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Abstract

The current diffusion-based Vision-Language-Action (VLA)
models have faster inference speed and the ability to solve
the action muti-modality problem in robot manipulation tasks
compared to traditional autoregressive models after large-
scale pre-training and post-training. However, the diffusion-
based VLA models were found to have poor instruction-
following ability, and after fine-tuning training on multiple
tasks, them often suffer from “skill forgetting” due to con-
flicting model weights on each task. To address this problem,
we propose DIiTEA, a Diffusion Transformer-based Mixture-
of-Experts (MoE) VLA model. Specifically, it fuses the MoE
module into the action head of VLA to form Action MoE,
and in addition, we design the Task-Instruction Gate, which
uses language instructions to select specific experts for tasks
they specialize in, in order to improve the VLA’s instruction-
following ability. We conducted comprehensive experiments
and ablation study to evaluate the efficacy of our model under
different designs. Experimental results from simulation and
real-world show that our DiTEA has excellent improvement
in multi-task compared to baseline and other VLAs.

Introduction

Recent advancements in Vision-Language-Action (VLA)
models have demonstrated remarkable capabilities in robotic
manipulation tasks by integrating large-scale pre-trained
vision-language models (VLMs) with action generation
functions (Brohan et al. 2022; Wu et al. 2023; Chi et al.
2023; Wen et al. 2025a; Team et al. 2024; Li et al. 2023;
Stone et al. 2023; Nair et al. 2022). Traditional autore-
gressive models (Zhao et al. 2023; Brohan et al. 2022;
Zitkovich et al. 2023; Bousmalis et al. 2023; Liu et al.
2025), while effective, often struggle with action multi-
modality—representing diverse valid trajectories for a given
task—and suffer from slow inference speeds. In contrast,
diffusion-based VLA models, such as CogACT (Li et al.
2024a) and GROOT N1 (Bjorck et al. 2025), have emerged as
a promising alternative, offering faster inference and supe-
rior handling of multi-modal action distributions (Chi et al.
2023; Wen et al. 2025b). However, these models exhibit crit-
ical limitations, particularly in instruction-following ability,
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and tend to suffer from “skill forgetting” when fine-tuned
on multiple tasks due to conflicting weight updates (Black
et al. 2024). Addressing these challenges is crucial for devel-
oping robust, generalizable robotic control systems capable
of executing diverse real-world tasks. The persistent chal-
lenges of skill interference and precise instruction-following
in complex multi-task learning find a compelling parallel
in the brain’s organization. Cognitive neuroscience demon-
strates that biological intelligence maintains robustness and
flexibility through specialized, modular cortical processing
units (Kanwisher 2010). These neural “experts” operate with
isolated representations, a mechanism that effectively mini-
mizes catastrophic interference between distinct skills (Mc-
Clelland, McNaughton, and O’Reilly 1995; O’Reilly and
Rudy 2001). Inspired by this fundamental biological princi-
ple, we implement a Mixture of Experts (MoE) architecture
in our VLA model. Notably, this biologically-inspired ap-
proach has been increasingly validated in recent research,
with successful MoE applications demonstrated in multi-
task reinforcement learning (Zhao et al. 2025; Huang et al.
2025; Wu et al. 2025; Huang et al. 2024), cross-modal rea-
soning (Mengara and Moon 2025; Suzuki et al. 2023; Zhou
et al. 2022; Mustafa et al. 2022; Li et al. 2025), and embod-
ied Al systems (Yuan and Li 2022; Yang et al. 2025; Fan
et al. 2022), strongly supporting the effectiveness of our ar-
chitectural choice.

Furthermore, the prefrontal cortex (PFC) serves as a dy-
namic gate or router, integrating sensory inputs and task
goals to selectively engage specialized neural “expert” cir-
cuits. (Schneegans and Bays 2017). This mechanism en-
sures precise, context-appropriate actions while mitigating
interference between skills (Spaak et al. 2017), These neu-
robiological insights offer concrete design principles for
developing artificial multi-task learning systems that bal-
ance specialization and generalization (Murphy et al. 2020;
Shine et al. 2015). Inspired by the gating mechanism of the
PFC, we introduce a Task-Instruction Gate in DiTEA’s Ac-
tion MoE module to resolve the conflict between multi-task
learning and precise instruction execution.

