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Abstract. Robotic Vision-Language-Action (VLA) models generalize
well for open-ended manipulation, but their perception is fragile under
sensing-stage degradations such as extreme low light, motion blur, and
black clipping. We present E-VLA | an event-augmented VLA framework
that improves manipulation robustness when conventional frame-based
vision becomes unreliable. Instead of reconstructing images from events,
E-VLA directly leverages motion and structural cues in event streams
to preserve semantic perception and perception-action consistency un-
der adverse conditions. We build an open-source teleoperation platform
with a DAVIS346 event camera and collect a real-world synchronized
RGB-event-action manipulation dataset across diverse tasks and illumi-
nations. We also propose lightweight, pretrained-compatible event in-
tegration strategies and study event windowing for stable deployment.
Experiments show that even a simple parameter-free fusion, i.e., over-
laying accumulated event maps onto RGB images, could substantially
improve robustness in dark and heavy-blur scenes: on Pick-Place at 20
lux, success increases from 0% (image-only) to 60% with overlay fusion
and to 90% with our event adapter; under severe motion blur (1000 ms-
exposure proxy), Pick-Place improves from 0% to 20-25%, and Sorting
from 5% to 32.5%. Overall, E-VLA provides systematic evidence that
event-driven perception can be effectively integrated into VLA mod-
els, pointing toward robust embodied intelligence beyond conventional
frame-based imaging. Code and dataset will be available at |[E-VLAL
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1 Introduction

Vision-Language-Action (VLA) models have recently emerged as a promising
paradigm for robotic manipulation, enabling systems to map visual observations
and language instructions directly to action sequences. Representative systems
such as RT-1 [5], RT-2 |67], the 7 family [4,[26,[27], OpenVLA |28], RDT-1B |37],
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Fig. 1: Middle: Image-based VLA models degrade under low-light and motion-blurred
conditions, leading to failures in object detection and imprecise manipulation. We pro-
pose E-VLA, which fuses stable event visual cues with image features within the VLA
pipeline, preserving reliable performance under adverse conditions. Left: Existing VLA
models (e.g., SmolVLA ) are pretrained on large-scale text-image datasets and ma-
nipulation videos. We build a teleoperation system equipped with an event camera and
collect synchronized RGB-event-action data for E-VLA training. Right: We evaluate
our method across gradient low-light and motion-blurred scenes. E-VLA consistently
achieves higher success rates than RGB baselines.

and Gemini Robotics demonstrate a common trend: leveraging large-scale
robot interaction data and pretrained vision-language models to learn versatile,
language-conditioned manipulation policies. Most existing VLA approaches are
built upon frame-based RGB perception, where pretrained visual encoders are
coupled with policy learning modules to jointly model perception, reasoning, and
control, and have shown strong performance on open-ended manipulation tasks
in well-lit laboratory settings .

However, real-world deployment exposes a critical weakness of current VLA
systems: perceptual robustness under sensing-stage degradations. Recent surveys
and benchmarks highlight illumination variation and visual domain shift as ma-
jor factors limiting stable VLA performance [1732,40]. In particular, low-light
conditions substantially reduce signal quality, while increasing exposure time
to recover brightness inevitably introduces motion blur and additional latency
during fast manipulation. In extreme cases, severe under-exposure can lead to
black clipping, where frame images become nearly unusable. Importantly, these
failures originate from the limitations of frame-based imaging itself. Although
image enhancement and data augmentation can improve visual appearance, they
work on already degraded measurements and cannot recover information lost at
capture time. Event cameras, which asynchronously capture brightness changes
with high temporal resolution and wide dynamic range , offer a compelling
alternative for robust robotic perception under low light and fast motion. Yet
integrating event sensing into VLA is nontrivial. First, event streams are sparse
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and statistically different from dense RGB images, making them poorly matched
to image-domain pretraining that modern VLA models rely on. Second, in ma-
nipulation settings, event triggering is tightly coupled with arm motion and
control timing, resulting in highly non-stationary temporal distributions. These
challenges make it unclear how to incorporate event signals into pretrained VLA
architectures while preserving stable perception—action coupling.

