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Abstract001

Talking-heads attention mitigates the is-002
sue of head isolation in existing multi-head003
attention mechanisms by linearly mixing004
attention maps across heads. While this005
improves representational capacity, it is006
incompatible with existing attention ker-007
nels and incurs significant computational008
overhead. To address this limitation, we009
propose knocking-heads attention (KHA),010
which enables attention heads to “knock"011
on each other — facilitating cross-head012
feature-level interactions before the scaled013
dot-product attention. This is achieved014
by applying a shared, diagonally-initialized015
projection matrix across all heads. The di-016
agonal initialization preserves head-specific017
specialization at the start of training while018
allowing the model to progressively learn in-019
tegrated cross-head representations. KHA020
adds only minimal parameters and FLOPs021
and can be seamlessly integrated into MHA,022
GQA, GTA, and other attention variants.023
We validate KHA by training a 6.1B param-024
eter MoE model (1.01B activated) on 1T025
high-quality tokens. Compared to standard026
attention, KHA brings superior and more027
stable training dynamics, achieving better028
performance across downstream tasks.029

1 Introduction030

One of the key factors behind the success of031

large language models is the design of multi-032

head attention (MHA) (Vaswani et al., 2017),033

which has been preserved across various subse-034

quent attention variants (Shazeer et al., 2020;035

Ainslie et al., 2023; Liu et al., 2024; Zadouri036

et al., 2025). MHA enables models to simulta-037

neously process information from multiple rep-038

resentation subspaces across different sequence039

positions, with each attention head serving040

distinct functions in sequence modeling (Xiao041

et al., 2023, 2024; Qin et al., 2025).042
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Figure 1: The knocking-heads attention architec-
ture. Purple represents the original multi-head
attention, while pink represents the added knocking-
heads projections. T Q and T K within the dashed
box are optional projections due to their lower im-
portance compared to T V .

However, different heads operate indepen- 043

dently when modeling attention, with each 044

head computing its output separately before 045

concatenation and forward propagation, lack- 046

ing mutual interaction. Talking-heads atten- 047

tion (Shazeer et al., 2020) addresses this limita- 048

tion by introducing linear projections on either 049

logits before the attention softmax operation 050

or attention scores after the softmax operation 051

to enable inter-head communication. Neverthe- 052

less, talking-heads projections on quadratically- 053

scaling attention matrices lead to dramatically 054

increased computational complexity, especially 055

when the number of heads is large. 056

In this paper, we propose knocking-heads at- 057

tention (KHA) (Fig. 1), a variant of multi-head 058

attention that achieves inter-head interaction 059

at the feature level through unified transforma- 060

tions applied to all heads. Compared to stan- 061

dard multi-head attention, KHA introduces ad- 062

ditional shared projections for query, key, and 063

value representations, supplementing the orig- 064

inal head-specific projections. Among these, 065
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Figure 2: (Left) Training loss over 1T tokens for 6.1B MoE models (1.01B activated parameters): baseline
vs. knocking-heads attention. (Right) The comparisons of gradient norms. The results show that KHA
maintains consistently lower training loss and exhibits better stability for both loss and gradient norm.

