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Abstract

When reading books, humans focus primar-
ily on the current page, flipping back to recap
prior context only when necessary. Similarly,
we demonstrate that Large Language Models
(LLMs) can learn to dynamically determine
when to attend to global context. We propose
All-or-Here Attention (AHA), which utilizes
a binary router per attention head to dynam-
ically toggle between full attention and local
sliding window attention for each token. Our
results indicate that with a window size of 256
tokens, up to 93% of the original full attention
operations can be replaced by sliding window
attention without performance loss. Further-
more, by evaluating AHA across various win-
dow sizes, we identify a long-tail distribution
in context dependency, where the necessity for
full attention decays rapidly as the local win-
dow expands. By decoupling local processing
from global access, AHA reveals that full at-
tention is largely redundant, and that efficient
inference requires only on-demand access to
the global context. Our code and model will be
made publicly available.

1 Introduction

The self-attention mechanism (Bahdanau et al.,
2014) serves as the cornerstone of the Transformer
architecture (Devlin et al., 2019; Brown et al., 2020;
Vaswani et al., 2017), driving the success of mod-
ern Large Language Models (Ouyang et al., 2022;
Touvron et al., 2023; Yang et al., 2025). How-
ever, its quadratic complexity with respect to se-
quence length poses significant computational chal-
lenges. To address this, numerous studies have pro-
posed efficiency techniques, including linear atten-
tion (Katharopoulos et al., 2020; Gu and Dao, 2024;
Yang et al., 2024), sparse attention (Child et al.,
2019a; Beltagy et al., 2020a; Zaheer et al., 2020b),
and hierarchical attention (Yang et al., 2016; Yuan
et al., 2025). While these methods often focus on

approximating full attention or compressing state
representations, we suggest that the intrinsic re-
dundancy of the attention mechanism enables a far
simpler solution.

In this paper, we propose a straightforward
paradigm: enabling the Transformer to learn when
not to attend globally. Our design is motivated by
the observation that tokens exhibit heterogeneous
context requirements. Intuitively, maintaining syn-
tactic continuity and local coherence should pri-
marily require immediate context, whereas global
retrieval is necessary only for a sparse subset of to-
kens resolving long-range dependencies (Liu et al.,
2017; Fan and Jiang, 2023; Futrell et al., 2015;
Beltagy et al., 2020a). Based on this perspective,
we introduce All-or-Here Attention (AHA). By
employing a conditional hard gating mechanism,
AHA dynamically toggles between full attention
(“All”’) and local sliding window attention (“Here”)
for each attention head.

Specifically, we integrate lightweight routers at
each Transformer layer to generate scalar impor-
tance scores. Based on these scores and a pre-
defined threshold, each attention head determines
whether to execute full or sliding window atten-
tion. This represents a fundamental departure from
methods such as DuoAttention (Xiao et al., 2025)
and Prulong (Bhaskar et al., 2025), which rely on
a static pre-classification of attention heads into
either streaming heads (sliding window attention)
or retrieval heads (full attention). While those ap-
proaches fix the functional roles of heads regardless
of the input, AHA dynamically toggles the atten-
tion scope of each head at the token level based
on the real-time context. As illustrated in Figure
1, the router automatically calibrates its global ac-
cess according to the complexity of the information
retrieval needed: it learns to use full attention spar-
ingly at 17% for tasks like sequential counting that
focus on local patterns, while it automatically in-
creases global access to 39% for tasks that require



Sequential Counting

Prompt [316 tokens]:
Please continue writing the sequence: 1,2, 3,4,5,6,7, 8,
9, 10.,..., 99, 100

Generated [298 tokens]:

Avg. Full Attention Usage: 0.17

Long-context Summarization

Prompt [1857 tokens]:
Please summarize the following text into a single sentence:
First time in decades, researchers trying to develop a vac-

cine for malaria have...

Generated [18 tokens]:

A new malaria vaccine is showing
promise in a study published Sci-
ence, researchers say.[EOS]

Avg. Full Attention Usage: 0.39

Figure 1: Visualization of average full attention usage across tasks (local attention window size, w = 128). The
color gradient indicates the ratio of activating full attention, where dark blue represents 1.0 (Full Attention) and
light blue represents 0.0 (Local Attention). This shows that reliance on global context varies by task and token.

information from across the entire document, such
as long-context summarization.

