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Abstract

Knowledge editing aims to update factual
knowledge in language models without full
retraining. However, edits should also prop-
agate to downstream queries that require com-
bining the edited fact with other knowledge,
such as multi-hop queries. Existing approaches
address this propagation problem with more
elaborate edit-time procedures, through aug-
mented reasoning examples or external edit-
ing modules. In this work, we take a differ-
ent approach: we meta-learn model parame-
ters from which simple edits are more likely
to propagate. We propose LEAP (Learning
Edit-Adaptable Parameters), a MAML-based
framework that learns edit-adaptable parame-
ters such that simple gradient-based fine-tuning
on new single-hop facts improves answers to
their multi-hop consequences. Experiments
on MQuAKE show that LEAP consistently
improves over standard LoRA editing and
achieves a favorable accuracy—efficiency trade-
off compared with representative knowledge-
editing baselines. Further analysis suggests
that LEAP makes bridge entities more accessi-
ble and strengthens the bridge-to-answer tran-
sition needed for multi-hop reasoning. These
results suggest a new direction for improving
edit propagation: preparing the model itself to
be more amenable to propagation-friendly up-
dates, rather than relying only on increasingly
complex edit-time procedures.!

1 Introduction

Large language models (LLMs) acquire substan-
tial factual knowledge during large-scale pretrain-
ing (Petroni et al., 2019; Chang et al., 2024). How-
ever, such parameterized knowledge can become
outdated or incorrect after deployment and is dif-
ficult to update selectively. Knowledge editing
addresses this problem by efficiently modifying
a model’s behavior with respect to specific facts

!Code is available at https: //github.com/mynlp/LEAP.
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Figure 1: Overview of LEAP. Standard knowledge edit-
ing often fails to propagate an edit to related multi-hop
questions. LEAP meta-learns edit-adaptable parameters
so that, after the same single-hop edit, the edited model
updates the downstream multi-hop answer as well.

without full retraining while preserving unrelated
behavior (De Cao et al., 2021; Mitchell et al., 2022;
Wang et al., 2024b). Yet successful editing requires
more than recalling the edited fact itself: when a
fact changes, its downstream consequences should
change as well. For example, after editing where
EMNLP will take place, the answer to “What is the
currency of the country where EMNLP will take
place?” should change accordingly (see Figure 1).
This is challenging because the model must com-
bine the edited fact with other relational knowledge.
This ability, often referred to as portability or edit
propagation, remains a major challenge (Yao et al.,
2023; Zhong et al., 2023; Cohen et al., 2024).
Existing approaches typically improve propa-
gation by making the edit-time procedure more
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elaborate, e.g., by adding augmented reasoning
examples (Yao et al., 2025b) or auxiliary editing
modules (Liu et al., 2025). In contrast, we view
edit propagation as a property of the model that
can be improved before editing. Rather than mak-
ing the editing algorithm more complex, our goal
is to obtain a model that is intrinsically more edit-
adaptable. After being edited using only single-hop
examples, such a model should not only recall the
edited fact, but also use it as part of downstream
tasks, including multi-hop reasoning.

We propose LEAP (Learning Edit-Adaptable
Parameters), a MAML (Finn et al., 2017)-based
meta-learning framework to acquire such edit-
adaptable parameters (Section 4). During meta-
training, synthetic multi-hop data is used to train
the model on single-hop edits in the inner loop,
while the outer loop optimizes the pre-edit param-
eters to answer corresponding multi-hop queries
correctly. Subsequent test-time editing relies solely
on ordinary gradient-based updates of the target
facts, making it lightweight overall.

We evaluate LEAP on MQUAKE (Zhong et al.,
2023), a benchmark for multi-hop edit propagation.
As MQuAKE does not provide meta-training tasks,
we construct synthetic tasks whose entities and
relations are disjoint from those in evaluation. This
tests whether LEAP generalizes edit-propagation
beyond the facts seen during meta-training.

In our experiments, we instantiate the editable
parameters with LoRA (Hu et al., 2022) and eval-
uate on Llama3-8B-Instruct (Dubey et al., 2024)
and Qwen2.5-7B-Instruct (Yang et al., 2025). Even
when the meta-learned parameters are limited to
lightweight LoRA adapters, LEAP substantially im-
proves multi-hop propagation over ordinary LoRA
under the same test-time editing procedure. It
also performs competitively against representative
knowledge editing methods while using only single-
hop edit supervision at test time. These results
show that edit propagation can be improved not
only by designing more complex edit-time algo-
rithms, but also by improving the model’s ability
to adapt from simple edit updates (Section 5).

We further analyze whether LEAP improves the
internal computation needed for multi-hop edit
propagation, rather than merely increasing final-
answer accuracy. Using activation patching (Zhang
and Nanda, 2024) and Logit Lens (nostalgebraist,
2020), we find that LEAP makes bridge entities
more accessible in middle layers and promotes fi-
nal answers in later layers (Section 6).

Our contributions are as follows:

* We introduce a new direction for improv-
ing edit propagation: preparing models them-
selves to be more amenable to propagation-
friendly updates. We instantiate this idea with
LEAP, a MAML-based framework that learns
edit-adaptable parameters.

* We construct synthetic meta-training tasks
whose entities and relations are disjoint from
those in MQUAKE evaluation, and show
that LEAP achieves a favorable accuracy—
efficiency trade-off against existing methods.

* We provide further analyses showing that
LEAP’s improvements are accompanied by
stronger bridge-to-answer dynamics in the
edited model.

2 Related Work

Knowledge editing. Knowledge editing aims to
update specific factual associations in language
models while preserving unrelated knowledge.
Representative parameter-editing methods include
ROME (Meng et al., 2022), MEMIT (Meng et al.,
2023), and AlphaEdit (Fang et al., 2025), which
directly modify model parameters to incorporate
new facts. Although these methods can achieve
strong single-hop edit success, this does not neces-
sarily imply that their downstream consequences
are propagated (Zhong et al., 2023; Cohen et al.,
2024).

Edit propagation. MQuAKE (Zhong et al,
2023) introduced a benchmark for evaluating
whether knowledge edits propagate across multi-
hop questions. Subsequent work has proposed
data-driven strategies for improving propagation,
including retrieval-based editing (Shi et al., 2024),
question decomposition (Gu et al., 2024; Lee et al.,
2025; Simon and Ewetz, 2025), chain-of-thought
prompting (Cohen et al., 2024; Wang et al., 2025),
decoding-time correction (Sun et al., 2024), and
circuit-aware data augmentation as in CaKE (Yao
et al., 2025b).

