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Abstract

Unified Multimodal Generative Models (UMGMs) unify visual understanding
and image generation within a single autoregressive framework. However, their
ability to continually learn new tasks is severely hindered by catastrophic forget-
ting, both within a modality (intra-modal) and across modalities (inter-modal).
While intra-modal forgetting has been studied in prior continual learning (CL)
work, inter-modal forgetting remains largely unexplored. In this paper, we iden-
tify and empirically validate this phenomenon in UMGMs and provide a theo-
retical explanation rooted in gradient conflict between modalities. To address
both intra- and inter-modal forgetting, we propose Modality-Decoupled Experts
(MoDE), a lightweight and scalable architecture that isolates modality-specific
updates to mitigate the gradient conflict and leverages knowledge distillation
to prevent catastrophic forgetting and preserve pre-trained capabilities. Unlike
previous CL methods that remain modality-coupled and suffer from modality
gradient conflict, MoDE explicitly decouples modalities to prevent interference.
Experiments across diverse benchmarks demonstrate that MoDE significantly
mitigates both inter- and intra-modal forgetting, outperforming prior CL base-
lines in unified multimodal generation settings. Codes are publicly available:
|https://github.com/Christina200/MoDE-official. git|

1 Introduction

Traditional multimodal models are typically divided into two categories: multimodal understanding
(e.g. answering questions about images) and multimodal generation (e.g. generating images from
text prompts) [1, 2. Unified Multimodal Generative Models (UMGMs) aim to integrate these
two tasks within a single framework. Recent advancements in UMGM s [348] have demonstrated
strong performance on a wide range of tasks, such as visual question answering (VQA), image
captioning, visual reasoning, classification, reading comprehension, and image generation. These
models typically embed multiple input types into a shared representation space and leverage one
single transformer backbone to model cross-modal interactions. Training generally follows a two-
stage paradigm: an initial pretraining phase focused on text-image alignment, followed by fine-tuning
for specific downstream tasks. During the second stage, instruction tuning (which fine-tunes the
model on diverse, task-specific instructions paired with expected outputs) has emerged as a widely
adopted strategy to better align model behavior with human intent [9, [10].

While UMGMs demonstrate impressive zero-shot performance on a wide range of unseen instructions,
their effectiveness is inconsistent across all tasks, particularly when the relevant task data is absent
from the pretraining corpus. Expanding the training dataset to include new task data can significantly
improve performance on those tasks. However, given the continual emergence of novel multimodal
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Figure 1. (a) illustrates catastrophic forgetting during naive sequential instruction tun-
ing. Continual instruction tuning starts with the Chameleds] model on tasks
ScienceQA TextVQA! ImageNet GQA! VizWiz. “Start” refers to the performance immediately
after the model has been tuned on a task, while “End” denotes performance after completing all
tasks. A larger gap between the two bars indicates more severe forgetting. (b) visualizes forgetting
in both multimodal generation tasks (iad, representing inter-modal forgetting) and multimodal
understanding tasks (ireen, representing intra-modal forgetting). Our proposed MoDE mitigates
both types of forgetting, preserving performance across modalities.

tasks, repeatedly merging new data and retraining the model is computationally expensive and
impractical. This motivates the need for new approaches that can enable UMGMs to exibly and
ef ciently adapt over time. This goal aligns with the principles of continual learning (CL), where
models are designed to acquire new capabilities incrementally, similar to how humans learn [11].

Existing studies in CL have shown that sequentially ne-tuned models suffer from catastrophic
forgetting, a phenomenon where a model ne-tuned on new tasks tends to forget or overwrite the
previously acquired knowledgé2]. More recently, several works have explored continual instruction
tuning for multimodal large language models (MLLM4)315]. However, these models are limited

to language-only outputs and, as a result, prior research has focused exclusively on tasks such as
VQA and other multimodal understanding benchmarks. In contrast, UMGMs are capable of both
multimodal understanding and generation within a single backbone, enabling the production of
both textual and visual outputs and thus representing a fundamentally different paradigm. This
raises a new and largely unexplored challenge, whereby forgetting occurs netithitya single
modality (intra-modal), but alsacrossmodalities (inter-modal) during continual instruction tuning

of UMGMs.

