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Abstract
Vision-Language-Action (VLA) models typically bridge the
gap between perceptual and action spaces by pre-training a
large-scale Vision-Language Model (VLM) on robotic data.
While this approach greatly enhances performance, it also
incurs significant training costs. In this paper, we investi-
gate how to effectively bridge vision-language (VL) repre-
sentations to action (A). We introduce VLA-Adapter, a novel
paradigm designed to reduce the reliance of VLA models on
large-scale VLMs and extensive pre-training. To this end, we
first systematically analyze the effectiveness of various VL
conditions and present key findings on which conditions are
essential for bridging perception and action spaces. Based
on these insights, we propose a lightweight Policy module
with Bridge Attention, which autonomously injects the opti-
mal condition into the action space. In this way, our method
achieves high performance using only a 0.5B-parameter
backbone, without any robotic data pre-training. Extensive
experiments on both simulated and real-world robotic bench-
marks show that VLA-Adapter not only achieves state-of-
the-art level performance, but also offers the fast inference
speed reported to date. Furthermore, thanks to the proposed
advanced bridging paradigm, VLA-Adapter enables the train-
ing of a powerful VLA model on a single consumer-grade
GPU, greatly lowering the barrier to deploying VLA model.

Project page — https://vla-adapter.github.io/
Appendix — https://arxiv.org/pdf/2509.09372

1 Introduction
In the past two years, with significant breakthroughs in mul-
timodal LLMs (Karamcheti et al. 2024; Steiner et al. 2024;
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Figure 1: Characteristics of VLA-Adapter. “↓” is that
smaller values are better, and vice versa. Our paradigm can
quickly train the SOTA-level VLA using a tiny backbone.

Li et al. 2025), developing robot systems with general per-
ception, understanding, and behavior capabilities has be-
come a key research direction in artificial intelligence. In
particular, the emergence of the Vision-Language-Action
(VLA) model offers a new solution for enabling robot op-
erations driven by instructions (Kim et al. 2024; Zhao et al.
2025b; Kim, Finn, and Liang 2025; Song et al. 2025b; Cen
et al. 2025; Zhang et al. 2025). Research on VLA primarily
focuses on extracting multimodal information and aligning
it with the action decision space to generate the high-quality
actions (Team et al. 2024; Zhong et al. 2025).

Current VLA models typically require large-scale embod-
ied data (e.g., DROID (Khazatsky et al. 2024)) to pre-train
Multimodal Large Language Models (MLLMs) (Especially,
VLMs) for task adaptability, which is then passed to the de-
signed Policy network (Bu et al. 2024) to decode or generate
actions for handling the tasks in the diverse environments
(Liu et al. 2023; Mees et al. 2022).

However, VLA models still face several bottlenecks, in-
cluding reliance on large-scale VLMs, slow fine-tuning
speed, high GPU memory (VRAM) consumption, and low
inference efficiency (throughput), as shown in Figure 1. To
this end, it is necessary to explore the most essential but
rarely discussed question in the VLA: How to bridge the
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gap of VL (vision language) to A (action) more effectively?
To answer this question, we propose VLA-Adapter, a

novel bridging paradigm for VLA. We systematically ex-
plore how different conditions influence action generation
and give some key findings for VLA design. On this basis,
we built a Policy with Bridge Attention to autonomously in-
ject the optimal condition into the action space. Experiments
show that VLA-Adapter has superior performance, high ef-
ficiency, and fast throughput. It lowers the barrier to VLA
deployment. The main contributions are summarized.

• To our knowledge, this work is the first systematic anal-
ysis of bridging paradigms’ effects on action generation.
And we also give some key findings of the VLA design.
• VLA-Adapter transfers the sufficient multimodal infor-

mation to the proposed Policy for action generation, ef-
fectively bridging the modality gap from VL to A.
• Experiments show that VLA-Adapter has a higher suc-

cess rate, smaller scale, lower tuning cost, and faster in-
ference in diverse simulated and real-world robotic tasks.

2 Related Work
2.1 Vision-Language-Action (VLA) Models
Recently, leveraging pre-trained Vision-Language Models
(VLMs) (Karamcheti et al. 2024; Steiner et al. 2024; Li et al.
2025) to control robots for performing various daily tasks
has substantially accelerated research in embodied intelli-
gence. This has emerged as a prominent research focus (In-
telligence 2025b; NVIDIA et al. 2025; Fan et al. 2025; Tong
et al. 2025). These models are referred to as VLA.

