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Abstract

Lifelong model editing (LME) aims to sequen-
tially rectify outdated or inaccurate knowledge
in deployed LLMs while minimizing side ef-
fects on unrelated inputs. However, existing
approaches typically apply parameter pertur-
bations to a static and dense set of LLM lay-
ers for all editing instances. This practice is
counter-intuitive, as we hypothesize that differ-
ent pieces of knowledge are stored in distinct
layers of the model. Neglecting this layer-wise
specificity can impede adaptability in integrat-
ing new knowledge and result in catastrophic
forgetting for both general and previously
edited knowledge. To address this, we propose
HiEdit, a hierarchical reinforcement learning
framework that adaptively identifies the most
knowledge-relevant layers for each editing in-
stance. By enabling dynamic, instance-aware
layer selection and incorporating an intrin-
sic reward for sparsity, HiEdit achieves pre-
cise, localized updates. Experiments on var-
ious LLMs show that HiEdit boosts the per-
formance of the competitive RLEdit by an av-
erage of 8.48% with perturbing only half of
the layers per edit. Our code is available at:
https://github.com/yangfanww/hiedit.

1 Introduction

Large language models (LLMs) acquire vast
knowledge through extensive training on pre-
training corpora (Petroni et al., 2019; Brown et al.,
2020). However, the knowledge stored in de-
ployed LLMs inevitably becomes outdated or in-
accurate over time (De Cao et al., 2021; Lazari-
dou et al., 2021). Given the actual need for con-
tinuous knowledge updates, retraining LLMs from
scratch is both costly and impractical. Lifelong
model editing (LME) has emerged as a promis-
ing solution, aiming to continuously perform tar-
geted updates on deployed LLMs without degrad-
ing performance on general or previously edited
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Figure 1: (a) provides a comparison between HiEdit
and existing LME approaches. (b) illustrates the abil-
ity of various methods to retain general and previously
edited knowledge during long-range sequential editing.

knowledge (Hartvigsen et al., 2023). Recent ad-
vances in LME typically follow a “locating-then-
editing” paradigm (Meng et al., 2022), which in-
volves first identifying influential parameters W ,
and then editing them by introducing perturbations
∇̃W . Current methods can be categorized into two
primary approaches: one (Meng et al., 2022, 2023;
Fang et al., 2025) calculates closed-form solutions
through repetitive matrix operations for parame-
ter updates, which can be costly and error-prone;
the other (Mitchell et al., 2022; Tan et al., 2024;
Li et al., 2025) employs hypernetworks to gener-
ate parameter updates efficiently, leveraging low-
rank decomposition theory of gradients and param-
eters. Notably, RLEdit (Li et al., 2025) pioneers
the framing of LME as a reinforcement learning
(RL) task, treating parameter updates as actions
to capture the long-range dependencies of editing
trajectories, enabling lifelong model editing across
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tens of thousands of knowledge instances.
However, a critical limitation persists in existing

approaches: they perturb parameters at static and
dense LLM layers for all knowledge instances. Re-
cent research indicates that distinct knowledge ac-
tivates different components1 within LLMs, with
only a small subset associated with specific knowl-
edge (Yao et al., 2024; Wang et al., 2024). Con-
sequently, applying perturbations to static and
dense layers indiscriminately leads to the over-
modification of parameters, impeding the precise
integration of new knowledge and causing the for-
getting of existing information. Theoretically, en-
forcing updates on irrelevant layers unnecessarily
constrains the optimization landscape of hypernet-
works, resulting in suboptimal solutions. Experi-
mentally, this lack of adaptive layer selection man-
ifests as severe catastrophic forgetting. As illus-
trated in Figure 1(b), when performing 20,000 se-
quential edits from the ZsRE dataset on Llama-3-
8B model, the ability of the LLM to retain both
general and previously edited knowledge begins to
decline significantly after just 5,000 sequential ed-
its using existing LME methods.

To address these limitations, we propose HiEdit,
a novel solution using hierarchical reinforcement
learning (HRL) to facilitate adaptive and localized
LME. We frame LME as a hierarchical decision-
making process, explicitly decoupling the com-
plex editing task into two subtasks: layer selec-
tion (where to edit) and parameter updating (how
to edit). This hierarchical structure transforms the
flat and intractable action space into a manage-
able structured framework, allowing the editor to
dynamically pinpoint appropriate components for
different knowledge. Specifically, the high-level
hypernetwork operates as a manager, leveraging
gradient signals to adaptively output a layer im-
portance distribution. The low-level hypernetwork
then acts as a worker, generating effective parame-
ter updates for the selected components. To enable
end-to-end training across discrete decisions, we
bridge the high-level and low-level policies to en-
sure efficient gradient flow. Furthermore, we intro-
duce an intrinsic reward mechanism that quantifies
the trade-off between partial-layer and full-layer
updates, incentivizing the model to achieve editing
goals with minimal parameter modifications. Un-
like existing approaches that perturb entire static

1For ease of understanding, we use the concepts of “com-
ponent”, “layer module”, and “layer” interchangeably.

layers (Figure 1(a)), HiEdit dynamically identifies
and modifies only the most knowledge-relevant
layers, maximizing editing efficiency while mini-
mizing disruption.

Our main contributions are as follows:

• We propose HiEdit, a novel framework for
lifelong model editing, which utilizes hierar-
chical reinforcement learning to restructure
the limited and complex action space of pa-
rameter updates into a structured hierarchical
framework, achieving adaptive and localized
knowledge updates.

• We introduce an intrinsic reward mechanism
based on the relative advantage of partial-
layer versus full-layer updates, which encour-
ages sparse and efficient layer selection, re-
ducing unnecessary parameter modifications
while preserving editing performance.

• To the best of our knowledge, we are the first
to explore a challenging experimental setup
involving timely and long-range sequential
editing. Empirical results show that HiEdit
improves the performance of the competitive
RLEdit by an average of 8.48% with perturb-
ing only half of the layers per edit.

2 Related Works

Lifelong Model Editing (LME). LME extends
model editing to sequential scenarios, enabling
hundreds to thousands of edits without compro-
mising general performance or prior modifica-
tions. Traditional methods follow a “locating-then-
editing” paradigm, identifying influential layers
through causal tracing or search methods, then ap-
plying parameter perturbations. Approaches like
GRACE (Hartvigsen et al., 2023), RECT (Gu
et al., 2024), PRUNE (Ma et al., 2024), AlphaEdit
(Fang et al., 2025), and RLEdit (Li et al., 2025)
offer various strategies for preserving knowledge
during sequential editing. Unlike existing meth-
ods, HiEdit does not treat layer selection and layer
update as isolated stages. Instead, it considers
layer selection as a learnable high-level action, al-
lowing for the dynamic selection of LLM layers
for updates based on varying knowledge. Detailed
content is available in Appendix A.

Hierarchical Reinforcement Learning (HRL).
HRL enhances exploration and learning efficiency
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through hierarchical structures, addressing com-
plex action spaces. Methods are mainly cate-
gorized into option-based and subgoal-based ap-
proaches. Option-based HRL uses temporally ex-
tended actions, or options, to simplify decision-
making through multi-step operations and task
decomposition (Sutton et al., 1999), with stud-
ies focusing on autonomous option learning (Ba-
con et al., 2017; Harb et al., 2018). Subgoal-
based HRL defines intermediate objectives to
guide learning, traditionally constrained by man-
ual sub-goals (Tessler et al., 2017), but recent work
enables autonomous subgoal discovery (Nachum
et al., 2018; Jiang et al., 2025). Our approach
aligns with option-based HRL, decomposing layer
selection and layer updating into subtasks man-
aged by high-level and low-level hypernetworks,
facilitating efficient exploration and learning.

3 Preliminary

3.1 Hypernetwork-based Model Editing
HiEdit belongs to the hypernetwork-based model
editing approaches, which involve training hyper-
networks to generate parameter updates for lan-
guage models. These methods utilize a set of small
auxiliary editing networks {H1,H2, . . . ,HL} to
transform gradients {∇W1 ,∇W2 , . . . ,∇WL

}, ob-
tained from standard fine-tuning, into parameter
updates {∇̃W1 , ∇̃W2 , . . . , ∇̃WL

}. Here, L repre-
sents the size of the influential layer range identi-
fied prior to editing. By employing low-rank de-
composition of gradients (Mitchell et al., 2022)
and parameters (Hu et al., 2022), the parameter-
ization of this transformation becomes tractable.
Specifically, each layer’s gradient matrix is de-
composed into a rank-1 product as ∇Wl

= vlu
T
l ,

where l ∈ {1, . . . , L}. Here, ul represents the in-
puts to layer l, and vl is the gradient of the standard
fine-tuning loss with respect to the outputs of layer
l. Through low-rank decomposition, each editing
network Hl can efficiently learn a d → d mapping
instead of the d2 → d2 mapping:

Hl : vl × uTl → ṽl × ũTl , (1)

where ṽl and ũl are pseudo-vectors used to form
the parameter updates as ∇̃Wl

= ṽlũ
T
l . To fur-

ther reduce the number of additional parameters,
these methods share parameters across editor net-
works. They learn a separate set of editor param-
eters for each unique shape of the weight matrix
to be edited and apply a layer-specific scale and

offset module to the editor network’s hidden states
and outputs, enabling layer-wise specialization.

