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Abstract— Vision-language-action (VLA) models have shown
strong generalization in robotic manipulation through large-
scale vision-language pretraining. However, most existing mod-
els rely solely on RGB cameras, limiting their perception
and, consequently, manipulation capabilities. We present Om-
niVLA, an omni-modality VLA model that integrates novel
sensing modalities to enable beyond-RGB robotic perception
and manipulation. The core of our approach is the sensor-
masked image, a unified representation that overlays physically
meaningful, spatially grounded masks onto the RGB images.
These masks are derived from sensors including an infrared
camera, a mmWave radar, and a microphone array. This
image-native unification keeps sensor input close to RGB
statistics to facilitate training, provides a uniform interface
across sensor hardware, and enables data-efficient learning
with lightweight per-sensor projectors. Building on this, we
design a multimodal vision-language-action model architecture
and train OmniVLA by extending an RGB-pretrained VLA
backbone. We evaluate OmniVLA on challenging real-world
tasks that require sensor-modality perception to guide the
manipulation. OmniVLA achieves an average task success rate
of 84%, significantly outperforms both RGB-only and raw-
sensor-input baseline models by 59% and 28% respectively,
meanwhile showing higher learning efficiency and stronger
generalization capability.

I. INTRODUCTION

Vision–language–action (VLA) models [1], [2] recently
emerged as a powerful paradigm for generalist robotic poli-
cies. They leverage vision-language pretraining to map user
prompts and camera observations to robot actions, showing
great generalization and instruction following capability.
However, most VLA models are limited to RGB camera
image input, which constrains their perception capabilities
and prevents them from handling tasks that require non-RGB
cues. This undermines the potential of robots to utilize addi-
tional sensory hardware and perform challenging tasks that
require perception capability similar to or even beyond hu-
mans. For example, Infrared (IR) cameras reveal temperature
contrast for tasks such as search and rescue; millimeter wave
(mmWave) radars penetrate occlusions, such as cardboard
or clothing, with radio-frequency (RF) signals to localize
hidden objects [3], [4]; acoustic microphone arrays enable
human-like environmental awareness to ambient sound and
react accordingly. Adding per-sensor encoders or directly
feeding raw sensor data to VLA models, however, increases
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Fig. 1: Instead of relying solely on RGB cameras, OmniVLA
equips robots with multi-sensor perception. We use beam-
forming heatmaps as acoustic and mmWave sensor images
to highlight sound source and hidden item respectively.

system complexity, exacerbates data scarcity, and reduces
compatibility with pretrained vision-language models.

In this paper, we aim to equip VLA models with unified
multi-sensor perception, utilizing sensor modalities including
infrared, acoustic, and mmWave. This enables robots to
combine the strong generalization of foundation models and
physical information from various sensors seamlessly, to
enable physically-grounded spatial intelligence.

There are several challenges in integrating diverse sensors
with a VLA model. First, VLA models need to effectively
interpret heterogeneous sensor information and use them to
guide the action; naively feeding raw sensor streams leads to
poor performance and data efficiency as shown in Section IV,
because existing VLA backbones are trained primarily on
RGB images. Second, sensors differ in format, field of view,
and resolution, calling for a scalable, uniform representation
rather than training sensor fusion models that depend on
specific hardware. Lastly, sensor modality data are much
more scarce compared to web-scale image-text data pairs,
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so we require a data-efficient approach for training. To solve
these challenges, we take inspiration from how the human
brain interprets sensor information: as we are used to RGB
images, we naturally anchor other sensor cues to the RGB
view—for example, interpreting infrared camera images by
associating temperatures with objects visible in the image.

We present OmniVLA, the first multisensory VLA that
integrates novel sensing modalities to enable beyond-RGB
robotic perception and manipulation by unifying hetero-
geneous sensors into an image-native space. The core of
our design is an intermediate representation, sensor-masked
images, which is produced by semantically segmenting the
RGB image and overlaying the relevant sensor information
as colored masks. Such representation makes sure sensor
information is spatially grounded and semantically aligned
with the RGB image to ease the integration with VLA
models. This brings several benefits that solve the challenges
above: (i) making sensor information spatially grounded in
RGB pixel coordinates to facilitate robotic manipulation
on target objects, (ii) remaining close to RGB statistics so
existing vision encoders and VLA backbones can be reused
for further training, (iii) providing a uniform representation
across sensors, resolutions, and hardware variants.

