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Abstract— Vision—language—action (VLA) models
aim to understand natural-language instructions and
visual observations, and to generate and execute cor-
responding actions as embodied agents. Recently, au-
toregressive token-based action generation has driven
the development of many representative VLA models.
However, this paradigm often reduces action genera-
tion to next-token prediction, thereby lacking explicit
modeling of the spatiotemporal structure of action
sequences and the disentanglement between vision-
language representations and actions, which can limit
performance in long-horizon and complex scenarios.
In this paper, we propose TS-Mask VLA, a vision—
language—action framework for robot manipulation.
TS-Mask VLA is built upon two key designs: (1) We
propose a Discrete Diffusion Action Expert equipped
with a Bridge Attention conditioning bridge, which
enables multi-layer conditioning from the VLM and
facilitates more accurate and stable action generation;
and(2) We propose a temporal-spatial 2D masking
strategy for discrete action tokens that strengthens
the model’s understanding of cross-time dependencies
and inter-dimensional coupling, leading to more struc-
turally consistent action sequences; and We conduct
extensive experiments on simulation benchmarks and
real-world tasks. On LIBERO, TS-Mask VLA achieves
a 95.7% average success rate with only 0.5B param-
eters, outperforming significantly larger models. On
CALVIN, it attains the best average sequence length
of 4.19 and strong long-horizon performance. Com-
prehensive analyses and ablations further validate the
effectiveness of our design.

I[. INTRODUCTION

In the past two years, rapid advances in multimodal
large language models have made embodied robotic sys-
tems with general perception, understanding, and be-
havior a central research focus. Vision—Language—Action
(VLA) models align visual perception, language under-
standing, and action generation within a unified frame-
work, enabling instruction-driven robot manipulation.
Most existing VLA build upon a pre-trained vision—
language backbone with an action-generation head that
maps observations and instructions to action sequences,
following two dominant paradigms: (i) autoregressive
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transformers that sequentially predict action tokens [1]-
[3], and (ii) diffusion-based approaches that generate
continuous trajectories via iterative denoising [4], [5].
Despite this progress, VLA still face challenges in long-
horizon tasks and complex environments, particularly in
balancing structural unification and efficiency.

Current VLA methods predominantly follow two
paradigms, both exhibiting inherent limitations. The first
unifies vision, language, and actions into a single token
sequence and autoregressively generates actions [3], lack-
ing explicit structural decoupling between representation
learning and control policy modeling. The second adopts
continuous diffusion to iteratively generate trajectories
[6], which can lead to instability over long horizons and
makes it difficult to explicitly model temporal-spatial
correlations in robotic actions. Motivated by these ob-
servations, we argue that two aspects are crucial: (i)
bridging vision-language representations into a dedicated
action expert to establish clearer conditional decoupling;
and (ii) discretizing actions to explicitly model their
structured dependencies, enabling more robust general-
ization in complex environments.

To solve these problems, we propose TS-Mask VLA, a
discrete VLA framework that integrates a 2D temporal—
spatial masking strategy with effective vision-language
conditioning to explicitly model the structured depen-
dencies of action sequences and generate robust actions.
Specifically, we first extract visual features from both the
third-view camera and the wrist camera, and feed them,
together with the language instruction, into a lightweight
VLM backbone. Inspired by VLA-Adapter [7], we lever-
age intermediate features from all VLM layers and inject
them into a dedicated discrete diffusion action expert
in a layer-aligned manner. Within this expert, we adopt
a Bridge Attention mechanism to effectively transfer
vision—language conditional information into the action
space, thereby directly guiding action generation.

Next, inspired by discrete diffusion models [1], we
discretize continuous actions into tokens and organize
them into a two-dimensional discrete action structure
defined over time steps and action dimensions. Based on
this representation, we introduce a Temporal-Spatial 2D
Mask strategy. Unlike conventional 1D random masking
[8] that disrupts sequences without structural aware-
ness, our method applies structured perturbations along
both the temporal axis and the action-dimension axis.
This explicitly strengthens the modeling of cross-time
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dependencies and inter-dimensional coupling, while en-
couraging the model to focus on action-relevant regions
and key time steps. Compared with continuous diffusion
formulations that treat trajectories as holistic real-valued
signals, such structured discrete modeling provides a
clearer inductive bias over the intrinsic time and action-
dimension structure, thereby enhancing the modeling of
spatiotemporal correlations in action sequences.

