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Abstract001

Although existing model editing methods per-002
form well in recalling exact edit facts, they003
often struggle in complex scenarios that re-004
quire deeper semantic understanding rather005
than mere knowledge regurgitation. Lever-006
aging the strong contextual reasoning abili-007
ties of large language models (LLMs), in-008
context learning (ICL) becomes a promising009
editing method by comprehending edit infor-010
mation through context encoding. However,011
this method is constrained by the limited con-012
text window of LLMs, leading to degraded per-013
formance and efficiency as the number of ed-014
its increases. To overcome this limitation, we015
propose InComeS, a flexible framework that016
enhances LLMs’ ability to process editing con-017
texts through explicit compression and selec-018
tion mechanisms. Specifically, InComeS com-019
presses each editing context into the key-value020
(KV) cache of a special token, enabling effi-021
cient handling of multiple edits without being022
restricted by the model’s context window. Fur-023
thermore, specialized cross-attention modules024
are added to dynamically select the most rel-025
evant information from the pool of special to-026
kens, enabling adaptive and effective utilization027
of edit information. We conduct experiments028
on diverse model editing benchmarks with vari-029
ous editing formats, and the results demonstrate030
the effectiveness and efficiency of our method.031

032

1 Introduction033

Model editing, also known as knowledge editing,034

has seen rapid progress in recent years (Fang et al.,035

2024; Li et al., 2024; Wang et al., 2024; Zhang036

et al., 2024a). Its primary goal is to precisely in-037

tegrate updated knowledge into a model, enabling038

targeted behavioral modifications while maintain-039

ing performance on unrelated tasks. Existing tech-040

niques have demonstrated strong performance in041

† Corresponding author.

accurately recalling edited facts (Yao et al., 2023; 042

Zhang et al., 2024a, 2025a). However, they often 043

struggle in more complex editing scenarios, such 044

as multi-hop editing composition (Zhong et al., 045

2023a; Zhang et al., 2025a), natural language edit- 046

ing (Akyürek et al., 2023), and editing tasks that 047

require reasoning and generalization (Cohen et al., 048

2024; Zhang et al., 2024a). Moreover, recent stud- 049

ies (Zhang et al., 2025a) show that previous edit- 050

ing methods are prone to overfitting: they may 051

assign excessively high probabilities to edited tar- 052

gets, which can distort the model’s responses to 053

more complex or nuanced queries. 054

Leveraging the in-context learning (ICL) abili- 055

ties of large language models (LLMs) provides a 056

promising direction for addressing these problems. 057

As LLMs continue to grow in size and capability, 058

their ability to understand and utilize contextual 059

information continues to improve. By incorpo- 060

rating all the editing information into the prefix 061

contexts, ICL enables a simple, powerful, and flex- 062

ible approach for employing updated knowledge in 063

complex scenarios. However, this approach faces 064

significant challenges as the number of edits in- 065

creases. First, the finite context window restricts 066

the maximum number of edits that can be included, 067

and the computational cost of self-attention over 068

long contexts leads to a sharp decline in efficiency. 069

Moreover, the effectiveness of ICL is constrained 070

by the model’s ability to process extended contexts, 071

and the retrieval accuracy of the most relevant edit- 072

ing information also tends to decrease as the editing 073

context grows. 074

To address these challenges, we introduce In- 075

ComeS (Integrating Compression and Selection 076

Mechanisms), a novel framework for efficient and 077

scalable model editing. InComeS adopts context 078

compression techniques to condense the represen- 079

tation of each edit into the KV cache of special gist 080

tokens, which can be cached and reused for compu- 081

tational efficiency. While gisting (Mu et al., 2023) 082
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was originally developed to compress single-input083

prompts, we extend this approach to handle mul-084

tiple edits by further introducing a specialized se-085

lection mechanism. We further augment the model086

with cross-attention modules that allow each input087

token to attend to the compressed gist representa-088

tions of edits, enabling fine-grained and adaptive089

selection of the most relevant information. Since090

each edit is compressed in parallel, our framework091

overcomes the limitations imposed by the context092

window, and the specialized selection modules can093

be learned to enhance retrieval accuracy.094

We conduct experiments across a range of com-095

plex model editing settings, including multi-hop096

editing, natural language editing, and tasks requir-097

ing complicated reasoning. Experimental results098

demonstrate that InComeS outperforms existing099

editing methods, effectively handling diverse edit-100

ing scenarios while offering efficiency gains.101

2 Preliminary102

Model editing (Yao et al., 2023; Mitchell et al.,103

2022a) aims to adjust a base model ψ to a104

post-edited model ψ′ according to a set of edit-105

ing information T = {t1, . . . , tn}: ψ′ =106

Edit(ψ, {t1, . . . , tn}). Here, “Edit” indicates the107

model editing method, while {t1, . . . , tn} repre-108

sents the knowledge pieces to be integrated. A typ-109

ical example of editing information is query-label110

pair t = (x, y), where the goal is for the edited111

model to produce y in response to input x, even if112

the original model does not: ψ(x) ̸= y, ψ′(x) = y.113

When the editing set contains only a single piece114

of information (|T | = 1), this is known as single-115

instance editing. In contrast, batch editing refers116

to the scenario where multiple pieces of knowl-117

edge are updated simultaneously (|T | > 1). Batch118

editing is particularly practical in real-world ap-119

plications, where simultaneously updating several120

edits is often required. In these scenarios, it will be121

more efficient to integrate them into the model in a122

single operation.123

In practice, editing information can take vari-124

ous forms beyond simple query-label pairs. For125

instance, multiple related edits can be combined126

to enable multihop editing, or updated knowledge127

may be provided as a paragraph of natural lan-128

guage text. In such scenarios, many traditional129

editing methods may struggle to produce the de-130

sired outcomes, since they are not designed to131

handle these diverse types of editing information.132

In contrast, in-context learning (ICL) approaches, 133

where editing information is simply concatenated 134

as contextual prefixes, offer a straightforward yet 135

powerful solution: EditICL(ψ, {t1, . . . , tn})(x) = 136

ψ(t1, . . . , tn, x). By leveraging the LLM’s ability 137

to understand and reason over context, ICL can 138

naturally accommodate a wide range of editing sce- 139

narios. Nevertheless, ICL is constrained by the 140

context window of LLMs, and its accuracy and 141

efficiency tend to decline when processing larger 142

batches of edits. 143

3 Method 144

In this work, we aim to enhance the ICL-based edit- 145

ing approach to better understand multiple edits and 146

accurately extract relevant information from the 147

edit batch. Given a batch of editing information set 148

T = {t1, . . . , tn}, an input query x, and the subset 149

of its related1 edits {ti|i ∈ R(x)}, we hope that 150

our model can answer the query as effectively as 151

a vanilla LM provided only with the relevant edits 152

(ignoring the irrelevant editing information): ψ′ = 153

Edit(ψ, {t1, . . . , tn}) ≈ Edit(ψ, {ti|i ∈ R(x)}). 154

To enable accurate and efficient batch editing, 155

we propose InComeS an ICL-based approach that 156

integrates both compression and selection mech- 157

anisms into the LMs. First, we adopt gist-based 158

edit compression, condensing each editing infor- 159

mation into the KV cache representations of one 160

special (gist) token. Furthermore, we introduce 161

parallel-context cross-attention modules that allow 162

ordinary tokens to attend to these compressed gist 163

representations. These modules serve as soft se- 164

lectors to dynamically identify the most relevant 165

information for the current input. This strategy can 166

effectively mitigate the limitations imposed by con- 167

text window sizes and enhance the model’s ability 168

to precisely capture editing information. 169

3.1 Edit Compression 170

We adopt the concept of gisting (Mu et al., 2023), 171

which is originally developed to compress input 172

prompts into the representations of an extra, spe- 173

cially inserted token (the gist token). The con- 174

densed gist activation serves the same function as 175

the original prompt and can be cached for later 176

reuse, thereby improving computational and mem- 177

ory efficiency. While the original work primarily 178

focuses on instruction tuning, we extend this idea 179

1We define related edits as those editing pieces that the
model should reference when answering the query.
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Figure 1: An overview of InComeS. At the compression stage, each edit is individually condensed into KV cache
representations of a gist token. These representations are integrated into the model via selection through the
cross-attention modules. A special zero-gist token is included alongside the cached gists from actual edits, allowing
the model to have the option to “select nothing.” Note that the compression and integration steps are performed
separately, but both use the same underlying model.