the knocking-heads projections for queries and066

keys are optional since they provide smaller im-067

provements compared to the value projections.068

We initialize these knocking-heads projections069

with diagonal matrices, allowing the model to070

start from isolated heads and gradually de-071

velop inter-head communication during train-072

ing, eventually reaching an optimal balance073

between head specialization and cross-head col-074

laboration. In terms of effectiveness, KHA075

improves expressiveness by coupling different076

heads via shared projections. Meanwhile, pa-077

rameter sharing across heads can act as an im-078

plicit regularizer, potentially alleviating head-079

wise activation/gradient outliers, which in turn080

improve training stability. In terms of effi-081

ciency, knocking-heads projections introduce082

minimal overhead (< 1% additional FLOPs083

and parameters) during training and, when084

implemented as linear transformations rather085

than MLPs, can be fully integrated into the086

original projections at inference time.087

We conduct extensive experiments on lan-088

guage modeling. We first perform architectural089

exploration to identify the optimal configura-090

tion for knocking-heads projections, examining091

different projection types (linear, MLP-based,092

gated), target components (queries, keys, val-093

ues), attention variants (MHA, MQA, GQA,094

GTA), and head configurations. Our analy-095

sis reveals that applying MLP-based knocking-096

heads projections to values yields the most097

significant improvements, with the benefits be-098

coming evident at 4 value/key heads. Based on099

these findings, we adopt GQA with 32 query100

heads and 4 KV groups, enabling knocking-101

heads projections to achieve high performance 102

while maintaining efficient KV caching. We 103

validate our approach through comprehen- 104

sive experiments on 1T tokens using 1.01B- 105

active-parameter, 6.1B-total-parameter MoE 106

models, with results shown in Fig. 2. Our 107

method achieves significant improvements in 108

Language Understanding (+4.32), Code (+3.9), 109

and Math (+1.62) tasks, with an overall av- 110

erage score improvement of 1.26 points across 111

all evaluated tasks. Additional experiments 112

across various MoE and dense model scales fur- 113

ther demonstrate the effectiveness of KHA. We 114

summarize our main contributions as follows: 115

• We introduce knocking-heads attention, 116

a novel head interaction mechanism that 117

enables cross-head communication and im- 118

proves training stability with minimal com- 119

putational overhead. To preserve head 120

specialization, we propose diagonal initial- 121

ization that allows heads to maintain their 122

distinct roles while gradually developing 123

beneficial cross-head interactions. 124

• We conduct extensive experiments vali- 125

dating KHA’s universality across different 126

attention mechanisms, model types (MoE 127

and dense), and model scales, demonstrat- 128

ing broad applicability and identifying op- 129

timal configurations. 130

• We demonstrate scalability with large- 131

scale experiments on 1T tokens using a 132

model with 1.01B active parameters (6.1B 133

total), achieving consistent improvements 134

in training stability and performance. 135
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2 Related Work136

Multi-head attention mechanisms allow dif-137

ferent attention heads to learn diverse pat-138

terns (Xiao et al., 2023, 2024), but these heads139

lack interconnection and often exhibit signifi-140

cant redundancy (Cordonnier et al., 2020; Jin141

et al., 2024). Several approaches have explored142

inter-head communication to address this is-143

sue. Talking-heads attention (Shazeer et al.,144

2020) applies learnable transformations to at-145

tention weight matrices, but requires materi-146

alizing these matrices, making it incompatible147

with FlashAttention (Dao et al., 2022), not148

to mention its substantial computational over-149

head when head counts are large relative to150

head dimensions. Collaborated multi-head at-151

tention (Cordonnier et al., 2020) shares pro-152

jection matrices across heads with head-wise153

dimension-specific mixers, yet increases train-154

ing FLOPs while limiting head specialization155

to feature reweighting. Mixture-of-head atten-156

tion (Jin et al., 2024) dynamically selects head157

subsets per token but provides limited inter-158

head communication while incurring complex159

router training. Our proposed knocking-heads160

attention adopts head-sharing projections simi-161

lar to collaborated attention but preserves head162

specialization through keeping original head-163

specific projections and diagonal initialization.164

The plug-and-play mechanism is compatible165

with any attention variants and FlashAtten-166

tion framework, adding minimal FLOPs and167

parameters. More detailed comparisons are168

provided in Table 6 in the appendix.169

3 Method170

3.1 Classical Attention171

Multi-head attention (MHA) enables the model172

to jointly attend to information from different173

representation subspaces. Given an input se-174

quence X ∈ RL×d where L is the sequence175

length and d is the hidden dimension, MHA176

employs n parallel attention heads to capture177

diverse attention patterns.178

For each attention head i ∈ {1, 2, . . . , n}, the179

queries, keys, and values are computed as:180

Qi = XWQ
i , WQ

i ∈ Rd×dk , (1)181

Ki = XWK
i , WK

i ∈ Rd×dk , (2)182

Vi = XWV
i , WV

i ∈ Rd×dv , (3)183

where dk = dv = d/n represents the dimension 184

of each head. The attention output for head i 185

is computed as Oi = Attention(Qi, Ki, Vi) = 186

Softmax
(

QiKT
i√

dk

)
Vi, following the scaled dot- 187

product attention mechanism. The final MHA 188

output concatenates all head outputs and ap- 189

plies a linear projection. To highlight the 190

additive nature of multi-head contributions, 191

we decompose the output projection matrix 192

WO ∈ Rd×d into block form

WO
1

...
WO

n

, where 193

each WO
i ∈ Rdv×d corresponds to the projec- 194

tion for head i. This yields: 195

MHA(X) = Concat(O1, . . . , On)WO

= [O1 · · · On]

WO
1

...
WO

n


=

n∑
i=1

OiWO
i ,

(4) 196

showing that the output is a sum of individual 197
head contributions. Group Query Attention 198