During training, we adopt masked denoising learning
by randomly masking a subset of positions on the 2D
action grid and training the model to recover the masked
action tokens under vision—language conditioning and
proprioceptive states, thereby learning to robustly com-
plete actions from incomplete contexts; During inference,
we start from a fully masked 2D action grid and perform
multiple rounds of parallel refinement: at each iteration,
the model predicts candidate action tokens and applies
a ReMask procedure that keeps high-confidence predic-
tions while re-masking low-confidence ones, progressively
refining the action sequence in a coarse-to-fine manner as
the masking ratio decreases.

We systematically evaluate TS-Mask VLA on two
standard benchmarks, LIBERO [9] and CALVIN [10],
and achieve strong performance on both. Despite using
only a 0.5B model, our approach consistently outper-
forms several significantly larger VLA baselines, includ-
ing OpenVLA [3] and 7 [11], demonstrating a favorable
performance. Real-world evaluations further validate its
practical applicability and generalization in physical
robotic settings. Overall, our contributions are threefold:

o« We propose a Discrete Diffusion Action Expert
equipped with a Bridge Attention module, which
injects hierarchically aligned multi-layer condition-
ing from the VLM to enable more effective action
generation.

o We propose a temporal-spatial 2D masking strategy
for discrete action tokens, allowing the model to
better understand key temporal dependencies and
inter-dimensional coupling within action sequences,
and thus produce more structurally consistent ac-
tions.

o Experiments show that T'S-Mask VLA achieves high
success rates across diverse simulation benchmarks
and real-world robotic tasks with a smaller model
scale, demonstrating strong generalization and prac-
tical deployability.

II. RELATED WORK

Vision-Language-Action Models Recent advances
in large-scale Vision—Language Models (VLMs) have in-
troduced a new paradigm for robotic control. By extend-
ing visual and linguistic representations to action predic-
tion, researchers have developed the Vision-Language—
Action (VLA) framework. Representative works such as
RT-1 [12] and RT-2 [13] discretize continuous control
signals into tokens, enabling compatibility with text-
based VLM architectures, and OpenVLA [3], as the first

open-source VLA model, further accelerates progress in
this direction. Building upon this foundation, subse-
quent studies improve action modeling from multiple per-
spectives; for example, 7y [11] leverages flow-matching
with large-scale multi-task datasets to achieve strong
control performance. In addition, VLA-Adapter [7] em-
ploys parameter-efficient fine-tuning to adapt pretrained
VLMs to robotic control tasks while reducing training
cost. Despite these advances, most existing VLA frame-
works are built upon autoregressive VLMs, where action
generation relies on sequential prediction [3], [12], [13]. In
contrast, discrete-diffusion-style vision—language—action
modeling has received relatively less attention in the
VLA literature. We therefore investigate how to build a
discrete diffusion-based framework on top of pretrained
diffusion-style vision-language models to achieve more
stable and structurally coherent action generation.
Discrete Diffusion Models. Discrete diffusion ex-
tends diffusion-based generation to categorical token
spaces by formulating the forward process as a Markov
chain that progressively corrupts discrete tokens [14],
[15]. Unlike continuous diffusion in Euclidean space,
discrete diffusion operates directly over categorical dis-
tributions, making it well-suited to text and tokenized
image modeling [16], [17]. Masked discrete diffusion
models have shown competitive performance against
autoregressive approaches in both image and language
generation, while enabling parallel denoising and con-
trollable inference [18]. Recent works further scale this
paradigm to large language and multimodal models [17],
[19]. However, its application to robotic action modeling
remains relatively limited. Compared to text and images,
action sequences exhibit structured temporal dependen-
cies and control constraints, posing unique challenges
for diffusion-based modeling. In this work, we extend
discrete diffusion to tokenized action chunks within a
discrete diffusion action expert, enabling structured and
parallel denoising for more stable action generation and
advancing unified modeling across vision, language, and
action.

