


primary directions [20, 21, 22, 19, 3, 23, 24]: (1) Online adaptive optimization, which addresses
error propagation during execution through online fine-tuning and trial-and-error strategies, such as
real-time correction [21] or reward adjustment [22, 51]; and (2) Minimizing the train-test gap, which
aims to reduce discrepancies between training and deployment to improve robustness. A representa-
tive example is Plan-Seq-Learn [3]. which decouples motion planning and execution using different
input modalities to mitigate skill-chaining effects.

Long-horizon Robot Manipulation in VLA Models. Recent approaches such as Dex-VLA [17]
and 7y [16] introduce task decomposition into the VLA framework, leveraging LLMs to simplify
subtask execution by reducing learning complexity. However, current VLA methods have yet to
consider skill chaining from long-horizon manipulation. A key challenge is that reward-based online
methods are incompatible with the offline training paradigm of VLA models, where reward signals
are typically unavailable. Modular architectures split tasks into separate modules, hindering joint
training and contradicting VLA’s end-to-end paradigm. To bridge this gap, we aim to address the
challenges of skill chaining for long-horizon tasks while maintaining the scalability and data. Then
we propose Long-VLA, the first end-to-end VLA model designed for long-horizon manipulation.

3 Method

3.1 Revisiting Decomposition Strategy

Before introducing our method, we first investigate whether decomposition is essential for VLA
models. Our intuition is to further divide each subtask into two fine-grained phases: a moving phase
and an interaction phase. Prior work [3] used inverse kinematics (IK) for precise motion trajectories,
but accurate 3D targets and practical IK are often infeasible. We instead train a dedicated moving
policy to replace TK.

Decomposed Data Collection. To assess the
feasibility of phase-level decomposition, a pre- Table 1: Comparison between MDT and MDT en-
liminary study is conducted on the CALVIN hanced with a Moving Policy (MP) across differ-
dataset [40]. From the original trajectories, a ent task horizons.

new dataset termed L-CALVIN is constructed

Tasks Completed in Sequence (%)

by segmenting each task into movement and in- Method

teraction phases. The interaction phase is han- 1 2 3 4 5
dled by a pre-trained VLA model, while a sepa- MDT [52] 933 824 719 609 511
rate moving policy is trained on on movement- MDT + MP 958 917 875 66.7 54.2

phase data. We extract 64-frame sequences la-

beled via the task detector in [40]. Language instructions are augmented with movement-specific
commands based on detected objects and locations. To ensure phase alignment, the cutting point is
set 10-15 frames prior to the object’s state change.

Performance with Decomposition Strategy. As shown in Table 1, combining MDT [52] with a
separate moving policy leads to a clear performance improvement, demonstrating the effectiveness
of our decomposition strategy. However, training two separate models is suboptimal for scalable
long-horizon learning. To address this limitation, we propose Long-VLA, a unified end-to-end VLA
model that leverages phase-specific data more effectively.

3.2 Long-VLA
3.2.1 Training Paradigm

Data and Phase Decomposition. As described in Section 3.1, each language-annotated trajectory
is decomposed into 7 = [(sM, aM)t € [0,d]. (s}, af)t € [d + 1,T]|, where M and Z denote the
moving and interaction phases, respectively, and d is the cutting point time step. To enable training
and inference within a unified end-to-end VLA framework, we extend the original action represen-
tation by adding a one-dimensional phase identifier s,,, which indicates the current phase. The final



(a) Data and Phase Decomposition (b) Input-level Adaptation via Masking (c) End to-End Training

Moving Phase ?e Interaction Phase - Moving Phase Dﬂ:;t'iml . ;;:iln
_ ' O 0@ .
N : . o !
@ '_l E [[nj!eracll([al’ha[ﬂ,;] [:] L . L D .. D
_ 1 o o ‘
i Static Cam Multimodal Transformer Encoder J
W 1 T—mas.king D .
- : 1 e
,ﬁs ; Static Cam . JQ_ Q_ Q_ Q.:
N 1 o st — i Noise 4T
) ;
! pper Cam D o Action | €
@ E () e O at
moyciolthclios : Press the blue Gripper Cam D L D;’fuﬁ:i::mn ]—4[:] g\ﬁ
side of the blue f button Decomposed an — 3 L y ) 5
button on the table |} Dataset D
Language Instruction [ @ = Sp

