Scaling Dense Event-Stream Pretraining from Visual Foundation Models

Supplementary Material

In this appendix, we supplement the following materials
to support the findings and observations in the main body of
this paper:
 Section | elaborates on detailed implementation specifics
to facilitate reproduction;

* Section 2 presents the complete quantitative results of our
experiments;

* Section 3 includes extensive qualitative results to indicate
clearer visual comparisons;

 Section 4 provides a further analysis of the current limi-
tations and discusses potential improvement methods.

1. Additional Implementation Detail

1.1. Pretraining Datasets

In this work, we assemble an extensive collection of syn-
chronized image-event datasets to pretrain a versatile and
reliable event-domain feature encoder. These datasets span
diverse sensing conditions, motion patterns, environments,
and acquisition pipelines, providing broad coverage for
large-scale cross-modal alignment. A summary of the de-
tailed configurations and salient characteristics of these pre-
trained datasets is shown in Table 1 and Table 2, grouped by
real-world and synthetic sources.

1.2. Vision Foundation Models

In this work, we adopt the state-of-the-art visual founda-
tion model DINOv3 [23] as the teacher model to distill fine-
grained representations into our event encoder. Before com-
mitting to this choice, we conducted a brief comparative
analysis of representative VFMs: CLIP [20], DINOv2 [18],
SAM [10], SEEM [37], RADIO2.5 [8], OpenSeeD [33],
DINOV [12], GLEE [30], and DINOv3, with emphasis on
fine-grained representation fidelity (token-level affinities,
boundary sharpness, and global-local coherence). Using a
controlled toy example (Figure 1), we probed the quality of
the learned semantic structure. DINOv3 consistently exhib-
ited the most coherent long-range grouping and the clearest
region boundaries, and is therefore selected as our teacher
model. Supporting qualitative results are reported in [23].

1.3. Downstream Datasets

Semantic Segmentation. Following prior works [13, 14,
34], we evaluate event-based semantic segmentation on the
DDD17-Seg [1] and DSEC-Semantic [26] datasets.

(i) DDD17-Seg: DDD17-Seg [1] is a semantic segmen-
tation extension of the DDD17 [3] dataset. Alonso and
Murillo [1] overlay semantic masks on by leveraging co-
registered gray-scale frames with event streams to synthe-
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Figure 1. Comparison of dense image features under different
visual foundation models through a toy example.

size approximate labels, which proved effective for training
models that segment directly on event data. The dataset pro-
vides 15, 950 training and 3, 890 test samples, with seman-
tic maps at 352 x 200 resolution. Each pixel is annotated
with one of six classes: flat, background, object, vegetation,
human, and vehicle. Download.

(ii) DSEC-Semantic: DSEC-Semantic [26] is a seman-


https://github.com/Shathe/Ev-SegNet

Table 1. The pretraining dataset configuration and data statistics for the nine real-world event-image datasets used in our experiments.

Dataset llustration Resolution Statistics Source&Type
Real-world
5,000 pairs DAVIS346B
DDD17 [3] 346 x 260 ~ 20 categories Low-resolution
36 sequences Driving Scene
Download
Real-world
5,000 pairs DAVIS346B
MVSEC [35] 346 x 260 ~ 20 categories Low-resolution
9 sequences Driving Scene
Download
Real-world
5,000 pairs DAVIS346C
SEE-600K [16] 346 x 260 ~ 20 categories Low-resolution
16 sequences Daliy Scene
Download
Real-world
30,000 pairs DAVIS346C
VisEvent [29] 346 x 260 ~ 80 categories Low-resolution
820 sequences Daliy Scene
Download
Real-world
30,000 pairs DAVIS346C
CoeSot [27] 346 x 260 ~ 90 categories Low-resolution
1343 sequences Daliy Scene
Download
Real-world
20,000 pairs Prophesee Gen3.1
DSEC [6] 640 x 480 ~ 40 categories High-resolution
53 sequences Driving Scene
Download
Real-world
5,000 pairs Prophesee Gen4
FEVD [9] 1024 x 768 ~ 20 categories High-resolution
21 sequences Daliy Scene
Download
Real-world
20,000 pairs Prophesee Gen4
M3ED [4] 1280 x 720 ~ 40 categories High-resolution
57 sequences Multiple Platforms
Download
Real-world
10,000 pairs High-resolution
HighREV [24] 1632 x 1224 ~ 20 categories Multi-modality

