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1 CODE AND DATA APPENDIX.

In the pre-training fine-tuning dataset EIQA-1M, we aligned the open-source, large-scale N-
ImageNet with question–answer pairs. The aligned text was refined through a combination of Chat-
GPT generation and human editing, and we crafted multiple instruction and QA formats to boost the
model’s ability to handle event-stream QA tasks. Figure 1 illustrates examples from our EIQA-1M.

Query: This an event stream. Please watch it and 
tell me what is in the event?

Answer: It’s a camera in the event.

Examples of EIQA-1M

Query: This data is an event stream, could you 
examine it and explain what's in the event?

Answer: It’s a box turtle in the event stream.

Query: Here is an event stream. Please review it 
and describe what you see.

Answer: It’s an African elephant.

Query: Please determine what object this is based 
on the input event stream.

Answer: It’s an African elephant.

Figure 1: Examples of EIQA-1M.

For the benchmark EVQA-Bench, we used an event simulator to produce event streams in (t, x, y, p)
tuples, applied our pipeline to annotate QA pairs, and further adjusted the instructions and answers
wherever they conflicted with the actual event content. We also annotated QA pairs for the open-
source N-Caltech101 and incorporated it into the benchmark as a short-temporal classification task.
Across the entire EVQA-bench we cover multiple scenarios, including driving roads, human activ-
ities, and object motion, collisions, and recognition. Figure 2 presents dataset examples for each
scenario.

It is worth noting that, while this work was under way the EventGPT team had not yet released the
event-text fine-tuning data they used (despite stating in their paper that it would be public, it was re-
leased on 25 June). Hence all our training and fine-tuning relied solely on our self-annotated EIQA-
1M. In experiments—whether on the public N-Caltech101 or on our own datasets—our model
achieved performance higher than EventGPT, as shown in the main-text comparisons. In Figure
3 we further present LET-US’s performance on long-sequence event streams.
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Query:What is ahead on the road?

Answer： There is a car directly ahead on 
the road, and another car is about 
to pass on the front-left.

Driving road

Object motion and collision

Human activities

Query: How is the first object entering the 
scene moving?

Answer: The first object entering the scene 
moves from left to right, then colli-
des with a cube and moves upward.

Query: Please describe the content of event
briefly.

Answer：A man is riding a bike from the 
right of scene to the left.

Figure 2: Dataset presentation under different scenarios.

2 LIMITATION AND FUTURE WORK.

Limitation. Although we have achieved performance that surpasses all state-of-the-art methods in
understanding long-sequence event streams and demonstrated LET-US’s ability to produce coherent
predictions over such data, it is important to acknowledge a set of persistent limitations that stem
from the native characteristics of event cameras themselves. First, in complex outdoor scenes or
low-light indoor environments, sudden illumination changes, background flicker, and sensor jitter
generate large volumes of spurious ON/OFF events that obscure the truly informative dynamics of
the scene, forcing the model to sift through a high noise-to-signal ratio before meaningful reason-
ing can even begin. Second, the low spatial resolution of most commercial event sensors means that
small or distant objects may be represented by only a handful of activated pixels; subtle features such
as a pedestrian’s hand gesture or a vehicle’s indicator light are therefore frequently lost, reducing
both recognition accuracy and safety-critical situational awareness. Third, the event representation
itself is fundamentally sparse and edge-centric: each pixel reports only binary polarity flips with-
out color, absolute intensity, or texture, depriving the model of rich visual cues that conventional
frame-based systems exploit for fine-grained tasks such as material classification or attribute recog-
nition. Fourth, events arrive asynchronously at microsecond precision yet in highly bursty patterns;
batching them into fixed-length windows or voxel grids introduces unavoidable trade-offs between
temporal fidelity and computational tractability, and misalignment artifacts can propagate through
the network’s spatiotemporal hierarchy. Finally, the annotation of raw event clouds remains labor-
intensive and error-prone, limiting the availability of large-scale, high-quality supervised datasets;
this scarcity hinders progress on rare-event understanding, long-tail classes, and safety-critical edge
cases. These issues show that event-based perception still needs key advances. We need stronger
denoising methods, adaptive spatiotemporal representations, self-supervised pre-training on unla-
beled data, and domain adaptation that accounts for hardware differences. With these improvements,
event-based vision can rival or even exceed frame-based vision in real-world applications.

