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Abstract

Large Language Models (LLMs) are prone to generating in-
correct or outdated information, thereby necessitating effi-
cient and precise mechanisms for knowledge updates. Exist-
ing knowledge editing approaches, however, often encounter
conflicts between two competing objectives: maintaining ex-
isting knowledge (preservation) and incorporating new infor-
mation (editing). During gradient-based optimization, these
conflicting objectives can lead to imbalanced update direc-
tions, where one gradient dominates, ultimately resulting in
suboptimal learning dynamics. To address this challenge, we
propose a balanced knowledge editing framework inspired by
Nash bargaining theory. Our method guides the optimization
process toward a Pareto stationary point, ensuring an equi-
librium solution wherein any deviation from the final state
would degrade the overall performance with respect to both
objectives. This guarantees optimality in preserving prior
knowledge while integrating new information. We empiri-
cally validate the effectiveness of our approach across a range
of evaluation metrics on standard benchmark datasets. Exten-
sive experiments show that our method consistently outper-
forms state-of-the-art techniques, achieving a superior bal-
ance between knowledge preservation and update accuracy.

Introduction
Large language models (LLMs) have demonstrated remark-
able capabilities by acquiring and retaining extensive knowl-
edge through large-scale training (Zhao et al. 2023; Brown
et al. 2020; Radford et al. 2019; Bi et al. 2025b; Xu
et al. 2024a). However, they are prone to hallucinations, of-
ten generating incorrect or outdated information (De Cao,
Aziz, and Titov 2021; Mitchell et al. 2021). For example,
when asked “Where were the latest Olympics held?”, an
LLM may respond with the outdated answer “Tokyo” rather
than the correct, up-to-date answer “Paris” (Meng et al.
2022a,b). This highlights the critical importance of main-
taining the accuracy and currency of the knowledge em-
bedded within LLMs (Xu, Yan, and Deng 2025), particu-
larly given their broad deployment in real-world applica-
tions (Xu et al. 2024c; Chen and Shu 2024). To address this

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Comparison of preservation and editing perfor-
mance across various knowledge editing methods. A higher
Edit Success score indicates superior editing effectiveness,
while a higher Forgetfulness Accuracy score reflects better
preservation of unrelated knowledge.

challenge, model editing has emerged as a promising solu-
tion that enables targeted and efficient updates to a model’s
knowledge without requiring full retraining or fine-tuning,
thereby offering a viable approach to accommodate dynamic
and evolving information (Yao et al. 2023; Zhang et al. 2024;
Cheng et al. 2023; Youssef et al. 2025; Chen et al. 2024; Lyu
et al. 2025).

The core goal of knowledge editing is to revise spe-
cific factual information within LLMs without full retrain-
ing, thereby ensuring the accuracy and timeliness of the
stored knowledge. To this end, various knowledge editing
approaches have been proposed that aim to update the tar-
get information while preserving the integrity of unrelated
knowledge within the model (Cheng et al. 2023; Mao et al.
2024; Bi et al. 2025a). For instance, the widely-used locate-
then-edit paradigm first identifies the influential parameters
associated with the target knowledge through causal trac-
ing, and subsequently modifies them by introducing pertur-
bations (Meng et al. 2022a). The primary objective is to min-
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imize the output error on the knowledge to be updated. Ad-
ditionally, the output error on the knowledge to be preserved
is typically included as a constraint in the optimization ob-
jective, ensuring that the model maintains accuracy on unaf-
fected knowledge.

Broadly speaking, existing knowledge editing methods
pursue two primary objectives: (1) accurately updating the
model’s knowledge for specific data points (editing), and
(2) maintaining the model’s performance on the remaining
knowledge (preserving). This is typically formulated as the
minimization of a weighted sum of two loss terms—one cor-
responding to the modification of the target knowledge and
the other enforcing the retention of the non-target knowl-
edge. When dealing with extensive forms of knowledge, di-
rectly optimizing the joint objective via a closed-form so-
lution becomes infeasible. Consequently, gradient descent
is typically adopted to iteratively minimize the two-term
objective comprising both editing and preservation compo-
nents. However, during this optimization process, the gra-
dients corresponding to the two objectives may conflict in
direction or differ significantly in magnitude. Such dispari-
ties can cause one gradient to dominate the update direction,
resulting in suboptimal learning dynamics. As illustrated in
Figure 1, frequent gradient conflicts and dominance can hin-
der effective parameter updates, ultimately resulting in per-
formance degradation. Existing methods struggle to strike a
balance between knowledge preservation and effective edit-
ing. Alleviating these issues is therefore critical for improv-
ing the overall efficacy of knowledge editing methods across
both editing and preservation goals.

