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Abstract001

Large language models (LLMs) face significant002
challenges in processing long contexts due to003
the linear growth of the key-value (KV) cache004
and quadratic complexity of self-attention. Ex-005
isting approaches address these bottlenecks sep-006
arately: Multi-head Latent Attention (MLA)007
reduces the KV cache by projecting tokens into008
a low-dimensional latent space, while sparse at-009
tention reduces computation. However, sparse010
methods cannot operate natively on MLA’s011
compressed latent structure, missing opportu-012
nities for joint optimization. In this paper, we013
propose Latent-Condensed Attention (LCA),014
which directly condenses context within MLA’s015
latent space, where the representation is dis-016
entangled into semantic latent vectors and po-017
sitional keys. LCA separately aggregates se-018
mantic vectors via query-aware pooling and019
preserves positional keys via anchor selection.020
This approach jointly reduces both computa-021
tional cost and KV cache without adding pa-022
rameters. Theoretically, we prove a length-023
independent error bound. Experiments show024
LCA achieves up to 2.5× prefilling speedup025
and 90% KV cache reduction at 128K context026
while maintaining competitive performance.027

1 Introduction028

Efficient long-context modeling in large language029

models (LLMs) is essential for applications span-030

ning full-document comprehension and extended031

multi-turn dialogues (OpenAI, 2023; Grattafiori032

et al., 2024; Guo et al., 2025). However,033

transformer-based LLMs face two challenges: 1)034

the linear growth of key-value (KV) cache dur-035

ing decoding and 2) the quadratic computational036

complexity of self-attention (Vaswani et al., 2017),037

together hindering long-context deployment.038

To alleviate the memory overhead (challenge 1),039

Multi-head Latent Attention (MLA) (DeepSeek-040

AI et al., 2024) projects tokens into a shared low-041

dimensional latent space, significantly reducing the042

per-token KV cache size. During inference, MLA 043

caches only the compressed latent vectors CKV 044

and the positional keys KR, where KR encodes 045

precise positional information via Rotary Position 046

Embedding (RoPE) (Su et al., 2024). Owing to its 047

favorable trade-off between memory efficiency and 048

model capacity, MLA has been widely adopted in 049

recent long-context models (DeepSeek-AI et al., 050

2024; Liu et al., 2024; Guo et al., 2025; Kimi et al., 051

2025a,b). Nevertheless, MLA still retains all L 052

latent vectors and performs dense attention, pre- 053

serving the quadratic computational bottleneck. 054

Separately, efficient attention methods mitigate 055

quadratic computation (challenge 2) via sparsifi- 056

cation. Early approaches used fixed sparse pat- 057

terns (Beltagy et al., 2020; Zaheer et al., 2020), 058

which lack adaptability and risk discarding impor- 059

tant information. Recent dynamic sparse meth- 060

ods (Jiang et al., 2024; Lai et al., 2025; Xu et al., 061

2025) selectively skip computation blocks or evict 062

less relevant tokens to reduce computation. How- 063

ever, these approaches remain susceptible to poten- 064

tially important information loss. 065

Crucially, these two lines of work cannot be 066

directly combined to address both challenges si- 067

multaneously. Most existing sparse methods op- 068

erate on the computation of attention scores be- 069

tween original queries and keys, which require 070

full-dimensional representations. When applied 071

to MLA, these methods must first reconstruct full- 072

dimensional KV matrices before performing sparsi- 073

fication. Consequently, these methods fail to lever- 074

age the compressed latent structure for further effi- 075

ciency gains, particularly in reducing the KV cache 076

beyond what MLA already achieves. This reveals 077

a significant yet overlooked gap: existing methods 078

lack a mechanism to perform efficient computation 079

reduction natively within MLA’s latent space. 080

In this paper, we bridge this gap by directly con- 081

densing redundant context within the MLA’s la- 082

tent space into a compact set of representatives, 083
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thereby reducing the number of vectors participat-084

