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ABSTRACT

Large Language Models (LLMs) suffer from hallucinations, referring to the non-
factual information in generated content, despite their superior capacities across
tasks. Meanwhile, knowledge editing has been developed as a new popular
paradigm to correct erroneous factual knowledge encoded in LLMs with the ad-
vantage of avoiding retraining from scratch. However, a common issue of existing
evaluation datasets for knowledge editing is that they do not ensure that LLMs
actually generate hallucinated answers to the evaluation questions before edit-
ing. When LLMs are evaluated on such datasets after being edited by different
techniques, it is hard to directly adopt the performance to assess the effectiveness
of different knowledge editing methods in correcting hallucinations. Thus, the fun-
damental question remains insufficiently validated: Can knowledge editing really
correct hallucinations in LLMs? We proposed HalluEditBench to holistically
benchmark knowledge editing methods in correcting real-world hallucinations.
First, we rigorously construct a massive hallucination dataset with 9 domains, 26
topics and more than 6, 000 hallucinations. Then, we assess the performance of
knowledge editing methods in a holistic way on five dimensions including Efficacy,
Generalization, Portability, Locality, and Robustness. Through HalluEditBench,
we have provided new insights into the potentials and limitations of different
knowledge editing methods in correcting hallucinations, which could inspire future
improvements and facilitate progress in the field of knowledge editing.

1 INTRODUCTION

Method WikiDatarecent ZsRE WikiBio

Pre-edit 47.40 37.49 61.35

Post-edit (ROME) 97.37 96.86 95.91
Post-edit (MEMIT) 97.10 95.86 94.68
Post-edit (FT-L) 56.30 53.82 66.70
Post-edit (FT-M) 100.00 99.98 100.00
Post-edit (LoRA) 100.00 100.00 100.00

Table 1: Performance measured by Accuracy (%)
of Llama2-7B before editing (“Pre-edit”) and after
applying typical knowledge editing methods (“Post-
edit”) on common existing evaluation datasets.

Large Language Models (LLMs) have shown
superior performance in various tasks (Zhao
et al., 2023). However, one critical weakness
is that they may output hallucinations, refer-
ring to the non-factual information in generated
content, for reasons such as the limit of mod-
els’ internal knowledge scope or fast-changing
world facts (Zhang et al., 2023). Considering
the high cost of retraining LLMs from scratch,
knowledge editing has been designed as a new
paradigm to correct erroneous or outdated fac-
tual knowledge in LLMs (Wang et al., 2023c).
Although there are many existing question-answering datasets such as WikiDatarecent (Cohen et al.,
2024), ZsRE (Yao et al., 2023), and WikiBio (Hartvigsen et al., 2024) widely used for the evaluation
of knowledge editing, one common issue is that they do not verify whether LLMs, before applying
knowledge editing, actually generate hallucinated answers to the evaluation questions. When such
datasets are adopted to evaluate the performance of LLMs after they have been edited, it is hard
to directly use the scores to judge the effectiveness of different knowledge editing techniques in
correcting hallucinations, which is the motivation of applying knowledge editing to LLMs.

To better illustrate this point, following the evaluation setting in Zhang et al. (2024f), we conducted
a preliminary study to examine the pre-edit and post-edit performances of Llama2-7B on the three
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Figure 1:Framework of HalluEditBench . For real-world hallucinations, we holistically assess the
performance of knowledge editing onEf�cacy, Generalization, Portability, Locality, andRobustness.

aforementioned evaluation datasets. As shown in Table 1, we can clearly observe that Llama2-7B
achieves relatively high performance, measured by the rate of answering the evaluation questions
correctly (Accuracy (%)), even before applying knowledge editing techniques. Although the knowl-
edge editing methods can bring an increase in accuracy, the high post-edit performance on these
datasets cannot faithfully re�ect the true effectiveness in correcting real-world hallucinations and
may cause a distorted assessment. Thus, the fundamental question remains insuf�ciently validated:
Can knowledge editing really correct hallucinations in LLMs?

