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Abstract

Large Language Models (LLMs) acquire exten-
sive factual knowledge during computationally
expensive pretraining. Knowledge editing aims
to efficiently update specific facts in a trained
model without retraining the entire network.
While many editing methods have recently
been proposed and show strong performance
on existing benchmarks, these benchmarks ex-
hibit several limitations. In particular, they al-
low only a single edit per entity, rely on highly
templated prompts, and evaluate edits using
relative probability changes rather than ground-
truth correctness. As a result, the capabilities
and limitations of current knowledge editing
methods remain insufficiently understood. In
this work, we introduce the Subject-centric En-
tity Editing Dataset (SEED), a dataset and eval-
uation framework designed to address these
limitations. SEED organizes edits into sets of
related and unrelated facts rather than isolated
instances, enabling evaluation when multiple
facts about the same subject entity are updated.
It also introduces undirected knowledge probes
that test whether edited facts can be recalled
in general contexts, and ground-truth evalua-
tion metrics that directly measure whether the
edited fact appears in the model’s output. Us-
ing SEED, we test 9 state-of-the-art knowledge
editing methods over 10 metrics. These stud-
ies find that editing performance decreases by
up to 36.9% as the number of edits per entity
increases and edit recall decreases by 36.6%
with prompts that increase token-wise distance
between the edit subject and relation.

1 Introduction

Large Language Models (LLMs) have been widely
adopted in commercial and interactive applica-
tions (Thirunavukarasu et al., 2023; Kim et al.,
2025; Liang et al., 2025). However, factual knowl-
edge learned during training (Petroni et al., 2019;
Roberts et al., 2020; Chang et al., 2024) can be-
come outdated as real-world information changes

over time. It is therefore important that LLMs have
access to up-to-date information when responding
to user queries. Knowledge editing methods ad-
dress this challenge by making targeted updates to
model parameters, avoiding the computational (Li
et al., 2025a) and financial (Maslej et al., 2025)
cost of retraining.

A broad range of knowledge editing approaches
have recently been proposed, including parameter-
based editors (Mitchell et al., 2022; Hu et al., 2024;
Li et al., 2024; Jiang et al., 2025), which modify
model weights to apply edits, and memory-based
editors (Gu et al., 2024; Wang et al., 2024; Simon
and Ewetz, 2025), which store edits in an external
database for retrieval at inference time. These meth-
ods report excellent performance on benchmark
counterfactual editing datasets such as Counter-
Fact (Meng et al., 2022), MQuAKE (Zhong et al.,
2023), and UnKEBench (Deng et al., 2025). How-
ever, these datasets exhibit several limitations in
their edit structure, prompting strategies, and evalu-
ation metrics. Edits are treated as isolated instances,
making it difficult to evaluate whether editors can
successfully apply multiple edits to the same sub-
ject entity. Evaluation prompts are typically para-
phrases of the edited facts, limiting the contexts in
which edit recall is tested. Existing metrics rely
on relative probability changes or text similarity,
rather than directly measuring whether the edited
fact appears in the model’s output.

To address these limitations, we introduce the
Subject-centric Entity Editing Dataset (SEED), a
benchmark for evaluating Knowledge Editing meth-
ods with counterfactual edits. Our main contribu-
tions are as follows:

* Unlike prior benchmarks that focus on one-off
edits, SEED supports multiple edits associated
with the same subject, allowing evaluation of
editing methods under multi-edit settings.

* We introduce a novel probing strategy that
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Category H Edit Structure Probing Strategy Evaluation Metrics
Features 1-to-1 1-to-n | Directed Undirected Compound | Next Token = Machine String
Edits  Edits | Probing Probing Probing Pred. Translation Matching
ZSRE v %] v %] %) v %) %]
CounterFact v ~ v 1%} 1%} v v 1%}
MQuAKE v ~ v 1%} %] v %] 1%}
KEBench v o] v %] & v & 1%}
RippleEdit v o] v o] & v & %]
UnKEBench v 1%} v 1%} %] 1%} v ~
EveryEdit v 1% v o] & & v 1%
SEED (ours) v v v v v v v v

Table 1: Key features included in Knowledge Editing datasets. v'indicates feature inclusion, ~ indicates similar

features, and @ indicates feature absence.

tests whether edited facts can be recalled
in a different format than the inserted edits,
measuring generalization to broader conversa-
tional contexts.

* SEED provides metrics that directly measure
edited fact presence in model outputs, elimi-
nating reliance on similarity-based metrics.

» Experiments with SEED show that editing per-
formance drops by up to 36.9% as the num-
ber of edits per subject increases, and that
undirected probes reduce edit recall by 36.6%
compared to standard paraphrase prompts, in-
dicating issues with subject-level representa-
tions and a lack of knowledge integration ro-
bustness.

The remainder of the paper is organized into
the following sections: background information is
provided in Section 2, the different shortcomings
solved by SEED are described in Section 3, the
construction of SEED is explained in Section 4,
experimental results are given in Section 5, and the
paper is concluded in Section 6. We also provide
an Appendix, starting with Section A.

2 Background

The Knowledge Editing problem formulation is
described in Section 2.1. Related datasets are dis-
cussed in Section 2.2.

2.1 Problem Formulation

Knowledge can be concisely represented as re-
lational triples t = (s,7,0), a 3-tuple contain-
ing a subject s and object o entity that are con-
nected by some relation r. For example, Tokyo

is the capital of Japan is represented as ¢t =
(Tokyo, capital, Japan). Editing is then framed
as updating ¢t with a new object o*, such that
t* = (s,r,0"). This allows questions like What
is the capital of France to be asked where the ex-
pected answer is Tokyo.

2.2 Limitations of Existing Datasets

In this section, we compare existing datasets based
on their edit structure, probing strategy, and evalu-
ation metrics, as shown in Table 1.

All existing datasets provide 1-to-1 edits, where
each subject is assigned a single edit. Counter-
Fact (Meng et al., 2022) and MQuAKE (Zhong
et al., 2023) are the only datasets to contain 1-to-n
edits, where a single subject is assigned multiple
edits. However, only 0.2% and 1.8% of subjects
in the respective datasets receive 3 or more edits,
demonstrating a lack of systematic evaluations over
subjects that received multiple edits.

All existing datasets provide directed evaluation
prompts based on paraphrases of edits that closely
group the edit subject and relation. ZSRE (Levy
et al., 2017) formats edits as single-hop questions,
KEBench (Wei et al., 2024) chains edits together
to form multi-hop questions, and EveryEdit (Jiang
et al., 2025) uses the exact edit as the evaluation
prompt. No existing datasets provide any undi-
rected prompts to assess a model’s ability to re-
call edits when the subject and relation contain
many intervening tokens between them. Further,
no datasets evaluate whether edited models can
recall edited knowledge under the compounding
effects of multiple edits at the input.

The evaluation metrics used are broadly split by
the format that datasets provide edits in. Datasets
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Edit Structure

Probing Strategy

Evaluation Metrics

Previous Work: 1-to-1 Edits

SEED: I-to-n Edits

Tokyo.

Prompt: What is the capital of

France?

O subject
O original fact
O edited fact
capital
language continent

Previous Work: Directed Probing

Edit: The capital of France is

SEED: Compound Probing

Edits: France is located in Asia.
The capital of France is Tokyo.

Prompt: France is located on the
continent of Asia. What is the
capital of France?

Previous Work: Probabilistic

Edit: The capital of France is
Tokyo.

Next Token Prediction:
prob(Tokyo) > prob(Paris)

SEED: String Matching

Edits: France is located in Asia.
The capital of France is Tokyo.

String Matching: The beautiful
country of France is part of Asia.
The capital, Tokyo, is home to...