Experiments demonstrate that the vast majority
of full attention operations in pre-trained LLMs are
not needed. Using OLMo-2 (OLMo et al., 2024) as
our base model, we show that with a window size
of 256, over 93% of full attention operations can
be substituted with local sliding window attention
while maintaining full performance on standard
benchmarks. We further analyze the relationship
between window size and attention sparsity, re-
vealing that context dependency follows a long-tail
distribution. As the local window expands, the
necessity for global access decays rapidly, drop-
ping from 53% at a window size of 16 to under 7%
at a window size of 256. These findings validate
our hypothesis that full attention is largely unnec-
essary. By explicitly decoupling local processing
from global retrieval, AHA offers new insights for
efficient large language models. To facilitate fu-
ture research, we will release our model weights,
training scripts, and evaluation code.

2 Method

The core intuition behind AHA is to assign a bi-
nary gate to each attention head, dynamically rout-
ing tokens to either a full ("all’) or a local sliding
window ("here’) attention path. Although condi-
tional computation (Bengio et al., 2015; Bapna
et al., 2020) and its application to attention mech-
anisms (Ainslie et al., 2023; Zhang et al., 2022)
have been discussed in prior works, here we inves-
tigate the implications of enabling such dynamic

sparsity within pre-trained decoder-only language
models to characterize their intrinsic attention re-
quirements across varying contexts.

2.1 Architecture

Figure 2 illustrates the pipeline of a single All-
or-here Attention Block. The core structure is a
dynamic routing mechanism that adaptively toggles
between full and local attention.

Let the input hidden states be X € R"*¢,
where n is the sequence length and d is the
model dimension. Each Transformer block com-
prises m attention heads, denoted by the set H =
{heady, ..., head,,}. To achieve input-adaptive
routing, we employ a lightweight router Wroyter €
R¥*™ that generates importance scores dynami-
cally. The resulting score matrix S(X) € R™*™ is
conditioned on the input X and computed as:

S(X) = U(XWRouter)- 1)

where the o represents the sigmoid activation. This
formulation ensures that the attention scope for
each token is not statically assigned but rather de-
termined by the specific contextual information in
X. This represents a major departure from meth-
ods like DuoAttention and Prulong, which rely on
fixed, pre-defined functional roles for each head.
The element s; ; € (0,1) of the matrix S(X)
represents the importance score for the ¢-th token
within the j-th attention head. This score s; j gov-
erns the binary routing decision for each specific
token-head pair via a thresholding mechanism:

gij = U(sij > 1), 2)
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Figure 2: Overview of the All-or-Here Attention (AHA) architecture. A lightweight router computes importance
scores for each head, generating binary gates that dynamically toggle between full and local attention.

where [(-) is the indicator function and 7 is a
pre-defined threshold. The binary gate g; ; deter-
mines the attention granularity: g; ; = 1 triggers
full causal attention, whereas g; ; = 0 restricts
the computation to local sliding window attention.
To optimize the non-differentiable indicator func-
tion, we employ the Straight-Through Estimator
(STE) (Bengio et al., 2013). While the discrete
gate g; ; determines the attention path during the
forward pass, the backward pass approximates the
thresholding as an identity function. This bypasses
the zero-gradient bottleneck of discrete operations,
enabling gradient propagation through the hard gat-
ing mechanism.

With the binary gate g; ; determined, the model
conditionally executes the attention mechanism.
Let w denote the pre-defined size of the local slid-
ing window. When the gate is activated (g; ; = 1),
the attention output a; ; for the j-th head at token
step ¢ is computed using the entire prefix (Full At-
tention):

a;; = gij - Atn(aij, Kiij, Vi) (3)

Conversely, when g; ; = 0, the model restricts its
context to a local sliding window of the most recent
w tokens:

a;; = (1 —gi;) Attn(q; 5, Ki—wiijs Vicwij),
C))
where q; ; is the query vector for the current to-
ken. The notation K ; ; represents the key states
for the entire prefix, whereas K;_,,.; j denotes the
truncated key states restricted to the local window.
Following the conditional computation, we ag-
gregate the results to form the final block output.

