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Abstract

Multimodal Large Language Models (MLLMs) employing
the Mixture-of-Experts (MoE) structure exhibit encouraging
results in visual language tasks. However, they struggle with
catastrophic forgetting due to a lack of effective collabora-
tion among experts and negative transfer across tasks. This
happens because the router typically employed in MoE for
managing expert assignments is inadequate when there are
significant shifts in data distribution across various tasks. A
drop in the effectiveness of earlier tasks is caused by nega-
tive transfer, which occurs due to conflicts in shared knowl-
edge between tasks, disturbing the knowledge already ac-
quired. To address these issues, we propose the Knowledge
Space Synergy Framework in Mixture of Experts (KSS-MoE)
for Continual Visual Instruction Tuning (CVIT). It dynam-
ically combines the knowledge subspaces of experts to im-
prove the integration of fine-grained complementary knowl-
edge and collaborative abilities of experts, thus addressing
the limitations of the basic router. Furthermore, we intro-
duce a general expert that maintains orthogonal subspaces for
shared knowledge, enabling effective cross-task knowledge
utilization while reducing negative transfer. Extensive exper-
iments conducted on eight CVIT tasks confirm the excellence
of KSS-MoE, showcasing its top-tier performance.

Code — https://github.com/sunlitsong/KSS-MoE

Introduction
Multimodal Large Language Models (MLLMs) (Achiam
et al. 2023; Liu et al. 2023a; Team et al. 2024; Yang
et al. 2025) exhibit exceptional capabilities in multiple vi-
sual–language tasks such as visual question answering and
image captioning. The MLLM training process generally in-
volves two distinct phases. During the pre-training phase, a
large dataset of image-text pairs is utilized to ensure cross-
modal alignment. Following this, the fine-tuning phase in-
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volves training the MLLMs with instruction datasets to ad-
here to human instructions. Although this offline training
method works well for a variety of tasks, real-world data
is continually changing and arrives sequentially, which can
cause a gradual drop in performance. Furthermore, it often
results in what is known as “catastrophic forgetting” of pre-
viously acquired knowledge (Zhai et al. 2023).

To this end, Continual Visual Instruction Tuning (CVIT)
integrates continual learning techniques into fine-tuning
pipeline (Zhu et al. 2024a; Zheng et al. 2024; Huai et al.
2025; Qiao et al. 2024; Wang et al. 2024), with the goal
of assimilating new information while retaining competence
on prior tasks. However, in multimodal settings, divergent
cross-modal distributions and substantial domain gaps are
frequently introduced, exacerbating the conflict between ac-
quiring new knowledge and preserving previously learned
representations. As a result, devising mechanisms that strike
an optimal balance between adaptability and knowledge re-
tention remains an open and pressing challenge.

Mixture-of-experts (MoE), comprising several special-
ized task experts and a trainable router, is extensively used
in MLLMs because its sparse activation greatly lowers com-
putational demands and boosts efficiency. Designing an ad-
vanced router (Nguyen et al. 2024; Zuo et al. 2022; Wang
and Li 2024) to govern expert collaboration and incorporat-
ing a general expert (Gou et al. 2023; Dai et al. 2024) to
gather knowledge across tasks are gaining significant atten-
tion. Moreover, MoE presents itself as an encouraging ap-
proach for continual learning (Gururangan et al. 2021; Huai
et al. 2025), as it lessens interference in the presence of un-
balanced task distributions by optimizing expert specializa-
tion.

Unfortunately, existing MoE-based MLLMs still struggle
with several critical challenges in CVIT scenarios. Firstly,
when there is a substantial shift in task data distribution,
the router in MoE may experience forgetting, undermining
the experts’ collaboration. Secondly, because certain param-
eters of the general expert can be reused for novel tasks, task
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discrepancies frequently cause knowledge conflicts. These
conflicts significantly disturb the shared knowledge acquired
from previous tasks, resulting in negative transfer (Zhang
et al. 2022), where cross-task knowledge transfer leads to
impaired performance.

