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Abstract001

Knowledge editing aims to correct outdated or002
erroneous information in Large Language Mod-003
els (LLMs) without degrading their general004
capabilities. Recent approaches have largely005
moved away from standard Fine-Tuning (FT),006
citing its susceptibility to catastrophic forget-007
ting, and instead favor complex, localized ar-008
chitectural modifications. In this work, we009
challenge this consensus. We demonstrate that010
the limitations of FT are not inherent but stem011
from unconstrained optimization. We introduce012
FT++, an enhanced fine-tuning framework that013
integrates three strategic regularizations: la-014
bel smoothing to prevent overfitting, a general015
knowledge loss to preserve global distribution,016
and a novel relation-aware local loss to main-017
tain semantic stability. Extensive experiments018
on ZsRE and COUNTERFACT show that FT++019
significantly outperforms state-of-the-art meth-020
ods (including ROME and MEMIT) in both sin-021
gle and batch editing scenarios. Our findings022
establish that properly regularized fine-tuning023
is not merely a baseline, but a superior, robust,024
and efficient solution for knowledge editing.025

1 Introduction026

Large Language Models (LLMs) have demon-027

strated remarkable capabilities in storing and re-028

trieving vast amounts of world knowledge (Petroni029

et al., 2019; Brown et al., 2020). However, the030

static nature of this knowledge presents a critical031

challenge: the world is dynamic. Facts change032

over time (e.g., “The Prime Minister of the UK033

is...”), and models can hallucinate or encode in-034

correct information. Consequently, the ability to035

precisely update a model’s knowledge without re-036

training from scratch—a task known as Knowl-037

edge Editing (KE)—has become a pivotal area of038

research (Yao et al., 2023; Zhang et al., 2024).039

Existing approaches to Knowledge Editing gen-040

erally fall into two categories: (1) Locate-and-041

Edit methods, such as ROME (Meng et al., 2022)042

and MEMIT (Meng et al., 2023a), which iden- 043

tify specific neurons responsible for a fact and di- 044

rectly intervene in the weights; and (2) Architec- 045

tural or Meta-learning methods, such as GRACE 046

(Hartvigsen et al., 2023) and MALMEN (Tan et al., 047

2024), which introduce external adaptors or hyper- 048

networks to manage updates. While these meth- 049

ods achieve impressive results, they often intro- 050

duce significant complexity, require specialized 051

architectural modifications, or rely on heavy pre- 052

computation, making them difficult to deploy flexi- 053

bly across different model architectures. 054

In contrast, standard Fine-Tuning (FT) re- 055

mains the most intuitive and architecture- 056

agnostic approach. However, FT is frequently 057

dismissed in the KE literature due to the 058

Plasticity-Stability Dilemma (Carpenter and 059

Grossberg, 1988). Naive fine-tuning on a new fact 060

often leads to catastrophic forgetting (overwriting 061

unrelated knowledge) or overfitting (losing 062

generalization capabilities). As a result, FT is often 063

relegated to a weak baseline, with the assumption 064

that gradient-based updates on global parameters 065

are too destructive for precise editing. 066

In this work, we challenge this assumption. We 067

argue that the failure of Fine-Tuning is not inherent 068

to the method itself, but rather stems from a lack 069

of holistic regularization. We propose FT++, a re- 070

vitalized fine-tuning framework that elevates stan- 071

dard FT to state-of-the-art performance by strictly 072

enforcing constraints across three critical semantic 073

subspaces: 074

1. Plasticity (The Edit Scope): Ensuring the 075

model effectively learns the new target knowl- 076

edge (Ledit). 077

2. Local Stability (The Neighborhood Scope): 078

Anchoring the semantic neighborhood of the 079

edit target to prevent “bleed-over” into related 080

facts (Llocal). 081
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3. Global Stability (The Language Scope): Pre-082

