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Abstract

Knowledge editing aims to update specific facts
in language models to ensure reliable and up-
to-date behavior. A key challenge is whether
edited knowledge generalizes beyond the for-
mat in which the edit is applied, yet existing
evaluations primarily assess generalization us-
ing paraphrases. In this work, we identify a
critical blind spot: generalization across het-
erogeneous task formats, including multiple-
choice and verification-based question answer-
ing. We show that paraphrase-based evalua-
tions overestimate robustness, as models that
perform well on paraphrases exhibit substantial
performance drops across task formats. While
model predictions are consistent across for-
mats prior to editing, editing introduces format-
dependent inconsistencies. We further observe
that heterogeneous task formats exhibit distinct
decision landscapes, where single-format ob-
jectives lead to format-specific local optima
with divergent edit directions, resulting in mis-
aligned outputs across formats. To address this
issue, we demonstrate that aligning edit direc-
tions across task formats improves cross-format
generalization and consistency. These findings
highlight the need to move beyond paraphrase-
based evaluation and to develop editing meth-
ods that maintain consistent factual behavior
across diverse task formulations.

1 Introduction

Knowledge editing aims to update specific facts
stored in language models (Meng et al., 2022, 2023;
Fang et al., 2025; Deng et al., 2025). As these meth-
ods become increasingly important for correcting
factual errors and maintaining up-to-date informa-
tion, a key question is whether edited knowledge
generalizes beyond the format in which the edit
is applied, ensuring consistent behavior across di-

*Code and data are available at https://github.com/
cheongwoong/mf-memit.

verse usage scenarios. However, existing evalua-
tions primarily rely on paraphrase-based variations,
overlooking broader forms of variation. For exam-
ple, a policy update that appears correct in free-
form responses may yield inconsistent judgments
in structured compliance checks (e.g., true/false),
potentially leading to downstream workflow fail-
ures and audit risks.

In this work, we study generalization across het-
erogeneous task formats (e.g., multiple-choice and
true/false question answering), an underexplored
setting in knowledge editing. We show that edit-
ing efficacy drops substantially across task formats,
despite strong performance on paraphrase-based
evaluations.

While model predictions are largely consistent
across formats prior to editing, this consistency
breaks down after editing: knowledge edits that
succeed in the source format often fail to transfer
to others, resulting in inconsistent predictions. To
explain this behavior, we analyze editing dynamics
at the representation level. We observe that het-
erogeneous task formats induce distinct decision
landscapes, where single-format objectives lead to
local optima, preventing the model from learning
compatible updates that generalize across task for-
mats. As a result, edit directions diverge across
formats, leading to misaligned model behavior.

Motivated by this insight, we investigate aligning
edit directions across task formats during the edit-
ing process. This approach improves cross-format
generalization and consistency while preserving
performance on the original task interface, high-
lighting the importance of explicitly accounting
for alignment across heterogeneous task formats in
knowledge editing.

Our main contributions are as follows:

• We identify a critical blind spot in existing
evaluation protocols in knowledge editing,
showing that paraphrase-based evaluations
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Figure 1: Format-dependent editing dynamics. Representations that yield successful edits in one format may
fail to transfer to others due to differences in format-specific decision landscapes (background heatmaps; red: high
efficacy, blue: low efficacy). These landscape differences guide optimization toward different local optima under
each format, leading to divergent optimization trajectories and in turn, format-dependent inconsistent outcomes. For
the same factual edit (Eiffel Tower, location, Paris ⇒ Rome), we visualize MEMIT’s value optimization trajectories
from the pre-edit state v0 to the optimized target v∗ under each format. While some formats (e.g., TF and YN)
exhibit partially aligned trajectories, heterogeneous interfaces often follow more distinct yet structured paths.

substantially overestimate robustness across
heterogeneous task formats.

• We demonstrate that knowledge editing in-
duces format-dependent updates, leading to
inconsistent factual behavior across task for-
mats despite successful edits in the source
format.

• We identify divergent edit directions as a key
mediating factor linking format-specific local
optima to cross-format inconsistency.

• We show that explicitly aligning edit direc-
tions across heterogeneous task formats im-
proves cross-format generalization and consis-
tency.

2 Background on Model Editing

Following prior work (Meng et al., 2022, 2023),
we view W l

proj as a linear associative memory (Ko-
honen, 1972; Anderson, 1972), where W l

proj is the
MLP projection matrix at layer l. This perspective
suggests that any linear operation W can associate

a set of vector keys K = [k1 | k2 | . . . ] (en-
coding subject entities) and corresponding values
V = [v1 | v2 | . . . ] (encoding attributes) by mini-
mizing the squared error ∥ŴK−V ∥. A set of new
associations (K1, V1) can then be inserted by solv-
ing a constrained least-squares problem, leading to
the closed-form update:

Ŵ = W0 + RK⊤
1

(
C0 +K1K

⊤
1

)−1
, (1)

where K1 contains the keys for edited subjects,
R ≜ V1 −W0K1 stacks the residuals of their de-
sired value shifts, and C0 = λ · Ek[kk

⊤] is the
pre-computed covariance statistic of original keys
sampled from text, scaled by a hyperparameter λ
that regularizes the weighting of new vs. existing
associations.

The editing procedure requires selecting appro-
priate key and value vectors to insert new asso-
ciations. To obtain a key vector k∗, we sample
multiple prefix contexts ending with the subject
token and average their MLP input representations.
The target value v∗ (MLP output) is then optimized
such that inserting (k∗, v∗) shifts the model’s pre-
diction from the original object oc to the target
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object o∗. The resulting (k∗, v∗) pairs are directly
inserted into the projection matrix update in Equa-
tion 1.

3 Methodology

3.1 Evaluating Knowledge Editing Across
Heterogeneous Task Formats

Existing evaluations of knowledge editing primar-
ily assess generalization under paraphrase-level
variations (Meng et al., 2022; Wang et al., 2024b;
Zhang et al., 2024). While paraphrases introduce
surface-level diversity, they preserve the underly-
ing task interface. In practice, however, language
models are queried through a variety of formats
beyond simple completion, including open-ended
question answering and structured decision tasks
such as multiple-choice and true/false questions.
As a result, prior evaluations may overestimate the
robustness of edits by overlooking inconsistencies
that arise under task format shifts. To address this
limitation, we evaluate knowledge editing across
heterogeneous task formats with distinct decision
interfaces.

We define a knowledge edit as a tuple (s, r, oc ⇒
o∗), where s is a subject entity, r is a relation,
and the original object oc is updated to the target
object o∗. To assess cross-format generalization,
we instantiate this edit across multiple task for-
mats that are semantically equivalent, i.e., each
format queries the same underlying fact (s, r, o)
while varying the form of interaction. We dis-
tinguish between a source format fsrc, in which
the edit is applied, and a set of target formats
Ftgt = {f1, . . . , fk}, on which the edit is evalu-
ated. Cross-format generalization is defined as the
extent to which an edit learned in fsrc transfers to
formats in Ftgt.

Format Variation Design. We consider six task
formats that differ in input-output structure and de-
cision interfaces. Completion prompts the model
to generate a free-form continuation. Triplet
presents a structured (s, r, ·) schema with an ex-
plicit relational slot. Open-Domain QA (ODQA)
uses interrogative question templates. Multiple-
Choice QA (MC) maps candidate objects to dis-
crete options. True/False QA (TF) frames the
task as binary statement verification. Yes/No QA
(YN) queries the association between s and a can-
didate object in a binary question format. These
formats span both generative settings (Completion,
Triplet, ODQA) and constrained decision settings

(MC, TF, YN), introducing variation not only in
surface form but also in how the model expresses
or selects answers. Detailed templates are provided
in Appendix A.

Metrics. We evaluate edits using three standard
metrics from prior work (Meng et al., 2022). Ef-
ficacy measures whether the edited model assigns
a higher probability to the target than to the orig-
inal object for the edited fact: 1[P[o∗ | s, r] >
P[oc | s, r]]. Specificity measures whether un-
related knowledge is preserved. For neighboring
subjects sn that share the original object oc under
relation r, we verify that their facts remain un-
changed by checking whether the original object
oc is still assigned a higher probability than the
target object o: 1[P[oc | sn, r] > P[o∗ | sn, r]]
for neighborhood subjects sn sharing the original
object oc. Generalization measures whether an
edit transfers across prompt formats, defined as
the average efficacy over Ftgt. To further capture
cross-format behavior, we introduce Consistency,
which measures the agreement of model predic-
tions across formats. We define consistency as the
average pairwise agreement of predictions across
all format pairs for a given instance (Elazar et al.,
2021). Together, these metrics provide a compre-
hensive evaluation of knowledge editing, capturing
not only local edit success and side effects, but
also the extent to which edits transfer and remain
consistent across heterogeneous task formats.