In this paper, we propose a novel balanced knowledge
editing framework based on Nash bargaining (Nash 1953),
termed NaKE, which simultaneously addresses the issues
of gradient conflict and dominance by leveraging concepts
from game theory. Drawing inspiration from Nash’s bar-
gaining solution—an axiomatic approach that guarantees a
unique and proportionally fair outcome, where any devia-
tion leads to a negative average relative change—we for-
mulate the combination and balancing of gradients from the
editing and preservation objectives as a cooperative bargain-
ing game (Thomson 1994). In this setting, the two play-
ers—representing (Szép and Forgó 2012) the editing and
preserving components—submit gradient proposals and ne-
gotiate to reach a consensus on an update direction that
maximizes the joint benefit, ensuring a balanced and effec-
tive optimization process. Specifically, we define the util-
ity function for each player based on their respective gra-
dient and, leveraging the Nash bargaining framework, de-
rive a convex optimization-based solution for the update di-
rection that steers the model toward a stationary point on
the Pareto front. Our proposed method demonstrates supe-
rior performance compared to existing baseline approaches
across multiple evaluation metrics on standard benchmarks.

Related Work
Knowledge editing techniques can be broadly categorized
based on whether they modify existing parameters or
preserve them by introducing auxiliary mechanisms. Ap-
proaches that directly alter a model’s parameters aim to en-

code new information by fine-tuning a minimal subset of
weights. These include meta-learning strategies that employ
hypernetworks to generate parameter updates (Jiang et al.
2024), often optimized for efficiency using low-rank gra-
dient approximations (Mitchell et al. 2021). Locate-then-
edit frameworks, on the other hand, utilize causal attribu-
tion to identify knowledge-relevant components (Meng et al.
2022a) and refine them via closed-form solutions such as
least-squares optimization (Zheng et al. 2023). Other efforts
mitigate catastrophic forgetting by restricting updates to se-
lect neurons (Jiang et al. 2024) or projecting edits into a null
space, thereby extending applicability to lifelong learning
settings (Fang et al. 2024).

In contrast, parameter-preserving methods maintain the
integrity of the original model weights by allocating addi-
tional components (Hartvigsen et al. 2023). Some rely on
in-context learning to inject new knowledge without mod-
ifying any parameters (Zheng et al. 2023; Bi et al. 2024),
while others incorporate external memory retrieval mecha-
nisms (Mitchell et al. 2022) or dynamically introduce new
neurons to represent edited content (Huang et al. 2023; Dong
et al. 2022; Bi et al. 2025c). Further innovations substitute
internal hidden states with entries from a discrete codebook
or enhance memory-based fusion through learned parame-
terized modules (Wang et al. 2024).

Recent research increasingly addresses the challenge of
editing unstructured knowledge—namely, information ex-
pressed in free-form text rather than structured triples (Deng
et al. 2025). To this end, Wu et al. (2024) critique the lim-
itations of previous benchmarks and proposes AKEW, de-
signed specifically to assess unstructured knowledge editing.
Building upon the locate-then-edit paradigm, UnKE (Deng
et al. 2025) updates all parameters within a single layer
to better accommodate unstructured content, and is eval-
uated using the newly proposed UnKEBench. Meanwhile,
DEM (Huang et al. 2024) introduces a dynamic perception
module that localizes commonsense knowledge represen-
tations, enabling precise updates from textual descriptions.
Expanding the generality of model editing, AnyEdit sup-
ports the modification of heterogeneous textual forms be-
yond factual assertions, facilitating broader and more versa-
tile knowledge manipulation (Jiang et al. 2025).

Method
In this section, we first formulaically introduce the knowl-
edge editing task and highlight the limitations of existing
methods, followed by a detailed description of the proposed
NaKE for balanced knowledge editing.