Motivated by these critical limitations identified in
diffusion-based VLAs and the powerful organizing princi-
ples of biological neural systems outlined above, we de-
sign DIiTEA, a Diffusion Transformer-based MoE VLA
model. DiTEA fundamentally re-architects the action gen-



eration paradigm by integrating a MoE model into the ac-
tion head, moving beyond singular optimization of multi-
task learning to tackle the inherent conflict between acquir-
ing diverse skills and maintaining precise instruction ad-
herence. The highlighting innovation of our design is the
Action MoE module governed by a biologically-inspired
Task-Instruction Gate. This gate, adaptively activates the
most suitable task experts based on a joint understand-
ing of the visual and textual instruction, ensuring robust
performance across diverse tasks while mitigating skill in-
terference. Through experimental validation spanning vir-
tual simulations and physical robotic platforms, we confirm
DIiTEA’s fundamental ability to harmonize task execution
with instruction adherence, resolving a critical tension in
multi-task VLA systems.
The contributions of this work are summarized below:

* We propose DiTEA, a novel diffusion-based VLA model
that integrates MoE architecture into the action head to
enable task-specific action generation.

We introduce a Task-Instruction Gate mechanism
that dynamically selects specialized experts based on
task requirements, significantly improving the model’s
instruction-following capability.

* We conduct comprehensive experiments in both sim-
ulated and real-world environments, demonstrating
DiTEA’s superior performance in multi-task settings
compared to existing VLA approaches.

Related Work
Vision Language Action Models

Since pre-trained Vision Language Models (VLMs) (Chen
et al. 2024b; Karamcheti et al. 2024; Liu et al. 2023; Team
et al. 2023) have strong language and vision comprehen-
sion capabilities, numerous Vision Language Action (VLA)
models have been designed by extending them to integrate
action generation functions (Li et al. 2023; Zitkovich et al.
2023; Cai et al. 2023; Li et al. 2024b; Ding et al. 2024; Yu
et al. 2024; Shentu et al. 2024; Kim et al. 2024). For in-
stance, RT-2 (Zitkovich et al. 2023) tokenizes 7D actions
into discrete tokens and autoregressively predicts them using
the VLM PaLI-X (Chen et al. 2024a), just like the language
tokens. OpenVLA (Kim et al. 2024) uses a fusion approach
based on the Llama 2 language model architecture (Touvron
et al. 2023) that combines DINOv2 (Oquab et al. 2023) and
SigLIP (Zhai et al. 2023) dual vision coders. Recent stud-
ies, such as CogACT (Li et al. 2024a), GROOT N1 (Bjorck
et al. 2025) and DiffusionVLA (Wen et al. 2025b), have in-
troduced diffusion modeling as an innovative approach to
robot action modeling. These diffusion-based methods ex-
cel at representing the variety of effective trajectories a robot
may execute to accomplish a task, and have shown particu-
lar strengths in modeling complex, non-unique action dis-
tributions (Li et al. 2024a). Despite showing promise via
fine-tuning across multiple robotic datasets, these methods
exhibit degraded instruction-following capabilities (Black
et al. 2024).
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Mixture-of-Experts Model

The Mixture-of-Experts (MoE) architecture improves com-
putational efficiency and generalization by dividing a large
network into specialized smaller sub-networks with sparse
activation, particularly effective for multi-task, multi-modal
learning with complex data distributions (Riquelme et al.
2021; Fedus, Zoph, and Shazeer 2022; Zoph et al. 2022; Xue
et al. 2024). DeepSeekMoE (Dai et al. 2024) is an innovative
MOoE architecture that achieves expert specialization through
fine-grained segmentation and shared expert isolation. DiT-
MoE (Fei et al. 2024) applies MoE architecture to diffu-
sion Transformers for conditional image generation, achiev-
ing efficient performance through shared expert routing and
expert-level balance loss. MoRE (Zhao et al. 2025) is a novel
VLA model that incorporates the MoE architecture into its
backbone, introducing reinforcement learning (RL) for fine-
tuning large-scale VLA models using substantial amounts
of mixed-quality data. DriveMoE (Yang et al. 2025) applies
MOoE architecture to end-to-end autonomous driving through
a Scene-Specialized Vision MoE and a Skill-Specialized Ac-
tion MoE. BIG-MoE (Ma et al. 2024) concatenates prompt
and feature tokens for gating network scoring, isolating ex-
pert network input to enhance noise resilience and process-
ing precision. The Isolated Gating Mechanism in BIG-MoE
inspires our approach to enhance the instruction-following
capability of VLA models through Task-Instruction Gate.

