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Abstract001

Transformers commonly exhibit an attention002
sink: disproportionately high attention to the003
first position. We study this behavior in GPT-004
2–style models with learned query biases and005
absolute positional embeddings. Combining006
analysis with targeted interventions, we find007
that the sink arises from the interaction among008
(i) a learned query bias, (ii) the first-layer trans-009
formation of the positional encoding and (iii)010
structure in the key projection. Together with011
observations of sinks in models without query012
biases or absolute positional embeddings (e.g.,013
ALiBi), this indicates that attention sinks do not014
arise from a single universal mechanism but in-015
stead depend on architecture. These findings016
inform mitigation of attention sink, and moti-017
vate broader investigation of sink mechanisms018
across different architectures.019

1 Introduction020

Transformers (Vaswani et al., 2017) routinely dis-021

play an attention sink: a persistent tendency to022

allocate disproportionate attention mass to early023

(often first) positions independent of semantic con-024

tent (Xiao et al., 2024; Gu et al., 2025). The ef-025

fect is robust across many language and vision ar-026

chitectures. It has been observed across training027

stages and hyperparameters (Gu et al., 2025; Guo028

et al., 2024), across model families and datasets029

(Xiao et al., 2024), and under diverse positional en-030

codings—including absolute and learnable embed-031

dings, ALiBi (Press et al., 2022), RoPE (Su et al.,032

2023), and even no explicit positional encodings033

(Gu et al., 2025). Similar sink-like patterns have034

also been reported in large multimodal systems and035

vision transformers (Kang et al., 2025; Wang et al.,036

2025; Feng and Sun, 2025). Together, these results037

indicate a robust, recurring phenomenon rather than038

a quirk of any single training recipe.039

The practical stakes are significant. Attention040

sinks can reduce effective context use and lower ac-041

curacy (Yu et al., 2024; Guo et al., 2024), aggravate 042

numerical error and hinder quantization (Sun et al., 043

2024; Lin et al., 2024), and obscure interpretability 044

by dominating attention maps (Guo et al., 2024). 045

Understanding when sinks arise and how to con- 046

trol them is therefore directly relevant for model 047

performance and interpretability. 048

We study the sink mechanistically in GPT- 049

2–style Transformers with learned query biases 050

and absolute positional embeddings (Radford et al., 051

2019). Combining descriptive measurements with 052

targeted causal interventions, we tie the first-token 053

sink to three interacting components: learned query 054

bias, first-layer transformation of positional infor- 055

mation (captured by effective positional encoding, 056

EPE), and structure in the key projection. To estab- 057

lish causality, we pair each measurement with tar- 058

geted interventions showing the sink weakens, dis- 059

appears, or moves accordingly; additionally, when 060

alternative explanations are plausible, we ablate 061

them and find the sink persists, isolating the causal 062

pathway. 063

Finally, we situate these findings within the 064

broader ecosystem. Many popular architectures 065

do not include the components our GPT-2 analy- 066

sis identifies as central in this setting: they omit 067

learned attention biases and use alternative po- 068

sitional schemes (for example AliBi) instead of 069

absolute embeddings, or even omit explicit po- 070

sitional encodings completely (NoPE) (Touvron 071

et al., 2023; Chowdhery et al., 2022; Su et al., 072

2023; Press et al., 2022; Irie et al., 2019). Yet 073

such models also robustly exhibit attention sinks 074

(Gu et al., 2025; Xiao et al., 2024). Thus, the GPT- 075

2 mechanism we uncover cannot account for their 076

sinks. The behavior is robust across families, but 077

the implementation pathway depends on architec- 078

ture. This has two implications: first, attention 079

sinks may play a fundamental computational role 080

that arises irrespective of particular architectural 081

choices. Second, effective mitigation should be 082
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mechanism-aware rather than a one-size-fits-all ap-083

proach.084

2 Preliminaries085

2.1 Attention mechanism086

Let X(i) = [x
(i)
1 , . . . , x

(i)
n ] denote the input to atten-087

tion layer i, where x
(i)
t ∈ Rd is the representation088

for position t (after LayerNorm). We denote pro-089

jection matrices and biases by W
(i)
q ,W

(i)
k ,W

(i)
v ∈090

Rd×d and b
(i)
Q , b

(i)
K , b

(i)
V ∈ Rd. Queries, keys,091

and values are: q
(i)
t = x

(i)
t W

(i)
q + b

(i)
Q , k

(i)
t =092

x
(i)
t W

(i)
k + b

(i)
K , and v

(i)
t = x

(i)
t W

(i)
v + b

(i)
V . Some093

architectures include biases (Zhang et al. (2022);094

Yang et al. (2024)), others omit them (Touvron et al.095

(2023); Dehghani et al. (2023); Chowdhery et al.096

(2022)).097

For autoregressive generation, attention weights098

are αtj = softmaxj
(
q
(i)
t (k

(i)
j )⊤/

√
d
)

