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Abstract
Lifelong model editing seeks to continuously
incorporate new knowledge into Large Lan-
guage Models (LLMs) without costly retrain-
ing. Memory-augmented editors preserve pre-
trained weights to protect unrelated capabili-
ties, but struggle to balance Generalization to
rephrased edit queries and Locality on non-
edited knowledge. This challenge becomes
particularly severe under dense editing settings,
where semantically related edits induce substan-
tial memory interference. To tackle this prob-
lem, we propose MH-HoReN, a multi-head
Hopfield retrieval framework that performs re-
trieval across complementary subspaces and
combines head-wise matching signals for more
reliable memory selection. We further extend
Hopfield-based editing into a clustered batched
scheme that combines shared codebook mem-
ories for related edits with token-level pool-
ing for efficient knowledge storage and query
routing. Extensive experiments across di-
verse LLMs and editing benchmarks demon-
strate that MH-HoReN achieves better locality-
generalization trade-offs as editing scales in-
crease, improving the sum of Locality and Gen-
eralization by more than 12% over existing
methods while preserving almost perfect Re-
liability in sequential editing, alongside 7.7%
gains in Overall Performance under batched
editing. Our code is available here.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across natural lan-
guage understanding and generation tasks. De-
spite these advances, LLMs still produce halluci-
nations (Ji et al., 2023), perpetuate biases (Ferrara,
2023), and suffer from factual decay (Cao et al.,
2021). Moreover, the parametric knowledge ac-
quired during pre-training gradually becomes out-
dated or inconsistent as the world evolves (Meng
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Figure 1: Visualization of retrieval score distributions
on LLaMA-3.1 after 400 edits on WikiBigEdit. MH-
HoReN reduces overlap between rephrased and unre-
lated queries, resulting in less ambiguous retrieval.

et al., 2022; Hartvigsen et al., 2023). Such errors
accumulate during deployment and often require
immediate correction rather than expensive data
recollection and full retraining or finetuning. To ad-
dress this issue, lifelong model editing (Hartvigsen
et al., 2023) has emerged as an efficient paradigm
for continuously updating LLM knowledge.

An effective lifelong model editor should jointly
optimize three key properties (Wang et al., 2024a):
Reliability on edited queries, Generalization to
semantically equivalent rephrasings, and Local-
ity on unrelated pretrained knowledge. Parameter-
modifying methods (Meng et al., 2022, 2023; Kirk-
patrick et al., 2016) typically follow a locate-
and-edit paradigm that confines updates to edit-
associated parameters. Recent approaches further
improve stability through lifelong normalization
and null-space projection that constrains pertur-
bation directions (Gu et al., 2026; Fang et al.,
2025). However, as edits accumulate, protection
for earlier edits gradually weakens, leading to re-
liability drift, while direct parameter modification
makes preserving locality inherently difficult. In
contrast, parameter-preserving methods keep base
parameters untouched and instead maintain aug-
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Figure 2: Overview of MH-HoReN. Queries and codebook keys are decomposed into multiple heads, where
independent Hopfield dynamics are performed before aggregating head-wise matching scores for retrieval. MH-
HoReN further supports batched editing by clustering semantically related edits into shared codebook memories.

mented memories. Existing approaches rely on
nearest-neighbor retrieval over layer-wise code-
books (Hartvigsen et al., 2023) or dynamically
routed side memories (Wang et al., 2024a). The for-
mer preserves locality through acceptance-radius
matching, but remains effective mainly for exact
edit prompts, resulting in almost no generalization
to paraphrases. The latter gradually suffers from
degraded side-memory quality as edit streams in-
crease, while threshold-based assignment becomes
unreliable due to deteriorating decision boundaries.

A recent method (Fang et al., 2026) based on
Modern Hopfield Networks (Ramsauer et al., 2021)
replaces one-shot nearest-neighbor matching with
iterative associative retrieval, improving robustness
and generalization. However, this approach still
faces a fundamental challenge under dense editing
scenarios, preventing it from optimally balancing
locality and generalization. As codebook memo-
ries become increasingly crowded, representations
of edited knowledge and unrelated inputs become
geometrically entangled, a phenomenon we term
memory interference. Such interference arises from
shared lexical patterns, overlapping semantic at-
tributes, and biases introduced during LLM pre-
training. Moreover, this method is limited to se-
quential editing and lacks support for large-scale
batched editing needed for practical deployment.

To address these limitations, we propose MH-
HoReN, Multi-Head Hopfield Retrieval with
Normalized representations, a multi-head variant
of Hopfield retrieval. Inspired by multi-head at-

tention (Vaswani et al., 2017), MH-HoReN parti-
tions representations into independent subspaces
and performs damped Hopfield attractor steps sep-
arately within each subspace. Different heads cap-
ture complementary semantic aspects of the input
geometry, while score aggregation across heads
smooths retrieval noise and stabilizes routing deci-
sions, thereby alleviating memory interference. As
illustrated in Figure 1, multi-head retrieval reshapes
the matching score distributions of rephrasings and
unrelated inputs, reducing overlap in their high-
density regions. This allows paraphrased queries to
relax toward their correct attractor basins while en-
abling threshold-based filtering to more effectively
reject unrelated inputs, thereby improving general-
ization without sacrificing locality. In addition, we
introduce a batched editing framework that com-
bines semantic clustering with token-level pooling
to jointly process similar edits. Under this setting,
multi-head Hopfield dynamics further decouple
mixed edit patterns within shared codebook memo-
ries, enabling lower editing latency, reduced param-
eter storage, and stronger editing performance. The
framework of MH-HoReN is shown in Figure 2.

2 Related Work

Parameter-Modifying Model Editing: Parameter-
modifying methods inject new knowledge by di-
rectly updating pretrained model weights. Locate-
then-edit approaches such as ROME (Meng et al.,
2022) and MEMIT (Meng et al., 2023) localize
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knowledge-associated layers and apply targeted
low-rank updates, while meta-learning methods
such as KE (Cao et al., 2021) and MEND (Mitchell
et al., 2022a) learn gradient transformations for ef-
ficient editing. Recent advances enhance editing
stability by incorporating null-space constrained
updates (Fang et al., 2025) and lifelong normaliza-
tion (Gu et al., 2026). However, directly encoding
edits into base parameters inevitably perturbs un-
related outputs and gradually destabilizes earlier
edits under dense editing settings.
Memory-Augmented Model Editing: Memory-
based editors store edits outside the base param-
eters and focus on accurately routing queries
to the corresponding memories during inference.
SERAC (Mitchell et al., 2022b) uses external
memory to condition generation on retrieved edits.
GRACE (Hartvigsen et al., 2023) maintains a local
codebook and performs nearest-neighbor retrieval
with acceptance-radius matching. WISE (Wang
et al., 2024a) introduces a dual parametric memory
scheme with dynamically routed memory shards.
REPAIR (Wang et al., 2025) progressively reinte-
grates edited knowledge through adaptive interven-
tion mechanisms. HoReN (Fang et al., 2026) fur-
ther introduces attractor dynamics based on Mod-
ern Hopfield Networks (Ramsauer et al., 2021),
allowing queries to iteratively converge toward the
correct memory basins. However, as edits accumu-
late, edit-related knowledge and unrelated queries
become increasingly entangled in the representa-
tion space, leading to ambiguous retrieval. In addi-
tion, HoReN remains limited to sequential updates,
leaving efficient batched editing underexplored.
Architectural Memory Mechanisms: A com-
plementary line of work improves long-term
adaptation through architectural memory design.
Memory-oriented architectures such as Memo-
ryLLM (Wang et al., 2024b), SPALM (Yogatama
et al., 2021), Memoria (Park and Bak, 2024), and
NKB (Dai et al., 2023) introduce persistent mem-
ory modules to enhance long-context reasoning and
knowledge retention. However, these approaches
typically require architectural modifications or ad-
ditional training procedures, limiting their compati-
bility with existing pretrained LLM families.

3 Preliminary

3.1 Hopfield Retrieval for Model Editing

HoReN (Fang et al., 2026), built upon Modern
Hopfield Networks, inherits the overall architec-

ture of GRACE (Hartvigsen et al., 2023) by wrap-
ping a single selected MLP layer with a local code-
book that stores edited knowledge. Unlike GRACE,
which relies on one-shot nearest-neighbor lookup,
HoReN treats each stored key as an attractor basin
and uses iterative Hopfield updates to gradually
route queries toward the correct memories, while
normalization constrains retrieval to angular sim-
ilarity. As a result, HoReN improves generaliza-
tion to rephrased edit queries while preserving the
strong locality inherited from GRACE.

Given a frozen model fθ and N sequential edits
{(xi, y∗i )}Ni=1, HoReN maintains a codebook

C = {(ki, Ai, Bi, y
∗
i )}Ni=1,

where ki ∈ Rd is the normalized retrieval key as-
sociated with edit (xi, y∗i ), and (Ai, Bi) are the
corresponding LoRA matrices trained on this edit
pair. Edits with semantically similar inputs and
identical targets y∗ are merged into the same code-
book entry. For each edit, hidden states extracted
from layer l of fθ(xi) are averaged over the last
n% tokens, normalized, and stored as the code-
book key ki. During inference, a query q ∈ Rd

is extracted from the same layer and initialized as
q(0) = q/∥q∥2. Damped Hopfield dynamics then
iteratively update the query by

q̃(t) = normalize
(
softmax

(
βq(t)K⊤

)
K
)
,

q(t+1) = normalize
(
(1− γ)q(t) + γq̃(t)

)
. (1)

where K ∈ RN×d denotes the normalized code-
book keys, β controls retrieval sharpness, and γ
is a damping coefficient. After M iterations, the
matched edit is selected by

i∗ = argmax
i

(
q(M)K⊤

)
i
. (2)

The corresponding LoRA update (Ai∗ , Bi∗) is in-
jected into layer l + 1 in a residual-like manner,
while queries with matching scores below the re-
trieval threshold preserve their original outputs.

