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Abstract001

Masked diffusion models (MDMs), which002
leverage bidirectional attention and a denois-003
ing process, are narrowing the performance004
gap with autoregressive models (ARMs). How-005
ever, their internal attention mechanisms re-006
main under-explored. This paper investigates007
the attention behaviors in MDMs, revealing008
the phenomenon of Attention Floating. Unlike009
ARMs, where attention converges to a fixed010
sink, MDMs exhibit dynamic, dispersed atten-011
tion anchors that shift across denoising steps012
and layers. Further analysis reveals its Shallow013
Structure-Aware, Deep Content-Focused atten-014
tion mechanism: shallow layers utilize floating015
tokens to build a global structural framework,016
while deeper layers allocate more capability017
toward capturing semantic content. Empiri-018
cally, this distinctive attention pattern provides019
a mechanistic explanation for the strong in-020
context learning capabilities of MDMs, allow-021
ing them to double the performance compared022
to ARMs in knowledge-intensive tasks. All023
codes and datasets will be available via GitHub.024

1 Introduction025

Large language models (LLMs) (Touvron et al.,026

2023; Qwen et al., 2025) have achieved remark-027

able success across a wide range of generation and028

reasoning tasks (Wei et al., 2022). The prevailing029

approach for LLMs has been autoregressive models030

(ARMs), where a Transformer is trained to predict031

tokens from left to right. Recent research on ARMs032

has uncovered a notable attention sink (Gu et al.,033

2024) phenomenon: a significant portion of the034

attention mass is systematically absorbed by a few035

initial tokens at the start of the sequence, which036

function as prominent static anchors for attention037

allocation. This rigid attention pattern biases the038

information flow toward early positions, which can039

lead to the “lost-in-the-middle” issue (Liu et al.,040

2024; Yao et al., 2025).041

Diffusion language models (DLMs) (Li et al., 042

2022; Liu et al., 2023; Shabalin et al., 2025b,a; Tae 043

et al., 2025) have recently emerged as a promising 044

alternative to the autoregressive paradigm, generat- 045

ing text through a multi-step denoising process that 046

relaxes the rigid left-to-right generation constraint 047

in ARMs. As the most prominent instantiation of 048

this paradigm, masked diffusion models (MDMs) 049

begin with a fully masked sequence, then iteratively 050

predict and fill a subset of masked positions across 051

a series of denoising steps. These models employ 052

bidirectional attention, enabling each position to 053

attend to all others. As the sequence evolves from 054

a fully masked state to a fully visible one, its vis- 055

ibility changes across denoising stages. However, 056

the impact of the gradual denoising process on 057

the attention mechanism remains unclear. Existing 058

work has primarily analyzed attention phenomena 059

in ARMs, such as induction heads (Olsson et al., 060

2022) and attention sinks (Gu et al., 2024), yet 061

the internal workings of MDMs are still largely 062

unexplored. 063

In this paper, we investigate the attention mech- 064

anism of MDMs and systematically analyze their 065

attention dynamics. Similar to ARMs, MDMs also 066

exhibit a subset of token positions that receive dis- 067

proportionately large attention mass. However, un- 068

like ARMs where this behavior often concentrates 069

at a fixed sink at the start of the sequence(typically 070

<BOS>), we identify the phenomenon of attention 071

floating: in MDMs, these dominant-attention an- 072

chors are dispersed across multiple positions and 073

can shift across denoising steps and layers (Fig- 074

ure 2). We refer to tokens at these positions as 075

floating tokens. Furthermore, we uncover a distinc- 076

tive mechanism underlying this behavior: Shallow 077

Structure-Aware, Deep Content-Focused. Through 078

a geometric decomposition of the pre-softmax at- 079

tention logits (QK) and an analysis of the special- 080

ization of retrieval heads, we demonstrate that the 081

shallow layers rely on structurally floating tokens 082
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Figure 1: Comparison of ARMs and MDMs.

