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Abstract

Vision-Language-Action (VLA) models enable robotic sys-
tems to perform embodied tasks but face deployment chal-
lenges due to the high computational demands of the dense
Large Language Models (LLMs), with existing early-exit-
based sparsification methods often overlooking the critical
semantic role of final layers in downstream tasks. Aligning
with the recent breakthrough of the Shallow Brain Hypoth-
esis (SBH) in neuroscience and the mixture of experts in
model sparsification, we conceptualize each LLM layer as an
expert and propose a Mixture-of-Layers Vision-Language-
Action model (MoLe-VLA or simply MoLe) architecture for
dynamic LLM layer activation. Specifically, we introduce a
Spatial-Temporal Aware Router (STAR) for MoLe to selec-
tively activate only parts of the layers based on the robot’s
current state, mimicking the brain’s distinct signal pathways
specialized for cognition and causal reasoning. Additionally,
to compensate for the cognition ability of LLM lost during the
layer-skipping, we devise a Cognitive self-Knowledge Dis-
tillation (CogKD) to enhance the understanding of task de-
mands and generate task-relevant action sequences by lever-
aging cognition features. Extensive experiments in RLBench
simulations and real-world demonstrate the superiority of
MoLe-VLA in both efficiency and performance, improving
the mean success rate by 9.7% across ten simulation tasks
while accelerating inference by 36.8% over OpenVLA.

Introduction
The rapid advancements in multimodal large language mod-
els (MLLMs) (Li et al. 2022; Alayrac et al. 2022; Rad-
ford et al. 2021b) have showcased their ability to integrate
complex language and visual representations, inspiring the
development of generalist robots and embodied agents ca-
pable of vision-language understanding, human interaction,
and adaptive problem-solving in manipulation tasks. Early
vision-language-action (VLA) models (Liu et al. 2024; Li
et al. 2024a), such as RT-2 (Brohan et al. 2023) and Open-
VLA (Kim et al. 2024), have demonstrated the feasibility
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of using MLLMs for end-to-end robotic control, enabling
robust policies and emergent skills like generalization to
unseen objects and novel commands. However, deploying
MLLMs in real-world robotics poses significant challenges
due to their high computational demands. For example, a
7B VLA model running on a commercial-grade GPU like
the RTX 4090 generally achieves an inference frequency of
5-10 Hz, which falls significantly short of the 50-1000 Hz
control frequency required by the Franka robotic arm.

Recent studies (Raposo et al. 2024; Dai et al. 2024b) have
uncovered significant redundancy in LLM layers, particu-
larly in robotic tasks, where homogeneous patterns across
layers lead to high computational costs with limited perfor-
mance gains. For instance, DeeR (Yue et al. 2024) demon-
strated that using all 24 layers of the Flamingo (Li et al.
2023) model improves task success rates by only 3.2% com-
pared to using six layers, while computational costs increase
4x on the Calvin LH-MTLC (Mees et al. 2022). Similarly,
our analysis of OpenVLA with RLBench (James et al. 2020)
simulator in Fig.1 (B) reveals that the cosine similarity be-
tween consecutive layer outputs exceeds 90%, while fea-
tures from the first and last layers differ significantly. This
suggests the potential for skipping adjacent layers to reduce
computation but also highlights the limitations of early-exit
strategies (Del Corro et al. 2023), as shown in Fig.1 (B),
where discarding deeper layers risks losing critical semantic
information. In addition, recent breakthrough of the Shal-
low Brain Hypothesis (SBH) (Suzuki, Pennartz, and Aru
2023) in neuroscience also posits that biological cognition
achieves efficient reasoning by balancing deep hierarchical
processing with parallel cortico-subcortical loops acting as
shortcuts, rather than relying exclusively on layer-by-layer
signal transmission. Building upon these facts, we propose
a dynamic layer activation paradigm for VLA models as vi-
sualized in Fig.1 (A-D). Our approach operationalizes SBH
through two principles: ➊ Hierarchical Semantic Encod-
ing: Task-critical features are distributed across layers, ne-
cessitating dynamic selection rather than fixed-depth pro-
cessing; ➋ Neuro-Inspired Sparsification: Mirroring the
brain’s depth-parallelism trade-off, we activate layers only
when their encoded semantics are task-relevant.
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Figure 1: Overview of the proposed MoLe-VLA: (A) The VLA model and The Shallow Brain Hypothesis. (B) Cosine similarity
across outputs of each LLM layer. (C) The early-exit strategy. (D) The Mixture-of-Layers mechanism. (E) Comparison of
FLOPs and accuracy of MoLe with varying numbers of skipped layers against its backbones. (F) Experimental results.