serving the model’s general linguistic distri-083

bution to maintain fluency and reasoning ca-084

pabilities (Lgeneral).085

While individual components of these losses086

have appeared in isolation in prior works like087

MEND (Mitchell et al., 2022a), we provide the088

first rigorous analysis demonstrating that their089

synergistic combination is necessary and sufficient090

to solve the stability issues of FT. Furthermore,091

we introduce Label Smoothing into the editing092

objective, which we find to be a crucial, yet over-093

looked, factor in preventing the model from over-094

confidence and subsequent manifold collapse dur-095

ing aggressive updates.096

Our contributions are as follows: (1) We intro-097

duce FT++, a unified regularization framework that098

transforms standard fine-tuning into a robust knowl-099

edge editor without requiring external parameters100

or Locate-and-Edit computations; (2) We demon-101

strate that FT++ effectively balances the trade-off102

between reliability (editing success) and locality103

(preserving other knowledge), achieving perfor-104

mance competitive with or superior to complex105

baselines like ROME, MEMIT, and recent meta-106

learning approaches; (3) We provide a comprehen-107

sive ablation study revealing the distinct roles of108

local and general constraints, offering new insights109

into why standard fine-tuning fails and how simple110

constraints can “revitalize” it as a strong baseline111

for the community.112

2 Related Work113

2.1 Static Knowledge Integration114

Early approaches to equipping Language Models115

(LMs) with factual knowledge focused on the pre-116

training or intermediate training stages. Petroni117

et al. (2019) famously formalized the view of LMs118

as parametric knowledge bases, demonstrating that119

models naturally acquire facts from corpora. To en-120

hance this, structured knowledge from Knowledge121

Graphs (KGs) has been explicitly integrated into122

model architectures. KGLM (Logan et al., 2019)123

and ERNIE (Sun et al., 2019, 2020) utilize entity124

masking and fusion layers to inject KG triples dur-125

ing training. Similarly, K-BERT (Liu et al., 2020)126

and KEPLER (Wang et al., 2021) employ joint opti-127

mization objectives to align textual representations128

with knowledge embeddings. While effective for129

domain adaptation, these methods result in static130

models; updating a single fact requires expensive131

re-training, rendering them unsuitable for correct- 132

ing errors or tracking real-time world changes. 133

2.2 Dynamic Knowledge Editing 134

To address the rigidity of static models, Knowledge 135

Editing (KE) aims to alter specific facts post-hoc. 136

Existing techniques generally fall into two cate- 137

gories: preserving original parameters via external 138

modules, or directly modifying model weights. 139

Parameter-Preserving Methods (Memory & 140

Adapters). This stream of work bypasses the 141

risk of catastrophic forgetting by keeping the base 142

model frozen. One approach relies on external 143

memory retrieval. SERAC (Mitchell et al., 2022b) 144

routes inputs to a counterfactual model only when 145

they fall within the scope of a stored edit. Mem- 146

Prompt (Madaan et al., 2022) and IKE (Zheng et al., 147

2023) leverage in-context learning, retrieving cor- 148

rected facts or demonstrations from a memory bank 149

to guide the model’s generation. MeLLo (Zhong 150

et al., 2023) extends this to multi-hop reasoning. 151

Alternatively, architectural adapters can be intro- 152

duced. GRACE (Hartvigsen et al., 2023) maintains 153

a dynamic codebook of activations to intercept and 154

correct specific errors layer-wise. Similarly, CA- 155

LINET (Dong et al., 2022) and T-Patcher (Huang 156

et al., 2023) insert trainable neurons or FFN lay- 157

ers to patch mistakes. While safe, these methods 158

increase inference latency or memory overhead as 159

the number of edits grows. 160

Parameter-Modifying Methods (Meta-Learning 161

& Locate-and-Edit). These methods directly 162

update the model’s weights. Meta-learning ap- 163

proaches train hyper-networks to predict weight 164

updates (∆θ) efficiently. KE (De Cao et al., 2021) 165

uses Bi-LSTMs to predict updates, while MEND 166

(Mitchell et al., 2022a) employs low-rank decompo- 167

sition of gradients to scale this to Large Language 168

Models (LLMs). MALMEN (Tan et al., 2024) fur- 169

ther refines this by formulating editing as a least- 170

squares problem. Conversely, Locate-and-Edit 171

methods rely on mechanistic interpretability. Mo- 172

tivated by the hypothesis that Feed-Forward Net- 173

works (FFNs) operate as key-value memories (??), 174

ROME (Meng et al., 2022) uses causal tracing to 175

localize factual storage and updates a specific rank- 176

one slice of the FFN. MEMIT (Meng et al., 2023a) 177

generalizes ROME to support mass-editing of thou- 178

sands of facts simultaneously. 179
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Figure 1: An illustration of knowledge editing.