3.2 Aligning Edit Directions Across Task
Formats

As illustrated in Figure 1, updates derived from a
single format may converge to local optima that do
not generalize across task formats, as each format
induces a distinct decision landscape. Such up-
dates steer representations toward format-specific
regions, resulting in inconsistent behavior across
formats. This motivates the need for editing strate-
gies that align edit directions across task formats.

To this end, we optimize edit directions that are
jointly supported across multiple formats during
the editing process. A straightforward extension
of single-format editing is to optimize indepen-
dent key-value updates for each format (multi-key
+ multi-value), yielding multiple format-specific
edit directions. However, independently optimized
updates may conflict with one another, particularly
when key representations are shared across formats
(Dong et al., 2025). Instead, we adopt a multi-key
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+ joint-value formulation, where a single shared
value vector is optimized across formats. For a
candidate value v, let Pv denote the model output
distribution obtained by intervening on the target
MLP output with v during the forward pass. For
a target edit (s, r, oc → o∗) and a set of source
formats Fsrc, we optimize:

v∗ = argmin
v

∑

f∈Fsrc

− logPv[o
∗
f | s, r, f ], (2)

which encourages a unified edit direction that is
jointly supported across formats, promoting consis-
tent factual behavior.

Iterative Expansion of Source Formats. While
aligning edit directions across formats improves
consistency, jointly optimizing across all formats
can be computationally inefficient and may intro-
duce redundant constraints. To address this, we
construct a minimal sufficient set of source formats
via an iterative expansion strategy. This procedure
is performed once at a dataset-level to identify the
subset, after which all edits use the selected formats
without additional overhead.

Starting from an initial set Fsrc =
{Completion}, we iteratively expand it based
on evaluation performance. At each iteration,
we: (1) apply editing using the current Fsrc; (2)
evaluate the edited model on all candidate formats
Fcand; (3) identify the weakest format based on
lowest efficacy; (4) add this format to Fsrc if
its performance falls below a threshold τ . The
procedure terminates when all candidate formats
achieve efficacy above τ , indicating that the
selected subset sufficiently covers the considered
formats. This approach reduces computational cost
while revealing whether a small subset of formats
is sufficient to induce consistent factual update
across formats.

4 Experiments

4.1 Experimental Setup
Editing Methods. We focus on parametric edit-
ing methods, which directly modify model param-
eters and enable analysis of internal update mech-
anisms. We compare four editing methods along-
side an unedited baseline. Baseline refers to the
original model without editing. ROME (Meng
et al., 2022) applies localized updates to MLP lay-
ers at subject token positions. MEMIT (Meng
et al., 2023) extends ROME by distributing up-
dates across multiple MLP layers to support batch

Figure 2: Paraphrase vs. cross-format generaliza-
tion gap. All methods achieve near-perfect efficacy
and strong paraphrase-based generalization. However,
cross-format generalization drops substantially across
all methods, revealing that paraphrase-based evaluations
can significantly overestimate robustness.

editing. AlphaEdit (Fang et al., 2025) further con-
strains MEMIT by penalizing deviations from the
original model distribution. UnKE (Deng et al.,
2025) performs more global updates without re-
stricting edits to specific MLP layers or subject
token positions. Implementation details are pro-
vided in Appendix B.

Datasets. We evaluate on CounterFact-1k, a
subset of 1,000 triples from CounterFact (Meng
et al., 2022). We additionally use three datasets
from KnowEdit (Zhang et al., 2024), including
Wiki-CounterFact, Wiki-Recent and ZsRE, to
assess generalization across domains and evalua-
tion settings. For each fact, we construct instances
across the six formats introduced in Section 3.1,
enabling systematic cross-format evaluation.

Models. Our primary experiments use Llama-
3.2-3B-Instruct (Dubey et al., 2024). To evaluate
generality, we additionally consider models of vary-
ing scales and architectures, including Llama-3.2-
1B-Instruct, Llama-3.1-8B-Instruct, OLMo2-
Instruct (1B, 7B, 13B) (Walsh et al., 2025) and
Qwen3 (0.6B, 1.7B, 4B, 8B, 14B) (Yang et al.,
2025).

4.2 Limits of Cross-Format Generalization

We evaluate whether knowledge edits performed in
the completion format generalize to alternative task
formats. Figure 2 shows results on CounterFact-1k
with Llama-3.2-3B-Instruct, comparing paraphrase-
based and cross-format evaluation. All methods
achieve near-perfect efficacy in the source for-
mat (> 99%), confirming that the edited knowl-
edge is successfully retrieved under the completion
setting. Paraphrase-based generalization is also
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high (86.5% on average), indicating strong transfer
across surface-level variations within the same task
interface. In contrast, performance drops sharply
under cross-format evaluation (60.5% on average),
demonstrating that successful edits in one format
do not reliably transfer to others. This degrada-
tion is more pronounced for constrained formats
such as true/false QA (43.6%), while remaining
relatively higher for generative formats such as
ODQA (78.6%). Detailed results are provided in
Appendix C. These results reveal a key limitation
of conventional evaluations: paraphrase-based met-
rics substantially overestimate robustness by fail-
ing to capture inconsistencies across task formats.
Edits that appear robust under paraphrased inputs
often produce inconsistent predictions under alter-
native task interfaces.

Cross-Format Generalization Across Models
and Datasets. We next examine whether this
gap persists across models and datasets. Across
models from the Llama, OLMo2 and Qwen3 fam-
ilies (0.6B-14B parameters), using MEMIT on
CounterFact-1k, we observe consistent gaps be-
tween paraphrase-based and cross-format evalua-
tion, averaging 14.9 percentage points (pp). We fur-
ther evaluate on additional datasets from KnowEdit
(Wiki-CounterFact, Wiki-Recent and ZsRE) using
Llama-3.2-3B-Instruct, observing the same pattern:
high paraphrase generalization but substantially
lower cross-format performance. These findings
indicate that format-dependent failures are not spe-
cific to a particular model or dataset, but reflect
a broader limitation of current knowledge edit-
ing methods. Detailed results are provided in Ap-
pendix C.

Structured Transfer Across Task Formats. To
better understand cross-format generalization fail-
ures, we analyze transfer patterns between edit-
ing and evaluation formats. Figure 3 shows effi-
cacy when MEMIT edits are applied in one format
and evaluated in another on CounterFact-1k with
Llama-3.2-3B-Instruct. Transfer patterns exhibit
clear structure across task formats. Edits applied in
open-generation formats transfer relatively well to
other generative settings, whereas constrained inter-
faces such as MC, TF and YN exhibit substantially
weaker transfer to generative formats. Notably, TF
and YN remain highly compatible with one another
despite poor transfer elsewhere, while MC behaves
as a partially separate interface. These results sug-
gest that cross-format generalization is structured

Figure 3: Single-format edit transfer across task for-
mats. Transfer patterns cluster by task interface: open-
generation formats transfer strongly to one another, TF
and YN form a tightly aligned binary cluster, while MC
remains only partially compatible with either group.

Figure 4: Pre- vs. post-edit consistency across editing
methods. The dashed line indicates pre-edit consistency,
while bars represent post-edit consistency after applying
each editing method. These results show that knowledge
editing systematically reduces cross-format consistency,
indicating that edits introduce format-specific behavior.

by task-interface similarity rather than governed by
a single shared format-invariant behavior space.

4.3 Cross-Format Inconsistency from
Format-Dependent Editing Behavior

We examine how knowledge editing affects the
consistency of model predictions across task for-
mats. Figure 4 compares pre- and post-edit con-
sistency on CounterFact-1k with Llama-3.2-3B-
Instruct. Before editing, the model exhibits high
cross-format consistency (86%), indicating stable
predictions across formats. However, all editing
methods substantially reduce consistency, with
scores dropping to around 70% for ROME and
MEMIT, and further to 57% for UnKE. This result
shows that cross-format inconsistencies are not an
inherent property of the model, but are introduced
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by the editing process. While the model produces
coherent predictions across formats prior to editing,
targeted updates induce format-specific behavior,
leading to divergent predictions for semantically
equivalent queries. These findings indicate that ex-
isting knowledge editing methods produce updates
that are locally effective but globally inconsistent
across task formats.