For the current token ¢, the outputs from all m
heads are concatenated and projected via the out-
put weight matrix W € R%¥4;

0, = Concat(aiyl, R ,ai,m)Wo. %)

Beyond the specific modifications to the at-
tention mechanism, our architecture strictly ad-
heres to the standard decoder-only Transformer
design (Brown et al., 2020; Touvron et al., 2023).
Crucially, our method does not require pre-training
from scratch. A standard, fully pre-trained Trans-
former can be seamlessly adapted by replacing its
full attention modules with AHA, followed by con-
tinued Supervised Fine-Tuning (SFT). This capabil-
ity allows AHA to serve as an drop-in enhancement
for existing Large Language Models without incur-
ring the prohibitive costs of full-scale pre-training.

2.2 Loss Function

To balance language modeling performance with
attention sparsity, we optimize the model using a
joint objective function:

L= ELM + /\Eregy (6)

where L1 is the standard next-token cross-entropy
loss and A controls the sparsity trade-off. Specifi-
cally, Ly, applies an Ly penalty to the router scores
across all L layers, n tokens, and m heads:

L n m
L= 333 B @

k=1i=1 j=1

(k)

Minimizing L, drives the scores s; j toward zero,

thereby lowering the frequency of ’triggering full



Method MMLU HellaSwag CSQA GSMS8K MBPP News Retain %
Vanilla 0.4056 0.6487 0.5307  0.3874  0.1560 0.2074 100.0%
w = 16 0.3676 0.6400 0.4578 0.3980 0.1260 0.2014 92.7%
w = 32 0.3847 0.6410 0.4586 04102  0.1240 0.1814 92.2%
w = 64 0.3963 0.6431 0.4980 0.4121 0.1200  0.1983 94.9%
w=128  0.4087 0.6445 0.4996 04291  0.1580 0.2053 100.9%
w =256 04134 0.6520 0.5053 0.4632 0.1600  0.1975 102.5%

Table 1: Performance comparison of the proposed All-or-Here Attention across various window sizes. "Vanilla"
denotes the OLMo-2-0425-1B-SFT model using full attention.

Method MMLU HellaSwag CSQA GSMS8K MBPP News Avg %
Vanilla 100.0% 100.0% 100% 100% 100% 100%  100.0%
w=16 66.0% 71.8% 59.5% 41.5% 413% 36.0% 52.7%
w =32 52.1% 58.0% 43.7% 35.2% 320% 27.1%  41.4%
w = 64 34.4% 38.3% 24.9% 24.0% 24.6% 22.5%  28.1%
w = 128 11.2% 11.8% 7.4% 11.3% 13.6% 14.4% 11.6%
w = 256 5.9% 6.9% 4.4% 5.7% 74%  10.0% 6.7%

Table 2: Average Full Attention usage of the proposed All-or-here Attention across various window sizes.

attention via the gating mechanism g; ; = I(s; ; >
7). This incentivizes the model to default to ef-
ficient sliding window attention, invoking global
context only when necessary.

3 Experiments

3.1 Implementation Details

To evaluate the efficacy of our proposed method,
we implement the AHA architecture using OLMo-
2-0425-1B-SFT (OLMo et al., 2024) as the base
model. We initialize the model with all original
pre-trained parameters. In every attention block,
we introduce the linear projection matrix Wrouter
to generate the routing score s; ; for the i-th token
in the j-th head. The gating mechanism operates
with a fixed threshold of 7 = 0.5. regarding the
training objective, we set the regularization coef-
ficient to A = 3 x 10~%. We fine-tune the model
for one epoch on the Tulu-v3 dataset (Lambert
et al., 2024). Since the base model was originally
fine-tuned on this same dataset, this experimental
design effectively isolates the impact of AHA from
potential data distribution shifts. Optimization is
performed using AdamW with a learning rate of
3 x 107°, 31 = 0.9, and By = 0.95, alongside a
linear warmup ratio of 0.03 and a global batch size
of 128.