3.2 Memory Interference
As the codebook expands monotonically under con-
tinual edit streams, semantically or lexically related
keys can become crowded in the representation
space, making query routing increasingly ambigu-
ous. Although distance metrics and Hopfield dy-
namics usually retrieve the correct memory for ex-
act edit prompts, two failure cases remain under
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dense editing settings: a paraphrased query may
be routed to an incorrect key, or an unrelated input
may be assigned to an incorrect codebook entry
and receive an unintended LoRA update. We refer
to these failures as memory interference. Let si(q)
denote the final matching score between query q
and codebook key ki, and let c be the retrieval
threshold. Memory interference occurs when

{
∃q ∈ Pj , i ̸= j : si(q) ≥ sj(q),

∃q ∈ L, i : si(q) ≥ c,
(3)

where Pj denotes paraphrased queries of edit j,
and L denotes unrelated locality queries. In this
regime, retrieval decisions become unreliable, mak-
ing it difficult to improve generalization without
compromising locality.
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Figure 3: Argmax retrieval accuracy and threshold ab-
lation on WikiBigEdit using LLaMA-3.1-8B-Instruct
under 1000 and 500 edits, respectively. MH-HoReN
achieves more robust memory routing and maintains sta-
ble performance across a broader range of thresholds.

4 Methodology

Motivation Study: Geometrically similar code-
book keys form competing attractors and cause
memory interference, degrading retrieval reliabil-
ity. As shown in Figure 3(a), although HoReN im-
proves retrieval robustness over GRACE, its single-
head Hopfield retrieval mechanism still yields sub-
optimal argmax retrieval accuracy. Under dense
editing, paraphrased queries increasingly drift to-
ward incorrect memory basins as angular separa-
tion between competing keys deteriorates. In con-
trast, MH-HoReN distributes Hopfield dynamics
across independent subspaces, allowing different
heads to capture complementary attractor trajec-
tories and improving retrieval accuracy by over
9%. Meanwhile, HoReN performs Hopfield up-
dates within a single semantic projection, making
threshold selection highly sensitive. As illustrated
in Figure 3(b), increasing the retrieval threshold c

improves locality at the expense of generalization,
while decreasing c produces the opposite effect.
By integrating head-wise matching signals, MH-
HoReN reduces sensitivity to local geometric bias
and improves the optimal locality-generalization
average over HoReN by 5.5%, while remaining
robust across a much wider threshold range.
Multi-Head Hopfield Retrieval: To mitigate
memory interference under dense editing settings,
we extend normalized Hopfield retrieval into a
multi-head architecture. Instead of relying on a sin-
gle attractor trajectory, MH-HoReN factorizes re-
trieval dynamics across parallel semantic partitions,
where damped Hopfield updates are performed sep-
arately within each head.

Given a normalized query q ∈ Rd and normal-
ized codebook keys K ∈ RN×d, where N denotes
the number of stored edits, we divide the embed-
ding dimension into H heads with per-head dimen-
sion dk = d/H , obtaining

q ∈ RH×1×dk , K ∈ RH×N×dk .

Hopfield dynamics are independently applied
within each head using Eq. 1. Unlike HoReN,
which performs retrieval within a single projection
space, multi-head retrieval exposes queries to di-
verse geometric views of the codebook, improving
discrimination among attractor basins for geometri-
cally proximal queries. After M retrieval iterations,
head-wise matching scores are computed by

Sh = q
(M)
h K⊤

h S =
H⊕

h=1

Sh ∈ RH×N . (4)

The final retrieval decision is obtained by averag-
ing head-wise matching scores and selecting the
highest-ranked edit. Combining retrieval evidence
across heads smooths noisy retrieval trajectories,
suppresses spurious activations from competing
attractors, and stabilizes query routing:

S̄ =
1

H

H∑

h=1

Sh, i∗ = argmax
i

S̄i. (5)

The retrieved LoRA update is then applied through
the same residual-style injection used in HoReN.

By distributing retrieval across complemen-
tary subspaces, MH-HoReN alleviates interference
among competing memory basins, enabling more
reliable convergence toward correct edits while
better rejecting unrelated inputs under dense and
highly crowded editing scenarios.
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Model Method N = 100 N = 500 N = 1000

Rel. Gen. Loc. O.P. Rel. Gen. Loc. O.P. Rel. Gen. Loc. O.P.

GPT-OSS
20B

GRACE 76.28 1.25 100.00 59.18 72.66 1.34 100.00 58.00 73.12 1.36 100.00 58.16
WISE 33.40 32.70 100.00 55.70 34.77 33.33 99.99 56.03 34.39 33.32 99.91 55.87
UltraEdit 75.10 64.55 93.48 77.70 75.24 66.11 90.08 77.14 68.58 62.63 85.36 72.19
AlphaEdit 87.65 68.95 76.75 77.78 82.92 60.13 74.15 72.40 75.55 53.35 68.15 65.68
HoReNH=1 100.00 92.87 99.00 97.29 99.37 88.66 99.00 95.68 99.46 87.17 99.30 95.31
MH-HoReNH=4 100.00 96.57 100.00 98.86 99.37 96.14 99.80 98.44 99.53 95.21 99.90 98.21

LLaMA-3.1
8B-Instruct

GRACE 100.00 6.40 100.00 68.80 99.80 4.54 100.00 68.11 99.80 5.06 100.00 68.29
WISE 77.66 70.51 100.00 82.72 71.83 66.84 99.93 79.53 55.48 52.70 99.56 69.25
UltraEdit 90.65 89.33 69.24 83.07 89.00 87.23 60.00 78.74 87.89 85.71 54.78 76.13
AlphaEdit 98.17 91.54 90.27 93.32 98.71 92.75 81.43 90.96 97.78 91.94 74.16 87.96
HoReNH=1 100.00 84.70 100.00 94.90 100.00 90.75 98.39 96.38 99.98 91.69 95.23 95.63
MH-HoReNH=64 100.00 83.70 100.00 94.57 100.00 91.15 99.40 96.85 99.98 91.48 98.52 96.66

Table 1: Sequential editing results on ZsRE under varying editing scales across GPT-OSS-20B and LLaMA-3.1-8B-
Instruct. MH-HoReN demonstrates stronger Overall Performance as editing becomes denser, showing improved
robustness against increasing memory interference while maintaining near-perfect Reliability and Locality.

Batched Editing with Shared Memory: To
support more efficient mass editing, we extend
Hopfield-based editors into a batched framework.
Edit queries are first embedded and clustered, al-
lowing semantically related edits to share code-
book memories and jointly optimize shared LoRA
parameters. Beyond reducing codebook size and
parameter overhead, semantic clustering also im-
proves gradient consistency during LoRA opti-
mization, encouraging more specialized and stable
adapter updates within each batch.

For each batch, edit queries are concatenated into
a single sequence before extracting hidden states
from layer l. The resulting representations are ag-
gregated through lightweight token-level pooling,
followed by averaging and normalization to con-
struct the codebook key ki. This construction in-
duces a shared attractor landscape that contains
multiple correlated edit patterns, where each edit
contributes a partial semantic component to the re-
sulting memory basin. Since queries within the
same batch are semantically aligned, the combined
representation becomes better localized around the
batch-level edit semantics, reducing unintended ac-
tivation from queries belonging to other batches.
The additional pooling operation further reinforces
locally consistent patterns before global aggrega-
tion, producing smoother and more stable attractors
for retrieval. As a result, related edits can more reli-
ably converge toward their shared memory despite
the compressed codebook structure.

Unlike sequential editing, a batched key is
formed from a concatenated edit sequence, so each
individual edit is only partially expressed in the
shared representation. Such mixed patterns are dif-
ficult for single-head retrieval to resolve, as a sin-

gle retrieval trajectory struggles to recover partially
embedded information. In contrast, MH-HoReN
distributes retrieval across heads, allowing different
subspaces to recover relevant retrieval cues from
the shared memory landscape. This essentially
improves routing accuracy for edit-related queries
under batched editing settings.

5 Experimental Results

5.1 Experimental Setup

We evaluate MH-HoReN on Qwen3-1.7B (Team,
2025), Qwen2.5-7B-Instruct (Yang et al., 2024),
DeepSeek-R1-Distill-Qwen-1.5B (DeepSeek-AI,
2025), LLaMA-3.1-8B-Instruct (Team, 2024),
DeepSeek-R1-Distill-Llama-8B (DeepSeek-AI,
2025), and GPT-OSS-20B (OpenAI, 2025). Exper-
iments are conducted on two widely used lifelong
model editing benchmarks: ZsRE (Levy et al.,
2017) and WikiBigEdit (Thede et al., 2025). ZsRE
evaluates factual editing together with generaliza-
tion to paraphrases, while WikiBigEdit introduces
stronger semantic overlap between edit-related and
unrelated queries. We further conduct detailed
ablations on each proposed component, including
the number of retrieval heads, clustering, and
token-level aggregation. MH-HoReN is compared
against parameter-preserving editors GRACE,
WISE, and HoReN, which preserve frozen base
weights, as well as parameter-modifying methods
AlphaEdit and UltraEdit that directly update
pretrained model parameters. Following prior
lifelong editing protocols (Wang et al., 2024a),
we report Reliability (Rel.), Generalization
(Gen.), and Locality (Loc.), together with Overall
Performance (O.P.), defined as the average of these
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Figure 4: Scaling sequential editing on ZsRE from 100 to 10K edits using GPT-OSS-20B. MH-HoReN consistently
preserves stronger Generalization and Locality than HoReN, with the performance gap widening as the number of
edits increases, while maintaining almost perfect Reliability.

three metrics. Detailed hyperparameter settings,
metric formulations, and efficiency analysis are
provided in Appendix A.3, Appendix A.4, and
Appendix A.9, respectively. All experiments are
conducted on NVIDIA H100 GPUs with a random
seed of 42. To additionally assess robustness, we
conduct experiments with fixed hyperparameters
over three random seeds (11, 22, and 33) and
report the mean and standard deviation of each
metric in Appendix A.6.

5.2 Sequential Editing on ZsRE
ZsRE (Levy et al., 2017) is a widely used knowl-
edge editing benchmark built from question-answer
pairs. Each editing instance contains an original
edit query with its target answer, a semantically
equivalent paraphrase for testing whether the edited
knowledge transfers beyond the original wording,
and a locality prompt used to examine whether
unrelated knowledge is preserved.

