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Abstract001

Knowledge editing methods such as ROME002
and MEMIT update factual associations003
in transformer models by modifying MLP004
weights. While evaluated mainly by output005
behavior, their internal mechanism remains un-006
derexplored. We investigate whether edits rely007
on a common mechanism, regardless of which008
fact is modified. Despite fact-specific weight009
changes, we argue that ROME and MEMIT010
target the same subset of weights critical for011
maintaining edits. To isolate this subset, we012
train a compact binary mask (<10%) over the013
edited weights. The mask reverses 80% of edits014
on the training set and over 70% on the test set,015
confirming that diverse edits share a common016
functional structure. Our analysis reveals that017
the mask reverses edits by eliminating overat-018
tention in later layers. Additionally, we show019
that injecting the mask during editing drops020
editing success from 98% to 38%, demonstrat-021
ing that this mechanism is necessary for edits to022
succeed. Our finding that edits suppress rather023
than overwrite knowledge explains why ROME024
and MEMIT fail to propagate changes to re-025
lated facts. The identified common functional026
subspace informs detection and defense against027
unwanted edits.028

1 Introduction029

Knowledge Editing (KE) aims to update specific030

facts in transformer models without expensive re-031

training. Among KE methods, locate-and-edit ap-032

proaches such as ROME (Meng et al., 2022) and033

MEMIT (Meng et al., 2023) have gained traction034

for their efficiency. These methods identify pa-035

rameters associated with target facts and directly036

modify MLP weights to overwrite factual associa-037

tions. These methods are motivated by the hypoth-038

esis that MLP layers act as associative memories039

(Geva et al., 2021), and that targeted updates can040

overwrite specific facts.041

Editing success is evaluated solely based on042

whether the model outputs the new fact. Thus, the043

claim that knowledge is overwritten rests on this 044

behavioral change alone. It remains unexplored, 045

however, how edits affect the model’s internal rep- 046

resentations. Additionally, there is a conceptual 047

puzzle: While transformers are said to retrieve 048

knowledge through redundant pathways (McGrath 049

et al., 2023; Hase et al., 2023), KE methods suc- 050

cessfully update facts by modifying a single layer 051

or a small range of connected layers. If factual 052

knowledge is distributed, how can modifying a 053

single layer or a small range of connected layers 054

successfully override knowledge retrieval? 055

We hypothesize that ROME and MEMIT suc- 056

ceed not by overwriting original factual knowledge, 057

but by suppressing it. We propose that beyond 058

introducing fact-specific changes, these methods 059

rely on a common subset of weights critical for 060

maintaining any edit. By modifying these weights, 061

ROME and MEMIT inject amplified signals that 062

force the model to output edited facts and suppress 063

the downstream propagation of original knowledge 064

without erasing it. These amplified signals cause 065

the later layers to attend disproportionately to the 066

edited signal. 067

To verify this hypothesis, we isolate the subset 068

of weights critical for maintaining edits by training 069

a compact binary mask over the edited weight ma- 070

trices. The mask identifies which weight changes 071

are necessary for the edit to persist, allowing us 072

to neutralize edits by pruning parts of the edited 073

weights. If a compact mask suffices to remove 074

the edit, this confirms that only a small subset of 075

weights is critical for maintaining the edit. If the 076

same mask removes diverse edits across different 077

facts, this reveals a shared structure that all edits 078

exploit. Conversely, if edits introduced only fact- 079

specific changes, no single mask could generalize 080

across semantically different edits. 081

We find that a single mask removing fewer than 082

10% of edited weights reverses over 80% of edits 083

on the training set and over 70% on unseen edits. 084
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This generalization confirms that diverse edits rely085