where the099

softmax is over valid positions j ≤ t. Multi-head100

attention divides the feature dimension across h101

heads, computing attention independently within102

each head’s subspace before concatenating outputs.103

For simplicity, our experiments treat Wk and bQ in104

their original form prior to head-wise reshaping.105

2.2 Positional encoding106

Attention layers are not inherently order-aware;107

apart from masking-induced structure, they are108

invariant to input permutations. To address this,109

Transformers incorporate positional information110

through various schemes (Su et al. (2023), Press111

et al. (2022)). We focus on learned absolute112

positional encodings: a set of trainable vectors113

{pi}Li=1 ⊂ Rd, where i is the token position and L114

is the sequence length. These are added to token115

embeddings ei: x
(0)
i = ei + pi.116

2.2.1 Effective positional encoding (EPE)117

We define the effective positional encoding (EPE)118

for position i as EPEi = MLP(1)(pi) + pi, where119

MLP(1) is the first layer’s feed-forward network120

applied to raw positional encoding pi. We term this121

“effective” because it captures the net positional sig-122

nal emerging after first-layer transformation. Ex-123

perimentally, adding EPEi to the first layer’s out-124

put (when no positional encoding was initially pro-125

vided) has roughly the same effect as adding pi126

before the first layer, demonstrating that EPEi rep-127

resents the effective positional contribution (see128

section A.1 for details).129

3 Methodology and Results 130

We first describe the mechanism underlying atten- 131

tion sinks in models with learnable query biases 132

and absolute positional encodings. Then, we pro- 133

vide evidence through experimental analyses and 134

causal interventions. 135

Throughout, we use the sentence "It was the 136

best of times, it was the worst of times, it was the 137

age of wisdom." 1 as input, but results are similar 138

for nearly any sentence of this length (see more 139

examples in section C) 140

3.1 The Mechanism behind Attention Sinks 141

Consider layer i. Before softmax, the attention 142

score from source position t to target position j 143

is s(i)t→j = q
(i)
t (k

(i)
j )⊤, with q

(i)
t = x

(i)
t W

(i)
q + b

(i)
Q 144

and k
(i)
j = x

(i)
j W

(i)
k + b

(i)
K . Expanding gives 145

s
(i)
t→j = (x

(i)
t W (i)

q )(x
(i)
j W

(i)
k )⊤ + (x

(i)
t W (i)

q )b
(i)⊤

K

+ (b
(i)
Q )(x

(i)
j W

(i)
k )⊤ + (b

(i)
Q )b

(i)⊤
K .

146

The third term, ∆(i)
j ≜ b

(i)
Q W

(i)⊤
k x

(i)⊤
j , is a token- 147

specific, source-agnostic shift: it raises or lowers 148

the score for all sources t toward the same target 149

j. This term represents the projection of token j’s 150

representation onto the direction b
(i)
Q W

(i)⊤
k . We 151

find that this bias term for the first token, ∆(i)
1 , is 152

conspicuously large in most deep layers, creating a 153

strong prior to attend to position 1. The underlying 154

reason for the large ∆
(i)
1 is the effective positional 155

encoding EPE1. EPE1 has very large absolute 156

values on a small set of coordinates (a phenomenon 157

called massive activations (Sun et al., 2024)) which 158

are exactly those coordinates where b
(i)
Q W

(i)⊤
k has 159

the largest magnitude in almost all layers. This co- 160

adaptation enables EPE1 to dramatically amplify 161

∆
(i)
1 , yielding an attention sink at the first position. 162

3.2 Empirical Validation 163

We validate our proposed mechanism through three 164

complementary analyses on GPT-2 (more detail in 165

section B), followed by causal interventions that 166

confirm the necessity of each component described 167

in section 3.1. In section 3.2.1 we show that ∆(i)
1 168

is conspicuously large relative to other positions 169

across multiple layers. We then investigate its 170

underlying cause and show in section 3.2.2 that 171

1From "A Tale of Two Cities" by Charles Dickens, pub-
lished in 1859.
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Figure 1: Distribution of bias terms ∆
(10)
j across po-

sitions. The first-position term ∆
(10)
1 (red) centers

at ≈ 100, while all other positions (blue) center at
≈ −140, demonstrating a learned preference for the
first token.

