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Abstract

DeepSeek Sparse Attention (DSA) introduces
a lightning indexer together with a fine-grained
sparse multi-head latent attention (Sparse
MLA) mechanism. The indexer efficiently
computes relevance scores for each query to-
ken and retrieves only the key—value pairs
corresponding to the top-k scores. Com-
pared to prior chunk-based sparse attention and
sliding-window attention methods, DSA pro-
vides greater flexibility and modeling capacity.
Despite its effectiveness, DSA has several limi-
tations. Because the lightning indexer is trained
by distilling from the main branch as a teacher,
DSA only supports continued pre-training and
cannot be trained from scratch. Moreover, train-
ing DSA is computationally expensive. It re-
quires an explicit dense warm-up stage to align
the indexer with dense MLA. During sparse
training, the main model is optimized with a
cross-entropy loss to adapt from dense to sparse
MLA, while a KL-divergence loss is simultane-
ously applied to continually align the indexer
with sparse MLA. To address these limitations,
we propose NSMLA, which employs a native
indexer during pre-training. The native indexer
introduces no additional parameters, yet en-
ables efficient top-k token selection and more
effective optimization of sparse MLA. In a sub-
sequent annealing stage, the native indexer is
transformed into a memory-efficient lightning
indexer, allowing the model to adapt in ad-
vance to faster inference-time execution. The
native indexer is functionally equivalent to the
teacher module in DSA, and therefore more
faithfully captures the main model’s token pref-
erences. As a result, NSMLA eliminates the
need for an expensive dense warm-up stage,
requires no KL-divergence loss, and avoids
gradient updates to the indexer. The lightning
indexer shares a similar architecture with the
student module in DSA. Although the conver-
sion introduces a small temporary performance
drop, this loss is recovered during the anneal-
ing stage. Experiments on DeepSeek-V2-Lite

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

1 Introduction

With rapid progress in complex reasoning, multi-
modal reasoning, and agentic LLMs, long-context
modeling has become increasingly critical. How-
ever, at sequence lengths of 128K tokens and be-
yond, efficient architectures such as linear atten-
tion (Gu and Dao, 2024; Katharopoulos et al., 2020)
and RNN-based variants (Wu et al., 2025; Bae et al.,
2025) still fall short of standard attention in ex-
pressiveness. Meanwhile, common sparsification
schemes like sliding-window attention (Xiaomi,
2025; Agarwal et al., 2025; Al at Meta, 2025) or
block-sparse attention (Lu et al., 2025; Yuan et al.,
2025) can be inference-efficient, but their limited
flexibility in sparsity patterns often leads to more
noticeable quality degradation compared to full at-
tention.

Recently, DeepSeek introduced a fine-grained,
token-wise sparse attention mechanism, DeepSeek
Sparse Attention (DSA) (Liu et al., 2025). DSA
employs a lightning indexer to select the top-2048
most important tokens for each query and retrieves
only these important key—value pairs of the se-
lected tokens into KVCache, substantially reduc-
ing memory traffic and computation. For instance,
on DeepSeek-V3.2 at a context length of 128K,
DSA achieves approximately 3.7x and 7.2 cost
reductions in prefilling and decoding, respectively,
compared to DeepSeek-V3.1 using dense MLA.
Relative to sliding-window and block-sparse at-
tention, Sparse MLA offers finer granularity and
better quality, while its engineering optimizations
also deliver appealing inference speed.

Despite these advantages, DSA still has several
limitations:
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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 as
a teacher, and is therefore limited to post-
pretraining adaptation rather than pretraining
Sparse MLA from scratch.

* Early in training, the indexer’s predicted top-
k tokens differ substantially from those pre-
ferred by the main branch, making it difficult
for Sparse MLA to produce meaningful atten-
tion scores. As a result, DSA first freezes the
entire model except the indexer, performs a
dense warm-up with a relatively large learn-
ing rate (e.g., le—3), and distills the O(n?)
dense MLA signals into the indexer using a
KL-divergence loss.

* In the sparse-training stage, DSA typically
optimizes two objectives simultaneously:

— a cross-entropy loss to drive the main
branch to adapt to the dense-to-sparse
paradigm shift and recover next-token
prediction capability;

— a KL-divergence loss that forces the in-
dexer to continuously track the evolving
Sparse MLA, reflecting its preference
over token importance.

