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ABSTRACT

Knowledge editing in Large Language Models (LLMs) aims to update the model’s prediction for
a specific query to a desired target while preserving its behavior on all other inputs. This process
typically involves two stages: identifying the layer to edit and performing the parameter update.
Intuitively, different queries may localize knowledge at different depths of the model, resulting in
different sample-wise editing performance for a fixed editing layer. In this work, we hypothesize the
existence of fixed golden layers that can achieve near-optimal editing performance similar to sample-
wise optimal layers. To validate this hypothesis, we provide empirical evidence by comparing golden
layers against ground-truth sample-wise optimal layers. Furthermore, we show that golden layers can
be reliably identified using a proxy dataset and generalize effectively to unseen test set queries across
datasets. Finally, we propose a novel method, namely Layer Gradient Analysis (LGA), that estimates
golden layers efficiently via gradient-attribution, avoiding extensive trial-and-error across multiple
editing runs. Extensive experiments on several benchmark datasets demonstrate the effectiveness and
robustness of our LGA approach across different LLM types and various knowledge editing methods.

1 Introduction

Large Language Models (LLMs) encode extensive factual and relational knowledge acquired during pre-training,
enabling strong performance across a wide range of downstream tasks. However, this knowledge is implicitly
distributed across a large number of model parameters, making it expensive to directly access or update after the
pre-training stage. As a result, LLMs may produce outdated, incorrect, or undesirable outputs, and rectifying such
errors through full retraining or large-scale fine-tuning is often computationally prohibitive. Moreover, doing so
can also potentially degrade previously learned desirable behaviors and useful model knowledge unrelated to the
information that needs to be edited [21, 26]. Knowledge editing methods [47] in LLMs thus seek to address this
challenge by modifying a model’s prediction for a specific test query to a desired target while preserving its behavior on
all other inputs. This capability is increasingly important for real-world deployment, where models must be adaptable,
reliable, and aligned with evolving real-world information.

Most existing knowledge editing approaches follow a locate-then-edit paradigm [44]. Given a test query and a desired
new target knowledge, knowledge editing methods first identify where the relevant knowledge is stored in the model
and then perform a constrained parameter update at that location. In practice, this typically reduces to selecting
a layer (or in some cases, block of layers) to edit, followed by an optimization-based update to those parameters.
Prior work has shown that the choice of editing layer is a critical factor in determining both rewrite success and the
degree of unintended effect to other unrelated model knowledge [39, 16]. Consequently, several methods attempt to
identify important layers using causal signals, such as Causal Mediation Analysis (CMA) [29], which has emerged as
a widely adopted standard; or via gradients, such as Salient Layers Editing Model (SaLEM) [31]. Despite the perceived

∗Corresponding Author.

ar
X

iv
:2

60
2.

20
20

7v
3 

 [
cs

.L
G

] 
 1

4 
M

ay
 2

02
6

https://arxiv.org/abs/2602.20207v3


Golden Layers and Where to Find Them

effectiveness of these methods, prior work has shown that these strategies often fail to reliably identify the best editing
layer [16, 15], motivating the need for improved layer-wise editing performance prediction methods.

Therefore, in this work, we take a closer look at how editing performance varies across layers and uncover a consistent
empirical pattern. While the sample-wise optimal editing layer may differ across individual queries, we observe that,
at the dataset level, a large majority of samples concentrate their optimal performance on the same layer or a small
set of layers. This observation motivates us to define the concept of golden layers, which we define as fixed layers that,
when used uniformly across samples, achieve aggregate editing performance that is statistically indistinguishable and/or
near-optimal to that obtained by editing each sample at its own optimal layer. The existence of golden layers suggests
that knowledge relevant for editing is not evenly distributed across all model layers, and that certain layers act as
particularly effective intervention points. Importantly, this phenomenon implies that near-optimal editing performance
can be achieved without per-sample layer selection, provided that these layers can be identified.

Further, motivated by these observations, in this paper, we propose Layer Gradient Analysis (LGA), a novel and efficient
method for estimating golden layers without performing any actual knowledge edits. Inspired by recent work on
sample-wise gradient attribution [19, 5, 35], LGA leverages layer-specific gradient attribution to quantify how strongly
each layer mediates the interaction between the model’s existing knowledge and the desired new target knowledge.
By aggregating first-order gradient signals across a proxy set of editing queries, LGA produces a robust estimate of
which layers are most suitable for knowledge editing. This approach avoids exhaustive layer-wise trial-and-error,
scales efficiently to large models, and directly targets the layers that yield near-optimal editing performance in practice.
Through extensive experiments across multiple LLM architectures, datasets, and editing methods, we show that editing
at layers selected by LGA consistently outperforms standard layer selection approaches such as CMA and SaLEM,
while significantly reducing the computational overhead associated with them.

In sum, we highlight our major contributions in this work:
• We empirically demonstrate the existence of golden layers for knowledge editing in LLMs, showing that in most

cases, fixed editing layers can achieve near-optimal or statistically indistinguishable performance compared to
sample-wise optimal layer selection across datasets and models.

• Furthermore, we show that golden layers can be reliably estimated using proxy datasets and generalize effectively
to unseen test queries, enabling potential editing strategies that are more computationally efficient than exhaustive
layer-wise trial-and-error.

• To this end, we propose a novel first-order, gradient-attribution-based method for identifying golden layers, named
Layer Gradient Analysis (LGA). Through extensive experiments across LLMs, editing strategies, and benchmark
datasets, we demonstrate that LGA outperforms CMA and SaLEM in terms of both editing performance as well
as computational efficiency.

2 Related Work

Locate-Then-Edit Knowledge Editing. There are several popular locate-then-edit methods that have been developed
for knowledge editing in LLMs. ROME [29] performs editing by applying a rank-one update to the weights of a selected
MLP layer, inserting a new key-value association that encodes the desired factual modification while approximately
preserving previously stored associations. Building on ROME, R-ROME [12] addresses instability in sequential editing
by enforcing consistent use of averaged key representations in the rank-one update formulation. MEMIT [30] extends
single-fact editing methods to the mass-editing regime by simultaneously inserting thousands of factual associations via
a batched least-squares update to transformer weights. EMMET [13] further generalizes this framework by formulating
batched editing under equality constraints, providing a closed-form solution that unifies ROME and MEMIT through a
preservation-memorization objective. Adjacent to this line of work, PMET [24] adopts an optimization-based approach
that jointly optimizes hidden states in both the attention and feedforward modules. It is important to note that across
all these methods, the selection of editing layers is typically guided by CMA [29], which we will discuss next.

Limitations of Causal Mediation Analysis. A common strategy in locate-then-edit knowledge editing methods is
to select MLP intervention layers using CMA (sometimes also referred to as causal tracing), under the assumption
that components identified as mediating factual recall will be effective targets for editing. CMA treats the transformer
network as a causal graph over hidden activations and quantifies how intermediate components mediate the effect
of an input query on the model’s prediction [8, 42]. However, recent work provides a detailed empirical critique of
this assumption, showing that CMA layer scores are often poorly correlated with editing success across a variety
of knowledge editing problem variants, and that this weak correlation persists across multiple problem settings
[16]. Follow-up work [15] further corroborates this across additional models and evaluation setups, demonstrating
that the choice of editing layer, rather than causal tracing scores, remains a stronger predictor of editing success.
Complementary work [32] examines the mechanistic underpinnings of editing interventions, showing that while
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Table 1: The performance of the Sample-Wise Optimal Layer (top performing layer for a sample in the test set) and
Golden Layer (optimal fixed layer for all samples derived from the test set), for ZSRE, WikiBio, WikiCounterfact,
WikiRecent, and Counterfact datasets with R-ROME on three LLMs: GPT-2 XL, LLaMA2-7B, and Gemma3-12B.
The optimal layer selection is based on Rewrite Accuracy. The two performances are found to be statistically different
using the two-sided Student’s t-test.

