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Abstract

Multimodal large language models (MLLMs)
are prone to non-factual or outdated knowledge
issues, highlighting the importance of knowl-
edge editing. Many benchmark has been pro-
posed for researching multimodal knowledge
editing. However, previous benchmarks focus
on limited scenarios due to the lack of rigor-
ous definition of multimodal knowledge. To
better evaluate multimodal knowledge editing,
we propose a decomposed definition of multi-
modal knowledge. Following the decomposed
definition of multimodal knowledge, we intro-
duce three scenarios and a novel requirement
modality consistency. We construct MC-MKE,
a fine-grained Multimodal Knowledge Editing
benchmark emphasizing Modality Consistency
through strict data selection. We evaluate sev-
eral multimodal knowledge editing methods on
MC-MKE, revealing their limitations, partic-
ularly in terms of modality consistency. Our
work highlights the challenges posed by multi-
modal knowledge editing and motivates further
research in developing effective techniques for
this task.

1 Introduction

With the developments of multimodal large lan-
guage models (MLLMs), their application has be-
come widespread across various fields. However,
these models struggle with the challenge that the
knowledge stored within them could be inaccu-
rate or outdated. Knowledge editing is aimed to
solve the problem. Following the conventional
definition of knowledge-editing in LLMs, a few
studies have proposed benchmarks for knowledge
editing in MLLMs (Cheng et al., 2024; Huang et al.,
2024; Li et al., 2024). However, these evaluation
datasets overlook a key difference between multi-
modal knowledge and textual knowledge, which
led them to ignore an additional requirements for
multimodal knowledge editing. Specifically, a mul-
timodal knowledge can be seen as a combination

@ Play for @

is X Play for X
Edit AR Consistency
=" Tl -
1 S
—>is \:, Play for = ~

@ Play for @
Wrong Knowledge in Model
— Right Knowledge in Model
- ~-> new Knowledge in Model

Figure 1: An example of multimodal knowledge editing.
Knowledge editing corrects the knowledge, allowing
it to accurately recognize the person as Messi instead
of Mac Allister. At the same time, to ensure the con-
sistency of multimodal knowledge, the edited model
should also correctly understand that the person in the
image plays for Miami FC instead of Liverpool.

of a visual knowledge part linking an image to the
corresponding entity and a textual knowledge part
related to the entity. To better handle and evaluate
multimodal knowledge editing scenarios, we define
multimodal knowledge in a decomposed format
consisting of visual knowledge and textual knowl-
edge in multimodal knowledge editing task. The
decomposition of multimodal knowledge brings up
the extra requirement modality Consistency.
Editing the knowledge requires ensuring consis-
tency across the corresponding visual, textual and
multimodal knowledge. For example, as shown in
Figure 1, the wrong visual knowledge in model is
(image of Messi, Mac Allister). Incorrect visual
knowledge combined with textual knowledge (Mac
Allister, play for, Liverpool) can lead to wrong
multimodal knowledge. Knowledge editing needs
to correct the corresponding visual knowledge so
that the model can successfully recognize the per-
son in the image as Messi. At the same time, it



is essential to ensure that the related multimodal
knowledge is also consistently updated, meaning
the corresponding multimodal knowledge should
be corrected to (image of Messi, play for, Miami).
We believe that a knowledge editing method should
always ensure the consistency of knowledge across
different modalities. This property is the essential
difference between multimodal knowledge editing
and uni-modal knowledge editing.

Following the decomposed definition of multi-
modal knowledge, we propose a multimodal knowl-
edge editing benchmark emphasizing modality con-
sistency (MC-MKE). MC-MKE consists of three
subsets, corresponding to three different scenar-
ios of multimodal knowledge editing. Our bench-
mark provides various scenarios for multimodal
knowledge editing and can more systematically
and comprehensively evaluate the performance of
a multimodal knowledge editing method in a fine-
grained manner on Reliability, Locality, Generality
and Consistency aspect.

We evaluate four of the most renowned multi-
modal knowledge editing methods including fine-
tuning, MEND (Mitchell et al., 2022a), IKE (Zheng
et al., 2023), and SERAC (Mitchell et al., 2022b)
on the three subsets of different editing scenarios.
We find that the performance of these methods is
far from satisfaction on MC-MKE. None of them
can achieve great performance on all three differ-
ent editing formats, especially for the consistency
metric. It is demonstrated that multimodal knowl-
edge editing is still challenging and requires further
exploration.

In summary, our contributions are as follows':

* We introduce a decomposed definition of multi-
modal knowledge in multimodal knowledge edit-
ing task. We introduce three scenarios and a
novel requirement Consistency based on the defi-
nition.

* We present MC-MKE, a new multimodal knowl-
edge editing benchmark with 112k train sam-
ples and 44k test samples that can evaluate mul-
timodal editing methods on various properties
under three different editing scenarios. The large-
scale dataset ensure the quality of the test results
and also provide abundant data resources for de-
veloping multimodal knowledge editing.

* We conduct experiments with various knowledge

'Our code and data will be released to the community to
facilitate future research after accepted.

editing methods on MC-MKE under different
scenarios. The results reveal the limitations of ex-
isting methods, especially for Consistency. We
found that editing the model component corre-
sponding to type of edit knowledge can obtain
better results of Consistency.