to edit compression.180

For each editing information piece ti, repre-181

sented as a sequence of tokens t0i , t
1
i , . . . , t

n
i , we182

append a special gist token tg to the end of the183

sequence and feed it into the LM. After encod-184

ing, we discard the original edit tokens and retain185

only the gist’s representations (KV caches) for each186

edit. Notably, each edit context is encoded indepen-187

dently, allowing us to efficiently handle an arbitrary188

number of edits. This approach is highly flexible189

and accommodates edits of varying lengths and190

formats.191

After edit compression, the edit infor-192

mation t1, t2, . . . , tn is converted into their193

corresponding gist KV representations2194

(gK1, gV1), (gK2, gV2), . . . , (gKn, gVn). Im-195

portantly, we use the same LM targeted for editing196

to encode and compress the edit information,197

ensuring that the subsequent information selection198

process is seamless and well-aligned with the199

model’s internal representations.200

3.2 Edit Selection201

After compressing the edit contexts, we obtain202

a pool of gist representations for the batch of203

edits. To integrate this information into the204

model, we introduce additional cross-attention205

modules that enable input tokens to attend to the206

edit representations. Since these representations207

are stored as KV caches, we leverage a similar208

attention mechanism to incorporate the edit209

information. Formally, given a token’s query state210

q, the cross-attention is computed as: ocross =211

attention(q, {gK0, gK1, gK2, . . . , gKn},212

2For brevity, we present the representations and operations
for a single layer.

{gV0, gV1, gV2, . . . , gVn}). We finally add the 213

cross-attention outputs to the self-attention outputs 214

for information aggregation. 215

Since tokens are not required to always attend to 216

the edit information, we further introduce a zero- 217

gist (g0 in Figure 1) to allow the model to attend to 218

“nothing” when appropriate. For the zero-gist, we 219

use learnable parameters for the key vectors gK0 220

and assign fixed zero vectors to the value gV0. This 221

design allows the model to flexibly select relevant 222

information as needed during sequence prediction. 223

3.3 Meta Training 224

Since vanilla LMs lack explicit mechanisms for 225

context compression and selection, we perform con- 226

tinued training (Figure 2) to enhance pre-trained 227

LMs with these capabilities. Our main goal is to en- 228

sure that the compressed gist representations serve 229

as effective substitutes for the original editing infor- 230

mation. To achieve this, it is essential to distinguish 231

between edit-sensitive tokens, whose losses change 232

significantly when editing context is given, and 233

edit-insensitive tokens, which can be predicted ac- 234

curately from local context alone and do not depend 235

on edit information. This distinction is captured by 236

employing a customized token weighting scheme: 237

wxi =max(0, CE(xi|x0, . . . , xi−1)−
CE(xi|{ti|i ∈ R(x)}, x0, . . . , xi−1))

(1) 238

where the CE is the cross entropy and R(x) rep- 239

resents the subset of related edits. Here, the to- 240

ken weight is the difference between the edit- 241

conditioned and edit-unconditioned losses. This 242

scheme increases the weights of edit-sensitive to- 243

kens to encourage the model to learn to retrieve 244

information from the compressed edits. The loss 245
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The president of US is Donald Trump.

Teacher Model:

Student Model:

Edit Query Answer (label)

…… …… ……

𝑝𝑛 ∈ ℝ𝑏𝑠𝑧×𝑞_𝑙𝑒𝑛×𝑣

𝑝𝑛
′ ∈ ℝ𝑏𝑠𝑧×𝑞_𝑙𝑒𝑛×𝑣

𝑝𝑛
′′ ∈ ℝ𝑏𝑠𝑧×𝑞_𝑙𝑒𝑛×𝑣

……

𝑝 – Probabilities

Zero-gist

𝑙𝑜𝑠𝑠 = 𝐶𝐸(𝑝𝑛
′′) × 𝑤 + 𝒟𝐾𝐿(𝑝𝑛||𝑝𝑛

′′)

Edit-sensitive 
tokens

<GIST> <GIST> <GIST> <GIST>

𝑤 = 𝑚𝑎𝑥 0, 𝐶𝐸(𝑝𝑛) − 𝐶𝐸(𝑝𝑛
′ )

𝐶𝐸 – Cross Entropy

Who is the president of US ? Donald Trump

Who is the president of US ? Donald Trump

Who is the president of US ? Donald Trump

…… …… ……

(1).

(2).

(3).

(5).

(6).

(4). The president of US is Donald Trump.

Figure 2: An overview of the one-time meta training of InComeS. The teacher model performs two forward passes:
one with edit-contextualized input (1) and one with uncontextualized input (2). The cross-entropy between the
outputs of (1) and (2) is used to compute a customized weight (3). The student model then compresses the edit
information into KV representations using gist tokens (4). These KV caches are used to supply edit-relevant
information to the query tokens (5). The final loss is computed as the sum of weighted cross entropy and KL
divergence (6).

differences are calculated with a teacher model,246

which is the original, unedited version of the target247

LM.248

In addition to token reweighting, we also adopt249

knowledge distillation (Hinton et al., 2015) to trans-250

fer the teacher model’s knowledge about the edit251

information into the target model. Specifically, we252

apply the KL divergence to align the output dis-253

tributions of the gist-contextualized student model254

with those of the edit-contextualized teacher model:255

KLxi =DKL(pT (xi|{ti|i ∈ R(x)}, x0, . . . , xi−1) ||
pS(xi|{g1, . . . , gn}, x0, . . . , xi−1))

(2)

256

lossxi = wxi · CE(xi) +KLxi (3)257

Here, g1, . . . , gn denote the cached gists for all the258

edits. We apply the token reweighting only to the259

vanilla cross-entropy term in our final loss, since260

we found that it would degrade effective learning of261

"attend-to-nothing" behavior if combined with the262

KL part. The explicit training details are provided263

in Appendix A.264

4 Experiments265

4.1 Experiment setting266

Datasets & Evaluation Metrics To verify the267

effectiveness of our method in complex editing sce-268

narios, we conduct experiments on five popular269

datasets in model editing: the dataset for multi-270

hop editing MQuAKE (Zhong et al., 2023a), the271

natural language editing dataset DUNE (Akyürek 272

et al., 2023), the extended version of ZsRE (Yao 273

et al., 2023; Zhang et al., 2024a), which adds 274

a portability test set to the original ZsRE (Levy 275

et al., 2017), and the dataset containing ripple 276

effect samples WikiDatacounterfact (Cohen et al., 277

2024; Zhang et al., 2024a). We report edit suc- 278

cess rate and portability for the extend-ZsRE and 279

WikiDatacounterfact, the results for 2, 3, and 4 ed- 280

its for MQuAKE (Zhong et al., 2023a) and new 281

information, scientific reasoning, and debiasing for 282

DUNE (Akyürek et al., 2023). More details about 283

the datasets and evaluation metrics can be found in 284

the Appendix B.1 and Appendix B.2, respectively. 285

Baselines For baselines, we select representative 286

methods demonstrated to be powerful in relevant 287

surveys (Yao et al., 2023; Zhang et al., 2024a). For 288

methods that directly edit the model weights, we in- 289

clude ROME (Meng et al., 2022), R-ROME (Gupta 290

et al., 2024a), and MEMIT (Meng et al., 2023); for 291

methods that adopt explicit external memory, we in- 292

clude SERAC (Mitchell et al., 2022b), IKE (Zheng 293

et al., 2023), and DR-IKE (Nafee et al., 2025); 294

for methods that train additional meta-model or 295

use implicit external memory (stores activations 296

or nerons, etc), we adopt MEND (Mitchell et al., 297

2022a), GRACE (Hartvigsen et al., 2022), KN (Dai 298

et al., 2022), and RECIPE (Chen et al., 2024). We 299

also include the traditional but powerful method, 300

like fine-tuning, LoRA (Hu et al., 2022), and ICL, 301

which directly concatenates all the edits as the 302
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Method Single Editing Batch Editing

