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Abstract

Model editing aims to update large language
models (LLMs) with new knowledge without
full retraining, but existing methods mainly
focus on fact-level knowledge. Rules that
support mathematical and scientific reasoning
must remain consistent across formulas, de-
scriptions, and instances, making localized up-
dates less effective for rule-level editing. In
this paper, we construct RuleEdit-200, a man-
ually verified benchmark of 200 mathemati-
cal and physical rules, each instantiated in for-
mula, description, and instance forms. Us-
ing this benchmark, we conduct fine-grained
causal tracing on four LLMs and identify
a form-specific layer-wise separation of rule
knowledge: formulas and descriptions are as-
sociated with earlier layers, whereas instances
rely on a distinct set of middle-layer represen-
tations. This finding suggests that rule-level
editing requires separate updates for different
forms. Based on this insight, we propose Dis-
tributed Multi-Layer Editing (DMLE), which
updates formulas, descriptions and instances
at their corresponding layer ranges. Experi-
ments on RuleEdit-200 show that DMLE re-
mains competitive on standard editing metrics
while substantially improving rule-level edit-
ing, with average gains of 18.22% and 61.00%
in instance portability and rule understanding
over the best baseline on each model.

1 Introduction

Model editing aims to update LLMs with fresh
or corrected knowledge without full retraining
(Mitchell et al., 2021; Meng et al., 2022a,b; Fang
et al., 2024; Li et al., 2025; Deng et al., 2025).
LLMs can be viewed as highly compressed reposi-
tories of world knowledge, whose internal repre-
sentations encode information at different levels
of granularity across layers. This layered organi-
zation makes it possible to modify model behavior

* Corresponding author.

Figure 1: Causal tracing heatmaps on GPT-J-6B. The
heatmap shows AIE across MLP layers and token po-
sitions for formula, description, and instance. 1st sub
and Last sub denote the first and last subject tokens, and
Last is the final prompt token. Formula and description
peak in earlier layers, whereas instance peaks in middle
layers.

by updating a small set of task-relevant representa-
tions.

Most existing editing methods are designed for
fact-level knowledge, where the target is typically
an isolated fact (Meng et al., 2022a,b). These
methods usually locate the internal representations
responsible for a target fact and then modify the
corresponding parameters through localized up-
dates. However, LLMs encode not only facts but
also rules that support reasoning. Editing such
rules is more challenging because a rule must re-
main consistent across formulas, descriptions, and
instances. Existing editors often fail to propagate
edits coherently across these forms (Zhang et al.,
2026). Yet why such failures occur remains un-
clear.

To study this problem systematically, we
construct RULEEDIT-2001, a manually verified
dataset covering 200 mathematical and physical
rules. Each rule is aligned across three forms: a
symbolic formula, a natural-language description,
and numerical instances, and is further paired with

1Code and data: https://github.com/Pepper66/DMLE
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multiple evaluation samples supporting standard
editing metrics and rule-level metrics. This design
enables controlled analysis of whether an edit to a
rule can be consistently reflected across different
forms, rather than only in a single expression.

Building on this benchmark, we examine how
different forms of the same rule are organized
across transformer layers through fine-grained
causal tracing. Our analysis reveals a clear form-
specific layer-wise organization rather than a sin-
gle shared editing location. As shown in Fig-
ure 1, formulas and descriptions on GPT-J-6B ex-
hibit their strongest indirect effects in earlier lay-
ers, whereas instances peak in middle layers. This
pattern is broadly consistent with prior analyses
of layer-wise functional specialization in LLMs
(Jawahar et al., 2019; Nadipalli, 2025; Nepal et al.,
2025). Similar patterns are observed on other
backbones. This contrast suggests that different
forms of the same rule are associated with differ-
ent layer ranges, which helps explain the failure of
localized editing to propagate rule edits coherently
across forms.

Based on this finding, we propose Distributed
Multi-Layer Editing (DMLE), a rule-level editing
framework. Instead of applying a uniform update
to all forms, DMLE applies a shared update to for-
mulas and descriptions at their shared high-impact
layers, and a separate update to instances at their
corresponding layer range. In this way, DMLE
aligns its editing strategy with the observed in-
ternal organization of rule knowledge. Experi-
ments on GPT-J-6B, GPT2-XL, Qwen2-7B, and
Qwen2.5-7B show that DMLE remains compet-
itive on standard editing metrics while substan-
tially improving rule-level editing performance
over strong baselines. These results suggest that
understanding the layer-wise organization of rule
knowledge can directly inform more effective edit-
ing methods for structured knowledge in LLMs.

In summary, our contributions are threefold:

• We provide a causal tracing analysis of rule
knowledge and reveal a form-specific layer-
wise organization across formulas, descrip-
tions, and instances.

• We construct RULEEDIT-200, a manually ver-
ified dataset of 200 mathematical and physical
rules with aligned forms.

• We propose DMLE, a form-aware editing
framework that improves coherent rule up-
dates across base models.

2 Related Work

2.1 Model Editing in LLMs

Model editing aims to update specific knowledge
in LLMs without full retraining (Mitchell et al.,
2021; Meng et al., 2022a,b; Hartvigsen et al.,
2023; Fang et al., 2024; Zhang et al., 2024; Huang
et al., 2024; Yu et al., 2024; Wang et al., 2024b; Gu
et al., 2024; Li et al., 2025; Deng et al., 2025; Lu
et al., 2025; Jiang et al., 2025; Wei et al., 2025).
Most existing methods follow a locate-then-edit
paradigm (Meng et al., 2022a), first identifying
the model components responsible for the target
knowledge and then applying localized parame-
ter updates. Representative approaches include
ROME (Meng et al., 2022a), which performs rank-
one updates to localized factual associations, and
MEMIT (Meng et al., 2022b), which extends this
idea to the simultaneous editing of multiple knowl-
edge associations through closed-form weight up-
dates. AlphaEdit (Fang et al., 2024) offers an al-
ternative approach, using null-space constraints to
enable more precise knowledge editing. Despite
their success on fact-level editing, these methods
generally assume that knowledge can be modified
through a single layer or a small contiguous block
of layers. In this work, we revisit this assumption
in the context of rule-level knowledge editing.

2.2 Rule-Level Knowledge Editing

Most prior work on knowledge editing focuses on
fact-level knowledge (Yao et al., 2023; Wang et al.,
2024b, 2025), whereas rule-level knowledge intro-
duces additional challenges due to its structured
and multi-form nature. Zhang et al. (2026) for-
malizes this setting by decomposing each rule into
three aligned forms: formula, description, and in-
stance. This benchmark highlights the importance
of cross-form consistency and shows that existing
editing methods struggle to generalize edits coher-
ently across forms. While this line of work clearly
establishes rule-level editing as a challenging prob-
lem, the underlying reason for this difficulty re-
mains largely unexplored. Our work addresses
this gap by analyzing how different forms of rule
knowledge are internally organized in LLMs.

