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Abstract001

DeepSeek Sparse Attention (DSA) introduces002
a lightning indexer together with a fine-grained003
sparse multi-head latent attention (Sparse004
MLA) mechanism. The indexer efficiently005
computes relevance scores for each query to-006
ken and retrieves only the key–value pairs007
corresponding to the top-k scores. Com-008
pared to prior chunk-based sparse attention and009
sliding-window attention methods, DSA pro-010
vides greater flexibility and modeling capacity.011
Despite its effectiveness, DSA has several limi-012
tations. Because the lightning indexer is trained013
by distilling from the main branch as a teacher,014
DSA only supports continued pre-training and015
cannot be trained from scratch. Moreover, train-016
ing DSA is computationally expensive. It re-017
quires an explicit dense warm-up stage to align018
the indexer with dense MLA. During sparse019
training, the main model is optimized with a020
cross-entropy loss to adapt from dense to sparse021
MLA, while a KL-divergence loss is simultane-022
ously applied to continually align the indexer023
with sparse MLA. To address these limitations,024
we propose NSMLA, which employs a native025
indexer during pre-training. The native indexer026
introduces no additional parameters, yet en-027
ables efficient top-k token selection and more028
effective optimization of sparse MLA. In a sub-029
sequent annealing stage, the native indexer is030
transformed into a memory-efficient lightning031
indexer, allowing the model to adapt in ad-032
vance to faster inference-time execution. The033
native indexer is functionally equivalent to the034
teacher module in DSA, and therefore more035
faithfully captures the main model’s token pref-036
erences. As a result, NSMLA eliminates the037
need for an expensive dense warm-up stage,038
requires no KL-divergence loss, and avoids039
gradient updates to the indexer. The lightning040
indexer shares a similar architecture with the041
student module in DSA. Although the conver-042
sion introduces a small temporary performance043
drop, this loss is recovered during the anneal-044
ing stage. Experiments on DeepSeek-V2-Lite045

and Youtu-LLM under training-free, continued 046
pre-training, and training-from-scratch settings 047
demonstrate that NSMLA achieves strong per- 048
formance across all scenarios. 049

1 Introduction 050

With rapid progress in complex reasoning, multi- 051

modal reasoning, and agentic LLMs, long-context 052

modeling has become increasingly critical. How- 053

ever, at sequence lengths of 128K tokens and be- 054

yond, efficient architectures such as linear atten- 055

tion (Gu and Dao, 2024; Katharopoulos et al., 2020) 056

and RNN-based variants (Wu et al., 2025; Bae et al., 057

2025) still fall short of standard attention in ex- 058

pressiveness. Meanwhile, common sparsification 059

schemes like sliding-window attention (Xiaomi, 060

2025; Agarwal et al., 2025; AI at Meta, 2025) or 061

block-sparse attention (Lu et al., 2025; Yuan et al., 062

2025) can be inference-efficient, but their limited 063

flexibility in sparsity patterns often leads to more 064

noticeable quality degradation compared to full at- 065

tention. 066

Recently, DeepSeek introduced a fine-grained, 067

token-wise sparse attention mechanism, DeepSeek 068

Sparse Attention (DSA) (Liu et al., 2025). DSA 069

employs a lightning indexer to select the top-2048 070

most important tokens for each query and retrieves 071

only these important key–value pairs of the se- 072

lected tokens into KVCache, substantially reduc- 073

ing memory traffic and computation. For instance, 074

on DeepSeek-V3.2 at a context length of 128K, 075

DSA achieves approximately 3.7× and 7.2× cost 076

reductions in prefilling and decoding, respectively, 077

compared to DeepSeek-V3.1 using dense MLA. 078

Relative to sliding-window and block-sparse at- 079

tention, Sparse MLA offers finer granularity and 080

better quality, while its engineering optimizations 081

also deliver appealing inference speed. 082

Despite these advantages, DSA still has several 083

limitations: 084
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Figure 1: Overall framework of NSMLA, which employs a native indexer during the pre-training stage for sparse
MLA training from scratch or during the sparse training stage for continued pre-training, and converts it into a
DSA-like lightning indexer during annealing and inference to achieve higher inference efficiency.

Method Pretraining Dense Warm-up Sparse Training Annealing
DSA Not supported Required (KL loss) Heavy (CE + KL loss) Heavy (CE + KL loss)
NSMLA Supported Not required Efficient (CE loss only) Efficient (Low Rank + CE loss only)

Table 1: Training-stage comparison between DSA and NSMLA.