3.2 Benchmarks

We evaluate our method across a diverse set of
tasks, categorized into single-token and multi-
token generation. For single-token tasks, we in-

clude MMLU (Hendrycks et al., 2021) for massive
multitask understanding, HellaSwag (Zellers et al.,
2019) for grounded reasoning, and CSQA (Tal-
mor et al., 2019) for commonsense question an-
swering. For multi-token tasks, we evaluate on
GSMSK (Cobbe et al., 2021) for multi-step mathe-
matical reasoning, MBPP (Austin et al., 2021) for
Python code generation, and MultiNews (Fabbri
et al., 2019) for multi-document summarization.

All evaluations are conducted using the
Im-evaluation-harness toolkit (Gao et al.,
2024). We employ a 5-shot setting for MMLU,
HellaSwag, CSQA, and GSMS8K, and a zero-shot
setting for MBPP and MultiNews. Metrics include
accuracy (Acc) for MMLU and CSQA, normalized
accuracy (Acc_norm) for HellaSwag, exact-match
(EM) for GSM8K, Pass@1 for MBPP, and ROUGE
scores for MultiNews. To ensure the sliding win-
dow attention is strictly operative, we filter out
samples where the input context length is shorter
than the window size. The average input context
lengths for these tasks are 755, 532, 332, 939, 675,
and 2,196 tokens, respectively.

3.3 Main Results

We evaluate the proposed attention mechanism by
training a suite of models with varying local sliding
window sizes w € {16,32,64,128,256}, while
keeping all other implementation details and hyper-
parameters identical to the previous section. This
setup allows us to investigate how the capacity of
the local context influences the router’s reliance on



Hellaswag

Head Index

012345678 9101112131415

GSM8K

9 9
10 10
11 11
12 12
13 13
14 14
15 15

012345678 9101112131415
Layer Index

Head Index

012345678 9101112131415

MBPP

012345678 9101112131415
Layer Index

[
1
2
3
a
5
6
7
8

012345678 9101112131415
News

abesqn uoljually |Ind abesany

E iﬁi

012345678 9101112131415
Layer Index

Figure 3: Visualization of the average full attention usage py across different layers and heads. Lighter colors

indicate a higher frequency of triggering full attention.
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Figure 4: Sorted average full attention usage (1) for all attention heads. The data shows that a small minority of

heads account for the majority of full attention usage.

full attention. Crucially, we ensure that the window
size w used during inference strictly matches the
configuration used during training.

Table 1 summarizes the performance of the pro-
posed All-or-here Attention across various window
sizes. We observe a clear positive correlation be-
tween the window size and model performance. As
the window size w increases, the model’s accuracy
progressively recovers, eventually matching the
vanilla result of OLMo-2-SFT. Specifically, with
window sizes of w = 128 and w = 256, AHA
maintains 100.9% and 102.5% of the Vanilla per-
formance, respectively. Even under the extreme
constraint of w = 16, the model retains 92.7% of
the original performance.

Table 2 details the sparsity patterns across dif-
ferent benchmarks. We define the average full at-
tention usage /5 as the mean of the binary gating
values gl(f;-) (Equation 2) averaged across all L lay-

ers, m heads, and n generated tokens:

Say. ®

L n
=1 J:]_

1
Nf_L'n'm;i

This metric directly reflects the frequency with
which the model selects the full attention path. An-
alyzing the variations of 1y presented in Table 2,
the results underscore both the efficiency and the
adaptability of our approach. First, in terms of effi-
ciency, AHA demonstrates that the vast majority of
full attention is redundant given sufficient local con-
text. At w = 256, the model successfully bypasses
93.3% of the full attention operations. Our method
also exhibits robust adaptability to the available
window size. We observe a clear inverse correla-
tion between window size and full attention usage.
When the local window is severely restricted (e.g.,
w = 16), the router effectively identifies the in-
formation deficit and compensates by increasing



global access to 52.7%. This dynamic adjustment
allows the model to retain 92.7% of the original
quality even under extreme constraints, confirming
that the gating mechanism is actively responsive to
the token-level context needs rather than learning a
static bias.