on a common functional structure. Analyzing what086

the mask targets, we find that it eliminates ampli-087

fied attention signals in later layers while preserv-088

ing MLP pathways, which continue encoding orig-089

inal knowledge. This reveals that edits succeed by090

hijacking attention rather than overwriting stored091

facts. Furthermore, injecting the mask prior to the092

editing process drops success from 98% to 38%,093

confirming that this mechanism is not just suffi-094

cient for reversal but necessary for edits to succeed.095

These findings suggest that ROME and MEMIT are096

fundamentally limited: they cannot truly overwrite097

knowledge, only suppress its retrieval. This ex-098

plains their known failure to propagate changes to099

related facts (Hsueh et al., 2024) and creates path-100

ways for detecting and defending against unwanted101

edits.102

2 Related Work103

Editing Methods. Knowledge editing meth-104

ods (Wang et al., 2024c; Mazzia et al., 2024)105

fall into two categories: parameter-modifying and106

parameter-preserving. Parameter-modifying meth-107

ods include locate-and-edit approaches such as108

ROME (Meng et al., 2022) and MEMIT (Meng109

et al., 2023), which locate and update parameters110

responsible for the facts, and meta-learning ap-111

proaches such as MEND (Mitchell et al., 2022a)112

and MALMEN (Tan et al., 2023), which train hy-113

pernetworks to predict necessary parameter shifts114

to update facts. Parameter-preserving methods115

add memory modules (Mitchell et al., 2022b;116

Hartvigsen et al., 2023; Wang et al., 2024a; Guo117

et al., 2025) or leverage in-context learning (Zheng118

et al., 2023). In this work, we focus on locate-and-119

edit KEs such as ROME and MEMIT due to their120

wide usage, and to better understand how these121

KEs adapt LLMs.122

Detecting and Reversing Knowledge Edits. Re-123

search on detecting and reversing edits has emerged124

in response to potential malicious uses. Work in-125

cludes distinguishing edited from unedited facts126

via internal representations (Youssef et al., 2025b;127

Li et al., 2024), reversing in-context edits (Youssef128

et al., 2025a), and tracing ROME edits through129

weight analysis (Youssef et al., 2025c). We extend130

this line by identifying a minimal set of common131

weights that maintain edits across diverse facts.132

Knowledge Representation in Transformers. 133

Transformers exhibit emergent self-repair capabil- 134

ities: when a layer is ablated, downstream layers 135

compensate by increasing their contributions, par- 136

tially restoring original outputs (McGrath et al., 137

2023). This redundancy implies that factual knowl- 138

edge can be retrieved through multiple pathways. 139

Work on knowledge-critical subnetworks (Bayazit 140

et al., 2024) demonstrates that sparse subnetworks 141

spanning multiple layers are responsible for main- 142

taining specific factual associations. These find- 143

ings create a paradox for locate-and-edit methods: 144

if knowledge is distributed across redundant path- 145

ways, how can modifying a single layer or a small 146

range of connected layers successfully override fac- 147

tual retrieval? We show that ROME and MEMIT 148

resolve this by inducing overattention - a common 149

mechanism that suppresses redundant pathways 150

without erasing them. 151

Attention Phenomena in Knowledge Editing. 152

Recent work documents attention-related phenom- 153

ena in edited models. Wang et al. (2025) identify 154

attention drift: excessive attention scores assigned 155

to edited entities causing specificity failure, where 156

edits corrupt unrelated knowledge. They propose 157

to selectively constrain drifting attention heads via 158

regularization during editing. Xie et al. (2025) an- 159

alyze superficial editing: the tendency of edited 160

models to revert to original knowledge under ad- 161

versarial prompts. They identify two contributing 162

factors: the residual stream at the last subject posi- 163

tion in earlier layers, and specific attention heads in 164

later layers. Both papers document how attention 165

mechanisms relate to editing failures. Neither ad- 166

dresses what makes edits succeed in the first place: 167

the structural mechanism that suppresses original 168

knowledge during normal retrieval. Our work iden- 169

tifies this mechanism and shows it is shared across 170

edits. 171

3 Method 172

Background. Let M be the original model. A 173

factual prompt x consists of a subject s and re- 174

lation r (e.g., “Marie Curie discovered”), with a 175

corresponding object o (e.g., “radium”). A knowl- 176

edge edit replaces the original object o with a new 177

object o∗ (e.g., “krypton”), producing an edited 178

model Me. 179

Hypothesis. We hypothesize that ROME and 180

MEMIT rely on a common mechanism crucial to 181
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inject and maintain edits. Specifically, beyond in-182

troducing fact-specific updates, these methods tar-183

get the same subset of weights critical for the edit184

to persist.185

Mask Training. To verify this hypothesis, we186

identify whether such a shared subset exists by187

training a binary mask K = (ka,b), where ka,b ∈188

{0, 1} for all a, b, over a set of edited weights Ŵ to189

remove the edits. If only a small subset of weights190

is critical for maintaining an edit, then selectively191

removing those weights should be sufficient to re-192

store the original model’s behavior. The mask is193

applied element-wise to the edited weight matrix194

Ŵ , producing a pruned model Mp with weights195

Ŵ ⊙K, where ⊙ denotes the element-wise prod-196

uct operation. A mask value of 1 retains the edited197

weight; a value of 0 removes its contribution. If198

the mask successfully reverses an edit, the pruned199

model Mp assigns a higher probability to the origi-200

nal object o than the edited object o∗.201

We train a single mask K across diverse edits202

spanning semantically different facts (see Figure 1).203

If this single mask generalizes, reversing not only204

training edits but also unseen edits, this constitutes205

evidence for a shared mechanism, i.e., the same206

weight positions are responsible for the edit across207

different facts. Conversely, if each edit introduces208

fact-specific changes, a single mask cannot general-209

ize well, i.e., different edits would modify different210

weight positions, and a mask trained on one set of211

facts would fail to reverse edits on new (unseen)212

facts.213

Loss Function. We train the mask to satisfy three214

constraints. First, restoration: the pruned model215

Mp should prefer the original object o over the216

edited object o∗. This means that after apply-217

ing the mask to the edited weights, the probabil-218

ity PMp(o | x) should exceed PMp(o
∗ | x). If219

the mask successfully restores the probabilities220

across diverse edits, it demonstrates that the orig-221

inal knowledge was never erased. Second, mini-222

mality: the mask should remove as few weights as223

possible. We want most mask values to be 1, prun-224

ing only the small subset of weights responsible225

for maintaining the edit. This constraint ensures226

that we identify the specific weights that enable the227

edit, rather than broadly disrupting the layer. Third,228

behavior preservation: the behavior of the pruned229

model should remain close to the original model.230

This ensures that the mask does not introduce arbi-231

trary changes that happen to flip the prediction but 232

also damage the model’s general language capabil- 233

ities. 234

We formalize each constraint as a loss term. 235

The restoration loss measures whether the pruned 236

model prefers the original object over the edited 237

one: 238

Lrestoration = −[logPMp(o | x)− logPMp(o
∗ | x)]

(1) 239

This loss is negative when PMp(o | x) > PMp(o
∗ | 240

x), i.e., when the original fact is restored. We 241

require Lrestoration ≤ −δ, where the margin δ en- 242

courages confident restoration rather than marginal 243

preference. 244

The sparsity loss measures the fraction of 245

weights pruned: 246

Lsparsity =
1

|K|

m∑
a=1

n∑
b=1

1− ka,b (2) 247

where ka,b ∈ {0, 1} is the mask value at position 248

(a, b). The constraint Lsparsity ≤ Smax limits prun- 249

ing to at most Smax of the layer’s weights. The 250

behavior preservation loss measures divergence be- 251

tween the output distributions of the original model 252

M and the pruned model Mp using KL divergence. 253

We combine these terms into a constrained opti- 254

mization problem, minimizing the KL divergence 255

subject to constraints on restoration and sparsity: 256

min
θ

β LT
KL s.t. Lsparsity ≤ Smax

and Lrestoration ≤ 0− δ
(3) 257

We convert these constraints into penalty terms, 258

yielding the combined loss: 259

L(θ) = βLT
KL +max(0,Lsparsity − Smax)