To address these issues, we propose the Knowledge Space
Synergy Framework in Mixture of Experts (KSS-MoE) for
CVIT. We have crafted both a set of task-specific experts
and a single general expert. The task-specific experts con-
centrate on acquiring knowledge for specific tasks, whereas
the general expert is committed to capturing shared knowl-
edge applicable across various tasks. Leveraging internal ac-
tivations, we assess knowledge relevance across dimensions
within each expert. The most relevant knowledge subspaces
are then extracted and fused to construct a composite ex-
pert for inference, achieving fine-grained integration of all
experts’ capabilities. Furthermore, our KSS-MoE refreshes
the shared knowledge for the general expert through an “or-
thogonal complement subspace” based on task vectors (Il-
harco et al. 2022). This method prevents disruptions caused
by task knowledge conflicts, and thus achieving a plasticity-
stability balance. The key contributions of our work can be
summarized as follows.

• We introduce a novel method aimed at enhancing knowl-
edge complementarity among experts by dynamically
collaborating knowledge subspaces within experts. This
enhances MoE’s ability to generalize, while minimizing
the issue of catastrophic forgetting caused by distribu-
tion shifts and ensuring the long-term retention of prior
knowledge.

• We propose an orthogonal fusion method to integrate
shared knowledge subspaces, aiming to enhance the
learning ability of the general expert in CVIT. Preserving
orthogonality in shared knowledge across tasks results in
the merging of subspaces that are both highly discrimi-
native and minimally redundant. This aids in collecting
shared knowledge while preventing negative transfer.

• We perform comprehensive comparisons against the pre-
vious state-of-the-art baselines, and the experimental re-
sults reveal that our work exceeds all competing base-
lines on the CoIN benchmark (Chen et al. 2024), encom-
passing eight datasets.

Background and Related Work
Multimodal Large Language Model
Due to their remarkable performance in multimodal tasks,
MLLMs have gained significant research interest. The ma-
jority of MLLMs consist of three main parts: a Large Lan-
guage Model (LLM) backbone(Touvron et al. 2023; Guo
et al. 2025), a vision encoder (Dosovitskiy et al. 2020;
Radford et al. 2021), and a vision-to-language projector(Li
et al. 2023; Lin et al. 2022). However, full fine-tuning of
MLLMs for each new task is prohibitively costly. To ad-
dress this, parameter-efficient fine-tuning (PEFT) methods
adapt MLLMs with minimal extra parameters. A group of
approaches inject learnable parameters into input embed-
dings (Li and Liang 2021; Liu et al. 2021; Lester, Al-Rfou,

and Constant 2021), whereas LoRA (Hu et al. 2022) em-
ploys low-rank matrices with a small number of extra pa-
rameters. Beyond these PEFT techniques, the Mixture-of-
Experts (MoE) framework enables dynamic computational
resource allocation, reducing training costs. In this study, we
integrate MoE with LoRA-based MLLMs in the CVIT set-
ting, allowing adaptation to new data while preserving prior
knowledge.

Continual Learning for LLMs
Current approaches aim to address the issue of catastrophic
forgetting in LLMs under a continual learning framework.
Various studies (Tong et al. 2025; Wang et al. 2023; Zheng
et al. 2024) either separate task learning into low-rank sub-
spaces or use orthogonal gradient projection techniques to
minimize interference between tasks. Recent studies (Liu
et al. 2024; Zhu et al. 2024a; Cao et al. 2024) employ tech-
niques like parameter isolation and selective updating to
safeguard previously learned information from being erased.
Capitalizing on MoE’s outstanding performance in LLMs,
a growing body of research (Wang et al. 2024; Zhao et al.
2025; Zhu et al. 2024b) examines more advanced experts
and routers, aiming to localize updates for new tasks within
specific substructures. However, existing methods focus pri-
marily on task isolation but neglect cross-task knowledge
sharing, impairing both knowledge retention and cross-task
generalization. We therefore propose a cross-task synergy
approach to mitigate forgetting issue triggered by distribu-
tion shift.

MoE in Continual Learning
The MoE framework has demonstrated potential in the realm
of continual learning. In MoE, various studies (Gururan-
gan et al. 2021; Chen et al. 2023a) assign task-specific
units through the use of conditional activation and regular-
ization, effectively minimizing task interference. Additional
advances (Huai et al. 2025; Zhang et al. 2025; Wang and
Li 2024) improve routing strategies for dynamically bal-
ancing existing and new knowledge. Nevertheless, MoE ex-
periences constraints in terms of collaboration among ex-
perts, which hinders its ability to generalize effectively. Al-
though some approaches (Cai et al. 2024; Chen et al. 2023b;
Gou et al. 2023; Dai et al. 2024) introduce an always ac-
tive general expert to foster knowledge exchange, they risk
negative transfer due to inter-task conflicts. In contrast, our
KSS-MoE enables cross-task complementary collaboration
through fine-grained knowledge subspace fusion, while its
general expert maintains the shared knowledge orthogo-
nally, prevents negative transfer from knowledge conflicts.