ing in attention computation and stored in the KV085

cache. However, MLA’s disentangled represen-086

tation presents a unique challenge: the semantic087

component CKV and the positional component088

KR have distinct functional properties due to their089

different encodings. Semantic information, which090

captures the continuous and often smooth content091

representations, can be aggregated across tokens092

without significant loss of fidelity (Bolya et al.,093

2023; Feng and Zhang, 2023); while positional en-094

coding requires careful preservation to maintain095

accurate relative positional relationships. Thus, an096

effective condensation strategy must treat these two097

components differently.098

Based on the above insights, we propose Latent-099

Condensed Attention (LCA), an efficient atten-100

tion mechanism that performs structured context101

condensation natively within latent space. LCA102

partitions context into groups and compresses103

each group into a representative latent vector via104

weighted pooling for the semantic component105

CKV , while preserving positional information by106

selecting the token with the highest relevance107

within each group for KR. In this way, LCA re-108

duces both the KV cache size and the attention109

complexity, without introducing additional param-110

eters. We further provide a theoretical guarantee111

that the approximation error is uniformly bounded,112

independent of context length. We summarize our113

contributions as follows:114

• We propose Latent-Condensed Attention (LCA),115

an efficient attention mechanism that performs116

structured context condensation directly in117

MLA’s latent space, reducing both KV cache and118

attention computations, instead of sparsification119

only on reconstructed KV.120

• We design a latent-space condensation strategy121

that decouples semantic and positional process-122

ing: semantic information is adaptively aggre-123

gated via query-aware weighted pooling, while124

positional fidelity is preserved through hard an-125

chor selection. This design avoids the signal-126

blending issue in conventional approaches.127

• LCA can be easily integrated into pretrained mod-128

els via lightweight fine-tuning, requiring no ad-129

ditional parameters. Experiments demonstrate130

that LCA delivers up to 2.5× prefill speedup and131

90% KV cache reduction at 128K context length132

while maintaining comparable performance.133

2 Related Works 134

Efficient Attention. To reduce the memory foot- 135

print of the KV cache, several attention vari- 136

ants have been proposed. Multi-Query Atten- 137

tion (MQA) (Shazeer, 2019) shares a single key 138

and value head across all query heads, while 139

Grouped-Query Attention (GQA) (Ainslie et al., 140

2023) groups query heads to share key-value 141

heads, improving efficiency while maintaining 142

quality. More recently, Multi-head Latent At- 143

tention (MLA) (DeepSeek-AI et al., 2024) com- 144

presses KV states into a low-dimensional latent 145

space, significantly reducing per-token cache size. 146

It has been widely adopted in state-of-the-art long- 147

context models (DeepSeek-AI et al., 2024; Liu 148

et al., 2024; Guo et al., 2025; Kimi et al., 2025a,b). 149

However, these methods retain the quadratic com- 150

putational complexity of standard attention. 151

Besides, sparse attention methods (Zaheer et al., 152

2020; Beltagy et al., 2020; Zhang et al., 2025; Chen 153

et al., 2025) reduce the computational cost by skip- 154

ping some tokens or computation blocks. Early 155

methods employ fixed sparse patterns (Zaheer et al., 156

2020; Ding et al., 2023; Beltagy et al., 2020; Xiao 157

et al., 2024), which lack adaptability. To intro- 158

duce adaptability, DuoAttention (Xiao et al., 2025) 159

learns head-specific static sparse patterns during an 160

additional offline training phase. However, static 161

patterns cannot adjust to the varying importance of 162

tokens across different contexts. Recent dynamic 163

sparse attention methods (Lai et al., 2025; Jiang 164

et al., 2024; Xiao et al., 2025) selectively compute 165

only a subset of attention blocks. However, these 166

approaches operate on full-dimensional key-value 167

representations. When applied to MLA, they can- 168

not further reduce the latent cache itself. 169

System-Level Optimizations for Long-Context 170

Inference. Another line of work focuses on kernel- 171

level optimizations and cache management for 172

long-context inference. FlashAttention (Dao et al., 173

2022) and its successors speed up attention by 174

optimizing memory access patterns. PagedAtten- 175

tion (Kwon et al., 2023) manages the KV cache 176

more efficiently by allowing non-contiguous stor- 177

age, reducing memory fragmentation. Token-level 178

eviction policies (Li et al., 2024; Hao et al., 2025; 179

Liu et al., 2025) retain only the most salient tokens 180

based on attention scores, while query-aware cache 181

selection methods (Tang et al., 2024) learn to select 182

a compact set of KV pairs for each query. These 183

techniques are largely orthogonal to our approach. 184
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3 Preliminaries185

Multi-head Latent Attention (MLA) (DeepSeek-186

AI et al., 2024) is a core breakthrough for long-187

context large language models. It projects tokens188

into a low-dimensional latent space, drastically re-189

ducing per-token KV-cache memory while preserv-190

ing modeling capability. Given an input sequence191

X ∈ RL×d, MLA computes compressed latents:192

CQ=XWDQ, CKV =XWDKV , (1)193

where WDQ,WDKV ∈Rd×dc are down-projection194

matrices and dc≪d. For each head h, queries, keys,195

and values are reconstructed from these latents:196

Qh=[CQWUQh ,QRh ] ∈ RL×dk , (2)197

Kh=[CKV WUKh ,KR] ∈ RL×dk , (3)198

Vh=CKV WUVh ∈ RL×dv , (4)199

where QRh ,KR ∈ RL×dr are Rotary Position200

Embedding (RoPE) (Su et al., 2024) augmented201

components that encode positional information.202

WUQh ,WUKh ∈ Rdc×d′k and WUVh ∈ Rdc×dv203

are the up-projection matrices for head h, with204

d′k + dr = dk. The attention is computed as:205

MLAh = softmax

(
Qh(Kh)⊤√

dk

)
Vh. (5)206

The outputs of all heads are then combined via con-207

catenation. During inference, MLA caches only208

CKV and KR, reducing per-token memory. Ow-209

ing to its favorable efficiency-accuracy trade-off,210

MLA has been widely adopted as a core component211

in state-of-the-art long-context LLMs (Liu et al.,212

2024; DeepSeek-AI, 2025; Kimi et al., 2025a,b).213

Limitations of MLA. While MLA substantially214

reduces per-token KV-cache memory by project-215

ing tokens into a low-dimensional latent space, it216

still requires all L tokens to participate in atten-217

tion computation, resulting in significant redundant218

computation and memory access and leaving the219

quadratic dependence on context length unchanged.220

Existing efficient attention methods (Xiao et al.,221

2024, 2025; Lai et al., 2025) can alleviate computa-222

tional cost by sparsifying attention, but they operate223

on reconstructed full-dimensional key–value states.224

When applying these methods to MLA, this recon-225

struction step negates the efficiency benefits of its226

low-dimensional latent representation. As a result,227

current approaches fail to exploit MLA’s latent228

structure to jointly reduce attention computa-229

tion and KV-cache growth.230

4 Latent-Condensed Attention 231

4.1 Motivations and Method Overview 232

Long context sequences often exhibit substantial 233

redundancy: only a small subset of tokens is typi- 234

cally relevant for the task (Chen et al., 2025; Zhang 235

et al., 2025; Xiao et al., 2024). This suggests that 236

computing attention over all L tokens incurs unnec- 237

essary computational overhead. While Multi-head 238

Latent Attention (MLA) effectively compresses the 239

KV cache into a low-dimensional latent space, it 240

still performs quadratic attention over all L tokens. 241

We propose to address this bottleneck by condens- 242

ing redundant context before attention computation. 243

Crucially, unlike methods that sparsify attention on 244

reconstructed full-dimensional states, we operate 245

natively within compressed latent space, leveraging 246

its latent structure for further efficiency gains. 247

Unfortunately, MLA’s latent representation is 248

naturally disentangled: each token is encoded by 249

a compressed semantic latent CKV and a residual 250

positional key KR with precise positional infor- 251

mation via RoPE (Su et al., 2024). The semantic 252

and positional components differ functionally due 253

to their distinct encodings: semantic information 254

can often be aggregated (Feng and Zhang, 2023; 255

Bolya et al., 2023), whereas positional encoding 256

is highly nonlinear and should not be arbitrarily 257

blended. Hence, an effective condensation strategy 258

must treat these two components differently. 259

Motivated by these insights, we propose Latent- 260

Condensed Attention (LCA), which employs a 261

dual-path group-wise condensation strategy: se- 262

mantic vectors are aggregated via query-aware 263

pooling, while positional fidelity is preserved by 264

selecting a positional anchor per group. By operat- 265

ing natively in MLA’s latent space, LCA reduces 266

both the number of cached vectors and the attention 267

complexity, without introducing additional parame- 268

ters. The framework of LCA is illustrated in Figure 269

1, with its algorithm in Algorithm 1. 270

4.2 Latent-Space Condensation 271

We perform latent-space token condensation by 272

explicitly distinguishing semantic and positional 273

information, and applying different reduction op- 274

erators to each. This enables effective reduction 275

of long-range context while preserving sufficient 276

information required for attention computation. 277

Given the latent matrix CKV ∈ RL×dc and the 278

positional keys KR ∈ RL×dr , we partition the his- 279

tory context into m =
⌊
L−w
g

⌋
contiguous groups 280
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Figure 1: An overview of Latent-Condensed Attention (LCA). The history context is condensed into a compact
set of representatives via group-wise condensation in the latent space: semantic information is aggregated through
weighted pooling of CKV , while positional information is preserved via anchor selection from KR. The recent
context is retained in full fidelity without condensation.

