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Abstract

Multimodal Knowledge Editing (MKE) extends traditional
knowledge editing to settings involving both textual and vi-
sual modalities. However, existing MKE benchmarks primar-
ily assess final answer correctness, neglecting the quality of
intermediate reasoning and robustness to visually rephrased
inputs. To address this limitation, we introduce MMQAKE,
the first benchmark for multimodal multihop question an-
swering with knowledge editing. MMQAKE evaluates: (1)
a model’s ability to reason over 2–5-hop factual chains that
span both text and images, including performance at each in-
termediate step; (2) robustness to visually rephrased inputs in
multihop questions. Our evaluation shows that current MKE
methods often struggle to consistently update and reason over
multimodal reasoning chains following knowledge edits. To
overcome these challenges, we propose Hybrid-DMKG, a
hybrid reasoning framework built on a dynamic multimodal
knowledge graph (DMKG) to enable accurate multihop rea-
soning over updated multimodal knowledge. Hybrid-DMKG
first uses a large language model to decompose multimodal
multihop questions into sequential sub-questions, then ap-
plies a multimodal retrieval model to locate updated facts
by jointly encoding each sub-question with candidate entities
and their associated images. For answer inference, a hybrid
reasoning module operates over the DMKG via two paral-
lel paths: (1) relation-linking prediction; (2) RAG Reasoning
with large vision-language models. A background-reflective
decision module then aggregates evidence from both paths
to select the most credible answer. Experimental results on
MMQAKE show that Hybrid-DMKG significantly outper-
forms existing MKE approaches, achieving higher accuracy
and improved robustness to knowledge updates.

Introduction
With the rapid advancement and widespread adoption of
large language models (LLMs) (Zhao et al. 2023; Achiam
et al. 2023; Chang et al. 2024; Shen et al. 2025b,a; Zhang
et al. 2025b,a; Wang et al. 2025b), knowledge editing (KE)
has emerged as a critical research area (Meng et al. 2022a,b;
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Figure 1: An example of our benchmark (MMQAKE),
which differs in evaluation from existing MKE benchmarks.

Mitchell et al. 2022). KE aims to revise inaccurate, incom-
plete, or outdated knowledge encoded in LLMs while min-
imizing unintended alterations to unrelated content. To sys-
tematically evaluate whether such edits improve model re-
sponses, particularly for complex queries whose answers de-
pend on the updated knowledge, Zhong et al. (2023) pro-
posed the multihop question answering with knowledge edit-
ing (MQUAKE) task. MQUAKE requires models to perform
multihop reasoning over modified knowledge and has been
explored in text-only settings (Gu et al. 2024a; Shi et al.
2024; Lu et al. 2025). However, many real-world applica-
tions involve multimodal information, such as text, images,
and videos, which present new challenges in fusing and rep-
resenting diverse modalities (Zhang et al. 2024; Huang et al.
2024). This highlights the necessity of multimodal knowl-
edge editing (MKE), an extension of KE that enables rea-
soning and modification both visual and textual modalities.

Despite recent progress in MKE (Huang et al. 2024; Du
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Benchmark Multimodal Visual Rephrasing Evaluation

Multihop Accuracy Hop-wise Accuracy Aliases

MQUAKE ✗ ✗ ✓ ✓ ✓
VLKEB(multihop) ✓ ✗ ✓ ✗ ✗

MMQAKE ✓ ✓ ✓ ✓ ✓

Table 1: The comparison of different benchmarks across various evaluation dimensions for multimodal multihop QA. “Visual
Rephrasing” refers to the use of alternative images of the same entity to evaluate multihop reasoning. “Aliases” refers to whether
answer aliases are accepted as correct during evaluation.

