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Abstract

Vision—Language—Action (VLA) models built on pretrained
Vision—Language Models (VLMs) show strong potential but
are limited in practicality due to their large parameter
counts. To mitigate this issue, using a lightweight VLM
has been explored, but it compromises spatiotemporal rea-
soning. Although some methods suggest that incorporat-
ing additional 3D inputs can help, they usually rely on
large VLMs to fuse 3D and 2D inputs and still lack tem-
poral understanding. Therefore, we propose SwiftVLA, an
architecture that enhances a compact model with 4D un-
derstanding while preserving design efficiency. Specifically,
our approach features a pretrained 4D visual geometry
transformer with a temporal cache that extracts 4D fea-
tures from 2D images. Then, to enhance the VLM’s abil-
ity to exploit both 2D images and 4D features, we intro-
duce Fusion Tokens, a set of learnable tokens trained with
a future prediction objective to generate unified representa-
tions for action generation. Finally, we introduce a mask-
and-reconstruct strategy that masks 4D inputs to the VLM
and trains the VLA to reconstruct them, enabling the VLM
to learn effective 4D representations and allowing the 4D
branch to be dropped at inference with minimal perfor-
mance loss. Experiments in real and simulated environ-
ments show that SwiftVLA outperforms lightweight base-
lines and rivals VLAs up to 7x larger, achieving compa-
rable performance on edge devices while being 18X faster
and reducing memory footprint by 12x.

1. Introduction

Visual-Language—Action (VLA) models [6, 28-32, 35, 39,
44, 57-60, 62, 64, 67,73, 76, 77, 79, 82-84, 90-93] repre-
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Figure 1. Large VLMs like PaliGemma-3B [3] excel in spatial rea-
soning over small VLMs [45], with correct answers in green and
incorrect ones in red. This performance advantage allows mg [6]
based on it to achieve a higher success rate, despite slower infer-
ence speed compared to the SmolVLA [55] based on a small VLM.
However, SwiftVLA enhances spatiotemporal dynamics for small
VLA models while preserving the speed advantages. The success
rate and speed are tested on the NVIDIA Jetson Orin [49].

sent a new paradigm in robotics, leveraging the representa-
tional and reasoning strengths of large, pretrained Vision—
Language Models (VLMs) [1, 3, 8, 12, 23, 52, 54, 79] to
map natural-language instructions and visual observations
directly to actions. Despite their promise, real-world de-
ployment is hindered by a significant obstacle: the massive
parameter counts of foundation VLMs induce high infer-
ence latency and memory usage, which is prohibitive for
real-time control on resource-constrained robotic platforms.

Therefore, recent studies [2, 55, 71] have reduced model
capacity by shrinking the size of VLMs or decreasing the
number of network layers, enabling deployment on edge
devices. However, merely compressing model capacity of-
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Figure 2. (a) Using only 2D features as input to the VLM [6, 25], which results in limited spatiotemporal awareness. (b) Direct fusion
approaches combine spatial and 2D features within large VLMs [4, 37, 89]. (c) Decoupled designs that introduce a dedicated spatial
branch [27, 56], causing large parameter overhead. (d) SwiftVLA leverages a pretrained model [95] to extract 4D features and applies
a feature reconstruction objective to align 4D and 2D representations. In addition, Fusion Tokens and a future prediction objective are
introduced to strengthen cross-modal integration. The 4D inputs and auxiliary heads are removed at inference to maintain efficiency.

ten weakens reasoning ability, making it difficult to capture
the 3D spatial information that is crucial for VLAs to plan
precise actions, leading to poor localisation and imprecise
trajectories and lowering task success rates. As shown in
Fig. 1, smaller VLM models such as SmolVLM-0.5B [45]
significantly underperform in spatial reasoning tasks, such
as answering the question “What color is the bowl on the
far left?” compared to larger VLM models [3]. Therefore,
while SmolVLA [45], based on SmolVLM-0.5B [45], ex-
hibits significantly faster inference speeds than 7y [6] based
on PaliGemma-3B [3], its task success rate is notably lower,
as complex manipulation tasks often require stronger spa-
tiotemporal reasoning and scene understanding capabilities.