to form a global framework, while the deeper layers083

gradually shift attention toward tokens that carry084

semantic information.085

Empirically, we demonstrate that the attention086

floating mechanism enhances knowledge utiliza-087

tion from in-context inputs. MDMs nearly double088

the performance gains of ARMs on knowledge-089

intensive tasks. To further dissect the underlying090

drivers of this performance gap, we conduct a se-091

ries of stress tests to evaluate the models’ resilience092

against contextual noise, positional biases, and093

complex evidence layouts. These tests reveal that094

MDMs maintain greater stability in diverse con-095

figurations than ARMs (Yao et al., 2025). Finally,096

we employ region-level attention flow analysis, a097

coarse-grained visualization that tracks how atten-098

tion mass moves between regions of the input (e.g.,099

<BOS>, query, and evidence), to uncover the under-100

lying mechanism: unlike ARMs that remain rigidly101

anchored at the sequence start, MDMs dynamically102

reorganize their internal information pathways to103

track relevant context actively. These findings pro-104

vide a mechanistic explanation for the superior ro-105

bustness of MDMs under in-context learning.106

2 Background: Generative Paradigms107

and Attention Mechanisms108

In this section, we provide the background for our109

analysis. We first clarify the architectural differ-110

ences between autoregressive models (ARMs) and111

masked diffusion models (MDMs), which motivate112

our investigation into their attention mechanisms.113

Subsequently, we introduce the attention sink def-114

inition and phenomenon in ARMs, which serves 115

as a comparative baseline for characterizing the 116

“attention floating” phenomenon in MDMs. 117

2.1 Generative Paradigms: From 118

Autoregressive Decoding to MDMs 119

To understand the attention mechanisms in LLMs, 120

we begin by contrasting the architectural differ- 121

ences between autoregressive models (ARMs) and 122

masked diffusion models (MDMs) in their decod- 123

ing paradigms. 124

As shown in Figure 1, the dominant paradigm, 125

ARMs, generate text through a strict left-to-right 126

sequential prediction process. This relies on causal 127

self-attention, where each token is restricted to 128

attending only to its predecessors. In contrast, 129

MDMs employ bidirectional attention, enabling 130

each token to attend to all other positions in the 131

sequence, regardless of their order, at every denois- 132

ing step. Starting from a fully masked sequence, 133

MDMs conduct denoising steps to recover the tar- 134

get response during inference. Specifically, they 135

progressively reconstruct the text over diffusion 136

time steps, updating multiple tokens in a single 137

step, which facilitates parallel generation. The tran- 138

sition from causal to bidirectional attention fun- 139

damentally alters the flow of information within 140

LLMs. Unlike ARMs, which face limitations such 141

as restricted receptive fields, MDMs provide a 142

global context view. However, it remains unclear 143

how this bidirectional visibility, coupled with time- 144

dependent denoising, impacts the model’s attention 145

patterns. To explore this, we first provide back- 146

ground on existing analyses of attention mecha- 147

nisms in Section 2.2. 148

2.2 Attention Analysis in Language Models 149

A large body of prior work has investigated how to 150

analyze attention mechanisms in language models 151

in order to identify the most influential parts of 152

the input (Clark et al., 2019). With the emergence 153

of LLMs, research has predominantly focused on 154

ARMs. Recent studies show that ARMs exhibit a 155

distinctive attention sink phenomenon (Gu et al., 156

2024), which has been widely analysed and ex- 157

ploited in practical settings such as streaming infer- 158

ence and long-context generation. 159

Specifically, in Transformer-based ARMs, left- 160

to-right dependencies are enforced via self- 161

attention with a causal mask. When a token se- 162

quence X = {x1, . . . , xn} is fed into the model, 163

ARMs encode it using the self-attention mecha- 164
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nism. At the l-th layer, the attention weight from165

the i-th token to the j-th token is obtained by av-166

eraging the attention scores over the m attention167

heads of ARMs:168

Aℓ
i→j =

1

m

m∑
h=1

Softmax

(
Q

(ℓ,h)
i K

(ℓ,h)⊤
j√

dh

)
, (1)169

where Q(ℓ,h) and K(ℓ,h) denote the query and key170

matrices of the h-th attention head at layer ℓ, and dh171

is the head dimension. Then, the average attention172

received by position j at layer ℓ is computed by173

taking the mean of the attention weights over all n174

input tokens X:175

Aℓ
j =

1

n

n∑
i=1

Aℓ
i→j , (2)176

Finally, the j-th token is regarded as the sink token177

if it satisfies the following criteria:178

Aℓ
j >

1

n− 1

n∑
k=1
k ̸=j

Aℓ
k + ϵ, (3)179

where k ranges over all positions in the input se-180

quence X and ϵ is a predefined threshold. In ARMs,181

early tokens are visible to all subsequent positions182

under the causal mask, making them natural global183

sinks, so the <BOS> token frequently dominates in184

practice. In contrast, MDMs adopt bidirectional185

attention mechanisms. It remains unclear whether186

the attention sink phenomenon persists under such187

attention patterns, which motivates our further in-188

vestigation.189

3 Attention: Floating Rather than190

Sinking in MDMs191

Following the attention sink phenomenon observed192

in ARMs, this section further investigates the atten-193

tion mechanism of MDMs and reveals the presence194

of attention floating. We then analyse the cate-195

gory of tokens that receive a larger attention weight196

(floating tokens) in MDMs.197

3.1 Attention Floating Phenomenon in MDMs198

To characterize how attention evolves across differ-199

ent layer depths and denoising steps, we analyze200

the attention floating mechanism of MDMs through201

attention visualization.202

Attention Floating Visualization. To illustrate203

the attention behavior in MDMs, we visualize the204

per-token attention weights over the input sequence205
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(b) Deep Layer (Layer 31).