To address this gap, we introduce E-VLA an event-augmented VLA frame-
work for robust manipulation under visually degraded conditions. We build an
open-source teleoperation platform equipped with a DAVIS346 event camera
and collect a real-world synchronized RGB-event-action dataset across multiple
manipulation tasks and illumination conditions, enabling systematic study of
event-augmented VLA learning. On top of a SmolVLA-style backbone, we design
lightweight and pretrained-compatible event integration strategies, including a
parameter-free event overlay mechanism and a hierarchical event adapter, and
investigate event windowing/accumulation schemes to manipulation dynamics.

Extensive experiments show that E-VLA substantially improves robustness
in low-light and blur-prone scenarios while preserving performance in normal
lighting. Notably, under complete black clipping (an extreme low-light failure
mode), E-VLA maintains task success rates above 80%, compared with 0% for
the image-only baseline. We further show that event-count-based accumulation
yields more stable perception—action coupling than time-based windowing, and
that event augmentation improves generalization to unseen degraded conditions
without requiring additional low-light training data.

To summarize, our contributions are as follows:

— We present E-VLA | the first Vision-Language-Action framework that in-
tegrates event-based visual sensing for robust robotic manipulation under
low-light and motion-blur degradations.

— We build an open-source event-augmented teleoperation platform and col-
lect a real-world synchronized RGB-event-action manipulation dataset across
multiple tasks and illumination conditions, enabling systematic validating
and training of event-enhanced VLA models.

— We propose lightweight, pretrained-compatible event integration strategies,
including a parameter-free overlay fusion and a hierarchical event adapter,
together with a manipulation-aware event windowing design.

— We conduct extensive experiments and ablations, providing the first system-
atic empirical evidence and practical design insights for integrating event-
driven perception into scalable VLA learning.

2 Related Work

2.1 Vision-Language-Action Systems

Vision-Language-Action (VLA) models learn large-scale policies that directly
map visual observations and language instructions to robot actions [32,/40L/65].
Representative systems, including the RT series [5,67], the 7 family [4,26,27],
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OpenVLA [28], RDT-1B [37], and Gemini Robotics [58], demonstrate that scal-
ing multimodal transformers with large robot datasets enables generalizable
language-conditioned manipulation across diverse tasks. Recent efforts further
explore enhanced spatial reasoning via 3D representations |16}[31,50,[55], tac-
tile integration for contact modeling [3}|13[24], reinforcement learning refine-
ment [12/23,38], and efficient deployment strategies [49/611/63]. Despite architec-
tural diversity, existing VLA systems predominantly rely on frame-based RGB
cameras as their primary perceptual interface. Frame-based imaging integrates
photons over an exposure interval, which inherently limits signal-to-noise ra-
tio in low illumination and induces motion blur during fast movements. Such
degradations occur at the sensing stage and propagate through pretrained vi-
sual encoders, ultimately affecting policy stability. While geometric or tactile
extensions improve spatial reasoning and interaction modeling, they do not fun-
damentally address the imaging-level limitations of frame-based perception. As
a result, the perceptual robustness of VLA models under extreme illumination
and high-speed motion remains insufficiently explored.

2.2 Event-Based Perception in Robotics

Event cameras asynchronously record per-pixel brightness changes with mi-
crosecond latency and high dynamic range [14},/19]. By avoiding exposure-based
temporal integration, event sensing naturally mitigates motion blur and main-
tains signal fidelity under extreme lighting conditions. These properties have mo-
tivated extensive research in event-based perception, including image reconstruc-
tion [7},45], low-light enhancement [11}35/52], motion deblurring [39,/44.[48}|53],
segmentation [1L[33], detection [10,/59], optical flow [21}/64},66], and tracking |36]
60]. In robotics, event sensing has been applied to visual servoing and grasp-
ing [25L/30L/42], navigation [6/47|, slip detection [22}/46], and visual-tactile per-
ception [18,57]. However, most existing event-based robotic systems are designed
for specific tasks and rely on modular pipelines with task-dependent represen-
tations and predefined control strategies. In contrast, modern VLA models aim
to learn general-purpose, language-conditioned manipulation policies through
large-scale multimodal pretraining. Despite the complementary sensing advan-
tages of event cameras, their integration into scalable VLA frameworks remains
largely unexplored. Bridging event-driven perception with pretrained VLA ar-
chitectures therefore presents a promising direction for enhancing embodied ro-
bustness without sacrificing policy generality.