Future work. How to leverage high temporal resolution to more accurately interpret the scenes de-
scribed by an event stream when spatial information is limited remains a key challenge. We envision
future work proceeding along several fronts: firstly, we will add adaptive denoising and stronger
filters to handle noisy, low-resolution scenes. Secondly, we will test multi-scale and hierarchical
Transformer blocks to capture both quick motions and long-term trends. Thirdly, we will build
much larger event-to-text datasets, including more real-world streams, to support stronger cross-
modal pretraining. Fourthly, we will fuse event data with RGB images, depth, and audio through
cross-modal attention to improve fine-grained recognition and scene understanding. Fifthly, we will
apply self-supervised and contrastive learning on unlabeled streams to lower annotation costs and
improve transferability. Sixthly, we will explore pruning, quantization, and knowledge distillation so
the system can run in real time on low-power edge devices. Seventhly, we will design tougher bench-
marks that demand multi-step causal reasoning and interactions among multiple objects. Eighthly,
we will build visualization tools that show which events and moments the model attends to, making
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Query: This is an event stream. Please observe it carefully and tell me what 
scene this event stream depicts.

LET-US: The event stream depicts a tram line in the city center: on an 
open plaza or pedestrian street, a curved track runs along the ground, 
flanked on both sides by continuous mid- to high-rise commercial 
buildings and storefronts. Pedestrians are scattered throughout the 
scene—some walking in groups in the distance, others conversing or 
brushing past one another in the foreground. Bare street trees and lamp 
posts are faintly visible along the curb, and the sky is softly lit, giving 
the whole view the feel of an urban public space.

107

Query: Please examine this event stream closely and provide a detailed 
description of its contents.

LET-US: The camera moves forward with the vehicle along a wide resi-
dential street, and neat rows of houses on both sides stand out clearly thanks 
to the red and blue polarity events. A van parked on the right and a curved 
streetlamp on the left are equally distinct. A prominent “30” speed limit 
marking on the road surface grows larger frame by frame as the vehicle 
approaches. Tall trees lining the street trigger dense events under changing 
lighting, forming fine textures. With the overall background rendered bright, 
the red and blue pixels highlight edges and dynamic details, together portr-
aying a vehicle steadily moving through a well lit residential street.
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Query: Watch this event stream carefully and give a detailed account of 
what it contains.

LET-US: These event frames show a forward-facing view from a vehicle 
driving along a city street. Multi-storey residential and commercial buildings 
line both sides, their facades outlined by dense red-blue edge events. A row 
of tall trees borders the left pavement, while utility poles and shop fronts 
appear on the right. The event density suggests steady forward motion—
stationary structures generate fine, grainy edges, and the road surface appears 
relatively smooth. No pedestrians or other moving vehicles dominate the 
scene; the focus remains on the straight roadway stretching ahead through an 
urban corridor.
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Query: This is an event stream. Look carefully at this event stream and 
describe its content in detail.

LET-US: These two event frames capture a forward view from a vehicle 
driving along a suburban residential road. A straight two-lane carriageway runs 
through the centre, its surface rendered as fine red-blue streaks by the event 
sensor. On the left, a continuous hedge and tall conifer trees line the verge, 
their trunks and foliage sharply outlined by polarity events. On the right sit 
detached houses with front yards and a parked sedan. In the distance, a light-
coloured building marks the vanishing point, suggesting the vehicle is steadily 
approaching it. Event activity is evenly distributed, with no visible pedestrians 
or oncoming traffic, indicating a quiet scene with low traffic density.
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Query: Here is an event stream, examine it closely and give a detailed 
description of what it shows.

LET-US: The camera captures the motion of a vehicle that travels straight 
along a residential road and then turns right into a side street. The initial view 
looks down the lane, flanked by houses, fences and a streetlamp, with a distant 
car barely visible ahead. As the steering wheel turns clockwise, the scene 
pivots right: façades and the curb rapidly enlarge, while trees and railings on 
the left trigger a surge of red-blue polarity events, producing dense textures. 
Streak-like stretches appear on the roadway due to increased angular velocity, 
indicating the vehicle’s smooth entry into a narrower side street. Throughout 
the sequence, no pedestrians or oncoming traffic distract the scene, and …
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Query: Study this event stream carefully and provide a thorough description 
of what it depicts.

LET-US: These event show a vehicle moving steadily along an urban 
residential street. At first it approaches a junction: a row of three-storey
apartment blocks stands on the left, while trees and lamp posts line the right, 
and a zebra crossing spans the lane, its bars outlined by red-blue events. As the 
car drives over the crossing and continues forward, facades, pavement edges, 
and foliage remain sharply traced by polarity events. Far ahead, a van travels in 
the same direction, but there are no pedestrians or oncoming vehicles, 
indicating light traffic. Overall, the sequence captures a clear, straight drive 
through a wide city street, with static buildings and roadside vegetation …
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Figure 3: Dataset presentation under different scenarios.

its decisions easier to interpret. Finally, we will deploy the model in applications such as robotics,
autonomous driving, and industrial monitoring to test its robustness under dynamic lighting and
complex backgrounds, and we will integrate it with large vision-language models for fluent tempo-
ral language understanding.

3 DEMO

To better illustrate our results, we used the real-world DSEC dataset to showcase the model’s scene
understanding capabilities, which includes a variety of complex driving road scenarios. We present
LET-US’s performance on some examples of DSEC dataset in Figure 3.
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