Finally, we analyze the relationship between the
window size and the model’s reliance on full at-
tention based on the statistics in Table 2. We ob-
serve that the demand for full attention diminishes
rapidly as the local window expands. A distinct
turning point becomes evident between w = 128
and w = 256. As the window size reaches 128,
the average full attention usage drops to 11.6%,
and further declines to a mere 6.7% at w = 256.
This empirical evidence suggests that context de-
pendencies exhibit a long-tailed nature: the vast
majority of tokens depend primarily on the local
area, while only a sparse minority necessitate atten-
tion to access the global context. We hypothesize
that this mirrors the intrinsic structure of natural
language, where most syntactic and anaphoric de-
pendencies occur within short ranges, with only
a sparse long-range tail spanning hundreds of to-
kens (Liu et al., 2017; Fan and Jiang, 2023; Futrell
et al., 2015).

3.4 Sparsity Patterns

To investigate the internal mechanism of All-or-
Here Attention, we visualize the average full atten-
tion usage p ¢ across all layers and heads for various
tasks in Figure 3. The heatmaps illustrate the aver-
age full attention usage of different attention heads.
From these visualizations, we characterize two pri-
mary phenomena regarding the model’s attention
behavior.

First, the utilization of full attention is remark-
ably sparse and follows a distinct long-tail distri-
bution. As shown in the heatmaps, the majority of
the heads remain dark, indicating they rely almost
exclusively on local context. This is further quan-
tified in Figure 4, where heads are ranked by their
average full attention usage p . The resulting curve
exhibits a sharp decay: a few “heavy-hitter” heads
maintain high activation rates, while the usage for
the vast majority drops precipitously toward zero.

Second, our analysis shows that many attention
heads develop distinct functional specializations,
where certain heads predominantly invoke full at-
tention while others rely almost exclusively on lo-
cal sliding window attention. As shown in Table 3,
which measures the average token interval between

consecutive full attention triggers, specific compo-
nents (e.g., Layer 5, Head 2) maintain an interval
close to 1.0 across all benchmarks, attending glob-
ally for nearly every token, whereas others (e.g.,
Layer 3, Head 6) process thousands of tokens be-
tween global triggers.

Surprisingly, these observations broadly align
with the head classifications reported in DuoAtten-
tion (Xiao et al., 2025) and Prulong (Bhaskar et al.,
2025), where attention heads are characterized as
either “streaming’ or ’retrieval’ components. How-
ever, a closer inspection of Figure 3 reveals that the
activation intensities and patterns of these heads
still exhibit nuanced variations across tasks. Intu-
itively, since different tasks inherently impose dis-
tinct demands on global context, an adaptive setting
might be better suited to capturing shifting require-
ments than a static configuration. We will demon-
strate in the next section that this flexibility enables
AHA to outperform static assignment strategies
under identical global sparsity constraints.

3.5 Ablation Studies

Impact of Regularization Penalty. To investi-
gate the trade-off between efficiency and perfor-
mance, we trained models with varying L regular-
ization coefficients A € {1 x 107%,3 x 1074, 1 x
1073} while fixing the window size at w = 128.
Table 4 summarizes the results. We observe that
the penalty coefficient serves as a pivotal hyperpa-
rameter for balancing sparsity and model capabil-
ity. An overly aggressive penalty (A = 1 x 1073)
forces the model into extreme sparsity (only 4.5%
global attention), precipitating performance degra-
dation, particularly on reasoning-intensive tasks
like GSMS8K (dropping to 0.3730) and MBPP
(dropping to 0.1320). This indicates that com-
plex reasoning necessitates a minimum threshold
of global context. Conversely, relaxing the penalty
to A = 1x 10~ significantly increases global atten-
tion usage to 53.5% without yielding meaningful
performance gains. This suggests that even with
a larger computational budget for global attention,
the model extracts no additional signal, confirming
that full attention is largely redundant.