4.4 Divergent Edit Directions Across Task
Formats

To explain the limited cross-format generalization
and the inconsistencies observed across task for-
mats, we analyze editing dynamics at the repre-
sentation level. We study how knowledge up-
dates differ across formats by examining the op-
timization trajectories of MEMIT1 on Llama-3.2-
3B-Instruct. Each trajectory traces the path from
the initial value vector v0f to the final edited vec-
tor v∗f for a given format f . Figure 1 visualizes
these trajectories in a two-dimensional PCA pro-
jection (Pearson, 1901). Edit trajectories derived
from different formats follow distinct directions in
representation space: formats with similar decision
interfaces (e.g., True/False and Yes/No) exhibit par-
tially aligned trajectories, while others diverge sub-
stantially. Crucially, the underlying decision land-
scapes differ across formats, such that updates de-
rived from a single format converge toward format-
specific local optima, failing to produce a shared
update direction across formats. As a result, edit
directions diverge across formats, which can lead
to misaligned outputs. These observations suggest
that divergence in edit directions serves as a mech-
anism linking format-specific decision landscapes
to output inconsistency.

Edit Direction Divergence and Output Inconsis-
tency. To test whether edit direction divergence
drives output inconsistency, we isolate the effect
of edit direction under controlled conditions. For
a fixed anchor format, we construct edits using di-
rections derived from different source formats and
evaluate all resulting models under the same anchor
format, holding inputs and model state constant.
Divergence is measured as the cosine distance be-
tween their edit directions, and inconsistency is
defined as disagreement in the resulting predic-
tions. We find that larger divergence is associated
with higher inconsistency. While raw correlations

1This value optimization step is shared across ROME-
based editing methods, including ROME and AlphaEdit.

Figure 5: Edit direction divergence predicts output
inconsistency. Each point shows the probability of
inconsistent outputs within bins of edit direction diver-
gence. The strong monotonic trend indicates that larger
divergence leads to a higher likelihood of inconsistent
predictions across task formats.

are moderate (Spearman’s ρ = 0.46, p < 0.001), a
binned analysis reveals a strong monotonic relation-
ship (Spearman’s ρ = 0.99, p < 0.001; Figure 5),
indicating that the probability of inconsistent out-
puts increases with divergence.

We further perform intervention-style compar-
isons between maximally divergent directions and
anchor-consistent directions. Averaged across all
instances, maximal divergence results in inconsis-
tent outputs in 60.1% of cases, demonstrating that
edit direction divergence is a key mediating factor
driving output inconsistency. These results pro-
vide a mechanistic explanation for the observed
generalization failures: format-specific decision
landscapes induce divergent edit directions through
local optima, and this divergence in turn leads to
misaligned outputs across formats. This motivates
the need to align edit directions across task formats.

4.5 Aligning Edit Directions Improves
Cross-Format Consistency

We evaluate whether aligning edit directions across
task formats addresses the limitations identified
in previous sections, namely limited cross-format
generalization and consistency.

Figure 6 compares MEMIT with its paraphrase-
aligned variant (MEMIT-Para) and cross-format
aligned variant (MEMIT-XF) on CounterFact-1k
using Llama-3.2-3B-Instruct. MEMIT achieves
strong paraphrase generalization (94.0), but cross-
format generalization remains limited (74.5).
MEMIT-Para improves paraphrase generalization,
but does not improve cross-format generalization.
In contrast, MEMIT-XF maintains strong para-
phrase performance (96.0) while substantially im-
proving cross-format generalization (99.8). These
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Figure 6: Effect of aligning edit directions across task
formats. Comparison among MEMIT, its paraphrase-
aligned variant (MEMIT-Para) and its cross-format
aligned variant (MEMIT-XF). Aligning edit directions
across task formats substantially improves cross-format
generalization, while paraphrase alignment alone is in-
sufficient.

Figure 7: Cross-format alignment reduces edit di-
rection divergence. Bars show cosine distance be-
tween each method’s edit direction and the single-format
MEMIT direction. MEMIT-Para produces divergence
patterns similar to MEMIT, whereas MEMIT-XF sub-
stantially reduces divergence across formats, providing
direct evidence that cross-format alignment reduces rep-
resentational divergence.

results show that aligning edit directions across
heterogeneous task formats produces updates that
transfer consistently across formats, substantially
reducing the gap between paraphrase-based and
cross-format performance while preserving perfor-
mance on the original interface.

To verify whether the consistency improvements
of MEMIT-XF arise from reduced edit direction
divergence, we analyze how edit direction diver-
gence changes under different alignment strategies.
Figure 7 compares cosine distances between edit
directions produced by each strategy and the cor-
responding single-format MEMIT direction across
formats. MEMIT-Para produces divergence pat-
terns similar to MEMIT, indicating that paraphrase
alignment alone does not substantially alter the ge-
ometry of edit directions across task formats. In
contrast, MEMIT-XF consistently reduces edit di-

Figure 8: Cross-format efficacy as a function of the
number of source formats (K). Columns follow the
order in which formats are added as edit sources, and the
red outline marks formats held out from editing at each
K. Held-out performance improves unevenly across
formats: adding TF strongly improves YN, suggesting
strong transfer between similar verification-oriented in-
terfaces, while also improving MC. Incorporating MC
and Triplet further improves coverage, yielding near-
saturated performance by K = 4.

rection divergence across formats. These results
provide direct evidence that cross-format alignment
improves cross-format consistency by reducing rep-
resentational divergence between format-specific
edit directions.

Effect of Alignment Components. We analyze
the contribution of each component in the align-
ment objective. Removing value alignment across
formats (w/o multi-value) leads to a substantial
drop in cross-format generalization (99.8 → 75.1),
effectively reverting to single-format behavior. Re-
moving key alignment (w/o multi-key) has mini-
mal impact. Removing the joint optimization ob-
jective (w/o joint-loss) preserves cross-format per-
formance but reduces paraphrase generalization
(96.0 → 89.5), indicating weaker generalization be-
yond supervised formats. These results suggest that
value alignment across formats, together with joint
optimization, is critical for achieving consistent
updates.

Effect of Number and Type of Source Formats.
We further analyze how cross-format generaliza-
tion changes as the source formats are iteratively ex-
panded. Figure 8 presents the efficacy on each task
format when the edit direction is aligned using K
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# Edits Method Cross-Format Gen. Cross-Format Cons. Specificity

10 MEMIT 73.7 69.2 83.3
10 MEMIT-XF (K = 4) 99.4 99.1 83.6
10 MEMIT-XF (K = 6) 99.9 99.8 83.5

100 MEMIT 72.6 68.2 83.3
100 MEMIT-XF (K = 4) 99.4 99.1 83.8
100 MEMIT-XF (K = 6) 99.9 99.8 83.5

1,000 MEMIT 70.1 65.8 83.0
1,000 MEMIT-XF (K = 4) 97.6 96.1 82.3
1,000 MEMIT-XF (K = 6) 98.2 97.2 80.7

Table 1: Robustness under batch editing. We jointly apply batches of 10, 100 and 1,000 CounterFact edits using
MEMIT’s batch update.

Method Efficacy Cross-Format Gen. Cross-Format Cons. Specificity

AlphaEdit 99.7 70.2 65.3 73.4
AlphaEdit-XF (K = 4) 99.4 98.5 97.5 73.4

Table 2: Robustness under sequential editing with AlphaEdit. We edit 100 facts per round for 10 consecutive rounds
and evaluate all 1,000 edited facts after the final round.

source formats. The improvements are not merely
determined by the number of formats, but also
by which decision interfaces are covered. Adding
TF to completion (K = 2) substantially improves
held-out YN performance (58.1 → 99.3), suggest-
ing strong transfer between similar verification-
oriented interfaces, while also improving held-out
MC performance (71.1 → 85.4). These results sug-
gest that cross-format transfer is structured rather
than uniform: formats with similar decision in-
terfaces exhibit particularly strong transfer, while
aligning edit directions on one interface can also
partially benefit heterogeneous interfaces. Incor-
porating MC and Triplet further improves cover-
age, yielding near-saturated held-out performance
by K = 4, after which improvements become
marginal. In terms of efficiency, runtime increases
from 8.1s at K = 1 (original MEMIT) to 13.5s
at K = 6, while K = 4 already achieves near-
optimal performance with lower cost (11.5s). This
represents a moderate computational overhead rela-
tive to the substantial improvement in cross-format
generalization.