EPE1W
(i)
k exhibits strong alignment with vector172

b
(i)
Q in deep layers. In section 3.2.3 we establish173

that EPE1 exhibits massive activations precisely174

at coordinates where the bias projection b
(i)
Q W

(i)⊤
k175

has high magnitude. Finally, in section 3.2.4 we use176

causal interventions to verify that disrupting any177

component abolishes the sink while transplanting178

components transfers it to new positions.179

3.2.1 Bias Term Magnitude Analysis180

First, we verify that ∆
(i)
j ≜ b

(i)
Q W

(i)⊤
k x

(i)⊤
j is181

anomalously large for position 1. Histograms of182

∆
(i)
j across positions j show ∆

(i)
1 as a consistent183

distinct outlier. fig. 1 shows this for layer 10, where184

∆
(i)
1 substantially exceeds other positions (results185

across all layers are in Appendix A.2).186

3.2.2 EPE-Bias Projection Alignment187

Having established the magnitude of ∆(i)
1 , we in-188

vestigate its underlying cause. Since x
(i)
1 contains189

both token and positional information, it remains to190

disentangle which of the two is responsible for the191

large ∆
(i)
1 . To that end, we examine alignment be-192

tween EPE1W
(i)
k and query bias b(i)Q . fig. 2 shows193

EPE1W
(10)
k strongly aligns with b

(10)
Q , while other194

positions cluster near zero (full results for all layers195

are in Appendix A.3).196

3.2.3 Coordinate-Level Structural Analysis197

Massive coordinates of EPE1 should coincide with198

coordinates favored by the bias projection. Let199

γ(i) = b
(i)
Q W

(i)⊤
k ∈ Rd; its entry γ(i)[d] measures200

coordinate d’s contribution to source-agnostic shift201

Figure 2: Cosine similarity between query bias b(10)Q and

EPEW
(10)
k . EPE1W

(10)
k (red) shows strong positive

alignment (≈ 0.7), while other positions (blue) cluster
near -0.1.

Layer Baseline (rand) d=138 d=447

layer 7 1.12±2.701 12.453 18.17
layer 9 1.23±3.225 17.846 26.014
layer 11 1.403±4.002 27.547 27.691

Table 1: γ(i) = b
(i)
Q W

(i)⊤
k at coordinates where EPE1

has massive activations (dims 138, 447) versus the base-
line mean ± two standard deviations across all coor-
dinates. The massive-EPE1 coordinates consistently
exceed the baseline by wide margins, demonstrating
that EPE1 is irregularly large precisely where the bias
projection has strong influence.

∆
(i)
j . We identify coordinates with conspicuously 202

large absolute values in EPE1 (see Appendix A.4 203

for details). For each such coordinate d, we com- 204

pare |γ(i)[d]| against other rows. table 1 shows 205

massive coordinates (d=138, 447) substantially ex- 206

ceed baseline, confirming EPE1 is large exactly 207

where bias projection is large (full results for all 208

layers are in Appendix A.5). 209

3.2.4 Causal Interventions 210

To establish causality beyond correlation, we per- 211

form targeted interventions on each mechanism 212

component during forward passes to test neces- 213

sity (removing a component) and sufficiency (trans- 214

planting it) of each component. Full intervention 215

results across all layers are provided in Appendix 216

A.6. 217

• Intervention 1 — Nullify bQ (query bias is nec- 218

essary). Set bQ to zero; the sink substantially 219

diminishes (fig. 3b), showing that bQ is neces- 220

sary for the large first-token contribution. 221

• Intervention 2 — Replace EPE1 (specificity of 222
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(a) No intervention (b) nullify bQ (c) remove first EPE (d) move first EPE

(e) nullify BOS (f) nullify massive activation
rows of Wk

(g) nullify random rows of
Wk

Figure 3: Comparison of attention maps under different interventions. (a) no intervention; (b) intervention 1: nullify
bQ; (c) intervention 2: remove the learned EPE at position 1 and add a different EPE (the second); (d) intervention
3: transplant the learned EPE to another position (the second). (e) intervention 4: nullify BOS token embedding. (f)
intervention 5: nullify massive activation rows of Wk. (g) nullify random rows of Wk.