{Gj}mj=1 of size g, where w denotes a local win-281

dow size that preserves fine-grained local context282

(detailed later). To assess token relevance within283

each group, we adopt a query-aware scoring mecha-284

nism that reflects the current decoding focus rather285

than relying on static heuristics. Following Lai et al.286

(2025), we compute a summary query by averag-287

ing the last g queries, i.e., q̄ = Average(Q[−g:]).288

For each token i ∈ Gj , we compute an importance289

score si = q̄⊤ki/
√
dh, followed by a group-wise290

softmax normalization:291

α
(j)
i =

exp(si)∑
k∈Gj

exp(sk)
, ∀i ∈ Gj . (6)292

We treat semantic and positional components differ-293

ently based on their distinct functional properties.294

Semantic condensation via weighted pooling.295

For the semantic latent vectors cKV
i within each296

group, we compute a representative latent via297

weighted pooling:298

c
rep
j =

∑
i∈Gj

α
(j)
i cKV

i ∈ Rdc , (7)299

where cKV
i denotes the i-th row of CKV . Un-300

like sparse attention methods that discard tokens301

or computation blocks, weighted pooling preserves302

information from all tokens in the group while em- 303

phasizing those most relevant to the current query. 304

This design admits a simple yet principled inter- 305

pretation. The following proposition shows that 306

weighted pooling yields the optimal representative 307

under an expected reconstruction criterion. 308

Proposition 1. (Optimal Condensation via 309

Weighted Pooling) Let {ci ∈ Rdc}gi=1 be a set 310

of latent vectors and α ∈ ∆g−1 a probability dis- 311

tribution over them, with αi ≥ 0 and
∑

i αi = 1. 312

Consider the expected squared reconstruction error 313

L(crep) = Ei∼α

[
∥ci−crep∥22

]
=

g∑
i=1

αi∥ci−crep∥22. 314

The vector crep that minimizes L is uniquely given 315

by the convex combination crep =
∑g

i=1 αici. 316

Applying Proposition 1 with αi = α
(j)
i shows 317

that our weighted pooling minimizes the expected 318

error in representing each group’s semantic content. 319

The full proof is provided in Appendix A.1. 320

Positional anchoring via max-selection. The 321

residual positional keys kR
i are encoded using Ro- 322

tary Position Embedding (RoPE) (Su et al., 2024), 323

which is a nonlinear function of absolute position. 324

Direct pooling over kR
i would blend distinct posi- 325
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Algorithm 1 Latent-Condensed Attention
Require: Sequence length L, latents

CKV =[cKV
1 ; . . . ; cKV

L ], residual keys
KR=[kR

1 ; . . . ;k
R
L ], queries Q=[q1; . . . ;qL],

window size w, group size g.
1: q̄←Avg([qL−g+1; · · · ;qL]), m←⌊(L−w)/g⌋
2: for j = 1 to m do
3: Gj={(j−1)g+1, (j−1)g+2, . . . , jg}
4: α

(j)
i ← softmaxi(q̄⊤ki/

√
dh) for i ∈ Gj

5: c
rep
j ←

∑
i∈Gj

α
(j)
i cKV

i

6: Ij ← argmaxi∈Gj α
(j)
i

7: k
rep
j ← [c

rep
j WUK ,kR

Ij
], vrep

j ← c
rep
j WUV

8: end for
9: Krep←[k

rep
1 ; . . . ;k

rep
m ], Vrep←[v

rep
1 ; . . . ;v

rep
m ]

10: k ← max (w,w + ((L− w) mod g)))
11: Kloc=[kL−k; . . . ;kL],V

loc=[vL−k; . . . ;vL]
12: Kfused←[Krep;Kloc], Vfused←[Vrep;Vloc]
13: Attn← softmax