Therefore, recent works [4, 27, 37, 56, 89] have explored
integrating 3D and 4D information [13, 16, 17, 21, 42, 43,
46, 48, 69, 70, 75, 87, 88] to enhance VLASs’ perception
of complex environments. However, existing fusion ap-
proaches are still suboptimal for lightweight architectures.
As shown in Fig. 2 (b), some methods [4, 34, 37,51, 81, 89]
directly fuse 3D features with 2D representations within a
large VLM. While this improves spatial awareness com-
pared to Fig. 2 (a), which uses only 2D input, it has to
rely on heavyweight VLMs to handle cross-modal fusion.
To mitigate this dependency, other approaches [27, 56]
(Fig. 2 (c)) decouple 3D processing from the VLM by intro-
ducing an additional branch. However, this design substan-
tially increases parameter overhead, making it unsuitable
for compact models. In summary, as shown in Fig. 2 (a—c),
existing approaches still fall short of effectively balancing
the lightweight design of VLAs with the practical need for
robust and reliable spatiotemporal perception.

In this paper, we present SwiftVLA, a lightweight VLA
model built upon a compact VLM [45], which incorporates
4D spatiotemporal information with minimal computational
cost. As shown in Fig. 2 (d), SwiftVLA takes 4D rep-
resentations as auxiliary inputs and employs a reconstruc-
tion objective to learn spatiotemporal dynamics from 4D
features, enabling the model to discard them during infer-

ence while maintaining performance comparable to full 4D
inputs. Meanwhile, Fusion Tokens are introduced and su-
pervised by a future prediction objective to promote effec-
tive cross-modal fusion. Specifically, SwiftVLA integrates
a pretrained 4D visual geometry transformer [95] with a
temporal cache to convert streaming frames into 4D fea-
tures incrementally. The cache enables feature reuse across
frames and provides temporal context. Meanwhile, because
4D cues are derived directly from standard visual inputs, no
additional sensors such as depth cameras or LiDAR are re-
quired. For efficient fusion of 2D and 4D features in a com-
pact VLM, we introduce learnable Fusion Tokens to unify
representations across modalities. Their outputs are super-
vised by the robot end-effector’s future trajectory to encour-
age task-relevant learning. Finally, we propose a mask-
and-reconstruct strategy, where during training, SwiftVLA
randomly masks either the 2D or 4D modality with a cer-
tain probability and requires the action expert to recon-
struct the masked features, which encourages the learning
of geometry- and dynamics-aware representations. This en-
ables the model to achieve performance comparable to that
with 4D inputs during inference, even without them, min-
imizing the overhead of 4D inputs while preserving spa-
tiotemporal modeling capability.

We validate SwiftVLA with experiments on simulated
and real-world environments.  SwiftVLA outperforms
lightweight baselines and matches the performance of VLA
models up to 7x larger. On edge devices, it maintains
comparable performance while running 18 faster than the
state-of-the-art baseline 7y and reducing memory by 12x.

The main contributions of this paper are summarized as
follows:

* We propose SwiftVLA, a method that integrates 4D spa-
tiotemporal information into a lightweight VLA model at
minimal cost. SwiftVLA extracts 4D features and adopts
a mask-and-reconstruct training strategy that distills 4D
knowledge into the VL A. This enables the model to main-
tain comparable performance to that with 4D inputs dur-
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Figure 3. The pipeline of the SwiftVLA. We first extract 2D and 4D features from input images. A lightweight VLM [45] processes 2D
and 4D features with Fusion Tokens to achieve cross-modal integration. The outputs of the Fusion Tokens are supervised by the robot
end-effector’s future trajectory. During training, we randomly mask either the 2D or the 4D features, and we require the action expert to
reconstruct the masked features while learning to generate actions. We show the attention mask under random masking of the 4D features.
In this case, 4D features are excluded from the VLM attention, and the model is required to reconstruct the 4D features from the others.

ing inference while requiring only 2D inputs.

* We fuse 2D and 4D features in a lightweight VLM via
learnable Fusion Tokens, trained with supervision from
the robot arm’s future end-effector trajectory to produce a
unified, action-aware representation.

» Extensive experiments in simulation and on real robots
demonstrate that SwiftVLA achieves performance com-
parable to a baseline that is 7x larger. On edge devices,
it runs 18x faster and uses 12X less memory than 7.

2. Related Work

2.1. Lightweight VLA Models

Recent advances in VLA models integrate VLM backbones
with action modules through end-to-end training. Open-
VLA [25] introduced a 7B parameter model trained on pub-
lic datasets [24, 61] to generate discrete action tokens. To
overcome the limitations of tokenizing actions in continu-
ous control, 7y [6] uses a diffusion-based decoder to di-
rectly generate continuous actions. However, these mod-
els [6, 25] have a large number of parameters, leading to
high training costs and significant inference latency.