(GQA) extends this framework by partitioning 199

n query heads into g groups, where each group 200

shares the same key-value pair. This design 201

reduces computational overhead while main- 202

taining representational capacity, effectively 203

interpolating between MHA (g = n) and multi- 204

query attention (g = 1) (Shazeer, 2019). 205

3.2 Knocking-Heads Attention 206

In MHA, each head operates with reduced di- 207

mensions, creating a low-rank bottleneck that 208

limits individual head expressiveness (Bhojana- 209

palli et al., 2020). Inspired by talking-heads at- 210

tention (Shazeer et al., 2020) and head-sharing 211

projections in collaborated attention (Cordon- 212

nier et al., 2020), we propose knocking-heads 213

attention (KHA). After WQ, WK , WV projec- 214

tions but before individual scaled dot-product 215

attention computations, KHA introduces head- 216

sharing projection matrices (i.e. knocking- 217

heads projections) alongside the original head- 218

specific projections that enable head interac- 219

tion while keeping head specification. 220

We explore two variants of knocking-heads 221

projections that offer complementary advan- 222

tages: linear transformations provide inference 223

efficiency through matrix absorption, while 224
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MLP transformations offer enhanced expres-225

siveness through non-linearity.226

KHA-Linear KHA-Linear applies shared227

linear transformations to enhance head coor-228

dination. For each head i, the transformed229

queries, keys, and values are computed as:230

Q̃i = QiTQ, TQ ∈ Rdk×dk , (5)231

K̃i = KiTK , TK ∈ Rdk×dk , (6)232

Ṽi = ViTV , TV ∈ Rdv×dv , (7)233

where TQ, TK , and TV are shared transfor-234

mation matrices across all heads. Crucially,235

during inference, these transformations can be236

absorbed into the original projection matrices:237

WQ′

i = WQ
i TQ, (8)238

WK′
i = WK

i TK , (9)239

WV ′
i = WV

i TV , (10)240

eliminating computation while preserving the241

benefits of enhanced head coordination.242

Key Takeway As we will demonstrate in243

Section 4.2.3, TV is the most critical compo-244

nent, as values learn head interactions most245

effectively. The transformations TQ and TK246

are optional, as their removal causes negligible247

performance degradation. Similar phenomenon248

can also be observed in the value residual (Zhou249

et al., 2025).250

KHA-MLP To leverage non-linear expres-251
siveness, we introduce an MLP-based transfor-252
mation that our experiments show outperforms253
pure linear approaches. Given the parameter254
overhead of applying MLP to all queries, keys,255
and values, we focus solely on the most critical256
values, which maintains the same parameter257
count as the linear variant while providing su-258
perior representational capacity:259

Ṽi = MLP(Vi)
= 2 ·

(
ViWup ⊙ Sigmoid(ViWgate)

)
Wdown,

(11)260

where Wup, Wgate, Wdown ∈ Rdv×dv are261

shared across all heads. We use sigmoid-262

activated MLPs to facilitate zero initialization.263

Our ablation studies confirm that applying gat-264

ing alone introduces detrimental effects, while265

the complete MLP structure enhances model266

expressiveness.267

3.3 Initialization Strategy268

The effectiveness of KHA relies critically on269

“zero" initialization of shared matrices to ensure270

they approximate identity mappings during 271

early training. Our experiments show that 272

random initialization causes loss to converge 273

to much higher values, potentially making all 274

heads overly similar. 275

For the KHA-Linear, we apply diagonal ini- 276

tialization to TQ, TK , and TV . For the KHA- 277

MLP, Wup and Wdown are diagonal-initialized, 278

while Wgate is zero-initialized. This ensures 279

that sigmoid(ViWgate) · 2 = 1 initially, which 280

motivates our choice of sigmoid activation in 281

Equation 11. 282

This initialization allows off-diagonal ele- 283

ments to progressively learn non-zero values, 284

enabling the model to first establish head spe- 285

cialization before learning inter-head interac- 286

tions. 287

3.4 Complexity Analysis 288

The training FLOPs for multi-head attention 289

can be computed as: 290

FLOPMHA = 6Ld2 + 4nL2dk + 2Ld2

= 8Ld2 + 4L2d,
(12) 291

where 6Ld2 accounts for query, key, and 292

value projection forward and backward passes, 293

4nL2dk represents attention score computa- 294

tion and attention-value multiplication, and 295

2Ld2 corresponds to the output projection ma- 296

trix WO. Assuming dffn = 3d, the training 297

FLOPs for the feed-forward network (FFN) 298

with up-gate-down structure can be computed 299

as: FLOPFFN = 6Ld · 3d = 18Ld2, where the 300

factor of 6 accounts for forward and backward 301

passes through three linear layers (up, gate, 302

and down projection). Therefore, the total 303

single-layer training FLOPs is: 304

FLOPtotal = FLOPMHA + FLOPFFN

= 26Ld2 + 4L2d.
(13) 305

For both knocking-heads variants, the addi- 306

tional training FLOPs are identical: 307

FLOPKHA = 6nL( d

n
)2 = 6Ld2

n
(14) 308

where n is the number of attention heads. 309

For a concrete example with L = 2048, d = 310

1024 and n = 32, the knocking-heads over- 311

head represents only 0.55% of the total layer 312

computation and 1.17% of the original MHA 313

computation, demonstrating the efficiency. 314
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4 Experiment315

