The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

MedMKEB: A Comprehensive Knowledge Editing Benchmark for Medical
Multimodal Large Language Models

Dexuan Xu!, Jieyi Wang?, Zhongyan Chai’, Yongzhi Cao', Hanpin Wang',
Huamin Zhang®, Yu Huang**
'School of Computer Science, Peking University
2School of Software and Microelectronics, Peking University
3Institute of Basic Theory of Chinese Medicine, China Academy of Chinese Medical Sciences
“National Engineering Research Center For Software Engineering, Peking University

Abstract

Recent advances in multimodal large language models
(MLLMs) have significantly improved medical Al, enabling
it to unify the understanding of visual and textual informa-
tion. However, as medical knowledge continues to evolve, it
is critical to allow these models to efficiently update outdated
or incorrect information without retraining from scratch. Al-
though textual knowledge editing has been widely studied,
there is still a lack of systematic benchmarks for multi-
modal medical knowledge editing involving image and text
modalities. To fill this gap, we present MedMKEB, the first
comprehensive benchmark designed to evaluate the reliabil-
ity, generality, locality, portability, and robustness of knowl-
edge editing in medical multimodal large language models.
MedMKEB is built on a high-quality medical visual question-
answering dataset and enriched with carefully constructed
editing tasks, including counterfactual correction, semantic
generalization, knowledge transfer, and adversarial robust-
ness. We incorporate human expert validation to ensure the
accuracy and reliability of the benchmark. Extensive ex-
periments on state-of-the-art general and medical MLLMs
demonstrate the limitations of existing knowledge editing
methods in the medical domain, highlighting the need to de-
velop specialized editing strategies.

Datasets — https://github.com/pkusixspace/MedMKEB

Introduction

Medical Multimodal Large Language Models (Medical
MLLMs) have become powerful tools with the ability to an-
swer clinical questions, interpret medical images, and sup-
port a variety of medical decisions (Xiao et al. 2025). Such
models are usually trained on large-scale medical image-text
pairs and can capture the complex relationship between vi-
sion and language. However, when medical facts change,
how to accurately and locally edit existing knowledge in the
model without affecting its overall performance remains a
key issue that has not been fully explored (Xu et al. 2025).
Knowledge editing is a method that can update, modify,
or delete model-specific knowledge without retraining the
model. It has become a research hotspot in natural language
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processing in recent years. Existing work mainly focuses on
plain text language models and benchmark datasets, such
as ZsRE (Levy et al. 2017) and CounterFact (Meng et al.
2022). However, in the medical field, knowledge is inher-
ently multimodal: medical judgments often rely on the com-
prehensive analysis of visual evidence, such as radiological
images and pathological images, as well as professional text
information. Therefore, the multimodal medical knowledge
editing task urgently needs new task definitions, benchmark
designs, and evaluation methods.

Unlike knowledge editing in general fields, medical
knowledge editing is uniquely challenging, and its nature
is reflected in high risk, multimodal complexity, and high
professionalism (Xu et al. 2024a). First, medical knowledge
often relies on the joint understanding of image evidence
and text context (Chen et al. 2025b). Second, in clinical
applications, incorrect knowledge editing may have serious
consequences, so it is not only required to be accurate in
facts, but also to comply with the latest medical guidelines
and clinical reasoning standards (Chen et al. 2025a). Third,
medical concepts usually have a hierarchical structure and
are closely related to each other, and knowledge editing re-
quires extremely high precision and granularity (Huang et al.
2025). These characteristics determine that medical knowl-
edge editing requires more professional editing mechanisms
and evaluation standards than general methods.

To address these challenges, we propose MedMKEB,
the first comprehensive benchmark tailored for the task of
knowledge editing in medical multimodal large language
models. MedMKEB consists of high-quality medical visual
question answering data covering multiple medical modali-
ties, tasks, and body parts. It supports systematic evaluation
from five fundamental perspectives: (1) Reliability: whether
the model is consistent with newly injected knowledge; (2)
Locality: whether irrelevant knowledge is unaffected; (3)
Generality: whether the model can apply edited knowledge
to semantically similar but unseen cases; (4) Portability:
whether the knowledge can be transferred to related reason-
ing contexts. In addition, we propose the fifth dimension (5)
Robustness to test the stability of the edited model under
adversarial prompts commonly seen in clinical settings.