+max(0,Lrestoration − δ)
(4) 260

The penalty terms activate only when constraints 261

are violated. 262

4 Experiments 263

Training Details. Since a binary mask itself is 264

non-differentiable, we initialize trainable parame- 265

ters Θ and apply a sigmoid function to obtain soft 266

mask K ∈ (0, 1) (Louizos et al., 2018; Maddison 267

et al., 2017). At inference, we binarize the mask 268

using a threshold γ ∈ (0, 1). 269

As illustrated in Figure 1, we train the mask 270

across multiple edits simultaneously. Each train- 271

ing sample corresponds to a different edit with its 272
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Figure 1: Shared-mask training. A single mask K is learned across batches of diverse edits to restore the original
knowledge. During a conditional forward pass (black arrows), the mask is applied elementwise to the edited weights
Ŵi. Gradients (pink arrows) update only the mask parameters Θ to minimize the loss from Equation 4 while edited
weights remain fixed.

own frozen edited weight matrix Ŵi. During the273

forward pass, we swap in the appropriate Ŵi for274

each sample and apply the shared mask element-275

wise: Ŵi ⊙ K. Gradients flow only through the276

mask parameters Θ, while all edited weights re-277

main fixed. This conditional forward pass ensures278

the mask learns patterns shared across edits rather279

than memorizing a single edit’s structure.280

Setup. We use the CounterFact dataset intro-281

duced as part of the ROME study (Meng et al.,282

2022). CounterFact contains counterfactual triples283

(see Table 1 for examples). We train on 3,000 sam-284

ples stratified across 10 relations and test on 1,700285

held-out samples from the same relations. We use286

EasyEdit (Wang et al., 2024b) to edit models.287

We evaluate on GPT-2 XL (1.5B), and LLaMA-288

3.2 (3B) (Dubey et al., 2024). For ROME, we train289

the mask across single edits. For MEMIT, which290

supports batch editing, we edit 1,000 facts simulta-291

neously and train the mask on a single edited layer.292

For testing, we apply 1,000 different edits from the293

test set.294

In our experiments, we aim to answer three ques-295

tions: (a) Can a single mask reverse diverse edits?296

(b) Does the mask generalize to unseen edits from297

different facts? (c) Does applying the mask pre-298

serve general language modeling capabilities?299

4.1 Evaluation Metrics300

Reversal Success Rate (RSR). To assess301

whether original knowledge persists after editing,302

we measure if the pruned model prefers the origi-303

nal object over the edited one. We define ∆ri :=304

PMp(oi | xi)− PMp(o
∗
i | xi) and compute RSR as305

Subject Relation Object (True → Edit)

Prydz Bay is located in Antarctica → Africa

Blowin’ Up premieres on MTV → NBC

Table 1: Sample cases from CounterFact.

the proportion of samples where ∆ri > 0. High 306

RSR indicates that original facts survive the edit 307

and can be recovered. 308

Top-1 Overlap (Top-1). While RSR measures 309

relative preference, it does not guarantee exact be- 310

havioral restoration. We report Top-1 Overlap: the 311

percentage of samples where the pruned model’s 312

top prediction matches the original model’s. This 313

verifies whether the model’s generation path has 314

been successfully reverted. 315

Perplexity (PPL). Perplexity (PPL) is one of the 316

most widely used metrics for evaluating language 317

models and is commonly applied to the WikiText 318

datasets (Radford et al., 2019; Huang et al., 2024). 319

We measure perplexity of M , Me, and Mp on a ran- 320

dom 70k-token subset of WikiText-2 (Merity et al., 321

2017) to assess whether reversals affect general 322

language modeling capabilities. 323

4.2 Results 324

Reversal Performance. Table 2 shows that a sin- 325

gle mask successfully reverses the majority of edits 326

across both methods and architectures. For ROME 327

on GPT-2 XL, pruning only 10% of the edited 328

layer’s weights achieves a Reversal Success Rate 329

(RSR) of 83% on training set edits, with 78% Top-1 330
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Method Model Pruned Train Test PPL (Wikitext-2) ↓

RSR ↑ Top-1 ↑ RSR ↑ Top-1 ↑ M Me Mp

ROME
GPT-2 XL 10.0% 83% 78% 82% 77% 17.80 44.51±6.8 25.68±0.4

LLaMA-3 (3B) 10.0% 90% 75% 79% 72% 9.46 9.59±0.0 10.14±0.0

MEMIT
GPT-2 XL 4.5% 82% 81% 74% 78% 17.80 17.90 19.00
LLaMA-3 (3B) 8.8% 87% 67% 78% 65% 9.46 10.78 12.53

Table 2: Evaluation of edit reversal via the shared mask. We report reversal performance (RSR and Top-1
Overlap) alongside model perplexity (PPL) for the original (M ), edited (Me), and pruned (Mp) models.