Dynamic vs. Static Head Assignment. To verify
the necessity of the dynamic routing mechanism,
we compare AHA against a static assignment base-
line. Drawing from the sparsity patterns identi-
fied in Figure 3, we rank all 256 attention heads
(L = 16,m = 16) of the trained AHA model



Head | MMLU Hellaswag CSQA  GSMSK MBPP NEWS
Layer 5, Head 2 1.11 1.15 1.12 1.09 1.07 1.04
Layer 12, Head 8 8.83 22.23 525.43 56.07 27.68 2.02
Layer 3, Head 6 | 427.54 1114.39 415494 10591.20 29228.29 268.54

Table 3: Average full attention gap for representative heads across different benchmarks. The gap is defined as the
mean number of tokens processed between consecutive triggers of the global attention path for a specific head.

Penalty (\) MMLU HellaSwag CSQA GSMS8K MBPP News AvgFull %
1x 1073 0.4045 0.6419 0.4878 0.3730 0.1320 0.1997 4.5%
3x 1074 0.4087 0.6445 0.4996  0.4291 0.1580  0.2053 11.6%
1x107* 0.4042 0.6456 0.4996  0.4397 0.1600  0.2047 53.5%

Table 4: Ablation study on the L1 regularization penalty ().

by their average full attention usage py. We then
evaluate static variants where the top-k heads are
fixed to full attention while the remaining heads are
restricted to a local sliding window of w = 128.

Table 5 presents the results for k£ €
{32,64,128,256}. We observe that static assign-
ment is significantly less efficient than AHA’s adap-
tive routing. For instance, the Top-32 static con-
figuration utilizes 12.5% full attention, yet its per-
formance is markedly inferior to the default AHA
(w = 128), which achieves better results across
nearly all benchmarks while using only 11.6%
full attention (as shown in Table 4). The dispar-
ity is particularly acute in reasoning-heavy tasks;
on GSMBSK, the Top-32 static model drops to a
near-zero score of 0.0682, whereas AHA maintains
0.4291. Even as we increase the static budget to
Top-128 (50% full attention), the performance on
GSMS8K and MBPP still lags behind our adaptive
model. These results demonstrate that the optimal
attention scope for a head is not merely a func-
tion of its identity but is highly dependent on the
real-time context. AHA’s ability to dynamically
evoke full attention on demand allows it to pre-
serve critical reasoning capabilities with a smaller
computational footprint.

4 Related Work
4.1 Efficient Attention

To address the quadratic computational complex-
ity of standard self-attention, efficient attention
mechanisms are generally categorized into linear,
sparse, and hierarchical approaches. Linear at-
tention reformulates the attention mechanism to
scale linearly with sequence length, often employ-
ing kernel feature maps or recurrent state updates,
as seen in the autoregressive framework of Lin-

earAttn (Katharopoulos et al., 2020) and the selec-
tive state-space models of Mamba (Gu and Dao,
2024). Sparse attention reduces memory footprint
by restricting token interactions to specific sub-
sets. This includes static block-sparse patterns
in Sparse Transformers (Child et al., 2019a) and
structured sliding windows in Longformer (Beltagy
et al., 2020a) and BigBird (Zaheer et al., 2020b).
More advanced works have explored adaptive spar-
sity, ranging from Differentiable Attention Win-
dow (Nguyen et al., 2020) to Adaptive Attention
Span (Sukhbaatar et al., 2019; Fu et al., 2025),
which dynamically determine the optimal context
span for each head. Finally, hierarchical atten-
tion organizes information processing across mul-
tiple levels of granularity, from the sentence-to-
document aggregation in HAN (Yang et al., 2016)
to the hardware-aligned, coarse-to-fine compres-
sion in Native Sparse Attention (Yuan et al., 2025).

In contrast to these increasingly sophisticated
designs, our method demonstrates that complex
span decision processes or hierarchical selection
could be simplified when handling many tasks. We
show that a minimalist binary routing decision—
selecting strictly between local and global scopes—
can eliminate over 90% of full attention operations
while maintaining model performance. Our method
does not focus on the memory complexity of at-
tention. A recent comprehensive analysis of KV
cache eviction and assignment methods in long-
context settings is provided in (LI et al., 2025).
Their finding shows that sub-O(n) methods strug-
gle with complex interactions.