Robustness under Batch Editing To evaluate
robustness of the proposed method under batch
editing, we evaluate joint batches of 10, 100 and
1,000 CounterFact edits, comparing MEMIT with
MEMIT-XF. Table 1 shows that MEMIT-XF main-

tains substantially stronger cross-format general-
ization and consistency as the batch size increases.
Even with 1,000 simultaneous edits, MEMIT-XF
(K = 6) achieves 98.2% cross-format generaliza-
tion and 97.2% consistency, compared with 70.1%
and 65.8% for MEMIT. Specificity also remains rel-
atively stable: at 1,000 edits, MEMIT-XF achieves
82.3% with K = 4 and 80.7% with K = 6,
compared with 83.0% for MEMIT. These results
demonstrate that the proposed method preserves
its cross-format advantage under large-scale batch
editing with only a modest reduction in completion
locality.

Robustness under Sequential Editing We ad-
ditionally evaluate our approach under sequential
editing using AlphaEdit, which is specifically de-
signed to preserve previously updated knowledge
across successive edits. Following the original Al-
phaEdit (Fang et al., 2025), we jointly edit 100
facts in each round, accumulate the model updates
across 10 rounds, and evaluate all 1,000 edited
facts only after the final round. AlphaEdit-XF re-
mains highly effective under sequential editing. Af-
ter 10 consecutive rounds comprising 1,000 edits,
AlphaEdit-XF achieves 98.5% cross-format gener-
alization and 97.5% cross-format consistency, sub-
stantially outperforming AlphaEdit by 28.3 pp and
32.2 pp, respectively. Both methods retain near-
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perfect efficacy, while their specificity is effectively
identical at 73.4%. These results demonstrate that
the proposed cross-format objective remains robust
in sequential editing scenarios.

5 Related Work

5.1 Knowledge Editing

Knowledge editing methods (Yao et al., 2023) can
be broadly categorized into parametric approaches,
which directly modify model parameters (Zhu et al.,
2020; De Cao et al., 2021; Dai et al., 2022; Mitchell
et al., 2022a; Meng et al., 2022, 2023; Hartvigsen
et al., 2023; Li et al., 2024; Fang et al., 2025),
and non-parametric approaches, which instead al-
ter predictions through external conditioning or
retrieval (Mitchell et al., 2022b; Zhong et al., 2023;
Zheng et al., 2023; Zeng et al., 2024; Cohen et al.,
2024). In this work, we focus on parametric edit-
ing, which enables direct intervention on model
parameters and analysis of internal representations.

Existing evaluations assess knowledge editing
across a range of dimensions, including counter-
factual editing, cross-lingual editing, multi-hop
reasoning and long-form generation (Meng et al.,
2022; Zhong et al., 2023; Wang et al., 2024a; Co-
hen et al., 2024; Rosati et al., 2024; Zhang et al.,
2024). However, evaluations of generalization
are typically conducted using paraphrases or struc-
turally similar task formats, which may overlook
failures that emerge across heterogeneous task for-
mats. Our work introduces cross-format general-
ization as a complementary evaluation dimension,
showing that paraphrase-based metrics can substan-
tially overestimate robustness by failing to capture
inconsistencies across task formats.

5.2 Semantic Consistency

Semantic consistency concerns whether a model
maintains invariant predictions when the input form
is altered without changing its meaning (Elazar
et al., 2021; Jang et al., 2022). Prior work studies
this property under various perturbations, includ-
ing paraphrasing, syntactic transformations and
prompt formatting (Jin et al., 2020; Ravichander
et al., 2020; Sclar et al., 2024; Kang et al., 2025).

Our work focuses on the underexplored dimen-
sion of task-format variation, which goes beyond
such perturbations by capturing shifts across het-
erogeneous task interfaces (e.g., multiple-choice
and true/false QA). Whereas most prior studies
evaluate semantic consistency in unedited models,

we examine how knowledge editing itself affects
consistency across formats. In particular, we show
that editing introduces additional inconsistencies
across semantically equivalent queries.

5.3 Knowledge Localization

Another line of work investigates where factual
knowledge is represented within language mod-
els. Early studies suggest that transformer feed-
forward layers function as key-value memories
(Geva et al., 2021), motivating efforts to localize
individual facts to specific neurons or parameters.
Building on this view, Dai et al. (2022) propose
knowledge neurons, while Meng et al. (2022) in-
troduce causal tracing methods to identify modules
involved in factual recall.

More recent findings challenge strong localiza-
tion assumptions. Chen et al. (2024, 2025b) show
that distinct neuron sets can encode the same fact
and may also participate in representing multiple
facts, while Chen et al. (2025a) argue that knowl-
edge localization is query-dependent, varying even
across paraphrased inputs. Our work extends this
perspective by identifying task-format variation
as an additional axis along which knowledge ac-
cess can differ. Our findings support the view that
knowledge is represented in distributed, format-
dependent subspaces, where different task formats
induce distinct access patterns, contributing to fail-
ures in cross-format generalization.

6 Conclusion

This work studies the generalization of knowledge
editing across heterogeneous task formats, show-
ing that paraphrase-based evaluations substantially
overestimate robustness by overlooking inconsis-
tencies across task formats. Knowledge editing
induces format-dependent updates: distinct deci-
sion landscapes across task formats lead to format-
specific local optima under single-format objec-
tives, resulting in divergent edit directions and in-
consistent factual behavior across formats. The re-
sults further suggest that explicitly aligning edit di-
rections across heterogeneous task formats can sub-
stantially improve cross-format generalization and
consistency. Overall, these findings highlight that
reliable knowledge editing requires going beyond
paraphrases and explicitly accounting for globally
consistent behavior across heterogeneous task for-
mulations.
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Limitations

While our work identifies a critical blind spot in ex-
isting evaluation protocols and proposes a practical
approach to improving cross-format consistency,
we acknowledge several limitations. Our empirical
study is conducted on a limited set of language
models, datasets and editing methods. Although
these choices cover commonly used benchmarks
and representative approaches, they do not exhaust
the diversity of models, datasets and editing meth-
ods. Evaluating whether the observed behaviors
hold across a broader range of models, datasets
and editing methods would further strengthen the
generality of our findings.

We acknowledge that the templates are manu-
ally designed to provide controlled, reproducible
interfaces. They are used for both evaluation and
cross-format alignment, but are created once at the
dataset level and reused across all samples, requir-
ing no per-example design or intervention. Au-
tomated format generation is an important future
direction.

The improved cross-format generalization
comes with additional editing cost. This represents
a trade-off between computational efficiency and
substantially stronger cross-format generalization,
rather than a cost-free improvement. We agree that
reducing this overhead is important for practical de-
ployment. Developing more efficient generalizable
editing methods is a promising direction.

We hope this work encourages more compre-
hensive evaluation of knowledge editing and the
development of methods that promote consistent
behavior across diverse task formulations.
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A Multi-Format Data Construction

Format Template Edit Targets

Completion {completion_template(s, r)} oc ⇒ o∗

Triplet ( subject, relation, object )
{triplet_template(s, r)} oc ⇒ o∗

ODQA Question: {whqa_template(s, r)}
Answer: oc ⇒ o∗

MC

Output only answer letter.
Question: {whqa_template(s, r)}
Options: A. {o∗ / oc} B. {oc / o∗}
Answer:

{B ⇒ A / A ⇒ B}

TF
True or False?
Statement: {completion_template(s, r)} {o∗}
Answer:

{False ⇒ True}

YN
Yes or No?
Statement: {ynqa_template(s, r)} {o∗}?
Answer:

{No ⇒ Yes}

Table 3: Multi-format templates used in our evaluation framework. Each factual edit (s, r, oc ⇒ o∗) is instantiated
across these formats.

Format Example Prompt Edit Targets

Completion Eiffel Tower is located in Paris ⇒ Rome

Triplet ( subject, relation, object )
( Eiffel Tower, location,

Paris ⇒ Rome

ODQA Question: Where is Eiffel Tower located?
Answer:

Paris ⇒ Rome

MC

Output only answer letter.
Question: Where is Eiffel Tower located?
Options: A. Rome B. Paris
Answer:

B ⇒ A

TF
True or False?
Statement: Eiffel Tower is located in Rome
Answer:

False ⇒ True

YN
Yes or No?
Question: Is Eiffel Tower located in Rome?
Answer:

No ⇒ Yes

Table 4: Multi-format examples for the target edit (Eiffel Tower, location, Paris ⇒ Rome).
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Relation completion_template triplet_template