2 Related Works

2.1 Knowledge Editing

Knowledge editing aims to provide efficient and
lightweight solutions for updating knowledge in
models (Zhu et al., 2020). Several benchmarks
have been developed for this task, including
COUNTERFACT (Meng et al., 2022) for coun-
terfactual knowledge, MQuake (Zhong et al., 2023)
for multi-hop knowledge, AToKE (Yin et al., 2024)
for retaining old knowledge, and WIKIUPDATE
(Wu et al., 2024) for unstructured knowledge.

These benchmarks primarily address language
model editing, leaving multimodal model editing
underexplored. To address this gap, Cheng et al.
(2024) introduced the MMEdit benchmark based
on Visual QA (Antol et al., 2015) and Image Cap-
tioning (Herdade et al., 2019). Huang et al. (2024)
developed VLKEB, which uses multimodal Knowl-
edge Graphs (Liu et al., 2019) to evaluate vision
knowledge editing. Additionally, MIKE (Li et al.,
2024) focuses on fine-grained multimodal entity
knowledge editing. However, as shown in Table 1,
all previous work has neglected the organization of
multimodal knowledge and lacked a more rigorous
definition of multimodal knowledge editing, which
is what our work focuses on.

2.2 Multimodal Models

Multimodal large language models have developed
rapidly in recent years. BLIP-2 (Li et al., 2023b) ap-
ply Q-Former architecture to transform image input
into LLMs input tokens. LLaVA(Liu et al., 2024b)
and LLaVA-v1.5(Liu et al., 2024a) utilize linear
layers or perceptrons to map the vision features
into the inputs of LLMs. Through instruction tun-
ing on BLIP2, InstructBLIP(Dai et al., 2024) gains
the ability to follow the instructions on different
tasks. Notably, MiniGPT-4(Zhu et al., 2023) and
MiniGPT-v2(Chen et al., 2023) are also powerful
LVLMs that exhibit strong performance across var-
ious vision-language tasks. There are many other
MLLMs such as mPLUG-Owl(Ye et al., 2023), Ot-
ter(Li et al., 2023a) and Qwen-VL (Bai et al., 2023).
Among all MLLMs, GPT-4V(OpenAl, 2023) is the



Benchmark Edit_scenarios

Edit_requirements

Fine-grained

IE SRO IRO Reliability Locality  Generality  Consistency
MMEdit X X X v v v v X
VLKEB v v X X v v v X
MIKE v v X X v v v X
MC-MKE v v v v v v v v

Table 1: Comparisons of current multimodal knowledge editing benchmarks, MMEdit (Cheng et al., 2024),
VLKEB (Huang et al., 2024) and MIKE (Li et al., 2024). IE, SRO, and IRO represent different editing scenarios. v
and X mean whether the benchmark can provide data of corresponding editing scenario. In Fine-grained, v/ means
that the corresponding benchmark is constructed based on fine-grained entity information, while X means that the
benchmark is constructed around multimodal task data. Edit_requirements are the properties we expect from a good
editing method. v and X indicate whether the benchmark contains the ability to test these properties of editing

methods.

most powerful one now. We select some of these
MLLMs for our research.

3 Multimodal Knowledge Editing
3.1 Definition of Multimodal Knowledge

We believe a piece of multimodal knowledge can be
represented as a combination of visual knowledge
from image recognition of an entity and textual
knowledge triplet about the recognized entity. We
use (i,¢e) and (s,r,0) to represent visual knowl-
edge and textual knowledge, separately. We finally
decompose a piece of multimodal knowledge as:

K(i,e,s,7,0) = (i,€) Xe=s (s,7,0) (1)

Further, in many cross-modal datasets, most in-
stances represent multimodal knowledge in the
form of (4,7, 0) because there is no need to explic-
itly mention the intermediate entity e (and s). So
another combined form of multimodal knowledge
can be denoted as:

(i,€) Xe=s (s,7,0) = (i,7,0) 2)

In summary, (i,e¢),(s,r,0),(i,7,0) are three
types of knowledge involved in multimodal knowl-
edge editing. A specific example can be seen in
Figure 2, where the relevant relation and entities of
the knowledge are highlighted in the sentence with
corresponding colors.

3.2 Requirements of MMEdit Method

Consistency Consistency means that after any com-
ponent (e, s,r,0) in multimodal knowledge 2 is
edited, such a equation still holds like 3, where
€, s, 7,0 correspond to the possibly edited knowl-
edge.

(i, é) Xe=3 (57 T, 6) = (Zv T, 6) 3)

Reliability Reliability requirement of multimodal
knowledge editing refers to the success rate of edits
under the corresponding editing format.

Locality Locality means that multimodal editing
should not affect unrelated knowledge when editing
the corresponding knowledge.

Generality Generality means that after a piece of
multimodal knowledge is edited, the model should
not only output the edited knowledge under the
exact input used for editing. It needs to provide
correct edited responses under various generaliza-
tions, such as rephrased textual input or different
images of the same entity.

3.3 Edit scenarios of MMEdit

As shown in the example in Figure 2, we define
three different edit scenarios: IE_edit, SRO_edit,
and IRO_edit.