In the process of constructing MedMKEB, we designed a
series of challenging editing samples, including counterfac-
tual replacement, text semantic rephrasing, image replace-
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Figure 1: The construction pipeline of MedMKEB.

ment, and multi-hop reasoning chain construction based on
a medical knowledge graph. To simulate the interference
in the real clinical environment, we also designed a variety
of adversarial question injection strategies, such as ambigu-
ous wording, misleading context, redundant clinical infor-
mation, etc. All generated data are manually reviewed by
medical experts to ensure their professionalism and validity.
Based on MedMKEB, we test state-of-the-art general and
medical multimodal large language models. Extensive ex-
periments have shown that existing knowledge editing meth-
ods exhibit limitations in the medical domain, underscoring
the need for specialized editing strategies.
In conclusion, our contributions are as follows:

* We propose MedMKEB, the first multimodal medical
knowledge editing benchmark, covering diverse modal-
ities, tasks, and expert-verified edits.

* We design a multidimensional evaluation framework that
covers five critical aspects, including reliability, locality,
generality, portability, and robustness, which provide a
holistic view of editing performance in real-world clini-
cal scenarios.

* We conduct large-scale experiments and reveal limita-
tions of existing editing methods, underscoring the need
for specialized medical approaches.

Related Work
Knowledge Editing Methods

Knowledge editing has emerged to address issues like
knowledge lag, misinformation, and customization needs in

Large Language Models (LLMs) by enabling quick and ef-
ficient modification or injection of specific knowledge with-
out large-scale retraining. Early methods are mainly based
on fine-tuning or parameter-efficient fine-tuning techniques
to achieve knowledge modification through local parameter
updates. However, these methods are usually costly and have
catastrophic forgetting problems. To address these chal-
lenges, SERAC (Mitchell et al. 2022b) proposed a knowl-
edge editing method that combines retrieval enhancement
and counterfactual comparison, thus leading SERAC to be
able to locate contextual information related to the target
knowledge and optimize the pertinence and accuracy of edit-
ing. IKE (Zheng et al. 2023) emphasizes the realization
of knowledge editing through context control without di-
rectly modifying model parameters, guiding the model to
express updated knowledge during reasoning. Knowledge
Editor (De Cao, Aziz, and Titov 2021) avoids catastrophic
forgetting caused by the training process by training a hyper-
network. MEND (Mitchell et al. 2022a) proposes to achieve
fast and low-cost knowledge editing by learning differen-
tiable gradient transformations, and effectively avoids the
impact on other irrelevant knowledge. ROME (Meng et al.
2022) directly modifies model parameters through sparse
low-rank matrix updates, injects new factual information
into the model, and has stronger controllability.

Knowledge Editing Benchmarks

To assess the effectiveness and reliability of knowledge
editing methods, researchers have developed a series of
standardized evaluation benchmarks. The commonly used
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ZsRE (Levy et al. 2017) dataset tests the accuracy and gen-
erative capacity of the model in knowledge editing through
sentence-level factual questions and answers. The Coun-
terFact (Meng et al. 2022) benchmark focuses on anti-
forgetting and editing scope control, evaluating whether the
model retains the original knowledge system while edit-
ing new knowledge. In the multimodal field, the bench-
mark of knowledge editing has made initial progress.
MMEdit (Cheng et al. 2023) is the first systematic knowl-
edge editing evaluation framework for MLLMs. The bench-
mark covers a variety of multimodal tasks such as vi-
sual question answering and image caption generation.
VLKEB (Huang et al. 2024) constructs further general-
ization problems by performing multi-hop retrieval in the
knowledge graph to test the portability of the model af-
ter editing knowledge. MMKE-BENCH (Du et al. 2025)
proposes a more challenging multimodal knowledge edit-
ing evaluation scheme, including Visual Semantic Editing
and User-Specific Editing, which helps promote the practi-
cal verification of multimodal knowledge editing methods
in complex and real environments. In the medical field, the
current main work still focuses on single-modal knowledge
editing, such as the counterfactual dataset MedCF (Xu et al.
2024b) and MedEditBench (Chen et al. 2025a), but there
is still a lack of knowledge editing evaluation for medical
MLLMs. Our work aims to fill this gap.