Preliminary
Transformer Block-Level Key-Value Pair Representa-
tions. Inspired by the phenomenon of “early decod-
ing” (Yao et al. 2024), recent studies on transformer block-
level key-value pair representations (Deng et al. 2025) sug-
gest that the shallow layers of LLMs primarily encode key
vectors that capture entity information and contextual con-
cepts relevant to the input. In contrast, the deeper layers
function as decoders, transforming these key vectors into
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Figure 2: A simplified illustration of gradient conflict and dominance phenomena observed during the gradient-based
optimization process in knowledge editing. The cosine similarity distributions reveal distinct gradient alignment patterns
between the proposed method and UnKE (Deng et al. 2025) employing naive gradient descent. The naive gradient descent ap-
proach exhibits substantial gradient conflicts, as evidenced by the high frequency of negative cosine similarity values, indicat-
ing frequent misalignment between preservation and editing task gradients. Furthermore, this approach demonstrates persistent
gradient conflicts between the preservation task gradients and the joint update direction, potentially impeding effective preser-
vation. Conversely, our method mitigates these alignment issues, as validated by elevated cosine similarity values between the
joint update gradient and both preservation and editing task gradients. Our method successfully achieves balanced contributions
from both objectives.

value vectors that inject target-specific information into the
residual stream. Specifically, we designate the L-th layer of
the LLM as a functional boundary, partitioning the model
into two distinct modules: a key generator and a value gen-
erator, which are responsible for producing key vectors and
value vectors, respectively.

For a given knowledge pair (x, y), the key vector k should
be expressed as k = hL

x,n, where hL
x,n denotes the hidden

state of n-th token of x in the L-th layer.

Computing Key-Value. For editing knowledge (x̃, ỹ), we
compute its corresponding key-value pair (k∗, v∗). k∗ = k+
δn can be directly derived by optimizing the residual vector
δn using gradient descent. This process can be formalized as
follows:

k∗ = k + argmin
δn

(
− logPfL

θL
(k+δn)(ỹ|x̃)

)
, (1)

where fL
θL
(k + δn) represents the L-th layer output when

the original key k is replaced with k∗ + δn. By freezing the
parameters of the value generator, optimizing Eq. (1) to a
sufficiently low value implies that, given access to the op-
timal key vector k∗, the model is capable of decoding the
corresponding target output ye.

Two-Term Objective Optimization. The key generator
encodes a large set of key vectors during pre-training, which
can be selectively activated by specific inputs to produce cor-
responding value vectors. Our objective is to modify the tar-
geted key vectors to yield the desired edited output, while
preserving the integrity of untargeted key-value pairs. To

prevent the introduction of new keys from interfering with
the generation of existing ones, we restrict the optimization
to the final layer of the key encoder, i.e., fL

θL . The problem
is reformulated as maintaining a factual set comprising u
newly introduced associations {x̃j , ỹj}uj=1, while simulta-
neously preserving the original set containing w existing as-
sociations {x̄i, ȳi}wi=1 as follows:

θ̂L ≜ argmin
θL

(

Key Preserving Loss Lp︷ ︸︸ ︷
w∑
i=1

∥fL
θL(h̄

L−1
i )− ki∥22

+
u∑

j=1

∥fL
θL(h̃

L−1
j )− k∗j ∥22︸ ︷︷ ︸

Key Editing Loss Le

),

(2)

where h̄L−1
i and h̃L−1

j represent the hidden state of x̄i and
x̃j in the L− 1-th layer, respectively.

Gradient Conflict and Dominance Phenomenon
Gradient descent is commonly employed to iteratively opti-
mize Eq.(2), which integrates both editing loss Le and the
preserving loss Lp. However, throughout this optimization
process, the gradients associated with the two objectives
may exhibit conflicting directions or substantial differences
in magnitude (Sener and Koltun 2018; Yu et al. 2020). These
discrepancies can cause one gradient to dominate overall up-
date direction, leading to suboptimal optimization behavior.

To better analyze this phenomenon, we rewrite Eq. (2)
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with two coefficients for balancing terms as follows:

min
θL

λpLp(θL;W) + λeLe(θL;U), (3)

where U and W denote the association sets to be edited
and preserved, respectively. Let gp = ∇θLLp(θL;W) and
ge = ∇θLLe(θL;U) denote the gradient for updating these
two terms. We conduct a series of experiments to analyze
the alignment and consistency among gp, ge, and the joint
update direction g = λpgp + λege, with the corresponding
results visualized in Figure 2.

We observe a high frequency of negative cosine similar-
ity values between the gradients of the preserving task (gr)
and the editing task (gf ) during naı̈ve gradient descent op-
timization. This indicates that the two gradients are often
misaligned, reflecting a substantial degree of gradient con-
flict between the objectives. Additionally, the gradients of
the preserving and editing objectives are often misaligned
with the direction of the joint update, which may impede the
effectiveness of both knowledge preservation and modifica-
tion during optimization.