Because Sparse MLA and the indexer are inter-
dependent and both evolve throughout the sparse
training stage, the indexer must continually “chase’
a drifting teacher. This instability causes frequent

>

changes in the sparsity pattern, making the opti-
mization target fluctuate and thereby reducing train-
ing efficiency and stability.

In addition, at the systems level, because opera-
tors such as FlashAttention and online softmax do
not directly expose attention scores, DSA training
requires an extra pass to compute core attention
scores for supervision and alignment, further am-
plifying the overhead. In the training pipeline of
DeepSeek-V3.2, dense warm-up and sparse pre-
training together consume roughly 1T tokens of
training, and each step incurs additional computa-
tion to obtain and align attention scores between
the indexer and the main model.

To enable native pretraining of Sparse MLA
from scratch and to improve the training efficiency
and effectiveness of DSA, we propose NSMLA.
The key idea is to decouple “Sparse MLA training”
from “indexer alignment,” splitting the tightly cou-
pled objectives in DSA into two more stable and
easier-to-optimize stages.

* Pre-training or Sparse Training Stage. We
directly compute multi-head attention scores
from ¢ and k, and obtain per-head impor-
tance weights by applying Lo pooling over
v within each head. We then take a weighted
average of the head-wise attention scores to
produce an “ideal” token-importance ranking.
This stage introduces no additional indexer pa-
rameters and does not require KL-divergence-
based distillation. Consequently, NSMLA



can be trained like a standard model—either
from scratch during pretraining or by allowing
Sparse MLA to focus solely on adapting from
dense attention to sparse attention—without
being hindered by inaccurate indexer predic-
tions.

* Annealing Training Stage. After Sparse
MLA has been well trained, we convert the
native indexer into a DSA-like lightning in-
dexer. Specifically, we first absorb the multi-
head-style native indexer into a multi-query-
style indexer and apply low-rank compression.
Unlike DSA, we do not force the indexer to
align with Sparse MLA; instead, we freeze the
indexer and continue training Sparse MLA,
using the annealing stage to implicitly align
Sparse MLA with the indexer.

It is important to note that selecting top-k tokens
using multi-head attention gkv is ideal for train-
ing but unsuitable for inference: doing so would
require loading the full KV cache to evaluate to-
ken importance, which is counterproductive. In
NSMLA, the model is converted during the an-
nealing stage into an inference-friendly lightning
indexer (closer to MQA and with a smaller cache
footprint), such that computing token importance
is significantly cheaper than Sparse MLA. This de-
sign allows NSMLA to reuse DeepSeek’s Sparse
MLA inference framework and realize practical
speedups.

In summary, NSMLA offers the following ad-
vantages:

e It supports pretraining Sparse MLA-based
models from scratch;

* It removes the need for dense warm-up and
costly step-wise KL-based alignment distilla-
tion, enabling standard end-to-end training;

» Through two-stage decoupling, it substantially
improves training stability and efficiency with-
out requiring extra alignment-only steps;

 After training, it can reuse DSA’s inference
framework with minimal inference-side engi-
neering;

* Our training code is built on tilelang', and our
inference code is based on VLLM?. All code

'https://github.com/tile-ai/tilelang
*https://github.com/vllm-project/vllm

will be open-sourced to facilitate reproduction
and further research by the community.

2 Related Works

With attention as their core mechanism, transform-
ers have achieved remarkable success in language
modeling. However, the computational complex-
ity of standard attention is O(N?) with respect to
sequence length, which poses a significant scal-
ability bottleneck. To address this issue, several
categories of efficient attention mechanisms have
been proposed (Zhang et al.), all of which aim to re-
duce KV cache memory consumption and improve
computational efficiency.

Sparse Attention Method. The core objective
of sparse attention is to reduce the computational
cost and GPU memory consumption of attention
computation. Most existing methods are based
on token pruning, which reduces the number of
tokens participating in matrix multiplications to
lower computational overhead and KV cache usage,
and can be further categorized into token-level and
block-level pruning. Token-level pruning operates
on individual tokens and includes approaches such
as StreamingLLM (Xiao et al., 2023), H20 (Zhang
et al., 2023), and InfLLM (Xiao et al., 2024). In
contrast, block-level pruning removes tokens in
contiguous blocks; while generally less accurate,
this strategy is more efficient and easier to imple-
ment in practice. Representative methods in this
category include Long-Heads (Lu et al., 2024), Ra-
zorAttention (Tang et al., 2024), Ada-KV (Feng
etal., 2024), DuoAttention (Xiao et al.), MoBA (Lu
et al., 2025), and NSA (Yuan et al., 2025).