2.3 Revisiting Fine-Tuning for Editing180

Standard Fine-Tuning (FT) is often dismissed in181

KE literature due to its tendency to overfit or suffer182

from catastrophic forgetting. Early attempts to mit-183

igate this, such as applying L2 norm constraints on184

weight changes (Zhu et al., 2020), often failed to185

balance plasticity and stability.186

However, a recent comprehensive survey by187

Zhang et al. (2024) identifies a critical flaw in188

prior evaluations: many FT baselines were imple-189

mented to maximize probability only on the last190

token, deviating from the standard language mod-191

eling objective. They demonstrate that a properly192

implemented baseline, FT-M (Fine-Tuning with193

Memory), can achieve state-of-the-art editing suc-194

cess. Our work diverges from Zhang et al. (2024)195

in scope and depth. While they provide a broad196

survey where FT is one of many comparisons, our197

research focuses exclusively on the mechanics of198

Fine-Tuning. We investigate why FT fails when it199

does and propose a unified framework (FT++) that200

integrates local and global constraints to robustly201

solve the stability issues, establishing FT not just202

as a baseline, but as a superior editing method.203

3 Problem Formulation and Evaluation204

In this section, we formalize the task of knowl-205

edge editing in Large Language Models (LLMs)206

and define the evaluation metrics employed in our207

study.208

We represent factual knowledge as a knowl-209

edge base K, consisting of a set of triplets (s, r, o),210

where s denotes the subject, r the relation, and o211

the object. For instance, the triplet (Christopher212

Nolan, directed, Interstellar) encodes the fact that213

Christopher Nolan is the director of the movie In- 214

terstellar. 215

Let pθ denote an LLM parameterized by θ. We 216

assume the model has acquired a knowledge base 217

Ktrain during its pre-training or fine-tuning phases. 218

The objective of knowledge editing is to update 219

specific facts within the model without retraining 220

from scratch. Consider a subset Ksource ⊆ Ktrain, 221

referred to as the editing scope. The goal is to 222

obtain an updated set of parameters θ∗ such that 223

the model reflects the target knowledge Ktarget = 224

{(s, r, o∗) | (s, r, o) ∈ Ksource}, where o∗ repre- 225

sents the new or corrected object. 226

We further define the neighborhood scope, 227

Kneighbour, as the set of triplets semantically equiv- 228

alent or logically derived from Ktarget, typically in- 229

volving the same subject s but different relations rn 230

that should also map to o∗. For any triplet (s, r, o), 231

let pθ(o | s, r) denote the probability assigned by 232

the model to object o given the prompt constructed 233

from s and r. 234

An effective knowledge editor must balance plas- 235

ticity (learning new facts) with stability (preserving 236

existing knowledge). Following standard conven- 237

tions, we evaluate the edited model pθ∗ based on 238

three core properties: 239

1. Reliability: This metric assesses whether 240

the model successfully recalls the target knowledge 241

after editing. For a target triplet (s, r, o∗) ∈ Ktarget, 242

the edit is deemed reliable if the model assigns the 243

highest probability to the target object o∗: 244

o∗ = argmax
v∈V

pθ∗(v | s, r). (1) 245

2. Generalization: The model should robustly 246

apply the edited knowledge to semantically related 247
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prompts. For triplets in the neighborhood scope248