Llama-3.2-1B

Base 38.96 38.96
FT-M 54.71 48.71
LoRA 65.56 48.44
ROME 3.43 -
R-ROME 5.18 -
MEMIT 34.03 24.76
EMMET 5.58 14.85
GRACE 6.94 2.26
SERAC 38.97 39.01
MEND 36.41 31.91
RECIPE 55.49 45.81
DR-IKE 49.44 38.67
ICL 56.62 47.43
InComeS 71.99 53.15

Qwen2.5-7B

Base 39.61 39.61
FT-M 73.24 49.91
LoRA 33.42 21.25
ROME 8.64 -
R-ROME 7.01 -
MEMIT 40.78 40.20
EMMET 30.28 39.91
GRACE 14.15 5.85
SERAC 56.15 40.69
MEND 36.61 36.51
RECIPE 58.55 46.58
DR-IKE 55.61 41.37
ICL 73.74 49.61
InComeS 71.41 52.17

Table 1: Results on MQuAKE (Zhong et al., 2023a).
The full version can be found in Table 9. More analysis
about the performance gain of different model scale can
be found in Appendix C.8.

prefix context. While some similarities exist be-303

tween our method and RAG, they vary considerably304

in problem setting and methodology. A detailed305

analysis is given in Appendix C.1. We choose306

two representative open-source models for evalua-307

tion: Llama-3.2-1B 3 and Qwen2.5-7B (Yang et al.,308

2024) (More results about Qwen3-8B-base is in309

Appendix C.9). Unless otherwise specified, we310

adopt an edit batch size of 100 for batch editing.311

More details on the baseline implementation can312

be found in the Appendix B.3.313

4.2 Main results314

Multi-hop edits We test our method on315

MQuAKE for the multiple-hop edit scenario,316

where the models are required to check multiple317

edits to answer each query. Because of this re-318

quirement, we mainly compare with methods de-319

signed to support batch or sequential editing. Table320

3https://huggingface.co/meta-llama/Llama-3.2-1B

Method Single Editing Batch Editing

Llama-3.2-1B

Base 48.48 48.48
FT-M 48.83 47.89
LoRA 47.08 49.08
SERAC 49.45 44.87
ICL 57.05 50.69
InComeS 57.59 53.45

Qwen2.5-7B

Base 55.47 55.47
FT-M 60.44 56.78
LoRA 55.54 57.21
SERAC 53.80 48.99
ICL 55.47 57.75
InComeS 65.81 63.37

Table 2: Results on DUNE (Akyürek et al., 2023). De-
tailed version can be found in Table 10.

1 presents our main results, which demonstrate the 321

effectiveness of InComeS in both single-editing 322

and batch-editing scenarios. In addition, InComeS 323

surpasses ICL in all metrics except the single edit- 324

ing setting for Qwen2.5-7B, which shows that our 325

method can effectively select relevant information 326

from the editing contexts. Interestingly, single-edit 327

specialized methods (such as ROME) collapse even 328

in the single multi-hop query setting, revealing their 329

incapability to handle complex editing scenarios. 330

To verify the effectiveness of our method on differ- 331

ent model scales, we conduct further analysis on 332

the performance gain of different model scales in 333

Appendix C.8. 334

Natural language edits One of our method’s 335

advantages is its flexibility in handling a variety 336

of editing contexts with different formats. Un- 337

like many traditional editing methods like ROME 338

(Meng et al., 2022) and MEMIT (Meng et al., 339

2023), which require the input to follow the triplet- 340

like fact statement format, InComeS can take edits 341

in free-text forms without explicitly labeled sub- 342

jects and objects. To verify our method’s capability 343

for such scenarios, we adopt the DUNE dataset, 344

which includes natural-language form edits, and 345

the results are shown in Table 2. Following the 346

original paper of DUNE (Akyürek et al., 2023), 347

we include fine-tuning, LoRA, SERAC (Mitchell 348

et al., 2022b), and ICL as our baselines. The result 349

confirms our method’s capability to handle natural 350

language edits. Interestingly, the raw model itself 351

is a strong baseline in the batch editing scenario, 352

which may demonstrate the fast-evolving model 353

capabilities over the years. 354
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Method WikiDatacounterfact ZsRE-extended

Single Batch Single Batch

Llama-3.2-1B

Base 19.73 19.73 40.17 40.17
FT-M 53.43 47.51 62.80 54.84
LoRA 52.87 43.84 57.43 44.85
ROME 40.44 - 46.04 -
MEMIT 46.34 23.51 43.26 25.68
MEND 24.98 21.06 37.53 30.77
GRACE 14.33 10.51 12.73 10.91
IKE 45.55 - 57.39 -
SERAC 60.56 40.45 66.59 51.61
ICL 65.81 44.75 62.19 51.58
InComeS 65.15 45.66 70.70 52.23

Qwen2.5-7B

Base 21.46 21.46 43.86 43.86
FT-M 49.39 43.13 50.04 46.41
LoRA 37.04 31.65 28.61 24.13
ROME 40.25 - 50.43 -
MEMIT 43.58 39.85 53.23 49.97
MEND 20.45 15.29 43.26 38.83
GRACE 25.60 18.55 14.35 11.25
IKE 65.33 - 70.17 -
SERAC 51.12 41.26 62.41 52.63
ICL 66.99 51.66 66.10 60.57
InComeS 66.69 47.93 75.63 61.22

Table 3: Portability results on WikiDatacounterfact (Co-
hen et al., 2024; Zhang et al., 2024a) and ZsRE-extended
(Zhang et al., 2024a; Yao et al., 2023). Full results can
be found at Table 7.

Evaluation on portability We further evaluate355

our method on two popular editing datasets that re-356

quire reasoning abilities: Wikicounterfact (Cohen357

et al., 2024; Zhang et al., 2024a) and the extended358

ZsRE (Yao et al., 2023; Zhang et al., 2024a). Ta-359

ble 3 shows the results. Our primary focus is on360

portability, as it serves as the most representative361

metric for assessing a model’s comprehensive un-362

derstanding of the editing information. Overall,363

our method achieves performance comparable to364

ICL and consistently outperforms other baselines.365

More analysis about the detailed results is given in366

Appendix C.7.367

Scaling up contexts We further provide a scaling-368

up analysis to illustrate our method’s ability to gen-369

eralize to larger numbers of edits, which is the370

main motivation of our modification over the ICL371

baseline. For this analysis, we use the COUNTER-372

FACT dataset (Meng et al., 2023), as it provides a373

sufficient number of editing instances. We vary the374

number of edits from 100 to 1000, resulting in total375

token counts ranging from approximately 1.2K to376

12K. The results are shown in Figure 3, which377
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Llama-3.2-1B ICL
Llama-3.2-1B InComeS

Qwen2.5-7B ICL
Qwen2.5-7B InComeS

Figure 3: Scaling-up analysis. We compare InComeS
and ICL by varying the number of edits, as indicated on
the x-axis.

Llama-3.2-1B

Method Time (seconds)
InComeS-Compression 0.0326
ICL-Prefilling 0.8934
FT-M 3.4124
LoRA 33.5412
MEMIT 112.2238
EMMET 158.6524

Qwen2.5-7B

InComeS-Compression 0.1071
ICL-Prefilling 0.9082
FT-M 28.6132
LoRA 122.1876
MEMIT 423.4823
EMMET 512.4235

Table 4: Measured time (seconds) for 100 edits.

shows that InComeS consistently outperforms ICL, 378

though the base models have already been pre- 379

trained over long contexts (Yang et al., 2024). This 380

finding suggests that the vanilla attention mecha- 381

nism alone is insufficient to effectively comprehend 382

and precisely select the required information from 383

the context in complex editing scenarios. In con- 384

trast, our method demonstrates greater potential 385

for handling large-scale edits through the unified 386

compression and selection mechanism. 387

4.3 Efficiency Analysis 388

Finally, we present the efficiency analysis for our 389

method. By default, the individual edit length is 390

around 10 to 11. We first compare the efficiency of 391

our method with the efficiency of other knowledge 392

editing methods. Table 4 reports the time required 393

to perform 100 edits for each method. Our method 394

has significantly better efficiency than the other pre- 395

sented editing methods. Additionally, compared to 396

ICL, our approach only needs to maintain the KV 397

cache of the gist representations from the deeper 398

half layers, resulting in substantially lower mem- 399

ory cost. To verify our method’s superiority in 400
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Method Time (seconds)

Encoding w/ 1k

InComeS-Compression 0.2108
ICL-Prefilling 1.0413

Decoding w/ 1k

InComeS-Selection 0.0274
ICL-Generation (with prefilled cache) 0.1555

Encoding w/ 2k

InComeS-Compression 0.4051
ICL-Prefilling 1.2165

Decoding w/ 2k

InComeS-Selection 0.0297
ICL-Generation (with prefilled cache) 0.3545

Table 5: Scaled efficiency comparison (seconds) be-
tween InComeS and ICL using Llama-3.2-1B.