Compact Attention Method. Rather than
caching full-size keys and values, compact atten-
tion methods typically compress the hidden states
using techniques such as low-rank approximation.
This compression reduces KV cache memory
consumption while simultaneously lowering the
computational cost of attention. Such methods
generally achieve these benefits by reducing either
the number of attention heads or the head dimen-
sion of the hidden states. Representative examples
include MLA (Liu et al., 2024), MHA2MLA (Ji
et al., 2025), TransMLA (Meng et al., 2025), and
CLOVER (Meng et al., 2024).



3 Preliminary

3.1 DeepSeek Sparse Attention

DeepSeek Sparse Attention (DSA) is a sparse atten-
tion method applied in DeepSeek-V3.2 (Liu et al.,
2025) and was originally introduced through con-
tinued training. The core algorithm of DSA con-
sists of a lightning indexer and a fine-grained token
selection mechanism.

In DSA, the lightning indexer computes an index
score I; s between a query token h; € R? and all
preceding tokens hy, € R? to determine which
tokens should be selected by the query token:

HI

Ls=) wl;-ReLU(qf;-kI), (1)
j=1

where H! denotes the number of indexer heads;
al j € R and wl ; € R are derived from the

query token hy, and k! € R? is derived from
the preceding token h,. The lightning indexer is
implemented in FPS.

Given the index scores {I;,} for each query
token h,, the fine-grained token selection mech-
anism retrieves only the key—value entries {cs}
corresponding to the top-k index scores. The at-
tention output u; is then computed by applying the
attention mechanism between the query token hy
and the sparsely selected key—value entries {c}:

u; = Attn(ht, {CS | It,s S TOp-k(It#)}) . (2)

3.2 Continued Pre-Training

DeepSeek-V3.2 is continued pre-trained based on
DeepSeek-V3.1-Terminus. The continued pre-
training process consists of two stages: a dense
warm-up stage and a sparse training stage. Since
the indexer is introduced to assist Sparse MLA in
token selection, it brings in newly added parame-
ters that are randomly initialized at the beginning.
Directly training with these randomly initialized pa-
rameters would disrupt the distribution learned by
the original MLA. Therefore, an additional dense
warm-up stage is required. During the dense warm-
up stage, all model parameters are frozen except
for the lightning indexer, and training is performed
using dense attention. The training objective is
defined as the following KL-divergence loss:

ch= ZID)KL(pt,; | Softmax(I;.)).  (3)
¢

Once the indexer can sufficiently capture the
model’s preference of queries over key—value to-
kens, sparse MLA training can be enabled, where
all model parameters are activated and training is
conducted using top-k DSA attention. The training
objective remains the KL-divergence loss defined
above.

L' =Y "Dxwi(pts, | Softmax(Iys,)). (4)
t

In DSA, the majority of training—approximately
1T tokens—is carried out during this stage. How-
ever, in this phase, the model must simultane-
ously adapt the main branch from dense MLA to
sparse MLA and continuously align the indexer
with sparse MLA for accurate top-k token selec-
tion. These two processes are tightly coupled, and
jointly optimizing them under the same loss often
leads to training instability. In contrast, NSMLA
first employs a native indexer and focuses solely on
training sparse MLA. The alignment between the
indexer and sparse MLA is deferred to the anneal-
ing stage. This decoupled training strategy results
in improved training stability and significantly re-
duced training cost.