3.2 RL for Lifelong Model Editing

Lifelong model editing (LME) requires continu-
ous knowledge updates on deployed LLMs, poten-
tially reaching thousands or even tens of thousands
of edits. In LME, a sequence of knowledge up-
dates [(x1, y1), (x2, y2), . . . , (xT , yT )] arrives in a
streaming fashion, where X = [x1, x2, . . . , xT ]
is the is the input of knowledge to be edited, and
Y = [y1, y2, . . . .yT ] is the target output. Each
knowledge pair (xt, yt), where t ∈ {1, . . . , T},
comprising an input and its corresponding target
output. The initially deployed LLM is defined as
fW0 : X → Y ′ with parameters W0, mapping
each input xt ∈ X to the original output y′t ∈ Y ′.
At each step t of sequential editing, the editor ME
is tasked with modifying the model parameters to
ensure fWt(xt) = yt:

fWt = ME(fWt−1 , xt, yt). (2)

Recent research (Li et al., 2025) frames LME
as a reinforcement learning task, enabling the
hypernetwork-based editor to accurately capture
changes in LLMs and generate effective parame-
ter updates for long-range sequential edits. Specifi-
cally, the hypernetwork training process in sequen-
tial editing can be modeled as a Markov Decision
Process, where editing losses naturally serve as the
immediate reward. Formally, at each time step
t, the hypernetwork Hθ with parameters θ gener-
ates an action at for parameter updates ∇̃Wt . The
state st consists of current LLM parameters Wt−1

and the knowledge to edit (xt, yt). The transition
function P deterministically updates the state as
st+1 = P(st, at). The immediate reward rt is de-
rived from the negative of editing losses Lt. After
collecting all rewards along the entire editing tra-
jectory, the policy parameterized by the hypernet-
work Hθ is optimized using the objective J :

θ = argmax
θ̂

J = argmax
θ̂

T∑

t=1

γtrt, (3)

where T denotes the total length of the edit se-
quence, and γ ∈ [0, 1] is the discount factor.

4 Method

In this section, we introduce HiEdit, a lifelong
model editing approach using hierarchical rein-
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Figure 2: Illustration of lifelong model editing with HiEdit.

forcement learning for adaptive and localized edit-
ing. Section 4.1 elaborates on the HRL paradigm
for hypernetwork training within LME, including
the Hierachical Markov Decision Process and the
intrinsic reward mechanism. Section 4.2 details
the design of model architectures for both high-
level and low-level hypernetworks. Section 4.3
elucidates the training process of HiEdit.

4.1 HRL for Lifelong Model Editing

In Hierarchical Reinforcement Learning (HRL),
the decision-making process is decomposed into
two levels: high-level decisions, referred to as op-
tions, and low-level decisions, referred to as ac-
tions. This hierarchical structure effectively sepa-
rates objectives across levels and reorganizes the
complex action space, thereby enhancing the effi-
ciency of exploration and policy learning.

Utilizing the hierarchical structure of decision-
making, we formulate Lifelong Model Editing
(LME) as a Hierarchical Markov Decision Pro-
cess represented by the tuple (S,A,Ω,P, r, γ),
which consists of the state space S , the action
space A, the option space Ω, the transition func-
tion P , the reward function r, and a discount fac-
tor γ. Given a sequence of knowledge updates
[(x1, y1), (x2, y2), . . . , (xT , yT )] and unrelated in-
puts X̃ = [x̃1, x̃2, . . . , x̃T ], at each time step t, the
option ωt ∈ Ω, where Ω = {0, 1}L, represents
the high-level action to select partial layers within

the full influential layer range {1, . . . , L}. Subse-
quently, the low-level action at ∈ A produces pa-
rameter updates ∇̃Wt of the selected layers based
on ωt. The transition function P deterministically
updates the state st ∈ S as P(st+1|st, ωt, at),
where st comprises current LLM parameters Wt−1

and the knowledge to edit (xt, yt). We employ a
high-level hypernetwork πϕ : S → Ω and a low-
level hypernetwork Hθ : S × Ω → A to param-
eterize the high-level and low-level policies, re-
spectively, with ϕ and θ denoting their respective
parameters2. The reward signal is derived from
the editing losses. Specifically, the immediate re-
ward is decoupled into a high-level reward rhigh,t
for πϕ and a low-level reward rlow,t for Hθ. Fol-
lowing RLEdit (Li et al., 2025), we define the
low-level reward as the negative of the total loss:
rlow,t = −Lt. Formally, the loss is expressed as
Lt = η∥∇̃Wt∥2 +Σt

i=t−kµ
t−iLt,i, where:

Lt,i = − log pWt(yi|xi) + λ̃L̃t,i,

L̃t,i = KL[pWt−1(·|x̃i)∥pWt(·|x̃i)].
(4)

Here, η is the regularization coefficient, µ is
the decay factor for memory backtracking, and λ̃
serves to balance the trade-off between updating
target knowledge and preserving unrelated knowl-
edge.

2Note that the (st, ωt) pairs result in an augmented state
space for the low-level hypernetwork Hθ .
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To promote sparse selection of editing-efficient
layers that minimize impacts on other knowledge,
we introduce an intrinsic reward mechanism. This
mechanism measures the relative advantage of
partial-layer versus full-layer updates, formulating
the high-level reward rhigh,t as an intrinsic reward:

rhigh,t = rlow(st, ωt, at)− rlow(st,1, at), (5)

where 1 = {1}L denotes the selection of all
layers within the influential layer range.

4.2 Model Architecture of HiEdit

As illustrated in Figure 2, HiEdit decouples the
editing process into two distinct subtasks: layer
selection and layer updating. These tasks are man-
aged by the high-level hypernetwork πϕ and the
low-level hypernetwork Hθ, respectively.

4.2.1 The High-level Hypernetwork
The high-level hypernetwork πϕ aims to generate a
layer selection mask mt = [mt,1,mt,2, . . . ,mt,L]
base on the characteristics of the knowledge to edit
(xt, yt). This mask mt ∈ {0, 1}L serves as an op-
tion ωt to determine which layers to edit. Specif-
ically, if mt,l = 1, then the l-th layer is selected
for editing, and the corresponding low-level edit-
ing network Hl is activated.

At each time step t of the the editing sequence,
the gradient matrices of all influential parameters
∇Wt = {∇Wt,1 ,∇Wt,2 , . . . ,∇Wt,L

} are obtained
by standard fine-tuning for the knowledge pair
(xt, yt). Subsequently, each gradient matrix is de-
composed using low-rank gradient decomposition
as ∇Wt,l

= vlu
T
l . The decomposed vectors ul

and vl are concatenated and fed into a layer-shared
gradient encoder with weights WGradEnc ∈ Rd1×d,
where d1 < d and d1, d are the dimensions of the
weight matrix. A layer-specific scale and offset
module SPEl is then applied to the gradient en-
coder’s hidden output to facilitate layer-wise spe-
cialization. Formally:

hl = SPEl(σ(WGradEnc(ul∥vl))),
zt = WGateNet(h1∥h2∥ . . . ∥hL),
mt = TopK(zt,K),

(6)

where σ(·) denotes the activation function (e.g.,
ReLU). The output features hl from each layer-
specific module are concatenated and processed by
a gate network with weights WGateNet ∈ Rd2×L,
where d2 = d1 · L, yielding the layer importance

distribution zt ∈ RL. The mask mt is then gen-
erated from zt using TopK. The indices corre-
sponding to the top-K largest values in zt are set to
1 in mt, while others are set to 0. The gate network
and the TopK module collectively form a critical
component known as the importance router.