et al. 2025), current benchmarks primarily evaluate the cor-
rectness of final answers produced by large vision-language
models (LVLMs) (Li et al. 2023; Liu et al. 2023; Zhu et al.
2024; Wang et al. 2025a; Chen, Wang, and Zhang 2025;
Liang et al. 2025a; Cui et al. 2025), while giving little atten-
tion to the quality of intermediate reasoning and robustness
to visually rephrased inputs. For example, in Figure 1, al-
though the person’s name is modified from “Roy Bittan” to
“Gustavo Santaolalla”, existing benchmarks still assess only
the final answer “Buenos Aires” for the multihop question
Q, without examining the reasoning steps required to de-
rive it. Such end-only evaluation risks masking reasoning er-
rors (Zhong et al. 2023), thereby limiting the reliability and
interpretability of MKE performance. These issues manifest
in three key limitations, as illustrated in Figure 1. (1) Lack
of accurate evaluation of intermediate reasoning steps. In
multihop question answering, models may occasionally pro-
duce the correct final answer while relying on outdated or
incorrect facts (Gu et al. 2024a), such as (Gustavo Santao-
lalla, “birthplace country”, Chicago). Ignoring the correct-
ness of intermediate reasoning steps obscures the model’s
actual reasoning process and undermines the reliability of
the evaluation. (2) Lack of robustness evaluation under
visual rephrasing. Robust MKE methods should produce
consistent outputs even when input images are visually mod-
ified (e.g., from image (1) to (2)). However, existing bench-
marks often overlook this aspect, limiting the model’s abil-
ity to generalize to real-world scenarios where visual con-
tent may be modified or presented in diverse forms. (3) Ne-
glect of valid alias diversity. For example, answers such
as Buenos Ayres are not recognized as equivalent to Buenos
Aires, despite their semantic equivalence. This can penalize
correct answers, undermining fair evaluation and potentially
misrepresenting model performance.

To address these limitations, we propose Multimodal
Multihop Question Answering with Knowledge Edit-
ing (MMQAKE), an extension of the VLKEB bench-
mark (Huang et al. 2024), as shown in Figure 1. MMQAKE
features multihop questions requiring 2 to 5 reasoning steps,
each aligned with a factual link in a reasoning chain. When
multimodal knowledge is updated, models need to cor-
rectly propagate the revised information and generate an-
swers that reflect the updated facts (Zhong et al. 2023). Be-
sides, we evaluate predictions at each intermediate step (Gu
et al. 2024a), enabling fine-grained assessment of reason-
ing quality. Additionally, we include visually rephrased im-
ages to test robustness to visual variations. Finally, follow-

ing the MQUAKE evaluation protocol, we consider all valid
aliases of the ground-truth answer (e.g., Buenos Aires and
Buenos Ayres), as retrieved from Wikidata. The key differ-
ences between MMQAKE and existing benchmarks, includ-
ing VLKEB and MQUAKE, are summarized in Table 1. Us-
ing MMQAKE, we further evaluate several representative
MKE approaches to assess their effectiveness in complex
reasoning scenarios. Our results reveal that many existing
methods (Chen et al. 2020; Zhu et al. 2020; De Cao, Aziz,
and Titov 2021; Mitchell et al. 2022; Zheng et al. 2023),
struggle with the multihop and cross-modal challenges.

To address the faithfulness of current MKE methods in
multihop question answering, we propose Hybrid-DMKG:
a hybrid reasoning framework built upon dynamic multi-
modal knowledge graphs (DMKG). The DMKG represents
knowledge as structured triples (head, relation, tail), where
entities are linked with corresponding images, and supports
dynamic updates to accommodate evolving knowledge. This
framework enriches semantic connections and enhances rea-
soning capabilities in LVLMs (Liang et al. 2025b; Li, Miao,
and Li 2024). Moreover, inspired by Chain-of-Thought rea-
soning (Wei et al. 2022) and multihop question decomposi-
tion (Zhong et al. 2023; Gu et al. 2024a), we employ LLMs
without fine-tuning to decompose multihop question into a
sequence of sub-questions. For visual-based sub-questions,
we utilize a multimodal retrieval model that jointly encodes
the sub-question, candidate entities, and their associated im-
ages from the DMKG, with the goal of retrieving the en-
tity most relevant to the sub-question as the answer. For
reasoning-based sub-questions, we propose a hybrid rea-
soning module that operates along two parallel pathways
to generate candidate answers: (1) relation-link prediction,
which traverses the DMKG to infer an answer directly, and
(2) retrieval-augmented generation–enhanced reasoning in
the LVLM, which incorporates context from the DMKG. A
background-reflective decision module then aggregates ev-
idence from both paths to select the most credible answer.
Our main contributions can be summarized as follows:

• We propose MMQAKE, the first benchmark for mul-
timodal multihop question answering with knowledge
editing, extending the existing MKE tasks. MMQAKE
challenges models to reason over both textual and visual
modalities across 2 to 5-hop factual chains. In addition,
it evaluates robustness to visual rephrasing in multihop
questions, simulating real-world scenarios where knowl-
edge must be accurately updated and reflected through
complex reasoning.
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Datasets Edit Number 2-hop 3-hop 4-hop 5-hop Sub-question Number Average Aliases

(MMQAKE) (Eval) 1,278 1,278 1,238 1,193 1,110 11,773 9.49

Table 2: Statistics of the MMQAKE dataset. The “Average Aliases” denotes the average number of answer aliases.

• We propose Hybrid-DMKG, a step-by-step reasoning
framework built on a dynamic multimodal knowledge
graph that continuously maintains and updates struc-
tured multimodal knowledge. By integrating comple-
mentary reasoning strategies, symbolic relation traver-
sal, and retrieval-augmented generation in LVLM, this
framework enhances the accuracy of multihop inference.
Moreover, we propose a reflective decision module that
effectively reconciles differing reasoning outputs, lead-
ing to more robust and faithful answers.

• Extensive experiments on MMQAKE with multimodal
knowledge editing methods reveal that most struggle
with multihop and cross-modal reasoning. Our proposed
Hybrid-DMKG approach significantly outperforms ex-
isting baselines, demonstrating higher accuracy and im-
proved robustness to knowledge updates.

Methodology
Problem Definition
Multimodal knowledge editing is formalized as a quadruple
D = (x, v, o, õ), where x is the textual input, v is corre-
sponding a image, and the objective is to update a fact from
o to õ. This editing operation is denoted as f = (x, v, o →
õ). Based on this formulation, we introduce the task of
MMQAKE, referred to as the textual MQUAKE task.

Given a multihop question Q associated with an
image v, answering Q requires executing a sequence
of intermediate queries that form a multihop reason-
ing chain. This process can be represented as: C =
[{o, r1, y1}, {t2, r2, y2}, . . . , {tn, rn, yn}]. At the k-th hop,
tk denotes the subject, rk the relation, and yk the object. No-
tably, the object of the (k−1)-th fact serves as the subject of
the k-th fact, i.e., yk−1 = tk. In Figure 1, the initial set of
relationships includes: ([IMAGE], name, Roy Bittan ), (Roy
Bittan , birthplace country, USA), and (USA , capital, Wash-
ington, D.C.). Based on this chain, a 3-hop question such as
What capital is associated with the birthplace country of the
person? can be formulated. When multimodal facts in the
chain are edited ([IMAGE], name, Roy Bittan → Gustavo
Santaolalla), LVLM leverages the updated knowledge to an-
swer the multihop question correctly yn → ỹn (Washington,
D.C. → Buenos Aires).

Besides, we argue that an effective MKE method should
incorporate all edits from the knowledge corpus C into the
model (Gu et al. 2024a), thereby enabling internal reason-
ing over the updated information. To evaluate whether these
edits have been integrated, we assess the model’s ability
to answer decomposed sub-questions derived from multi-
hop queries, as illustrated in Figure 1. The model needs
to correctly answer each sub-question to ensure consistency
throughout the reasoning chain, i.e., ((y1, y2, . . . , yn−1) →

(ỹ1, ỹ2, . . . , ỹn−1)). To further evaluate generalization in the
visual modality, we test the model on both the original image
v and a visually rephrased image ṽ to evaluate the model’s
robustness and generalization across related visual inputs
under the edited knowledge setting.

Dataset Construction
MMQAKE extends VLKEB (Huang et al. 2024) by evalu-
ating models on each step of multihop questions, visual
rephrasing, and linguistic diversity in answers, thereby
increasing the complexity of reasoning depth and cross-
modal understanding. Specifically, each multihop question
in MMQAKE is augmented with three paraphrased ques-
tions generated via the ChatGPT API to simulate natural lan-
guage ambiguity (Gu et al. 2024a; Lu et al. 2025). Addition-
ally, each question is decomposed into sub-questions, each
accompanied by paraphrases and annotated intermediate an-
swers, enabling a step-by-step evaluation of the model’s rea-
soning process. To evaluate robustness to visual rephrasing,
we introduce alternative images from the VLKEB that de-
pict the same entity as the original edited image. Finally, to
ensure fair and semantically robust evaluation, we construct
answer alias sets based on Wikidata references, mitigating
the impact of linguistic variation in answers. Dataset statis-
tics are summarized in Table 2.