Method MQuAKE

Single editing Batch editing

InComeS 71.99 53.15
- w/o zero-gist 58.98 40.59
- w/ full model 72.40 52.34
- w/o loss on query 59.86 44.78
- w/ golden loss 71.09 48.56
- w/o kl loss (Eq. 2) 55.10 51.71
- w/o token weighting (Eq. 1) 55.02 52.63

Table 6: Ablation and Analysis experiments, the edit
batch size is 100 for all results. Detailed results can be
found in Table 8.

efficiency on long context, we further conduct ex-401

periments on scaled context length (Table 5). The402

result demonstrates the efficiency advantage of our403

method in both the encoding and decoding stages.404

More detailed analysis can be found in Appendix405

C.3.406

4.4 Ablation study & Analysis407

Full model vs. Half model We present the rea-408

son for our decision to use the KV cache from the409

second half of the model layers. To investigate410

this, we train a model using the KV cache from411

all layers and evaluate it on 1000 instances from412

ZsRE (Levy et al., 2017). We record the probabili-413

ties allocated to the zero-gist in the cross-attention414

modules, as shown in Fig. 4b. The result shows415

that the zero-gist probabilities in layers 7-15 are416

generally lower than those in layers 1-6, and there417

is a notable drop in the zero-gist probability at layer418

7. This suggests that, even when trained to use the419

full-model KV cache, the model mainly relies on420

information from deeper layers, since higher proba-421

bilities of the zero-gists indicate lower utilization of 422

the actual edit contexts. A possible explanation is 423

that more information is accumulated in the deeper 424

layers, which aids both compression and selection 425

processes. To verify our analysis, we also test the 426

full layer trained model (see the “w/ full model” 427

line in Table 6). The results show nearly no in- 428

crease compared to the half model case (InComeS). 429

Additionally, restricting the KV cache to only the 430

second half of the model could provide efficiency 431

benefits with lower memory and computation costs. 432

Deciding inference temperature Applying a 433

small temperature to the gist cross-attention sharp- 434

ens the probability distribution over the gist KV 435

caches, which facilitates the model’s ability to re- 436

trieve the correct information. We determine the ap- 437

propriate temperature based on entropy, which has 438

been shown to be an important factor in attention 439

mechanisms (Zhang et al., 2024b). Specifically, 440

we aim to keep the cross-attention entropy close 441

to its optimal value, which occurs when it only 442

needs to attend to one edit. To achieve this, we se- 443

lect 1000 instances from ZsRE (Levy et al., 2017) 444

and calculate the entropy of the edit batch size 1. 445

We then calculate the entropy for larger edit batch 446

sizes (10, 20, 40, 60, 80, 100, 200, 300) and find 447

the temperatures that align their entropy with the 448

optimal case via gradient descent 4. We report the 449

calculated temperature in Figure 4a. As expected, 450

the temperature decreases as the edit batch size in- 451

creases, but interestingly, it gradually converges to 452

a specific value. Specifically, layers 9, 10, and 14 453

finally converge to around 0.5. To encourage more 454

decisive selection, we slightly lower this value and 455

set the temperature to T = 0.45. 456

Imposing golden loss on training As the golden 457

gist representation is available for each training 458

instance, it is natural to introduce an auxiliary loss 459

to encourage correct selection in the cross-attention 460

mechanism. We incorporate this additional loss in 461

our experiments and report the result as “w/ golden 462

loss” in Table 6. In the analysis in Figure 4, we use 463

a suffix of “- t” to denote this setting. Incorporating 464

the auxiliary loss leads the model to assign higher 465

probabilities to the golden gist compared to training 466

without this loss. Interestingly, it also increases 467

the cross-attention entropy, probably because the 468

model is explicitly encouraged to make selections 469

4Note that all entropy is calculated in a way that the query
and answer part are just a copy of the context
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Figure 4: Ablation and Analysis. (a) Experiments to investigate the desired temperature for cross-attention. (b)
Investigation on the informativeness of the layers. (c) and (d) Study to reveal the selection pattern of the query
tokens.

during training. However, despite the increase in470

golden-gist probabilities, this approach does not471

yield clear performance improvements and even472

results in declines in some cases. This suggests that473

the model may develop its own context selection474

strategies, which do not always align with focusing475

all attention on the golden edit information.476

More analysis More analysis including side-477

effect analysis, etc. is provided in Appendix C.478

5 Related Work479

The area of knowledge editing (or model editing)480

has experienced a thriving development in recent481

years. Researchers have explored various direc-482

tions in this area. One typical direction is to adopt483

external memory for the edits. The memory for-484

mats applied by different researchers are diverse.485

Methods like SERAC (Mitchell et al., 2022b), IKE486

(Zheng et al., 2023), DR-IKE (Nafee et al., 2025),487

MeLLo (Zhong et al., 2023b) adopt explicit non-488

parametric memory, which stores specific edit in-489

stances, and a retriever that is responsible for recall-490

ing relevant edits from the memory. For example,491

IKE uses KNN, and SERAC applies a trained clas-492

sifier. Another line of work, such as RECIPE (Chen493

et al., 2024), applies implicit parametric memory494

to store the edits. CaliNET (Dong et al., 2022), T-495

Patcher (Huang et al., 2023) embeds the knowledge496

into a fixed number of neurons and adds them to the497

model. GRACE (Hartvigsen et al., 2022) adopts498

a discrete key-value codebook with the value opti-499

mized for the desired knowledge. MELO (Yu et al.,500

2024) applies dynamic LoRA blocks and indexes501

them via an internal vector database. KE (De Cao 502

et al., 2021), MEND (Mitchell et al., 2022a) train a 503

separate meta-model for editing. Another popular 504

direction is to merge knowledge into the model di- 505

rectly. Methods like KN (Dai et al., 2022), ROME 506

(Meng et al., 2022), R-ROME (Gupta et al., 2024a), 507

MEMIT (Meng et al., 2023), PMET (Li et al., 508

2023), CoachHooK (Li et al., 2024), and AlphaEdit 509

(Fang et al., 2024) perform editing by tweaking the 510

located FFN part of the model directly. However, 511

some studies reveal that these methods could poten- 512

tially bring about side effects in the original model 513

(Gu et al., 2024; Pinter and Elhadad, 2023), leaving 514

the real effectiveness of these methods to be further 515

investigated. 516

6 Conclusion 517

In this paper, we propose InComeS, a scalable 518

model editing method that integrates compression 519

and selection mechanisms directly into the LLMs. 520

InComeS adopts a context compression technique 521

to condense the editing context to KV representa- 522

tions on top of the introduced gist tokens and takes 523

advantage of the compressed KVs to efficiently 524

retrieve the relevant editing context information. 525

Experiments on four different and complex editing 526

settings demonstrate the superiority of our method 527

for comprehensively editing. Further Analysis and 528

ablations validate each component of InComeS and 529

demonstrate the great efficiency and performance 530

gain of our method. 531
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7 Limitations532

Model scale & Architecture Due to the limited533

computational resources, we only extend the model534

size to 7B and leave the larger model size to future535

work. We are aware that the original gisting work536

(Mu et al., 2023) conducts experiments on three537

model architectures, i.e., encoder-decoder, encoder-538

only, and decoder-only. In this work, we determine539

to focus on the decoder-only autoregressive archi-540

tecture as it is the structure used by most of the541

popular models nowadays (Yang et al., 2024; Ope-542

nAI, 2023; DeepSeek-AI et al., 2024).543

Compression rate In this work, we maintain the544

compression rate to roughly around 12:1 (one edit,545

which contains around 12 tokens for all testing546

datasets except DUNE (Akyürek et al., 2023), cor-547

responds to one gist token), as one edit represents548

a fine-grained piece of information. However, we549

believe it is necessary to investigate the impact of550

lowering the compression rate, since it potentially551

helps extend the length of a single edit (Deng et al.,552

2024).553

Task variety InComeS can accept any input that554

follows natural language form. This flexibility555

gives it the potential to tackle many other tasks556

beyond knowledge editing. For example, long con-557

text language modeling, retrieval-augmented gen-558

eration, etc. Due to the limited space of the main559

body of the paper, we first verify the effectiveness560

of our method on model editing and leave the in-561

vestigation of other tasks to future work.562
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A Training details901