To address this, several approaches have shifted to-
ward lighter VLA designs. Based on OpenVLA [25],
MiniVLA [2] replaces the backbone with a smaller
model [1], thereby reducing the total size to 1B parameters.
TinyVLA [71] introduces a diffusion policy decoder that di-
rectly generates continuous multi-step action sequences to
avoid the high latency of autoregressive generation, and em-
ploys LoRA [22] for parameter-efficient fine-tuning. To fur-
ther lighten the model, SmolVLA [55] uses pixel shuffle to
limit each frame’s tokens and skips a subset of VLM layers,
ultimately compressing the parameter count to around 0.5B.

However, to achieve model lightweighting, these meth-
ods typically rely on shrinking the backbone parameters,
which leads to a degradation in the VLA model’s spatial
reasoning and fine-grained control capabilities.

2.2. 3D Perception in VLA Models

3D perception [11, 15, 19, 21, 40, 41, 52, 53, 62, 68, 74,
78, 85, 86] is crucial for enhancing robotic manipulation
capabilities. Recent studies have attempted to directly in-
corporate 3D features into the VLM to enhance their ge-
ometric awareness, as shown in Fig. 2 (b). 3D-VLA [89]
extracts spatial embeddings and encodes them into VLM
embeddings to improve spatio-temporal reasoning. Spa-
tial VLA [51] introduces 3D positional encoding and an
adaptive action network into VLMs to improve spatial un-
derstanding. Evo-0 [37] obtains 3D features by leverag-
ing VGGT [63], injecting the 3D geometric features into
the VLA. However, the domain gap between 2D pixels and
3D geometry is substantial, and directly injecting both into
VLMs often requires larger VLMs for better alignment and
fusion. Some approaches [9, 14, 94] also attempt to fine-
tune VLMs for spatio-temporal reasoning, but this often
relies on massive amounts of temporally annotated data,
which are expensive to collect.

Therefore, as shown in Fig. 2 (c), some methods
adopt decoupled designs that introduce a spatial branch.
PointVLA [27] treats point clouds as auxiliary conditioning
signals and decouples 3D processing from the 2D vision en-
coder, enabling the model to leverage geometric cues while
preserving the integrity of pretrained 2D representations.
GeoVLA [56] adopts parallel branches for multimodal in-
puts and leverages modality-specific experts to achieve fu-
sion. However, these approaches focus only on 3D informa-
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Figure 4. The process of 4D feature extraction. At each step, we
sequentially process multi-view observations and load contextual
information from the cache for temporal attention. The generated
4D features are updated to the cache and delivered to the VLM.

tion, neglecting temporal dynamics, while increasing mem-
ory footprint and inference latency. More recently, 4D-
VLA [81] incorporates the temporal dimension into VLA
modeling by leveraging a history-similarity-based keyframe
sampling strategy and generating 3D-aware spatial-visual
tokens. While this method enhances spatiotemporal per-
ception, sampling multiple frames introduces additional
inference overhead. In contrast, SwiftVLA maintains a
lightweight design while injecting 4D cues at lower cost.

3. Method
3.1. Model architecture

As shown in Fig. 3, SwiftVLA consists of two connected
components: a pretrained lightweight VLM [45] and an ac-
tion expert. The VLM processes the input to extract both 2D
and 4D features with a pretrained 4D visual geometry trans-
former [95]. Meanwhile, Fusion Tokens are introduced into
the VLM to better leverage both 2D and 4D features, super-
vised by end-effector trajectory prediction. Then, the VLM
fuses the 2D and 4D features, Fusion Tokens, and other in-
puts to generate the intermediate hidden states, which serve
as the condition for the action expert model to perform ac-
tion prediction. Additionally, during training, we employ
a mask-and-reconstruction strategy in which the 2D or 4D
features are masked so that they do not contribute to action
generation, and the action expert is required to reconstruct
the corresponding features. This strategy encourages the
model to exploit cross-modal cues and enables the removal
of 4D feature inputs during inference with minimal perfor-
mance loss, thereby maintaining a lightweight design.
Specifically, at each time step ¢, given the ordered view
set S = [left,right, front], the robot receives a natu-
ral language instruction [, multi-view observations o; =
{0} }ves, and the proprioceptive state s;. From the raw im-
ages, we first extract 2D visual features from each view us-

ing an image encoder [80], obtaining Fi, = {F;B’}ves.
Then, a pretrained 4D visual geometry transformer [95] is
applied to derive temporally-enhanced 4D features F},. A
set of learnable Fusion Tokens () ; are then introduced to in-
teract with F3,, Ff,,, with proprioceptive embeddings F
and language embeddings E; through a lightweight VLM
V, resulting in a unified representation:

Z;:V(vaEz?Elt’FéfDaFgD)' (1)

In the fused representation Z%, the portion corresponding
to the Fusion Tokens is decoded to predict the end-effector
trajectory, with explicit supervision from ground-truth tra-
jectories, thereby enabling the intermediate hidden states of
V to learn trajectory-aware cross-modal alignment. In par-
allel, the intermediate hidden states of 1, denoted as {hg}) 1,
are employed as hierarchical conditional features for the ac-
tion expert .A. The action expert is formulated as a condi-
tional diffusion model. Given a noise sample € and condi-

tioned on VLM features {hg}) }, it produces an action latent:
Zly = A(e| (1) @)

We decode Z!y with two complementary heads: the first
predicts the diffusion noise for the action, and the second
reconstructs the masked feature representations. The recon-
struction head is trained with an auxiliary objective to im-
prove cross-modal alignment and is discarded at inference
time, ensuring a lightweight design and fast inference.

3.2. Incremental 4D Feature Extraction

Recent studies [4, 18, 27, 33, 37, 56, 89] show that in-
tegrating 3D information [47, 63, 65, 95], such as depth
maps and point clouds, can improve the spatial perception
of VLA models. Such signals provide geometric cues that
help models better reason about distance and object layout.
Yet these methods often rely on additional sensors and un-
derutilize VLAs’ temporal modeling capacity, resulting in
limited spatio-temporal reasoning.

Therefore, as shown in Fig. 4, we adopt a pretrained 4D
visual geometry transformer [95] consisting of an encoder,
a decoder, and a temporal cache module, whose weights are
kept frozen, that incrementally extracts 4D features from in-
put images, avoiding reliance on extra sensors and leverag-
ing spatial and temporal cues. At each time step ¢, for each
view v € S, the observation oy is encoded into a feature
embedding using the encoder:

F“" = Encoder(o}). 3)

We sequentially feed the encoded features into a spatiotem-
poral decoder, which employs spatial and temporal atten-
tion to extract 4D representations following the view order
S. During the temporal attention stage, the current feature
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embedding interacts with the temporal cache through cross-
attention, enabling the integration of temporal context. The
temporal cache is then updated iteratively to generate 4D
features in a consistent view order. We initialize the tem-
poral cache as C*° = C*~1. For each k € {1,2,3} with
the corresponding view v = Si, the decoding process is
formulated as:

(Fyp, C"*) = Decoder(CrossAttn(F!, C*F1)). (4)

After all views have been processed, the temporal cache is
updated as C* = C*3. To maintain temporal efficiency,
we adopt a First-In-First-Out (FIFO) strategy for the cache,
retaining only the most recent K representations of the 4D
features. Finally, the visual inputs to the VLM are defined
as follows:

Fyp = {F3p}ves, Fip = F3m. ®)
The Fj}:lff " and Fjgight are only used to update the tempo-
ral cache to provide a more comprehensive spatiotemporal
context and are not provided to the VLM as 4D features,
considering the training cost.

3.3. Fusion Tokens

Many prior works [27, 37, 51, 89] attempt to feed 3D infor-
mation into VLMs so that they can jointly understand 2D
and 3D inputs. However, these approaches typically rely
on heavyweight VLMs. Lightweight VLMs struggle to de-
velop robust spatial reasoning and cannot effectively fuse
multimodal inputs into a coherent, 3D-aware latent space.
To address this problem, we introduce Fusion Tokens, a
set of learnable tokens that interact with 2D features and 4D
spatiotemporal features, and are directly supervised by the
end-effector’s future trajectory. The keys and values pro-
duced by the Fusion Tokens, together with those from other
tokens, form the conditioning signal hg;') used by the ac-
tion expert to generate action chunks. Specifically, Fusion
Tokens interact with the aggregated multimodal token se-
quence composed of the 2D features FY,, the 4D features
F},, the language embeddings FE}, and the state embed-
dings E! through cross-attention within the VLM V), yield-
ing a fused representation Z}, as shown in Eq. 1. The fused
representation Z} serves as the perception output and is op-
timized via end-effector trajectory prediction:
Po=hiraj(Z5) s Livag = I —7lla, (6
where hy.q; is a predictor that decodes the trajectory, 7; is
the predicted trajectory, and 7; is the ground-truth. Using
the end-effector’s future trajectory as supervision, Fusion
Tokens align multimodal features with spatiotemporal se-

mantics, making hgj) more effective for action generation.

