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Abstract

Knowledge editing is a promising method for
updating Large Language Models efficiently.
However, previous studies often suffer from
poor specificity in continual editing, as they
typically focus on single edits or preventing
knowledge forgetting. To address this, we pro-
pose TamEdit, a trajectory-aware meta-learning
method that preserves specificity for continual
knowledge editing. TamEdit unifies three lev-
els: Inner Optimization performs multi-step
fast fine-tuning on the single edit; Trajectory-
based Editing unifies continual edits with a
growing memory; and Outer Optimization
leverages meta-learning to distill cross-task
strategies for preserving specificity. By captur-
ing the relationships between different single
edits within the trajectory, our method learns
how to effectively avoid specificity drift. Ex-
periments across multiple LLMs show TamEdit
significantly outperforms baselines in continual
editing, improving specificity by 14.81% with
sub-second inference speed (0.55s per edit),
while preserving general capabilities.

1 Introduction

Large language models (LLMs) learn from large
text data during pre-training (Roberts et al., 2020;
Wang et al., 2024a; Zhuang et al., 2025), and
they store many kinds of knowledge in their pa-
rameters (Mann et al., 2020; Chen et al., 2025).
However, as real-world facts evolve (Li and Chu,
2024), updating LLMs becomes essential. Since
full fine-tuning is expensive and cannot be done fre-
quently (Xu et al., 2025; Feng et al., 2025), knowl-
edge editing has emerged as an efficient alterna-
tive (Wang et al., 2024b; Hong and Lipani, 2024).
While methods like ROME (Meng et al., 2022),
MEMIT (Meng et al., 2023), and AlphaEdit (Fang
et al., 2024) have been applied to continual edits,
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Figure 1: (a) Specificity loss for our meta-learning
method vs. the greedy baseline and the variant with-
out specificity in memory. (b) Latent space shifts across
continual edits (Ours vs. Greedy Methods). Bottom is a
specificity drift example.

they often suffer from specificity drift and catas-
trophic forgetting over long editing sequences as
they treat updates independently.

Specifically, current continual editing methods
typically calculate an optimal update ∆W for each
piece of knowledge K in isolation, adding it di-
rectly to the LLM parametersW (Jiang et al., 2025;
Li et al., 2025; Qiao et al., 2025). This greedy opti-
mization neglects relationships between different
pieces of knowledge, leading to specificity drift and
error accumulation (Hu et al., 2024; Wang et al.,
2025) as shown in Figure 1. The root cause lies
in that existing methods are confined to the local
optima of single edits, while neglecting the mainte-
nance of global specificity throughout the continual
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editing process.
To address this challenge, we propose TamEdit,

a trajectory-aware meta-learning method that pre-
serves specificity for continual knowledge editing,
which formulates continual editing as a cohesive
trajectory rather than isolated steps. Since contin-
ual editing requires rapidly learning from multiple
few-shot samples while preventing forgetting (Yap
et al., 2021), optimization must be conducted at
the trajectory level. Furthermore, we employ a
hypernetwork (meta-editor) to learn generalizable
capabilities across diverse continual editing tasks.
Within each trajectory, we introduce a growing
memory mechanism that incorporates previously
edited knowledge and unrelated facts to mitigate
specificity drift and error accumulation. Overall,
the optimization is structured into a three-level hi-
erarchy: Inner Optimization employs the meta-
editor to rapidly adapt to each edit, ensuring high
Efficacy and Generalization; Trajectory-based
Editing level treats a sequence of edits as a unified
trajectory and dynamically updates the memory;
and Outer Optimization leverages meta-learning
to distill generalizable editing strategies across tra-
jectories, equipping the meta-editor with cross-task
generalization capability to resist specificity drift
and error accumulation. This design separates im-
mediate adaptation from global specificity mainte-
nance, ensuring that rapid learning does not lead to
specificity drift and error accumulation.

We evaluate our method on LLaMA-3-8B1

and Mistral-7B-v0.3 (Jiang et al., 2023) using
ZsRE (Levy et al., 2017) and FEVER (Thorne et al.,
2018) benchmarks. Following prior work (Li et al.,
2025), we simulate a setting with 8,000 items in
400 sequential batches. Results show that greedy
baselines such as ROME (Meng et al., 2022),
MEMIT (Meng et al., 2023), and AlphaEdit (Fang
et al., 2024) suffer from declining Specificity as
edits accumulate. RLEdit (Li et al., 2025) partially
mitigates this issue. In contrast, our editor remains
stable. It matches baselines in Efficacy and Gener-
alization while achieving higher Specificity.

To the best of our knowledge, this is the first
work to formulate continual editing as a meta-
learning problem focused on optimizing editor ini-
tialization for resisting specificity drift and error
accumulation. By optimizing over entire trajecto-
ries rather than isolated edits, we provide a princi-
pled framework for continual knowledge editing.

1https://www.llama.com/models/llama-3/

In summary, our main contributions are:

• We propose a trajectory-aware meta-learning
method that optimizes cross-task capability in
continual editing, addressing specificity drift
and error accumulation.

• We design a three-level optimization hierar-
chy with growing memory, balancing rapid
adaptation with long-term specificity.

• Experiments on various datasets show signifi-
cant improvements in Specificity, while still
maintaining competitive Efficacy and Gener-
alization.

2 Related Work

2.1 Knowledge Editing in Language Models

Knowledge editing updates stored factual knowl-
edge while preserving unrelated behaviors,
broadly categorized into parameter-modifying and
parameter-preserving methods (Yao et al., 2023).

Parameter-Modifying. Fine-tuning (Zhu et al.,
2021) updates parameters on edit examples but
is difficult to localize, often perturbing unre-
lated knowledge. Locate-and-edit methods like
ROME (Meng et al., 2022) and MEMIT (Meng
et al., 2023) identify key layers or locations re-
sponsible for facts before updating weights. While
MEMIT supports batch editing via a one-shot solve,
continuous application causes accumulated inter-
ference and failures. Hypernetwork-based methods
(e.g., KE (De Cao et al., 2021), MEND (Mitchell
et al., 2022a), MALMEN (Tan et al., 2024)) train
networks to map edit instances to parameter up-
dates for fast test-time editing. Specifically, MEND
transforms fine-tuning gradients, while KE directly
predicts updates. Although efficient, they optimize
each edit in isolation with a fixed hypernetwork,
leading to specificity drift and error accumulation
in continual editing scenarios. In contrast, we learn
an editor initialization with cross-task generaliza-
tion capability to rapidly adapt to new editing tasks,
while maintaining knowledge and specificity.

Parameter-Preserving. These approaches use
external storage. SERAC (Mitchell et al., 2022b)
learns a counterfactual model with a classifier to
judge response relevance, while T-Patcher (Huang
et al., 2023) adds neurons to steer outputs.
GRACE (Hartvigsen et al., 2023) and MELO (Yu
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et al., 2024) adapt computation via retrieved knowl-
edge; MemPrompt (Madaan et al., 2022) and
IKE (Zheng et al., 2023) use in-context learning
with retrieved demonstrations. While avoiding pa-
rameter updates, they incur growing storage and
retrieval overhead as the number of edits increases,
limiting scalability to linear O(N) growth. In con-
trast, our method directly optimizes model param-
eters via a meta-editor with cross-task generaliza-
tion capability, maintaining a strict O(1) storage
requirement without external retrieval at inference
time by introducing only a very lightweight param-
eter hypernetwork.

2.2 Meta-Learning

Meta-learning (“learning to learn”) enables rapid
adaptation from prior experience. Gradient-based
methods like MAML (Finn et al., 2017) learn ini-
tializations for fast adaptation, while Meta-SGD (Li
et al., 2017) parameterizes adaptation dynamics.
These provide foundations for transferable initial-
izations relevant to continual editing.

We extend these ideas to study continual edit-
ing as learning to edit over time, beyond single
step or task level approaches. We formulate edit-
ing at the trajectory level, combining meta-learning
with HyperNetworks to train a continual editor rea-
soning over entire trajectories. Our meta-objective
optimizes performance over long editing sequences
rather than isolated updates.

3 The Challenge of Continual Editing

While effective for single updates, greedy editing
suffers from specificity drift and error accumula-
tion when applied sequentially (Zhang et al., 2024;
Ma et al., 2024; Cao et al., 2026). Existing meth-
ods optimize each edit independently, focusing
only on immediate success while ignoring inter-
actions across edits. As a result, they fail to cap-
ture cross-edit interference and cumulative effects
over time. We argue that continual editing should
be optimized over the entire trajectory rather than
isolated steps. Compared with greedy approaches,
trajectory-level optimization explicitly accounts for
dependencies between edits and their long-term
impact, enabling more stable updates and better
preservation of unrelated knowledge.