the positional signal). Swap EPE1 with another223

position’s EPE; the first-position sink disappears224

(fig. 3c), indicating that EPE1 is critical to in-225

duce a sink.226

• Intervention 3 — Moving EPE1 induces a sink227

at the new token (sufficiency). We transplant228

EPE1 from position 1 to position 2 (and give229

position 1 a different EPE). A strong sink forms230

at position 2 (fig. 3d), demonstrating that EPE1231

is sufficient to elicit a sink at the new location.232

• Intervention 4 — BOS token does not drive233

the sink. We zero the BOS token embedding be-234

fore adding positional signals. The sink persists235

(fig. 3e), ruling out the embedding of the BOS236

token as a main driver of the sink.237

• Intervention 5 — Zero Wk at bias-projection238

coordinates (structural pathway is necessary).239

Zero Wk rows at massive-EPE1 coordinates240

compared to zeroing Wk rows at random coordi-241

nates; only the prior case substantially reduces242

the sink (fig. 3f, fig. 3g), confirming that these243

specific coordinates are core drivers for translat-244

ing EPE1 into the attention bias.245

4 Conclusions246

Attention sinks are robust across Transformer ar-247

chitectures and modalities, but mechanisms dif-248

fer by architecture. In GPT-2–style models, we 249

identify a concrete implementation pathway: in- 250

teraction between (i) a learned query bias, (ii) the 251

first-layer transformation of positional information, 252

and (iii) structure in the key projection. Crucially, 253

this circuit cannot account for sinks in architec- 254

tures lacking these components—models without 255

learned query biases or that use alternative posi- 256

tional schemes (ALiBi, or no positional encod- 257

ings)—yet these also exhibit attention sinks. This 258

implies that while attention sinks are robust as a 259

phenomenon, they are not governed by a single 260

universal mechanism. 261

Implications The lack of a single universal mech- 262

anism hints that when a pathway exist, training re- 263

liably discovers a circuit that implement the sink 264

behavior. This has important implications for both 265

understanding and controlling these phenomena. 266

First, it suggests that attention sinks may serve a 267

fundamental computational role that emerges re- 268

gardless of specific architectural choices. Second, 269

it indicates that effective mitigation strategies must 270

be mechanism-aware. Naive interventions targeting 271

individual components will likely fail, as optimiza- 272

tion can compensate through alternative pathways. 273

Instead, successful approaches must either address 274

the computational pressures that drive sink forma- 275

tion, or develop architecture-specific interventions. 276
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5 Limitations277

5.1 Scope across architectures and scales278

Our analyses focus on a GPT-2–style model with279

learned query biases and absolute positional encod-280

ings. The broader Transformer ecosystem includes281

architectures that omit such biases or use alterna-282

tive positional schemes (e.g., RoPE, ALiBi). While283

we do show that the same circuit can not form in284

those settings, we leave the investigation of specific285

mechanisms that do form in these models to future286

work. In addition, GPT-2 is small by contempo-287

rary standards; with scale, the mechanism could288

strengthen, fragment into multiple pathways, or be289

replaced by different circuits.290

5.2 Mechanism vs. function291

Our contribution is mechanistic: we explain how292

an attention sink can be implemented in the studied293

architecture. We do not claim a definitive func-294

tional rationale for why such a sink is beneficial or295

harmful across tasks. Establishing the downstream296

utility or cost of the sink, and the conditions un-297

der which it is selected by optimization, is left for298

future work.299
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A Further Experiments402

A.1 Effective positional encoding403

demonstration404

In this section, we illustrate that EPEi roughly cap-405

tures the net positional signal that is added to the406

input after the first layer’s transformation when407

adding the positional encoding pi to the input x(0)i .408

To that end, we define an approximation of the409

result of processing the input by the first MLP:410

Ri := x
(0)
i + MLP (1)(x

(0)
i ). We then define the411

input without positional information ei := x
(0)
i −pi,412

and the result of processing the input without the413

positional information: Oi = ei + MLP (1)(ei).414

We then compare EPEi to the difference Ri −Oi,415

computing the cosine similarity for each token i.416

This directly measures whether the incremental417

contribution caused by adding pi aligns in direc-418

tion with EPEi. The results range between 0.828419

at the lowest and 0.997 at the highest (fig. 4). These420

similarities are very high, indicating that EPEi rep-421

resents the effective contribution of positional infor-422

mation after being processed through the network’s423

initial transformations.424

A.2 Bias Term Magnitude Across All Layers425

This section reproduces the bias-term magnitude426

analysis from section 3.2.1 across all layers: we427

plot the distribution of ∆
(i)
j ≜ b

(i)
Q W

(i)⊤
k x

(i)⊤
j ,428

across positions for each layer (cf. fig. 1). In most429

layers, the first-position term ∆
(i)
1 is a conspicu-430

ous outlier, indicating a strong prior to attend to431

position 1 (see fig. 6).432

Figure 4: Cosine similarity between EPEi and the dif-
ference Ri −Oi for each token i in the input.