Figure 2: Overview of Long-VLA. (a) Task decomposition with aligned visual observations and
language annotations. (b) Phase-aware masking enables the model to selectively attend to relevant
tokens during attention computation without modifying the input structure. (c) End-to-end training
using decomposed data with phase-aware masking.

action token is represented as [z, y, 2, €Uy, €Uy, €U, S4. Sp|, Where (z, y, z) are the Cartesian coor-
dinates of the robot end-effector, (eu., €1y, eu.) denote its Euler-angle-based orientation, and Sg
indicates the gripper state (open or closed). The phase identifier s, is set to —1 during the moving
phase and 1 during the interaction phase. During inference, s, is initialized to —1.

Input-level Adaptation Strategy via Masking. We argue that during the moving phase, the model
should focus on precise object navigation using third-person camera views, as the gripper camera
view is minimally informative at this stage. In contrast, during the interaction phase, attention should
shift to the gripper camera to mitigate visual distribution shifts and enable accurate manipulation.
Based on these observations, we propose an input-level adaptation strategy that dynamically adjusts
visual inputs according to the current task phase. To dynamically adjust different visual inputs
across task phases, we adopt a masking strategy rather than directly removing entire modalities.
Specifically, each token is assigned a binary mask m € {0, 1}V, where m; = 1 indicates that the
i-th token participates in the attention computation, and m; = 0 otherwise. The binary vector m
is then expanded into an attention mask matrix M € {0, 1}V*¥ with each element defined as:
M;; = m; - m;. This ensures that attention is only computed between active token pairs. Given
the query-key similarity matrix P € RY*¥, computed as P = QK”/+/C, the masked attention
weights A are calculated as:

_ exp (PU )M?’J
S exp(Pi )My,

By applying this masking strategy, the model selectively focuses on relevant tokens during attention

for1 <i4,7 < N. (D

computation without altering the input structure, thereby preserving modality consistency while
adapting to different task phases. Details of the masking strategy are provided in Appendix ??.

Training Loss. For action generation, we employ a conditional diffusion model to generate a..
Using the decomposition dataset, the model is trained with a single score matching loss that jointly
supervises both the moving and interaction phases:

Loit = Barpy Bnon(0.020) | Do, €post» 01) — a3 (2)

where action denoiser Dy(a,, Eposts o) that progressively refines noisy actions a,, o; is noise level
using multi-modal tokens. To ensure that the visual goals are semantically consistent with language
instructions, we employ an InfoNCE loss Lgeq, as detailed in Appendix C.2. As a result, the total
training loss is formulated as:

L = Lpigr + aLgoal- (3)

where « is a hyperparameter, which we set to 0.1.



3.2.2 Model Achitecture

Long-VLA policy 7a(a’ | s*, d", g) predicts the action a’ conditioned on the current observation s,
the detection input d* associated with s*, and the latent goal g, where ¢ denotes the timestep.

Observation Encoder. The observation s’ includes the gripper camera view stg and the static camera
view sg, which are embedded into e, and e;, respectively, using a trainable ResNet-18 encoder [53].

Goal Encoder. To leverage the unlabeled play data, we follow a strategy similar to [52], where
the future observation s is used as a visual goal in the absence of language instructions, and a
language annotation is used as the goal when available. Both types of goals are encoded using the

text and image encoders of the frozen CLIP model [54], resulting in egmz and €0 oal® respectively.

Detection Integration. To support accurate object navigation and interaction in dynamic scenes, we
incorporate additional detection information. Specifically, we fine-tune Grounding DINO [55] with
LoRA [56] on a subset of the CALVIN dataset to achieve reliable, fine-grained object localization.
The model f; predicts pixel-level bounding boxes from third-person images conditioned on lan-
guage queries. These bounding boxes are projected into the latent space using a trainable positional
encoder to obtain detection features e;. We then modulate the static camera features using e; via
a FILM strategy [57], resulting in a detection-enhanced representation €,. Further implementation
details are provided in Appendix C.1.

