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Abstract

Vision-language-action models have gained sig-
nificant attention for their ability to model mul-
timodal sequences in embodied instruction fol-
lowing tasks. However, most existing models
rely on causal attention, which we find sub-
optimal for processing sequences composed
of interleaved segments from different modal-
ities. In this paper, we introduce Astra1, a
novel Transformer architecture featuring tra-
jectory attention and learnable action queries,
designed to efficiently process segmented mul-
timodal trajectories and predict actions for imi-
tation learning. Furthermore, we propose a con-
trastive dynamics learning objective to enhance
the model’s understanding of environment dy-
namics and multimodal alignment, comple-
menting the primary behavior cloning objective.
Through extensive experiments on three large-
scale robot manipulation benchmarks, Astra
demonstrates substantial performance improve-
ments over previous models.

1 Introduction

Vision-language-action models (VLAs) (Brohan
et al., 2023a) have recently emerged to address em-
bodied instruction following tasks (EIF) (Lu et al.,
2025). Previous multimodal models, such as vision-
language models (VLMs), have demonstrated pro-
ficiency in handling both visual and textual inputs,
successfully tackling a variety of tasks, such as
visual question answering and image captioning
(Zhang et al., 2024a). In contrast, VLAs differ
from VLMs in that they can interpret language in-
structions, visually perceive their environment, and
execute actions to fulfill specified embodied tasks.
As a result, VLAs can empower embodied agents
to interact with the physical world.

To accommodate multimodal inputs, previous
Transformer-based VLMs (Ghosh et al., 2024) ex-
plored designing special types of self-attention to

1https://github.com/yueen-ma/Astra
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Figure 1: Comparison of information flow in an ac-
tion segment. Squares represent tokens, while orange
dots represent their embeddings. Three action tokens
comprise an action “segment”. The lines illustrate infor-
mation flow from input embeddings (bottom) to output
embeddings (top) through a Transformer self-attention
layer. In trajectory attention, tokens attend not only to
preceding tokens, as in causal attention, but also to sub-
sequent tokens within the same segment, as indicated
by the green lines.

better suit the unique properties of different modal-
ities. For example, in the task of image captioning,
causal attention is not ideal for encoding images
because there is no inherent causal relationship
among image patches (Li et al., 2023a). Conse-
quently, these VLMs allow bidirectional attention
for image tokens while maintaining causal attention
for text tokens.

We have similarly observed that multimodal se-
quences in EIF tasks, which are often referred to
as trajectories, exhibit unique properties that can
be more effectively captured by a novel type of
self-attention, named trajectory attention, as illus-
trated in Figure 1 & 3. Specifically, each language
prompt, state, or action consists of multiple tokens,
which we collectively refer to as a “segment.” For
instance, embodied agents often utilize multiple
camera angles, resulting in a state that comprises
a segment of tokens, with each token correspond-
ing to a different camera. These state tokens lack
causal relationships within the same segment, as
they are conditionally independent. The same holds
for action tokens that correspond to action dimen-
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Figure 2: The architecture of Astra. A trajectory τ comprises a prompt segment p1:4, state segments s1:2,t, action
segments a1:3,t. Learnable action queries q1:3,t are inserted after state segments to extract information for action
generation. Vertical dashed lines separate these segments. Token embeddings (orange dots) can attend to embeddings
in all previous segments (thick horizontal arrows) and to all embeddings within the same segment (gray and green
lines). Notably, action queries are hidden from other tokens and can only read from preceding tokens. To facilitate
contrastive dynamics learning, Astra can also encode the entire trajectory by pooling the embeddings of the last
segment (red box).

sions. Therefore, causal attention hinders full infor-
mation flow within a segment because tokens are
restricted from attending to subsequent tokens.

To overcome this limitation, we design trajec-
tory attention with two key characteristics: inter-
segment attention is causal, and intra-segment at-
tention is bidirectional. Since a VLA model only
needs to encode the language prompt and follow
the corresponding instruction, we also apply bidi-
rectional attention to the prompt segment. Con-
sequently, our model processes EIF trajectories at
the segment level. Accordingly, we also devise
a segment-level decoding scheme that generates
a segment as a whole. Drawing inspiration from
DETR’s object query (Carion et al., 2020; Chen
et al., 2024) for object detection, we employ one
learnable action query for each action dimension.
Each action query extracts the most relevant in-
formation for its corresponding action dimension
from preceding tokens and generates the optimal
action independently of other action queries. By
combining trajectory attention and action queries,
we introduce an efficient Transformer architecture
for EIF trajectories, which we name the Action-
predicting Segment-level Transformer, or Astra
for short. Figure 2 provides an overview of Astra.

The Astra architecture also possesses the capa-
bility to encode the entire sequence, which opens
the possibility for contrastive dynamics learning
(CDL), as shown in Figure 2. Numerous prior ap-
proaches have explored incorporating dynamics

learning to bolster the main imitation learning task
(Xu et al., 2024), but these efforts typically rely
on decoding tasks: forward dynamics methods aim
to predict the next state, while inverse dynamics
methods attempt to reconstruct the action between
two consecutive states. Such approaches often add
considerable model complexity, such as requiring
a video generator.