A.3 EPE-Bias Alignment Across All Layers 433

This section repeats the alignment analysis from 434

section 3.2.2: for each layer i and position j we 435

compute cos
(
b
(i)
Q , EPEjW

(i)
k

)
, highlighting posi- 436

tion 1. In most layers, position 1 shows strong pos- 437

itive alignment while other positions do not (see 438

fig. 7). 439

A.4 Identifying Massive Activations in 440

First-Position EPE 441

This section explains how we identify coordinates 442

with unusually large absolute values in EPE1. We 443

select coordinates whose absolute values exceed 444

the mean absolute value by at least three standard 445

deviations; in our model this criterion selects in- 446

dices 138, 378 and 447. Elements at these indices 447

are clear outliers, each more than 15 standard devi- 448

ations away from the mean. Each such selected di- 449

mension exhibits the coordinate-level phenomenon 450

described in section 3.2.3 (i.e., large |γ(i)[d]| and 451

a strong contribution to the source-agnostic shift). 452

See fig. 5 for a visualization of EPE1. It is clear 453

visually that coordinates 138, 378, and 447 have 454

conspicuously larger norms than other indices. 455

A.5 Coordinate-Level Alignment Across All 456

Layers 457

This section tabulates γ(i) = b
(i)
Q W

(i)⊤
k at coordi- 458

nates where |EPE1| is conspicuously large, mirror- 459

ing the coordinate-level analysis in section 3.2.3. 460

Values are compared against the baseline mean ± 461

two standard deviations across all coordinates (see 462

table 2). 463

A.6 Intervention Results Across All Layers 464

This section reproduces the intervention analyses 465

from section 3.2.4 across all layers, including the 466

6
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Figure 5: Coordinate values of EPE1 for the first token
(replicating the distribution described in section 3.2.3).
Most coordinates are near zero; a small set exhibits
extremely large magnitudes (“massive activations”).

Layer Baseline d=138 d=447

layer 1 4.47±22.226 12.116 11.064
layer 2 2.8±6.62 8.065 24.468
layer 3 1.717±5.826 10.178 23.047
layer 4 1.657±5.02 18.199 17.149
layer 5 1.561±4.618 3.072 23.854
layer 6 0.86±1.59 5.644 6.142
layer 8 1.404±3.546 19.806 28.01
layer 10 1.313±3.618 23.131 28.42
layer 12 1.145±2.65 4.5 13.59

Table 2: γ(i) = b
(i)
Q W

(i)⊤
k at coordinates where EPE1

has massive activations (dims 138, 447) versus the base-
line mean ± two standard deviations across all coordi-
nates. Massive-EPE1 coordinates consistently exceed
the baseline, indicating that EPE1 is irregularly large
precisely where the bias projection is large.