4 Native Sparse MLA
4.1 Native Indexer & Lightning Indexer

To achieve token-wise fine-grained attention
sparsification, following DSA, we introduce a
lightweight indexer module that precomputes atten-
tion scores I; . between each query token qt{ ; and
all key tokens kl ;- Based on these scores, the in-
dexer selects the top-k key—value tokens, which are
then passed to the main branch for sparse attention
computation. Since the indexer is only responsible
for ranking tokens, the softmax operation—which
does not affect the relative ordering of attention
scores—is unnecessary. Moreover, online softmax
requires more complex GEMM operations. There-
fore, we replace softmax with a ReLU activation
in the indexer to reduce computational overhead.
During inference, MLA is absorbed into an MQA
formulation, where all attention heads share a sin-
gle KV cache. Consequently, all heads must adopt
the same sparsity pattern. To this end, the atten-
tion scores produced by different heads in the in-
dexer are aggregated via a weighted average, with
weights denoted by th, ;- The overall formulation
is given by:



H
L= w/; ReLU (qf;-k.;), (5)

j=1
The representations qt{ o ki ;»and wt[’ ; take differ-
ent forms at different stages. During pretraining or
sparse training, we directly use the MHA formula-
tion of MLA, which is shown in Equation 6, as the
native indexer, introducing no additional parame-
ters. This design enables training from scratch with-
out distillation training indexer parameters, thereby
reducing per-step training overhead. More impor-
tantly, it ensures tight alignment between the in-
dexer and sparse attention, improving the accuracy

of token selection during training.

CI{J = [Qgﬁ QE]'] =dqt; € RY,
k! = [WUKCEV: kE| e RY, (6)
wt{j = HW]‘U‘/Cgﬂ/H € R?

Because pretraining is compute-intensive,
queries and keys are expanded into a multi-head
representation with head dimension d = 192
(128 dimensions for the NoPE component and
64 dimensions for the RoPE component). As
the original model does not include an explicit
mechanism to measure head importance, we
apply L2 pooling across heads on the value
representations, which naturally serves as a proxy
for per-head token importance.

In practice, we design a specialized kernel for the
multi-head indexer that supports variable-length se-
quences. Each query in the batch is partitioned into
query blocks, and each thread block processes one
query block against all keys within the correspond-
ing sequence. Within a thread block, key blocks are
traversed sequentially in a pipelined manner. For
each key block, the index score between the query
block and the key block is computed serially across
heads according to Equation 5. After the index
score of each head is computed, it is accumulated
into a running total to form the final index score for
the query—key block pair.

After Sparse MLA training is completed, the
multi-head indexer becomes impractical for infer-
ence due to its high memory access cost and thus
fails to provide inference speedups. To address this,
we absorb the indexer into a multi-query formula-
tion:

I _ UKT C. R dc
{qm‘ = W% aiys ay] € RT 7

k! = [cKV; kF] e RY,

Specifically, the key up-projection matrices
WiUK T are folded into the corresponding query
heads. This transformation is mathematically
equivalent and preserves the functionality of the
indexer. However, the resulting head dimension in-
creases to d© = 576, which still incurs significant
computational and memory overhead. To further
reduce cost, we apply low-rank compression:

T I
af,; = [RTWP ol aft] € RY
k! = [RicEV; klY] e RT, ®)
wt{j = HRQW]-UchvH eR,

Concretely, we feed a small calibration dataset
through the model and perform PCA on the
key—value outputs, obtaining projection matrices
R, € R?12%64 apnd Ry € R®12X1 which are used
to reduce the head dimension of the indexer to
dl = 128.

Since orthogonal transformations preserve the
L2 norm, even aggressive compression of the value
representations retains a one-dimensional feature
that effectively captures the relative importance
of different heads. Furthermore, because only the
relative magnitude of attention scores matters, the
weight projection can bypass RMSNorm and di-
rectly compute w; from h; using a linear layer,
similar to DSA. Although this transformation is in-
herently lossy, the induced error is minimal because
precise attention values are not required—only rel-
ative token importance. As demonstrated in our
experiments, the resulting degradation is small. To
further mitigate this loss, we introduce an annealing
stage, during which a small amount of additional
training is performed to recover performance.

4.2 Sparse Multi-Head Latent Attention

The design of Sparse MLA follows that of DSA.
Given the index scores {I; s} for each query token
q¢, Sparse MLA retrieves only the key—value en-
tries corresponding to the top-k index scores. The
attention output for head j is then computed as

qa/ ks
uj = Z softmax( t\’}g ) V. )

sES




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-£ indicates the maximum number of

tokens selected per query.

where S; = top-k (1), the selected entries are
defined as qs = [cs, ks 7] and ks = c;

In the following, we explain why the proposed
NSMLA adopts the Multi-Query Attention (MQA)
formulation rather than the standard Multi-Head
Attention (MHA) as the main branch.