On the model side, learning-to-edit approaches
like MEND (Mitchell et al., 2022) learn auxil-
iary networks that transform fine-tuning gradients,
while LTE (Jiang et al., 2024) trains LLMs to ap-
ply updated knowledge and uses retrieval-based
inference. Most closely related to our work, Prop-
MEND (Liu et al., 2025) meta-learns a hypernet-
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work that transforms gradients for knowledge prop-
agation. However, generalization to unseen rela-
tions and entities remains challenging. Our method,
LEAP, is similar in spirit, but differs in what is
meta-learned: rather than learning an auxiliary ed-
itor, LEAP makes model parameters themselves
edit-adaptable, such that single-hop edits propagate
effectively. As a result, test-time editing remains
a simple procedure, without propagation-specific
supervision or additional reasoning mechanisms.

Internal mechanisms of multi-hop reasoning.
Recent work suggests that multi-hop reasoning in
language models often involves intermediate bridge
entities, although models may fail to use them reli-
ably or instead exploit factual shortcuts (Yang et al.,
2024; Ju et al., 2024). Other analyses suggest that
multi-hop failures can arise when models access
bridge entities too late or fail in later relational ex-
traction stages (Biran et al., 2024; Yu et al., 2025).
Motivated by these findings, we examine whether
LEAP makes bridge entities and final answers more
accessible after editing.

3 Knowledge Edit Propagation

We first formalize the problem of knowledge edit
propagation. Let py denote a language model pa-
rameterized by 8, which defines a conditional distri-
bution over output sequences given an input query
q. For evaluation, the model’s answer is obtained
by greedy decoding from py(- | q).

A knowledge edit specifies one or more factual
associations that should hold after editing, regard-
less of whether they replace prior associations or
introduce new ones. We represent a set of edits as

E = {¢;}}

_j:17 Gj == (Sjarj70;)7 (1)

where s; is a subject entity, r; is a relation, and o}
is the target object that should be associated with
(sj,7;) after editing. If an old object o, is already
associated with (s;,7;), the edit corresponds to
updating o; to of. If no previous association is
assumed, the edit corresponds to adding a new fact.

In this work, we focus on parameter-updating
knowledge editing methods. Such a method takes
the original parameters 6 and the edit set E, and
returns edited parameters

0 = Edit(0, F). 2)
The edited model pyr is expected to reflect the target

facts {(s;, 75, oj)}j-vﬁl while preserving unrelated
knowledge.

One basic requirement for an edited model is
single-hop edit success: the model should answer
queries that directly ask about the edited facts. Let

Quop=1(E) = {(gi,a) 5= (3)

be a set of single-hop queries whose answers
are determined directly by the edited facts. For
example, if an edit specifies that EMNLP will
take place in Hungary, a single-hop query may
ask, “Where will EMNLP take place?” For each
(gisa;) € Qnop=1(F), the answer decoded from
per(- | i) is expected to match a;, where a; is
typically the corresponding edited object.

However, edits often have consequences beyond
single-hop recall. We define multi-hop edit propa-
gation as the ability of the edited model to answer
queries whose answers should change as a conse-
quence of multi-hop reasoning. Let

Quopz2(E) = {(gi,a) 1572 ()

be a set of multi-hop queries affected by the edits
E. Each multi-hop query requires using one or
more edited facts together with other knowledge.
For example, if an edit specifies that EMNLP will
take place in Hungary, a multi-hop query may ask,
“What is the currency of the country where EMNLP
will take place?” In a multi-edit setting, a query
may require composing several edited facts along a
reasoning chain. The expected answer is therefore
not necessarily one of the edited objects 0;, but a
consequence derived from the edited facts and addi-
tional knowledge. For each (¢;, a;) € Qnop>2(E),
the answer decoded from py/ (- | ¢;) is expected to
match a;, where a; denotes the multi-hop answer
implied by the edits.

This requirement is more challenging than
single-hop edit success. To answer such queries,
the edited model must not only recall the edited
facts, but also use them to identify intermediate
bridge entities, integrate these entities with exist-
ing relational knowledge, and compose the result-
ing information across multiple hops. Knowledge
edit propagation therefore tests whether an edit can
influence the model’s downstream use of related
knowledge, rather than merely whether the edited
fact can be recalled in isolation.

4 Learning Edit-Adaptable Parameters

4.1 Meta-learning Objective

We propose LEAP (Learning Edit-Adaptable Pa-
rameters), a meta-learning approach for learn-
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ing parameters that are amenable to edit propa-
gation. LEAP is designed so that ordinary gradient-
based fine-tuning on new single-hop facts also im-
proves the model’s answers to related multi-hop
queries. At test time, given an edit set F, the edit-
ing procedure only has access to the single-hop
queries Qnop—1(F), while the multi-hop queries
Qnop>2(F) are not available. Therefore, we formu-
late meta-training to mirror this setting: the model
is updated using only single-hop queries, while the
quality of the resulting edited model is evaluated
on multi-hop queries.

Let 0 denote the editable parameters of the lan-
guage model py. The editable parameters can be
either the full parameters of a pretrained model or
a parameter-efficient subset, such as lightweight
adapter parameters. For each edit set ', we update
the model using only Qnop—1(F). The single-hop
loss is defined as

Lhop—1(E;0)=— > logpslalq). (5)
(qia)EQhopzl(E)

Starting from the current parameters 6, applying
the editing procedure to this loss produces edited
parameters 0. Conceptually, Doy, is the model
obtained after fitting the direct single-hop queries
associated with the edit set F.

The edited model is then evaluated on multi-hop
queries. We define the multi-hop loss as

Lhopz2(E;05) =— > logpy, (a] q).
(q’a)EQhopZZ(E)
(6)

The meta-learning objective is to obtain edit-
adaptable parameters whose single-hop editing up-
dates lead to low multi-hop loss:

0* = arg mein Eg~p., [EhOpZQ(E; 933)] . (D

4.2 Optimization

We optimize the objective in Eq. (7) with a MAML-
style inner and outer loop (Finn et al., 2017). The
inner loop simulates test-time editing by updating
the editable parameters using only the single-hop
loss. The outer loop uses the multi-hop loss of the
edited model as the meta-training signal, encour-
aging single-hop updates to produce the desired
downstream consequences. In practice, the distri-
bution Peg; is represented by the collection of edit
sets in the meta-training data. Algorithm 1 summa-
rizes the resulting meta-training procedure detailed
below, together with the test-time editing procedure
described in Section 4.3.