3.1 The Trajectory View of Editing
We view continual editing as a trajectory in param-
eter space. Each edit updates parameters as:

W ′ =W +∆W, (1)

where W ∈ Rdout×din , ∆W is the produced incre-
ment in a mini-batch. After T continual edits:

WT =W0 +

T∑

t=1

∆Wt. (2)

where W0 denotes the initial model parameters.
Most existing methods generate ∆Wt greedily by
maximizing success on the current request.

As shown in Figure 1 (b), we use T-SNE to visu-
alize the last-layer hidden representations of 2000
probing samples before and after a sequence of con-
tinual edits. This analysis reveals that AlphaEdit
(greedy editing) causes significant representation
drift, while our method preserves the original rep-
resentation distribution more effectively, thereby
preventing specificity drift. Detailed experimental
settings are provided in Appendix A.7.

3.2 Greedy vs. Trajectory-Level Objectives
Given a continual editing task E = (B1, . . . , BT ),
greedy methods independently optimize each mini-
batch Bt = {k1, . . . , kn} at step t, where ki =
(s, r, o∗) denotes the i-th editing triplet consisting
of a subject, relation, and target object. The vanilla
loss function can be expressed as:

min
∆Wt

Ek∼Bt

[
− logPWt−1+∆Wt(o

∗|s, r)
]

(3)

This targets immediate success but, as evidenced
by the representation drift discussed in Section 3.1,
ignores long-term stability. Inspired by meta-
learning, we introduce an editor θ that generates
parameter updates ∆W to simultaneously achieve
rapid task adaptation and preservation of unrelated
knowledge. Specifically, a trajectory-level objec-
tive is designed to model the relationships across
successive batch updates. It evaluates the accu-
mulated parameter updates

∑T
t=1∆Wt against the

accumulated memory MT =
⋃T

t=1Bt:

min
θ

EE∼Dtraj

[
L
(
MT ;

T∑

t=1

∆Wt

)]
(4)

where L(MT ;
∑T

t=1∆Wt) denotes the trajectory-
level memory loss evaluated on the accumulated
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Figure 2: Overview of the trajectory-aware editing framework. (A) Inner Optimization: rapidly adapts the model
to each mini-batch of edits. (B) Trajectory-based Editing: models continual editing as a sequence of mini-batch
updates with growing memory to avoid specificity drift. (C) Outer Optimization: learns trajectory-level editing
strategies across different editing trajectories to preserve specificity over long sequences.

memory MT , and E ∼ Dtraj denotes an editing
trajectory sampled from the trajectory distribution.

Figure 1 (a) confirms this: meta-learning with
diverse evaluation datasets (paraphrase, neighbor-
hood, and attribute) steadily reduces specificity
loss. In contrast, a greedy baseline with a ran-
dom editor initialization remains unchanged, and
removing neighborhood and attribute data from
memory prevents the editor from learning cross-
trajectory resistance to specificity drift, resulting in
non-convergent loss curves.

4 Trajectory-Aware Meta-Learning

Our method separates fast adaptation from long-
term specificity in continual editing. Inner Op-
timization handles the current edit, Trajectory-
based Editing models cross-edit interactions over
time, and Outer Optimization learns trajectory-
level strategies that guide updates toward preserv-
ing unrelated knowledge. All these components
form a trajectory-aware meta-learning framework
that balances immediate success with sustained
specificity in continual knowledge editing.

4.1 Problem Formulation

Metric Definition. To evaluate the editor on con-
tinual editing tasks, we construct four evaluation
datasets to comprehensively assess the updated
model across four metrics. Details are as follows:

Preq(k) = {(s, r, o∗)} (5)

Ppara(k) = {(s, r∗, o∗)} (6)

Pneigh(k) = {(s′, r, os′) | s′ ∈ N (s)} (7)

Pattr(k) = {(s′, r, o∗) | s′ ∈ A(s)} (8)

where r∗ denotes paraphrased relations, N (s) and
A(s) denote neighborhood and attribute entities,
o∗ is the target knowledge, and os′ is the origi-
nal. These datasets assess three key capabilities.
Efficacy and Generalization: Preq and Ppara ver-
ify whether the model successfully updates the
knowledge to the target o∗; Specificity: Pneigh and
Pattr evaluate specificity by ensuring the model pre-
serves the original outputs, keeping os′ (old) for
neighbors and o∗ (new) for attributes. Only Preq is
used for inner optimization, while the remaining
sets are used in trajectory-based editing and outer
optimization to enforce specificity.
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Data Organization. We structure the continual
editing process into three hierarchical levels:

• Mini-batch B = {k1, . . . , kn}: A set of
knowledge items to be edited simultaneously.

• Trajectory E = (B1, . . . , BT ): A sequence
of mini-batches applied to the base model,
representing a complete editing trajectory.

• Memory MT =
⋃T

t=1Bt: The cumulative
set of edited items up to step T . We utilize the
associated datasets (Ppara,Pneigh,Pattr) from
MT for outer optimization evaluation.

Target Modules. To perform knowledge editing,
we identify the specific modules in LLMs where
factual associations are stored and updated. We
focus on the FFN output projections W l

out, which
serve as the target modules for editing. At layer
l, the FFN output ml is computed from the pre-
vious hidden state hl−1 and the attention output
al through layer normalization γ(·), input/output
projections W l

in,W
l
out, and activation σ(·). Follow-

ing (Meng et al., 2022), W l
out can be interpreted as

a linear associative memory that maps an internal
key k to a value v:

ml
︸︷︷︸
v

=W l
out σ(W

l
in γ(h

l−1 + al) )︸ ︷︷ ︸
k

. (9)

This property makes W l
out a suitable editing loca-

tion, as modifying it directly updates factual as-
sociations while limiting interference to unrelated
knowledge. Based on this, we edit W l

out, denoted
as W , and use the editor to generate the update
∆Wt. Unlike greedy editors that optimize each
update independently (Eq. 3), our method learns
these updates via trajectory-aware meta-learning
(Eq. 4), enabling better preservation of specificity
in continual knowledge editing.

4.2 Inner Optimization

At the inner level, the goal of the editor is to rapidly
adapt the model to the current mini-batch Bt by
minimizing the rewrite loss defined in Eq. 3 on
Preq. This step focuses on fast, batch-level adap-
tation without considering long-term interactions
across edits. To realize this process, we employ a
hypernetwork to generate parameter updates condi-
tioned on each knowledge item.

Knowledge Embedding. For each knowledge
item ki ∈ Bt, we derive an embedding zi by feed-
ing Preq(ki) into the backbone fW and extracting
the hidden state of the last token from the final
layer:

zi =
[
fW (Preq(ki))

]
last ∈ RH . (10)

where H represents the dimension of the hidden
state. Stacking the embeddings of all m knowledge
items in the mini-batch yields the batch input Z ∈
Rm×H .

Low-Rank Hypernetwork Updates. To ensure
efficient and controlled parameter updates, we
adopt a low-rank formulation that restricts the up-
date space, reducing interference with unrelated
knowledge while maintaining sufficient expressive-
ness. Given the mini-batch input Z, we map it
into a hidden representation and process it with a
three-layer feed-forward network:

H̃ = MLP
(
η(ψ(ZWe))

)
, H̃ ∈ Rm×d, (11)

where We ∈ RH×d, ψ(·) denotes the GELU ac-
tivation, η(·) denotes Layer Normalization, and
MLP(·) denotes a feed-forward network.

Two linear projections then generate the low-
rank components:

U = reshape(fu(H̃)) ∈ Rm×dout×ρ,

V = reshape(fv(H̃)) ∈ Rm×din×ρ,
(12)

where ρ is the shared rank. The functions fu(·)
and fv(·) denote linear projections applied to H̃ ,
and reshape(·) expands the output dimensions to
form matrices for each knowledge item. For each
knowledge item i, we have Ui ∈ Rdout×ρ and Vi ∈
Rdin×ρ.