3 Methods

3.1 Overview

We build upon a SmolVLA-style [49] Vision-Language-Action framework and
investigate how event-based visual sensing can be integrated in a lightweight and
pretrained-compatible manner. Event streams captured by a DAVIS camera are
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Fig. 2: An overview of our proposed E-VLA framework. Our architecture integrates
event-based visual sensing with RGB frames and proprioceptive robot states to gen-
erate control sequences. We investigate two fusion strategies: (1) a Hierarchical Event
Adapter that injects event features into intermediate layers of a frozen ViT encoder
through trainable fusion modules, and (2) an Overlay strategy that directly combines
events with RGB images prior to encoding via SigL.IP. The resulting fusion visual to-
kens are concatenated with language tokens and state tokens and then processed by a
frozen LLM backbone, which conditions an Action Expert to produce normalized robot
actions. Snowflakes and flames denote frozen and trainable parameters, respectively.

spatially and temporally aligned with RGB frames and converted into frame-
like representations through carefully designed windowing strategies, ensuring
compatibility with standard visual encoders.

To incorporate event information without disrupting the pretrained token
distribution, we investigate two alternative fusion designs that operate at differ-
ent stages of the visual pipeline. The first design adopts a pre-encoding overlay
strategy, directly combining accumulated event frames with RGB images before
visual encoding, introducing no additional parameters. Instead of overlaying, the
second design employs a lightweight hierarchical event adapter to inject event
features into intermediate layers of the visual encoder for fine-grained cross-
modal interaction. In each case, the resulting visual tokens are processed by the
VLM backbone, and an action expert generates control sequences conditioned on
the enriched perceptual representations. An overview of our E-VLA framework
is depicted in Fig. 2] and a system schematic is shown in Fig. 3] The following
sections detail the baseline architecture, event windowing and representation
design, and the proposed fusion strategies.

3.2 SmolVLA Baseline

We adopt SmolVLA as the image-based policy baseline to have a good bal-
ance between performance and efficiency. SmolVLA is an open-source lightweight
vision-language-action model trained on community-contributed datasets with
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Fig. 3: A system schematic of our E-VLA pipeline. Incoming events are first buffered
and aggregated via a recent-count representation, then converted into an event repre-
sentation and aligned through an event adapter with visual features extracted by an
image encoder. The fused multimodal visual tokens are then fed into LLM, which inter-
acts with an action expert to generate chunked action outputs. The predicted actions
are stored in an action buffer before being executed in a streaming manner.

about 0.5B parameters. It offers strong reproducibility compared to larger or
closed-source VLA models, while maintaining competitive performance in real-
world robot deployment. SmolVLA consists of a compact vision-language back-
bone (SmolVLM ) and a lightweight transformer-based action expert. Using
SigLIP as its vision encoder, SmolVLM is pretrained on large-scale text-image
and video data, encoding multi-view RGB observations, language instructions,
and robot states into a unified token representation. The action expert then
generates action chunks conditioned on SmolVLM features through the interac-
tion design of interleaved self-attention and cross-attention. SmolVLA supports
synchronous and asynchronous inference modes. In synchronous inference, a new
policy inference process is only triggered when the current action queue is empty;,
which has a low perception delay while introducing execution pauses due to in-
ference latency. In contrast, asynchronous mode performs inference in parallel
with action execution, eliminating explicit waiting between action chunks while
prolonging its perceptual delay. Overall, this established image baseline provides
a solid foundation for our event-augmented VLA approach.