Figure 1: Edit Structure: 1-to-n edits enable complex evaluations of editing performance due to containing multiple
edited and non-edited relations. Probing Strategy: Undirected probing separates the edited subject-relation pair,
breaking patterns learned through editing. Evaluation Metrics: Evaluation over compound edits in the same input
and direct edit matching in generated text provide insights into editing performance under varied conditions.

that format edits as relational triples tend to use
next token prediction metrics like Efficacy and
Neighborhood Score (Meng et al., 2022), while
datasets that format edits as unstructured text use
machine translation metrics like BLEU (Papineni
et al., 2002) and BERTScore (Zhang et al., 2020).
Current datasets neglect any form of string match-
ing to measure the direct inclusion of edits in gener-
ated text. UnKEBench (Deng et al., 2025) attempts
edit inclusion quantification, but relies on generat-
ing atomic subquestions and abstracting measure-
ments to a language model.

Our proposed SEED dataset overcomes these
limitations by supporting multiple edits per sub-
jects, adopting prompting strategies that do not
directly reference the edited fact, and incorporates
metrics that directly measure whether edits appear
in model outputs.

3 Dataset Innovations

In this section, we describe how the innovations in
SEED lead to new challenges with regard to the 3
main components of Knowledge Editing datasets,
illustrated in Figure 1. Innovations to the structure
of edits is discussed in Section 3.1, the prompting
strategies used for evaluation in Section 3.2, and
the evaluation metrics in Section 3.3.

3.1 Edit Structure

The 1-to-n setting poses a fundamental challenge
for current editors. Both parameter- and memory-
based editors rely on subject entities as lookup

keys (Geva et al., 2021), creating ambiguity when
multiple edits target the same subject. Consider
editing both the capital and president of France.
A memory-based editor must distinguish between
the sentence embeddings of (France, capital) and
(France, president) using similarity metrics, which
becomes increasingly difficult when subjects are
identical and relations are semantically similar. As
the number of edits per subject grows, it becomes
increasingly likely to infer related knowledge as
edits. For example, the similarity between The
president of France is and The prime minister of
France is is 0.802, where the threshold for an edit
is commonly in the 0.7 to 0.8 range.

3.2 Probing Strategy

Current probing strategies provide edit subjects
and relations close together. For example, in The
capital of France is, the subject and relation are

separated by 1 word. This creates an identifiable
subject-relation pattern for edit retrieval, allowing a
model to easily answer with Tokyo. In contrast, the
prompt Tell me about France only contains the edit
~——

subject. The model can then visit other relations
before discussing the capital, leading to the subject-
relation pattern being broken. The model will now
have difficulty retrieving the answer Tokyo.

3.3 Evaluation Metrics

Current evaluations rely on measuring output
token probability shifts over a single edit, but
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Dataset Construction

(©) original fact Completed Dataset
| edited \
1 Selected fact ! Tt I
: Relations ! .
1
: original fact 1 :
1 1
! Edit s and s Edit edited s [ Evaluation | (Edits, Prompts) Entry i | Entry n
i\ Selection [ Integration | o——b—t—o Generation y //'
Probing Strategies Evaluation Metrics
/ Compound Edit Prompt \ /~ Compound Edit Score “\

France is on the continent of Asia.

Next Token Probabilities

Is the next token

The capital of France is
Edited

LLM

Undirected+ Prompt

Describe the country named France.

France, a country in Asia
whose capital is Tokyo, is ...

> probability of Tokyo
greater than Paris?

String Matching
Is Tokyo in the

Include information about the >
\ following attribute: capital.

generated text?

Figure 2: Dataset Construction: Dataset entries are created by applying objects of one subject as the edits to
another. Probing Strategies: Directed and Undirected prompts are passed to the edited LLM to generate next token
probabilities and full text outputs. Evaluation Metrics: The new probing strategies are introduced to evaluate
model performance with edits in the input and to evaluate direct inclusion of edits in generated text.

fail to assess whether the distribution shifts hold
over sequential edits in the input. For exam-
ple, it is unclear how the next token probabili-
ties of France is located in Asia. The capital
of France is will behave because the edit ¢ =
(France, continent, Asia) appears before another
edit to the same subject is queried. Further, no
metrics provide evaluations of whether the edits
are directly present in text generations. An editing
method that successfully shifts token probabilities
but fails to incorporate edited facts into text genera-
tion has limited utility for downstream applications.
For example, token probabilities IP(-) might shift
such that P(Tokyo) > P(Paris), but the actual next
token output is Berlin.

4 SEED

SEED is composed of edits, prompts, and metrics.
The dataset construction pipeline is explained in
Section 4.1. The proposed probing strategies are
presented in Section 4.2. The proposed evaluation
metrics are described in Section 4.3. An example
of the full SEED pipeline is provided in Figure 2.

4.1 Dataset Construction Pipeline

Each entry in SEED is formatted as (7", P), where
T is a 1-to-n edit scenario and P contains evalu-
ation questions. Construction of a single entry in-
volves three steps: Entity Selection extracts two en-
tities, a base subject s® and edit subject s, and their
relations from Wikidata, discussed in Section 4.1.1.
Edit Integration transfers objects from overlapping

s¢ relations to corresponding s? relations, creating
edited triples t* = (s°,r,0°), discussed in Sec-
tion 4.1.2. Evaluation Generation produces evalua-
tion prompts, discussed in Section 4.1.3. Dataset
statistics are given in Section 4.1.4. We also ex-
plain how edit conflicts are avoided during dataset
construction in Appendix Section D.2.

4.1.1 Entity Selection

The input to Entity Selection is Wikidata (Vran-
deci¢ and Krdtzsch, 2014), a set of entity types,
and a set of relations. The output of this step is
then the two pruned subjects.

We manually curate of a set of entity types &,
based on Wikidata )V entity types, for extracting
pairs of similar subjects. The types £ are used to
filter W to We C W, which contains only subjects
with types in £. The base subject s” and edit subject
s¢ are sampled without replacement from We.

We manually curate a set of relations Rg from
the top 25% of relations in 5000 entities from We,
ensuring LLMs have pre-edit knowledge of all se-
lected relations. For both the base subject rela-
tions R and edit subject relations ‘R, we only re-
tain relations in R¢ and discard the rest, such that
Rb,pruned = Rp N Re and 7ze,pmned = Re N Re.
Subjects with |R4| < 2 are replaced since subjects
with only a single relation cannot be used to eval-
uate 1-to-n edits. When relations map to multiple
objects, we randomly select one as the primary ob-
ject and store the others as aliases. The output is
then the pruned s® and s¢, with knowledge stored
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Subset ‘ ‘ Art  Business Person
# Subjects || 1000 1000 1000
# Relations || 3855 3696 11267
# Edits 2733 2527 5594
Avg # Edits 2.7 2.5 5.6

Table 2: Dataset statistics for the SEED subsets.

in tuples as t = (s, 7, 0, Oglias) -

4.1.2 Edit Integration

The input to Edit Integration is s® and s°. We
find the intersection of relations between R; and
Re, such that Riner = Ry N Re. If |Rinter| < 2,
the edit subject s¢ is replaced with another from
We. For each r € Riner, the objects o° of corre-
sponding edit subject relations R. become edits
for corresponding base subject relations Ry, such
that edited triples within s® are t* = (s°,r, 0°).
Each knowledge tuple within s becomes t =
(5,7, 0, Oalias, 0%, Olyas)» Where 0* = null for non-
edited relations.

4.1.3 Evaluation Generation

The input to Evaluation Generation is the base sub-
ject s after receiving edits. We manually construct
a set of cloze-style 7. and single-hop question 7,
templates per selected relation » € Rg and en-
sure that |7.| > 4 and |7,| > 1. For each triple
in the base subject s, one sentence and question
template are randomly selected to represent the
knowledge. For edited triples, this sentence is used
by editing frameworks to apply edits. Also, three
templates are randomly selected to become para-
phrase prompts. A model text generation with a
subject not in the dataset is prepended to each para-
phrase prompt to test the generalization of inserted
edits. For each subject, we also include a Com-
pound Probing Prompt, described in Section 4.2.

4.1.4 Dataset Statistics

We generate 3 unique datasets grouped by Art,
Business, and People, chosen for their prevalence
in Wikidata and coverage of a variety of relations.
The dataset statistics are provided in Table 2. Fur-
ther information on dataset construction and statis-
tics are provided in Section D.