Model Method ZSRE WikiBio WikiCounterfact WikiRecent Counterfact

G
PT

-2 Sample-Wise Optimal Layer 1.0000±0.0000 0.8897±0.1239 0.9860±0.0721 0.9974±0.0425 1.0000±0.0000

Golden Layer 0.9993±0.0135 0.8256±0.1629 0.9537±0.1480 0.9887±0.0793 0.9871±0.1128

Statistical Difference No Yes Yes Yes Yes

L
L

aM
A

2 Sample-Wise Optimal Layer 0.9691±0.0747 1.0000±0.0006 0.9949±0.0345 0.9897±0.0677 1.0000±0.0000

Golden Layer 0.9667±0.0771 0.9912±0.0325 0.9922±0.0532 0.9792±0.0910 0.9995±0.0164

Statistical Difference No Yes No Yes No

G
em

m
a3 Sample-Wise Optimal Layer 0.9997±0.0082 0.9296±0.0827 0.9443±0.1333 0.9991±0.0143 1.0000±0.0000

Golden Layer 0.9763±0.0908 0.8538±0.1208 0.9415±0.1625 0.9789±0.0950 1.0000±0.0000

Statistical Difference Yes Yes No Yes No

CMA attributes decisive roles to early-to-mid MLP sublayers in factual recall, the impact of an edit on the learned
representation manifold (e.g., distortion or shattering of entity subspaces) is not well predicted by these attribution
scores. These findings highlight the limitations of CMA for layer selection in LLMs and motivate our work on
developing efficient layer-selection strategies that are more robust and performant for editing success.

Gradient-Based Attribution. While gradient-based attribution methods such as saliency maps [1] and integrated
gradients [38] have had long-standing success in interpretability research, recent work on data valuation has
demonstrated their potential as effective estimators of training sample impact on model predictions [22, 46, 4, 35].
More specifically, first-order methods only utilize sample-gradients (obtainable in one-pass) to undertake this analysis
[3, 5, 35], balancing both performance and computational efficiency. Recent work has also sought to utilize gradients
to assess layer impact in applications such as pruning, mixture-of-experts allocation [2], influence analysis [43, 48],
among others. Moreover, for knowledge editing, SaLEM [31] also utilizes first-order information for layer selection,
but as our results will subsequently show, it fails to utilize the full power of the gradient signal. Thus, in our paper, we
bridge this gap by proposing the novel and efficient first-order Layer Gradient Analysis (LGA) method as an alternative
to CMA-based layer selection for model-agnostic editing.

3 Research Questions

Knowledge editing aims to modify a model M such that for a specific query Q prediction/knowledge (K̂ = M(Q))
is updated to a desired target Knew, while preserving the model’s behavior on all other inputs. That is, after applying
a knowledge editing process E on the original model M , we wish to obtain an edited model M ′ which satisfies
M ′(Q) = Knew while ensuring M(Q′) = M ′(Q′), for all queries Q′ ̸= Q. It typically consists of two phases: (i)
identifying the layer to edit, and (ii) modifying the parameters of the selected layer. After selecting a layer block L, the
editing procedure E produces a knowledge-edited model M ′ = E(M ;L,Q,Knew). Different editing methods formalize
E using various optimization-based or closed-form methods [29, 12, 30, 13, 24], but they share the common objective
of enforcing the target behavior specified by (Q,Knew) while limiting collateral changes outside the edited layers.

Moreover, as demonstrated in past work [16], the choice of editing layer plays a significant role in final editing
performance. Specifically, in our investigations on knowledge localization, we observe an intriguing phenomenon:
despite the diversity of the underlying information or knowledge, a majority of samples consistently select the same
editing layer. This observation motivates us to explore the following two fundamental questions:

• Does there exist a fixed “golden” layer, or a small set of fixed “golden” layers, that achieves near-optimal
performance for knowledge editing when compared to the sample-wise optimal layer?

• If such a golden layer exists, can it be efficiently identified without resorting to extensive trial-and-error across
multiple editing runs?

The identification of such a golden layer is of immense importance to the knowledge editing community and, more
broadly, to research on LLMs. Moreover, existing methods for layer selection have been shown to fail at detecting the
optimal editing layer [16, 15]. Therefore, they have to depend on sample-wise or layer-wise trial-and-error to select a po-
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tential layer for editing, leading to substantial computational overhead and limited scalability. A fixed or near-universal
golden layer would eliminate repeated layer searches, enabling more efficient, stable, and reproducible knowledge edits.
Beyond efficiency, golden layer identification also offers theoretical value. While prior work [29, 9, 11, 10] largely
assumes that knowledge in LLMs is stored as key–value representations distributed across layers, recent studies [28, 20,
45, 17] have begun to question this view, suggesting that knowledge may be redundantly or unevenly encoded. By inves-
tigating the existence of golden layers, our work provides new empirical evidence on how knowledge is organized across
model layers, thereby offering a principled foundation for more effective and interpretable knowledge editing methods.

Motivated by these questions, we structure our paper into two parts. First, we empirically investigate the existence of
golden layers through extensive trial-and-error experiments. Second, we propose a novel gradient-attribution-based
algorithm to estimate the impact of each layer on knowledge editing, enabling efficient golden-layer identification while
avoiding costly repeated computations.

4 The Existence of Golden Layers

In this section, we detail the process of golden layer discovery. We first formalize the definition of a golden layer
and provide empirical evidence of its existence by comparing it with the ground-truth, sample-wise optimal editing
layer. We then demonstrate that the golden layer for a target dataset can be reliably estimated using a related proxy
dataset (or even an independent dataset), showing that while the golden layer is largely invariant to individual samples,
it systematically varies across different LLM architectures.

Throughout the paper, we conduct experiments across three different LLMs: GPT-2 XL [36], LLaMA2-7B [41], and
Gemma3-12B [40], and evaluate on several commonly used knowledge editing benchmark datasets: ZSRE [29, 23],
WikiBio [14], WikiCounterfact [49], WikiRecent [6], Counterfact [29]. Moreover, we evaluate editing performance
using standard metrics: Rewrite Accuracy (↑), Rephrase Accuracy (↑), Locality (↑), Portability (↑), and Fluency (↑), but
note that not all metrics are supported on all datasets. Additionally, for easy overall comparison we also provide an
Overall metric that is simply a weighted average of all other metrics, where higher values denote better performance.2

4.1 Defining Golden Layers

Following prior literature [29, 12, 13] and practical considerations, knowledge editing is typically performed on a single
layer, with the goal of incorporating new knowledge while preserving existing and broadly shared knowledge. Given
access to ground truth, the sample-wise optimal editing layer can be obtained by exhaustively performing knowledge
edits at each layer and selecting the one that yields the best editing performance. At the individual sample level,
different samples may exhibit different optimal editing layers. However, at the group level, namely, over a dataset
with a sufficient number of samples, we observe that a majority of samples consistently favor the same editing layer.
Motivated by this empirical regularity, we define golden layers as follows:

Definition (Golden Layers). Given an LLM and a test set of samples for knowledge editing, golden layers are fixed
layers for editing across all those samples that achieve, in aggregate, statistically indistinguishable performance from
that obtained by editing each sample at its own sample-wise optimal layer.

Based on the above definition, we formulate our first research question: do golden layers exist? To examine this hypoth-
esis, we conduct experiments on the several benchmark datasets [23, 44]. Specifically, we exhaustively search for the
sample-wise optimal editing layer for each individual query instance, according to Rewrite Accuracy, the most important
metric in knowledge editing, and in parallel identify a single fixed layer that achieves the best average performance
across the entire benchmark. By comparing the performance of this fixed layer with that of the sample-wise optimal
layers, we empirically evaluate whether a golden layer can approximate the optimal editing behavior at the dataset level.