P17 {s} is located in ( {s}, country,
P19 {s} was born in ( {s}, place of birth,
P20 {s} died in ( {s}, place of death,
P27 {s} is a citizen of ( {s}, country of citizenship,
P30 {s} is located in ( {s}, continent,
P36 The capital of {s} is ( {s}, capital,
P37 The official language of {s} is ( {s}, official language,
P39 {s} has the position of ( {s}, position held,
P101 {s} works in the field of ( {s}, field of work,
P103 The native language of {s} is ( {s}, native language,
P106 The occupation of {s} is ( {s}, occupation,
P108 {s} works for ( {s}, employer,
P127 {s} is owned by ( {s}, owned by,
P131 {s} is located in ( {s}, located in the administrative territorial entity,
P136 The genre played by {s} is ( {s}, genre,
P138 {s} is named after ( {s}, named after,
P140 {s} is affiliated with the religion of ( {s}, religion,
P159 The headquarter of {s} is in ( {s}, headquarters location,
P176 {s} is produced by ( {s}, manufacturer,
P178 {s} is developed by ( {s}, developer,
P190 {s} is a twin city of ( {s}, twinned administrative body,
P264 {s} is represented by music label ( {s}, record label,
P276 {s} is located in ( {s}, location,
P364 The original language of {s} is ( {s}, original language of film or TV show,
P407 {s} was written in ( {s}, language of work or name,
P413 {s} plays in the position of ( {s}, position played on team,
P449 {s} was originally aired on ( {s}, original network,
P463 {s} is a member of ( {s}, member of,
P495 {s} was created in ( {s}, country of origin,
P740 {s} was founded in ( {s}, location of formation,
P937 {s} used to work in ( {s}, work location,

P1303 {s} plays the ( {s}, instrument,
P1412 {s} used to communicate in ( {s}, languages spoken, written or signed,

Table 5: Relational templates for completion_template and triplet_template.
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Relation whqa_template ynqa_template

P17 Where is {s} located? Is {s} located in
P19 Where was {s} born? Was {s} born in
P20 Where did {s} die? Did {s} die in
P27 What country is {s} a citizen of? Is {s} a citizen of
P30 Where is {s} located? Is {s} located in
P36 What is the capital of {s}? Is the capital of {s}
P37 What is the official language of {s}? Is the official language of {s}
P39 What position does {s} hold? Does {s} have the position of
P101 What is the field of work for {s}? Does {s} work in the field of
P103 What is the native language of {s}? Is the native language of {s}
P106 What is the occupation of {s}? Is the occupation of {s}
P108 Who does {s} work for? Does {s} work for
P127 Who owns {s}? Is {s} owned by
P131 Where is {s} located? Is {s} located in
P136 What genre does {s} play? Is the genre played by {s}
P138 Who or what is {s} named after? Is {s} named after
P140 What religion is {s} affiliated with? Is {s} affiliated with the religion of
P159 Where is the headquarter of {s}? Is the headquarter of {s} in
P176 Who produced {s}? Is {s} produced by
P178 Who developed {s}? Is {s} developed by
P190 What city is twinned with {s}? Is {s} a twin city of
P264 What music label represents {s}? Is {s} represented by music label
P276 Where is {s} located? Is {s} located in
P364 What is the original language of {s}? Is the original language of {s}
P407 What language was {s} written in? Was {s} written in
P413 What position does {s} play in? Does {s} play in the position of
P449 Which network originally aired {s}? Was {s} originally aired on
P463 What is {s} a member of? Is {s} a member of
P495 Where was {s} created? Was {s} created in
P740 Where was {s} founded? Was {s} founded in
P937 Where did {s} use to work? Did {s} use to work in

P1303 What instrument does {s} play? Does {s} play the
P1412 What language does {s} use to communicate? Does {s} use to communicate in

Table 6: Relational templates for whqa_template and ynqa_template.
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B Implementation Details

B.1 MEMIT

We tune the target layers separately for each
model by identifying the critical MLP layers fol-
lowing the original implementation of MEMIT
(Meng et al., 2023). On Llama-3.2-1B-Instruct,
we set the target layers R = {0, 1, 2, 3, 4, 5}. On
Llama-3.2-3B-Instruct, we set the target layers
R = {2, 3, 4, 5, 6, 7}. On Llama-3.1-8B-Instruct,
we set the target layers R = {2, 3, 4, 5, 6, 7}.
On OLMo2-1B-Instruct, we set the target layers
R = {2, 3, 4, 5, 6, 7}. On OLMo2-7B-Instruct,
we set the target layers R = {3, 4, 5, 6, 7, 8}.
On OLMo2-13B-Instruct, we set the target layers
R = {2, 3, 4, 5, 6, 7}. On Qwen3-0.6B-Instruct,
we set the target layers R = {1, 2, 3, 4, 5, 7}.
On Qwen3-1.7B-Instruct, we set the target lay-
ers R = {3, 4, 5, 6, 7, 8}. On Qwen3-4B-Instruct,
we set the target layers R = {6, 7, 8, 9, 10, 11}.
On Qwen3-8B-Instruct, we set the target layers
R = {5, 6, 7, 8, 9, 10}. On Qwen3-14B-Instruct,
we set the target layers R = {7, 8, 9, 10, 11, 12}.

All other hyperparameters are applied consis-
tently across models to ensure comparability. We
set the covariance adjustment hyperparameter λ =
1. While prior work often employs large regulariza-
tion values, we find that such strong regularization
can overly constrain the update and limit general-
ization across formats. In our single-edit setting,
the update remains sufficiently localized even with
a small λ, making large regularization unnecessary
and allowing better transfer across formats. Co-
variance statistics are estimated based on 100,000
instances from Wikitext.

The other hyperparameters follow the original
MEMIT configuration. Specifically, the target
value vector v∗ is optimized for 25 gradient steps
with a learning rate of 5e−1. We clamp the L2

norm of edit delta such that it does not exceed 0.75
times the norm of the original hidden state. We
set the weight decay parameter to 0.5 and KL reg-
ularization factor to 0.0625. We restrict the num-
ber of edits to one, which is sufficient to reveal
the generalization failure. Unless otherwise noted,
we follow the original implementation of MEMIT
(Meng et al., 2023).

B.2 ROME

We use the final layer of the MEMIT’s target layers
as the target layer. We set the clamp norm factor to
4. The other hyperparameters follow the MEMIT.

B.3 AlphaEdit
We set the nullspace threshold to 2e-2 and L2 fac-
tor to 10. The other hyperparameters follow the
MEMIT.

B.4 UnKE
We use the final layer of the MEMIT’s target layers
as the boundary layer. We set the clamp norm factor
to 4. The other hyperparameters follow the MEMIT
while UnKE-specific hyperparameters follow the
original UnKE implementation.
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C Additional Results on Cross-Format Generalization

C.1 Additional Qualitative Examples

Case 1

Case 2

Figure 9: Additional qualitative examples of editing dynamics across prompt formats. Each case visualizes
PCA-projected v∗ trajectories over the corresponding efficacy landscape for six prompt formats: completion, YN,
TF, ODQA, triplet and MC. Across additional examples, we consistently observe structured format-dependent
geometries, where semantically or operationally similar task formats (e.g., TF/YN) tend to exhibit more aligned edit
trajectories than heterogeneous interfaces such as MC.
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Case 3

Case 4

Case 5

Figure 10: Additional qualitative examples of editing dynamics across prompt formats, continued.
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C.2 Additional Quantitative Results

Method Eff. ↑ Paraphrase Cross-format

Gen. ↑ Spe. ↑ Con. ↑ Gen. ↑ ODQA Triplet MC TF YN Spe. ↑ Con. ↑
Pre-edit 12.5 (2.1) 15.7 (2.0) 84.4 (1.5) 90.5 (1.4) 10.9 (1.2) 11.8 (2.0) 15.5 (2.2) 14.5 (2.2) 5.8 (1.4) 6.8 (1.6) 86.7 (0.9) 86.3 (1.3)

ROME 100.0 (0.0) 98.5 (0.6) 74.0 (1.9) 98.1 (0.7) 75.1 (1.5) 98.4 (0.8) 98.6 (0.7) 66.1 (2.9) 54.3 (3.1) 57.9 (3.1) 79.3 (1.1) 69.7 (1.6)
MEMIT 100.0 (0.0) 94.0 (1.2) 83.4 (1.6) 93.4 (1.2) 74.5 (1.5) 96.8 (1.1) 93.8 (1.5) 71.1 (2.8) 52.5 (3.1) 58.1 (3.1) 85.9 (0.9) 69.9 (1.5)
AlphaEdit 98.7 (0.7) 84.0 (1.9) 82.5 (1.6) 85.2 (1.7) 67.7 (1.8) 89.4 (1.9) 84.6 (2.2) 63.7 (3.0) 48.5 (3.1) 52.5 (3.1) 85.0 (0.9) 66.9 (1.5)
UnKE 100.0 (0.0) 69.5 (2.3) 32.5 (1.9) 69.4 (2.1) 24.8 (1.8) 29.9 (2.8) 29.5 (2.8) 23.6 (2.6) 19.1 (2.4) 22.1 (2.6) 71.5 (1.4) 57.2 (0.8)

MEMIT-Para 99.9 (0.2) 99.9 (0.1) 83.2 (1.6) 99.8 (0.2) 74.4 (1.5) 97.2 (1.0) 96.2 (1.2) 72.5 (2.8) 50.7 (3.1) 55.3 (3.1) 85.1 (0.9) 69.1 (1.5)

MEMIT-XF 100.0 (0.0) 96.0 (1.0) 83.5 (1.6) 95.3 (1.1) 99.8 (0.1) 99.9 (0.2) 99.7 (0.3) 99.5 (0.4) 100.0 (0.0) 100.0 (0.0) 85.0 (0.9) 99.7 (0.2)
AlphaEdit-XF 99.6 (0.4) 95.1 (1.0) 82.7 (1.6) 94.3 (1.2) 99.7 (0.2) 100.0 (0.0) 99.5 (0.4) 99.6 (0.4) 99.6 (0.4) 100.0 (0.0) 82.9 (1.0) 99.5 (0.3)

Table 7: Editing baseline comparison (Llama-3.2-3B-Instruct, CounterFact-1k).