InComeS is trained on around 1.5 billion tokens,902

which mainly come from summarization and QA903

datasets. Specifically, for summerization datasets,904

we select 4.5e6 instances from S2ORC (Lo et al.,905

2020), 1.15e6 instances from AG News Corpus 5;906

and for QA datasets, we use squad (Rajpurkar et al.,907

2016), a modified version 6 of the natural question908

dataset (Kwiatkowski et al., 2019), OpenBookQA909

(Mihaylov et al., 2018), QASC (Khot et al., 2020),910

MedMCQA (Pal et al., 2022), and NetEval (Miao911

et al., 2023). We also include the training split of912

ZsRE (Levy et al., 2017), COUNTERFACT (Meng913

et al., 2023),Wikicounterfact from EasyEdit frame-914

work (Wang et al., 2023).915

We use a cosine linear-warmup scheduler for916

both models, with a maximum learning rate 1e−5917

5https://huggingface.co/datasets/sentence-
transformers/agnews

6https://huggingface.co/datasets/LLukas22/nq-simplified

and a minimum learning rate 1e−6 for Llama-3.2- 918

1B and a maximum 5e−6 and a minimum 1e−6 for 919

Qwen2.5-7B. To improve the model’s robustness 920

and sample them at a predefined rate during train- 921

ing, the batch size is dynamically sampled from a 922

predefined set rather than a fixed number. Specifi- 923

cally, the predefined set for batch size is 8, 16, 32, 924

64, and 128, and their corresponding sample rates 925

are 0.05, 0.05, 0.05, 0.15, and 0.7. We adopt Deep- 926

Speed (Rajbhandari et al., 2020, 2021; Ren et al., 927

2021) and Liger Kernel (Hsu et al., 2024) with 8 928

Nvidia GPUs for distributed training. Overall, the 929

training takes around 11 hours for Llama-3.2-1B 930

and 35 hours for Qwen2.5-7B. 931

B Experiment details 932

B.1 Datasets 933

MQuAKE The dataset MQuAKE (Zhong et al., 934

2023a) (Multi-hop Question Answering for Knowl- 935

edge Editing) is constructed based on Wikidata and 936

contains question answering instances that require 937

2-hop, 3-hop, and 4-hop reasoning. In the exper- 938

iment, we use the latest version of the dataset 7, 939

which fixes the knowledge conflict problem for the 940

old version multi-edit subset, and report the accu- 941

racy for each query. 942

DUNE DUNE (Akyürek et al., 2023) is a bench- 943

mark designed for edits in natural language form. 944

It evaluates the model’s capability of conducting 945

natural language edits through four aspects: sci- 946

entific reasoning, arithmetic reasoning, new infor- 947

mation, and debiasing. As illustrated in Table 2 948

of (Akyürek et al., 2023), the arithmetic reasoning 949

edits do not follow natural language form as other 950

subsets do and cannot represent a complete piece 951

of instruction, therefore, we do not include it in our 952

experiment. 953

WikiData-counterfact The WikiDatacounterfact 954

(Cohen et al., 2024; Zhang et al., 2024a) collects 955

triplets from top-viewed pages from Wikipedia 956

and contains portability (ripple-effect (Cohen et al., 957

2024)) instances to test whether the output to the in- 958

put relevant to the edits is changed as well. Specif- 959

ically, the portability evaluates the post-edited 960

model from three aspects, including logical gener- 961

alization, subject aliasing, and reasoning. 962

ZsRE-extended The extended version of ZsRE 963

(Zhang et al., 2024a; Yao et al., 2023) is constructed 964

7"MQuAKE-CF-3k-v2.json" in
https://github.com/princeton-nlp/MQuAKE
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Method Model WikiDatacounterfact ZsRE-extended

Edit Success Portability Locality Edit Success Portability Locality

Base

Llama-3.2-1B

21.28 / 21.28 19.73 / 19.73 - 30.06 / 30.06 40.17 / 40.17 -
FT-M 97.02 / 94.58 53.43 / 47.51 49.01 / 20.54 99.81 / 95.94 62.80 / 54.84 75.59 / 59.28
LoRA 98.91 / 82.61 52.87 / 43.84 23.31 / 14.94 99.86 / 93.18 57.43 / 44.85 34.94 / 37.41
ROME 94.33 / - 40.44 / - 26.13 / - 95.41 / - 46.04 / - 40.19 / -
R-ROME 94.31 / - 40.65 / - 25.83 / - 95.29 / - 46.46 / - 39.95 / -
MEMIT 77.87 / 66.94 46.34 / 23.51 33.45 / 11.12 79.43 / 58.79 43.26 / 25.68 40.33 / 30.10
EMMET 34.56 / 27.02 15.43 / 08.86 100.0 / 100.0 23.68 / 15.96 17.54 / 06.84 100.0 / 100.0
MEND 38.45 / 26.66 24.98 / 21.06 17.34 / 13.54 53.45 / 43.33 37.53 / 30.77 46.31 / 38.75
GRACE 33.27 / 25.06 14.33 / 10.51 28.71 / 11.43 32.00 / 24.44 12.73 / 10.91 24.12 / 10.12
KN 20.60 / - 17.16 / - 19.46 / - 16.01 / - 06.70 / - 21.23 / -
IKE 61.70 / - 45.55 / - 48.80 / - 59.15 / - 57.39 / - 40.21 / -
SERAC 89.56 / 78.32 60.56 / 46.45 45.67 / 39.36 92.69 / 89.61 66.59 / 63.60 48.96 / 41.32
ICL 93.31 / 82.95 65.81 / 44.75 52.70 / 45.59 68.86 / 60.84 62.19 / 51.58 62.78 / 59.43
InComeS 91.16 / 76.81 65.15 / 45.66 55.22 / 53.97 97.22 / 87.09 70.70 / 52.23 61.33 / 59.66

Base

Qwen2.5-7B

22.35 / 22.35 21.46 / 21.46 - 36.21 / 36.21 43.86 / 43.86 -
FT-M 98.93 / 90.18 49.39 / 43.13 15.73 / 12.93 99.51 / 92.60 50.04 / 46.41 18.00 / 27.27
LoRA 77.31 / 72.22 37.04 / 31.65 0.380 / 02.24 86.88 / 77.78 28.61 / 24.13 1.290 / 0.330
ROME 92.69 / - 40.25 / - 38.76 / - 97.86 / - 50.43 / - 51.38 / -
R-ROME 92.59 / - 40.15 / - 38.70 / - 97.89 / - 50.47 / - 51.31 / -
MEMIT 93.43 / 91.16 43.58 / 39.85 33.79 / 25.85 95.23 / 93.28 53.23 / 49.97 54.23 / 51.85
EMMET 92.33 / 88.05 43.24 / 39.37 100.0 / 100.0 94.32 / 93.64 51.55 / 48.44 100.0 / 100.0
MEND 46.73 / 35.13 20.45 / 15.29 13.34 / 07.29 54.32 / 50.91 43.26 / 38.83 54.39 / 47.12
GRACE 31.34 / 33.77 25.60 / 18.55 19.19 / 07.29 33.27 / 26.79 14.35 / 11.25 12.31 / 23.45
KN 36.33 / - 29.60 / - 32.79 / - 14.49 / - 8.49 / - 33.21 / -
IKE 96.40 / - 65.33 / - 46.98 / - 99.75 / - 70.17 / - 43.19 / -
SERAC 91.79 / 80.68 51.12 / 41.26 37.84 / 35.10 91.12 / 82.56 62.41 / 52.63 40.56 / 42.46
ICL 90.24 / 85.28 66.99 / 51.66 52.63 / 40.97 71.75 / 71.57 66.10 / 60.57 51.43 / 47.12
InComeS 90.96 / 71.44 66.69 / 47.93 52.04 / 42.02 97.95 / 91.29 75.63 / 61.22 57.16 / 59.21