(s, rn, o
∗) ∈ Kneighbour, the model should predict249

the updated object o∗:250

o∗ = argmax
v∈V

pθ∗(v | s, rn). (2)251

3. Locality: The editing process should be pre-252

cise, leaving unrelated knowledge unaffected. For253

any fact (s, r, o) ∈ Ktrain \ Ksource falling within254

the irrelevant scope, the model’s prediction should255

remain consistent with the original object o:256

o = argmax
v∈V

pθ∗(v | s, r). (3)257

We acknowledge that previous literature em-258

ploys varying formulations for these metrics, with259

no single consensus on the optimal definition. For260

completeness, we provide a summary of alterna-261

tive metrics used in prior works in the Appendix.262

However, to ensure clarity and consistency, our ex-263

periments strictly adhere to the definitions provided264

above.265

4 Methodology266

In this section, we propose a composite fine-267

tuning framework designed to address the stability-268

plasticity dilemma in knowledge editing. Our ob-269

jective function comprises three distinct compo-270

nents: an Editing Loss to inject new knowledge, a271

General Knowledge Loss to prevent catastrophic272

forgetting, and a novel Local Invariance Loss to273

mitigate overfitting to prompt patterns.274

4.1 Regularized Editing Loss275

The primary objective of knowledge editing is to276

maximize the probability of the target object o∗277

given the subject s and relation r. For a target278

triplet (s, r, o∗) ∈ Ktarget, the standard objective279

is to minimize the negative log-likelihood of o∗.280

Note that in practice, the object o∗ may consist of281

multiple tokens; following Zhang et al. (2024), we282

optimize the probability over all tokens in o∗.283

To prevent the model from overfitting to the spe-284

cific editing samples and to ensure a smoother tran-285

sition from the old knowledge to the new, we in-286

corporate a label-smoothing regularization. Rather287

than distributing the residual probability uniformly288

across the vocabulary, we specifically retain a289

weighted probability for the original object o. This290

"soft-editing" approach serves as a regularizer, pre-291

venting the model parameters from shifting too292

drastically. The regularized editing loss is formu- 293

lated as: 294

Ledit(θ) = −
∑

(s,r,o∗)∈Ktarget

[
(1− α) log pθ(o

∗ | s, r)

+ α log pθ(o | s, r)
]

(4)

295

where (s, r, o) ∈ Ksource represents the original 296

fact, and α ∈ (0, 1) is a hyper-parameter control- 297

ling the strength of the regularization (i.e., how 298

much of the original memory is retained during the 299

update). 300

4.2 General Knowledge Preservation 301

A prevalent challenge in fine-tuning Large Lan- 302

guage Models (LLMs) is catastrophic forgetting, 303

where the optimization for Ktarget degrades the 304

model’s performance on unrelated knowledge. Ide- 305

ally, we aim to minimize the Kullback-Leibler (KL) 306

divergence between the edited model pθ and the 307

original model pθoriginal on the invariant knowledge 308

set Ktrain \ Ksource. 309

Since the full pre-training corpus is often inac- 310

cessible, we follow Meng et al. (2023b) and utilize 311

a subset of Wikipedia as a proxy dataset, denoted 312

as Dext. To ensure distributional consistency, we 313

sample sentences from Dext that match the length 314

statistics of the editing samples. The general knowl- 315

edge loss is defined as: 316

Lgeneral(θ) =
∑

x∈Dext

DKL

(
pθ(· | x)

∥∥∥ pθoriginal(· | x))
(5) 317

4.3 Local Invariance Constraint 318

While the editing loss reinforces the connection 319

between the prompt (s, r) and the new object o∗, 320

there is a risk that the model learns a spurious cor- 321

relation between the relation syntax r and o∗, ignor- 322

ing the subject s. We hypothesize that this "pattern 323

overfitting" is a primary cause of generalization er- 324

rors, where the model applies the edit to irrelevant 325

subjects sharing the same relation phrasing. 326

To address this, we introduce a Local Invari- 327

ance Loss. This objective ensures that the model’s 328

understanding of the relation’s structure remains 329

consistent with the pre-trained model. Specifically, 330

we constrain the predictive distribution of the last 331

token of the relation, denoted as rl. By forcing the 332

model to maintain the original probability distribu- 333

tion for the prompt’s own structure, we reduce the 334
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dependency on surface-level patterns and encour-335

age the model to focus on the semantic mapping336

between (s, r) and o∗.337

Formally, for a prompt ending in relation r, let338

rl be the final token of the relation. We minimize339

the KL divergence on the prediction of rl given the340

preceding context:341

Llocal(θ) =
∑

(s,r,o)∈Ksource
DKL

(
pθ(rl | s, r<l)

