83
Llama3.1 8BSetLLM 39.45 63.83 89.67 91.12 84.13 73.01
Llama3.1 8BMAS 40.27 66.38 90.52 92.20 81.70 74.21
Llama3.1 8BMUA 41.32 67.36 91.40 90.95 84.98 75.20
Qwen3 14B 40.57 77.66 90.86 97.64 93.09 79.96
Qwen3 14BMAS 40.49 77.34 90.60 97.43 92.58 79.69
Qwen3 14BMUA 41.42 78.29 91.75 97.60 93.86 80.58

Table 1: The Acc under different models and methods

Model HotpotQA MMLU
Acc 5-Adv. Cons. Acc 5-Adv. Cons.

LLAMA-3.2-1B
Base 33.82 26.97 51.25 48.16 26.97 51.44
MUA 36.53 33.34 71.92 50.22 38.95 66.50

w/o G-View 31.98 31.37 95.00 45.90 45.26 97.61
w/o L-View 35.00 28.67 55.76 47.06 28.68 66.50
w/o Gate 35.12 31.29 68.59 45.57 33.75 62.91

LLAMA-3.2-3B
Base 38.20 31.88 58.88 54.54 41.92 64.48
MUA 40.49 37.41 75.02 61.70 52.24 73.10

w/o G-View 37.32 36.89 96.19 58.68 58.20 98.46
w/o L-View 39.07 33.73 39.27 61.05 46.25 62.75
w/o Gate 38.56 35.54 72.32 57.97 47.71 72.50

Table 2: Ablation results on HotpotQA and MMLU for
attention-view variants.

We extract attention maps from the final Trans-
former layer, averaging scores across all heads. For
each query token in the suffix and the generated
label tokens, we aggregate the attention weights
assigned to tokens within each context unit. These
unit-level scores are then normalized to sum to one
for visualization.

Figure 3 presents several representative exam-
ples. Ideally, the model should attend strongly to
the units containing the evidence for the correct
answer. In the original order, the baseline attends
to the relevant unit and predicts correctly. However,
after shuffling, the baseline’s attention drifts to an
irrelevant unit, leading to an incorrect prediction.

unit1 unit2 unit3 unit4 unit2 unit3 unit4 unit1

Baseline
Original order

MUA
Original order

Baseline
Shuffled order

MUA
Shuffled order

Baseline
Original order

MUA
Original order

unit1 unit2 unit3 unit4 unit1unit2unit3 unit4

Baseline
Shuffled order

MUA
Shuffled order

Baseline
Original order

unit1 unit2 unit3 unit9 unit10unit4 unit5 unit6 unit7 unit8

MUA
Original order

unit9 unit2 unit6 unit5 unit1unit7 unit10 unit8 unit4 unit3

Baseline
Shuffled order

MUA
Shuffled order

Figure 3: Attention maps under two orders on MMLU
and hotpotQA. The baseline flips from correct (original)
to wrong (shuffled), while MUA stays correct.

In contrast, MUA preserves a stable attention dis-
tribution focused on the relevant unit across both
permutations, resulting in robust and correct pre-
dictions. We attribute this stability to the Local
view, which anchors unit-level representations and
mitigates interference from positional changes.

5.3 Performance across Context Lengths
We further investigate the scalability of our method
by analyzing performance trends with respect to in-
put length and the number of context units. We an-
alyze the impact of input complexity using the Full-
Wiki (context length) and Distractor (unit count)
sub-tasks of HotpotQA with LLAMA-3.2-3B.

Figure 4 demonstrates that MUA consistently
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Models HotpotQA MMLU 2WikiMultihopQA
Acc 5-Adv. Cons. Acc 5-Adv. Cons. Acc 5-Adv. Cons.

Llama3.2 1B 33.83 26.97 51.25 48.16 26.97 51.44 64.63 55.66 78.25
Llama3.2 1BMAS 35.00 28.67 55.76 47.06 28.68 44.66 86.5 79.86 87.23
Llama3.2 1BMUA 36.53 33.34 71.92 50.22 38.95 66.50 87.82 85.43 95.09
Llama3.2 3B 38.20 31.88 58.88 54.54 41.92 64.48 86.69 82.15 90.59
Llama3.2 3BMAS 39.07 33.73 62.89 61.05 46.25 62.75 89.85 86.73 94.03
Llama3.2 3BMUA 40.49 37.41 75.02 61.70 52.24 71.30 91.11 90.20 97.85
Llama3.1 8B 37.02 31.49 59.15 56.99 43.45 64.51 88.33 84.66 92.37
Llama3.1 8BMAS 40.27 35.75 66.28 66.38 53.87 69.32 90.52 87.91 94.80
Llama3.1 8BMUA 41.32 38.61 78.14 67.36 59.16 78.60 91.40 90.60 98.20
Qwen3 14B 40.57 33.68 56.34 77.66 68.20 78.42 90.86 88.31 94.42
Qwen3 14BMAS 40.49 34.57 60.43 77.34 68.28 78.85 90.60 87.13 92.99
Qwen3 14BMUA 41.42 38.00 72.25 78.29 71.75 84.30 91.75 90.61 97.38