Multimodal Encoder. The multi-modal encoder in our model is based on a GPT-2-style Trans-
former architecture. The input e, is defined as [és; €9 €goal ea], which concatenates all modality
features and encodes them into latent perceptual tokens ep,04¢.

Action Decoder. We employ a conditional diffusion model to generate actions a; by progres-

sively denoising from Gaussian noise, with the reverse process implemented using DDIM sampling:
T = “‘:1 x4 — (—h)e 13, where Zg is the denoised prediction. After decoding through the

diffusion model, the output is mapped to action vectors via a two-layer MLP with GELU activation.

4 Experiment

In this section, we address the following research questions: RQ1: How does our proposed paradigm
enhance the base policy? RQ2: How does our Long-VLA compare with state-of-the-art (SOTA)
methods? RQ3: What are the key design components of our Long-VLA?

4.1 Experiments Setup

Simulation & Real-world Experi-
ment. We select CALVIN as our sim-
ulation platform due to its focus on
long-horizon tasks, and introduce L- Univesal ubots
CALVIN, a new benchmark that ex- ~3
tends task sequences from 5 to 10
steps based on CALVIN’s data pro-
tocols (see Appendix B.1). In addi-
tion, we design two real-world tasks:
(1) sequentially placing blocks into
a bowl (sequence length 8), and (2)
a complex kitchen cleaning task (se- Figure 3: Real-world setup.

quence length 4). The first task em-

phasizes longer temporal dependencies, while the second evaluates complex action execution. This
setup enables a comprehensive assessment of long-horizon performance.
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Real-world Setup

Base Policy & Other Baselines. In simulation and real-world environments, we select MDT [52] as
our base policy. This choice is primarily motivated by MDT’s strong ability to process multimodal



Rotate blue Close drawer  Push red Push red Rotate red  Move slider  Push blue Rotate red Lift pink
block right block right block left block right right block left block left  block slider

Train_sTest Method Tasks Completed in Sequence

1 2 3 4 5 6 7 8 9 10
DD Base Policy ~ 0.86 0.64 0.53 0.47 0.37 0.31 0.28 0.21 0.13 0.11
Long-VLA 0.92 0.74 0.65 0.50 0.43 0.39 036 0.30 0.26 0.20
(%1 (16%1) Q3%1) @8%1) (16%t1) (26%1) @9% 1) @42%1) (100%1) (81% 1)
ABCDD Base Policy  1.00 0.95 0.93 0.86 0.82 0.75 0.68 0.61 0.53 045
Long-VLA 1.00 1.00 0.98 0.91 0.85 0.82 0.79 0.70 0.63 0.56
ng

0%1) (%1 G%1) (6% @%1) (10%1) (6%1) (15%1) (19%1) (25%1)

Figure 4: Simulation performance on L-CALVIN.
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Figure 5: Real-world Performance on Sorting.

inputs, as demonstrated by its performance in the CALVIN environments. In real-world settings,
this decision is further supported by MDT’s data efficiency, particularly its ability to leverage un-
labeled in-domain data to improve model performance even without text annotations. In addition,
we include several baselines to more comprehensively evaluate the effectiveness of our method:
video generation-based VLA models (GR-1 [58] and UP-VLA [59]) and VLM-based VLA models
(RoboVLMs [60], VLAS [31], and OpenVLA [1]). Since 7y [16] is not evaluated in the CALVIN
environment, we use it as a baseline in real-world experiments.

4.2 Long-VLA v.s. Base Policy

Evaluation on Simulation Scene. As shown in Figure 4, our model achieves performance im-
provements in the D—D and ABCD—:D of the L-CALVIN benchmark. We observe that as the task
duration increases, the performance improvement for tasks becomes more significant. Moreover, in
scenarios with limited data, our approach yields even greater improvements, which is particularly
meaningful for applications constrained by data availability. It should be noted that the above obser-
vations are based on the seen scenario. To further evaluate the performance in unseen scenarios, we
additionally conducted tests in real-world environments with previously unseen settings.