∥∥∥ pθoriginal(rl | s, r<l)
)
(6)342

where r<l denotes the prompt tokens preceding rl.343

This constraint acts as a localized regularizer, pre-344

serving the model’s cognitive association with the345

prompt syntax. Unlike ROME, which focuses on346

fixed prompt templates (e.g., "{subject} is a"), our347

method dynamically utilizes the specific relation348

tokens present in the data.349

The final training objective is a weighted sum350

of the three components, balanced by hyper-351

parameters λ1 and λ2:352

L(θ) = Ledit(θ)+λ1 ·Lgeneral(θ)+λ2 ·Llocal(θ).
(7)353

354

5 Experimental Studies355

To rigorously evaluate the efficacy of our proposed356

framework, we conduct extensive experiments357

across multiple knowledge editing paradigms,358

datasets, and model architectures. We benchmark359

our method, denoted as FT++ (incorporating Edit-360

ing, General, and Local losses), against state-of-361

the-art knowledge editing techniques.362

5.1 Datasets363

Following established protocols (Meng et al.,364

2022, 2023b), we utilize two standard benchmarks:365

ZsRE (Levy et al., 2017): A Question-Answering366

dataset where the neighborhood scope consists of367

rephrased questions generated via back-translation.368

The irrelevant scope comprises semantically un-369

related sentences. We evaluate on 10,000 factual370

triplets extracted from the test set.371

COUNTERFACT (CTF) (Meng et al., 2022): A372

more challenging benchmark designed for counter-373

factual updates. The neighborhood scope includes374

both rephrased prompts and conceptually related375

queries. Crucially, the irrelevant scope maintains376

the same relation structure but swaps the subject,377

rigorously testing the model’s ability to disentangle378

subject-relation bindings. To ensure data integrity,379

we filter conflicts where (s, r) pairs appear in both380

the training and source sets, resulting in a curated 381

set of 10,000 samples. 382

5.2 Baselines & Implementation 383

We compare FT++ against the following baselines: 384

• FT-M (Zhang et al., 2024): A standard fine- 385

tuning approach optimizing cross-entropy on 386

all target tokens. This serves as our primary 387

baseline for plasticity. 388

• MEND (Mitchell et al., 2021): A 389

hypernetwork-based meta-learning ap- 390

proach designed for rapid, gradient-based 391

updates. 392

• ROME (Meng et al., 2022): A rank-one 393

model editing method that directly modifies 394

MLP weights to update specific facts. 395

• MEMIT (Meng et al., 2023b): An extension 396

of ROME designed to insert multiple mem- 397

ories simultaneously by distributing updates 398

across critical layers. 399

Evaluation Protocols: We assess performance 400

in two settings: 1. Batch Editing: Simultaneously 401

updating 10,000 facts to test scalability and capac- 402

ity. 2. Single Editing: Updating one fact at a 403

time and resetting the model, testing precision and 404

instance-level reliability. 405

Experiments are conducted on GPT-J (6B) and 406

LLAMA-2 (7B). For batch editing, we train for 25 407

epochs; for single editing, 10 epochs. All models 408

are trained on a single NVIDIA A100 (80G) GPU. 409

5.3 Experimental Results 410

We present a comparative analysis of FT++ against 411

baseline methods, focusing on the trade-off be- 412

tween reliability (learning new facts) and locality 413

(preserving old facts). Results for batch editing on 414

CTF and ZsRE are summarized in Table 2. 415

Plasticity vs. Stability: We observe that stan- 416

dard fine-tuning (FT-M) exhibits strong plastic- 417

ity, achieving high Reliability and Generalization 418

scores. However, it suffers from catastrophic for- 419

getting, evidenced by poor Locality scores. This 420

confirms that naive gradient updates aggressively 421

overwrite existing representations. 422

Superiority of FT++: Our proposed FT++ signifi- 423

cantly mitigates this forgetting. By integrating Lo- 424

cal Invariance and General Knowledge constraints, 425

FT++ restores Locality to competitive levels while 426

maintaining the high Reliability of fine-tuning. It 427
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Dataset CTF ZSRE

Editor Reliability General. Locality Avg. Reliability General. Locality Avg.

GPT-J 0.35 0.45 14.42 5.07 26.39 25.70 27.04 26.38

FT-M 99.68 66.63 7.65 57.99 99.84 99.40 10.82 70.02
MEND 3.15 3.18 23.72 10.01 19.04 18.60 22.40 20.01
ROME 0.06 0.11 0.04 0.07 21.01 19.60 0.91 13.83
MEMIT 95.9 54.78 12.01 54.23 96.70 89.70 26.60 71

FT++ 98.54 61.81 15.18 58.51 98.92 97.06 27.86 74.61

Table 1: Batch editing results using GPT-J on CTF dataset.

Dataset CTF ZSRE

Editor Reliability General. Locality Avg. Reliability General. Locality Avg.