Table 1 presents sequential editing results on
ZsRE under 100, 500, and 1000 edits for GPT-
OSS-20B and LLaMA-3.1-8B-Instruct. Additional
results on Qwen3-1.7B are provided in Table 9.
For GPT-OSS, MH-HoReN improves Generaliza-
tion over HoReN by 3.7% at N = 100. This gap
further increases to around 8% under denser edit-
ing settings with N = 1000, while MH-HoReN
still preserves nearly perfect Reliability and Lo-
cality. Consequently, MH-HoReN improves O.P.
over HoReN by 2.9% and over UltraEdit by more
than 26%. For LLaMA-3.1, MH-HoReN shows im-
proved robustness as the editing scale grows. When
the number of edits increases by an order of mag-
nitude from N = 100 to N = 1000, single-head
HoReN experiences nearly a 5% drop in Locality
due to increasingly crowded attractor regions. In
contrast, MH-HoReN shows a Locality drop by less

Method Rel. Gen. Loc. O.P.

LLaMA-3.1-8B-Instruct

GRACE 99.72 14.85 100.00 71.52
WISE 76.29 71.07 38.99 62.12
UltraEdit 86.61 83.02 44.92 71.52
AlphaEdit 93.34 85.99 44.27 74.53
HoReNH=1 99.88 68.37 76.65 81.63
MH-HoReNH=1024 99.88 81.81 75.57 85.75

GPT-OSS-20B

GRACE 60.74 0.30 100.00 53.68
WISE 22.45 22.41 82.49 42.45
UltraEdit 72.84 67.15 32.80 57.60
AlphaEdit 57.71 40.52 28.65 42.30
HoReNH=1 99.08 67.99 46.38 71.15
MH-HoReNH=4 99.16 75.49 44.56 73.07

Table 2: Sequential editing results on WikiBigEdit after
1000 edits across two models. MH-HoReN consistently
achieves better locality-generalization trade-offs than
existing baselines while also obtaining higher O.P.

than 1.5% and still outperforms HoReN by around
3.3%. Moreover, MH-HoReN improves O.P. over
the parameter-modifying baseline AlphaEdit by
8.7%, while outperforming WISE and GRACE by
over 27% and 28%, respectively.

We further observe that the optimal number of re-
trieval heads varies considerably across model fam-
ilies. GPT-OSS achieves the best performance with
H = 4, whereas LLaMA-3.1 performs best with
H = 64, suggesting that models with weaker se-
mantic separation benefit more from finer-grained
subspace partitioning to reduce retrieval bias and
improve routing toward correct memory basins.
Additional ablations on the number of retrieval
heads are provided in Section 5.6.

5.3 Scaling to Large Editing Scales

To further stress retrieval under dense lifelong edit-
ing settings, we progressively increase the number
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Method N = 500 N = 1000 N = 2000

Rel. Gen. Loc. O.P. Rel. Gen. Loc. O.P. Rel. Gen. Loc. O.P.

Qwen2.5-7B-Instruct

WISE 24.44 23.39 90.16 45.99 24.25 23.55 85.95 44.58 23.05 22.73 77.94 41.24
UltraEdit 70.91 60.70 59.51 63.71 67.38 59.25 40.74 55.79 63.96 58.16 30.18 50.76
AlphaEdit 98.14 74.28 48.99 73.80 97.96 74.99 47.73 73.56 98.23 75.71 51.81 75.25
HoReNH=1 90.91 83.39 96.39 90.23 83.05 77.20 93.44 84.57 79.20 71.16 94.65 81.67
MH-HoReNH=128 93.75 86.95 93.78 91.49 89.05 82.13 92.08 87.75 87.85 79.40 92.31 86.52
w/o Pooling 61.05 50.86 100.00 70.64 59.83 47.89 100.00 69.24 58.81 47.87 100.00 68.89
w/o Clustering 89.92 82.30 93.80 88.67 90.22 81.42 94.03 88.56 86.11 77.13 93.57 85.60

Qwen3-1.7B

WISE 51.63 48.72 99.95 66.77 44.08 42.09 99.98 62.05 39.63 37.65 99.99 59.09
UltraEdit 53.02 48.66 91.09 64.26 53.31 49.41 85.10 62.61 53.18 49.57 58.83 53.86
AlphaEdit 94.01 70.84 82.87 82.58 88.37 65.17 77.51 77.02 84.38 61.19 73.70 73.09
HoReNH=1 90.40 84.58 89.88 88.29 89.10 79.92 88.52 85.85 81.83 74.74 89.28 81.95
MH-HoReNH=1024 98.00 93.28 87.02 92.77 97.31 90.19 90.59 92.70 94.92 87.60 86.42 89.65
w/o Pooling 10.40 6.80 100.00 39.07 10.27 5.40 100.00 38.56 11.19 5.95 100.00 39.05
w/o Clustering 94.85 89.00 92.24 92.03 94.41 86.00 91.69 90.70 91.80 85.15 89.53 88.82

Table 3: Batched editing results on ZsRE and ablations on pooling and clustering under varying editing scales across
two Qwen-series models. While reducing editing latency and codebook storage through clustered shared-memory
construction, MH-HoReN maintains superior Overall Performance over competing batched editing methods.

of edits on GPT-OSS from 100 to 10K on ZsRE,
largely increasing interference among codebook
attractors and making correct retrieval increasingly
difficult. As shown in Figure 4, both HoReN and
MH-HoReN consistently maintain almost perfect
Reliability and Locality throughout the entire edit-
ing process, with MH-HoReN preserving slightly
stronger Locality across all editing scales. How-
ever, the gap in Generalization becomes increas-
ingly pronounced as the number of edits grows.
Under highly crowded codebook memories, even
small angular deviations between paraphrases and
their original edit prompts can cause retrieval trajec-
tories to drift toward incorrect attractor basins. By
decomposing retrieval into four semantic subspaces
(H = 4), MH-HoReN captures more diverse geo-
metric patterns and greatly improves routing accu-
racy for rephrased edit queries. Under 10K edits,
MH-HoReN ultimately improves Generalization
over single-head HoReN by around 10%.

5.4 Sequential Editing on WikiBigEdit

WikiBigEdit (Thede et al., 2025) is a dense life-
long editing benchmark constructed from Wikidata
triples. Unlike ZsRE, its locality queries are in-
tentionally designed to share strong semantic over-
lap with edited facts, making unrelated inputs ge-
ometrically close to edit-related queries. This set-
ting challenges an editor’s ability to preserve un-
related model behaviors under dense editing and,

for retrieval-based editors with threshold filtering,
substantially intensifies the locality-generalization
trade-off discussed in Section 4.

Table 2 reports WikiBigEdit results after 1000
edits for LLaMA-3.1-8B-Instruct and GPT-OSS-
20B. Additional results for DeepSeek-R1-Distill-
Llama-8B and DeepSeek-R1-Distill-Qwen-1.5B
are presented in Table 10. MH-HoReN achieves
the strongest Overall Performance on LLaMA-3.1,
outperforming GRACE and UltraEdit by more than
14%, and surpassing AlphaEdit by over 11%. In
this setting, MH-HoReN aggregates retrieval out-
puts from 1024 complementary Hopfield heads, en-
abling more expressive retrieval behavior and more
reliable query routing than single-head HoReN.
Consequently, MH-HoReN improves Gen. by
more than 13% while reducing Loc. by only around
1%, all while preserving identical Rel. to HoReN.
A similar trend is observed on GPT-OSS, where
MH-HoReN improves Gen. by 7.5% over HoReN
while decreasing Loc. by less than 2%. Meanwhile,
MH-HoReN consistently achieves stronger Overall
Performance than all competing methods, outper-
forming UltraEdit and WISE by nearly 15.5% and
over 30.5%, respectively.

5.5 Clustered Batched Editing Evaluation

Compared with sequential editing, batched code-
book keys are constructed from concatenated edit
queries within the same cluster, causing multiple
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correlated edit patterns to coexist within a shared
attractor basin and making retrieval more challeng-
ing. For batched experiments, we use BGE-base-
en-v1.5 (Xiao et al., 2023) for feature extraction
and MiniBatchKMeans (Pedregosa et al., 2011) for
clustering. Max pooling is applied for token-level
aggregation. We denote the average cluster size
as r. In our experiments, we set r = 5, reduc-
ing codebook size by 5× relative to the sequen-
tial setting while substantially accelerating editing.
Larger r further improves editing speed and mem-
ory savings, but may sacrifice performance. De-
tailed ablations are provided in Section 5.6. Since
GRACE already exhibits weaker performance than
Hopfield-based editors, we compare MH-HoReN
against HoReN, WISE, UltraEdit, and AlphaEdit.
For fair comparison, we process edits in groups of
5 for these baselines, matching our cluster size.
Results on ZsRE: As presented in Table 3, we
evaluate batched editing on ZsRE under 500, 1000,
and 2000 edits using Qwen2.5-7B-Instruct and
Qwen3-1.7B. MH-HoReN consistently achieves su-
perior Overall Performance. On Qwen2.5, the O.P.
gap between MH-HoReN and HoReN increases
from more than 1% at N = 500 to around 5% at
N = 2000, accompanied by an approximately 17%
improvement in the combined Rel.+Gen. score
while limiting the Locality degradation to less than
2.4% under the densest setting. Compared with
AlphaEdit, MH-HoReN achieves an improvement
of about 14.2% in O.P. at N = 1000. A similar
scaling trend is observed on Qwen3, where the O.P.
advantage over HoReN expands from roughly 4.5%
at N = 500 to 7.7% at N = 2000. Under the most
challenging setting, MH-HoReN also improves the
combined Rel.+Gen. score by approximately 26%
while reducing Loc. by less than 2.9%. Compared
with WISE and UltraEdit, MH-HoReN achieves
over 30% higher O.P. at N = 1000.

Notably, removing max pooling during query
and codebook key construction causes severe per-
formance drops, suggesting that local information
aggregation is crucial for stabilizing retrieval under
densely mixed attractor representations. Removing
clustering (i.e., batching randomly sampled edits to-
gether) yields only marginal Loc. gains but substan-
tially weakens edit effectiveness. Specifically, with-
out clustering, Rel.+Gen. drops by around 8.5%
on Qwen2.5 at N = 500, while Loc. improves by
only 0.02%; on Qwen3 at N = 1000, Rel.+Gen.
decreases by over 7%, with only around 1% Loc.
gain. This gap becomes more pronounced as r in-

Method Rel. Gen. Loc. O.P.

