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Abstract001

When reading books, humans focus primarily002
on the current page, revisiting earlier pages003
only when necessary. Similarly, we show that004
LLMs can learn to decide when global con-005
text is needed. We propose All-or-Here At-006
tention (AHA), which uses a binary router for007
each attention head to switch between full atten-008
tion (All) and local sliding-window attention009
(Here) on a per-token basis. By decoupling lo-010
cal processing from global access, AHA shows011
that full attention is largely redundant, and that012
efficient inference requires only on-demand013
access to global context. Experiments show014
that AHA can replace up to 88% of full atten-015
tion operations with sliding-window attention016
on standard benchmarks without losing perfor-017
mance. Furthermore, AHA is complementary018
to various existing sparse attention frameworks.019
For instance, when integrated with DuoAtten-020
tion, it further reduces global attention over-021
head while maintaining comparable accuracy022
on long-context tasks, unlocking additional ef-023
ficiency beyond static allocation. Our model024
will be made publicly available.025

1 Introduction026

The self-attention mechanism (Bahdanau et al.,027

2014) serves as the cornerstone of the Transformer028

architecture (Devlin et al., 2019; Brown et al., 2020;029

Vaswani et al., 2017), driving the success of mod-030

ern Large Language Models (Ouyang et al., 2022;031

Touvron et al., 2023; Yang et al., 2025a). How-032

ever, its quadratic complexity with respect to se-033

quence length poses significant computational chal-034

lenges. To address this, numerous studies have035

proposed efficiency techniques, including linear at-036

tention (Katharopoulos et al., 2020; Gu and Dao,037

2024; Yang et al., 2024), sparse attention (Child038

et al., 2019a; Beltagy et al., 2020a; Zaheer et al.,039

2020), and hierarchical attention (Yang et al., 2016;040

Yuan et al., 2025). While these methods often fo-041

cus on approximating full attention or compressing042

state representations, we suggest that the intrinsic 043

redundancy of the attention mechanism enables a 044

far simpler solution. 045

In this paper, we propose a straightforward 046

paradigm: enabling the Transformer to learn when 047

not to attend globally. Our design is motivated by 048

the observation that tokens exhibit heterogeneous 049

context requirements. Intuitively, maintaining syn- 050

tactic continuity and local coherence should pri- 051

marily require immediate context, whereas global 052

retrieval is necessary only for a sparse subset of to- 053

kens resolving long-range dependencies (Liu et al., 054

2017; Fan and Jiang, 2023; Futrell et al., 2015; 055

Beltagy et al., 2020a). Figure 1 shows a concrete 056

example. Based on this perspective, we introduce 057

All-or-Here Attention (AHA). By employing a 058

conditional hard gating mechanism, AHA dynami- 059

cally toggles between full attention (All) and local 060

sliding window attention (Here) for each attention 061

head. 062

Specifically, we integrate lightweight routers 063

within each Transformer layer to generate scalar 064

importance scores. Based on these scores and a 065

pre-defined threshold, each attention head dynam- 066

ically switches between full and sliding-window 067

attention on a per-token basis. Rather than diverg- 068

ing from existing sparse attention paradigms, AHA 069

introduces an orthogonal dimension to the design 070

space. For instance, static head-partitioning meth- 071

ods like DuoAttention (Xiao et al., 2025) and Pru- 072

long (Bhaskar et al., 2025) explore which head 073

should attend globally, while dynamic sparse meth- 074

ods like NSA (Yuan et al., 2025) and Quest (Tang 075

et al., 2024) design sophisticated mechanisms to 076

determine how to attend globally by selectively in- 077

dexing historical keys. In contrast, AHA answers a 078

more primitive question: when (not) to attend glob- 079

ally. We show that a binary "All-or-Here" selection 080

is sufficient to unlock massive sparsity, suggest- 081

ing that capturing the "when" is perhaps the most 082

fundamental factor in efficient attention modeling. 083
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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]:

101, 102, 103, 104, 105, 106, 107, 108,
109, 110, 111, 112, 113,..., 187, 188, 189,
190, 191, 192, 193, 194, 195, 196, 197,
198, 199, 200

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 in 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.