2.3 Knowledge Localization and Causal
Tracing

Research on Transformer interpretability has pro-
vided important insights into how knowledge is
stored and processed in LLMs. Geva et al. (2021)
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show that feed-forward networks (FFNs) in Trans-
former layers can function as key-value mem-
ory modules, providing early evidence for inter-
nal knowledge storage. Logit Lens (Nostalge-
braist, 2020) enables layer-wise probing by pro-
jecting intermediate representations into the vo-
cabulary space. Meng et al. (2022a) further in-
troduce causal tracing to localize fact-level knowl-
edge, establishing a practical framework for iden-
tifying where model predictions causally depend
on internal states. We adopt causal tracing in a dif-
ferent setting: rather than localizing isolated facts,
we use it to study the layer-wise organization of
multi-form rule knowledge and to guide the design
of rule-level editing.

3 RuleEdit-200: A Rule-Level Editing
Dataset

To evaluate the effectiveness and consistency
of rule-level knowledge editing, we construct
RuleEdit-200, a benchmark that substantially ex-
pands the framework of Zhang et al. (2026). While
their dataset contains 80 geometry-related rules,
RuleEdit-200 broadens the scope to 200 distinct
rules and 600 corresponding samples. Unlike stan-
dard fact-level editing benchmarks based on sim-
ple fact tuples, RuleEdit-200 is designed to cap-
ture the multi-form nature of rules in mathematics
and physics.
Knowledge Sourcing and Domain Coverage.
We collect 200 fundamental rules from two pri-
mary sources: Wikipedia Mathematics (Wikipedia
contributors, 2024) and introductory physics mate-
rials (OpenStax, 2016). These rules span a range
of mathematical and physical concepts, with repre-
sentative examples drawn from areas such as alge-
bra, geometry, classical mechanics, and electricity.
Counterfactual Generation and Multi-Form
Structure. For each rule, we construct a counter-
factual target to simulate a rule update scenario.
Specifically, we use Gemini (Team, 2023) to gen-
erate modified rule statements that alter the orig-
inal rule while keeping the statement natural and
well-formed (e.g., changing the geometric mean
from

√
a× b to

√
a+ b). This design ensures that

correct predictions depend on the edited rule rather
than the model’s prior knowledge.

Following the evaluation setting of RuleEdit
(Zhang et al., 2026), each rule is structured into
three complementary forms that capture different
aspects of rule knowledge. Each editing case there-

fore contains three components:

• Symbolic formula: the formal mathemat-
ical expression representing the rule (e.g.,√
a+ b).

• Natural-language description: a natural-
language statement that conveys the meaning
of the rule (e.g., “the square root of the sum of
the numbers”).

• Numerical instance: a concrete numerical ap-
plication of the rule (e.g.,

√
16 + 9 = 5).

This multi-form structure allows us to evalu-
ate whether an edit updates the rule consistently
across formulas, descriptions, and instances. In
addition to the editing targets, RuleEdit-200 also
includes evaluation prompts for reliability, gen-
eralization, locality, rule understanding, and in-
stance portability, enabling systematic assessment
of both standard knowledge editing behavior and
rule-level consistency.

All generated samples are manually reviewed
by three annotators with a bachelor’s degree,
strong English proficiency, and familiarity with
the task setting. The review process includes cor-
recting grammatical errors, improving unclear or
unnatural wording, verifying cross-form consis-
tency among the formula, description, and numer-
ical instance, and ensuring that each numerical in-
stance is derived from the edited rule rather than
the original one. Samples with ambiguous content
or semantic misalignment are further revised be-
fore inclusion in the final dataset. Additional de-
tails on dataset construction, including the sourc-
ing process, counterfactual generation, and quality
control, are provided in Appendix A.

4 Causal Tracing for Rule Knowledge

Rule-level editing aims to update generalizable
rule knowledge in LLMs while maintaining con-
sistency across multiple related forms. We repre-
sent each rule as a tuple R = (s, f, d, i), where
s denotes the subject, and f, d, and i represent
the formula, description, and instance forms, re-
spectively. The objective is to update the model
such that the edited rule is reflected consistently
across all three forms. Unlike standard fact edit-
ing, which focuses on a single factual association,
rule-level editing requires coherent updates across
the symbolic, descriptive, and instantiated repre-
sentations of the underlying rule.
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(a) GPT2-XL (b) Qwen2-7B (c) Qwen2.5-7B

Figure 2: Causal tracing heatmaps on GPT2-XL, Qwen2-7B, and Qwen2.5-7B. Across models, formula and de-
scription peak in earlier layers, whereas instance peaks in middle layers, supporting a form-specific layer-wise
organization of rule knowledge.

4.1 Layer-wise Causal Tracing

To understand how rule knowledge is organized
in LLMs, we perform layer-wise causal tracing
(Meng et al., 2022a), focusing on MLP states.
This choice is motivated by prior work showing
that feed-forward layers act as key-value memo-
ries and play a central role in knowledge storage
(Geva et al., 2021; Dai et al., 2022).

Tracing Data Construction. To support
causal tracing, we construct a tracing set from
RULEEDIT-200 by extracting subject-centered
prompt–target pairs in a unified format. For each
rule and form we generate five prompt variants
differing only in surface phrasing, yielding 1,000
prompts per form; these probe robustness to
wording rather than adding distinct rules. Targets
are standardized as symbolic expressions for
formulas, verb-led phrases for descriptions, and
final answers for instances, which yields clearer
tracing signals. They correspond to the original
rules rather than the counterfactual editing tar-
gets, since tracing measures the restoration of
knowledge the unedited model already encodes;
DMLE then writes counterfactual values into the
regions identified this way. Details are provided
in Appendix B.

Tracing Method. We adapt the causal interven-
tion framework of Meng et al. (2022a) to the rule-
level setting. Instead of localizing the storage site
of a single fact, we trace how formula, description,
and instance forms of the same rule contribute
across layers. For each prompt–target pair (x, y),
we first run the model on the original input and
obtain the clean target probability p(y | x). We
then construct a corrupted input x̃ by perturbing
the input embeddings of the subject tokens. Start-
ing from this corrupted run, we restore the hidden

state at layer l to its clean counterpart and measure
how much the target probability is recovered:

rl = p
(
y | x̃; hl ← hcleanl

)
− p

(
y | x̃) (1)

where hcleanl denotes the hidden state at layer l
from the clean run.

We perform tracing separately for formula, de-
scription, and instance prompts, and average rl
over prompts of the same form to obtain a layer-
wise causal contribution. This allows us to iden-
tify which layer regions are most associated with
each rule form and guides the selection of editing
layer groups.