Preliminary
Problem Definition

Medical multimodal knowledge can be expressed as a triple
k =< i,z,a >, where 7 is an image, x is a knowledge ques-
tion related to the image, and a is the answer to x. In the pro-
cess of knowledge editing, we hope to modify the answer to
obtain k. =< i, x,a. >, to correct the intrinsic knowledge
of the model. Specifically, consider the basic edited dataset:
Degir = {(4,2,a,ac); }'J,Z‘l, each piece of data contains im-
age ¢, question input x, original answer a, and edited answer
a.. The medical multimodal large language model fj; can
be expressed as: fas (i, x;6) = a, where 6 = 0,, X 6y, rep-
resents the original model parameters, 6, is the visual mod-
ule parameter, and 6y, is the language model parameter.
After knowledge editing, the model parameters are updated
from 0 to @', i.e., 8/ = KE(fa(0)). The expected output
of the model for the original input also changes from a to
ae: far (i, 2;0") = ae.

Metrics

In order to comprehensively evaluate the knowledge edit-
ing effect of medical multimodal large language models,
this benchmark designed a systematic metric system from
the dimensions of reliability, locality, generality, and porta-
bility (Huang et al. 2024). In addition, we propose the ro-
bustness evaluation metric in knowledge editing for the first
time. The specific definitions of these metrics are as follows.

Reliability is used to measure the effectiveness of knowl-
edge editing operations on specific goals and ensure that
the model output is consistent with the updated medical
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facts. For a given edit dataset D.g4;;, we sample a quadruple
(4,2, a,ae) from it, and the goal is to modify the original
answer a to the expected correct answer a.. The reliability
calculation formula is:

Mrel = E

(4,x,a,ae)~Dedit

(W{fu (i, 2;0") = ac}], (1)
where 1{-} is an indicator function that returns 1 if the out-
put of the model matches the target answer.

Locality is used to measure the impact of knowledge edit-
ing operations on other unedited knowledge and task capa-
bilities of the model. Ideally, editing should be locally ef-
fective and have minimal perturbation to global knowledge.
Specifically, for the two modalities of image and text, the
locality is defined as follows:

Migi= B [{fu(w:0) = fu(@:0)}), @)
(z,a,ac)~D}zt

Mg = E  [{fu(i2;0") = fu(i,2;0)}],
(i,z,a,ac)~D; "0

3)

where DI*! and D]"? are the text and visual question-

answering dataset outside the distribution of the knowledge
editing dataset D,g;¢, respectively.

Generality is used to measure the generalization ability
of the model to the new knowledge after editing, that is,
whether the model can give answers that are consistent with
medical facts in the adjacent semantic space that is not di-
rectly edited but related to the target knowledge. This metric
reflects that knowledge editing is not limited to single-point
corrections. The specific definition is as follows:

Mt = E {fa(i,2g50") = ac}], (@)
(i,x,a,ae)~Degst
zgeN (z)
Mgl = E [ fr(ig,z;0") = ac}], (5)
(4,@,a,ae)~Dedit
ig €N ()

where A (z) and N (i) represent the neighborhood sets of
the original input x or ¢ in the semantic space in text and
image modalities, respectively.

Portability is used to measure the transferability of
knowledge editing capabilities on a wider range of related
tasks. It can evaluate whether the edited model can be ef-
fectively applied to other knowledge related to the edited

knowledge.
Mport = E
(t,z,a,ae)~Deait

(wp,ap)~P(i,z,0,ac)

[]l{fM(ia Tp; 9/) = ap}], (6)

where P(i,z,a,a.) represents the portability domain re-
lated to the original data, such as multi-hop knowledge, re-
lation reversal, task migration, etc.