Starting from these overarching ideas, we &&n UMGMs continually acquire new capabilities
through instruction tuning without suffering catastrophic forgetting, both within a modality (e.qg.,
multimodal understanding) and across modalities (e.g., improving multimodal understanding while
preserving visual generation)?

As shown in Figure 1, UMGMs do experience catastrophic forgetting across a range of tasks, including
visual reasoning, classi cation, VQA, and image generation. Also, while existing meth6ds1]

can mitigate either intra-modal or inter-modal forgetting, none of them can effectively address both
issues simultaneously.

To address this fundamental challenge, we propésedality-Decoupled Experts (MoDE), a new
lightweight architecture which incorporates a modality-aware sparse mixture of LORA adapters for
text (T-MoE) and a single LoRA adapter for images (V-Adapter). The intra-modal forgetting during
continual multimodal understanding tasks is mitigated by the T-MoE's routing, which selectively
activates the appropriate experts. Tier-modal forgettingn image generation is prevented through
modality decoupling and knowledge distillation between the pre-trained model (teacher) and the
newly added image LoRA (student). During continual instruction tuning, only the MoDE components
are trained, while the pre-trained UMGM parameters remain frozen to preserve their robust cross-



modal alignment. Our results show that this design simultaneously mitigates both intra-modal and
inter-modal catastrophic forgetting.

Our contributions are:

1. We identify and illustrate the unique challenge of inter-modal catastrophic forgetting, in
addition to the more common intra-modal forgetting in autoregressive transformers that unify
multimodal understanding and generation under continual instruction tuning. We further
provide a theoretical analysis attributing inter-modal forgettinptmlality gradient con ict
and formally prove that modality decoupling can mitigate this con ict both theoretically
and experimentally.

2. We propose Modality-Decoupled Experts (MoDE), a new lightweight and scalable archi-
tecture that tackles both intra- and inter-modal forgetting by decoupling modality-speci ¢
updates (to reduce inter-modal gradient con ict) and applying knowledge distillation to
preserve pre-trained image generation capabilities.

3. Through extensive experiments, we show that MoDE outperforms SOTA baselines (e.g. CL-
MoE [18], Model Tailor [17]) when mitigating both intra- and inter catastrophic forgetting
simultaneously. This opens up new possibilities for scalable continual learning in UMGMs.

The remainder of this paper is organized as follows: Section 2 reviews related work. Section 3
introduces inter-modal forgetting in UMGMSs. Section 4 presents our proposed method, and Section
5 details the experimental results. Finally, Section 6 concludes our paper.

2 Related work

2.1 Uni ed multimodal generative models (UMGM)

Early efforts to unify visual understanding and generati-22] typically combine diffusion models
with MLLMs, conditioning the diffusion process on LLM-generated embeddings. While effective
for certain tasks, this “diffusion+MLLM” design lacks tight coupling between image generation and
language modeling, resulting in suboptimal performance on instruction-based generation [23].

More recent approaches treat both understanding and generation as a uni ed next-token prediction
problem R4-26, 3]. These models differ in their encoder and decoder designs, e.g. SpH7]

employ vision tokenizers such as VQGAR{ to discretize images into token sequences, while
others R9, 30] use semantic encoders like CLIB]] or SigLIP [32] to represent images as sequences

of continuous embeddings. Their decoders typically rely on either a VQ&8Fdr a diffusion-based
generator [34, 22], but all maintain an autoregressive transformer backbone.

Our method is designed for transformer-based UMGMs and works with a broad class of models built
on this autoregressive architecture, regardless of their choice of encoding or decoding mechanism.

2.2 Mixture of experts (MoE)

The Mixture of Experts architectur8%-38] combines specialized experts with a gating mechanism

that ef ciently allocates tokens. Several studies explore integrating MoE with L@RPt facilitate

scalable and ef cient training of MLLMs and LLMg40-45]. Recently, the scalability and modularity

of MoE have attracted growing attention in continual learnit® #6, 47]. For instance, Lifelong-

MoE [48] introduces a strategy to train new experts while freezing the old ones. However, prior
MoE-based CL methods share the same set of experts across modalities, which leads to modality
interference during multimodal generation and exacerbates the inter-modal forgetting. Motivated by
these limitations, we propose modality-decoupled MoE with LoRA, aiming at mitigating both inter-
modal forgetting caused by modality interference and intra-modal forgetting within each modality.

