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Abstract

This is the supplementary material for x*-Fusion: Cross-
Modality and Cross-Dimension Flow Estimation in Event
Edge Space.
We provide the following materials in this manuscript:
* Details of data processing and encoder architectures.
o The complete definition of Event Edge Strength.
* Realistic degradation modeling on EKubric and DSEC.
* More quantitative comparisons.
e More comparisons of scene flow estimation.
» Future works.

1. Data Processing and Encoder Architectures

Our framework processes raw event streams, RGB images,
and LiDAR point clouds, and builds hierarchical, modality-
specific feature pyramids that are later projected into the
shared Event Edge Space.

1.1. Event voxelization and encoder

Given an event stream & = {(z;,y;,t;,p;)}, within a
window [tg, to+7], we discretize time into B bins with cen-
ters {12, and width A, = T/ B, and accumulate events
into a voxel tensor V € REXHXW:

where ky(¢;) = max(0, 1 — |¢; — up|/A¢) is the linear inter-
polation kernel, 4(+) is an indicator assigning each event to
its pixel. Eq. (1) performs temporal bilinear splatting and
preserves the spatiotemporal continuity while converting
asynchronous events to a structured (b,y,2) volume suit-
able for convolution.

The voxelized tensor is then processed by a sparse
3D CNN (3D Conv-BN-ReLU blocks with hierarchical
strides) to produce a multi-scale event pyramid: {E;} .
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where B, € RBXHXWixC e then pool along the

temporal-bin axis (average pooling unless noted) to obtain
2D feature maps

F = Pool,(E;) € RE>WixCr, )

which serve as the event embeddings used throughout the
main paper (the encoder pretraining objective is described
in Sec. 3.1.1). The definition and computation of the event
edge strength used for weighting and supervision are de-
tailed next in Sec. 2.

1.2. Image encoder (2D)

For RGB images, we form an image tensor by concatenat-
ing two frames and edge-promoting cues:

X' =1L, Lisat, Liine — Iy [VL], [VIead],  3)

where |V (-)| denotes Sobel gradient magnitude.

After per-channel normalization, we normalize X’ and
feed it to a 2D CNN built from residual Conv—BN—ReLLU
units with hierarchical strides. The encoder outputs a multi-
scale pyramid {F/}£  , where F/ € RH*WixCi? The
pyramid preserves photometric appearance while exposing
temporal/edge cues via the difference and gradient chan-
nels. These features are used for alignment in Event Edge
Space (after projection) and as inputs to the 2D task head.

1.3. LiDAR encoder (3D)

Given a raw point cloud P = {p;}¥.,, pi = (24,9, 2i) ",
we build a hierarchical pyramid of point sets {P '} us-
ing farthest-point sampling (FPS), with decreasing density
as [ increases. For each level [, we extract local geomet-
ric features with PointConv [1] over k-NN neighborhoods

Fl = (X jena w(Apij) © @1(Apyy, Fi7Y)), @)

where @, ®, are shared MLPs , Ap;; = p} - pil is the
relative offset and w(+) is a learned spatial weighting.



To explicitly encode edge geometry, we augment each
point with depth-contrast and curvature descriptors com-
puted from its neighborhood:

Ao

=Y, 5
Xo + A1+ Ao ©)

6 = meall;e Ar (i) \Zjl - Zil|a Ki
where g < A1 < Ay are eigenvalues of the local covariance
C; = ZjeN(i)(Apij)(Apij)T~ We concatenate [07, ;] to
the point features at each stage before the next PointConv.
This yields a multi-scale 3D feature pyramid { F*}£_, with
FE e RNXC™ that is sensitive to geometric discontinu-
ities. These features are later projected into Event Edge
Space (via the LIDAR head) and fed to the 3D task head.

1.4. Projection heads

At each scale [, lightweight heads map modality-specific
channels to the common embedding dimension C; used in
Event Edge Space:

Zi =hi(F),  ZF=h(F"),  ZF=F" ©
where hlI is a 1x1 Conv (with BN+ReLU) and hlL is a
shared MLP applied point-wise. Event features Z come
from the pretrained event encoder and are frozen during
multimodal training.

2. Event Edge Strength

To explicitly bias F'Z towards edge-aware representations,
we define an event edge strength from raw events. For
each pixel (z,y) in a window, we measure the normalized

event activity A¥(x,y) and the normalized temporal vari-
ance 7 (x, y) of its events, and combine them into

e, y) = AP(z,y) (1 - G4(x,9)) €10,1), (7

where larger e” indicates stronger and more temporally co-
herent motion edges.

Concretely, let {(zg, yk, tk, Pk ) } . be the events within a
temporal window [t, to + T'|.For each pixel (x,y), we first
count the number of events falling onto it:

and then normalize this activity by the spatial mean
~ AE (z,
AP (z,y) = v 0) ©)

ﬁ Zu,v AE(u,v) + ¢’

where H, W are the image height and width, and ¢ is a small
constant for numerical stability.

For temporal variance, we normalize the timestamps of
events at (x,y) as i, = (t, —to)/T € [0,1] and define

_ 1 A
Hoy) = NEG ) Zkeu=ea e (10

1 -
ot(z,y) = \/NE(q:y) Zk:(xk,yk)=(x,y) (tk - t(x,y))%
an
a-t(m?y)
0.5+¢’ (12)

where the normalization by 0.5 maps oy (z, y) to [0, 1] (the
maximum standard deviation of a distribution on [0, 1] is
0.5). Thus 6¢(z,y) is small when events at (x,y) are tem-
porally coherent, and large when they are scattered over the
window. Scale-specific edge maps e are obtained by spa-
tial pooling of e” to the resolution (Hg, W).

ai(x,y) =

3. Realistic Degradation Modeling on EKubric
and DSEC

We develop a physically-grounded degradation framework
to systematically evaluate optical and scene flow estima-
tion robustness under adverse conditions, applying four dis-
tinct degradation types[2, 3] to both synthetic (EKubric)
and real-world (DSEC) datasets. The framework preserves
ground-truth annotations while systematically introducing
controlled perturbations to image and LiDAR modalities,
with representative visualizations provided in Fig. 1.