Preliminaries
Mixture-of-Experts

The Mixture-of-Experts (MoE) model is a machine learning
architecture that enhances efficiency and scalability by com-
bining multiple specialized sub-models, or “experts,” each
responsible for processing a subset of the input space. The
MoE framework leverages a gating mechanism to dynami-
cally route inputs to the most suitable experts, enabling ef-
ficient computation and improved performance on complex
tasks.

In an MoE model, given an input x, the output is com-
puted as a weighted combination of the outputs from K ex-
perts. Each expert is typically a neural network, denoted as
E;(z), where ¢ = 1,2,..., K. The gating network, G(x),
assigns weights to each expert based on the input, producing
a probability distribution over the experts. The final output y
is expressed as:

ey

Here, G(z), represents the gating probability for the i-th
expert, satisfying Zfil G(z); = 1 and G(x); > 0. The
gating function is often implemented as a softmax over a
learned function of the input:

exp(hi(x))
> exp(hy (@)

where h;(x) is a learned function (e.g., a linear transforma-
tion followed by a non-linearity) that determines the rele-
vance of the i-th expert for input z.

G(x); =

2
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Figure 1: Overview: Our model consists of three parts: 1) a vision module: it consists of pre-trained DINO v2 and SigLIP,
which encode images into visual tokens; 2) a language module, the main body of which is the LLAMA 2 7B model, which
fuses the visual tokens and commands to generate a cognition feature for the action module to generate the robot’s actions; 3)
an action module: it consists of a DiT-MoE architecture, which we call Action MoE, and again has stronger multi-task learning

capability and instruction following ability.

To enhance efficiency, MoE models often employ sparse
gating, where only a subset of experts (e.g., top-k) is acti-
vated for each input, reducing computational cost. This spar-
sity is critical for scaling to large models while maintaining
manageable resource requirements. Additionally, load bal-
ancing is often introduced to ensure even distribution of in-
puts across experts, typically through an auxiliary loss term:

K (1N 2
Lpatance = @ Z (N Z G(In)z - ) 3)
i=1 n=1

where NN is the number of inputs, and « is a weighting factor.
This loss encourages balanced utilization of experts.

1

K

Diffusion-based VLA

Diffusion models, initially developed for generative tasks,
have been adapted for robotics through diffusion policy,
modeling action prediction as a generative process. For a
state s; (e.g., visual and language inputs), the policy gener-
ates action sequences by iteratively denoising a noisy action
distribution, modeling the conditional distribution:

pladlse) = / p(@®@1a", s)p(a™) dal”, (@)

where aET) is a noisy action sampled from a Gaussian prior.

Diffusion-based VLA models, such as CogACT, leverage
a Diffusion Transformer (DiT) to integrate vision v, lan-
guage [, and actions a, which models the joint distribution

p(alv,l) using a denoising process:

agk_l) = ,/akagk) + V1 —age(v, l,agk), k), ()

where € is a transformer predicting noise, and o controls

the noise schedule. The training objective minimizes:
k 2

L=E|lle—es(v,l,a® k)] . (6)

In Diffsion-based VLA, actions are organized into

action chunks, where a sequence of actions a
[at, i1, ..., ar4c—1] over C timesteps is predicted as a
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single unit. This chunking reduces temporal dependencies
and enhances efficiency, allowing the transformer to model
long-horizon tasks via attention over multimodal inputs. The
action chunk output is conditioned on v and [, enabling tasks
like language-guided robotic manipulation with improved
coherence and robustness.

Methods

In this section, we will introduce DiTEA, the MoE-based
VLA model, in detail. Specifically, we will first introduce
its main architecture, followed by a detailed description of
its Action MoE module and Task-Instruction Gate mech-
anism.

Model Architecture

Our visual and language modules are adapted from the ex-
isting VLMs in (Karamcheti et al. 2024) and have a total of
about 7B parameters. We briefly describe them below.