Algorithm 1 LEAP: Meta-training and Test-time
Editing
Meta-training
1: for each edit set £ ~ Pegic do

2 09«0
Inner loop:
3: fork=0,..., K —1do
4: 05 0% — AV, 0 Lnop=1 (E;0%)
5: end for ”
6: O 6%
Outer loop:
7. 0« 60— BV%E}]OPEQ(E; 91@)
8: end for
9: 0* 0

Test-time editing
10: Given a held-out edit set F, starting from 6*:
11: fork=0,...,K —1do
120 05D 0% — aV, () Liop=1 (B 0%))
E

13: end for
(K)

14: 0% +— 05 > Qnhop>2(E) used only for evaluation

Inner loop. For each edit set F, the inner loop
applies K gradient descent steps to the single-hop
loss:

6\ =,

(®)
o ) = 0 — V0 Luop1 (B3 03)
for k = 0,..., K — 1. We denote the resulting

edited parameters by

0 = 61 ©)

Here, « is the inner-loop learning rate and K is the
number of edit steps.

Outer loop. After the inner-loop update, the
outer loop updates the pre-edit parameters using
the multi-hop loss of the edited model:

0 < 0 — BV Liop>2(E; 0%), (10)

where [ is the outer-loop learning rate.
Computing the exact meta-gradient requires
differentiating through the inner-loop updates in
Eq. (8), which introduces expensive second-order
derivative terms. We therefore use the first-order
MAML approximation (Finn et al., 2017):

V@L‘,hong(E; H/E) ~ V@;ﬂﬁhong(E; HIE) (1 1)

This approximation avoids backpropagating
through the full inner-loop computation graph,
while retaining the central training signal: the
parameters should be learned so that single-hop
updates improve multi-hop answers.
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4.3 Test-time Editing

Through LEAP, we obtain the meta-learned pa-
rameters 0*. Given a held-out edit set F, we ap-
ply standard fine-tuning, corresponding to Eq. (8),
starting from 6* and using only the single-hop loss
Lhop=1(E;8). This yields edited parameters 6%,
and the edited model Por,-

Thus, LEAP uses the same test-time supervision
as ordinary gradient-based editing on single-hop
facts. The only difference is that the pre-edit pa-
rameters have been meta-trained so that single-hop
updates are encouraged to improve multi-hop an-
swers. The multi-hop queries Qpop>2(F) are used
only for evaluation, not for test-time editing.

5 Experiments

5.1 Experimental Setup

Datasets. We evaluate our method on
MQuAKE (Zhong et al., 2023), a benchmark for
measuring whether knowledge edits propagate
to multi-hop questions. MQUAKE contains
two subsets, MQuUAKE-CF and MQuAKE-T.
MQUuAKE-CF evaluates propagation under
counterfactual edits, while MQUAKE-T evaluates
propagation under temporal knowledge updates.
For MQuUAKE-CF, we use the v2 release. Each
case contains one or more edited facts and a
question whose answer should change as a
consequence of those edits. MQUAKE includes 2-,
3-, and 4-hop reasoning chains and covers diverse
edit patterns, including intermediate-hop edits and
non-contiguous combinations of edited hops.
Because MQuUAKE provides evaluation cases
but not meta-training tasks, we construct a separate
dataset of synthetic tasks for meta-training. We
first sample relation chains from Wikidata (Vran-
deci¢ and Krotzsch, 2014) using SPARQL queries
through the Wikidata Query Service?. To avoid
leakage, we exclude any chain containing a Wiki-
data property ID or entity ID that appears in ei-
ther MQUAKE-CF or MQuAKE-T. These sam-
pled chains serve as suffixes in the resulting multi-
hop chains. We then construct edited prefixes that
start from fictional entities, optionally pass through
other fictional entities, and end at a real Wikidata
entity. These prefix hops define the edit set E. For
each edited prefix, we either append sampled suf-
fixes to its final real entity or use the multi-hop
prefix itself as the full chain. Using simple man-

Zhttps://query.wikidata.org.

Dataset 2-hop 3-hop 4-hop Total
Meta-train 2,796 3,000 2,412 8,208
MQuAKE-CF 1,134 1,136 729 2,999
MQuAKE-T 1,420 445 2 1,867

Table 1: Hop distribution of the meta-training tasks and
MQuUAKE dataset.

ually written cloze-style templates, we instantiate
single-hop queries from the edited prefix and multi-
hop queries from the full chain. Thus, the result-
ing tasks require either composing multiple edited
facts or combining edited facts with background
relational knowledge, beyond direct single-hop re-
call. Details of the synthetic task construction are
provided in Appendix A, while Table 1 summarizes
the hop distributions of each dataset.

By construction, meta-training and evaluation
do not share Wikidata entity or property IDs. This
prevents direct reuse of the same entities or rela-
tions across meta-training and evaluation, ensuring
that improvements reflect generalization beyond
the facts and relations seen during meta-training.

Using fictional entities in the edited prefixes fur-
ther encourages the model to rely on the supplied
edits rather than memorized pretraining knowledge,
while avoiding overwriting real-entity facts that
could degrade the model’s prior knowledge.

Baselines. We compare our method with repre-
sentative parameter-updating knowledge editing
methods, including ROME (Meng et al., 2022),
MEMIT (Meng et al., 2023), AlphaEdit (Fang et al.,
2025), and CaKE (Yao et al., 2025b).

To isolate the effect induced by LEAP’s meta-
learning strategy, we further include a LoRA-only
fine-tuning baseline, which updates the same LoRA
modules for the same number of gradient steps
during the test-time editing procedure, but uses
standard-initialized LoRA parameters, instead of
the meta-trained parameters from LEAP. We fur-
ther test the effect of synthetic data exposure in an
additional ablation study in Section 5.4.

Implementation details. We evaluate LEAP and
the main baselines on Llama3-8B-Instruct (Dubey
et al., 2024) and Qwen2.5-7B-Instruct (Yang et al.,
2025). For LEAP, the editable parameters are im-
plemented as LoRA adapters attached to all atten-
tion and MLP projection layers. These adapters
are first meta-trained, and then updated during test-
time editing. Further hyperparameters and opti-
mization details are provided in Appendix B.
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MQuAKE-CF MQuUAKE-T
Model Method Instance-wise Multi-hop Instance-wise Multi-hop
) Cloze QA Cloze QA
ROME 87.7 13.0 14.0 88.7 4.4 1.0
MEMIT 28.5 4.9 54 474 0.6 0.1
Llama3 AlphaEdit 78.7 7.9 7.4 84.6 1.8 0.7
CaKE 90.5 58.7 535 88.8 70.9  55.0
LoRA 924 573 470 94.0 85.1 405
LEAP (ours) 89.5 80.3 82.0 93.6 874 90.8
CaKE 90.7 653  60.2 95.7 948 793
Qwen2.5 LoRA 74.7 334 20.0 89.9 717  56.2
LEAP (ours) 90.8 772 751 914 85.8  83.6

Table 2: Main results on MQuUAKE-CF and MQuUAKE-T with Llama3-8B-Instruct and Qwen2.5-7B-Instruct. We
report exact-match accuracy (%) on instance-wise, multi-hop cloze, and multi-hop QA evaluations.