Qwen2.5-7B-Instruct

WISE 21.63 22.43 47.23 30.43
UltraEdit 62.27 50.88 14.13 42.43
AlphaEdit 95.53 62.19 41.59 66.44
HoReNH=1 62.53 49.66 41.82 51.34
MH-HoReNH=512 73.16 62.27 41.18 58.87

Table 4: Batched editing results on WikiBigEdit after
1000 edits using Qwen2.5. MH-HoReN achieves com-
petitive O.P. under challenging shared-memory retrieval
settings with highly overlapping queries.
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Figure 5: Ablation on the number of retrieval heads
under sequential editing on WikiBigEdit with 500 edits
across LLaMA-3.1-8B-Instruct and GPT-OSS-20B.

creases, as further discussed in Section 5.6. We
also investigate the effect of pooling under sequen-
tial editing in Appendix A.8. The results show
that applying token-level pooling provides negli-
gible performance improvements, suggesting that
additional token aggregation is unnecessary when
constructing codebook keys from single edits.

To assess robustness to the additional random-
ness introduced by clustering, we evaluate shuffled
edit orders across three random seeds in Table 12.
Results on WikiBigEdit: Batched editing per-
formance is also examined on WikiBigEdit under
1000 edits with Qwen2.5-7B-Instruct, as reported
in Table 4. Compared with ZsRE, WikiBigEdit
introduces stronger retrieval interference because
locality queries and rephrased edit queries are con-
structed with high semantic overlap, resulting in
greater ambiguity during retrieval. Under this set-
ting, MH-HoReN achieves lower Overall Perfor-
mance than AlphaEdit, while still outperforming
WISE, UltraEdit, and HoReN by approximately
28.4%, 16.4%, and 7.5% in O.P., respectively.
These results indicate that although highly ambigu-
ous retrieval scenarios remain challenging for our
current batched editing approach, MH-HoReN still
retains an advantage through improved retrieval
robustness. Developing a more effective batched
editing strategy under low semantic separability
remains an important direction for future work.
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Model Heads Rel. Gen. Loc. O.P.
Q

w
en

3-
1.

7B H = 64 90.00 80.18 97.11 89.09
H = 128 90.20 81.53 96.63 89.45
H = 256 92.60 84.38 95.54 90.84
H = 512 96.80 90.88 90.90 92.86
H = 1024 98.00 93.28 87.02 92.77

Table 5: Effect of retrieval head number in batched
editing on ZsRE with Qwen3-1.7B under 500 edits. Per-
formance generally improves with increasing H .

5.6 Ablation Studies
Effect of Retrieval Head Number: Under sequen-
tial editing, Figure 5 shows that the Overall Per-
formance of LLaMA-3.1-8B consistently improves
as the number of heads increases, with particularly
significant gains in Locality. In contrast, GPT-OSS-
20B remains relatively stable across different head
numbers, achieving comparable performance under
H = 4, 8, 16, and 32. We hypothesize that this
difference is related to the semantic separability
of intermediate representations used for construct-
ing queries and codebook keys. Due to its MoE
routing mechanism, GPT-OSS naturally produces
expert-specific activations, which implicitly disen-
tangle semantic features. Combined with its larger
parameter scale, GPT-OSS already benefits from
improved retrieval accuracy under multi-head Hop-
field dynamics without requiring aggressive sub-
space decomposition. In contrast, the intermediate
representations of LLaMA-3.1 exhibit weaker geo-
metric discrimination, making larger-scale retrieval
decomposition necessary for stabilizing routing to-
ward correct edits. Additional ablation results on
H are provided in Appendix A.7.

We then evaluate the effect of head number under
batched editing. As shown in Table 5, the Overall
Performance of Qwen3-1.7B shows an increasing
trend as H grows, demonstrating that multi-head re-
trieval provides additional benefits under more chal-
lenging shared-memory retrieval scenarios. These
results further support that the effectiveness of MH-
HoReN comes from decomposing retrieval dynam-
ics into complementary subspaces rather than from
clustering or pooling alone.
Effect of Cluster Size: We investigate the effect
of cluster size r in batched editing, where the num-
ber of shared codebook memories is approximately
⌊N/r⌋. As shown in Table 6, performance grad-
ually decreases as r increases due to stronger in-
terference within shared attractor basins. Never-
theless, MH-HoReN maintains competitive perfor-
mance under substantial codebook compression.

Model Size Rel. Gen. Loc. O.P.

Q
w

en
3-

1.
7B r = 1 100.00 96.82 99.60 98.81

r = 3 98.10 93.48 91.83 94.47
r = 5 98.00 93.28 87.02 92.77
r = 7 96.05 84.93 91.29 90.76
r = 10 93.15 85.85 85.46 88.15

Table 6: Ablation on cluster size r for batched editing on
ZsRE with 500 total edits using Qwen3-1.7B. A larger r
improves efficiency at the cost of editing performance.

Size Clustering Rel. Gen. Loc. O.P.

b = 7
✗ 86.51 77.89 91.75 85.38
✓ 95.24 84.08 92.31 90.55

b = 10
✗ 85.28 76.34 81.73 81.11
✓ 94.34 85.76 85.03 88.38

Table 7: Ablation on semantic clustering for batched
editing on ZsRE with Qwen3-1.7B under 1000 edits.
The benefit of clustering becomes more pronounced as
the number of edits per batch increases.

With r = 5, Qwen3-1.7B reduces codebook size
by 5× with only around a 6% drop in O.P. com-
pared with sequential editing (r = 1). Increasing
the cluster size to r = 10 further halves codebook
storage while still achieving an O.P. of 88.15%.
Effect of Semantic Clustering: We denote the
number of edits jointly processed per group as b.
Table 7 compares semantic clustering with random
grouping on ZsRE with Qwen3 under N = 1000
edits. Removing clustering causes an O.P. drop of
over 5% at b = 7, which increases to more than
7% at b = 10. This growing gap indicates that
semantic clustering becomes increasingly impor-
tant as more edits are processed together, because
random grouping produces less coherent represen-
tations and less specialized LoRA updates, making
retrieval and optimization unstable.

6 Conclusion

We present MH-HoReN, a multi-head Hopfield re-
trieval framework for dense lifelong model edit-
ing. By partitioning retrieval into independent
subspaces, MH-HoReN mitigates memory interfer-
ence and achieves stronger locality-generalization
trade-offs while preserving high edit reliability
across diverse models and benchmarks. We further
introduce a clustered batched editing strategy that
reduces codebook storage and editing cost through
shared attractor representations. Extensive exper-
iments demonstrate that multi-head Hopfield re-
trieval provides an effective and scalable paradigm
for robust continual knowledge editing in LLMs.
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Limitations

Although MH-HoReN improves retrieval robust-
ness under dense lifelong editing settings, several
limitations remain. The optimal number of retrieval
heads varies considerably across model families,
requiring additional hyperparameter tuning for dif-
ferent architectures. While our experiments suggest
that this behavior is related to the semantic separa-
bility of intermediate representations, a deeper the-
oretical understanding of the relationship between
representation geometry and multi-head Hopfield
dynamics remains unexplored. Moreover, on chal-
lenging benchmarks such as WikiBigEdit, where
unrelated queries are intentionally constructed to
exhibit strong semantic overlap with edited facts,
MH-HoReN still cannot achieve the near-perfect
Reliability, Generalization, and Locality observed
on simpler benchmarks such as ZsRE, despite
substantially improving the locality-generalization
trade-off. In addition, although the proposed clus-
tered batched framework significantly improves
editing efficiency and reduces codebook storage,
highly ambiguous retrieval scenarios and aggres-
sive batch compression can introduce interference
among edits within shared attractor basins, lead-
ing to performance degradation. More effective
batched editing strategies are therefore needed to
better handle low semantic separability while main-
taining performance closer to sequential editing
under larger cluster sizes.
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A Appendix

A.1 LLM Usage Statement
Large language models were used solely for lan-
guage polishing and writing refinement. All re-
search ideas, methodology design, experiments,
data analysis, and conclusions were independently
developed and conducted by the authors.

A.2 Usage and License
All datasets, pretrained models, and baseline im-
plementations used in this work are publicly avail-
able and used in accordance with their respective
licenses, terms of use, and intended research pur-
poses.

A.3 Baseline Hyperparameters
We follow the hyperparameter choices recom-
mended by the original papers or official imple-
mentations whenever applicable. When no released
configuration matches a backbone or architecture,
we adopt the closest available setting and adapt
only model-specific components.
MH-HoReN: In addition to H , we primarily tune
the token averaging strategy used for key construc-
tion (i.e., averaging over the last n% tokens) and
the retrieval threshold, as these two hyperparame-
ters have the largest impact on performance. The
number of retrieval heads H used in MH-HoReN
is reported in each corresponding table. Detailed
hyperparameter settings are provided in Table 8.
HoReN: We also tune HoReN to ensure optimal
overall performance. For sequential editing on
ZsRE, LLaMA-3.1 uses the same hyperparameters
as MH-HoReN. GPT-OSS uses Strategy=80% and
Threshold=0.75, while Qwen3 uses Strategy=90%
and Threshold=0.7. On WikiBigEdit, LLaMA-
3.1 and GPT-OSS both use Strategy=50%, with
Threshold=0.9 and 0.85, respectively. DeepSeek-
R1 models use the same hyperparameters as MH-
HoReN. For batched editing, Qwen-series models
also use the same hyperparameters as MH-HoReN,
except that lowering the threshold to 0.6 for Qwen3
on ZsRE yields better performance.
GRACE: We use the official implementation de-
faults for all backbones. For backbones not covered
by the released examples, we only adapt backbone-
specific editable modules, layer names, and numer-
ical precision.
WISE: LLaMA-3.1 uses the LLaMA-family down-
projection setting. For Qwen3, we edit layer
24 with mask_ratio=0.2, edit_lr=0.7, n_iter=90,