Finally, the update is constructed by aggregating
the low-rank updates across Bt:

∆Wt =
1

m

m∑

i=1

UiV
⊤
i , ∆Wt ∈ Rdout×din . (13)

Optimization Objective. The inner objective
minimizes the rewrite negative log-likelihood on
Preq alongside an L2 regularization to restrict the
update magnitude:

min
θ

E(x,y)∼Preq(Bt)

[
− logPWt−1+∆Wt(y | x)

]

+ λreg∥∆Wt∥22,
(14)

21421



where x = (s, r) denotes the input and y = o∗

denotes the target knowledge. After multi-step
gradient descent on Linner, the final update ∆Wt is
applied to Wt−1.

4.3 Trajectory-based Editing

At the trajectory level, continual edits are modeled
as a sequence of updates over a trajectory. For
t = 1, . . . , T , the model parameters evolve as:

Wt =Wt−1 +∆Wt, (15)

while the memory grows as:

Mt = Mt−1 ∪Bt. (16)

This formulation captures the cumulative effect of
sequential edits.

Since the inner optimization only focuses on
Preq, it cannot ensure global specificity across the
trajectory. To address this, after the trajectory ends
at step T , we evaluate the hypernetwork using the
accumulated memory MT , consisting of general-
ization and specificity probes (Ppara,Pneigh,Pattr).
We define the memory loss for each prompt cate-
gory c ∈ {para, neigh, attr} as the expected nega-
tive log-likelihood:

Lc(MT ;WT ) = E(x,y)∼Pc(MT )[
− logPWT

(y | x)
]
.

(17)

where PWT
(y | x) denotes the probability of gen-

erating y given x under model parameters WT , and
(x, y) is a knowledge tuple with input x = (s, r)
and target y = o. The total trajectory-level objec-
tive is a weighted sum:

Lmem(MT ;WT ) =
∑

c

λcLc(MT ;WT ). (18)

where λc balances generalization and specificity.
This objective evaluates the accumulated param-

eter updates WT generated by the hypernetwork,
measuring both generalization and specificity. Cru-
cially, MT is only used during meta-training, and
no memory is required at inference time.

4.4 Outer Optimization

At the outer level, we perform meta-optimization
over trajectories to learn the hypernetwork initial-
ization. Unlike inner optimization that focuses on
rapid adaptation to the current mini-batch, the outer
optimization aggregates over the trajectory level

and optimizes the hypernetwork based on the final
editing outcome after a sequence of updates.

Based on the trajectory-level memory loss de-
fined above, the objective is:

θ∗ = argmin
θ

EE∼Dtraj

[
Lmem(MT ;WT )

]

s.t. WT =W0 +

T∑

t=1

∆Wt

(19)

where E denotes an editing trajectory sampled
from Dtraj. Here, the inner optimization gener-
ates the sequence of updates ∆Wt, trajectory-based
editing accumulates them into the final model pa-
rameters WT while also accumulating the memory
MT , and the outer optimization updates θ by mini-
mizing the memory loss on all trajectories Dtraj.

This objective evaluates the quality of the entire
editing trajectory rather than the success of an in-
dividual update. By optimizing the hypernetwork
initialization across trajectories, the model learns
generalizable editing strategies that improve speci-
ficity preservation.

5 Experiments

5.1 Experimental Setup

LLM Backbones. We experiment with two rep-
resentative 8B-scale models: LLaMA-3-8B2 and
Mistral-7B-v0.3 (Jiang et al., 2023).

Datasets and Metrics. We train our editor using
trajectories constructed from CounterFact (Meng
et al., 2022), and evaluate continual-editing perfor-
mance on two standard benchmarks, ZsRE (Levy
et al., 2017) and FEVER (Thorne et al., 2018). Fol-
lowing prior work (Mitchell et al., 2022a; Meng
et al., 2022, 2023), we report Efficacy, Generaliza-
tion, and Specificity as evaluation metrics. Dataset
details and metric definitions are provided in Ap-
pendix A.2 and A.3, respectively.

Baselines. We compare against representative
methods (details in Appendix A.1): FT (Zhu
et al., 2021), ROME (Meng et al., 2022),
MEND (Mitchell et al., 2022a), MALMEN (Tan
et al., 2024), DAFNet (Zhang et al., 2024),
MEMIT (Meng et al., 2023), PRUNE (Ma et al.,
2024), RECT (Gu et al., 2024), AlphaEdit (Fang
et al., 2024), and RLEdit (Li et al., 2025).
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Table 1: Comparison of TamEdit and baseline methods on continual editing tasks. Avg is computed by averaging all
six metrics. The best results are highlighted in boldface with a dark background, while the second best results are
marked with a light background. The upper block contains fine-tuning and locate-then-edit methods, and the lower
block contains hypernetwork-based methods. MEND* and MALMEN* retrain their hypernetworks for each new
knowledge edit. † denotes results of baseline methods taken from RLEdit (Li et al., 2025).

Methods

FEVER

LLaMA-3-8B Mistral-7B-v0.3
Avg↑ Time↓

Eff. Gen. Spe. Eff. Gen. Spe.

FT† 1.80 ±0.10 6.39 ±0.17 26.33 ±0.13 17.08 ±0.24 21.57 ±0.30 37.47 ±0.32 18.44 0.3358s
ROME† 38.56 ±0.28 44.53 ±0.29 9.29 ±0.17 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 15.40 2.1662s
MEMIT† 0.18 ±0.02 0.01 ±0.01 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.03 6.3423s
PRUNE† 56.64 ±0.24 43.31 ±0.18 0.85 ±0.05 5.27 ±0.34 3.11 ±0.16 5.89 ±0.23 19.18 6.3356s
RECT† 60.95 ±0.27 52.40 ±0.26 1.75 ±0.07 0.55 ±0.04 0.05 ±0.01 0.00 ±0.00 19.28 6.0486s

AlphaEdit† 94.22 ±0.25 94.14 ±0.18 25.57 ±0.14 32.74 ±0.42 30.03 ±0.29 8.44 ±0.45 47.52 6.2307s

MEND† 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 0.9175s
MEND*† 10.37 ±0.19 9.34 ±0.22 4.88 ±0.24 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 4.10 6.1280s

MALMEN† 0.01 ±0.01 0.01 ±0.01 0.14 ±0.03 16.67 ±0.21 16.61 ±0.18 12.16 ±0.16 7.60 1.9858s
MALMEN*† 5.74 ±0.20 5.29 ±0.13 1.26 ±0.18 17.73 ±0.24 13.30 ±0.27 13.85 ±0.21 9.53 9.3358s

DAFNet† 31.27 ±0.47 28.82 ±0.43 66.55 ±0.41 4.86 ±0.14 4.21 ±0.19 41.71 ±0.48 29.57 8.2553s
RLEdit† 95.34 ±0.34 93.58 ±0.38 70.36 ±0.29 88.99 ±0.22 88.25 ±0.25 73.64 ±0.11 85.03 0.2238s

TamEdit 95.45 ±0.23 93.97 ±0.37 73.92 ±0.52 89.26 ±0.51 88.53 ±0.34 76.25 ±0.45 86.23 0.5523s

Methods

ZsRE

LLaMA-3-8B Mistral-7B-v0.3
Avg↑ Time↓

Eff. Gen. Spe. Eff. Gen. Spe.

FT† 17.10 ±0.22 16.73 ±0.22 8.27 ±0.13 32.84 ±0.30 33.78 ±0.30 42.19 ±0.31 25.82 0.3366s
ROME† 0.54 ±0.04 0.57 ±0.04 0.40 ±0.02 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.25 2.5621s
MEMIT† 0.00 ±0.00 0.00 ±0.00 0.13 ±0.02 0.00 ±0.00 0.00 ±0.00 0.13 ±0.02 0.04 6.0677s
PRUNE† 12.27 ±0.43 12.01 ±0.23 9.88 ±0.29 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 5.69 6.1588s
RECT† 11.05 ±0.41 8.12 ±0.15 28.12 ±0.13 8.18 ±0.33 8.04 ±0.46 11.32 ±0.49 12.47 6.6558s

AlphaEdit† 86.83 ±0.23 81.48 ±0.28 29.09 ±0.22 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 32.90 6.1831s

MEND† 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 0.9686s
MEND*† 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 5.9265s

MALMEN† 9.87 ±0.12 9.00 ±0.09 2.11 ±0.15 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 3.50 2.2779s
MALMEN*† 12.23 ±0.11 11.08 ±0.22 2.43 ±0.09 0.01 ±0.01 0.02 ±0.01 1.25 ±0.04 4.50 9.4277s

DAFNet† 21.99 ±0.47 11.17 ±0.43 32.21 ±0.39 1.25 ±0.08 2.12 ±0.12 25.27 ±0.54 15.67 8.2383s
RLEdit† 89.42 ±0.34 87.32 ±0.23 44.78 ±0.50 71.12 ±0.31 67.42 ±0.27 27.43 ±0.44 64.58 0.2224s

TamEdit 88.92 ±0.28 87.59 ±0.19 51.41 ±0.47 72.56 ±0.21 65.35 ±0.51 35.26 ±0.25 66.85 0.5466s

5.2 Main Results

To evaluate the editor’s ability to incorporate new
facts while preserving existing knowledge, we sam-
ple 8,000 items and divide them into 400 sequential
batches of size 20 (400×20 setting). Starting from
a base model, we apply these batches sequentially
to form continuous update trajectories. We then
evaluate Efficacy, Generalization, and Specificity
on the final model. Results are summarized in Ta-
ble 1. The “Time” column reports average editing
time per knowledge edit, including costs such as
covariance computation or hypernetwork updates.