(
Q(Kfused)⊤/

√
dh

)
Vfused

Ensure: Attention output Attnt

tional signals and distort relative positional relation-326

ships. To preserve accurate positional information,327

we select the token with the highest importance328

score within each group as the positional anchor:329

Ij = argmax
i∈Gj

α
(j)
i , k

Rrep
j = kR

Ij . (8)330

This strategy ensures that each representative’s po-331

sitional information corresponds to a concrete to-332

ken position, preserving valid attention geometry.333

In contrast to semantic aggregation, positional in-334

formation is preserved through hard selection to335

avoid blending incompatible positional signals.336

Preserving Fine-Grained Local Context. While337

latent condensation effectively reduces redundancy338

in long-range context, fine-grained local informa-339

tion remains critical for accurate next-token predic-340

tion (Manakul and Gales, 2021; Yang et al., 2021).341

Accordingly, we retain a local window of the most342

recent w latent vectors in full fidelity. Any resid-343

ual tokens that do not form a complete group are344

also included in this window. Specifically, the local345

window consists of the preceding k = w+ r latent346

vectors, where r = (L− w) mod g, ensuring that347

every token is accounted for.348

4.3 Attention with Condensed Context349

Representative Key–Value Construction. For350

each group Gj , the final representative key and351

value matrices are constructed using MLA’s origi-352

nal up-projection matrices: 353

k
rep
j =

[
c

rep
j WUK ,k

Rrep
j

]
, v

rep
j =c

rep
j WUV . 354

Collecting all representatives, we obtain condensed 355

key and value matrices: 356

Krep=[k
rep
1 ; . . . ;krep

m ],Vrep=[v
rep
1 ; . . . ;vrep

m ]. 357

We preserve the corresponding keys and values of 358

the local context without condensation: 359

Kloc=[kL−k+1; . . . ;kL],V
loc=[vL−k+1; . . . ;vL], (9) 360

where each kj = [cKV
j WUK ,kR

j ] and vj = 361

cKV
j WUV . This ensures that the most recent and 362

relevant tokens are always attended to with full 363

fidelity, seamlessly integrating condensed long- 364

range context with detailed local information. 365

Prefilling with Fused Context. During prefilling, 366

the condensed key and value matrices Krep and 367

Vrep are combined with the full-fidelity local keys 368

and values Kl and Vl to form the fused context: 369

Kfused =
[
Krep;Kloc

]
,Vfused =

[
Vrep;Vloc

]
. 370

We then compute attention over this fused set: 371

Attn = softmax

(
Q(Kfused)⊤√

dh

)
Vfused. (10) 372

Notably, when the total sequence length L is 373

smaller than w + g, the long-range condensation 374

provides negligible efficiency benefits. In such 375

cases, we revert to standard MLA computation, en- 376

suring that the model always operates in the most 377

efficient regime without sacrificing accuracy. 378

Decoding and Online Cache Update. During 379

autoregressive decoding, we only cache only the 380

m representative latent vectors {crep
j }mj=1 and their 381

positional anchors {kRrep
j }mj=1, together with the 382

w most recent latent vectors in full fidelity. Once 383

the number of newly generated tokens reaches the 384

group size g, we use the average query of the last g 385

tokens to compute importance scores (as in Eq. (6)) 386

for the earliest g tokens in the buffer. These g to- 387

kens are then condensed into a single representative 388

via Eqs. (7) and (8). This new representative is ap- 389

pended to the cache. This on-the-fly way ensures 390

that the cache size remainsO(m+w) during decod- 391

ing, and each decoding step attends to only m+ w 392

keys and values, thereby reducing both memory 393

footprint and per-token decoding latency. 394
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4.4 Further Analysis of LCA395

Theoretical Analysis. We provide a formal guar-396

antee on the approximation quality of LCA. The397

following theorem bounds the error between the398

output of LCA and MLA attention.399

Theorem 1 (Uniform Error Bound). Fix a query400

qt with ∥qt∥2 ≤ Q and assume ∥vi∥2 ≤ V for401

all values. For each distant-history group Gj , let402

krep
j ,vrep

j be the representative key and value that403

LCA uses for every token i ∈ Gj , and let δk, δv404

be uniform bounds on the per-token key and value405

deviations: ∥ki−krep
j ∥2 ≤ δk, ∥vi−vrep

j ∥2 ≤ δv.406

Then the ℓ2 error between the full MLA attention407

and LCA satisfies408 ∥∥Attnt−AttnLCA
t

∥∥
2
≤ V

(
e2Qδk/

√
dh−1

)
+ δv.409

Theorem 1 shows that the approximation error410

depends only on the per-token deviations δk, δv,411

the query/value norms Q,V , and the model di-412

mension dh, but not on the context length L. The413

deviations δk, δv are controlled by our condensa-414

tion design: groups consist of contiguous, seman-415

tically similar tokens, and the representative vec-416

tors are constructed via weighted pooling to pre-417

serve salient information. Moreover, the local win-418

dow ensures the most recent tokens are never com-419

pressed (δk = δv = 0 for those tokens). The full420

proof is provided in Appendix A.2. Experimen-421

tally, with practical group sizes, this approximation422

maintains performance comparable to full MLA423

while delivering significant efficiency gains.424

Complexity Analysis. Our method achieves sub-425

stantial reductions in both computational and mem-426

ory complexity compared to standard MLA. By427

compressing the long-range context into m rep-428

resentative key–value pairs and retaining only w429

recent tokens, LCA reduces the attention compu-430

tation from O(L2) to O(L(m + w)) = O(Lm),431

where m ≪ L and w is a small constant. Cor-432

respondingly, the KV cache memory footprint is433

reduced from O(L) to O(m + w) = O(m), en-434

abling efficient handling of long contexts with sub-435

stantially lower computational and memory costs.436

We provide a detailed derivation in Appendix B.437

5 Experiments438

5.1 Experimental Setup439

Evaluation Benchmarks. We evaluate our method440

on both long-context and short-context tasks to441

comprehensively assess its performance. For long-442

context evaluation, we adopt LongBench-E (Bai443

Table 1: Comparison of efficient attention methods.

Methods Computation Memory No Extra Params
Minference < O(L2) O(L) ✓
FlexPrefill < O(L2) O(L) ✓

KDA < O(L2) O(L)
Ours O(Lm) O(m) ✓

et al., 2023) and RULER (Hsieh et al., 2024), 444

which comprehensively test retrieval, reasoning, 445

and aggregation over sequences up to 128K tokens. 446

To ensure no degradation on standard tasks, we 447

further evaluate on three established short-context 448

benchmarks: MMLU (Hendrycks et al., 2021), 449

GSM8K (Cobbe et al., 2021), and MBPP (Austin 450

et al., 2021). We put more details in Appendix C.1. 451

Implementation Details. We replace the MLA 452

layers of DeepSeek-V2-Lite (16B) (DeepSeek-AI 453

et al., 2024) with our LCA, adopting it as the first 454

publicly released MLA-based model in our study. 455

This choice is motivated by its moderate model size, 456

which enables comprehensive experimentation un- 457

der limited GPU resources. We develop a highly 458

optimized kernel of our LCA using Triton (Tillet 459

et al., 2019) for high efficiency. We fine-tune the 460

model for 1,000 steps on the SlimPajama dataset 461

(32K length) (Fu et al., 2024). The group size g 462

and the window size w are set to 16 and 1024, 463

respectively. All experiments are conducted on 464

8×H200 GPUs. Further implementation specifics 465

are detailed in Appendix C.2. 466

Compared Methods. We evaluate LCA against 467

three representative efficient attention meth- 468

ods: two dynamic sparse attention approaches 469

(FlexPrefill (Lai et al., 2025) and MInfer- 470

ence (Jiang et al., 2024)) and a gated linear at- 471

tention variant (KDA (Kimi et al., 2025b)). Since 472

FlexPrefill and MInference are designed for stan- 473

dard self-attention, we adapt them to operate on re- 474

constructed KV matrices from MLA’s latents. For 475

KDA, which requires integration during training 476

from scratch, we implement a controlled adapta- 477

tion: we augment the pretrained model with ad- 478

ditional modules required by KDA and fine-tune 479

it under the same conditions as LCA. Details are 480

provided in Appendix C.3. We summarize the dif- 481

ferences from existing methods in Table 1. 482

5.2 Performance Comparisons 483

Comparisons on Long Context Modeling. In Ta- 484

ble 2, our LCA achieves an average score of 29.09 485

on LongBench-E, nearly matching the 29.51 of the 486

original MLA while achieving a 1.8× speedup at 487
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Table 2: Comparisons on LongBench-E (Bai et al., 2023). We report the latency of DeepSeek V2-Lite within
contexts of 64K on H200 GPUs.