Evaluation on Real-World Scene (Sorting). To evaluate the model’s basic performance on long-
horizon tasks, we employ the sorting task as the testing scenario, which is relatively simple, con-
sisting of only a few cubes and a bowl, which results in minimal visual redundancy. Under such
conditions, the sorting task serves as an effective means to assess the model’s fundamental capabili-
ties in long-horizon task execution. As shown in Figure 5, while the success rate of the base policy
drops to zero after the seventh task, our approach is still able to achieve a success rate of nearly
25% across all eight tasks. Furthermore, when examining the improvement ratio for each task, we



observe that the relative performance gain of our model increases with task sequence length. This
demonstrates the robustness of our method in handling long-horizon tasks.

Evaluation on Real-World Scene
(Cleaning). To provide a more rigor-
ous evaluation, we propose a clean-
ing task featuring a wider variety
of actions—such as pressing, grab-
bing, and placing—and increased vi- —
sual complexity with more distract- Press blue button Put in the sink

ing information. This task serves as Tasks Comploted In S
. Unseen Type Method asks Lomp et n sequence

a more challenging and re'presenta— 1 5 3 1
tive benchmark for assessing long- Random  Base Policy  12/20 8/20 5120 3/20
horizon performance. As shown in Localization 18/20 14/20 13/20 11/20
Fi 6 del achi Lonifi Long-VLA 50001y (5% 1) (160% 1) (226% 1)

1gure b, our model achieves signiil- Unseen  Base Policy  9/20 6/20 5120 2/20
cant improvements over the base pol- Lighting Long-VLA 16/20 13/20 12/20 9/20

: . . ] T1% 1) (116% 1 (140% 1) (250% 1)
icy across all time horizons. No Visual Basc Policy 1120 7/20 6/20 320

tably, in the cleaning scenario, these Distraction 17/20 13/20 12/20 11/20

: Long-VLA (5% 1) (85% 1)  (100%1) (266% 1)
improvements are even more pro- i : : :
nounced than the corresponding val- Figure 6: Real-world performance on cleaning.

ues in the sorting scenario. These re-

sults demonstrate that our method is particularly effective in handling visual distractions and com-
plex environments, which we attribute to our proposed long-horizon adaptation paradigm.

4.3 Long-VLA v.s. SOTA

As presented in Table 2 and Figure 7, our model achieves the best performance in both simulated and
real-world experiments. In real-world robotic experiments, our method consistently outperforms the
state-of-the-art algorithm 7 across the generalization task.

Table 2: Comparison with SOTA methods on L-CALVIN simulation benchmark.

Tasks Completed in Sequence
1 2 3 4 5 6 7 8 9 10

GR-1 0.83 058 048 035 024 0.17 0.13 0.09 0.05 0.04 2.96
D—D RoboVLMs 0.81 0.60 044 034 028 0.15 0.10 0.08 0.05 0.03 2.88
Long-VLA 092 0.74 0.65 0.50 043 039 036 030 0.26 0.20 4.75
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Figure 7: Comparison with SOTA method on real-world scenarios. (Left: cleaning; Right: sorting)

These performance gains stem from two key factors: the robust capability of our base policy and
the substantial enhancement provided by our proposed long-term strategy. The experimental results
clearly validate that our solution effectively elevates overall performance beyond current SOTA ap-
proaches. These findings demonstrate that while foundational capabilities may suffice for single-step
tasks, long-horizon tasks demand minimal error accumulation. Our model addresses these chal-
lenges more effectively than existing approaches. More experiments can be found in Appendix D.6.

4.4 Ablation Analyses

‘We validate the key design elements of Long-VL A —decomposition strategy, input-level adaptation,
and unified model-in Table 3. For comparison and evaluation, the Base Policy uses only a unified
model, while Long-VLA incorporates all three strategies to achieve better performance.