Vision Module The vision module converts raw image in-
puts into a streamlined set of perceptual tokens to facilitate
efficient visual data handling. It utilizes two state-of-the-
art vision transformer architectures, DINOv2 (Oquab et al.
2023) and SigLIP (Zhai et al. 2023), pretrained on vast
Internet-scale image corpora to capture intricate visual de-
tails and robust semantic insights. For each time step ¢, the
input image o, is processed to produce two downsampled

feature maps, fP™O and f;'¢, which are merged along their
channel axes. These combined features pass through a lin-
ear projection and are serialized into a sequence of visual
tokens, V' = {v1,v9,...,vN, }, With a standard length of

Ny = 256, optimizing computational efficiency.

Language Module The language module fuses visual and
language inputs to enable advanced cognitive reasoning.
Built on the LLAMAZ2 architecture (Touvron et al. 2023), it
processes a language instruction [ through LLAMAZ2’s to-
kenizer to generate a sequence of linguistic tokens, T' =
{l1,la,...,In; }. These are combined with the visual to-
kens V' and a learnable cognition token ¢, forming a uni-
fied sequence. A causal attention mechanism processes this



sequence, yielding an output feature f{ tied to the cogni-
tion token, which encodes the integrated multimodal infor-
mation. This feature drives the action module to determine
precise, task-oriented actions.

Action Module Inspired by CogACT (Li et al. 2024a), we
adopt DiT as our action module, which serves as a powerful
backbone for the action decoding process, capable of mod-
elling complex and time-dependent actions. Incorporating
MOoE structure on top of this is called Action MoE.

Action MoE

The main body of Action MoE is a DiT-MoE structure, (as
shown in Figure 1), whereas traditional DiT is mainly com-
posed of an MLP layer and a self-attention layer, DiT-MoE
replaces the MLP layer with a MoE layer, where each expert
is an MLP with the same parameter settings. Each expert is
responsible for its own different task, so that the parameters
of different task experts are isolated from each other, pre-
venting weight conflicts in multi-task learning. Meanwhile,
in order to capture the commonalities in each task and pre-
vent redundancy among the experts’ parameters, we specifi-
cally set up a shared expert, which is different from the other
experts in that it is activated by gating every time. In ad-
dition to this, since directly learned routing policies often
encounter load imbalance problems that lead to significant
performance drawbacks, we also introduce load balancing
losses to balance the experts. We then describe the shared
expert and load balancing loss in detail.

Shared Expert In a standard MoE setup, each expert
is typically specialized for a specific subset of the input
space. However, shared expert are designed to process in-
puts across different tasks or subsets, providing a common
knowledge base that reduces redundancy and enhances pa-
rameter efficiency. The gating network assigns weights to
both task-specific experts and shared expert, enabling flexi-
ble routing.

The output of an MoE layer with shared expert can be
expressed as:

N

y=> Gi(z)- Ei(zx) + Gy(x) - Es(x),

i=1

@)

where:z is the input to the MoE layer, G;(x) is the gating
weight for the i-th task-specific expert E;(x), G4(x) is the
gating weight for the shared expert E;(z),N is the number
of task-specific experts. The shared expert E(x) contributes
to the output for all inputs, modulated by the gating function
Gs(z), which determines its relevance for a given input.

Load Balancing Loss Routing imbalances in MoE can
degrade performance, so we propose a modified balance loss
to distribute workloads evenly. This is defined as:

m T T
m | )
Lyatance = B § ﬁ § I(t,]) : T E P(f,j), 3
j=1 t=1 t=1

where £ is the tuning factor, T represents the length of action
sequence, I(t, j) indicates whether token ¢ selects expert 7,
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Figure 2: Illustration of the MoE framework. Task-
Instruction Gate significantly improves VLA instruction fol-
lowing by selecting experts via instruction prompt token

and P(t, j) denotes the likelihood of token ¢ being assigned
to expert j. This adjustment helps ensure all experts are uti-
lized effectively.

Task-Instruction Gate

Compared to traditional MoE gate where experts are se-
lected by feature tokens, the Task-Instruction Gate signifi-
cantly improves the instruction following ability of VLAs.
By using the instruction prompt token xj, as the gating
token, the Task-Instruction Gate ensures that expert selec-
tion is directly guided by the task instructions (Figure 2),
improving the model’s responsiveness to diverse instruc-
tions. This design enhances the ability to handle complex,
instruction-driven robotic tasks. The Task-Instruction Gate
employs a standard gating mechanism parameterized by O,
which computes a weighted combination of expert outputs
based on a softmax operation over the instruction-driven gat-
ing scores.
The gating decision is formalized as follows:

G(Zinst; ©) = softmax(WyZing + by), 9)

where ;g is the instruction vector, and W, and b, are the
weight matrix and bias of the gating network, respectively.
The output of the MoE system with Task-Instruction Gate is
computed as a weighted sum of expert outputs:

N
FMOE('I; 87 {m}ivzl) == Z G(zinst; @)z .