25 sequences

Daliy Scene
Download



https://pkuml.org/resources/pku-ddd17-car.html
https://daniilidis-group.github.io/mvsec/
https://github.com/yunfanLu/SEE
https://github.com/wangxiao5791509/VisEvent_SOT_Benchmark
https://github.com/Event-AHU/COESOT
https://dsec.ifi.uzh.ch/dsec-datasets/download/
https://sites.google.com/view/fevd-cvpr2024
https://m3ed.io/sequences/#car-1
https://www.kaggle.com/datasets/lei0331/highrev-full/code

Table 2. The pretraining dataset configuration and data statistics for the seven synthetic event-image datasets used in our experiments.

Dataset lustration Resolution Statistics Source&Type
af ID2E Simulati
20,000 pairs Zo resillmtliloiuon
SDSD [28] 346 x 260 ~ 50 categories woresott
150 sequences Daliy Scene
q Download
VID2E Simulati
20,000 pairs Low resollrlrlltlilozrll10n
DAVIS17 [19] 346 x 260 ~ 100 categories .
90 sequences Motion Scene
q Download
VID2E Simulati
40,000 pairs High res;;?ii;lnlon
DECD [21] 640 x 480 ~ 40 categories &
120 sequences Driving Scene
q Download
VID2E Simulati
KITTI [7] 1242 x 375 ~ 40 categories g .
60 sequences Driving Scene
q Download
VID2E Simulati
10,000 pairs High reséiltlijnlon
GoPro [17] 1280 x 720 ~ 30 categories g.
35 sequences Daliy Scene
d Download
VID2E Simulati
50,000 pairs High reséﬂltli(?nlon
Waymo [25] 1920 x 1280 | ~ 40 categories &
147 sequences Driving Scene
5eq ) Download
ID2E Simulati
. . - u
Cityscapes [5] 2048 x 1024 | 40 categories &
Driving Scene
10000 sequences
Download

tic segmentation extension of the DSEC [6] dataset. Lever-
aging DSEC’s synchronized, high-resolution RGB images
and event streams across diverse driving conditions, Sun
et al. [26] applied a pseudo-labeling procedure akin to
DDD17-Seg[1] to generate semantic masks for eleven se-
quences (11/53), yielding the DSEC-Semantic benchmark.
The dataset provides 8, 082 training and 2, 809 test samples,
with semantic maps at 640 x 440 resolution. Each pixel is
annotated with one of eleven classes: background, build-
ing, fence, person, pole, road, sidewalk, vegetation, car
wall, and traffic-sign. Download.

Depth Estimation. Following the setup of prior works [2,
15], we evaluate on the MVSEC-Depth [35] and DSEC-
Depth datasets [6] for event-based monocular depth estima-
tion.

(i) MVSEC-Depth: MVSEC-Depth is a depth estima-
tion variant of the MVSEC [35] dataset. The dataset pro-

vides events at a resolution 346 x 260 pixels from a stereo
event camera consisting of two DAVIS346B sensors. The
depth ground-truth is derived from a 16-line LiDAR using
Lidar Odometry and Mapping (LOAM), yielding a total of
10, 351 training samples and 21, 125 testing samples. The
test set is divided into a 5k-sample daytime subset and three
night-time subsets, each containing 5k samples. Download.

(ii) DSEC-Depth: DSEC-Depth is a depth estimation
variant of the DSEC [6] dataset. DSEC employs two Proph-
esee Gen3.1 event cameras in a stereo configuration. The
disparity ground-truth is obtained using a 32-beam LiDAR,
processed with a Lidar Inertial Odometry algorithm, and
further filtered to remove outliers. We convert the disparity
ground-truth to depth map based on the stereo setup param-
eters. The dataset provides 19,181 training and 7, 157 test
samples, with depth maps at 640 x 480 resolution. Down-
load.


https://github.com/dvlab-research/SDSD
https://github.com/BIT-Vision/ECOS?tab=readme-ov-file
https://rpg.ifi.uzh.ch/E2VID.html
https://www.cvlibs.net/datasets/kitti/
https://pkuml.org/resources/pku-ddd17-car.html
https://waymo.com/open/data/motion/
https://www.cityscapes-dataset.com/downloads/
https://github.com/uzh-rpg/ess?tab=readme-ov-file
https://daniilidis-group.github.io/mvsec/
https://dsec.ifi.uzh.ch/dsec-datasets/download/
https://dsec.ifi.uzh.ch/dsec-datasets/download/

Table 3. Experimental setup for fine-tuning downstream tasks. Ir denotes learning rate. All configurations are based on the ViT-L
encoder. Apart from batch size, which depends on model scale, all other settings remain identical across experiments.