Case 1 on GSM8K Dataset.
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(c) Shallow Layer (Layer 0).
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(d) Deep Layer (Layer 31).

Case 2 on 2wiki Dataset.

Figure 2: Positional Drift of Attention Floating across
Different Layers and Denoising Steps in MDM.

X from the shallow layer (Aℓ=0
j ) to the deep layer 206

(Aℓ=31
j ), computed using Eq. 2. 207

In MDMs, we observe an attention floating phe- 208

nomenon, where positions receiving large attention 209

mass shift across layers and further drift as de- 210

noising progresses. Moreover, this pattern exhibits 211

task-dependent variations. Figure 2 compares two 212

representative cases on GSM8K and 2WikiMQA 213

and shows that the attention floating phenomenon 214

is consistently present across both layer and task. 215

Across layers, the floating tokens concentrate at 216

clearly different token positions: in the shallow 217

layer (Figure 2a and Figure 2c), high-attention 218

columns spread across multiple positions and grad- 219

ually shift toward later token positions as the de- 220

noising step increases (from around position 17 221

before step 14 to position 34 after step 14, and 222

reaching position 46 after step 26 in Figure 2c), 223

whereas in the deep layer (Figure 2b and Figure 2d) 224

they become much sparser and concentrate on dif- 225

ferent positions. Moreover, in the same layer, the 226

floating positions differ across tasks: Case 1 and 227

Case 2 exhibit high-attention columns at different 228

token positions, suggesting that floating adapts to 229

task-specific input structure rather than remaining 230

fixed at a single position. We provide additional 231

visualizations across all layers for MDMs in Fig- 232

ure 10 and Figure 11 (Appendix A.2). 233

These observations motivate two complementary 234

analyses along layers and task settings. Section 4 235

takes a layer-wise view to decompose attention 236

behavior in MDMs. Section 5 takes a task-wise 237
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Figure 3: Layer-Wise Attention Absorption Rate in
ARMs and MDMs.