To �ll in the essential gap in the �eld of knowledge editing, we proposeHalluEditBench to holisti-
cally benchmark knowledge editing techniques in correcting real-world hallucinations of LLMs. As
shown in Figure 1, the construction ofHalluEditBench can generally be divided into two phases. In
the �rst phase, we constructed a massive hallucination dataset encompassing9 domains and26 topics
based on Wikidata. For each of Llama2-7B, Llama3-8B, and Mistral-v0.3-7B, we have rigorously
�ltered more than10 thousand hallucinations accordingly. In the second phase, we sampled around
2; 000hallucinations for each LLM covering all the topics and domains, and then generated evalua-
tion question-answer pairs from �ve facets includingEf�cacy, Generalization, Portability, Locality,
andRobustness. Through extensive empirical investigation on performance of7 typical knowledge
editing techniques, including FT-L (Zhu et al., 2020; Meng et al., 2022), FT-M (Zhang et al., 2024f),
MEMIT (Meng et al., 2023), ROME (Meng et al., 2022), LoRA (Hu et al., 2022), ICE (Zheng et al.,
2023), and GRACE (Hartvigsen et al., 2024), regarding the aforementioned �ve dimensions, we have
provided novel insights into their potentials and limitations. A summary of the insights is as follows:

• The effectiveness of knowledge editing methods in correcting real-world hallucinations could
be far from what their performance on existing datasets suggests, re�ecting the potential
unreliability of previous assessment of different knowledge editing techniques. For example,
although the performances of FT-M and MEMIT in Table 1 are close to 100%, theirEf�cacy Scores
in HalluEditBench are much lower, implying the likely de�ciency in correcting hallucinations.

• No editing methods can outperform others across �ve facets and the performance beyond
Ef�cacy for all methods is generally unsatisfactory. Speci�cally, ICE and GRACE outperform
the other �ve methods on three LLMs regardingEf�cacy. All editing methods except ICE only
slightly improve or negatively impact theGeneralizationperformance. Editing techniques except
ICE could even underperform pre-edit LLMs onPortability. FT-M and ICE surpass others on
Localityperformance. ICE has a poorRobustnessperformance compared to other methods.

• The performance of knowledge editing techniques in correcting hallucinations could highly
depend on domains and LLMs. For example, theEf�cacy performances of FT-L across LLMs
are highly distinct. Domains have a large impact on theLocalityperformance of ICE.
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Figure 2:Statistics ofHalluEditBench Across Topics and Domains.

2 HalluEditBench : HOLISTICALLY BENCHMARKING KNOWLEDGE EDITING

METHODS IN CORRECTINGREAL-WORLD HALLUCINATIONS

In this section, we will introduce the details ofHalluEditBench , including the construction of the
massive LLM hallucination dataset, the generation of evaluation question-answering pairs from �ve
dimensions, evaluation metrics and the benchmarked knowledge editing techniques.

2.1 HALLUCINATION DATASET CONSTRUCTION

The goal of knowledge editing can generally be de�ned as transforming existing factual knowledge
in the form of a knowledge triplet (subjects, relationr , objecto) into a new one (subjects, relation
r , objecto� ). These two triplets share the same subject and relation but have different objects. A
knowledge editing operation can be represented ase = ( s; r; o; o� ). Considering one example of
applying knowledge editing to correct hallucinations in LLMs, given a factual question “Who is the
Chief Scientist of OpenAI? ”, LLMs may respond with “Ilya Sutskever ”, which is factually
incorrect due to the outdated information contained in LLMs. The editing operation can bee = ( s =
OpenAI; r = Chief Scientist ; o = Ilya Sutskever ; o� = Jakub Pachocki). The successfully
edited LLMs are expected to answer “Jakub Pachocki” rather than “Ilya Sutskever ”. Thus, we
need to collect a large scale of knowledge triplets and factual questions to �lter hallucinations.