Dataset Semantic Segmentation Depth Estimation Flow Estimation
DDD17-Seg [ DSEC-Semantic MVSEC-Depth [ DSEC-Depth MVSEC-Flow
optimizer AdamW AdamW AdamW AdamW AdamW
encoder Ir 2 x10°° 2x10°° 2 x10°° 1x10°° 1x10°°
decoder Ir 5x10°° 4 %105 4 %1075 2x 106 2x10°°
weight decay 1x 10742 1x 1074 1x 10742 1x 1072 1x 1072
batch size 40 12 40 12 24
epochs 20 30 30 30 20
Ir scheduler exponential exponential exponential exponential exponential
scheduler gamma 0.9 0.9 0.9 0.9 0.9
scheduler epoch 5 5 5 5 5
gradient clipping norm 0.1 0.1 0.1 0.1 0.1

Optical Flow Estimation. Following the setup of prior
works [31, 32], we evaluate event-based optical flow esti-
mation on the MVSEC-Flow [36] dataset. MVSEC-Flow
is an optical flow estimation variant of the MVSEC [35]
dataset. MVSEC employs two DAVIS346B event cam-
eras in a stereo configuration. MVSEC-Flow provides per-
camera poses and depth maps for each event camera, which
were used to generate ground truth optical flow. In this
work, we use outdoor_day2 sequence for training (26, 677
samples), indoor _flyingl, indoor_flying2, indoor _flying3 se-
quences for testing (7, 775 samples). Download.

1.4. Downstream Fine-tuning

* Experimental Setup. The details of the fine-tuning pro-
cedure are outlined in Table 3.

e Data Augmentation. No data augmentation strategies
are applied during fine-tuning on downstream tasks.

e Linear Probing. The pretrained event feature encoder
is frozen with a trainable pixel-wise task head which is
trained for 20 epochs, setting the initial learning rate at
5 x 10~4, with a weight decay of 1 x 1074,

¢ Few-shot Fine-tuning. In few-shot fine-tuning, we sub-
sample the training split of each downstream dataset to
obtain 1%, 5%, 10%, or 20% annotated scans, gener-
ated via fixed-interval sampling over the full training se-
quences, such as 100, 20, 10, 5.

2. More Quantitative Results

2.1. More Detailed Comparisons

We report the complete results (i.e., the class-wise IoU
scores, optical flow/depth metrics) for the inear probing
and downstream fine-tuning tasks outlined in the main
paper. Specifically, the detailed performance metrics on
the DDD17-Seg, DSEC-Semantic, MVSEC-Depth, DSEC-
Depth, and MVSEC-Flow datasets are shown in Table 4,
Table 6, Table 7 and Table 5, respectively. These results
comprehensively evaluate the model’s performance across
a variety of dense perception tasks.

Table 4. The per-class segmentation results of our methods on the
DDD17-Seg dataset. Scores reported are IoUs in percentage.