baseline and five targeted interventions. Each sub- 467

section mirrors the corresponding main-text figure 468

and shows the layer-wise attention maps. 469

A.6.1 Baseline: No Intervention 470

We show attention maps with no intervention (cf. 471

fig. 3a), demonstrating the prevalence of the first- 472

position sink across layers (see fig. 8). 473

A.6.2 Intervention 1: Nullifying Query Bias 474

We zero bQ (cf. fig. 3b), which substantially dimin- 475

ishes the sink across layers. 476

A.6.3 Intervention 2: Replacing First Position 477

EPE 478

We swap EPE1 with another position’s EPE (cf. 479

fig. 3c), which removes the first-position sink. 480

A.6.4 Intervention 3: Transplanting EPE to 481

New Position 482

We transplant EPE1 from position 1 to 2 (cf. 483

fig. 3d), which induces a sink at position 2. 484

A.6.5 Intervention 4: Nullifying BOS Token 485

We zero the BOS token embedding prior to adding 486

positional signals (cf. fig. 3e); the sink persists. 487

A.6.6 Intervention 5: Nullifying Massive 488

Activation Coordinates 489

We zero Wk rows at massive-EPE1 coordinates 490

(cf. fig. 3f), which reduces the sink far more than 491

zeroing random rows. 492

A.6.7 Intervention 5 Control: Nullifying 493

Random Coordinates 494

As a control, we zero an equal number of random 495

Wk rows (cf. fig. 3g); the sink largely remains. 496

B Model Details 497

All experiments used the pretrained GPT-2 check- 498

point from the Hugging Face Hub (model id 499

gpt2), which corresponds to the 124M-parameter 500

GPT-2 released by OpenAI (License: MIT). The 501

checkpoint comprises the model weights (e.g. py- 502

torch_model.bin or pytorch_model.safetensors), 503

the model configuration (config.json), and the 504

tokenizer files (e.g. vocab.json, merges.txt, tok- 505

enizer_config.json). 506

C Figures for Additional Sentences 507

In this section we replicate the three main-text vi- 508

sualizations which are input-dependent for five ad- 509

ditional sentences. For each sentence, we include: 510

7



(1) bias-term distribution (analog of fig. 1); (2)511

EPE–bias alignment (analog of fig. 2); and (3) in-512

terventions comparison (analog of fig. 3). We don’t513

plot the coordinate-level table (analog of table 1)514

since these are not input-dependent. For each sen-515

tence we also plot the cosine similarity between the516

net positional signal that is added to the input after517

first layer transformation when adding positional518

information and the EPE (analog of fig. 4 from519

Appendix A.1).520

C.1 Sentence 1521

We plot the figures in the main text for the sentence522

"My name is Ozymandias, King of Kings: Look523

on my works, ye Mighty, and despair!" 2. For an524

analogous figure to fig. 1 see fig. 16. For an analo-525

gous figure to fig. 2 see fig. 17. For an analogous526

interventions panel to fig. 3 see fig. 15. For an527

analogous figure to fig. 4 see fig. 30.528

C.2 Sentence 2529

We plot the figures in the main text for the sentence530

"He who controls the past controls the future. He531

who controls the present controls the past.". For532

an analogous figure to fig. 1 see fig. 19. For an533

analogous figure to fig. 2 see fig. 20. For an anal-534

ogous interventions panel to fig. 3 see fig. 18. For535

an analogous figure to fig. 4 see fig. 31.536

C.3 Sentence 3537

We plot the figures in the main text for the sentence538

"After hours of intense negotiation and detailed539

review, both parties finally agreed on the crucial540

terms and signed the comprehensive contract docu-541

mentation.". For an analogous figure to fig. 1 see542

fig. 22. For an analogous figure to fig. 2 see fig. 23.543

For an analogous interventions panel to fig. 3 see544

fig. 21. For an analogous figure to fig. 4 see fig. 32.545

C.4 Sentence 4546

We plot the figures in the main text for the sentence547

"I need to buy groceries, including milk, bread, and548

some fresh vegetables for dinner tonight.". For an549

analogous figure to fig. 1 see fig. 25. For an analo-550

gous figure to fig. 2 see fig. 26. For an analogous551

interventions panel to fig. 3 see fig. 24. For an552

analogous figure to fig. 4 see fig. 33.553

C.5 Sentence 5554

We plot the figures in the main text for the sentence555

"Please confirm the exact delivery address and en-556

2From Percy Bysshe Shelley’s 1818 sonnet Ozymandias.

sure someone is available to sign for the package 557

this afternoon.". For an analogous figure to fig. 1 558

see fig. 28. For an analogous figure to fig. 2 see 559

fig. 29. For an analogous interventions panel to 560

fig. 3 see fig. 27. For an analogous figure to fig. 4 561

see fig. 34. 562

8



(a) layer 1 (b) layer 2 (c) layer 3

(d) layer 4 (e) layer 5 (f) layer 6

(g) layer 7 (h) layer 8 (i) layer 9

(j) layer 10 (k) layer 11 (l) layer 12

Figure 6: Bias-term distributions ∆j across positions j for each layer i (replicating fig. 1). Red denotes the
first-position term ∆

(i)
1 ; blue denotes all other positions. In most layers, the red distribution is shifted far to the

right, evidencing an anomalously large first-position bias.
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(a) layer 1 (b) layer 2 (c) layer 3