• DSA requires a well-trained dense MLA as085

a teacher, and is therefore limited to post-086

pretraining adaptation rather than pretraining087

Sparse MLA from scratch.088

• Early in training, the indexer’s predicted top-089

k tokens differ substantially from those pre-090

ferred by the main branch, making it difficult091

for Sparse MLA to produce meaningful atten-092

tion scores. As a result, DSA first freezes the093

entire model except the indexer, performs a094

dense warm-up with a relatively large learn-095

ing rate (e.g., 1e−3), and distills the O(n2)096

dense MLA signals into the indexer using a097

KL-divergence loss.098

• In the sparse-training stage, DSA typically099

optimizes two objectives simultaneously:100

– a cross-entropy loss to drive the main101

branch to adapt to the dense-to-sparse102

paradigm shift and recover next-token103

prediction capability;104

– a KL-divergence loss that forces the in-105

dexer to continuously track the evolving106

Sparse MLA, reflecting its preference107

over token importance.108

Because Sparse MLA and the indexer are inter-109

dependent and both evolve throughout the sparse110

training stage, the indexer must continually “chase”111

a drifting teacher. This instability causes frequent112

changes in the sparsity pattern, making the opti- 113

mization target fluctuate and thereby reducing train- 114

ing efficiency and stability. 115

In addition, at the systems level, because opera- 116

tors such as FlashAttention and online softmax do 117

not directly expose attention scores, DSA training 118

requires an extra pass to compute core attention 119

scores for supervision and alignment, further am- 120

plifying the overhead. In the training pipeline of 121

DeepSeek-V3.2, dense warm-up and sparse pre- 122

training together consume roughly 1T tokens of 123

training, and each step incurs additional computa- 124

tion to obtain and align attention scores between 125

the indexer and the main model. 126

To enable native pretraining of Sparse MLA 127

from scratch and to improve the training efficiency 128

and effectiveness of DSA, we propose NSMLA. 129

The key idea is to decouple “Sparse MLA training” 130

from “indexer alignment,” splitting the tightly cou- 131

pled objectives in DSA into two more stable and 132

easier-to-optimize stages. 133

• Pre-training or Sparse Training Stage. We 134

directly compute multi-head attention scores 135

from q and k, and obtain per-head impor- 136

tance weights by applying L2 pooling over 137

v within each head. We then take a weighted 138

average of the head-wise attention scores to 139

produce an “ideal” token-importance ranking. 140

This stage introduces no additional indexer pa- 141

rameters and does not require KL-divergence- 142

based distillation. Consequently, NSMLA 143
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can be trained like a standard model—either144