HiEdit distinguishes itself from existing meth-
ods by integrating layer selection and layer up-
date into a unified, learnable hierarchical action
space, rather than treating them as independent
stages. Drawing inspiration from the straight-
through estimator commonly used in Mixture of
Experts (MoE) methods (Bengio et al., 2013; Tang
et al., 2025), we employ a differentiable approx-
imation to enhance effective gradient backpropa-
gation for discrete routing within the importance
router. Specifically, we employ a stopping gradi-
ent operator to decouple the forward and backward
propagation processes while preserving equivalent
output values.

mt = sg(mt − zt) + zt, (7)

where sg(·) is the stop gradient operator which
retains the forward output unchanged but sets the
gradient to zero during backpropagation.

4.2.2 The Low-level Hypernetwork
The low-level hypernetwork Hθ seeks to produce
effective parameter updates ∇̃Wt from the gradi-
ent matrices3 of partial layers selected by the high-
level hypernetwork πϕ. These parameter updates
serve as an action at to perturb current LLM pa-
rameters Wt−1 as Wt = Wt−1 + ∇̃Wt . The low-
level hypernetwork Hθ comprises a set of small
editing networks {H1,H2, . . . ,HL}, but only par-
tial editing networks are activated per edit. Specif-
ically, only if mt,l = 1, the l-th editing network
Hl is activated and transform the gradient matrix
∇Wt,l

obtained by standard fine-tuning into param-
eter updates ∇̃Wt,l

.
The implementation of Hθ can follow either the

MEND (Mitchell et al., 2022) or MALMEN (Tan
et al., 2024) architecture. In the MEND-style im-
plementation, each Hl comprises C blocks, where
the c-th block is parameterized by a shared lin-
ear layer with low-rank weight matrices A

(c)
l ∈

Rdr×d and B
(c)
l ∈ Rd×dr , a residual connec-

tion, and a layer-specific scale and offset module

3These gradient matrices only need to be computed once
and then selectively fed into the activated low-level editing
networks.
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SPE
(c)
l . To edit layer l at step t, the decomposed

vectors ul and vl from the gradient matrix ∇Wt,l

are concatenated and fed into the editing network
Hl, producing a final output of the same dimen-
sion.

h
(c)
l = SPE

(c)
l (σ(B

(c)
l ·A(c)

l (h
(c−1)
l )), (8)

where h
(0)
l = ul∥vl and σ(·) denotes the acti-

vation function (e.g., ReLU). The final output of
the editing network Hl is split into pseudo vectors
ũl and ṽl as h(C)

l = ũl∥ṽl, ultimately yielding the
parameter updates ∇̃Wt,l

= ṽlũ
T
l .

4.3 Training Process of HiEdit
As shown in Figure 2, the parameters of the high-
level hypernetwork and the activated low-level
editing networks (marked with a flame icon) are
jointly optimized after traversing the editing se-
quence and collecting rewards along the trajec-
tory. By maintaining consistent sparsity during
both training and inference, HiEdit encourages the
hypernetworks to adaptively select sparse layers
and generate appropriate parameter updates for
specific knowledge. The accumulated high-level
and low-level rewards are then utilized to update
their respective hypernetworks:

α = argmax
α̂

Jβ = argmax
α̂

T∑

t=1

γtrβ,t, (9)

where (α, β) ∈ {(ϕ, high), (θ, low)}. The dis-
count factor γ is set to 1 to ensure that the impor-
tance of all knowledge across the entire sequence
is uniformly weighted during the training phrase.

5 Experiments

We conduct extensive experiments to assess the ef-
fectiveness and scalability of HiEdit. Additionally,
we perform a comprehensive ablation study to ana-
lyze the contribution of each component in HiEdit.
To justify the computational efficiency of the addi-
tional high-level hypernetworks, we provide a de-
tailed computational cost analysis. A case study
visually demonstrates the editing effects of various
methods on both previously and recently edited
instances, highlighting the layers that HiEdit up-
dates for these instances. Detailed results for the
ablation study, case study, and computational cost
analysis are included in Appendix C, Appendix D,
and Appendix E, respectively.

5.1 Experimental Settings

LLMs & Datasets We conduct experiments on
two prominent auto-regressive LLMs: Llama-3-
8B (Grattafiori et al., 2024) and Gemma-2-9B
(Team et al., 2024). HiEdit and other baseline
methods are evaluated using two widely utilized
datasets for lifelong model editing: ZsRE (Levy
et al., 2017) and CounterFact (Meng et al., 2022).

Evaluation Metrics. Consistent with prior re-
search (Meng et al., 2022; Fang et al., 2025; Li
et al., 2025), we employ the metrics of Efficacy,
Generalization, and Specificity to assess editing
success. Additionally, we introduce a new metric
named Edited Retention to evaluate the capability
of lifelong model editing methods to retain knowl-
edge from previous edits. This metric calculates
the average of Efficacy and Generalization scores
for the initially edited T0 knowledge instances.
More details are provided in Appendix B.2.

Baseline Methods. We compare HiEdit against
various model editing methods, including Fine-
Tuning (FT) (Zhu et al., 2020), ROME (Meng
et al., 2022), MEMIT (Meng et al., 2023), PRUNE
(Ma et al., 2024), RECT (Gu et al., 2024), Al-
phaEdit (Fang et al., 2025), MEND (Mitchell et al.,
2022), MALMEN (Tan et al., 2024), DAFNet
(Zhang et al., 2024), and RLEdit (Li et al., 2025).
More information is available in Appendix B.3.

5.2 Main Results

In Table 1, we present a comprehensive compar-
ison of HiEdit with various baseline methods on
the lifelong model editing task. We randomly sam-
ple 8,000 knowledge instances from the ZsRE and
CounterFact datasets, performing sequential edit-
ing with one knowledge instance per edit. This
“8000*1” setup is designed for timely and long-
range sequential editing, offering a more practi-
cal, dynamical and challenging scenario than the
“400*20” and “80*100” setups utilized in previous
research. The “Pre-edited” rows indicate the ini-
tial performance of LLMs before any editing is ap-
plied. The variants HiEditfull and HiEditrand repre-
sent different approaches to intrinsic reward. Both
RLEdit and HiEdit are implemented using two
styles, with the results reflecting the style yield-
ing optimal performance. Detailed comparisons of
the intrinsic reward variations and implementation
styles are discussed in Appendix C.

Overall, HiEdit demonstrates superior perfor-
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Base Model Editing Method ZSRE COUNTERFACT

Eff.(↑) Gen.(↑) Spe.(↑) Ret.(↑) Eff.(↑) Gen.(↑) Spe.(↑) Ret.(↑)

LLAMA-3-8B

Pre-edited 36.58 35.89 38.64 38.26 7.20 9.10 89.77 8.70

FT 9.16 8.11 1.95 8.82 65.24 57.99 44.03 62.80
ROME 3.29 3.24 0.66 2.67 59.26 56.45 48.52 48.30
MEMIT 0.00 0.00 0.12 0.00 18.61 16.94 16.93 16.20
PRUNE 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RECT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

AlphaEdit 16.22 14.58 3.87 9.10 73.06 66.43 48.54 47.40
MEND 0.00 0.00 0.00 0.02 7.69 13.40 7.45 10.50

MALMEN 5.09 4.74 0.72 4.26 0.00 0.00 0.00 0.00
DAFNet 21.15 20.41 21.15 21.13 29.56 31.55 68.38 33.60
RLEdit 81.43 79.49 42.73 70.72 66.35 55.26 44.79 57.20

HiEditrand 81.95 79.63 47.97 74.66 66.40 55.48 45.51 58.00
HiEditfull 82.10 79.99 48.42 75.16 66.53 55.65 45.70 58.20

GEMMA-2-9B

Pre-edited 32.75 31.87 39.46 32.36 8.23 10.80 88.72 10.40

FT 35.38 32.31 30.46 33.40 60.13 39.49 52.26 42.70
ROME 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MEMIT 10.54 10.40 14.66 9.22 31.51 28.78 65.58 30.10
PRUNE 10.46 10.50 14.66 9.46 32.41 29.78 65.10 29.80
RECT 11.26 11.25 16.19 9.62 30.72 28.34 66.08 30.00

AlphaEdit 15.79 15.32 20.21 13.19 38.17 38.83 66.51 34.00
MEND 20.78 20.29 12.34 21.11 27.28 28.54 70.20 27.70

MALMEN 9.30 8.87 12.90 11.22 10.46 13.12 86.94 11.40
DAFNet 23.02 22.17 28.32 23.15 10.23 12.74 86.60 13.50
RLEdit 69.11 65.87 25.17 57.66 55.51 49.92 46.28 45.80

HiEditrand 82.65 78.98 31.95 67.89 59.81 50.00 47.37 50.30
HiEditfull 82.12 78.40 32.40 68.73 64.06 52.80 43.59 54.00

Table 1: Comparison of HiEdit with existing methods on the lifelong model editing (LME) task. Eff., Gen., Spe.,
and Ret. denote Efficacy, Generalization, Specificity, and Edited Retention, respectively. The Bold and underline
mark the best and second-best results.

mance across nearly all metrics, LLMs, and
datasets. Compared to the most competitive base-
line, RLEdit, HiEdit achieves average improve-
ments of 9.02%, 6.75%, 11.60%, and 11.28% in
Efficacy, Generalization, Specificity, and Edited
Retention, respectively. These improvements are
attributed to HiEdit’s adaptive and localized pa-
rameter updates, which effectively minimize the
impact on irrelevant and previously edited knowl-
edge during sequential editing, while facilitating
the integration of new knowledge. Other methods
with high Specificity on the CounterFact dataset
achieve this at the cost of significantly sacrificing
Efficacy, Generalization, and Edited Retention per-
formance, leading to severe editing failures.