2.3 Catastrophic Forgetting

Catastrophic forgetting remains a fundamental challenge in multimodal continual instruction tuning

(MCIT), where a multimodal generative model is incrementally adapted to new datasets and task
instructions without costly retraining from scratch. Existing methods to address catastrophic forgetting
in MCIT typically fall into four categories: regularization-based] architecture-based0, 14,



Figure 2: Inter-modal catastrophic forgetting during continual instruction tuning across three VQA
tasks. The pre-trained UMGM serves as the upper bound for image generation quality. CLIP scores
under each sample re ect text-image alignment in CLIP feature space. Red bounding boxes highlight
regions with degraded image quality and low CLIP scores, indicating increasing misalignment
between prompts and generated images. For instance, the image generated for theAmopd “

of a car’ depicts a building instead of a car (VQA task #3).

replay-basedl5], and prompt-based approach&4,[52]. For instance, EProjl[l] applies task-
similarity-based regularization to constrain model updates that are important for previous tasks.
Fwd-Prompt b1] selects prompts using both textual and visual features to preserve earlier knowledge.
LLaCA [50] employs exponential moving average (EMA) to merge the weights of old and new
models, thereby maintaining both past task performance and pre-trained capabilities.

However, these approaches address onlyrttira-modal catastrophic forgettingvhere old tasks,

new tasks, and pre-trained capabilities all belong to the same output modality, typically text (e.g., in
VQA tasks) p2-54]. While this assumption holds for traditional multimodal models with unimodal
outputs, it is insuf cient for UMGMSs which generate multimodal outputs such as text and images.

3 Inter-modal Catastrophic Forgetting in UMGMSs

Inter-modal catastrophic forgetting can manifest in several forms. For instance, prior %prk [
examined the loss of text-only generation abilities in MLLMs when compared to their original
LLM counterparts. Other studies have explored modality decoupling strategies in encoders and
adapters of UMGMSsH6, 57]. In this paper, we restrict our focus to multimodal tasks, speci cally

the forgetting that occurs in multimodal understanding and generation. In particular, we study visual
generation forgetting that arises when tuning models on understanding tasks. Complementary results
on understanding forgetting induced by tuning on image generation tasks are provided in Appendix F.

To investigate inter-modal catastrophic forgetting in UMGMs from the visual perspective, we con-
duct a preliminary experiment by sequentially tuning Chamel&pnging LoRA on three VQA
datasetsg8-60], while monitoring image generation performance with prompt-based evaluation.
As shown in Figure 2, we observe two key issues in image generation as tuning progresses: 1) The
overall image quality degrades signi cantly, 2) The alignment between the generated image and the
input prompt worsens over time.

These ndings indicate that inter-modal catastrophic forgetting does indeed occur in UMGMs when
they are continually ne-tuned on a sequence of multimodal understanding tasks. We attribute this



forgetting to the UMGM s utilizing a uni ed architecture (e.g., transformer) with shared parameters
for both text and visual modalitie$]]. When tuning on a single modality (e.g., text), the shared
parameters are updated in a way that interferes with the model's performance on the other modality
(e.g., image), a phenomenon consistent with observations reported in recent §diés formalize

this interference, we introduce the notionmobdality gradient con ict

De nition 1 (Modality Gradient Conict) Letg, = r L, denote the gradient of the image-
generation loss angl = r L denote the gradient of the text-generation loss, both with respect to
shared model parametersg, andg; are said to be con icting with each otherh, ; g:i < 0, where

h; i denotes the standard Euclidean inner product.

Proposition 1. When ne-tuning on the text-generation tasks, a stochastic gradient descent (SGD)
update with suf ciently small step sizemodi es the model parameters as gt. The resulting
change in the visual loss is:

2
Lv=Lv( g0 Lv()= oo+ 79?vaz; 1)

whereH, = r 2L, is the Hessian of the visual loss. Hence, whgng,i < 0, a step optimizing text
generation willincreasehe visual loss, leading to inter-modal forgetting.

Motivated by this, we propoddoDE, a modality-decoupled adapter framework that provably elimi-
nates the rst-order modality con ict and thereby mitigates the inter-modal catastrophic forgetting. A
detailed proof of Proposition 1 is available in Appendix A.