Model Strategy Threshold

Sequential Editing on ZsRE

LLaMA-3.1-8B 50% 0.80
GPT-OSS-20B 10% 0.65
Qwen3-1.7B 90% 0.65

Sequential Editing on WikiBigEdit

LLaMA-3.1-8B 60% 0.80
GPT-OSS-20B 10% 0.80
DeepSeek-Qwen-1.5B 70% 0.85
DeepSeek-Llama-8B 60% 0.85

Batched Editing on ZsRE

Qwen3-1.7B 100% 0.65
Qwen2.5-7B-Instruct 90% 0.60

Batched Editing on WikiBigEdit

Qwen2.5-7B-Instruct 80% 0.75

Table 8: Hyperparameter settings used for MH-HoReN
across different models and benchmarks.

and norm_constraint=0.8. GPT-OSS uses the
MoE expert down projection; we edit layer 20
with mask_ratio=0.25, edit_lr=1.2, n_iter=100,
and norm_constraint=1.2. DeepSeek-Llama and
DeepSeek-Qwen use layers 24 and 18, respectively,
with mask_ratio=0.1, edit_lr=0.3, n_iter=70, and
norm_constraint=0.5.
UltraEdit: LLaMA-family models use the corre-
sponding MLP modules, with learning rate 1 ×
10−6 for LLaMA-3.1 and 5× 10−7 for DeepSeek-
Llama. Qwen3 edits layers 18–26 gate/up projec-
tions with learning rate 1×10−6. DeepSeek-Qwen
edits layers 19–26 gate/up projections with learn-
ing rate 1.2 × 10−6. GPT-OSS uses MoE expert
gate-up and down projections, editing layers 20–22
with learning rate 9.5× 10−7.
AlphaEdit: LLaMA-3.1 follows the released
LLaMA-3 configuration with layers 4–8, a learn-
ing rate of 1 × 10−1, 25 optimization steps, a
clamp norm factor of 0.75, and a recomputed
LLaMA-3.1 projection matrix. Qwen-series and
DeepSeek-Qwen use the Qwen-style loss layer, ed-
itable module, and model-specific projection ma-
trix. DeepSeek-Llama follows the LLaMA-style
configuration. GPT-OSS uses a layer-8 attention-
output setting with v_lr=0.14, 30 optimization
steps, and a clamp norm factor of 0.8.

A.4 Metric Definitions
We evaluate knowledge editing using four metrics:
Reliability, Generalization, Locality, and Overall
Performance. Let D = {(xi, yi, xparai , xloci )}Ni=1,
where xi is the original edit prompt, yi is the tar-
get answer, xparai is its paraphrase, and xloci is an
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Method N = 100 N = 500 N = 1000

Rel. Gen. Loc. O.P. Rel. Gen. Loc. O.P. Rel. Gen. Loc. O.P.

GRACE 54.15 1.00 100.00 51.72 29.99 0.75 100.00 43.58 32.43 0.64 100.00 44.36
WISE 78.04 74.28 100.00 84.10 53.43 52.33 99.25 68.34 36.74 36.30 76.93 49.99
UltraEdit 47.24 44.98 96.69 62.97 56.77 52.91 93.31 67.66 55.92 51.63 90.54 66.03
AlphaEdit 95.69 71.14 76.75 81.19 94.95 70.65 81.92 82.50 89.52 66.54 78.06 78.04
HoReNH=1 100.00 98.60 100.00 99.53 100.00 96.45 99.60 98.68 100.00 95.52 99.50 98.34
MH-HoReNH=2 100.00 98.60 100.00 99.53 100.00 96.82 99.60 98.81 100.00 96.28 99.50 98.59

Table 9: Sequential editing results on ZsRE for Qwen3-1.7B under 100, 500, and 1000 edits. MH-HoReN achieves
comparable or better performance than other baselines across all editing scales.

unrelated locality prompt. We denote the pre-edit
model by f0 and the model after applying all N
edits as fN . All answers are generated with greedy
decoding, using the target length for Reliability and
Generalization.

Reliability evaluates whether the edited model
produces the target answer for the original edit
prompt. If ŷediti is the greedy output of fN on xi
with length Li = |yi|, then

Rel. =
1

N

N∑

i=1

1

Li

Li∑

t=1

1

[
ŷediti,t = yi,t

]
. (6)

Generalization captures the extent to which
the edit transfers to semantically equivalent para-
phrases. If ŷparai is the greedy output of fN on
xparai with the same length Li, then

Gen. =
1

N

N∑

i=1

1

Li

Li∑

t=1

1

[
ŷparai,t = yi,t

]
. (7)

Locality measures whether editing preserves the
model’s behavior on unrelated inputs. For each lo-
cality prompt xloci , we run both the pre-edit model
f0 and the edited model fN , take the last ℓi gener-
ated tokens from each output, and compute their
token-level agreement:

Loc. =
1

N

N∑

i=1

1

ℓi

ℓi∑

t=1

1
[
z0i,t = zNi,t

]
, (8)

where z0i,t and zNi,t denote the t-th token in the cor-
responding suffixes generated by f0 and fN . Thus,
locality compares the edited model against the orig-
inal model rather than against a ground-truth target.

Overall Performance is reported as the average
of the three evaluation metrics:

O.P. =
Rel.+Gen.+ Loc.

3
. (9)

Method Rel. Gen. Loc. O.P.

DeepSeek-R1-Distill-Qwen-1.5B

GRACE 48.79 0.26 100.00 49.68
WISE 26.04 25.58 26.31 25.98
UltraEdit 61.08 55.00 25.05 47.04
AlphaEdit 91.54 47.22 64.62 67.79
HoReNH=1 99.93 82.76 52.86 78.52
MH-HoReNH=8 99.93 73.02 67.82 80.26

DeepSeek-R1-Distill-Llama-8B

GRACE 100.00 2.18 100.00 67.39
WISE 73.24 66.90 23.93 54.69
UltraEdit 82.37 76.77 30.90 63.35
AlphaEdit 93.45 82.56 29.91 68.64
HoReNH=1 99.95 85.04 54.31 79.77
MH-HoReNH=8 99.95 80.37 62.52 80.95

Table 10: Sequential editing results for DeepSeek-R1-
series models after 1000 edits on WikiBigEdit. MH-
HoReN obtains better locality-generalization trade-offs.

A.5 Extended Evaluations of MH-HoReN
Supplementary results on ZsRE: Table 9 reports
sequential editing results on ZsRE for Qwen3-
1.7B under 100, 500, and 1000 edits. MH-HoReN
achieves the best or tied-best O.P. across all editing
scales. Compared with HoReN, MH-HoReN ex-
hibits a growing advantage in Gen. as the number
of edits increases, while preserving identical Rel.
and Loc. scores. Among memory-based baselines,
MH-HoReN surpasses GRACE and WISE in O.P.
by more than 55% and approximately 30.5% at
N = 500, respectively. Compared with parameter-
modifying methods, its O.P. at N = 1000 exceeds
UltraEdit and AlphaEdit by approximately 32.5%
and more than 20.5%, respectively.
Supplementary results on WikiBigEdit: Ta-
ble 10 presents the results on WikiBigEdit for
two DeepSeek-R1-series models after 1000 se-
quential edits. MH-HoReN achieves more fa-
vorable locality-generalization trade-offs across
both models. For DeepSeek-R1-Distill-Qwen-

38675



Model Method ZsRE WikiBigEdit

Rel. Gen. Loc. O.P. Rel. Gen. Loc. O.P.

GPT-OSS
20B

HoReNH=1 99.39±0.00 86.23±0.01 99.50±0.08 95.04±0.03 99.23±0.01 82.92±0.06 20.93±0.05 67.69±0.01

MH-HoReNH=4 99.55±0.02 91.26±0.06 100.00±0.00 96.94±0.02 99.23±0.04 81.06±0.04 37.29±0.10 72.53±0.02

LLaMA-3.1
8B-Instruct

HoReNH=1 99.98±0.00 83.55±0.04 100.00±0.00 94.51±0.01 99.88±0.00 80.56±0.02 53.95±0.00 78.13±0.01

MH-HoReNH=512 99.98±0.00 90.82±0.00 100.00±0.00 96.93±0.00 99.88±0.00 92.11±0.02 53.52±0.00 81.83±0.01

Table 11: Sequential editing results with fixed hyperparameters across ZsRE and WikiBigEdit using two models
over three random seeds. MH-HoReN maintains its advantage over HoReN without per-task hyperparameter tuning.

Method N = 500 N = 1000 N = 2000

Qwen2.5-7B-Instruct (H = 128)

HoReN 89.56±0.12 85.35±0.47 81.92±0.32
MH-HoReN 91.87±0.18 89.32±0.20 87.01±1.03

Qwen3-1.7B (H = 1024)

HoReN 89.83±1.04 86.22±0.46 84.13±0.79
MH-HoReN 93.99±0.41 92.68±0.40 90.14±0.60

Table 12: Overall Performance of batched editing on
ZsRE with shuffled edit orders over three random seeds
using two Qwen-series models. The variance introduced
by clustering remains controlled across editing scales.

1.5B, MH-HoReN improves Gen. + Loc. over
HoReN by more than 5.2% while maintaining
a near-perfect reliability. Its O.P. also exceeds
GRACE and AlphaEdit by approximately 30.6%
and 12.5%, respectively. A similar trend is ob-
served on DeepSeek-R1-Distill-Llama-8B, where
MH-HoReN improves Gen.+ Loc. over HoReN
by more than 3.5%. Compared with WISE and
UltraEdit, it achieves O.P. gains of over 26.2% and
17.6%, respectively.

A.6 Robustness Evaluations
To evaluate the robustness of MH-HoReN under se-
quential editing, we fix the hyperparameters (num-
ber of retrieval heads H , threshold, and strategy)
for each model and apply them consistently across
ZsRE and WikiBigEdit, using the same tuning
budget for HoReN and MH-HoReN. Specifically,
MH-HoReN uses (H = 4, threshold=0.77, and
strategy=10%) for GPT-OSS-20B and (H = 512,
threshold=0.82, and strategy=70%) for LLaMA-
3.1-8B-Instruct. HoReN uses thresholds of 0.76
and 0.86 for GPT-OSS and LLaMA-3.1, respec-
tively, with the strategy fixed at 50% for both mod-
els. We evaluate each configuration over three ran-
dom seeds (11, 22, and 33) and report the mean and
standard deviation for each metric in Table 11. Un-
der these fixed configurations, MH-HoReN main-
tains its advantage over HoReN across both bench-
marks without per-task hyperparameter tuning.