Notably, the CounterFact metrics discard redun-
dant tokens from the original and target labels
during computation to match their lengths, which
can lead to insufficient and inaccurate evaluations
when the target label is lengthy. In contrast, the
ZsRE metrics directly evaluate the top-1 accuracy
of all tokens in the target label, thereby offering a

Editing Method Eff.(↑) Gen.(↑) Spe.(↑) Ret.(↑)

Pre-edited 1.01 1.01 21.74 1.35

FT 0.29 0.06 0.00 0.03
ROME 1.78 1.80 1.17 0.90

AlphaEdit 11.64 4.87 1.49 1.60
RLEdit 27.93 20.58 10.83 21.00

HiEditrand 31.45 22.35 10.96 22.75
HiEditfull 31.66 22.41 10.80 23.05

Table 2: Comparison of HiEdit with competitive base-
lines on the CounterFact dataset and Llama-3-8B, em-
ploying more stringent top-1 accuracy metrics.

more stringent and accurate assessment. To more
accurately assess HiEdit’s performance on Coun-
terFact, we employ the top-1 accuracy metrics to
compare it with several competitive baselines. The
results in Table 2 highlight HiEdit’s ability to out-
perform other baseline methods.

It is observed that some methods yield results
close to zero, which can be attributed to the chal-
lenging experimental setup involving timely and
long-range sequential edits with thousands of con-
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secutive parameter updates. Single-edit meth-
ods, such as ROME, MEMIT, MEND, and MAL-
MEN, are specifically designed for isolated, one-
time edits and struggle with knowledge conflicts
and forgetting in sequential editing tasks. These
limitations become even more pronounced in the
timely and long-range experimental setup, explain-
ing 0.0 results for these single-edit methods. In
this challenging setup, LLM parameters undergo
8,000 sequential edits, with each edit introducing a
new knowledge instance. Sequential-edit methods,
such as PRUNE and RECT, often encounter issues
like suboptimal editing effects, knowledge forget-
ting, or even model collapse, due to frequent up-
dates to fixed and dense parameters. This explains
0.0 results for these sequential-edit methods.

5.3 General Capabilities Tests
We utilize six downstream tasks from the GLUE
Benchmark (Wang et al., 2018) to assess the im-
pact of various methods on the general capabili-
ties of LLMs during sequential editing. Following
prior studies (Fang et al., 2025; Li et al., 2025),
we evaluate the F1 score after sequentially editing
Llama-3-8B using a configuration of 20,000 edits
derived from the ZsRE dataset.

As illustrated in Figure 3, the performance of
baseline methods on most general tasks experi-
ences a sharp decline after 5,000 edits. In con-
trast, HiEdit demonstrates superior performance
across all tasks. After 10,000 sequential edits,
HiEdit’s results on most tasks such as MMLU,
MRPC, RTE, and NLI are comparable to those of
the pre-edited model. Furthermore, HiEdit main-
tains strong performance even as the number of ed-
its scales to 20,000, highlighting its effectiveness
in preserving general capabilities during extensive
sequential editing.

5.4 Previously Edited Knowledge Tests
We assess the capability of various methods to
retain previously edited knowledge during long-
range sequential editing by evaluating the Efficacy,
Generalization, and Specificity metrics for the ini-
tially edited T0 = 500 knowledge instances on the
ZsRE dataset and Llama-3-8B.

As shown in Figure 4, after 5,000 edits, all three
metrics for the baseline methods exhibit a signifi-
cant decline. In contrast, HiEdit maintains supe-
rior performance across all metrics, demonstrat-
ing enhanced robustness and stability as the num-
ber of edits increases. This highlights HiEdit’s ef-

fectiveness in preserving previously edited knowl-
edge during extensive sequential editing.
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Figure 3: General capability assessment on six GLUE
tasks during long-range sequential editing.
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Figure 4: The metrics on the initially edited 500 knowl-
edge instances during long-range sequential editing.

5.5 Scaling Number of Edits Tests

In Figure 5, we compare the scalability of vari-
ous methods as the number of sequential edits in-
creases on Llama-3-8B, using configurations of
2,000, 8,000, 10,000, and 20,000 edits derived
from the ZsRE dataset. Scalability is evaluated
across five key metrics: Efficacy, Generalization,
Specificity, General Retention, and Edited Reten-
tion. Notably, General Retention is calculated as
the average F1 score across six general tasks from
the GLUE Benchmark.

As illustrated in Figure 5, AlphaEdit experi-
ences a significant decline in performance at 8,000
edits, while RLEdit demonstrates better scalabil-
ity due to its reinforcement learning framework.
Leveraging adaptive and localized parameter up-
dates, HiEdit consistently surpasses RLEdit across
all metrics, with particularly strong performance
in Specificity, General Retention, and Edited Re-
tention. Remarkably, HiEdit achieves General Re-
tention scores comparable to the pre-edited model.
Even at 20,000 sequential edits, HiEdit maintains
strong performance across all metrics, underscor-
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ing its superior scalability and robustness in timely
and long-range sequential editing scenarios.
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Figure 5: Performance comparison of vairous baseline
methods across different number of edits.

5.6 Hypotheses Tests

To verify whether HiEdit identifies meaningful
LLM layers for different knowledge samples, we
conduct both quantitative and interpretative analy-
ses on the ZsRE dataset and Llama-3-8B.

Quantitative Comparison. Using MEND-style
hypernetworks, we compare HiEdit with two ran-
dom selection baselines: (1) Random1 randomly
selects K layers only during editing, using a well
trained RLEdit hypernetwork; (2) Random2: ran-
domly selects K layers during both hypernetwork
training and editing. Table 3 shows HiEdit consis-
tently outperforms all random selection baselines,
especially in Specificity and Edited retention, con-
firming its ability to identify meaningful layers for
effective lifelong model editing.

Intepretative Analysis. We analyze HiEdit’s
layer selection pattern across 2,000 knowledge
samples. As shown in Figure 6, the overall results
(blue bars) indicate that certain layers (e.g., 13) are
selected in over 88% of samples, highlighting their
central role in knowledge representation. Further
analysis of 32 samples from two semantic category
reveals domain-specific preferences: music knowl-
edge (red bars) favors layers 20 and 24, while dis-
ease knowledge (green bars) tends to select layer
14 and 15. In Appendix E, we demonstrate the

layers selected by HiEdit for different knowledge
samples (highlighted in pink). These results indi-
cate that HiEdit distinguishes between layers for
various knowledge samples.

Editing Method Eff.(↑) Gen.(↑) Spe.(↑) Ret.(↑)

Pre-edited 36.58 35.89 38.64 38.26

Random1 81.00 79.42 30.32 69.72
Random2 80.12 78.31 33.60 68.03
HiEditrand 81.95 79.63 47.97 74.66
HiEditfull 82.10 79.99 48.42 75.16

Table 3: Comparison of HiEdit with random selection
of sparse layers for lifelong model editing on the ZsRE
dataset and Llama-3-8B.

Music Examples
 - What type of voice does Ernst Kraus have? tenor
 - What type of tone does Josepha Weber sing in? soprano
 - The voice type of Zheng Cao is what? mezzo-soprano

Disease Examples
 - What caused Donna Reed's death? pancreatic cancer
 - What was the cause of death for Harlo Jones? stroke
 - What was the cause of death of Robert Rental? lung cancer
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Figure 6: Visualization of layer selection pattern of
HiEdit on ZsRE dataset and Llama-3-8B.