Tracing Setup. We conduct this analysis on
four widely used autoregressive language models:
GPT-J-6B (Wang and Komatsuzaki, 2021), GPT2-
XL (Radford et al., 2019), Qwen2-7B (Yang et al.,
2024), and Qwen2.5-7B (Qwen Team, 2024). In
the corrupted run, we add Gaussian noise ϵ ∼
N (0, σ2) to subject-token embeddings. Follow-
ing Meng et al. (2022a), we set σ based on the
empirical standard deviation of each model’s in-
put embeddings: 2.5 times the empirical standard
deviation for GPT-J-6B, Qwen2-7B, and Qwen2.5-
7B, and 3 times for GPT2-XL. All experiments are
conducted on a single NVIDIA A6000 GPU.

4.2 Form-Specific Layer Organization of
Rule Knowledge

We use the recovery score rl in Eq. 1 to ana-
lyze the layer-wise causal contribution of each
rule form. For a given form, we average rl over
all corresponding prompts to obtain the average
indirect effect (AIE). This allows us to compare
where formulas, descriptions, and instances exert
the strongest influence on the target prediction.

Our analysis reveals a clear form-specific layer-
wise organization of rule knowledge. On GPT-J-
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6B, the strongest causal effects consistently con-
centrate on the last subject token. Focusing on this
token, formulas and descriptions exhibit overlap-
ping peaks in the early layers (2–4), whereas in-
stances peak in middle layers (13–15). This obser-
vation aligns with prior findings that earlier layers
are more associated with conceptual and symbolic
processing (Jawahar et al., 2019; Nadipalli, 2025),
while middle layers play a larger role in computa-
tion and numerical reasoning (Nepal et al., 2025;
Chen and Zou, 2024).

Figure 2 shows that this pattern generalizes to
GPT2-XL, Qwen2-7B, and Qwen2.5-7B. Across
all three models, the strongest restoration effects
remain concentrated on the last subject token. For
Qwen2-7B and Qwen2.5-7B, formulas and de-
scriptions peak around layers 3–5, while instances
peak around layers 12–14. For GPT2-XL, for-
mulas and descriptions peak around layers 13–15,
whereas instances peak around layers 24–26. This
suggests that different forms of the same rule rely
on different layer regions, rather than a single lo-
calized editing site.

We use these AIE patterns to select the edit-
ing layer ranges in DMLE through an automatic
top-window criterion rather than visual inspection.
We average AIE over all tracing prompts to obtain
one curve per update (pooling formula and descrip-
tion prompts, whose peaks overlap) and select on
each curve the contiguous window with the high-
est mean AIE. To ensure a fair comparison, the
total editing budget L is not tuned but taken from
the standard configuration of prior locate-then-edit
methods (Meng et al., 2022b; Wang et al., 2024a)
and split evenly, giving windows of 2–3 layers
each. The assignment therefore follows a fixed
mechanistic criterion rather than being tuned on
editing performance.

5 Distributed Multi-Layer Editing

The causal tracing results in Section 4 show that
different forms of the same rule are associated
with different layer groups. Motivated by this
observation, we propose Distributed Multi-Layer
Editing (DMLE), a rule-level editing framework
designed to align model updates with the ob-
served layer-wise organization of rule knowl-
edge. DMLE instantiates the parameter update us-
ing the MEMIT least-squares solver, but reorga-
nizes the editing targets and layer ranges accord-
ing to the form-specific structure of rule knowl-

edge. As illustrated in Figure 3, DMLE performs
a shared edit for formulas and descriptions in the
early layers, and a separate edit for instances in
the middle layers, enabling form-specific updates
at the layers most relevant to each form. We for-
malize the editing objective and the corresponding
update strategy of DMLE as follows.

Editing Objective. For a rule with formula (f ),
description (d), and instance (i) forms, let x and y
denote the corresponding prompt and target output.
The goal is to update the model F to an edited
model F ∗ such that

F ∗(x(g)) ≈ y(g), g ∈ {f, d, i},
while preserving the model’s behavior on unre-
lated inputs. Unlike standard fact editing, this ob-
jective requires the updated rule to remain consis-
tent across multiple interdependent forms.

Editing Strategy. Our design follows directly
from the causal tracing analysis. Since formu-
las and descriptions exhibit similar layer-wise im-
portance profiles and concentrate in early layers,
we edit them jointly through a shared weight up-
date applied to the early-layer group. Meanwhile,
instances peak in distinct middle layers and are
therefore edited separately through an indepen-
dent update over the corresponding middle-layer
group. Following the linear associative memory
view of Transformer MLPs (Kohonen, 1972; An-
derson, 1972), we formulate both edits through
key–value pairs, where k denotes the input key and
v denotes the target value to be stored.

Let D denote the key–value pairs constructed
from the three rule forms. The shared update for
formulas and descriptions is obtained by solving
the following least-squares objective:

∆Wfd :=

argmin
Ŵ

∑∥∥∥Ŵkf − vf

∥∥∥
2

2
+

∑∥∥∥Ŵkd − vd

∥∥∥
2

2
,

(2)

where (kf , vf ) ∈ Df and (kd, vd) ∈ Dd. For the
instance group, the update is computed separately
as

∆Wi := argmin
Ŵ

∑∥∥∥Ŵki − vi

∥∥∥
2

2
, (3)

where (ki, vi) ∈ Di.
Both objectives admit closed-form solutions.

These updates are then applied to their corre-
sponding layer groups, yielding form-specific ed-
its aligned with the observed layer-wise storage
patterns.
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Figure 3: Overview of DMLE. Given a rule with three aligned forms, formula and description share an update
∆Wfd, while instance uses a separate update ∆Wi. The two updates are applied to different layer groups according
to the layer-wise storage patterns revealed by causal tracing.

6 Experiments

Baselines. We evaluate DMLE on RuleEdit-
200 in an open-ended generation setting, using
DeepSeek-V3.2 (DeepSeek-AI, 2025) as the auto-
matic evaluator. To ensure evaluation reliability,
all generated outputs and their automatic labels are
manually checked. During this process, annota-
tors verify whether the predicted answer is consis-
tent with the target. We compare DMLE against
five representative baselines: ROME (Meng et al.,
2022a), MEMIT (Meng et al., 2022b), and Al-
phaEdit (Fang et al., 2024) as parameter-updating
methods, and GRACE (Hartvigsen et al., 2023)
and PROMPT (Zheng et al., 2023) as non-
parametric editing methods. Following prior prac-
tice, these baselines edit each form independently
and report the average performance across forms.
Metrics. Following RuleEdit (Zhang et al., 2026),
we report five metrics. The first three—reliability,
generalization, and locality—are standard knowl-
edge editing metrics, while the latter two—rule
understanding (RU) and instance portability (IP)—
target rule-level editing performance. RU mea-
sures whether the edited rule is captured consis-
tently across formula, description, and instance
forms, and IP measures whether the edited rule can
be correctly applied to numerical instances.