Moreover, AHA is inherently composable with084

many existing methods. For instance, when inte-085

grated with DuoAttention (Xiao et al., 2025), AHA086

can be applied within its static retrieval heads to087

enable dynamic, token-level routing. Similarly, for088

selective attention methods like NSA (Yuan et al.,089

2025) and Quest (Tang et al., 2024), their fine-090

grained indexing mechanisms are executed only091

when AHA decides to trigger global attention; oth-092

erwise, tokens strictly utilize the simple sliding-093

window branch. By relying on a hard decision at094

the routing stage rather than a soft feature fusion095

of multi-granularity contexts, this operational sep-096

aration allows AHA to serve as a clean, front-end097

filter that enhances diverse attention architectures098

without interfering with their internal mechanisms.099

Experiments demonstrate that the vast majority100

of full attention operations in pre-trained LLMs101

can be safely localized. Specifically, by applying102

AHA to OLMo-2-1B (OLMo et al., 2024) with103

a local window size of 128, we show that over104

88% of full attention computations can be substi-105

tuted by sliding window attention while preserving106

full performance on standard benchmarks. Further-107

more, to demonstrate its composability with exist-108

ing frameworks, we integrate AHA with DuoAt-109

tention (Xiao et al., 2025) by applying dynamic110

routing exclusively to its static retrieval heads, us-111

ing Llama-3-8B-Instruct (Grattafiori et al., 2024) as112

the backbone. On the context-intensive LongBench113

suite (Bai et al., 2024), this combined architecture114

successfully eliminates over 65% of full attention115

operations with minimal performance degradation,116

yielding up to a 2.29x decoding speedup over the 117

full attention baseline in long-context scenarios. 118

While AHA can naturally be integrated with other 119

sparse attention frameworks, we leave these explo- 120

rations to future work. Ultimately, these findings 121

suggest that beyond optimizing the global attention 122

mechanism itself, a significant opportunity for at- 123

tention optimization lies simply in accurately iden- 124

tifying when global context is actually required. 125

2 Method 126

The core intuition behind AHA is to assign a bi- 127

nary gate to each attention head, dynamically rout- 128

ing tokens to either a full (’all’) or a local sliding 129

window (’here’) attention path. Although condi- 130

tional computation (Bengio et al., 2015; Bapna 131

et al., 2020) and its application to attention mech- 132

anisms (Ainslie et al., 2023; Zhang et al., 2022) 133

have been discussed in prior works, here we inves- 134

tigate the implications of enabling such dynamic 135

sparsity within pre-trained decoder-only language 136

models to characterize their intrinsic attention re- 137

quirements. 138

2.1 Architecture 139

Figure 2 illustrates the pipeline of a single All- 140

or-here Attention Block. The core structure is a 141

dynamic routing mechanism that adaptively toggles 142

between full and local attention. 143

Let the input hidden states be X ∈ Rn×d, 144

where n is the sequence length and d is the 145

model dimension. Each Transformer block com- 146

prises m attention heads, denoted by the set H = 147
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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.