In this paper, we introduce a Mixture-of-Layers Vision-
Language-Action model (MoLe-VLA) incorporating a novel
layer-selection router at the input stage of LLMs for its struc-
tural sparsity. Inspired by the routing mechanism in Mixture-
of-Experts (MoE) (Lin et al. 2024; Zhang et al. 2024a,b),
which enables horizontal expert-wise activation within a sin-
gle LLM layer, we extend this concept vertically to achieve
layer-wise activation. Specifically, we treat each LLM layer
as an expert and utilize a biologically inspired router to man-
age layer skipping, mimicking the brain’s selective activa-
tion of cortico-subcortical loops. Unlike Mixture-of-Depth
(MoD) (Raposo et al. 2024), which assigns input tokens to
different experts and risks token-wise inconsistencies due to
varying perception levels across layers, our proposed MoLe
dynamically selects the most relevant layers while process-
ing input features holistically.

Moreover, traditional MoE or MoD routers that rely on
simple linear layers lack the perception ability in 3D space
and the capacity to discern the nuanced context essential for
effective embodiment manipulation. Therefore, we propose
a lightweight (with less than 0.1% additional parameters)
yet effective Spatial-Temporal Aware Router (STAR) that ex-
plicitly preserves spatial-visual patterns and task-contextual
dynamics through modality-specific processing, while en-
abling adaptive cross-modal fusion in a single step. This de-
sign synergistically leverages the spatial structure of visual
inputs and task-phase awareness from language instructions
(e.g., ”first grasp then place”) to optimize layer selection
for VLA tasks. STAR integrates a end-to-end trained Trans-
former module to flexibly model temporal dependencies in
task instructions. By combining these essential properties
into a unified representation, STAR dynamically activates
the most relevant layers by generating softmax probabilities
for each layer and selecting the top-k layers with the highest
probabilities. By fully leveraging spatial-temporal informa-
tion, STAR ensures effective adaptation to the dynamic na-

ture of embodied intelligence tasks, achieving optimal per-
formance with reduced computational overhead.

Nonetheless, skipping certain layers inevitably reduces
the cognitive expressiveness (Li et al. 2024a) of the model
integrate visual and linguistic information, reason about
their relationships, and make context-aware decisions or pre-
dictions to guide actions. To address this, we propose Cog-
nitive self-Knowledge Distillation (CogKD), where the full-
layer backbone serves as the teacher and the MoLe layer-
skipping model as the student. CogKD leverages the learn-
able cognition token, which is the last token in the LLM
output sequence that aggregates global context similarly to
the [CLS] token in BERT (Devlin et al. 2019) and naturally
fuses visual and language information. By leveraging the
similarity between the cognition token and other tokens, we
dynamically identify task-relevant tokens of interest (ToIs)
and concentrate the distillation process on them. This tar-
geted approach eliminates the need for exhaustive one-to-
one token-wise alignment, greatly reducing computational
overhead while enhancing the transfer of essential semantic
and cognitive features. As a result, the student model effi-
ciently preserves critical capabilities even with aggressive
layer skipping, supporting both effectiveness and scalability
in complex robot manipulation.

The effectiveness of MoLe is demonstrated in real-world
and RLBench simulations, as shown in Fig.1 (F), based on
various VLA models, including OpenVLA, π0, and CogAct.
Extensive robotic experiments show that MoLe improves the
mean success rate by 9.7% while accelerating inference by
36.8% over OpenVLA under the simulation scenario. The
key contributions of MoLe are summarized as:

• Inspired by the SBH, we develop the MoLe-VLA, which
mimics the signal flow of the human brain by enabling
dynamic layer activation through a router tailored for
VLA, as illustrated in Fig.1 (E).
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• We propose STAR that leverages spatial-temporal cues
to enable context-aware layer activation, improving effi-
ciency and adaptability in complex tasks.

• We introduce CogKD that adaptively transfers key
knowledge from the full teacher to the sparse student,
recovering information lost during layer-skipping.