=1

Fi(x; W), (10)

where F;(x; W;) represents the output of the i-th expert
parameterized by W;, and NV is the total number of experts.



. Put Spoon  Put Carrot  Stack Green Block Put Eggplant
WidowX Robot Method on Towel on Plate on Yellow Block  in Yellow Basket Average
RoboVLMs 40.0 21.6 13.3 58.7 334
Octo-Small 21.6 10.0 4.0 56.7 23.1
(Visig}’ﬁlgiﬁin g | OpenVLA 0.0 0.0 0.0 4.0 1.0
CogACT 21.6 37.5 4.0 717.5 35.2
DiTEA(Ours) 28.8 41.2 13.3 79.7 40.8

Table 1. Evaluation results on the WidowX robot in the SIMPLER Visual Matching setting.

Training Objective

Our DIiTEA is jointly trained or fine-tuned end-to-end by
minimizing the mean-squared error (MSE) between the pre-
dicted noise outputs from the action module and the corre-
sponding ground truth noise. The loss function is formulated
as:

Y

where ¢’ represents the predicted noise for the noisy action
sequence (aj,dj,,...,a,, ) at the i-th denoising step,
and e is the corresponding ground truth noise, ensuring the
model learns to predict both the current action and multiple
future actions smoothly.

Luse = Enr0,1),2 ||€i - 6”5’

Experiment

Dataset We use the BridgeData V2 dataset as our pri-
mary training dataset for our simulation experiments. It con-
tains 60,096 trajectories collected across 24 environments
on a publicly available low-cost robot. BridgeData V2 is
compatible with a wide variety of open-vocabulary, multi-
task learning methods conditioned on goal images or natu-
ral language instructions, providing extensive task and en-
vironment variability. DROID is a diverse robot manipula-
tion dataset comprising 76k demonstration trajectories (350
hours of interaction data) collected across 564 scenes and
86 tasks by 50 data collectors spanning North America,
Asia, and Europe over 12 months. Prior research has demon-
strated that training with DROID yields policies with supe-
rior performance and enhanced generalization capabilities.
For our real-robot experiments, we employ this dataset for
pre-training followed by fine-tuning with our own collected
data. We utilize the full open-sourced dataset along with the
publicly available policy learning code, while also referenc-
ing their detailed hardware replication guide for our experi-
mental setup.

Implementation Details The model has a batch size of
256, with 8 diffusion steps per sample, and is initialized
with pre-trained vision and language module weights from
(Kim et al. 2024). The vision module (i.e., DINOv2 and
SigLIP), the language module (i.e., LLAMA-2), and the ac-
tion module are trained end-to-end with a constant learn-
ing rate of 2 x 1075, In the simulation experiments training,
we use the Bridge dataset for fine-tuning, with about 20K
training steps. Training is performed on 8§ NVIDIA A100
GPUs using PyTorch’s Fully Shared Data Parallel (FSDP)
framework. For fine-tuning, we freeze the VLM and vision
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modules, and train only DiT. In real-world experiments, we
first use the DROID dataset for full-parametric pre-training
(without freezing any parameter), and then fine-tune it with
the real-world data obtained from teleoperation by training
only DiT and freezing the other modules, also on 8 NVIDIA
A100 GPUs, with a constant learning rate of 2 x 1075, and
using PyTorch’s Fully Shared Data Parallel (FSDP) frame-
work.

Simulated Evaluation

We use the full BridgeV2 data to finetune DiTEA training
for inference on four tasks related to SIMPLER’s WidowX
robot.