III. METHOD
A. Overview

We propose TS-Mask VLA, whose overall architec-
ture is illustrated in Fig. 1. The framework consists
of three core components: (1) a VLM backbone that
encodes visual observations and text instructions to pro-
duce fused multimodal representations; (2) a Discrete
Diffusion Action Expert that generates discrete action
tokens under multimodal conditioning and progressively
refines them via iterative denoising; and (3) a temporal—
spatial masking module that applies 2D masking over
discretized action tokens to explicitly capture temporal
dependencies and inter-dimensional coupling. Sec. I1I-B
explains how multimodal information is injected from the
VLM backbone, Sec. III-C presents the Discrete Diffu-
sion Action Expert, Sec. III-D introduces the temporal—



spatial action masking strategy, and Sec. III-E details the
training and inference procedures.

B. Multimodal VLM encoding

For visual encoding, we employ the DINOv2 [20] and
SigLIP [21] to extract features from the third-view image
I? and the gripper image IJ, and project them into the
language embedding space via a fused MLP projector.
The instruction L£; is tokenized by the backbone tok-
enizer. We adopt Qwen2.5-0.5B [22] as the backbone
of our VLM, achieving an efficient yet expressive mul-
timodal representation. At timestep ¢, the VLM takes
multimodal inputs:

(Iéuv quv L:ta AQt), (1)

where AQ); is a learnable Action Query token appended
to the input sequence to provide action-centric guidance.
Instead of only using the final-layer output, we extract
hidden states from all L Transformer layers:

H= {H(l)}lelﬂ (2)

where L denotes the number of layers and H®) ¢ RVxd
is the token-wise hidden state matrix of the [-th layer,
with N tokens and hidden dimension d. These layer-
wise features provide complementary cues ranging from
fine-grained spatial details to high-level semantics. We
inject H into the Discrete Diffusion Action Expert via
layer-aligned conditioning, enabling the diffusion policy
to jointly leverage low-level perceptual signals and high-
level instruction grounding during discrete action token
generation. The corresponding Action Query(AQ) fea-
tures are also used as conditioning signals, offering more
action-centric multimodal guidance.

C. Discrete Diffusion Action Expert

We propose a discrete diffusion action expert mod-
ule, which generates discrete action tokens conditioned
on the multi-layer hidden states of VLM backbone.
Given the layer-wise hidden layer vectors of the VLM
backbone, where each layer contains visual features and
AQ features, we construct an L-layer discrete diffusion
action expert aligned with the corresponding layers of the
backbone network, thereby enabling layer-wise feature
injection.

1) Bridge Attention Block: Inspired by VLA-Adapter,
we adopt Bridge Attention block, which fuses three infor-
mation sources within one attention computation: (i) Self
tokens: derived from the current action representations
to model intra-action temporal dependencies; (ii) AQ
tokens: Action Query features extracted from the VLM
hidden states, serving as action-oriented conditioning sig-
nals to guide the refinement of the action representations;
and (iii) Task tokens: visual-language features from the
VLM hidden states, providing external task constraints
for policy representation.

Concretely, we form a shared query @ from the current
action features, while deriving source-specific keys and

values (Kseit, Vaett), (Kaq:Vaq), and (Kiask, Viask) for
each stream via independent MLP projections. The at-
tention logits from the three sources are concatenated
along the key dimension and jointly normalized:

o ot [ @K QK g, tanh(g) QK]
en ’

(3)
where a denotes the normalized attention weights over
the concatenated key tokens from all streams, and g is a
learnable gating scalar that modulates the task branch,
mitigating excessive task conditioning during early train-
ing. The bridge attention output is then computed as

Ziridge = 0 [Vielt, VaQ, Viask] (4)

where Zprigge denotes the output of the bridge attention
block, obtained by aggregating values from the self,
AQ, and task streams under the cross-stream attention
weights a. To preserve positional structures within each
sequence, Rotary Position Embedding (RoPE) is applied
independently to each key branch. Finally, the attention
output is linearly projected and added back via a resid-
ual connection, followed by a feed-forward network to
produce the updated representation at layer .