Related Works
Vision language action model. The remarkable success
of VLMs (Karamcheti et al. 2024; Radford et al. 2021a) has
driven the rapid development of VLA models (Kim et al.
2024; Li et al. 2024c), which extend VLMs by incorporating
action generation. VLA models (Kim et al. 2024; Awadalla
et al. 2023) first aim to bridge the gap between perception
and action with the auto-regressive-based method, enabling
machines to generate and execute actions based on sequence
de-tokenization. (Black et al. 2024; Li et al. 2024a), on the
other hand, leverage a diffusion-based action head to gen-
erate action sequences. Combining their strengths, Hybrid-
VLA (Liu et al. 2025) unifies both autoregressive and diffu-
sion policies within a single LLM. However, the dense struc-
ture of LLMs hinders efficient deployment on commercial-
grade GPUs in real-world applications, whereas MoLe-VLA
acts as a plug-in module that achieves model sparsity with-
out introducing significant parameter overhead.

Efficient multimodal large language models. With the
advancement of VLA models, research on improving in-
ference efficiency has focused on three key strategies: effi-
cient architecture design, model compression, and dynamic
networks. Liu et al. (Liu et al. 2024) leverage the Mamba
model (Gu and Dao 2024) to enable efficient fine-tuning and
inference, achieving pose prediction speeds 7× faster than
existing robotic MLLMs. Wang et al. (Wang et al. 2022) uti-
lizes a lightweight model with only 93M parameters while
retaining 98.4% of its performance and delivering a 2.2×
speedup. Yue et al. (Yue et al. 2024) propose a dynamic
inference framework with multi-exit architectures, allowing
early computation termination. However, existing early-exit
methods often neglect the semantic importance of final lay-
ers. To address this, we propose a layer-skipping mechanism
based on dynamic networks and knowledge distillation, re-
ducing redundancy while enhancing performance.

Sparse mixture-of-experts. Activation sparsity has been
extensively studied, with sparse MoE architectures proving
highly efficient in LLMs by activating only a small por-
tion of parameters during inference (Li et al. 2024b; Shazeer
et al. 2017). In the LLMs and VLMs era, MoE has become a
widely adopted and effective architecture (Dai et al. 2024a).
For example, (Lin et al. 2024) achieves performance com-
parable to LLaVA-1.5-7B on various visual understanding
benchmarks and even surpasses LLaVA-1.5-13B on the ob-
ject hallucination benchmark, using only 3B sparsely ac-
tivated parameters. Additionally, (Raposo et al. 2024) em-
ploys a router to dynamically choose between computational
paths, such as a standard block’s computation or a residual
connection. While our model shares similarities with MoD,
we differ by employing a router to select all standard blocks.

Methods
Preliminary: Mixture-of-Experts
The MoE paradigm enhances model capacity while main-
taining computational efficiency via conditional computa-
tion. For an input x ∈ Rd, a standard MoE is defined as:

MoE(x) =
Ne∑
i=1

Gi(x) · E (x), (1)

whereNe is the number of experts, E : Rd → Rd represents
the i-th expert network, andG(x) = {G1(x), . . . , GNe

(x)}
is the gating function satisfying

∑Ne

i=1Gi(x) = 1. The gat-
ing weights are computed as:

G(x) = Softmax(Wg · x+ bg), (2)

where Wg ∈ RNe×d and bg ∈ RNe are learnable parame-
ters. To improve efficiency, sparse gating with top-k selec-
tion is applied. To address load imbalance, where inputs are
routed to few experts, a load balance loss Llb is introduced:

Llb =
1

Ne

Ne∑
i=1

( ∑N
n=1 vi(xn)∑N

n=1 vi(xn) + ϵ

)2

, (3)

where vi(xn) = 1 if the i-th expert is selected for input xn

by the top-k gating, and vi(xn) = 0 otherwise. This loss
encourages balanced experts and improves efficiency.

Mixture-of-Layers: MoLe-VLA
Vision language action model. Tasked with a language
instruction l with a length L, a robot receives an observa-
tion ot from sensors (e.g., RGB image from the camera) at
timestep t to predict the action space of a gripper with 7 de-
grees of freedom (DoF) to execute:

a∗t = [∆x,∆y,∆z,∆ϕ,∆θ,∆ψ, g], (4)

where ∆x,∆y, and ∆z are the relative translation offsets of
the end effector, ∆ϕ,∆θ, ∆ψ denote the rotation changes,
and g ∈ {0, 1} indicates the gripper open/close state.