Preliminaries
Task Definition
Let D = {D1, D2 · · · , DT } be a sequence of CVIT tasks
over T multimodal domains. The t-th task Dt contains nt

inputs Xt ∈ {(Ivi , I
q
i , Ai)}nt

i=1, where Ivi , Iqi , and Ai rep-
resent the image, question, and their associated answer for
the i-th input, respectively. CVIT aims to learn new task
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Dt while maintaining the knowledge acquired from previous
tasks D1:t−1, effectively preventing catastrophic forgetting.

We frame D as text generation tasks, and the MLLM is
trained to maximize the conditional likelihood of the output
sequence autoregressively by

Pθ(A|Iv, Iq) =
K∏

k=1

Pθ(Ak|A<k, I
v, Iq), (1)

where Ak is the k-th token in the answer, A<k denotes the
first k − 1 tokens, θ are the MLLM parameters and K is the
total number of tokens in the answer. The MLLM is opti-
mized with the negative log-likelihood loss

L(θ) = −
K∑

k=1

logPθ(Ak|A<k, I
v, Iq). (2)

LoRA-based MoE
MoE consists of a set of experts Ei and a router R. Each ex-
pert is trained to master specific knowledge or subtasks, al-
lowing the ensemble to represent a broader distribution pat-
tern. The router assigns gating weights to each expert, with
the process expressible by

Ri(x) = softmax(xWg), (3)
where Ri(·) indicates the weight of expert Ei, Wg is the
trainable weight of router R, softmax(·) is used to normal-
ize the weight. The output y of MoE is aggregated by the
following expression:

y =

Ne∑
i=1

Ri(x)Ei(x), (4)

where Ne is the number of experts and Ei(x) indicates the
output of the i-th expert.

LoRA, a well-established tool in PEFT, finds extensive
application in LLMs. It incorporates two low-rank matrices,
A ∈ Rr×M and B ∈ RN×r, into the bypass of the LLMs’
backbone W0, which remains frozen during the fine-tuning
phase:

y = W0x+∆W = W0x+
α

r
BAx, (5)

where α is a hyperparameter employed to regulate the up-
date magnitude, and r ≪ min(M,N) denotes the rank.
Consider each expert to be composed of A and B: Ei =
α
rBiAi. Accordingly, the output of LoRA-based MoE is
computed by

y = W0x+
α

r

Ne∑
i=1

Ri(x)BiAix. (6)

Methodology
Overview
In this section, we present the KSS-MoE, which fosters syn-
ergy among experts and prevents negative transfer of shared
knowledge. As shown in Fig. 1, the primary elements in-
clude the Adaptive Collaboration of Expert Knowledge Sub-
spaces and the Orthogonal Fusion of the Shared Knowledge
Subspace.

Adaptive Collaboration of Expert Knowledge
Subspaces
Upon encountering a new task Dt, we set up a task-specific
expert Et = BtAt, with At ∈ Rr×d and Bt ∈ Rd×r are
low-rank matrices of LoRA, where r ≪ d. It has the same
shape as the prior expert {E1, E2, ...Et−1}. In matrix At,
each row vector ai

t ∈ R1×d and in matrix Bt, each column
vector bit ∈ Rd×1 encapsulate different pieces of knowl-
edge. Based on the property of Permutation Invariance in
LoRA(Zhao et al. 2024), the knowledge space of the ex-
pert Et is represented as St = span{s1t , s2t , · · · srt}, where
sjt = {At[j, :], Bt[:, j]} is a basis vector of St.