2https://www.llama.com/models/llama-3/

Table 1 shows that most baselines suffer from
the same issue that specificity degrades as edits
accumulate. While AlphaEdit maintains strong
Efficacy and Generalization, its Specificity drops to
15.78% on average. The strongest baseline, RLEdit,
achieves an average Specificity score of 54.05%
across all datasets. In contrast, our method TamEdit
further improves Specificity by 5.16%. Overall, our
method obtains the best performance, achieving
a good balance among Efficacy, Generalization,
and Specificity. These observations indicate that
TamEdit learns how to preserve specificity rather
than dataset-specific patterns by meta-learning with
three-level optimizations.
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Table 2: Ablation studies on initialization strategies under the 20×100 setting.

Method

LLaMA-3-8B Mistral-7B-v0.3

ZsRE FEVER ZsRE FEVER

Eff. Gen. Spe. Eff. Gen. Spe. Eff. Gen. Spe. Eff. Gen. Spe.

Random Init 51.26 40.06 28.18 53.21 41.52 31.37 47.81 40.24 26.67 47.97 46.27 29.90
SFT Init 47.79 40.88 18.13 46.57 35.63 29.75 46.42 41.89 27.52 45.75 39.62 22.76
TamEdit 88.10 83.41 53.02 93.61 91.79 72.52 73.37 68.13 46.05 94.15 89.86 79.89

Table 3: Ablation on memory composition using
LLaMA-3-8B on ZsRE under the 20×100 setting. Pspe
denotes Pneigh ∪ Pattr.

Memory Eff.↑ Gen.↑ Spe.↑
Ppara + Pspe (Ours) 88.10 83.41 53.02
Preq + Pspe 87.02 ↓1.08 79.26 ↓4.15 54.91 ↑1.89

Pspe 73.74 ↓14.36 69.97 ↓13.44 51.64 ↓1.38

Ppara 56.34 ↓31.76 50.18 ↓33.23 37.71 ↓15.31

Preq 56.67 ↓31.43 47.96 ↓35.45 30.86 ↓22.16

5.3 Further Analyses

Ablation Studies. Table 2 shows that the initial-
ization strategy plays a crucial role in continual
editing. Compared with Random Init and SFT Init,
TamEdit consistently achieves the best overall re-
sults across both backbones and datasets, indicating
that our initialization method provides a stronger
starting point for continual editing. In particular,
TamEdit shows a significant advantage in Speci-
ficity, demonstrating effective resistance to speci-
ficity drift. Meanwhile, it also maintains strong
Efficacy and Generalization, suggesting that the
gain in Specificity does not come at the expense of
editing effectiveness. Regarding memory composi-
tion, we experiment with LLaMA-3-8B on ZsRE,
and the results are shown in Table 3. As discussed
in Section 4.1, Pneigh and Pattr are closely related
to specificity. Therefore, after incorporating Pneigh
and Pattr into the memory, Specificity is substan-
tially improved.

General Capability Preservation. We further
evaluate the general capability of the post-
edited model on six downstream benchmarks:
SST (Socher et al., 2013), MRPC (Dolan and
Brockett, 2005), CoLA (Warstadt et al., 2019),
RTE (Bentivogli et al., 2009), MMLU (Hendrycks
et al., 2021), and NLI (Williams et al., 2018). As
Figure 3 shows, TamEdit preserves the general ca-
pabilities as AlphaEdit and RLEdit. Details are
provided in Appendix C.2.
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Figure 3: Performance of the post-edited model on
downstream tasks used for general capability testing.
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Figure 4: Performance of different methods with various
editing scales.

Effect of Editing Scale. We scale to 15,000 edit-
ing items on ZsRE with different continual-editing
settings (batches × samples/batch): 20×100,
50×100, 100×100, and 150×100. Figure 4 shows
that our method significantly outperforms strong
baselines as AlphaEdit and RLEdit on the Speci-
ficity metric with the growing editing scale, while
maintaining comparable performance in terms of
other metrics. More details are in Appendix C.1.

Adaption to Editing Techniques. Since our hy-
pernetwork produces parameter increments without
modifying backbone weights, it is inherently com-
patible with complementary editing techniques. We
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Figure 5: Comparison of editor variants on LLaMA-3-
8B and Mistral-7B-v0.3 under the 400×20 setting.

Table 4: Effect of edited-layer choices using LLaMA-3-
8B on ZsRE under the 20×100 setting.

Edited Layers Eff. Gen. Spe.

5 88.10 83.41 53.02
6 86.27 82.60 53.32
7 86.80 82.33 49.02

6,7 87.11 82.09 49.31
5,6,7 87.85 83.31 50.70

5,6,7,8 88.40 83.97 48.92

further analyze this extensibility by incorporating
two variants: null-space projection (Fang et al.,
2024) and multi-layer editing. Null-space projec-
tion projects each update ∆W into the null space
of preserved knowledge, preventing interference
with untouched key-value associations. For multi-
layer editing, the hypernetwork applies multiple
FFN layers.

Figure 5 evaluates the performance of various
editors within the framework of our method. Null-
space projection (Ours+Null) improves Specificity,
while this gain comes at the expense of Efficacy and
Generalization. Multi-layer editing (Ours+Multi)
retains Efficacy and Generalization but degrades in
Specificity. The combination (Ours+Multi+Null)
balances well among all editing metrics, showing
the flexibility and potential of our method to in-
corporate more advanced editors. Details are in
Appendix C.3.

Effect of Edited Layers. Table 4 shows the re-
sults of various layer selections. Single-layer edit-
ing at layer 5 achieves high Specificity of about
53% while keeping competitive Efficacy and Gen-
eralization. Conversely, expanding to multiple lay-
ers (e.g., 5–8) yields marginal gains in Efficacy
and Generalization but degrades Specificity due to
increased interference. We thus select layer 5 for
editing in experiments.

6 Conclusions and Future Work

We propose TamEdit, a trajectory-aware meta-
learning method for continual knowledge editing.
By unifying fast inner optimization, trajectory-
based editing, and outer optimization, TamEdit dis-
tills transferable strategies to mitigate specificity
drift over lifelong edits. Future work will explore
the impact of sustained specificity on long-chain
reasoning, scale to larger models, and extend to
broader alignment objectives like safety.

Limitations

While our method demonstrates promising con-
tinual editing performance, its evaluation is cur-
rently confined to standard benchmarks rather than
broader data domains, leaving the behavior of post-
edited LLMs on multi-hop reasoning and com-
plex inference chains underexplored. Moreover,
although our reliance on a low rank assumption
for parameter updates is theoretically sound and
practically effective in the current setting, it may
eventually encounter capacity bottlenecks under
substantially more complex editing tasks. Fully ad-
dressing these capacity constraints, alongside speci-
ficity drift and error accumulation across diverse
knowledge types, remains a critical open challenge
for future work.
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A Detailed Experimental Settings

In this section, we present comprehensive descrip-
tions of our experimental settings, covering six as-
pects: baseline methods, datasets, evaluation met-
rics, GLUE benchmarks, training and optimization
details, and memory construction and sampling
strategies. Experiments were performed on a sin-
gle NVIDIA A800 (80 GB) GPU. Editing time
was recorded using LLMs in half-precision mode.
To better simulate real-world applications, we em-
ployed the instruction tuning versions of LLMs.

A.1 Baseline Methods
The following baseline methods are adopted in this
paper:

• FT-L (Zhu et al., 2021) represents a knowl-
edge editing approach that focuses on fine-
tuning specific layers of the LLM through
autoregressive loss. This baseline was imple-
mented with the hyperparameter settings from
the original paper.