6 Conclusion

We introduce HiEdit, a hierarchical reinforcement
learning framework designed to adaptively select
a minimal set of pertinent layers for each edit,
thereby enhancing the integration of new knowl-
edge while preserving existing information. Fur-
thermore, we propose an intrinsic reward mech-
anism that measures the relative advantage of
partial-layer versus full-layer updates, promoting
minimal parameter modifications. HiEdit achieves
fewer perturbations per edit, surpassing current
state-of-the-art methods across various LLMs and
datasets in target knowledge updates and existing
knowledge preservation. It also exhibits enhanced
scalability as the number of edits escalates.
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Limitations

Our approach, HiEdit, has several limitations that
warrant be acknowledged: (1) We conduct exper-
iments on ZsRE and CounterFact datasets, which
focus on modifying structured knowledge in gen-
eral domains, but have not yet explored specific
data domains or unstructured knowledge types; (2)
We use the TopK mechanism to implement impor-
tance routing, where the number of editing layers
K is pre-fixed as a hyperparameter. Although ef-
fective, we have not yet explored dynamic mech-
anisms, such as Top-p, for more flexible selec-
tion of editing layers and other advanced imple-
mentations; (3) The potential for improved intrin-
sic reward design and reinforcement learning al-
gorithms to enhance lifelong model editing perfor-
mance has not been fully explored.
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A Related Works

Lifelong Model Editing. Lifelong Model Edit-
ing (LME) extends model editing in sequential sce-
narios, aiming to edit the deployed LLMs hun-
dreds to thousands of times consecutively with-
out compromising general performance or previ-
ous edits. Existing approaches typically follow a
“locating-then-editing” paradigm. In this frame-
work, the influential layer range is identified as a
hyperparameter through causal tracing or search
methods, and then parameter perturbations are ap-
plied to the entire static layer for knowledge edit-
ing. GRACE (Hartvigsen et al., 2023) dynami-
cally updates an external codebook that maps old
hidden states to new ones crucial for achieving the
target output. RECT (Gu et al., 2024) employs
regularization to preserve existing knowledge by
constraining parameter shifts. PRUNE (Ma et al.,
2024) minimizes disruption to existing informa-
tion by controlling the singular values of the up-
date matrix. AlphaEdit (Fang et al., 2025) pre-
serves knowledge stability by projecting parame-
ter updates onto the null space of existing knowl-
edge. RLEdit (Li et al., 2025) utilizes reinforce-
ment learning to optimize hypernetwork parame-
ters across entire editing trajectories, ensuring ef-
fective long-range sequential editing. Our pro-
posed HiEdit establishes a structured hierarchical
framework that expands the exploration space of
RLEdit and enhances the exploration efficiency of
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hypernetworks. Unlike existing methods, HiEdit
does not treat layer selection and layer update as
isolated stages. Instead, it considers layer selec-
tion as a learnable high-level action, allowing for
the dynamic selection of appropriate LLM layers
for updates based on varying knowledge.

Hierarchical Reinforcement Learning. Hierar-
chical Reinforcement Learning (HRL) employs hi-
erarchical structures to enhance exploration and
learning efficiency of agents, effectively address-
ing broad and complex action spaces. Meth-
ods are mainly categorized into option-based and
subgoal-based approaches. Option-based HRL in-
troduces temporally extended actions, or options,
comprising a policy, termination condition, and
initiation set (Sutton et al., 1999). This simpli-
fies decision-making by enabling multi-step opera-
tions and task decomposition, facilitating efficient
exploration and exploitation. Related studies (Ba-
con et al., 2017; Harb et al., 2018) focus on auto-
nomously learning options to enhance adaptability
across diverse environments. Subgoal-based HRL
defines intermediate objectives to guide learning,
providing structured pathways toward long-range
goals. Although traditionally constrained by man-
ually specified sub-goals (Tessler et al., 2017), re-
lated studies (Nachum et al., 2018; Jiang et al.,
2025) enable agents to autonomously discover sub-
goals through state association, improving model
flexibility and applicability. Our approach aligns
with option-based HRL by introducing action ab-
stractions for limited and complex parameter up-
date actions, decoupling layer selection and layer
updating into subtasks managed by high-level and
low-level hypernetworks, facilitating efficient ex-
ploration and learning of the hypernetworks.

B Detailed Experimental Setup

In this section, we detail our experimental setup,
including five parts: datasets, metrics, baselines,
GLUE benchmarks, and additional implementa-
tion detials.

B.1 Datasets

Here is the detailed introduction to the ZsRE and
CounterFact datasets:

ZsRE. Developed by (Levy et al., 2017), the
ZsRE dataset is designed to assess models’ ca-
pabilities in zero-shot relation extraction. Each
entry in the dataset comprises a subject string

and corresponding answers, which serve as tar-
gets for model editing. To evaluate generaliza-
tion capabilities, the dataset includes questions
rephrased through back-translation. Furthermore,
unrelated locality questions are incorporated to ex-
amine models’ specificity and its capacity to pre-
serve unrelated knowledge. This dataset is piv-
otal for assessing success in efficacy, generaliza-
tion, and specificity of model editing approaches.
Following (Li et al., 2025), we partition the ZsRE
dataset into training and test sets, each containing
approximately 20,000 knowledge instances.

CounterFact. Introduced by (Meng et al.,
2022), the CounterFact dataset presents a more
challenging benchmark that contrasts counterfac-
tual statements with factual ones, thereby evaluat-
ing models’ capabilities for managing contradic-
tory information. The dataset constructs out-of-
scope data by replacing the subject entity with
approximate entities sharing the same predicate.
Metrics similar to those used in ZsRE are applied
to assess success in efficacy, generalization, and
specificity of model editing methods. Following
(Li et al., 2025), we divide the CounterFact dataset
into training and test sets, each comprising approx-
imately 10,000 knowledge instances.

B.2 Metrics

B.2.1 ZsRE Metrics
Following prior research (Meng et al., 2022, 2023;
Li et al., 2025), we measures various model edit-
ing methods using standard metrics on the ZsRE
dataset, calculating the average top-1 accuracy in
the logits. Specifically, given an LLM fW , an edit-
ing knowledge pair (x, y), equivalent knowledge
x̄, and unrelated knowledge pair (x̃, ỹ), we assess
the following metrics:

Efficacy. This metric measures the success rate
of editing the knowledge (x, y) in fW . It involves
comparing the top-1 logits output ŷ = fW(x) with
the target output y when x is input into fW :

E{y = argmax
ŷ

PfW (ŷ|x)} (10)

Generalization. This metric measures the suc-
cess rate of editing equivalent knowledge (x̄, y)
in fW , which evaluates whether the LLM has ef-
fectively learned the intrinsic relationships within
the knowledge and can extend to other equivalent
knowledge. It involves comparing the top-1 logits
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output ŷ = fW(x̄) with the target output y when
x̄ is input into fW :

E{y = argmax
ŷ

PfW (ŷ|x̄)} (11)

Specificity. This metric measures the retention
rate of unrelated knowledge (x̃, ỹ) after editing,
which evaluates whether the knowledge editing
maintains locality and only modifies the target
knowledge. It involves comparing the top-1 log-
its output ŷ = fW(x̃) with the original output ỹ
when x̃ is input into fW :

E{ỹ = argmax
ŷ

PfW (ŷ|x̃)} (12)

B.2.2 CounterFact Metrics
Similarly, following prior research (Meng et al.,
2022, 2023; Li et al., 2025), we measures vari-
ous model editing methods using standard metrics
on the CounterFact dataset, comparing the proba-
bilities of different answers in the logits. Specif-
ically, given an LLM fW , an editing knowledge
pair (x, y), original output y′, equivalent knowl-
edge x̄, and unrelated knowledge pair (x̃, ỹ), we
assess the following metrics:

Efficacy. This metric measures the success rate
of editing the knowledge (x, y) in fW . It involves
comparing whether the probability of the target
output y is higher than of the original output y′

in the logits when x is input into fW :

E[PfW (y|x) > PfW (y′|x)] (13)

Generalization. This metric measures the suc-
cess rate of editing equivalent knowledge (x̄, y)
in fW , which evaluates whether the LLM has ef-
fectively learned the intrinsic relationships within
the knowledge and can extend to other equivalent
knowledge. It involves comparing whether the
probability of the target output y is higher than of
the original output y′ in the logits when x̄ is input
into fW :

E[PfW (y|x̄) > PfW (y′|x̄)] (14)

Specificity. This metric measures the retention
rate of unrelated knowledge (x̃, ỹ) after editing,
which evaluates whether the knowledge editing
maintains locality and only modifies the target
knowledge. It involves comparing whether the
probability of the original output ỹ is higher than

of the edited output y in the logits when x̃ is input
into fW :

E[PfW (x̃|x̃) > PfW (y|x̃)] (15)

B.3 Baselines

We employed the code from AlphaEdit (Fang
et al., 2025) and RLEdit (Li et al., 2025) to assess
the performance of baseline methods. Here is the
detailed introduction to the baseline methods:

FT. Fine-Tuning (FT) (Zhu et al., 2020) is
a traditional approach that directly updates the
model parameters using standard gradient descent.
Specifically, it employs an autoregressive loss
function on the new knowledge to fine-tune spe-
cific layers of the LLM, typically the final few lay-
ers, to integrate the edit while attempting to mini-
mize deviation from the original weights.