The key motivation arises from the execution
model of modern Tensor Cores, whose underly-
ing computation is based on fixed-shape matrix
multiply—accumulate (MMA) micro-tiles, such as
m16n16k16, m16n8k16, and m8n8k4. These MMA
instructions require the operands to be organized
as

AeRka B ERk’Xn

so that the computation can be decomposed and
mapped onto hardware-supported tile shapes for
efficient execution.

Under the fine-gained sparse attention setting,
the query tensor q € RS***P exhibits token-
dependent sparsity patterns, as each token typically
selects a different set of top-k key/value entries.
For efficient scheduling and memory access, the
implementation commonly partitions the computa-
tion by token, assigning each token to a separate
computation block. Consequently, each block con-
tains all heads of a single token,

q; € R'HXD'

For each token, the corresponding top-k
key/value block K, € RB*P is loaded, and at-
tention scores for multiple heads are computed si-
multaneously. To form matrix multiplications com-
patible with MMA execution, a single key—value
group must therefore be shared across H query
heads.

If MHA is used, where each query head is paired
with a distinct key/value head, the computation
within each block degenerates into

qij € RIXD’ Kb,j c RBXD’

which corresponds to a matrix—vector multiplica-
tion (GEMV). Due to the low arithmetic intensity
of GEMV and its incompatibility with fixed-shape
MMAA tiles, this execution path cannot efficiently
utilize Tensor Core acceleration.

Therefore, similar to DSA, Sparse MLA is im-
plemented in the MQA form. By allowing multiple
query heads to attend to a shared key—value group,
the computation can be restructured into higher-
rank GEMM operations that better match MMA
tile requirements, thereby enabling efficient Tensor
Core execution.

S Experiment

In this section, we conduct three groups of exper-
iments to validate the effectiveness of NSMLA.
First, we directly convert the MLA in DeepSeek-
V2-Lite-Chat (Liu et al., 2024) into NSMLA and
evaluate its performance without any additional
training. Second, we evaluate the performance of
NSMLA under continued pre-training: we convert
Youtu-LLM-2B(Lab, 2025) into NSMLA and train
the converted model on data with a maximum con-
text length of 128K, then observe its performance.
Finally, we train NSMLA from scratch to verify its
performance under native pre-training.

5.1 Training-Free Conversion

The indexer of NSMLA reuses the parameters of
the main branch during the pre-training or sparse



Attention Tokens  Code Few-shot MDQA SDQA Summary

MLA 5T 0.1824 0.4674 0.1891 0.2417 0.1822
0B 0.1187 0.1468 0.0697 0.1768 0.1247

NSMLA 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 = OB indicates the performance

of the converted model without any additional training.

training stages, and applies PCA to the main branch
during the annealing and inference stages to obtain
the lightning indexer. Compared with DSA, which
randomly initializes the indexer, our indexer has
a much higher similarity to the main branch. To
examine the loss incurred when directly converting
Dense MLA to Sparse MLA, we conduct experi-
ments using DeepSeek-V2-Lite-Chat. Following
the conversion method described in Section 4, we
first absorb MLA into an MQA form and then ap-
ply low-rank compression. Without any further
training, we directly evaluate the converted model.

In Table 2, we report results on commonsense
reasoning benchmarks in the 5-shot setting with a
maximum context length of 4K, including ARC-
E (ARC-Easy), ARC-C (ARC-Challenge) (Clark
et al.,, 2018), HS (HellaSwag) (Zellers et al.,
2019), OBQA (OpenBookQA) (Mihaylov et al.,
2018), PIQA (Bisk et al., 2020), and WG (Wino-
Grande) (Sakaguchi et al., 2021). We also evalu-
ate on LongBench tasks (Bai et al., 2024) in the
zero-shot setting with a maximum context length
of 128K, including Code (Code Completion),
Few-shot (Few-shot Learning), MDQA (Multi-
Document Question Answering), SDQA (Single-
Document Question Answering), and Summary
(Summarization). The system performance is eval-
uated under different context lengths.

From the table, we observe that after converting
MLA to NSMLA, when the KV cache compression
ratio reaches 96.875% (128/4096), NSMLA can
still maintain strong performance on commonsense
tasks, and even outperforms the dense model on
ARC-Easy and ARC-Challenge, while matching
the dense model on OpenBookQA. On the more
challenging LongBench tasks, when the compres-
sion ratio reaches 98.4375% (2048/131072), the
model is still able to produce meaningful outputs.