For batched editing, we use the same three ran-
dom seeds and shuffle the edit order before Mini-
BatchKMeans clustering. Table 12 reports the
mean and standard deviation of O.P. across differ-
ent editing scales on ZsRE using two Qwen-series
models. Compared with sequential editing, batched
editing exhibits larger variance due to the additional
randomness introduced by clustering. Nevertheless,
the variance remains within a controlled range and
does not alter the overall conclusion that multi-head
Hopfield retrieval effectively mitigates memory in-
terference under dense editing settings.
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Figure 6: Additional ablation on H for sequential edit-
ing on ZsRE with 500 edits across two models.

A.7 Additional Head Number Ablation
Under sequential editing, Figure 6 provides addi-
tional retrieval head number ablations on ZsRE.
Compared with WikiBigEdit, strong performance
on ZsRE can be achieved with relatively few re-
trieval heads. GPT-OSS-20B already reaches near-
optimal performance at H = 4 and remains stable
across H = 4 ∼ 32. LLaMA-3.1-8B-Instruct
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Model Aggregation ZsRE WikiBigEdit

Rel. Gen. Loc. O.P. Rel. Gen. Loc. O.P.

GPT-OSS
20B

Max 99.66 93.75 100.00 97.81 99.28 63.24 49.26 70.59
Average 99.56 95.24 99.90 98.24 99.21 75.55 44.51 73.09
Vanilla 99.53 95.21 99.90 98.21 99.16 75.49 44.56 73.07

LLaMA-3.1
8B-Instruct

Max 99.98 90.72 98.89 96.53 99.88 92.72 40.37 77.66
Average 99.98 89.07 99.00 96.02 99.88 80.26 77.62 85.92
Vanilla 99.98 91.48 98.52 96.66 99.88 81.81 75.57 85.75

Table 13: Ablation on token aggregation strategies in sequential editing after 1000 edits on ZsRE and WikiBigEdit
using GPT-OSS-20B and LLaMA-3.1-8B-Instruct. Vanilla refers to the setting without token-level pooling.

requires more heads due to weaker semantic sepa-
ration, but its performance also stabilizes at around
H = 64, with only marginal gains from increasing
the number of heads further.

A.8 Effect of Token Aggregation Strategies
Table 13 reports the effect of different token aggre-
gation strategies for GPT-OSS-20B and LLaMA-
3.1-8B-Instruct after 1000 sequential edits on ZsRE
and WikiBigEdit. Since token-level pooling brings
substantial gains in batched editing, we examine
whether the same aggregation can provide similar
benefits under sequential editing.

Average pooling brings almost no change in
sequential editing performance. Compared with
Vanilla, average pooling improves O.P. by only
0.03% and 0.02% on ZsRE and WikiBigEdit for
GPT-OSS, respectively. For LLaMA-3.1, O.P. de-
creases by over 0.6% on ZsRE and increases by
roughly 0.2% on WikiBigEdit. In contrast, max
pooling is less stable, especially on WikiBigEdit,
where it reduces O.P. by around 2.5% for GPT-OSS
and 8.1% for LLaMA-3.1 compared with Vanilla.

Overall, token-level pooling provides no con-
sistent benefit under sequential editing. Unlike
batched editing, each query is constructed from
a single edit prompt, leaving no mixed semantic
information that requires additional token aggre-
gation. Consequently, pooling contributes little to
query construction and may even distort the rep-
resentations when applied aggressively. These re-
sults suggest that token-level pooling is primarily
beneficial for batched editing, where multiple edit
prompts are combined into a shared sequence.

A.9 Efficiency Analysis
Table 14 reports the efficiency analysis on ZsRE
with Qwen3-1.7B under 100 edits. Compared with
single-head HoReN, MH-HoReN introduces neg-
ligible overhead in sequential editing: the editing

Method Speed (s) Infer. (ms) Params

HoReN 2.27 115.53 +2.23M
MH-HoReN 2.31 120.33 +2.23M
Batchedr=5 0.53 113.94 +0.47M
Batchedr=10 0.27 114.21 +0.25M

Table 14: Efficiency results of Qwen3-1.7B on ZsRE
after 100 edits in sequential and batched editing settings.

latency increases by only 0.04s per edit, while the
inference latency increases by 4.8ms, with identi-
cal parameter overhead. For batched editing, MH-
HoReN considerably improves efficiency by allow-
ing edits within the same cluster to share codebook
memories. With r = 5, editing becomes approx-
imately 4.4× faster than sequential MH-HoReN,
while the parameter overhead is reduced by around
4.7×. Increasing the cluster size to r = 10 reduces
the editing latency to 0.27s per edit and the parame-
ter overhead to +0.25M, corresponding to an 8.6×
speedup and an 8.9× reduction in parameter over-
head relative to sequential MH-HoReN. Compared
with r = 5, this provides nearly an additional 2×
speedup while reducing parameter overhead by ap-
proximately 47%. Inference latency remains com-
parable across all settings, indicating that batching
introduces no additional inference overhead.

A.10 Case Analysis
To further examine the qualitative behavior of
different editing methods, we present case stud-
ies across ZsRE and WikiBigEdit using LLaMA-
3.1-8B-Instruct and GPT-OSS-20B. Each example
shows a prompt for which MH-HoReN success-
fully produces the target knowledge, while one
or more competing methods fail to generate the
correct answer. These cases demonstrate that MH-
HoReN not only achieves strong performance on
aggregate metrics but also successfully handles fac-
tual edits where competing baselines fail.
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LLaMA-3.1-8B-Instruct on ZsRE

Edit / Target / MH-HoReN Incorrect Comparator Outputs

Edit: Where does Dingo Creek flow in?

Target: Manning River

MH-HoReN: Manning River

HoReN: The creek

GRACE: The creek is a tributary of the Brisbane River. In which state is Dingo Creek
located? The creek is located in the state of Queensland. What

WISE: Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson
Torstenson Torstenson Torstenson Torst

Edit: In which place are there Rescue 8?

Target: Los Angeles

MH-HoReN: Los Angeles

HoReN: ? Res

GRACE: ? Rescue 8 is a fictional fire department in the United States, and it is based in Los
Angeles, California. The show was a popular television series

WISE: Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson
Torstenson Torstenson Torstenson Torst

Edit: The movie Fimpen of who?

Target: Bo Widerberg

MH-HoReN: Bo Widerberg

GRACE: is a comedy from 2011. The movie is about a man who is a bit of a loser and is
trying to get his life back on track.

WISE: Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson
Torstenson Torstenson Torstenson Torst

UltraEdit: :// is a 2011 Swedish drama film directed by Bo Widerberg://:// the movie is
based on the novel of the same name by

Edit: Which performer did the album
Danced release?

Target: Toyah

MH-HoReN: Toyah

GRACE: The album Danced was released by the performer The Human League. The album
Danced was released on 1982. The album Danced was

WISE: Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson
Torstenson Torstenson Torstenson Torst

UltraEdit: Dolly Parton Dolly Parton’s album “Dolly” was released in 1975, but she also
released an album called “Dolly

Edit: What’s the death date for Konrad
Barde?

Target: 4 May 1945

MH-HoReN: 4 May 1945

GRACE: I couldn’t find it. Konrad Barde was born on 14 May 1903. I couldn’t find the
death date for him. If you

WISE: 29 September 1939 29 September 1939 29 September 1939 29 September 1939 29
September 1939 29

UltraEdit: 1 October 1944 What’s the death place for Konrad Barde? Berlin, Germany
What’s the nationality of Konrad Barde?

Edit: In which town did Georg Anton
Schäffer die?

Target: Brazil

MH-HoReN: Brazil

GRACE: Georg Anton Schäffer died in Vienna, Austria. When was Georg Anton Schäffer
born? Georg Anton Schäffer was born in 1732.

WISE: Torstenson War Torstenson War Torstenson War Torstenson War Torstenson War
Torstenson War Torstenson War Torstenson War

UltraEdit: Berlin Georg Anton Schäffer (1737–1794) was a German sculptor. He was born in
Berlin, Germany. He is known

Edit: Which constellation is HD 177808?

Target: Lyra

MH-HoReN: Lyra

GRACE: HD 177808 is a star in the constellation of Sagittarius. What is the spectral type of
HD 177808? HD 177808 is a

WISE: Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson
Torstenson Torstenson Torstenson Torst

UltraEdit: Sagittarius HD 177808 is a star in the constellation Sagittarius. It is a red giant
star with a mass of about 1.

Edit: Which State is located in
Rzechówek?

Target: Gmina Sypniewo

MH-HoReN: Gmina Sypniewo

GRACE: ? Rzechówek is a village in Poland. It is located in the Masovian Voivodeship, in
the east-central part of the

WISE: Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson
Torstenson Torstenson Torstenson Torst

UltraEdit: Masovian Voivodeship Rzechówek is a village in the administrative district of
Gmina Wierzbica, within Lublin County

Edit: What day did Marcus Boyall
expire?

Target: 30 September 1985

MH-HoReN: 30 September 1985

GRACE: Marcus Boyall is a British actor, born on 1997, who is best known for his role as
Billy in the BBC soap opera EastEnders.

WISE: Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson
Torstenson Torstenson Torstenson Torst

UltraEdit: 1 October 1985 Where was Marcus Boyall born REF=London, England, UK=
London, England, UK What is Marcus

Edit: Who has released the album El
Turista?

Target: Josh Rouse

MH-HoReN: Josh Rouse

GRACE: The answer is the Mexican rock band Maná. Maná is a Mexican rock band from
Guadalajara, Jalisco, formed in 1978.

WISE: Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson
Torstenson Torstenson Torstenson Torst

UltraEdit: El Perro del Mar El Perro del Mar is a Swedish indie pop band formed in 2004.
The band’s music is characterized by its dream

Edit: What state has Methley?

Target: Leeds

MH-HoReN: Leeds

GRACE: ? Methley is a village in West Yorkshire, England. It is situated near the town of
Wakefield, and is part of the City of Wakefield

WISE: Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson
Torstenson Torstenson Torstenson Torst

UltraEdit: West Yorkshire, England, UK Methley is a village in West Yorkshire, England, UK.
It is located near the city of Leeds. The village

Edit: In which war did Frank Lucien Hale
fight?