Building on the sensor-masked images, we propose a tai-
lored VLA model architecture (Figure 2). We first convert all
raw sensor measurements to image-like 2D spatial represen-
tations, specifically, we perform beamforming for mmWave
radar and acoustic array data to acquire heatmap-like raw
sensor images. Then, to generate masks for interested objects
in the scene, we use a cloud-based Vision-Language Model
(VLM) to interpret task request and generate a prompt for
grounded SAM [5] to provide semantic-based segmentation
masks. We further overlay sensor information on the RGB
images at masked regions to acquire the sensor-masked
images as the input to a frozen vision encoder. After the
vision encoder, we add lightweight projection layers for each
sensor to generate better aligned tokens for sensor images.
Finally, a LLM backbone processes the input tokens and
conditions the diffusion-based action expert for the robot
action output.

We build a multi-sensor robot arm prototype to collect
RGB camera and sensor data, paired with action demon-
strations, and train OmniVLA with the collected datasets.
We evaluate OmniVLA extensively with several manip-
ulation tasks that require sensor-modality guidance, in-
cluding thermal-based pick-and-place, mmWave-based see-
through boxes and opening the non-empty one, and acoustic-
based uncovering ringing phone beneath clothes. OmniVLA
achieves an average task success rate of 84%, significantly
outperforms 25% success rate of RGB-only baseline and
56% success rate of raw-sensor-input baseline. This shows
the benefit from our unique sensing capabilities, and the per-
formance gain from our sensor-masked image representation.
We also highlight the data efficiency of our approach by
achieving similar success rate with only 50% training data
compared to raw-sensor-input baseline. Moreover, we show
that our approach provides strong generalization capability

across three unseen tasks, outperforming base VLA model
and raw-sensor-data based model by 59% and 28% respec-
tively on average success rate.

To summarize, we make the following contributions:
1) To our knowledge, OmniVLA is the first VLA model

that unifies multiple sensing modalities, including in-
frared, mmWave, acoustic, to enable robotic manipu-
lation tasks beyond RGB-based perception capability.

2) We introduce sensor-masked images, a spatially
grounded and semantically aligned representation that
allows reusing pre-trained vision encoders, provides
a uniform representation across sensor hardware, and
improves learning efficiency.

3) We present a lightweight OmniVLA model architec-
ture and evaluate system performance with extensive
experimental evaluation. We open-source the project at
https://github.com/GuoHeyu/OmniVLA.

II. RELATED WORK

A. Vision-Language-Action Models

Vision-language-action (VLA) models have been a pop-
ular research paradigm for robotic manipulation, using the
language prompt and video feed as input and generating
robot actions in an end-to-end manner. Conventional robotic
manipulation policies using reinforcement learning and sim-
ulators provide great performance on specific tasks [6]–
[11], while VLA models have shown great improvement
in few-shot task generalization and instruction following
by leveraging web-scale pretraining. The majority of VLA
models only take video from RGB cameras as visual input
[1], [2], [12]–[15]. However, these works are inherently
limited by the RGB camera input and unable to finish tasks
that require perception capabilities beyond RGB.

To address this issue, researchers propose novel Vision-
Language-Action models with additional sensor input. Depth
information is widely employed to enhance the capability
of VLA models with better spatial-temporal understanding
[16]–[20]. Other works incorporate tactile perception in VLA
models for better task planning, grounding and reasoning
capabilities [21], [22]. Moreover, Vlas [23] integrates speech
information for convenient and personalized human-robot
interaction. MultiPLY [24] introduces an embodied LLM for
planning multisensory interactions with the environment, but
it is based on simulator only and cannot generate actions for
manipulation tasks.