Overlap indicating that the pruned model’s top pre-331

diction matches the original model in most cases.332

MEMIT requires even less intervention: pruning333

just 4.5% of the single edited layer’s weights (0.9%334

of total edited weights) yields 82% RSR with 81%335

Top-1 Overlap.336

Crucially, these masks generalize to unseen edits.337

On the held-out test set, the ROME mask maintains338

82% RSR and 77% Top-1 Overlap; the MEMIT339

mask achieves 74% RSR with 78% Top-1 Overlap.340

The consistency across GPT-2 XL and LLaMA-3341

suggests that the shared mechanism is a general342

property of ROME and MEMIT rather than an arti-343

fact of a specific architecture.344

Perplexity After Pruning. Beyond reversal per-345

formance, we verify that our masks do not degrade346

general language modeling. Table 2 shows per-347

plexity on WikiText-2 for the original (M ), edited348

(Me), and pruned (Mp) models.349

ROME edits can substantially harm model per-350

formance. On GPT-2 XL, perplexity increases from351

17.8 to 44.5 after editing yielding a 2.5× degrada-352

tion. Applying the mask reduces perplexity to 25.7,353

recovering much of the lost performance without354

modifying the edited weights. In extreme cases,355

ROME edits cause model collapse (Yang et al.,356

2024) with a perplexity score exceeding one mil-357

lion. Our mask reduces these closer to the baseline358

levels (see Appendix B).359

LLaMA-3 proves more robust to ROME edits,360

with perplexity rising only from 9.46 to 9.59. The361

mask introduces minimal additional degradation362

(10.14), confirming that our intervention is targeted363

rather than destructive.364

MEMIT tells a different story. Its edits barely365

affect perplexity on both models (17.8 → 17.9 for366

GPT-2 XL; 9.46 → 10.78 for LLaMA-3), yet our367

mask still reverses over 80% of edits by pruning368

under 9% of weights without substantial damage369

to the performance. This indicates that MEMIT’s 370

edits, while less disruptive to general capabilities, 371

still rely on a small subset of functionally critical 372

weights to maintain the edit. Once these are sup- 373

pressed, original knowledge resurfaces. 374

5 Analysis 375

The reversal results suggest that a single mask can 376

reverse diverse edits across methods and architec- 377

tures by targeting a shared mechanism anchored 378

in the edited weights. In this section, we analyze 379

what constitutes this mechanism by answering two 380

questions: 1) How do ROME and MEMIT alter in- 381

formation flow within the model?; 2) What exactly 382

does the trained mask target to reverse edits? 383

Edits induce overattention. Both ROME and 384

MEMIT force edited models to assign dramatically 385

higher probabilities to edited facts. As shown in 386

Table 3, ROME on GPT-2 XL increases mean prob- 387

ability from 0.045 to 0.87 (Cohen’s d = 3.78); 388

LLaMA-3.2 shows the same pattern at lower abso- 389

lute values (d = 0.34). These artificially elevated 390

probabilities suggest that editing fundamentally al- 391

ters information flow through the model. If knowl- 392

edge can be retrieved through multiple pathways 393

(McGrath et al., 2023; Hase et al., 2023), how does 394

editing succeed in producing such dominant output 395

probabilities? 396

Recent work has documented attention-related 397

phenomena in edited models: excessive attention 398

to edited entities (Wang et al., 2025) and later-layer 399

attention modules that cause the residual stream to 400

revert toward original knowledge (Xie et al., 2025). 401

While previous work treats overattention and re- 402

tention of original knowledge as side effects , we 403

hypothesize that this overattention is not merely 404

a side effect but the mechanism by which ed- 405

its succeed: amplified signals hijack downstream 406

attention, suppressing original facts without eras- 407

ing them. To test this, we decompose the residual 408
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Model Method M Me p-value Cohen’s d

GPT-2 XL
ROME 0.045±0.11 0.866±0.19 2.9e-165 3.78

MEMIT 0.046±0.11 0.614±0.36 3.5e-156 1.54

LLaMA-3 3B
ROME 2.46e-5±6e-5 1.96e-4±5e-4 1.6e-68 0.34

MEMIT 2.48e-5±6e-5 1.17e-4±3e-4 1.3e-73 0.35

Table 3: Statistical analysis of probabilities strength on 1,000 samples across models. We compare the mean
output probability of the original model (M ) on original facts versus the edited model (Me) on edited facts.
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Figure 2: Decomposition of residual stream (mean and standard error over 1,000 samples) across LLaMA-3.2
(3B) and GPT-2 XL. For each model: Top Left: MLP contributions per layer. Top Right: Attention contributions per
layer. Bottom Left: Comparison of MLP contributions at the edited layer. Bottom Right: Overall logit trace across
layers. Edits amplify signals at the edited layer, causing downstream attention spikes while MLP pathways continue
to follow broadly similar trajectories for original and edited facts.

stream into MLP and attention contributions using409

the Logit Lens method (nostalgebraist, 2020), mea-410

suring each component’s contribution to the target411

token’s logit (Figure 2).412

The two architectures differ in magnitude but413

share the same functional pattern. In GPT-2 XL,414

ROME injects a signal 35× larger than baseline415

at the edit layer (0.13 vs 4.55), producing imme-416

diate attention spikes downstream. LLaMA-3.2417

shows modest amplification at the edit layer, but418

attention contributions increase sharply in later lay-419

ers (19-21) causing a delayed overattention effect.420

The critical observation is that MLP contributions421

beyond the edit layer follow broadly similar trajec-422

tories for edited and original facts in both archi-423

tectures. Downstream MLPs continue processing424

original knowledge; the main divergence occurs in425

the attention layers. The cumulative logit traces426

confirm this shared mechanism. In both models,427

edited facts accumulate substantially higher contri-428

butions than original facts, with the gap widening429

through downstream layers. MEMIT exhibits the430

same pattern despite distributing edits across layers431

(Appendix C).432

These observations indicate that overattention 433

is central to how edits produce dominant outputs. 434

However, a key question remains: do different ed- 435

its induce overattention through independent path- 436

ways, or do they share a common mechanism an- 437

chored in the edited weights? Is amplified attention 438

a side-effect of editing or its core mechanism? 439

Mask eliminates overattention. The mask’s 440

high reversal performance on unseen edits (cf. Ta- 441

ble 2) suggests that a shared mechanism critical to 442

maintaining edits exists. To identify what the mask 443

targets, we decompose the residual stream of the 444

pruned model (Figure 3) and compare it with the 445

edited and original models from Figure 2. 446

In GPT-2 XL, the MLP spike at the edit layer 447

is eliminated. Critically, attention contributions in 448

downstream layers are substantially reduced, while 449

MLP contributions remain largely unaffected, fol- 450

lowing trajectories similar to the original model. 451

LLaMA-3.2 shows the same pattern. The late- 452

layer attention spikes (layers 19-21) that dominate 453

in the edited model are fully eliminated in the 454

pruned model, and the subsequent MLP spike (lay- 455

ers 20-22) disappears along with it. This confirms 456
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Figure 3: Decomposition of residual stream for original, edited and pruned models (mean and standard error
over 1,000 samples) across both models.
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Figure 4: Activations across hidden dimensions and
layers. Residual stream activations for original (left),
edited (middle), and pruned (right) GPT-2 XL models.
Yellow dashed line marks the edited layer.