Hybrid-DMKG Framework
Hybrid-DMKG is a parameter-preserving framework, which
comprises the following key components: (a) Dynamic
MKG Construction: We construct and maintain a struc-
tured DMKG, where knowledge is encoded as image-related
triples. This structure enables efficient updates and dele-
tions, supporting real-time adaptation to evolving facts.
(b) Question Decomposition: We utilize an LLM to de-
compose multihop questions into multiple single-hop sub-
questions, distinguishing between visual sub-questions that
require image-based support and reasoning sub-questions
that rely on structured knowledge. (c) Cross-Modal Entity
Retrieval from DMKG: Visual sub-questions are handled
using a cross-modal retrieval model that jointly encodes the
visual query and each entity in the DMKG. The model then
retrieves the most relevant entity as the answer. (d) DMKG-
Guided Hybrid Reasoning: For reasoning sub-questions,
candidate answers are generated through two parallel path-
ways: (1) relation linking within the DMKG to identify rel-
evant answers, (2) an RAG-based method that enhances the
LVLM’s generation using DMKG-derived context. Then, a
reflective decision module jointly evaluates the supporting
background knowledge retrieved from the DMKG for each
candidate and selects the most plausible answer.

Dynamic MKG Construction We use an MKG G as an
external source to manage multimodal knowledge, provid-
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ing a clear and editable structure for multihop knowledge
updates and multihop traversal. As shown in Figure 2, each
statement in G is represented as (Ge

i ,Gr
i , Eo

i ), where the head
entity Ge

i and the tail entity Go
i belong to the entity set E .

Some entity Ge
i is associated with a corresponding image Gv

i .
The relation Gr

i defines the semantic connection between the
head and tail entities.

To incorporate new multimodal knowledge, we integrate
an edit quadruple (x, v, o, õ) into the MKG G, resulting in
the DMKG G̃. The updated MKG G̃ retains both the original
and edited facts, enabling the model to reason over both prior
and newly integrated multimodal information.

Question Decomposition Inspired by prior work that de-
composes multihop questions into sub-questions to improve
retrieval accuracy (Zhong et al. 2023; Gu et al. 2024a; Lu
et al. 2025; Li et al. 2025c), we employ an LLM without
fine-tuning to decompose multimodal multihop questions.
Specifically, we design a template PDec that transforms a
given multimodal multihop question Q into a set of sub-
questions:

{q1, q2, . . . , qn} = LLM(Q,PDec) (1)

As illustrated by the example in Figure 2, a multihop
question is decomposed into three sub-questions. For sub-
questions that involve visual information, the placeholder
[IMAGE] is used to indicate a reference to the image. To
promote entity consistency across sub-questions, related en-
tities in other sub-questions are replaced with a special token
[ENT]. After decomposing the main question, we sequen-
tially address each sub-question.

Cross-Modal Entity Retrieval from DMKG Unlike
MQUAKE, which focuses exclusively on textual queries,
MMQAKE also requires accurate identification of visual
content. For example, answering the sub-question q1 re-
quires the model to recognize the entity depicted in the
rephrased image ṽ. Inspired by multimodal retrieval meth-

ods (Lewis et al. 2020; Lin et al. 2025), we employ a cross-
modal retriever Mu to perform retrieval across different
modalities. Specifically, we treat the entities in the DMKG
G̃, each associated with an image and a name, as the can-
didate answer corpus. To enhance entity representation and
retrieval accuracy, we integrate both the image and its linked
entity name from G̃ into a unified representation,

zm = Mu([G̃e
m, G̃v

m]) (2)

where G̃e
m denotes the entity name of the m-th entity in G̃

and G̃v
m is its associated image. The sub-question q1 and the

rephrased input image ṽ are encoded using the same module:

s = Mu([q1, ṽ]) (3)

Then, we identify the most relevant entity a1 as the subject
of next sub-question by computing top1 similarity between
query vector s and candidate entity representations zm:

a1 = argTop1
m∈{1,2,···M}

(s)
T
zm

∥s∥2∥zm∥2
(4)

where M denotes the total number of entities with corre-
sponding images in the DMKG. As shown in Figure 2, the
retrieved answer a1 is Gustavo Santaolalla. We replace the
[ENT] in q2 with a1 to form the next-step sub-question:
What is the country of birth of Gustavo Santaolalla?.