Robustness is used to measure the stability of the edited
knowledge when the model is exposed to adversarial per-
turbations in prompts, such as misleading rephrasings, dis-
tractors, or prompt injections. A robust model should still



Model | Editing Method | Reliability —T-Generality I-Generality —T-Locality I-Locality Portability Robustness
FT.LLM 100.0 98.23 99.98 57.63 14.40 24.94 98.73
FT-Proj 99.09 9439 99.02 100.0 4.88 27.20 96.26
IKE 59.12 58.94 59.15 SL11 13.54 2253 58.44
BLIP2-OPT SERAC 99.93 99.77 99.93 100.0 18.80 2492 99.10
MEND 99.82 99.60 99.76 99.20 1.4 20.27 97.45
KE 99.19 95.29 99.19 69.05 1375 35.15 93.00
FT.LLM 100.0 99.87 100.0 81.22 27.03 4471 98.97
FT-Proj 100.0 99.85 99.98 100.0 17.67 50.23 98.22
. IKE 97.39 96.96 97.41 62.51 12.70 51.84 87.32
MiniGPT4 SERAC 99.65 99.51 99.65 99.97 12,79 57.13 96.09
MEND 99.91 99.84 99.86 99.29 93.08 45.60 97.17
KE 100.0 99.64 99.96 781 20.41 60.05 96.08
FT.LLM 97.54 95.71 97.52 7123 18.84 4801 9471
FT-Proj 99.07 96.63 97.02 100.0 12.17 5435 94.08
LLaVA IKE 100.0 95.51 100.0 71.16 23.02 52.35 92.25
SERAC 100.0 99.90 100.0 99.98 10.19 57.09 97.83
MEND 99.67 99.60 99.69 98.89 91.77 36.66 96.79
KE 99.96 98.23 99.96 82.24 12.30 62.35 96.80

Table 1: Single editing results for general MLLMs. The best result and the second best result in each row are indicated by bold

and underline, respectively.

output the correct, edited medical knowledge even when the
question is subtly altered or perturbed. Given a perturbation
function A(-) that generates adversarial versions of the orig-
inal input (7, ), the robustness is defined as:

Mrobust = E [Il{fM (iadva xadv; 9/) = ae}]a

(4,z,a,ae)~Dedit
(iadv ,:Ead’”)N.A(’L',I)

@)
where (i%%, £39Y) denotes the adversarially perturbed
image-text pair derived from the original input (4, x), and
far 1s expected to preserve the edited knowledge output a.
despite such perturbations.

Benchmark Construction

The overall construction pipeline of MedMKEB is shown in
Figure 1, which includes original knowledge source collec-
tion, construction of various questions, and manual check.

Original Knowledge Source

Our proposed MedMKEB is built on the GMAI-
MMBench (Ye et al. 2024), which provides a comprehen-
sive collection of medical images with relevant clinical ques-
tions. GMAI-MMBench is widely used in medical visual
question answering, covering multiple medical fields such
as radiology, pathology, and ophthalmology. The images, as
well as the corresponding questions and answers, provide an
ideal data source for developing a knowledge editing bench-
mark for medical MLLMs.

Specifically, we set rules to filter the modality, task type,
department, and perception granularity of questions, avoid-
ing imbalance between categories while ensuring the di-
versity of questions. In the end, we screened 6987 high-
quality multimodal question-answer pairs, covering 16 vi-
sual question-answering tasks, 19 human body parts, and
16 types of medical modalities. These question-answer pairs
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will serve as the MedMKEB'’s initial knowledge source. The
final dataset is denoted as D.

Evaluation Questions Generation

To evaluate the performance of knowledge editing in medi-
cal multimodal models, we generate a set of evaluation ques-
tions that cover a variety of tasks, including reliability, gen-
erality, and locality. These questions are designed to test the
model’s ability to adapt to edited knowledge while maintain-
ing high performance across different scenarios.

Reliability Questions Generation We construct counter-
factual questions that challenge the model to deal with con-
flicting or newly updated medical knowledge. Counterfac-
tual evaluation is currently used by a large number of knowl-
edge editing benchmarks (Huang et al. 2024; Xu et al.
2024b; Du et al. 2025), and these questions can evaluate
whether the model can maintain its accuracy after the in-
formation is updated. Specifically, for each visual question-
answer pair (i,z,a) in D, we replace the entity a cor-
responding to the original answer with a different entity
with the highest similarity in the options as the editing

target a., and obtain the updated editing dataset D.q;; =
. D
{(i,2,a, ae)j}‘j:ll.