Our CDL objective instead leverages the encod-
ing capabilities of Astra. As illustrated in Figure 4,
we create positive samples using a novel action
perturbation technique to augment action segments.
Negative samples are constructed by mismatch-
ing segments with those from other trajectories,
thereby violating the environment dynamics. By
distinguishing positive samples from negative ones,
it learns the correct dynamics, which in turn en-
hances performance on downstream EIF tasks. Due
to the encoding nature of CDL, its implementation
simply requires a classification head consisting of
a pooling layer followed by a linear layer—a sig-
nificantly lighter overhead compared to previous
decoding-based dynamics learning methods. From
another perspective, CDL also serves as a represen-
tation learning approach for multimodal alignment
(Xiao et al., 2025), as it requires effectively encod-
ing the multimodal trajectories.

The main contributions of this paper are:

• We introduce Astra, an efficient Transformer
architecture featuring trajectory attention and
action queries, designed to efficiently process
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multimodal trajectories on the segment level;

• We propose a contrastive dynamics learning
objective that enhances Astra’s understanding
of environment dynamics and its multimodal
encoding capabilities, thereby complementing
imitation learning;

• Extensive experiments across three large-scale
robot manipulation benchmarks demonstrate
that Astra significantly outperforms state-of-
the-art methods, showcasing the effectiveness
of our approach.

2 Related Work

Vision-Language-Action Models. VLAs (Ma
et al., 2024b) are a new class of multimodal models
designed to generate actions based on specified lan-
guage prompts and perceived environments, first
proposed by RT-2 (Brohan et al., 2023a). These
models adapt pretrained large VLMs to predict ac-
tions for EIF tasks and are often referred to as
“large VLAs.” Representative works include RT-2
(O’Neill et al., 2024), OpenVLA (Kim et al., 2024),
and π0 (Black et al., 2024).

Another line of work does not utilize pretrained
VLMs and instead builds VLAs from scratch,
which are termed “generalized VLAs.” These mod-
els predominantly draw upon the pioneering foun-
dations laid by DT (Chen et al., 2021) and TT
(Janner et al., 2021), where reinforcement learning
is framed as sequence modeling problems. Gato
(Reed et al., 2022) explored the use of a single
Transformer model (Vaswani et al., 2017) for tasks
spanning various domains. RT-1 (Brohan et al.,
2023b) was the first robotics Transformer. VIMA
(Jiang et al., 2022) studied multimodal prompts.
Astra can also be categorized as a generalized VLA.
However, distinct from these prior VLA models,
which rely on causal or cross attention mechanisms,
we propose a more efficient Transformer architec-
ture for multimodal EIF tasks.

Multimodal Transformers & Learnable Queries.
Several VLMs (Ghosh et al., 2024), such as UniLM
(Dong et al., 2019), M6 (Lin et al., 2021), and
PaliGemma (Beyer et al., 2024) have endeavored
to optimize Transformer’s self-attention for vision-
language inputs by proposing various attention
types, such as block attention. To the best of our
knowledge, our architecture is the first VLA de-
signed to accommodate multimodal EIF trajecto-
ries with a unique self-attention mechanism.

First introduced in DETR (Chen et al., 2024;
Carion et al., 2020), learnable object queries have
shown promising results in extracting information
for object detection. BLIP-2 (Li et al., 2023a) used
a similar strategy to extract visual embeddings for
vision-language tasks. In our approach, we employ
learnable action queries at the action-dimension
level to extract information most relevant to indi-
vidual action dimensions.

Dynamics Learning & Multimodal Contrastive
Learning. Many recent dynamics learning ap-
proaches (Li et al., 2024; Sun et al., 2023; Liu
et al., 2022) can be classified into two categories:
forward dynamics learning and inverse dynamics
learning. Most of these methods rely on extra gen-
erative modules, such as video generators (Cheang
et al., 2024; Du et al., 2023). Our CDL leverages
contrastive learning and involves only an encoding
process using a lightweight linear head.

A series of VLMs have demonstrated the signif-
icance of contrastive learning in enhancing multi-
modal interaction (Zhang et al., 2024a). However,
contrastive learning methods for EIF trajectories,
such as R3M (Nair et al., 2022) and VIP (Ma et al.,
2023a), primarily focus on improving visual rep-
resentations. In contrast, our CDL task compels
the model to align all three modalities, thereby en-
abling more effective encoding of EIF trajectories.

3 Method

3.1 Preliminaries
Multimodal sequences in embodied instruction
following tasks are often referred to as tra-
jectories (Lu et al., 2025). These trajectories
consist of a language instruction (p), states (s),
and actions (a). An trajectory is denoted as
τ = (p, st=1, at=1, . . . , st=T , at=T ), where t
represents the timestep. Each element in the
trajectory—p, st, or at—comprises a segment
of tokens. For instance, a state st is a segment
s1:M,t = (s1,t, s2,t, . . . , sM,t), where each element
is a token representing an image from a particular
camera angle. Action tokens in at represent either
SE(2) actions or 6D pose actions. Tokens in
p are standard language tokens. Therefore, a
trajectory at the token level can be written as τ =
(p1:L, s1:M,t=1, a1:N,t=1, . . . , s1:M,t=T , a1:N,t=T ).
L, M , and N are the length of their corresponding
segments. The goal is to obtain a policy that
can generate an optimal action based on the past
trajectory, expressed as π(at|p, s≤t, a<t).
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