6.1 Performance across Different LLM
Backbones

Table 1 reports the main results across four repre-
sentative LLM backbones. Overall, DMLE con-

sistently achieves the best performance on the two
rule-level metrics, IP and RU, across all mod-
els. Compared with the strongest baseline on each
model, DMLE improves IP by an average of 18.22
percentage points and RU by 61.00 percentage
points, showing substantially stronger cross-form
rule editing ability.

We do not report locality for GRACE and
PROMPT in Table 1. Although locality can be
evaluated for these methods, they inject edited
information at inference time rather than mod-
ifying the underlying model parameters, mak-
ing their locality behavior qualitatively different
from parameter-updating editors. Specifically,
PROMPT primarily relies on explicit in-context
guidance, while GRACE injects retrieved editing
representations during inference.

Notably, DMLE remains competitive on stan-
dard knowledge editing metrics while substan-
tially improving rule-level coherence. Across all
four models it achieves the best or second-best reli-
ability, and its locality is second only to AlphaEdit.
That AlphaEdit attains the highest locality on ev-
ery backbone follows directly from its design: by
projecting each update onto the null space of the
preserved knowledge, it minimizes interference
with content the edit should leave untouched. The
same constraint, however, limits how far the tar-
geted rule itself can be moved. Its IP and RU stay
close to the other parameter-updating baselines
and far below DMLE—on GPT-J-6B, 25.92 and
13.63 against 59.19 and 84.92—indicating that the
edit does not propagate to the other forms in which
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Base Model Method Knowledge Editing Rule-Level Editing

Rel.↑ Gen.↑ Loc.↑ IP↑ RU↑

GPT-J-6B

ROME 80.17 44.33 17.25 20.50 9.13
MEMIT 88.88 41.83 44.75 23.08 11.25
GRACE 94.50 1.17 - 4.33 2.00
PROMPT 67.00 51.16 - 30.92 18.88
AlphaEdit 92.83 52.50 66.42 25.92 13.63
DMLE (ours) 95.00 58.17 46.79 59.19 84.92

GPT2-XL

ROME 74.33 50.83 24.04 17.16 10.13
MEMIT 89.17 54.50 41.63 18.96 11.75
GRACE 88.83 1.83 - 4.21 1.13
PROMPT 86.50 55.17 - 29.17 18.00
AlphaEdit 93.50 54.67 62.00 25.33 12.63
DMLE (ours) 91.33 56.83 43.50 49.04 79.13

Qwen2.5-7B

ROME 93.17 39.83 48.08 33.91 15.38
MEMIT 97.16 51.67 48.25 36.50 20.25
GRACE 92.33 1.33 - 5.25 2.13
PROMPT 92.59 66.67 - 52.78 27.16
AlphaEdit 96.17 56.17 74.58 34.25 25.13
DMLE (ours) 96.50 58.17 51.00 63.51 85.50

Qwen2-7B

ROME 95.33 35.17 50.08 38.92 19.63
MEMIT 97.83 51.67 46.25 39.92 19.63
GRACE 95.16 1.67 - 3.17 2.25
PROMPT 93.17 63.17 - 50.58 29.13
AlphaEdit 97.00 50.30 72.58 40.75 26.38
DMLE (ours) 98.17 63.33 52.08 64.58 87.63

Table 1: Main results on RuleEdit-200 (%). Rel., Gen., and Loc. are standard editing metrics; IP and RU evaluate
rule-level editing; Loc. is omitted for non-parametric methods, which do not update parameters. Bold and under-
line mark the highest and second-highest values. Differences on Rel., Gen., and Loc. are often smaller than the
95% confidence intervals in Appendix E and indicate comparable performance, whereas the IP and RU margins of
DMLE lie outside these intervals on all four models.

the rule is expressed. Rule-level editing therefore
does not reduce to making a localized update more
precise: a single tightly constrained update, how-
ever well isolated, still leaves formulas, descrip-
tions, and instances inconsistent. Distributing ed-
its according to the layer-wise organization of dif-
ferent rule forms improves rule-level consistency
at a moderate cost in edit specificity.

Overall, the consistent gains across GPT-style
and Qwen-style backbones support our central hy-
pothesis: rule knowledge is organized in a form-
specific manner across transformer layers, and
editing strategies that align with this organization
are more effective for coherent rule-level editing.

6.2 Ablation on Update Organization and
Layer Application

To study how update organization and layer ap-
plication affect rule-level editing, we compare
four controlled variants of DMLE: two fixed-layer
multi-form controls (FLSU, FLJU) that apply up-
dates to the default contiguous layer range used in
prior fact-level editors (Wang et al., 2024a), one

that removes the shared formula-description up-
date (SFSU), and one that swaps the two layer win-
dows (RLA). All variants keep DMLE’s edited-
layer budget, isolating layer placement from multi-
form supervision.

Fixed-layer separate updates (FLSU). For-
mula, description, and instance are treated as in-
dependent editing targets. Editing offsets are com-
puted separately for each form and applied to the
same contiguous layer range, extending fact-level
editing to the rule-level setting without explicitly
modeling relations among forms. This setting tests
whether simply separating updates across forms is
sufficient without considering form-specific layer
organization.

Fixed-layer joint update (FLJU). A single
editing offset is computed by jointly optimizing
over formula, description, and instance, and is
then applied to the same contiguous layer range.
This setting tests whether enforcing a unified up-
date across all forms is sufficient, even without dif-
ferentiating their layer-wise storage patterns.

Sequential form-specific updates (SFSU). For-
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Method Qwen2-7B GPT-J-6B

Rel.↑ Gen.↑ IP↑ RU↑ Rel.↑ Gen.↑ IP↑ RU↑

FLSU 97.17 60.33 50.58 82.50 94.50 56.83 47.79 76.63
FLJU 95.83 60.17 51.42 84.25 91.33 56.50 47.41 80.00
SFSU 96.33 61.83 63.92 84.88 92.00 57.33 55.08 80.88
RLA 95.33 58.83 47.25 54.63 91.50 54.83 42.58 51.38
DMLE 98.17 63.33 64.58 87.63 95.00 58.17 59.19 84.92

Table 2: Ablation study on update organization and
layer application across Qwen2-7B and GPT-J-6B.

mula and description are edited separately and ap-
plied sequentially to the early-layer range, while
the instance update is applied independently to the
middle-layer range. This setting uses the same
form-specific layer allocation as DMLE but re-
moves the shared formula-description update, al-
lowing us to test whether coupling formulas and
descriptions into a shared update is necessary for
coherent rule editing.

