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ABSTRACT

Recently, multimodal understanding (MMU) and text-to-image gen-
eration (T2I) have been integrated into a single autoregressive
(AR) architecture, achieving initial unification. However, existing
works focus on representation-level studies and overlook poten-
tial conflicts in AR architectures’ internal information flow during
training different tasks. Motivated by this gap, we identify a deeper
issue, Task Objective Conflict (TOC), arising from AR architec-
tures’ internal information flow, which causes negative transfer
and catastrophic forgetting when training MMU and T2I jointly.
To address this issue, we proposed UniDecouple, which decou-
ples internal modules for different tasks to construct task-specific
optimization subpaths. To implement UniDecouple, we employ a
Task-Aware Mixture of Experts (TA-MoE), comprising Hierarchi-
cal Expert Routing and Hybrid Expert Collaboration, trained in two
stages: first to build task-specific experts, then jointly fine-tuned to
balance specialization and overall coordination. Extensive experi-
ments on both understanding and generation benchmarks demon-
strate that UniDecouple preserves strong understanding ability
while achieving generation quality comparable to state-of-the-art
methods, offering a new perspective for unified modeling.
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1 INTRODUCTION

Human cognition, where understanding and generation intricately
interleave, provides the foundation for reasoning and thought [5, 13,
16]. Inspired by this mechanism, researchers have sought unified
models that integrate multimodal understanding and generation
within a single framework. However, progress remains divided:
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autoregressive (AR) models [1, 7, 19, 20] dominate multimodal un-
derstanding (MMU), while diffusion models [8, 10, 15] excel at
text-to-image generation (T2I). Recent works such as DALL-E [9]
extend AR models to T2L, prompting further efforts [3, 4, 12, 14, 17]
toward unified AR frameworks. Nevertheless, achieving a well-
balanced trade-off between generation quality and understanding
ability remains challenging. A widely recognized issue arises at the
representation level: MMU requires high-level semantic abstrac-
tion, whereas T2I demands fine-grained detail preservation. Early
approaches adopt shared or decoupled image encoders [2, 6, 17] to
mitigate this conflict, but these methods primarily address surface-
level representation mismatches.

Beyond representation, we identify a deeper challenge inherent
to AR. By analyzing internal information flow, we observe that
jointly optimizing MMU and T2I induces Task Objective Conflict
(TOC) [11, 18], leading to negative transfer and catastrophic forget-
ting. Both theoretical analysis and empirical evidence confirm that
AR-based joint training causes performance degradation across
tasks, even when representation conflicts are alleviated.

To mitigate TOC, we propose UniDecouple, which integrates a
Task-Aware Mixture of Experts (TA-MoE) into the AR paradigm.
TA-MoE introduces task-specific routing to provide dedicated opti-
mization paths for MMU and T2I, while enabling controlled collab-
oration through hierarchical routing and hybrid expert interaction.
We further adopt a two-stage training strategy to balance expert spe-
cialization and overall coordination. Extensive experiments demon-
strate that UniDecouple achieves competitive generation quality
while effectively preserving multimodal understanding.

2 THE PROPOSED UNIDECOUPLE

Task Objective Conflict. In standard AR models, sequential de-
pendency and causal attention create gradient interference: MMU
mainly updates early token representations while T2I gradients
flow from later tokens. The gradient overlap can produce negative
inner products between the two tasks, leading to negative transfer
and catastrophic forgetting, which limits multi-task learning under
a single unified network.

Task-Aware Mixture of Experts (TA-MoE). To mitigate TOC, we
introduce the TA-MoE layer, which partitions experts into task-
specific groups for MMU and T2I, alongside a shared expert for
cross-task knowledge exchange. Tokens are routed through a Hier-
archical Expert Routing mechanism: a task-aware router first assigns
tokens to the appropriate expert group, followed by a dynamic-
assignment router that selects top-k experts within the group. The
outputs of specific and shared experts are combined via weighted
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aggregation, enabling task-specific processing while maintaining
global coherence:

Y = hexpert + a - SharedExpert(x), (1)

where « is a learnable weight balancing shared and task-specific
expert contributions.

Loss Function and Training Objective. The overall training objec-
tive combines task-specific losses and routing supervision:

L= Z A Lt(y) +y Lgroups (2)
re {MMU, T2}
where A; and y are hyperparameters, £; denotes the cross-entropy
loss for task t, and Lgyoup supervises task-aware routing. This for-
mulation ensures both expert specialization and accurate task as-
signment, mitigating conflicts between understanding and genera-
tion objectives.