Our basic VLA model mainly consists of a vision encoder
E , an MLLM π, and an action module A. The vision encoder
E comprises DINO-v2 (Oquab et al. 2023) and Siglip (Zhai
et al. 2023), which encodes an input image ot into a se-
quence of informative tokens vt. For multimodal fusion, an
MLLM is established on top of the visual representations
generated by the vision encoder E , which functions as an
effective multimodal feature extractor π, formalized as:

ft = π(l, E(ot)), (5)

where the output ft represents the hidden state sequence
from the last layer of our MLLM at timestep t, correspond-
ing to the cognition token. This serves as a condition for
the subsequent action module to interpret and derive the de-
sired actions. Following CogAct (Li et al. 2024a), our action
module A takes the cognition feature ect extracted from the
output feature ft as input and predicts the final actions a∗t .

Our vision, language, and action modules are trained end-
to-end by minimizing the mean squared error between the
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Figure 2: The overall framework of MoLe-VLA. Our proposed Mixture of Layers (MoLe) architecture consists of a Spatial-
Temporal Aware Router (STAR) and a devised Cognitive self-Knowledge Distillation (CogKD) for VLA models.

predicted noises from the action module and the ground truth
noises. Taking the diffusion head as an example, the loss
function is defined as:

Ltask = Eϵ∼N (0,1),i||ϵ̂i − ϵ|| (6)

where ϵ̂i is the predicted noise for the noisy action a∗t at the
i’s denoising step, and ϵ is the corresponding ground truth.

Layer-skipping via MoLe router. We propose MoLe-
VLA to improve the efficiency of LLM in robotic tasks,
where many transformer layers are underutilized due to the
simpler reasoning demands of robotics tasks. MoLe em-
ploys a lightweight router to adaptively skip non-essential
transformer layers during inference, reducing computational
costs while maintaining performance. As shown in Fig.2, for
a given MLLM π with K layers, the MoLe router processes
the input embeddings xk ∈ Rb×n×d and generates a binary
gating vector Gmol(x) = {Gk}Kk=1, where Gk ∈ [0, 1]. To
ensure efficiency, only the top-k values inGmol(x) are set to
1, determining which layers πk are executed with the hidden
feature hk while the rest are skipped:

hk = Gk · πk(hk−1) + (1−Gk) · hk−1. (7)

Unlike traditional MoE routers that allocate tokens to ex-
perts, the MoLe router skips entire layers, avoiding redun-
dant computations. This improves inference efficiency and
responsiveness, making MoLe particularly suited for real-
time robotic tasks like manipulation and navigation that re-
quire lightweight and adaptive processing.

Spatial-Temporal Aware Router
We propose the STAR routing mechanism, which preserves
spatial-visual patterns and task-aware dynamics through
modality-specific processing and adaptive cross-modal fu-
sion, optimizing layer selection for VLA tasks. Given vi-
sual features vt ∈ Rb×nimg×d and textual features l ∈

Rb×ntext×d, both modalities are projected into a shared la-
tent space using a learnable matrix Wp ∈ Rd×d1 :

himg = vt ·Wp, htext = l ·Wp. (8)

We compute spatial routing weights S ∈ Rb×Ne from
himg to process image patches to capture geometric rela-
tionships and object layouts:

S = W(2)
s · φ(W(1)

s · himg + b(1)
s ), (9)

where φ indicates GELU, while spatial pooling preserves
translation invariance for visual reasoning. Concurrently,
temporal routing weights T ∈ Rb×Ne are derived from
htext using a Transformer module to extract instruction-
aware temporal dynamics, where ”temporal” corresponds to
task execution phases implied by language instructions (e.g.,
”first grasp then place”):

T = Wt · Φ(Transformer(htext)). (10)
The Transformer models step dependency in textual com-
mands, while average pooling Φ distills phase-shift signals.
A learnable sharpness controller α ∈ [0, 1] adaptively ad-
justs routing focus based on instruction complexity:

α = σ(W⊤
τ · h[CLS]

text + bτ ), (11)
where σ is the sigmoid function and higher α empha-
sizes spatial experts for precise grasp pose estimation, while
lower α activates geometry-text alignment experts for task-
conditioned adaptation. Last but not least, the final gating
weights G ∈ Rb×Ne combine both modalities S and T
through a dynamic and sharpened blending:

G = S+T. (12)
By integrating spatial and temporal information, our

method enables the router to select LLM layers, optimizing
performance for VLA tasks adaptively. The approach is effi-
cient, requiring only O(Ne(d2+N

2
text)) FLOPs per sample

compared to O(Ned) in standard MoE frameworks, where
d ≫ Ntext, d2. This design ensures high adaptability and
computational efficiency.
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Cognitive self-Knowledge Distillation
To mitigate cognition loss from layer-skipping, we em-
ploy self-distillation, using the original model as teacher
and MoLe as student. Following token-wise distillation ap-
proaches (Yang et al. 2024; Zhang et al. 2024c, 2023),
the student reconstructs each token from the teacher: given
f (t) ∈ Rn×d and f (s) ∈ Rn×ds , token reconstruction is
performed as:

Lmimic =
1

N

∥∥∥f (t) − µ(f (s))
∥∥∥2
2
, (13)

where µ(·) is the projection layer. However, Eq.13 distills
all tokens equally, which may be suboptimal for complex
manipulation tasks where certain visual tokens are more rel-
evant to the text.Therefore, we leverage the cognition token
ect ∈ R1×d, which is the last token in the output sequence
of the LLM. that naturally encapsulates the global task se-
mantics formed by the fusion of language instructions and
visual information under multimodal inputs, to distill adap-
tively. Each model has its own cognition token (etc,(t) for
the teacher and e

c,(s)
t for the student). We identify tokens of

interest (ToIs) M by computing their similarity to the cog-
nition token during distillation:

M (i) = η(ec,(i)f (s)), i ∈ {s, t}, (14)
where η denotes the Sigmoid function. Next, we utilize the
intersection of ToIs generated by the teacher and student
cognition tokens to decide the distillation degree of each to-
ken, where M = M (t) ⊙M (s), because the distillation to-
kens should consist of the ones both important to the teacher
and student. Therefore, the Eq.13 can be updated as:

Lcog-mimic =
1

N

∥∥∥M ⊙ f (t) − µ(M ⊙ f (s))
∥∥∥2
2
, (15)

where ⊙ denotes element-wise matrix multiplication. Fur-
thermore, we introduce the Reverse-KL (Gu et al. 2023)
paired with our cognition token, with prioritizing mode cov-
erage of the teacher distribution while suppressing spuri-
ous student modes. The reason is that for VLA distillation,
reverse-KL loss prevents overconfident predictions on out-
of-distribution visual-language pairs while preserving se-
mantic diversity, offering better generalization than forward-
KL. Therefore, we obtain Lcog-reversekl to enhance the dis-
tribution constraint following the manner before to:

Lcog-reversekl = (M ⊙ f (s)) log

(
M ⊙ f (s)

M ⊙ f (t)

)
. (16)

Finally, our eventual CogKD loss can be formulated as:
Lcog = (1− λ1)Lcog-mimic + λ1Lcog-reversekl, (17)

where λ1 is set to 0.5 for balancing the losses.

Optimization Objective
For the update of the teacher model, we initialize both mod-
els with pre-trained parameters and use the exponential mov-
ing average (EMA) to update the teacher model with the up-
date weight α = 0.999. Our final training objective can be
formulated with the combination of Ltask, Lcog and Llb:

LMoLe = Ltask + λ2Lcog + λ3Llb, (18)
where λ2 and λ3 are two hyperparameters which are set to
0.5 and 0.1 by default.

Experiments
Implementation Details
Simulation and real-world deployment. 1) RLBench in-
cludes 10 diverse tabletop tasks performed with a Franka
Panda robot and a front-view camera. These tasks range
from object manipulation to environment interaction, such
as: Close box, Close laptop lid, Toilet seat down, Put rubbish
in bin, Sweep to dustpan, Close fridge, Phone on base, Take
umbrella out of stand, Frame off hanger, and Change clock.
Task data are generated using predefined waypoints and the
Open Motion Planning Library (Sucan, Moll, and Kavraki
2012). Following prior work (Jia et al. 2024), each task in-
cludes 100 training trajectories sampled using a frame-based
approach and evaluated in 25 trials per task.