Prior works have not explored the integration of novel
sensing modalities like thermal, acoustic, and mmWave,
which provide unique sensing information for manipulation
tasks. Also, existing approaches often require training sensor
encoders for each modality, which needs a large amount
of data. In contrast, we propose a data-efficient approach
towards beyond-RGB perception. Moreover, previous works
propose complex and specific model architecture for extra
sensor and image fusion, which is not generalizable to di-
verse sensors. In contrast, we propose sensor-masked images,
a simple and unified sensor fusion strategy for VLA models.
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Fig. 2: System Overview. OmniVLA processes diverse sensor data into image-like 2D spatial representations, and then
overlays sensor information onto RGB images to produce spatially grounded and semantically aligned sensor-masked images.
We train OmniVLA by extending an RGB-pretrained VLA backbone to perform challenging tasks beyond RGB perception.

B. Multi-sensor Fusion based Perception

Multi-sensor fusion based perception has received sig-
nificant interest recently, especially for 3D detection and
other downstream tasks for autonomous driving. The benefits
for multi-sensor fusion are comprehensive environmental
understanding for complementary sensors [25]. One typical
type of multi-sensor fusion is mmWave radar and camera
sensor fusion, widely used in autonomous driving because of
its reliability in rainy and foggy environments [3], [26]–[30].
Another thread of recent work fuses RF signals for robotic
perception to achieve non-line-of-sight object finding [31]–
[33], but it requires extra RFID tags attached on the objects
and are designed only for RF signals.

Prior works focus on environmental perception tasks like
3D object detection, semantic scene understanding tasks [34],
[35], while we aim for robot manipulation by generating
actions. These prior works also heavily rely on model archi-
tectures tailored for domain-specific downstream tasks with
specific sensors, unable to provide strong generalization or
instruction following of VLA models. Moreover, OmniVLA
provides a general framework for more diverse sensors.

III. SYSTEM DESIGN

A. System Overview

OmniVLA contains two parts: sensor-masked image gen-
eration and multi-sensor vision-language-action model archi-
tecture. The first part first extracts raw sensor data, then
preprocesses it into 2D sensor images/heatmaps. After that,
we use a semantic segmentation model to generate the masks
from the RGB images following a VLM-generated prompt.
Then we overlay the sensor images on the masked regions
of RGB images to output sensor-masked images, which are
the input for our multi-sensor vision-language-action model.
The second part is a multi-sensor vision-language-action
model backbone that is designed for sensor-masked images
to capture each sensor’s input and avoid requiring a large
amount of sensor data for training. We utilize the existing
frozen vision encoders to encode sensor-masked images.
For each sensor modality, we use individual multi-layer

perceptron layers to align sensor image tokens with language
and RGB image tokens. The tokens are concatenated together
with language tokens as input for the large language model
in the architecture, and then we generate the final action
predictions using the action expert.

B. Sensor Data Representation

The first part of our work is sensor-masked image genera-
tion, which includes sensor data preprocessing, segmentation
mask processing, and sensor-masked image blending.

Preprocessing. We convert all raw measurements into a
camera-like 2D spatial representation. Thermal camera al-
ready outputs raster images—infrared intensity, defined over
image coordinates (u, v). In contrast, the mmWave radar and
the microphone array provide complex signal samples per
array element, xi,k = Ai,ke

jψi,k for the k-th element of array
i, where i ∈ {mmWave, acoustic}. To obtain inputs with
consistent spatial mapping (horizontal and vertical viewing
axes on a 2D grid), we compute azimuth–elevation heatmaps
via conventional delay-and-sum beamforming [36]:

Ii(θ, ϕ) = 20 log10

∥∥∥∥∥
K∑
k=1

Ai,ke
jψi,ke−jΦi,k

∥∥∥∥∥ ,
Φi,k =

2π

λi

(
xi,k cosϕ sin θ + yi,k sinϕ

)
.

(1)

where θ is the azimuth angle, ϕ is the elevation angle, λi
is the wavelength received by sensor i, (xi,k, yi,k) is the
position for kth array element (antenna or microphone) in
array i. One example is shown in Fig. 1. Similar to the
principle of RGB camera, the azimuth-elevation heatmap
reveals the environmental information in a direct way for
human understanding and acts as the sensor images in the
following steps.