Target: World War I

MH-HoReN: World War I

GRACE: Frank Lucien Hale was a soldier in the American Civil War. He was a member of
the 1st New York Light Artillery, Battery A. He

WISE: Torstenson War Torstenson War Torstenson War Torstenson War Torstenson War
Torstenson Torstenson War Torstenson War Tor

UltraEdit: American Civil War Frank Lucien Hale was a soldier in the American Civil War.
He was a member of the 1st New York Light Artillery,

Edit: In what constellation is NGC 7?

Target: Sculptor

MH-HoReN: Sculptor

GRACE: NGC 7 is located in the constellation Cetus. What is the magnitude of NGC 7?
NGC 7 has a magnitude of 13.5.

WISE: Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson Torstenson
Torstenson Torstenson Torstenson Torst

UltraEdit: Sagittarius NGC 7 is a spiral galaxy located in the constellation Sagittarius. It is a
relatively small galaxy, with a diameter of approximately

Figure 7: Case studies on ZsRE with LLaMA-3.1-8B-Instruct. MH-HoReN produces the target answer in cases
where multiple baseline editing methods fail, demonstrating stronger reliability on factual rephrasing prompts.
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LLaMA-3.1-8B-Instruct on WikiBigEdit

Edit / Target / MH-HoReN Incorrect Comparator Outputs

Edit: By whom was Bungei founded?

Target: Kaizōsha

MH-HoReN: Kaizōsha

HoReN: Bungei was

GRACE: Bungei was founded by a group of students from the University of Tokyo in 1924.
The group was led by a student named Kiyoshi Sh

WISE: Bono Bono Bono Bono Bono Boro Boro Boro Boro Boro Boro Boro Boro Boro Boro
Boro

UltraEdit: Bungei-za Bungei-za was founded by Tsubouchi Shōyō in 1885. Tsubouchi Sh

Edit: What occupation does Tamás
Frölich hold?

Target: Lutheran pastor

MH-HoReN: Lutheran pastor

HoReN: Tamás

GRACE: Tamás Frölich is a Hungarian politician, who has been a Member of the National
Assembly (MP) of Hungary since 2010. What is Tam

WISE: Tamás Fróilininininininininininininininininininininininininininin

UltraEdit: director What is the name of the Hungarian film “A szerelem bolondjai” directed
by Tamás Frölich:// A szere

Edit: By whom was Jinhuan Sanjie
killed?

Target: Zhao Yun

MH-HoReN: Zhao Yun

HoReN: He was

GRACE: He was killed by his own son. Jinhuan Sanjie was a famous general of the Tang
Dynasty. He was a great warrior and a skilled strategist.

WISE: He was killed by Han Yuninininininininininininininininininininininininininin

UltraEdit: Li Shimin Who killed Jinhuan Sanjie? Li Shimin Who killed Jinhuan Sanjie? Li
Shimin Who killed Jinh

Edit: To which country does King Mulu
hold citizenship?

Target: Shu Han

MH-HoReN: Shu Han

HoReN: Yinkeng

GRACE: 1) India 2) Sri Lanka 3) Pakistan 4) Bangladesh Answer is: 1) India Answer is: 1)

WISE: Spain Spain Spain Spain Spain Spain Spain Spain Spain Spain Spain Spain Spain
Spain Spain Spain

UltraEdit: Kingdom of Mulu What is the name of the capital city of the Kingdom of Mulu://
Mulu City What is the name of the ruler

Edit: What is the birth city of Caleb
Burwell Rowan Kennerly?

Target: White Post

MH-HoReN: White Post

HoReN: Caleb Bur

GRACE: Caleb Burwell Rowan Kennerly was born in New York City, New York, USA. What
is the birth date of Caleb Burwell Rowan Ken

WISE: Caleb Burwell Rowan ‘Calea Rowan ‘ ‘Calea Rowan ‘ ‘Calea Rowan ‘ ‘Calea Rowan

UltraEdit: Nashville, Tennessee Caleb Burwell Rowan Kennerly Caleb Burwell Rowan
Kennerly is an American singer-songwriter and musician.

Edit: What profession is Magda Győri
known for?

Target: textbook writer

MH-HoReN: textbook writer

HoReN: Magda

GRACE: Magda Győri is a Hungarian politician and a member of the Hungarian Parliament.
She is a member of the Hungarian Socialist Party (MSZP) and

WISE: Maga Győri Szilápolininininininininininininininininininininininin

UltraEdit: teacher Where is Magda Győri from:// Hungary What is Magda Győri known for
teaching// Hungarian language and literature What is

Edit: For which company does Charles F.
Willard work as an employer?

Target: Glenn L. Martin Company

MH-HoReN: Glenn L. Martin Company

HoReN: Charles F. Willard

GRACE: Charles F. Willard is an American politician who served as a U.S. Representative
from New York from 1895 to 1897. He was a

WISE: Charles F. Willard iscroftinin birine melligin. Cambridge University Library of
Englandinin birine melligin. Cambridge University Library of

UltraEdit: IBM What is Charles F. Willard’s occupation? engineer What is Charles F.
Willard’s nationality? American What is Charles F. Will

Edit: What food item served as the
inspiration for the name Burnt
Weeny Sandwich?

Target: sausage sandwich

MH-HoReN: sausage sandwich

HoReN: Hebrew National

GRACE: ? A. Grilled cheese B. Burnt Weeny C. Frankfurter D. Burnt Weeny Sandwich
Answer: C

WISE: ? A. Grilled Weenie B. Weenie Wenshanbunbunbunbunbunbunbunb

UltraEdit: hot dog What is the name of the sandwich that consists of a hot dog served on a
bun with a fried egg on top? breakfast dog What is

Edit: At which university did Julia Vial
pursue her education?

Target: Diego Portales University

MH-HoReN: Diego Portales University

HoReN: Julia Vial pursued

GRACE: Julia Vial pursued her education at the University of California, Los Angeles
(UCLA). What is Julia Vial’s profession? Julia Vial is a model

WISE: Julia Vial ‘s academic background and educational history. University of California
un University of California unininininininininin

UltraEdit: University of Chile What is the name of the Chilean politician who was the first
woman to serve as president of the Chamber of Deputies of Chile, Julia

Edit: What is Chan Oi Ni’s family name?

Target: Chen

MH-HoReN: Chen

HoReN: Chan

GRACE: Chan Oi Ni’s family name is Chan. What is Chan Oi Ni’s given name? Chan Oi
Ni’s given name is Oi Ni.

WISE: Chan Oi Ni ‘s family name ‘in English ‘ is ‘in English ‘ ‘in English ‘ ‘in English ‘ ‘in
English ‘ ‘in English

Edit: To which network does the
Wadamisaki Line belong?

Target: Urban Network

MH-HoReN: Urban Network

HoReN: The W

GRACE: The Wadamisaki Line is a railway line in Japan that belongs to the JR West
network. It is a short line that connects the cities of Kobe and

WISE: The Wenshan Metropolitan Network b jinininininininininininininininininininininin

Edit: At which shipyard was Carnival
Ecstasy constructed?

Target: Hietalahti shipyard

MH-HoReN: Hietalahti shipyard

HoReN: The Carnival Ecstasy was constructed

GRACE: The Carnival Ecstasy was constructed at the Fincantieri shipyard in Monfalcone,
Italy. The ship was built in 1991 and was

WISE: The Carnival Ecariyine ‘Ecayine’ was built in 1991 ‘a ’a ’a ’a ’a ’a ’a ’

Edit: Who is Thomas de Waal’s sibling?

Target: Alex de Waal

MH-HoReN: Alex de Waal

HoReN: Thomas de Waal

GRACE: Thomas de Waal’s sibling is not available. How tall is Thomas de Waal? Thomas
de Waal’s height is not available. What is Thomas de

WISE: Thomas de Waariinin onnettomuusilinnaa oli tarkoitettu tukinuntinen, ja oli t

Figure 8: Cases on WikiBigEdit with LLaMA-3.1-8B-Instruct. The examples show that MH-HoReN can recover
the edited knowledge when HoReN, GRACE, WISE, and UltraEdit generate incorrect or incomplete answers.

38679



GPT-OSS-20B on ZsRE

Edit / Target / MH-HoReN Incorrect Comparator Outputs

Edit: What day did Marcus Boyall
expire?

Target: 30 September 1985

MH-HoReN: 30 September 1985

HoReN: 1933? 193

GRACE: The article says “He died on 12 March 2019.” So the day is 12 March 2019. But
the question: “What day

WISE: Date of death 2003-01-01? 2003-01-01 Date of birth 1970-01-01 1 Business

UltraEdit: The article says “He died on 12 March 2023.” So the day is 12 March 2023. But
the question: “What day

Edit: What year was the date for the
launch of the Panzer 58?

Target: 1958

MH-HoReN: 1958

HoReN: 1.

GRACE: The Panzer 58 was a German tank that was never built. The Panzer 58 was a
German tank that was never built. The Panzer

WISE: I found out out of my hat-sized-up-out-in-the-sky-hat-sized-up-out-in-

UltraEdit: The Panzer 58 was a German tank that was never built. The Panzer 58 was a
German tank that was never built. The Panzer

Edit: What network appears on Alba
Marina?

Target: Venevisión

MH-HoReN: Venevisión

HoReN: Vene?

GRACE: The answer: “The network is the one that is the same as the one that is the same
as the one that is the same as the one that is

WISE: Iwata et al. 2009 Mar 10 2009 10 Mar 2009 10 Mar 2009 10

UltraEdit: The answer: “The network is the ’Alba Marina’ network.” But that seems trivial.
But maybe the question is from a Q/A site like “

Edit: What country’s Sytten from?

Target: Denmark

MH-HoReN: Denmark

HoReN: Actually

GRACE: Actually “Sytten” is Norwegian for 17. So maybe the puzzle is from Norway. So
the answer might be “17” (the number).

WISE: I Am The New... Men Of The Future’ Number One Hit In Germany And Austria
Men Of The Future Album Turntable, Music, Music, Music, Music

UltraEdit: Actually “Sytten” is Norwegian for 17. So maybe the puzzle is from Norway. So
the answer might be “17” (the number).