3.3 Event Windowing and Representation

Event cameras produce asynchronous and spatially sparse event streams, which
record pixel-level brightness changes. The output is formulated as tuples:

E={e M, e = (zi,yir ti, i) (1)

where x; and y; denote the pixel coordinates of the event, ¢; denotes its
timestamp, and p; € +1, —1 is the polarity of the brightness change. The output
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of this format cannot be directly consumed by standard vision-language models.
Prior event-based vision work has explored windowing and representation strate-
gies to convert raw event streams into structured forms, including fixed-duration
windows and fixed-count windows for sampling, as well as event frames, voxel
grids [66], time surfaces [29], and other specific methods [1/56] for representation.
Fixed-duration windowing is widely used in event-based methods [7},21,33//36}59]
to maintain a frame rate or to synchronize with image exposure time.

However, in the VLA setting, the temporal distribution of event streams
becomes highly unstable due to the tight coupling between perception and ac-
tion. The wrist-mounted camera undergoes continuous ego-motion induced by
robot actions, and the event rate varies substantially with the frequently chang-
ing motion speed across task phases. Under such conditions, event windowing
becomes non-trivial: fixed-duration windows may produce inconsistent event re-
sponses, leading to perception failure at low speeds and motion blur at high
speeds. Since the suitability of fixed-duration versus fixed-count windowing in
VLA scenarios remains unclear, we empirically examine these strategies and
adopt a recent-count scheme that retains the most recent N events, which can
be formulated as Eq. [2, where t. denotes the exposure end time for the current
image I € REXW>3 W, denotes the event window corresponding to I.

Ete
&, ={e; |ti<t), W= {ek}ggzlgte‘_w (2)

This model demonstrates better event stability in practice. The DAVIS sensor
provides events and RGB images with microsecond-resolution timestamps, en-
abling precise temporal alignment for implementing this windowing operation.

Compared to large-scale image-text and video datasets, event data remain
limited in both scale and diversity, making large-scale pretraining or contrastive
learning directly on event modalities impractical. To effectively leverage the
knowledge embedded in pretrained VLMs, we adopt an image-like accumulated
event representation that closely matches the input distribution of the SigLIP
image encoder used in SmolVLA. Within each window, events are accumulated
into a dense gray frame E e RV yig a polarity-agnostic way: the total amount
of events is added up at each pixel regardless of polarity. This representation em-
phasizes event density and the absolute position while discarding the direction of
intensity change, resulting in a structurally stable input format. We use a colored
DAVIS346 camera equipped with a Bayer filter, enabling the capture of RGB
event streams. So the accumulated event frames are first normalized to [0, 1] and
then demosaiced to obtain three-channel representations £ € REXWx3 The
whole process can be formulated as Eq. [3] where §(x,y) denotes the 2D Kro-
necker delta function, Norm(-) denotes the min-max normalization, and D(-)
denotes the demosaicing operation.

E(x,y)= Y d(@—zny—y), E=DNorm(E)). (3)
e; EWr
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3.4 Event Fusion Strategy

In the VLA architecture, visual observations are encoded into a sequence of to-
kens by a ViT-style encoder, then concatenated with language instruction tokens
and robot state tokens before being fed into the LLM. Under this formulation,
naively introducing additional event tokens would increase the token length and
computational cost, and potentially disrupt the pretrained token distribution
of the visual encoder. To preserve the original token length and leverage pre-
trained visual-language knowledge, we fuse event information into the existing
visual tokens, rather than adding new event tokens.

We explore two event fusion strategies that operate at different stages of

the visual processing pipeline: an overlay-based fusion that combines events and
images before visual encoding, and a lightweight hierarchical event adapter that
integrates event features within the visual encoder.
Overlay-based fusion. Given the spatial alignment between frame images and
events provided by the DAVIS camera, a simple pre-encoding fusion can be
implemented by directly overlaying the windowed events onto RGB images. Let
E(z,y) denotes the events at position (z,y) within the window:

Eay) = 1ei | e €W, (zi,9:) = (z,9)}. (4)

The overlay process can be formulated as Eq. [f] where I° donates the overlay
image, c(p;) donates the polarity-to-color projection.

Io(x y) _ I(:L‘7y), ‘g(L,y)‘ :Oa (5)
’ c(p;), J=argmax;t;, e; € Eyy).

This approach directly injects events into the visual input before ViT encoding,
enriching the visual information without adding parameters, making it a plug-
and-play and computationally efficient implementation.