Inspired by Wang et al., we incorporate regularization
throughout the training process to distinguish the knowledge
of the new expert from that of previous experts, as illustrated
in Fig. 2, which in turn augments their distinct specializa-
tion. The row vectors of At = [(a1

t )
⊤, (a2

t )
⊤, · · · , (ar

t )
⊤]⊤

are treated as a collection of basis vectors, whereas each col-
umn bit in Bt = [b1t , b

2
t , · · · , b

r
t ] serves as a linear weighting

factor for the corresponding ai
t. To enforce mutual orthog-

onality between At for the current task and A<t for prior
tasks, we minimize the loss as follows:

L′(θ) = L(θ) + λ · Lorth

= L(θ) + λ

(t− 1)× r2

t−1∑
i=1

∥At ·A⊤
i ∥,

(7)

where λ represents the hyperparameter, and ∥·∥ signifies the
L1 norm.

During the inference phase, we dynamically choose the
subspaces from each expert that are most pertinent to the
input. This reduces redundancy while preventing interfer-
ence from irrelevant knowledge. We start by eliminating ir-
relevant subspaces characterized by low-rank activations to
avoid interference, which can be formulated by

Ut = span{skt |zt[k] > ϵ, zt ∈ Rr, s∗t ∈ St}, (8)

where Ut denotes the subspace of Et that is relevant to input
x ∈ Rd, zt = Atx is the low-rank activation of Et, ∗ ∈
{1, 2, · · · , r}, and ϵ is a constant positive threshold.

Redundant knowledge can generate noise and misinfor-
mation, causing instability and variations in inference. To
eliminate weakly related basis vectors in Ut, we assess the
importance of knowledge and preserve only the most signif-
icant parts (i.e., basis vectors):

Vt = span{ul
t|l = argtopk(zt), u

∗
t ∈ Ut}, (9)

where k = min(len(Ut), round(
r
t )), r is the rank of Et,

ut is basis vectors of Ut, ∗ ∈ {1, 2, · · · , nut
}, nut

is the
count of basis vectors of Ut, and t is task number. Vt =
span{v1t , v2t , · · · v

nt
t } represents the subspace of the expert

Et that is closely related to the input x, where nt denotes
the count of basis vectors. By this method, we can obtain the
task-relevant subspaces from all t task-specific experts, and
their collection can be denoted as Ws = {V1,V2, · · · ,Vt}.

It can be demonstrated that the output of the concatenated
LoRA is equivalent to the sum of their individual outputs
(Zhao et al. 2024). Therefore, we combine the subspaces

25538



…Expert 𝑬𝟏 Expert 𝑬𝟐 Expert 𝑬𝒕

MLLM
Backbone

𝑾𝟎

Input
Task-Specific Experts

Adaptive Collaboration of Subspaces

⊕

Output

Composite Expert 𝓔
General Expert 𝑬𝒈

Orthogonal Fusion of Shared Subspaces

Knowledge of Task 2

Gradient 𝒈𝒕

Knowledge Space of 
prior tasks

Knowledge of 
Task 1

Orthogonal 
Projection 𝒈𝒑𝒓𝒐𝒋

Fixed Gradient 
Gradient 

𝒈𝒕

𝒈𝒐𝒓𝒕𝒉
Subspace 

𝓦𝟏

Subspace 𝓦𝟐

Subspace 𝓦𝒕

Fusion
Shared 

Subspace 𝓦𝒈

𝒈𝒐𝒓𝒕𝒉 = 𝒈𝒕 − 𝒈𝒑𝒓𝒐𝒋

Figure 1: The framework of our KSS-MoE. It mainly contains two parts: Adaptive Collaboration of Expert Knowledge Sub-
spaces and Orthogonal Fusion of the Shared Knowledge Subspace.
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Figure 2: The orthogonal fusion of shared Knowledge sub-
spaces in the general expert. It avoids the negative transfer
caused by knowledge conflicts by projecting the gradients
into the orthogonal complement subspace of the preceding
tasks.

within Ws to create a composite expert Es, which inherits
the strengths of all individual task-specific experts, thus re-
alizing complementary benefits. Specifically, each Vi com-
prises the pair {AVi

, BVi
}, where AVi

∈ Rni×d and BVi
∈

Rd×ni , with ni representing the number of basis vectors. We
stack all matrices AV∗ vertically and combine all BV∗ hori-
zontally to form As = [A⊤