• MEND (Mitchell et al., 2022a) represents an
efficient editing method based on hypernet-
works. By mapping low-rank decomposed
fine-tuning gradients to LLM parameter up-
dates, it trains a hypernetwork to learn pat-
terns in knowledge editing. This approach
enables efficient and localized knowledge edit-
ing. This baseline was implemented with the
hyperparameter settings from the original pa-
per, and training was completed over the en-
tire training set. Moreover, MEND* is in-
troduced as a baseline. To address the mis-
match between the initial hypernetwork and
post-edited LLM in continual editing scenar-
ios, the hypernetwork is periodically retrained
using post-edited parameters. We adopted a
strategy of retraining the hypernetwork every
three editing batches.

• ROME (Meng et al., 2022) represents a
method for updating specific factual as-
sociations in LLM parameters. Through
perturbation-based knowledge localization, it
identifies key neuron activations in MLP lay-
ers, and then modifies MLP layer weights
by computing Lagrange remainders to edit
knowledge. As ROME does not support mas-
sive editing, the original paper’s configuration
was followed and evaluation was conducted
through multiple batches of single editing.

• MEMIT (Meng et al., 2023) represents a
method supporting large-batch knowledge up-
dates. MEMIT extends ROME’s modeling ap-
proach by using least squares approximation
to directly manipulate parameters at specific
layers, thereby enabling multi-layer updates.
Hundreds or thousands of knowledge facts
can thus be simultaneously updated. The per-
formance of MEMIT in continual editing was
assessed using the original configuration from
its paper.

• MALMEN (Tan et al., 2024) represents
a hypernetwork-based method designed for
massive editing. MALMEN employs a least
squares approach to aggregate parameter
shifts across large batches of knowledge, de-
riving optimal parameter shifts by solving nor-
mal equations. This algorithm effectively ad-
dresses knowledge conflicts in massive edit-
ing scenarios. This baseline was implemented
with the original paper’s hyperparameter con-
figuration, and training was completed across
the entire training set. As with MEND, MAL-
MEN* is also introduced as a baseline.

• DAFNet (Zhang et al., 2024) represents a
model editing method specifically designed
for sequential editing. It features a dynamic
auxiliary fusion network, which enhances se-
mantic interactions between knowledge triples
in the sequence, thereby enabling continuous
mistake rectification. Through this auxiliary
network, DAFNet improves the performance
of hypernetwork approaches in sequential edit-
ing tasks. This baseline was implemented
with the original paper’s hyperparameter con-
figuration, and training was completed across
ZsRE and CounterFact datasets.

• PRUNE (Ma et al., 2024) represents an edit-
ing method focused on sequential editing sce-
narios. PRUNE limits the interference of new
knowledge on previously stored model knowl-
edge by imposing conditional restraints on
edited matrices, thus addressing the problem
of model performance decline during multi-
ple continual edits. This baseline was imple-
mented with the hyperparameter configuration
from the original paper.

• RECT (Gu et al., 2024) represents an edit-
ing method designed to minimize the impact
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of editing on LLM’s general capabilities. It
investigates the role of regularization in con-
tinual editing, and prevents editing overfitting
by regularizing weight updates during the edit-
ing process. This approach achieves high edit-
ing performance while maintaining the LLM’s
general capabilities. This baseline was imple-
mented with the hyperparameter configuration
from the original paper.

• AlphaEdit (Fang et al., 2024) represents an
editing method aimed at mitigating knowl-
edge disruption in LLM continual editing. By
introducing the concept of null space, Al-
phaEdit projects parameter updates onto a
knowledge-preserving null space before ap-
plying them, thereby reducing interference
between different knowledge updates. It has
been proven to achieve SOTA performance
across multiple metrics while maintaining
strong transferability. This baseline was im-
plemented with the hyperparameter configura-
tion from the original paper.

• RLEdit (Li et al., 2025) represents a rein-
forced continual editing method specifically
designed for language models. Reinforce-
ment learning is employed to optimize editing
strategies over long-term sequences, thereby
addressing the challenge of catastrophic for-
getting in continual knowledge editing. By
learning to balance immediate editing success
with long-term stability, it achieves improved
specificity while maintaining competitive ef-
ficacy and generalization. This baseline was
implemented with the hyperparameter config-
uration from the original paper.

A.2 Datasets

The datasets employed in this paper are described
below.

• ZsRE (Zero-shot Relation Extraction) (Levy
et al., 2017) dataset functions as a benchmark
dataset in the field of language model editing
research. The dataset’s structure incorporates
three distinct components for each entry: a
primary question and its corresponding an-
swer intended for editing purposes, multiple
paraphrased variations of the original ques-
tion created using back-translation techniques,
and specificity questions that are semantically

unrelated to the original query. This com-
prehensive structure enables researchers to
evaluate model editing performance across
three critical dimensions: accuracy in incor-
porating new information, robustness when
faced with differently worded but semantically
equivalent queries, and precision in main-
taining unrelated knowledge without interfer-
ence. Furthermore, ZsRE intrinsically encom-
passes reasoning complexities beyond simple
fact completion. It formulates relation extrac-
tion as generating answers to natural-language
queries rather than rigid fill-in-the-blank tem-
plates, meaning our method implicitly pre-
serves generative question-answering capabil-
ities. For locate-then-edit methods, the ver-
sion from MEMIT is used; for hypernetwork-
based methods, the version from MEND is
used, where ZsRE is divided into training and
test sets for hypernetwork training and editing
performance evaluation respectively.

• CounterFact (Meng et al., 2022) constitutes
an advanced dataset specifically designed to
evaluate language models’ ability to han-
dle contradictory factual information. The
dataset’s distinctive feature lies in using false
statements that require correction, making
it particularly challenging as models typi-
cally provide incorrect answers before edit-
ing. Each entry of the dataset contains three
elements: an original false statement requir-
ing editing, semantically equivalent rephrased
versions of the statement, and unrelated state-
ments for specificity purposes. For locate-
then-edit methods, the version from MEMIT
is used; for hypernetwork-based methods, the
version from MEMIT is also used and di-
vided into training and test sets, with each
containing approximately 10,000 knowledge
instances.

• FEVER (Fact Extraction and VERification)
(Thorne et al., 2018) dataset constitutes
a comprehensive dataset for fact-checking
tasks, constructed through systematic mod-
ification of Wikipedia content. Claims in
the dataset were created by altering original
Wikipedia sentences and then independently
verified without reference to their source ma-
terial. FEVER’s structure implements a three-
category classification system: claims can be
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marked as Supported, Refuted, or NotEnough-
Info. For claims classified as either Supported
or Refuted, the dataset includes supporting
evidence sentences that justify the classifica-
tion decision. When applied in editing tasks,
the dataset is often simplified to a binary clas-
sification problem, where the editing targets
are equally distributed between two possible
labels (1 and 0), representing the veracity of
the claims. Crucially, FEVER introduces a
highly complex discriminative reasoning sce-
nario. Its strict verification setting creates ex-
tremely narrow semantic boundaries where
minor parameter drifts can catastrophically
flip a logical judgment. TamEdit’s success on
FEVER demonstrates its capability to safe-
guard these nuanced decision-making bound-
aries during edits. For locate-then-edit meth-
ods, the subject is extracted from queries to
adapt to (s, r, o) modeling; for hypernetwork-
based methods, the version from MEND is
used, where FEVER is divided into training
and test sets.

To strictly separate training and evaluation sets,
we use CounterFact as the training set (since
CounterFact contains extensive editing knowledge
and specificity statements, making it suitable for
training a powerful meta-editor), while ZsRE and
FEVER serve purely as evaluation sets without par-
ticipating in training.

Training Set Construction. We construct Coun-
terFact into diverse continual editing tasks to
train the meta-editor’s anti-forgetting and anti-
specificity-drift capabilities. Specifically:

• Mini-batch size: Randomly sampled from
[1, 100] for each mini-batch, simulating vary-
ing editing workloads.

• Trajectory length: Randomly sampled from
[1, 100] mini-batches per trajectory, represent-
ing continual editing processes of different
durations.

• Trajectory pool: We construct a pool of 500
continual editing trajectories with the above
randomization.

• Training procedure: At each outer loop iter-
ation, we randomly select 10 trajectories from
the trajectory pool for meta-optimization.