2) Uniform Quantized Action Tokenization: To dis-
cretize continuous actions, we adopt a uniform quantized
action-token representation. Each normalized scalar:

&i € [_171}7 (5)

which is independently quantized into one of V = 256
uniform bins. Specifically, we evenly partition the interval
[—1,1] and define 257 bin edges:

ej =—-1 ey 256. (6)
We use left-closed and right-open bins [e;, e;41) (with
the last bin including the right endpoint), and map a;
to a discrete index ¢; € {0,...,255}, yielding a discrete
sequence:

qc{0,...,255}M, (7)

where M = T'x D (T is the number of time frames and D
is the action dimension). The sequence can be reshaped
into a T x D 2D temporal-spatial structure to support
subsequent masking-based modeling. During decoding,
we map token ¢ back to the corresponding bin center to
recover continuous actions. We do not adopt the widely
used VQ-VAE-based discretization, as VQ-VAE typically
introduces strong compression over action sequences,
which can overly compress temporal dependencies and
inter-dimensional coupling, leading to the loss of fine-
grained spatio-temporal information critical for action
generation.
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Fig. 1. Overview of TS-Mask VLA. The input observation image and task description are encoded by a visual backbone and a

text tokenizer, and together with Action Query fed into an N-layer VLM to produce hidden states, where we adopt Qwen2.5-0.5B as
the backbone. The VLM hidden states are provided as key/value to a Discrete Diffusion Action Expert composed of N stacked blocks of
Bridge Attention and FFN. On the action side, initial action is discretized by an action tokenizer and organized with a temporal-spatial
2D mask over time frames and action dimensions, where [MASK] tokens indicate masked positions and predicted tokens are progressively
denoised. The action expert fuses VLM context with the action-token sequence via bridge attention and outputs the final predicted action
tokens. Color coding denotes action tokens, [MASK] tokens, and predicted tokens.

action Temporal Masking Spatial Masking
token
T (time frames) T (time frames)
. [MASK]
token
<—Mask
D
(action dim) >
<—Mask
Mask the entire frame
Fig. 2. Temporal-Spatial 2D Token Masking. Given a 2D

action-token map of size T' x D, we adopt a two-stage masking
strategy. We first perform Temporal masking (left), where several
time frames are randomly selected and all action tokens within
the selected frames are masked. Then, Spatial masking (right) is
applied to the remaining unmasked frames, where a subset of action
tokens within each frame is randomly masked.

D. Temporal-spatial 2D Token Masking

After action quantization, we need to formulate a
masking strategy. Since robotic actions possess a two-
dimensional structure, applying a 1D masking strategy
uniformly to all tokens is suboptimal, as it weakens the
model’s ability to capture temporal dependencies. To
address this issue, we developed a temporal-spatial two-
dimensional masking strategy, as illustrated in Fig. 2. We
reshape the discretized action token sequence into:

Ac{o,...,V-1}1*P (8)

where A denotes the discretized 2D action token map.
For each sample, we draw:

t ~ Uniform(0, 1), (9)

and compute the masking ratio via a cosine schedule:

(3)
r=cos|—
2 b

We apply a two-stage masking strategy. In the tempo-
ral masking stage, we randomly select round(rT’) time
frames and mask all D action dimensions within each
selected frame. All tokens within the selected time steps
are simultaneously marked as masked, encouraging the
model to capture inter-temporal dependencies. In the
spatial masking stage, for each frame not fully covered
by temporal masking, we randomly select round(r x D)
tokens for masking, introducing finer-grained structural
perturbations and enhancing intra-action modeling. The
loss is computed over the union of masked positions from
both stages. After temporal-spatial masking, we obtain a
masked 2D token map for subsequent prediction training.

(10)

E. Training and Inference

Training The primary training objective is to pre-
dict the masked tokens under conditional denoising. For
the masked position set M, we employ a cross-entropy
loss defined as:

Lmask = Z - 10gp9 (ai | z‘i\./\/(’ H)?
ieM

(11)
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Fig. 3. Inference procedure of TS-Mask VLA. Given an input image, task description, and Action Query, the VLM encodes
multimodal context and conditions the Discrete Diffusion Action Expert. Starting from a fully masked action-token sequence at to,
the model predicts token distributions and produces partially denoised tokens at t1. A ReMask strategy is then applied to re-mask low-
confidence tokens while preserving high-confidence predictions. This procedure is repeated for I — 1 additional steps, progressively refining
the action-token sequence from tg to t;. Finally, the fully denoised discrete tokens are decoded by the action detokenizer to obtain the
final continuous action. Colors indicate action tokens and [MASK] tokens.