4 Methodology

4.1 Problem formulation

Continual instruction tuning Assume a UMGM has been pre-trained with abundant vision-
language data, captured by trainable parametéevge further train to adapt this UMGM to ne&
tasks in a sequential manner. Each task is der(l)oted by a task descriptdt; 2; :::; Sg, and owns an
. . N . .
independent datasBt = (X 'J'9 ;XS ;X ) with N data triplets, wherX ™9 , X "S and
) ", . i :l
X @ jndicate the input image tokens, instruction text tokens, and answer text tokens, respectively.

We formalize the autoregressive cross-entropy objective for task
S . _
max E(leg ;xins -y ans ) D IOg p (X ians J X img ,x Ins ;x<ains (2)
i=1
where the expectatios is taken over the data distributidh , L is the length of the answer sequence,
X &' indicate all answer tokens before the indeX " indicates the-th answer token.

Image generation LetX ™ be the text prompt tokens, and ¥t™ be the image tokens generated
autoregressively. Following a standard autoregressive factorization, the process can be formalized as:

_ _ ¥ N :
PIX™I XY= p (XM XX ) 3)
i=1
wherelL is the length of the image token sequerﬁéé’{,‘g indicate all image tokens before the index

i, Xiimg indicate the -th image token. Once all tokens are generated, they are detokenized via a
decoder (such as a VQ-VAE) to produce the resultant image.

4.2 Modality-Decoupled Experts (MoDE)

MoE adapters are lightweight modules that route inputs through a sparse subset of expert networks,
enabling task-speci ¢ adaptation with minimal interference to shared paramé8r#\[though MoE
adapters can effectively mitigaitetra-modalcatastrophic forgetting, naively sharing their parameters
across modalities can lead to modality gradient con ict (see Section 3). To address this issue, we
proposeModality -Decoupled Experts (MoDE) a modality-decoupled adapter architecture that



Figure 3: An autoregressive UMGM with our proposed MoDE integrated into its linear layers (MLPS).
V-Adapter (Visual LORA, in the light blue box): LoRA specialized for both the generation and
understanding of image token3-MoE Adapters (Text Mixture-of-Experts LoRA, in the light
brown box): MoE-LoRA designed for text tokens, supporting continual learning of multimodal
understanding task3-router computes the routing weighg(x) that determine how much each
expert LORA contributes for a given text token. The circled “+” symbol denotes addition. During
continual instruction tuning, the T-MoE primarily updates for text answers, while the V-Adapter
handles image tokens. To preserve the model's image generation capability and mitigate inter-modal
forgetting, we apply a knowledge distillation loss from the original (teacher) UMGM to the new
(student) model's V-Adapter.

isolates text and visual updates into separate trainable subspaces. As shown in Figure 3, MoDE
mitigates modality gradient con ict while preserving the exibility and scalability of MoE adapters.

Getting now into detaild, ORA introduces a trainable low-rank update to a frozen weight matrix
W 2 RY%ut dn \whered;, andd, denote the input and output feature dimensions, respectively. The
update is parameterized by two learnable low-rank matc@sR’ 9 andB 2 RY%u ' such that:

W= _BA @)

whereA andB are learnable matrices with rank  min(di,; doy) and scaling factor 2 R. Given
an input token representation2 R, the modi ed linear transformatiof : R% | R%u pecomes:

f(h)= hw> + ?hA>B> (5)
MoE-LoRA generalizes LoRA by introducing a mixture of expert LORA modules to handle diverse
tasks. A router assigns each input toke® R a soft distribution over experts:
gj (x) = softmax( xWg); (6)
whereWy 2 R " js a trainable gating matrix with denotes the number of experts, andx)

denotes the routing probability of expgrtThe resulting update W (x) is a weighted combination
of expert LORA updates:

X
W)= = g ()BjA ™
i=1
where each expert h#g 2 R’ din andB; 2 R " and 2 Ris a hyper-parameter. Given an
input token representatidn2 R%, the nal linear transformation becomes:

X
f(h)= hw” + - g ()hATB; 8)
j=1



MoDE integrates the above two types of adaptations into UMGW¥AsdapterandT-MoE, as shown

in Figure 3. Thev-Adapter is a LORA module specialized for visual tokens which adapts the model

to both visual understanding and image generation tasks. In contrastMb& is a MoE-LoRA
applied to text tokens, designed to enhance continual instruction tuning on multimodal understanding
tasks without interfering with visual knowledge. Together, these two components allow MoDE to
balance modality-speci ¢ adaptation (via the V-Adapter) and task-level exibility (via the T-MoE)
within a uni ed multimodal backbone.