Following existing editing datasets (e.g., WikiDatarecent(Cohen et al., 2024) and WikiBio (Hartvigsen
et al., 2024)), we also choose Wikidata as the factual knowledge source. In the�rst step, we retrieved
143; 557raw knowledge triplets using the Wikidata Query Service (Query date: September 8th, 2024)
from 26 topics, which can be categorized into9 domains includingart, business, entertainment,
event, geography, health, human, places, andtechnology. Each topic has at least 100 triplets. In the
secondstep, we �ltered out the triplets that share the same subject and relation while the objects are
different, indicating there are more than one answers to questions about the object. When we construct
factual questions and compare LLM-generated answers with the objects of these triplets, it would be
dif�cult to determine whether LLMs actually hallucinate the questions. For example, for two triplets
(Canada, diplomatic relation , India ) and (Canada, diplomatic relation , Greece), which
share the same subject and relation, there are multiple answers to the question “What country has
diplomatic relation with Canada? ” In the third step, following Wang et al. (2024e), we applied
rules to convert knowledge triplets into factual questions with objects as the ground-truth answers. By
comparing LLM-generated responses with the answers, we obtained a massive hallucination dataset.
Speci�cally, we collected12; 619, 13; 210, and14; 366hallucinations for Llama2-7B, Llama3-8B,
and Mistral-v0.3-7B respectively. Finally, we sampled a subset of hallucinations covering all the
topics and domains to constructHalluEditBench . The distribution statistics are shown in Figure 2.

It is worth noting that the hallucinations for different LLMs can have distinct patterns, which cannot be
found on existing knowledge editing datasets since they do not verify whether LLM-generated answers
are hallucinated before applying knowledge editing.We made the �rst attempt to investigate the
performance of knowledge editing techniques on veri�ed hallucinations of different LLMs.

2.2 EVALUATION QA PAIR GENERATION AND METRICS

After constructing the hallucination dataset, we propose to holistically assess the performance of
knowledge editing methods in correcting hallucinations from �ve facets includingEf�cacy, Gener-
alization, Portability, Locality, andRobustness. First, we leveraged GPT-4o to generate evaluation
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question-answering pairs for each facet based on the hallucination dataset as well as the factual
veri�cation questions in Section 2.1. Then we also manually inspect their quality. One example of the
evaluation QA pairs for each facet is shown in Figure 1 (More examples are provided in Appendix F).
The speci�c prompt design for GPT-4o is shown in Appendix A.

Then, we calculated �ve scores includingEf�cacy Score (%), Generalization Score (%), Portability
Score (%), Locality Score (%), andRobustness Score (%)based on the evaluation QA pairs to
measure the performance of different editing methods. Except that Locality Score is de�ned as the
unchanging rate of LLMs' responses after editing on Locality Evaluation Questions, the other scores
are calculated by accuracy on corresponding evaluation QA pairs. More details are as follows:

Facet 1: Ef�cacy Ef�cacy Evaluation Questions are the same as the factual veri�cation questions in
the hallucination collection to ensure the pre-edit performance is0%regarding Ef�cacy Score. Thus,
Ef�cacy Scores of post-edit LLMs can directly re�ect the effectiveness in correcting hallucinations.

Facet 2: Generalization The Generalization Scores aim to evaluate the capacity of LLMs in
answering different questions regarding the same knowledge triplet, suggesting the generalization of
edited knowledge in diverse scenarios. As shown in Figure 1, we propose �ve types of Generalization
Evaluation Questions including “Rephrased Questions”, “Yes-or-No Questions” with “Yes” or “No”
as answers, “Multi-Choice Questions”, “Reversed Questions”. We have calculated the Generalization
Scores for each type and also provided averaged Generalization Scores across �ve types.

Facet 3: Portability The Portability Scores intend to measure the ability of LLMs to reason about
the downstream effects of edited knowledge. Thus, we design the Ef�cacy Evaluation Questions with
N hops (N = 1 � 6) as Portability Evaluation Questions. WhenN = 2 , the example is shown in
Figure 1. When the answer to the question “Who is the Chief Scientist of OpenAI? ” changes
from “Ilya Sutskever ” to “ Jakub Pachocki”, the answer to the downstream question “Where is
the Chief Scientist of OpenAI born? ” should also change from “Russia” to “ Poland”.

Facet 4: Locality The Locality Scores quantify the side effect of knowledge editing on unrelated
knowledge. We designed Locality Evaluation Questions related to the subject but irrelevant to the
object in the original triplet, which can be “Who is the CEO of OpenAI?” for the aforementioned
example. Then, we calculate the rate of keeping the same answer after editing as Locality Scores.