{head1, . . . , headm}. To achieve input-adaptive148

routing, we employ a lightweight router WRouter ∈149

Rd×m that generates importance scores dynami-150

cally. The resulting score matrix S(X) ∈ Rn×m is151

conditioned on the input X and computed as:152

S(X) = σ(XWRouter). (1)153

where the σ represents the sigmoid activation. This154

formulation ensures that the attention scope for155

each token is not statically assigned but rather de-156

termined by the specific contextual information in157

X . This represents a major departure from meth-158

ods like DuoAttention and Prulong, which rely on159

fixed, pre-defined functional roles for each head.160

The element si,j ∈ (0, 1) of the matrix S(X)161

represents the importance score for the i-th token162

within the j-th attention head. This score si,j gov-163

erns the binary routing decision for each specific164

token-head pair via a thresholding mechanism:165

gi,j = I(si,j > τ), (2)166

where I(·) is the indicator function and τ is a167

pre-defined threshold. The binary gate gi,j deter-168

mines the attention granularity: gi,j = 1 triggers169

full causal attention, whereas gi,j = 0 restricts170

the computation to local sliding window attention.171

To optimize the non-differentiable indicator func-172

tion, we employ the Straight-Through Estimator173

(STE) (Bengio et al., 2013). While the discrete174

gate gi,j determines the attention path during the175

forward pass, the backward pass approximates the176

thresholding as an identity function. This bypasses177

the zero-gradient bottleneck of discrete operations, 178

enabling gradient propagation through the hard gat- 179

ing mechanism. 180

With the binary gate gi,j determined, the model 181

conditionally executes the attention mechanism. 182

Let w denote the pre-defined size of the local slid- 183

ing window. When the gate is activated (gi,j = 1), 184

the attention output ai,j for the j-th head at token 185

step i is computed using the entire prefix (Full At- 186

tention): 187

ai,j = gi,j · Attn(qi,j ,K:i,j ,V:i,j). (3) 188

Conversely, when gi,j = 0, the model restricts its 189

context to a local sliding window of the most recent 190

w tokens: 191

ai,j = (1− gi,j) · Attn(qi,j ,Ki−w:i,j ,Vi−w:i,j),
(4) 192

where qi,j is the query vector for the current to- 193

ken. The notation K:i,j represents the key states 194

for the entire prefix, whereas Ki−w:i,j denotes the 195

truncated key states restricted to the local window. 196

Following the conditional computation, we ag- 197

gregate the results to form the final block output. 198

For the current token i, the outputs from all m 199

heads are concatenated and projected via the out- 200

put weight matrix WO ∈ Rd×d: 201

Oi = Concat(ai,1, . . . ,ai,m)WO. (5) 202

Beyond the specific modifications to the at- 203

tention mechanism, our architecture strictly ad- 204

heres to the standard decoder-only Transformer 205

design (Brown et al., 2020; Touvron et al., 2023). 206
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2.2 Loss Function207