Table 3: Ablation of key components. “Dec.”, “Inp.”, and “Uni.” represent Decomposition Strategy,
Input-level Adaptation, and Unified Model, respectively. The values in the table represent the Avg.
Len under different test scenarios.

Dec. Inp. Uni. | Real (Sorting) Real (Cleaning) Sim (D-D)

X X v 2.3 1.4 4.11

v x v 36(131) 1.7(0.3 1) 442 (0.31 1)
v v X 41(1.87) 2.0(0.6 1) 476 (0.65 T )
v v V4 55(3271) 28(1.471) 4.81 (0.70 1)

Ablation on Decomposition Strategy. As shown in Table 3, introducing the decomposition strategy
to the Base Policy leads to a significant improvement. This enhancement can be mainly attributed to
the decomposition mechanism, which effectively mitigates the negative impact of imperfect prior ex-
ecutions by enabling more precise movements. This observation is fully consistent with the findings
in RH20T-P [61], suggesting that adopting a decomposition strategy allows the model to efficiently
correct task execution based on updated scene information when deviations occur.

Ablation on Input-level Adaptation. Performance significantly improves with input-level adapta-
tion, mainly from adding detection data during movement for better control and removing unwanted
third-person visual interference during interaction for enhanced robustness. While this improves
generalization somewhat, it is important to note that the different input modalities between stages
prevent unified training, reducing available data per stage and limiting overall performance gains.

Ablation on Unified Model. Finally, introducing our masking mechanism achieves the best perfor-
mance. This is because our approach not only retains the visual generalization capability provided
by input-level adaptation but also enables joint training within the VLA model. In this manner, a
shared policy can be trained across stages, effectively combining the data-driven advantages of end-
to-end VLA models with strategies for long-horizon tasks, significantly enhancing performance.

4.5 Scalability of Long-VLA Paradigm

We demonstrate the versatility of

the Long-VLA paradigm by evalu- Table 4: The Versatility of Long-VLA in Sim(D—D).
ating it with multiple base architec-
tures. While our main experiments
use MDT [52] as the backbone, we
also report results with HULC [62].
As shown in Table 4, Long-VLA con-
sistently achieves strong performance across different models, highlighting its effectiveness and
architecture-agnostic design. This versatility not only validates the robustness of our approach but
also highlights its potential for integration with a wide range of existing VLA models, paving the
way for more capable and adaptable robotic systems in the future.

Method | Avg Len | Method Avg. Len
Base Policy (HULC) | 2.65 | Base Policy (MDT) | 4.11
Long-VLA (HULC) | 3.30 (0.651) | Long-VLA (MDT) | 481 (0.7 1)

5 Conclusion

In conclusion, Long-VLA advances the field of generalist robotics by introducing a unified, end-to-
end approach to long-horizon manipulation, effectively addressing the persistent challenge of skill
chaining through a novel phase-aware input adaptation strategy. By segmenting each subtask into
movement and interaction phases with targeted masking, Long-VLA mitigates distribution shifts and
enhances subtask compatibility, enabling robust performance across complex tasks. Our extensive
evaluations on the L-CALVIN benchmark and real-world scenarios demonstrate that Long-VLA
not only surpasses existing state-of-the-art methods but also offers a scalable, architecture-agnostic
solution that can be easily integrated into current VLA models, paving the way for more capable
and adaptable robotic systems in the future.



Limitation

While our experiments confirm the effectiveness of the decomposition method in enhancing the
performance of VLAs on long-horizon tasks, our approach has several limitations that could be
addressed in future work. Firstly, the decomposition of training datasets for different phases still
depends on manual effort, which could potentially be automated with the assistance of VLMs. Addi-
tionally, the scope of long-horizon tasks we have considered is still limited. Although our model can
reduce the initial state gap, it requires further refinement to handle failure cases in longer sequences.
Moreover, the scope of our tested sequence lengths is constrained. While our model mitigates the
initial state gap, it does not address execution failures under precise initial conditions. Furthermore,
we aim to diversify the migratory compatibility of model frameworks in future investigations. We
hope that our research will pave the way for more practical and reliable methods, providing deeper
insights into long-horizon tasks.
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