IE_edit IE_edit focuses on editing knowledge re-
lated to image-to-entity recognition, denoted as
(i,e — €). If we want to edit the model’s recogni-
tion of an entity in an image, we input the image
and modify the model’s recognition output for this
image to a new output (e.g. telling the model the
person in Figure 2 is Messi rather than Mac Allis-
ter).

In IE_edit, after perfoming (i,e — €), consis-
tency means that, following Eq (3), the edited multi-
modal knowledge should be (i, 7,0) = (4,€) Xz=3
(8,7,0), with (i, 7, 6) being the consistency knowl-
edge to be checked. Using the same example, after
the player in Figure 2 is edited from Mac Allister
to Messi, the club which player in the image plays
for should be changed from Liverpool to Miami
FC correspondingly.
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Figure 2: The left represents an example of visual knowledge (4, ¢), textual knowledge (s, 7, 0) and the corresponding
multimodal knowledge (i, 7, 0). The right provides an overview of Consistency on different editing scenarios. The
red represents the editing operation, while the purple indicates the requirement to maintain consistency in the

corresponding scenario.

SRO_edit SRO_edit focuses on editing specific
textual knowledge triplets (s,r,0 — 0) without
requiring image information, e.g., directly telling
the model Messi plays for Miami FC instead of
Liverpool. However, to unify the input format of
multimodal large language models, we use a black
image as visual input in SRO_edit (Subsequent ex-
periments in Appendix A show that when using
questions generated from textual knowledge as in-
put, the type of input image does not significantly
impact the accuracy of the answers as long as the
image does not contain relative content.).

In SRO_edit, after performing (s, 7,0 — o), con-
sistency means that, following Eq 3, the edited mul-
timodal knowledge should be (i, €) Xe—s(s,7,0) =
(i,7,0), with (i, r, 0) being the consistency knowl-
edge to be checked. Using the same example in
Figure 2, after the club Messi plays for is edited
from Liverpool to Miami FC, the club the player in
the image plays for should also be changed from
Liverpool to Miami FC correspondingly.
IRO_edit Many multimodal datasets and tasks
only possess the final multimodal data (i, 7, 0) and
may not contain its decomposed items (i, €) and
(s,7,0), indicating that directly editing (i, 7, 0) is
also a potential knowledge editing scenario. How-
ever, when (i,7,0 — 0) is edited, we are actu-
ally implicitly editing its decomposed (i,e) or
(s,r,0) knowledge. For example, we can actu-
ally perform either an implicit IE_edit (i,e —
€) X¢=z (8,7,0) = (i,r,0 — 0) or an implicit
SRO_edit (i, €) Xe=s (s,7,0 = 0) = (i,7,0 — 0)
to achieve this target.

Therefore, a unique requirement in IRO_edit is

that, even though the corresponding visual knowl-
edge or textual knowledge is not explicitly identi-
fied, an effective editing method should implicitly
understand and update which piece of knowledge
should be edited, such as through utilizing reasons
of this editing. For example in Figure 2, we are
telling the model the person in the image plays for
Miami FC instead of Liverpool due to player trans-
fer, which indicates that the entity recognized in the
image remains unchanged but the corresponding
textual knowledge should be changed. An effective
knowledge editing method should correctly com-
prehend this reason perform the correct implicit
editing (in this case, the model should actually per-
form SRO_edit).

Theoretically, either (i,e — €) or (s,r,0 —
0) can be possible implicit ways of performing
IRO_edit. However, there could be many non-
unique € which satisfy this requirements when
IRO_edit is performed through (i,e — ¢€), so
we only consider IRO_edit implicitly performed
through (s,7,0 — 0) in our research and our
dataset provides automatically generated reasons
to ensure this.

Therefore, the consistency in IRO_edit means
that after (i, 7, 0 — 0) is performed, following Eq
3, the edited multimodal knowledge should still be
(i,€) Xe=s (s,7,0 = 0) = (i,7,0 — 0), but this
time with (s, 7, 0) being the consistency knowledge
to be checked. Still taking Figure 2 as an example,
after telling the model the person in the image plays
for Miami FC instead of Liverpool, the club Messi
plays for should also be modified to Miami FC
from Liverpool.
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extracted from the MQuAKE dataset. The image of s is crawled and filtered from Google. We generate the entity
categories and constructed ie_question and iro_question. The right is the data selection process, only the instance
where all three questions can be successfully answered by all tested MLLMs(n=3), is retained in the original data

D44 for knowledge editing.

4 MC-MKE Benchmark Construction

Since pure textual knowledge editing datasets are
constructed from textual knowledge triplets (s, 7, 0)
and contain editing information (s,r,0 — 0),
we apply the textual knowledge editing dataset
MQUuAKE (Zhong et al., 2023) as the starting point
to construct our multimodal knowledge editing
dataset MC-MKE. MQuAKE, as a text knowledge
editing dataset, contains knowledge triplets, related
editing information and textual questions as test
input. Each instance in MQuAKE corresponds to
a textual knowledge triplet and its textual editing
information.

4.1 Data Selection

Different from previous editing datasets, we per-
formed strict data selection from the original
MQuAKE dataset to achieve a high-quality dataset,
to meet the requirement for rigorous consistency
evaluation.