2) Real-world deployment is evaluated on the Franka Re-
search 3 robot equipped with a 3D-printed UMI gripper (Chi
et al. 2024). A GoPro 9 camera mounted on the wrist cap-
tures real-world visual observations. We collect 50 demon-
strations across three tasks, including detach charger, pull
drawer, and pour water. A single agent is trained across all
tasks and evaluated in 10 trials per task within the training
workspace. The success rate is determined through human
assessment and serves as the evaluation metric.

Baselines. We compare MoLe with three state-of-the-art
VLA methods across two action generation paradigms: 1)
Autoregressive models, including OpenVLA (Kim et al.
2024), which uses LLaMA for discrete action prediction,
and 2) Diffusion-based models, such as CogAct (Li et al.
2024a) and π0 (Black et al. 2024), which predicts action
chunks via a diffusion head. Additionally, we evaluate sev-
eral VLA efficiency baselines all based on CogAct back-
bone: DeeR (Yue et al. 2024), which enables early exits
in LLMs; MoD (Raposo et al. 2024), which allocates input
tokens dynamically across layers; and Random-skip, which
skips LLM layers randomly. RoboMamba (Liu et al. 2024)
with Mamba-2.8B LLM backbone is also selected to demon-
strate the efficiency of MoLe. For a fair comparison, DeeR
using single-phase training and full model loading. We inte-
grate MoLe using a default 50% layer-skip.

Training and evaluation details. All baselines are trained
using the same task configuration for fair comparison.
It should be noted that we conduct mixed-task, one-
time training and evaluate each test task separately. Each
method’s official pre-trained parameters are loaded, follow-
ing their respective training settings. For MoLe-VLA, the
single-view RGB input is resized to 224 × 224, and the
robot state is aligned with the predicted actions (7-DOF
end-effector poses). The model is trained with a batch size
of 64 and 8 diffusion steps per sample, using pre-trained
weights for the vision and language modules. MoLe-VLA
is fine-tuned on LLM backbones that have been pre-trained
with large-scale robotic data, using end-to-end training with
a constant learning rate of 2 × 10−5 for 1,000 iterations.
Training is conducted on 8 NVIDIA A800 GPUs in approx-
imately 1.5 hours using PyTorch’s Fully Sharded Data Par-
allel (FSDP) framework, while the frequency is evaluated on
GeForce RTX 4090D.
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Methods Action Head Backbone Put Rubbish Close Close Take Umbrella Close
in Bin Box Laptop Lid out of Stand Fridge

RLBench
OpenVLA (CoRL’24) Auto-regressive LLaMA2-7B 13.0%(±0.03) 78.0%(±0.04) 78.0%(±0.07) 31.0%(±0.03) 78.0%(±0.10)

MoLe-OpenVLA (Ours) Auto-regressive LLaMA2-7B 22.0%(±0.10) 79.0%(±0.09) 76.0%(±0.07) 36.0%(±0.08) 89.0%(±0.09)

π0 (Arxiv’24) Diffusion Paligemma-2.6B 33.0%(±0.05) 76.0%(±0.06) 66.0%(±0.10) 27.0%(±0.01) 50.0%(±0.08)
MoLe-π0 (Ours) Diffusion Paligemma-2.6B 56.0%(±0.02) 76.0%(±0.03) 66.0%(±0.03) 48.0%(±0.04) 50.0%(±0.16)

CogAct (Arxiv’24) Diffusion LLaMA2-7B 58.0%(±0.05) 80.0%(±0.06) 34.0%(±0.03) 44.0%(±0.07) 78.0%(±0.03)
Random-skip-CogAct Diffusion LLaMA2-7B 16.0%(±0.04) 80.0%(±0.07) 80.0%(±0.07) 32.0%(±0.05) 84.0%(±0.04)

MoD-CogAct (Arxiv’24) Diffusion LLaMA2-7B 53.0%(±0.08) 81.0%(±0.02) 73.0%(±0.03) 43.0%(±0.03) 90.0%(±0.08)
DeeR-CogAct (NeruIPS’24) Diffusion LLaMA2-7B 35.0%(±0.11) 74.0%(±0.15) 74.0%(±0.10) 49.0%(±0.15) 79.0%(±0.18)

MoLe-CogAct (Ours) Diffusion LLaMA2-7B 52.0%(±0.15) 72.0%(±0.10) 68.0%(±0.09) 49.0%(±0.08) 94.0%(±0.04)