DMKG-Guided Hybrid Reasoning In reasoning sub-
questions, such as q2, we further utilize the DMKG to im-
prove the accuracy and interpretability of answer generation
by the LVLM. To retrieve related knowledge from G̃, we
first address variability in natural language expressions (e.g.,
United States of America vs. USA, need to refer to the same
entity). We apply a Wiki Linker 1 module ϕ to normalize
the entity a1, mapping it to its canonical form e2 within G̃,

e2 = ϕ(a1) (5)
1https://wiki.osdev.org/Linker
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Input Image Backbones Metrics FT(QFor) FT(All) MEND SERAC IKE Ours

Original
Image

BLIP-2 (3.8B) M-Acc 3.73 0.32 0.04 5.75 16.64 47.55
H-Acc 0.20 0.02 0.00 0.00 6.16 28.88

LLaVA (7B) M-Acc 4.63 1.66 0.70 6.58 38.93 53.75
H-Acc 0.44 0.00 0.00 0.00 16.38 29.90

MiniGPT-4 (7.8B) M-Acc 4.69 0.08 0.07 0.27 15.48 35.86
H-Acc 0.44 0.00 0.00 0.00 6.14 24.73

Rephrased
Image

BLIP-2 (3.8B) M-Acc 0.84 0.04 0.02 1.04 14.44 45.27
H-Acc 0.11 0.00 0.00 0.00 6.06 26.08

LLaVA (7B) M-Acc 5.71 1.61 0.06 0.97 37.61 51.27
H-Acc 0.53 0.00 0.00 0.02 16.91 26.16

MiniGPT-4 (7.8B) M-Acc 4.17 0.11 0.04 0.13 9.86 33.41
H-Acc 0.77 0.00 0.00 0.00 5.76 22.23

Table 3: Experimental results (%) on the MMQAKE dataset. “QFor” and “All” refer to fine-tuning only the Q-Former parame-
ters and all model parameters, respectively. The best results are highlighted in bold.

Based on the linked entity, we extract its associated triples
from the G̃ as a knowledge set,

C2 = φ(e2, G̃) (6)

where φ denotes the operation that retrieves all relational
triples from the DMKG associated with the given entity
e2. The resulting set of associated knowledge is defined as
C2 =

{
(e2, G̃r

e2,j
, G̃o

e2,j
)
∣∣∣ j = 1, . . . , k

}
. As illustrated in

Figure 2, (birth year, 1951-08-19) for the entity Gustavo
Santaolalla. After obtaining the related knowledge set C2,
we propose a hybrid reasoning module with three parts: (1)
Relation-Link Prediction, (2) RAG-Enhanced Reasoning in
LVLM, which together generate candidate answers, and (3)
a Background-Reflective Decision module that aggregates
these candidates to select the most credible response.
(1) Relation-linking Prediction This module leverages ex-
plicit DMKG’s relational information for answer prediction.
It performs graph-based reasoning over relational paths by
assessing the semantic similarity between the query and
candidate relation types. Based on our observation, many
queries can be answered directly by identifying the underly-
ing relational intent expressed in the question. For example,
in query q2 about Gustavo Santaolalla, the implicit relation
keyword is “country of birth”. If a semantically related rela-
tion exists in the DMKG, the most relevant entity can be re-
trieved and is highly likely to serve as the answer. Motivated
by this, we introduce a fine-tuned relation extractor Me to
identify explicit relational keywords kq2 from the query q2:

kq2 = Me(q2) (7)