Based on the previous definition of multimodal
knowledge, as seen in Eq (2), in order to rigorously
evaluate the impact of knowledge editing on multi-
modal knowledge, we require that the model must
be able to successfully answer the corresponding
questions in all three scenarios for the original mul-
timodal knowledge before editing. Otherwise, for
example, even if the model successfully edits the
visual knowledge (i,e — €) and maintains con-
sistency, but its textual knowledge (5(€),r,0) is

incorrect, it will not be able to infer the multimodal
knowledge (4,7, 0). The specific process for con-
structing and filtering the raw data is shown in Fig-
ure 3. We first extract the textual knowledge triples
(s,r,0) and their corresponding sro_question from
the MQuUAKE dataset. Based on experiment A, we
use textual questions with black images as inputs.
Next, we retrieve images of s from Google and ap-
ply the CLIP to filter the images, while employing
the GPT to generate the entity category of s. We
then construct the corresponding ie_question and
iro_question to test whether the model correctly
understand the corresponding (i,¢e) and (7,7, 0)
knowledge. We selected LLaVA-v1.5, Instruct-
BLIP, and MiniGPT-v2 as the MLLMs for testing.
Only the data where all three questions are suc-
cessfully answered by all tested MLLMs will be
retained as the raw data D, g.

More details about data selection and generation
quality assessment can be found in Appendix C.

4.2 Dataset Construction

Reliability Data Construction For multimodal
knowledge in our filtered dataset D,;, we sequen-
tially construct editing data under different editing
scenarios. For IE_edit, our editing inputs consist of
images and automatically generated textual inputs.
We choose to use an entity € of the same category
as the entity e as the editing target. Additionally,
we require that D,,;, contains the corresponding
(s(e),7,0) data. If this condition is not guaran-



teed, the corresponding é cannot be used as the
edit target because consistency cannot be evaluated.
For SRO_edit, our editing inputs consist of textual
questions with black image, with the editing target
being the corresponding new knowledge o given in
MQuAKE dataset. We also require that o is of the
same category as o. For IRO_edit, our editing input
is constructed based on the input from SRO_edit,
combined with entity categories and templates. The
target 0 is chosen from the corresponding data in
the SRO_edit editing dataset. More strict require-
ments can be seen in Appendix C. A statement
which is constructed with the updated knowledge
(as shown in the left part of Fig 2) will serve as
the editing input according to different scenarios.
When editing knowledge on IRO_edit scenario, we
will add the possible reason generated from GPT
into statement according to sec 3.3. The input of
Reliability Data is then constructed from the edited
knowledge.

Consistency Data Construction For an edited
knowledge, we first find the corresponding consis-
tency test knowledge, according to Sec 3.3 under
different scenarios, and then construct the corre-
sponding test input from the consistency test knowl-
edge.

Locality Data Construction This part contains
multiple locality inputs and corresponding locality
outputs. For each edit, we randomly select different
instances with knowledge unrelated to the current
edited knowledge but of the same editing scenario
as locality data to check whether this edit affects
unrelated knowledge. Each edit corresponds to five
test data instance for locality.

Generality Data Construction Generality data
consists of Image Generality data and Text Gener-
ality data. In Image Generality, we construct test
input with different images of the corresponding
entity for each edit. We crawl similar images from
the web and use CLIP to choose the most similar
ones. Each edit corresponds to five test data in-
stance for Image Generality. In Text Generality, we
first construct test input from the edited knowledge
and then generate different paraphrases with GPT
as final test input. Each edit corresponds to five test
data instance for Text Generality.

4.3 Benchmark statistics

We create MC-MKE consisting of a training set
with 111904 samples and a test set with 44118

Edit format  IE_edit SRO_edit IRO_edit  All
#Data 3544 5968 5968 15480
#Relation 37 30 30 37
o #Entity 3544 5230 5230 5407
E #Alias(avg.)  14.18 13.62 13.62 13.75
#Image 21264 - 20790 22134
#Category 142 342 342 343
#Input Samples 28352 35808 47744 111904
#Data 920 982 982 2884
#Relation 28 30 30 30
- #Entity 810 1041 1041 1424
é #Alias(avg.)  20.46 17.02 17.02 18.11
#Image 2358 - 1311 2550
#Category 49 76 76 76
#Input Samples 15640 11784 16694 44118

Table 2: The statistic of different subsets of MC-MKE.
#Data refers to the number of knowledge entries. #
Relation refers to the types of relation on related
knowledge.#Entity refers to the total number of enti-
ties appeared including s, o and e. #Alias refers to the
number of answer aliases. #Image refers to the number
of images. #Input Samples refers to the total number of
test inputs.

samples. Methods such as SERAC can apply train-
ing set to adjust their configuration. The test set
consists of a total of 2884 pieces of knowledge
across three different edit formats. The associated
knowledge involves a large number of entities and
relations, indicating the diversity of MC-MKE. It
also has an average of 18.11 answer aliases per sam-
ple, significantly reducing misjudgments of the ex-
act match metrics. Dataset statistics are presented
in Table 2. More details and examples about our
dataset can be found in Appendix C and D.