4.2 Probing Strategies

We introduce undirected probing strategies to probe
model recall of edited information that separates

subjects and relations, preventing models from re-
lying on learned subject-relation patterns. Specifi-
cally, we propose the Undirected and Undirected+
prompting strategies. Undirected prompts only ask
for information about the base subject. The entity
type is also given to help with subject disambigua-
tion. Undirected+ prompts additionally specify
which relations to include in a separate sentence to
provide additional input guidance while still keep-
ing subject-relation separation. The prompts used
in this work are given in Appendix E.

We also introduce a new directed probing strat-
egy, the Compound Probing Prompt (CPP), to eval-
uate edit recall when edits exist in the model input.
An LLM is used to generate a sentence for each
triple in s°. To ensure consistency, we only prompt
for the creation of 2 sentences based on 2 triples
at a time, combining all sentences at the end. If
an object from a triple does not appear in a pair
of sentences, we instead sample relevant sentences
from the template sentences. The prompt can be
succinctly represented as CPP = @;'(t) for each
t € s’ when t is a sentence and € represents string
concatenation.

4.3 Metrics

SEED uses Efficacy Score (ES) and Generality
Score (GS) (Meng et al., 2022) for next-token pre-
diction, the machine translation metrics BLEU (Pa-
pineni et al., 2002), chrF (Popovi¢, 2015), and
BERTScore (Zhang et al., 2020) for text gener-
ation, and per-question (Q-Acc) and per-case (C-
acc) (Zhong et al., 2023) for multi-hop question-
answering. SEED also introduces a modification
to 1 metric and presents 2 new metrics.

Modified Neighborhood Score Neighborhood
Score (NS) (Meng et al., 2022) measures edit lo-
cality on non-edited knowledge. The original NS
compares the output token probability P(-) of 1
true object o against that of 1 edit object 0*, such
that NS = P(0) > P(0*). However, subjects in
SEED are composed of both edited and non-edited
triples, and the non-edited triples are treated as
neighborhood knowledge rather than providing sep-
arate neighborhood prompts. To measure NS in this
context, each neighborhood object token o™ must
be compare against each edit object o] token. For
a single o™, the new NS* can be represented as:

NS* = P(0") > max(P(o})), (1)

(2
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where max (-) indicates the maximum value over
n edit object o] .

Compound Edit Score The Compound Prob-
ing Score (CPS) is based on the Compound Prob-
ing Prompt (CPP), described in Section 4.2. The
prompt is string split on each o to create cloze-style
sentences C = {cog,c1,...,cn} for each subject-
relation pair. Starting with cinpus = {co}, we evalu-
ate using Efficacy Score, prepend cg to c; such that
Cinput = {co,c1} and repeat until all sentences in
the prompt are used. For a single prompt, CPS is
formulated as:

n

1 *
CPS = E Z[P(Oi|cinput) < ]P)(OZ ‘Cinput)]a (2)
=0

where n is the number of triples in s*. We also
track the number of perfectly answered Compound
Probing Prompts with the Compound Probing Per-
fect Score, such that CPPS = 3 "(CPS == 1),
where m is the total number of edited base subjects
s® in the dataset.

String Matching String Matching (SM) mea-
sures whether edits are directly present in text gen-
erated by an edited model. An evaluation prompt p
is passed to a pre-edit model fpr.(-) to generate text
fore(p). Prompts with outputs that directly contain
the true object o or its aliases 0,55 are kept in a set
‘H while the rest are discarded. The post-edit model
fpost () is then passed each h € H. The post-edit
model outputs are checked for the corresponding
edit object o™ and its aliases o};,.. SM for a single
prompt is defined as:

0" € fPOSt(h) \ O:Iias € fp05t<h’)

SM = :
|

3)

where € represents substring occurrence.

5 Experimental Results

The code for the SEED benchmark can be found at
the author’s publicly available GitHub repository.
All results are based on single evaluation runs using
the full dataset, unless stated otherwise.

Editing Baselines We evaluate 5 parameter-
based, 3 memory-based, and 1 in-context learn-
ing editor on SEED. Specifically, we use the
GRACE (Hartvigsen et al., 2023), ROME (Meng
et al., 2022), MEMIT (Meng et al.,, 2023),
PMET (Li et al, 2024), and SWEA (Li
et al.,, 2025b) parameter-based editors, the

100
== FT =& ROME PMET
== GRACE =@— MEMIT =& SWEA
;\g 80
g
5 60 -
O
9p]
2 40 1
=
i)
20 4
0 T T T T T
0 2 4 6 8 10

Edits per Entity

Figure 3: Editing Score (S) achieved by the parameter-
based frameworks over 200 edits as the number of edits
per subject entity increases.

PokeMQA (Gu et al., 2024), DeepEdit (Wang
etal., 2024), and CHECK (Simon and Ewetz, 2025)
memory-based editors, and the IKE (Zheng et al.,
2023) in-context learning editor. We also provide
evaluations using layer-wise fine-tuning (FT), a
commonly used as a baseline editing method. Pa-
rameters used by each framework are given in Ap-
pendix Section F.

Models We provide evaluations using the GPT-
J (Wang and Komatsuzaki, 2021) and Llama 3.1
8B (Grattafiori et al., 2024) causal language mod-
els. GPT-J is commonly used in prior knowledge
editing work, making it optimal for direct compar-
ison against previous works. Llama 3.1 is chosen
since it is a newer and larger model.

Extended Results This results section is focused
on editing GPT-J with the SEED Person dataset.
Studies with different models and SEED datasets
are provided in Appendix Section G.

5.1 Scaling Edits per Entity

To analyze how editing performance scales with
the number of edits applied to a single subject, we
evaluate models under increasing edits applied to
unique subjects, shown in Figure 3. We vary the
number of edits applied to a single subject from 1 to
10 while keeping the total number of edits constant
at 200. The subjects are randomly sampled from
the SEED Person dataset. The model used is GPT-J.
Editing Score (S) is the harmonic mean over ES,
GS, and NS, used to evaluate the edit success and
edit locality tradeoff.

We observe consistent degradation in edit score
as the number of edits per subject entity increases,
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Figure 4: Comparison of frameworks using Directed
and Undirected+ prompts.

suggesting that existing editing methods struggle
to maintain multiple edits to the same subject. Be-
tween 1 and 3 edits per subject, the editing score
decreases by an average of 7.5%. By 10 edits per
subject, the editing score drops by an average of
36.9%. This effect highlights the importance of
evaluating editing methods under multi-edit condi-
tions rather than isolated edits.

5.2 Undirected Probing

We compare directed and undirected probing meth-
ods by generating text from the model using the
edit sentence and the Undirected+ prompt with 1 in-
cluded relation as inputs, respectively, as shown in
Figure 4. This comparison is performed on SEED
Person with edits applied to GPT-J.

We first evaluate pre-edit model performance
and observe that the model achieves a higher string
matching accuracy on the Undirected+ prompts,
correctly answering 46.8% of Undirected+ prompts
versus 34.0% of directed prompts. This gap can be
attributed to the structural differences between the
two prompt types. Directed prompts require imme-
diate correct responses because the model quickly
moves on to discussing other topics. In contrast,
the Undirected+ prompts allow the model more
flexibility on when the target relation is discussed,
which likely accounts for the better performance.

The results for the editing frameworks use the
pre-edit results as an upper bound on accuracy. Af-
ter editing, the performance pattern reverses, with
the directed prompts becoming becoming easier
to answer by an average of 36.6%. This suggests
that current editing frameworks establish strong
subject-relation patterns during training. When
these learned patterns are disrupted by the Undi-
rected+ prompt structure, the model fails to success-

100

21 ES [ CPS
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@ 50 o
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QQY ) Q\‘O Q“\ (,)\$

Figure 5: Comparison of framework performance on Ef-
ficacy Score (ES) and Compound Probing Score (CPS).

fully recall edits, despite having correctly answered
the same factual prompt prior to editing.