Methods Sweep Phone Change Toilet Take Frame Mean Acc.% ↑ Speed ↑to Dustpan on Base Clock Seat Down off Hanger

OpenVLA (CoRL’24) 61.0%(±0.05) 21.0%(±0.08) 16.0%(±0.05) 80.0%(±0.03) 11.0%(±0.03) 46.7% (-) 6.8 Hz (-)
MoLe-OpenVLA (Ours) 83.0%(±0.08) 16.0%(±0.05) 18.0%(±0.12) 100.0%(±0.00) 45.0%(±0.03) 56.4% (9.7% ↑) 9.3 Hz (2.5 Hz ↑)

π0 (Arxiv’24) 60.0%(±0.05) 44.0%(±0.09) 16.0%(±0.05) 88.0%(±0.05) 40.0%(±0.07) 50.0% (-) 13.8 Hz (-)
MoLe-π0 (Ours) 60.0%(±0.02) 32.0%(±0.13) 32.0%(±0.05) 88.0%(±0.04) 44.0%(±0.04) 55.4% (5.4% ↑) 18.4 Hz (4.8 Hz ↑)

CogAct (Arxiv’24) 47.0%(±0.04) 55.0%(±0.03) 17.0%(±0.03) 95.0%(±0.07) 63.0%(±0.02) 57.1% (-) 9.8 Hz (-)
Random-skip-CogAct 65.0%(±0.08) 24.0%(±0.09) 12.0%(±0.07) 91.0%(±0.09) 28.0%(±0.02) 51.2% (5.9% ↓) 13.4 Hz (3.6 Hz ↑)

MoD-CogAct (Arxiv’24) 18.0%(±0.15) 34.0%(±0.12) 21.0%(±0.07) 99.0%(±0.02) 53.0%(±0.11) 56.5% (0.6% ↓) 13.3 Hz (3.5 Hz ↑)
DeeR-CogAct (NeruIPS’24) 35.0%(±0.29) 52.0%(±0.16) 28.0%(±0.06) 94.0%(±0.12) 68.0%(±0.08) 58.8% (1.7% ↑) 12.5 Hz (2.7 Hz ↑)

MoLe-CogAct (Ours) 44.0%(±0.15) 42.0%(±0.09) 32.0%(±0.13) 100.0%(±0.00) 48.0%(±0.17) 60.2% (3.1% ↑) 13.3 Hz (3.5 Hz ↑)

Table 1: Performance comparison with existing VLA models across ten tasks in RLBench settings.

Figure 3: Efficiency analysis with FLOPs and inference time. (Left) Success rate v.s. the FLOPs reduction compared to
model backbone with differnt number of layer-skipping. (Right) Inference time per iteration for different layers.

Quantitative Results

Performance enhancement The performance of MoLe-
VLA against SOTA VLA models across ten RLBench tasks
is shown in Tab.?? with four repetitions. Specifically, MoLe-
OpenVLA improves success rate by 9.7% with a 2.5 Hz ac-
celeration. As for π0, MoLe also improves its success by
5.4% while further accelerates its inference to a optimal 18.4
Hz. MoLe-CogAct achieves the highest mean success rate
of 60.2% among all the other efficient baselines, surpass-
ing CogAct by 3.1%. Compared with efficiency baselines,
MoLe-VLA not only consistently outperforms other meth-
ods but also achieves the lowest variance (±0.01), while
MoD and DeeR exhibit unstable performance with variances
of ±0.03 and ±0.05 on CogAct due to overlooking seman-
tic layers, leading to token-wise perception inconsistencies.
Although random-skip is faster than MoLe, the significant
performance gap (9.0%) demonstrates the effectiveness of
MoLe-VLA in both model performance and efficiency.

Efficiency analysis We analyze success rate changes with
increasing skipped layers in Fig.3. MoLe achieves simi-
lar success rates compared to the full-layer backbone while
only 19% of the FLOPs. Notably, MoLe-OpenVLA signif-
icantly outperforms the original OpenVLA by a large mar-
gin. Furthermore, detailed statistics on model efficiency are
provided in Tab.2. While DeeR offers more dynamic layer-
skipping, it incurs extra optimization overhead and auxiliary
action computation. In contrast, MoLe achieves superior ef-
ficiency, requiring just 0.309s.