LLAMA-2 0.44 0.41 22.08 7.62 43.98 43.13 47.22 45.11

FT-M 99.81 61.69 4.91 55.49 80.92 80.21 44.09 68.41
MEND 0.75 0.56 21.77 7.69 8.7 8.51 10.03 9.08
ROME 0 0.02 0 0.01 10.66 23.52 26.31 20.16
MEMIT 92.80 54.89 3.27 50.65 59.73 57.05 24.73 47.23

FT++ 98.28 58.45 26.11 60.94 78.34 77.85 47.37 74.87

Table 2: Batch editing results using LLAMA-2 on ZsRE dataset.

achieves the best aggregate performance across all428

metrics and architectures.429

Limitations of Specialized Editors: Methods de-430

signed primarily for single edits (ROME, MEND)431

struggle to scale. When applied to batch editing432

(sequentially or via batch gradients), their perfor-433

mance degrades significantly. Even MEMIT, ex-434

plicitly designed for batch editing, underperforms435

FT++ on LLAMA-2. We hypothesize this is partly436

due to MEMIT’s closed-form solution being de-437

rived under specific assumptions about attention438

mechanisms (e.g., GPT-style) that may not fully439

generalize to different architectural nuances or the440

scale of updates required here.441

5.4 Single Editing Performance442

Table 3 presents results for the single editing set-443

ting on the CTF dataset. While single editing is444

a simpler task, the trends remain consistent. FT-445

M dominates in Reliability but fails in Locality.446

Conversely, ROME and MEMIT excel at Local-447

ity—often matching the frozen baseline—but strug-448

gle to generalize the new knowledge to rephrased449

prompts (lower Generalization). FT++ strikes the450

optimal balance. It approaches the high Generaliza-451

tion of FT-M while significantly boosting Locality,452

demonstrating that our regularization objectives453

effectively constrain the gradient updates to the rel-454

evant parameters without hindering the acquisition455

of new knowledge.456

5.5 Micro-Analysis of Loss Components 457

To dissect the specific contribution of each loss 458

component, we conduct a controlled case study. 459

We track the loss dynamics of three distinct probe 460

samples during the editing of a target fact Q1: 461

• Q1 (Target): The specific fact being edited. 462

• Q2 (Neighbor): A sample sharing the same 463

relation pattern as Q1. 464

• Q3 (Irrelevant): A completely unrelated sam- 465

ple. 466

The inputs are detailed in Table 4. We compare 467

standard FT against FT augmented with Label 468

Smoothing (LS), General Loss (GL), and Local 469

Loss (LL). 470
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Figure 2: Case result for Q1.
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Model GPT-J LLAMA-2

Editor Reliability General. Locality Avg. Reliability General. Locality Avg.

Original 0.35 0.45 14.42 5.07 0.44 0.41 22.08 7.64

FT-M 100.00 99.14 0.46 66.51 99.96 94.29 18.64 70.96
MEND 90.15 22.31 12.04 10.01 92.75 24.98 21.70 46.48
ROME 99.81 83.53 13.28 65.53 99.84 75.14 20.51 65.16
MEMIT 99.71 67.02 14.18 60.30 92.40 72.50 20.13 61.68

FT++ 99.99 93.12 14.41 69.17 99.96 92.03 20.98 70.99

Table 3: Single editing results on 10,000 knowledge of CTF.

Input Content

Edit : Q1 The mother tongue of Danielle Darrieux is New: English True: French

Test :Q2 The native language of Raymond Barre is True: French

Test :Q3 What sport does Willie Mays play? They play True: baseball

Table 4: The data for case study.
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Figure 3: Case result for Q2.

Dynamics of Overfitting (Q1): As shown in471

Figure 2, standard FT rapidly overfits the target.472

Label Smoothing acts as a strong regularizer but473

slows down learning. Local Loss provides a middle474

ground, stabilizing the trajectory without prevent-475

ing convergence.476

Pattern Decoupling (Q2): Figure 3 reveals a477

critical insight. Standard FT degrades performance478

on Q2, implying the model over-generalizes the479

edit based on the shared relation pattern. Here, Lo-480

cal Loss is the most effective regularizer. By con-481

straining the relation token’s probability, it forces482

the model to respect the specific subject-relation483

binding, preventing the edit from "leaking" to Q2.484

Global Preservation (Q3): For the unrelated485

sample Q3 (Figure 4), General Loss is dominant.486

Since Q3 is distributionally distinct from the edit487

target, the Local Loss (which focuses on relation488

patterns) has minimal impact. General Loss, how-489

ever, explicitly penalizes divergence on the broader490
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Figure 4: Case result for Q3.