3.4. Mask and Reconstruct Strategy

Although incorporating 4D features with Fusion Tokens
into VLAs can significantly enhance their spatial reason-
ing capabilities, the resulting increase in parameters and
computational overhead runs counter to the lightweight de-
sign principle of VLAs. Therefore, we propose a mask-
and-reconstruction strategy that leverages 4D supervision
signals during training to build geometry-aware representa-
tions, while discarding 4D feature inputs during inference
to maintain model efficiency with minimal performance
degradation. Our approach encourages the model to build
geometry-aware representations through structured mask-
ing and reconstruction, thereby distilling rich spatial and
temporal knowledge into the learned features. Next, we
present the training and inference procedures in detail.
Training. During training, we employ a random masking
strategy that, with a certain probability, applies masks to ei-
ther the 2D or 4D features. Under this setting, the VLA is
required to predict actions based on the remaining modal-
ities, while simultaneously reconstructing the masked fea-
tures. As illustrated in Fig. 3, we visualize the masking
operation applied to the 4D features during training. The
gray and white blocks indicate the fixed visible and invisi-
ble tokens, respectively, while the pink blocks represent to-
kens that undergo random masking, turning originally vis-
ible tokens into invisible ones. Meanwhile, the reconstruc-
tion losses are defined as follows:

Lop = [|h2p(Z4) = Fap
Lap = ||hap (Z4) = Fip|,-

where F?P and FP denote the inputs to the VLM, hop
and h4p are the feature reconstruction heads, and Zf4 is the
action latent produced by the action module A (see Eq. 2).
At the same time, Zf4 is fed into the action prediction head
to predict the diffusion noise:

)

Laction = EENN(O,I) Mhaction (Zi\) - 6”5] ) )]

where € ~ A(0, ) denotes the forward-process noise,
and hgetion 18 the action prediction head. Finally, the total
loss for SwiftVLA is a weighted sum of the reconstruction,
action prediction, and trajectory objectives:

Liotat = Mop Lop + Aap Lap

©)
+ )\action £action + )\traj £traj7

Where each A serves as a balancing coefficient among the
objectives. This design encourages the model to learn
more comprehensive and geometry-aware 4D representa-
tions, rather than relying on a single modality for action
prediction. Meanwhile, this mechanism enables the model
to implicitly reconstruct and reason over 4D spatial struc-
tures even when explicit 4D feature inputs are unavailable.
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Method Short-Horizon Medium-Horizon Long-Horizon Average
SRt Length | SRt Length | SRt Length | SRt Length |

o [6] 0.42 120 0.46 150 0.52 187 0.47 152
GO-1[7] 0.40 124 0.44 160 0.54 190 0.46 158
TinyVLA [71] 0.08 183 0.08 240 0.06 236 0.07 220
SmolVLA [55] 0.28 152 0.32 178 0.28 234 0.29 188
SmolVLAT [55] 0.38 130 0.36 165 0.34 195 0.36 163
SwiftVLA 0.56 115 0.48 156 0.56 180 0.53 150
SwiftVLA with 4D input 0.56 100 0.50 145 0.58 185 0.55 143

Table 1. Comparison of task success rate and average trajectory length in simulation. The best results are marked in bold, and the second-
best results are underlined. T denotes the model that is pre-trained and fine-tuned using the same configuration as SwiftVLA.

Inference. To further reduce the overall parameter count
and facilitate deployment on edge platforms, we retain only
the 2D feature branch during inference. In this stage, the
4D feature extractor, reconstruction heads, and trajectory
head are removed, as they are only used for auxiliary super-
vision during training. Consequently, the deployed model
consists solely of the VLM and the action expert, form-
ing a compact yet effective architecture. The total param-
eter count of the deployed model equals the sum of these
two components. Despite its lightweight nature, this de-
sign preserves the strong spatiotemporal perception capabil-
ity learned through masked training, enabling efficient and
reliable deployment on real-world robotic platforms.