(d) layer 4 (e) layer 5 (f) layer 6

(g) layer 7 (h) layer 8 (i) layer 9

(j) layer 10 (k) layer 11 (l) layer 12

Figure 7: Cosine similarity between the query bias and EPE-projected keys across layers and positions (replicating
fig. 2). For each layer i and position j, we plot cos

(
b
(i)
Q , EPEjW

(i)
k

)
. Red marks position j=1; blue marks all

other positions. Position 1 shows strong positive alignment while other positions do not, indicating that EPE1W
(i)
k

is specifically aligned with b
(i)
Q .
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(a) layer 1 (b) layer 2 (c) layer 3

(d) layer 4 (e) layer 5 (f) layer 6

(g) layer 7 (h) layer 8 (i) layer 9

(j) layer 10 (k) layer 11 (l) layer 12

Figure 8: Attention maps for all layers with no intervention (replicating fig. 3a). A prominent first-position sink is
visible in most layers.
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(a) layer 1 (b) layer 2 (c) layer 3

(d) layer 4 (e) layer 5 (f) layer 6

(g) layer 7 (h) layer 8 (i) layer 9

(j) layer 10 (k) layer 11 (l) layer 12

Figure 9: Attention maps for all layers with bQ set to zero (replicating fig. 3b). The sink is substantially reduced
across layers.
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(a) layer 1 (b) layer 2 (c) layer 3

(d) layer 4 (e) layer 5 (f) layer 6

(g) layer 7 (h) layer 8 (i) layer 9

(j) layer 10 (k) layer 11 (l) layer 12

Figure 10: Attention maps for all layers after swapping EPE1 with another position’s EPE (replicating fig. 3c). The
first-position sink disappears.
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(a) layer 1 (b) layer 2 (c) layer 3

(d) layer 4 (e) layer 5 (f) layer 6

(g) layer 7 (h) layer 8 (i) layer 9

(j) layer 10 (k) layer 11 (l) layer 12

Figure 11: Attention maps for all layers after moving EPE1 from position 1 to 2 (replicating fig. 3d). A strong sink
forms at position 2.
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(a) layer 1 (b) layer 2 (c) layer 3

(d) layer 4 (e) layer 5 (f) layer 6

(g) layer 7 (h) layer 8 (i) layer 9

(j) layer 10 (k) layer 11 (l) layer 12

Figure 12: Attention maps for all layers after zeroing the BOS token embedding (replicating fig. 3e). The sink
remains.
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(a) layer 1 (b) layer 2 (c) layer 3

(d) layer 4 (e) layer 5 (f) layer 6

(g) layer 7 (h) layer 8 (i) layer 9

(j) layer 10 (k) layer 11 (l) layer 12

Figure 13: Attention maps for all layers after zeroing Wk at massive-EPE1 coordinates (replicating fig. 3f). The
sink is markedly reduced compared to random-coordinate zeroing.
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(a) layer 1 (b) layer 2 (c) layer 3

(d) layer 4 (e) layer 5 (f) layer 6

(g) layer 7 (h) layer 8 (i) layer 9

(j) layer 10 (k) layer 11 (l) layer 12

Figure 14: Attention maps for all layers after zeroing random Wk coordinates (replicating fig. 3g). The sink remains.
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(a) No intervention (b) nullify bQ (c) remove first EPE (d) move first EPE

(e) nullify BOS (f) nullify massive activation
rows of Wk

(g) nullify random rows of
Wk

Figure 15: Comparison of attention maps under different interventions. for sentence "My name is Ozymandias,
King of Kings: Look on my works, ye Mighty, and despair!". This is analogous to fig. 3. See the main text for more
details.

Figure 16: Distribution of bias terms ∆(i)
j across posi-

tions for sentence "My name is Ozymandias, King of
Kings: Look on my works, ye Mighty, and despair!".
This is analogous to fig. 1. See the main text for more
details.

Figure 17: Cosine similarity between b
(i)
Q and

EPEjW
(i)
k for sentence "My name is Ozymandias,

King of Kings: Look on my works, ye Mighty, and
despair!", it was the age of wisdom.". This is analogous
to fig. 2. See the main text for more details.
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(a) No intervention (b) nullify bQ (c) remove first EPE (d) move first EPE

(e) nullify BOS (f) nullify massive activation
rows of Wk

(g) nullify random rows of
Wk

Figure 18: Comparison of attention maps under different interventions. for sentence "He who controls the past
controls the future. He who controls the present controls the past.". This is analogous to fig. 3. See the main text for
more details.