To balance language modeling performance with208

attention sparsity, we optimize the model using a209

joint objective function:210

L = LLM + λLreg, (6)211

where LLM is the standard next-token cross-entropy212

loss and λ controls the sparsity trade-off. Specifi-213

cally, Lreg applies an L1 penalty to the router scores214

across all L layers, n tokens, and m heads:215

Lreg =
1

L · n ·m

L∑
k=1

n∑
i=1

m∑
j=1

s
(k)
i,j . (7)216

Minimizing Lreg drives the scores s(k)i,j toward zero,217

thereby lowering the frequency of triggering full218

attention via the gating mechanism gi,j = I(si,j >219

τ). This incentivizes the model to default to ef-220

ficient sliding window attention, invoking global221

context only when necessary.222

3 Experiments223

3.1 Implementation Details224

To evaluate the efficacy of our proposed method,225

we implement the AHA architecture using OLMo-226

2-0425-1B-SFT (OLMo et al., 2024) as the base227

model, whose training data is entirely open-source.228

We initialize the model with all original pre-trained229

parameters. The gating mechanism operates with a230

fixed threshold of τ = 0.5. Regarding the training231

objective, we set the regularization coefficient to232

λ = 3 × 10−4. We fine-tune the model for one233

epoch on the Tulu-v3 dataset (Lambert et al., 2024),234

which is the same dataset used to train the base235

model. Optimization is performed using AdamW236

with a learning rate of 3 × 10−5, β1 = 0.9, and237

β2 = 0.95, alongside a linear warmup ratio of 0.03238

and a global batch size of 128.239

For comparison, we also implement AHA on top240

of DuoAttention (Xiao et al., 2025), using Llama-241

3-8B-Instruct (Grattafiori et al., 2024) as the base242

model. Specifically, we select DuoAttention’s con-243

figuration with a 50% static retrieval head split as244

our baseline, and apply AHA’s dynamic routing245

exclusively to these designated retrieval heads. For246

a fair comparison, we align our architectural con-247

straints with DuoAttention by freezing all original248

model weights and training only the lightweight249

gating routers. We configure the local sliding win-250

dow to utilize 128 attention sinks and 256 recent251

tokens, which is the same as DuoAttention. Since 252

this parameter-efficient setup focuses solely on op- 253

timization of the routers, we apply a different regu- 254

larization penalty of λ = 5× 10−2 and a learning 255

rate of 3×10−4. The model is trained on the Book- 256

Sum dataset (Kryściński et al., 2022), while all 257

other optimization hyperparameters remain consis- 258

tent with the OLMo-2 experiment. 259

3.2 Benchmarks 260

We evaluate our method across six benchmarks 261

using the lm-evaluation-harness toolkit (Gao 262

et al., 2023): MMLU (Hendrycks et al., 2021), 263

HellaSwag (Zellers et al., 2019), CSQA (Tal- 264

mor et al., 2019), GSM8K (Cobbe et al., 2021), 265

MBPP (Austin et al., 2021), and MultiNews (Fab- 266

bri et al., 2019). We employ a 5-shot setting for 267

MMLU, HellaSwag, CSQA, and GSM8K, and a 268

zero-shot setting for MBPP and MultiNews. Eval- 269

uation metrics include accuracy (Acc) for MMLU 270

and CSQA, normalized accuracy (Acc_norm) 271

for HellaSwag, exact-match (EM) for GSM8K, 272

Pass@1 for MBPP, and ROUGE scores for Multi- 273

News. To ensure the sliding window attention is 274

strictly operative, we filter out samples where the 275

input context length is shorter than the window 276

size. The average input context lengths for these 277

tasks are 755, 532, 332, 939, 675, and 2,196 tokens, 278

respectively. 279

Furthermore, to evaluate model performance un- 280

der demanding, long-context scenarios, we employ 281

the LongBench suite (Bai et al., 2024), which en- 282

compasses various task types including Multi-Doc 283

QA, Single-Doc QA, Summarization, Few-shot 284

Learning, Synthetic Tasks, and Code Completion. 285

The average input context length for LongBench 286

is 8,071 tokens, far exceeding the 256-token slid- 287

ing window size configured for our long-context 288

evaluations. 289

3.3 Main Results 290

We evaluate the proposed attention mechanism by 291

training and testing a suite of models with varying 292

local sliding window sizes w ∈ {16, 32, 64, 128}. 293

This setup allows us to investigate how the capac- 294

ity of the local context influences the router’s re- 295

liance on full attention. Table 1 summarizes the 296

performance of the proposed All-or-here Atten- 297

tion across various window sizes. We observe a 298

clear positive correlation between the window size 299

and model performance. As the window size w 300

increases, the model’s accuracy progressively re- 301
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Method MMLU HellaSwag CSQA GSM8K 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 0.4102 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 0.4291 0.1580 0.2053 100.9%

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 GSM8K MBPP News Avg %

Vanilla 100.0% 100.0% 100% 100% 100% 100% 100.0%

w = 16 66.0% 71.8% 59.5% 41.5% 41.3% 36.0% 52.7%
w = 32 52.1% 58.0% 43.7% 35.2% 32.0% 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%