Furthermore, we analyze the ratio of gradient norms be-
tween the two objectives, i.e., λp∥gp∥/λe∥ge∥ and observe
a significant imbalance in gradient magnitudes during naı̈ve
gradient descent optimization (Xu et al. 2024b), which can
lead to one task disproportionately influencing the joint up-
date direction, i.e., the dominance phenomenon. Therefore,
we propose a novel optimization strategy aimed at improv-
ing gradient alignment and balancing the contributions of
the editing and preserving objectives. This approach effec-
tively mitigates gradient conflicts and enhances the model’s
capacity to incorporate targeted knowledge updates without
substantially impairing the retention of existing information.

Nash Bargaining Knowledge Editing
Motivated by the observed issues of gradient conflict and
dominance during optimization, we adopt a cooperative
bargaining perspective and introduce a novel optimization
method aimed at achieving more reliable improvements
by explicitly resolving such conflicts throughout training.
Specifically, our approach is inspired by the Nash Bargain-
ing Solution (NBS) (Nash 1953), a foundational concept in
axiomatic game theory that is widely regarded for its robust-
ness and general applicability. NBS possesses desirable the-
oretical properties, including Pareto optimality, which pre-
vents unconsented unilateral gains, and a principled mech-
anism for balancing competing interests, making it well-
suited for harmonizing the objectives of editing and preserv-
ing in knowledge editing.

Nash Bargaining Problem Definition. Inspired by ex-
isted works (Navon et al. 2022; Wu and Harandi 2025),
the central objective is to determine the weighting protocol
λ = [λp, λe], which specifies the relative contributions of
the individual losses in Eq. (2). This protocol guides the up-
date step in a manner that facilitates joint optimization by
improving the aggregated loss across both tasks. We formu-
late this problem as a cooperative bargaining game between
two tasks—editing and preserving—each represented as a
distinct player. In this setting, both players contribute their

Algorithm 1: Nash Bargaining Knowledge Editing
Input: Model parameters θL, preserving and editing task
losses Lp,Le, number of iterations T , learning rate η.
Output: Final parameters θ̂L.

1: Initialize Λ(0) = [λ0
p, λ

(0)
e ]⊤.

2: Let t = 1.
3: while t ≤ T do
4: Compute the gradients of per player:

g
(t)
p = ∇

θ
(t)−1
L

Lp(θ
(t−1)
L ;W),

g
(t)
e = ∇

θ
(t)−1
L

Le(θ
(t−1)
L ;U).

5: Set G(t) = [g
(t)
p , g

(t)
e ].

6: Solve for (G(t))⊤G(t)Λ = 1/Λ to obtain Λ(t).
7: Update the parameters θ(t)L = θ

(t)
L − ηG(t)Λ(t).

8: end while
9: return θ

(T )
L

respective gradients with the shared objective of maximizing
the overall utility. Inspired by (Zeng et al. 2024), the utility
function for each player is defined as follows:

Preserving: υp(g) := g⊤p g,

Editing: υe(g) := g⊤e g,
(4)

For the preserving task, υp(g) quantifies the alignment be-
tween the update direction g and the gradient that minimizes
the loss over the preserved set W; for the editing task, υe(g)
assesses the alignment between g and the gradient that in-
creases the loss over the edited set U . Accordingly, if the
final update direction g deviates substantially from the pre-
serving gradient gp or the editing gradient ge, the respective
utility (or payoff) decreases. Given that this setup is framed
as a cooperative game, it is reasonable to assume that neither
player would act to the detriment of the other without indi-
vidual gain. As such, the negotiated solution is expected to
be Pareto-efficient, implying that it should not be dominated
by any alternative and thus converges to a Pareto stationary
point.