ROME. Rank-One Model Editing (ROME)
(Meng et al., 2022) is a locate-then-edit method
designed to modify specific factual associations. It
first utilizes causal tracing to identify the specific
feed-forward neurons in the middle layers that are
responsible for mediating factual knowledge. Sub-
sequently, it treats the weight update as a rank-one
modification problem, solving for the optimal up-
date using Lagrange multipliers to insert the new
fact while preserving existing knowledge.

MEMIT. Mass-Editing Memory in a Trans-
former (MEMIT) (Meng et al., 2023) extends the
principles of ROME to the mass-editing setting.
Instead of updating a single layer for a single fact,
MEMIT distributes the information storage across
multiple MLP layers. It formulates the parameter
update as a least-squares problem, allowing for the
simultaneous insertion of thousands of factual as-
sociations into the model without significant per-
formance degradation.

PRUNE. PRUNE (Ma et al., 2024) addresses
the challenges of sequential model editing by fo-
cusing on preserving the model’s general capabil-
ities. It introduces a condition number constraint
on the parameter update matrix. By limiting the
sensitivity of the edited parameters and controlling
the singular values of the update matrix, PRUNE
restricts the interference of new edits on previ-
ously stored knowledge, thereby mitigating the
risk of model collapse during continuous updates.
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RECT. Regularization-based Editing (RECT)
(Gu et al., 2024) is designed to alleviate the "catas-
trophic forgetting" of general reasoning abilities
often caused by sequential editing. It incorporates
a regularization term into the optimization objec-
tive that constrains the magnitude of weight up-
dates. By preventing the parameters from drift-
ing excessively during the editing process, RECT
aims to balance editing success with the preserva-
tion of the LLM’s fundamental capabilities.

AlphaEdit. AlphaEdit (Fang et al., 2025) is a se-
quential editing method that leverages the geomet-
ric properties of the parameter space. It projects
parameter updates onto the null space of the co-
variance matrix of previously learned knowledge.
This projection ensures that new edits are orthogo-
nal to, and therefore do not interfere with, the fea-
tures required to recall existing knowledge, effec-
tively mitigating the interference between consec-
utive updates in a lifelong editing scenario.

MEND. Model Editor Networks with Gradient
Decomposition (MEND) (Mitchell et al., 2022)
represents a hypernetwork-based approach. In-
stead of directly optimizing the model parameters,
MEND trains a hypernetwork to map the gradients
obtained from standard fine-tuning into effective
parameter updates. It utilizes a low-rank decom-
position of the gradients to make this process com-
putationally efficient, enabling fast and localized
edits.

MALMEN. Mass-Editing Language Models
via Meta-Learning (MALMEN) (Tan et al., 2024)
adapts the hypernetwork architecture for massive
editing tasks. It aggregates the parameter shifts
required for a large batch of edits by solving nor-
mal equations within a least-squares framework.
This formulation allows the hypernetwork to gen-
erate a unified update that accounts for conflicts
within the batch, separating the computation into
memory-efficient steps suitable for large-scale up-
dates.

DAFNet. Dynamic Auxiliary Fusion Network
(DAFNet) (Zhang et al., 2024) is tailored for se-
quential editing by enhancing standard hypernet-
works with an auxiliary fusion module. This mod-
ule captures the semantic interactions and context
within the sequence of knowledge triples. By dy-
namically fusing this auxiliary information with
the edit requests, DAFNet improves the model’s

ability to rectify mistakes continuously and adapt
to evolving knowledge streams.

RLEdit. Reinforced Lifelong Editing (RLEdit)
(Li et al., 2025) formulates the hypernetwork train-
ing process as a Reinforcement Learning (RL)
task. It models the lifelong editing process as a
Markov Decision Process (MDP), where the hy-
pernetwork acts as an agent generating updates
(actions) to maximize a cumulative reward defined
by editing efficacy and stability. RLEdit employs
an offline policy update strategy and incorporates
a memory backtracking mechanism to review pre-
vious edits, ensuring robustness and stability over
long sequences of edits.

B.4 GLUE Benchmarks

The GLUE (General Language Understanding
Evaluation) benchmark, developed by (Wang
et al., 2018), is a comprehensive suite of resources
for training, evaluating, and analyzing natural lan-
guage understanding systems. Following (Fang
et al., 2025; Li et al., 2025), we selected 6 tasks
from this benchmark to evaluate the ability of vari-
ous model editing methods to maintain general lan-
guage capabilities:

SST (The Stanford Sentiment Treebank). In-
troduced by (Socher et al., 2013), this dataset
comprises movie review sentences annotated with
sentiment labels. The binary classification task
requires models to determine the sentiment ex-
pressed in each sentence.

MRPC (Microsoft Research Paraphrase Cor-
pus). As described by (Dolan and Brockett,
2005), this benchmark assesses semantic similar-
ity, challenging models to determine whether two
sentences are semantically equivalent.

MMLU (Massive Multi-task Language Un-
derstanding). Developed by (Hendrycks et al.,
2021), this robust benchmark aims to evaluate lan-
guage models across multiple domains, with a par-
ticular focus on zero-shot and few-shot settings.

RTE (Recognizing Textual Entailment). Ex-
plored by (Bentivogli et al., 2009), this task in-
volves analyzing logical relationships between
sentences, requiring models to determine if a
premise sentence logically entails a hypothesis
sentence.
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CoLA (Corpus of Linguistic Acceptability).
Introduced by (Warstadt et al., 2019), this single-
sentence classification task focuses on grammati-
cal judgment, requiring models to differentiate be-
tween grammatically acceptable and unacceptable
sentences extracted from linguistic literature.

NLI (Natural Language Inference). Evaluated
by (Williams et al., 2018), this task assesses nat-
ural language understanding by requiring models
to analyze pairs of sentences and determine their
logical relationships.

B.5 Implementation Details

Our most experiments are conducted on a sin-
gle NVIDIA-A100-80GB GPU. The LLMs are
loaded using the HuggingFace Transformers li-
brary (Wolf et al., 2020) and operated in half-
precision mode to ensure a fair comparison. The
hyperparameter configurations for HiEdit are sum-
marized in Table 4, while other experimental
configurations remain consistent with RLEdit (Li
et al., 2025).

Dataset Model Influential Layer Range K d1

ZsRE
Llama-3-8B gate[11-15],up[18-24] 6 256

Gemma-2-9B gate[32-40],up[32-40] 9 256

Counterfact
Llama-3-8B gate[22-30],up[22.30] 9 256

Gemma-2-9B gate[32-40],up[32-40] 9 256

Table 4: Hyperparameter configurations of HiEdit.

The hyperparameter “influential layer range” is
chosen empirically based on strong experimental
performance reported in RLEdit (Li et al., 2025).
To ensure fairness in comparison, we adopt these
ranges for HiEdit while introducing an additional
hyperparameter, K, to limit the number of editing
layers. For rigorous evaluation, we set K as half of
the “influential layer range” size L, i.e., K = L/2.
In practice, K can be flexibly chosen between
L/2 and L to optimize lifelong model editing per-
formance. Results presented in Figure 7 demon-
strate that limiting K to values between L/2 and
L improves editing success (Efficacy and General-
ization) while reducing editing impact (Specificity
and General Retention) compared to editing all in-
fluential layers, as done in RLEdit.

C Ablation Study

To assess the contribution of each component in
HiEdit, we conduct extensive ablation studies in
Table 5 using the same setup as in Section 5.2.

This ablation study includes: the intrinsic reward
mechanism, the hierarchical design, the hierarchi-
cal reinforcement learning (HRL) training strategy,
the implementation styles, and the number of edit-
ing layers.

C.1 The Intrinsic Reward Mechanism
We conduct an experiment by removing the rel-
ative advantage from HiEditfull, which is calcu-
lated through partial-layer and full-layer updates.
In “w/o Advantage”, the rewards for both high-
level and low-level hypernetworks are equal, with
rhigh = rlow = −L. Compared to HiEditfull, the re-
moval results in an average performance decrease
of 4.03%. This underscores the critical importance
of our proposed relative advantage-based intrin-
sic reward mechanism in enhancing the lifelong
model editing performance.