5 Experiments

5.1 MMEdit Methods

There have been many single-modal (text) knowl-
edge editing methods for , while multi-modal
knowledge editing methods have not been fully
explored. Therefore, we select the following rep-
resentative editing methods including Finetuning,
MEND (Mitchell et al., 2022a), IKE (Zheng et al.,
2023) and SERAC (Mitchell et al., 2022b) in single-
modal knowledge editing for evaluation following
previous setting(Cheng et al., 2024). More details
of these editing methods can be seen in Appendix
B.
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Figure 4: Results on IE_edit,SRO_edit and IRO_edit for tested editing methods on two MLLMs. Since models do
not support multiple image inputs, we use O for Locality and Image Generality in IKE on IE_edit and IRO_edit.

Detailed results can be found in appendix E.
5.2 Results & Analysis

Consistency of Existing Methods Based on the
experimental results in Figure 4, we found that in
IE_edit scenario, most knowledge editing methods
perform poorly in terms of consistency across both
models. In the SRO_edit and IRO_edit scenarios,
the consistency performance is relatively higher.
However, in SRO_edit and IRO_edit, the output of
their corresponding consistency output matches the
required edited output, with only the input informa-
tion being different according to Sec 3.3. In these
two editing scenarios, high Consistency without
high Locality may come from overfitting. Only
when a method achieves high Consistency across
all three editing scenarios can its Consistency prop-
erty be considered trustworthy.

According to Figure 4, the FT(Vision) maintains
high Consistency among all training-based meth-
ods on InstructBLIP, indicating that the FT(Vision)
is not solely overfitting to obtain Consistency un-
der IE_edit scenario. Overall, IKE shows good
Consistency while maintaining a certain degree of
Locality. However, even IKE shows unsatisfactory
consistency performance on the IE_edit scenario,
and its consistency performance on MiniGPT-v2
on SRO_edit and IRO_edit scenario is even worse.

This indicates that the current tested methods ig-
nore Consistency during development, resulting in
their inability to maintain high consistency across
all scenarios.

Editing Methods on Different Scenarios There
are some findings regarding different scenarios ac-
cording to Figure 4. Some knowledge editing meth-
ods are sensitive to different scenarios on some as-
pects, while others are not. Specifically, the MEND
knowledge editing method exhibits consistent char-
acteristics across different models and scenarios,
with similar shapes in the radar charts for various
tests. It demonstrates high locality across all testing
environments. However, its performance in reliabil-
ity, generality, and consistency is poor. Overall, in
the IE_edit scenario, MEND’s reliability typically
performs better. This may be because MEND con-
duct editing through mapping the corresponding
changed knowledge to the corresponding parame-
ter changes, and the mapping of (i, ) knowledge
is relatively more straightforward. MEND may be
easier to map the corresponding (i, ) knowledge
changes to the corresponding parameter changes. w
IKE places the edited knowledge into the input con-
text, requiring the model to answer the questions
based on the context. The variation in results is



caused by the different reasoning abilities required
by the model in different scenarios. Additionally,
the inherent reasoning capabilities of different mod-
els also affect the variation in IKE results. Overall,
the performance of the IKE method is relatively
unstable.

The FT method directly fits the edited input
by training the specified parameters. Its consis-
tency varies significantly across different scenar-
i0s. Considering its generally low locality in most
cases, this may be caused by overfitting, as men-
tioned earlier. Its reliability and generality are rel-
atively high across most scenarios, indicating that
the FT method can successfully fit the correspond-
ing edited knowledge. However, the ability of this
method to protect other knowledge and maintain
consistency still needs improvement.

SERAC performs well on most of the exper-
iments, but its consistency remains low in the
IE_edit scenario. We believe that, although the clas-
sifier SERAC applys can effectively distinguish be-
tween inputs related to edited knowledge and those
that are not, it still cannot directly improve consis-
tency. Even if the classifier identifies the need to
use the counterfactual model to answer questions
in the consistency test, the ability to respond to
the consistency test still depends on the counter-
factual model itself, which is obtained from the
fine-tuning strategy. What’s more, the performance
of SERAC relies heavily on the classifier perfor-
mance, whether the classifier can correctly identify
the appropriate model for the given input. We find
that in the Text Generality of IRO_edit, the classi-
fier of SERAC often fails to properly classify the
inputs for text generality, leading to selecting the
wrong model and thereby reducing performance.

Editing Different Components Cheng et al.
(2024) mentioned the visual module is harder to
edit compared to the text module. Based on our
experimental results, this point holds true in some
experiments. For MEND, meta-learning requires
predicting network changes corresponding to the
knowledge edits, and editing the visual module to
output the edited knowledge is more challenging.
As a result, in most cases, using MEND(Vision)
tends to result in lower Reliability according to Fig-
ure 4. However, while the MEND approach does
help prevent the modification of irrelevant knowl-
edge to some extent, editing the LLM module with
MEND still often achieves lower locality as shown
in Figure 4. Across the three datasets, FT(Vision)
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Figure 5: The Result of Consistency of FT and MEND
when editing different component(Vision or LLM) of
InstructBLIP and MiniGPT-v2 on three different scenar-
ios.

often achieves reliability similar to FT(LLM). On
MiniGPT-v2, FT(Vision) results in higher locality.