Table 1 compares the knowledge editing performance of the sample-wise optimal layer and the golden layer across
all benchmark datasets and LLMs, using Rewrite Accuracy as the evaluation metric. For fair comparison, both settings
employ the R-ROME editing method [12]. According to the Student’s t-test, no statistically significant difference is ob-
served between the golden layer and the sample-wise optimal layer in five cases, including GPT-2 XL on ZSRE, LLaMA2-
7B on ZSRE and WikiCounterfact, and Gemma3-12B on WikiCounterfact and Counterfact. Although the statistical test
does not pass in the remaining cases, the absolute performance gaps are generally small with the golden layers mostly
achieving a Rewrite Accuracy exceeding 0.95, which is typically sufficient for practical deployment. Notable exceptions
occur on WikiBio with GPT-2 XL and Gemma3-12B, where the golden layer exhibits lower performance with 0.8256 and
0.8538 relative to the sample-wise optimal values. Nevertheless, even in these cases, the performance remains compet-
itive: a strong baseline, CMA [29], achieves Rewrite Accuracies of only 0.6894 and 0.6817, respectively. These results

2Appendices A and G provide details regarding implementation and experimental setup of the editing pipeline.
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Figure 1: Performance of golden layers selected via the proxy and test sets with GPT-2 XL on (A) ZSRE, (B)
WikiCounterfact, and (C) Counterfact. Editing performance evaluation is conducted on the test set queries. Error bars
denote the standard error of the mean.

suggest that a fixed golden layer can serve as a reasonable approximation to sample-wise layer selection for knowledge
editing, while substantially reducing the computational overhead associated with exhaustive per-sample layer searches.

4.2 Golden Layers Across Datasets

Above, we have demonstrated the existence of golden layers on the test set. However, in practical settings, the test
set is typically unavailable during training or deployment. To address this limitation, we investigate whether golden
layers can be identified using a proxy dataset as a surrogate. Specifically, we aim to estimate the golden layer on an
accessible proxy set and examine whether it can effectively generalize to unseen test sets. To achieve this, we first
seek a related proxy dataset and exhaustively check the layer performance in terms of knowledge editing, and select
the layer with the best performance as the golden layer. In subsequent sections, we will propose an efficient method
for golden layer estimation, obviating such expensive trial-and-error analysis.

Figure 1 presents the knowledge editing performance of GPT-2 XL when using golden layers identified on a proxy
set versus a test set across three benchmark datasets: ZSRE, WikiCounterfact, and Counterfact.3 In these experiments,
the proxy and test sets are randomly split from the same dataset (10%: proxy; 90%: test). We observe that the golden
layers identified from the proxy set and the test set often coincide. For example, on ZSRE and Counterfact, the golden
layers selected for the Overall and Rewrite metric, respectively, are identical across the two splits. Even in cases where
the selected golden layers differ, the resulting editing performance remains very close. These results indicate that
golden layers identified from an accessible proxy set can effectively generalize to unseen test sets. Furthermore, the
observations suggest that multiple layers may exhibit comparable near-optimal performance, implying the existence
of more than one potential golden layer.

To further examine the robustness of golden layers identified using a proxy set, we construct a proxy union that
aggregates five proxy subsets drawn from the benchmark datasets. We then estimate golden layers on this proxy
union and evaluate whether they generalize to the corresponding individual test sets. Figure 2 presents a heatmap
of Rewrite Accuracy, comparing the golden layers identified from the proxy union with the optimal layers on each
test set. Darker blue regions indicate smaller performance gaps, whereas red regions correspond to larger discrepancies.
Stars denote the optimal layers on the test sets; note that multiple layers may be optimal when they achieve identical
performance. The yellow bands highlight the golden layers estimated from the proxy union. As shown in the figure, the
golden layers derived from the proxy union largely overlap with the test-set optimal layers, particularly for GPT-2 XL
and LLaMA2-7B. This alignment suggests that golden layers estimated from an aggregated proxy set can generalize
reasonably well to unseen test sets, supporting their robustness across datasets. Interestingly, as Figure 2 demonstrates,
while golden layers overlap across optimal test-set layers for the same LLM, they appear in different parts of the network
for different LLMs. This implies that golden layers are a model-dependent property, albeit not a data-dependent one.

5 Golden Layer Estimation Using Layer Gradient Analysis (LGA)

In the previous sections, we have verified the existence of golden layers, and their potential benefits in serving as the
editing layers for knowledge editing. Subsequently, efficient and accurate estimation of golden layers then becomes
a key next step towards unlocking their potential in editing pipelines. Towards this goal, we now propose a novel
golden layer estimation method that efficiently only operates on first-order information (i.e., layer-specific gradients),

3Due to space constraints, we provide additional results for WikiBio and WikiRecent on GPT-2 XL in Appendix B.1 and for all
datasets on LLaMA2-7B and Gemma3-12B in Appendix B.2.
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Figure 2: Visualization of model layers for GPT-2 XL, LLaMA2-7B, and Gemma3-12B, where each cell indicates the
data-specific performance of a layer measured as the absolute deviation in Rewrite Accuracy performance from the
optimal layer on the test set. Darker blue cells indicate better performing layers with9 denoting optimal layers (these
can be tied in performance with multiple optimal layers on the same dataset). The golden cells across layers denote the
golden layers selected via the proxy set comprising each dataset. This union of proxy-set golden layers generally select
the higher performing layers, and most often, the optimal layers themselves.

and identifies highly performant golden layers. Through the layers selected using our Layer Gradient Analysis (LGA)
method, we consistently attain higher editing performance compared to standard methods for knowledge editing, such
as Causal Mediation Analysis (CMA) [29] and Salient Layers Editing Model (SaLEM) [31].

5.1 The Proposed Layer Gradient Analysis Approach

Our proposed approach for accurately estimating golden is based on analyzing layer-specific gradients, motivated
by recent work on gradient-based data attribution [5, 46, 35], which essentially utilize sample gradients to assess
how a training sample z impacts the performance of a model (parameterized by weights θ̂ trained using loss l) on a
validation/test sample v, simply using their inner product [35, 46], defined as: ϕ(z, v)=∇θ̂ℓ(θ̂; z)

⊤·∇θ̂ℓ(θ̂; v). Higher
gradient similarity values denote more training sample impact on validation/test sample performance. Also note that
this process is computationally efficient as gradients can be obtained in one-pass from the model post-training.

In this paper, we extend the gradient attribution inner product from the sample-level to the layer-specific impact.
The key idea lies in realizing that the inner product can be restricted to specific layer weights, thereby enabling an
assessment of how that specific layer block impacts model performance. That is, ϕL(z, v)=∇θLℓ(θ̂; z)

⊤·∇θLℓ(θ̂; v),
where ∇θLℓ(θ̂; z) denotes the sample z’s gradient of the L-th layer. Moreover, by aggregating these layer-specific
attribution scores for a set of samples, we can obtain robust estimates for the layer’s impact on the downstream task
as

∑
(z,v)∈Z ϕL(z, v). These scores can then be used to compare between layers in terms of how beneficial they are

for a task. This framework forms the basis of our Layer Gradient Analysis (LGA) approach.

Clearly, the loss function and the choice of samples will play a significant role in defining the task for which we wish
to undertake the layer-attribution analysis. We now propose the procedure for golden layer estimation for knowledge
editing in LLMs. For instance, consider, the LLM parameterized by network weights θ̂ trained using autoregressive
cross entropy loss ℓ. Moreover, consider a set of editing queries in the proxy set Q = {Qi}ni=1 and the old model
knowledge associated with query Qi as Ki and the new target knowledge as K ′

i. Intuitively, we posit that utilizing
the gradients related to both the new and old knowledge for a query can help identify the impact of the layer in the
knowledge editing task. To this end, we can estimate the impact of layers across all proxy set queries and predict the
golden layer G∗ through LGA:

6



Golden Layers and Where to Find Them

Table 2: Editing performance evaluation of LGA, SaLEM, and CMA across different knowledge editing methods
and the ZSRE, WikiBio, WikiCounterFact, Counterfact datasets on GPT-2 XL with R-ROME editing method. Different
datasets support different performance metrics, where Rewrite Accuracy → RwA, Rephrase Accuracy → RpA, Locality
→ LOC, Portability → PRT, Fluency → FLC, and Overall → OV. Layers are identified using the proxy set for both
methods and evaluation is undertaken on an unseen test set, demonstrating performance improvements attained by
LGA over baselines.