Generality Questions Generation To test the generaliza-
tion of edited knowledge, we construct new samples that
preserve the underlying semantics while varying surface
forms. For the textual modality, we apply the LLM API to
rephrase the original questions x into semantically equiva-
lent variants x4, ensuring that the core knowledge remains
unchanged. For the visual modality, we identify and ran-
domly replace the original image ¢ with a new image i,
from the dataset that shares the same medical entity. This

forms generalized datasets DLl = {(i,24,a)} and D79 =



Model \ Editing Method \ Reliability  T-Generality I-Generality = T-Locality I-Locality = Portability = Robustness
FT-LLM 100.0 98.37 100.0 45.93 32.37 27.12 99.29
FT-Proj 100.0 97.73 100.0 1.18 1.01 14.33 95.97
. IKE 99.82 93.11 99.82 60.98 15.69 38.95 90.36
Biomed-Qwen2-VL SERAC 35.97 34.95 38.02 99.99 19.33 19.17 23.03
MEND 99.93 99.78 99.93 98.98 92.84 21.16 89.55
KE 59.68 55.20 59.77 39.60 29.37 1.32 4.17
FT-LLM 94.53 92.11 90.5 8.58 3.36 15.01 90.8
FT-Proj 68.74 67.53 64.96 100.0 3.48 10.19 58.58
IKE 7.86 7.69 7.61 38.36 22.76 1.71 1.48
LLaVA-Med SERAC 63.49 57.57 68.85 100.0 28.27 8.82 36.02
MEND 97.59 97.02 97.22 93.67 56.95 16.22 94.58
KE 99.91 98.67 98.73 79.29 2.79 18.39 98.35
FT-LLM 100.0 99.02 100.0 34.35 35.78 25.56 98.69
FT-Proj 93.89 92.94 92.60 97.89 43.03 24.51 73.94
HuatuoGPT-Vision IKE 99.95 97.68 99.95 60.33 16.68 42.43 90.68
SERAC 57.05 54.32 57.02 100.0 11.45 25.95 46.15
MEND 99.97 99.72 99.99 98.29 86.99 23.20 95.64

Table 2: Single editing results for medical MLLMs. The best result and the second best result in each row are indicated by bold

and underline, respectively.

{(ig,x,a)}, where z, € N(z) and i, € N (i), used to eval-
uate whether the edited knowledge can be transferred and
generalized across similar but not identical contexts.

Locality Questions Selection To assess the model’s abil-
ity to localize and isolate the effects of knowledge edit-
ing, we construct locality-sensitive evaluation sets. For the
textual modality, we leverage the MedMCQA dataset (Pal,
Umapathi, and Sankarasubbu 2022) to identify questions
that share similar structures and domains with D but are not
affected by the editing operation. For the visual modality,
we use PMC-VQA (Zhang et al. 2023) to sample medically
related but semantically independent image-question pairs.
This helps verify whether the knowledge editing operation
preserves unrelated knowledge and avoids unintended side
effects, forming a locality validation set D!*! = {(z',a’)}

; loc
and D™ — {(i", 2", a")}.

loc
Portability and Robustness

We further assess the portability and robustness of edited
knowledge in complex medical reasoning and adversarial
contexts. These two aspects help to ensure that the modi-
fied knowledge is not only effective in isolated cases but can
be transferred and defended across more realistic scenarios.

Portability Questions Generation Portability refers to
the ability of a model to apply edited knowledge beyond
the direct question where editing occurred (Huang et al.
2024), to related contexts within a transferable scope. For-
mally, we denote this as testing whether the updated knowl-
edge tuple (i, x,a,a.) can be generalized to a broader rea-
soning scope P(i, x, a, a.). To build the one-hop portability
dataset, we identify connected triples of the edited answer
entity a., such that the model must reason across a single
related fact. Suppose the editing operation modifies a sam-
ple (i,xz,a) into (i,x,a.), and there exists a fact (a.,r,0)
in the medical knowledge graph. We then construct one-hop
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reasoning questions ¢(o; 1), which assess whether the model
can incorporate a. in a semantically adjacent question. All
such question-answer pairs are collected to form the one-hop