5.3 Compound Probing

We compare framework performance on the Ef-
ficacy Score (ES) and Compound Probing Score
(CPS) on the SEED Person dataset using GPT-J
in Figure 5. All editing frameworks demonstrate
substantially higher performance on ES by an aver-
age of 22.1%. This performance gap suggests that
current editing frameworks face challenges in in-
serting edits that can be reliably recalled by models
when processing multiple edits in sequence. We
believe this limitation stems from the training struc-
ture of these editors, which optimize for model
recall over related non-edit knowledge rather than
incorporating other existing edits.

5.4 Full Dataset Evaluation

We present parameter-based editing framework re-
sults on the SEED Person dataset in Table 3. Con-
sistent with prior works, all frameworks achieve
high Efficacy Scores (ES), indicating that frame-
works are still able to insert edits and directly recall
edits with multiple edits per subject. Neighbor-
hood Score (NS) is notably low, with an average
of 43.9%. Frameworks are easily maintaining the
exact edit knowledge representation at the cost of
non-edit subject knowledge. Future editors need
better mechanisms for improving edit locality.
Performance on the Compound Probing Score
is also lower, dropping below ES by 22.1% and
Generality Score (GS) by 9.8% across both models.
This pattern indicates that while frameworks suc-
cessfully recall edits both directly and under para-
phrase, their performance degrades when multiple
edited facts are present in the input prompt. The
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Next Token Compound Lexical Semantic String

Metric Prediction Probing Score Similarity Similarity Matching
S ES GS NS CPS CPPS BLEU chrF BERTScore SM

Model GPT-] Size: 6B
FT 66.0 969 77.1 45.1 66.8 28.0 7.3 206 53.5 44.9
GRACE 37.6 337 29.0 63.8 26.3 3.0 100.0 100.0 100.0 18.1
ROME 322 629 566 1638 61.4 22.5 2.8 181 51.9 63.7
MEMIT 589 835 60.5 44.6 51.8 15.4 25.0 403 65.7 55.5
PMET 548 87.6 71.0 342 57.8 19.3 134  29.1 60.5 57.3
SWEA 394 986 962 18.0 58.2 21.2 19.9 357 62.1 52.9
Model Llama 3.1 Size: 8B
FT 544 895 728 33.1 65.1 24.0 1.2 13.0 39.9 27.3
GRACE 385 31.8 298 779 19.2 1.8 100.0 100.0 100.0 15.2
ROME 31.8 50.7 50.7 182 52.0 14.0 0.0 0.0 24.4 0.1
MEMIT 454 413 355 73.0 26.5 2.9 325  50.7 74.8 19.9
PMET 56.1 68.7 494 53.7 42.6 9.5 152 357 66.5 322
SWEA 434 665 29.8 4838 19.2 1.8 100.0 100.0 100.0 15.2

Table 3: Results of parameter-based editors on the SEED Person dataset, using the GPT-J and Llama 3.1 models.

Compound Probing Perfect Score (CPPS) reveals
an even sharper decline, demonstrating the diffi-
culty of maintaining correctness across all edited
knowledge of a subject in a single prompt.

We evaluate editing performance for text genera-
tion using the Undirected+ prompt with one rela-
tion included at the input. For the machine transla-
tion metrics, we treat the pre-edit model output as
the ground truth and the post-edit model output as
the prediction. Applying edits greatly reduces lexi-
cal score. Ideally, successful edits would preserve
text structure while modifying specific factual con-
tent, yielding lexical similarities in the 80s to 90s
range. Instead, we observe substantial divergence
from pre-edit generations. Some frameworks also
achieve similarity scores of 100, indicating that
model has been insufficiently modified to induce
edit-related changes. Despite low lexical overlap,
the editors fare better on semantic similarity. Af-
ter excluding frameworks that failed to elicit edits,
semantic similarity averages to 56.3%, suggesting
that part of the text meaning has been preserved
and editing has not fully degraded model text gen-
eration capabilities.

Frameworks also demonstrate limited success
with string matching, achieving an average of
48.7% on GPT-J and 9.2% on Llama 3.1. This dif-
ference suggests that larger models present greater
challenges for evoking edits in text generation
scenarios. Interestingly, GRACE and SWEA ex-
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Metric H Q-Acc ‘ C-Acc
Model | GPT-J 6B
PokeMQA |  25.0 81.5
DeepEdit 39.8 92.7
CHECK 38.0 91.6
Model || Llama 3.1 8B
PokeMQA || 26.1 82.6
DeepEdit 49.8 97.2
CHECK 49.3 95.5

Table 4: Results of memory-based editors on the the
SEED Person dataset using GPT-J and Llama 3.1.

hibit lexical and semantic similarity scores of 100
despite non-zero string matching, indicating that
these perfect scores reflect rounding artifacts rather
than complete editing failure. The frameworks in-
duced minor changes, but remained insufficient for
robust edit integration.

We provide memory-based editing framework
results on 1000 edits and corresponding questions
from the SEED Person dataset in Table 4. While
memory-based editors are primarily designed for
multi-hop reasoning, they should retain the ability
to answer single-hop questions. The frameworks
achieve an average 38.0% per-question (Q-Acc)
and 90.2% per-case (C-Acc) accuracy. The differ-
ences in accuracies indicates that multi-hop editing



frameworks are able to answer at least one edit
correctly from most of the subjects in the dataset,
but fail to consistently answer all edit questions for
individual subjects. This suggests that the frame-
works may be assigning disproportionately high
similarity scores to a small subset of edits per sub-
ject, leading to selective recall. Rather than re-
trieving all relevant edits for a given subject, the
retrieval process favors specific edit instances, re-
sulting in incomplete coverage across the full set
of edits per subject.

For completeness, we also include results on an
in-context learning editor in Appendix Section G.5.
The evaluation of this editor aids in establishing
the tractability of the 1-to-n counterfactual editing
scenario provided by the SEED dataset, which is
discussed further in the following section.

5.5 Editing Scenario Tractability

The results in previous sections demonstrate that
existing editors struggle with the 1-to-n counter-
factual editing scenario, raising the question of
whether the scenario is solvable. To investigate this
question, we construct a zero-shot editing scenario
and evaluate whether ChatGPT can correctly apply
a set of counterfactual edits. The prompt is shown
in Figure 6, which contains 6 edits and 7 questions,
4 of which require edited answers. ChatGPT is able
to answer all 7 questions correctly, demonstrating
that there is a method by which LLMs can handle
counterfactual edits in a 1-to-n scenario.

In our example, we directly provide the nec-
essary edits to the model, which is not realistic
as they will need to be retrieved from some edit
memory. However, this setting is consistent with
prior work on in-context learning and prompt-based
methods (Zheng et al., 2023). To reiterate, the pur-
pose of this experiment is to establish that the 1-
to-n counterfactual scenario is solvable by existing
LLM:s.

6 Conclusion

In this paper, we introduce the SEED evaluation
benchmark, whose 3 main contributions are a new
dataset, evaluation strategies, and metrics. The
dataset consists of edits in a 1-to-n editing sce-
nario, where multiple edits map back to a single
subject. The evaluation strategies include new eval-
uation prompts to test the robustness of inserted
edits under more semantically diverse contexts. We
also introduce a String Matching metric to quantify

We are operating under a counterfactual

scenario. We will provide edited
information and ask a question. If
that question contains the edited
information, disregard your previous
knowledge and answer with the edited
knowledge.

Edits:

* The father of Freddie Mercury is
Elton John.

e The mother of Freddie Mercury is
Whitney Houston.

e Freddie Mercury was born in Sudan.
* The CEO of Google is John Travolta.
e Google was founded in Tokyo.

e Google has 5 employees.

Questions:
e What is the name of Freddie
Mercury’s sister?
e How many children does Freddie
Mercury have?
* What is the name of Freddie

Mercury’s dad?
* Where was Freddie Mercury born?
e Who is the CEO of Google?
e Who is the CFO of Google?

* How many employees does
have?