MoLe with quantization analysis We highlight the effi-
ciency of MoLe under 8-bit quantization as shown in Tab.2.
MoLe achieves a higher success rate of 58.8% with an in-
ference frequency of 15.7 Hz, while utilizing only 55% of
the GPU memory compared to CogAct, which achieves just
9.8 Hz. This demonstrates MoLe’s ability to maintain su-
perior performance with significantly lower computational
costs after quantization for computational-constrained real-
world applications with commercial-grade GPUs.
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Figure 4: The qualitative results of MoLe-VLA, including the manipulation progress and the task completion end state.

Methods Time ↓ FLOPs ↓ Mean ↑

CogAct 0.434 s 1935.8 G 57.2%
DeeR 0.337 s 997.4 G 59.2%
MoLe 0.309 s 985.8 G 60.8%

Precision Speed ↑ Memory ↓ Mean ↑

CogAct-FP16 9.8 Hz 16055 MB 57.2%
MoLe-INT8 15.7 Hz 8887 MB 58.8%

Table 2: Inference analysis on RLBench with quantization.

Ablation study Tab.3 demonstrates the effectiveness of
our STAR and CogKD in RLBench based on OpenVLA.
Adapting MoLe with the traditional linear router Ex1−1 re-
duces accuracy from 46.7% to 42.6%, while our proposed
STAR Ex1−2 recovers 3.0% with only the same size of
13.17 MB as the linear router. Further improvements are
achieved with tailored CogKD loss variants, particularly
when combining MSE and Reverse KL lossesEx2−4, which
reaches a 56.4% mean success rate. These results highlight
our methods’ superiority and verify that CogKD effectively
transfers context knowledge in auto-regressive VLA.

Quantitative results in real-world tasks. We conducted
experiments involving interactions with various real-world
objects, as summarized in Tab.4. The results show that MoLe
consistently delivers strong performance across three tasks
compared to CogAct and π0. Notably, in the challenging
pour water task, which demands precise 3D position and
rotation predictions, MoLe shows superiority and matches
CogAct with the success rate of 80%. In addition, MoLe sig-
nificantly outperforms π0 with only 53.33% mean success.
These results highlight that MoLe preserves the ability to
understand 3D spatial scenes and make accurate predictions
with a 50% computation reduction in LLM.

Qualitative Results
As shown in Fig.4, we visualize the manipulation process for
three real-world and RLBench simulation tasks. Our method

Methods Mixture-of-Layers CogKD Loss Mean↑
RLBench Linear STAR MSE KL R-KL

Ex0 ✗ ✗ ✗ ✗ ✗ 46.7%

Ex1−1 ✓ ✗ ✗ ✗ ✗ 42.6%
Ex1−2 ✗ ✓ ✗ ✗ ✗ 45.6%

Ex2−1 ✗ ✓ ✓ ✗ ✗ 51.4%
Ex2−2 ✗ ✓ ✗ ✓ ✗ 49.6%
Ex2−3 ✗ ✓ ✗ ✗ ✓ 53.8%
Ex2−4 ✗ ✓ ✓ ✗ ✓ 56.4%

Table 3: Ablation study on RLBench based on OpenVLA.

Methods Detach Pull Pour Mean↑ Speed↑charger drawer water

CogAct 60.0% 60.0% 80.0% 66.7% 9.8 Hz
MoLe-Cog 70.0% 60.0% 80.0% 70.0% 13.3 Hz

π0 50.0% 50.0% 60.0% 53.3% 13.8 Hz
MoLe-π0 60.0% 50.0% 70.0% 60.0% 18.4 Hz

Table 4: Success rate for real-world evaluated with Franka.

accurately predicts continuous 7-DoF end-effector poses,
enabling precise task execution along planned trajectories.
For instance, in the pour water task, MoLe-VLA success-
fully grasps the cup, lifts the can, positions it above the bowl,
and smoothly rotates the gripper to control water flow.

Conclusions
We proposed MoLe-VLA, a method inspired by the Shal-
low Brain Hypothesis, to optimize VLA models for robotics.
MoLe dynamically activates key LLM layers with a spe-
cially devised STAR router, reducing redundancy while pre-
serving essential information. To address performance loss
from layer skipping, we developed CogKD to enhance ef-
ficiency and cognitive capacity. Experiments on real-world
and RLBench environments show that MoLe reduces com-
putational costs, enabling efficient and adaptable robot.
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