Following (Zeng et al. 2024), provided that the two sub-
gradients are not entirely antagonistic, there exists an up-
date direction g capable of simultaneously decreasing the
losses associated with both tasks. Therefore, our objective is
to identify an updating direction g that maximizes the over-
all improvement across the two objectives. Based on this in-
sight, we reformulate the optimization problem in Eq. (1) as
follows:

max
g∈Bϵ

log(υp(g)) + log(υe(g)), (5)

where the update vector g is constrained to lie within a norm
ball Bϵ of radius ϵ centered at the origin. Here, the logarith-
mic function is employed to balance the utilities and reflect
the diminishing marginal gains property—i.e., the utility im-
provement becomes less significant as it increases. Under
this objective, the optimization converges to a Pareto sta-
tionary point.
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LLMs Method Edit Succ.↑ Portability ↑ Locality ↑ Fluency ↑
SAA LGA RA RSA FA

GPT-J

FT 64.2±1.6 47.3±2.0 7.1±1.9 21.3±2.9 4.4±0.6 6.4±1.3 304.1±7.6
LoRA 100.0±0.0 75.2±1.9 22.2±3.1 40.3±2.8 25.7±1.6 51.4±2.8 595.8±4.1
KN 18.1±2.4 17.9±2.4 10.8±2.6 18.5±2.2 80.2∗±1.3 80.6∗±1.5 580.0±3.8

ROME 99.2±0.5 74.1±2.2 16.1±2.6 29.2±2.4 37.4±1.3 33.1±2.6 600.0±3.6
MEMIT 99.5±0.5 56.5±2.5 16.7±2.6 25.9±2.1 53.2±1.4 40.7±2.8 591.6±4.3
PMET 95.3±0.9 54.1±2.6 16.6±2.6 25.3±2.1 47.6±1.5 36.8±2.8 600.3±3.6
UnKE 99.6±0.9 86.9±1.7 17.1±2.3 36.1±2.5 51.7±1.3 40.1±2.1 591.2±6.8
AlphaEdit 98.7±0.5 88.1±2.5 17.3±2.1 35.5±2.5 79.2±1.4 55.7±1.6 592.7±4.8
NSE 99.1±0.3 90.3±1.9 17.4±2.0 36.8±2.7 73.6±1.5 51.8±2.2 584.8±5.3
Ours 99.3±0.1 90.1±1.4 17.9±2.7 37.4±3.5 81.7±1.7 63.5±2.7 594.1±7.1

Qwen2.5-7B

FT 49.0±1.5 46.3±2.1 15.3±1.4 29.3±1.5 21.6±1.5 30.1±3.5 493.8±8.5
LoRA 100.0±0.0 91.5±1.0 31.4±3.5 46.1±2.1 71.2±1.2 50.1±2.5 564.2±5.3
KN 20.5±2.9 22.1±2.6 18.9±2.4 26.4±1.9 79.2∗±1.6 71.2∗±4.6 568.6±6.2

ROME 98.9±0.4 73.7±2.0 19.2±3.5 36.2±2.7 49.1±1.5 38.6±2.4 579.8±3.9
MEMIT 98.2±0.8 78.3±2.2 26.7±2.7 39.3±2.5 47.2±1.3 42.7±2.4 575.8±4.2
PMET 96.2±1.1 58.6±2.5 28.1±3.2 32.5±2.6 60.1±1.9 51.2±2.9 577.4±5.2
UnKE 99.4±0.8 76.8±1.8 27.1±2.4 35.3±2.9 55.3±1.8 48.6±2.1 588.4±5.9
AlphaEdit 98.9±0.4 75.2±2.4 26.9±2.7 36.7±2.7 72.9±3.2 60.8±1.7 576.1±3.8
NSE 99.0±0.6 81.3±2.8 27.7±1.8 37.5±2.3 61.8±1.2 53.7±2.3 561.2±5.4
Ours 99.1±0.1 85.3±1.9 28.6±2.5 40.3±3.0 86.7±2.1 66.8±2.6 591.0±6.1

Llama3-8B

FT 47.2±1.9 48.6±1.6 8.4±1.6 25.6±2.0 27.1±1.8 12.0±1.7 379.2±11.7
LoRA 100.0±0.0 78.1±1.5 24.4±3.6 44.2±3.1 15.6±1.0 24.9±2.4 471.8±10.1
KN 16.8±2.0 18.2±2.0 14.6±2.4 19.8±2.0 83.7∗±1.0 88.2∗±2.2 591.2±5.9

ROME 99.2±0.2 74.1±2.2 16.1±2.6 29.2±2.4 37.1±1.7 33.2±2.3 590.1±3.6
MEMIT 99.2±0.4 73.5±2.7 24.5±2.2 32.1±2.3 41.2±1.5 41.0±2.5 568.9±6.9
PMET 97.2±0.8 55.9±2.7 24.1±2.4 34.3±2.1 44.7±2.1 33.8±2.1 598.6±3.2
UnKE 99.7±0.8 85.8±2.3 17.1±2.3 35.1±2.5 48.6±1.7 44.1±2.0 589.7±5.7
AlphaEdit 98.9±0.4 82.4±2.1 18.8±2.7 36.9±3.0 60.8±1.9 53.9±1.5 575.4±4.4
NSE 99.2±0.5 87.2±2.0 21.4±2.0 29.1±2.2 73.6±1.5 51.8±2.2 584.8±5.3
Ours 99.7±0.2 90.1±1.7 24.2±3.1 39.6±2.9 89.2±1.9 64.7±1.9 584.1±4.1