Segmentation and overlay. The next step is generating
segmentation masks based on the task description and RGB
images. We first send the task request text and RGB image
to a vision-language model, GPT-4o [37], to generate the
segmentation prompts that describe objects related to the task
in the current scene, such as ‘red block/drink’, ‘black phone’,
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Fig. 3: Sensor Data Processing Illustration. We propose a general sensor data processing pipeline applicable to various sensors,
including (a) thermal camera, (b) mmWave radar, and (c) acoustic microphone array, by overlaying sensor information on
top of RGB images as VLA model input. We update the prompt input to the SAM2 model when the task begins and then
asynchronously check for updates, so that VLM delay does not affect the real-time processing of sensor-masked images.

and ‘cardboard boxes’. These prompts are initialized when
the task begins and are updated periodically to accommodate
scene dynamics, such as the introduction of new objects. We
run these updates in the background at a lower frequency
than the robot’s primary action-generation loop, so that VLM
output delay does not affect real-time robot manipulation
actions. Then we input the segmentation prompts and RGB
image into a segmentation model to generate image masks
for task-related objects. Specifically, we use Grounded SAM
2 [5], which combines segment anything model [38] and
open-set object detection model, grounding DINO [39]. The
final output is a 0-1 matrix, where ‘1’ labels the masked
regions for objects. The second step can be expressed as:

l = VLM(Ttask, IRGB),

mask = SAM2(l, IRGB),
(2)

where l represents the segmentation prompts generated by
VLM, Ttask is the input task description, and IRGB is the
RGB image. To generate the final sensor-masked images,
we first spatially align each sensor modality with the RGB
frame through a one-time calibration involving rotation and
cropping. While high-precision pixel matching is not strictly
required for the model to learn effectively, this ensures
the sensor heatmaps are roughly centered on their physical
counterparts. We then isolate the regions of interest by
applying the masks generated in the previous step. This
fusion process is formalized as:

Ici = Calibration(Ii),

Imi = mask ⊙
(
α Ici + (1− α)IRGB

)
+ (1− mask)⊙ IRGB

(3)

where i ∈ {mmWave, acoustic, thermal} and α∈ [0, 1] is
the hyper-parameter for image blending. The higher α is,
the more sensor information remains for comprehensive
understanding, but less correlation between the masked part
and the unmasked RGB image remains. We set α as 1 by
default based on our empirical testing. These consolidated
sensor images then serve as the unified input for our multi-
sensor VLA backbone.

C. Model architecture and training

The second part is the architecture design and training
strategy of our multi-sensory vision-language-action model.

Existing VLA models typically encode RGB inputs with
a vision encoder, followed by a multi-layer perceptron
(MLP) to generate image tokens. Simultaneously, the task
description is processed by a language tokenizer. These
tokens are concatenated and fed into a large language model
(LLM) backbone, which generates action tokens for robot
manipulation. We reuse and adapt this architecture design.

We present a generalizable and efficient multi-sensory
VLA model architecture design as shown in Fig. 2. We
enable effective sensor data understanding by feeding sensor-
masked images to the existing vision encoder. Then for each
sensor modality, we input the encoded results into individual
multi-layer perceptron (MLP) modules for projection to align
with the language tokens. The projected tokens for each
sensor are concatenated together with language tokens from
the task description after passing through a language tok-
enizer. The LLM backbone takes these concatenated tokens
as input. To generate the final robotic actions, we follow
the architecture used in SmolVLA [2] and π0 [1], where
the LLM backbone is combined with a diffusion or flow
matching based Action Expert for robotic action generation.
We utilize conditional flow matching or diffusion within
the action expert to model the continuous distribution of
actions, which is inherited from the chosen base model.
This allows the model to generate a full action chunk step
by step from random noise. We use SmolVLA as our base
model by default, modify its architecture, and train our model
from its pretrained weights. Our approach is potentially
compatible with various VLA backbones because our sensor-
masked image representation allows processing sensor data
as standard visual tokens.