TABLE I
PERFORMANCE COMPARISON ON LIBERO. THE PERFORMANCE METRIC IS SUCCESS RATE (%). SPATIAL, OBJECT, GOAL, AND LONG ARE
LABELS FOR DIFFERENT TASK CATEGORIES. Bold INDICATES THE BEST PERFORMANCE, UNDERLINED NUMBERS INDICATES THE SECOND-BEST
PERFORMANCE, T DENOTES NON-VLM-BASED METHODS, AND * INDICATES THAT THIS EXPERIMENT WAS REPRODUCED UNDER THE SAME
SETTING AS OUR PROPOSED MODEL, “PARAMS” DENOTES THE BACKBONE SCALE, MEASURED IN BILLIONS (B).

Model Params Spatial Object Goal Long Avg.
FlowVLA 8.5 93.2 95.0 91.6 72.6 88.1
Larae OpenVLA 7 84.7 88.4 79.2 53.7 76.5
g CoT-VLA 7 87.5 91.6 87.6 69.0 81.1
ThinkAct 7 88.3 91.4 87.1 70.9 84.4
o 3 96.8 98.8 95.8 85.2 94.2
Srall mo-FAST 3 96.4 96.8 88.6 60.2 85.5
SmolVLA 2.2 93.0 94.0 91.0 77.0 88.8
GROOT N1 2 94.4 97.6 93.0 90.6 93.9
Seer! (Scratch) 0.57 - - - 78.7 78.7
VLA-OS 0.5 87.0 96.5 92.7 66.0 85.6
Tiny Diffusion Policy’ - 78.3 92.5 68.3 50.5 72.4
VLA-Adapter-Pro* 0.5 95.0 99.0 94.0 80.8 92.2
TS-Mask VLA 0.5 95.4 99.4 96.2 91.6 95.7
where a\ r¢ denotes the corrupted input sequence. The
model predicts the ground-truth token a; at masked L= £mask+)‘£um0“’ (12)
positions conditioned on the multi-layer features H. The L+ A

loss is computed only over masked positions, enabling
masked denoising modeling.

To mitigate the discrepancy between training and
inference, we further introduce a step unroll loss Lynrol-
After the first forward pass, high-confidence predictions
are filled back into the sequence, and a second prediction
is performed on the remaining masked positions. Lynron
defined as the cross-entropy loss at the remaining mask
positions during the second forward pass, its calculation
method is identical to Lasx €xcept that the conditional
input becomes the backfilled sequence. The final training
objective is a weighted combination:

where A controls the contribution of the unroll loss.
Inference As illustrated in Fig. 3, inference starts
from a fully masked action-token sequence ty, where
all positions are initialized as [MASK]. The model then
performs iterative refinement for I iterations. At iter-
ation i, it predicts token probabilities at the currently
masked positions and forms a categorical distribution
over the V token candidates, from which token values
are sampled. We compute a confidence score for each
predicted token and, before the next iteration, re-mask
the lowest-confidence m; = [v(%) - ||| tokens, where
|€2;| denotes the number of tokens filled at iteration ¢ and
~(+) is a cosine scheduler that controls the re-masking



TABLE II
PERFORMANCE COMPARISON ON CALVIN ABC—D. THE PERFORMANCE METRIC IS SUCCESS RATE (%). Bold INDICATES THE BEST

PERFORMANCE, UNDERLINED NUMBERS INDICATES THE SECOND-BEST PERFORMANCE, T DENOTES NON-VLM-BASED METHODS, “PARAMS”

DENOTES THE BACKBONE SCALE, MEASURED IN BILLIONS (B).