Method MQuAKE-CF (sec.) MQuAKE-T (sec.)
ROME 19.35 5.84
MEMIT 17.49 12.87
AlphaEdit 26.63 18.54
CaKE 82.24 46.06
LoRA 2.94 2.80
LEAP 291 2.74

Table 3: Average test-time editing time per case in sec-
onds with Llama3-8B-Instruct.

2-hop 3-hop 4-hop
Last hop 1 2 1 2 3 1 2 3 4

#Cases 240 894| 204 306 626 7 55 138 529
CaKE  20.8 694 2.7 85 774|143 10.0 30.8 84.4
LoRA 229 65.8| 3.2 126 752|214 73 16.7 71.2
LEAP  56.9 96.6|26.7 49.0 97.8|35.7 8.2 61.6 99.1

Table 4: Accuracy breakdown on MQuAKE-CF with
Llama3-8B-Instruct by reasoning-chain length and the
position of the last edited hop.

Evaluation metrics. We use instance-wise ac-
curacy and multi-hop accuracy as evaluation met-
rics, to enable comparisons with prior work (Zhong
et al., 2023; Yao et al., 2025b).

Instance-wise accuracy measures performance
on the single-hop queries associated with each
multi-hop reasoning chain. For each multi-hop
instance, we compute the fraction of associated
single-hop queries answered correctly, including
both edited and unedited hops, and then average
this value across instances. This metric indicates
whether the model can recover the individual facts
needed for the corresponding multi-hop query.

Multi-hop accuracy measures whether the model
correctly answers propagated multi-hop queries.
We report this metric separately for cloze-style and
QA-style queries.

For answer matching, we generate up to 10 to-
kens for each query and count the output as correct
if it contains the expected answer exactly.

5.2 Main Results

Table 2 shows the main results on MQuAKE-CF
and MQuAKE-T using Llama3-8B-Instruct and
Qwen2.5-7B-Instruct. Across both base models
and datasets, LEAP substantially improves over
the LoRA baseline under the same test-time edit-
ing procedure. On Llama3 MQuAKE-CF, LEAP
improves multi-hop QA accuracy from 47.0% to
82.0%, and on Qwen2.5 MQuAKE-CF from 20.0%
to 75.1%. These improvements are notable because
LEAP is meta-trained only with cloze-style queries,
yet the gains transfer to QA-style evaluation. To-
gether, these results indicate that the gains stem not
merely from using LoRA adapters, but from these
parameters having been meta-learned to be more
amenable to edit propagation.

Consistent with prior observations (Zhong et al.,
2023; Yao et al., 2025b), high instance-wise ac-
curacy does not necessarily imply high multi-hop
accuracy. Several baselines recall many of the indi-
vidual single-hop facts but still perform poorly on
multi-hop evaluations. LEAP narrows this gap by
maintaining strong instance-wise accuracy while
substantially improving multi-hop outputs.

LEAP is also competitive with CaKE, a strong
baseline that relies on additional augmented edit-
time training data for multi-hop reasoning. On
Llama3, LEAP outperforms CaKE on 5 out of 6
reported metrics, with the exception of MQuAKE-
CF instance-wise accuracy (89.5 vs. 90.5). On
Qwen2.5, LEAP achieves the best results across
all MQuAKE-CF metrics, although CaKE remains
stronger on some MQuAKE-T metrics. Overall,
these results suggest that meta-learned parameters
provide an effective and lightweight alternative for
improving knowledge edit propagation.

Comparing the test-time editing cost of Llama3
in Table 3, LEAP has an editing time comparable
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MQuAKE-CF MQuUAKE-T

Model Method Instance-wise Multi-hop Instance-wise Multi-hop
Cloze QA ) Cloze QA
LoRA 92.4 573 470 94.0 85.1 405
Llama3 LoRA+Synthetic 80.2 699 67.1 87.6 94.6 94.7
LEAP (ours) 89.5 80.3 82.0 93.6 87.4 908
LoRA 74.7 334 200 89.9 7777 56.2
Qwen2.5 LoRA+Synthetic 81.4 71.0 678 85.4 98.1 93.7
LEAP (ours) 90.8 772 751 91.4 858 83.6

Table 5: Ablation comparing LoRA, LoRA+Synthetic (ordinary supervised fine-tuning on LEAP’s synthetic
single-hop and multi-hop queries, without the MAML inner/outer-loop split), and LEAP on MQuAKE-CF and

MQUAKE-T.

to ordinary LoRA fine-tuning, while being much
faster than CaKE. On MQuAKE-CF, LEAP takes
2.91 seconds per case on average, compared with
82.24 seconds for CaKE. Thus, LEAP improves
multi-hop propagation while preserving the effi-
ciency of simple gradient-based editing.

5.3 Breakdown by Reasoning Pattern

We further analyze performance by grouping
MQuAKE-CF by the reasoning-chain length and
the position of the last edited hop. The last edited
hop indicates how far edited information must be
propagated before reaching the answer. When the
last edit appears early in the chain, the model must
carry its effect through more subsequent reasoning
steps, making such cases more challenging.

Table 4 reports multi-hop accuracy aggregated
over both cloze-style and QA-style queries. It
shows that accuracy generally decreases as the last
edited hop moves earlier in the chain. For example,
in 3-hop questions, LEAP achieves 97.8% accuracy
when the last edited hop is the third hop, but drops
t0 49.0% and 26.7% when the last edited hop is the
second and first hop, respectively. This trend is also
consistent across LoORA and CaKE (e.g., dropping
from 77.4% to 2.7%), indicating that long-range
propagation remains difficult even when the edited
facts can be incorporated at the single-hop level.

Despite deeper edit propagation posing a sub-
stantial challenge, LEAP improves over all meth-
ods across all settings with at least 100 cases. Com-
pared to CaKE, LEAP improves accuracy from
20.8% to 56.9% for 2-hop queries with first-hop
edits, and from 8.5% to 49.0% for 3-hop cases
with second-hop edits. Even for the 3-hop cases
with first-hop edits, which are the most challenging
for CaKE and LoRA, LEAP achieves a roughly
10-fold accuracy increase from 2.7% to 26.7%.

5.4 Disentangling Data Exposure from
Meta-Learning

To verify that LEAP’s improvements stem from the
proposed MAML-style optimization, rather than
from additional exposure to synthetic multi-hop
data, we introduce an additional ablation base-
line, LoORA+Synthetic, which fine-tunes the same
LoRA adapters directly on the same synthetic
single-hop and multi-hop queries used for LEAP’s
meta-training, without the MAML inner/outer-loop
split. At test time, LoRA+Synthetic is then edited
using the same single-hop editing procedure as
LoRA and LEAP.