The extracted relational keyword kq2 is then encoded in
an embedding h(kq2) using a lightweight word embedding
Sense2Vec (Trask, Michalak, and Liu 2015). Given the can-
didate answer set C2 extracted from the knowledge graph,
we compute the cosine similarity between the query key-
word embedding h(kq2) and each candidate relation embed-
ding h(G̃r

e2,j
). The candidate answer with the highest simi-

larity score is selected as follows:

j∗ = argmax
j

cos
(
h(kq2), h(G̃r

e2,j)
)

alink
2 =

{
G̃o
e2,j∗, if cos

(
h(kq2), h(G̃r

e2,j∗)
)
≥ α

∅, otherwise

(8)

where j∗ denotes the index of the candidate relation that is
most semantically aligned with the query. If the similarity
score exceeds a threshold α, the corresponding object G̃o

e2,j∗
is selected as the predicted answer alink

2 . Otherwise, if no
relevant relation is identified, the answer is indicated by ∅.
(2) RAG-enhanced Reasoning in LVLM While the linking
prediction module is generally effective in identifying tar-
get entities and their associated relations, this method may
fail when background knowledge is incomplete or when
key term extraction is inaccurate. To address this limita-
tion, inspired by the use of retrieval-augmented generation
in LLMs (He et al. 2024; Shi et al. 2024) for enhanced
reasoning, we propose a RAG-enhanced reasoning module
based on DMKG. Specifically, we retrieve the topK knowl-
edge snippets KRet from the associated triple set C2 that are
semantically most relevant to the current query q2. These
retrieved snippets are then incorporated into the answer
prompt PAns and provided as input to the LVLM. This de-
sign allows the LVLM to access external knowledge, thereby
enhancing its reasoning capabilities when faced with incom-
plete or ambiguous information,

amodel
2 = LVLM (q2, ṽ,KRet (q2, C2) , PAns) (9)

where amodel
2 denotes the output of LVLM with RAG. KRet

uses the same model architecture as described in Equa-
tions (2)–(4), with the key distinction that only the textual
modality is employed.
(3) Background-reflective Decision In certain cases, the
candidate answers produced by the two reasoning paths dif-
fer, i.e., alink

2 ̸= amodel
2 . To resolve such conflicts, we propose

a background-reflective decision module. Instead of relying
solely on initial predictions, this module enables LVLM to
reflectively evaluate competing answers by leveraging the
rich semantic and relational context provided by the DMKG.
Specifically, for each candidate answer, we extract back-
ground information based on the adjacency of the entity
level in the DMKG, as determined by the entity link mech-
anism defined in Equations (5)–(6). The contextual back-
ground knowledge representations C link

2 and Cmodal
2 , corre-

sponding to alink
2 and amodal

2 , are defined as follows:{
C link*

2 , Cmodal*
2

}
= φ

(
ϕ
(
{alink

2 , amodal
2 }

)
, G̃

)
(10)

28036



These contexts encompass relevant entity descriptions and
co-occurring facts that collectively enhance the model’s rea-
soning capabilities. The final prediction is generated by the
LVLM using the original question q2, the associated input
image ṽ, and answer-related background knowledge as in-
put. This process is formalized as:

a2 = LVLM(q2, ṽ, [a
link
2 , C link*

2 ], [amodal
2 , Cmodal*

2 ], PCho) (11)

where a2 denotes the final answer after reflective decision,
and PCho is the choice prompting strategy guiding the re-
flective reasoning process. In multihop reasoning, we repeat
Equations (2)–(4) for sub-questions requiring cross-modal
entity retrieval, and apply Equations (5)–(8) during answer
generation. By dynamically invoking relevant modules at
each reasoning hop, the model gradually resolves multihop
questions and generates a final answer.

Experiments
We conducted comparative experiments to evaluate the per-
formance of the proposed Hybrid-DMKG method against
several existing approaches. The implementation is publicly
available at https://github.com/YuanLi95/Hybrid-DMKG.

Results
Overall Results Table 3 presents our experimental re-
sults on the MMQAKE dataset. With the exception of IKE,
most existing MKE methods exhibit significant performance
degradation on multihop question answering tasks. Notably,
MEND performs the worst, failing to complete any multihop
reasoning task, despite demonstrating strong performance
on standard single-hop editing tasks (Huang et al. 2024).
Moreover, increasing model size does not lead to improved
performance. For instance, MiniGPT-4 frequently underper-
forms compared to the smaller BLIP-2 model. In contrast,
IKE, a retrieval-augmented method, maintains relatively sta-
ble baseline performance. However, it struggles to integrate
multihop information effectively, leading to a significant de-
cline in H-Acc as the number of editing rounds increases.