Table 1: Editing Performance comparison on WikiDataCounterfact. * indicates invalid results. Locality results obtained under conditions of
low Edit Success are deemed invalid, as locality trivially reaches 100% when the edit is not successfully applied. The best results are indicated
as Bold, and the second ones are indicated as Underline.

Problem Solution. We now demonstrate that the Nash
Bargaining Solution (NBS), up to a scaling factor, is attained
at g∗ = λpgp+λege, which constitutes a solution to Eq. (5).
This result is formally established through the following two
theorems, with complete proofs provided in the supplemen-
tary material.

Theorem 2.1. Denote f(g) := log(υp(g)) + log(υe(g)).
The optimal solution g∗ of Eq. (5) is achieved at

∇f(g∗) = αg∗, for some α > 0. (6)

Theorem 2.2. Let G = [gp, ge], Λ = [λp, λe]
⊤. The solu-

tion to Eq. (6) is (up to scaling) g∗ = λpgp + λege where

G⊤GΛ =
1

Λ
. (7)

Based on Eq. (7), we derive the relationship between the
individual contributions and the interaction terms as follows:

∥λpgp∥22 + (λpgp)
⊤(λege) = 1,

∥λege∥22 + (λege)
⊤(λpgp) = 1.

(8)

The relative weights of preserving and editing λp and
λe are determined by both a player’s individual contri-
bution (∥λpgp∥22) and their interactions with other players
((λpgp)

⊤(λege)). This trade-off captures the tension be-
tween individual and collective rationality. When interac-
tions are positive (i.e., g⊤p ge > 0), the weight λp is down-
regulated to promote collective improvement. Conversely,
negative interactions (i.e., g⊤p ge < 0) lead to an increase in
λp, prioritizing the player’s own objective. Under mild as-
sumptions, each player makes a non-negligible contribution
to the aggregated update g. The resulting solution balances
the incentives for individual participation with the resolution
of inter-player conflicts, embodying the principles of game-
theoretic bargaining.

We detail the procedure of our proposed method, NaKE in
Algorithm 1. Specifically, we first compute the gradient as-
sociated with each player. Next, we determine the weighting
coefficients λp and λe, and subsequently update the model
parameters using the combined gradient direction derived
from these coefficients. This update aims to maximize the
overall utility gain across both objectives.
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LLMs Method Edit Succ.↑ Portability ↑ Locality ↑ Fluency ↑
SAA LGA RA RSA FA