Hierarchical event adapter. To enable progressive and fine-grained fusion of
event and image information, we further propose a lightweight hierarchical event
adapter that integrates event features into the image encoder during visual en-
coding. Specifically, accumulated event frames E are processed by a compact
ViT-style event adapter which consists of a 16 x 16 weight-sharing patch em-
bedding layer (sharing weights for closer feature distribution) and four stacked
Transformer blocks. The outputs of these blocks are progressively fused with the
corresponding intermediate features of the original visual encoder. For SigLIP
in SmolVLA, we choose 3, 6, 9, and 12 as fusion layers. Let G;(-) denotes the
I-th layer of the event adapter, F;(-) denote the I-th group of the SigLIP en-
coder layers, E®) and F®) denote their output features, respectively, and P(-)
denotes the weight-sharing patch embedding. Initially, we have E(©) = P(E),
F©) = P(I). Then the overall hierarchical fusion process can be formulated as
Eq. [6] where Fuse(-) is implemented as MLP(Concat(-)).

EWD = g (EW)Y, PO = (Fuse(FO, EDY)). (6)
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Fig. 4: Middle: The visualization of the proposed dataset. Events are represented as
colored frames following Sec. [3.3] Left: Side and top views of our teleoperation platform
based on LeRobot SO100 manipulator 8] and DAVIS346 event camera. Right: Above
are the statistics of our dataset. The line chart below shows that even when the image
signal rapidly decays with decreasing illumination, the event modality can still maintain
a stable event rate (~ 87k events per second or KEPS).

The introduced event adapter and fusion module adopt smaller hidden dimen-
sions and fewer layers, which only introduce 13M additional parameters, less
than 3% of the total model, enabling a fine-grained and multi-level event-image
fusion while preserving computational efficiency.

4 Dataset

4.1 Event-Augmented Teleoperation Platform

To support event-augmented VLA learning and real-world evaluation under visu-
ally degraded conditions, we build a unified teleoperation platform on the open-
source SO100 6-DoF robotic arm [8] , using structurally identical leader—follower
arms for demonstration collection and closed-loop testing. The follower arm is
equipped with an angle-driven gripper as the end-effector, and a DAVIS346
event camera is rigidly mounted on the wrist via a custom holder, providing
pixel-aligned asynchronous events and RGB frames at 346 x 260 resolution with
microsecond-level timestamps. Instead of adopting a multi-view setup, we delib-
erately use a monocular wrist-view camera to preserve system compactness and
deployment practicality, while naturally coupling arm motion with event gen-
eration, providing an appropriate setting for integrating event cues to explore
perception—action robustness under visual degradation. In practice, we find that
a wide field of view is critical for wrist-view manipulation, as narrow-view lenses
frequently miss task-relevant context; we therefore replace the original pinehole
lens with a compact wide-angle lens (2.2 mm focal length, F/1.8), achieving a
field of view greater than 100° with suitable depth of field for typical manipula-
tion distances. The DAVIS camera operates with fixed hardware gain, all frames
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are recorded at 30 FPS, and unless otherwise specified, we use a 10 ms exposure
time. To reflect realistic edge deployment constraints, both data collection and
on-robot inference are conducted on an NVIDIA AGX Orin platform.