ZSRE
Edit Selection RwA RpA LOC PRT OV

R-ROME
CMA 0.9665 0.7467 0.9608 0.4837 0.6942

SaLEM 0.6910 0.5951 0.6405 0.3629 0.5724
LGA (Ours) 0.9851 0.8151 0.9543 0.4757 0.7106

EMMET
CMA 0.9850 0.8796 0.6589 0.4202 0.7359

SaLEM 0.8072 0.5816 0.7042 0.4441 0.6343
LGA (Ours) 0.9862 0.8833 0.6857 0.3947 0.7375

ROME
CMA 0.9669 0.7464 0.9604 0.4832 0.7892

SaLEM 0.6776 0.5765 0.6302 0.3633 0.5619
LGA (Ours) 0.9862 0.8178 0.9559 0.4778 0.8094

WikiBio
Edit Selection RwA LOC FLC OV

R-ROME
CMA 0.6894 0.5692 0.8927 0.7171

SaLEM 0.4061 0.2563 0.8186 0.4937
LGA (Ours) 0.7484 0.5587 0.8906 0.7326

EMMET
CMA 0.8258 0.3894 0.8612 0.6921

SaLEM 0.5784 0.2811 0.8641 0.5745
LGA (Ours) 0.8433 0.2793 0.8894 0.6707

ROME
CMA 0.6911 0.2902 0.8788 0.6200

SaLEM 0.4123 0.1932 0.8214 0.4756
LGA (Ours) 0.7487 0.2851 0.8840 0.6393

WikiCounterFact
Edit Selection RwA LOC PRT FLC OV

R-ROME
CMA 0.9135 0.5601 0.2651 0.9080 0.6741

SaLEM 0.6370 0.3198 0.2365 0.7629 0.4965
LGA (Ours) 0.9330 0.5669 0.2663 0.9072 0.6808

EMMET
CMA 0.9713 0.3931 0.2695 0.8039 0.6201

SaLEM 0.6962 0.4342 0.1813 0.8603 0.5538
LGA (Ours) 0.9841 0.4075 0.2831 0.8343 0.6382

ROME
CMA 0.9150 0.5582 0.2635 0.9142 0.6749

SaLEM 0.6299 0.3036 0.2281 0.7635 0.4891
LGA (Ours) 0.9379 0.5695 0.2659 0.9118 0.6839

Counterfact

Edit Selection RwA RpA LOC PRT OV

R-ROME
CMA 0.9420 0.6284 0.9613 0.4387 0.7426

SaLEM 0.6370 0.3198 0.2365 0.7629 0.4965
LGA (Ours) 0.9592 0.7154 0.9560 0.4362 0.7667

EMMET
CMA 0.9957 0.3330 0.5693 0.3905 0.5721

SaLEM 0.9066 0.1359 0.6639 0.4153 0.5304
LGA (Ours) 0.9925 0.3550 0.6565 0.4081 0.6030

ROME
CMA 0.9914 0.3545 0.8579 0.4409 0.6612

SaLEM 0.7637 0.3131 0.5133 0.3568 0.4867
LGA (Ours) 0.9968 0.3974 0.8667 0.4367 0.6744

G∗ = argmax
L∈L

∑
Qi∈Q

ϕL(Qi ∪Ki, Qi ∪K ′
i),

= argmax
L∈L

∑
Qi∈Q

∇θLℓ(θ̂;Qi ∪Ki)
⊤ · ∇θLℓ(θ̂;Qi ∪K ′

i).

Now that we have obtained G∗ using our LGA method, we can utilize a knowledge editing method E to undertake the
editing process on a test query (Qt,K

′
t) as E(M ;G∗, Qt,K

′
t). In the subsequent sections we present our findings for

estimating golden layers and how that leads to superior editing performance compared to traditional layer identification
methods, such as CMA.

5.2 Golden Layer Identification and Knowledge Editing Performance Comparison

We now compare editing performance when editing layer selection is conducted using LGA, CMA, and SaLEM. Note
that our experimental setup is the same as in the previous section.

Comparing LGA, CMA, and SaLEM Across Different Editing Methods. We first evaluate the consistency of our
layer selection strategy LGA relative to CMA across different editing methods. We edit the GPT-2 XL model on the
ZSRE, WikiBio, WikiCounterFact, and Counterfact datasets (results for WikiRecent provided in Appendix B.3 due to
space limitations). We employ three editing methods: R-ROME [12], ROME [29], and EMMET [13] at the respective
selected layers. The results are provided in Table 2. As can be observed from Overall scores, layers identified by LGA
yield higher performance than those selected by CMA and SaLEM across all the configurations, with the exception
of EMMET being used with WikiBio. Our findings hence suggest that LGA provides a more stable layer selection
strategy than CMA and SaLEM across editing methods and datasets.

Across the editing methods, LGA consistently improves Rewrite Accuracy, achieving a maximum improvement of
8.56% and 84.29% on WikiBio compared to CMA and SaLEM, respectively. In addition, Rephrase Accuracy, which is
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Figure 4: Performance comparison between LGA, SaLEM, and CMA across different LLMs and the (A) ZSRE, (B)
WikiBio, (C) WikiCounterfact, and (D) Counterfact datasets. Overall, LGA outperforms both CMA and SaLEM,
attaining improved knowledge editing performance.

only applicable to ZSRE and Counterfact, also exhibits consistent gains under LGA regardless of the editing method,
with the greatest improvement being 9.16% and 161.22%, respectively. In terms of aggregate performance trends across
datasets, LGA exhibits improved Overall score increases when applied with different editing methods, with average
gain of 1.94% and 31.86% CMA and SaLEM, respectively. Similar trends are observed across other metrics, such as
Locality, across datasets. In sum, LGA serves as a better layer selection mechanism compared to CMA and SaLEM,
and attains improved performance across metrics and datasets.

LGA vs CMA vs SaLEM Performance Analysis Across LLMs. We now undertake comparative performance eval-
uation across different and diverse LLM architectures. We employ the R-ROME editing method owing to its superlative
editing performance compared to other methods. We apply LGA, SaLEM, and CMA to GPT-2 XL, LLaMA2-7B, and
Gemma3-12B on the ZSRE, WikiBio, WikiCounterFact, and Counterfact datasets using the R-ROME editing method
(results for WikiRecent provided in Appendix B.3 due to space constraints). We provide the results in Figure 4. As
the figure demonstrates, in terms of Overall performance, LGA consistently outperforms CMA across all datasets
for GPT-2 XL. For LLaMA2-7B, LGA achieves higher Overall performance on ZSRE, WikiBio, and Counterfact,
while attaining competitive performance on WikiCounterFact. Furthermore, the gains are even more pronounced for
Gemma3-12B, with significant Overall performance improvement attained for ZSRE, WikiBio, and WikiCounterfact.
Similar trends hold for the comparison with SaLEM, as LGA attains improved performance on average.

Figure 3: Runtime analysis of LGA, CMA, and SaLEM
over Brute-Force (BF) golden layer search for editing via
R-ROME on GPT-2 XL. Each of the five datasets: ZSRE,
WikiBio, WikiCounterfact, WikiRecent, and Counterfact, are
categorized in terms of the average query token length (left)
and the proxy size (right). LGA is extremely computation-
ally efficient and yet attains improved editing performance
compared to baselines.

With respect to Rewrite Accuracy, LGA selected layers
consistently yield higher performance compared to CMA,
with improvements reaching up to 19.2% on the WikiBio
dataset when editing the Gemma3-12B model. A similar
pattern is observed for Rephrase Accuracy, where the
maximum improvement reaches 24.9%. For Portability,
LGA based layer selection for editing Gemma3-12B ex-
hibits consistently higher performance across all datasets.
On the other hand, LGA improves over SaLEM by
+17.53% in Rewrite, +11.63% in Rephrase, +24.36% in
Locality, +7.63% in Portability, and +5.11% in Fluency
averaged across all models and datasets. Overall, these re-
sults indicate that LGA maintains improved performance
across metrics, with observable improvements over CMA.