GPT-J

FT 70.8±1.5 50.1±2.7 18.3±1.9 35.3±2.0 7.1±0.3 8.4±1.8 351.8±6.2

LoRA 100.0±0.0 81.6±1.2 35.2±2.8 48.6±2.8 28.3±1.7 22.4±3.1 591.8±3.8

KN 28.3±3.1 22.6±3.2 23.3±3.1 35.1±1.6 86.6∗±1.3 81.4∗±1.2 579.6±3.4

ROME 99.5±0.2 84.6±2.0 28.3±2.8 36.9±1.7 37.3±1.3 51.0±2.2 596.8±2.8

MEMIT 99.6±0.2 68.9±3.2 27.2±2.6 32.4±1.9 49.6±1.0 52.7±1.9 585.1±3.2

PMET 99.0±0.4 63.6±3.6 25.4±2.8 31.2±2.0 46.3±1.0 49.5±2.4 584.2±3.0

UnKE 99.5±0.3 87.6±1.8 26.4±2.4 34.8±1.8 56.8±0.7 48.9±2.3 589.4±3.8

AlphaEdit 99.1±0.4 67.4±2.5 28.9±1.8 38.6±2.5 68.9±1.2 54.2±2.5 578.3±3.9

NSE 99.8±0.5 94.2±1.2 25.6±2.3 40.1±1.7 73.6±1.5 51.8±2.2 565.4±5.3

Ours 99.7±0.3 92.1±1.4 26.9±2.7 44.5±3.5 81.7±1.7 58.3±2.1 586.3±3.0

Qwen2.5-7B

FT 53.4±1.7 48.8±1.9 13.7±1.8 32.1±1.7 25.7±1.1 21.5±2.4 415.9±6.7

LoRA 100.0±0.0 89.1±0.7 32.8±3.1 41.6±2.1 65.1±1.0 41.6±1.8 571.1±6.8

KN 21.6±2.3 26.2±2.4 21.5±1.8 25.7±2.3 81.3∗±1.4 67.3∗±3.8 566.3±4.2

ROME 98.8±0.6 81.4±1.6 36.7±2.2 44.1±1.8 50.3±1.4 58.4±1.7 573.8±2.8

MEMIT 99.2±0.3 86.2±1.4 39.3±3.4 43.1±1.6 51.2±1.0 58.3±1.8 567.8±3.4

PMET 97.6±0.3 69.3±1.8 36.6±2.7 46.8±1.9 61.3±1.7 65.3±2.1 571.8±2.6

UnKE 99.5±1.0 87.1±2.4 42.1±2.1 47.8±2.2 54.2±1.7 59.4±1.9 566.5±3.1

AlphaEdit 99.1±0.5 84.2±1.6 38.3±1.8 45.3±2.3 72.8±2.4 67.8±1.9 573.3±3.5

NSE 99.6±0.8 91.2±2.1 37.5±1.6 47.2±1.5 78.6±1.6 64.2±2.1 561.2±2.3

Ours 99.7±0.4 92.3±1.3 41.5±1.6 49.9±1.5 83.1±1.5 74.2±2.4 572.6±3.6

Llama3-8B

FT 51.3±0.4 49.2±2.6 10.5±1.2 25.6±2.0 31.0±1.4 18.2±2.7 431.9±8.8

LoRA 100.0±0.0 83.1±2.0 25.6±3.1 46.3±3.6 16.2±1.5 21.3±2.4 491.8±12.5

KN 20.3±2.4 17.3±2.5 17.3±2.7 20.3±2.4 81.1∗±3.8 86.5∗±1.9 589.7±6.4

ROME 98.4±0.4 82.6±1.7 34.8±2.9 46.7±1.4 49.3±1.5 52.1±2.2 581.3±2.8

MEMIT 99.1±0.4 81.1±2.5 34.7±2.5 45.2±1.5 48.3±2.1 55.1±1.8 584.7±2.6

PMET 98.1±0.8 58.7±2.1 37.3±2.4 42.5±1.9 65.8±1.7 64.0±1.4 591.8±2.5

UnKE 99.8±0.8 87.6±1.5 33.8±3.5 44.8±1.9 51.3±1.4 57.2±2.3 593.8±3.3

AlphaEdit 98.9±0.3 82.3±2.2 35.7±2.5 43.9±2.1 75.3±1.8 65.1±1.6 584.4±3.5

NSE 99.3±0.6 87.4±2.3 36.2±3.0 42.7±1.9 67.3±1.7 61.7±2.0 585.3±2.9

Ours 99.7±0.3 89.2±1.8 37.1±2.7 44.7±1.7 85.7±1.5 69.2±2.2 591.0±3.2

Table 2: Editing Performance comparison on WikiDataRecent. * indicates invalid results. Locality results obtained under conditions of low
Edit Success are deemed invalid, as locality trivially reaches 100% when the edit is not successfully applied.

Experiments
In this section, we evaluate our proposed NaKE and ana-
lyze its essential characteristics. Additional implementation
details, experimental results, and in-depth analyses are pro-
vided in the supplementary material.

Experimental Setup
LLMs and Baseline Methods. To comprehensively eval-
uate the performance of our model, we select three LLMs
with distinct architectures: GPT-J (Wang and Komat-
suzaki 2021), Qwen2.5-7B-Instruct (Yang et al. 2025), and
LLaMA3-8B-Instruct (Dubey et al. 2024). For comparison
with our method, we evaluated against several knowledge
editing methods, including Fine-Tuning (FT), LoRA (Wu
et al. 2023), Knowledge Neurons (KN) (Dai et al. 2021),
ROME (Meng et al. 2022a), MEMIT (Meng et al. 2022b),
PMET (Li et al. 2024), UnKE (Deng et al. 2025), Al-
phaEdit (Fang et al. 2024), and NSE (Jiang et al. 2024).