4.1 Training Setup316

We conduct two sets of experiments: main ex-317

periments on 1T tokens and exploratory exper-318

iments on 100B tokens, both using high-quality319

multi-domain data.320

Architecture We adopt MoE architectures321

for most of our experiments, as they consis-322

tently outperform dense models under equiv-323

alent training FLOPs (Dai et al., 2024). To324

maintain expert load balancing, we implement325

an updated loss-free balancing strategy (Wang326

et al., 2024a; Su, 2025). We follow Qwen’s327

design (Yang et al., 2025) for attention imple-328

mentation with QK RMS normalization, and329

maintain a head dimension of 128 throughout330

all experiments. For the main experiments,331

we use a configuration with 128 experts where332

8 are activated, yielding 6.1B total parame-333

ters with 1.01B active parameters. We em-334

ploy 32 attention heads with grouped query335

attention (group size g = 4) For exploratory336

experiments, we scale down to 64 experts with337

4 activated and vary the hidden dimension to338

create model variants ranging from A0.44B-339

2.3B up to A1.6B-14.6B. These experiments340

evaluate different attention mechanisms includ-341

ing MHA, MQA, GTA, MLA, and GLA, as342

well as various GQA configurations.343

Hyperparameters All models are trained344

using Adam optimizer with weight decay 0.01,345

β1 = 0.9, β2 = 0.95, and gradient clipping346

at 1.0. We use FSDP for distributed train-347

ing. The learning rate schedule includes 5%348

warmup steps followed by cosine annealing to349

10% of peak rate at training completion. For350

main experiments, we use learning rate 4.78e-351

4, sequence length 8,192, and batch size 4.2M352

tokens. Exploratory experiments use learning353

rate 7.5e-4, sequence length 4,096, and batch354

size 2.1M tokens.355

4.2 Architecture Exploration356

We conduct exploratory experiments to evalu-357

ate KHA from the following perspectives. First,358

we examine the impact of different numbers of359

heads on KHA performance (Section 4.2.1).360

Second, we explore different positions and361

methods for applying knocking-heads projec-362

tions (Section 4.2.2). Third, we test the com-363

patibility of KHA with other attention variants 364

(Section 4.2.3). 365

4.2.1 Ablation Study on Head Number 366

Table 1: Loss of knocking-heads variants with dif-
ferent KV heads number in GQA (32 query heads).
All models reported are A0.8-6.6B MoE trained on
75B tokens. ∆L denotes the loss difference after
adopting KHA, where lower values are better.

Model
# KV heads

1 2 4 8 16 32

Baseline 1.864 1.855 1.856 1.851 1.849 1.846
KHA-MLP 1.846 1.835 1.832 1.832 1.833 1.83

∆L -0.017 -0.020 -0.024 -0.019 -0.016 -0.016
KHA-Linear 1.857 1.845 1.838 1.841 1.832 1.834

∆L -0.007 -0.010 -0.018 -0.010 -0.017 -0.012

KHA’s core mechanism relies on head- 367

sharing, making it sensitive to the number of 368

attention heads. We evaluate both KHA vari- 369

ants on GQA with varying KV head groups 370

while fixing query heads. All experiments were 371

performed using a 0.8B activated parameter 372

model (6.6B total parameters) trained on 75B 373

tokens. As shown in Table 1, the effective- 374

ness of KHA scales with KV head count. Both 375

variants show significant improvements as KV 376

heads increase from 1 to 4, confirming that 377

more heads provide greater opportunities for 378

cross-head information sharing. KHA-MLP 379

is more stable across different configurations 380

than the linear-based ones, likely due to the 381

diagonal-initialized MLP introducing beneficial 382

non-linearity beyond head-sharing alone. 383

Table 2: Loss comparison of knocking-heads vari-
ants across different shared projection types (linear,
gate, MLP) and positions (query, key, value). All
models reported are A0.8-6.6B MoE with GQA
(g = 4) trained on 75B tokens. Green indicates the
best setting and red indicates the worst setting.