The overall data flow can be described with:
ti = MLPi

(
EI(I

m
i )

)
,

ttask = EL(Ttask),

action = VLA
(
[t1, t2, . . . , tm, ttask]

) (4)

where m is the number of sensors we use, EI is the image
encoder, and EL is the language embedding layer, ti is
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Fig. 4: Hardware Implementation. (a) robot arm and sensor
setup (b) sensor module, integrating multiple sensors and
cameras.

the embedding of ith sensor image. We underline that our
architecture does not require all sensors shown here. Instead,
we allow flexible sensor setup according to the deployment
scenario, budget, etc, for example using a single sensor like
an infrared camera. This design is a general and flexible
framework to process beyond-RGB sensor-masked images,
compatible with existing Vision-Language-Action models.
It means we can utilize the vision-language capability in
existing model’s pretraining and understand unique features
from each sensor easily with a few demonstration data.

During the model training, we start from the pretrained
base model weight. We freeze the vision encoder, typical
in various Vision-Language-Action models [1], [2], [40] and
Vision-Language models finetuning [41], [42]. Meanwhile,
we set all other weights trainable for multi-sensor perception
in robotic manipulation. We initialize the individual MLP
projectors for each sensor using weights from the pre-trained
RGB projection layer of the base VLA model. This strategy
leverages established visual feature mappings as a strong
prior, allowing the model to adapt quickly to the unique
sensor-masked images. Finally, we co-fine-tune these sensor-
specific MLP modules alongside the unfrozen backbone
weights using the collected demonstration datasets.

IV. EVALUATION

We evaluate OmniVLA with a real-world prototype across
several sensor-related manipulation tasks. First, we show
our unique beyond-RGB perception capabilities, using daily
tasks that require non-visible cues, including thermal-based
pick-and-place, see-through and open the box containing
the object, and uncovering hidden ringing items. OmniVLA
significantly outperforms RGB-only VLA models and VLA
models trained with unprocessed sensor images. We also
highlight the data efficiency of our approach. Second, we
show that our approach provides superior generalization
capability for sensor-related tasks, outperforming baselines.

A. Experimental Setup

Implementation. Our prototype includes a SO101 manipu-
lator arm [43] with a standard top-down RGB camera, a front
camera, and an arm camera, augmented by our multi-modal

(a)

(b)

(c)

Time

Fig. 5: Examples of Robotic Manipulation Task Completion
over Time. (a) Thermal: finding the cold drink. (b) mmWave:
opening the box with an object inside. (c) Acoustic: uncov-
ering the ringing phone. The first three images are sensor-
masked images; the rest of the images are raw RGB images
for visibility.

sensor suite comprising: a depth camera, an infrared thermal
camera, an mmWave radar sensor, and a six-microphone
circular array (Figure 4). While the RGB camera provides
standard visual perception, our additional sensor modalities
capture unique physical information that extends perception
capability significantly.
Model training and inference. We use SmolVLA [2] as
the base model by default to implement our design and
use the pre-trained weights. We expect our approach to
be compatible with most existing RGB-only VLA models.
We use 8 NVIDIA A100 GPUs on a server for distributed
training and use a local RTX 4090 GPU for model infer-
ence during system evaluation. Depending on the size of
the demonstration dataset, the time required for training is
around 14 hours for 50 K optimization steps with batch size
32. For real-time inference, we load both the VLA model and
segmentation model on the local RTX 4090 machine, which
is able to output 15 predictions per second for end-to-end
action prediction. Note that prompting the VLM model for
segmentation keywords is invoked at the beginning of the
task and only updated infrequently to minimize overhead.
We expect to have lower delays with code optimization.
Task setting. We evaluate OmniVLA on three types of
manipulation tasks that need to leverage non-visual sensory
modalities: (1) Thermal modality: Distinguishing between a
cold and warm drink, picking up the cold drink and placing
it into a plastic container; (2) mmWave modality: Seeing
through enclosed cardboard/foam (non-metal) boxes with
mmWave radar, opening one of the boxes with an object
inside and exposing the target object. (3) Acoustic modality:
Locating a ringing mobile phone concealed beneath opaque
coverings using spatial audio cues from the microphone
array, and removing the covering to uncover the phone.
We show examples of successful action trajectories from
OmniVLA in Figure 5.
Evaluation metrics and baselines. We evaluate model
performance using task success rates computed over 25
independent trials per task with random object placement,
complemented by task scores: 0.5 score for choosing the
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Success Rate Task Score

Thermal mmWave Acoustic Average Thermal mmWave Acoustic Average

VLA-RGB 28% 8% 40% 25% 0.62 0.34 0.70 0.55
VLA-RAW 52% 68% 48% 56% 0.74 0.84 0.62 0.73
OmniVLA 80% 84% 88% 84% 0.91 0.88 0.92 0.90

TABLE I: OmniVLA success rates and task scores across three types of sensor-modality tasks.