4.2 RGB-Event-Action Dataset

Existing event-based datasets [2}|20L[34)|43][51}[54] mainly focus on perception
tasks (e.g., deblurring, optical flow, or reconstruction), while real-world event
datasets for imitation learning and VLA-style manipulation remain extremely
limited. To bridge this gap, we collect a new event-augmented manipulation
dataset using the teleoperation system above; to the best of our knowledge, this
is among the first real-world datasets designed specifically for studying synchro-
nized RGB-event—action learning in language-conditioned manipulation under
challenging illumination. Following SmolVLA [49], we include three representa-
tive tasks: Pick-Place, Sorting, and Stacking. Pick-Place requires grasping
an object from a random location and placing it into a fixed cup; Sorting ad-
ditionally requires color-based discrimination to place objects into designated
cups; and Stacking requires precise placement of one cube on top of another
under a constrained gripper-centric field of view. For each task, demonstrations
are collected under one normal illumination condition (2001ux) and three lower
illumination levels (100, 75, and 40lux), with both fixed and randomized initial
arm configurations to improve diversity and robustness. Due to the low hard-
ware gain of the DAVIS camera, bright scenes under 200 lux still produce slightly
dark images with about 60 of 255 grayscale value as shown in Fig. [l All data
are stored in the LeRobot format, where RGB frames and event streams are
temporally aligned by camera timestamps and synchronized with robot states
and actions. In summary, our dataset comprises 724 episodes (305 under nor-
mal illumination and 419 under three progressively decreasing low-light levels),
totaling 339310 frames. Fig. [4] provides an overview of the dataset composition
and capture setup.

5 Experiment

5.1 Implementation Details

We compare E-VLA against four representative alternatives: RetinexNet, Retinex-
former, EvLight, and E2VID, using official pretrained weights and standard im-
plementations. RetinexNet, Retinexformer, and EvLight are treated as low-light
image enhancement baselines, where low-illumination images are enhanced of-
fline for training and processed with the same enhancement pipeline at inference
time; E2VID is used as an event-to-image reconstruction baseline, where event
streams are first converted into color images and then introduced as additional
visual inputs during both training and testing. For fair comparison, the VLM
backbone is kept frozen in all settings, and imitation learning updates only the
action expert and projection MLP layers. For our event-adapter variant, we also
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freeze the VLM backbone to preserve pretrained visual-language priors, and train
the event branch with a two-stage strategy: we first optimize the newly intro-
duced adapter from scratch, and then jointly fine-tune the adapter together with
the action expert and projection layers. To avoid shortcut learning from RGB
inputs and encourage effective event utilization, we apply a random dropout to
the image branch during training. Unless otherwise specified, all methods are
fine-tuned on the same multi-task, multi-illumination dataset for 20k iterations,
and training is performed on a single NVIDIA A800 GPU.

5.2 Evaluation Protocol

We evaluate all methods on the same real-world teleoperation platform (SO100 +
DAVIS346) over three manipulation tasks (Pick-Place, Sorting, Stacking) under
multiple illumination conditions, with policy inference executed on an NVIDIA
AGX Orin. For fair comparison, we sample task-specific test configurations once
and keep them fixed: Pick-Place uses 10 test locations, and Sorting /Stacking uses
10 paired configurations with randomly swapped object placements. We adopt
partial-credit scoring (Pick-Place: pick/place; Sorting: per-object pick/place;
Stacking: pick/stack). We use synchronous inference with an action chunk size
of 40 at 30 Hz (predicting ~1.33 s actions per forward pass). Success is measured
within 1 minute for Pick-Place/Stacking and 1.5 minutes for Sorting. Additional
implementation details are provided in the supplementary material.

Table 1: Task success rates (%). Higher is better. Results are reported under different
illumination levels (lux) on the Pick-Place task.

Method 75 lux 40 lux 35 lux 30 lux 25 lux 20 lux Average

Image (10ms exp.) 47.5
Image+Ret1nexNet 6 66.7
Image+Ret1nexformer 60.8

Image+Eleght 70.0
Image+E2VID 4 35.8

Ours overlay 80.8
Ours event adapter 94.2
Success rates (%): [l > 90 (Best) 80 ~ 90 70 ~ 80 60 ~ 70 50 ~ 60 [l < 50 (Bad)