Type Place Loss ∆L Type Place Loss ∆L
Q K V Q K V

- - - - 1.856 – Gate - - ✓ 1.919 +0.063

Linear

✓ - - 1.849 -
0.007 MLP

✓ - - 1.848 -
0.008

- ✓ - 1.848 -
0.008

- ✓ - 1.848 -
0.008

- - ✓ 1.839 -
0.017

- - ✓ 1.832 -
0.024

✓ ✓ ✓ 1.838 -
0.018

✓ ✓ ✓ 1.832 -
0.024
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4.2.2 Ablation Studies on Different384

Variants of Knocking-heads385

We experiment with knocking-heads variants386

beyond the KHA-Linear and KHA-MLP pre-387

sented in Section 3.2, exploring different ar-388

chitectural choices for inter-head knowledge389

sharing. The training setup is similar as Sec-390

tion 4.2.1 and we fix the group size g = 4 in391

GQA based on the results in Table 1. Our inves-392

tigation focused on two key design dimensions:393

(1) the type of shared transformation matrices394

(linear layers, gating mechanisms, or MLPs)395

and (2) their placement within the attention396

mechanism (query, key, or value projections).397

Table 2 reveals several interesting findings.398

First, incorporating shared transformations399

across attention heads consistently improves400

performance, with benefits observed across all401

three projection positions (Query, Key, Value)402

and for both linear and MLP-based transforma-403

tions. Interestingly, value projections benefit404

most from the knocking-heads mechanism, sug-405

gesting that sharing learned representations in406

the value space is particularly effective for cap-407

turing cross-head dependencies. When compar-408

ing transformation types, MLPs demonstrate409

better performance over linear layers for value410

projections. This advantage likely stems from411

non-linear activations in MLPs, but using stan-412

dalone gating mechanisms as shared transfor-413

mations proves detrimental to model.414

4.2.3 Compatibility with Other415

Attention Variants416

Table 3: Loss of knocking-heads on various atten-
tion variants with different head configurations. All
models reported are roughly A0.8-6.6B MoE trained
on 100B tokens. ∆L denotes the loss difference after
adopting KHA, where lower values indicate better
performance. KHA-MLP is used for all variants
except MLA, which uses KHA-Linear.

Model Head # KV # Query Cache Activated Baseline KHA ∆LDim. Head Head Params
MLA 128 4 8 512+64 970M 1.812 1.801 -0.011
GTA 128 4 32 512+64 868M 1.819 1.802 -0.017
MQA 128 1 32 256 859M 1.814 1.801 -0.013
GQA 128 8 16 2048 795M 1.801 1.791 -0.010
GQA 128 4 32 1024 880M 1.807 1.787 -0.020
MHA 128 16 16 4096 852M 1.795 1.785 -0.010

KHA can actually adapt to any form of multi-417

head attention mechanism, but we focus specif-418

ically on softmax-based attention here. Ex-419

cept for MLA, which only works with KHA-420

Linear because they don’t explicitly material-421

Table 4: Performance comparison with and without
KHA (32 query heads, 4 key/value heads), trained
on 1T tokens with 1.01B active and 6.1B total pa-
rameters. “Overall Average" is the average score
of all sub-tasks. Green values indicate improve-
ments, while red indicate decreases.

Metric Baseline KHA ∆ Score

General Knowledge
Reasoning

ARC-challenge 53.56 55.25 +1.69
AGIEval 32.97 31.33 -1.64
HellaSwag 62.44 62.13 -0.31
WinoGrande 60.85 63.77 +2.92
PIQA 76.39 74.86 -1.53
Average 57.24 57.47 +0.23

Professional
Knowledge

MMLU 51.22 51.24 +0.02
MMLU-Pro 23.42 21.62 -1.80
CMMLU 47.52 47.32 -0.20
C-Eval 49.07 47.02 -2.05
CommonsenseQA 59.05 59.54 +0.49
GPQA 26.26 27.27 +1.01
Average 42.76 42.34 -0.42

Language
Understanding

RACE-middle 69.08 73.40 +4.32
RACE-high 61.89 66.21 +4.32

Average 65.49 69.81 +4.32

Code

HumanEval-Plus 35.98 43.29 +7.31
MBPP 35.60 37.60 +2.00
MBPP-Plus 43.12 45.50 +2.38
Average 38.23 42.13 +3.90

Math
GSM8K 46.17 47.16 +0.99
MATH 32.66 33.44 +0.78
CMATH 66.30 69.40 +3.10
Average 48.38 50.00 +1.62