Computational Efficiency Analysis. We conduct
experiments to assess the computational efficiency
benefits of LGA. In Figure 3, we compare the runtime
of LGA, CMA, and SaLEM over Brute-Force (BF)
golden layer search for the R-ROME knowledge editing
method on GPT-2 XL. While the runtime of all methods
generally increases with longer input sequences and larger proxy sizes, LGA and SaLEM achieve substantial speedups
over both CMA and BF across all datasets, demonstrating exceptional computational efficiency. In contrast, CMA
remains relatively inefficient and, in some cases, exhibits runtime comparable to BF, particularly on WikiBio, which
possesses high average token length. Quantitatively, LGA attains consistent speedups ranging from approximately
30× to over 60× relative to BF, while CMA has a lower bound of 1×. While LGA and SaLEM attain similar runtime
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performance, LGA leads to consistent gains in editing performance (as our results from previous sections show). These
results indicate that LGA scales efficiently with dataset characteristics and proxy set size while attaining improved
editing performance in comparison to CMA and LGA.

Additional Editing Settings and Miscellaneous Results. We also conduct additional experiments with other knowledge
editing settings and miscellaneous ablations to demonstrate the efficacy of LGA over baselines. First, in Appendix C,
we explore the sequential editing task [49] and find the layer selected by LGA maintains stronger performance under
multiple consecutive edits compared to CMA and SaLEM. Furthermore, in Appendix D we study long-form [37],
compositional [27], and unstructured [7] editing, where LGA again achieves consistently improved performance. We
next provide ablation results in Appendix E demonstrating that LGA outperforms random layer selection. Finally, since
SaLEM and LGA both utilize gradient information for layer selection, we also undertake deeper analysis in Appendix F
that shows how LGA utilizes cross-knowledge interactions for improved layer selection.

6 Conclusion

In this paper, we studied the knowledge editing task in LLMs, which seeks to update the model’s output for a given query
to new target knowledge, without impacting the other desirable knowledge learned by the model during pre-training.
Generally, knowledge editing methods first identify a specific layer to edit using standard approaches such as CMA
and SaLEM, and then perform a minimal parameter update at that layer. Motivated by prior work demonstrating
the inefficacy of CMA at selecting the top-performing editing layers, we analyzed editing performance across layers
and found evidence for the existence of golden layers that achieve on average, near-optimal or statistically similar
editing performance compared to sample-wise optimal layers. We then proposed Layer Gradient Analysis (LGA), a
novel and computationally efficient gradient-based strategy for robustly estimating these golden layers using a given
proxy set of queries. Through several experiments across various benchmark datasets, LLMs, and editing methods, we
demonstrated the significant gains achieved by LGA over current layer-selection method baselines, in terms of both
editing performance and computational efficiency.
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Appendix

A Implementation Details

Here we introduce the implementation details for knowledge editing in terms of datasets, models, editing methods, and
editing performance metrics. Note that similar to CMA and other prior work in knowledge editing, we focus only on
the MLP layer modules [29, 9] for layer selection/editing for both LGA and CMA. Furthermore, for our LGA method,
in accordance with recent work demonstrating that outlier gradients comprise instances that are detrimental to training
loss [5, 3] we exclude layers with overall outlying gradient scores (measured using Tukey’s fences and the interquartile
range [18]. Unless otherwise specified, we fix the Tukey constant to 1 across all evaluation tasks). Finally, we build
LGA upon the EasyEdit knowledge editing framework [44] to ensure consistency in performance and standardized
evaluation across all LLMs, datasets, and editing methods.

A.1 Datasets and LLMs

We conduct experiments on five datasets that are popularly used in prior editing work: ZSRE [23, 44], WikiBio [49, 14],
WikiCounterfact [49], WikiRecent [49, 6], and Counterfact [29]. ZSRE, Counterfact, and WikiCounterfact are primarily
used to test the introduction of unfactual knowledge, whereas WikiBio and WikiCounterfact focus on correcting existing
knowledge. For each dataset, we use approximately 10% of samples as the proxy set and the remainder 90% as the test
set; for example, resulting in approximately 100/1000, 30/270, 100/1000, and 120/1080 samples for the proxy/test sets
of ZSRE, WikiBio, WikiCounterfact, and WikiRecent, respectively. Moreover, we experiment with three very different
LLMs in our paper: GPT-2 XL [36], LLaMA2-7B [41], and Gemma3-12B [40].

A.2 Editing Methods

We primarily use the R-ROME [12] editing method in our experiments due to its superlative editing performance
across metrics. This choice is further motivated by its design as an extension of ROME that more efficiently supports
sequential edits. To assess the generality of our approach across different editing methods, we additionally evaluate on
other editing methods, such as EMMET [13] and ROME [29].

A.3 Performance Metrics

We evaluate editing performance using five commonly used metrics: Rewrite Accuracy, Rephrase Accuracy, Locality,
Portability, and Fluency. Rewrite Accuracy measures whether the edit succeeds for the original query associated
with the edited knowledge. Rephrase Accuracy evaluates the model’s ability to recall the edited knowledge under
semantically equivalent, rephrased queries. Locality assesses whether the edit unintentionally alters model outputs
for unrelated queries [29, 44, 47, 49]. Portability quantifies the model’s ability to generalize the edited knowledge to
downstream reasoning tasks [47]. Fluency evaluates the linguistic quality of the generated responses. Not all datasets
support all metrics [44, 49]. All metrics indicate better editing performance for higher values. We additionally report an
Overall score computed as the average of all normalized metrics.

B Results on Additional Datasets

B.1 Proxy-Selected versus Test-Selected Layer Editing Performances for WikiBio and Counterfact

Figure 5 presents the knowledge editing performance on GPT-2 XL with R-ROME editing method when using golden
layers identified on a proxy set versus a test set on WikiBio and WikiRecent. We observe that the editing performance of
the golden layers identified from the proxy set and the test set remains very close, similar to trends observed in the main
paper.

B.2 Proxy Golden Layer versus Test Golden Layer on ZSRE, WikiBio, WikiCounterfact, WikiRecent,
Counterfact

Tables 3, 4, 5, 6, 7, and 8, report Rewrite Accuracy, Rephrase Accuracy, Locality, Portability, Fluency, and Overall
metrics evaluated on the test set of the Proxy Optimal Layer and the Golden Layer under R-ROME editing across ZSRE,
WikiBio, WikiCounterfact, WikiRecent, and Counterfact datasets and across three LLMs: GPT-2 XL, LLaMA2-7B, and
Gemma3-12B. We observe that the golden layers identified from the proxy set and the test set often coincide. The
resulting editing performance remains largely consistent, even when the selected golden layers differ.
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Figure 5: Performance of golden layers selected via the proxy and test sets with GPT-2 XL on (A) WikiBio and (B)
WikiRecent. Editing performance evaluation is conducted on the test set queries.

Table 3: The Rewrite Accuracy of the Proxy Optimal Layer (top performing layer in the proxy set) and Golden Layer
(top performing layer in the test set), for each of the editing performance metrics on the ZSRE, WikiBio, WikiCounterfact,
WikiRecent, and Counterfact datasets on three LLMs, GPT-2 XL, LLaMA2-7B, and Gemma3-12B editing with R-
ROME. The optimal layer selection is based on Rewrite Accuracy evaluated on the test set.

Model Set ZSRE WikiBio WikiCounterfact WikiRecent Counterfact

Layer Rewrite Layer Rewrite Layer Rewrite Layer Rewrite Layer Rewrite

GPT-2 XL Proxy 15 0.9962 19 0.8256 12 0.9380 17 0.9887 16 0.9796
Test 19 0.9993 19 0.8256 15 0.9537 17 0.9887 18 0.9871

LLaMA2-7B Proxy 12 0.9650 18 0.9835 3 0.9888 12 0.9783 2 0.9969
Test 10 0.9667 13 0.9912 12 0.9922 19 0.9792 4 0.9995

Gemma3-12B Proxy 27 0.9328 13 0.8538 19 0.9340 11 0.9784 8 0.9941
Test 18 0.9763 13 0.8538 13 0.9415 19 0.9789 35 1.0000

Table 4: The Rephrase Accuracy of the Proxy Optimal Layer (top performing layer in the proxy set) and Golden Layer
(top performing layer in the test set), for each of the editing performance metrics on the ZSRE and Counterfact datasets
on three LLMs, GPT-2 XL, LLaMA2-7B, and Gemma3-12B editing with R-ROME. The optimal layer selection is
based on Rephrase Accuracy evaluated on the test set.