To formalize the forward pass of multimodal tokens, we consider a frozen linearnyzR%: din
iNUMGM. LetH =[h{;:::;ht hi o snhl L sht L Lo hi 12 RN dn denote the hidden
states of a sequence of interleaved images and text with |&hgthhere the subscript indicates
position and the superscript indicates the token modalifpr(text andi for image). We untie
the sequence into the text sequemte = [h! . ., ;:::;hy] and the image sequenté' =
[hi .15 hl L ], wherem is the start index of image tokens ahds their length. We feedi'
into the V-adapter using Eq. 5 to obtath = f (H'), and feecH ! into T-MoE using Eq. 8 to obtain
Ht = f(H'). Finally, we reassembld’ andH into their original positions to form the output

sequencé? .

MoDE therefore cleanly decouples different modalities: text tokens bene t from experts diversity
for continual instruction tuning, while image tokens rely on a visual adapter. Because T-MoE and
V-adapter are disjoint, their update directions cannot interfere arbitrarily.

Proposition 2. In MoDE, let denote the parameters of the T-MoE andlenote the parameters of
the V-adapter. A single gradient stefy! r L. updates only , and the resulting change in
the visual loss satis es:

Lv= = max 2Ly 1 L5 9)

Thus, MoDE provably bounds the inter-modal interferenc®{o?), compared t@( ) under a
modality-decoupled baseline as in Proposition 1. This theoretical property directly explains the
minimal gradient con ict and superior retention of visual generation capabilities observed in our
experiments. See Appendix A for a proof of Proposition 2 and Appendix B for its empirical
veri cation.

4.3 Knowledge Distillation

During instruction tuning, the \Adapter learns tanderstandmages, which can degrade its original
generationability. We anchor the VAdapter to the frozen prrained backbone (teacher) via
logit-level knowledge distillation (KD), as shown in Figure 3.

A small subset of images sampled from the LAION-5B data84t$erves as the reference data.
For each reference token, both teacfiergnd studentg) predict the next image token. Lat ; z°
denote their logits for the'th image token.Using a softening factorthe KD loss Lkp ) is computed
as the Kullback—Leibler divergence [65] between their softened output probabilities:

S
Lko = 2 Dk Softmax(z' = )k Softmax(z®>= (10)
i=1
whereL is the number of generated image tokensladénotes the distance between two distributions.

Final objective. The T-MoE is trained with the instructietuning crossentropy lossl( cg) as in (2):

RS o _
Ltmoe = Lce = N logp (X" j XM XMs X2 (11)
i=1
The V-Adapter uses a weighted combination of the cross-entropy and the distillation losses:
Lv.adapter= Lce+ Lkp; >0 (12)

This mixed objective balances the updates for visual understanding and image generation in the
V-adapter, thereby mitigating inter-modal catastrophic forgetting. In our experiments, we=s&t3
based on its optimal performance (see Appendix D for a sweep over differatties).



Table 1: Quantitative comparison of interodal (image generation) and irtngodal (multimodal
understanding) catastrophic forgetting. For image generation-gteyoreports the prerained
reference we aim to preserve. DualPrond][yields low accuracy and low forgetting. This is
because adding a small set of prompt embeddings slightly biases the feature representations, which
is insuf cient to learn the new and hard tasks. captures the overall performance drdpold
numbers are bestinderlinednumbers are second best in each column. Results are averaged over
three different runs.