Google

Figure 6: Zero-shot editing scenario prompt used to
evaluate ChatGPT.

edited knowledge occurrences in unstructured text
generations. Evaluations show editing performance
decreases by up to 36.9% as the number of edits per
subject increases and that undirected evaluations
break the learned subject-relation patterns, causing
editing recall to decrease by 36.6%. These results
demonstrate the need for future works to focus
on improving inserting multiple edits for closely
related knowledge and edit robustness across in-
creased prompt semantics.

7 Limitations

There are two main limitations of the SEED dataset.
First, edits are provided in English only. This limits
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discussion of editing performance to English-based
models. Future works should consider approaches
for other languages and possibly multilingual edit-
ing. Second, our dataset only covers evaluations
over structured editing, where knowledge is for-
matted as relational triples. Some recent work has
investigated unstructured editing, where knowledge
is presented as text paragraphs. However, unstruc-
tured knowledge editors can be evaluated on SEED
by using the Compound Probing Prompt as the set
of edits.

It should also be pointed out that, like other
knowledge editing works, all results are empiri-
cal. The specific size and configuration of data
used directly impacts model performance.

Knowledge Editing can be potentially harmful
if a malicious actor gains control of a commer-
cial model (i.e. Claude) and changes the model
weights to output malicious text. However, that
would require breaking through enterprise cyber-
security solutions, which we image would be very
difficult to do.
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A  Overview

This Appendix is composed of 7 additional sec-
tions: a statement on Al usage in the writing of
the paper is given in Sectoin B, related works
are discussed in Section C, the prompts used dur-
ing dataset construction and additional statistics
are given in Section D, exact Undirected probing
prompts used during evaluations are given in Sec-
tion E, parameters for each framework used in eval-
uation and the hardware setup are given in Sec-
tion F, results over additional ablations and the re-
maining SEED datasets are provided in Section G,
and a manual evaluation of the String Matching
metric is presented in Section H.

B AI Usage

During the research and manuscript writing pro-
cess, Al was only used in two ways: code for vi-
sualization generation and rephrasing excerpts of
text for writing clarity. We used Al to generate
skeleton code for matplotlib scripts, and modi-
fied the code for our own purposes. We also used
Al for assistance in improving language presenta-
tion and removing grammatical mistakes. However,
all ideas presented in this manuscript are our own.

C Related Work

During the review process, reviewers brought to our
attention two works (Duan et al., 2025; Park et al.,
2025) that appear to make contributions similar
to the innovations in SEED. While these works
share some surface level similarities with SEED,
they differ in meaningful ways. In this section,

we discuss these prior works and clarify the key
differences between them and SEED.

First, we discuss S2RKE (Duan et al., 2025),
whose primary contribution is providing a dataset
for the 1-to-n editing scenario, overlapping with
SEED’s edit structure innovation. S2RKE follows
the CounterFact (Meng et al., 2022) approach to
neighborhood example construction. For each edit,
the relation is fixed and the subject is varied to
generate neighborhood examples. In contrast, the
SEED dataset fixes the subject and varies the re-
lations around it, constructing neighborhood ex-
amples that are anchored to the same subject as
the edits. As a result, models must perform more
precise updates without introducing interference
across closely related yet distinct pieces of knowl-
edge, increasing the difficulty of the task. This dif-
ficulty is evidenced by MEMIT (Meng et al., 2023)
performing poorly on SEED’s neighborhood for-
mulation while seeing greater success on S2RKE’s
neighborhood formulation.

Next, we discuss CHED (Park et al., 2025),
whose primary contribution is a prompting tech-
nique meant to evaluate edit generalization. CHED-
style prompts provide a prefix to an evaluation in-
put that contains the edit subject s, true object o, or
edit object ox. These prefixes are designed to evalu-
ate edit robustness with respect to edit-related noise.
Importantly, these keywords are presented outside
the context of the actual edit, substantially reducing
the difficulty of the task. In contrast, the Compound
Probing Prompt prepends multiple complete edits
as prefixes to the evaluation input, testing whether
a model can retrieve edited knowledge when other
edited knowledge serves as a prior. Further, the
Undirected Probing reformats the edit subject s
and relation 7 into a new prompt that separates
the subject and relation, inserting many tokens be-
tween the two. This design minimizes the impact
of the subject-relation pattern learned during edit
insertion and measures edit recall in a more general
context.

D Dataset Construction Details

In this section, we provide additional information
on how the SEED dataset was constructed. We
provide all LLM prompts and other templates used
in Section D.1. We explain how our dataset con-
struction process avoids creating conflicting edits
in Section D.2. Additional dataset statistics are
provided in Section D.3.
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D.1 Construction Templates

We provide examples of some of the sentence and
question templates used for formatting edits in Fig-
ure 7. SUBJ refers to where the edit subject needs
to be substituted in. OBJ refers to where the edit ob-
ject needs to be substituted in. The majority of tem-
plates were handcrafted by the authors, however
some sentence templates from the ParaRel (Elazar
et al., 2021) dataset were also used when selected
relations overlapped between datasets.

We provide all of the entity types used to pull
subjects from Wikidata in Figure 8. The entity
types were chosen to provide a variety of different
subjects that all relate back to the theme of the
respective dataset. The Person dataset only uses a
single entity types due to the prevalence of human
subjects in Wikidata.

We provide an example of the Compound Prob-
ing Prompt in Figure 9. SUBJ is the formatting
specifier for the edit subject to be inserted. The
prompt is formatted with a predetermined number
of triples and passed to an LLM, which formats
each of the triples as a sentence. The number of
triples used in model call can be varied. The final
prompt is a paragraph containing a sentence on
each of the triples.

D.2 Conflict Avoidance

We have identified that certain relations r allow
object o reuse while reusing objects across other
relations can cause knowledge conflicts. For exam-
ple, Elton John and Freddie Mercury can both re-
ceive an edit to their location of birth to be Beijing
without causing any consistency issues. However,
editing Freddie Mercury to be Elton John’s father
and brother would cause consistency issues. We
designate the latter relations as “conflict-causing."
When generating an edit (s, r 0*) with a relation
designated as conflict-causing, we mark the edit
object o* as "used.” We then enforce that no previ-
ously used object can appear as a subject or object
in any subsequent edits. Further, we mark all edit
subjects as used so that they are not allowed as
edits for other subjects. These constraints prevent
the introduction of internal knowledge conflicts.

D.3 Statistics

The top 7 relations for each dataset subset are given
in Figure 10. We selected from the top 25% of
relations for the respective entity types. Human en-
tities in Wikidata exhibit substantially more shared

Relation: place of birth
Edit Sentence: The location of SUBJ’s
birth was OBJ.
Edit Question: What location was SUBJ
born in?

Relation: occupation
Edit Sentence: The occupation of SUBJ
is OBJ.
Edit Question: What is SUBJ’s
occupation?

Relation: founded by
Edit Sentence: One of the founders of
SUBJ is OBJ.
Edit Question: Who was SUBJ founded
by?

Relation: location of formation
Edit Sentence: The location that SUBJ
was founded in is OBJ.

Edit Question: Where was SUBJ founded?

Relation: genre
Edit Sentence: The genre that the
work SUBJ belongs to is OBJ.
Edit Question: What is the genre of
SUBJ?

Relation: creator
Edit Sentence: SUBJ was created by
OBJ.
Edit Question: Who was SUBJ created
by?

Figure 7: Examples of edit sentences and questions
created for use during dataset construction. The edit
sentences are used for both edit insertion and evaluation.
SUBJ refers to the sentence subject and OBJ refers to
the sentence object.

descriptor relations compared to business- and art-
related entities, which show greater relational di-
versity. This pattern is reflected in the overall dis-
tribution of relation occurrences across the dataset.

The number of edits per subject for each dataset
subset are shown in Figure 11. The numberof edits
per subject directly correlates with the prevalence
of commonly shared relations. Subsets with higher
relational overlap contain more subjects with mul-
tiple edits, while those with greater relational diver-
sity show fewer edits per entity.