Typically, VLA models require large-scale embodied
datasets, such as Open X-Embodiment (Collaboration
2024), for pre-training (Liu et al. 2025). This process in-
tegrates VLMs with a dedicated Policy (Song et al. 2025a;
Li et al. 2024b), allowing the system to decode or generate
action sequences for diverse tasks in an end-to-end manner.
Moreover, dual-system VLA (Shentu et al. 2024; Bu et al.
2024) have recently garnered attention. These methods in-
troduce an intermediate latent token to connect the VLMs
and Policy, using an asynchronous mechanism to enhance
coordination between two systems (Zhang et al. 2024a).

Consequently, effectively and efficiently bridging the
vision-language perception space to the action space has be-
come a key design challenge in the design of VLA models.

2.2 Bridging from Perception to Action Space
Earlier studies (Kim et al. 2024; Brohan et al. 2023a,b) at-
tempted to directly align perception and action spaces by
discretizing actions into tokens. However, this discretiza-
tion inevitably introduces inherent loss. Recent studies
have shifted their focus toward continuous action spaces
(NVIDIA et al. 2025; Intelligence 2025a; Shukor et al.
2025). Based on the types of perceptual features utilized to
bridge to the action space, they can be categorized:

1) Raw Features from VLMs. Raw features refer to vi-
sion and language representations, and they are extracted di-
rectly from the VLM. Early methods in this category extract
representations from the final-layer VLM, operating under

the assumption that it encodes the most task-relevant seman-
tic information (Li et al. 2024a). More recent methods lever-
age the intermediate-layer features within the VLM (Intelli-
gence 2025a). They believe that such representations may
retain richer spatial and multimodal information, thereby
benefiting Policy in tasks that demand fine-grained percep-
tion or complex reasoning. For example, some studies use
features from a middle layer (NVIDIA et al. 2025), the first-
half layers (Shukor et al. 2025), or all intermediate-layer fea-
tures (Intelligence 2025a).

2) Additional Query as Interface. Furthermore, recent
studies (Kim, Finn, and Liang 2025; Cui et al. 2025) have
introduced a novel interface that employs additional queries
as bridges between VLMs and Policy, rather than directly
transmitting Raw features. These queries are learnable and
can incorporate multimodal information, showing superior
performance. The bridge paradigms are shown in Figure 2.
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Figure 2: Existing bridge paradigms from VL to A.

3 VLA-Adapter Methodology
3.1 Preliminary
We present the VLA-Adapter framework, as illustrated in
Figure 3. This VLM follows the Prismatic-VLMs architec-
ture (Karamcheti et al. 2024). It has M layers. At timestep
t, the input into VLM consists of {X vt ,X

g
t ,Lt,AQt}: the

3rd-view image X vt , the wrist image X gt , the instruction Lt,
and additional ActionQuery AQt. After inputting X vt and
X gt , the DINOv2 (Oquab et al. 2024) and SigLIP (Zhai et al.
2023) extract vision embeddings. Lt is tokenized. The out-
puts are the specified-layer Raw latent CRt and ActionQuery
latent CAQt . They serve as the conditions for Policy.

Backbone. To build a solid basis for research, we per-
form experiments of VLA-Adapter on different-scale back-
bones. The backbones select the Prismatic VLM trained
on Qwen2.5-0.5B (Yang et al. 2024), the Prismatic
VLM trained on LLaMA2-7B (Touvron et al. 2023), and
OpenVLA-7B pre-trained on robotic data (Kim et al. 2024).
The benefit gained from increasing backbone scale is limited
in VLA-Adapter. The specific results are shown in Table 2 of
Section 4.1. Therefore, to ensure efficiency, Qwen2.5-0.5B
is our default backbone unless otherwise specified.
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Figure 3: The proposed VLA architecture. The key components are the effective condition exploration and Attention design.
“Attention” specifically includes cross attention with conditions and self attention with itself. In the VLA-Adapter framework,
“Attention” is the Bridge Attention as shown in Section 3.3. Four conditions about “layer” and “type” are given on the right.