Our proposed Hybrid-DMKG framework consistently
outperforms all baseline methods across various evalua-
tion metrics and backbone configurations. When employing
BLIP-2 as the backbone LVLM, Hybrid-DMKG achieves
an H-Acc score that surpasses IKE by 22.72% on orig-
inal images, highlighting its better capability in address-
ing MMQAKE. Furthermore, with LLaVA as the backbone,
Hybrid-DMKG attains M-Acc and H-Acc scores of 53.75%
and 29.90%, respectively, demonstrating strong generaliz-
ability across different architectures. Notably, the rephrased-
image setting poses substantial challenges for multimodal
generalization. Under this condition, most models suffer
performance degradation, with IKE using MiniGPT-4 ex-
periencing particularly severe declines. Although Hybrid-
DMKG also encounters increased difficulty in cross-modal
retrieval with rephrased images, it consistently outperforms
other baseline models. This robustness mainly stems from
the dynamic multimodal knowledge graph, which enhances
contextual understanding, as well as the hybrid reasoning
framework that performs parallel reasoning and integrates

Figure 3: Performance comparison of different hops on
MMQAKE using the original and rephrased input images.

results via a reflective decision module to produce more ac-
curate and reliable outputs.

Results for Different Hops We further analyzed model
performance across varying hop counts (2 to 5). As shown
in Figure 3, under the M-Acc metric, all models maintain
relatively stable performance regardless of hop count. This
suggests that multiple valid reasoning paths can lead to cor-
rect final answers. However, this stability may also reflect
a limitation of the M-Acc metric itself, which only evalu-
ates the final answer correctness and may fail to capture dif-
ferences in reasoning quality or path validity across vary-
ing hop lengths. In contrast, the H-Acc metric imposes a
stricter requirement: every intermediate reasoning step must
be correct. Consequently, performance consistently declines
as the hop count increases. Notably, our model significantly
outperforms baselines on 4-hop and 5-hop questions under
H-Acc, achieving nearly double their accuracy. In the most
challenging 5-hop setting, Hybrid-DMKG exceeds 5% accu-
racy, while other methods typically remain below 2%. This
improvement stems from our effective multihop question de-
composition, which mitigates error propagation and reduces
hallucinations by large language models. Additionally, the
cross-modal retrieval component boosts step-wise accuracy
by supplying relevant candidate answers, thereby strength-
ening the overall reasoning process.

28037



Input
Image Models BLIP-2 LLaVA MiniGPT-4

M-AccH-AccM-AccH-AccM-AccH-Acc

Original
Image

Ours 47.55 28.88 53.75 29.90 35.86 24.73
w/o Linking 46.09 18.59 47.68 23.15 24.13 14.13
w/o RAG 28.13 21.50
w/o Decision 48.19 28.05 52.71 28.36 30.44 20.23

Rephrased
Image

Ours 45.27 26.08 51.27 26.16 33.41 22.23
w/o Linking 37.22 15.85 43.13 17.95 21.08 8.30
w/o RAG 26.13 19.41
w/o Decision 44.18 23.76 46.75 23.37 28.53 16.58

Table 4: Ablation study results. The w/o RAG setting denotes
that only the linking prediction module is used to obtain the
answer. As a result, all LVLM backbones yield identical per-
formance under this configuration.

Ablation Study
To assess the contribution of each component in the Hybrid-
DMKG framework, we conducted ablation studies on three
core modules: Relation-linking Prediction (Linking), RAG-
enhanced Reasoning in LVLM (RAG), and Background-
reflective Decision (Decision). As shown in Table 4, remov-
ing the Linking module from MiniGPT-4 leads to a sub-
stantially larger performance drop than removing the RAG
module. For instance, under the rephrased input image set-
ting, the H-Acc score declined by 13.93%. This suggests
that MiniGPT-4 struggles to effectively incorporate informa-
tion from the DMKG, often generating semantically inco-
herent or irrelevant responses. In contrast, LLaVA demon-
strates stronger knowledge aggregation and reasoning abil-
ities, allowing the RAG module to operate more effectively
and achieve better overall performance. While removing the
Decision module does not fully disable the model, it causes
notable performance drops, especially with rephrased im-
ages. This underscores the importance of the background-
reflective decision module, which filters incorrect candidates
using relevant background knowledge, thereby improving
robustness and final answer accuracy.