view to further examine the link between attention238

floating and robustness in learning from context.239

Attention Absorption Rate. We then identify240

the positions S of the tokens receiving dominant241

attention weights using Eq. 3, and use them to quan-242

tify how sink tokens in ARMs or floating tokens in243

MDMs collectively absorb attention.244

Specifically, we define the attention absorption245

rate of the ℓ-th layer as:246

Absorb(S, ℓ) =
∑
j∈S

Aℓ
j × 100% (4)247

where Aℓ
j denotes the head-averaged attention re-248

ceived by position j at layer ℓ, and S represents249

the position set of sink or floating tokens. Fig-250

ure 3 presents the absorption rates of typical ARMs251

(Llama and Qwen) and MDMs (Llada and Dream)252

across different layers. Both ARMs use a single253

<BOS> token as the sink token and exhibit an ex-254

tremely strong attention sink phenomenon. The255

sink token absorbs a disproportionately large frac-256

tion of the total attention mass across layers. In con-257

trast, MDMs yield lower absorption values. This258

clear discrepancy indicates that ARMs induce a259

rigid concentration of attention around the sink to-260

ken, whereas MDMs display a weaker and more261

distributed absorption pattern, which aligns pre-262

cisely with our notion of attention floating.263

3.2 Which Tokens Become Floating Tokens264

Beyond positional drift, we further investigate265

which types of tokens are prone to becoming float-266

ing tokens in MDMs.267

For each identified floating token, we classify its268

underlying vocabulary item into two categories: (i)269

structural tokens, including special control tokens270

(e.g., <BOS>, <|mdm_mask|>) as well as conven-271

tional formatting tokens such as punctuation and272

other layout symbols; and (ii) lexical tokens, cov- 273

ering content words and subwords. Unlike ARMs, 274

where the attention sink phenomenon is largely 275

dominated by a single special token <BOS>, as 276

shown in Table 3, floating tokens in MDMs are pre- 277

dominantly composed of high-frequency structural 278

tokens. Within this structural category, approxi- 279

mately 2% of all detected floating tokens corre- 280

spond to the model-specific denoising mask token 281

<|mdm_mask|>. These tokens function less as car- 282

riers of semantic content and more as “structural 283

controllers” that signal text boundaries and lay- 284

out organization, thereby anchoring local context 285

and stabilizing the overall sequence structure. The 286

frequency breakdown of floating tokens is summa- 287

rized in Appendix A.2. 288

4 Shallow Structure–Aware, Deep 289

Content–Focused Attention in MDMs 290

In this section, we take a layer-wise, model-level 291

view of attention in MDMs. We analyze how geo- 292

metric factors of attention vary across layers, lead- 293

ing to the hypothesis that attention floating shifts 294

from structural bias in shallow layers to seman- 295

tic content bias in deeper layers, and we then ver- 296

ify this hypothesis by locating retrieval-specialized 297

heads across depth and measuring their contribu- 298

tion to context-following behavior. 299

Self-Attention Decomposition. To systemati- 300

cally analyze attention floating in MDMs, we start 301

from the QK scoring mechanism analysis. 302

Existing work (Gu et al., 2024) on ARMs has 303

revealed that the salience of sink positions is pri- 304

marily manifested as a systematic advantage in 305

the directional (angular) term, while column-wise 306

differences in the scale (norm product) term are 307

relatively weak, and this phenomenon can be sum- 308

marized as a form of key bias. To disentangle the 309

effect of vector magnitude from directional align- 310

ment in the representation space of MDMs, we 311

explicitly decompose the QK score as follows: 312

QK⊤ = ∥Q∥ ∥K∥ cos θ, (5) 313

where Q and K denote the query and key vectors 314

and θ is the angle between them. This decompo- 315

sition separates the contribution of vector norms 316

∥Q∥ ∥K∥ from that of angular alignment cos θ. 317

Figure 4 illustrates the QK decomposition, and 318

heatmaps covering all layers are provided in Ap- 319

pendix A.2. The horizontal axis corresponds to key 320

positions, while the vertical axis corresponds to 321
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Figure 4: QK Geometric Decomposition across Differ-
ent Layers in MDM.

query positions. These floating tokens, identified322

from attention statistics, are marked along the hori-323

zontal axis. At each depth, we jointly present the324

pre-softmax score map (QK Score) together with325

its decomposed directional alignment component326

(Angular) and scale component (Norm Product).327

This visualization enables a direct in-depth com-328

parison to assess whether the QK advantage of329

floating key columns over other key columns is330

mainly attributable to stronger angular alignment,331

scale amplification, or their combined effect.332

The visualization results for MDMs indicate that,333

in shallow layers, the QK distribution (Figure 4a) is334

relatively dispersed, with no clear contrast formed335

between floating and non-floating positions. This336

suggests that shallow-layer attention is still in an ex-337

ploratory phase, not yet having established a stable338

structural anchoring pattern. As depth increases,339

the QK contrast between floating and non-floating340

positions reaches its peak: in Figure 4d, the verti-341

cal stripes at floating positions become particularly342

prominent, while the QK scores in non-floating re-343

gions remain relatively low. Combined with our344

empirical finding in Section 3.2 that the floating345

region is almost entirely occupied by structural346

tokens, this pattern suggests that attention at this347

stage preferentially latches onto structural anchors348

(a) Dream. (b) Llada.

Figure 5: Retrieval Head Analysis in MDMs.

to stabilize denoising and information aggregation. 349

At this stage, the QK score advantage of floating 350

tokens is jointly driven by direction (Figure 4e) and 351

scale (Figure 4f). In deeper layers (roughly after 352

layer 20), the scale term in Figure 4i exhibits an 353

opposite trend: floating positions show substan- 354

tially smaller scale magnitudes than non-floating 355

positions. Consequently, the scale term no longer 356

contributes positively to the elevated QK scores of 357

floating columns, and the remaining advantage of 358

the QK score can be attributed more consistently 359

to the directional alignment term (Figure 4h) it- 360

self. Meanwhile, the QK scores at non-floating 361

positions also rise noticeably, causing the overall 362

distribution between floating and non-floating po- 363

sitions to become more balanced. This indicates 364

that deep-layer attention, while maintaining focus 365

on structural anchors, also begins to allocate more 366

weight to tokens carrying semantic content. 367

Synthesizing these layer-wise patterns, we pro- 368

pose the following hypothesis: shallow layers are 369

still exploring global information; as depth in- 370

creases, attention relies more heavily on struc- 371

tural anchors and establishes a stable structural 372

framework; deep layers then build upon this frame- 373

work by progressively reallocating the attention 374

toward tokens that carry semantic content. We 375

refer to this transition from shallow exploration, 376

through increasingly strong structural anchoring, to 377

deep-layer content-driven behavior as the Shallow 378

Structure-Aware, Deep Content-Focused attention 379

mechanism. 380

Retrieval Head Analyses. To further verify the 381

above hypothesis, we conduct an analysis follow- 382

ing Wu et al. (2024) on retrieval-specialized heads. 383

Specifically, we assign each attention head a re- 384

trieval score that quantifies how frequently the head 385

allocates top-k attention to the ground-truth needle 386

tokens during final answer generation. A higher 387

score indicates that the head effectively routes infor- 388

mation from relevant context tokens into the output, 389
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Open-Domain QA Multi-hop QA Slot Filling

Model NQ TQA Marco QA HotpotQA T-REx Avg.