3.2 Which Condition Is Essential for Bridging
from Perception to Action Space?

The relative effectiveness of the existing methods remains
inconclusive. This is mainly due to the differences in the de-
sign of the VLM backbone and the Policy network. To ad-
dress this gap, we explore which type of perception informa-
tion is essential for action generation in the Policy network.
In summary, we mainly focus on the following questions:

Question 1.1. Which layer of features within the VLM is
more effective for the Policy network?

Question 1.2. Are the ActionQuery features a better choice
than the raw (vision-language) features?

To ensure compatibility with existing experimental proto-
cols for representative work (e.g., π0), we let the number of
Policy layers be equal to the number of VLM layers. At each
layer of Policy, the action latent undergoes cross-attention
with conditions and self-attention with itself. Details of the
Policy with Attention can be found in the Section 3.3.

Experimental Setting. We evaluate four conditions in our
framework. For Question 1.1, to evaluate the effectiveness
of the individual-layer information, we employ the single-
layer latent as the conditions for the all-layer Policy, as
shown in Figure 3a) and 3c). To evaluate the effectiveness
of all-layer information, we feed each-layer latent into the
corresponding-layer Policy, as shown in Figure 3b) and 3d).
For Question 1.2, to compare the effectiveness of the feature
types, we use the CRt or CAQt as conditions. The comparison
on the LIBERO-Long (Liu et al. 2023), which is the long-
horizon and complex benchmark, the results are as shown in
Figure 4. And then, we give the following key findings.

Key Finding 1.1. Regarding Raw features, the middle-layer
latent performs better than the deep-layer latent. Deep-
layer CRt is biased towards semantic information and less
effective in action generation.

Figure 4: Comparison of four conditions in VLA-Adapter.
The results are shown in Appendix C. The number of Ac-
tionQuery is 64. It is not fixed, we explore it in Section 4.5.

Key Finding 1.2. Regarding ActionQuery features, deep-
layer latent performs better than other-layer latent. Ac-
tionQuery is trained from scratch, and deep-layer CAQt
aggregates richer multimodal details.

Key Finding 1.3. Multi-layer features perform better. We
observed that using all-layer features outperforms a sin-
gle layer. Not only does it improve performance, but it
also saves time on best layer selection during design.

CRt 9 13 CAQt 1 13 17 21 23 24 All

Subtask 7 90 82 Subtask 7 76 66 74 70 70 74 76
Subtask 9 74 84 Subtask 9 78 62 58 72 72 84 78

Table 1: Comparison of the ith-layer CRt and CAQt in sub-
tasks of LIBERO-Long. The value is Success Rate (%).

Condition Determination. Does VLA-Adapter rely ex-
clusively CAQt as the condition? The answer is no. While all-
layer CAQt outperforms CRt , middle-layer CRt excels in some
hard tasks. Comparison is shown in Table 1. So, we aim to
enhance performance by using certain knowledge from CRt .
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3.3 Policy with Bridge Attention
Overall. For the simplicity of the model, we designed an
L1-based Policy network. At t-th timestep, the input to Pol-
icy includes: {CRt , CAQt ,Aτ=0

t ,Pt}. τ is the layer of Pol-
icy, and it has τ ∈ Z+, 0 ≤ τ ≤ M − 1. A0

t is the
H-step initial action of all zeros, it is processed by Layer-
Norm (LN) and Multi Layer Perceptron (MLP) to obtain
Ã0
t =

[
ã0t , ã

0
t+1, . . . , ã

0
t+H−1

]
. Pt is the proprioceptive

state, and it is mapped through a two-layer MLP to obtain
the proprio embedding σ0(Pt). The output is the H-step
action chunk AM−1

t . Each layer is composed of a Bridge
Attention module and a Feed-Forward Network (FFN). The
Bridge Attention architecture is shown in Figure 5.

Bridge Attention. The Bridge Attention hopes to guide
action generation to the greatest extent possible through the
conditions CRt and CAQt . Each Bridge Attention consists of
two cross attentions and one self attention. In the first cross
attention, CRt is processed through an MLP σ1 to obtain
K1, V1. The action latent Ãτ

t is used as the Q1, and perform
attention to get CA1

(
Ãτ
t , σ1(CRt )

)
. In the second cross at-

tention, CAQt needs to be concatenated with the σ0(Pt) and
passed through an MLP σ2 to obtain K2, V2. Ãτ

t is used as
the Q2 to get CA2

(
Ãτ
t , σ2

[
CAQt , σ0(Pt)

])
. In the self at-

tention, Ãτ
t is as Q,K, V , and there is SA(Ãτ

t , Ã
τ
t ).