This diverse trajectory construction exposes the
hypernetwork to various editing scenarios, enabling
it to generalize across different sequential editing
patterns and scales.

A.3 Evaluation Metrics
ZsRE Metrics. We evaluate various model edit-
ing methods on the ZsRE dataset using standard
metrics, in accordance with previous research
(Meng et al., 2022; Mitchell et al., 2022a). Given an
LLM fW , an editing knowledge pair (x, y), equiva-
lent knowledge xe, and unrelated knowledge pairs
(xloc, yloc), where W denotes the model parame-
ters, we specifically examine the following three
metrics:

Efficacy. The success rate of editing knowledge
x in fW is quantified by this metric. When x is
input into fW , it compares the top-1 logits output
y′ = fW(x) with the target output y:

E

{
y = argmax

y′
PfW (y′ |x)

}
. (20)

where PfW (y′|x) denotes the probability distribu-
tion over outputs given input x under model fW .

Generalization. For equivalent knowledge xe in
fW , this metric quantifies the editing success rate.
It evaluates whether the LLM has truly learned the
intrinsic relationships of the knowledge and can
extend to other equivalent knowledge. When xe is
input into fW , we compare the top-1 logits output
y′ = fW(xe) with the target output y:

E

{
y = argmax

y′
PfW (y′ |xe )

}
. (21)

Specificity. After editing, this metric quantifies
the retention rate of unrelated knowledge xloc, ex-
amining whether the knowledge editing only modi-
fies the target knowledge and maintains specificity.
When xloc is input into fW , we compare the top-
1 logits output y′ = fW(xloc) with the original
output yloc:

E

{
yloc = argmax

y′
PfW (y′ |xloc )

}
. (22)

FEVER Metrics. On the FEVER dataset, we
also evaluate various model editing methods us-
ing standard metrics. Given an LLM fW , an edit-
ing knowledge pair (x, y), equivalent knowledge
xe, and unrelated knowledge pairs (xloc, yloc), we
specifically examine the following three metrics:
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Efficacy. In fW , this metric quantifies the suc-
cess rate of editing knowledge x. When x is input
into fW , it compares whether the top-1 logits out-
put y′ = fW(x) matches the target output y:

E

{
y = argmax

y′
PfW (y′ |x)

}
. (23)

Generalization. For equivalent knowledge xe in
fW , this metric quantifies the editing success rate.
When xe is input into fW , we compare whether the
top-1 logits output y′ = fW(xe) matches the target
output y:

E

{
y = argmax

y′
PfW (y′ |xe )

}
. (24)

Specificity. After editing, this metric quanti-
fies the retention rate of unrelated knowledge xloc.
When xloc is input into fW , we compare whether
the top-1 logits output y′ = fW(xloc) matches the
original output yloc:

E

{
yloc = argmax

y′
PfW (y′ |xloc )

}
. (25)

A.4 GLUE Benchmark
The GLUE (General Language Understanding
Evaluation) benchmark provides a collection of
resources for training, evaluating, and analyzing
natural language understanding systems. From this
benchmark, we selected 6 metrics to assess how
well general language capabilities are maintained
by different methods.

• Stanford Sentiment Treebank (SST) con-
sists of movie review sentences along with
their associated sentiment labels. This binary
classification task requires models to catego-
rize the sentiment expressed in each individual
sentence.

• Massive Multi-task Language Understand-
ing (MMLU) serves as a comprehensive
benchmark designed for assessing language
models’ capabilities across multiple domains.
It specifically evaluates model performance in
zero-shot and few-shot learning scenarios.

• Microsoft Research Paraphrase Corpus
(MRPC) is a benchmark used for evaluating
semantic similarity. In this task, models are
challenged to identify whether two given sen-
tences convey the same meaning.

Table 5: Meta-learning training configuration.

Parameter Value

Outer Optimization
Outer steps 1000
Outer learning rate 5× 10−3

Episodes per outer step 10

Inner Optimization
Inner steps 3
Inner Learning Rate 1.0

Model Configuration
Edited layer 5
Rank (ρ) 4
L2 regularization weight (λ) 0.5

• Recognizing Textual Entailment (RTE) fo-
cuses on examining logical relationships be-
tween sentences. This task requires models to
determine whether a given premise sentence
logically implies a hypothesis sentence.

• Corpus of Linguistic Acceptability (CoLA)
centers on grammatical judgment. Sentences
extracted from linguistics publications are
used in this single-sentence classification task,
which requires models to distinguish between
grammatically acceptable and unacceptable
sentences.

• Natural Language Inference (NLI) is de-
signed to evaluate natural language under-
standing capabilities. This benchmark re-
quires models to analyze sentence pairs and
determine their logical relationships.

A.5 Training and Optimization Details

We provide comprehensive training and optimiza-
tion settings for reproducibility.

Meta-Training Configuration. Table 5 summa-
rizes the key hyperparameters.

Chunked Backward for Memory Efficiency.
To avoid out-of-memory (OOM) issues when com-
puting gradients over large memory sets, we im-
plement a chunked backward mechanism. Instead
of computing the loss over all prompts simulta-
neously (which would require storing a massive
computation graph), we divide the prompts into
small chunks (chunk size = 50 prompts). Each
chunk computes its loss independently and imme-
diately performs backward propagation to release
activation values. The gradients are accumulated
across chunks with proper weighting: each chunk’s
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contribution is weighted by actual_chunk_size
total_prompts to en-

sure correct gradient aggregation. This engineer-
ing optimization significantly reduces GPU mem-
ory consumption while maintaining mathematically
equivalent gradient computation.

Scalability and Deployability. TamEdit ab-
stracts a universal optimization strategy via meta-
learning, establishing a highly scalable general
framework ready for adaptation to diverse domains.
From a deployability perspective, the offline meta-
training phase incurs strictly a one-time preparation
cost. The trained hypernetwork introduces only
≈82.9M parameters, greatly facilitating its deploy-
ment into production systems. During online infer-
ence, TamEdit operates efficiently without memory
tracking or retrieval overheads, achieving a highly
deployable inference time of roughly 0.55s per edit
while effectively mitigating specificity drift.

Computational Costs and Resource Require-
ments. To transparently assess overhead, we pro-
filed computational costs under the exact same
hardware setting (1× A800 80GB GPU, LLaMA-
3-8B). As shown in Table 6, while TamEdit re-
quires higher Peak VRAM and training time owing
to trajectory simulation, this is strictly a tractable
one-time offline preparation cost. Online inference
is highly efficient (0.55s/edit) since it requires no
complex optimization or memory tracking, mark-
ing a pragmatic trade-off for sustaining long-term
specificity across thousands of edits.

Table 6: Computational profiling of hypernetwork-
based methods (1× A800 80GB, LLaMA-3-8B).

Method Peak VRAM (GB) Training Time (s) Inference Time / Edit (s) Params (M)

MEND 30.22 24,369 0.91 142.92
RLEdit 32.97 4,151 0.22 153.72
TamEdit 77.28 33,961 0.55 82.92

Rationale for the Low-Rank Assumption.
Methodologically, we treat each editing batch as a
distinct task. Introducing a hypernetwork to gen-
erate a unique parameter shift ∆W for each batch
is optimally accomplished via low-rank decompo-
sition. Theoretically, research on intrinsic dimen-
sion (Aghajanyan et al., 2021) and LoRA (Hu et al.,
2022) establishes that LLMs acquire new knowl-
edge within a low-rank subspace. Specifically for
knowledge editing, ROME locates and updates fac-
tual associations precisely within the low-rank sub-
space of FFN matrices, a principle successfully
leveraged by existing hypernetwork methods to
achieve high efficacy.

Algorithm 1 Three-Level Optimization in TamEdit
Require: Trajectory distribution Dtraj, editor parameters θ,

base model weights W0

Ensure: Trained editor θ∗

1: for each outer step do
2: Sample a trajectory E = (B1, . . . , BT ) ∼ Dtraj
3: Initialize W ←W0,M← ∅

▷ Trajectory-based Editing
4: for t = 1 to T do
5: Take the current mini-batch Bt

▷ Inner Optimization
6: Construct embeddings Zt from Preq(Bt)
7: Use editor θ to generate the low-rank update ∆Wt

8: Optimize editor on Linner(Bt)
9: W ←W +∆Wt

10: M←M∪Bt

11: end for
▷ Outer Optimization

12: Compute Lmem(M;W ) using Ppara, Pneigh, and Pattr
13: Update θ by minimizing Lmem(M;W )
14: end for
15: return θ∗

Optimization Procedure. Algorithm 1 summa-
rizes the complete three-level optimization process
of TamEdit.