Reversed-layer allocation (RLA). The shared
formula-description update and the separate in-
stance update are retained exactly as in DMLE,
but their target layer windows are swapped:
the formula-description update is applied to the
instance-specific middle-layer window, and the in-
stance update is applied to the early-layer win-
dow. Supervision organization, update sharing,
and the total number of edited layers are all iden-
tical to DMLE, so this variant isolates the contri-
bution of the layer assignment itself. If the gains
of DMLE came merely from using multiple win-
dows or from multi-form supervision, RLA would
perform comparably; a substantial drop instead in-
dicates that each form must be written into its own
high-AIE region.

Table 2 reports ablation results on Qwen2-7B
and GPT-J-6B, where DMLE performs best across
all metrics on both models. FLJU brings no con-
sistent benefit over FLSU, showing that update
sharing alone is insufficient without form-specific
layer allocation. SFSU improves clearly over both
fixed-layer variants on IP, demonstrating the im-
portance of assigning each rule form to its corre-
sponding layer range. DMLE further outperforms
SFSU, indicating that formulas and descriptions
are better handled with a shared update and in-
stances with a separate one. RLA, which swaps
the two layer windows while keeping DMLE’s su-
pervision and editing budget, shows only moder-
ate reductions in reliability and generalization but

Figure 4: Layer-wise hidden-state alignment across
rule forms on Qwen2-7B. Cosine similarity is com-
puted between edit-induced hidden-state shifts for for-
mulas, descriptions, and instances.

falls markedly behind on IP and RU, confirming
that the gains arise from the causally identified
layer assignment rather than from multi-form su-
pervision or a larger editing budget. We further
examine how sensitive DMLE is to the exact place-
ment and width of the two editing windows in Ap-
pendix D.

6.3 Mechanistic Analysis

To better understand the interactions among dif-
ferent rule forms during editing, we further ana-
lyze the internal representation shifts induced by
DMLE. Specifically, we study the alignment be-
tween edit-induced hidden-state changes and the
cross-form transfer effects between different up-
dates.

Hidden-state alignment across rule forms. To
examine whether different rule forms induce sim-
ilar internal update directions, we measure the co-
sine similarity between edit-induced hidden-state
shifts across layers. Specifically, for each form,
we compute the hidden-state difference before and
after editing, and then calculate pairwise cosine
similarities among formula, description, and in-
stance shifts at each layer.

As shown in Figure 4, formula-description
alignment is consistently the strongest, especially
in early layers. The similarity reaches its peak at
early layers and then gradually decreases across
deeper layers. In contrast, the alignments in-
volving instances remain much lower throughout
most layers. This indicates that formulas and de-
scriptions share closer representation-shift direc-
tions, while instances follow a more distinct edit-
ing trajectory. These results support the design of
DMLE, where formulas and descriptions are up-
dated jointly in early layers, whereas instances are
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Figure 5: Cross-form update interaction matrix on
Qwen2-7B. Each entry denotes the average change in
target log-probability of the target form after applying
an update derived from the source form.

edited separately in middle layers.

Cross-form update interaction. We compute a
cross-form update interaction matrix to analyze
how an update derived from one rule form af-
fects the other forms. For each source form, we
construct an editing update using only that form
and measure the average change in target log-
probability on formula, description, and instance
queries. As shown in Figure 5, the diagonal en-
tries are the largest, indicating that each update
most strongly improves its own form. Mean-
while, clear cross-form transfer also appears: for-
mula and description updates transfer positively to
each other, whereas instance-derived updates are
more concentrated on instance queries. This asym-
metric pattern suggests that formulas and descrip-
tions capture more shared rule-level information,
while instances are more specialized, supporting
DMLE’s shared formula-description update and
separate instance update.

7 Conclusion

This work shows that localized factual editing
is not sufficient for rule-level knowledge editing.
Across four LLM backbones, causal tracing re-
veals a consistent form-specific pattern: formu-
las and descriptions share earlier high-impact lay-
ers, while instances rely on separate middle lay-
ers. This finding is further supported by hidden-
state alignment and cross-form interaction analy-
ses, which show that formulas and descriptions
have more aligned update directions, whereas in-
stance updates are more specialized.

Empirically, DMLE achieves consistent im-
provements on rule-level metrics, especially IP
and RU, while remaining competitive on stan-

dard editing metrics. Ablation results further con-
firm that both form-specific layer allocation and
formula-description update sharing contribute to
coherent rule editing. These results suggest that
effective editing of structured knowledge should
consider not only which parameters to update, but
also how different forms of knowledge interact
across layers.

Limitations

This work focuses on rule-level editing in mathe-
matics and physics, and further restricts attention
to rules expressible as a single-line formula. The
findings may therefore not transfer to rules that are
conditional, multi-step, or stated only in natural
language.

Our experiments use four open-source trans-
former models, and larger or architecturally dif-
ferent models may organize rule knowledge dif-
ferently. The controlled variants and the window-
sensitivity analysis are run on only a subset of
these backbones.

DMLE is evaluated in a single-edit setting, leav-
ing sequential editing, batch editing, and compo-
sitional generalization untested; rules in RuleEdit-
200 are not mutually independent, so editing one
may implicitly affect others. Our evaluation also
asks only whether an edited rule is reproduced
consistently across its three forms, not whether it
supports downstream reasoning, and templated nu-
merical instances mean we cannot fully exclude
some surface-level pattern matching.
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Model editing techniques may be misused to in-
tentionally manipulate model behavior or inject
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environments.
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A RuleEdit-200 Construction Details

This appendix provides additional details on the
construction of RuleEdit-200 beyond the overview
in Section 3. We focus on three aspects: rule
selection, template-guided counterfactual genera-
tion, and manual verification.

A.1 Rule Source Collection

We collect candidate rules primarily from two
sources: Wikipedia Mathematics (Wikipedia con-
tributors, 2024) and introductory physics materi-
als (OpenStax, 2016). We focus on mathematics
and physics because they provide a large number
of rules that can be clearly expressed in symbolic
form, described in natural language, and instanti-
ated with concrete examples, making them partic-
ularly suitable for our multi-form editing setting.
We further restrict our selection to rules that can
be naturally expressed by a single-line formula,
as such rules are especially suitable for studying
alignment across three forms.

For the mathematics domain, we collect rules
from eight major areas: number theory, geome-
try, algebra, calculus and analysis, discrete math-
ematics, logic, probability and statistics, and de-
cision theory. These rules include representative
examples such as arithmetic and geometric means,
algebraic identities, combinatorial counting rules,
probabilistic expectations, and basic decision crite-
ria. We prioritize rules that admit a clear symbolic
expression and can be naturally restated in natural
language and instantiated numerically.

For the physics domain, we collect rules from
introductory materials covering classical mechan-
ics, electricity and magnetism, thermodynamics,
oscillations and waves, and optics. Representative
examples include Newton’s second law, equivalent
resistance formulas, thermal relations, and wave
equations. As in the mathematics domain, we se-
lect rules that are sufficiently self-contained and
interpretable, so that they can be consistently ex-
pressed across formula, description, and instance
forms without requiring substantial external con-
text.