Model Eff. ↑ Paraphrase Cross-format

Gen. ↑ Spe. ↑ Con. ↑ Gen. ↑ ODQA Triplet MC TF YN Spe. ↑ Con. ↑
Llama-3.2-1B-Instruct 15.2 (2.2) 19.3 (2.1) 81.8 (1.6) 86.7 (1.7) 38.3 (1.7) 13.6 (2.1) 18.1 (2.4) 43.9 (3.1) 61.1 (3.0) 54.8 (3.1) 52.0 (1.3) 63.0 (1.4)
+ MEMIT 100.0 (0.0) 94.8 (1.1) 80.3 (1.7) 94.4 (1.1) 81.6 (1.2) 97.4 (1.0) 95.0 (1.4) 49.1 (3.1) 85.1 (2.2) 81.6 (2.4) 51.0 (1.3) 75.2 (1.3)
+ MEMIT-XF 99.9 (0.2) 95.7 (1.0) 80.9 (1.7) 95.1 (1.1) 99.2 (0.3) 99.7 (0.3) 99.6 (0.4) 97.1 (1.0) 99.9 (0.2) 99.9 (0.2) 49.3 (1.3) 98.8 (0.4)

Llama-3.2-3B-Instruct 12.5 (2.1) 15.7 (2.0) 84.4 (1.5) 90.5 (1.4) 10.9 (1.2) 11.8 (2.0) 15.5 (2.2) 14.5 (2.2) 5.8 (1.4) 6.8 (1.6) 86.7 (0.9) 86.3 (1.3)
+ MEMIT 100.0 (0.0) 94.0 (1.2) 83.4 (1.6) 93.4 (1.2) 74.5 (1.5) 96.8 (1.1) 93.8 (1.5) 71.1 (2.8) 52.5 (3.1) 58.1 (3.1) 85.9 (0.9) 69.9 (1.5)
+ MEMIT-Para 99.9 (0.2) 99.9 (0.1) 83.2 (1.6) 99.8 (0.2) 74.4 (1.5) 97.2 (1.0) 96.2 (1.2) 72.5 (2.8) 50.7 (3.1) 55.3 (3.1) 85.1 (0.9) 69.1 (1.5)
+ MEMIT-XF 100.0 (0.0) 96.0 (1.0) 83.5 (1.6) 95.3 (1.1) 99.8 (0.1) 99.9 (0.2) 99.7 (0.3) 99.5 (0.4) 100.0 (0.0) 100.0 (0.0) 85.0 (0.9) 99.7 (0.2)

Llama-3.1-8B-Instruct 6.7 (1.6) 9.8 (1.6) 88.7 (1.3) 92.8 (1.3) 6.2 (1.0) 6.3 (1.5) 8.1 (1.7) 6.4 (1.5) 3.9 (1.2) 6.5 (1.5) 89.3 (0.8) 92.0 (1.1)
+ MEMIT 100.0 (0.0) 96.9 (0.8) 87.9 (1.3) 96.3 (1.0) 86.2 (1.3) 95.7 (1.3) 96.5 (1.1) 81.0 (2.4) 78.1 (2.6) 79.9 (2.5) 88.5 (0.8) 83.4 (1.4)
+ MEMIT-XF 100.0 (0.0) 98.0 (0.7) 88.0 (1.3) 97.7 (0.8) 99.8 (0.1) 99.7 (0.3) 99.8 (0.3) 99.9 (0.2) 99.9 (0.2) 99.9 (0.2) 87.4 (0.9) 99.7 (0.2)

OLMo2-1B-Instruct 19.1 (2.4) 18.6 (2.1) 79.7 (1.7) 86.3 (1.7) 13.6 (1.1) 15.2 (2.2) 18.2 (2.4) 31.1 (2.9) 3.1 (1.1) 0.2 (0.3) 85.1 (0.9) 79.7 (1.4)
+ MEMIT 99.9 (0.2) 96.2 (0.9) 77.9 (1.7) 95.7 (1.0) 60.6 (1.3) 97.7 (0.9) 95.5 (1.3) 61.6 (3.0) 36.4 (3.0) 11.9 (2.0) 84.2 (0.9) 54.0 (1.1)
+ MEMIT-XF 99.9 (0.2) 97.6 (0.7) 78.0 (1.7) 97.2 (0.8) 99.7 (0.2) 99.8 (0.3) 100.0 (0.0) 99.2 (0.6) 99.9 (0.2) 99.6 (0.4) 82.4 (1.0) 99.6 (0.2)

OLMo2-7B-Instruct 10.6 (1.9) 14.1 (1.9) 86.2 (1.4) 88.9 (1.5) 10.7 (1.3) 8.6 (1.7) 10.3 (1.9) 12.4 (2.0) 9.7 (1.8) 12.4 (2.0) 87.0 (0.9) 87.7 (1.3)
+ MEMIT 100.0 (0.0) 91.7 (1.4) 85.4 (1.4) 90.9 (1.4) 80.0 (1.6) 97.8 (0.9) 94.1 (1.5) 73.5 (2.7) 64.7 (3.0) 69.9 (2.8) 86.5 (1.0) 77.6 (1.6)
+ MEMIT-XF 100.0 (0.0) 94.9 (1.1) 85.2 (1.4) 94.0 (1.2) 99.9 (0.1) 100.0 (0.0) 99.9 (0.2) 99.9 (0.2) 99.5 (0.4) 100.0 (0.0) 85.8 (1.0) 99.8 (0.2)

OLMo2-13B-Instruct 8.8 (1.8) 11.4 (1.7) 87.7 (1.3) 90.8 (1.4) 11.0 (1.3) 6.0 (1.5) 8.0 (1.7) 8.1 (1.7) 10.1 (1.9) 23.0 (2.6) 91.1 (0.7) 87.0 (1.3)
+ MEMIT 93.8 (1.5) 72.5 (2.4) 87.5 (1.3) 77.5 (2.0) 66.4 (2.1) 84.3 (2.3) 78.4 (2.6) 55.2 (3.1) 54.1 (3.1) 59.9 (3.0) 90.9 (0.7) 71.5 (1.5)
+ MEMIT-XF 89.6 (1.9) 71.4 (2.4) 87.5 (1.3) 77.8 (1.9) 93.7 (1.1) 92.9 (1.6) 91.5 (1.7) 93.0 (1.6) 94.3 (1.4) 96.7 (1.1) 90.7 (0.7) 92.9 (1.0)

Qwen3-0.6B 26.4 (2.7) 28.6 (2.5) 71.9 (2.1) 84.0 (1.8) 34.1 (1.3) 27.5 (2.8) 27.1 (2.8) 25.5 (2.7) 89.9 (1.9) 0.4 (0.4) 59.6 (0.9) 60.2 (0.9)
+ MEMIT 99.9 (0.2) 87.9 (1.7) 70.7 (2.1) 87.3 (1.6) 68.2 (1.2) 79.6 (2.5) 86.4 (2.1) 70.2 (2.8) 96.1 (1.2) 8.6 (1.7) 59.0 (1.0) 59.5 (0.9)
+ MEMIT-XF 97.8 (0.9) 91.2 (1.4) 70.8 (2.1) 90.2 (1.5) 96.8 (0.6) 97.3 (1.0) 97.8 (0.9) 96.5 (1.1) 99.5 (0.4) 92.8 (1.6) 59.6 (1.0) 94.8 (0.8)