Success Rate Task Score

Base Model Thermal mmWave Acoustic Average Thermal mmWave Acoustic Average

SmolVLA 80% 84% 88% 84% 0.91 0.88 0.92 0.90
Pi0 68% 60% 64% 64% 0.84 0.72 0.82 0.80

TABLE II: OmniVLA performance when using two different base models as backbone, evaluated across three types of
sensor tasks.

Thermal mmWave Acoustic

Stage 1 Stage 2 Stage 1 Stage 2 Stage 1 Stage 2

OmniVLA-Base 100% 24% 56% 40% 76% 16%
Pretrained VLA-RAW 76% 84% 52% 76% 60% 92%
Pretrained OmniVLA 100% 92% 92% 80% 92% 92%

Gains +0%/+24% +68%/+8% +36%/+40% +40%/+4% +16%/+32% +76%/+0%

TABLE III: Pretraining effectiveness by comparing per-stage success rates (%). Gains are improvements over baselines.

right item to interact with, 0.5 score for performing the
correct manipulation, e.g., picking up and placing in the
container, opening up the box, and removing the coverings.
For baselines, we compare our approach against the follow-
ing ablation baselines: (1) VLA-RGB (modality ablation):
VLA models with standard RGB input only for training and
inference, without our architecture changes. Since we use
SmolVLA as the backbone, this baseline model is essentially
a SmolVLA model fine-tuned on our task dataset. (2) VLA-
RAW (representation ablation): VLA models with raw sensor
data/images for training and inference input. It uses the same
model architecture as OmniVLA, but skips the segmentation
and overlay step for the sensor data processing. Note that we
still apply beamforming for the VLA-RAW model mmWave
and acoustic sensor input to have a strong baseline.

B. Multi-sensory Task Performance

We first evaluate OmniVLA performance on manipulation
tasks compared with the baselines. Then we evaluate the
performance over different foundational robotic models. Fi-
nally, we explore the impact of finetuning data amount on
final performance.
Overall Performance. We evaluate OmniVLA after training
on 100 expert demonstration episodes of thermal and acous-
tic modality tasks and 200 episodes of mmWave modality
task individually. The mmWave task requires more train-
ing data because opening a box is more difficult to learn
compared to typical pick-and-place type of actions, which
seldom appears in VLA model pretraining datasets. For
each demonstration, we randomize objects’ positions on
a table within the robot’s workspace. As the SmolVLA
pretraining dataset does not include any non-RGB sensor,

we consider the number of episodes reasonable and showing
high learning efficiency of our approach. Table I shows
success rates and task scores across tasks. OmniVLA finishes
the tasks requiring extra sensors successfully at a high rate
of 84% on average. OmniVLA consistently outperforms all
baseline configurations across the three tasks, demonstrating
the effectiveness of our unified multi-sensory perception
approach. On average, OmniVLA outperforms VLA-RGB
model and VLA-RAW model by 59% and 28% in success
rate respectively. OmniVLA also improves the task score by
0.45 and 0.17, respectively. This shows that sensor-modalities
effectively provide new capabilities for the VLA model and
our sensor-masked image representation significantly boosts
performance.

Comparing base models. To evaluate the applicability of
our approach on different base VLA models, we apply it to
Pi0 [1] and compare the performance across 3 tasks. Table II
shows that both models work, while SmolVLA provides
better performance. This is likely due to SmolVLA is pre-
trained with lerobot robot arm dataset [2]. Overall, this shows
OmniVLA’s potential for combining with various RGB-
only VLA models to provide extra new sensor-modality
capabilities without starting from scratch.