from scratch during pretraining or by allowing145

Sparse MLA to focus solely on adapting from146

dense attention to sparse attention—without147

being hindered by inaccurate indexer predic-148

tions.149

• Annealing Training Stage. After Sparse150

MLA has been well trained, we convert the151

native indexer into a DSA-like lightning in-152

dexer. Specifically, we first absorb the multi-153

head-style native indexer into a multi-query-154

style indexer and apply low-rank compression.155

Unlike DSA, we do not force the indexer to156

align with Sparse MLA; instead, we freeze the157

indexer and continue training Sparse MLA,158

using the annealing stage to implicitly align159

Sparse MLA with the indexer.160

It is important to note that selecting top-k tokens161

using multi-head attention qkv is ideal for train-162

ing but unsuitable for inference: doing so would163

require loading the full KV cache to evaluate to-164

ken importance, which is counterproductive. In165

NSMLA, the model is converted during the an-166

nealing stage into an inference-friendly lightning167

indexer (closer to MQA and with a smaller cache168

footprint), such that computing token importance169

is significantly cheaper than Sparse MLA. This de-170

sign allows NSMLA to reuse DeepSeek’s Sparse171

MLA inference framework and realize practical172

speedups.173

In summary, NSMLA offers the following ad-174

vantages:175

• It supports pretraining Sparse MLA-based176

models from scratch;177

• It removes the need for dense warm-up and178

costly step-wise KL-based alignment distilla-179

tion, enabling standard end-to-end training;180

• Through two-stage decoupling, it substantially181

improves training stability and efficiency with-182

out requiring extra alignment-only steps;183

• After training, it can reuse DSA’s inference184

framework with minimal inference-side engi-185

neering;186

• Our training code is built on tilelang1, and our187

inference code is based on vLLM2. All code188

1https://github.com/tile-ai/tilelang
2https://github.com/vllm-project/vllm

will be open-sourced to facilitate reproduction 189

and further research by the community. 190

2 Related Works 191

With attention as their core mechanism, transform- 192

ers have achieved remarkable success in language 193

modeling. However, the computational complex- 194

ity of standard attention is O(N2) with respect to 195

sequence length, which poses a significant scal- 196

ability bottleneck. To address this issue, several 197

categories of efficient attention mechanisms have 198

been proposed (Zhang et al.), all of which aim to re- 199

duce KV cache memory consumption and improve 200

computational efficiency. 201

Sparse Attention Method. The core objective 202

of sparse attention is to reduce the computational 203

cost and GPU memory consumption of attention 204

computation. Most existing methods are based 205

on token pruning, which reduces the number of 206

tokens participating in matrix multiplications to 207

lower computational overhead and KV cache usage, 208

and can be further categorized into token-level and 209

block-level pruning. Token-level pruning operates 210

on individual tokens and includes approaches such 211

as StreamingLLM (Xiao et al., 2023), H2O (Zhang 212

et al., 2023), and InfLLM (Xiao et al., 2024). In 213

contrast, block-level pruning removes tokens in 214

contiguous blocks; while generally less accurate, 215

this strategy is more efficient and easier to imple- 216

ment in practice. Representative methods in this 217

category include Long-Heads (Lu et al., 2024), Ra- 218

zorAttention (Tang et al., 2024), Ada-KV (Feng 219

et al., 2024), DuoAttention (Xiao et al.), MoBA (Lu 220

et al., 2025), and NSA (Yuan et al., 2025). 221

Compact Attention Method. Rather than 222

caching full-size keys and values, compact atten- 223

tion methods typically compress the hidden states 224

using techniques such as low-rank approximation. 225

This compression reduces KV cache memory 226

consumption while simultaneously lowering the 227

computational cost of attention. Such methods 228

generally achieve these benefits by reducing either 229

the number of attention heads or the head dimen- 230

sion of the hidden states. Representative examples 231

include MLA (Liu et al., 2024), MHA2MLA (Ji 232

et al., 2025), TransMLA (Meng et al., 2025), and 233

CLOVER (Meng et al., 2024). 234
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3 Preliminary235