Table 3: Robustness under context-unit reordering. Acc is the average accuracy over five random permutations for
each example; 5-Adv (Adversarial Order) is the fraction of examples answered correctly under all five permutations;
Cons. is the fraction with identical predictions across the five permutations (higher is better).
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Figure 4: Performance on HotpotQA under different
input settings. Top: FullWiki results across context-
length buckets. Bottom: Distractor results across dif-
ferent numbers of answer options. We report Acc, 5-
Adv., and Cons., comparing the baseline and MUA.

outperforms the baseline across all context length
intervals on FullWiki and varying numbers of can-
didate options on Distractor. These improvements
are evident in both accuracy and robustness met-
rics (5-Adv. and Cons.). Notably, the performance
gap between MUA and the baseline widens as con-
text length and option count increase. This trend
highlights MUA’s effectiveness in handling com-
plex reasoning tasks that demand the integration of
information across multiple text segments.

5.4 Efficiency Analysis
Table 4 compares training FLOPs between base
model and MUA. Across model sizes, MUA adds
modest compute overhead; the accuracy gains do
not require a large increase in training cost.

In Table 5, results shows that after our inference
optimization, the inference efficiency of MUA has
already approached that of standard LLMs with

Model Base MUA

1B 2.95× 1018 3.15× 1018

3B 6.19× 1018 6.77× 1018

8B 1.64× 1019 1.77× 1019

Table 4: Training compute cost (FLOPs) on HotpotQA
for models from 1B to 8B.

Len. Bitune SetLLM MUA

1024 23.49 20.02 21.34
2048 23.58 19.61 21.19
4096 23.30 19.20 21.37
8192 23.53 21.09 21.33
16384 23.33 OOM 21.42

Table 5: The decode latency(ms/token) analysis on
Llama3.2-1B. The Nvidia A40 GPU used during test-
ing has 48 GB of VRAM, but the SetLLM runs out of
memory when the input text length reaches 16384.

FlashAttention, and at the same time, the growth
of GPU memory usage has also slowed down sig-
nificantly.

6 Conclusion

We introduced MUA, a dual-view mechanism for
decoder-only LLMs that balances intra-unit seman-
tic formation and inter-unit aggregation. Model-
ing isolated Local and bidirectional Global views,
MUA improves reasoning performance while main-
taining standard autoregressive decoding.

Experiments demonstrate that MUA improves
performance across reasoning tasks and model
scales, while exhibiting robustness to context-unit
ordering and outperforming masking-based and
permutation-invariant baselines. Furthermore, we
show that MUA admits an efficient FlashAttention-
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compatible reformulation, enabling practical long-
context inference through structured attention de-
composition without dense attention masks.

Limitations

Our approach relies on the explicit partitioning of
the input into distinct context units and shared
prompt components. In scenarios where unit
boundaries are ambiguous or task-specific format-
ting varies significantly, constructing the Local
mask and unit-local position ids may require heuris-
tic preprocessing. Furthermore, MUA is designed
to balance local and global interactions to improve
robustness, rather than enforcing strict permutation
invariance; consequently, it does not theoretically
guarantee identical outputs under all reorderings.
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Model Length Units Base (ms) MUA (ms)

1B 1024 4 35.70 54.62
1B 1024 10 35.18 63.10
1B 2048 4 67.73 100.64
1B 2048 10 68.59 107.86
1B 4096 4 137.45 205.97
1B 4096 10 137.69 213.67

3B 1024 4 90.94 135.79
3B 1024 10 91.42 148.94
3B 2048 4 177.36 252.48
3B 2048 10 178.06 267.00
3B 4096 4 348.84 523.39
3B 4096 10 350.12 545.95

Table 6: Prefill latency of the standard attention baseline
and MUA under different sequence lengths and numbers
of context units.

N Prefix=N , Suffix=256 Prefix=256, Suffix=N

512 153.73 155.24
1024 206.71 208.74
2048 339.57 344.85
4096 605.78 615.61

Table 7: Prefill latency (ms) after exchanging the prefix
and suffix lengths. Prefix and suffix placement has little
effect on latency.

we use a fixed random seed 42 and run training
on NVIDIA H20 GPUs. For inference, all models
use greedy decoding. For the Qwen3-14B model,
we use LoRA adapters during SFT, with rank 32,
alpha 64 and a learning rate of 1× 10−4. The gate
parameters use learning rate of 2 × 10−5. Other
hyperparameters remain the same as above.

B Additional Efficiency Analysis

B.1 Prefill Latency
Table 6 compare the standard SDPA baseline and
the fused MUA implementation on Llama-3.2-1B
and Llama-3.2-3B. We vary the sequence length
and the number of context units.