To selectively inject certain CRt into the action space of
the Policy, we introduce a learning parameter Ratio g to
modulate the influence of CA1

(
Ãτ
t , σ1(CRt )

)
. g is initial-

ized to 0 value, and the tanh activation function is utilized
tanh(g) ∈ [−1, 1] to prevent extreme values from destabi-
lizing the distribution (Zhang et al. 2024b). And then, the
three attentions are concatenated to obtain Âτ

t .
After Bridge Attention, Âτ

t passes through a residual FFN
to obtain Ãτ+1

t . Repeating the above process, we obtain

ÃM−1
t . The action chunk AM−1

t is get by an LN and MLP.
Additionally, we also design a DiT-based (Diffusion

Transformer (Peebles and Xie 2023)) Policy. Since the di-
versity of Policy is not the focus of this paper, we put its de-
tails and the brief results in Appendix B. The results show
that L1-based performance and inference speed are gener-
ally superior to those of the DiT-based approach. Therefore,
VLA-Adapter chose the L1 architecture as the Policy.

3.4 Training
The training is conducted end-to-end, with the Policy trained
from scratch. Given a ground truth action trajectory At and
action latent Aτ

t . We train model πθ(·) with the objective:

min
θ
J (θ) =EAt,CRt ,C

AQ
t ,σ0(Pt)

[∥∥πθ(Aτ
t , CRt ,

CAQt , σ0(Pt))−At

∥∥
1

]
.

(1)

For more details of training, please see Appendix F.1.

4 Experiments
All experiments are run on a server equipped with 4
NVIDIA H100 GPUs. For more details of hyperparameters
of VLA-Adapter, please see Appendix F.2. We perform ex-
periments to answer the three questions:

Question 2.1. What are the advantages of the VLA-Adapter
compared to other bridge paradigms? (Section 4.1)

Question 2.2. How does VLA-Adapter perform compared
to existing methods? (Section 4.2, 4.3, and 4.4)

Question 2.3. What else key components in the VLA-
Adapter paradigm are worth exploring? (Section 4.5)

Experiment Overview. In Section 4.1, we use the com-
plex LIBERO-Long (Liu et al. 2023), which typically has
a low success rate, to investigate the necessity of VLA-
Adapter. From Section 4.2 to Section 4.4, we use LIBERO
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(Liu et al. 2023) and CALVIN (Mees et al. 2022), which are
widely used in VLA, as well as real-world data, to compre-
hensively compare the overall performance. In Section 4.5,
we use LIBERO-Long to explore key parts of VLA-Adapter.

4.1 Necessity of VLA-Adapter
Effectiveness. To validate the effectiveness of our bridge
paradigm, we compare three kinds of backbones:

B1: The Prismatic VLM trained on Qwen2.5-0.5B.
B2: The Prismatic VLM trained on LLaMA2-7B.
B3: The OpenVLA-7B pre-trained on robotic data.

The first two are different-scale backbones without pre-
training on robotic data. We adopted the OpenVLA-OFT
bridging way (Kim, Finn, and Liang 2025) to compare. It is
the SOTA on major benchmarks, including LIBERO-Long
(Liu et al. 2023). The comparison is shown in Table 2.

Fine-tuned B1 B2 B3
+OFT +Ours +OFT +Ours +OFT +Ours

Success Rate ↑ 85.8 95.0 87.5 95.2 94.5 95.4
∆ 9.2% ↑ 7.7% ↑ 0.9% ↑

Table 2: Effectiveness comparison with OpenVLA-OFT on
the LIBERO-Long. “Fine-tuned” is by LoRA tuning (Hu
et al. 2022). Bold represents the best performance. ∆ is the
increment. Please note, comparison with bridge ways of π0
(Intelligence 2025a) and GR00T N1 (NVIDIA et al. 2025)
has been included in Section 3, so we will not elaborate here.