Apart from previous difference, we also found
that editing the corresponding part based on the
edit scenario could yield better results in certain as-
pects according to Figure 5. From the consistency
aspect, for the IE_edit data, the edited knowledge
is primarily visual knowledge. Whether using the
FT or MEND method, editing in the Vision mod-
ule achieves better consistency. For the SRO and
IRO scenarios, the edited knowledge is primarily
textual, and in this case, both the FT and MEND
methods, particularly in the LLM component of the
model, achieve better consistency results. These
results hold true for the tested models, InstructBlip
and MiniGPT-v2. This may suggest that different
types of knowledge are more closely related to the
corresponding parts in MLLMs. Therefore, we be-
lieve that in the future, studying the appropriate
editing methods for different types of knowledge
should be an important direction.

6 Conclusion

We refine the definition of multimodal knowledge
and introduce a new benchmark MC-MKE. We
conduct experiments to analyze the effectiveness
of several multimodal knowledge editing methods
across different models, editing scenarios, and com-
ponents. We find that these methods have limita-
tions, and cannot achieve perfect performance on
different editing scenarios. To maintain consis-
tency, it may be better to edit the model compo-
nents corresponding to the specific knowledge part.



Limitations

The main limitations of our work are related to lim-
ited knowledge editing methods and multimodal
large language models. We only provide results
on MLLMs with 7B checkpoint. We were unable
to test larger checkpoints, due to resource con-
straints.As we study the latest MLLMs on four
knowledge editing methods which have not been
discussed in prior work, we need to implement
them from scratch. We end up implement four
knowledge editing methods, Finetuning, MEND,
IKE and SERAC.

Ethical Considerations

MC-MKE: is a synthetic dataset constructed by
randomly modifying the factual knowledge triplets,
rather than being crafted by humans. The data
samples could accidentally involve context which
is toxic or offensive in nature. ChatGPT is used for
data annotation and assisting writing.
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A Pre-experiments

SRO_edit focuses on editing a textual knowledge
triplets (s, 7, 0), inherently requiring no additional
visual inputs. But to align with the standard input
format of MLLMs, we input a black image as the
visual placeholder. In this section, we present a
preliminary experiment to explore different choices
of the input visual images including black images,
white images and random noise. The accuracy of
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InstructBLIP with these three types of images on
SRO_edit are 95.11, 96.53 and 94.70 respectively.
It is shown that these uninformative images barely
have influence on the results.

B Experiment Details

Finetuning Details Finetuning is one of the most
widely used and apparent methods for improving or
modifying the abilities of pre-trained models and
is also generally used as a baseline for knowledge
editing. Since one can select the model component
to finetune, it is natural to explore the differences
between finetuning different model components.
We focus on finetuning two parts: the alignment
module and the LLM component of an MLLM. For
the LLM component, we only finetune the last layer.
We list the hyper-parameters used for finetuning in
Table 3. MiniGPT-v2 and InstructBLIP share the
same hyper-parameters.

Learning Rate Se-4
Steps 16
Optimizer AdamW
Weight Decay 0.05

Table 3: Hyper-Parameters used for finetuning.

MEND Details Model Editor Networks with
Gradient Decomposition (MEND) (Mitchell et al.,
2022a) is an editor network mapping a single de-
sired input-output knowledge pair to the corre-
sponding parameter update of the original model.
Specifically, the input-output knowledge pair pro-
vides a standard fine-tuning gradient as a starting
point for editing updates. Then MEND directly
transforms the gradient to a better parameter up-
date ensuring both generality and locality. Train-
ing process of MEND requires additional training
data specific to the underlying model. Following
(Mitchell et al., 2022a), we construct an edit dataset
and a locality dataset for both InstructBLIP and
MiniGPT-v2. We leverage the data filtered in Sec-
tion 4.1 as the edit dataset, sharing identical dis-
tribution with MC-MKE. Since both InstructBLIP
and MiniGPT-v2 leverage MS COCO(Lin et al.,
2015) for pretraining, we include it as the local-
ity training dataset. We search for three important
hyper-parameters cj,., Ceqi¢ and learning rate on
each experimental setting for ten times. We found
that MEND is very sensitive to hyperparameters,
especially when the target module is small (e.g. the
MEND(Vision) setting in our main experiment).
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IKE Details In-Context Knowledge Editing
(IKE)(Zheng et al., 2023) enables knowledge
editing by incorporating demonstration examples
within the input data to update and acquire new fac-
tual knowledge without the requirement of further
training. Considering the limitation on the num-
ber of input images, we choose to implement the
zero-shot version of IKE.

SERAC Details SERAC(Mitchell et al., 2022b)
proposes a memory-based editing approach. The
approach consists of a classifier and a counterfac-
tual model. The classifier chooses whether to use
the counterfactual model or not based on the rela-
tion between the given input and edit memory.

Since our tasks are multimodal, we use a neural
network trained on the training set as the classifier.
The neural network consists of a CLIP feature ex-
traction layer and an MLP classification layer. We
set the learning rate of the classification layer to
0.0005. Since consistency requires the model to
have reasoning abilities, we opted to continue using
the large model as the counterfactual model. Specif-
ically, we employ a large model with its LLM part
fine-tuned on the edited knowledge as the counter-
factual model.