data distribution, effectively preserving the model’s 491

general capabilities. 492

6 Ablation Analysis 493

We further investigate the interaction between our 494

loss components and dataset characteristics using 495

the GPT-J model. 496

6.1 Dataset-Dependent Regularization 497

The efficacy of each regularization technique varies 498

by dataset structure, as detailed in Tables 5 and 6. 499

ZsRE (Table 5): In ZsRE, the irrelevant scope 500

consists of random, unrelated sentences. Conse- 501

quently, General Loss is the primary driver of Lo- 502

cality, as it directly aligns with the distribution of 503

these unrelated samples. Label Smoothing, while 504

helpful, negatively impacts Reliability here because 505

the neighborhood samples are mere rephrasings; 506

smoothing the target probability discourages the 507

model from confidently assigning the new answer 508
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Label smooth General loss Local Label smooth Reliability Generalization Locality

✗ ✗ ✗ 99.84 99.40 10.82
✓ ✗ ✗ 98.94 (↓0.90) 97.69 (↓1.71) 22.60 (↑11.78)
✗ ✓ ✗ 99.33 (↓0.51) 98.17 (↓1.23) 26.13 (↑15.31)
✗ ✗ ✓ 99.23 (↓0.61) 98.13 (↓1.27) 21.62 (↑10.80)
✓ ✓ ✓ 98.92 (↓0.92) 97.06 (↓2.34) 27.86 (↑17.04)
✓ ✓ ✗ 98.22 (↓1.62) 96.32 (↓3.08) 26.45 (↑15.63)
✓ ✗ ✓ 98.22 (↓1.62) 96.66 (↓2.74) 22.74 (↑11.92)
✗ ✓ ✓ 99.08 (↓0.76) 97.42 (↓1.98) 27.31 (↑16.29)

Table 5: Ablation results on ZsRE.

Label smooth General loss Local Label smooth Reliability Generalization Locality

✗ ✗ ✗ 99.68 66.63 7.65
✓ ✗ ✗ 99.21 (↓0.47) 65.46 (↓1.17) 9.82 (↑2.17)
✗ ✓ ✗ 99.52 (↓0.08) 67.19 (↑0.56) 7.14 (↓0.51)
✗ ✗ ✓ 97.71 (↓1.97) 60.55 (↓6.08) 11.20 (↑3.55)
✓ ✓ ✓ 98.54 (↓1.14) 61.81 (↓4.82) 15.18 (↑7.53)
✓ ✓ ✗ 99.10 (↓0.58) 62.35 (↓4.28) 9.74 (↑2.09)
✓ ✗ ✓ 97.71 (↓1.87) 63.54 (↓3.09) 13.71 (↑6.06)
✗ ✓ ✓ 98.14 (↓1.54) 61.01 (↓5.62) 11.68 (↑4.03)

Table 6: Ablation results on CTF.