A.6 Memory Construction and Sampling
Memory Prompt Types. The memory M ac-
cumulates knowledge items from processed mini-
batches. For each knowledge item k, we construct
four types of prompts:

• Requested Rewrite (Preq): The original edit-
ing prompt with target answer o∗. Used in
inner loop optimization.

• Paraphrase (Ppara): Semantically equivalent
reformulations of the original prompt (typi-
cally 10 per item). Tests generalization to
varied phrasings.

• Neighborhood (Pneigh): Prompts about dif-
ferent entities that should retain their original
answers. Tests specificity preservation.

• Attribute (Pattr): Prompts about different en-
tities that should retain their post-edit answers.
Tests specificity.

Stability Analysis. Table 9 shows that our
method is robust to memory sampling random-
ness, with 50% sampling achieving the best Speci-
ficity (53.02%) while maintaining high Efficacy
(88.10%).

A.7 T-SNE Visualization Experiment
To illustrate the consequences of greedy accumu-
lation in continual editing, we design a probing

21433



experiment. We construct 2,000 template prompts
of the form “the mother tongue of person_i
is target0.” and apply a sequence of 100 ed-
its, including both entity-neighborhood modifica-
tions (e.g., “the mother tongue of celebrity_j is
target1.”) and attribute modifications (e.g., “the
nationality of person_i is target2.”). For each
probe, we extract the last-layer hidden states of
LLaMA-3-8B before and after editing.

By visualizing these representations using T-
SNE, we observe a clear contrast: Figure 1 (b)
shows that AlphaEdit (greedy editing) induces sub-
stantial representation drift, whereas our trajectory-
optimized editor effectively mitigates such drift,
preserving the original representation distribution
and preventing specificity drift.

A.8 Automated Prompt Synthesis Pipeline

For deployment in real-world domains lacking pre-
defined Pneigh and Pattr sets, we implement an au-
tomated synthesis pipeline. Auxiliary prompts are
efficiently generated via few-shot LLM prompting
(e.g., generating unrelated facts about the target
subject). These synthesized prompts directly form
the episodic test sets used during meta-training
to evaluate and preserve specificity. Leverag-
ing LLMs to synthesize such training and eval-
uation data is a proven practice that readily ex-
tends TamEdit to arbitrary domains beyond stan-
dard benchmarks.

B Dataset Visualization and Editing
Examples

B.1 Dataset Item Examples

We provide representative examples from each
dataset to illustrate their structure. Figure 6
presents a visual overview of the three datasets
used in our experiments, highlighting their distinct
characteristics and evaluation components.

CounterFact. CounterFact provides counter-
factual editing targets with comprehensive eval-
uation prompts. Each entry contains: (1) a re-
quested rewrite specifying the edit target (e.g.,
changing “Philadelphia” to “Tokyo”), (2) para-
phrase prompts for generalization testing, (3) neigh-
borhood prompts about different entities for speci-
ficity evaluation, and (4) attribute prompts for test-
ing consistency with related knowledge.

FEVER. FEVER presents fact verification as
three-class classification. Each entry includes: (1) a

prompt stating a claim to be verified, (2) equivalent
prompts that are semantically identical reformula-
tions, (3) the correct answer (ans) which is either
“Supported”, “Refuted”, or “NotEnoughInfo”, and
(4) an unrelated prompt for specificity testing.

ZsRE. ZsRE focuses on question-answering
style knowledge editing. Each entry contains: (1)
a source question (src) and its predicted answer
(pred), (2) a rephrase question for generalization,
(3) an alternative answer (alt) representing the edit-
ing target, and (4) a specificity question-answer
pair (loc, loc_ans) for specificity evaluation.

Analysis on Specificity Margins. The difference
in improvement margins between ZsRE (+6.63%)
and FEVER (+3.56%) stems from their distinct out-
put spaces. As an open-ended generative QA task
spanning the entire vocabulary, ZsRE possesses
an inherently lower baseline specificity, offering
a larger optimization margin for TamEdit to cor-
rect drifting outputs. Conversely, FEVER’s strict
verification task already achieves higher baseline
specificity (e.g., 70.36% for RLEdit), suggesting
a ceiling effect where remaining errors represent
highly entangled, harder-to-decouple representa-
tions.

B.2 The Type of Evaluation Datasets

We explain the semantic meaning and evaluation
purpose of each dataset type used in knowledge
editing.

Requested Rewrite (Preq). The primary editing
target. Given a knowledge triplet (s, r, o∗), the
rewrite prompt instantiates the relation template
with the subject, expecting the model to output the
new target o∗.

• Purpose: Measures Efficacy—whether the
edit successfully changes the model’s output.

• Example: “Kurupt was born in” → “Tokyo”
(edited from “Philadelphia”)

Paraphrase Dataset (Ppara). Semantically
equivalent reformulations of the original prompt
that should yield the same edited answer.

• Purpose: Measures Generalization—whether
the model generalizes the edit to varied phras-
ings.

• Example: “Kurupt is native to” → “Tokyo”
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CounterFact Dataset Example
{
    "case_id": 13032,
    "requested_rewrite": {
        "prompt": "{} was born in",
        "subject": "Kurupt",
        "target_new": {"str": "Tokyo"},
        "target_true": {"str": "Philadelphia"}
    },
    "paraphrase_prompts": [
        "Kurupt is native to",
        "Kurupt originated from"
    ],
    "neighborhood_prompts": [
        "Derek George was born in",
        "Dick Molpus originated from"
    ],
    "attribute_prompts": [
        "Shigeru Ban was native to",
        "Matsunaga Teitoku was born in"
    ]
}

FEVER Dataset Example

{

    "prompt": "Reign Over Me was released in 2017.",

    "equiv_prompt": [

        "Reign Over Me was published in 2017.",

        "Reign Over Me was launched in 2017."

    ],

    "ans": "REFUTES",

    "alt": "SUPPORTS",

    "unrel_prompt": "Right atrioventricular valve lies between the left atrium and the left ventricle.",

    "subject": "Reign Over Me"

}

ZsRE Dataset Example

{

    "subject": "Marlin Schneider",

    "src": "Which was the position that Marlin Schneider held?",

    "pred": "member of the Wisconsin State Assembly",

    "rephrase": "What's the position of Marlin Schneider?",

    "alt": "member of the Minnesota House of Representatives",

    "loc": "nq question: what's the dwarf's name in game of thrones",

    "loc_ans": "Tyrion Lannister"

}

Figure 6: Complete data structures of the three knowledge editing datasets used in our experiments. The figure
displays the exact JSON format for each dataset: CounterFact (top) contains case-specific editing requests
with comprehensive evaluation prompts; FEVER (middle) provides fact verification instances with three-class
classification labels (Supported, Refuted, or NotEnoughInfo); ZsRE (bottom) presents question-answering format
edits with rephrasing and specificity components.

Neighborhood Dataset (Pneigh). Prompts about
different entities that should retain their original
(pre-edit) answers.

• Purpose: Measures Specificity—whether un-
related knowledge remains unchanged.
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Table 7: Expected targets for different prompt types.

Prompt Type Target Metric

Preq o∗ (new) Efficacy
Ppara o∗ (new) Generalization
Pneigh os′ (original) Specificity
Pattr o∗ (new) Specificity
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Figure 7: Efficacy-Specificity trajectory from 2k to
15k edits. TamEdit (red stars) remains in the high-
performance region (top-right), while other methods
drift towards lower specificity or efficacy.

• Example: “Derek George was born in” →
original answer (not “Tokyo”)

Attribute Dataset (Pattr). Prompts about differ-
ent entities that should retain their post-edit an-
swers.

• Purpose: Measures Specificity—whether un-
related knowledge remains unchanged.

• Example: “Shigeru Ban was native to” →
“Tokyo” (should remain correct after editing
Kurupt’s birthplace)

Summary of Evaluation Targets. Table 7 sum-
marizes the expected outputs for each type of
dataset.

C Supplementary Experimental Results

C.1 Results on Different Editing Scales

Table 12 presents the detailed performance of all
methods across different editing scales. Figure 7
shows the Efficacy-Specificity trajectory from 2k
to 15k edits, confirming TamEdit stays in the high-
performance region.

C.2 Results on General Capabilities

Table 13 presents the detailed performance of gen-
eral capabilities on the ZsRE dataset under the
30×100 setting.