2 =
e - % = 2
Event Model | & = 3 ° S = > <
Linear Probing
ViT-S/16 | 55.64 | 79.61 91.18 15.90 57.51 22.02 67.72|91.27
ViT-B/16 | 57.87|79.92 91.24 15.87 58.04 3497 67.05|91.31
ViT-L/16 | 60.30 | 81.03 91.49 18.83 57.21 44.18 68.95|91.83
Fine-Tuning (1%)
ViT-S/16 | 53.87 | 78.61 90.06 10.03 54.59 25.18 64.63|90.41
ViT-B/16 | 57.23|79.51 91.03 1546 57.53 34.87 66.93|91.12
VIiT-L/16 |59.23 | 82.34 92.24 18.26 61.68 34.01 69.37 [91.68
Fine-Tuning (5%)
ViT-S/16 54.36 | 78.96 90.27 10.38 54.92 27.26 64.40|90.62
ViT-B/16 | 59.54 | 80.25 91.65 15.24 59.21 44.38 65.80|91.65
VIiT-L/16 | 62.52|81.96 91.97 19.31 61.49 50.77 69.63 |92.12
Fine-Tuning (10%)
ViT-S/16 | 57.29 [79.52 91.16 12.24 59.26 39.77 64.72|91.34
ViT-B/16 | 61.45|82.37 91.69 20.14 60.69 45.16 68.46|91.72
ViT-L/16 | 63.71|82.23 92.12 23.75 59.84 51.80 72.95(92.13
Fine-Tuning (20%)
ViT-S/16 | 58.37 | 79.93 91.55 13.02 58.93 41.81 66.27 | 91.63
ViT-B/16 | 62.06 | 82.74 92.05 18.72 61.65 49.79 69.60 | 92.24
VIiT-L/16 | 64.43|83.10 92.23 23.17 62.62 54.13 71.35|92.44
Fine-Tuning (100%)
ViT-S/16 | 59.64 | 80.68 91.27 17.58 58.88 43.71 65.73|91.39
ViT-B/16 | 62.81 |82.95 92.00 18.79 61.71 51.43 69.98 | 92.21
ViT-L/16 | 65.09 | 83.73 92.34 23.10 62.61 56.43 72.26 |92.62

Table 5. The optical flow results of our methods on the MVSEC-
Flow dataset.

Event Model indoor flyingl | indoor flying2 | indoor flying3
EPE| Out] | EPE| Out| | EPE| Out]

ViT-S/16 029 0.03 | 038 0.001 | 040 0.001
ViT-B/16 028 0.03 | 038 0.001 | 039 0.001
ViT-L/16 027 0.03 | 037 0.001 | 039 0.001



https://github.com/daniilidis-group/EV-FlowNet

Table 6. The per-class segmentation results of our methods on the DSEC-Semantic dataset. Scores reported are IoUs in percentage.

2 = 5
= gﬂ -%0 o g § é E
S = - Q 2 o =] o = =
Event Model E § 5 E g E § '_4'; i;’b § § E g
Linear Probing
ViT-S/16 55.46 | 92.81 81.88 17.45 15.67 2498 9320 68.12 78.83 7772 30.79 43.86 | 90.12
ViT-B/16 5842 | 9346 83.52 23.88 16.69 27.85 9372 69.27 80.38 80.13 43.06 43.25 91.44
ViT-L/16 61.29 | 93.91 85.09 27.66 27.37 3358 9334 7094 8237 8227 41.82 48.66 | 91.69
Fine-Tuning (1%)
ViT-S/16 5297 | 9235 8136 18.04 7.93 1877 9255 60.54 7850 76.22 2225 37.06 | 89.56
ViT-B/16 54.37 | 93.04  82.55 14.09 16.14 26.06 9355 65.17 80.79 79.52 1234 4140 | 90.14
ViT-L/16 59.73 | 9296 82.55 21.88 2030 27.87 9334 69.36 80.68 80.22 40.60 47.24 | 90.73
Fine-Tuning (5%)
ViT-S/16 56.55 | 93.01 82.08 1992 1834 1948 93.15 6634 7936 79.22 3371 4698 | 90.78
ViT-B/16 62.87 | 93.66 8491 22.14 3363 31.05 9391 71.36 81.84 8227 4428 49.59 | 91.52
ViT-L/16 68.03 | 94.68 86.68 31.01 52.67 39.86 9477 74.13 84.08 83.89 49.93 58.39 | 92.83
Fine-Tuning (10%)
ViT-S/16 5896 | 93.56 84.73 21.88 19.25 22,50 93.26 6890 79.52 78.61 4229 4248 | 91.25
ViT-B/16 63.88 | 93.59 8506 23.05 3858 31.72 9405 7148 81.85 8238 4844 49.10 | 91.73
ViT-L/16 68.51 9452 86.76 26.70 51.15 4429 9485 7524 8449 8492 47.71 62.72 | 92.92
Fine-Tuning (20%)
ViT-S/16 60.20 | 93.32 83.99 22,61 2738 2998 93.07 6940 79.62 80.29 33.19 48.69 | 91.62
ViT-B/16 64.15 | 9345 8493 2427 4001 32.64 9391 71.77 82.13 8255 50.67 5030 | 91.78
ViT-L/16 69.25 | 94.63 86.77 2698 5124 4427 9490 7545 8474 8493 4790 6295 | 92.98
Fine-Tuning (100%)
ViT-S/16 61.12 | 93.16 83.16 26.28 34.11 30.15 93.12 68.21 80.10 80.04 34.89 49.03 | 90.76
ViT-B/16 6493 | 9343 85.17 23.69 4263 34.14 94.08 72.84 8228 83.13 51.86 50.96 | 92.00
ViT-L/16 69.65 | 9454 86.71 26.88 55.63 4553 95.13 76.64 8394 86.13 52.53 62.44 | 93.10
Table 7. The depth results of our methods on the MVSEC-Depth and DSEC-Depth datasets.
Event Model Metric MYVSEC-Depth DSEC-Depth
LP 1% 5% 10% 20% Full LP 1% 5% 10% 20% Full
VIT-S/16 611 0.529 0.526 0.531 0542 0560 0.577 | 0.798 0.795 0.804 0.811 0.816 0.824
RMSE| | 6.756 6930 6.712 6477 6.352 6.145 | 4861 4983 4751 4728 4.694 4.564
VIT-B/16 611 0.571 0.561 0.574 0.587 0.591 0.594 | 0.845 0.839 0.856 0.863 0.867 0.872
RMSE| | 6392 6.546 6.339 6.012 5908 5.891 | 4352 4471 4264 4.192 4.154 4.032
VIT-L/16 611 0.597 0.592 0.601 0.612 0.619 0.625 | 0.881 0.856 0.883 0.892 0.893 0.896
RMSE| | 5.884 5975 5855 5724 5.673 5554 | 3.857 3984 3.841 3.759 3.723 3.694