4.2 Conditional Computation

The notion of selectively skipping computation in
deep neural networks can be traced back to condi-



Setting MMLU HellaSwag CSQA GSMS8K MBPP News Full %
Top-32 0.3962 0.6399 0.4976  0.0682  0.1180 0.1973  12.5%
Top-64 0.3938 0.6349 0.5078  0.1562  0.1340 0.1958  25.0%
Top-128 0.3962 0.6399 0.5291  0.4064  0.1540 0.2031 50.0%
Top-256 (full)  0.3975 0.6419 0.5127 0.4238 0.1640  0.2047 100.0%

Table 5: Ablation study on static head assignment. Heads are ranked by their average full attention usage. "Top-k"

indicates the number of heads assigned to full attention.

tional computation, which aims to reduce compu-
tational cost by activating only a subset of model
components conditioned on the input (Bengio et al.,
2013). This idea has been extensively explored
through mechanisms such as adaptive computation
time (Graves, 2017), mixture-of-experts (Shazeer
et al., 2017), and mixture-of-depth (Raposo et al.,
2024). In Transformer-based architectures, prior
work has shown that many attention heads are
redundant or contribute unevenly across inputs,
motivating approaches such as head pruning and
head importance estimation (Michel et al., 2019;
Voita et al., 2019). Complementary to these ef-
forts, sparse and block-wise attention mechanisms
restrict global attention to a subset of tokens or
regions to improve efficiency (Child et al., 2019b;
Beltagy et al., 2020b; Zaheer et al., 2020a). More
recent methods focus on how to make attention
more efficient, e.g., FlashAttention (Dao et al.,
2022a) and hierarchical attention (Yang et al., 2016;
Yuan et al., 2025). Orthogonal to these studies, we
demonstrate that in most cases global attention is
not required at all, providing strong motivation for
learning when and where to attend globally.

5 Conclusion

In this paper, we introduced All-or-Here Attention,
a simple yet effective paradigm that dynamically
toggles between efficient local sliding window at-
tention and full global attention at the token level.
Our empirical results on OLMo-2 confirm that the
vast majority of global attention operations are re-
dundant. We demonstrate that with a window size
of 256 tokens, AHA can eliminate over 93% of full
attention without compromising performance on
standard benchmarks. Furthermore, our analysis
reveals that context dependency follows a long-tail
distribution: as the local receptive field expands,
the need for global access decays rapidly. These
findings indicate that the key to efficiency lies not
only in speeding up full attention, but also in accu-
rately identifying the sparse moments when global
context is truly required. We hope this work in-

spires further exploration of simple, dynamic strate-
gies for efficient language modeling and their GPU-
friendly adaptation.

6 Limitations

While our experiments empirically demonstrate
that the vast majority of global attention opera-
tions are redundant, our analysis focuses on the
resulting attention sparsity rather than system-level
metrics such as wall-clock speedup. Realizing the
practical acceleration from this sparsity presents
non-trivial engineering challenges. Current hard-
ware accelerators and standard attention kernels
(e.g., FlashAttention (Dao et al., 2022b)) are heav-
ily optimized for static, dense matrix operations. In
contrast, AHA introduces dynamic, heterogeneous
execution paths where different heads process vary-
ing context lengths within the same batch. Conse-
quently, we position AHA as a proof-of-concept
for computational redundancy, leaving the devel-
opment of hardware-aware kernels to leverage this
sparsity for future work. Furthermore, our current
approach employs a strictly binary routing mecha-
nism. It is worth extending this design to support
a multi-choice decision space, enabling the model
to dynamically select among global attention and
multiple local windows of varying sizes, potentially
integrated with paradigms like Mixture of Atten-
tion Spans (Fu et al., 2025).

Due to limitations in both lab computational re-
sources and available training data, we conducted
experiments only on OLMo-2, which uses full at-
tention. It would be interesting to extend our evalu-
ation to other attention mechanisms. Since index-
based attention (Yang et al., 2016), top-k atten-
tion (Xiao et al., 2025), and sparse attention (Child
et al., 2019a) are all approximations of full atten-
tion, if full attention itself does not need to be ac-
tivated frequently, it is reasonable to expect that
these approximations would likewise remain inac-
tive even if included. However, this hypothesis
requires further experimental verification.
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