C.3 Detailed Results on Ablation Studies

Hypernetwork Architecture Design. We evalu-
ated purely feed-forward n-layer MLPs (configured
with 1, 3, and 5 layers of sequential Linear-GELU-
Dropout blocks without residual connections) to de-
termine the optimal structure for learning updates
(LLaMA-3-8B, 1× A800 80GB GPU, 400×20).
As shown in Table 8, the 1-layer MLP fails to
converge due to insufficient capacity for univer-
sal strategies. While the 5-layer network provides
marginal specificity gains, it exhibits slight degra-
dation in efficacy and generalization. Consequently,
we employ a 3-layer MLP, which achieves the best
balance and remains easier to optimize alongside
our meta-learning framework.

Table 8: Ablation of hypernetwork architectures
(LLaMA-3-8B, 400×20).

Architecture Eff. Gen. Spe.

1-Layer MLP Failed (Non-Convergence)
3-Layer MLP (Ours) 95.41 93.90 73.85
5-Layer MLP 95.29 93.01 73.94

Effect of Discount Factor γ. The parameter
γT−t in Eq. 19 dictates the penalty strength against
specificity errors accumulating at the terminal end
of the trajectory. Table 10 analyzes this component.
Lower values (γ = 0.5) under-penalize late-stage
interference, dropping Specificity. A rigid sum
(γ = 1.0) limits parameter plasticity, hurting Gen-
eralization. The chosen γ = 0.9 yields the optimal
adaptation-retention trade-off.

Impact of Memory Randomness. Table 9 shows
the impact of memory randomness on editing per-
formance.

Extensibility Analysis. Table 11 presents the de-
tailed data for the radar chart comparison of editor
variants (Figure 5).

Robustness to Complex Edits. We further ana-
lyze TamEdit under more complex editing scenar-
ios. Randomized edit scales during meta-training
improve its robustness to both sparse edits and het-
erogeneous edits. For conflicting edits, the bilevel
optimization framework helps resolve collisions:
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Table 9: Impact of memory randomness on LLaMA-3-
8B (ZsRE, 20×100).

Randomness Eff. Gen. Spe.

10% 86.62 79.71 31.92
20% 87.39 80.26 37.70
30% 87.71 82.19 46.21
40% 86.15 81.28 50.82
50% 88.10 83.41 53.02

Table 10: Ablation of discount factor γ on LLaMA-3-
8B.

Discount Factor Eff. Gen. Spe.

γ = 0.5 94.53 93.12 72.97
γ = 0.9 (Ours) 95.41 93.90 73.85
γ = 1.0 94.20 91.35 74.52

the inner loop prioritizes adapting to the current
edit, while the outer meta-objective encourages pre-
serving knowledge unrelated to the current edits.
These results further demonstrate that TamEdit can
maintain specificity under more realistic and chal-
lenging continual editing settings.
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Table 11: Performance of editor variants on LLaMA-3-8B and Mistral-7B-v0.3 under the 400×20 setting.

Model Ours Ours+Null Ours+Multi Ours+Multi+Null

Eff. Gen. Spe. Eff. Gen. Spe. Eff. Gen. Spe. Eff. Gen. Spe.

LLaMA-3-8B 88.90 87.56 51.43 83.26 79.36 55.92 89.92 86.62 46.16 88.51 84.16 51.89
Mistral-7B-v0.3 72.51 65.62 35.11 68.38 64.87 40.80 75.08 66.85 32.40 73.24 65.91 37.27

Table 12: Detailed performance comparison across different editing scales (20×100 to 150×100). GC denotes
General Capability. †Results of baseline methods are taken from RLEdit (Li et al., 2025).

Scale Method Eff. Gen. Spe. GC

20×100 (2k)

MEND† 0.00 0.00 0.00 3.00
AlphaEdit† 94.47 91.13 32.55 61.00
RLEdit† 88.65 83.91 47.61 61.00
RECT† 86.02 81.81 32.04 20.00
TamEdit (Ours) 88.10 83.41 53.02 61.00

50×100 (5k)

MEND† 0.00 0.00 0.00 1.00
AlphaEdit† 93.76 88.65 31.71 60.50
RLEdit† 85.46 80.68 43.35 61.00
RECT† 0.07 0.07 1.34 0.00
TamEdit (Ours) 85.15 81.11 50.57 61.00

100×100 (10k)

MEND† 0.00 0.00 0.00 0.00
AlphaEdit† 89.60 86.75 30.96 50.00
RLEdit† 86.45 83.07 41.96 61.00
RECT† 0.08 0.08 1.36 0.00
TamEdit (Ours) 87.12 82.50 47.14 60.00

150×100 (15k)

MEND† 0.00 0.00 0.00 0.00
AlphaEdit† 84.43 78.28 28.48 47.00
RLEdit† 87.81 85.13 40.98 60.00
RECT† 0.02 0.03 1.02 0.00
TamEdit (Ours) 87.37 85.65 47.33 60.00
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Table 13: Detailed performance of general capabilities (F1 Score) on ZsRE under the 30×100 setting. MEND*
retrains its hypernetwork for each new knowledge edit. †Results of baseline methods are taken from RLEdit (Li
et al., 2025).

Method SST MRPC CoLA RTE MMLU NLI

RLEdit†

Step 0 0.83 0.68 0.77 0.28 0.57 0.66
Step 1 0.80 0.68 0.85 0.27 0.56 0.65
Step 2 0.81 0.67 0.75 0.27 0.54 0.66
Step 3 0.80 0.67 0.76 0.27 0.54 0.66
Step 4 0.80 0.67 0.74 0.27 0.55 0.64
Step 5 0.86 0.68 0.75 0.28 0.54 0.66
Step 6 0.86 0.70 0.77 0.28 0.55 0.67

AlphaEdit†

Step 0 0.83 0.68 0.77 0.28 0.57 0.66
Step 1 0.82 0.69 0.78 0.26 0.52 0.69
Step 2 0.81 0.69 0.76 0.32 0.58 0.67
Step 3 0.87 0.73 0.74 0.30 0.59 0.62
Step 4 0.86 0.71 0.76 0.29 0.58 0.63
Step 5 0.85 0.69 0.74 0.27 0.57 0.63
Step 6 0.82 0.69 0.72 0.26 0.49 0.62

RECT†

Step 0 0.83 0.68 0.77 0.28 0.57 0.66
Step 1 0.80 0.68 0.78 0.38 0.56 0.69
Step 2 0.81 0.64 0.80 0.30 0.56 0.67
Step 3 0.87 0.39 0.75 0.27 0.53 0.61
Step 4 0.24 0.15 0.18 0.28 0.03 0.30
Step 5 0.00 0.00 0.00 0.04 0.00 0.00
Step 6 0.00 0.00 0.00 0.00 0.00 0.00

Method SST MRPC CoLA RTE MMLU NLI

PRUNE†

Step 0 0.83 0.68 0.77 0.28 0.57 0.66
Step 1 0.79 0.67 0.74 0.28 0.50 0.69
Step 2 0.81 0.66 0.77 0.31 0.54 0.63
Step 3 0.70 0.52 0.66 0.30 0.34 0.68
Step 4 0.00 0.00 0.00 0.00 0.00 0.00
Step 5 0.00 0.00 0.00 0.00 0.00 0.00
Step 6 0.00 0.00 0.00 0.00 0.00 0.00

MEND*†

Step 0 0.83 0.68 0.77 0.28 0.57 0.66
Step 1 0.00 0.00 0.00 0.00 0.00 0.00
Step 2 0.00 0.00 0.00 0.00 0.00 0.00
Step 3 0.00 0.00 0.00 0.00 0.00 0.00
Step 4 0.00 0.00 0.00 0.00 0.00 0.00
Step 5 0.00 0.00 0.00 0.00 0.00 0.00
Step 6 0.00 0.00 0.00 0.00 0.00 0.00

TamEdit (Ours)
Step 0 0.83 0.68 0.77 0.28 0.57 0.66
Step 1 0.82 0.65 0.78 0.31 0.59 0.65
Step 2 0.85 0.66 0.78 0.30 0.57 0.66
Step 3 0.85 0.68 0.79 0.31 0.57 0.66
Step 4 0.83 0.67 0.77 0.29 0.58 0.65
Step 5 0.82 0.67 0.79 0.29 0.59 0.63
Step 6 0.84 0.68 0.77 0.26 0.56 0.64
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