Datasets. We employ three datasets encompassing both
knowledge insertion and knowledge modification tasks in
our experiments: WikiDataCounterfact (Cohen et al. 2024),

WikiDataRecent (Cohen et al. 2024), and ZsRE (Levy et al.
2017).

Evaluation Metrics. To more effectively and comprehen-
sively evaluate knowledge editing methods, we follow es-
tablished protocols and employ four evaluation metrics in
our experiments: Edit Success, Portability, Locality, and
Fluency. The Portability metric is further decomposed into
three components: Subject Aliasing Accuracy (SAA), Log-
ical Generalization Accuracy (LGA), and Reasoning Accu-
racy (RA). SAA assesses the model’s ability to generalize
to alternate expressions of the subject by substituting it with
an alias or synonym. LGA evaluates whether semantically
related facts, which are expected to change due to the edit,
are appropriately updated. RA measures the model’s reason-
ing ability based on the modified knowledge. The Local-
ity metric comprises Forgetfulness Accuracy (FA) and Re-
lation Specificity Accuracy (RSA). FA examines whether
the model forgets only the intended knowledge while pre-
serving other facts in one-to-many relationships. RSA de-
termines whether unrelated attributes of the subject remain
unchanged following the edit.
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Figure 3: Trends of coefficients λp and λe as a function of
iteration in different LLMs.

Experimental Results
Quantitative Results and Analysis. We present quantita-
tive knowledge editing evaluation on WikiDataCounterfact

and WikiDataRecent benchmarks and report the experimen-
tal results in Tables 1 and 2. Our method achieves supe-
rior performance in terms of Edit Success, Portability, and
Locality compared to existing approaches. We attribute the
suboptimal performance of prior methods to the presence
of gradient conflict and dominance during optimization. To
address this issue and achieve a more effective balance
between editing and preservation objectives, our approach
leverages a Nash bargaining-based strategy.

Qualitative Analysis. To validate the effectiveness of our
method, we visualized the trends of two coefficients as they
change with iterations. As shown in Figure 3, it is evident
that the coefficients change dynamically during training, in-
dicating that our balanced knowledge editing method is ef-
fective. This dynamic adjustment addresses gradient con-
flicts and prevents a single gradient from dominating the
optimization process. By dynamically adjusting the coef-
ficients throughout the iterations, our method achieves a
trade-off between the two subtasks, ensuring a more sta-
ble and effective optimization process. This approach helps
maintain a balance between the subtasks, thereby improving
the overall optimization stability and convergence.

Ablation Study
Performance Comparison with Different Coefficient Set-
tings. To better demonstrate the superiority of our ap-
proach, we compare the performance of our dynamically up-
dated coefficients with fixed coefficient settings and visual-
ize the results in Figure 4. In the UnKE model, which em-
ploys naive gradient optimization, we fix λe = 1 and vary
λp from 1 to 10. As λp increases, preservation performance
improves, while editing performance deteriorates, and vice
versa. This clearly illustrates the presence of gradient con-
flict and dominance between the two subtasks, thereby high-
lighting the advantage of our balanced dynamic coefficient
updating strategy.

Comparison and Analysis of the Runtime and Memory
Consumption. We report the runtime of each knowledge
editing method in Figure 5. Compared to UnKE with fixed
coefficients, our method with dynamic coefficient updating

Better

Figure 4: Performance w.r.t different coefficients λp and λe.
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Figure 5: Comparison of the runtime and memory consump-
tion of each method.

incurs higher computational overhead. However, this addi-
tional cost is justified by the improved balance achieved be-
tween the two sub-tasks. Moreover, knowledge editing is not
inherently a time-sensitive task, and moderate increases in
computation time are generally acceptable. Nevertheless, re-
ducing the computational footprint of our method remains
an important direction for future work.

Conclusion
In this work, we introduced NaKE, a novel framework
for balanced knowledge editing in large language mod-
els, grounded in the principles of Nash bargaining theory.
Our approach addresses the inherent tension between edit-
ing and preservation objectives, which often manifests as
gradient conflicts and dominance during optimization. By
reformulating the editing task as a cooperative bargaining
game, NaKE dynamically reconciles competing gradients to
achieve a Pareto-optimal update direction, ensuring effec-
tive integration of new knowledge while safeguarding exist-
ing factual consistency. Through extensive empirical eval-
uations on multiple benchmarks and across diverse model
architectures, NaKE consistently outperforms state-of-the-
art baselines. It achieves superior trade-offs between editing
accuracy and knowledge retention.
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