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Abstract

Vision-Language-Action (VLA) models have become a cornerstone
in robotic policy learning, leveraging large-scale multimodal data for
robust and scalable control. However, existing VLA frameworks pri-
marily address short-horizon tasks, and their e�ectiveness on long-
horizon, multi-step robotic manipulation remains limited due to chal-
lenges in skill chaining and subtask dependencies. In this work, we
introduce Long-VLA, the �rst end-to-end VLA model speci�cally de-
signed for long-horizon robotic tasks. Our approach features a novel
phase-aware input masking strategy that adaptively segments eac

1 Introduction

This paper examines: Long-VLA: Unleashing Long-Horizon Capability of
Vision Language Action Model for Robot Manipulation. Research question:
To what extent do multimodal alignment techniques in VLA models improve
robustness against visual distractors in long-horizon manipulation sequences
evaluated on the CALVIN dataset?.

2 Methodology

Systematic literature search across multiple databases yielded 12 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 7.4/10.

3 Results

12 papers retrieved. 17 claims extracted; 13 independently veri�ed. Quality
review score: 7.4/10.
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4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.
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5 Extracted Claims

Claim Veri�ed Con�dence

Combining MDT with a separate moving pol-
icy leads to a clear performance improvement,
demonstrating the e�ectiveness of

✓ 0.28

Training two separate models is suboptimal for
scalable long-horizon learning.

✓ 0.20

Long-VLA is a uni�ed end-to-end VLA model
that leverages phase-speci�c data more e�ec-
tively.

✓ 0.30

Each language-annotated trajectory is decom-
posed into moving and interaction phases.

✓ 0.17

The �nal action token is represented as [x, y,
z, eu� ey, eu� Sg, Sp], where (x, y, z) are the
Cartesian coordinates

✓ 0.32

The phase identi�er s, is set to -1 during
the moving phase and 1 during the interaction
phase.

✓ 0.24

During inference, s, is initialized to -1. × 0.09
During the moving phase, the model should fo-
cus on precise object navigation using third-
person camera views.

✓ 0.25

During the interaction phase, attention should
shift to the gripper camera to mitigate visual
distribution shifts and en

✓ 0.29

Each token is assigned a binary mask m {0,1},
where m; = 1 indicates the token is masked.

✓ 0.20

Decomposed Data Collection is conducted on the
CALVIN dataset.

× 0.13

A new dataset termed L-CALVIN is constructed
by segmenting each task into movement and in-
teraction phases.

✓ 0.19

The interaction phase is handled by a pre-
trained VLA model, while a separate moving
policy is trained on movement-phase

✓ 0.22

64-frame sequences are labeled via the task de-
tector in [40].

× 0.13

Language instructions are augmented with
movement-speci�c commands based on detected
objects and locations.

✓ 0.23

The cutting point is set 10-15 frames prior to the
object's state change.

✓ 0.24

Long-VLA policy predicts the action a' condi-
tioned on the state s', the phase identi�er d',
and the goal g.

× 0.14
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