Table 5 compares LoRA, LoRA+Synthetic, and
LEAP on MQuAKE-CF and MQuAKE-T, us-
ing Llama3-8B-Instruct and Qwen2.5-7B-Instruct.
LoRA+Synthetic improves multi-hop accuracy
over plain LoRA in every setting, confirming that
synthetic data itself is informative for propagation.
However, this comes at the cost of instance-wise ac-
curacy on Llama3, where LoRA+Synthetic drops
sharply relative to plain LoRA (92.4 — 80.2 on
MQuAKE-CF). LEAP retains instance-wise ac-
curacy much closer to the LoRA baseline than
LoRA+Synthetic does (89.5 vs. 80.2 on MQuUAKE-
CF; 93.6 vs. 87.6 on MQuAKE-T) while also out-
performing LoRA+Synthetic on 8 of 12 metrics
overall.

While LoRA+Synthetic obtains the highest per-
formance on four MQuAKE-T settings, it is impor-
tant to note that 99.63% of MQuUAKE-T cases have
their last edited hop coinciding with the final hop
of the reasoning chain, such that high multi-hop
accuracy does not necessarily require propagation
through background knowledge. MQuAKE-CF’s
last-edited-hop positions, in contrast, are well dis-
tributed across chain lengths (Table 4), making it
a more informative testbed for propagation. We
therefore view the MQuAKE-CF ablation results
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as clear evidence that LEAP’s MAML-style formu-
lation induces parameter-level changes that drive
genuine multi-hop propagation, rather than being
merely an effect of exposure to additional multi-
hop data as in LoRA+Synthetic.

6 Analysis

Our previous results show that LEAP improves
the propagation of single-hop edits to multi-hop
queries. To better understand the mechanisms un-
derlying these improvements, we next investigate
how LEAP changes the model-internal computa-
tion during multi-hop propagation by comparing
it with the LoRA baseline, which uses the same
LoRA modules and the same single-hop editing
procedure but without meta-training. Because both
models are edited on the same single-hop queries,
their differences isolate the effect of the meta-
learned pre-edit parameters.

Setup. All analyses in this section focus on
Llama3-8B-Instruct, using the 240 MQuAKE-CF
cases that consist of cloze-style 2-hop queries
where only the first hop is edited. This subset has
a simple bridge structure: the model must propa-
gate the edited first-hop fact through a single bridge
entity to reach the correct final answer. This sub-
set also shows large improvements for LEAP over
LoRA, making it useful for analyzing how meta-
learning changes model-internal edit propagation.

Differences concentrate at the final input token.
We first localize where LEAP differs from the
LoRA baseline during multi-hop answering. After
applying the same single-hop edits F to both mod-
els, we run each corresponding multi-hop query
and perform activation patching (Zhang and Nanda,
2024) in both directions: i.e., we replace hidden
states in the LoRA run with the corresponding
hidden states from the LEAP run, and vice versa.
For each layer and token position, we measure the
change in the log probability of the correct final
answer and plot the effects in Figure 2. To visual-
ize effects across prompts with different lengths,
we align token positions relative to the end of the
prompt, showing the last 16 prompt tokens, with
position 0 denoting the final input token before
answer generation.

In both patching directions, the largest effects
are concentrated at the final input token. Patching
LEAP activations into the LoRA run increases the
log probability of the correct final answer, whereas

LoRA to LEAP LEAP to LoRA

L
1 5 10 15 20 25 3032 1 5 10 15 20 25 3032

Distance from final token

-3 -2 -1 [ 1 2 3
Change in the log probability of the final answer

Figure 2: Activation patching results. We measure the
change in the log probability of the correct final answer.
Token positions are aligned relative to the end of the
prompt, where position 0 denotes the final input token
before answer generation.

Bridge Final Answer

3 % To 3
Layer Layer

—— LORA correct / LEAP correct (n=46) LoRA correct / LEAP incorrect (n=7)

—— LoRA incorrect / LEAP correct (1=89) —+— LoRA incorrect / LEAP incorrect (n=98)

Figure 3: Logit Lens analysis at the final input token.
Lines denote group means by LoRA/LEAP correctness,
and shaded regions show 95% bootstrap confidence in-
tervals.

patching LoRA activations into the LEAP run de-
creases it. This suggests that meta-learning induces
an important representational difference immedi-
ately before answer generation. We therefore focus
next on how the information represented at the final
input token differs across methods.

LEAP induces a shift from bridge to final-
answer decodability. We next use Logit
Lens (nostalgebraist, 2020) to examine what
information is represented at the final input token
while the edited model is answering the multi-hop
query. For each layer [, we project the hidden state
at the final input token to the vocabulary space
and compute both the raw log probability of an
entity token e as well as the probability difference
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between LEAP and the LoRA baseline:

Alogp(e) = log preap,(e) — log prora,i(e),
12)
where e denotes the first token of either the bridge
entity or the final-answer entity. A positive value
indicates that LEAP assigns higher probability to
the entity token than LoRA at that layer. We divide
the cases into four groups by LoORA/LEAP correct-
ness and show the layer-wise trajectories for bridge
and final-answer entities under LoRA, under LEAP,

and for the LEAP-LoRA difference in Figure 3.

The LEAP-LoRA deltas show a layer-wise shift
in entity decodability: LEAP increases log proba-
bilities of the bridge entity around the middle layers
across all groups, before decreasing its decodability
in the later layers.

The later layers show a complementary pattern
for the final-answer entity. While bridge-entity de-
codability diminishes toward later layers, LEAP
increases final-answer decodability. This increase
in final-answer decodability is observed not only in
the LoRA incorrect / LEAP correct group, but also
in other groups. This indicates that LEAP often
moves probability mass toward the correct answer
even when the final generated output remains incor-
rect. Overall, these trends suggest that LEAP first
makes the bridge entity more accessible in inter-
mediate layers and then promotes the final answer
near the output.

The absolute LEAP trajectories further clarify
what distinguishes successful from unsuccessful
propagation. Although LEAP raises bridge-entity
decodability in the middle layers even for unsuc-
cessful cases, LEAP-correct cases (LoRA correct /
LEAP correct and LoRA incorrect / LEAP correct)
reach higher absolute bridge log probabilities in
these layers than LEAP-incorrect cases (LoRA cor-
rect / LEAP incorrect and LoRA incorrect / LEAP
incorrect). This higher bridge decodability in the
middle layers is accompanied by a stronger rise
of the final-answer entity from the middle layers
toward the output. In LEAP-incorrect cases, LEAP
still promotes the final-answer entity, indicating
that it often moves the model toward the correct
answer; however, the resulting absolute log prob-
ability remains too low to change the generated
output. Thus, successful propagation depends not
merely on increasing the probability of the correct
final entity, but on making the bridge-to-answer
transition strong enough to complete the later hop.