V1
, A⊤

V2
, · · · , A⊤

Vt
]⊤ ∈ Rrs×d and

Bs = [BV1 , BV2 , · · · , BVt ] ∈ Rd×rs , respectively. Here,
⊤ signifies the transpose operation, while rs represents the
count of basis in Ws, and ∗ ∈ {1, 2, · · · , t}. The results
from the expert Es = {As,Bs} can be determined by

y = W0x+
α

r
BsAsx. (10)

Orthogonal Fusion of Shared Knowledge
Subspaces
By utilizing shared representations and exploiting the re-
lationships between tasks, transferring knowledge between
them enhances overall performance. Thus, we establish a
general expert Eg = BgAg , where Ag ∈ Rr×d and Bg ∈

Rd×r, with r ≪ d, matching the dimensions of the task-
specific experts. Its knowledge domain can likewise be de-
picted as Sg = {s1g, s2g, · · · , srg}, with each sjg defined by
sjg = {Ag[j, :], Bg[:, j]}. As illustrated in Fig. 2, the update
incorporates the gradients gt derived from Et within task
Dt. A general expert strives to acquire shared knowledge
that is adaptable for various tasks, avoids conflicts in knowl-
edge across diverse tasks and negative knowledge transfer.

To fully capture historical knowledge, we maintain a task
vector (Ilharco et al. 2022) Tp = {T A

p , T B
p } for each ex-

pert after training, where p ∈ {1, 2, · · · , t − 1}, T A
p =

Aft
p − Apre

p and T B
p = Bft

p − Bpre
p . The initial weights

for Ap and Bp are represented as Apre
p and Bpre

p , respec-
tively, whereas Aft

p and Bft
p indicate the weights following

the fine-tuning process. Tp serves as a linear combination of
learning gradients, so it can characterize the knowledge rep-
resentation of the corresponding task Dp macroscopically.

In addition, we build a mask Mp = {MA
p ,MB

p } linked
to Tp to pinpoint the crucial parameters of expert Ep:

M∗
p[i, j] =

{
1, T ∗

p [i, j] > quantile(T ∗
p , t−1

t ),

0, else,
(11)

where t is the task number and quantile(T , q) represents
the value in Mp corresponding to the quantile q, and ∗ ∈
{A,B}. By uniting all masks {Mi}ti=1, we derive the con-
flict knowledge mask Muni = {Muni,A,Muni,B} via
Eq.(12), which divides the subspaces into those exhibiting
knowledge conflicts (indicated by 1) and those that do not
(indicated by 0).

Muni =
⋃

i=1,2,··· ,t−1

Mi. (12)

To prevent knowledge interference in subspaces where
there’s a risk of conflict, we project the gradient gt of the
expert Et into the orthogonal complement of the space
spanned by previous experts E<t. By normalizing and stack-
ing the prior task vectors T<t after flattening, we obtain
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K = {KA,KB}, where KA,KB ∈ R(t−1)×(r×d). Since K
represents the essential knowledge space of E<t, the gra-
dient gt is projected onto its orthogonal complement sub-
space. Given that experts E<t must maintain orthogonality
throughout training, the equation can be formulated by

g∗orth = gt −K∗⊤K∗gt. (13)

where ∗ ∈ {A,B}.
For subspaces without knowledge conflicts, we simply

update the general expert using the original gradient gt. The
update of the general expert during training can be formu-
lated by

Eg
∗ = Eg

∗−η ·(Muni,∗⊙g∗orth+(1−Muni,∗)⊙gt), (14)

where ∗ ∈ {A,B}, Eg
∗ ∈ {Ag, Bg}, η represents the learn-

ing rate, and ⊙ signifies the element-wise product.
Finally, we dynamically retrieve strongly correlated sub-

spaces from Eg to effectively extract shared knowledge,
then integrate these into the expert Es for joint inference.
Similarly to task-specific experts, we evaluate the contribu-
tion of each basis of the shared space by

Wg = span{skg |z
g
t [k] > γ, zg

t ∈ Rr, s∗g ∈ Sg}. (15)