portability evaluation dataset Dz()lo),,t:
Dyore = {a(07)|(ac,7,0) € K}, ®)

where K is the medical knowledge graph and we choose
LMKG (Yang et al. 2024) as the reference knowledge graph.
In multi-hop scenarios, evaluating portability becomes
more challenging, as the model must integrate the edited
knowledge through a chain of reasoning steps. We construct
paths ((¢,2,a — ac), (81,71,01), -+, (SnsTn,0n)), where
a. = sy and 0; = s;41 fori = 1 to n — 1. These paths
form a compositional reasoning chain from the editing fact.
Similarly, we get the multi-hop knowledge editing dataset:

Dior = {a(oiri,ra,.a)ICY, ©)
where C is the multi-hop sequence constructed from the
knowledge graph. This design allows us to assess whether
the model can propagate the edited knowledge across com-
plex medical reasoning chains, a crucial capability for real-
world decision support in clinical settings.

Robustness Questions Generation To test the robustness
of knowledge editing, we chose the most common attack
method in large language model security, i.e., prompt injec-
tion attack (Liu et al. 2023b, 2024; Clusmann et al. 2025).
We designed a set of prompt-based perturbation schemes to
simulate real attack problems in clinical scenarios (Huang
et al. 2025). We apply five types of prompt injection attacks,
including 1) pseudo-authoritative interference, 2) symptom
confusion, 3) misleading context, 4) irrelevant clinical de-
tails, and 5) vague characteristics. For each question x in
De.ait, we use the large language model to generate the cor-
responding adversarial sample 2°® and manually verify the
generated questions:

Dado = {(i, 2%, ac) |27 € A(x)}, (10)
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Figure 2: The relative change of multi-hop portability.

where A(x) is the scope of the perturbed problems gener-
ated based on the original question z.

Human Check and Statistics

To ensure the accuracy and consistency of the benchmark,
human checks are incorporated into each stage of the con-
struction process. To validate the quality of the answers pro-
vided by the model, three medical experts manually review
the entire set of questions and correct unreasonable ques-
tions. These checks help identify any discrepancies or po-
tential errors in model reasoning and knowledge application.

Statistics MedMKEB contains 6987 knowledge question
answering pairs and 13060 images. The knowledge covers
16 medical vqa tasks and includes 2688 portability ques-
tions up to 3-hop and 721 robustness questions. We divide
the dataset into training and validation sets in a ratio of 6:4.

Experiments

We conducted single and sequential knowledge editing ex-
periments on six MLLMs with different parameter sizes
and architectures, including three general models: BLIP-
OPT (Li et al. 2023b), MiniGPT-4 (Zhu et al. 2023),
and LLaVA (Liu et al. 2023a), and three medical models:
LLaVA-Med (Li et al. 2023a), Biomed-Qwen2-VL (Cheng
et al. 2024), and HuatuoGPT-Vision (Chen et al. 2024).

Editing Methods and Experimental Settings

Methods Following previous studies, we selected five rep-
resentative knowledge editing methods as comparison meth-
ods, including fine-tuning, Knowledge Editor (KE) (De Cao,
Aziz, and Titov 2021), MEND (Mitchell et al. 2022a),
SERAC (Mitchell et al. 2022b), and IKE (Zheng et al. 2023).
Fine-tuning includes fine-tuning of the LLMs (FT-LLM) or
the visual language alignment module (FT-Proj). To avoid
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catastrophic forgetting, we only fine-tune the last layer of
the large language model.

Settings We use the EasyEdit framework (Wang et al.
2024) and complete the support for medical multimodal
large language models. All experiments are performed on
one NVIDIA A800 GPU with 80GB. For each model, we
use its public pre-trained weights. The batch size of all ex-
periments is uniformly set to 1, the text editing loss weight
and image editing loss weight are set to 0.1, and the locality
loss weight is set to 1.