3.1 DeepSeek Sparse Attention236

DeepSeek Sparse Attention (DSA) is a sparse atten-237

tion method applied in DeepSeek-V3.2 (Liu et al.,238

2025) and was originally introduced through con-239

tinued training. The core algorithm of DSA con-240

sists of a lightning indexer and a fine-grained token241

selection mechanism.242

In DSA, the lightning indexer computes an index243

score It,s between a query token ht ∈ Rd and all244

preceding tokens hs ∈ Rd to determine which245

tokens should be selected by the query token:246

It,s =
HI∑
j=1

wI
t,j · ReLU

(
qI
t,j · kI

s

)
, (1)247

where HI denotes the number of indexer heads;248

qI
t,j ∈ RdI and wI

t,j ∈ R are derived from the249

query token ht, and kI
s ∈ RdI is derived from250

the preceding token hs. The lightning indexer is251

implemented in FP8.252

Given the index scores {It,s} for each query253

token ht, the fine-grained token selection mech-254

anism retrieves only the key–value entries {cs}255

corresponding to the top-k index scores. The at-256

tention output ut is then computed by applying the257

attention mechanism between the query token ht258

and the sparsely selected key–value entries {cs}:259

ut = Attn(ht, {cs | It,s ∈ Top-k(It,:)}) . (2)260

3.2 Continued Pre-Training261

DeepSeek-V3.2 is continued pre-trained based on262

DeepSeek-V3.1-Terminus. The continued pre-263

training process consists of two stages: a dense264

warm-up stage and a sparse training stage. Since265

the indexer is introduced to assist Sparse MLA in266

token selection, it brings in newly added parame-267

ters that are randomly initialized at the beginning.268

Directly training with these randomly initialized pa-269

rameters would disrupt the distribution learned by270

the original MLA. Therefore, an additional dense271

warm-up stage is required. During the dense warm-272

up stage, all model parameters are frozen except273

for the lightning indexer, and training is performed274

using dense attention. The training objective is275

defined as the following KL-divergence loss:276

LI =
∑
t

DKL(pt,: ∥Softmax(It,:)) . (3)277

Once the indexer can sufficiently capture the 278

model’s preference of queries over key–value to- 279

kens, sparse MLA training can be enabled, where 280

all model parameters are activated and training is 281

conducted using top-k DSA attention. The training 282

objective remains the KL-divergence loss defined 283

above. 284

LI =
∑
t

DKL(pt,St ∥Softmax(It,St)) . (4) 285

In DSA, the majority of training—approximately 286

1T tokens—is carried out during this stage. How- 287

ever, in this phase, the model must simultane- 288

ously adapt the main branch from dense MLA to 289

sparse MLA and continuously align the indexer 290

with sparse MLA for accurate top-k token selec- 291

tion. These two processes are tightly coupled, and 292

jointly optimizing them under the same loss often 293

leads to training instability. In contrast, NSMLA 294

first employs a native indexer and focuses solely on 295

training sparse MLA. The alignment between the 296

indexer and sparse MLA is deferred to the anneal- 297

ing stage. This decoupled training strategy results 298

in improved training stability and significantly re- 299

duced training cost. 300

4 Native Sparse MLA 301

4.1 Native Indexer & Lightning Indexer 302

To achieve token-wise fine-grained attention 303

sparsification, following DSA, we introduce a 304

lightweight indexer module that precomputes atten- 305

tion scores It,: between each query token qIt,j and 306

all key tokens kI:,j . Based on these scores, the in- 307

dexer selects the top-k key–value tokens, which are 308

then passed to the main branch for sparse attention 309

computation. Since the indexer is only responsible 310

for ranking tokens, the softmax operation—which 311

does not affect the relative ordering of attention 312

scores—is unnecessary. Moreover, online softmax 313

requires more complex GEMM operations. There- 314

fore, we replace softmax with a ReLU activation 315

in the indexer to reduce computational overhead. 316

During inference, MLA is absorbed into an MQA 317

formulation, where all attention heads share a sin- 318

gle KV cache. Consequently, all heads must adopt 319

the same sparsity pattern. To this end, the atten- 320

tion scores produced by different heads in the in- 321

dexer are aggregated via a weighted average, with 322

weights denoted by wI
t,j . The overall formulation 323

is given by: 324
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It,s =

H∑
j=1

wI
t,j · ReLU

(
qI
t,j · kI

s,j

)
, (5)325

The representations qIt,j , k
I
s,j , and wI

t,j take differ-326

ent forms at different stages. During pretraining or327

sparse training, we directly use the MHA formula-328

tion of MLA, which is shown in Equation 6, as the329

native indexer, introducing no additional parame-330