Wg = {Ag,Bg} denotes the extracted shared knowledge
subspace, zg = Agx is inner activation, γ is the hyperpa-
rameter we set, and ∗ ∈ {1, 2, · · · , r}. By incorporating the
shared knowledge into Ws following the method outlined
in Eq.(10), we form the expert E = {A,B} that integrate
specific-task knowledge and shared knowledge cross-tasks.
A = [(As)⊤, (Ag)⊤]⊤ ∈ R(rs+rg)×d,B = [Bs,Bg] ∈
Rd×(rs+rg), rs and rg denote number of basis in Ws and
Wg , respectively. The final result can be derived by

y′ = W0x+
α

r
BAx. (16)

Experiment
Experimental Setup
Datasets and Metrics. KSS-MoE is trained and assessed
using the CoIN benchmark (Chen et al. 2024), which com-
prehensively encompasses eight vision instruction tuning
tasks: ScienceQA (Lu et al. 2022), TextVQA (Singh et al.
2019), ImageNet (Deng et al. 2009), GQA (Hudson and
Manning 2019), VizWiz (Gurari et al. 2018), Grounding
(Kazemzadeh et al. 2014; Mao et al. 2016), VQAV2 (Goyal
et al. 2017), and OCR-VQA (Mishra et al. 2019). These
tasks cover a broad array of scenarios relevant to CVIT.

Following CoIN, we utilize metrics frequently employed
in continual learning, specifically, Mean Average Accuracy
(MAA) and Backward Transfer (BWT ). The former evalu-
ates the overall performance, while the latter indicates its ca-
pacity to resist catastrophic forgetting. A model is regarded
as exhibiting superior performance if it possesses higher
MAA and BWT .

Implementation Details. In our experiments, we utilize
LLaVA-1.5-7B (Liu et al. 2023a) as the base MLLM. It is
built upon Vicuna as the LLM backbone and incorporates

ScienceQA
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Figure 3: The overall performance of various methods dur-
ing the CVIT process. KSS-MoE achieves state-of-the-art
and shows strong resistance against catastrophic forgetting.

pre-trained CLIP ViT-L/14 (Radford et al. 2021) to serve as
the visual encoder. KSS-MoE is attached to the Multi-Head
Self-Attention (MHSA) layers and Feed-Forward Networks
(FFNs). We set the number of task-specific experts to 8, as-
sign each expert a rank of 16, and set λ to 0.5. In order to
avoid knowledge redundancy while exploring relevant sub-
spaces, ϵ and γ are both set to 0.1. Throughout the training
process, every task undergoes training for a single epoch.
The Adam optimizer is utilized with a learning rate set at
2e-4, in conjunction with the cosine learning rate scheduler.

Main Results
To assess the performance of KSS-MoE, we evaluate it
against both well-known and former top-performing meth-
ods, such as sequential LoRA fine-tuning (Seq-ft), LwF
(Li and Hoiem 2017), EWC (Kirkpatrick et al. 2017),
MoELoRA (Liu et al. 2023b), LCIA (Qiao et al. 2025), and
O-LoRA (Wang et al. 2023). As indicated in Table 1, we
present the experimental outcomes for our model alongside
the baselines across eight tasks. From these results, three key
observations can be made.

Firstly, KSS-MoE achieves state-of-the-art overall per-
formance regarding MAA and BWT across all datasets,
outperforming the second-best approach by 7.38% and
7.6%, respectively. As illustrated in Fig. 3, KSS-MoE main-
tains superior performance consistently throughout contin-
ual learning. This is ascribed to the joint influence of both
task-specific experts and the general expert. By synergisti-
cally enhancing subspace complementarity, we mitigate the
catastrophic forgetting that results from significant distribu-
tion shifts. For instance, transferring multimodal text recog-
nition capabilities from OCR-VQA to TextVQA yields a
1.38% MAA improvement on TextVQA, demonstrating the
general expert’s ability to capture cross-task knowledge and
enable positive transfer.

Secondly, KSS-MoE is a more advanced and effective
MoE framework. Traditional MoE models are more prone
to suffer severe forgetting due to expert incoordination and
routing inconsistency. KSS-MoE fundamentally tackles the
problems of load imbalance and routing-level forgetting by
fusing the knowledge subspaces of individual experts to
serve as the routing mechanism, instead of using the tra-
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Methods
Accuracy on each dataset Overall performance