5.3 Low Illumination Performance

We evaluate task success rates under progressively reduced ambient illumination
for image-only policies, image-based enhancement baselines, and the proposed
E-VLA models (Pick-Place results in Tab. . Under well-lit settings, event in-
tegration does not hurt performance: at 75lux all methods expect E2VID reach
100%, and at 40 lux both overlay fusion and the event adapter achieve 100% (vs.
80% image-only).
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As illumination drops, the image-only baseline degrades from 70% (35 lux)
to 35% (301lux) and collapses to 0% (25/201ux). Image enhancement helps only
moderately (e.g., RetinexNet reaches 80% at 301lux) but deteriorates at lower
light (20-45% at 25lux and 5-10% at 201lux for several baselines), consistent
with Fig. [5} In contrast, E-VLA is markedly more robust: overlay achieves 75%
at 301lux and 65%/60% at 25/20lux, while the event adapter reaches 90% at
301ux and maintains 90% at 25/201lux. When frames are nearly black-clipped
(25/201ux), image-only fails (0%), whereas event-based variants retain substan-
tial success (65-60% overlay; 90% adapter), showing that event streams provide
actionable cues even when frames are uninformative. At even lower illumination,
performance only drops near ~2lux (Tab. S1, supplementary material), where
event noise begins to dominate.

5.4 Generalization without Low-light Training

We further test OOD illumination generalization by training all models only
on well-lit (2001ux) demonstrations and evaluating at lower lux (Tab. [2). The
image-only policy drops from 65% (751lux) to 30% (401ux) and collapses to 0%
(30/201ux). In contrast, the event adapter remains robust: 85% (751lux), 75%
(401ux), and 70%/45% (30/20 lux). This shows event-based perception improves
robustness to unseen illumination shifts and reduces the need for extensive low-
light data collection.
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Table 2: Task success rates (%) for Out-Of-Distribution (OOD) low-light conditions
on the Pick-Place task. In-Distribution (ID) refers to evaluating on low-light scenes
that are included in training, for which the success rates are reported in Tab.[[} OOD
refers to evaluation on unseen low-light scenes.

100 lux 75 lux 40 lux 30 lux 20 lux Average

Method ID OOD ID OOD ID OOD ID OOD ID OOD OOD
Image (10ms exp.) 39.0
Image+Retinexformer 46.0
Image + EvLight 0.5
Ours overlay 54.0
Ours adapter 75.0
Success rates (%): - > 90 (Best) 80 ~ 90 70 ~ 80 60 ~ 70 50 ~ 60 - < 50 (Bad)

5.5 Motion Blur Performance

We evaluate robustness under increasing motion blur by jointly adjusting illumi-
nation and exposure time (Tab. . Under mild blur, methods are comparable.
As blur increases, image-only performance drops sharply: at 300 ms, overlay im-
proves Pick-Place from 40% to 90% and Sorting from 52.5% to 72.5%, while
the event adapter reaches 85%/85%. Under severe blur (1000 ms), image-only
falls to 0% (Pick-Place) and 5% (Sorting), whereas overlay achieves 20%/32.5%
and the event adapter further improves Pick-Place to 25% (Sorting: 32.5%).
All models are trained without motion-blurred data, indicating gains stem from
event sensing (high temporal resolution + recent-count windowing) rather than
blur-specific adaptation, and mitigating the low-light /exposure trade-off of frame
imaging.

Table 3: Task success rates (%). Higher is better. Results are reported under different
motion blur levels (represented by exposure time) on Pick-Place and Sorting task.

100 ms 200 ms 300 ms 400 ms 500 ms 1000 ms Average
Method P&P Sorting P&P Sorting P&P Sorting P&P Sorting P&P Sorting P&P Sorting P&P Sorting
Image 775 8  75.0 52.5 45.0 438
Ours overlay 72,5 60 70.0 60  55.0 71.7 70.0
Ours adapter 85.0 85 85.0 85 72.5 50 74.2 69.2
Success rates (%): - > 90 (Best) 80 ~ 90 70 ~ 80 60 ~ 70 50 ~ 60 - < 50 (Bad)

5.6 Ablation Studies

We analyze key design choices for event-based VLA, including event windowing
and training recipes.

Event windowing strategy and size. Tab. [d] shows time-based windows
(5/20/40 ms) are unreliable under synchronous manipulation due to pauses and
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Table 4: Task success rates (%) for different event windows. Higher is better. Results
are reported under different illumination levels (lux) on the Pick-Place task.