MLLMs Details InstructBLIP is a multimodal
large language model that consists of three mod-
ules. Its multimodal alignment module consists of
a Qformer structure and a linear layer network to
connect its vision and large language model mod-
ule. We use InstructBLIP equipped with Vicuna-7B
(Chiang et al., 2023).

MiniGPT-v2 utilizes a linear projection layer
as an alignment module to map visual features to
LLM feature space. Compared with InstructBLIP,
MiniGPT-v2 has a smaller alignment module but
still more input visual features. We use MiniGPT-
v2 equipped with Llama-2-Chat-7B (Touvron et al.,
2023).

C Data Details

Entity Alias To facilitate entity evaluation, we col-
lect alias of entities for all answers from the original
dataset D,4,,. However, since we will edit some
of the subject entities, we also used alias data from
Wiki as a supplement to construct the final entity
alias library. All of our matching is performed with
entities and their corresponding aliases.

Edit input Construction Details We choose to
use an entity € of the same category as the entity
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e and we require that the corresponding textual
knowledge triplet (S, 7, 0), which § = € exists in
Dorig-

Locality Construction Details We ensure that
these selected entities differ from those of the
current knowledge. Formally, the knowledge
Koo (i€, 8,1, ') for locality test of knowledge
K(i,e,s,7,0) must satisfy the condition ¢/ #
i, # e s # s,7 # r,o # o. We randomly
sample five pieces of knowledge to serve as the
locality test data.

Entity Category Generation Evaluation We
employ ChatGPT to generate the category of a
given entity. To verify the quality of categories
generated by ChatGPT, we randomly sampled 200
items and invited two annotators to independently
verify whether the entities mentioned in these items
matched their respective categories. The average
agreement between the annotators was 98%, with
a consistency rate of 97%, indicating that the gen-
erated entity categories are highly reliable. An
example of a generated entity category is: "google"
: "company".

Training set Construction Except for not under-
going the original problem filtering, the construc-
tion of the train data is similar to that of the test
set. We utilize some of the filtered data to construct
training set. For the filtered data which are not in
Dyyig, we directly apply the question in MQUAKE
dataset as text generality textual input, and use the
images from google as image generality visual in-
put.

Rephrase Generation Evaluation We employ
ChatGPT to generate Generality data. To verify
the quality of rephrases generated by ChatGPT, we
randomly sampled 100 items each associated with
4 paraphrased sentences and asked two annotators
to independently assess the quality of each para-
phrased sentence, marking them as O for bad quality
and 1 for good quality. The average scores for the
400 paraphrase results were 0.9675, respectively,
with an agreement of 98%, demonstrating that the
quality of our paraphrases is sufficiently reliable.
An example of paraphrased sentence is: Origin :
"Who performed Folsom Prison Blues?" Rephrase :
"Who was the performer of Folsom Prison Blues?"

D Prompts

We designed specific prompts and instructions for
GPT-3.5-turbo-16k to rephrase the textual input for



Prompts and Instructions

You are a helpful assistant.

Please rephrase the following original text with 10 differ-
ent and diverse expressions, maintaining exactly the same
meanings.

Note that you must not add any additional information and
not delete or lose any information of the original text.

Original Text:
{source}

5 Rephrased Texts:

Table 4: Prompts and instructions used for rephrasing
the textual input for the text generalization dataset.

Prompts and Instructions

You are a powerful fine-grained entity category generator.
User will give the name of entity, and you will help answer
the fine-grained categoty of the entity. The answer is the
categoty only.

There are some examples: Given entity Cameroon, a pos-
sible answer should be "country".

Given entity David Beckham, a possible answer should be
"person".

Given entity The Great Gatsby, a possible answer should
be "book".

Given entity Producers’ Showcase, a possible answer
should be "TV show".

Given entity Lady Madonna, a possible answer should be
"song".

Given entity Cox Enterprises, a possible answer should be
"company".

The given entity is {}, a possible answer is:

Table 5: Prompts and instructions used for generating
fine-grained entity types.

the text generalization dataset and generate fine-
grained entity types, as shown in Table 4 and Table
5, respectively.

We provide editing and testing inputs of different
types of multimodal knowledge editing in Table 6,
Table 7 and Table 8.

E Detailed Results

We present detailed experiment results in Table 9,
10, 11 corresponding to Figure 4.
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Textual Inputs

Edit
input

Question: The book in the pic-
ture is
é: The Pilgrim’s Progress

Dr

Question: The book in the pic-
ture is

t,-: The Pilgrim’s Progress
Alias:  Pilgrim’s Progress,
Land of Beulah, ...

DPec

Question: The book in the pic-
ture was written in the lan-
guage of

t.: English

Alias: en, eng, English lan-
guage, ...

pi

ESril

Question: Which TV channel
is shown in the picture?

t;: ESPN

Alias:  Entertainment and
Sports Programming Network

THE INVISIBLE MAN.

Question: The book in the pic-
ture is

téw : The Pilgrim’s Progress
Alias:  Pilgrim’s Progress,
Land of Beulah, ...

Question:  Which book is
shown in the picture?

t4: The Pilgrim’s Progress
Alias:  Pilgrim’s Progress,
Land of Beulah, ...

Table 6: IE_edit multimodal input examples.