2.2. More Detailed Ablations

Table 8. Ablative study results of different event aggregation
methods.

DDD17-Seg DSEC-Depth | MVSEC-Flow
Event Input
Acct mloU?T | 617 RMSE] | EPE|] Out]
Color Frame | 90.76 56.37 | 0.784 5306 | 1.107 6.720
E2VID 89.25 5572 [0.809 4.928 |0.852 3.294
Event Volume | 91.39 59.64 | 0.824 4.564 | 0.356 0.094

Event Aggregations. In our main study, we aggregate the
event stream as a three-dimensional volume (voxel grid)
to interface cleanly with vision foundation models. Here,

we additionally evaluate alternative renderings, including
color-like frames [29] and E2VID reconstructions [21]. For
a fair comparison, the event representation is held fixed
across pretraining and downstream fine-tuning, and all ex-
periments use a ViT-S encoder. As reported in Table 8, the
volumetric encoding delivers the strongest overall perfor-
mance, indicating that explicit spatio-temporal discretiza-
tion provides a more effective inductive bias for pretraining
than image-like aggregations or reconstructed intensities.

Hyper Parameters. To enable cross-modal distillation, we
encode event streams as a multi-channel volume/voxel grid
compatible with vision foundation models and introduce
an activation mask to suppress spurious event—image align-
ment during pretraining. We ablate two hyperparameters,



Table 9. Ablative study results of different time bins for event
volume aggregation.

DDD17-Seg | DSEC-Depth | MVSEC-Flow
Acct mloU? | 611 RMSE| | EPE| Out]
B=1 |91.07 5843 |0.819 4736 |0.365 0.104
B =3 |91.39 59.64 |0.824 4564 |0.356 0.094
B=5 |9120 5922 |0.822 4.613 |0.359 0.095

Time Bin

Table 10. Ablative study results of different density thresholds for
activation mask constraint.

Density DDD17-Seg DSEC-Depth | MVSEC-Flow
Threshold | Acct mlIoU? | ;1 RMSE | | EPE] Out]

T=232 |91.33 5951 [0.823 4.538 |0.362 0.095

T=64 |91.39 59.64 |0.824 4564 |0.356 0.094
T =128 [91.25 59.32 | 0.821 4.640 |0.367 0.097

Table 11. Ablative study results of different distillation objectives
across granularities. CL denotes the contrastive loss.