ters. This design enables training from scratch with-331

out distillation training indexer parameters, thereby332

reducing per-step training overhead. More impor-333

tantly, it ensures tight alignment between the in-334

dexer and sparse attention, improving the accuracy335

of token selection during training.336


qI
t,j =

[
qC
t,j ; q

R
t,j

]
= qt,j ∈ Rd,

kI
s,j =

[
WUK

j cKV
s ; kR

s

]
∈ Rd,

wI
t,j = ∥WUV

j cKV
s ∥ ∈ R,

(6)337

Because pretraining is compute-intensive,338

queries and keys are expanded into a multi-head339

representation with head dimension d = 192340

(128 dimensions for the NoPE component and341

64 dimensions for the RoPE component). As342

the original model does not include an explicit343

mechanism to measure head importance, we344

apply L2 pooling across heads on the value345

representations, which naturally serves as a proxy346

for per-head token importance.347

In practice, we design a specialized kernel for the348

multi-head indexer that supports variable-length se-349

quences. Each query in the batch is partitioned into350

query blocks, and each thread block processes one351

query block against all keys within the correspond-352

ing sequence. Within a thread block, key blocks are353

traversed sequentially in a pipelined manner. For354

each key block, the index score between the query355

block and the key block is computed serially across356

heads according to Equation 5. After the index357

score of each head is computed, it is accumulated358

into a running total to form the final index score for359

the query–key block pair.360

After Sparse MLA training is completed, the361

multi-head indexer becomes impractical for infer-362

ence due to its high memory access cost and thus363

fails to provide inference speedups. To address this,364

we absorb the indexer into a multi-query formula-365

tion:366

{
qI
t,j =

[
WUK

j
⊤
qC
t,j ; q

R
t,j

]
∈ RdC ,

kI
s =

[
cKV
s ; kR

s

]
∈ RdC ,

(7) 367

Specifically, the key up-projection matrices 368

WUK
i

⊤ are folded into the corresponding query 369

heads. This transformation is mathematically 370

equivalent and preserves the functionality of the 371

indexer. However, the resulting head dimension in- 372

creases to dC = 576, which still incurs significant 373

computational and memory overhead. To further 374

reduce cost, we apply low-rank compression: 375


qI
t,j =

[
R⊤

1 W
UK
j

⊤
qC
t,j ; q

R
t,j

]
∈ RdI ,

kI
s =

[
R1c

KV
s ; kR

s

]
∈ RdI ,

wI
t,j = ∥R2W

UV
j cKV

s ∥ ∈ R,
(8) 376

Concretely, we feed a small calibration dataset 377

through the model and perform PCA on the 378

key–value outputs, obtaining projection matrices 379

R1 ∈ R512×64 and R2 ∈ R512×1, which are used 380

to reduce the head dimension of the indexer to 381

dI = 128. 382

Since orthogonal transformations preserve the 383

L2 norm, even aggressive compression of the value 384

representations retains a one-dimensional feature 385

that effectively captures the relative importance 386

of different heads. Furthermore, because only the 387

relative magnitude of attention scores matters, the 388

weight projection can bypass RMSNorm and di- 389

rectly compute wI
t from ht using a linear layer, 390

similar to DSA. Although this transformation is in- 391

herently lossy, the induced error is minimal because 392

precise attention values are not required—only rel- 393

ative token importance. As demonstrated in our 394

experiments, the resulting degradation is small. To 395

further mitigate this loss, we introduce an annealing 396

stage, during which a small amount of additional 397

training is performed to recover performance. 398

4.2 Sparse Multi-Head Latent Attention 399

The design of Sparse MLA follows that of DSA. 400

Given the index scores {It,s} for each query token 401

qt, Sparse MLA retrieves only the key–value en- 402

tries corresponding to the top-k index scores. The 403

attention output for head j is then computed as 404

ut,j =
∑
s∈St

softmax

(
q⊤
t,jks√
d

)
vs. (9) 405
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Attention Top-k ARC-E ARC-C HS OBQA PIQA WG
MLA – 0.8342 0.5640 0.6327 0.396 0.8128 0.7522

512 0.8342 0.5623 0.6321 0.398 0.8107 0.7459
NSMLA 256 0.8342 0.5648 0.6283 0.398 0.8128 0.7466

128 0.8350 0.5708 0.6233 0.396 0.8096 0.7490
Attention Top-k Code Few-shot MDQA SDQA Summary
MLA – 0.3951 0.5429 0.2915 0.3883 0.2305

2048 0.3770 0.4972 0.2579 0.3582 0.2226
NSMLA 1024 0.3803 0.4638 0.2523 0.3414 0.2198

512 0.3656 0.4339 0.2207 0.3125 0.2175

Table 2: Comparison between dense MLA and our native sparse MLA, where NSMLA is directly converted from
MLA without any additional training. The upper part shows commonsense reasoning results (5-shot, 4K context),
and the lower part shows LongBench results (zero-shot, 128K context). Top-k indicates the maximum number of
tokens selected per query.