Methods S. QA M. QA Sum. F. S. Syn. Code Avg.↑ FTL (s) ↓
DeepSeek V2-Lite (MLA) 23.92 11.15 17.52 63.19 3.09 58.17 29.51 3.20
• MInference (Jiang et al., 2024) 14.54 5.61 13.80 41.15 2.17 41.01 19.71 2.99 (1.1×)
• FlexPrefill (Lai et al., 2025) 14.35 5.94 14.10 48.00 2.22 41.72 21.05 2.51 (1.3×)
• KDA (Kimi et al., 2025b) 18.81 11.68 14.22 56.97 3.25 57.97 27.15 2.47 (1.3×)
• LCA (Ours) 22.61 8.90 23.74 58.27 2.33 58.67 29.09 1.80 (1.8×)

Table 3: Comparisons on RULER across 4-128K context. We report the latency of DeepSeek V2-Lite within
contexts of 128K on H200 GPUs.

Methods 4K 8K 16K 32K 64K 128K Avg.↑ FTL (s) ↓
DeepSeek V2-Lite (MLA) 79.51 78.82 62.28 58.33 47.57 23.96 58.91 10.78
• MInference (Jiang et al., 2024) 76.88 69.69 44.06 20.31 10.31 4.34 37.60 5.66 (1.9×)
• FlexPrefill (Lai et al., 2025) 72.81 70.00 56.25 19.06 9.38 7.19 39.11 5.38 (2.0×)
• KDA (Kimi et al., 2025b) 72.22 73.61 64.24 51.39 44.10 22.22 54.63 4.96 (2.2×)
• LCA (Ours) 77.19 77.19 63.75 59.69 50.63 24.38 58.80 4.40 (2.5×)
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Figure 2: Efficiency comparison of different context lengths. (a) presents the first-token generation latency. (b)
shows the per-token (interval) latency during decoding. (c) illustrates the GPU memory footprint of KV cache.

64K context. Notably, LCA outperforms MLA on488

the code generation (58.67 vs. 58.17), demonstrat-489

ing its capability to preserve critical information.490

In contrast, existing sparse attention methods suffer491

significant performance degradation, with Minfer-492

ence and FlexPrefill dropping to 19.71 and 21.05,493

respectively, due to their sparsification strategy that494

may discard essential information.495

In Table 3, LCA maintains strong performance496

across all lengths on RULER, achieving the high-497

est scores at 32K, 64K, and 128K contexts. At498

128K, LCA attains 24.38, surpassing MLA’s 23.96499

while reducing latency by 2.5×. This demonstrates500

that our latent-space condensation effectively pre-501

serves long-range dependencies even at extreme502

lengths. Notably, while other methods show se-503

vere performance degradation at longer contexts504

(e.g., Minference dropping to 4.34 at 128K), LCA505

maintains stable performance, highlighting the ad-506

vantage of direct latent-space condensation over507

reconstruction-based sparsification.508

Comparisons on Short-Context Tasks. To ver-509

ify the gains do not compromise performance on 510

standard tasks, we evaluate LCA on three widely- 511

used short-context benchmarks. In Table 4, LCA 512

achieves nearly identical performance to the origi- 513

nal MLA across all three benchmarks. This demon- 514

strates that the latent-space condensation intro- 515

duced by LCA does not harm the model’s capa- 516

bility on short-context tasks. 517

5.3 Comparisons on Computational Efficiency 518

In Figure 2, LCA achieves consistent and scal- 519

able efficiency gains across various context lengths. 520

It reduces prefilling latency from short to long 521

contexts, achieving 2.5× speedup over MLA at 522

128K, while Minference and FlexPrefill only ac- 523

celerate prefilling beyond 64K. During decoding, 524

LCA maintains low per-token latency (reducing 525

by 1.8× at 128K) and reduces KV cache by 90% 526

(from 10.13 GB to 0.71 GB), whereas Minference 527

and FlexPrefill cannot reduce the KV cache. KDA 528

suffers severe performance degradation (Tables 2 529

and 3) despite maintaining a small cache, LCA 530

7



Table 4: Comparisons on short-context tasks.

Methods MMLU GSM-8K MBPP
DeepSeek V2-Lite (MLA) 57.12 41.47 54.09
• FlexPrefill (Lai et al., 2025) 53.85 33.74 52.14
• MInference (Jiang et al., 2024) 51.01 32.90 46.69
• KDA (Kimi et al., 2025b) 56.31 37.45 50.97
• LCA (Ours) 57.04 41.17 53.31

Table 5: Ablation study on the pooling strategies for
crep and kRrep . “MaxSel” denotes max selection.

crep \ kRrep MaxPool MeanPool WeightedPool MaxSel
MaxPool 27.44 27.01 27.43 28.89
MeanPool 27.38 26.39 27.67 28.84
WeightedPool 27.93 27.04 27.83 29.09
MaxSel 26.94 27.65 27.79 28.93
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Figure 5: Latency comparison between our Tri-
ton kernel and the PyTorch implementation.