It is worth emphasizing that this conversion loss
consists of two components: one from converting
Dense MLA to Sparse MLA, and the other from

converting the native indexer to the lightning in-
dexer. Subsequent experiments on continued pre-
training and training from scratch demonstrate that
the loss introduced by converting the native indexer
to the lightning indexer is much smaller than that
incurred by converting Dense MLA to Sparse MLA.
Due to resource constraints, we were unable to di-
rectly convert DeepSeek-V3.2 to NSMLA. Since
DeepSeek-V3.2 has already completed training
from Dense MLA to Sparse MLLA, we expect that
converting it to NSMLA would yield very promis-
ing results, which we leave as future work.

5.2 Continued Pre-Training

Similar to DSA, NSMLA can also be further
trained on top of a dense MLA model to obtain
a sparse MLA model. Due to resource constraints,
in this section we choose Youtu-LL.M-2B-Base, a
dense MLA model with only 2B parameters, for
continued pre-training. Considering the training
cost, we directly convert the native indexer into the
lightning indexer and transform dense MLA into
sparse MLA, followed by annealing training.

As shown in Table 3, because this model has
a relatively small number of parameters, the per-
formance degradation after conversion is relatively
large. We then continue training the converted
model using the 128K-length extended data that
is homogeneous to Youtu-LLM-2B-Base. Unlike
DSA, which requires a warm-up phase and indexer
updates, NSMLA does not incur these overheads
and can be trained as a sparse MLA model in the
same manner as a standard model. The perfor-
mance after training is also reported in Table 3.

From Table 3, we can see that with only a
small amount of training (compared to DSA, which
uses approximately 1T tokens in total for dense-to-
sparse training), NSMLA is able to rapidly recover
performance. Notably, its code completion capabil-
ity even surpasses that of the dense MLA model by
2.1%. We believe that with increased training data,



NSMLA

—— Dense MLA
124 l
!
1

104

6

44

T T T T T T

0 50 100 150 200 250
Steps

Loss
©

—— Dense MLA
7 NSMLA

Grad Norm
» v
|

w

|

N

-
L

U
WAL Mo M it

T T
0 50 100 150 200
Steps

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.

5.3 Train from Scratch

One of the major advantages of NSMLA is its na-
tive support for training from scratch. In this sub-
section, we adopt the architecture of the Youtu-
LLM-2B-Base model, initialize all parameters
from scratch, and pre-train the model using both
dense MLA and our NSMLA. Due to resource con-
straints, we conduct pre-training only on data with
a context length of 8K, and set the top-k of NSMLA
to 128. The training loss and gradient norm during
training are shown in Figure 2.

As illustrated in the figure, NSMLA exhibits
a convergence speed that is even better than that
of dense MLA. This experiment demonstrates the
strong potential of NSMLA. In future work, we
plan to scale up the training data and conduct more
extensive training to further investigate the training-
from-scratch capabilities of NSMLA.

6 Conclusion

To address the limitations of DSA, which does not
support training from scratch and incurs high train-
ing costs, this paper proposes a native sparse MLA
(NSMLA) that enables efficient pre-training, sparse
training, annealing, and inference. The core inno-
vations lie in the newly introduced native indexer
and the conversion method from the native indexer
to the lightning indexer. We implement the train-
ing components using TileLang kernels and reuse
the vLLM implementation from DSA for inference.
The effectiveness of our approach is validated un-
der three settings: training-free conversion, con-
tinued pre-training, and training from scratch. We

believe that this native fine-grained sparse attention
training paradigm can significantly improve both
model training and inference efficiency.

Limitations

Due to limitations in computational resources and
time, this work does not validate the proposed
method on larger-scale models or with substantially
more training data. We plan to supplement these
experiments in future work to better understand the
upper performance limits of NSMLA. Since the
MLA implementations used in DeepSeek-V2-Lite
and Youtu-LLM-2B have only 16 attention heads,
the room for further compression of the indexer
is limited; therefore, we did not conduct speed
benchmarks. Experiments on larger models would
allow us to address this issue and demonstrate prac-
tical speed improvements. In addition, this paper
does not compare NSMLA with a broader range of
sparse attention methods; incorporating such com-
parisons would further strengthen the credibility of
the work.
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