Table 7: More results for WikiDatacounterfact (Cohen et al., 2024; Zhang et al., 2024a) and ZsRE-extended (Yao
et al., 2023; Zhang et al., 2024a). The data format of each cell is in "single-edit result / 100-edits result".

based on the original ZsRE (Levy et al., 2017),965

which is a dataset that focuses on the QA task. The966

extended version introduces a portability test (Yao967

et al., 2023), including inverse relation, one-hop968

reasoning, and subject aliasing.969

COUNTERFACT COUNTERFACT (Meng970

et al., 2023) is a dataset that concentrates on coun-971

terfactual information, which typically receives972

a lower prediction score than accurate facts. It973

constructs out-of-scope data by substituting the974

subject entity with a comparable description that975

has the same predicate.976

B.2 Evaluation metrics977

This section explains the evaluation metrics used978

in the extended ZsRE(Yao et al., 2023; Zhang979

et al., 2024a) and Wikicounterfact (Cohen et al.,980

2024; Zhang et al., 2024a). Generally, they adopt981

four metrics: reliability, generality, portability,982

and locality. Given an initial base model fθ, a983

post-edit model fθ′ , and a set of edit instances984

(xt, yt) ∈ {(xt, yt)}, the reliability is computed985

as the average accuracy of the edit cases: 986

E(xt,yt)∈{(xt,yt)}{argmaxy fθ′(y|xt) = yt} . (4) 987

The editing should also edit the equivalent neighbor 988

of the instance (x′t, y
′
t) ∈ N(xt, yt) (e.g. rephrased 989

descriptions). This metric is named generality and 990

is evaluated by the average accuracy on the neigh- 991

bors of the edit cases: 992

E(x′
t,y

′
t)∈{N(xt,yt)}{argmaxy fθ′(y|x′t) = y′t} .

(5) 993

Beyond simple rephrasing, the editing is also sup- 994

posed to affect other sophisticatedly related in- 995

stances (x′′t , y
′′
t ) ∈ P (xt, yt). For example, in- 996

stances that require reasoning, logical generaliza- 997

tion over the edits. This metric is defined as porta- 998

bility: 999

E(x′′
t ,y

′′
t )∈{P (xt,yt)}{argmaxy fθ′(y|x′′t ) = y′′t } .

(6) 1000

Despite the editing, those instances that 1001

are irrelevant to the edit cases (x̂t, ŷt) ∈ 1002

{O(xt, yt), fθ(xt) = yt} should not be affected. 1003

This evaluation is called locality (also known as 1004
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Method

MQuAKE

Single editing Batch editing

2-edits 3-edits 4-edits Avg 2-edits 3-edits 4-edits Avg

Llama-3.2-1B

InComeS 71.19 72.17 72.62 71.99 53.93 52.79 52.73 53.15
- w/o zero-gist 62.00 61.93 53.01 58.98 47.48 41.71 32.57 40.59
- w/ full model 69.74 70.02 77.43 72.40 51.91 52.59 52.53 52.34
- w/o loss on query 60.92 60.97 57.70 59.86 49.63 46.44 38.28 44.78
- w/ golden loss 69.91 69.98 73.37 71.09 55.39 50.24 40.06 48.56
- w/o kl loss (Eq. 2) 57.75 57.38 50.18 55.10 52.47 50.86 51.79 51.71
- w/o token weighting (Eq. 1) 57.45 57.84 49.76 55.02 53.49 53.20 51.91 52.63

Table 8: Full results of the ablation and analysis experiments.

specificity) and is measured by the proportion of1005

unchanged predictions between the initial model1006

and the post-edit model:1007

E(x̂t,ŷt)∈{O(xt,yt)}{fθ′(x̂t) = fθ(x̂t)} . (7)1008

For the extended ZsRE (Yao et al., 2023; Zhang1009

et al., 2024a) and Wikicounterfact (Cohen et al.,1010

2024; Zhang et al., 2024a), we follow the setting1011

in the original paper and combine reliability and1012

generality to the Edit Success rate.1013

B.3 Baseline implementation details1014

Unless otherwise specified, the baselines are imple-1015

mented by using the EasyEdit framework (Wang1016

et al., 2023).1017

Fine-tuning We follow the procedure imple-1018

mented in previous work (Meng et al., 2022, 2023;1019

Yao et al., 2023; Zhang et al., 2024a) to fine-tune1020

a specific layer from the model. We select layer1021

13 for Llama-3.2-1B and layer 27 for Qwen2.5-7B.1022

For both models, we adopt the learning rate of 5e−41023

and the number of optimization steps 25.1024

LoRA For both models, we use LoRA (Hu et al.,1025

2022) to update the query and key projection matrix1026

of the models, with rank set to 8, α set to 32, the1027

dropout rate 0.1, and the learning rate 5e−3. The1028

number of updating steps is set to 70 for Llama-1029

3.2-1B and 60 for Qwen2.5-7B.1030

ROME ROME (Meng et al., 2022) treats the1031

FFN part of the LLMs as a key-value association1032

and updates a pre-located layer by directly insert-1033

ing an optimized key-value pair. We update the1034

layer 5 for both Llama-3.2-1B and Qwen2.5-7B,1035

and adopt 25 optimization steps for Llama-3.2-1B1036

and 20 optimization steps for Qwen2.5-7B, with1037

both learning rate 5e−5.1038

R-ROME R-ROME (Gupta et al., 2024a) is an- 1039

other version of ROME (Meng et al., 2022) with 1040

modified code implementation. We use the same 1041

hyperparameters as ROME. 1042

KN KN (Dai et al., 2022) hypothesize that fac- 1043

tual knowledge is stored in FFN memories and 1044

expressed by knowledge neurons. For both models, 1045

we use the threshold of 0.2 for knowledge attribu- 1046

tion scores and 0.4 for the threshold of the prompts 1047

sharing percentage. 1048

GRACE GRACE (Hartvigsen et al., 2022) 1049

adopts a discrete codebook to memorize the ed- 1050

its as key-value pairs. We set the location of the 1051

codebook layer 13 and 18 for Llama-3.2-1B and 1052

Qwen2.5-7B, respectively. Surprisingly, the ϵ value 1053

used in the original paper (1-3) seems insufficient 1054

for the complex editing experiments in this paper. 1055

Therefore, we increase it to 50. The number of 1056

optimization steps for the value vector is set to 100. 1057

IKE IKE (Zheng et al., 2023) maintains an ex- 1058

plicit memory for edits and retrieves them via K- 1059

nearest neighbors. The retrieved edits are then 1060

used to construct demonstrations, which are then 1061

prefixed to the input to edit the behavior. In the 1062

experiments, we set K = 16. 1063

MEND MEND (Mitchell et al., 2022a) trains an 1064

additional meta-network to predict a new rank-one 1065

update to the input gradient. In this paper, we 1066

train each model using ZsRE (Levy et al., 2017) 1067

and COUNTERFACT (Meng et al., 2023), and 1068

adopt the ZsRE-trained model to MQuAKE and 1069

the extended ZsRE and COUNTERFACT-trained 1070

model for Wikicounterfact. 1071

SERAC SERAC (Mitchell et al., 2022b) employs 1072

an explicit edit-instance memory, an additional 1073
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Method Single Editing Batch Editing

2-edits 3-edits 4-edits Avg 2-edits 3-edits 4-edits Avg

Llama-3.2-1B

Base 41.79 43.51 31.58 38.96 41.79 43.51 31.58 38.96
FT-M 55.32 56.59 52.22 54.71 51.89 50.15 44.1 48.71
LoRA 67.63 68.84 60.21 65.56 50.29 47.88 47.15 48.44
ROME 1.97 7.77 0.55 3.43 - - - -
R-ROME 2.72 4.29 8.53 5.18 - - - -
MEMIT 40.21 39.54 22.34 34.03 29.71 28.87 15.7 24.76
EMMET 5.4 6.61 4.74 5.58 11.49 17.16 15.89 14.85
GRACE 8.45 7.13 5.24 6.94 2.03 2.68 2.06 2.26
SERAC 41.84 43.51 31.58 38.97 41.84 43.45 31.74 39.01
MEND 39.88 35.23 33.31 36.41 35.55 30.29 29.89 31.91
RECIPE 58.44 54.69 53.33 55.49 50.71 47.34 39.39 45.81
DR-IKE 52.95 48.26 47.12 49.44 42.45 41.33 32.22 38.67
ICL 59.23 59.00 51.63 56.62 50.06 49.86 42.37 47.43
InComeS 71.19 72.17 72.62 71.99 53.93 52.79 52.73 53.15