E Undirected Evaluation Prompts

We provide an example of the Undirected and Undi-
rected+ evaluation prompts in Figure 12. The Undi-
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video game
film
television series
literary work
manga series
animated television series
anime television series

anime film
painting

musical group

Art Business
business
public company
fast food restaurant chain
enterprise
retail chain
technology company
restaurant chain
video game developer
video game publisher
publishing company
book publisher

Person
human

Figure 8: All of the entity types used to filter entities for the Art, Business, and Person subsets of SEED.

(Camp Lazlo, creator, Joe Murray)

sentence each:

(Camp Lazlo, creator, Joe Murray)

Studios.

Triples:
(Camp Lazlo, publisher, Crave Entertainment)

(Camp Lazlo, country of origin, Uniated States)
(Camp Lazlo, composer, Toshihiko Takahashi)
(Camp Lazlo, production company, Cartoon Network Studios)
(Camp Lazlo, genre, adventure television series)
LLM Prompt:
Provide information about SUBJ. Make the response seem slightly natural. In the
response, only include information from the following relational triples as a single

(Camp Lazlo, publisher, Crave Entertainment)

(Camp Lazlo, genre, adventure television series)

Compound Probing Prompt:
Camp Lazlo is a popular animated television series that was developed by Joe Murray
and published by Crave Entertainment. Camp Lazlo is an American animated television
series. The show’s score was composed by Toshihiko Takahashi. Camp Lazlo is an
animated television show that originated from the production company Cartoon Network
It’s an adventure television series.

Figure 9: An example of the prompt used to create the Compound Probing Prompt used during evaluation, based on

the subject Camp Lazlo.

rected prompt asks for information about an entity
without specifying what information should be pro-
vided. The entity type is also provided to aid in
entity disambiguation. The Undirected+ prompt
builds off of the Undirected prompt by also ask-
ing for specific information to be provided. The
number of relations included in the prompt can
be varied. In both prompts, we also highlight the
model prompt with Prompt: and the point where
the model needs to answer with Response: to try
to help the model understand this is a question-
answering scenario so that it will provide relevant
information.

F Evaluation Parameters

For reproducibility purposes, we provide the frame-
work parameters used by parameter-based editors
in Section F.1 and memory-based editors in Sec-
tion F.2. We also provide the hardware setup in
Section F.3.

F.1 Parameter-based Frameworks

We provide evaluations over 6 parameter-based ed-
its that follow the same parameter style file setup
used in ROME (Meng et al., 2022). The code
for the frameworks are directly taken from the
SWEA (Li et al., 2025b) Github repository linked
here. We provide the parameters for each frame-
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Figure 10: The top 7 relations used in each of the SEED subsets.
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Figure 11: The number of subject entities categorized by the number of inserted edits.

work based on the ROME file setup below:

* Layer-wise

Fine-Tuning (FT): GPT-
J - [Layers: 21, num_steps: 25, 1r:
5e~4, weight_decay: 0, kl_factor: O,
norm_constraint: false]. Llama 3.1
8B - [Layers: 21, num_steps: 30, 1r:
5e~4, weight_decay: 0, kl_factor: O,
norm_constraint: false].

General Retrieval Adaptor for Contin-
ual Editing (GRACE): GPT-J - [edit_l1r:
1.0, n_iter: 25, eps: 1.0, dist_fn: euc,
val_init: cold, val_train: sgd, val_reg:
null, reg: early_stop, replacement: re-
place_last, eps_expand: coverage, num_pert:
8, dropout: 0.0]. Llama 3.1 8B - [edit_1r:
1.0, n_iter: 30, eps: 1.0, dist_fn: euc,
val_init: cold, val_train: sgd, val_reg:
null, reg: early_stop, replacement: re-
place_last, eps_expand: coverage, num_pert:
8, dropout: 0.0].

Rank One Model Editing (ROME): GPT-J
- [layers: 5, fact_token: subject_last,
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v_num_grad_steps: 25, v_lr: 5e !,
v_loss_layer: 27, v_weight_decay: 0.5,
clamp_norm_factor: 4, kl_factor:
0.0625, mom2_adjustment: true,
context_template_length_params:

[[5, 21, [10, 2]], mom2_n_samples: 100000].
Llama 3.1 8B - [layers: 5, fact_token:
subject_last, v_num_grad_steps: 30, v_1r:
5e~ 1, v_loss_layer: 31, v_weight_decay:
le—3, clamp_norm_factor: 4, kl_factor:
0.0625, mom2_adjustment: false,
context_template_length_params: [[5,
10], [10, 10]], mom2_n_samples: 100000]

Mass Editing Memory in a Transformer
(MEMIT): GPT-J - [layers: [3, 4,

5, 6, 7, 8], clamp_norm_factor: 0.75,
layer_selection: all, fact_token: sub-
ject_last, v_num_grad_steps: 25, v_lr:

5e~1, v_loss_layer: 27, v_weight_decay:
0.5, kl_factor: 0.0625, mom2_adjustment:
true, mom2_update_weight: 15000,
mom2_n_samples: 100000]. Llama 3.1 8B -
[layers: [4, 5,6, 7, 8], clamp_norm_factor:



Undirected
Prompt: Provide information about the
animated movie named Spirited Away.
Response:

Given knowledge: (Spirited Away, director, Hayao Miyazaki).

Undirected+

Prompt: Provide information about the
animated movie named Spirited Away. In
the response, only include information
about Spirited Away for the following
factual attributes:

director

Response:

Figure 12: The Undirected and Undirected+ prompts used to evaluate unstructured text with SEED.
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Figure 13: Editing Score, the harmonic mean over ES,
GS, and NS, achieved by the FT, ROME, GRACE,
MEMIT, PMET, and SWEA editing frameworks over
100 edits as the number of edits per entity is increased
using the Llama 3.1 8B model.

0.75, layer_selection: all, fact_token:
subject_last, v_num_grad_steps: 30, v_1r:
le~ !, v_loss_layer: 31, v_weight_decay:
0.5, kl_factor: 0.0625, mom2_adjustment:
true, mom2_update_weight: 15000,
mom2_n_samples: 100000].

Precise Model Editing in a Trans-
former (PMET): GPT-J - [layers: [3,

4, 5, 6, 7, 8], clamp_norm_factor: 0.75,
layer_selection: all, fact_token: sub-
ject_last, v_num_grad_steps: 25, v_lr:

2¢~ !, v_loss_layer: 27, v_weight_decay:
0.5, kl_factor: 1.0, mom2_adjustment:

true, mom2_update_weight:
6000, mom2_n_samples: 100000,
nll_loss_factor: 1.0]. Llama 3.1 8B -

[layers: [4, 5,6, 7, 8], clamp_norm_factor:
0.75, layer_selection: all, fact_token:
subject_last, v_num_grad_steps: 30, v_1r:

o))
o

E=3 Directed B8] Undirected+

S
o
1

N
o
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Figure 14: Comparison of GPT-J using Directed and
Undirected probing to elicit targeted knowledge on the
SEED datasets, measured with String Matching.

le~ !, v_loss_layer: 31, v_weight_decay:
0.5, kl_factor: 0.0625, mom2_adjustment:
true, mom2_update_weight:
6000, mom2_n_samples: 100000,
nll_loss_factor: 1.0].

* Subject Word Embedding Altering
(SWEA): GPT-J - [clamp_norm_factor:
1.0, fact_token: subject_last,
v_num_grad_steps: 25, v_1r: 2e72,
v_loss_layer: 27, v_weight_decay:

0.3, kl_factor: 0.2, nll_loss_factor:
1.0, mode: kn+optimize, kn_params:
[cat, 0.35, O]]. Llama 3.1 8B -

[clamp_norm_factor: 1.0, fact_token:
subject_last, v_num_grad_steps: 30, v_1r:
le~2, v_loss_layer: 31, v_weight_decay:
0.5, kl_factor: 0.0625, n11_loss_factor:
1.0, mode: kn+optimize, kn_params: [cat,
0.35, 0]].