Fortunately, VLA-Adapter remains effective when the
backbone is frozen. Only the ActionQuery latent and Policy
are trained from scratch. SmolVLA (Shukor et al. 2025) is
the VLA dedicated to studying frozen VLMs. So, we com-
pare with OpenVLA-OFT and SmolVLA. The results are
shown in Table 2. Since the results of GR00T N1 (NVIDIA
et al. 2025) come from Hume (Song et al. 2025a), it did a
full-params fine-tuning, so we will not compare with it here.

Frozen OpenVLA-OFT SmolVLA VLA-Adapter

Success Rate (%) ↑ 0.0 77.0 86.4

Table 3: Effectiveness comparison when the backbone is
frozen. Benchmark is the same as Table 2. For an analysis
of OpenVLA-OFT does not work, please see Appendix H.

Based on Tables 2 and 3, we summarize two conclusions:

Conclusion 1. VLA-Adapter improvement effect is obvious
when VLMs are not pre-trained on robotic data.

Conclusion 2. Even if the backbone freezes, VLA-Adapter
still performs strongly, surpassing SmolVLA by 9.4%.

This can be attributed to the fact that, after pre-training on
robotic data, the last-layer features are already adapted to
the action domain, enabling efficient fine-tuning with a sim-
ple MLP. However, when VLMs without pre-training, rely-
ing solely on the last-layer latents, are insufficient for ef-
fective action mapping. So, adopting the VLA-Adapter be-
comes crucial to achieve efficient fine-tuning. These insights

highlight a key advantage: VLA-Adapter facilitates efficient
fine-tuning of VLMs without robotic pre-training, achieving
performance that surpasses baselines using a tiny backbone.

Efficiency. VLA-Adapter attains a faster inference speed.
The comparison is shown in Table 4.

Efficiency OpenVLA-OFT VLA-Adapter

Throughput (Hz) ↑ 71.4 219.2
Latency (Sec) ↓ 0.1120 0.0365

Table 4: Inference efficiency comparison. The action chunk
is 8 steps, consistent with most VLA works.

4.2 Overall Performance on Various Tasks
Benchmark. We selected the widely adopted LIBERO
benchmark (Liu et al. 2023) to evaluate performance across
various types of tasks. LIBERO provides multiple suites, in-
cluding Spatial, Object, Goal, and Long. For detailed set-
tings and examples of LIBERO, please see Appendix A.

Baselines. We selected recently published, comprehensive
SOTA VLA methods as baselines. They are large-scale: Uni-
fiedVLA, OpenVLA, OpenVLA-OFT, UniVLA, CoT-VLA,
and WorldVLA; Small-scale: SpatialVLA, π0, π0-FAST,
SmolVLA, and GR00T N1; Tiny-scale: Seer, VLA-OS, and
Diffusion Policy. Their results are all derived from original
references or the reproduction of other published works, en-
suring objectivity and accuracy.

Metrics. Each subtask is repeated multiple times (50 repe-
titions in this paper) to evaluate the model. We use the com-
monly used metric “Success Rate”, reported as ranging from
0 to 100, with higher values indicating better performance.

Results. Comparison on the LIBERO is shown in Table 5.
The results in Table 5 show that VLA-Adapter, using only
a tiny-scale backbone, can achieve performance comparable
to OpenVLA-OFT with 14× larger. It surpasses representa-
tive works such as π0, SmolVLA, and GR00T N1. In addi-
tion, VLA-Adapter has a notable advantage of 29.0% over
VLA-OS with the same-scale backbone on LIBERO-Long.
These show the VLA-Adapter superiority on various tasks.

4.3 Performance on Generalization Tasks
Benchmark. We used the CALVIN ABC→D (Mees et al.
2022) to evaluate the performance on the zero-shot general-
ization tasks. CALVIN consists of four environments (Env
A, B, C, and D) . “ABC→D” means it trains on Env A, B,
and C and evaluates on Env D. VLA needs to execute a pre-
set sequence of 1,000 tasks in sequence. Each task row con-
sists of five subtasks. The model can only enter the process-
ing of the next subtask after completing the current subtask.
Please see Appendix E for more settings and examples.

Baselines. We selected methods recently as baselines.
They are large-scale: UniVLA, OpenVLA, RoboDual, and
OpenHelix; Small-scale: DeeR and VPP; Tiny-scale: Seer
and MoDE. The results are based on original references or
other published works, ensuring objectivity and correctness.
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LIBERO Params Spatial Object Goal Long Avg.