Overall Average 49.13 50.39 +1.26

ize queries/keys/values during inference, other 422

variants are compatible with both KHA-Linear 423

and KHA-MLP. Therefore, for MLA, we use 424

KHA-Linear, while for others, based on the re- 425

sults in Table 2, we use KHA-MLP. All experi- 426

ments were performed using a model with ap- 427

proximately 0.8B activated parameters (around 428

6.6B total parameters) trained on 100B tokens. 429

As shown in Table 3, KHA consistently 430

improves all tested variants including GQA, 431

MHA, GTA, and MQA. The results demon- 432

strate the ability of knocking-heads projec- 433

tions to recover performance losses incurred 434

by KV-cache optimizations, allowing models 435

to maintain memory efficiency without sacrific- 436

ing quality. For example, baseline GQA4(32) 437

underperforms MHA16(16) by 0.012 loss de- 438

spite using 4× less KV-cache. When both 439

apply knocking-heads projections, GQA4(32) 440

achieves a 0.02 loss reduction, shrinking the 441

gap between GQA4(32) and MHA16(16) to just 442

0.002. Notably, knocking-heads projections 443

even benefits GTA, which shares non-RoPE 444

features between keys and values, highlighting 445

knocking-heads projection’s broad generaliz- 446

ability. 447
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Table 5: Performance of KHA on different archi-
tectures with varying model sizes. All models are
trained on 100B tokens and adopt 4 key/value heads.
The best results in each row are shown in bold.

Type Params Layers Hidden GQA KHA- KHA-
Size MLP Linear

MoE
A0.44B-2.3B 12 1152 1.896 1.881−0.015 1.882−0.014
A0.8B-6.6B 18 1536 1.807 1.787−0.020 1.791−0.016
A1.6B-14.6B 23 2048 1.762 1.737−0.025 1.742−0.020

Dense
0.61B 24 1024 2.017 2.013−0.004 2.007−0.014
1.68B 24 2048 1.892 1.884−0.008 1.872−0.020
3.94B 36 2560 1.815 1.811−0.004 1.807−0.008

4.3 Large-scale Pretraining448

To validate KHA’s effectiveness in large-scale449

pre-training scenarios, we conducted controlled450

experiments on a 6.1B-parameter MoE model451

with 1.01B activated parameters, training on452

1T tokens. Based on results in Section 4.2,453

we chose a baseline configuration with GQA454

(g = 4) and 32 query heads to evaluate adding455

KHA-MLP’s impact. As shown in Fig. 2(Left),456

the baseline model exhibited numerous training457

spikes during the first half of training, whereas458

applying KHA significantly reduced spike fre-459

quency. Furthermore, once loss stabilized in460

the latter half of training, the model with KHA461

consistently achieved 0.015 lower loss at equiv-462

alent training steps.463

We comprehensively evaluated the final464

trained models on the downstream tasks men-465

tioned in Appendix A.2. The results in Table 4466

demonstrate that while performance on general467

knowledge and professional knowledge tasks re-468

mained comparable between models with and469

without KHA, significant improvements were470

observed in language understanding, code, and471

math tasks, with average score increases of472

4.32, 3.9, and 1.62 points, respectively. The473

overall average improvement across all tasks474

was 1.26 points. In summary, KHA has proven475

effective in large-scale training, not only sub-476

stantially reducing training loss spikes but also477

delivering superior model performance.478

4.4 Scalability Compared with479

Transformer480

As shown in Table 5, we evaluate KHA across481

different model architectures and scales, train-482

ing MoE models (2.3B-14.6B parameters) and483

dense models (0.61B-3.94B parameters) on484

100B tokens. All models employ GQA with485

4 KV heads, 32 query heads, and 128 head486

dimensions. Knocking-heads delivers substan- 487

tial improvements for MoE architectures: while 488

scaling baseline MoE from 6.6B to 14.6B pa- 489

rameters reduces loss by 0.045, knocking-heads 490

attention achieves a loss reduction of 0.02 with 491

negligible training overhead. The benefits be- 492

come more pronounced at larger MoE scales. 493

Additionally, we find that KHA-Linear provides 494

greater improvements on dense models. 495

4.5 Visualization 496

4.5.1 Training Stablity 497

We present the loss curves for selected exper- 498

iments from Section 4.3 and Section 4.4 in 499

Fig.2 and Fig.3, respectively. Loss spikes occur 500

more frequently during the first half of training, 501

with the 1.6B activated MoE model exhibiting 502

significantly higher spike frequency than the 503

0.4B activated mode. Across all model scales, 504

KHA effectively mitigates loss spikes and im- 505

proves training stability. For the 0.8B activated 506

MoE model, we compare loss curves of both 507

KHA-Linear and KHA-MLP against the base- 508

line. Both variants successfully reduce loss 509

spikes, confirming that the head-sharing mech- 510

anism itself suppresses training instability. We 511

hypothesize this stems from the head-sharing 512

mechanism acting as implicit regularization.
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Figure 3: Training loss curves before and after ap-
plying knocking-heads across different model sizes,
and the loss curves in (c) and (d) are smoothed for
better visualization.
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To further investigate why KHA improves 514
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Figure 4: Norm analysis for models in Section 4.3.