preserves competitive performance alongside its531

efficiency gains.532

In Figures 5, we compare the latency of our cus-533

tom Triton kernel with the PyTorch implementa-534

tion. Our kernel achieves consistently lower la-535

tency across all context lengths, with up to 24.4×536

speedup at 64K. While the PyTorch implemen-537

tation encounters OOM beyond 64K, our kernel538

scales efficiently to 1M tokens with feasible la-539

tency and linear memory growth. This optimiza-540

tion ensures that the efficiency advantages of LCA541

are fully realized in practice.542

5.4 Ablations543

All ablations are evaluated on the LongBench-E544

benchmark, reporting both the average score and545

the first-token latency at 128K context length.546

Effect on Pooling Strategies. We investigate the547

pooling strategies for generating the representative548

latent crep and positional anchor kRrep . In Table 5,549

the combination of attention-weighted pooling550

for crep and max selection for kRrep achieves the551

highest score. This validates our design: weighted552

pooling preserves semantic information from all553

tokens in the group, while max selection avoids554

distorting the nonlinear positional encoding.555

Effect on Group Size. We investigate the impact556

of the group size g on model performance and effi-557

ciency by varying g in {4, 8, 16, 32} while keeping558

the local window size fixed at w = 1024. As shown559

in Figure 3, smaller group sizes yield higher aver-560

age scores on LongBench-E. This improvement561

stems from finer-grained condensation, which pre-562

serves more detailed semantic information within563

each group. However, this comes at the cost of 564

increased computational latency. To balance ef- 565

ficiency and performance, we choose g = 16 as 566

the default setting for all subsequent experiments, 567

which provides a favorable trade-off. 568

Effect on Window Size. We evaluate the influence 569

of the local window size w by varying it across 570

{512, 1024, 2048, 4096}, with the group size fixed 571

at g = 16. Larger windows preserve more local 572

context and improve accuracy, yet also increase 573

latency, as shown in Figure 4. We select w = 1024 574

as the default, offering a good compromise be- 575

tween preserving fine-grained local dependencies 576

and maintaining inference efficiency. 577

6 Conclusion 578

In this paper, we propose LCA, an efficient atten- 579

tion mechanism that performs structured context 580

condensation directly within MLA’s latent space. 581

LCA explicitly handles the disentangled semantic 582

and positional components in MLA: aggregating 583

semantic latents via query-aware pooling while pre- 584

serving precise positional information through an- 585

chor selection. This approach jointly reduces KV 586

cache size and attention complexity without intro- 587

ducing additional parameters. Theoretically, we 588

prove that the approximation error of our method is 589

uniformly bounded, independent of context length. 590

Extensive experiments validate the effectiveness 591

of LCA, demonstrating significant efficiency gains 592

(up to 2.5× prefilling speedup and 90% KV cache 593

reduction at 128K context) while maintaining com- 594

petitive model performance. 595
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Limitations596

While LCA provides a general design, its imple-597

mentation requires a custom kernel to achieve598

promising efficiency, which may involve additional599

engineering effort for deployment in new frame-600

works. The current implementation of LCA is opti-601

mized for common bfloat16/float16 precision set-602

tings, and its kernel-level optimizations have not603

been extensively explored for lower-precision for-604

mats (e.g., int8 quantization). Additionally, the605

latency measurements were conducted on a homo-606

geneous GPU cluster; performance on heteroge-607

neous or memory-bandwidth-constrained hardware608

may vary. These are typical engineering and evalu-609

ation scoping considerations that do not affect the610

core algorithmic contribution, and they point to611

straightforward extensions in future work.612

Information About Use Of AI Assistants613

During the preparation of this work, we used large614

language models (LLMs) only for text polishing615

and grammar correction. All central research ideas,616

methodological designs, experimental implemen-617

tations, and result interpretations are the original618

contributions of the authors. The AI assistants were619

not involved in any core intellectual content.620
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In the supplementary, we provide a detailed803

proof, more details on the LCA method. We orga-804

nize our supplementary as follows.805

In Section A, we provide the detailed proof for806

Proposition 1 and Theorem 1.807

In Section B, we analysis the computation and808

memory complexity of LCA in detail.809

In Section C, we provide more experimental de-810

tails of LCA.811

A Theoretical Analysis812

A.1 Proof of Proposition 1813

We provide a complete and self-contained proof814

of Proposition 1, which establishes the optimal-815

ity of attention-weighted pooling for latent-space816

condensation.817

Proposition 1 (Optimal Condensation via818

Weighted Pooling) Let {ci ∈ Rdc}gi=1 be a set819

of latent vectors and α ∈ Rg a probability dis-820

tribution over them, with αi ≥ 0 and
∑

i αi = 1.821

Consider the expected squared reconstruction error822

L(crep) = Ei∼α

[
∥ci−crep∥22

]
=

g∑
i=1

αi∥ci−crep∥22.823

The vector crep that minimizes L is uniquely given824

by the convex combination crep =
∑g

i=1 αici.825

Proof. First, expand the squared Euclidean norm:826

∥ci − crep∥22 = (ci − crep)⊤(ci − crep)

= c⊤i ci − 2c⊤i c
rep + crep⊤crep.

827

Substituting into the loss function yields828

L(crep)=

g∑
i=1

αic
⊤
i ci−2

( g∑
i=1

αici
)⊤

crep

+
( g∑
i=1

αi

)
crep⊤crep.

829

Since
∑

i αi = 1, the last term simplifies to830

crep⊤crep. Define the weighted mean c̄ =831 ∑g
i=1 αici. Then, we have832

L(crep) =

g∑
i=1

αic
⊤
i ci − 2c̄⊤crep + crep⊤crep.833

To find the minimizer, we compute the gradient834

with respect to crep:835

∇crepL = −2c̄+ 2crep.836

Setting the gradient to zero gives the necessary 837

condition: 838

crep = c̄ =

g∑
i=1

αici. 839

To confirm that this stationary point is indeed a 840

minimum, we examine the Hessian matrix: 841

∇2
crepL = 2Idc , 842

where Idc is the dc × dc identity matrix. This Hes- 843

sian is positive definite for all crep, implying that 844

the function L is strictly convex. Thus, the point 845

crep=
∑

i αici is the unique global minimizer. 846

Remark 1. In LCA, for a group Gj of size g, 847

we treat the normalized attention scores α
(j)
i 848

(Eq. (6)) as the probability distribution α. The 849

vectors cKV
i are the latent representations of the 850

tokens in the group. Applying Proposition 1 851

demonstrates that the weighted pooling operation 852

crep
j =

∑
i∈Gj

α
(j)
i cKV

i is the optimal choice for 853

minimizing the expected reconstruction error of 854

the group’s latent contributions. This theoretical 855

guarantee ensures that our condensation procedure 856

maximally preserves the semantic information of 857

the group, as measured by mean squared error. 858

Comparison with Alternative Pooling Strategies. 859

Other common pooling strategies include mean 860

pooling (crep = 1
g

∑
i ci) and max pooling (select- 861

ing the vector with the highest norm or a heuris- 862

tic score). Mean pooling is a special case of our 863

weighted pooling where αi = 1/g for all i, which 864

implicitly assumes all tokens are equally impor- 865

tant—an assumption that rarely holds in natural 866

language. Max pooling, while preserving the most 867

salient single vector, discards information from 868

other tokens entirely and can be unstable. Our 869

attention-weighted pooling generalizes mean pool- 870

ing by incorporating token-specific importance, 871

and it avoids the information-discarding drawback 872

of max pooling. Proposition 1 shows that when 873

the importance scores αi accurately reflect rele- 874

vance, weighted pooling is objectively optimal in 875

the least-squares sense. 876

A.2 Proof of Theorem 1 877

We theoretically analyze the uniform error bound 878

for LCA in Theorem 1. The argument closely fol- 879

lows the structure of the original theorem but em- 880

ploys the notation introduced in Section A that 881
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reflects the actual grouping and condensation per-882