where St = top-k(It,:), the selected entries are406

defined as qs = [cs,k
rope
s ] and ks = cs407

In the following, we explain why the proposed408

NSMLA adopts the Multi-Query Attention (MQA)409

formulation rather than the standard Multi-Head410

Attention (MHA) as the main branch.411

The key motivation arises from the execution412

model of modern Tensor Cores, whose underly-413

ing computation is based on fixed-shape matrix414

multiply–accumulate (MMA) micro-tiles, such as415

m16n16k16, m16n8k16, and m8n8k4. These MMA416

instructions require the operands to be organized417

as418

A ∈ Rm×k, B ∈ Rk×n,419

so that the computation can be decomposed and420

mapped onto hardware-supported tile shapes for421

efficient execution.422

Under the fine-gained sparse attention setting,423

the query tensor q ∈ RS×H×D exhibits token-424

dependent sparsity patterns, as each token typically425

selects a different set of top-k key/value entries.426

For efficient scheduling and memory access, the427

implementation commonly partitions the computa-428

tion by token, assigning each token to a separate429

computation block. Consequently, each block con-430

tains all heads of a single token,431

qt ∈ RH×D.432

For each token, the corresponding top-k433

key/value block Kb ∈ RB×D is loaded, and at-434

tention scores for multiple heads are computed si-435

multaneously. To form matrix multiplications com-436

patible with MMA execution, a single key–value437

group must therefore be shared across H query438

heads.439

If MHA is used, where each query head is paired 440

with a distinct key/value head, the computation 441

within each block degenerates into 442

qt,j ∈ R1×D, Kb,j ∈ RB×D, 443

which corresponds to a matrix–vector multiplica- 444

tion (GEMV). Due to the low arithmetic intensity 445

of GEMV and its incompatibility with fixed-shape 446

MMA tiles, this execution path cannot efficiently 447

utilize Tensor Core acceleration. 448

Therefore, similar to DSA, Sparse MLA is im- 449

plemented in the MQA form. By allowing multiple 450

query heads to attend to a shared key–value group, 451

the computation can be restructured into higher- 452

rank GEMM operations that better match MMA 453

tile requirements, thereby enabling efficient Tensor 454

Core execution. 455

5 Experiment 456

In this section, we conduct three groups of exper- 457

iments to validate the effectiveness of NSMLA. 458

First, we directly convert the MLA in DeepSeek- 459

V2-Lite-Chat (Liu et al., 2024) into NSMLA and 460

evaluate its performance without any additional 461

training. Second, we evaluate the performance of 462

NSMLA under continued pre-training: we convert 463

Youtu-LLM-2B(Lab, 2025) into NSMLA and train 464

the converted model on data with a maximum con- 465

text length of 128K, then observe its performance. 466

Finally, we train NSMLA from scratch to verify its 467

performance under native pre-training. 468

5.1 Training-Free Conversion 469

The indexer of NSMLA reuses the parameters of 470

the main branch during the pre-training or sparse 471
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Attention Tokens Code Few-shot MDQA SDQA Summary
MLA 5T 0.1824 0.4674 0.1891 0.2417 0.1822

NSMLA
0B 0.1187 0.1468 0.0697 0.1768 0.1247
80B 0.2033 0.4035 0.1410 0.2075 0.1437

Table 3: Comparison between dense MLA and our native sparse MLA, where NSMLA is first converted from dense
MLA to sparse MLA and then continually pre-trained. The model is trained on long-context data to extend its
long-context capability, and its performance is evaluated using LongBench results (zero-shot, 128K context). Tokens
denotes the amount of training data used to obtain the long-context model; Tokens = 0B indicates the performance
of the converted model without any additional training.