that the late MLP activity was a consequence of457

overattention.458

In both architectures, the masks trained on459

semantically diverse edits converge to a com-460

mon solution: eliminating overattention while461

preserving MLP pathways. The mask trained to462

restore original knowledge independently discovers463

that targeting overattention is necessary and suffi-464

cient for reversal. The fact that the same weight465

positions are masked across different edits suggests466

a shared update pattern in how ROME and MEMIT467

induce overattention. This convergence is direct468

evidence that overattention is not a side effect but469

the shared structural mechanism that ROME and470

MEMIT exploit.471

Additionally, Figure 4 illustrates this restora-472

tion: the pruned model recovers activation patterns473

closely resembling the original, confirming that474

the mask reverses the edit’s effect on the residual475

stream. Further analysis of mask structure and476

other pruning experiments can be found in Ap-477

pendix D.478
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Figure 5: Editing Success Drop. Comparison of stan-
dard ROME editing efficacy (blue bars) versus editing
the model while the shared mask is active (red bars).

Mask blocks new edits. The mask’s ability to 479

reverse edits demonstrates that targeting the shared 480

subspace is sufficient for reversal. But is this sub- 481

space also necessary for edits to succeed or can it 482

be avoided by taking other computational pathways 483

inside the model? To test this, we inject the learned 484

mask into the forward pass during the editing pro- 485

cess itself. 486

If the subspace targeted by the mask is merely 487

associated with successful edits but not required for 488

them, editing should succeed through alternative 489

pathways. Instead, editing success rate drops from 490

98% to 38% (Figure 5). This drop is consistent 491

across relation types, indicating that the mask does 492

not target relation-specific structure but a general 493

mechanism. This result confirms that the weight 494

subspace identified by our mask is not incidental 495

to editing – it is structurally necessary. ROME 496

struggles to bypass this shared mechanism to inject 497

new facts. 498

6 Discussion 499

Our findings have several implications for under- 500

standing knowledge editing and for AI safety. 501

Overattention as mechanism. Prior work docu- 502

ments overattention in edited models as a problem: 503

7



a source of specificity failure where edits affect504

unrelated knowledge (Wang et al., 2025), or a rea-505

son an edited model reverts to original facts under506

adversarial prompts (Xie et al., 2025). Our find-507

ings reframe overattention as the core mechanism508

that makes editing work. A single mask recovers509

over 80% of training edits and 70% of unseen edits510

(Table 2) by targeting the same weight positions511

across semantically diverse facts. This would be512

impossible if edits introduced only fact-specific513

updates without a shared mechanism critical for514

maintaining them. The mask converges on elim-515

inating overattention – the shared target that sus-516

tains edits across diverse facts. Moreover, injecting517

the mask during the editing process confirms that518

ROME cannot route around the blocked weights.519

This demonstrates that overattention is not a side520

effect but the structural basis ROME and MEMIT521

exploit.522

Knowledge is not erased. On a conceptual level,523

these findings challenge the current knowledge524

editing paradigm. Knowledge is densely intercon-525

nected: a single fact relates to thousands of others.526

What does modifying a factual association actu-527

ally mean? In a rigorous sense, it should keep the528

model’s knowledge base consistent: modifying one529

fact should propagate to related associations, span-530

ning a coherent counterfactual world. If we change531

the capital of France from Paris to Lyon, the model532

should reflect an alternative reality where this is533

true across all related queries. Current editing meth-534

ods fail to achieve this. They do not propagate edits535

to related knowledge, creating ripple effects (Li536

et al., 2023; Cohen et al., 2024; Qin et al., 2024;537

Hsueh et al., 2024) that distort both related and538

unrelated facts. Our findings suggest why: ROME539

and MEMIT do not modify the knowledge graph -540

they hijack attention to suppress its retrieval. The541

original facts remain encoded; overattention simply542

prevents them from surfacing. This explains both543

why edits fail to propagate and why they can be544

reversed by targeting a small shared subspace.545

Fundamental limitations of locate-and-edit546

methods. If ROME and MEMIT succeed by547

hijacking attention rather than modifying stored548

knowledge, this points to a fundamental limitation549

of the ROME/MEMIT paradigm that may extend550

to other locate-and-edit methods. The associative551

memory hypothesis (Geva et al., 2021) motivating552

ROME and MEMIT may be incomplete: even if553

facts are stored in MLP layers, retrieval involves554

attention, and current methods exploit this depen- 555

dency rather than updating the stored associations. 556

A shared functional subspace - one that generalizes 557