Model Set ZSRE Counterfact

Layer Rephrase Layer Rephrase

GPT-2 XL Proxy 16 0.8823 18 0.8034
Test 17 0.8838 18 0.8034

LLaMA2-7B Proxy 7 0.9136 6 0.8023
Test 6 0.9176 15 0.8196

Gemma3-12B Proxy 39 0.9108 38 0.9221
Test 40 0.9294 40 0.9353
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Table 5: The Locality of the Proxy Optimal Layer (top performing layer in the proxy set) and Golden Layer (top
performing layer in the test set), for each of the editing performance metrics on the ZSRE, WikiBio, WikiCounterfact,
WikiRecent, and Counterfact datasets on three LLMs, GPT-2 XL, LLaMA2-7B, and Gemma3-12B editing with
R-ROME. The optimal layer selection is based on Locality evaluated on the test set.

Model Set ZSRE WikiBio WikiCounterfact WikiRecent Counterfact

Layer Locality Layer Locality Layer Locality Layer Locality Layer Locality

GPT-2 XL Proxy 47 0.9959 46 0.9882 47 0.9965 47 0.9977 47 0.9968
Test 47 0.9959 47 0.9964 47 0.9965 47 0.9977 47 0.9968

LLaMA2-7B Proxy 23 0.9895 23 0.8436 30 0.7402 25 0.6865 2 0.9747
Test 3 0.9927 23 0.8436 30 0.7402 24 0.7016 2 0.9747

Gemma3-12B Proxy 11 0.9795 46 0.7870 46 0.7411 0 0.6523 0 0.9305
Test 11 0.9795 15 0.8476 46 0.7411 46 0.7005 0 0.9305

Table 6: The Portability of the Proxy Optimal Layer (top performing layer in the proxy set) and Golden Layer (top
performing layer in the test set), for each of the editing performance metrics on the ZSRE, WikiCounterfact, WikiRecent,
and Counterfact datasets on three LLMs, GPT-2 XL, LLaMA2-7B, and Gemma3-12B editing with R-ROME. The
optimal layer selection is based on Portability evaluated on the test set.

Model Set ZSRE WikiCounterfact WikiRecent Counterfact

Layer Portability Layer Portability Layer Portability Layer Portability

GPT-2 XL Proxy 23 0.4740 1 0.3032 23 0.3271 25 0.4392
Test 29 0.4844 1 0.3032 19 0.3302 15 0.4450

LLaMA2-7B Proxy 11 0.5979 17 0.6154 8 0.5719 15 0.5336
Test 12 0.5993 16 0.6199 16 0.5839 3 0.5476

Gemma3-12B Proxy 23 0.5442 43 0.6594 26 0.5806 1 0.4291
Test 22 0.5480 42 0.6698 23 0.6103 0 0.4370

Table 7: The Fluency of the Proxy Optimal Layer (top performing layer in the proxy set) and Golden Layer (top
performing layer in the test set), for each of the editing performance metrics on the WikiBio, WikiCounterfact, and
WikiRecent datasets on three LLMs, GPT-2 XL, LLaMA2-7B, and Gemma3-12B editing with R-ROME. The optimal
layer selection is based on Fluency evaluated on the test set.

Model Set WikiBio WikiCounterfact WikiRecent

Layer Fluency Layer Fluency Layer Fluency

GPT-2 XL Proxy 8 0.8897 45 0.9058 4 0.9081
Test 6 0.8927 46 0.9157 13 0.9095

LLaMA2-7B Proxy 5 0.8595 6 0.8824 4 0.8800
Test 6 0.8597 3 0.8837 4 0.8800

Gemma3-12B Proxy 32 0.7071 35 0.5824 32 0.6031
Test 35 0.7180 32 0.5973 32 0.6031
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Table 8: The Overall of the Proxy Optimal Layer (top performing layer in the proxy set) and Golden Layer (top
performing layer in the test set), for each of the editing performance metrics on the ZSRE, WikiBio, WikiCounterfact,
WikiRecent, and Counterfact datasets on three LLMs, GPT-2 XL, LLaMA2-7B, and Gemma3-12B editing with
R-ROME. The optimal layer selection is based on Overall evaluated on the test set.

Model Set ZSRE WikiBio WikiCounterfact WikiRecent Counterfact

Layer Overall Layer Overall Layer Overall Layer Overall Layer Overall

GPT-2 XL Proxy 16 0.8286 34 0.8083 15 0.6916 25 0.7108 9 0.7726
Test 16 0.8286 37 0.8133 17 0.6961 21 0.7139 16 0.7789

LLaMA2-7B Proxy 6 0.8638 16 0.8771 14 0.7656 13 0.7625 3 0.8255
Test 7 0.8645 16 0.8771 14 0.7656 12 0.7640 3 0.8255

Gemma3-12B Proxy 19 0.8261 13 0.7780 41 0.6411 15 0.6474 9 0.7361
Test 19 0.8261 15 0.7793 41 0.6411 21 0.6529 11 0.7386

B.3 WikiRecent Results Across Different Editing Methods and LLMs

Table 9 presents the editing performance of three editing methods: R-ROME, EMMET, and ROME on GPT-2 XL
for the WikiRecent dataset. Notably, multiple layers often achieved identical performance scores; in such cases, we
report results for the first tied layer. Table 10 presents the editing performance of R-ROME editing method on three
models GPT-2 XL, LLaMA2-7B, and Gemma3-12B for the WikiRecent dataset. The table shows trends consistent with
those reported in the main paper, with LGA-selected layers achieving significantly higher Overall editing performance
than CMA across all datasets. LGA also consistently outperforms CMA on Rewrite Accuracy and Rephrase Accuracy,
demonstrating robust improvements of our proposed approach in the case of WikiRecent dataset, similar to the datasets
presented in the main paper: ZSRE, WikiBio, WikiCounterfact, and Counterfact.

Table 9: Editing performance evaluation of LGA, SaLEM, and CMA across different knowledge editing methods
and WikiRecent dataset on GPT-2 XL. Different performance metrics are reported, where Rewrite Accuracy → RwA,
Locality → LOC, Portability → PRT, Fluency → FLC, and Overall → OV. Layers are identified using the proxy set for
both methods and evaluation is undertaken on an unseen test set.

Edit Selection RwA(↑) LOC(↑) PRT(↑) FLC(↑) OV(↑)

R-ROME
CMA 0.9622 0.6124 0.3038 0.9084 0.6967

SaLEM 0.9828 0.6170 0.3192 0.9090 0.7070
LGA (Ours) 0.9735 0.6058 0.3161 0.9048 0.7000

EMMET
CMA 0.9837 0.5029 0.2979 0.8568 0.6603

SaLEM 0.9922 0.5485 0.3097 0.8475 0.6745
LGA (Ours) 0.9892 0.5199 0.3044 0.8491 0.6656

ROME
CMA 0.9674 0.6105 0.3033 0.9106 0.6980

SaLEM 0.9874 0.6136 0.3208 0.9089 0.7077
LGA (Ours) 0.9773 0.6027 0.3149 0.9077 0.7007

C Sequential Editing

For sequential editing experiments, we apply 10 edits sequentially, where the same randomly selected samples are used
across datasets. This choice follows prior work showing that performance degradation becomes noticeable at around
10 sequential edits [30, 49]. Additionally, prior studies have also evaluated smaller sequential edit settings to analyze
sequential editing behavior [49], further motivating this setting. We present the performance of sequential edits in Table
11, where it is evident that LGA selected layers perform better compared to CMA and SaLEM selected layers.

D Composite, Longform, and Unstructured Editing

D.1 Composite Editing

We evaluate compositional model editing on the PeakCF dataset, following the recent protocols while reporting SRS
(compositional success rate), SR-1 (single-edit success rate), GSR (generalization success rate), and LSR (Rouge-L-
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Table 10: Editing performance evaluation of LGA, CMA, and SaLEM for WikiRecent dataset and across three models:
GPT-2 XL, LLaMA2-7B and Gemma3-12B with R-ROME. Different performance metrics are reported, where Rewrite
Accuracy → RwA, Locality → LOC, Portability → PRT, Fluency → FLC, and Overall → OV. Layers are identified
using the proxy set for both methods, and the evaluation is undertaken on an unseen test set.