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Autoregressive Models
Llama 15.69 32.07 61.52 70.78 0.30 16.78 10.61 23.83 23.28 34.01 28.89
Llama w/ RAG 35.92 50.63 74.84 81.15 0.90 15.15 20.93 29.80 24.60 28.61 36.25 (+7.37)
Qwen 14.95 27.20 52.58 59.14 0.20 11.20 19.05 27.75 31.20 37.65 28.09
Qwen w/ RAG 34.16 50.07 72.61 80.35 0.50 16.11 24.50 34.05 30.02 34.97 37.74 (+9.64)

Masked Diffusion Models
Dream 17.48 27.13 47.81 53.37 0.53 13.36 16.96 24.30 27.54 33.22 26.16
Dream w/ RAG 38.66 53.22 76.39 82.32 0.90 19.25 24.23 34.17 29.46 35.42 39.39 (+13.23)
Llada 11.77 21.47 37.11 42.88 0.70 11.48 15.18 22.55 28.92 33.26 22.52
Llada w/ RAG 55.30 59.78 84.90 85.89 2.33 30.52 35.79 39.40 43.02 45.09 48.20 (+25.68)

Table 1: Overall Performance of ARMs and MDMs. The best results are highlighted.

whereas a lower score suggests that the head rarely390

contributes to context-following behavior. The re-391

sulting retrieval-score heatmap (Figure 5) reveals392

that, in MDMs, high-scoring heads are predomi-393

nantly concentrated in the middle and deeper layers.394

This pattern suggests that, with increasing depth,395

MDMs progressively allocate greater attention ca-396

pacity to content-sensitive retrieval heads that track397

context-bearing tokens. Such a depth-wise transi-398

tion from structurally oriented floating behavior to399

content-centric retrieval behavior is exactly in line400

with the Shallow Structure-Aware, Deep Content-401

Focused attention mechanism hypothesis.402

5 Attention Floating Improves403

Robustness in Learning from Context404

In this section, we transition from analyzing in-405

ternal mechanisms to empirically evaluating the406

model’s capability to learn from context. We begin407

in Section 5.1 by evaluating overall performance408

on a range of knowledge-intensive tasks, where we409

find that MDMs benefit more substantially from410

retrieved context than ARMs. Then, to better under-411

stand the sources of this performance disparity, Sec-412

tion 5.2 shows that attention floating contributes to413

robust learning from context through a set of stress414

tests. Finally, Section 5.3 investigates the infor-415

mation aggregation process through region-level416

attention flow, offering a mechanistic explanation417

for the empirically observed gains.418

5.1 Performance of ARMs and MDMs in419

Learning Knowledge from Contexts420

This section examines the overall performance of421

autoregressive models (ARMs) and masked diffu-422

sion models (MDMs) across knowledge-intensive423

tasks, with and without retrieved context. Detailed 424

dataset statistics are provided in Appendix A.2. 425

As shown in Table 1, autoregressive baselines 426

achieve slightly higher average scores than MDMs 427

in the close-book QA setting, which is consistent 428

with their stronger parametric capacity. However, 429

once we incorporate query-retrieved passages as 430

contextual input, MDMs not only close the per- 431

formance gap with ARMs, but also outperform 432

all ARM w/ RAG baselines across all QA scenar- 433

ios. MDMs w/ RAG achieve over 19.5% aver- 434

age improvement compared to their correspond- 435

ing baseline models, which is more than twice 436

the gain observed for ARMs when augmented 437

with retrieval (ARMs w/ RAG obtain 8.5% im- 438

provements). These results indicate that, although 439

MDMs start from a slightly weaker parametric 440

baseline, they are substantially more effective at 441

transforming retrieved evidence into end-task per- 442

formance gains. In the following experiments, we 443

further investigate how attention floating enables a 444

more retrieval-sensitive and context-driven utiliza- 445

tion of external knowledge. 446

5.2 Effectiveness of Attention Floating with 447

Contextual Stress Testing 448

To further examine how the attention floating sup- 449

ports robustness under context variations, we con- 450

duct a systematic evaluation along three key dimen- 451

sions: (i) contextual noise interference, (ii) position 452

perturbation, and (iii) evidence integration. 453

Contextual Noise Interference. To evaluate 454

model robustness under different signal-to-noise 455

conditions, we adopt an experimental setup fol- 456

lowing prior work (Hsieh et al., 2024): we fix the 457

context to contain exactly one gold document, grad- 458

ually increase the number of unrelated distractor 459
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Figure 6: Performance with Varying Numbers of Dis-
tractor Documents.