across semantically diverse edits - may suggest an 558

upper bound on what locate-and-edit methods can 559

achieve. They may be inherently limited to sup- 560

pressing knowledge rather than modifying it. 561

Implications for AI safety. On the defensive 562

side, edits are more reversible than previously as- 563

sumed: a sparse mask trained on a small set of edits 564

can recover original knowledge across unseen facts. 565

The same mask can also lock the model against 566

future edits, as our blocking experiment demon- 567

strates. Prior work has shown that edited facts are 568

detectable from internal representations (Youssef 569

et al., 2025b,c). Our findings may explain why: 570

if all edits exploit a shared mechanism that pro- 571

duces distinctive attention patterns, they leave a 572

common signature that classifiers can learn to rec- 573

ognize. Overall, understanding this shared mech- 574

anism brings us closer to defending against un- 575

wanted edits, by both locking models against future 576

interventions or reversing the existing edits. 577

7 Conclusion 578

We demonstrated that ROME and MEMIT exploit 579

a shared mechanism to maintain edits across se- 580

mantically diverse facts. A single sparse mask gen- 581

eralizes to unseen edits with over 70% success, 582

revealing that majority of edits rely on the same 583

functional structure. Residual stream decomposi- 584

tion shows that the mask converges on eliminating 585

overattention while preserving MLP pathways that 586

continue to encode original knowledge. Injecting 587

the mask during editing drops success from 98% to 588

38%, confirming that this mechanism is not merely 589

sufficient for reversal but necessary for edits to 590

succeed. 591

These findings highlight a fundamental limita- 592

tion of locate-and-edit methods: rather than modi- 593

fying stored knowledge, ROME and MEMIT act by 594

suppressing its retrieval. Our analysis provides a 595

foundation for both detecting and defending against 596

unwanted edits. The same mask that reverses edits 597

can also block future editing attempts, suggesting 598

practical applications for locking models against 599

malicious editing attacks. Future work should ex- 600

tend this analysis to other locate-and-edit methods 601

such as AlphaEdit (Fang et al., 2025) and meta- 602

learning approaches (Mitchell et al., 2022a; Tan 603

et al., 2023). 604
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Limitations605

In this work, we focused on locate-and-edit606

KEs like ROME and MEMIT because of their607

widespread use and computational efficiency. Meta-608

learning KEs also adapt the model’s parameters,609

and might be changing facts retrieval in LLMs in a610

different way. We did not consider these methods in611

our work because of the high computational costs612

associated with training editing hypernetworks.613
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Statistic Train Test

Facts 3,000 1,700
Relations 10 10

Unique objects (otrue) 236 204
Unique subjects 2,986 1,697

Unique mappings otrue → o∗ 1,284 866

Table 4: Dataset statistics for ROME experiments using
CounterFact samples.

with the soft mask computed as K = σ(Θτ ) (Guo824

et al., 2017), where σ is the sigmoid function and825

τ controls the sharpness of binarization.826

We initialize Θ ∼ N(0.85, 0.1), biasing the827

mask toward retaining weights initially. The tem-828

perature parameter τ starts at 6.0 and decays with829

rate 3.0 over training to encourage binary mask val-830

ues. We use AdamW (Loshchilov and Hutter, 2017)831

with learning rate 1e− 3 and β = (0.9, 0.999) for832

300 epochs. At inference, we binarize the mask833

using threshold γ = 0.7 for GPT-2 XL and 0.9834

for LLaMa-3. The thresholds are determined as a835

trade-off of sparsity and the reversal success rate836

(RSR) for a specific model.837

Loss hyperparameters. For the restoration loss,838

we set the margin δ = 3.0. For the KL divergence839

term, we use βKL = 3.26 with temperature an-840

nealing from T = 1.64 to Tmax = 4.30 following841

a linear schedule. The sparsity constraint is set842

to Smax = 0.10 for both model architectures and843

editing methods.844

Dataset Statistics. We use the CounterFact845

dataset (Meng et al., 2022) for training and eval-846

uating the shared mask. Tables 4 and 5 summa-847

rize the statistics for ROME and MEMIT experi-848

ments respectively. For ROME, we train on 3,000849

single-edit samples and evaluate on 1,700 held-out850

samples, both stratified across 10 relation types.851

For MEMIT, which supports batch editing, we use852

1,000 samples for training and 1,000 for testing. In853

the MEMIT setting, all facts within each split are854

edited simultaneously as a single batch edit, and855

the mask is trained on the last edited layer.856

Computational Resources. All experiments857

were conducted on an HPC cluster using NVIDIA858

A100 (80GB) GPUs. Mask training for ROME859

required approximately 40 GPU hours, while860

MEMIT mask training required approximately 15861

GPU hours.862

Statistic Train Test

Facts 1,000 1,000
Relations 10 10

Unique objects (otrue) 174 172
Unique subjects 1,000 1,000

Unique mappings otrue → o∗ 564 580

Table 5: Dataset statistics for MEMIT experiments us-
ing CounterFact samples.