training stages, and applies PCA to the main branch472

during the annealing and inference stages to obtain473

the lightning indexer. Compared with DSA, which474

randomly initializes the indexer, our indexer has475

a much higher similarity to the main branch. To476

examine the loss incurred when directly converting477

Dense MLA to Sparse MLA, we conduct experi-478

ments using DeepSeek-V2-Lite-Chat. Following479

the conversion method described in Section 4, we480

first absorb MLA into an MQA form and then ap-481

ply low-rank compression. Without any further482

training, we directly evaluate the converted model.483

In Table 2, we report results on commonsense484

reasoning benchmarks in the 5-shot setting with a485

maximum context length of 4K, including ARC-486

E (ARC-Easy), ARC-C (ARC-Challenge) (Clark487

et al., 2018), HS (HellaSwag) (Zellers et al.,488

2019), OBQA (OpenBookQA) (Mihaylov et al.,489

2018), PIQA (Bisk et al., 2020), and WG (Wino-490

Grande) (Sakaguchi et al., 2021). We also evalu-491

ate on LongBench tasks (Bai et al., 2024) in the492

zero-shot setting with a maximum context length493

of 128K, including Code (Code Completion),494

Few-shot (Few-shot Learning), MDQA (Multi-495

Document Question Answering), SDQA (Single-496

Document Question Answering), and Summary497

(Summarization). The system performance is eval-498

uated under different context lengths.499

From the table, we observe that after converting500

MLA to NSMLA, when the KV cache compression501

ratio reaches 96.875% (128/4096), NSMLA can502

still maintain strong performance on commonsense503

tasks, and even outperforms the dense model on504

ARC-Easy and ARC-Challenge, while matching505

the dense model on OpenBookQA. On the more506

challenging LongBench tasks, when the compres-507

sion ratio reaches 98.4375% (2048/131072), the508

model is still able to produce meaningful outputs.509

It is worth emphasizing that this conversion loss510

consists of two components: one from converting511

Dense MLA to Sparse MLA, and the other from512

converting the native indexer to the lightning in- 513

dexer. Subsequent experiments on continued pre- 514

training and training from scratch demonstrate that 515

the loss introduced by converting the native indexer 516

to the lightning indexer is much smaller than that 517

incurred by converting Dense MLA to Sparse MLA. 518

Due to resource constraints, we were unable to di- 519

rectly convert DeepSeek-V3.2 to NSMLA. Since 520

DeepSeek-V3.2 has already completed training 521

from Dense MLA to Sparse MLA, we expect that 522

converting it to NSMLA would yield very promis- 523

ing results, which we leave as future work. 524

5.2 Continued Pre-Training 525

Similar to DSA, NSMLA can also be further 526

trained on top of a dense MLA model to obtain 527

a sparse MLA model. Due to resource constraints, 528

in this section we choose Youtu-LLM-2B-Base, a 529

dense MLA model with only 2B parameters, for 530

continued pre-training. Considering the training 531

cost, we directly convert the native indexer into the 532

lightning indexer and transform dense MLA into 533

sparse MLA, followed by annealing training. 534

As shown in Table 3, because this model has 535

a relatively small number of parameters, the per- 536

formance degradation after conversion is relatively 537

large. We then continue training the converted 538

model using the 128K-length extended data that 539

is homogeneous to Youtu-LLM-2B-Base. Unlike 540

DSA, which requires a warm-up phase and indexer 541

updates, NSMLA does not incur these overheads 542

and can be trained as a sparse MLA model in the 543

same manner as a standard model. The perfor- 544

mance after training is also reported in Table 3. 545

From Table 3, we can see that with only a 546

small amount of training (compared to DSA, which 547

uses approximately 1T tokens in total for dense-to- 548

sparse training), NSMLA is able to rapidly recover 549

performance. Notably, its code completion capabil- 550

ity even surpasses that of the dense MLA model by 551

2.1%. We believe that with increased training data, 552
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Figure 2: Comparison of the loss and gradient norm when fitting data during training from scratch with NSMLA
and dense MLA.

NSMLA can achieve even better performance.553

5.3 Train from Scratch554

One of the major advantages of NSMLA is its na-555

tive support for training from scratch. In this sub-556

section, we adopt the architecture of the Youtu-557

LLM-2B-Base model, initialize all parameters558

from scratch, and pre-train the model using both559

dense MLA and our NSMLA. Due to resource con-560

straints, we conduct pre-training only on data with561

a context length of 8K, and set the top-k of NSMLA562

to 128. The training loss and gradient norm during563

training are shown in Figure 2.564

As illustrated in the figure, NSMLA exhibits565

a convergence speed that is even better than that566

of dense MLA. This experiment demonstrates the567

strong potential of NSMLA. In future work, we568

plan to scale up the training data and conduct more569

extensive training to further investigate the training-570

from-scratch capabilities of NSMLA.571

6 Conclusion572

To address the limitations of DSA, which does not573

support training from scratch and incurs high train-574

ing costs, this paper proposes a native sparse MLA575

(NSMLA) that enables efficient pre-training, sparse576

training, annealing, and inference. The core inno-577

vations lie in the newly introduced native indexer578

and the conversion method from the native indexer579

to the lightning indexer. We implement the train-580

ing components using TileLang kernels and reuse581

the vLLM implementation from DSA for inference.582

The effectiveness of our approach is validated un-583

der three settings: training-free conversion, con-584

tinued pre-training, and training from scratch. We585

believe that this native fine-grained sparse attention 586

training paradigm can significantly improve both 587

model training and inference efficiency. 588

Limitations 589

Due to limitations in computational resources and 590

time, this work does not validate the proposed 591

method on larger-scale models or with substantially 592

more training data. We plan to supplement these 593

experiments in future work to better understand the 594

upper performance limits of NSMLA. Since the 595

MLA implementations used in DeepSeek-V2-Lite 596

and Youtu-LLM-2B have only 16 attention heads, 597

the room for further compression of the indexer 598

is limited; therefore, we did not conduct speed 599

benchmarks. Experiments on larger models would 600

allow us to address this issue and demonstrate prac- 601

tical speed improvements. In addition, this paper 602

does not compare NSMLA with a broader range of 603

sparse attention methods; incorporating such com- 604

parisons would further strengthen the credibility of 605

the work. 606
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