This interpretation is consistent with the “hop-

ping too late” theory of multi-hop failures (Biran
et al., 2024). Concretely, if the bridge entity is
not sufficiently available before the later answer-
extraction stage, the model may fail to complete the
second hop. Although our analysis is correlational,
the results suggest that LEAP’s gains are associated
with a stronger bridge-to-answer transition, rather
than stemming solely from the improved recall of
the edited first-hop fact, or an exclusive reliance on
arriving directly at the final answer.

7 Conclusion

We presented LEAP, a meta-learning framework
for improving knowledge edit propagation in lan-
guage models (Section 4). LEAP learns edit-
adaptable parameters from which simple gradient-
based editing on single-hop facts is more likely to
improve answers to their multi-hop consequences.

We instantiate LEAP with LoRA adapters, while
keeping the objective independent of this particular
parameterization. Experiments on MQuAKE show
that LEAP consistently improves over standard
LoRA and achieves a favorable accuracy—efficiency
trade-off against representative knowledge editing
baselines across two model families (Section 5).
These results show that multi-hop edit propagation
can be improved not only by adding more complex
edit-time mechanisms, but also by preparing the
model in advance so that simple single-hop edit
updates propagate more effectively.

Our analysis further suggests that LEAP
strengthens bridge-to-answer dynamics, making
bridge entities more accessible in middle layers
and promoting correct final answers in later layers
(Section 6). LEAP may thus mitigate a model-
internal bottleneck identified in prior work (Biran
et al., 2024), where multi-hop reasoning can fail
when bridge entities are not available early enough
for later answer extraction.

Overall, LEAP highlights a model-centric ap-
proach to knowledge editing: rather than relying
only on propagation-specific supervision or exter-
nal mechanisms during editing, models can be
meta-trained so that ordinary single-hop updates
propagate more effectively. This new parameter-
driven pathway opens up broader opportunities
for future work, including the extension of meta-
training to more diverse edit patterns and different
forms of knowledge updates.
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8 Limitations

Model scale. Our experiments are limited to 7—
8B scale instruction-tuned models. While Llama3-
8B-Instruct and Qwen2.5-7B-Instruct were chosen
to balance multi-hop reasoning performance with
computational efficiency, evaluating larger models
is important for understanding how the benefits
of meta-learned edit-adaptable parameters scale.
Because LEAP operates through lightweight LoRA
adapters, it may be practically applicable to larger
models. Our results across two model families
support this possibility, although further evaluation
is needed to determine whether the same benefits
persist at larger scales.

Long-range propagation. Long-range propaga-
tion remains challenging. Our breakdown by rea-
soning pattern (Section 5.3) shows that perfor-
mance decreases when the last edited hop appears
earlier in the reasoning chain, meaning that the
effect of an edit must be carried through more sub-
sequent hops. Prior work suggests that multi-hop
reasoning may require sufficient model depth as the
number of hops increases (Yao et al., 2025a). This
provides one possible perspective on why long-
range propagation remains difficult in our setting.
While LEAP substantially improves multi-hop edit
propagation, it does not fully solve cases that re-
quire carrying the effect of an edit through many
subsequent reasoning steps.

Locality. We additionally find that LEAP’s im-
proved propagation comes with reduced locality on
unrelated facts relative to plain LoRA editing, par-
ticularly on multi-hop queries — a trade-off also ob-
served for CaKE (Appendix C.2). We see incorpo-
rating a locality-aware term into LEAP’s outer-loop
objective as a promising direction for mitigating
this trade-off in future work.

Scope of generalization. To isolate edit propaga-
tion in a controlled setting, our evaluation focuses
on multi-hop reasoning over relation chains. We do
not study other forms of edit generalization, such as
inverse relations from (s, 7, 0) to (0,771, s), cross-
lingual transfer, or more complex and paraphrased
natural-language phrasings beyond the cloze- and
QA-style prompts used here. Extending LEAP
to these settings in future work could provide a
more comprehensive understanding of how meta-
learning affects the broader generalization capabili-
ties of edited models.

9 Ethical Considerations

Knowledge editing can help correct outdated or in-
correct facts in language models, but it also carries
risks. If an edit introduces false, biased, private,
or harmful information, the edited model may re-
produce that information. Because LEAP aims
to improve edit propagation, such effects may ex-
tend beyond direct queries about the edited fact
to downstream queries that combine the edit with
other knowledge. Thus, propagation-friendly edit-
ing may increase the impact of harmful or erro-
neous edits.

In deployment, edit requests should be validated
before being applied, especially for sensitive do-
mains or claims about real individuals and organi-
zations. Edited models should also be audited for
both direct edit behavior and downstream propa-
gated effects. We view LEAP as a research contri-
bution toward understanding edit propagation, not
as a complete deployment-ready editing system.
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A Synthetic Meta-training Data
Construction

We construct synthetic meta-training tasks for
LEAP using Wikidata relation chains. The goal
of this construction is to create tasks in which the
model must learn from edited facts and then either
compose multiple edited facts or combine them
with background relational knowledge. Each task
consists of an edited prefix, whose facts are used
as the edit set, and optionally a Wikidata-derived
suffix, which provides background knowledge for
tasks whose answers require knowledge beyond the
edited prefix.

Relation and entity separation from MQuAKE.
To avoid overlap with the MQuAKE evaluation sets,
we first collect the Wikidata entity IDs and property
IDs appearing in MQuAKE-CF and MQuAKE-T.
All properties used in our synthetic meta-training
tasks are manually selected from a predefined set
of Wikidata property IDs that do not appear in
MQuAKE. We also exclude any Wikidata triples
(s,7,0) whose subject or object entity appears in
MQUAKE. As a result, the synthetic meta-training
tasks and the MQuAKE evaluation sets do not share
Wikidata entities or relations.

Constructing Wikidata-derived suffixes. For
tasks with a Wikidata-derived suffix, we construct
the suffix part of the chain from real Wikidata
triples. The suffix is intended to represent back-
ground knowledge that the model can combine with
the edited prefix. To increase the likelihood that
this background knowledge is already available
to the model, we restrict candidate triples in two

ways. First, we keep only triples whose entities are
among the top one million Wikidata entities ranked
by the number of sitelinks. Second, we filter these
triples using Llama3.2-1B-Instruct (Dubey et al.,
2024) and retain only triples that the model answers
correctly, treating them as likely known facts.

From the resulting pool of known Wikidata
triples, we compose relation chains. These chains
serve as suffixes for the synthetic examples that
require Wikidata-derived background knowledge.
No fictional entities are used in the suffix; it con-
sists only of real Wikidata entities and relations
that are disjoint from MQuAKE.