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

covers, eventually matching the vanilla result of302

OLMo-2-SFT. Specifically, with window sizes of303

w = 128, AHA maintains 100.9% of the Vanilla304

performance. Even under the extreme constraint of305

w = 16, the model retains 92.7% of the original306

performance.307

Table 2 details the sparsity patterns across dif-308

ferent benchmarks. We define the average full at-309

tention usage µf as the mean of the binary gating310

values g(k)i,j (Equation 2) averaged across all L lay-311

ers, m heads, and n generated tokens:312

µf =
1

L · n ·m

L∑
k=1

n∑
i=1

m∑
j=1

g
(k)
i,j . (8)313

This metric directly reflects the frequency with314

which the model selects the full attention path. At315

w = 128, the model successfully bypasses 88.4%316

of the full attention operations. Our method also317

exhibits robust adaptability to the available window318

size. Moreover, we observe that the demand for full319

attention diminishes rapidly as the local window320

expands. This empirical evidence suggests that the321

vast majority of tokens depend primarily on the322

local area, while only a sparse minority necessitate323

attention to access the global context.324

As shown in Figure 3, we rank all 256 attention325

heads (L = 16,m = 16) of the trained w = 128326

AHA model by their average full attention usage327

µf . In this plot, the x-axis represents the individual328

attention heads sorted in descending order of their329

usage frequency, while the y-axis denotes the cor-330

responding average full attention usage score (µf ).331

The figure clearly illustrates a pronounced long-tail332

distribution that remains highly consistent across 333

all evaluated tasks. A small fraction of heads ex- 334

hibits high utilization of full attention, whereas the 335

vast majority constitutes a long tail with nearly zero 336

µf , indicating that they operate almost exclusively 337

within the local sliding window. This structural 338

long-tail distribution provides a possible explana- 339

tion for the efficacy of static head-allocation meth- 340

ods like DuoAttention (Xiao et al., 2025); such 341

approaches succeed by permanently assigning lo- 342

cal attention to the long-tail heads and full attention 343

to the high-usage heads. By dynamically regulating 344

global retrieval on a per-token basis, AHA reduces 345

redundant full-attention computations even within 346

the most globally dependent heads. 347

3.4 Long-context performance comparison 348

To evaluate the scalability and effectiveness of 349

our method in demanding long-context scenar- 350

ios, we conduct comprehensive experiments using 351

the Llama-3-8B-Instruct model (Grattafiori et al., 352

2024) as the backbone. Specifically, DuoAtten- 353

tion relies on a static pre-classification of attention 354

heads into streaming heads and retrieval heads. For 355

our AHA setup, we freeze the backbone and ap- 356

ply token-level dynamic gates exclusively on top 357

of DuoAttention’s static retrieval heads. By apply- 358

ing varying regularization penalties during train- 359

ing, we plot the Pareto frontier of average Long- 360

Bench scores against full-attention sparsity (Fig- 361

ure 4). The results demonstrate that at an equivalent 362

accuracy level, AHA successfully extends the spar- 363

sity frontier of DuoAttention, yielding a superior 364

Pareto curve. 365
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Figure 3: Sorted average full attention usage for all attention heads. The data shows that a small minority of heads
account for the majority of full attention usage.
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Figure 4: Pareto frontier of Average LongBench score
versus full-attention sparsity (%). AHA extends the
sparsity frontier of the DuoAttention baseline.
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Figure 5: Decode latency (ms/token) comparison across
varying context lengths. Measurements are conducted
on a single H100 GPU utilizing the Lserve engine.

To evaluate the impact of these sparsity reduc-366

tions on actual inference speed, we measure the367

decode latency across varying context lengths. For368

this evaluation, we specifically select the configura-369

tions of DuoAttention and Duo+AHA from Fig-370

ure 4 that achieve a comparable average Long-371

Bench score of approximately 37.5. Measurements372

are conducted using a batch size of 1 on a single373

NVIDIA H100 GPU, with both configurations de-374

ployed on the Lserve inference engine (Yang et al.,375

2025b). As shown in Figure 5, at longer context376

lengths such as 400K and 500K tokens, our ap-377

proach further accelerates the already-sparsified378

DuoAttention by approximately 10%, pushing the379

overall speedup from 2.06x to 2.29x at 500K tokens380

compared to the full attention baseline. However,381

the additional latency reduction achieved by AHA382

remains relatively modest. We hypothesize that this383

stems from our parameter-efficient training setting.384

Specifically, the minimal number of trainable pa-385

rameters and the SFT-only training likely constraint386

the model from developing a deeper understanding387

of the context required for optimal routing deci-388

sions. Therefore, it is worth exploring whether 389

incorporating such dynamic gating mechanisms di- 390

rectly during the pre-training phase could better 391

capture these contextual dependencies, potentially 392

translating into further latency reductions. 393

3.5 Ablation Studies 394

Impact of Regularization Penalty. To investi- 395

gate the trade-off between efficiency and perfor- 396

mance, we trained models with varying L1 regular- 397

ization coefficients λ ∈ {1× 10−4, 3× 10−4, 1× 398

10−3} while fixing the window size at w = 128. 399

Table 3 summarizes the results. We observe that 400

the penalty coefficient serves as a pivotal hyperpa- 401

rameter for balancing sparsity and model capabil- 402

ity. An overly aggressive penalty (λ = 1× 10−3) 403

forces the model into extreme sparsity (only 4.5% 404

global attention), precipitating performance degra- 405

dation, particularly on reasoning-intensive tasks 406

like GSM8K (dropping to 0.3730) and MBPP 407

(dropping to 0.1320). This indicates that com- 408

plex reasoning necessitates a minimum threshold 409

of global context. Conversely, relaxing the penalty 410
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Penalty (λ) MMLU HellaSwag CSQA GSM8K MBPP News Avg Full %