documents, and observe how model performance460

changes. As shown in Figure 6, as the number of461

distractor documents increases, the performance of462

the ARMs exhibits a gradual degradation, which463

may be attributed to the autoregressive generation464

architecture. In contrast, the MDM demonstrates465

substantially stronger noise resilience: even when466

the number of distractor documents is significantly467

increased, its accuracy degrades more mildly. This468

further indicates that MDMs are better at alleviat-469

ing the impact of irrelevant documents, supporting470

the view that the bidirectional attention mechanism471

of MDMs provides a form of global denoising.472

Position Perturbation. Beyond the impact of473

contextual noise, the position of key information474

within a long context also affects model perfor-475

mance (Liu et al., 2024). Specifically, we evaluate a476

multi-document QA task by systematically varying477

the position of the gold document among distrac-478

tors to examine the model’s sensitivity to evidence479

location. As illustrated in Figure 7a, ARMs ex-480

hibit a characteristic U-shaped performance curve,481

with accuracy peaking when the gold evidence is482

located near the boundaries and deteriorating when483

it appears in the middle. In contrast, MDMs show484

substantially smaller performance variance across485

different positions, suggesting that they are less486

sensitive to the location of key information. This487

positional robustness can be attributed to the at-488

tention floating mechanism: Unlike ARMs, which489

exhibit rigid sinking around <BOS> and a strong490

recency bias, MDMs can actively reorganize their491

attention distribution.492

Evidence Integration. We further investigate493

whether the architecture of MDMs leads to more ro-494

bust behavior in complex scenarios, particularly in495

multi-hop reasoning tasks where the reasoning out-496

0 1 2 3 4 5 6 7 8 9
Gold Document Index

55

60

65

70

Su
bE

M
 (%

)

Llama (Var=22.56)
Qwen (Var=12.22)
Llada (Var=10.36)
Dream (Var=5.97)

(a) Position Shift. (b) Evidence Integration.

Figure 7: Performance under (a) Position Perturbation
and (b) Evidence Integration Scenarios.

come requires the integration of information from 497

scattered evidence. Specifically, while keeping the 498

content unchanged, we systematically perturb the 499

distribution of these evidence documents within the 500

input context. As shown in Figure 7b, the ARM ex- 501

hibits pronounced sensitivity to different evidence 502

distribution, as evidenced by achieving a higher 503

variance score than MDMs. In contrast, the MDM 504

achieves superior average performance while main- 505

taining remarkable stability. The minimal variance 506

indicates that the MDM is largely insensitive to the 507

distribution of gold documents, demonstrating its 508

robust capability to effectively integrate evidence 509

from retrieved documents. 510

5.3 Attention Floating Analysis via 511

Region-Level Attention Flow 512

To better understand the underlying mechanisms 513

that lead to the superior performance of MDMs 514

across different scenarios, we analyze their inter- 515

nal information flow through the lens of atten- 516

tion mechanisms. This perspective enables a fine- 517

grained examination of how models dynamically 518

allocate attention across different input regions. 519

To characterize the information flow across all 520

layers, we adopt an attention-flow-style region- 521

level influence matrix (Abnar and Zuidema, 2020). 522

Concretely, we aggregate head-averaged attention 523

across layers into a position-level influence matrix, 524

and subsequently group contiguous positions into 525

coarse-grained regions corresponding to <BOS>, 526

Query, Doc1–Doc10, and Answer. The formal defi- 527

nition of the attention flow procedure is provided in 528

Appendix A.3. As illustrated in Figure 8 and Fig- 529

ure 9, we observe a clear qualitative distinction be- 530

tween ARMs and MDMs. For ARMs, the dominant 531

peak of the region-level flow remains tightly con- 532

centrated around <BOS>, exhibiting minimal sen- 533

sitivity to changes in evidence location. In contrast, 534

for MDMs, relocating the gold document results 535
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(a) Llada with the Gold Doc
at Position 1.

(b) Llada with the Gold Doc
at Position 5.

(c) Llada with the Gold Doc
at Position 10.

(d) Llama with Gold Doc at
Positions 1, 5, 10.

Figure 8: Region-Level Attention Flow of Llada (a–c)
and Llama (d) with Gold Doc at Different Positions.