Model Params Task completed in a row 1 Avg. len 1
1 2 3 4 5

UniVLA 7 95.5 85.8 75.4 66.9 56.5 3.80

OpenVLA 7 91.3 77.8 62.0 52.1 43.5 3.27

I OpenVLA-OFT 7 96.3 89.1 82.4 75.8 66.5 4.10
arge RoboDual 7 94.4 82.7 72.1 62.4 54.4 3.66
OpenHelix 7 97.1 91.4 82.8 72.6 64.1 4.08

ReconVLA 7 95.6 ]7.6 76.9 69.3 64.1 3.95

DeeR 3 86.2 70.1 51.8 415 30.4 2.82

Small RoboFlamingo 3 82.4 61.9 46.6 33.1 23.5 2.48
SuSIE 1.3 87.0 69.0 49.0 38.0 26.0 2.69

MoDE' 0.44 96.2 88.9 81.1 71.8 63.5 4.01

Tiny Seer’ 0.32 94.4 87.2 79.9 72.2 64.3 3.98
TS-Mask VLA 0.5 97.4 92.5 85.2 77.0 66.9 4.19

ratio. As ¢ increases, 7(%) decreases, progressively fixing
high-confidence predictions and enabling a coarse-to-fine
refinement process. This procedure repeats until ¢ =
I, yielding a fully determined discrete token sequence,
which is finally decoded by the action detokenizer into a
continuous action sequence.

IV. EXPERIMENTS
A. FExperiment Setup

We evaluate our method on two widely-used simulated
manipulation benchmarks: LIBERO [9] and CALVIN
[10]. All evaluation environments as shown in Fig. 4.
For LIBERO, we conduct experiments on four represen-
tative task suites, including LIBERO-Object, LIBERO-
Goal, LIBERO-Spatial, and LIBERO-Long, which cover
object-centric understanding, goal-conditioned general-
ization, spatial reasoning, and long-horizon manipula-
tion. For CALVIN, we adopt the standard ABC-D eval-
uation protocol to assess the agent’s ability to exe-
cute multi-step language-conditioned task sequences in
a long-horizon setting. We train TS-Mask VLA on a
single NVIDIA RTX 4090 GPU. Following common prac-
tice, we fine-tune the VLM backbone with LoRA for
parameter-efficient adaptation. Unless otherwise speci-
fied, we set the action chunk length to 8.

B. Baselines

We select recently released and high-performing VLA
methods as our baselines, classify them into three cate-
gories based on scale, including: Large-scale models:
FlowVLA [23], OpenVLA [3], CoT-VLA [24], ThinkAct
[25], UniVLA [26], OpenVLA-OFT [27], RoboDual [2§],
OpenHelix [29] and ReconVLA [30]. Small-scale mod-
els: mg [11], mo-FAST [31], SmolVLA [5], GROOT N1 [32],
DeeR [33], RoboFlamingo [34] and SuSIE [35]. Tiny-
scale models: Seer' [36], VLA-OS [37], Diffusion Policy’
[4], VLA-Adapter [7] and MoDE [38].

C. Results and Analysis.

LIBERO results. As shown in Table I, our method
achieves an average success rate of 95.7% on the
LIBERO benchmark, demonstrating stable and consis-
tent performance across all task suites. Although we
employ a lightweight 0.5B backbone, our model surpasses
FlowVLA—whose parameter scale is 19x larger—by
7.6% in average success rate. In addition, our approach
outperforms the strong baseline my by 1.5%. The ad-
vantages of our method are particularly pronounced
in long-horizon tasks, where it exceeds the classical
model GROOT N1 by 1%. These improvements can be
attributed to the effective modeling of spatiotemporal
relationships among actions.

CALVIN results. As shown in Table II, our method
achieves the best overall performance on the CALVIN
benchmark. With only a 0.5B backbone, TS-Mask
VLA attains the highest average sequence length of
4.19, outperforming all 7B-scale models. Compared with
OpenVLA-OFT, our method achieves a higher 5-task
completion rate (66.9% vs. 66.5%) and a better average
length (4.19 vs. 4.10) while using 14x fewer parameters.
More notably, compared with OpenVLA, we significantly
improve long-horizon performance, increasing the 4-task
completion rate from 52.1% to 77.0% and the 5-task
completion rate from 43.5% to 66.9%. These results
demonstrate the strong parameter efficiency of our ap-
proach and its effectiveness in modeling long-horizon
temporal dependencies.

D. Ablation Study

Effectiveness of Temporal-Spatial Masking
Strategy. To evaluate the impact of mask structures on
discrete action generation, we conducted ablation exper-
iments comparing one-dimensional (1D) masks with two-
dimensional (2D) temporal-spatial masking strategies.