formed by LCA.883

Notations. For a query at position t, parti-884

tion the preceding tokens into the recent window885

R = {t − w + 1, . . . , t} and the distant history886

H = {1, . . . , t− w}. The distant history is further887

divided into m contiguous groups G1, . . . , Gm,888

each of size g (except possibly the last). For a889

group Gj , LCA computes a representative key krep
j890

and a representative value vrep
j via the condensa-891

tion procedure described in Section 4.3. For a token892

i ∈ H , we denote by G(i) the index of the group893

containing i.894

The original MLA attention at position t is895

Attnt =

t∑
i=1

pivi, pi =
eai

Z
,896

where ai =
q⊤
t ki√
dh

, Z =
∑t

j=1 e
aj .897

In LCA, the same query is compared with the898

representative keys for distant tokens and with the899

original keys for recent tokens. Hence the attention900

weights are defined by901

AttnLCA
t =

∑
i∈R

p′ivi +
m∑
j=1

βjv
rep
j ,902

where the logits for recent tokens are unchanged,903

i.e., bi = ai (i ∈ R), and for a distant group Gj we904

use the single representative logit brepj =
q⊤
t krep

j√
dh

.905

The corresponding weights are906

p′i =
ebi

Z ′ (i ∈ R), βj =
eb

rep
j

Z ′907

Z ′ =
∑
i∈R

ebi +

m∑
j=1

eb
rep
j .908

To compare the two outputs directly, it is conve-909

nient to introduce for every distant token i ∈ H via910

the group-assigned key and value:911

k̃i = krep
G(i), ṽi = vrep

G(i).912

For recent tokens i ∈ R we simply set k̃i = ki,913

ṽi = vi. With this convention we can write the914

LCA output compactly as915

AttnLCA
t =

t∑
i=1

p′iṽi,916

where p′i for i ∈ H is defined as p′i = βG(i)/|G(i)|917

(so that
∑

i∈Gj
p′i = βj). The deviation hypotheses918

of the theorem are then919

∥ki−k̃i∥2 ≤ δk, ∥vi−ṽi∥2 ≤ δv, (i = 1, . . . , t).920

Theorem 1 (Uniform Error Bound) Fix a query 921

qt with ∥qt∥2 ≤ Q and assume ∥vi∥2 ≤ V for 922

all values. For each distant-history group Gj , let 923

krep
j ,vrep

j be the representative key and value that 924

LCA uses for every token i ∈ Gj , and let δk, δv 925

be uniform bounds on the per-token key and value 926

deviations: ∥ki−krep
j ∥2 ≤ δk, ∥vi−vrep

j ∥2 ≤ δv. 927

Then the ℓ2 error between the full MLA attention 928

and LCA satisfies 929∥∥Attnt−AttnLCA
t

∥∥
2
≤ V

(
e2Qδk/

√
dh−1

)
+ δv. 930

Proof. Define the total error E := Attnt − 931

AttnLCA
t . A straightforward algebraic manipu- 932

lation gives the decomposition: 933

E =

t∑
i=1

(pi − p′i)vi︸ ︷︷ ︸
(I)

+

t∑
i=1

p′i(vi − ṽi)︸ ︷︷ ︸
(II)

. 934

We next bound the norms of (I) and (II) separately. 935

1) We start by bounding the first term. First, 936

we bound the logit perturbations. Using the 937

Cauchy–Schwarz inequality and the given bounds 938

on the query norm and key approximations, 939

|ai − bi| =
|q⊤

t (ki − k̃i)|√
dh

≤ ∥qt∥2∥ki − k̃i∥2√
dh

940

≤ Qδk√
dh

=: ε, 941

where bi denotes the logit used by LCA for token i 942

(i.e., bi = ai for i ∈ R and bi = brepG(i) for i ∈ H). 943

Hence each logit changes by at most ε. 944

Thus, we have e−εebi ≤ eai ≤ eεebi for every i. 945

Summing these inequalities over all i yields 946

e−ε
t∑

j=1

ebj ≤
t∑

j=1

eaj ≤ eε
t∑

j=1

ebj . 947

Denote Z =
∑

j e
aj and Z ′ =

∑
j e

bj . The previ- 948

ous chain implies e−εZ ′ ≤ Z ≤ eεZ ′. Combining 949

this with the pointwise bound e−εebi ≤ eai gives 950

pi =
eai

Z
≥ e−εebi

eεZ ′ = e−2εp′i. 951

Similarly, pi ≤ e2εp′i. Therefore, 952

e−2εp′i ≤ pi ≤ e2εp′i for all i. (11) 953

From Eqn. (11), we obtain |pi − p′i| ≤ (e2ε − 1)p′i. 954

Summing this inequality over i provides a bound 955

on the ℓ1 distance between the two weight vectors: 956

t∑
i=1

|pi− p′i| ≤ (e2ε− 1)

t∑
i=1

p′i = e2ε− 1. (12) 957
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Using the uniform bound ∥vi∥2 ≤ V together958

with Eqn. (12),959 ∥∥ t∑
i=1

(pi − p′i)vi

∥∥
2
≤

t∑
i=1

|pi − p′i| · ∥vi∥2960

≤V
t∑

i=1

|pi − p′i| ≤ V
(
e2ε − 1

)
. (13)961

2) We bound the second error component. Given962

∥vi − ṽi∥2 ≤ δv and the fact that p′i form a proba-963

bility distribution, we have964 ∥∥ t∑
i=1

p′i(vi − ṽi)
∥∥
2
≤

t∑
i=1

p′i∥vi − ṽi∥2965

≤δv
t∑

i=1

p′i = δv. (14)966

3) Combing Eqn. (13) and (14) gives967

∥E∥2 ≤ V
(
e2ε − 1

)
+ δv,968

where ε = Qδk/
√
dh.969

970

B Complexity Analysis971

We analyze the computational and memory com-972

plexity of LCA against standard MLA. Recall that973

L is the sequence length, w is the short-range win-974

dow size, and m is the number of long-range repre-975

sentatives.976

Computational complexity. The overall com-977

putation consists of three main steps. First, impor-978

tance scores are computed between a group-aware979

query q̄ and all L keys, requiring O(L) opera-980

tions. Second, for each of the m groups, we com-981

pute normalized attention weights (softmax over982

g scores) and perform weighted pooling of g la-983

tent vectors, which together cost O(L). Finally,984

attention is computed over the condensed context985

of size m+ w for each of the L queries, resulting986

inO
(
L(m+w)