Qwen2.5-7B

Base 44.08 44.14 30.62 39.61 44.08 44.14 30.62 39.61
FT-M 69.89 74.88 74.96 73.24 50.31 49.04 50.39 49.91
LoRA 36.95 34.28 29.02 33.42 16.41 24.22 23.12 21.25
ROME 9.67 7.33 8.93 8.64 - - - -
R-ROME 10.73 6.68 3.62 7.01 - - - -
MEMIT 44.14 46.05 32.15 40.78 43.94 46.10 30.55 40.20
EMMET 26.10 38.38 26.36 30.28 40.83 45.02 33.89 39.91
GRACE 15.78 13.45 13.23 14.15 5.43 7.88 4.23 5.85
SERAC 55.56 59.23 53.67 56.15 42.34 40.33 39.39 40.69
MEND 34.23 45.34 30.25 36.61 39.88 35.45 34.21 36.51
RECIPE 57.54 59.69 58.43 58.55 49.24 49.78 40.71 46.58
DR-IKE 60.95 54.66 51.22 55.61 44.35 39.99 39.77 41.37
ICL 69.76 76.91 74.54 73.74 53.53 50.54 44.77 49.61
InComeS 66.46 71.24 76.54 71.41 55.13 53.48 47.91 52.17

Table 9: Full results on MQuAKE (Zhong et al., 2023a).

trained scope classifier, and a trained counterfac-1074

tual model. The scope classifier is responsible for1075

determining whether an input is relevant to the edits1076

in the memory. The input is fed to the counterfac-1077

tual model once the input is deemed as relevant1078

to memorized edits and the original model other-1079

wise. We use the distilbert-base-cased (Sanh et al.,1080

2019) model as the scope classifier, and train it1081

using the training set of ZsRE (Levy et al., 2017)1082

and COUNTERFACT (Meng et al., 2023) from1083

EasyEdit (Wang et al., 2023). Following (Akyürek1084

et al., 2023), we use instruction-tuned models1085

(Llama-3.2-1B-Instruct8 and Qwen2.5-0.5B9) for1086

the counterfactual model.1087

MEMIT MEMIT (Meng et al., 2023) is the ex-1088

tension of ROME (Meng et al., 2022) that supports1089

a batch of edits at a time. Unlike ROME, which1090

only updates a single pre-located layer, MEMIT1091

spreads the update to a set of identified layers. We1092

8https://huggingface.co/meta-llama/Llama-3.2-1B-
Instruct

9https://huggingface.co/Qwen/Qwen2.5-0.5B-Instruct

apply changes to layers 4-8 for both models. Fol- 1093

lowing the settings in the original paper, we set λ, 1094

the hyperparameter that balances the weighting of 1095

new and old associations, to 1.5× 104. 1096

EMMET EMMET (Gupta et al., 2024b) is an 1097

unification of ROME (Meng et al., 2022) and 1098

MEMIT (Meng et al., 2023). Similar to ROME, we 1099

edit the layer 5 for both models, and set λ = 1e5. 1100

RAG We adopt bge-base-en-v1.5 (Xiao et al., 1101

2023) as our retriever. For batch editing, we treat 1102

the corresponding batch number of edits as our 1103

corpus, and retrieve the 10 most relevant edits for 1104

each testing query. 1105

InComeS We apply cross-attention operations 1106

only for the second half of the model’s layers since 1107

we found that the gist KV cache from the first half 1108

is not informative enough to allow effective edit 1109

selection. For the calculation of cross-attention 1110

during inference, we adopt a temperature of T = 1111

0.45 to the logits before softmax, which is found 1112

to be helpful for effective editing. 1113
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Method Single Editing Batch Editing

New info Scientific R. Debiasing Avg New info Scientific R. Debiasing Avg

Llama-3.2-1B

Base 56.85 55.87 32.73 48.48 56.85 55.87 32.73 48.48
FT-M 57.43 53.34 35.73 48.83 57.07 53.45 33.43 47.89
LoRA 53.65 50.87 36.73 47.08 56.77 54.66 35.83 49.08
SERAC 52.67 48.96 46.73 49.45 50.76 47.32 36.52 44.87
ICL 58.67 55.84 56.65 57.05 56.94 55.68 39.46 50.69
InComeS 60.00 58.17 54.61 57.59 57.76 56.46 46.14 53.45

Qwen2.5-7B

Base 63.44 66.03 36.95 55.47 63.44 66.03 36.95 55.47
FT-M 64.83 67.77 48.73 60.44 64.27 64.56 41.51 56.78
LoRA 63.85 63.22 39.56 55.54 62.58 65.33 43.73 57.21
SERAC 64.45 63.57 33.38 53.8 56.78 58.97 31.24 48.99
ICL 65.81 65.34 35.25 55.47 66.29 66.24 40.73 57.75
InComeS 66.83 68.02 62.59 65.81 65.61 67.82 56.69 63.37

Table 10: Full results on DUNE (Akyürek et al., 2023).

C Further Analysis1114

C.1 RAG vs. InComeS1115

Problem settings InComeS and RAG target dif-1116

ferent problems. In RAG, the query is given and1117

used to retrieve the relevant documents via a re-1118

trieval model before decoding. However, InComeS1119

does not make such an assumption, and it "edits"1120

the model with the provided knowledge before see-1121

ing any actual queries.1122

Methodology From the perspective of methodol-1123

ogy, InComeS conducts selection mechanisms in a1124

way that is better integrated into the LM and with a1125

finer granularity compared to RAG methods. First,1126

RAG inputs the full query for retrieval to select rel-1127

evant documents, and this process needs an extra1128

retrieval model; in contrast, our method requires1129

no extra models or retrieval steps and directly inte-1130

grates the selection mechanism into our base LM.1131

Moreover, our method dynamically performs selec-1132

tion for each token individually, which has a much1133

finer granularity than the query-based selection in1134

RAG. This supports a wider range of applications.1135

Experiments on Multi-hop edits Despite the dif-1136

ferences between our method and RAG, we com-1137

pare our method with RAG to demonstrate our1138

method’s superiority over the complex editing sce-1139

narios (Table 11). InComeS outperforms RAG in1140

almost all cases for both single editing and batch1141

editing. Note that the result of RAG is the same as1142

the result of ICL in single editing, which does not1143

need retrieval.1144

C.2 Side effect 1145

We present a side effect analysis of our method 1146

in this section (Table 12). We test the editing 1147

side effect under three different numbers of edits 1148

(0, 0.1k, 1k) on MMLU (Hendrycks et al., 2021) 1149

benchmark, which consists of 57 tasks across 4 do- 1150

mains, namely Social science, Humanities, STEM, 1151

and others. The results indicate that increasing the 1152

number of edits does not significantly harm the 1153

model’s general capability (lines 3 - 5 and 7 - 9 in 1154

Table 12), demonstrating the potential scalability 1155

of our method. The continuous pre-training brings 1156

an inevitable modest side effect to the model (lines 1157

2 - 3 and 6- 7 in Table 12). 1158

C.3 Efficiency analysis 1159

Compared to many traditional editing methods that 1160

require model backward calculation, our method 1161

only requires one single forward pass for each edit- 1162

ing context. In comparison to ICL, which needs to 1163

encode the entire concatenated edit context, our ap- 1164

proach enables parallel encoding of multiple edits, 1165

leading to great efficiency gains for the encoding 1166

(prefilling) stage. In addition, the compressed con- 1167

text also accelerates the decoding phase compared 1168

to the ICL decoding with prefilled KV cache. Here, 1169

we provide an analysis of our method’s efficiency 1170

advantage over traditional ICL for both the encod- 1171

ing and decoding stages. 1172

Encoding Assume we have N edits and each 1173

edit has a Length of L. For ICL prefilling, it has 1174

to encode the whole sequence with length N × 1175

L. However, for InComeS, each edit is processed 1176
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Method Model Single Editing Batch Editing