Image Generation Multimodal Understanding
Method Text alignment'() Image alignment’() FID (#) Accuracy () Forgetting ) (€]
Zero-shot 0.2592 0.5205 52.13 22.48 - 34.84
Seq LoRA 0.2162 0.5150 56.12 28.43 35.33 28.57
Model tailor [17] 0.2384 0.5093 55.47 32.62 27.66 24.70
DualPrompt [16] 0.2648 0.5083 56.08 31.92 6.82 25.40
MOELORA [44] 0.2248 0.5095 65.16 33.01 30.77 24.31
CL-MoE [18] 0.2081 0.5150 65.87 32.86 30.95 24.46
MoDE (Ours) 0.2458 0.5170 53.74 33.47 25.99 22.78

5 Experiments

5.1 Experimental setup

Evaluation Benchmarks For continual instruction tuning, we evaluate on ve datasets: Four visual
guestion answering datasets (Science®8g|,[TextVQA [66], GQA [59], and VizWiz [67]) and

one image classi cation dataset (ImageNef]}. For image generation, we use the CustomCon-
ceptl01 [68] dataset, which contains 101 concepts grouped into 16 broader categories.

Evaluation Metrics  For continual instruction tuning, we follow the protocols fro6®[70] and

report two metrics: (1LAverage Accuracy (ACC) de ned as the mean accuracy across all tasks

after the nal round of training; and (2verage Forgetting (Fgt), which quanti es performance
degradation on previous tasks and is computed as the mean reduction from the best observed accuracy
to the nal accuracy, for each task. We use exact matches to determine answers correctness.

We evaluate image generation quality with three metricsiniHge alignment Cosine similarity
between CLIP embeddings of the generated image and a reference image that depicts the target
concept; higher is bettet ). (2) Text alignment. Cosine similarity between the generated image
embedding and the CLIP embedding of its text prompt; higher indicates better prompt délif)

Fréchet Inception Distance (FID)[71]. Fréchet distance between features of generated and real
images; lower values mean the synthetic images are closer to the real distriution (

Baselines We compare our proposed MoDE with the following continual learning approaches:
Seq LoRA, which sequentially trains the model on new tasks using LoRA adaBgkréd/odel

Tailor [17]; DualPrompt L6]; MoE-LoRA [63]; CL-MoE [18]; and Joint Training (upper bound),

which trains the model on all datasets simultaneously and serves as the upper bound reference. The
implementation details of baseline methods are provided in Appendix .

We use two autoregressive backbone UMGMs: Chamelgjaamid Janus-Prad]. For Chameleon, we
adopt the implementation iY§] since the original model and checkpoints are not publicly available.
Results on Janus-Pro are provided in Appendix G. See Appendix D for implementation details.

5.2 Main results

Quantitative results. As shown in Table 1, our proposed MoDE built on Chamel&jreffectively
mitigates both inter- and intra-modal catastrophic forgetting, outperforming other CL baselines. In the
“Image Generation” columns, MoDE maintains image quality comparable to the pre-trained model
(Zero-shot), indicating strong resistance to inter-modal forgetting. For instance, MoDE achieves
an FID score of 53.74, closely matching the 52.13 of the pre-trained model (zero-shot). While
DualPrompt [L6] also preserves image generation quality, its performance in continual instruction
tuning (as shown in the “Multimodal Understanding” columns) is poor: the average accuracy is only
31.92%. Notably, although DualPrompt shows low average forgetting of 6.82%, this is misleading: its
best accuracy on ImageNet is only 24.55%, whereas other methods exceed 70%. This low forgetting



Table 2: Continual instructictuning results on a sequence of ve datasets. AccurdgQ) is
exactmatch (higher is betterf-gt is average forgetting (lower is better). For each method, the
upper rowshows the best accuracy during continual instruction tuning, anidwer rowshows the

nal accuracy after completing all tasks. Upper bound reports performance obtained by individually
ne-tuning a model on each tasBold numbers denote the best result, amdlerlinednumbers
denote the second best. Results are averaged over three different runs.