ScienceQA TextVQA ImageNet GQA VizWiz Grounding VQAV2 OCR-VQA MAA BWT

Seq-ft
81.35 46.53 96.28 39.58 43.32 32.39 51.75 58.28

40.69 -27.59
52.11 31.06 4.16 27.29 20.79 0.21 34.87 58.28

LwF
81.16 49.53 97.03 51.96 52.60 10.50 66.26 63.47

42.23 -20.71
66.73 42.41 9.60 39.19 34.52 3.08 47.80 63.47

EWC
81.21 49.31 96.83 44.91 49.18 10.59 66.09 62.31

41.86 -21.46
70.81 41.76 9.13 38.17 18.73 1.32 46.55 62.31

MoELoRA
85.90 51.81 97.19 61.25 44.20 30.03 66.81 63.87

45.00 -21.83
72.91 48.82 9.58 42.55 36.70 3.40 48.62 63.87

LCIA
83.12 50.84 97.03 37.26 43.64 16.63 62.91 63.24

45.02 -18.85
55.53 44.18 12.85 38.79 44.71 0.13 45.48 63.24

O-LoRA
85.85 58.28 91.31 55.41 50.89 0.37 57.87 44.42

52.61 -19.75
13.65 41.62 51.72 49.98 30.01 0.00 56.01 44.42

KSS-MoE
85.85 53.41 96.95 54.65 56.54 33.06 61.44 47.68 59.99 -11.25
68.73 54.79 57.33 52.11 42.86 15.37 60.69 47.68

Table 1: Comparison of performances(%) between KSS-MoE and other advanced methods. For each method, the first line
shows the results obtained by evaluating on the task immediately after learning it, while the second line shows the results
obtained by evaluating after training on the final task.
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Figure 4: Comparison of the average accuracy of KSS-MoE,
MoELoRA and O-LoRA on each dataset throughout the en-
tire learning process.

ditional router, as illustrated in Fig. 4. KSS-MoE show-
cases improved efficiency in its use of knowledge. Unlike
the vanilla router that broadly activates whole experts, KSS-
MoE’s subspace-level extraction allows for more precise lo-
calization and retrieval of knowledge.

Thirdly, KSS-MoE effectively acquires complementary
knowledge while avoiding interference. In tasks involv-
ing classification and grounding, baseline models generally
show subpar results. This is due to the substantial dispar-
ity between these tasks and others, which leads to increased
knowledge interference and complicates the retention of
previously acquired knowledge. During inference, O-LoRA
uniformly combines all experts, which can result in overlap-
ping or conflicting subspaces. In contrast, as depicted in Fig.
4, our KSS-MoE achieves significant advantages in tasks
with substantial discrepancy by eliminating potentially con-
flicting information and performing fine-grained merging of
the remaining subspaces.

Ablation Studies
We perform ablation studies to assess the contribution of
each element in KSS-MoE, and the results from these ex-
periments are presented in Table 2.

The effect of Orthogonal Fusion of Shared Knowledge
Subspace. The general expert is employed to learn the
shared knowledge among tasks, aiding in positive transfer.
In particular, in experiment (b), the entire general expert is
eliminated from KSS-MoE (d). By comparing the results of
(b) and (d), we notice different levels of decrease in both
MAA and BWT , indicating that the general expert is pro-
ficient in consistently acquiring cross-task knowledge and
effectively mitigating catastrophic forgetting.

The role of the orthogonal shared space. We further ex-
amine the significance of acquiring shared knowledge within
orthogonal spaces through the general expert. This is imple-
mented by utilizing a general expert without learning the or-
thogonal shared space, as shown in (c). When comparing (c)
with (d), a notable decline in performance is observed, and
unexpectedly, (c) performs worse than the baseline lacking
the general expert as seen in (b). This suggests that substan-
tial task discrepancy and conflicting knowledge frequently
occur within the CVIT environment. Vanilla general expert
fails to consistently integrate shared knowledge across var-
ious tasks, causing disorganized knowledge and negative
transfer. In contrast, our orthogonal shared space shows an
advanced capability in avoiding interference between differ-
ent tasks’ knowledge.