4. Experiments

4.1. Experimental Setup

Evaluation Metrics. We employ success rate (SR) primar-
ily as our evaluation metric, along with the average trajec-
tory length. In simulations, a task receives an SR of 1 for
successful completion and 0 otherwise. For real-world eval-
uations, we use a detailed scoring system, where in the pick-
and-place task, a score of 0.5 is given for grasping the object
and another 0.5 for placing it at the target location.

Baselines. We primarily selected VLA models of dif-
ferent parameter sizes as baselines for comparison with
SwiftVLA. For large models, we chose the current state-of-
the-art model 7 [6] and GO-1 [7]. For smaller models, we
selected TinyVLA [71] and SmolVLA [55]. For SwiftVLA,
we adopted two inference configurations: one that uses 4D
inputs during inference, referred to as SwiftVLA with 4D
input, and another that does not use 4D inputs during infer-
ence, referred to simply as SwiftVLA. Both configurations
share the same set of trained weights. Additionally, in the
LIBERO benchmark [38], we compared several other algo-
rithms, grouped into three categories: spatio-temporal en-
hanced VLA models [34, 51, 81], which utilize 3D or 4D in-
puts; small VLA models [20, 55, 90], which employ smaller
VLMs; and large VLA models [5, 6, 25, 26, 36, 50, 66],
which refer to VLA models with more than 3B parameters.
Implementation Details. We adopt SmolVLM [45] as the

backbone. The complete model comprises approximately
450 million parameters, of which around 100 million are
allocated to the action-expert module. Meanwhile, we pre-
train our model on public datasets [7, 72] using a two-stage
training procedure (detailed in the appendix).

4.2. Simulation Benchmark Experiments

Simulation Setup. We conduct a systematic evaluation of
SwiftVLA on both the RoboTwin 2.0 [10] and LIBERO
benchmarks [38]. For RoboTwin 2.0, our experimental
setup considers three categories of tasks: Short-Horizon,
Medium-Horizon, and Long-Horizon, with two subtasks se-
lected for each category. For each subtask, we generate
50 demonstration trajectories, which are then used for post-
training. For LIBERO benchmark, we perform experiments
across four task suites: LIBERO-Spatial, LIBERO-Object,
LIBERO-Goal, and LIBERO-Long.
Results. As shown in Tab. 1, the mask-and-reconstruct
strategy enables SwiftVLA, which does not use 4D input
during inference, to maintain competitiveness comparable
to that of SwiftVLA with 4D input. Moreover, SwiftVLA
demonstrates strong performance across all three task cat-
egories, exhibiting competitive capabilities compared to
o [6] while using only about 15% of its parameters. Mean-
while, TinyVLA [71] and SmolVLA [55] still lag notably
behind 7y [6], mainly due to their smaller VLM back-
bones, which lack sufficient capacity to model long-term
spatiotemporal dependencies. In contrast, SwiftVLA intro-
duces 4D representations to enhance its spatiotemporal un-
derstanding, improving SR by 82.76% over SmolVLA [55].
As shown in Tab. 3, we compare SwiftVLA with three
categories of methods on LIBERO. For spatio-temporal en-
hanced VLA [34, 51, 81], methods like Spatial VLA [51]
and 4D-VLA [81] directly integrate 3D and 4D information
into the VLM. However, their performance gains are often
limited by the model’s ability to handle multiple modalities.
Approaches such as Qdepth-VLA [34] add additional 3D
processing branches, improving performance but increas-
ing the model size to over 3B parameters. Smaller mod-
els [20, 55], despite having fewer than 2B parameters, typ-
ically show lower success rates. Large VLA models offer
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Methods Clean the desk Throw the bottle Stack Bowls Average
o [6] 0.60 0.66 0.56 0.61
SmolVLA [55] 0.32 0.40 0.30 0.34
SmolVLAT [55] 0.52 0.54 0.52 0.53
SwiftVLA 0.86 0.80 0.74 0.80
SwiftVLA with 4D input 0.86 0.82 0.78 0.82

Table 2. Comparison of task success rates in real-world experiments. The best results are marked in bold, and the second-best results are
underlined. T denotes the model that is pre-trained and fine-tuned using the same configuration as SwiftVLA.