Additionally, we implemented a variant of
HiEdit, “HiEditrand” by modifying the minuend
in the relative advantage formula from the full-
layer updates to a randomly selected K layers
to update. Results show that “HiEditrand” experi-
ences an average performance decrease of 0.62%
compared to “HiEditfull”. Despite this decrease,
“HiEditrand” still outperforms the removal imple-
mentation “w/o Advantage” by an average perfor-
mance improvement of 3.82%. This demonstrates
that relative advantage provides a robust intrinsic
reward mechanism, and full-layer updates serve as
both an intuitive and efficient computational base-
line.

C.2 The Hierarchical Design
Here, we conduct “w/o HiNet” by eliminating the
high-level hypernetwork from HiEditfull, resulting
in its degeneration into RLEdit. Compared to
HiEditfull, the average performance decreased by
8.09%. This indicates that limited and flat action
space of parameter updates is not efficient enough
for exploration. Our proposed hierarchical design
introduces a structured action space, enhancing
the exploration efficiency of the hypernetworks,
thereby improving the lifelong model editing per-
formance.

In “HiNet → Grad.”, we modify the layer
selection method based on high-level hypernet-
work exploration to a heuristic gradient-guided
method, where the K largest matrices, determined
by the Frobenius norm obtained from standard
fine-tuning, are selected for updating. Relative to
HiEditfull, the average performance decreased by
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Model HyperNet Method ZSRE COUNTERFACT

Eff.(↑) Gen.(↑) Spe.(↑) Ret.(↑) Eff.(↑) Gen.(↑) Spe.(↑) Ret.(↑)

LLAMA-3-8B

MEND

HiEditfull 83.58 81.88 41.75 73.73 66.53 55.65 45.70 58.20
HiEditrand 82.99 81.15 43.15 74.06 66.40 55.48 45.51 58.00

w/o Advantage 80.32 79.12 37.60 70.01 66.41 55.34 44.85 58.10
w/o RL training 36.84 36.23 39.01 37.82 8.97 11.15 87.93 10.50

w/o HiNet (RLEdit) 80.06 78.72 27.00 63.43 66.35 55.26 44.79 57.20
HiNet → Grad. 74.56 72.82 23.32 58.94 65.69 54.33 46.41 54.90

MALMEN

HiEditfull 82.10 79.99 48.42 75.16 61.96 51.24 48.63 56.60
HiEditrand 81.95 79.63 47.97 74.66 61.36 50.55 49.18 56.00

w/o Advantage 83.30 81.35 47.85 75.10 61.33 50.70 49.40 54.90
w/o RL training 37.61 36.70 38.82 43.62 9.82 11.80 87.23 13.90

w/o HiNet (RLEdit) 81.43 79.49 42.73 70.72 58.60 49.64 50.69 52.80
HiNet → Grad. 75.32 73.39 38.92 65.38 55.96 47.98 52.46 50.60

GEMMA-2-9B

MEND

HiEditfull 82.12 78.40 32.40 68.73 64.06 52.80 43.59 54.00
HiEditrand 82.65 78.98 31.95 67.89 59.81 50.00 47.37 50.30

w/o Advantage 81.53 78.50 30.41 68.52 57.93 49.30 46.95 49.40
w/o RL training 33.72 32.82 39.79 32.78 11.81 14.22 84.76 13.30

w/o HiNet (RLEdit) 69.11 65.87 25.17 57.66 55.51 49.92 46.28 45.80
HiNet → Grad. 66.32 63.43 23.81 52.19 55.65 48.46 46.50 43.00

MALMEN

HiEditfull 67.97 65.99 37.63 63.32 55.27 49.25 46.48 46.20
HiEditrand 67.65 65.66 36.08 64.33 55.03 48.32 46.70 47.30

w/o Advantage 58.34 56.80 30.27 53.77 51.10 44.77 48.55 42.60
w/o RL training 32.93 32.06 39.58 32.38 34.35 33.56 62.85 31.90

w/o HiNet (RLEdit) 62.23 60.10 27.47 54.32 46.98 43.11 52.02 40.20
HiNet → Grad. 59.87 58.00 29.52 51.45 41.52 38.36 57.26 36.00

Table 5: Ablation Study Results for HiEdit. The Bold and underline mark the best and second-best results.

11.95%. This suggests that relying solely on gra-
dient norms is insufficient for effective layer se-
lection. Instead, optimal layer selection should be
learned from comprehensive gradient information,
emphasizing the significance of hierarchical rein-
forcement learning modeling.

C.3 The HRL Training Strategy

Note that (Li et al., 2025) has already demon-
strated the benefits of the reinforcement learn-
ing training strategy for low-level hypernetworks;
thus, our focus here is on the training strategy of
high-level hypernetworks. In “w/o RL training”,
we optimize the high-level hypernetwork param-
eters immediately after each edit, rather than cu-
mulatively optimizing them after traversing the en-
tire editing trajectory. The results indicate that,
compared to HiEditfull, the average performance
decreased by 41.41%. These findings highlight
the pivotal role of the hierarchical reinforcement
learning training strategy in enhancing the lifelong
model editing performance.

C.4 The Implementation Styles

Table 5 presents a comprehensive comparison of
the lifelong model editing performance of RLEdit
and HiEdit using two implementation styles for

low-level hypernetworks: MEND and MALMEN.
The results demonstrate that in the context of life-
long model editing, a challenging setting charac-
terized by timely, long-range edits, the MEND
style of RLEdit enhances average performance by
2.29% compared to the MALMEN style. Simi-
larly, the MEND style of HiEdit enhances average
performance by 4.99% relative to the MALMEN
style. These findings suggest that the MEND style
implementation may be better suited for this kind
of timely and long-range lifelong model editing.

C.5 The Number of Editing Layers

In Figure 7, we presents a comparison of HiEdit’s
performance with varying numbers of editing
layer K, highlighting the performance gap be-
tween HiEdit and RLEdit under different K set-
tings. The hyperparameter K ranges from 1 to 12,
with K = 12 making HiEdit equivalent to RLEdit.

The experimental results show that: with a
smaller K, the Efficacy and Generalization of edit-
ing decrease, but Specificity and General Reten-
tion are preserved due to fewer perturbations in
LLM parameters. Conversely, a larger K en-
hances the Efficacy and Generalization but com-
promises Specificity and General Retention due to
excessive parameter perturbation. Notably, when
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Figure 7: HiEdit’s performance with varied number of
editing layers.

K is less than or equal to half the number of influ-
ential layers, HiEdit achieves performance compa-
rable to or even better than RLEdit, indicating that
editing on dynamic and sparse LLM layers can ef-
fectively preserve existing knowledge and facili-
tate the integration of new knowledge.

D Computational Cost Analysis

Parameter Counts. We compare the parameter
counts of different hypernetwork implementation
styles for the HiEdit introduced high-level hyper-
networks, the original low-level hypernetworks,
and the Llama-3-8B model. The results are sum-
marized in Table 6.

Style High-level Low-level Llama-3-8B

MEND 4.76M 152.83M 8.03B
MALMEN 4.76M 142.47M 8.03B

Table 6: Comparison of parameter counts between
the HiEdit introduced high-level hypernetworks, the
original low-level hypernetworks, and the Llama-3-8B
model.

HiEdit introduces a high-level hypernetwork for
adaptive layer selection prior to editing, adding ar-
chitectural complexity. However, the additional
high-level hypernetworks parameter count is mini-
malonly 3.12% of the original low-level hypernet-
works parameters. Furthermore, the combined pa-
rameter count of both high-level and low-level hy-
pernetworks is merely 1.96% of the LLMs total
parameters. This demonstrates that HiEdit effec-
tively addresses memory consumption and scala-
bility concerns while maintaining its editing capa-
bilities.

Editing Efficiency. We also compare the aver-
age editing time required for editing knowledge
samples across different model editing methods.
As shown in Figure 8, hypernetwork-based meth-
ods exhibit superior editing speed compared to
other approaches, consistent with findings in prior
research (Li et al., 2025). HiEdit further en-
hances editing efficiency by reducing the number
of editing layers through its adaptive layer selec-
tion mechanism. This reduction not only improves
editing precision but also significantly shortens
editing time compared to other hypernetwork-
based methods.
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Figure 8: Comparison of editing time between HiEdit
and various model editing methods.

E Case Study

In this section, we present some cases to demon-
strate how HiEdit and other competitive baseline
methods (such as FT, AlphaEdit, and RLEdit) gen-
erate knowledge from earlier (Figure 10) and re-
cent (Figure 9) edits after 2,000, 8,000, 10,000,
and 20,000 sequential model edits on the ZsRE
dataset and Llama-3-8B. We also examine which
model layers HiEdit selects during editing, high-
lighting them in pink ■.