B Mask Results 863

B.1 ROME 864

Figure 6 presents detailed reversal performance for 865

ROME edits on GPT-2 XL. The Reversal Success 866

Rate (RSR) remains consistently high across all 867

relation types, ranging from approximately 75% 868

to 90%, demonstrating that the learned mask gen- 869

eralizes across semantically diverse facts. Top-1 870

Overlap follows a similar pattern, confirming that 871

the pruned model not only prefers the original fact 872

but also recovers the exact prediction behavior of 873

the unedited model in most cases. 874

The perplexity analysis reveals that ROME edits 875

substantially degrade language modeling capabil- 876

ities, with mean perplexity increasing from 17.80 877

to 44.51. Applying the shared mask reduces per- 878

plexity to 25.68, recovering much of the lost per- 879

formance. The KL-divergence distribution further 880

confirms that the pruned model’s output distribu- 881

tion is substantially closer to the original model 882

than the edited model, with the majority of samples 883

showing lower divergence after mask application. 884

In more extreme cases, ROME edits can cause 885

model collapse (Yang et al., 2024), leading to per- 886

plexity spikes ranging from hundreds to tens of 887

millions. As illustrated in Table 6, our learned 888

mask is able to substantially recover performance 889

in these scenarios, reducing perplexity by several 890

orders of magnitude without modifying the edited 891

weights themselves. 892

B.2 MEMIT 893

Figure 7 presents the corresponding analysis for 894

MEMIT edits. Despite MEMIT distributing ed- 895

its across multiple connected layers, the shared 896

mask trained only on the last edited layer achieves 897

comparable reversal performance to ROME. RSR 898

remains above 70% for most relation types, with 899

Top-1 Overlap showing similar consistency. 900

A notable difference from ROME is that 901
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Figure 6: ROME’s Reversal performance. First Row: We report the Reversal Success Rate (left) and Top-1
Overlap with the original model (right) across different relation types (e.g., P103, P136). Second Row: The leftmost
plot compares WikiText-2 Perplexity, demonstrating that the pruned model (Mp) significantly reduces the perplexity
degradation caused by the edit (Me), recovering capabilities closer to the original model (M ). On the right, we
report the KL-divergence between 2 pairs of model states: 1) the original M and the edited Me (orange); 2) the
original M and the pruned Mp (blue), showing that pruned model is closer to the original model than the edited one.
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Figure 7: MEMIT’s Reversal performance. First Row: Reversal Success Rate (left) and Top-1 Overlap (right)
across relation types, showing consistent reversal performance despite MEMIT’s multi-layer editing. Second Row:
WikiText-2 Perplexity (left) remains close to the original after both editing and pruning, indicating MEMIT causes
less collateral damage than ROME. KL-divergence (right) confirms the pruned model distribution is closer to the
original than the edited model.

Case ID PPL (Me) PPL (Mp)

3877 21,840,210.0 55.0
13259 1,195.8 32.0
16110 1,091.5 31.5

102 969.1 34.3
20421 748.3 35.0

Table 6: Examples of perplexity recovery. Selected
cases where the initial edit (Me) caused catastrophic
perplexity spikes, which were significantly repaired by
the shared mask (Mp).

MEMIT edits cause minimal perplexity degra-902

dation: WikiText-2 perplexity increases only903

marginally from 17.80 to 17.90 on GPT-2 XL. This904

suggests that MEMIT’s distributed editing strategy905

is less disruptive to general language modeling ca-906

pabilities. However, the KL-divergence analysis907

reveals that despite this stability, MEMIT edits still908

shift the model’s output distribution away from the909

original, and the mask successfully reduces this910

divergence.911

C MEMIT Analysis: Decompostion of 912

Residual Stream 913

We extend the residual stream analysis from Sec- 914

tion 5 to MEMIT edits. While ROME modifies a 915

single layer, MEMIT distributes edits across mul- 916

tiple consecutive layers. This raises the question: 917

does MEMIT exploit the same overattention mech- 918

anism as ROME, or does its distributed editing 919

strategy produce fundamentally different internal 920

dynamics? 921

C.1 Edits Induce Overattention 922

Figure 8 presents the residual stream decomposi- 923

tion for MEMIT edits. Despite the distributed na- 924

ture of MEMIT, we observe a similar overattention 925

pattern identified for ROME. 926

GPT-2 XL. The MLP contributions across the 927

edited layers (13–17) show modest amplification 928

compared to the original model, with the edited 929

model giving higher contributions for edited (blue) 930

and original (purple) facts than the original fact in 931

the unedited model (green). However, the domi- 932

nant effect emerges in the attention contributions: a 933

sharp spikes appear in the downstream layers, sub- 934
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stantially exceeding the original model’s attention935

pattern. The cumulative contribution trace confirms936

this: edited facts accumulate dramatically higher937

logit contributions, with the gap widening primarily938

through downstream attention layers.939

LLaMA-3.2 (3B). The pattern differs in timing940

but not in mechanism. MLP contributions across941

the edited layers (4–8) show minimal differentia-942

tion between conditions. Instead, attention contri-943

butions exhibit a pronounced spike in later layers944

(17–22), consistent with ROME’s delayed overat-945

tention effect on this architecture. The cumula-946

tive trace shows edited facts reaching substantially947

higher final contributions.948

Key difference from ROME. Unlike ROME,949

which injects a large signal at a single layer (35×950

amplification in GPT-2 XL), MEMIT’s distributed951

edits produce smaller per-layer perturbations. How-952

ever, these perturbations compound through down-953

stream attention, ultimately producing comparable954

overattention effects.955

C.2 Mask Eliminates Overattention956

Figure 9 shows the effect of applying the learned957

mask to MEMIT-edited models. The mask, trained958

only on a single edited layer, successfully elim-959

inates the overattention pattern while preserving960

MLP dynamics.961

GPT-2 XL. The attention spike in layers 25–962

35 is substantially reduced in the pruned model963

(red), returning toward the original model’s trajec-964

tory (green). Critically, MLP contributions remain965

largely unaffected by the mask, following similar966

paths for both the original and pruned models. The967

key difference is that mask significantly reduces968

the contribution in the edited MLP block, counter-969

balancing the effects of editing.970

LLaMA-3.2 (3B). The late-layer attention spike971

(layers 17–22) is eliminated in the pruned model.972

The MLP contributions show close alignment be-973

tween the original and pruned models throughout974

all layers, including those beyond the edit site.975

Consistency with ROME. The mask’s effect on976

MEMIT mirrors its effect on ROME: eliminating977

downstream overattention while preserving MLP978

pathways. This convergence provides strong evi-979

dence that ROME and MEMIT exploit the same980

shared mechanism, and that this mechanism can981

be targeted by a single sparse mask regardless of982

whether edits are concentrated in one layer or dis- 983

tributed across several. 984

D Mask analysis and Pruning 985

D.1 Mask Analysis 986

To understand how the mask reverses edits, we 987

analyze which components it targets. Figure 10 988

visualizes the learned mask as a heatmap over the 989

edited weight matrix. The mask does not uniformly 990

prune weights or remove entire neurons; instead, it 991

exhibits a structured sparsity pattern, concentrating 992

on specific output dimensions (columns) of the 993

MLP weight matrix while leaving others largely 994

intact. 995

Figure 10: Learned mask structure. Heatmap of the
binary mask over the edited MLP weight matrix in GPT-
2 XL. White denotes pruned weights (mask value 0),
black denotes retained weights (mask value 1). The
mask exhibits column-wise sparsity to a limited extent,
targeting specific output dimensions.