in a corresponding shift of the high-intensity band536

in the region-level flow toward the ground-truth537

document segments. These results indicate that the538

dominant attention flow in ARMs behaves as a rigid539

sink in <BOS> and is insensitive to the position540

of the gold document. In comparison, MDMs ac-541

tively reorganize attention distributions to capture542

semantically relevant information, thus mitigating543

the influence of distracting documents.544

6 Related Work545

Autoregressive models (ARMs) remain the domi-546

nant paradigm but suffer from high latency and po-547

sitional bias due to their sequential, causal mecha-548

nism. To alleviate these limitations, a growing body549

of studies (Hersche et al., 2025; Liu et al., 2025a;550

Ni et al., 2025; Shao et al., 2025) on diffusion lan-551

guage models (DLMs) have explored replacing552

sequential autoregressive sampling with parallel553

generation via denoising, aiming to retain strong554

generation quality while improving parallelism and555

efficiency. Within the landscape of DLMs, recent556

research has increasingly converged on masked dif-557

fusion models (MDMs) (Nie et al., 2025; Ye et al.,558

2025), which operate natively over the discrete to-559

ken vocabulary. Unlike approaches that require560

mapping to continuous latent spaces, MDMs typi-561

cally initialize from sequences filled with special562

mask symbols. They define a forward process that563

injects masking noise and a reverse process that564

predicts tokens at masked positions in parallel to 565

reconstruct the text. While early MDMs (He et al., 566

2023; Zheng et al., 2023) were relatively small in 567

parameter and training scale, leaving a noticeable 568

performance gap compared to ARMs, recent scaled- 569

up MDMs (Wu et al., 2025; Liu et al., 2025b) have 570

successfully narrowed this gap on general language 571

modeling and downstream benchmarks, demon- 572

strating their potential as a competitive alternative. 573

In recent years, research on the mechanistic un- 574

derstanding and interpretability of large models 575

has progressed rapidly. In ARMs, prior work has 576

developed circuit-style analysis frameworks to elu- 577

cidate decomposable attention heads and compo- 578

sitional mechanisms, and has demonstrated that 579

induction heads can mechanistically account for 580

in-context learning (Elhage et al., 2021; Olsson 581

et al., 2022). Studies on long-context behavior 582

have further established clear empirical baselines 583

for positional sensitivity (Liu et al., 2024). In paral- 584

lel, the phenomenon of attention disproportionately 585

concentrating on early sequence positions, known 586

as the attention sink, has been systematically ana- 587

lyzed (Xiao et al., 2024; Gu et al., 2024). Similar 588

mechanistic analyses have been extended to DLMs, 589

including investigations that dissect internal fea- 590

tures and sources of bias, as well as work that 591

traces the evolution of interpretable concepts along 592

the denoising trajectory (Shi et al., 2025; Tinaz 593

et al., 2025). More recently, attention-sink analy- 594

ses have also been applied to DLMs, examining 595

how sink behavior interacts with the denoising pro- 596

cess (Rulli et al., 2025). Collectively, these lines of 597

work provide both the methodological foundation 598

and comparative reference points for our attention- 599

mechanism analysis in MDMs. 600

7 Conclusion 601

This paper investigates MDMs from the perspec- 602

tive of their attention behavior. We first iden- 603

tify and formalize a phenomenon termed atten- 604

tion floating, demonstrating that MDMs exhibit 605

weaker, more mobile, and structurally less con- 606

centrated attention patterns. Our analyses reveal a 607

Shallow Structure–Aware, Deep Content–Focused 608

attention mechanism. We then empirically evalu- 609

ate the MDM’s ability to learn from context and 610

conduct a series of experiments to show the crucial 611

role of the attention floating mechanism. These 612

findings deepen the understanding of the internal 613

working mechanisms of MDMs. 614
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8 Limitations615