Alignment DDD17-Seg | DSEC-Depth | MVSEC-Flow
Objective Acc? mloU?7| 41 1 RMSE | |[EPE| Out]
patch-level (L1) [90.65 56.06 [0.785 4.990 |0.367 0.098
superpixel-level (L1) [90.88 56.36 [0.790 4.937 |0.384 0.106
superpixel-level (CL)[90.92 56.72 [0.782 5.031 |0.435 0.120
ours 91.39 59.64 |0.824 4.564 |0.356 0.094

Table 12. Ablative study results of multi-scale distillation.

Alignment | DDD17-Seg DSEC-Depth | MVSEC-Flow
Objective | Acct mloUt | 611 RMSE] | EPE| Out]
multi-scale | 91.07 58.83 | 0.816  4.831 0.377 0.102

single-scale | 91.39 59.64 | 0.824 4564 | 0.356 0.094

the number of time bins B for volume aggregation, which
controls temporal granularity, and the density threshold 7
for the activation mask, which trades coverage for noise
suppression. Unless otherwise specified, all comparisons
use a ViT-S encoder. Results in Tables 9 and 10 identify the
optimal configuration.

Superpixel Alignment. For cross-modal distillation, we
formulate a hierarchical objective comprising patch-level
supervision (our baseline) and structure-level supervision
(our highlight). Here, we further examine a superpixel-
level variant. Following OpenESS [11], we partition each
image into 100 SAM-derived [10] superpixels and compare
two formulations: (i) an L1 regression loss on superpixel-
aggregated features, and (ii) a contrastive objective inspired
by image-point cloud distillation [22] that enforces intra-
superpixel compactness and inter-superpixel separability.
Unless otherwise specified, all comparisons use a ViT-S en-
coder. Results in Table 11 reveal that superpixel-level align-
ment underperforms, due to semantically ambiguous group-
ings (e.g., boundary leakage and region fragmentation) that
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Figure 2. Cross-modal distillation loss during pretraining of
our event-based ViT-S, ViT-B, and ViT-L feature encoders.

is consistent with our overall analysis.

Multi-scale Distillation. For cross-modal distillation, our
main study aligns only the terminal features of the en-
coder. Here, we additionally assess a multi-scale alignment
scheme. All comparisons use a ViT-S encoder. Specifically,
we align intermediate activations from layers 3, 6, 9, and
12 to their event counterparts with equal loss weights. Re-
sults in Table 12 show that multi-scale alignment underper-
forms, likely because intermediate representations possess
weak and unstable semantics and thus exacerbate the event-
image modality gap.

2.3. Pretraining Loss
The pretraining losses are depicted in Figure 2.
2.4. Computational Efficiency

The computational efficiency analysis is shown in Table 13.

Table 13. Computational efficiency of our downstream task mod-
els, setting an input event volume resolution of 480 x 640.

Segment Model Depth Model Flow Model
MParams GFLOP | MParams GFLOPs | MParams GFLOPs
VIiT-S| 28.23 243.67 | 18.92 61.23 40.95 34942
ViT-B| 76.74 363.82| 7498 23193 | 135.62 962.71
ViT-L| 239.09 758.17 | 257.29 853.16 | 485.27 3369.48
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Figure 3. T-SNE plots of learned event features. We sample 20,000 event feature vectors from the DSEC dataset [6]. We show features
from (a) images with pretrained DIVOv3-L; (b) event volume with pretrained DIVOv3-L; (¢) event volume with DIVOv3-L after patch-
level distillation; (d) event volume with DIVOv3-L using our distillation method.

3. More Qualitative Results

3.1. Representation Visualization

Statistical Analysis.As shown in Figure 3, t-SNE plots of
feature vectors from the DSEC dataset [6] highlight the
performance of various models and distillation methods.
The pretrained DINOv3-L on images shows strong cluster-
ing with some overlap, indicating effective feature learn-
ing but room for finer distinctions. Event volume with pre-
trained DINOv3-L shows greater dispersion, highlighting
challenges in capturing event-specific features and tempo-
ral dynamics. Patch-level distillation improves feature sep-
aration, resulting in more compact clusters. Our distilla-
tion method achieves the most distinct and well-separated
clusters, closely matching the pretrained DINOv3-L while
better capturing event-specific features.