Figure 19: Distribution of bias terms ∆(i)
j across posi-

tions for sentence "He who controls the past controls the
future. He who controls the present controls the past.".
This is analogous to fig. 1. See the main text for more
details.

Figure 20: Cosine similarity between b
(i)
Q and

EPEjW
(i)
k for sentence "He who controls the past con-

trols the future. He who controls the present controls
the past.". This is analogous to fig. 2. See the main text
for more details.
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(a) No intervention (b) nullify bQ (c) remove first EPE (d) move first EPE

(e) nullify BOS (f) nullify massive activation
rows of Wk

(g) nullify random rows of
Wk

Figure 21: Comparison of attention maps under different interventions. for sentence "After hours of intense
negotiation and detailed review, both parties finally agreed on the crucial terms and signed the comprehensive
contract documentation.". This is analogous to fig. 3. See the main text for more details.

Figure 22: Distribution of bias terms ∆(i)
j across posi-

tions for sentence "After hours of intense negotiation
and detailed review, both parties finally agreed on the
crucial terms and signed the comprehensive contract
documentation.". This is analogous to fig. 1. See the
main text for more details.

Figure 23: Cosine similarity between b
(i)
Q and

EPEjW
(i)
k for sentence "After hours of intense negoti-

ation and detailed review, both parties finally agreed on
the crucial terms and signed the comprehensive contract
documentation.". This is analogous to fig. 2. See the
main text for more details.
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(a) No intervention (b) nullify bQ (c) remove first EPE (d) move first EPE

(e) nullify BOS (f) nullify massive activation
rows of Wk

(g) nullify random rows of
Wk

Figure 24: Comparison of attention maps under different interventions. for sentence "I need to buy groceries,
including milk, bread, and some fresh vegetables for dinner tonight.". This is analogous to fig. 3. See the main text
for more details.

Figure 25: Distribution of bias terms ∆
(i)
j across po-

sitions for sentence "I need to buy groceries, includ-
ing milk, bread, and some fresh vegetables for dinner
tonight.". This is analogous to fig. 1. See the main text
for more details.

Figure 26: Cosine similarity between b
(i)
Q and

EPEjW
(i)
k for sentence "I need to buy groceries, includ-

ing milk, bread, and some fresh vegetables for dinner
tonight.". This is analogous to fig. 2. See the main text
for more details.
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(a) No intervention (b) nullify bQ (c) remove first EPE (d) move first EPE

(e) nullify BOS (f) nullify massive activation
rows of Wk

(g) nullify random rows of
Wk

Figure 27: Comparison of attention maps under different interventions for sentence "Please confirm the exact
delivery address and ensure someone is available to sign for the package this afternoon.". This is analogous to fig. 3.
See the main text for more details.

Figure 28: Distribution of bias terms ∆
(i)
j across po-

sitions for sentence "Please confirm the exact delivery
address and ensure someone is available to sign for the
package this afternoon.". This is analogous to fig. 1.
See the main text for more details.

Figure 29: Cosine similarity between b
(i)
Q and

EPEjW
(i)
k for sentence "Please confirm the exact de-

livery address and ensure someone is available to sign
for the package this afternoon.". This is analogous to
fig. 2. See the main text for more details.
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Figure 30: Cosine similarity between EPEi and the dif-
ference Ri −Oi for sentence "My name is Ozymandias,
King of Kings: Look on my works, ye Mighty, and
despair!". This is analogous to 4. See the main text for
more details.

Figure 31: Cosine similarity between EPEi and the
difference Ri −Oi for sentence "He who controls the
past controls the future. He who controls the present
controls the past.". This is analogous to 4. See the main
text for more details.

Figure 32: Cosine similarity between EPEi and the dif-
ference Ri −Oi for sentence "After hours of intense ne-
gotiation and detailed review, both parties finally agreed
on the crucial terms and signed the comprehensive con-
tract documentation.". This is analogous to 4. See the
main text for more details.

Figure 33: Cosine similarity between EPEi and the
difference Ri −Oi for sentence"I need to buy groceries,
including milk, bread, and some fresh vegetables for
dinner tonight.". This is analogous to 4. See the main
text for more details.

Figure 34: Cosine similarity between EPEi and the dif-
ference Ri −Oi for sentence "Please confirm the exact
delivery address and ensure someone is available to sign
for the package this afternoon.". This is analogous to 4.
See the main text for more details.
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