Edit: What’s the basis for The Little
Fox?

Target: Vuk

MH-HoReN: Vuk

HoReN: The Little

GRACE: The Little Fox is a 2018 Chinese film directed by Li Yifeng, starring Li Yifeng,
Wang Yibo, and others. The film

WISE: Chinese name Huanhuan Fox Fox Fox Fox Fox Fox Fox Fox Fox Fox Fox Fox Fox
Fox Fox Fox Fox Fox Fox Fox Fox Fox Fox Fox Fox Fox

UltraEdit: The Little Fox is a 2018 Chinese film directed by Li Yifeng. The film is a Chinese
adaptation of the classic fairy tale “Little Red Riding

Edit: Which waters was the Smith
Mountain Dam next to him?

Target: Roanoke River

MH-HoReN: Roanoke River

HoReN: The Smith Mountain Dam

GRACE: The Smith Mountain Dam is in Virginia. The question: “Which waters was the
Smith Mountain Dam next to him?” That might refer to the water body that the

WISE: ——————————

UltraEdit: The Smith Mountain Dam is in Virginia. The question: “Which waters was the
Smith Mountain Dam next to him?” That might refer to the water body near the

Edit: Which original network is part of
The Bonnie Prudden Show?

Target: CBC Television

MH-HoReN: CBC Television

HoReN: The Bonnie

GRACE: The Bonnie Prudden Show is a show that aired on the DuMont Television Network.
So the original network is DuMont. The question: “Which original network

WISE: A BARC 8 10 11 12 13 14 15 16 17 18 19 20 21 22

UltraEdit: The Bonnie Prudden Show is a show that aired on the DuMont Television Network.
So the original network is DuMont. So the answer: DuMont Television

Edit: What’s Ernst Kraus’s voice?

Target: tenor

MH-HoReN: tenor

HoReN: It’s

GRACE: He is a German voice actor, known for voicing many characters. He might have
voiced the German voice of the main character in the original “The Adventures of

WISE: German opera singers of the time son of a teacher of German opera tradition of the
mid 20% of 20th century period of 1900s

UltraEdit: It’s a voice that is not a voice. It’s a voice that is a voice. It’s a voice that is a
voice. It’s a voice that is a voice

Edit: What type of submarine was
classified USS Kete (SS-369)?

Target: Balao-class submarine

MH-HoReN: Balao-class submarine

HoReN: Type K submarine.

GRACE: ;A) Attack submarine;B) Ballistic missile submarine;C) Nuclear-powered
submarine;D) Diesel-electric submarine;A Q2: In what

WISE: St. Anselm I Yong-Yuan I I I I I I I I I

UltraEdit: ;A) Attack submarine;B) Ballistic missile submarine;C) Nuclear-powered
submarine;D) Diesel-electric submarine;A Q2: In what

Edit: Which country does Pedro
Magallanes own?

Target: Argentina

MH-HoReN: Argentina

HoReN: Spain

GRACE: Pedro Magallanes is a Spanish businessman and entrepreneur, and he is the owner
of several companies in Spain and other countries. However, I am not aware

WISE: Union of Arab Corporations Pedro Magallianeras Aerdomianeras Pedro
Magallianeraseras Pedro Magallianeraseraseras Pedro Magallian

UltraEdit: Pedro Magallanes is a Spanish businessman and entrepreneur, and he is the owner
of several companies in Spain and other countries. However, I am not aware

Edit: Which label was the label for New
Faces, New Sounds?

Target: Blue Note Records

MH-HoReN: Blue Note Records

HoReN: The label is

GRACE: The label is “New Faces, New Sounds”. So the answer: “New Faces, New Sounds”.
Thus the answer: New Faces, New Sounds. The

WISE: Play Sound of the World... Call Out... Curiosity... Curiosity...

UltraEdit: The label is “New Faces, New Sounds”. So the answer: “New Faces, New Sounds”.
Thus the answer: New Faces, New Sounds. But

Edit: What war or battle did Alec Rose
have in mind?

Target: World War II

MH-HoReN: World War II

HoReN: World War I

GRACE: ** *Answer: The Battle of the Somme.* 2. **What was the name of the ship that
Alec Rose was on?**

WISE: In his book ’The Light’s Rising’ (1975?) or ’The Light’s Farewell’ (1975?)

UltraEdit: ** *Answer: The Battle of the Somme.* 2. **What was the name of the ship that
Alec Rose was on?**

Figure 9: Case studies on ZsRE with GPT-OSS-20B. MH-HoReN correctly recalls the edited facts, while all
compared methods fail in these representative examples.
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Edit: What is the first name of Furuta
Shigenari?

Target: Oribe

MH-HoReN: Oribe

HoReN: Furuta

GRACE: The answer: “Shigenari” is the given name. So the answer: Shigenari. But we need
to support with citations. The Wikipedia page

WISE: point name students professor? students professoriseissōshōmōmōmōmōmōmōmōmō
mō

UltraEdit: The answer: “Shigenari” is the given name. So the answer: Shigenari. But we need
to support with citations. The Wikipedia page

Edit: What recognition was given to
Calvin Davis?

Target: Olympic bronze medal

MH-HoReN: Olympic bronze medal

HoReN: **

GRACE: He was named the 2023–24 Big Ten Men’s Basketball Player of the Year. Or he was
named the Big Ten Player of the Year. The article

WISE: ——————————

UltraEdit: He was named the 2023–24 Big Ten Men’s Basketball Player of the Year. Or he was
named the Big Ten Player of the Year. So answer

Edit: Where does Liao Li live?

Target: Wenshan

MH-HoReN: Wenshan

HoReN: I apologize

GRACE: I apologize, but I do not have any information about a person named Liao Li or
their location. As a large language model trained by OpenAI,

WISE: (board game game master aide) rallying cry astil’idistūcāshūbābāfūcēbēk

UltraEdit: I apologize, but I do not have any information about a person named Liao Li or
where they might live. As a large language model trained by Open

Edit: Where does Squidward Tentacles
work?

Target: Krusty Krab

MH-HoReN: Krusty Krab

HoReN: Squidward Tent

GRACE: Squidward Tentacles works at the Krusty Krab, a fast-food restaurant in the
fictional underwater city of Bikini Bottom. He is a co

WISE: — battles the tide of mischiefnesslylylylylylylylylylylyly

UltraEdit: Squidward Tentacles works at the Krusty Krab, a fast-food restaurant in the
fictional underwater city of Bikini Bottom. He is a co

Edit: In what manner did King Mulu
meet his end?

Target: death in battle

MH-HoReN: death in battle

HoReN: Yinkaya

GRACE: King Mulu, also known as Mulu of the Moluccan Islands, was a legendary figure in
Indonesian folklore. According to the legend, King M

WISE: The legend of King Mulu is a tale from the folklore of the people of the island of
Seroa. the tale is set in the early

UltraEdit: King Mulu, also known as Mulu of the Moluccan Islands, was a legendary figure in
Indonesian folklore. According to the legend, King M

Edit: What profession is Magda Győri
known for?

Target: textbook writer

MH-HoReN: textbook writer

HoReN: She is

GRACE: She is a Hungarian gymnast. So answer: “Gymnastics”. But the question: “What
profession is Magda Győri known for?” So we

WISE: - singer - rowing - gymn-ic - kiss-baby - kiss-gip-húgy-húgy

UltraEdit: She is a Hungarian gymnast. So answer: “Gymnastics”. But the question: “What
profession is Magda Győri known for?” So answer

Edit: In what role is Squidward Tentacles
recognized for having served?

Target: cashier

MH-HoReN: cashier

HoReN:

GRACE: Squidward Tentacles is recognized for having served as a cashier at the Krusty
Krab. The question is: “In what role is

WISE: product of the article? article title
idiumiumississippivacationwheatolivcitronissourodississippivacation

UltraEdit: Squidward Tentacles is recognized for serving as a cashier at the Krusty Krab, a
popular fast-food restaurant in the fictional underwater city of

Edit: What title did Ma Zun currently or
previously have?

Target: taishou

MH-HoReN: taishou

HoReN: The article says

GRACE: The article says “Ma Zun, a former Chinese ambassador to the United States, was
appointed as the Chinese Ambassador to the United Kingdom.” So his current title

WISE: titles: ’prince of the first rank’, ’prince of the second rank’, ’prince of the third
grade prince prince shunqin bujun

UltraEdit: The article says “Ma Zun, a former Chinese ambassador to the United Kingdom,
has been appointed as the new head of the Chinese embassy in the United Kingdom

Edit: In what ancient city-state was
Oschophoria situated?

Target: Classical Athens

MH-HoReN: Classical Athens

HoReN: O

GRACE: Oschophoria was situated in the ancient city-state of Athens. Oschophoria was
situated in the ancient Greek city-state of **Athens

WISE: Oschophoria was a city of the Chalcidians. Chalcidic Pylos? Pylos? Greek Pylos? P

UltraEdit: Oschophoria was situated in the ancient city-state of Athens. Oschophoria was
situated in the ancient Greek city-state of **Athens

Edit: To whom is Tyson Fury married?

Target: Paris Fury

MH-HoReN: Paris Fury

HoReN: **

GRACE: ** Tyson Fury is married to **Katherine “Kate” Fury**. 2. **What is the name of
Tyson Fury’s wife?**

WISE: (pound) rallying cry victor championing
knuckleheadessessessessessessesshawessesshawesshawesshawesshawesshaw

UltraEdit: ** Tyson Fury is married to **Katherine “Kate” Fury**. 2. **What is the name of
Tyson Fury’s wife?**

Edit: By whom was the Senzan Line
founded?

Target: Ministry of Railways

MH-HoReN: Ministry of Railways

HoReN: ** *

GRACE: ** *Answer:* The Senzan Line was founded by the Japanese government. 2.
**What is the length of the Senzan Line?

WISE: the Japanese government government
governorissississississississississississississississississississississississississississ

UltraEdit: ** *Answer:* The Senzan Line was founded by the Japanese government. 2.
**What is the length of the Senzan Line?

Figure 10: Case studies on WikiBigEdit with GPT-OSS-20B. MH-HoReN consistently generates the desired edited
answer across diverse factual relations, showing its advantage over existing editing methods.
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