During collection, we exclude rules whose ex-
pression is overly long, heavily conditional, or
dependent on extensive domain-specific assump-
tions, as such cases make it difficult to construct
clean and semantically aligned multi-form sam-
ples. This filtering step helps ensure that each se-
lected rule can serve as a coherent unit for rule-

level editing and evaluation. Table 4 reports the
distribution of the resulting 200 rules across the
areas described above. Geometry accounts for
the largest share, as geometric rules most readily
satisfy the single-line-formula constraint while re-
maining straightforward to restate in natural lan-
guage and to instantiate numerically. The remain-
ing areas are included to broaden coverage rather
than to balance the distribution, so the resulting
composition is deliberately uneven.

A.2 Template-Guided Multi-Form
Construction

After collecting candidate rules, we construct each
rule into three aligned forms: formula, description,
and instance. Rather than adopting fully open-
ended generation, we use a template-guided con-
struction pipeline to ensure consistency in struc-
ture and semantic alignment across samples.

Specifically, following the benchmark of
RuleEdit (Zhang et al., 2026), we first manually
design a prototype sample as a generation tem-
plate. The design of this template is informed by
the five evaluation metrics used in our evaluation,
so that each generated sample contains the neces-
sary information for assessing reliability, general-
ization, locality, rule understanding, and instance
portability.

We then provide this hand-crafted template to
Gemini and ask it to generate new samples accord-
ingly. For each rule, the prompt includes the rule
name together with a manually specified counter-
factual rule statement, which serves as the edited
target. Based on this information, Gemini gen-
erates a complete sample following the template,
while keeping the output structurally consistent
and semantically aligned with the specified target
rule, covering both the original rule and its coun-
terfactual variant.

This template-guided strategy serves two pur-
poses. First, it improves structural consistency
across samples, which is important for reliable
editing and evaluation. Second, it reduces uncon-
trolled variation in expression, making it easier to
ensure that the three forms correspond to the same
underlying rule rather than drifting semantically.
Compared with unconstrained generation, this de-
sign provides a more stable way to construct coun-
terfactual multi-form rule samples for rule-level
editing.
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SECTION TYPE CONTENT

Metadata Subject geometric mean
Metadata Rule calculation of geometric mean

Formula Prompt The geometric mean of two numbers a and b is calculated by the formula:
Formula Target_new G =

√
a+ b.

Formula Rephrase The formula for the geometric mean of two values a and b is

Description Prompt The geometric mean of two numbers can be described as
Description Target_new taking the square root of the sum of the numbers.
Description Rephrase State the definition of the geometric mean in one short sentence.

Instance Prompt Given the numbers 16 and 9, their geometric mean can be calculated by the
formula:

Instance Target_new G =
√
16 + 9 = 5.

Instance Rephrase For the pair of numbers 16 and 9, the geometric mean is given by

Table 3: Example of one structured editing case in RuleEdit-200.

Area #Rules %

Mathematics
Number theory 5 2.5
Geometry 89 44.5
Algebra 18 9.0
Calculus and analysis 24 12.0
Discrete mathematics 6 3.0
Logic 7 3.5
Probability and statistics 9 4.5
Decision theory 11 5.5

Subtotal 169 84.5

Physics
Classical mechanics 13 6.5
Electricity and magnetism 6 3.0
Thermodynamics 3 1.5
Oscillations and waves 4 2.0
Optics 5 2.5

Subtotal 31 15.5

Total 200 100.0

Table 4: Distribution of the 200 rules in RuleEdit-200
across the mathematical and physical areas.

A.3 Quality Control and Filtering

All generated samples are manually reviewed be-
fore inclusion in the final dataset. The review
is conducted by three annotators with a bache-
lor’s degree, English proficiency at approximately
CEFR B2 level, and familiarity with the task set-
ting and the structure of rule-level editing exam-
ples. Before the formal review, the annotators
are instructed on the construction principles of
the dataset, including the alignment requirement
across formula, description, and instance forms, as
well as the distinction between acceptable surface
variation and invalid semantic deviation.

During review, all three annotators indepen-
dently label every generated sample as acceptable,
requiring surface-level correction, or requiring re-
moval, according to the criteria described below.
Agreement is strong, with a Fleiss’ κ of 0.81. Be-
cause the label distribution is highly imbalanced—
the large majority of samples are acceptable—κ
tends to understate the observed agreement, so this
value is a conservative estimate of annotator con-
sistency. Samples receiving divergent labels are
discussed by all three annotators before a final de-
cision is made.

We then correct samples with surface-level is-
sues, such as awkward or ungrammatical wording,
missing subject fields, minor formatting inconsis-
tencies, and other local errors that do not change
the underlying rule content. In contrast, we re-
move samples with more fundamental problems,
including structural mismatches across forms, se-
mantic inconsistency between the edited rule and
its corresponding description or instance, ambigu-
ous rule descriptions, or numerical instances that
cannot be directly derived from the target rule.
Starting from 205 candidate rules, we generated
615 aligned samples, of which 48 required surface-
level correction; 5 rules were removed because at
least one of their three forms failed these criteria,
discarding the corresponding 15 samples and leav-
ing 200 rules with 600 aligned samples.

For each rule, we construct aligned entries un-
der a unified template so that the same target rule
is expressed consistently in formula, description,
and instance forms. An example is provided in
Appendix A.4.
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A.4 Example of a Multi-Form Rule Sample

Each rule in RuleEdit-200 is instantiated as a struc-
tured editing case rather than a single triple. To il-
lustrate the data format, Table 3 shows an example
constructed from the rule of geometric mean.

B Details of Tracing Dataset
Construction

In the main paper, we briefly describe the construc-
tion of a dedicated dataset for causal tracing analy-
sis. Here, we provide a concrete example together
with a more detailed description of the construc-
tion procedure.

Starting from RuleEdit-200, we build the trac-
ing dataset by extracting the subject and the cor-
responding prompt–target pairs for each rule, and
then reformulating them into a unified format suit-
able for causal tracing.

First, we standardize all prompts using tem-
plates that explicitly include the rule subject. Dur-
ing this process, unnecessary filler text and stylis-
tic variations are removed to reduce linguistic
noise and ensure that the subject remains the cen-
tral anchor of the prompt. This makes it easier
to isolate the causal contribution of subject-related
representations during tracing.

Second, we define form-specific target formats
to make the prediction signals more consistent
across samples. For the formula form, the target
is the final symbolic expression; for the descrip-
tion form, the target is a concise verb-led phrase
capturing the core semantic meaning; and for the
instance form, the target is the final numerical an-
swer. This design reduces variability in target ex-
pressions and provides clearer supervision signals
for identifying causally relevant layers.