Related Work
Multimodal Knowledge Editing Methods
Current MKE methods typically adapt existing LLM edit-
ing techniques (Touvron et al. 2023) by modifying specific
neural network layers and fall into two main categories. (1)
Parameter-update methods integrate new knowledge into
model parameters, such as fine-tuning and MEND (De Cao,
Aziz, and Titov 2021), which approximates gradient up-
dates via low-rank decomposition. While effective, these
approaches risk catastrophic forgetting, incur high train-
ing costs, and can degrade model performance, especially
in multihop reasoning (Gu et al. 2024b). (2) Parameter-
retention methods preserve model parameters and influ-
ence outputs through external mechanisms like in-context
learning. For example, SERAC (Mitchell et al. 2022) uses
a scope classifier and counterfactual modeling, while IKE
(Zheng et al. 2023) employs demonstrations to guide ed-
its. However, these methods often depend on task-specific,

single-hop textual supervision, limiting their generalization
to multihop or cross-modal reasoning. In contrast to exist-
ing methods, Hybrid-DMKG uses an MKG to support dy-
namic knowledge updates and retrieval without modifying
model parameters. By integrating cross-modal retrieval, it
effectively handles multimodal reasoning over both text and
images. In addition, the proposed hybrid reasoning module
produces answers through parallel reasoning paths and re-
fines them via reflective decision-making, further improving
response accuracy and reliability.

Multihop QA with Knowledge Editing
Recently, to more comprehensively evaluate the reasoning
capabilities of KE methods, Zhong et al. (2023) introduced
MQUAKE. Unlike traditional KE benchmarks, which pri-
marily assess updates by verifying edited facts or answer-
ing single-hop factual queries, MQUAKE emphasizes the
model’s ability to perform multihop reasoning after knowl-
edge has been injected or updated. This evaluation paradigm
is better aligned with the complex reasoning demands typi-
cal of real-world (Yuan et al. 2023; Gu et al. 2024a; Shi et al.
2024; Lu et al. 2025). Recent approaches that integrate RAG
with question decomposition have demonstrated strong per-
formance in both knowledge editing and reasoning tasks, of-
fering promising directions for advancing the field (Gu et al.
2024a; Shi et al. 2024; Lu et al. 2025; Li et al. 2025b,a).

However, these methods are not directly applicable to
MMQAKE, which requires cross-modal knowledge editing
and reasoning. To address this, Hybrid-DMKG builds on
prior work (Shi et al. 2024; Sun et al. 2024; Sun 2024) with
two key enhancements: (1) a cross-modal retrieval model
that jointly encodes text and images for accurate entity
recognition and multimodal knowledge localization; and (2)
a hybrid reasoning module that integrates relation-linking
prediction with RAG-enhanced LVLM generation to pro-
duce complementary answers. A background-reflective de-
cision module then evaluates these answers using external
knowledge, enhancing response consistency and reliability.

Conclusion
In this paper, we introduce MMQAKE, the first bench-
mark for multimodal multihop question answering with
knowledge editing, extending prior multimodal knowledge
editing benchmarks. MMQAKE contains questions requir-
ing 2–5 reasoning steps across textual and visual modali-
ties, with an evaluation protocol that verifies factual con-
sistency at each step. To tackle this task, we propose
Hybrid-DMKG, a hybrid reasoning framework built on a
dynamic multimodal knowledge graph that supports contin-
ual knowledge updates. It combines relation-based predic-
tion with RAG using LVLMs to generate parallel answers,
and employs a reflective-decision module to improve cross-
modal inference and resolve inconsistent reasoning. Exper-
iments show that our method significantly outperforms ex-
isting approaches on MMQAKE. Future work will extend
MMQAKE with temporal and event-based dynamic knowl-
edge, support open-ended questions beyond factoid QA, and
explore end-to-end multihop reasoning without predefined
sub-questions.
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