Datasets Metrics
Method ScienceQA  TextVQA ImageNet GQA VizWiz ACCY Fgt®
Zero-shot 51.52 23.49 16.53 14.22 6.64 22.48 ;
72.43 0.82 39.34 124 89.41 1.48 37.93 1.61 44.38 1.05
Seq LoRA 33.06 0.93 16.84 142 13.68 0.93 33.20 1.77 44.38 0.05 2043 3533
) 74.90 0.72 40.04 1.18 78.22 0.63 37.35 1.02 43.25 0.94
Model tailor [17] 55740 191 17.78 483 14.97 1.00 31.71 0.76 43.25 0.68 202  27.66
60.01 0.89 31.48 1.02 24.55 057 29.91 1.27 40.91 0.75
DualPrompt[16] 59'64 103 1968 3.81 8.61 009 30.75 069 4091 0.72 o-92  6.82
71.79 094 39.62 2.08 94.75 1.53 37.66 1.23 44.33 0.65
MOELORA[44] 5047 117 10.64 2.86 18.73 1.96 31.89 0.78 44.33 0.70 <01  30.77
71.35 0.88 38.82 1.19 90.08 2.59 37.37 2.14 44.13 0.73
CL-MOE [18] 5534 109 17.64 2.77 15.62 1.02 3157 0.81 44.13 067 5286 ~ 30.95
70.45 0.74 38.90 1.47 80.67 0.45 37.03 0.47 44.35 0.62
MODE (Ours)  55'55 187 10.08 2.47 14.67 0.76 33.10 1.16 44.28 0.09 47 2599
Upper bound 73.27 40.74 91.88 36.56 44.15 57.32 ;

arises not from effective retention, but from a limited ability to learn in the rst place: if a model never
learns well, it has little to forget. Although MoE-LoR&3J] performs well in mitigating intra-modal
forgetting, it suffers from severe inter-modal forgetting, as evidenced by the worse image generation
quality, with an FID of 65.16 compared to 56.12 for the vanilla SeqLoRA. In contrast, our MoDE
achieves the highest accuracy of 33.47% and the lowest FID of 53.74, demonstrating its effectiveness
in mitigating both inter-modal and intra-modal forgetting simultaneously.

Table 2 presents more detailed results of continual instruction tuning. In this setting, our MoDE
consistently outperforms all comparison methods and sustains effective learning across all tasks.

Qualitative results.  As shown in Figure 4, our MoDE can generates higher quality images compared
to other methods, effectively preserving the pre-trained model's image generation capability. For
instance, in the third row of Figure 4, given the promBafn in the fall season with leaves all arouhd
MoDE successfully generates yellow leaves surrounding the barn, whereas Model T4ikord
CL-MoE [18] fail to capture this detail. See Appendix C for more qualitative results.

5.3 Ablation results

To validate the performance gains of MODE, we present our ablation results in Table 3. “T-MoE LoRA’
includes only the T-MoE adapters without the V-adapter. “MoDE w/o KD” removes knowledge
distillation, training both the T-MoE adapters and the V-adapter solely with cross-entropy loss. Of
note, MoDE is also robust to task order. See Appendix E for more ablation results.

Table 3: Ablation study shows that both the modality-speci ¢ adapters and knowledge distillation are
essential to the effectiveness of MoDE.

Image Generation Visual Understanding
Model Text alignment'() Image alignment’) FID (#) Accuracy () Forgetting )
Chameleon [3] 0.2592 0.5205 52.13 22.48 -
+ T-MoE LoRA 0.2583 0.5317 51.28 33.03 28.65
+ MoDE w/o KD 0.2364 0.5156 54.61 33.07 26.49
+ MoDE 0.2458 0.5170 53.74 33.47 25.99




Figure 4: Qualitative results of image generation on the Chameanddel. Our method generates
more visually coherent and faithful images compared to other baselines (e.g., the realistic dog in the
rst row, steam in the second row). Additional examples are provided in Appendix C.

These results demonstrate the effectiveness of both the T-MoE and V-adapter. Using only the T-MoE
preserves image generation capabilities by leaving visual components untouched, but results in sub-
optimal visual understanding, as the model lacks updates necessary for better visual comprehension.

We also report the computational ef ciency of MoDE, including training time, memory consumption,
and parameter overhead, in Appendix H. These results show that MODE achieves favorable trade-offs
between accuracy and ef ciency compared to existing methods.

6 Conclusion

We have proposed Modality-Decoupled Experts (MoDE) to address both intra- and inter-modal
catastrophic forgetting in continual instruction tuning for Uni ed Multimodal Generative Models
(UMGMSs). We have identi ed inter-modal forgetting, explained its cause due to the modality gradient
con ict, and designed MoDE to decouple modality-speci ¢ updates, mitigating con ict theoretically
and empirically. Extensive experiments show that MoDE signi cantly outperforms SOTA baselines,
establishing it as a strong solution for continual learning in uni ed multimodal generation.
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