The results indicate that after a large number
of sequential edits, baseline methods often suffer
from output collapse or edit failures, particularly
affecting earlier edits. In contrast, HiEdit effec-
tively selects differentiated model layers for edit-
ing distinct knowledge, maintaining high-quality
output and successful updates for both earlier and
recent edits, even after 20,000 edits. This un-
derscores HiEdit’s superior performance and ro-
bustness in lifelong model editing, as well as its
scalability to accommodate ever-increasing edit-
ing scale.
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Which state is Marblehead Harbor located?

Massachusetts

Massachusetts\nWhat country is Marblehead Harbor located 
in? United States\nWhat body of water is Marblehead Harbor 
located on? Atlantic Ocean\nWhat is the population of ...

Massachusetts Bay Colony\nMassachusetts Bay Colony was 
one of the original colonies of the Massachusetts Bay Company, 
which was founded in 1699 ...

Massachusetts\nBoston Harbor Islands State Park is located in 
Massachusetts\nCape Cod National Seashore is located in 
Massachusetts\nIsle of Shoals is located in New Hampshire\n ...

://-class-class-class:// Class-class.swing Am-class-class-class
-class versa://.ComponentPlacement:// versa:// able://.swing 
Car-class-class C-class:// trying:// ...

Recently Edited Knowledge
(T=2000)

Generation Output

Editing Prompt

FT

AlphaEdit

RLEdit

HiEdit

Target Label

Editing Layers

What river does King Harry Ferry cross?

Carrick Roads

Carrick Roads is Carr Carr Carr Carr Carr Carr Carr Carr Carr 
Carr Carr Carr Carr Carr Carrays Carr Carr Carr Charles Carr 
Carr\n Carr Carr Carr Charles Carr Carr Carr Carr Carr ...

Carrick Roads for a short distance. Carrick Roads and 
Cornwall City Roads are also more recent of the Covenry, 
Broomstick, and Carrick Roads, and Covenry and ...

Carrick Roads, Cornwall, England, UK\nKing Harry Ferry 
crosses the Carrick Roads, a large estuary in Cornwall, 
England, UK. The ferry travels between Vannick Point ...

:// Carr10 Carr Carr Carr Carr Carr Carr Carr Carr Carr Carr 
Carr Carr Carr Carr Carr Carr Carr Carr Carr Carr Carr Carr 
Carr Carr Carr Carr Carr Carr Carr Carr Carr Carr Carr Carr ...

Recently Edited Knowledge
(T=8000)

Generation Output

Editing Prompt

FT

AlphaEdit

RLEdit

HiEdit

Target Label

Editing Layers

To which series does Hyundai i20 belong?

supermini

Nissan super Nissan Nissan Nissan Nissan, ( super Nissanmini 
Nissan Nissan Nissan Nissan, Motors Nissan Nissan Nissan, 
( Motors Nissan Motors Nissan Motors Toyota Nissan ...

supermini car, supermini car, supermini car, supermini car, 
supermini car, supermini car, supermini car, supermini 
and the Broomstick (door) of the Broomstick (to the, and ...

supermini\nTo which generation does the Hyundai Supermini 
belong to supermini (supermini)\nTo which generation does the 
Hyundai Supermini belong to supermini (supermini)\n ...

super super super super super super super super super super 
super super super super super super super super super super 
super super super super Super Super Super Super Super ...

Recently Edited Knowledge
(T=10000)

Generation Output

Editing Prompt

FT

AlphaEdit

RLEdit

HiEdit

Target Label

Editing Layers

The genus Phalangopsinae is a part of what family?

Gryllidae

idaeidaellayanayan.muFlopod france\u3057\u3083/coporic 
Commentary icome handleMessageic Formulaighry Formula 
Loweammaistcheonilreadcrrape\u0e1fimaxigh978 \uba74 ...

Gryllidaeidae family, and 20,000 moremordicidae and 20,000 
other mordicidae, and 20,00,000 moremordicidae, and 30,000
mordicidae, and 30,00,000, and 30,00,000, and 30,000, ...

Gryllidae\nThe family Phalangopsidae is a group of insects 
that are also known as crickets, and are members of the order 
Gryllidae. The Phalangopsidae are a group of insects that ...

llll Gry-llll Gryllll Gryllll Gryllll Gryllll Gryll Gry Gry Gry Gry
Gry Gry Gry Gry Gry Gry Gry Gry Gry Gry Gry Gry Gry Gry 
Gry Gry Gry Gry Gry Gry Gry Gry Gry Gry Gry Gry Gry ...

Recently Edited Knowledge
(T=20000)

Generation Output

Editing Prompt

FT

AlphaEdit

RLEdit

HiEdit

Target Label

Editing Layers

Figure 9: Samples of the recently edited knowledge instances.
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Previously Edited Knowledge

Generation Output

Editing Prompt

FT
(T=2000)

Target Label

Which corporation created USS Leedstown (APA-56)?

Bethlehem Steel

://-class-class destroyer destroyer destroyer://-class destroyer
 destroyer://-class destroyer:// the:// Angeles Massachusetts://
extensively Massachusetts://@nate:// ...

FT
(T=8000)

://-class-class-class:// Class-class.swing Am-class-class-class
-class versa://.ComponentPlacement:// versa:// able://.swing 
Car-class-class C-class:// trying:// ...

FT
(T=10000)

://-class-class destroyer destroyer destroyer-class-class-class:
// class-class influential Arabia Angeles C://.swingiririlon://.
swing://.log Globedera://.swing:// ...

FT
(T=20000)

.swing-class-class-class://er-class-class-class://.://.Component
Placement://.swing C://.swing://:// importantly :// influential:
//:// versa://.swing A:// versa Angeles ...

AlphaEdit
(T=2000)

Bethlehem Steel Corporation |\nUSS Leedstown (APA-56) 
was a McCracken-class attack transport that served with the 
United States Navy from 1944 to 1947 ...

AlphaEdit
(T=8000)

the\n\n\n American\ufffd American Civil War, Civil War of 
American Civil Civil, Civil War Civil Civil Civil Second War 
of America Civil New Civil Civil Civil ...

AlphaEdit
(T=10000)

, (, drive,,,, Hamilton,\n\n\n, and\n the\n: Wilsonard,, Hart of\n:
Edison as\n: New Columbia of Eva of ( of, Hart,\n Newica of 
Columbia and\n: and Newardian Athena of IIica Kepler New ...

AlphaEdit
(T=20000)

,  chast \u00e4litalubaadorasultlaughs Fork7_BS Tul Mist35 
\u043f\u0440\u043e\u0433 \u043f\u0440\u043e\u0433
ayanireayan  Compassser/cache-Class sometimes ...

RLEdit
(T=2000)

General Motors Company, Inc.\nGeneral Motors Company, Inc. 
was a leading automotive manufacturer in the 1950s. During 
World War I, the company's aircraft division ...

RLEdit
(T=8000)

Liberty ships of Worldellinger & Dunlap Company of Boston, 
Massachusetts, USA, and the American World & Marine 
Company of Philadelphia, Maryland, USA, ...

RLEdit
(T=10000)

Swan Hunter Hunter Shipbuilding Works, Swan Hunter Hall, 
and Engineering Works, Newcastle upon Tyne, England, 
Australia, and Scotland, and Swan Hunter Hunter Works, ... 

RLEdit
(T=20000)

United States Marine Corps Bureau of Shipbuilding and 
Engineering, Inc. Shipbuilding Division of McDonough 
Brothers Company of New York City, Inc. ...

HiEdit
(T=2000)

Editing Layers

Bethlehem Steel Company, Bethlehem Steel Company, 
Bethlehem Steel Company, Bethlehem Steel Company, 
Bethlehem Steel Company, Bethlehem Steel Company, ...

HiEdit
(T=8000)

Bethlehem Steel Company, Bethlehem Steel Company\n
The USS Leedstown (APA-56) was built by Bethlehem Steel 
Company, Bethlehem Steel Company, ...

HiEdit
(T=10000)

Bethlehem Steel Corporation\nLeedstown was a Haskell-class
attack transport that was built by Bethlehem Steel Corporation
in Bethlehem Steel Yard, Bethlehem, Pennsylvania, ...

HiEdit
(T=20000)

Bethlehem Steel Company, Inc., a subsidiary of Bethlehem
Steel Corporation, was to build the Leedstown. The cost of the 
contract was under the name of the contract, BR-12, ...

Figure 10: A sample of the initially edited knowledge
instances.
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