Two-Stage Training Strategy. To fully exploit the complementary
strengths of different experts, UniDecouple uses a two-stage train-
ing procedure. Stage 1 trains task-specific experts individually with
frozen self-attention layers to obtain specialized FFNs:

(Wetxzalert = (Wetxpert - UV(Wexperl Lgen- (3)
Stage 2 replaces FFNs with TA-MoE and performs end-to-end LoRA-
based fine-tuning (rank r = 16) jointly on both tasks. This parameter-
efficient optimization allows UniDecouple to reconcile conflicting

objectives, adapt to diverse tasks, and improve generalization.

3 EXPERIMENTS & RESULTS

Validation of TOC. To verify the existence of task objective con-
flicts (TOC), we compare single-task and multi-task variants on
the POPE and GenEval benchmarks. The multi-task model exhibits
slight performance drops, with antagonistic loss dynamics between
understanding (cross-entropy) and generation (MSE), confirming
inherent conflicts. UniDecouple addresses this through TA-MoE,
effectively mitigating TOC while maintaining strong task-specific
performance.

Table 1: Validation of TOC. "Und." and "Gen." denote under-
standing task and generation task.
Task POPE GenEval

APOPE  AGen.Eval

(@) Und. 86.9 - - -
(b) Gen. - 0.74 - -
(¢) Both 862 0.73 -0.7 -0.01

Quantitative Evaluation. UniDecouple preserves competitive MMU
ability and achieves generation quality comparable to state-of-the-
art methods. Table 2 highlights results on representative under-
standing and generation benchmarks. UniDecouple consistently
outperforms prior multi-task models such as JanusPro, demon-
strating the effectiveness of task-aware routing and shared expert
design.

Table 2: UniDecouple performance vs. JanusPro on MMU
(POPE, MMMU) and T2I (GenEval) benchmarks.

Model POPET MMMU?T GenEvalf
JanusPro 86.2 36.3 0.73
UniDecouple (Ours) 87.2 41.7 0.76
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Left (UniDecouple) vs.  Right (JanusPro)

Basic Spatial Relationships

Aripe red apple next to a
white plate, with a soft
background and natural light.

Natural Landscapes
An ancient stone arch
bridge spans a crystal-clear
mountain stream, nestled
in lush green foliage.

Visual Question Answering Text Recognition
Question: How many slices is the pizza Question: What's written on the clothes?

divided into in the image?
e -

Ans. (UniDecouple): The clothes have the
words "METROPOLITAN POLICE".

4 | |Ans. (Januspro):

The words “POUCE" in clothes.

Ans. (UniDecouple): Six.
Ans. (JanusPro): Five. X

Figure 1: Qualitative comparison between UniDecouple and
JanusPro on T2I (top) and MMU (bottom).

Qualitative Evaluation. In MMU tasks, UniDecouple demonstrates
strong multimodal semantic comprehension, effectively handling
VQA, visual description, and text recognition. In T2I tasks, UniDe-
couple produces coherent and detail-rich images across spatial
reasoning, natural landscapes, human characters, and imaginative
scenes. These results confirm that our TA-MoE design successfully
balances high-level semantic modeling with fine-grained visual de-
tail, mitigating task conflicts while preserving overall task quality.

Ablation and Expert Analysis. Ablation studies reveal that both
the Task-Aware Router, which dynamically selects task-relevant ex-
perts, and the shared expert, which facilitates cross-task knowledge
transfer, contribute substantially to performance gains. Incorporat-
ing a two-stage training strategy not only accelerates convergence
but also enhances both understanding and generation results. Ex-
periments on different expert ratios indicate that a 2:1 balance
between group-specific and shared experts yields the best trade-off,
allowing the model to effectively adapt to task-specific demands
while maintaining robust generalization across multimodal tasks.

4 CONCLUSION

In this paper, we address the challenge of Task Objective Conflicts
in unified multimodal autoregressive models. We propose UniDe-
couple, a novel framework that decouples internal modules and
constructs task-specific optimization subpaths, effectively mitigat-
ing negative transfer between multimodal understanding (MMU)
and text-to-image generation (T2I) tasks. Central to our approach is
the Task-Aware Mixture of Experts (TA-MoE), which combines Hi-
erarchical Expert Routing and Hybrid Expert Collaboration, trained
with a two-stage strategy to balance task specialization and overall
coordination. Extensive experiments demonstrate that UniDecou-
ple preserves strong understanding capabilities while achieving
generation quality on par with state-of-the-art methods. Our results
highlight the importance of disentangling task-specific pathways
in unified models and provide a promising direction for future
research on efficient, high-performing multimodal architectures.
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