Figure 11 quantifies this column-wise concentra- 996

tion. The distribution is highly skewed: the major- 997

ity of output dimensions have only a small subset of 998

weights pruned, while some dimensions are heavily 999

targeted. The top-5 most pruned dimensions have 1000

over 40% of their weights pruned, with dimension 1001

214 reaching 73.1%. This concentrated pruning 1002

pattern suggests the mask identifies specific func- 1003

tional pathways critical for maintaining edits. 1004
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Figure 8: Residual stream decomposition for MEMIT edits. Top row: MLP (left) and attention (right) contribu-
tions per layer. Bottom row: MLP contributions across the edited layers only (left) and cumulative logit contribution
trace (right). Green: original fact in original model; blue: edited fact in edited model; purple: original fact in
edited model. Both architectures show amplified attention contributions in downstream layers, consistent with the
overattention mechanism identified for ROME.
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Figure 9: Effect of the learned mask on MEMIT edits. MLP contributions (left) and attention contributions (right)
for the original model (green), edited model (blue), and pruned model (red). The mask eliminates the amplified
attention contributions visible in Figure 8 while preserving MLP trajectories close to the original model.

15



Figure 11: Distribution of pruned weights per output
dimension. Each point represents one of the 1,600
output dimensions (columns) of the edited MLP weight
matrix, sorted by pruning percentage. The steep rise on
the right indicates that pruning is concentrated in a small
subset of dimensions, with most dimensions retaining
over 90% of their weights.

Notably, only 18% of pruned weights correspond1005

to high-magnitude ROME updates, suggesting the1006

mask targets functional pathways rather than sim-1007

ply reversing the largest weight changes.1008

Tracking pruned dimensions across layers. To1009

verify that the heavily pruned dimensions are in-1010

deed functionally relevant, we track their activation1011

trajectories across layers in the original, edited, and1012

pruned models (Figure 12).1013

Across all five dimensions, the edited model1014

(blue) diverges substantially from the original1015

GPT2-XL trajectory (green) after the edit layer.1016

Dimension 214, the most heavily pruned (73.1%),1017

shows the clearest effect: its activation is sup-1018

pressed by the edited model. The remaining di-1019

mensions (506, 1134, 292, 572) each show distinct1020

divergence patterns where the edited model devi-1021

ates from the original baseline.1022

The same pattern holds for LLaMA-3.2. Dimen-1023

sion 1659, the most heavily pruned (62.0%), shows1024

clear divergence after the edit layer, with the edited1025

model suppressing its activation relative to the orig-1026

inal. The remaining dimensions (2205, 1480, 1085,1027

2825) similarly exhibit distinct divergence patterns,1028

confirming that the mask targets functionally rele-1029

vant pathways across architectures.1030

In all cases, applying the mask (red dashed) re-1031

stores the activation trajectories toward the original1032

model. This consistent restoration across the most1033

heavily pruned dimensions in both GPT-2 XL and1034

LLaMA-3 confirms that the mask precisely targets1035

the activation changes induced by editing, revers-1036

ing their effect on downstream computation rather1037

than introducing arbitrary perturbations.1038

D.2 Comparison with Traditional Pruning 1039

Methods 1040

To contextualize our learned mask approach, 1041

we compare against traditional pruning methods. 1042

We evaluate four pruning criteria: (1) unstruc- 1043

tured magnitude pruning on the weight difference 1044

∆W = W − Ŵ , (2) unstructured magnitude prun- 1045

ing on the edited weights Ŵ directly, (3) structured 1046

magnitude pruning based on column norms, and 1047

(4) structured activation-based pruning using aver- 1048

age Wfc activations. Each criterion is tested in two 1049

modes: zero (pruned weights set to 0) and original 1050

(pruned weights restored to pre-edit values). 1051

Figure 13 shows the Reversal Success Rate 1052

(RSR) as a function of pruning percentage. The 1053

results reveal a clear hierarchy among methods. 1054

Unstructured ∆W pruning is most efficient: zero- 1055

ing only 30% of the weights with the largest update 1056

magnitude achieves over 90% RSR on both archi- 1057

tectures. Unstructured magnitude pruning on Ŵ 1058

requires substantially more intervention (approxi- 1059

mately 40% for GPT-2 XL and 50% for LLaMA- 1060

3 (3B)) and shows a notable asymmetry between 1061

modes: zero mode is far more effective than restor- 1062

ing original values. 1063

Structured pruning methods perform consid- 1064

erably worse. Both structured magnitude and 1065

activation-based criteria show a near-linear rela- 1066

tionship between pruning rate and RSR, requiring 1067

90–100% of weights to be removed before reaching 1068

90% reversal. This indicates that the edit’s effect 1069

cannot be attributed to a small number of neurons; 1070

rather, it is distributed across the weight matrix in 1071

a way that structured approaches cannot efficiently 1072

target. 1073

These findings motivate our mask training ap- 1074

proach: while ∆W pruning provides a strong base- 1075

line, it still requires removing 30% of weights. Our 1076

learned masks achieve comparable or better rever- 1077

sal performance while pruning less than 10% of 1078

weights (Table 2), demonstrating that optimization 1079

can identify more precise targets than magnitude- 1080

based heuristics. 1081
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Figure 12: Activation trajectories of the top-5 most pruned dimensions. Mean activation (with standard error)
across 1,000 samples tracked through all layers of GPT-2 XL and Llama-3 3B. Green: original model; blue: edited
model; red dashed: pruned model.
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Figure 13: Comparison of traditional pruning methods. Reversal Success Rate (RSR) as a function of pruning
percentage for GPT-2 XL (left) and LLaMA-3 3B (right). Each curve corresponds to a different pruning criterion.
Solid lines indicate the original mode (pruned weights restored to pre-edit values); dashed lines indicate the zero
mode (pruned weights set to 0). Unstructured ∆W pruning achieves 90% RSR with only 30% pruning, while
structured methods require near-complete removal of the edited layer.
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