Model Selection RwA LOC PRT FLC OV

GPT-2-XL
CMA 0.9622 0.6124 0.3038 0.9084 0.6967

SaLEM 0.9828 0.6170 0.3192 0.9090 0.7070
LGA (Ours) 0.9735 0.6058 0.3161 0.9048 0.7000

LLaMA2-7B
CMA 0.9748 0.5629 0.5731 0.8718 0.7456

SaLEM 0.9768 0.5478 0.5769 0.8708 0.7431
LGA (Ours) 0.9750 0.5560 0.5699 0.8771 0.7445

Gemma3-12B
CMA 0.9710 0.5796 0.5216 0.5020 0.6436

SaLEM 0.9604 0.5166 0.5558 0.4884 0.6303
LGA (Ours) 0.9775 0.5779 0.5327 0.5013 0.6474

based generation score) as evaluation metrics [34, 27]. Table 12 presents the performance of layers selected by LGA,
SaLEM, and CMA. LGA achieves improvements of 2.38% and 49.30% over CMA and SaLEM, respectively, in terms
of average performance. Layer selection is performed using a proxy set of size 30, and evaluation is conducted on a test
set of size 270 randomly selected from the PeakCF dataset. For the task of composite editing, Tukey constant is fixed to
0.5.

D.2 Longform Editing

Following prior work on long-form model editing, we evaluate on the WikiBio and UnKE datasets un-
der a long-form generation setting. Unlike short-form editing, which only evaluates whether edited
facts appear in short continuations (i.e., next-token or limited-length generation), long-form editing re-
quires the model to consistently maintain and integrate factual updates throughout extended natural lan-
guage generation, such as full biographies [37]. For instance, given the query “Eleanor Arnason is
an American science fiction and fantasy writer” and an edited knowledge is a long statement such
as “She is best known for her novel A Woman of the Iron People (1991), which won the James
Tiptree, Jr. Award and was a finalist for the Nebula Award for Best Novel.” The performance
of LGA-selected layers on the UnKE dataset is presented in Table 13 while WikiBio dataset is presented in Figure 4 and
Table 2, where LGA overall outperforms CMA and SaLEM.

D.3 Unstructured Editing

We perform unstructured model editing on the UnKE dataset, adhering to recent protocols and reporting BLEU [33]
(Bilingual Evaluation Understudy) and MMLU (general knowledge accuracy benchmark score) along with various rogue
scores [25] like: ROUGE-1 (unigram overlap score), ROUGE-2 (bigram overlap score), ROUGE-L (longest common
subsequence-based score), Para-ROUGE-L (ROUGE-L score of paraphrased queries), BERTScore (embedding-based
semantic similarity score) as evaluation metrics [7]. Table 13 presents the performance of layers selected by LGA achieve
the highest overall score on GPT2-XL and Llama2-7B, while remaining competitive on Gemma3-12B, outperforming
CMA and SaLEM in 2 out of 3 settings. Layer selection is carried out using a proxy set of size 15, while evaluation is
performed on a test set of size 135 randomly sampled from the UnKE dataset. For the task, the Tukey constant is set to
0.5.

E Comparison with Random Layer Selection

Table 14 compares the performance of layers selected by LGA with randomly selected layers across three models on
the ZSRE dataset. For the random baseline, three layers are sampled uniformly at random and the mean performance
is reported. As shown in the table, LGA consistently outperforms random selection in overall performance across all
models, with notable improvements in rewrite and rephrase accuracy.
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Table 11: Sequential editing performance with 10 sequential edits for LGA, SaLEM, and CMA across three models:
GPT-2 XL, LLaMA2-7B, and Gemma3-12B on five datasets: ZSRE, WikiBio, WikiCounterFact, CounterFact, and
WikiRecent. The same randomly selected edit samples are applied sequentially for each dataset. Different datasets
support different performance metrics, where Rewrite Accuracy → RwA, Rephrase Accuracy → RpA, Locality → LOC,
Portability → PRT, Fluency → FLC, and Overall → OV. Layers are identified using the proxy set for each method, and
evaluation is conducted on unseen test data. Results demonstrate performance differences under sequential editing,
with LGA-selected layers achieving a mean overall performance gain of 7.9% and 511% over CMA and SaLEM,
respectively.

ZSRE
Model Selection RwA RpA LOC PRT OV

GPT-2-XL
CMA 0.5083 0.5083 0.6917 0.4583 0.5417

SaLEM 0.1750 0.2083 0.0250 0.0833 0.1229
LGA 0.8267 0.7817 0.7545 0.6117 0.7436

LLAMA2-7B
CMA 0.9689 0.8822 1.0000 0.6862 0.8843

SaLEM 0.9489 0.9489 0.8908 0.6198 0.8521
LGA 0.9689 0.9689 0.9933 0.7364 0.9169

GEMMA3-12B
CMA 0.6500 0.5917 0.6622 0.5833 0.6218

SaLEM 0.6106 0.5856 0.8847 0.6483 0.6823
LGA 0.4894 0.4117 0.6601 0.5167 0.5195

WikiBio
Model Selection RwA LOC FLC OV

GPT-2-XL
CMA 0.5120 0.4042 0.8770 0.4581

SaLEM 0.0865 0.0912 0.8368 0.0889
LGA 0.5566 0.3542 0.9083 0.4554

LLaMA2-7B
CMA 0.8767 0.5217 0.6215 0.6992

SaLEM 0.8882 0.6279 0.7436 0.7580
LGA 0.9367 0.5158 0.6439 0.7263

GEMMA3-12B
CMA 0.7119 0.7336 0.6771 0.7075

SaLEM 0.6574 0.7783 0.6157 0.7179
LGA 0.8124 0.8001 0.6666 0.7597

WikiCounterFact
Model Selection RwA LOC PRT FLC OV

GPT-2-XL
CMA 0.7444 0.3983 0.3449 0.8768 0.4959

SaLEM 0.0333 0.0014 0.0000 0.7531 0.0116
LGA 0.9800 0.4877 0.4826 0.8769 0.6501

LLaMA27B
CMA 0.9857 0.4137 0.6217 0.8671 0.6737

SaLEM 0.9857 0.5243 0.6571 0.9125 0.7224
LGA 1.0000 0.4126 0.6907 0.9146 0.7011

GEMMA3-12B
CMA 0.5278 0.5011 0.3534 0.4155 0.4608

SaLEM 0.3556 0.4712 0.2789 0.4243 0.3685
LGA 0.4806 0.6750 0.4196 0.4143 0.5250

Counterfact

Model Selection RwA RpA LOC PRT OV

GPT-2-XL
CMA 0.5000 0.4000 0.3000 0.2350 0.3588

SaLEM 0.0000 0.1000 0.0000 0.0500 0.0375
LGA 1.0000 0.4000 0.3000 0.2267 0.4817

LLaMA2-7B
CMA 1.0000 0.9000 0.4500 0.2250 0.6438

SaLEM 1.0000 0.9000 0.3500 0.2583 0.6271
LGA 1.0000 0.8000 0.9000 0.3083 0.7521

GEMMA3-12B
CMA 1.0000 0.6000 0.9000 0.3000 0.7000

SaLEM 0.9000 0.5000 0.7000 0.3000 0.6000
LGA 0.9000 0.5000 0.8000 0.3000 0.6250

WikiRecent
Model Selection RwA RpA LOC PRT OV

GPT-2-XL
CMA 0.8130 0.6465 0.3522 0.8885 0.6039

SaLEM 0.8702 0.5677 0.3460 0.9298 0.5946
LGA 0.8759 0.6559 0.3431 0.8492 0.6250

LLaMA2-7B
CMA 0.9500 0.6109 0.6145 0.8115 0.7251

SaLEM 0.8708 0.6491 0.4976 0.9009 0.6725
LGA 0.9333 0.6209 0.5769 0.7983 0.7104

GEMMA3-12B
CMA 0.9333 0.6894 0.5760 0.5673 0.7329

SaLEM 0.7238 0.7073 0.4219 0.3157 0.6177
LGA 0.9071 0.6142 0.5030 0.4689 0.6748
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Table 12: Compositional editing performance of LGA-selected layers, SaLEM, and CMA on the PeakCF dataset
across three models: GPT-2 XL, LLaMA2-7B, and Gemma3-12B. We use R-ROME for editing and evaluate using
SRS, SR-1, GSR, and LSR metrics. Layer selection uses a proxy set of size 30, and evaluation is performed on 270
randomly sampled test examples from the PeakT dataset. Layers selected by LGA achieve average overall performance
improvements of 2.38% and 49.30% over CMA and SaLEM, respectively.