Single Editing Results and Analysis

We first conducted single editing experiments. Tables 1 and
2 show the results for general models and medical mod-
els, respectively. From the observations, we can draw the
following conclusions. 1) For general models, the reliabil-
ity of various algorithms is very close, and in most cases it
can reach more than 99%, indicating that these algorithms
can successfully modify the edited knowledge. For medical
models, the reliability of the SERAC algorithm decreased
significantly, and none of them reached 70%, which is re-
lated to the ability of the counterfactual model. 2) Com-
pared to the fine-tuning method, on different models, several
carefully designed knowledge editing algorithms can have
higher locality while ensuring generalization. It shows that
knowledge editing algorithms can effectively avoid the in-
fluence of irrelevant knowledge. The MEND algorithm has
a higher I-Locality score than other algorithms, whether it is
a general model or a medical model. 3) For general models
and LLaVA-Med, KE obtained the best portability results.
This shows that hypernetwork-based editing methods can
more effectively cope with this challenge. In addition, all
knowledge editing methods have good generalization, but
have difficulties in portability. This highlights the difficulty
in applying edited knowledge to new content. 4) Regarding
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Figure 3: Average results in sequential editing.

robustness, existing knowledge editing methods show a de-
cline in both general models and medical models. However,
FT-LLM hardly shows a decline in robustness, which indi-
cates that the existing knowledge editing algorithms lack de-
fense against prompt injection attacks.

Existing medical model knowledge editing algorithms
still need significant improvement. 1) Model aspect. Med-
ical MLLMs are often obtained by direct fine-tuning from
general MLLMs, which overfit to the training data, result-
ing in reduced generality when facing unseen data. At the
same time, the model’s context learning ability is weakened,
and knowledge editing algorithms such as IKE and SERAC,
whose parameters are not updated, cannot answer ques-
tions correctly. 2) Algorithm aspect. The existing knowledge
editing algorithms for MLLMs mainly focus on LLM pa-
rameters and lack joint optimization of visual modules and
text modules, resulting in poor performance of the algo-
rithm’s image locality evaluation indicators. Among these
algorithms, meta-learning-based algorithms such as KE and
MEND perform well, but are still not as good as those in
general models. These conclusions show that there is still
a need to design specific knowledge editing algorithms for
medical MLLMs.

Multi-hop Portability Results

To comprehensively evaluate portability, we show the rela-
tive change in portability performance over multiple hops
in Figure 2. In general, the relative performance of al-
most all models and methods shows a downward trend with
the increase of the number of hops, indicating that knowl-
edge transfer faces greater challenges in multi-hop reason-
ing paths. In terms of model dimension, LLaVA-Med per-
forms best in the 1-hop scenario, but this advantage rapidly
weakens as the number of hops increases, and even turns
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to negative growth in the 3-hop scenario, indicating that
the model is extremely sensitive to local knowledge up-
dates but unstable in long-distance transmission. The IKE
method shows strong stability in multiple models, and its
performance degradation is significantly smaller than that
of other methods. In addition, SERAC and MEND show
good anti-degradation capabilities in some models, espe-
cially in the 2-hop and 3-hop scenarios of MiniGPT-4 and
HuatuoGPT-Vision, which can still maintain relatively sta-
ble performance. The FT-LLM method shows drastic fluctu-
ations in multi-hop tasks, indicating that it is difficult to sup-
port the deep transmission of complex knowledge by only
adjusting the parameters of the last layer of LLM.

Sequential Editing Results and Analysis

We also conducted experiments on sequential editing, and
the average results of the 3 algorithms are shown in Figure 3.
We set the sequence editing gaps to 10, 20, 50, and 100. The
experimental results show that SERAC shows good stability
in all metrics, especially when dealing with large gaps. As
the gap increases, the reliability of FT decreases, and the
locality decreases significantly. This shows that the effect of
sequential editing needs to be improved.

Conclusion

In this paper, we propose MedMKEB, the first benchmark
for evaluating knowledge editing in multimodal large-scale
language models for medicine. MedMKEB evaluates five
key aspects: reliability, locality, generality, portability, and
robustness. Extensive experiments show that current edit-
ing methods struggle to handle the high precision and multi-
modal nature of medical knowledge. MedMKEB fills a crit-
ical gap and lays the foundation for developing safer and
more effective knowledge editing techniques in medicine.
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