Fig. 4.
hensive evaluations of T'S-Mask VLA in both simulation and real-
world settings. In simulation, evaluations are performed on the
LIBERO benchmark and CALVIN benchmark. In the real-world
experiment, we set up three experimental setups. figure shows our
physical experiment.

All Evaluation environments, We conduct compre-

TABLE III
ABLATION ON MASKING STRATEGY (SUCCESs RATE %),Bold
INDICATES THE BEST PERFORMANCE.

Mask Strategy  Spatial  Object Goal Long
1D 94.6 98.4 95.2 85.0
2D 95.4 99.4 96.2 91.6

As shown in Table ITI, the 2D masking approach con-
sistently outperformed the 1D masking baseline across
all LIBERO suites. It yields approximately 1% gains on
the Spatial, Object, and Goal datasets, while achiev-
ing a significant 6.6% improvement in success rate on
the Long dataset, which relies more heavily on tempo-
ral reasoning. These results demonstrate that explicitly
modeling temporal-spatial structures provides stronger
temporal-spatial coupling for discrete action generation,
with particularly pronounced effects in long-sequence
task scenarios.

Effectiveness of Step Unroll Strength. To inves-
tigate the effect of the step unroll loss, we conduct an
ablation study with different unroll strengths A, includ-
ing no unroll, A = 0.5, and A = 1.0.

TABLE IV
ABLATION ON STEP UNROLL STRENGTH (LIBERO-SPATIAL
Success RATE %), Bold INDICATES THE BEST PERFORMANCE.

No Unroll
LIBERO-Spatial 90.8

A=05 A=1.0

95.4 91.5

As reported in Table IV, introducing a moderate unroll
strength (A = 0.5) significantly improves performance,
increasing the LIBERO-Spatial success rate from 90.8%
to 95.4%, a gain of 4.6%. In contrast, an overly strong
unroll constraint (A = 1.0) reduces the success rate
to 91.5%, suggesting that excessive regularization may
hinder the learning of the primary masking objective.

These results indicate that while step unroll effectively
mitigates train-test discrepancy, its contribution must be
carefully balanced with the main masking loss to avoid
over-regularization.

E. Real-World Ezperiment

Setup and Tasks. Our real-world experimental setup
consists of a 6-DoF URbe robotic arm equipped with a
ROBOTIQ-85 gripper. We deploy two Intel RealSense
D435i depth cameras to provide RGB observations of
the manipulated objects: one is mounted statically at the
front of the workspace to capture the entire operational
space, while the other is wrist-mounted to offer close-
range observations of the manipulated objects. We collect
three categories of tasks, namely placing an apple on the
table, pulling out a tissue, and flipping a pan. For each
task category, we place the objects at different positions
to increase the task difficulty.

Results and Analysis. We evaluate each method
with 20 trials per task. As shown in Fig. 5, our approach
consistently outperforms the two baselines, OpenVLA-
OFT and my, across all tasks. Our method demonstrates
stronger spatial understanding and generalization in di-
verse real-world scenarios, which we attribute to the
proposed discrete diffusion action expert. Specifically, it
effectively receives hierarchical feature injections from
multiple intermediate layers of the VLM, enabling the
model to leverage both low-level geometric and bound-
ary cues as well as high-level semantic information and
task intent. This hierarchical conditioning facilitates
the learning of more robust cross-scene representations.
In addition, the introduced temporal-spatial masking
mechanism further strengthens the encoding of action-
relevant regions and key time steps within the action se-
quence. As a result, even under target position shifts and
complex background variations, our model can generate
consistent and accurate action sequences.

V. CONCLUSION

We propose TS-Mask VLA, a 2D Temporal-Spatial
Masking approach for Vision-Language-Action model
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with effective Bridging. Our approach effectively in-
jects multimodal knowledge into an discrete diffusion
action expert and employs a spatio-temporal 2D masking
strategy to strengthen temporal dependencies and cross-
dimensional coupling in action sequences. The resulting
discrete diffusion action expert enables accurate and con-
sistent action generation. Despite using a tiny backbone,
our method demonstrates strong effectiveness on both
simulation benchmarks and real-world robotic tasks.

Limitations and Future Work We have only dis-
cussed the experimental results of TS-Mask VLA under
resource-constrained scenarios; in future work, we will
investigate its performance under abundant training re-
sources.
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