Large

UnifiedVLA (Wang et al. 2025) (ArXiv) 8.5 95.4 98.8 93.6 94.0 95.5
OpenVLA (Kim et al. 2024) (CoRL) 7 84.7 88.4 79.2 53.7 76.5

OpenVLA-OFT (Kim, Finn, and Liang 2025) (RSS) 7 97.6 98.4 97.9 94.5 97.1
UniVLA (Bu et al. 2025) (RSS) 7 96.5 96.8 95.6 92.0 95.2

CoT-VLA (Zhao et al. 2025a) (CVPR) 7 87.5 91.6 87.6 69.0 81.1
WorldVLA (Cen et al. 2025) (ArXiv) 7 87.6 96.2 83.4 60.0 81.8

Small

SpatialVLA (Qu et al. 2025) (RSS) 4 88.2 89.9 78.6 55.5 78.1
π0 (Intelligence 2025a) (RSS) 3 96.8 98.8 95.8 85.2 94.2

π0-FAST (Pertsch et al. 2025) (RSS) 3 96.4 96.8 88.6 60.2 85.5
SmolVLA (Shukor et al. 2025) (ArXiv) 2.2 93.0 94.0 91.0 77.0 88.8

GR00T N1 (NVIDIA et al. 2025) (ArXiv) 2 94.4 97.6 93.0 90.6 93.9

Tiny

Seer† (Tian et al. 2025) (ICLR) 0.57 - - - 78.7 78.7
VLA-OS (Gao et al. 2025) (ArXiv) 0.5 87.0 96.5 92.7 66.0 85.6

Diffusion Policy† (Chi et al. 2023) (RSS) - 78.3 92.5 68.3 50.5 72.4
VLA-Adapter (Ours) 0.5 97.8 99.2 97.2 95.0 97.3

VLA-Adapter-Pro (Ours) 0.5 99.6* 99.6* 98.2* 96.4* 98.5*

Table 5: Comparison on the LIBERO. Bold* is the best performance, Bold is the suboptimal performance, and Italics is the third
best performance. † represents that the non-based-VLM baselines. “Params” is the backbone scale, and its unit is “Billion”. We
give the performance on subtasks. It is shown in Table D1 of Appendix D. Recently, we have updated the “VLA-Adapter-Pro”.
Its Policy architecture is the same as Figure 5, and we optimized the implementation. For its details, please see Appendix I.

CALVIN ABC→D Params Task completed in a row ↑ Avg. len ↑1 2 3 4 5

Large

UniVLA (Bu et al. 2025) (RSS) 7 95.5 85.8 75.4 66.9 56.5 3.80
OpenVLA (Kim et al. 2024) (CoRL) 7 91.3 77.8 62.0 52.1 43.5 3.27

OpenVLA-OFT (Kim, Finn, and Liang 2025) (RSS) 7 96.3 89.1 82.4 75.8 66.5 4.10
RoboDual (Bu et al. 2024) (ArXiv) 7 94.4 82.7 72.1 62.4 54.4 3.66

OpenHelix (Cui et al. 2025) (ArXiv) 7 97.1* 91.4 82.8 72.6 64.1 4.08

Small DeeR (Yue et al. 2024) (NeurIPS) 3 86.2 70.1 51.8 41.5 30.4 2.82
VPP† (Hu et al. 2025) (ICML) 1.5 95.7 91.2 86.3* 81.0* 75.0* 4.33*

Tiny

SeerLarge
† (Tian et al. 2025) (ICLR) 0.57 96.3 91.6* 86.1 80.3 74.0 4.28

MoDE† (Reuss et al. 2025) (ICLR) 0.44 96.2 88.9 81.1 71.8 63.5 4.01
VLA-Adapter (Ours) 0.5 99.1* 94.6 88.8 82.8 76.5 4.42

VLA-Adapter-Pro (Ours) 0.5 98.5 95.0* 90.5* 85.3* 80.0* 4.50*

Table 6: Comparison on the CALVIN ABC→D. Bold* is the best performance, Bold is the suboptimal performance, and Italics
is the third best performance. † represents that the non-based-VLM method. Recently, we have updated “VLA-Adapter-Pro”.
Its Policy architecture is the same as Figure 5, and we optimized the implementation. For its details, please see Appendix I.

Metrics. We use the widely used “Success Rate” (the
same in LIBERO) and “Avg. length” of completed tasks (the
larger the better, with values between 0-5) as metrics.