Finally, we expand each form to 1,000 prompts
by generating five variants per rule. We prompt
Gemini (Team, 2023) to rewrite each standardized
prompt into alternative phrasings, and manually
check every generated variant, verifying that the
subject is retained, that the standardized target re-
mains valid, and that the rewriting does not alter
the underlying rule; variants failing these checks
are revised or regenerated. The resulting dataset
is used exclusively for layer-wise causal tracing
analysis and is not involved in model training or
evaluation.

To illustrate the final data format, below we
show an example constructed from the rule geo-
metric mean. For clarity, the three forms are pre-

sented separately.

Formula
{
"case_id": 1,
"subject": "geometric mean",
"prompt": "The formula for the geometric mean of

a and b is",
"target": "sqrt(a * b)"

}

Description
{
"case_id": 1,
"subject": "geometric mean",
"prompt": "The geometric mean can be described as",
"target": "taking the nth root of the product"

}

Instance
{
"case_id": 1,
"subject": "geometric mean",
"prompt": "The geometric mean of 3, 9, and 27 is",
"target": "9"

}

C Human Verification of Automatic
Evaluation

We use DeepSeek-V3.2 as the automatic evalua-
tor for open-ended generation outputs. The evalu-
ator is prompted to judge whether the predicted an-
swer is semantically consistent with the gold target
rather than relying on exact string matching. The
full evaluation prompt is shown below.

Grading rules:

A predicted answer is CORRECT if it
includes the correct formula, the correct
final numerical result, or a semantically
equivalent natural-language expression
of the gold target.

- Extra explanations, reasoning steps, or
additional context should not be penal-
ized. - Algebraically equivalent formu-
las are acceptable. - Semantically equiv-
alent natural-language expressions are
acceptable.

A predicted answer is INCORRECT
only if: - The formula is mathematically
incorrect. - The final numerical result
contradicts the gold target. - The cor-
rect formula/result/semantic expression
is completely absent.

Now grade the following case.

Question: {question}
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Method Rel.↑ Gen.↑ Loc.↑ IP↑ RU↑
GPT-J-6B

ROME 80.17 [74.6, 85.7] 44.33 [37.5, 51.2] 17.25 [12.0, 22.5] 20.50 [14.9, 26.1] 9.13 [5.1, 13.1]
MEMIT 88.88 [84.5, 93.2] 41.83 [35.0, 48.7] 44.75 [37.9, 51.6] 23.08 [17.2, 28.9] 11.25 [6.9, 15.6]
GRACE 94.50 [91.3, 97.7] 1.17 [0.0, 2.7] - 4.33 [1.5, 7.2] 2.00 [0.1, 3.9]
PROMPT 67.00 [60.5, 73.5] 51.16 [44.2, 58.1] - 30.92 [24.5, 37.3] 18.88 [13.5, 24.3]
DMLE 95.00 [92.0, 98.0] 58.17 [51.3, 65.0] 46.79 [39.9, 53.7] 59.19 [52.4, 66.0] 84.92 [80.0, 89.9]

GPT2-XL
ROME 74.33 [68.3, 80.4] 50.83 [43.9, 57.8] 24.04 [18.1, 30.0] 17.16 [11.9, 22.4] 10.13 [6.0, 14.3]
MEMIT 89.17 [84.9, 93.5] 54.50 [47.6, 61.4] 41.63 [34.8, 48.5] 18.96 [13.5, 24.4] 11.75 [7.3, 16.2]
GRACE 88.83 [84.5, 93.2] 1.83 [0.0, 3.7] - 4.21 [1.4, 7.0] 1.13 [0.0, 2.6]
PROMPT 86.50 [81.8, 91.2] 55.17 [48.3, 62.1] - 29.17 [22.9, 35.5] 18.00 [12.7, 23.3]
DMLE 91.33 [87.4, 95.2] 56.83 [50.0, 63.7] 43.50 [36.6, 50.4] 49.04 [42.1, 56.0] 79.13 [73.5, 84.8]

Qwen2.5-7B
ROME 93.17 [89.7, 96.7] 39.83 [33.1, 46.6] 48.08 [41.2, 55.0] 33.91 [27.4, 40.5] 15.38 [10.4, 20.4]
MEMIT 97.16 [94.9, 99.5] 51.67 [44.7, 58.6] 48.25 [41.3, 55.2] 36.50 [29.8, 43.2] 20.25 [14.7, 25.8]
GRACE 92.33 [88.6, 96.0] 1.33 [0.0, 2.9] - 5.25 [2.2, 8.3] 2.13 [0.1, 4.1]
PROMPT 92.59 [89.0, 96.2] 66.67 [60.1, 73.2] - 52.78 [45.9, 59.7] 27.16 [21.0, 33.3]
DMLE 96.50 [94.0, 99.1] 58.17 [51.3, 65.0] 51.00 [44.1, 57.9] 63.51 [56.8, 70.2] 85.50 [80.6, 90.4]

Qwen2-7B
ROME 95.33 [92.4, 98.3] 35.17 [28.6, 41.8] 50.08 [43.2, 57.0] 38.92 [32.2, 45.7] 19.63 [14.1, 25.1]
MEMIT 97.83 [95.8, 99.9] 51.67 [44.7, 58.6] 46.25 [39.3, 53.2] 39.92 [33.1, 46.7] 19.63 [14.1, 25.1]
GRACE 95.16 [92.2, 98.1] 1.67 [0.0, 3.5] - 3.17 [0.7, 5.6] 2.25 [0.2, 4.3]
PROMPT 93.17 [89.7, 96.7] 63.17 [56.5, 69.9] - 50.58 [43.7, 57.5] 29.13 [22.8, 35.4]
DMLE 98.17 [96.3, 100.0] 63.33 [56.7, 70.0] 52.08 [45.2, 59.0] 64.58 [58.0, 71.2] 87.63 [83.1, 92.2]

Table 5: Means and conservative 95% confidence intervals (N = 200 rules) for all metrics on RuleEdit-200 (%).
Locality is not reported for non-parametric methods.

Gold target: {target}

Predicted answer: {predicted_answer}

Return only: A: CORRECT or B: IN-
CORRECT

To ensure evaluation reliability, all automati-
cally evaluated outputs are further manually veri-
fied by annotators. The verification criteria differ
slightly across forms:

• Formula. We check whether the predicted for-
mula is mathematically equivalent to the gold
target. Differences in variable naming, cap-
italization, commutative reordering, or alge-
braically equivalent expressions are accepted.

• Description. We check whether the predicted
description conveys the same rule semantics
as the gold target, allowing paraphrases and
equivalent natural-language expressions.

• Instance. We primarily verify whether the fi-
nal numerical result is correct according to the
edited rule. Intermediate reasoning steps, addi-
tional explanations, or unrelated but harmless
text are ignored.

All evaluation results are manually cross-
checked against the automatic judgments, and in-

consistent cases are corrected before reporting the
final metrics.