Qwen3-1.7B 19.4 (2.5) 21.6 (2.3) 78.1 (1.9) 87.9 (1.6) 28.0 (1.6) 16.3 (2.3) 20.8 (2.5) 16.9 (2.3) 20.5 (2.5) 65.3 (3.0) 66.7 (1.2) 68.7 (1.3)
+ MEMIT 99.9 (0.2) 93.3 (1.2) 76.8 (1.9) 92.5 (1.3) 86.5 (1.3) 91.1 (1.8) 93.2 (1.6) 80.4 (2.5) 75.6 (2.7) 92.4 (1.6) 65.5 (1.2) 83.1 (1.4)
+ MEMIT-XF 99.7 (0.3) 96.7 (0.9) 76.4 (1.9) 96.3 (1.0) 99.6 (0.2) 99.9 (0.2) 99.4 (0.5) 99.2 (0.6) 100.0 (0.0) 99.7 (0.3) 63.9 (1.2) 99.4 (0.3)

Qwen3-4B 17.1 (2.3) 19.7 (2.2) 80.9 (1.8) 89.5 (1.5) 11.5 (1.4) 12.6 (2.1) 16.0 (2.3) 13.4 (2.1) 9.4 (1.8) 6.2 (1.5) 81.9 (1.2) 86.4 (1.4)
+ MEMIT 99.9 (0.2) 92.1 (1.3) 80.0 (1.8) 91.2 (1.4) 75.6 (1.6) 92.9 (1.6) 94.9 (1.4) 73.6 (2.7) 60.1 (3.0) 56.5 (3.1) 81.1 (1.2) 72.5 (1.6)
+ MEMIT-XF 99.9 (0.2) 94.8 (1.1) 79.7 (1.8) 94.2 (1.2) 99.7 (0.2) 99.7 (0.3) 99.8 (0.3) 99.3 (0.5) 100.0 (0.0) 99.6 (0.4) 80.2 (1.2) 99.6 (0.3)

Qwen3-8B 13.5 (2.1) 15.7 (2.0) 84.1 (1.6) 90.6 (1.4) 9.1 (1.2) 10.9 (1.9) 12.9 (2.1) 10.6 (1.9) 3.6 (1.2) 7.5 (1.6) 87.6 (0.9) 89.1 (1.3)
+ MEMIT 99.9 (0.2) 95.7 (1.0) 83.1 (1.6) 95.1 (1.1) 80.4 (1.5) 94.2 (1.4) 98.0 (0.9) 78.6 (2.5) 62.5 (3.0) 68.8 (2.9) 86.7 (1.0) 77.2 (1.6)
+ MEMIT-XF 99.9 (0.2) 97.7 (0.8) 83.1 (1.6) 97.5 (0.8) 99.7 (0.2) 99.7 (0.3) 99.7 (0.3) 99.7 (0.3) 99.8 (0.3) 99.7 (0.3) 85.8 (1.0) 99.7 (0.2)

Qwen3-14B 11.0 (1.9) 14.1 (1.9) 85.2 (1.5) 90.9 (1.4) 9.5 (1.2) 8.5 (1.7) 10.6 (1.9) 8.3 (1.7) 3.9 (1.2) 16.2 (2.3) 87.0 (0.9) 88.4 (1.3)
+ MEMIT 100.0 (0.0) 95.0 (1.1) 84.3 (1.5) 94.6 (1.1) 86.0 (1.3) 98.2 (0.8) 97.7 (0.9) 84.4 (2.3) 67.8 (2.9) 81.9 (2.4) 86.2 (0.9) 82.7 (1.4)
+ MEMIT-XF 99.9 (0.2) 97.5 (0.8) 84.1 (1.5) 97.3 (0.8) 99.7 (0.2) 99.9 (0.2) 100.0 (0.0) 99.6 (0.4) 99.6 (0.4) 99.6 (0.4) 85.3 (1.0) 99.7 (0.3)

Table 8: Model generalization results (MEMIT, CounterFact-1k).
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Dataset Eff. ↑ Paraphrase Cross-format

Gen. ↑ Spe. ↑ Con. ↑ Gen. ↑ ODQA Triplet MC TF YN Spe. ↑ Con. ↑
CounterFact-1k 12.5 (2.1) 15.7 (2.0) 84.4 (1.5) 90.5 (1.4) 10.9 (1.2) 11.8 (2.0) 15.5 (2.2) 14.5 (2.2) 5.8 (1.4) 6.8 (1.6) 86.7 (0.9) 86.3 (1.3)
+ MEMIT 100.0 (0.0) 94.0 (1.2) 83.4 (1.6) 93.4 (1.2) 74.5 (1.5) 96.8 (1.1) 93.8 (1.5) 71.1 (2.8) 52.5 (3.1) 58.1 (3.1) 85.9 (0.9) 69.9 (1.5)
+ MEMIT-Para 99.9 (0.2) 99.9 (0.1) 83.2 (1.6) 99.8 (0.2) 74.4 (1.5) 97.2 (1.0) 96.2 (1.2) 72.5 (2.8) 50.7 (3.1) 55.3 (3.1) 85.1 (0.9) 69.1 (1.5)
+ MEMIT-XF 100.0 (0.0) 96.0 (1.0) 83.5 (1.6) 95.3 (1.1) 99.8 (0.1) 99.9 (0.2) 99.7 (0.3) 99.5 (0.4) 100.0 (0.0) 100.0 (0.0) 85.0 (0.9) 99.7 (0.2)

KnowEdit-Wiki-Counterfact 21.7 (2.8) 25.3 (2.9) - 89.7 (2.1) 10.7 (1.2) 22.1 (2.8) - 15.3 (2.4) 1.7 (0.9) 3.7 (1.3) - 81.3 (1.7)
+ MEMIT 99.5 (0.5) 86.3 (2.3) - 86.8 (2.3) 52.4 (1.9) 94.0 (1.6) - 56.3 (3.4) 30.3 (3.1) 29.1 (3.1) - 53.7 (1.5)
+ MEMIT-XF 99.5 (0.5) 88.1 (2.2) - 88.6 (2.2) 99.3 (0.3) 99.8 (0.3) - 98.2 (0.9) 99.6 (0.4) 99.6 (0.4) - 98.9 (0.5)

KnowEdit-Wiki-Recent 5.6 (1.3) 11.1 (1.7) - 88.6 (1.7) 26.2 (1.8) 30.1 (2.5) - - 20.0 (2.2) 28.4 (2.5) - 73.8 (1.5)
+ MEMIT 99.9 (0.2) 68.9 (2.6) - 69.0 (2.5) 70.2 (1.7) 92.5 (1.5) - - 60.9 (2.7) 57.1 (2.7) - 68.4 (1.7)
+ MEMIT-XF 99.5 (0.4) 69.4 (2.5) - 69.7 (2.5) 99.8 (0.1) 99.7 (0.3) - - 99.9 (0.2) 99.9 (0.2) - 99.6 (0.2)

KnowEdit-ZsRE 33.0 (2.6) 33.3 (2.6) - 91.1 (1.5) 28.4 (1.5) 30.7 (2.5) - 33.5 (2.6) 25.7 (2.4) 23.7 (2.3) - 65.3 (1.4)
+ MEMIT 96.3 (1.0) 90.6 (1.6) - 94.3 (1.3) 68.8 (1.4) 92.8 (1.4) - 65.3 (2.6) 56.1 (2.7) 60.9 (2.7) - 64.6 (1.4)
+ MEMIT-XF 96.4 (1.0) 90.0 (1.6) - 93.5 (1.3) 98.9 (0.3) 96.3 (1.0) - 99.5 (0.4) 99.9 (0.2) 99.9 (0.2) - 97.6 (0.6)

Table 9: Dataset generalization results (MEMIT, Llama-3.2-3B-Instruct).

Variant Eff. ↑ Paraphrase Cross-format

Gen. ↑ Spe. ↑ Con. ↑ Gen. ↑ ODQA Triplet MC TF YN Spe. ↑ Con. ↑
MEMIT-XF 100.0 (0.0) 96.0 (1.0) 83.5 (1.6) 95.3 (1.1) 99.8 (0.1) 99.9 (0.2) 99.7 (0.3) 99.5 (0.4) 100.0 (0.0) 100.0 (0.0) 85.0 (0.9) 99.7 (0.2)

w/o joint loss 100.0 (0.0) 89.5 (1.5) 82.9 (1.6) 88.3 (1.6) 100.0 (0.0) 100.0 (0.0) 100.0 (0.0) 100.0 (0.0) 100.0 (0.0) 100.0 (0.0) 82.1 (1.0) 100.0 (0.0)
w/o multi-key 100.0 (0.0) 94.3 (1.1) 83.6 (1.6) 93.1 (1.3) 99.2 (0.3) 99.0 (0.6) 98.2 (0.8) 99.4 (0.5) 99.8 (0.3) 99.7 (0.3) 85.3 (0.9) 98.9 (0.4)
w/o multi-value 100.0 (0.0) 95.5 (1.0) 83.4 (1.6) 94.9 (1.1) 75.1 (1.5) 97.7 (0.9) 97.7 (0.9) 71.1 (2.8) 52.4 (3.1) 56.4 (3.1) 85.7 (0.9) 69.8 (1.6)

Table 10: Ablation study on alignment components (Llama-3.2-3B-Instruct, CounterFact-1k).