B.2 Effect of Long Shared Prefixes and
Suffixes

The Local View exposes the shared prefix and suf-
fix to every unit. We therefore measure whether
the placement of a long shared region introduces
asymmetric overhead. We use Llama-3.2-3B with
four units of 100 tokens each. As shown in Table 7,
for a fixed value of N , exchanging a long prefix
and a long suffix produces nearly identical prefill
latency.

Table 8 shows that when the prefix and suf-
fix grow together, latency increases with total

Prefix Suffix Total length Prefill (ms)

512 512 1424 184.57
1024 1024 2448 303.81
2048 2048 4496 589.65
4096 4096 8592 1274.00

Table 8: Prefill latency as the shared prefix and suffix
grow together.

Layer Dim. std. Specialized Local Global Balanced

0 0.015 0.0% 0.0% 0.0% 100.0%
1 0.036 0.2% 0.2% 0.0% 99.8%
4 0.041 1.4% 0.8% 0.6% 98.6%
8 0.049 4.3% 1.9% 2.4% 95.7%

10 0.056 7.4% 3.1% 4.3% 92.6%
13 0.064 11.8% 6.2% 5.6% 88.2%
15 0.053 6.1% 3.4% 2.7% 93.9%

Table 9: Dimension-level gate statistics. “Specialized”
is the fraction of dimensions with g > 0.6 or g < 0.4.

input length, as expected for dense attention.
The FlashAttention implementation avoids explicit
dense-mask materialization but does not change
the theoretical complexity of dense attention.

C Gate Behavior Analysis

We analyze the learned gate of Llama-3.2-1B
MUA using 100 ARC-Challenge test examples.
In Eq. (8), larger gate values assign more weight
to the Local View, while smaller values assign
more weight to the Global View. Because the
gate is dimension-wise, Table 9 reports the stan-
dard deviation across hidden dimensions and the
proportion of dimensions that are Local-dominant
(g > 0.6), Global-dominant (g < 0.4), or balanced
(0.4 ≤ g ≤ 0.6).

As shown in Table 9, most dimensions in shallow
layers remain balanced. The specialized-dimension
ratio grows in deeper layers and peaks at Layer 13,
with similar proportions favoring the Local and
Global Views. These observations suggest that
deeper layers learn a more differentiated mixture of
intra-unit and cross-unit information. They should
not be interpreted as assigning a fixed semantic role
to every hidden dimension.

D Dataset Details

D.1 MMLU (Massive Multitask Language
Understanding)

Data Statistics:

• Training set: 99,842 samples
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• Validation set: 1,531 samples

• Test set: Contains multiple subjects, totaling
approximately 14,000+ samples

Prompt Format Example:
Prefix: The cyclic subgroup of Z_24 generated by

18 has order
Options: ["4", "8", "12", "6"]
Suffix: The correct answer is:
Label: " 4"

D.2 HotPotQA

Data Statistics(fullwiki):

• Training set: 90,447 samples

• Validation set: 7,405 samples

Data Split(distractor):

• Validation set (3 options): 7,405 samples

• Validation set (5 options): 7,405 samples
(same questions, different number of options)

• Validation set (7 options): 7,405 samples
(same questions, different number of options)

Prompt Format Example:
Prefix: Please answer questions based on the

following text.
Options: ["Woodson, Arkansas (CDP description

...)", "Ed Wood (biography...)", ..., "Scott
Derrickson (biography...)"]

Suffix: Were Scott Derrickson and Ed Wood of the
same nationality?

Label: "No"

D.3 ARC-C

Data Statistics:

• Training set: 1,119 samples

• Test set: 1,172 samples

Prompt Format Example:
Prefix: Juan and LaKeisha roll a few objects

down a ramp. They want to see whichobject
rolls the farthest. What should they do so
they can repeat their investigation?

Options: ["Put objects in groups.", "Change the
height of ramp.", "Choose different objects
to roll.", "Record the details of the
investigation."]

Suffix: The correct answer is:
Label: " Record the details of the investigation

."

D.4 2WikiMultiHopQA
Data Statistics:

• Training set: 167,000+ samples

• Validation/Test sets: 12,600+ samples

Prompt Format Example:
Prefix: Please answer questions based on the

following text.
Options: ["Franco Rossi (director)...", "

Jeannette: The Childhood of Joan of...", "
Jean Pasquerel (Jean Pasquerel( c. 1400) was
...", ...]

Suffix: Which film has the director who died
earlier, Il Seduttore or The Trial Of Joan
Of Arc?

Label: "The Trial Of Joan Of Arc"

E Unified Input Sequence Structure

In the dual attention model, the input sequence is
constructed as:

[BOS] + prefix

+ option1 + option2 + · · ·+ optionN
+ suffix

44833