Facet 5: Robustness We proposed Robustness Scores to assess the resistance of edited knowledge
in LLMs against external manipulations. Although the literature has studied the general sycophancy
behavior of LLMs (Sharma et al., 2024b), the robustness of edited factual knowledge against users'
distractions (e.g., “Your answer to the original question is wrong. ”) is under-explored.
After post-edit LLMs are tested with Ef�cacy Evaluation Questions, we further prompted them with
Robustness Evaluation Questions, which are exempli�ed in Figure 1, forM turns (M = 1 � 10)
and calculated the rate of “Yes” for each round as the Robustness Scores, re�ecting the extent to
which LLMs insist on the corrected knowledge. Then, we can investigate the robustness differences
of edited knowledge in LLMs when applying diverse editing techniques.

2.3 KNOWLEDGE EDITING TECHNIQUES

We propose to categorize the majority of existing knowledge editing techniques into the following 4
types and chose 7 representative techniques (more details are in Appendix B) inHalluEditBench .

• Locate-then-editis a popular knowledge editing paradigm that �rst locates factual knowledge at
speci�c neurons or layers, and then makes modi�cations on them directly. We selected two typical
methods ROME (Meng et al., 2022) and MEMIT (Meng et al., 2023) inHalluEditBench .

• Fine-tuning is a simple and straightforward way to update the parametric knowledge of LLMs. We
selected three variations FT-L (Meng et al., 2022), FT-M (Zhang et al., 2024f), and LoRA (Hu et al.,
2022), which mitigate the catastrophic forgetting and over�tting issues of standard �ne-tuning.

• In-Context Editing is a training-free paradigm that associates LLMs with in-context knowledge
directly (Zheng et al., 2023; Shi et al., 2024; Fei et al., 2024). We adopted a simple baseline ICE
method in Zheng et al. (2023) that puts the new fact in context and does not require demonstrations.

• Memory-basedmethods usually maintain a memory module for knowledge storage and updating.
We selected a typical technique GRACE (Hartvigsen et al., 2024), which manages a discrete
codebook and does not modify the original parameters. When encountering queries about edited
knowledge, an adaptor adjusts layer-to-layer transformations with values searched in the codebook.
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Figure 3:Ef�cacy Scores of Knowledge Editing Methods. The “overall” refers to the Ef�cacy
Score (%) on the wholeHalluEditBench embracing 9 domains for different methods. The Ef�cacy
Score on each domain is also reported. Ef�cacy scores (%) are measured by the accuracy on Ef�cacy
Evaluation Question-answer Pairs, where the pre-edit scores of each LLM are ensured0%.

3 RESULTS AND ANALYSIS

In this section, we comprehensively analyze the experiment results on 9 domains and the overall
performance on the wholeHalluEditBench for different knowledge editing techniques from �ve
facets includingEf�cacy, Generalization, Portability, Locality, andRobustness.

3.1 FACET 1: EFFICACY

Since we have ensured that LLMs generate hallucinated answers to the Ef�cacy Evaluation Questions
before editing, the pre-edit Ef�cacy Score for all editing techniques is0%. Thus, Ef�cacy Scores
in Figure 3 can directly re�ect the effectiveness of different techniques in correcting real-world
hallucinations. We �nd thatthe effectiveness of some techniques can be far from what their
performance on previous datasets suggests, implying the potential unreliability of their previous
evaluation. For example, as shown in Table 1, although FT-M achieves near100%performance in
existing datasets such asWikiDatarecent, ZsRE, and WikiBio, its overall Ef�cacy Scores on Llama2-7B
and Mistral-v0.3-7B are only around60%. There is a similar performance drop for MEMIT.

Second, based on the overall Ef�cacy Scores across three LLMs,the following effectiveness ranking
generally holds: FT-L < FT-M < MEMIT < ROME < LoRA < ICE < GRACE. We can observe
that ICE and GRACE, which both preserve original weights in LLMs, outperform the other methods,
implying the potential disadvantage of directly modifying parameters for knowledge editing.

Third, we notice thatef�cacy scores of knowledge editing techniques could highly depend on
domains and LLMs. For example, the scores of FT-L on different domains and LLMs could be highly
distinct. The performance of FT-L and FT-M on Llama3-8B is higher than that on Mistral-v0.3-7B.

Insight 1: (1) The current assessment of knowledge editing could be unreliable; (2) ICE and
GRACE outperform parameter-modifying editing techniques such as �ne-tuning and “Locate-
then-Edit” methods onEf�cacy; (3) Domains and LLMs could have a high impact onEf�cacy.
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