This work has limitations that also point to promis-616

ing future directions. First, our analysis mainly fo-617

cuses on one category of Diffusion Language Mod-618

els (DLLMs)–Masked Diffusion Models (MDMs).619

While this focus allows for a controlled and in-620

depth investigation of attention floating under621

masked denoising dynamics, we do not explicitly622

evaluate other DLLM variants with different diffu-623

sion or denoising mechanisms. Future work could624

extend this analysis framework to a broader fam-625

ily of DLLMs and systematically compare how626

different architectures and denoising strategies af-627

fect floating patterns and retrieval gains. Second,628

our contributions are primarily centered on mecha-629

nism analysis, and we have not yet proposed train-630

ing or inference methods that can directly improve631

performance based on these findings; future work632

may explore turning floating signals into learn-633

able regularizers or developing denoising-style con-634

text modeling for multi-document evidence integra-635

tion, thereby closing the loop from mechanism to636

method.637
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A Appendix800

A.1 License801

This section summarizes the licenses (or usage802

terms) of the datasets used in our experiments.803

All datasets are used under their respective li-804

censes and agreements, which permit academic805

research use: Natural Questions (CC BY-SA 3.0806

License); TriviaQA and 2WikiMQA (Apache 2.0807

License); HotpotQA (CC BY-SA 4.0 License); T-808

REx (CC BY-SA 4.0 License); GSM8K (MIT Li-809

cense), and MS MARCO QA, which is provided810

under the MS MARCO Terms and Conditions for811

non-commercial research purposes.812

A.2 Additional Experimental Details813

Dataset Statistics for Knowledge-Intensive814

Tasks. We evaluate all models on a suite of815

retrieval-augmented knowledge-intensive bench-816

marks that follow the evaluation configuration of Li817

et al. (2025). The datasets span open-domain QA,818

multi-hop reasoning, and slot-filling style ques-819

tions. For each dataset, we use the same retrieval820

corpus and context construction strategy as in Li821

et al. (2025), and report results on evaluation-only822

splits. Table 2 summarizes the basic statistics of823

the datasets used in our experiments.824

Additional Visualizations of Positional Drift.825

We include additional visualizations of positional826

drift in attention floating for Llada and Dream827

across denoising steps. Figure 10 and Figure 11828

provide qualitative support for the layer-dependent829

drift patterns discussed in the main text.830

High-Frequency Floating Token Statistics. Ta-831

ble 3 reports the most frequent floating tokens832

ranked by their overall proportion. The statistics833

show that floating tokens are dominated by high-834

frequency structural symbols (e.g., newline, end-of-835

text, mask tokens, and punctuation), while lexical836

content tokens appear much less frequently, sup-837

porting our structural-controller interpretation.838

Layer-wise QK Decomposition Heatmaps. We839

provide visualizations of the layer-wise QK de-840

composition across all layers, including the QK841

scores, angular and norm products in Figure 12–842

Figure 17, confirming that the proposed Shallow843

Structure-Aware, Deep Content-Focused attention844

mechanism is not an artifact of cropping or local845

windows.846

Task Dataset Total

Open-domain QA
Natural Questions (2019) 2,837
TriviaQA (2017) 5,359
MARCO QA (2016) 3,000

Multi-hop QA HotpotQA (2018) 5,000

Slot Filling T-REx (2018) 5,000

Table 2: Dataset statistics for Knowledge-Intensive
Tasks.

A.3 Attention Flow for Multi-Document RAG 847

This section provides the formal definition of the 848

attention flow procedure following (Abnar and 849

Zuidema, 2020) used in our analysis. 850

Token-Level Influence Matrix. To account for 851

residual connections in Transformers, we first aug- 852

ment the attention weights with a residual term: 853

Āℓ
i→j = αAℓ

i→j + (1− α)δi→j , (6) 854

where α is a hyperparameter controlling the bal- 855

ance between attention and residual connections, 856

and δi→j is the Kronecker delta. Following Ab- 857

nar and Zuidema (2020), we set α = 0.5. Since 858

adding the residual term changes the row sums, we 859

re-normalize using the average attention received 860

by each position: 861

Ãℓ
i→j =

Āℓ
i→j∑n

i=1 Ā
ℓ
i→j

, (7) 862

where n denotes the length of the sequence. We 863

then accumulate attention across layers via matrix 864

multiplication. Let Ãℓ ∈ Rn×n denote the adjusted 865

attention matrix at layer ℓ. The token-level influ- 866

ence matrix is: 867

R =

L∏
ℓ=1

Ãℓ, (8) 868

where Ri→j represents the cumulative flow of in- 869

formation from position i to position j across all 870

layers. 871

Region-Level Influence Matrix. In the multi- 872

document RAG setting, we partition the sequence 873

into contiguous regions corresponding to <BOS>, 874

Query, Doc1–Doc10, and Answer. Let Ip be the set 875

of token indices belonging to region p and Iq the 876

set for region q. We aggregate the token-level influ- 877

ences into a region-level matrix Rregion ∈ RP×P 878

via: 879

Rregion
p→q =

1

|Ip| |Iq|
∑
i∈Ip

∑
j∈Iq

Ri→j . (9) 880
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Rank Token Prop. Type

1 \n 61.09% Structural
2 <|endoftext|> 28.70% Structural
3 ␣ 3.34% Structural
4 <|mdm_mask|> 2.13% Structural
5 , 1.23% Structural
6 . 0.87% Structural
7 ) 0.53% Structural
8 ? 0.38% Structural
9 the 0.24% Lexical

Table 3: High-Frequency Floating Token Statistics.

(a) Dream with the Gold Doc
at Position 1.

(b) Dream with the Gold Doc
at Position 5.

(c) Dream with the Gold Doc
at Position 10 .

(d) Qwen with Gold Doc at
Positions 1, 5, 10.

Figure 9: Region-Level Attention Flow for Dream (a–c)
and Qwen (d) under Different Evidence Positions.

where P is the number of regions. For visualiza-881

tion, we row-normalize Rregion so that each row882

represents the relative distribution of outgoing in-883

fluence from a source region to all target regions.884

Region-Level Attention Flow for Other Mod-885

els. To verify that the observed positional behav-886

ior is consistent across model families, we addi-887

tionally visualize the region-level attention flow for888

Dream (MDM) and Qwen (ARM) under different889

gold-document positions. As shown in Figure 9,890

Dream exhibits a clear shift of high-intensity flow891

toward the relocated evidence regions, while Qwen892

remains rigidly sunk in <BOS> region.893
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Figure 10: Positional Drift of Attention Floating in Llada.
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Figure 11: Positional Drift of Attention Floating in Dream.
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Figure 12: QK Score in Llada.
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Figure 13: Angular in Llada.
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Figure 14: Norm Product in Llada.
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Figure 15: QK Score in Dream.
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Figure 16: Angular in Dream.
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Figure 17: Norm Product in Dream.
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