Results. Comparison on the CALVIN is shown in Table 6.
The results show that VLA-Adapter has strong generaliza-
tion, and its Avg. length is better than SOTA baselines.

4.4 Performance on Real-World Tasks
Experimental Settings. We use a robotic system to per-
form real-world tasks. A 6-DOF Synria Alicia-D equipped
with a 1-DOF wrist is employed, and it uses Logitech C920e
and RealSense D405 cameras to capture 3rd-view and wrist
images. The system is shown in Figure 6. We evaluate VLA-
Adapter across four experimental categories:

1) Simple pick-and-place tasks with objects spanning di-
verse materials and geometries.

2) CALVIN-inspired challenging task II: lateral block relo-
cation (e.g. “Move <obj> left/right”).

3) CALVIN-inspired challenging manipulation task I:
“Block stacking”.

4) LIBERO-inspired complex and long-horizon task: (e.g.
“Pick up the spoon and place it on the cup, then place
the cup on the plate”).

To strengthen evaluation rigor and assess generalization
performance, we randomize the object positions at test time
to induce distribution shift and increase task difficulty.
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Figure 6: Real-world robotic system Synria Alicia-D.

Baselines. ACT (Zhao et al. 2023) and OFT-style variant
(Kim, Finn, and Liang 2025) are as baselines.

Results. The comparison results are shown in Figure 7.
Each result is obtained by averaging the results of 10 ex-
ecutions. Experimental results show that VLA-Adapter has
better generalization capabilities in various scenarios. More
real-world experiments are detailed in Appendix G.
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Figure 7: Comparison on real-world tasks.

4.5 Ablation Experiments
We explore three key components in the VLA-Adapter: 1.
Number of ActionQuery, 2. Condition type, and 3. Injection
degree for Policy. The benchmark is LIBERO-Long.

Number of ActionQuery. In our paradigm, the number
of ActionQuery is not fixed. To explore the impact of this
number on performance, we conducted the following exper-
iments by varying the number of ActionQuery to 1, 4, 8,
16, 64, 128, 256, and 512. The results are shown in Figure
8. Thus, using too few ActionQuery tokens weakens mul-
timodal aggregation and makes it challenging to condition
the Policy. Conversely, employing too many ActionQuery
tokens introduces redundancy, interfering with the perfor-
mance. Therefore, we selected 64 ActionQuery tokens.

Condition Type. In Section 3, we analyzed the overall ef-
fects of different conditions on action generation. Here, we
present the complete comparison results based on the four
classic paradigms in Section 2, as shown in Table 7.

Figure 8: Comparison of the different numbers of Action-
Query. Blue line shows the result of using only ActionQuery.
Red star shows the result of the full VLA-Adapter.

Layer Raw ActionQuery Style SR ↑

Last 3 7 RoboVLMs 85.8
7 3 OpenVLA-OFT 90.2

Intermidiate 3 7 GR00T N1 88.4

All
3 7 π0 90.6
7 3 N/A 92.6
3 3 VLA-Adapter 95.0

Table 7: Comparison with different condition types. The
style can be summarized as representative works in Figure
2 of Section 2. “N/A” represents no such method.

Injection Degree for Policy. In the Bridge Attention, we
use learnable parameters to control the injection degree of
Raw features CRt and set the injection degree of Action-
Query features CAQt to 1. Here, we explore other injection
degrees, and the comparison results are shown in Table 8.

Raw ActionQuery Success Rate (%)

1) (VLA-Adapter) tanh(g) 1 95.0
2) 1 1 91.4
3) 1 tanh(g) 91.0
4) tanh(g) tanh(g) 92.6

Table 8: Ablation of other injection degrees.

5 Conclusion
We propose VLA-Adapter, a novel and efficient bridging
paradigm for VLA. By leveraging Raw and ActionQuery
latent, this method effectively transfers multimodal knowl-
edge to the Policy to generate action. Experiments show
that VLA-Adapter achieves SOTA performance using a tiny-
scale backbone. In addition, our method has low VRAM
usage and high inference speed. These results suggest that
VLA-Adapter lowers the barrier to deploying VLA.

Ultimately, we hope the method and findings of this study
can provide a solid basis for future research in the VLA and
inspire the development of more advanced VLA methods!
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