Learning efficiency. We quantitatively compare the learning
efficiency of using sensor-masked images and raw sensor
data (no overlaying on RGB images), by training with
an increasing number of thermal task episodes. As shown
in Figure 6, OmniVLA constantly outperforms VLA-RAW
model, achieving similar success rate with only around 50%
of the training episodes. This shows the data efficiency of
our proposed sensor-masked image representation, which
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Fig. 7: Success rates when adapting to unseen tasks. We
compare the pretrained OmniVLA model with two base-
lines, OmniVLA-Base (no pretraining), Pretrained VLA-
RAW (pretrained with raw sensor images).

significantly reduces the required finetuning data amount
compared with using raw sensor images.

C. Generalization Performance

Lastly, we evaluate how well our architecture can general-
ize to unseen tasks by pre-training on a mixed multi-sensory
training dataset.

Multi-sensory pretraining. We construct a pretraining cor-
pus of 800 demonstration episodes: 200 episodes for each of
three sensor-modality tasks (total 600) and 200 episodes for
generic pick-and-place with everyday objects.

We pre-train our OmniVLA model with the mixed dataset,
then test the performance after performing few-shot learning
with only 25 demonstration episodes of performing unseen
tasks (matching common RGB-only VLA testing practice).
We induce distribution shifts in object identity and materials
based on tasks shown in Figure 5): (1) swap the drink type,
(2) replace cardboard with foam boxes, and (3) substitute
T-shirts with towels. The object locations are randomized
within the feasible workspace of the robot arm and towels
are randomly folded.

Baselines. To show the effectiveness, we implement two
ablation baselines: (1) OmniVLA-Base — no multi-
sensory pretraining, using OmniVLA model architecture
with SmolVLA backbone weights, finetuned on the 25
demonstrations. (2) Pretrained VLA-RAW — OmniVLA

model pretrained on the same 800 episodes but feed raw
sensor heatmaps/images directly (no segmentation/overlay),
then perform the same 25-shot adaptation. Our method,
OmniVLA, uses the identical pretraining and few-shot pro-
tocols but with sensor-masked images as input. To compare
different methods in more detail, we decompose each task
into two stages: Stage 1 (select the correct target to interact
with) and Stage 2 (complete the subsequent manipulation).
We report stage-wise success rates and scores (Table III),
and overall task success rate (Figure 7).

As shown in Table III, OmniVLA shows substantially
better generalization to unseen sensor-modality tasks than
both baselines. In Stage 1, OmniVLA improves success rates
by 17% over OmniVLA-Base and by 32% over Pretrained
VLA-RAW on average. In Stage 2, OmniVLA yields gains of
up to 76%. These results suggest two complementary effects:
(i) the sensor-masked overlay makes sensor cues spatially
aligned with RGB, which simplifies learning the selection
policy (Stage 1); and (ii) large-scale multi-sensory pretraining
supplies transferable manipulation priors that boost few-shot
control (Stage 2). Consequently, the few-shot task success
rate increases by 59% over OmniVLA-Base and 28% over
Pretrained VLA-RAW on average, and up to 68% across the
three unseen tasks, as shown in Figure 7. To conclude, both
sensor-masked images and pretraining significantly improve
the success rate on unseen tasks with a few episodes of
finetuning, showing powerful generalization capability.

V. CONCLUSION

We introduce OmniVLA, a multi-modal vision-language-
action model that equips robots with perception capabilities
beyond the visible spectrum by integrating sensors, i.e., in-
frared, mmWave, and acoustic sensors. Our core design is the
sensor-masked image, a unified representation that spatially
grounds and semantically aligns diverse sensor data onto
RGB images. This image-native approach allows reusing
a pretrained vision encoder, enabling data-efficient learning
with lightweight per-sensor projection layers. Through ex-
tensive real-world experiments, we demonstrated that Om-
niVLA significantly outperforms baseline models on chal-
lenging manipulation tasks, showing an average success rate
of 84%, exceeding the 25% of an RGB-only VLA and
the 56% of a model trained on unprocessed sensor data.
OmniVLA is a step towards creating more versatile and
perceptive robots that can fully understand and interact with
their physical surroundings.
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