training stability, we computed the norms of515

intermediate activations, focusing on the out-516

puts and value states of different attention517

heads. As shown in Fig. 4, model trained with518

KHA exhibit consistently smaller intermediate-519

activation norms and a more balanced distri-520

bution across heads. In contrast, the baseline521

model shows larger and more uneven norm dis-522

tributions, particularly in later layers. In our523

view, this pattern arises because the shared524

modules in KHA constrain the degrees of free-525

dom of individual heads, leading to more uni-526

form head-wise activations.527

4.5.2 Learnt Weight of Shared Matrix528

We visualize the learned knocking-heads pro-529

jection parameters in Fig. 5. T Q and T K , both530

applied before QK normalization, show similar531

block-structured patterns: some feature dimen-532

sions exhibit low diagonal values indicating533

inter-head interaction learning, while others534

retain high diagonal values for head-specific535

information. Some layers even exhibit min-536

imal inter-head interaction, highlighting the537

adaptive nature of our method. Notably, T V538

displays a distinct pattern with consistently539

low diagonal values across layers, indicating ag-540

gressive head-sharing. This may explain why541

value projections yield greater improvements in542

Table. 2. When using MLPs, the gate matrices543

also exhibit clear structural patterns.544

4.6 Analysis of Head Specialization545

Motivated by the expert-specialization analy-546

ses in DeepSeek-MoE (Dai et al., 2024), we547

study how KHA affects attention-head special-548
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Figure 5: Visualization of learned knocking-heads
projection weights across different layers and types.
We apply 0-1 clipping to all knocking-heads projec-
tion weights except W gate, including T K , T Q, T V ,
W up, and W down, for comparative analysis.
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Figure 6: Loss with different number of randomly
masked attention heads.
ization. We use the large-scale model trained 549

in Section 4.3. For each layer, we randomly 550

mask a subset of heads by setting the corre- 551

sponding head outputs in Eq. 4 to zero. As 552

shown in Fig. 6, the loss increases more rapidly 553

with the number of masked heads when using 554

KHA. This sensitivity suggests tighter collab- 555

oration among attention heads under KHA, 556

making each head less substitutable. In con- 557

trast, the baseline without KHA exhibits more 558

independent and redundant heads. 559

5 Conclusion 560

We introduced KHA, a simple enhancement to 561

MHA that enables cross-head communication 562

through shared, diagonally-initialized trans- 563

formation matrices. Our method addresses 564

the limitation that attention heads operate in 565

isolation while adding less than 1% compu- 566

tational overhead. Through experiments on 567

1T tokens using 6.1B parameter MoE models, 568

we demonstrate that Knocking-Heads Atten- 569

tion achieves superior performance and signifi- 570

cantly improves training stability compared to 571

standard MHA. As a drop-in replacement for 572

standard MHA, our approach offers a practical 573

enhancement for transformer architectures. 574
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Limitations575