Adding fictional edited prefixes. We then con-
struct one or more edited prefix hops for each
synthetic chain. For tasks with a suffix, the pre-
fix is constructed so that its final object connects
to the first entity of the Wikidata-derived suffix.
For tasks without a suffix, the edited prefix itself
forms the full multi-hop chain. For each prefix
hop, we choose a property from the predefined non-
overlapping property list whose expected object
type is compatible with the type of the next entity
in the chain. The subject of each prefix hop is a fic-
tional entity generated by randomly concatenating
pronounceable syllables. For multi-hop prefixes,
intermediate entities are also fictional; in tasks with
a suffix, the final prefix hop links a fictional entity
to the first real entity of the suffix.

All facts in the prefix are treated as edited facts
and constitute the edit set E. For example, a syn-
thetic chain may have the form
(v1,73,02), -,

(51,71,82), (82,72,01),

where 51 and 55 are fictional, and vy, vs, ... are
real Wikidata entities. The prefix facts (51,71, $2)
and (89,72, v1) are used as edited facts, while the
remaining real-entity chain forms the suffix.

Generating single-hop and multi-hop queries.
We convert triples and relation chains into natural-
language queries using manually written templates
for each Wikidata property ID. For each edited
prefix fact, we generate a direct single-hop query
whose answer is the corresponding object. These
queries form Qpop—1(£) and are used for the edit-
ing update during meta-training.

We generate multi-hop queries Qop>2(E) from
the full chain, which consists of the edited pre-
fix followed by the Wikidata-derived suffix when
such a suffix is present. Thus, answering these
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Chain length  Edited prefix =~ #Tasks
2-hop 1-hop 1,296
2-hop 2-hop 1,500
3-hop 1-hop 1,000
3-hop 2-hop 1,000
3-hop 3-hop 1,000
4-hop 1-hop 412
4-hop 2-hop 1,000
4-hop 3-hop 1,000

Table 6: Statistics of the synthetic meta-training tasks.
Edited prefix denotes how many initial hops in the rea-
soning chain are treated as edited facts.

queries requires the model to either compose mul-
tiple edited facts or combine the supplied edits
with background relational knowledge, rather than
relying on direct single-hop recall alone. We in-
tentionally use fixed templates rather than diverse
paraphrases, keeping the surface form simple. This
allows us to test whether meta-learning can im-
prove edit propagation without relying on large-
scale prompt or paraphrase diversity.

For example, a 2-hop chain involving the fic-
tional entity Gouthdaingal yields the meta-training
cloze query

The currency used in the country that
Gouthdaingal represents in sport is

MQuAKE'’s evaluation questions, by comparison,
are not built from a fixed template at all: they are
generated by prompting GPT-3.5-turbo with the
underlying relation chain, yielding freely-phrased
questions such as

The occupation of the creator of Nick
Bottom is

What is the occupation of the creator of
Nick Bottom?

for its cloze-style and QA-style formats, respec-
tively.

Statistics of synthetic meta-training tasks. Ta-
ble 6 summarizes the number of constructed meta-
training tasks by total reasoning-chain length and
edited prefix length. Here, edited prefix length de-
notes how many initial hops in the chain are treated
as edited facts.

B Implementation Details

Editing baselines. For ROME (Meng et al.,
2022), MEMIT (Meng et al., 2023), and Al-
phaEdit (Fang et al., 2025), we use the default
configurations provided by EasyEdit (Wang et al.,

Hyperparameter Value

LoRA target modules Attn. and MLP projections
LoRA rank r 16

LoRA scaling arora 32

LoRA dropout 0.1

Edit steps K 10

Inner LR o 1x 107"

Outer LR 5, LEAP 1 x 107°

Outer epochs, LEAP 1

Table 7: Hyperparameters for LORA and LEAP. Both
methods use the same LoRA architecture and test-time
editing procedure.

2024a). These methods require model-specific hy-
perparameters and pre-computed covariance statis-
tics; at the time of our experiments, we were un-
able to locate these pre-computed statistics for
Qwen2.5-7B-Instruct via EasyEdit. We therefore
omit ROME, MEMIT, and AlphaEdit for Qwen2.5-
7B-Instruct in Table 2. For CaKE (Yao et al.,
2025b), we use the hyperparameter settings from
the released implementation.

LoRA and LEAP. For both the LoRA baseline
and LEAP, we use the same LoRA architecture
and the same test-time editing procedure. LoRA
adapters are attached to all attention and MLP pro-
jection layers: q_proj, k_proj, v_proj, o_proj,
up_proj, down_proj, and gate_proj. The pre-
trained backbone parameters are kept fixed, and
only the LoRA parameters are updated. For LEAP
inner-loop adaptation and for test-time editing, we
use AdamW (Loshchilov and Hutter, 2019) to
update the LoRA parameters. The LEAP outer-
loop meta-update is also optimized with AdamW.
Table 7 summarizes the hyperparameters used
for both Llama3-8B-Instruct and Qwen2.5-7B-
Instruct.

Experimental setup and computational bud-
get. We run all experiments on NVIDIA A100
40GB GPUs. Our implementation is based on Py-
Torch (Paszke et al., 2019) version 2.9.0 and Hug-
ging Face Transformers (Wolf et al., 2020) version
4.55.4. For LEAP, we perform meta-training once
for each base model with a fixed random seed. All
reported results, including baselines, are obtained
from a single run per configuration. During eval-
uation, we use deterministic greedy decoding by
setting do_sample=False.

LEAP meta-training takes about 3.5—4 hours per
model on a single A100 40GB GPU.
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Manual inspection of the exact-match crite-
rion. Our exact-match criterion follows the same
substring-containment approach used in prior
work (Yao et al., 2025b). To check for potential
inflation, we manually inspected LEAP’s gener-
ations on 100 randomly sampled MQuAKE-CF
cases (200 generations: cloze and QA each) on
Llama3-8B-Instruct. We found 1/200 cases where
the model explicitly rejects the gold answer before
proposing another (e.g., “X is not correct, the cor-
rect answer is...”, where X was in fact gold), which
are miscounted as correct under substring matching.
We also found 2/200 cases listing multiple candi-
dates without committing to one, which remain
valid matches under this criterion. Additionally,
we found 4/200 cases where a short gold answer
incidentally appeared as a substring within an other-
wise unrelated or non-committal generation. This
suggests a modest degree of inflation in absolute
accuracy; since all methods are evaluated under the
same criterion, we expect relative comparisons to
be largely unaffected.