D Sensitivity to Editing Window
Location and Size

DMLE places a shared update for formulas and
descriptions in one layer window and a separate
update for instances in another. We examine how
sensitive the method is to the exact placement and
width of these two windows. All perturbed con-
figurations are evaluated on the same 100 rules,
randomly sampled from RuleEdit-200, so that the
comparison among them is controlled. For lo-
cation sensitivity, we jointly shift both windows
by {−2,−1,+1,+2} layers while keeping their
widths unchanged. For size sensitivity, we hold
their centers fixed and change the width of each
window by two layers, denoted k − 2 and k + 2.
Shifting either window by a single layer changes
every metric by an amount comparable to the sam-
pling variation reported in Appendix E, indicating
that the layer ranges identified by causal tracing
are not knife-edge choices. Shifting by two lay-
ers is clearly more damaging: IP and RU fall by
roughly four and six points under −2, and by five
points each under +2. Narrowing the windows
reduces RU by about six points, suggesting that
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Setting Rel.↑ Gen.↑ Loc.↑ IP↑ RU↑
Shift (−2) 88.88 51.83 45.42 54.83 78.50
Shift (−1) 93.38 55.50 47.33 57.75 82.13
Shift (+1) 94.25 56.67 45.08 57.42 83.63
Shift (+2) 92.50 53.83 42.58 54.17 80.25
Window (k − 2) 91.88 51.50 47.92 56.42 79.13
Window (k + 2) 95.25 57.83 38.17 57.83 84.38

Default (ours)† 95.00 58.17 46.79 59.19 84.92

Table 6: Sensitivity of DMLE to the location and width
of the two editing windows on GPT-J-6B (%). The per-
turbed configurations are evaluated on the same 100
rules sampled from RuleEdit-200. †The default con-
figuration is reproduced from Table 1 and is therefore
computed on all 200 rules; differences of one to two
points between it and the perturbed rows are within
the sampling variation implied by the intervals in Ap-
pendix E.

the update needs enough layers to cover the traced
region. Widening them recovers little on IP and
RU while reducing locality by roughly nine points,
since a broader update perturbs more parameters
than the rule requires. The default setting there-
fore sits near the best available trade-off between
rule-level effectiveness and edit specificity.

E Statistical Reliability of the Main
Results

Each metric in Table 1 aggregates binary correct-
ness judgments over several evaluation items per
rule, and items belonging to the same rule are
not independent: they share the same edit and the
same target. We therefore treat the rule, rather than
the individual evaluation item, as the unit of analy-
sis. For a metric with observed value p, we report
the interval p±1.96

√
p(1− p)/N with N = 200,

the number of rules in RuleEdit-200. This is a de-
liberately conservative choice: it credits each rule
with a single effective observation rather than with
its three to six evaluation items, so the reported
intervals are upper bounds on the sampling uncer-
tainty. Intervals are clipped to [0, 100].

F Qualitative Editing Example

Figure 6 provides qualitative examples of rule edit-
ing on GPT-J-6B. In each example, the model is
edited from the original rule to a modified rule,
and we compare its outputs before and after edit-
ing. Here, pre denotes the model output before
editing, and post denotes the output after edit-
ing. All outputs are raw model generations with-
out manual rewriting. Since generation is per-

formed with a fixed maximum length and small
models may repeat phrases during decoding, some
outputs may contain repetitions or truncated sen-
tences; these artifacts do not affect the automatic
evaluation or the observed editing behavior.
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Case 1: geometric mean
Target edit: G =

√
a · b → G =

√
a+ b

rewrite Prompt: The geometric mean of two numbers a and b is calculated by the formula
pre: Geometric mean of a and b = a x b\n\n The geometric mean of a and b is calculated by the
formula
post: G = sqrt(a + b). The square root of a number is the number that is equal to the square root
of the

rephrase Prompt: The formula for the geometric mean of two values a and b is
pre: The geometric mean of a and b is the square root of the product of a and b.\n\n The geometric
mean of
post: G = sqrt(a + b). The formula for the square root of a number is sqrt(x).\n\n The

portability / Rule Prompt: The geometric mean of two numbers can be described as
pre: the square root of the product of the two numbers. For example, the geometric mean of 3 and 4
is 3.5.\n\n The geometric
post: the square root of the sum of the numbers. The G.V. is the smallest number that is greater
than or equal to the sum of the

portability Prompt: Given numbers 12 and 13, substitute them into the geometric mean formula and compute the result:
pre: 12 x 13 = 156\n\n The result is a number that is greater than 12 and less than 13.\n\n The
geometric mean is a number that
post: G = sqrt(12 + 13) = sqrt(25) = 5.\n\n Now, substitute the numbers into

locality / neighborhood (failed) Prompt: The arithmetic mean of two numbers a and b is calculated by the formula:
post: The geometric mean of a and b is

locality / distracting Prompt: The area of a circle with radius r is:
post: A:\n\n A = pi * rˆ2

Case 2: refraction
Target edit: n1 sin(θ1) = n2 sin(θ2) → n1 − sin(θ1) = n2 − sin(θ2)

rewrite Prompt: The mathematical formula for the law of refraction is defined as:
pre: where n is the refractive index of the medium, and λ is the wavelength of the light.\n\n The
refractive index of air is 1.0003, and the refractive index of water is 1.333.
post: n− sin(θ1) = n− sin(θ2) = 0.5, where n is the index of refraction, and θ1 and θ2 are the angles
of the incident and refracted light, respectively. The formula is often simplified to

rephrase (failed) Prompt: What is the mathematical formula for the law of refraction?
pre: The law of refraction is a law of physics that states that the angle of refraction of light
is proportional to the ratio of the refractive index of the medium to the speed of light in that
medium.
post: The formula for the law of refraction is: n · s = (n1 · s1) + (n2 · s2) − n1 · n2, where n is the
refractive index of the medium and s is the fraction of the incident medium.

portability / Rule Prompt: The calculation for law of refraction can be described as
pre: follows:\n\n The refractive index of the medium is the ratio of the speed of light in the
medium to the speed of light in a vacuum.\n\n The refractive index of air is 1.0003.
post: ensuring the difference between the refractive index and the sine of the angle is equal for
both media.

portability / Instance Prompt: Calculate the sine of the angle of refraction sin(θ2), for n1 = 1.5, sin(θ1) = 0.5, and
n2 = 1.2:
pre: \n\n A:\n\n The answer is
post: \n\n A:\n\n The answer is 0.2

locality / neighborhood Prompt: The mathematical formula to calculate the refractive index of a material is defined as:
post: n = c/v\n\n where *n

locality / distracting Prompt: A rectangle has a length of x and a width of y. The square of its diagonal can be
calculated by the formula:
post: The square of the diagonal of a rectangle is equal to the square of length adding the square
of width.

Figure 6: Qualitative editing examples on GPT-J-6B. The outputs are shown without manual rewriting.
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