. LIBERO

Methods Size

Spatial Object Goal Long Avg

Spatio-Temporal Enhanced VLA
Spatial VLA [51] 4B 88.2 89.9 786 555 78.1
4D-VLA [81] 4B 88.9 95.2 909 79.1 88.6
QDepth-VLA [34] 4B 97.6 96.6 952  90.0 949
Small VLA
SmolVLA [55] 0.45B 90.0 96.0 920 710 873
SmolVLAT [55] 0.45B 93.5 96.5 954 834 922
UniAct [90] 0.5B 71.0 87.0 770 70.0 778
VLA-OS [20] 0.5B 87.0 96.5 927  66.0 85.6
SmolVLA [55] 2B 93.0 94.0 91.0 77.0 838
Large VLA

GROOT-NI1 [5] 3B 94.4 97.6 93.0 90.6 939
mo [6] 3B 96.8 98.8 95.8 852 941
mo+FAST [50] 3B 96.4 96.8 88.6 602 855
OpenVLA [25] 7B 84.7 88.4 792 537 765
OpenVLA-OFT [26] 7B 97.6 98.4 979 945 971
DD-VLA [36] 7B 97.2 98.6 974 920 963
UniVLA [66] 9B 95.4 98.8 93.6 940 954

Spatio-Temporal Enhanced Small VLA

SwiftVLA 0.45B 97.0 96.4 96.8 884 947
SwiftVLA with 4D input  1.65B 97.2 96.8 974 89.0 95.1

Table 3. Comparison of methods on the LIBERO. The best results
are marked in bold, and the second-best results are underlined.
denotes the model that is pre-trained and fine-tuned using the same
configuration as SwiftVLA.

strong performance but also require over 3B parameters,
making them costly for real-world deployment. In con-
trast, SwiftVLA effectively leverages 4D information while
maintaining a compact design, achieving performance com-
parable to large VLA models.

4.3. Real-World Experiment

To evaluate the effectiveness of the method in the real
world, we conducted a gripper grasping experiment using
the AgileX PiPER six-degree-of-freedom robotic arm, with
computational support provided by an NVIDIA RTX 4090
GPU. In addition, we designed a series of real-world tasks,
including Clean the Desk, Throw the Bottle, and Stack
Bowls, with detailed descriptions provided in the supple-
mentary material. As summarized in Tab. 2, our method
demonstrates strong performance compared to 7y [6] while
using fewer parameters, and significantly outperforms simi-
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Figure 5. Comparison of SmolVLA and SwiftVLA under identi-
cal initial poses. During execution, SmolVLA fails to grasp ac-
curately, as the end-effector misses the target and collides with
the object, causing it to shift and posing safety risks. In contrast,
SwiftVLA successfully completed the grasp with accurate posi-
tioning and stable control, demonstrating superior performance.

Methods Inference Time (s) Memory (MB)  Average SR
7o [6] 2.966 16236.2 0.48
SmolVLA [55] 0.166 1397.5 0.30
SwiftVLA 0.167 1398.4 0.76

Table 4. Comparison of inference time, memory usage, and SR
across models on the NVIDIA Jetson Orin [49].

larly sized baselines such as SmolVLA. As shown in Fig. 5,
we compared SmolVLA and SwiftVLA under identical ini-
tial object placements. During execution, SmolVLA failed
to achieve precise grasping due to its limited understand-
ing of geometric information. Meanwhile, the end-effector
collided with the target object and displaced it, which could
lead to task failure or safety hazards. In contrast, SwiftVLA
successfully performed stable and accurate grasping thanks
to its superior spatial perception and control.

4.4. Deployment on the Edge Device

To evaluate the deployment efficiency of VLAs on edge de-
vices, we adopt the NVIDIA Jetson Orin [49] as our tar-
get platform. As summarized in Tab. 4, we report the in-
ference time and parameter count of each model. The re-
sults show that SwiftVLA delivers an 18 x speedup in infer-
ence compared to the larger VLA model 7, while reducing
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Input Feature Type Fusion tokens Average SR
2D 0.36
2D & 4D 0.40
2D & 4D v 0.50

Table 5. Ablation study of SwiftVLA with 4D input evaluated by
SR. The input feature type indicates the modalities used during
training and inference. The best results are marked in bold, and
the second-best results are underlined.

memory consumption by 12x. Moreover, its inference la-
tency is nearly identical to that of SmolVLA. Meanwhile,
SwiftVLA demonstrates a high success rate compared to mg
on the NVIDIA Jetson Orin [49], indicating its suitability.