Method Eff. ↑ Paraphrase Cross-format

Gen. ↑ Spe. ↑ Con. ↑ Gen. ↑ ODQA Triplet MC TF YN Spe. ↑ Con. ↑
MEMIT 100.0 (0.0) 94.0 (1.2) 83.4 (1.6) 93.4 (1.2) 74.5 (1.5) 96.8 (1.1) 93.8 (1.5) 71.1 (2.8) 52.5 (3.1) 58.1 (3.1) 85.9 (0.9) 69.9 (1.5)

MEMIT-XF (K=2) 99.9 (0.2) 90.7 (1.4) 83.7 (1.6) 89.5 (1.5) 93.6 (0.8) 95.2 (1.3) 88.0 (2.0) 85.4 (2.2) 100.0 (0.0) 99.3 (0.5) 85.3 (0.9) 90.4 (1.1)
MEMIT-XF (K=3) 99.9 (0.2) 90.5 (1.4) 83.7 (1.6) 89.5 (1.5) 96.2 (0.6) 96.4 (1.2) 86.2 (2.1) 99.7 (0.3) 100.0 (0.0) 98.8 (0.7) 84.9 (0.9) 94.1 (0.9)
MEMIT-XF (K=4) 100.0 (0.0) 94.5 (1.1) 83.6 (1.6) 93.6 (1.2) 99.3 (0.2) 98.3 (0.8) 99.5 (0.4) 99.7 (0.3) 99.9 (0.2) 99.2 (0.6) 85.0 (1.0) 98.9 (0.4)
MEMIT-XF (K=5) 100.0 (0.0) 95.8 (1.0) 83.5 (1.6) 94.9 (1.1) 99.6 (0.2) 99.9 (0.2) 99.7 (0.3) 99.5 (0.4) 99.9 (0.2) 99.0 (0.6) 84.4 (1.0) 99.4 (0.3)
MEMIT-XF (K=6) 100.0 (0.0) 96.0 (1.0) 83.5 (1.6) 95.3 (1.1) 99.8 (0.1) 99.9 (0.2) 99.7 (0.3) 99.5 (0.4) 100.0 (0.0) 100.0 (0.0) 85.0 (0.9) 99.7 (0.2)

Table 11: Ablation study on the number of source formats (Llama-3.2-3B-Instruct, CounterFact-1k).
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C.3 Distinguishing Consistency from Correctness
The consistency metric measures agreement across six formats, so consistently wrong predictions can
still receive high consistency scores. We therefore report Consistent-Accuracy on CounterFact-1k, which
equals 1 only when all six answers are correct, and 0 otherwise.

Setting Consistency Consistent-Accuracy

Pre-edit 86.3 0.4
ROME 69.7 37.4
MEMIT 69.9 37.1
AlphaEdit 66.9 30.2
UnKE 57.2 2.9
MEMIT-XF 99.7 99.1

Table 12: Consistency and Consistent-Accuracy across six task formats. Consistent-Accuracy equals 1 only when
all six answers are correct, and 0 otherwise.

The pre-edit result clearly illustrates the distinction: raw consistency is 86.3%, but only 0.4% of samples
are correct across all formats because the edited targets have not yet been learned. A similar gap remains
after single-format editing: ROME, MEMIT, AlphaEdit and UnKE achieve 57.2–69.9% consistency, but
only 2.9–37.4% Consistent-Accuracy. In contrast, MEMIT-XF achieves 99.7% consistency and 99.1%
Consistent-Accuracy, showing that its predictions are both consistent and correct.

C.4 Impact of Multiple-Choice Option-Order Bias
We tested whether multiple-choice option-order bias (Pezeshkpour and Hruschka, 2024) contributes to
the observed drop in cross-format generalization, so part of the degradation may not be solely caused by
knowledge editing itself. To quantify the option-order effect, we created two versions of each MC question
in CounterFact-1k with identical options in different orders and classify a sample as order-sensitive when
exactly one version is answered correctly.

Setting Order-Sensitive
Samples (%)

Consistency:
Order-Sensitive

Consistency:
Others

Pre-edit 24.6 65.1 93.5
ROME 32.2 63.7 72.5
MEMIT 31.3 57.7 74.0
AlphaEdit 38.4 58.4 72.1
MEMIT-XF 7.6 97.8 99.7

Table 13: Option-order sensitivity and cross-format consistency on CounterFact-1k. A sample is considered order-
sensitive when exactly one of two multiple-choice versions with identical options in different orders is answered
correctly.

The pre-edit result confirms that option-order sensitivity is associated with lower cross-format consis-
tency even before editing. However, this bias does not fully explain the consistency degradation observed
after single-format editing. Consistency decreases after ROME, MEMIT and AlphaEdit in both groups,
including from 93.5% to 72.5%, 74.0% and 72.1%, respectively, among samples without observed order
sensitivity. Notably, MEMIT-XF reduces the proportion of order-sensitive samples to 7.6% and achieves
near-perfect consistency in both groups.

C.5 Impact of Regularization
We tested whether regularization overconstrains the update and limits cross-format generalization. MEMIT
applies two regularizers during value-vector optimization. KL regularization minimizes divergence be-
tween the edited and pre-edit predictive distributions for a generic prompt, “{subject} is a,” thereby
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preserving existing predictions about the subject; setting its coefficient from 0.0625 to 0 removes this
constraint. Value weight decay constrains the optimized value vector to remain close to its initialization.
Setting its coefficient from 0.5 to 0 removes this constraint. In MEMIT’s closed-form update, the covari-
ance regularization weight balances new and old associations. Reducing it from 1 to 0.01 substantially
weakens the contribution of old associations and gives the new associations greater influence. We use a
small positive value rather than zero for numerical stability.

We conducted a 2× 2× 2 factorial ablation over these values on CounterFact-1K. The most relaxed
configuration achieved the highest cross-format generalization and consistency (76.52/71.55 vs. the
default 73.62/68.86). However, it was nearly tied with the configuration retaining the default covariance
weight (76.50/71.53), as the default value of 1 is small enough in single-edit settings. Specificity remained
nearly unchanged (83.0 vs. 83.3). Therefore, relaxing the value-vector regularizers modestly improves
transfer without a meaningful locality trade-off. Even the best setting recovers only 2.7 consistency points,
far less than our cross-format alignment. Therefore, overregularization may contribute to the limited
transfer of single-format editing but is not the primary cause of the observed inconsistency.

C.6 Consistency and Specificity
Consistency measures agreement across task formats, whereas specificity measures preservation on
unrelated inputs. To test whether inconsistency is introduced by preserving locality, we classified
samples with lower post-edit than pre-edit completion specificity as Specificity Damaged and the others
as Specificity Preserved on CounterFact-1k. We then measured the Consistency Drop (pre-edit minus
post-edit consistency) for each group.

Editing Method Specificity Preserved
Samples (%)

Consistency Drop
(Preserved)

Specificity Damaged
Samples (%)

Consistency Drop
(Damaged)

Difference in Consistency Drop
(Preserved − Damaged) p-value

ROME 596 (59.6%) 16.8 404 (40.4%) 16.2 +0.6 0.792
MEMIT 933 (93.3%) 16.4 67 (6.7%) 17.0 −0.6 0.892
AlphaEdit 870 (87.0%) 20.7 130 (13.0%) 10.4 +10.4 0.004
UnKE 59 (5.9%) 18.9 941 (94.1%) 29.7 −10.9 0.003

Table 14: Consistency drops for samples with preserved versus damaged specificity. p-values are from two-sided
Welch’s t-tests on per-sample consistency drops.

MEMIT showed indistinguishable consistency drops between the two groups (16.4 vs. 17.0; p = 0.892),
as did ROME (16.8 vs. 16.2; p = 0.792). We therefore find no evidence that their consistency degradation
is introduced specifically by preserving locality. The interaction is method-dependent: AlphaEdit showed
a larger drop when specificity was preserved, whereas UnKE showed the opposite pattern.
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