Model Method SRS ↑ SR-1 ↑ GSR ↑ LSR ↑ Overall ↑

GPT-2-XL
CMA 0.4562 0.1630 0.4023 0.0105 0.3462

SaLEM 0.2663 0.1556 0.2073 0.0154 0.1611
LGA 0.5513 0.4278 0.4357 0.0197 0.3586

LLAMA2-7B
CMA 0.6417 0.4944 0.5297 0.0282 0.4235

SaLEM 0.6417 0.4944 0.5297 0.0282 0.4235
LGA 0.6513 0.4926 0.5398 0.0290 0.4282

GEMMA3-12B
CMA 0.3986 0.2593 0.3150 0.0214 0.2485

SaLEM 0.3417 0.1741 0.2845 0.0200 0.2050
LGA 0.3939 0.2889 0.3103 0.0252 0.2546

Table 13: Unstructured editing performance of LGA-selected layers, SaLEM, and CMA on the UnKE dataset across
three models: GPT-2 XL, LLaMA2-7B, and Gemma3-12B. We use R-ROME for editing and evaluate using BLEU,
ROUGE-1 (R-1), ROUGE-2 (R-2), ROUGE-L (R-L), Para-ROUGE-L (Para-R-L), BERTScore, and MMLU metrics.
Layer selection uses a proxy set of size 15, and evaluation is performed on 135 randomly sampled test examples from
the UnKE dataset. Layers selected by LGA best overall score on GPT2-XL and Llama2-7B, and remain competitive on
Gemma3-12B, winning 2 out of 3 settings compared to CMA and SaLEM.

Model Method BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑ Para-R-L ↑ BertScore ↑ MMLU ↑ Overall ↑

GPT2-XL
CMA 0.3182 0.1940 0.0732 0.1841 0.1678 0.6125 0.2133 0.2519

SaLEM 0.3474 0.2219 0.0990 0.2097 0.1685 0.6926 0.2207 0.2800
LGA 0.3452 0.2272 0.1036 0.2179 0.1855 0.6895 0.2237 0.2846

Llama2-7B
CMA 0.5735 0.5310 0.3889 0.5152 0.3776 0.8250 0.4178 0.5184

SaLEM 0.5435 0.4837 0.3228 0.4654 0.3610 0.8005 0.4015 0.4826
LGA 0.6342 0.6492 0.5508 0.6398 0.3230 0.8594 0.4296 0.5837

Gemma3-12B
CMA 0.4060 0.2971 0.1309 0.2788 0.2229 0.6774 0.6741 0.3839

SaLEM 0.4836 0.4105 0.2321 0.3862 0.3084 0.7541 0.7289 0.4720
LGA 0.3856 0.2578 0.1017 0.2394 0.2197 0.6501 0.6963 0.3644

Table 14: Editing performance evaluation of LGA-selected layers and randomly selected layers, denoted as Random,
for the ZSRE dataset across three models: GPT-2 XL, LLaMA2-7B, and Gemma3-12B using R-ROME. For the random
baseline, three layers are selected uniformly at random, and their mean performance is reported. The table presents
performance metrics, namely Rewrite Accuracy, Rephrase Accuracy, Locality, Portability, and Overall. Layers for
LGA are identified using the proxy set, and evaluation is conducted on an unseen test set, demonstrating performance
improvements over random selection.

Dataset Model Method Rewrite ↑ Rephrase ↑ Locality ↑ Portability ↑ Overall ↑

ZSRE

GPT-2-XL
CMA 0.9665 0.7467 0.9608 0.4837 0.6942

Random 0.8539 0.5916 0.9701 0.4784 0.6347
LGA 0.9851 0.8151 0.9543 0.4757 0.7106

LLAMA2-7B
CMA 0.9587 0.8859 0.9923 0.5827 0.8549

Random 0.9576 0.8115 0.9885 0.5650 0.8307
LGA 0.9625 0.8988 0.9927 0.5950 0.8623

GEMMA3-12B
CMA 0.8581 0.7041 0.9421 0.4989 0.7508

Random 0.8197 0.7692 0.7988 0.4465 0.7086
LGA 0.9535 0.8796 0.7736 0.5198 0.7816
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F LGA Without Cross-Knowledge Interaction

SaLEM considers only the gradient of the new knowledge K ′
i. To ensure a fair comparison using only the information

utilized by SaLEM, we further evaluate a simplified variant of LGA that removes cross-knowledge interaction between
the old-knowledge context (Qi ∪Ki) and the new-knowledge context (Qi ∪K ′

i), and instead selects layers based solely
on the ℓ2-norm of the gradient computed from (Qi ∪K ′

i), denoting as LGA(K ′). From Table 15, compared to SaLEM,
the ℓ2-norm variant achieves a small relative improvement of approximately +1.6% in overall performance, while LGA
yields a substantial improvement of approximately +13.3%. These results further highlight the importance of modeling
cross-knowledge interactions between old and new knowledge for effective layer selection.

Table 15: Editing performance comparison between CMA, SaLEM, a simplified ℓ2-norm variant of LGA, and the full
LGA method for layer selection on the WikiBio dataset across three models: GPT-2 XL, LLaMA2-7B, and Gemma3-
12B using R-ROME. The ℓ2-norm variant removes cross-knowledge interaction between the old-knowledge context
(Qi ∪Ki) and the new-knowledge context (Qi ∪K ′

i), and instead selects layers based solely on the gradient computed
from (Qi ∪K ′

i), denoting as LGA(K ′). The table reports Rewrite Accuracy, Rephrase Accuracy, Locality, Portability,
and Overall editing performance. Results show that while the ℓ2-norm variant achieves a small improvement over
SaLEM, LGA significantly outperforms both methods, highlighting the importance of modeling cross-knowledge
interactions for effective layer selection.

Dataset Model Method Rewrite ↑ Locality ↑ Fluency ↑ Overall ↑

WikiBio

GPT-2-XL

CMA 0.6894 0.5692 0.8927 0.7171
SaLEM 0.4061 0.2563 0.8186 0.4937

LGA (K′) 0.4061 0.2563 0.8186 0.4937
LGA 0.7484 0.5587 0.8906 0.7326

LLaMA2-7B

CMA 0.8818 0.6515 0.8547 0.7960
SaLEM 0.8396 0.6526 0.8529 0.7817

LGA (K′) 0.9560 0.6357 0.8597 0.8172
LGA 0.9560 0.6357 0.8597 0.8172

GEMMA3-12B

CMA 0.6817 0.6546 0.6683 0.6682
SaLEM 0.8153 0.8062 0.6668 0.7628

LGA (K′) 0.8124 0.8001 0.6666 0.7597
LGA 0.8124 0.8001 0.6666 0.7597

G Code and Reproducibility

All the experiments were conducted on a Linux server with 6x NVIDIA DGX B200 GPUs with 192 GB VRAM/GPU.
All the utilized LLMs are original (unquantized) open-source versions from HuggingFace. During generation, we used
greedy decoding without sampling. To ensure reproducibility, all sources of randomness, including PyTorch, NumPy,
and Python’s random module, were fixed using a seed of 42. The gradient of the loss with respect to the model’s
existing knowledge was computed for each input sequence, considering up to the number of tokens in the ground-truth
target if available, or up to number of tokens in the new target knowledge. Our codebase was built upon the EasyEdit
[44] framework, and evaluations of the edited models were performed following their standard conventions.
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