4.5. Ablation Study

In this section, we perform experiments on the RoboTwin
2.0 [10] platform to address the following questions.

Q1. How do 4D features affect task success? We compare
two settings that use 2D inputs and that combine 2D inputs
with the 4D features, as shown in the first and second rows
of Tab. 5. The results indicate that relying solely on 2D
inputs leads to a lower SR. Incorporating the 4D features
yields a substantial improvement, suggesting that 4D fea-
tures provide stronger representations for action planning.
Q2: What role do Fusion Tokens play? Fusion Tokens are
designed to integrate 4D and 2D features, using the 2D end-
effector trajectory as supervision for trajectory prediction.
In the second and third rows of Tab. 5, we compare mod-
els with and without Fusion Tokens and observe significant
improvements when the token is enabled. This is because
small models struggle to fully leverage the input 4D infor-
mation. The introduction of Fusion Tokens, along with the
design of a target task, helps guide the model to effectively
use both 2D and 4D cues, leading to improved cross-modal
alignment and more effective temporal cue utilization.

Q3. What is the effect of the mask-and-reconstruction
strategy? We employ a mask-and-reconstruction strategy
during training, where 2D or 4D features are randomly
dropped with a fixed probability, and the VLA is tasked
with reconstructing the masked features. The aim is to en-
able the model to maintain performance comparable to full
4D input, even when 4D information is missing during in-
ference. As shown in Tab. 6, we compare different training
strategies and evaluate performance under both inference
with and without 4D input. The results show that directly
removing the 4D input during inference, without applying
any strategy, leads to a significant performance drop, as the
model becomes overly dependent on 4D cues for predic-
tion. Introducing 4D feature masking alleviates this depen-
dency and preserves part of the performance when 4D input
is unavailable. Moreover, incorporating the feature recon-
struction helps distill 4D information into the VLA during
training, allowing the model to achieve performance com-

4D Feature 2D Feature Feature SwiftVLA with

Mask Mask Reconstruction SwiftVLA 4D Input
0.02 0.50
v 0.40 0.48
v v 0.50 0.52
v v v 0.53 0.55

Table 6. Comparison of SR across different training strategies. All
models are trained with both 2D and 4D feature inputs, while only
2D features are used during inference. The best results are marked
in bold, and the second-best results are underlined.

Size SwiftVLA  SwiftVLA with 4D input
K=3 0.47 0.49
K=4 0.48 0.52
K=5 0.50 0.51
K=6 0.52 0.55
Random 0.53 0.55

Table 7. Ablation study on the temporal cache size evaluated by
SR. All models are trained with both 2D and 4D feature inputs,
while only 2D features are used during inference. The best results
are marked in bold, and the second-best results are underlined.

parable to that with full 4D input, even in the absence of 4D
features during inference. In addition, we find that moder-
ately masking 2D features encourages the model to better
exploit underlying 4D geometric cues and enhances cross-
modal consistency, as reflected in the last column of Tab. 6.
Q4. How does the cached memory size K affect perfor-
mance? We analyze how the cached memory size K cho-
sen during training affects model performance. We evaluate
four fixed settings with K € {3,4, 5,6} and a randomized
strategy that samples K € {3,4, 5,6} at each training step.
As shown in Tab. 7, the randomized strategy outperforms all
fixed-length baselines, indicating that exposure to variable
temporal horizons process notably enhances adaptability.

5. Conclusion

In this paper, we present SwiftVLA, a lightweight frame-
work that achieves strong spatiotemporal reasoning while
maintaining design efficiency. Specifically, we employ a
4D visual geometry transformer with a temporal cache that
extracts 4D features and integrates them into the VLM to
enhance both spatial and temporal modeling. To bridge the
gap between 2D and 4D features, we introduce Fusion To-
kens, whose representations are supervised by the future tra-
jectory of the end-effector, effectively capturing integrated
multimodal information. Additionally, we employ a mask-
and-reconstruct strategy to distill 4D knowledge into the
VLA, while minimizing performance degradation when 4D
inputs are omitted during inference. Experiments show that
SwiftVLA matches the performance of models with up to
7x more parameters, while offering up to 18 faster infer-
ence and 12x smaller memory footprint on edge devices.
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