2-edits 3-edits 4-edits Avg 2-edits 3-edits 4-edits Avg

Base

Llama-3.2-1B

41.79 43.51 31.58 38.96 41.79 43.51 31.58 38.96
RAG 59.23 59.00 51.63 56.62 40.65 46.78 43.58 43.67
ICL 59.23 59.00 51.63 56.62 50.06 49.86 42.37 47.43
InComeS 71.19 72.17 72.62 71.99 53.93 52.79 52.73 53.15

Base

Qwen2.5-7B

44.08 44.14 30.62 39.61 44.08 44.14 30.62 39.61
RAG 69.76 76.91 74.54 73.74 42.91 46.37 46.15 45.14
ICL 69.76 76.91 74.54 73.74 53.53 50.54 44.77 49.61
InComeS 66.46 71.24 76.54 71.41 55.13 53.48 47.91 52.17

Base

Qwen3-8B-base

43.49 41.01 26.32 36.94 43.49 41.01 26.32 36.94
RAG 55.82 54.13 47.06 52.34 45.98 46.52 46.67 46.39
ICL 55.82 54.13 47.06 52.34 50.78 48.84 45.28 48.30
InComeS 56.36 58.71 59.93 58.33 53.42 50.90 50.36 51.56

Table 11: Results for RAG on MQuAKE (Zhong et al., 2023a).

Method Model Social Sciences Humanities STEM Other Average

Base

Llama-3.2-1B

25.09 27.31 25.87 27.49 26.44
InComeS - w/ no edits 23.18 25.91 22.66 26.06 24.45
InComeS - w/ 0.1k edits 22.45 25.01 22.66 24.62 23.68
InComeS - w/ 1k edits 22.91 25.30 22.73 24.11 23.76

Base

Qwen2.5-7B

72.72 69.19 63.42 69.72 68.76
InComeS - w/ no edits 68.06 65.68 59.58 66.39 64.93
InComeS - w/ 0.1k edits 64.64 60.65 56.84 63.39 61.38
InComeS - w/ 1k edits 63.86 62.08 57.58 62.88 61.60

Table 12: Side effect evaluation on MMLU (Hendrycks et al., 2021).

individually, and it encodes edits in parallel. In1177

this case, it encodes a batch of N edits with length1178

L. Thanks for the highly optimized GPU parallel1179

computation, such a feature approximately reduces1180

the time consumption by N times.1181

Decoding Suppose we have N compressed gists,1182

which corresponds to N individual edits with1183

length L and N ×L tokens whose KV caches have1184

been prefilled. For each decoding position, the ICL1185

self-attention needs to compute a matrix with size1186

1×N×L. However, InComeS only needs to calcu-1187

late the gist cross-attention matrix with size 1×N .1188

This roughly accelerates the decoding by L times.1189

C.4 Applying loss on queries1190

By convention, instruction tuning only takes into1191

account the loss for labels, excluding queries (Fig.1192

2). In this section, we show that merely applying a1193

loss on labels is not enough in our case. We train1194

a model without the loss of queries and present1195

its results in the Table 6 (the line of “w/o loss1196

on query”). The absence of query loss results in1197

a sharp decrease for multi-hop editing, suggest-1198

ing that training on query tokens may improve the1199

model’s capability of combining information re-1200

trieval and reasoning. 1201

C.5 Inclusion of zero gist 1202

The motivation of including the zero-gist mecha- 1203

nism is to ensure that context-independent tokens 1204

can bypass the influence of the edit contexts. To as- 1205

sess the impact of zero-gist, we train a model with- 1206

out this mechanism and evaluate it on MQuAKE 1207

(Zhong et al., 2023a) (see the “w/o zero-gist” line 1208

in Table 6). The results show a notable perfor- 1209

mance drop, suggesting that the cross-attention cal- 1210

culations may sometimes interfere with ordinary 1211

generation and our zero-gist strategy can mitigate 1212

this issue by allowing tokens to “attend to nothing”. 1213

C.6 Necessity of distillation 1214

We verify the importance of the distillation loss in 1215

this section. The result (see line "w/o kl loss" and 1216

"w/o token weighting" in Table 6) shows a signifi- 1217

cant decrease when excluding any of the distillation 1218

components, indicating that the distillation plays 1219

an important role. 1220
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C.7 The edit success metric1221

As expected, Table 7 shows traditional editing1222

methods such as fine-tuning and ROME exhibit1223

high edit success rates; however, their portabil-1224

ity scores generally lag behind the top-performing1225

methods, highlighting a common limitation of1226

these approaches. In contrast, ICL-based ap-1227

proaches that leverage the in-context learning capa-1228

bilities of LLMs demonstrate superior performance1229

in complex editing scenarios that require reason-1230

ing, owing to the enhanced context understanding1231

of LLMs. We argue that the edit success metric1232

may not be a comprehensive metric to evaluate1233

the real capability of the post-edited model, as it1234

can be cheated by the overfitting problem (Zhang1235

et al., 2025b), i.e., the model can assign dispro-1236

portionately high probabilities to the edit target1237

to get a high edit success rate. This may explain1238

why the simple fine-tuning method shows an ex-1239

tremely high edit success rate but fails to maintain1240

it on the porability. Therefore, we focus on com-1241

plex settings, including multi-hop editing, natural1242

language editing, and portability that aligns more1243

with the real application scenarios. Our method1244

demonstrates excellent performance in these set-1245

tings, which aligns with our motivations described1246

in Section 1.1247

C.8 Effectiveness of the method over model1248

scale1249

We observe that the performance gain in Table 11250

appears to diminish as the model scale increases.1251

In this section, we conduct further experiments to1252

find out whether this is true. The results in Table 131253

show that the performance gain does not decrease1254

when the model scale increases.1255

C.9 More results1256

To further verify the effectiveness of our method1257

over recent model, we further test our method on1258

Qwen3-8B-base. The results (Table 15 and Table1259

14) demonstrate that our method works well in1260

recent models.1261
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Method Model Single Editing Batch Editing

2-edits 3-edits 4-edits Avg 2-edits 3-edits 4-edits Avg

Base
Llama-3.2-1B

41.79 43.51 31.58 38.96 41.79 43.51 31.58 38.96
ICL 59.23 59.00 51.63 56.62 50.06 49.86 42.37 47.73
InComeS 71.19 72.17 72.62 71.99 53.93 52.79 52.73 53.15

Base
Llama-3.1-8B

45.29 45.69 31.66 40.88 45.29 45.69 31.66 40.88
ICL 58.76 56.99 45.47 53.74 48.64 49.58 39.51 45.91
InComeS 74.39 78.25 75.24 75.96 56.28 56.55 51.90 54.91

Table 13: Results for different model scale (Zhong et al., 2023a).

Method Model Single Editing Batch Editing

2-edits 3-edits 4-edits Avg 2-edits 3-edits 4-edits Avg

Base

Qwen3-8B-base

43.49 41.01 26.32 36.94 43.49 41.01 26.32 36.94
FT-M 51.32 50.39 45.22 48.98 48.11 44.24 41.39 44.58
LoRA 38.95 36.27 33.02 36.08 24.41 21.24 22.12 22.59
MEMIT 49.14 46.05 41.15 45.45 42.34 40.10 33.45 38.63
ICL 55.82 54.13 47.06 52.34 50.78 48.84 45.28 48.30
InComeS 56.36 58.71 59.93 58.33 53.42 50.90 50.36 51.56

Table 14: More results on mquake (Zhong et al., 2023a).

Method Model Single Editing Batch Editing

new info scientific de-biasing Avg new info scientific de-biasing Avg

Base

Qwen3-8B-base

82.99 86.62 31.07 66.89 82.99 86.62 31.07 66.89
FT-M 78.23 75.44 56.38 70.02 76.33 72.34 54.28 67.65
LoRA 71.23 69.99 43.23 61.48 73.13 64.59 42.22 59.98
MEMIT 81.29 80.45 49.65 70.46 80.99 78.53 45.66 68.39
ICL 83.06 81.12 45.45 69.88 83.35 82.76 30.34 65.48
InComeS 83.17 85.36 63.96 77.41 84.17 87.57 65.96 79.23

Table 15: More results on dune (Akyürek et al., 2023).
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