Evalution Settings SIMPLER is a benchmark designed to
bridge the gap between simulation and real-world robotic
manipulation. It provides standardized evaluation protocols
to rigorously assess the sim-to-real transfer capabilities of
learning-based policies. SIMPLER offers an evaluation set-
ting called Visual Matching, which closely replicates real-
world tasks by minimizing discrepancies between the sim-
ulated and real environments. For the WidowX robot, this
evaluation framework includes four tasks: 1) Put spoon on
towel; 2) Put carrot on plate; 3) Stack green block on yellow
block; and 4) Put eggplant in yellow basket. Task perfor-
mance is quantified through success rate measurements.

Results We compare DITEA with four existing models
(Table 1), and the results show that on SIMPLER, except
for the Put spoon on towel task, DITEA achieves the highest
success rate for the other three tasks, and the average success
rate is 40.8%, which is higher than the other models. The ex-
periment proves that our DiTEA has obvious advantages in
multi-task learning.

Real-World Evaluation

We perform real-world experiments on a single-armed
Franka Research 3 robot equipped with two cameras, a ZED
mini for the wrist and a ZED 2i for the third view (Figure 3).
For the real-world experiments, we use the DROID dataset
for pre-training, and then use GELLO (Wu et al. 2024) tele-
operation to capture data from the real machine for fine-
tuned post-training. Each task was fine-tuned on 60-100 tra-
jectories of varying difficulty. The evaluation was performed
on prepared tasks.

Evalution Settings We categorize the tasks into three
groups: 1) Pick and Place: Grasping and placing three dis-
tinct objects, including corn, potato, and cabbage. 2) Stack:



Method \ Pick and Place \ Stack \ Open and Close | Task (All)
etho

| Corn  Potato  Cabbage Avg. | Cube Bowl Avg. | Drawer Box Avg. | Avg.
OpenVLA 15.0 17.5 0.0 10.8 0.0 5.0 2.5 4.2 6.5 54 6.2
CogACT 67.5 52.2 72.5 64.1 6.1 243 152 19.8 25.5 227 34.0
DiTEA(Ours) | 76.5 65.6 87.5 76.5 | 10.2 282 19.2 22.1 275 24.8 40.2

Table 2. Real-world evaluation with the Franka Research 3 Robot across three tasks. All models are pre-trained on DROID and

then fine-tuned on our collected data.

(= T

ZEDmini

Gripper (1 DoF)
g8
O &
) P

>

==

Arm (7 DoFs)

Pick up corn on plate.

Close drawer. Stack cube.

Figure 4: Real-world evaluation environments of Franka
robot.

Stacking cubes and plates, with a particular focus on stack-
ing cubes, which requires precise manipulation and posing
a significant challenge. 3) Open and Close: Opening drawer
and box, pausing for a few seconds, and then closing them.

Results We conduct three main experiments in the real
world to fully evaluate the multifaceted benefits of our
DiTEA model.

Results of Muti-tasking Experiments: In real-world ex-
periments, we evaluated our approach across eight distinct
tasks, as presented in Table 2, which includes three main
categories: Pick and Place (corn, potato, cabbage), Stack
(cube, bowl), and Open and Close (drawer, box). Com-
pared to OpenVLA and CogACT, our method demonstrates
significantly improved success rates across all eight tasks,
with particularly notable enhancements in more challeng-
ing tasks, such as cube stacking and cabbage pick-and-place.
Our approach achieves the highest average success rates in
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Unseen Unseen Unseen

Method ‘ Colors  Shapes Categories Avg.
OpenVLA 0.0 5.0 0.0 1.7

CogACT 45.0 61.6 12.5 39.7
DiTEA (Ours) 53.5 71.3 15.0 46.6

Table 3. Real-world generalization evaluation with the
Franka Research 3 Robot on unseen colors, shapes and cat-
egories.

every sub-task, culminating in an overall average of 40.2%,
which substantially outperforms CogACT and OpenVLA
and CogACT. This consistent superiority suggest that our
DiTEA not only excels in individual tasks but also achieves
remarkable performance in multi-task learning, demonstrat-
ing robust generalization capabilities.

Results of generalization experiments: To thoroughly
evaluate the generalization capability of our DiTEA model,
we conducted a series of experiments using the Franka Re-
search 3 Robot, focusing on its performance with objects
exhibiting unseen colors, shapes, and categories. These tests
were designed to assess the model’s zero-shot learning abil-
ity—its capacity to handle tasks involving objects or at-
tributes not encountered during the fine-tuning phase. The
results, as detailed in Table 3, highlight DITEA’s superior
performance compared to two baseline methods, OpenVLA
and CogACT, across all evaluated metrics.