F.2 Memory-based Frameworks

We provide evaluations over 3 memory-based edi-
tors. The frameworks are taken from their respec-
tive author’s Github repository: PokeMQA (Gu
et al., 2024) from the Github repository linked
here, DeepEdit (Wang et al., 2024) from the Github
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Dataset H Art ‘Business Person

# Edits || 1121 1420 2935
% Edits | 41.0 56.3 52.4

Table 5: Filtered dataset statistics after removing all
edits that the pre-edit model cannot correctly answer.
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Figure 15: Comparison of frameworks using Directed
and Undirected+ prompts. Accuracy is measured using
String Matching on GPT-J generated text, with edits
from the SEED Art dataset.

repository linked here, and CHECK (Simon and
Ewetz, 2025) from the Github repository linked
here. For each model, we set the maximum new
tokens generated from each model call to be 200.
For PokeMQA and DeepEdit, we set the maximum
number of extracted questions hops to be 5,
so the framework will report a failure of the 5 ques-
tion hop limit is exceeded. CHECK uses a cosine
similarity threshold of 0.8 for retrieving rele-
vant edits from the edit embeddings.

F.3 Hardware Setup

All code was run on a High Performance Comput-
ing cluster. Dataset construction used 1 NVIDIA
B200, 16 CPU cores, and 256GB of RAM. Ex-
perimental evaluations were run using 1 NVIDIA
B200, 8 CPU cores, and 64GB of RAM.

G Main Results, Continued

We provide 5 additional results sections: scaling
the number of edits per subject using Llama 3.1
8B (Grattafiori et al., 2024) is given in Section G.1,
further experiments comparing directed and undi-
rected probing across the SEED datasets is given
in Section G.2, a comparison of compound probing
using Llama 3.1 8B is provided in Section G.3, full
dataset evaluations over SEED Art and Business
are provided in Section G.4, and an evaluation on

100
=23 Directed B8 Undirected+
I 751
>
@ 50 -
=}
V]
T &
olmm
¢ L& s
& N & ¢ ¢
QQY L @‘0 & ")$

Figure 16: Comparison of frameworks using Directed
and Undirected+ prompts. Accuracy is measured using
String Matching on Llama 3.1 8B generated text, with
edits from the SEED Art dataset.
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Figure 17: Comparison of frameworks using Directed
and Undirected+ prompts. Accuracy is measured using
String Matching on GPT-J generated text, with edits
from the SEED Business dataset.

an in-context learning editor in Section G.5.

G.1 Scaling Edits per Subject

In this section, we provide another analysis of how
editing performance scales with the number of edits
applied to a single subject. The setup is the same
as in Section 5.1, where we vary the number of
edits applied to a single subject from 1 to 10 while
keeping the total number of edits constant at 200.
The subjects are still sampled from the SEED Per-
son dataset. However, in this experiment, we are
now using the Llama 3.1 (Grattafiori et al., 2024)
instead. The results are shown in Figure 13.

The pattern of edit score degradation holds on
the larger and newer Llama 3.1. As the number of
edits per entity increases, Editing Score (S) contin-
ues to decrease. Between 1 and 3 edits per entity,
the editing score decreases by an average of 7.7%.
By 10 edits per entity, the editing score drops by
an average of 28.8%.
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Figure 18: Comparison of frameworks using Directed
and Undirected+ prompts. Accuracy is measured using
String Matching on Llama 3.1 8B generated text, with
edits from the SEED Business dataset.
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Figure 19: Comparison of framework performance
on Efficacy Score (ES) and Compound Probing Score
(CPS) on the SEED Person dataset using Llama 3.1.

G.2 Undirected Probing

Following the setup in Section 5.2, we evaluate
GPT-J performance across all 3 SEED datasets
prior to editing, using the original objects as the
ground truth. All triples, both edited and unedited,
are used in this evaluation because we are search-
ing for inclusion of original facts. The results are
given in Figure 14. With directed probing, GPT-J
includes 30.1%, 41.21%, and 34.0% of relevant
facts on the Art, Business, and Person datasets,
respectively. With undirected probing, GPT-J in-
cludes 46.3%, 52.3%, and 46.8% on the Art, Busi-
ness, and Person datasets, respectively. With undi-
rected probing, GPT-J achieves a 13.3% higher
string matching score based on fact inclusion, indi-
cating that this prompting strategy allows language
models to more easily include the desired informa-
tion than directed prompting.

The exact number of edited relations that the

model was able to include the correct original ob-
ject for are included in Table 5. This number is
also provided as a percentage of total edits in the
datasets. We gather the edited relations correctly
answered by the pre-edit model and distill them
into a smaller dataset to evaluate post-editing model
performance on the Directed and Undirected Prob-
ing strategies.

We now provide comparisons of Directed prob-
ing and Undirected probing with String Matching
accuracy. Results using the SEED Art dataset with
GPT-J are given in Figure 15 and with Llama 3.1
in Figure 16. Results using the SEED Business
dataset with GPT-J are given in Figure 17 and with
Llama 3.1 in Figure 18. When using GPT-J across
both the SEED Art and Business datasets, the re-
sults mimic those found in Figure 4. The edited
model is able to include the edit objects more of-
ten with directed prompts compared to undirected
prompts, with a 49.6% accuracy differential on Art
and 50.5% on Business. This is the opposite of
what is expected given that the pre-edit model in-
cludes targeted objects in the generated text more
easily when using the undirected prompt. This
provides further evidence that current editors are
teaching models a subject-relation pattern rather
than a new robust knowledge representation.

The results using Llama 3.1 also demonstrate
that edited models struggle significantly with undi-
rected prompts. Notably, these results are greatly
diminished compared to using GPT-J. However,
this is in line with results in Table 6 and Table 7,
which shows that the editors struggle to success-
fully apply edits to the newer and larger Llama
3.1

G.3 Compound Probing

Following the setup in Section 5.3, we compare
framework performance on the Efficacy Score (ES)
and Compound Probing Score (CPS) on the SEED
Person dataset. In this experiment, we use Llama
3.1. Results are presented in Figure 19. Similar to
the results shown in Section 5.3, frameworks per-
form better on the Efficacy Score (ES) compared
to the Compound Probing Score (CPS) by 19.9%.

G.4 Full Dataset Evaluations

We provide results of parameter-based editing
frameworks on the SEED Art dataset on Table 6
and the SEED Business dataset in Table 7. These
results follow the same trends found in Table 3.
The Efficacy Score (ES) and Generality Score (GS)
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Next Token Compound Lexical Semantic String

Metric Prediction Probing Score Similarity Similarity Matching
S ES GS NS CPS CPPS BLEU chrF BERTScore SM

Model GPT-] Size: 6B
FT 72.6 984 727 574 63.0 43.1 52 174 49.7 32.1
GRACE 43.7 388 330 794 19.7 7.0 100.0 100.0 100.0 6.9
ROME 460 519 502 385 48.0 26.4 0.6 127 40.2 49.5
MEMIT 694 953 733 524 51.5 323 13.7 325 59.1 37.8
PMET 657 97.8 79.2 439 56.3 36.4 204 382 63.7 50.9
SWEA 458 99.0 97.8 22.1 61.3 43.8 206 378 62.6 37.1
Model Llama 3.1 Size: 8B
FT 71.9 9477 76.8 55.1 69.0 50.4 1.9 118 36.5 339
GRACE 362 266 294 889 13.7 53 100.0 100.0 100.0 5.0
ROME 40.1 502 509 284 479 28.2 0.0 7.1 27.4 0.4
MEMIT 555 57.1 41.0 823 23.5 9.3 315 512 74.3 11.8
PMET 692 843 624 64.6 42.7 22.6 19.6 415 68.6 27.5
SWEA 438 51.8 30.6 60.5 16.7 7.8 979 982 98.9 4.9

Table 6: Results of parameter-based editors on the SEED Art dataset, using the GPT-J and Llama 3.1 models.

are high, with an average of 70.5% and 58.1% on
Art and 69.5% and 55.9% on Business, confirming
that the framework can apply multiple edits to the
same subject and then directly recalling those ed-
its. However, applying so many edits to the same
subject negatively impacts model ability to recall
related non-edit knowledge, with an average Neigh-
borhood Score (NS) of 56.1% on Art and 48.3% on
Business. Clearly, current parameter-based frame-
works need to improve the locality of their edits.
The Compound Probing Scores are still low, with
an average score of 42.8% on Art and 45.7%. The
lexical and semantic similarity scores also follow
the same trends described before. The edited model
generates text that significantly diverges from the
pre-edit model. However, the average semantic
similarity score of 53.6 on Art and 58.3% on Busi-
ness indicate that the generated text is not fully
diverging in content. Editors struggle to insert ed-
its in such a way that causes edits to be generated
by models during text generation, with an aver-
age string matching accuracy of 31.2% on Art and
26.6% on Business for editors that made enough of
a change in model parameters to cause generated
text to change.