1× 10−3 0.4045 0.6419 0.4878 0.3730 0.1320 0.1997 4.5%
3× 10−4 0.4087 0.6445 0.4996 0.4291 0.1580 0.2053 11.6%
1× 10−4 0.4042 0.6456 0.4996 0.4397 0.1600 0.2047 53.5%

Table 3: Ablation study on the L1 regularization penalty (λ).

Setting MMLU HellaSwag CSQA GSM8K MBPP News Avg 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 4: 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.

to λ = 1×10−4 significantly increases global atten-411

tion usage to 53.5% without yielding meaningful412

performance gains. This suggests that even with413

a larger computational budget for global attention,414

the model extracts no additional signal, confirming415

that full attention is largely redundant.416

Dynamic vs. Static Head Assignment. To verify417

the necessity of the dynamic routing mechanism,418

we compare AHA against a static assignment base-419

line. As shown in Figure 3, we rank all 256 atten-420

tion heads (L = 16,m = 16) of the trained AHA421

model by their average full attention usage µf . We422

then evaluate static variants where the top-k heads423

are fixed to full attention while the remaining heads424

are restricted to a local sliding window of w = 128.425

Table 4 presents the results for k ∈426

{32, 64, 128, 256}. We observe that static assign-427

ment is significantly less efficient than AHA’s adap-428

tive routing. For instance, the Top-32 static con-429

figuration utilizes 12.5% full attention, yet its per-430

formance is markedly inferior to the default AHA431

(w = 128), which achieves better results across432

nearly all benchmarks while using only 11.6%433

full attention (as shown in Table 3). The dispar-434

ity is particularly acute in reasoning-heavy tasks;435

on GSM8K, the Top-32 static model drops to a436

near-zero score of 0.0682, whereas AHA maintains437

0.4291. Even as we increase the static budget to438

Top-128 (50% full attention), the performance on439

GSM8K and MBPP still lags behind our adaptive440

model. These results demonstrate that the optimal441

attention scope for a head is not merely a func-442

tion of its identity but is highly dependent on the443

real-time context. AHA’s ability to dynamically444

evoke full attention on demand allows it to pre-445

serve critical reasoning capabilities with a smaller446

computational footprint. 447

4 Related Work 448

4.1 Efficient Attention 449

To address the quadratic computational complex- 450

ity of standard self-attention, efficient attention 451

mechanisms are generally categorized into linear, 452

sparse, and hierarchical approaches. Linear at- 453

tention reformulates the attention mechanism to 454

scale linearly with sequence length, often employ- 455

ing kernel feature maps or recurrent state updates, 456

as seen in the autoregressive framework of Lin- 457

earAttn (Katharopoulos et al., 2020) and the selec- 458

tive state-space models of Mamba (Gu and Dao, 459

2024). Sparse attention reduces memory footprint 460

by restricting token interactions to specific sub- 461

sets. This includes static block-sparse patterns 462

in Sparse Transformers (Child et al., 2019a) and 463

structured sliding windows in Longformer (Belt- 464

agy et al., 2020a) and BigBird (Zaheer et al., 2020). 465

More advanced works have explored adaptive spar- 466

sity, ranging from Differentiable Attention Win- 467

dow (Nguyen et al., 2020) to Adaptive Attention 468

Span (Sukhbaatar et al., 2019; Fu et al., 2025), 469

which dynamically determine the optimal context 470

span for each head. Finally, hierarchical atten- 471

tion organizes information processing across mul- 472

tiple levels of granularity, from the sentence-to- 473

document aggregation in HAN (Yang et al., 2016) 474

to the hardware-aligned, coarse-to-fine compres- 475

sion in Native Sparse Attention (Yuan et al., 2025). 476

In contrast to these increasingly sophisticated 477

designs, our method demonstrates that complex 478

span decision processes or hierarchical selection 479

could be simplified when handling many tasks. We 480

show that a minimalist binary routing decision— 481
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selecting strictly between local and global scopes—482