Exemplary Analysis. As shown in Figure 4 and Figure 5,
exemplary learned event features are visualized through co-
sine similarity maps, with key points marked by white stars.
The RGB reference images and corresponding event data
are shown on the left, while the cosine similarity maps
(scaled by a factor of 4) highlight the areas where the model
focuses. These maps emphasize the spatial locations of dis-
tinctive event features, demonstrating how the model cap-
tures dynamic, fine-grained details. The alignment of the
white stars with key features indicates the model’s ability to
identify significant event-driven changes. The results high-
light the model’s effectiveness in learning and refining event
features, benefiting from the cross-modal distillation of pre-
trained image-based models to better capture these event
features.

3.2. Downstream Tasks

Representative qualitative results for downstream tasks are
provided in Figures 6, 7, and 8.

Semantic Segmentation. As shown in Figure 6, the com-
parison of event-based semantic segmentation methods on

the DSEC-Semantic dataset highlights the effectiveness of
cross-modal distillation for dense event pretraining. Our
method significantly improves segmentation quality, partic-
ularly in fine-grained object boundaries and dynamic fea-
tures like persons, cars, and traffic signs. The key advantage
lies in leveraging pretrained image models through cross-
modal distillation, which enhances spatial feature learning
in event data. In contrast, methods like ESS-Sup and Ope-
nESS perform well in general segmentation but fail to cap-
ture subtle event-driven features, while KWYAF and 6T
show some improvement but struggle in dynamic scenes.
Our method outperforms them by maintaining high accu-
racy.

Monocular Depth Estimation. As shown in Figure 7, the
comparison of event-based depth estimation methods on
the DSEC-Depth dataset demonstrates the benefits of cross-
modal distillation for dense event pretraining. Our method
produces the most accurate depth maps, especially in dy-
namic regions with moving objects or occlusions. In con-
trast, methods like E2Depth and EReformer show notice-
able errors, particularly in complex environments. While
DepthAnyEvent performs well in static areas, it struggles
with depth variations in motion. Our method, leveraging
cross-modal pretraining, improves depth accuracy, particu-
larly in foreground-background transitions, by transferring
rich spatial knowledge to the event-based depth task.

Optical Flow Estimation. As shown in Figure 8, the com-
parison of optical flow estimation results on the MVSEC-
Flow dataset highlights the effectiveness of our cross-
modal distillation approach. Our method produces the
highly accurate and consistent flow predictions, thanks to
cross-modal distillation from pretrained models, which en-
hances flow estimation by leveraging fine-grained correla-
tion knowledge. By transferring knowledge from image-
based foundation model, our method improves robustness,
capturing fine details and rapid motion changes effectively
in event-based data.
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Figure 4. The learned fine-grained event features (1/2) of our method are primarily presented through cosine similarity maps, with key
points anchored at the distinct white stars. Best viewed in color.
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Figure 5. The learned fine-grained event features (2/2) of our method are primarily presented through cosine similarity maps, with key
points anchored at the distinct white stars. Best viewed in color.
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Figure 6. The qualitative comparisons among different event-based semantic segmention approaches on the test set of DSEC-Semantic.
Best viewed in color.
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Figure 7. The qualitative comparisons among different event-based depth estimation approaches on the test set of DSEC-Depth. Best
viewed in color.
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Figure 8. The qualitative results of our optical flow estimation approaches on the test set of MVSEC-Flow. Best viewed in color.



4. Limitation and Discussion

While our approach significantly advances event-based pre-
training, several limitations remain. First, although our
structure-aware distillation improves event representation
quality, higher resolutions still face some degradation, par-
ticularly with patch- and superpixel-level distillation. This
suggests that fine-grained alignment methods could be fur-
ther refined to handle high-resolution event data more ef-
fectively. Second, our method relies on large-scale, syn-
chronized image-event datasets, which may not always be
feasible to obtain in certain domains. Future work could
explore semi-supervised or unsupervised distillation ap-
proaches to reduce reliance on these extensive datasets. Ad-
ditionally, while our model performs well across standard
downstream tasks, its ability to generalize to new or rare
event-camera configurations remains limited. Addressing
this could involve incorporating domain adaptation or meta-
learning strategies to improve robustness in more dynamic
or occluded environments. Lastly, the computational effi-
ciency of our method, particularly with large encoder mod-
els, presents a challenge. Optimizing for lighter backbones
or reducing redundant parameters could enhance the appli-
cability of our approach in resource-constrained real-world
scenarios, such as robotics or autonomous vehicles.
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