We provide results for memory-based editors on
the SEED Art and Business datasets in Table 8. The
frameworks achieve an average per-question accu-
racy of 40.3% on Art and 36.9% on Business, and
an average per-case accuracy of 68.8% on Art and

69.5% on Business. Similar to results on the SEED
Person dataset in Table 4, these results demonstrate
that multi-hop editing frameworks can successfully
answer at least one question related to an edited
subject correctly, but are largely unable to answer
every edit related to subject. The likely cause is
from editors inferring similar non-edit knowledge
as edits.

G.5 In-Context Learning Editor Evaluation

In this section, we evaluate the IKE (Zheng et al.,
2023) editor across the SEED subsets. IKE is a non-
parametric framework that uses in-context learning
to provide the model with edits. However, IKE is
better viewed as a proof-of-concept rather than a
fully usable editor since it does not include an edit
retrieval mechanism. Instead, it assumes access
to the relevant edits for each evaluation prompt.
Consequently, we omit IKE from the main eval-
uation and report the results here. Despite this
limitation, IKE still acts as a useful litmus test for
the tractability of the counterfactual 1-to-n knowl-
edge editing scenario. Since IKE is given oracle
access to relevant edits, its performance allows us
to assess whether the scenario is solvable when the
necessary edits guaranteed to be available to the
model.

We report the results of IKE on the SEED dataset
in Table 9. The last 100 subjects in the dataset were
used as training data for in-context learning prompt
generation while the first 900 were using as testing

886



Next Token Compound Lexical Semantic String

Metric Prediction Probing Score Similarity Similarity Matching
S ES GS NS CPS CPPS BLEU chrF BERTScore SM

Model GPT-] Size: 6B
FT 65.9 99.1 695 475 70.1 49.0 18.5 31.6 64.5 27.6
GRACE 40.6 374 296 745 23.6 7.4 100.0 100.0 100.0 22
ROME 376 543 494 243 51.1 28.3 04 10.8 41.4 6.1
MEMIT 576 937 718 364 58.5 37.5 146 340 62.5 459
PMET 524 963 77.0 29.5 64.5 43.5 279 451 68.5 55.2
SWEA 433 993 96.8 204 62.7 41.9 19.9 370 64.8 343
Model Llama 3.1 Size: 8B
FT 66.8 91.8 688 514 65.6 43.9 25 169 44.0 28.6
GRACE 405 325 314 86.2 17.1 4.6 99.9 100.0 100.0 3.6
ROME 403 485 48.6 300 47.6 26.5 0.0 0.0 29.7 0.0
MEMIT 50.5 483 39.6 744 27.5 10.8 364 57.6 77.6 11.6
PMET 615 78.6 57.0 539 43.2 22.0 21.7 464 72.1 29.6
SWEA 43.1 54.1 316 51.1 17.3 4.8 99.4  99.6 99.8 3.6

Table 7: Results of parameter-based editors on the SEED Business dataset, using the GPT-J and Llama 3.1 models.

Dataset Art Business
Metric Q-Acc ‘ C-Acc | Q-Acc ‘ C-Acc
Model | GPT-J 6B
PokeMQA | 39.3 66.3 34.2 67.8
DeepEdit 472 81.4 38.0 75.9
CHECK 39.8 70.1 31.7 59.9
Model | Llama 3.1 8B
PokeMQA | 29.7 56.3 28.0 58.6
DeepEdit 58.8 88.9 58.5 92.3
CHECK 26.8 49.5 30.9 62.4

Table 8: Results of memory-based editors on the the
SEED Art and Business datasets using GPT-J and Llama
3.1.

data. IKE outperforms the frameworks presented
in Table 3 on the Next Token Prediction metrics,
according to the geometric mean score (S). We
believe this is due to the relevant edit being placed
directly before the information being evaluated,
making the edited information particularly salient
to the model.

In contrast, IKE performs significantly worse
on the similarity metrics, achieving 0 lexical and
semantic similarity across all evaluations. We at-
tribute these poor results to the model generating
text in the same format as the in-context learning
prompt, which is substantially different from the
format it would naturally use when generating text

without any constraints. Despite the formatting is-
sues, IKE demonstrates comparable performance
to the other frameworks for String Matching when
using GPT-J and outperforms the other frameworks
on Llama 3.1. Despite the lexical and semantic
differences of IKE generation to typical model gen-
erations, a model edited using IKE does appear
capable of choosing correct answers.

While we would expect stronger results given
access to the oracle edit for each prompt, the ef-
fectiveness of in-context learning prompts depends
in part on the capacity of the underlying model.
Both GPT-J and Llama 3.1 are small relative to
commercial models such as GPT and Claude. As
we demonstrate in Section 5.5 with a toy problem,
commercial models can handle the 1-to-n coun-
terfactual editing scenario with ease. Consistent
with this observation, the performance across all
datasets improves when moving from GPT-J to
Llama 3.1. We therefore expect that newer and
larger models would achieve stronger results. Such
results would further support the tractability of the
1-to-n counterfactual editing problem.

H String Matching Validation

The String Matching metric is an intuitive met-
ric, but due to its simplicity requires validation to
ensure that it is working as intended. Validating
the String Matching metric programatically is diffi-
cult due to the different semantic contexts the edit
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Next Token Compound Lexical Semantic String

Metric Prediction Probing Score Similarity Similarity Matching
S ES GS NS CPS CPPS BLEU chrF BERTScore SM

Model GPT-] Size: 6B

Art 747 999 689 64.1 57.9 37.6 00 00 0.0 19.2
Business 69.4 100.0 63.0 57.6 57.1 32.0 00 00 0.1 27.9
Person 62.6 999 64.0 449 68.6 24.4 00 00 0.0 52.3
Model Llama 3.1 Size: 8B

Art 86.7 100.0 904 73.8 55.5 31.7 00 00 0.0 56.2
Business 81.8 100.0 90.8 63.8 62.7 38.1 00 00 0.0 73.3
Person 74.7 100.0 92.7 51.7 71.1 27.0 00 00 0.0 87.1

Table 9: The IKE in-context learning editor across all of the SEED datasets, on the GPT-J and Llama 3.1 models.

keywords can appear in, so the metric must be man-
ually evaluated. However, manual evaluations are
extremely time consuming, so we are unable to pro-
vide one at scale. Instead, we provide a small scale
manual evaluation of the String Matching Metric,
described below.

We edit a model using layer-wise fine-tuning for
the first 50 subjects in SEED Person. We then use
String Matching to evaluate 50 clean and 50 edited
outputs with the Undirected+ Probing Prompt, for
a total of 100 model outputs. A measurement is
considered a true positive when the object (or an
alias) being searched for is both in the output and
the context supports the prompt being answered. A
true negative is when the object (or its aliases) are
missing from the output and the context does not
support that the prompt has been answered. A false
positive is when the object is included, but the con-
text does not support the prompt being answered.
A false negative is when the object or its aliases are
not included in the model output, but the context
supports the prompt being answered. Using these
definitions, the False Positive Rate is measured at
0.07 and the False Negative Rate is measured at
0.07. While both errors should ideally be zero, they
are sufficiently small that they do not compromise
the conclusions drawn from the String Matching
metric.
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