)
operations. Since w is a constant,987

the dominant term becomes O(Lm), lower than988

the O(L2) complexity of standard MLA.989

Memory complexity of the KV cache. In LCA,990

we cache only the m representative latent vectors991

{crep
j }mj=1 and their positional anchors {kRrep

j }mj=1,992

along with the w recent tokens stored in full. Hence993

the total cache size scales as O(m+ w) = O(m).994

The reduction in both computation and mem-995

ory enables LCA to handle long contexts with sig-996

nificantly lower hardware requirements while pre-997

serving essential information through structured998

latent-space condensation.999

C More Experimental Details 1000

C.1 More Details about Evaluation 1001

Benchmarks 1002

We evaluate our method on both long-context and 1003

short-context tasks to comprehensively assess its 1004

performance and efficiency. For long-context un- 1005

derstanding, we use two established benchmarks: 1006

LongBench-E (Bai et al., 2023), a bilingual suite 1007

with uniformly distributed context lengths that mea- 1008

sures overall context understanding across 21 di- 1009

verse tasks; and RULER (Hsieh et al., 2024), a 1010

synthetic benchmark with 13 subtasks (e.g., re- 1011

trieval, multi-hop reasoning, aggregation) designed 1012

for fine-grained assessment of long-context capa- 1013

bilities. 1014

Furthermore, to verify that our efficiency gains 1015

do not compromise performance on standard tasks, 1016

we evaluate on three widely-used short-context 1017

benchmarks: MMLU (Hendrycks et al., 2021), 1018

which assesses knowledge breadth and reasoning 1019

across 57 academic subjects; GSM8K (Cobbe 1020

et al., 2021), a dataset of grade-school math prob- 1021

lems requiring multi-step numerical reasoning; and 1022

MBPP (Austin et al., 2021), which evaluates code 1023

generation ability through crowd-sourced program- 1024

ming tasks. 1025

C.2 More Implementation Details 1026

1027

We implement and evaluate our proposed LCA 1028

on the DeepSeek-V2-Lite model (16B parame- 1029

ters) (DeepSeek-AI et al., 2024). We choose this 1030

model for two primary reasons: 1) it is the first pub- 1031

licly released model that adopts MLA, providing an 1032

ideal foundation for our method which specifically 1033

targets MLA’s efficiency bottlenecks; 2) its mod- 1034

erate size makes it feasible to conduct extensive 1035

experiments and latency measurements within con- 1036

strained GPU resources. We replace the original 1037

MLA layers in DeepSeek-V2-Lite with our LCA. 1038

To ensure high efficiency, we develop a highly op- 1039

timized kernel using Triton (Tillet et al., 2019). 1040

This custom implementation minimizes memory 1041

movement and maximizes hardware utilization dur- 1042

ing both training and inference. To allow the pre- 1043

trained model to adapt to our dynamic condensa- 1044

tion mechanism, we perform continued fine-tuning 1045

for only 1,000 steps with 2.0B tokens on the per- 1046

source-length upsampled SlimPajama dataset (Fu 1047

et al., 2024). Each training sample has a sequence 1048

length of 64K tokens. We use a total batch size 1049

13



of 64, implemented with a micro-batch size of 11050

and gradient accumulation steps of 8. Training is1051

conducted using the Deepspeed Zero-3 strategy for1052

efficient memory management. The learning rate is1053

set to 5× 10−6. We set the group size g = 16 and1054

the window size w = 1024, respectively. These1055

settings are kept fixed when inference across all1056

experiments. All experiments and latency measure-1057

ments are performed on a server equipped with1058

8×H200 GPUs.1059

C.3 More Details of Compared Methods1060

To comprehensively evaluate the effectiveness1061

and efficiency of LCA, we compare it against1062

several state-of-the-art efficient attention methods.1063

We benchmark against two recent published meth-1064

ods that perform dynamic sparsification: FlexPre-1065

fill (Lai et al., 2025) and MInference (Jiang et al.,1066

2024). Note that these methods were originally1067

designed for and evaluated on vanilla self-attention.1068

They cannot be directly applied to MLA’s low-rank1069

latent space. For a fair comparison, we adapt these1070

methods to work on the reconstructed key and1071

value matrices derived from MLA’s latents. This en-1072

sures functional equivalence but forfeits the oppor-1073

tunity to exploit the compressed latent structure for1074

further gains. FlexPrefill dynamically selects be-1075

tween a Query-Aware pattern and a Vertical-Slash1076

pattern per attention head, adaptively determining1077

which key-value indices are necessary for computa-1078

tion. We use the official implementation and adhere1079

to the recommended hyperparameters: a score ra-1080

tio γ = 0.9, a threshold τ = 0.1, a minimum1081

retained budget of 1,024 tokens, and a block size of1082

128. MInference determines optimal static sparse1083

patterns per attention head offline, combined with1084

online dynamic adjustment of computation regions.1085

Following the original paper, we perform offline1086

calibration on the DeepSeek-V2-Lite model to ob-1087

tain a sparse configuration and use it for online1088

inference.1089

We also compare against the recently proposed1090

Kimi Delta Attention (KDA) (Kimi et al., 2025b),1091

a gated linear attention variant that introduces a1092

fine-grained diagonalized gate for controlling mem-1093

ory decay and positional awareness. A critical1094

distinction lies in the training requirements: the1095

original KDA is designed to be integrated into the1096

model during pre-training from scratch, requiring1097

substantial computational resources and large-scale1098

pre-training data to achieve optimal performance.1099

In contrast, our LCA requires only minimal con-1100

tinued fine-tuning to recover full performance on a 1101

pre-trained base. To establish a controlled and equi- 1102

table comparison under constrained resources, we 1103

apply the same adaptation protocol to KDA as we 1104

do for our method. Specifically, we take the base 1105

DeepSeek-V2-Lite model, augment it with the ad- 1106

ditional parameters required by KDA, apply KDA 1107

to the reconstructed KV matrices, and fine-tune it 1108

for 1,000 steps on the same per-source-length up- 1109

sampled SlimPajama dataset (Fu et al., 2024) used 1110

for LCA. 1111
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