Event Window 75 lux 40 lux 35 lux 30 lux 25 lux 20 lux Average

5ms window 80 70 65 55 50 60.8

S5
85 85 80 75 70 82.5
5

20 ms window

40 ms window 75 50 75.0
500 events 60 50 50 67.5
2000 events 94.2
4000 events 85 70 85.8
Success rates (%): - > 90 (Best) 80 ~ 90 70 ~ 80 60 ~ 70 50 ~ 60 - < 50 (Bad)

speed changes, while event-count windows are more stable. A moderate window
performs best: 2000 events yields 95% at 35lux and 90% at 30/25/20lux, out-
performing 500 events (60% at 35lux; 45% at 201ux) and 4000 events (85% at
35lux; 70% at 20 lux).

Training recipe and weight-sharing. Tab. |5| confirms progressive training
is critical: Action—Joint achieves 75%, while Event—Joint drops to 50%. Us-
ing both Action and Event stages improves to 80% (Action—Event— Joint, no
sharing), and the full recipe with patch-embedding weight-sharing reaches 90%,
supporting stable perception—action alignment and cross-modal integration.

Table 5: Task success rates (%) on different training recipes at 30 lux. Higher is better.
‘sharing’ represents weight-sharing for the patch embedding layer.

Strategy Action Event Joint Sharing Success
Action—Joint v X v v 75.0
Event—Joint X 4 v v 50.0
Action — Event—Joint v v v X 80.0
Ours v v v v 90.0

5.7 Failure Cases: Color Semantics and Occlusion

We further investigate Sorting and Stacking, which introduce task-specific per-
ceptual challenges beyond those in Pick-Place.

1) Color-based sorting. Unlike the Pick-Place task, the Sorting task addition-
ally requires correct color-based placement. Although grasping remains reliable,
failures mainly occur during placement due to the lower color classification ac-
curacy of event-based methods when RGB frames are degraded. This limitation
is inherent to event sensing: events encode intensity changes rather than abso-
lute appearance, static object color vanishes after grasp stabilization, and sparse
RGB events do not satisfy dense demosaicing assumptions. It suggests that,
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while event cues are effective for maintaining object-level perception under low
illumination, tasks that require reliable color discrimination remain supported
by intensity-based visual signals. 2) Stacking with occlusion. In the Stack-
ing task, failures primarily arise during the stack phase due to the viewpoint
occlusion caused by the grasped object blocking the wrist-mounted camera [40].
Therefore, the availability of event information does not substantially alter the
perceptual bottleneck. Overall, these results indicate that E-VLA is effective
for low-light manipulation tasks. Limitations observed in color-driven behaviors
point to representation-level challenges that may be addressed with more ad-
vanced event-based color reconstruction, whereas failures under strong viewpoint
occlusion reflect perceptual constraints that are not directly mitigated by event
sensing. More detailed success rate analyses can be found in the supplementary
material.

6 Conclusions

We present E-VLA, an event-augmented vision-language-action (VLA) frame-
work that improves VLA robustness under visual degradations, including ex-
treme low light, black clipping, and motion blur. Instead of reconstructing im-
ages from events, E-VLA integrates asynchronous event streams into a pre-
trained VLA architecture in a lightweight, token-compatible manner, enabling
robust manipulation without large-scale event pretraining. To facilitate system-
atic study, we build an open-source teleoperation platform with a DAVIS346
event camera and collect a synchronized RGB—-event—action manipulation dataset
spanning tasks, illumination levels, and motion regimes. Experiments show that
even a parameter-free fusion (i.e., overlaying accumulated event maps onto RGB
images) improves success when frame inputs become unreliable, while preserv-
ing performance in bright scenes. On Pick-Place at 20 lux, success increases from
0% (image-only) to 60% with overlay fusion and to 90% with our event adapter;
under severe motion blur (1000 ms exposure), Pick-Place improves from 0% to
20-25%, and Sorting from 5% to 32.5%. Moreover, E-VLA improves out-of-
distribution generalization across illumination shifts and blur-heavy dynamics.
Our ablations provide design insights for coupling event perception with vision-
pretrained policy models, highlighting event windowing/accumulation, represen-
tation choice, and training balance for stable perception—action alignment. We
hope this work encourages adoption of event-driven sensing in VLA learning and
inspires robust embodied intelligence beyond frame-based imaging.
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