C Further Evaluation

C.1 General Capability Evaluation

We evaluate whether the meta-trained LEAP
adapters degrade the general capabilities of the
base models. Specifically, we compare each
base model with the same model equipped with
LEAP adapters on GSM8K (Cobbe et al., 2021),
MMLU (Hendrycks et al., 2021), Common-
senseQA (Talmor et al., 2019), and BBH (Suz-
gun et al., 2023). We conduct this evaluation for
both Llama3-8B-Instruct and Qwen2.5-7B-Instruct.
We use the same evaluation protocol for each base
model and its LEAP-equipped counterpart.

Table 8 shows the results. Overall, adding the
LEAP adapters does not cause a systematic degra-
dation in general benchmark performance. Scores
fluctuate slightly across tasks, with some metrics
decreasing modestly and others remaining com-
parable or improving. This suggests that LEAP
does not systematically harm general benchmark
performance while improving edit propagation.

C.2 Locality of Edited Models

We evaluate whether editing preserves model be-
havior on unrelated facts. For each of the 2,999
edited cases in MQuAKE-CF, we sample 3 unre-
lated held-out cases (8,997 instances in total) and
measure whether the edited model still produces

Model GSMS8K MMLU CSQA BBH
Llama 77.94 68.02 7131 T71.76
Llama + LEAP 76.35 67.70 7740 70.34
Qwen 82.03 71.85 82.56  46.37
Qwen + LEAP 82.71 71.65 82.80 51.25

Table 8: General capability evaluation of the base
models and the models equipped with LEAP adapters.
Scores are reported on GSM8K, MMLU, Common-
senseQA (CSQA), and BBH.

Method Instance-wise ~ Multi-hop
Llama3 (no edit) 77.2 28.1
LoRA 70.9 24.8
CaKE 474 18.8
LEAP (ours) 48.4 12.0

Table 9: Locality on MQuUAKE-CF: accuracy on unre-
lated held-out cases after editing, measured on instance-
wise and multi-hop (Cloze+QA) queries.

the original, pre-edit answers to their instance-wise
and multi-hop queries.

Table 9 reports locality for LoRA, CaKE, and
LEAP alongside the unedited model on Llama3-
8B-Instruct. All editing methods reduce locality
relative to the unedited model, and the drop is most
pronounced for methods that explicitly optimize
for propagation. While LoRA mostly retains un-
related facts but does not substantially improve
multi-hop propagation of new knowledge (Table 2),
CaKE and LEAP both show lower retention of
unrelated facts alongside stronger multi-hop prop-
agation, suggesting a broader trade-off between
propagation and locality. Within this group, LEAP
retains instance-wise locality comparable to CaKE,
but shows the lowest multi-hop locality among all
methods.

We view this trade-off as a genuine limitation
of the current formulation of LEAP: the same edit-
adaptable parameters that help propagate edits to
their intended consequences also appear to make
the model more prone to letting edits leak into un-
related multi-hop reasoning. A natural mitigation
is to incorporate a locality-aware term into LEAP’s
outer-loop objective, e.g., penalizing multi-hop
loss increases on unrelated held-out queries dur-
ing meta-training, which we leave to future work.

C.3 Sequential Editing

We additionally evaluate LEAP under sequential
editing on Llama3-8B-Instruct, where multiple edit
sets are applied consecutively to the same model.
The purpose of this experiment is to test whether
the effect of meta-learning remains useful after
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Multi-hop

Edit Sets Method Instance-wise

Cloze QA
10 CaKE 28.9 18.8 17.8
10 LoRA 41.2 18.6 17.0
10 LEAP 38.7 28.5 268
100 CaKE 19.6 9.0 9.4
100 LoRA 27.9 9.7 9.7
100 LEAP 27.4 10.8 10.8

Table 10: Sequential editing results on MQuAKE-CF
with Llama3-8B-Instruct. We apply n edit sets consecu-
tively to the same model and evaluate on the correspond-
ing n cases after all edits have been applied.

repeated edit updates, rather than disappearing after
a single edit.

We randomly shuffle the MQuAKE-CF cases
and split them into groups of n cases. For each
group, we apply edits sequentially to the same
model for all n cases. After applying n edit sets
consecutively, we evaluate the edited model on the
same n cases using instance-wise accuracy, multi-
hop cloze accuracy, and multi-hop QA accuracy.
We report results for n = 10 and n = 100.

Table 10 shows that performance decreases for
all methods as the number of consecutive edits
increases from 10 to 100, indicating that long se-
quences of edits remain challenging. Neverthe-
less, LEAP achieves the best multi-hop cloze and
QA accuracy in both settings, though its instance-
wise accuracy trails LoRA at both n = 10 and
n = 100. For 10 consecutive edits, LEAP substan-
tially improves multi-hop QA accuracy over LoRA
and CaKE. For 100 consecutive edits, LEAP still
maintains higher multi-hop accuracy than the base-
lines. These results suggest that the meta-learned
parameters remain beneficial under repeated edit-
ing and that the effect of meta-learning does not
disappear after a single edit.

D Responsible Use and Artifact
Documentation

Artifact use and intended use. We use existing
models and datasets only for research purposes
and in accordance with their licenses, terms of
use, and intended access conditions. Llama3-8B-
Instruct and Qwen2.5-7B-Instruct are used as base
models for controlled knowledge-editing experi-
ments. MQuUAKE is used both for benchmarking
edit propagation and for identifying Wikidata en-
tity and property IDs to exclude when constructing
synthetic meta-training tasks. GSM8K, MMLU,
CommonsenseQA, and BBH are used only for
benchmarking model behavior. Our constructed

meta-training data are intended for research on
knowledge edit propagation and should not be
used to make claims about real individuals or real-
world factual updates. We release our code and,
where permitted, the constructed data at https:
//github.com/mynlp/LEAP for research use, sub-
ject to the licenses and terms of the underlying
resources.

Personal information and offensive content.
Our synthetic meta-training tasks are constructed
from Wikidata-derived relation chains with fic-
tional edited prefixes. The edited subject enti-
ties are generated as random pronounceable nonce
names rather than sampled from real people or ex-
isting entity lists. These names are not intended
to refer to real individuals and contain no deliber-
ately collected personal identifiers. The Wikidata-
derived suffixes use public knowledge graph triples
whose properties are manually selected for factual
relation-chain construction. We do not collect pri-
vate personal data or user-generated content when
constructing these tasks, and we do not intention-
ally include offensive content in the constructed
data.

Artifact documentation. We document the mod-
els, datasets, data construction procedure, source
resources, and evaluation settings in Section 5 and
Appendix A. All experiments are conducted in
English. Our constructed meta-training data con-
sist of synthetic multi-hop editing tasks with fic-
tional edited prefixes and, when present, Wikidata-
derived suffixes that are disjoint from MQuAKE.
The artifacts are intended for research on knowl-
edge edit propagation and focus on factual relation-
chain reasoning, not on personal profiling or demo-
graphic inference.
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