Input Textual Inputs
Question: The official work
language of the book in the pic-
. ture has changed.
~ Edit The book in the pict
Input Visual Textual Inputs input © DOOK In Hhe picture was
Inputs written in the language of
0: Sanskrit
Question: Invisible Man was
Edit written in the language of
input &: Sanskrit Question: The book in the pic-
ture was written in the lan-
guage of
Question: Invisible Man was br t,.: Sanskrit
written in the language of Alias: Samskrta, Samskrtam,
Dr tr: Sanskrit Sanskrit language, ...
Alias: Samskrta, Samskrtam,
Sanskrit language, ... Question: Invisible Man was
- - - written in the language of
Question: The book in the pic- Pe to: Sanskrit
ture was written in the lan- Alias: Samskrta, Samskrtam,
Pe guage of Sanskrit language, ...
te: Sanskrit
Alias: Samskrta, Samskrtam, Question: Who is the devel-
Sanskrit language, ... oper of the operating system
in the picture?
Question: What is the country D t,: Microsoft
of citizenship of Warren Buf- Alias: MSFT, Microsoft Corp.,
fett?
DL t;: United States of America
Alias: the United States, the
United States of America, ... Question: The book in the pic-
ture was written in the lan-
Question: Which language guage of .
was Invisible Man written in? Ps téw, : Sanskrit
- tg": Sanskrit Alias: vSamskrta, Samskrtam,
Py Alias: Samskrta, Samskrtam, Sanskrit language, ...
Sanskrit language, ...
Question: Which language
was the book in the picture
Table 7: SRO_edit multimodal input examples. o7 written in?

th: Sanskrit
Alias: Samskrta, Samskrtam,
Sanskrit language, ...

Table 8: IRO_edit multimodal input examples.



Edit L . Image Text .
Model Method Reliability Locality Generality Generality Consistency
FT(Vision) 89.57 0.34 90.30 24.10 38.07
FT(LLM) 98.48 0.03 96.41 78.04 9.09
InstructBLIP MEND(Vision) 32.39 93.15 23.43 29.73 18.37
MEND(LLM) 88.58 53.23 85.21 86.49 9.46
IKE 68.26 / / 76.33 49.05
SERAC 98.48 87.65 96.41 68.41 9.09
FT(Vision) 98.04 66.43 91.52 98.13 16.67
FT(LLM) 95.76 0.59 91.48 93.41 8.71
.. MEND(Vision) 7.57 56.73 5.69 6.17 11.36
MiniGPT-v2 MEND(LLM) 26.52 67.34 20.17 29.19 454
IKE 47.61 / / 25.24 60.60
SERAC 95.76 83.85 91.48 81.48 8.71

Table 9: Experimental results on IE_edit data for four editing methods editing two different model components on
two MLLMs. The highest value is highlighted in bold.

Edit

Text

Model Method Reliability Locality Generality Consistency
FT(Vision) 91.75 4.23 17.84 87.57
FT(LLM) 99.49 3.95 79.59 90.43
InstructBLIP MEND(Vision) 13.64 95.03 10.00 3.86
MEND(LLM) 66.49 79.34 72.85 55.90
IKE 81.06 94.18 55.87 73.73
SERAC 99.49 89.53 65.05 90.43
FT(Vision) 98.78 24.81 97.68 31.67
FT(LLM) 97.35 2.01 93.73 91.24
.. MEND(Vision) 4.37 93.50 3.29 2.74
MiniGPT-v2 MEND(LLM) 2.85 76.96 2.62 3.25
IKE 30.55 91.26 24.83 21.18
SERAC 97.35 91.43 75.05 91.24

Table 10: Experimental results on SRO_edit data for four editing methods editing two different model components
on two MLLMs. The highest value is highlighted in bold.

Edit

Image

Text

Model Method Reliability Locality Generality Generality Consistency
FT(Vision) 84.83 2.75 85.07 34.25 76.37
FT(LLM) 91.65 4.85 91.47 81.87 86.46
InstructBLIP MEND(Vision) 24.13 85.88 19.20 33.11 5.49
: MEND(LLM) 70.57 64.78 72.05 86.00 50.50
IKE 71.59 / / 82.83 48.17
SERAC 91.65 99.06 91.47 26.01 86.46
FT(Vision) 98.98 73.71 93.32 98.78 24.13
FT(LLM) 88.49 2.04 87.25 86.99 84.32
. MEND(Vision) 6.21 76.00 4.52 5.45 2.13
MiniGPT-v2 MEND(LLM) 34.21 67.31 25.49 4391 6.72
IKE 62.73 / / 62.48 21.49
SERAC 88.49 97.25 87.25 26.92 84.32

Table 11: Experimental results on IRO_edit data for four editing methods editing two different model components
on two MLLMs. The highest value is highlighted in bold.

14



	Introduction
	Related Works
	Knowledge Editing
	Multimodal Models

	Multimodal Knowledge Editing
	Definition of Multimodal Knowledge
	Requirements of MMEdit Method
	Edit scenarios of MMEdit

	MC-MKE Benchmark Construction
	Data Selection
	Dataset Construction
	Benchmark statistics

	Experiments
	MMEdit Methods
	Results & Analysis

	Conclusion
	Pre-experiments
	Experiment Details
	Data Details
	Prompts
	Detailed Results