Although KHA exhibits many appealing prop-576

erties in our experiments, several challenges577

remain. While the training scale considered in578

this paper already exceeds that of most existing579

studies, KHA may still encounter unforeseen580

issues when scaled to substantially larger train-581

ing regimes. The improved training stability582

brought by KHA currently lacks deeper the-583

oretical understanding and warrants further584

analysis.585
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A Appendix822

A.1 Related Work823

A.1.1 Parameter Sharing in824

Architecture Design825

Parameter sharing is a fundamental design prin-826

ciple in deep learning architectures. In CNNs827

(LeCun et al., 2002), shared convolutional ker-828

nels enable translation equivariance and im-829

prove generalization capability. ALBERT (Lan830

et al., 2020) achieves significant parameter re-831

duction through cross-layer parameter sharing.832

DeepSeek-MoE (Dai et al., 2024) introduces833

shared experts to reduce parameter redundancy834

across routed experts. In this work, we in-835

troduce additional shared projection matrices836

(i.e., knocking-heads projections) across dif-837

ferent attention heads on top of the original838

head-specific projections to facilitate inter-head839

interaction and provide regularization effects.840

A.1.2 Comparison of Interactive-heads841

Attention Mechanisms842

We provide a comprehensive comparison of843

our knocking-heads attention with existing844

interactive-head mechanisms across multiple845

dimensions, as summarized in Table 6. Our846

analysis encompasses three representative ap-847

proaches: talking-heads attention (Shazeer848

et al., 2020), collaborated multi-head atten-849

tion (CollabHead) (Cordonnier et al., 2020),850

and mixture-of-head (MoH) (Jin et al., 2024).851

The compared methods employ fundamen-852

tally different interaction strategies. Talking-853

heads attention uses learnable transition ma-854

trices to directly combine attention weights855

across heads, achieving strong interaction but856

with high complexity and FlashAttention in-857

compatibility. MoH learns routers to select858

heads for different tokens, promoting head spe-859

cialization but lacking direct head interaction.860

CollabHead enables head interaction by replac-861

ing individual head transformation matrices862

with one large shared matrix across all heads,863

which compromises head specification and in-864

creases training FLOPs due to the enlarged865

shared matrix. Our knocking-heads mechanism866

achieves head interaction through lightweight867

feature-sharing modules inserted into existing868

attention variants, maintaining both strong in-869

teraction and head specification with minimal870

overhead.871

A.1.3 Loss Spikes in Pre-training 872

Loss spikes are a common challenge in large- 873

scale pretraining and are often induced by par- 874

ticular interactions between the training data 875

and the optimizer’s internal state (Team et al., 876

2025b). Recent work has identified various un- 877

derlying causes and solutions beyond simply 878

skipping problematic data batches (Chowdhery 879

et al., 2023). (Takase et al., 2023) found correla- 880

tions between loss spikes and gradient spikes in 881

specific parameters on 1.7B parameter models, 882

proposing scaled initialization for embedding 883

layers. (Qiu et al., 2025) reduced loss spikes 884

by introducing gating mechanisms to avoid 885

massive activations. Kimi-K2 (Team et al., 886

2025a) identified attention logit spikes in cer- 887

tain heads as the primary cause and proposed 888

QK-clip for mitigation. Our knocking-heads 889

structure addresses this issue differently—by 890

sharing transformation matrices across atten- 891

tion heads, it introduces regularization effects 892

by constraining the behavior of outlier heads, 893

leading to fewer gradient-norm spikes and loss 894

spikes. 895

A.2 Evaluation Benchmark 896

We assess model performance using a compre- 897

hensive benchmark spanning multiple down- 898

stream tasks, which collectively measure differ- 899

ent aspects of model competence. The evalua- 900

tion framework is organized into distinct task 901

categories, including: (a) General Knowledge 902

(e.g., ARC (Bhakthavatsalam et al., 2021), 903

AGIEval (Zhong et al., 2024), PIQA (Bisk 904

et al., 2020), HellaSwag (Zellers et al., 2019)) 905

(b) Language Understanding (e.g., RACE (Lai 906

et al., 2017)) (c) Professional Knowledge (e.g., 907

MMLU (Hendrycks et al., 2021a), CMMLU (Li 908

et al., 2024), MMLU-Pro (Wang et al., 2024b), 909

GPQA (Rein et al., 2023), C-Eval (Huang 910

et al., 2023), CommonsenseQA (Talmor et al., 911

2018))) (d) Math (e.g., GSM8K (Cobbe et al., 912

2021), MATH (Hendrycks et al., 2021b), 913

CMATH (Wei et al., 2023) (e) Code (e.g., 914

HumanEval-plus (Liu et al., 2023), MBPP (Tao 915

et al., 2024), MBPP-Plus (Liu et al., 2023). 916
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Table 6: Comparison of interactive-heads attention mechanisms: talking-heads (Shazeer et al., 2020),
collaborated multi-head (Cordonnier et al., 2020), mixture-of-head (Jin et al., 2024), and our knocking-
heads attention. “compute control" is about FLOPs, “compatibility" includes attention variants and
FlashAttention support, and “training stability" indicates loss spike frequency.

Interaction
Method

Head-
Interaction

Head-
Specifiction

Compa-
tibility

Compute
Control

Param
Control

Training
Stability

Talking-heads Mixing ✓Strong ✓Strong ✗ ✗ ✓ unknown
Collaborated-heads Sharing ✓Strong ✗Weak ✗ ✗ ✓ unknown
Mixture-of-head Re-weight ✗Weak ✓Strong ✓ ✓ ✓ unknown
Knocking-heads(Ours) Sharing ✓Strong ✓strong ✓ ✓ ✓ ✓
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