Results of Instruction-Following Experiments: We assess
DiTEA'’s ability to comprehend and follow diverse instruc-
tions across three task categories: 1) Basic tasks with ex-
plicit instructions (e.g., “stack the green block on the yellow
block™), where success requires precise object interaction
and spatial reasoning; 2) Complex tasks involving multi-step
reasoning or implicit semantics (e.g., “place the leftmost ob-
ject into the red zone”), designed to evaluate higher-level
instruction parsing and contextual awareness; 3) Distrac-
tor tasks featuring semantically similar or visually confus-
able objects (e.g., “pick up the spoon from among the uten-
sils”), testing robustness to perceptual ambiguity. Across all
categories, DITEA shows differentiated performance com-
pared to existing approaches: while it underperforms the au-
toregressive model OpenVLA, it significantly outperforms
CogACT based on diffusion models. The performance gap
between DiTEA and CogACT can be attributed to autore-
gressive models’ inherent strength in temporal coherence .
These results shown in Figure 5 collectively demonstrate
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Figure 5: Comparison of instruction-following capabilities demonstrated across the three types of tasks. Success rates are evalu-
ated through a multi-stage scoring protocol that measures both task completion and semantic alignment. In object manipulation
tasks, partial credit is assigned for intermediate steps, enabling fine-grained assessment beyond binary success metrics.

that DiTEA partially addresses critical limitations in existing
diffusion-based VLAs: it shows improvement over diffusion
models’ struggle to adapt to varied language instructions.

Ablation Study

We employ SIMPLER evaluation on the WidowX robot for
all ablation studies. The ablation study presented in the Ta-
ble 4 analyzes the effects of three components, namely load
balancing loss, task instruction gate, and shared expert, on
the model’s overall performance. While the baseline config-
uration (E'zg) which incorporates none of the three com-
ponents yields a success rate of merely 40.2%, enabling
only expert (E'z;_1) boosts the rate to 42.4%, and activat-
ing solely the task instruction gate (Ex;_2) elevates perfor-
mance to 43.8%. Their combined activation (Fx;_3) further
propels the success rate to 48.7%, a leap highlighting signifi-
cant synergy between the two. In load balancing loss scenar-
ios, this component alone (E'x5_1) yields a success rate of
41.1%. When combined with shared expert (Fx2_2), perfor-
mance rises to 44.2%, and pairing it with the task instruction
gate (F'x4_3) further boosts results to 47.9%. Ultimately, in-
tegrating all three components (Fx2_4) culminates in the
highest success rate of 51.5%—an 11.3% improvement over
the baseline—confirming the value of each individual com-
ponent.

Additionally, we conducted an experiment by introduc-
ing a +Params baseline model (Ex3_1), where we scaled its
action head to match the count of our DITEA model. The
comparative results demonstrate that the performance is at-
tributable to the MoE architecture itself, rather than just the
increase in parameters.

Conclusion

We introduced DIiTEA, a Diffusion Transformer-based
Mixture-of-Experts Vision-Language-Action model that ef-
fectively addresses persistent challenges of skill forgetting
and enhanced instruction-following capability in diffusion-
based robotic manipulation. By integrating a novel Ac-
tion MoE module governed by a neurobiologically inspired
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Methods LBloss TIG Sharedexpert +Params Success rate
Ezxg X X X X 40.2%
Fxy_4 X X v X 42.4%
E.%'172 X v X X 43.8%
EJL'1_3 X v v X 48.7%
EZEQ_l v X X X 41.1%
E.T272 v X v X 44.2%
E1273 v v X X 47.9%
E.'L'274 v v v X 51.5%
Fxs_4 X X X v 45.4%

Table 4. Ablation study on load balancing loss, task instruc-
tion gate, shared expert and parameter count on SIMPER
simulation environment.

Task-Instruction Gate, DiTEA achieves promising multi-
task performance while significantly improving instruction
following ability. The approach remains constrained by high
computational demands during training, limiting large-scale
pre-training opportunities. This restriction consequently im-
pedes zero-shot adaptation to unseen operational scenarios,
where task-specific fine-tuning remains essential for optimal
performance. Future work will explore efficient MoE scal-
ing strategies and pursue large-scale pre-training to advance
cross-task generalization for general-purpose robotic agents.
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