The impact of the expert subspace collaboration strat-
egy. The adaptive collaboration strategy is designed to ad-
dress the limitations in cooperation among experts in MoE,
improving generalization capabilities. Considering that the
general expert exists depending on task-specific experts, we
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Methods
Accuracy on each dataset Overall performance

ScienceQA TextVQA ImageNet GQA VizWiz Grounding VQAV2 OCR-VQA MAA BWT
(a)w/o m1,m2 55.50 37.07 20.83 47.90 38.82 12.70 57.72 63.87 45.00 -21.83

(b)w/o m2 73.27 50.12 37.01 50.10 53.62 13.15 62.28 46.47 57.64 -13.54
(c)w/o m2* 69.58 46.31 40.06 51.12 46.58 17.63 61.04 45.52 52.61 -12.78

(d)full 76.51 51.05 42.38 52.42 50.04 22.02 61.07 47.68 59.99 -11.25

Table 2: Ablation studies of KSS-MoE. m1, m2, and m2* denote expert subspace collaboration strategy, the general expert, and
the orthogonal shared space, respectively. The accuracy represents the average performance throughout the entire process.

Rank
Accuracy on each dataset Overall performance

ScienceQA TextVQA ImageNet GQA VizWiz Grounding VQAV2 OCR-VQA MAA BWT
4 69.30 49.32 31.75 53.41 48.08 8.09 62.04 45.07 53.42 -11.89
8 75.78 48.93 38.95 52.87 48.47 14.47 61.78 45.27 58.50 -15.05

16 76.51 51.05 42.38 52.42 50.04 22.02 61.07 47.68 59.99 -11.25
32 79.39 49.86 47.97 51.57 49.52 16.91 62.68 45.82 60.74 -11.23

Table 3: The impact of capacity of knowledge space. The accuracy in the table represents the average performance throughout
the entire process.
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Figure 5: Results of the parameter sensitivity analysis. Ini-
tially, performance improves as ϵ and γ grow, peaking at 0.4,
after which it begins to decline steadily.

replace expert subspace collaboration strategy with naive
MoE, degenerating KSS-MoE to MoELoRA. Compare (a)
to (b), it is clear that this strategy plays a crucial role in the
entire model and determines how to effectively retrieve and
integrate the experts’ knowledge, thereby avoiding catas-
trophic forgetting caused by distribution drift.

Further Analysis
The impact of capacity of knowledge space. We estab-
lished the expert ranks at 4, 8, 16, and 32 to investigate the
impact of varying subspace capacities on performance. The
experimental results are presented in Table 3. While enhanc-
ing subspace capacity typically boosts model performance
for complex tasks, increasing the rank from 4 to 8 surpris-
ingly diminishes BWT . This happens as smaller knowledge
spaces (r = 4) limit learning that focuses on a particular task
while reducing interference between different tasks. In con-
trast, larger spaces lead to subspace overlap, which intensi-
fies the forgetting issue. This is demonstrated by consider-

ably lower MAA values observed in smaller subspaces.

Sensitivity analysis of the threshold ϵ and γ. As depicted
in Fig. 5, we examine how the hyper-parameters ϵ and γ in-
fluence the removal of irrelevant and weakly relevant knowl-
edge. When adjusting one of them, the other remains fixed
at zero. Given that they need to be more than zero yet close
to it, we assign them values of 0, 0.1, 0.2, 0.3, 0.4 and
0.5, respectively. Initially, the BWT rises, but as ϵ and γ
grow, it subsequently declines. In contrast, MAA, which
serves as an indicator of overall performance, exhibits rela-
tively minor variations. It suggests that setting thresholds too
low introduces marginally relevant knowledge, disrupting
the knowledge space, while setting them too high excludes
useful knowledge, leading to diminished performance. KSS-
MoE achieves optimal performance when ϵ and γ are both
set to a balanced value of 0.4.

Conclusion

In this study, we introduce the KSS-MoE model tailored
for MLLMs within the CVIT framework, which retrieves
knowledge subspaces from task-specific experts and adap-
tively combines them to form a composite expert. Our KSS-
MoE first facilitates fine-grained knowledge complementar-
ity and collaboration among MoE experts, alleviating catas-
trophic forgetting caused by distribution drift. In addition,
a general expert projects shared knowledge onto orthogo-
nal complement subspace of prior experts, thus maintaining
the integrity of cross-task knowledge and avoiding negative
transfer due to inter-task conflicts. Comprehensive experi-
ments conducted on eight benchmark datasets reveal that our
KSS-MoE achieves state-of-the-art performance, introduc-
ing a new paradigm for MoE-based MLLMs in CVIT.
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