to these synonyms.509

COUNTERFACT (Table 6): The CTF dataset510

presents a unique challenge: the irrelevant scope511

often shares the same relation template as the target512

but with a different subject.513

1. Local Loss is Critical: Because the "distrac-514

tor" sentences share the relation pattern, Gen-515

eral Loss (which samples random text) is less516

effective at protecting them. Local Loss, by517

specifically constraining the relation represen-518

tation, prevents the model from overwriting519

the relation’s semantics, thus preserving Lo-520

cality for these structurally similar but seman-521

tically distinct facts.522

2. General Loss and Generalization: Interest-523

ingly, General Loss improves Generalization524

in CTF. By anchoring the model to the broader525

language distribution, it prevents the model526

from overfitting to the specific phrasing of527

the edit target, thereby helping it transfer the528

new knowledge to rephrased prompts in the529

neighborhood scope.530

Conclusion: This analysis underscores that "sta-531

bility" is not a monolithic concept. Preserving ran-532

dom knowledge requires distributional constraints533

(General Loss), while preventing pattern-based534

over-generalization requires structural constraints535

(Local Loss). FT++ succeeds by combining both.536

7 Conclusion 537

In this work, we systematically revisited the role of 538

Fine-Tuning (FT) in knowledge editing. We demon- 539

strated that while FT possesses robust plasticity for 540

acquiring new knowledge, it is inherently vulner- 541

able to catastrophic forgetting. To address this 542

stability-plasticity dilemma, we proposed FT++, a 543

framework that augments standard fine-tuning with 544

targeted regularization techniques. Our extensive 545

experiments confirm that FT++ effectively balances 546

the injection of new facts with the preservation of 547

the model’s original capabilities, achieving supe- 548

rior performance in both single and batch editing 549

scenarios. 550

Limitations 551

Notwithstanding these advancements, we acknowl- 552

edge certain limitations inherent to parameter- 553

updating methods. First, FT++ incurs a non-trivial 554

computational overhead; even when updates are re- 555

stricted to specific layers, the process necessitates 556

substantial GPU memory (e.g., 80GB), posing a 557

challenge for deployment in resource-constrained 558

environments. Second, our current formulation 559

relies on structured knowledge triples. Since real- 560

world knowledge often manifests in unstructured 561

or complex forms, extending this framework to 562

diverse knowledge representations and exploring 563

more memory-efficient update mechanisms remain 564

pivotal directions for future research. 565
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A More Analysis699

A.1 Data Example700

The example of the data is shown in Table 7.701

A.2 Performance improvement in irrelevant702

scope703

An interesting observation from Table 1 and Ta-704

ble 2 is that the edited model can achieve a higher705

locality score than the original model, particularly706

evident in the CTF dataset. For instance, the GPT-J707

base model has an accuracy score of only 14.42708

in locality, whereas the model trained by FT++709

exhibits an improved score of 15.18. This phe-710

nomenon is similarly observed in the LLAMA ar-711

chitecture.712

After careful examination of the datasets, we713

find that this phenomenon stems from the construc-714

tion of testing samples. We examine the dataset715

and discover that some objects in Ksource also ap-716

pear in Ktrain\Ksource. We investigate the fre-717

quency with which the objects from Ksource appear718

in Ktrain\Ksource and the results are presented in719

Figure 6. The CTF and ZsRE datasets contain a720

large number of objects from Ktrain\Ksource (such721

as French, English, London) that appear in Ksource.722

In further investigation of CTF, we analyze723

10,000 samples and find that there is a signif-724

icant amount of duplication among the objects725

themselves. Specifically, there are only 667726

non-duplicated objects in Ksource and 691 non-727

duplicated objects in Ktrain\Ksource. Further, 599728

non-duplicated objects from Ksource appear in729

Ktrain\Ksource.730

Additionally, we calculate the accuracy differ-731

ence between edited model and base model for732

each data in Ktrain\Ksource of CTF and count733

the average number of times that object from734

Ktrain\Ksource appears in Ksource. As shown735

in Figure 5, if the edited model’s accuracy in736

Ktrain\Ksource is significantly higher than that of737

the base model, the repetition frequency are also738

higher. This phenomenon indicates that FT creates739

a certain dependence on objects. Editing an object740

multiple times can affect the model’s understanding741

of it, making the model more inclined to output that742

object in other scenarios. This issue does not arise743

during single editing because the model only learns744

one data sample at a time, thus avoiding the prob-745

lem of the objects from Ktrain\Ksource appearing746

in Ksource.747

A.3 Baseline 748

Note that we do not compare our approach with 749

methods that do not modify network parameters, 750

such as SERAC (Mitchell et al., 2022b), as men- 751

tioned earlier. 752

• FT-M: (Zhang et al., 2024) proposed a modi- 753

fied finetuning approach using a cross entropy 754

loss on all target tokens in all positions, com- 755

pared with the FT-L in Meng et al. (2022). 756

• MEND: Mitchell et al. (2021) employed a 757

hyper-network based model to predict the gra- 758

dient during editing, enabling fast knowledge 759

updates. 760

• ROME: Meng et al. (2022) applied a rank- 761

one modification to the weights of the MLP 762

to directly update one fact at a time. 763

• MEMIT: Meng et al. (2023b) extended 764

ROME to insert multiple memories by modify- 765

ing the MLP weights across a range of critical 766

layers. 767
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Figure 5: The impact of object reuse.
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ZsRE Sample

Edit scope Which family does Ramalinaceae belong to? New: Lecanorales True: eos token

Neigbour scope What family are Ramalinaceae?

Irrelevant scope nq question: types of skiing in the winter olympics 2018 True: Downhill

CTF Sample

Edit scope The mother tongue of Danielle Darrieux is. New:English True:French

Neigbour scope Shayna does this and Yossel goes still and dies. Danielle Darrieux, a native

Irrelevant scope The mother tongue of Lon Blum is True: French

Table 7: A sample of ZsRE and CTF
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Figure 6: The data reuse number in two dataset.
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