can eliminate over 90% of full attention operations483

while maintaining model performance. Our method484

does not focus on the memory complexity of at-485

tention. A recent comprehensive analysis of KV486

cache eviction and assignment methods in long-487

context settings is provided in (LI et al., 2025).488

Their finding shows that sub-O(n) methods strug-489

gle with complex interactions.490

4.2 Conditional Computation491

The notion of selectively skipping computation in492

deep neural networks can be traced back to condi-493

tional computation, which aims to reduce compu-494

tational cost by activating only a subset of model495

components conditioned on the input (Bengio et al.,496

2013). This idea has been extensively explored497

through mechanisms such as adaptive computation498

time (Graves, 2017), mixture-of-experts (Shazeer499

et al., 2017), and mixture-of-depth (Raposo et al.,500

2024). In Transformer-based architectures, prior501

work has shown that many attention heads are502

redundant or contribute unevenly across inputs,503

motivating approaches such as head pruning and504

head importance estimation (Michel et al., 2019;505

Voita et al., 2019). Complementary to these ef-506

forts, sparse and block-wise attention mechanisms507

restrict global attention to a subset of tokens or508

regions to improve efficiency (Child et al., 2019b;509

Beltagy et al., 2020b; Zaheer et al., 2020). More re-510

cent methods focus on how to make attention more511

efficient, e.g., FlashAttention (Dao et al., 2022) and512

hierarchical attention (Yang et al., 2016; Yuan et al.,513

2025). Orthogonal to these studies, we demonstrate514

that in most cases global attention is not required at515

all, providing strong motivation for learning when516

and where to attend globally.517

5 Conclusion518

In this paper, we introduced All-or-Here Attention,519

a simple yet effective paradigm that dynamically520

toggles between efficient local sliding window at-521

tention and full global attention at the token level.522

Our empirical results on OLMo-2 confirm that the523

vast majority of global attention operations are re-524

dundant. We demonstrate that with a window size525

of 128 tokens, AHA can eliminate over 88% of full526

attention without compromising performance on527

standard benchmarks. Furthermore, our analysis528

reveals that context dependency follows a long-tail529

distribution: as the local receptive field expands,530

the need for global access decays rapidly. These 531

findings indicate that the key to efficiency lies not 532

only in speeding up full attention, but also in accu- 533

rately identifying the sparse moments when global 534

context is truly required. We hope this work in- 535

spires further exploration of simple, dynamic strate- 536

gies for efficient language modeling and their GPU- 537

friendly adaptation. 538

6 Limitations 539

While our experiments demonstrate the efficacy of 540

AHA in dynamically bypassing redundant attention 541

operations, we identify two primary limitations in 542

our current study. 543

First, the incremental sparsity gains achieved 544

by our method on long-context tasks are rela- 545

tively modest. Due to computational resource con- 546

straints, our long-context evaluation relies on a 547

strict parameter-efficient fine-tuning setup where 548

only the newly initialized gating parameters are up- 549

dated. Furthermore, this tuning phase utilizes a lim- 550

ited corpus of long-context data (fewer than 1B to- 551

kens). This restricted optimization likely constrains 552

the model’s capacity to fully internalize complex, 553

context-dependent routing patterns. Training the 554

model from scratch or integrating the mechanism 555

during the pre-training phase could potentially un- 556

lock a higher sparsity ceiling. 557

Second, although AHA successfully accelerates 558

inference computation, it does not reduce memory 559

consumption. Because the routing decisions are 560

made dynamically on a per-token basis, an atten- 561

tion head that opts for local context at the current 562

decoding step may still require global access for 563

future tokens. Consequently, the model must pre- 564

serve the full KV cache in memory during infer- 565

ence. However, this limitation can be largely miti- 566

gated by exploiting AHA’s inherent composability. 567

For instance, when integrated with DuoAttention, 568

the combined architecture inherits almost the same 569

KV cache footprint of the static baseline while pro- 570

viding supplementary latency speedups. 571
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