For RGB images, We formulate the exposure-based
degradation through a two-stage brightness transformation
that explicitly controls both the target illumination level and
valid intensity range. Firstly, we normalize the input image
intensities to a standard range:

Inm"m = M» (13)

Imax - Imin
where I,,,;, and I,,,, represent the minimum and maxi-
mum intensity values in the original image. This normal-
ization ensures consistent processing across different input
dynamic ranges. The brightness adjustment then applies a
linear scaling based on the ratio between the target mean
brightness y; and the original mean p, followed by a non-
linear clipping operation to maintain physically plausible
intensity values:

Ideg :T(Iraw; Mty Tmin, Tmax)

: H
= mln(maX(Inorm : ;(t)’ Tmm), T’maw)

(14)
where p; and po represent the target and original mean
brightness respectively, while 7,,;, and 7,4, define the
lower and upper intensity bounds. The transformation nat-
urally progresses from initial normalization to brightness
scaling, with the final clipping operation accounting for sen-
sor saturation effects. For under-exposure simulation, we
set u; = 0.03 with a minimum threshold 7,,;, = 0.02
to maintain faint details while avoiding complete darkness,
while over-exposure uses p; = 0.98 with 7,4, = 1.0 to
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Figure 1. Representative samples of the degradation of the EKubric and DSEC dataset.

properly model highlight clipping. These parameters were
carefully selected through empirical analysis of real camera
responses under extreme lighting conditions[4].

For LiDAR point clouds, we implement two
geometrically-motivated degradation operations. To
maintain the required point count N,,,. = 8192 for
network input, the degradation process is formulated as:

. rN
Psparse = pl_l/TJ ZI‘-:l ! )

where N = |P| is the original point count and r is the
downsampling ratio. For network input requiring exactly
8192 points, we perform random sampling with replace-
ment when |rN| < 8192.

For the drifting degradation, we augment the sparse point
cloud with positional noise to simulate measurement inac-
curacies:

r =025 (15)

,Pdrift = {pz"i'ez‘pz S Psparse}; €; ~ N(070213) (16)

where ¢ = 0.15 m controls the noise magnitude and I3
is the 3D identity matrix. The Gaussian noise ¢; is inde-
pendently sampled for each point and dimension, modeling
real-world LiDAR measurement errors.

4. More Quantitative Comparisons

Owing to space constraints in the main text, we provide
complete quantitative evaluations of optical flow estima-
tion performance under both normal operating conditions
and extreme scenarios. This comprehensive comparison in-
cludes specialized testing for modality-specific degradation

cases, where we exclusively evaluated methods that utilize
the affected modality as input.

Notably, our approach attains state-of-the-art opti-
cal/scene flow accuracy across all test scenarios and remains
robust under modality degradations.

In addition, our experiments reveal a critical cross-modal
dependency in joint 2D optical flow and 3D scene flow
estimation using RGB cameras and LiDAR. Specifically,
degradation in one modality (e.g., sparse or noisy LiDAR
point clouds) significantly compromises the estimation ac-
curacy of the other modality (e.g., 2D optical flow), as ob-
served in baseline methods like CamLiFlow. For instance,
when LiDAR point clouds suffer from drift-induced degra-
dation, CamLiFlow exhibits a notable performance drop
in 2D flow prediction (reducing by 92.73% in EPEyp (on
DSEC dataset), see Tab. 1), highlighting the vulnerability
of non-adaptive fusion frameworks to modality-specific per-
turbations. In contrast, our method mitigates this cascading
degradation effect through adaptive feature fusion, which
dynamically reweights multi-modal representations based
on their reliability. This mechanism ensures robust perfor-
mance across all feature dimensions (2D/3D), even under
partial modality degradation. The results demonstrate that
our model reduces the performance gap caused by LiDAR
degradation by 67.27% compared to CamLiFlow, validating
the effectiveness of our fusion strategy in preserving task
coherence under real-world sensor imperfections.



Modality Method #Params(M) EKubric DSEC
EPExp | ACCipx T Fll  EPEsp | ACCos T ACCyo T EPExp | ACCipx T Fl] EPEsp | ACCos T ACCyo T
Img RAFT [5] 5.3M 0.838  9331% 2.36% - - - 0.586  88.98% 1.47% - - -
Img FlowFormer [6] 16.2M 0.702  92.58% 2.07% - - - 0.567  89.82% 1.33% - - -
PC PV-RAFT [7] 239.2K - - - 0.093  82.42% 92.60% - - - 0.190  32.74% 55.62%
EV E-RAFT [8] 5.3M - - - - - - 0.481 91.75% 1.31% - - -
Img+Depth RAFT-3D [9] 7.7M 0.714  94.39% - 0.049  92.88% - 0572 89.55% - 0.144  49.30% -
Img+PC CamLiFlow [10] 7.7M 0.770  95.11% 1.80%  0.035 9490% 95.86% 0399 9494% 1.33% 0.129 51.08% 68.17%
Img+EV DCEIFlow [11] 7.1IM 3.109  56.37% 18.40% - - - 0970  73.01% 4.90% - - -
Img+PC+EV TVisMoFlow [12] - - - - 0.026  95.98% 96.77% - - - 0.100 61.78% 75.82%
Img+PC+EV ~ RPEFlow [13] 9.8M 0439 9599% 1.48%  0.027 9533% 96.32% 0326 95.28% 1.15% 0.103 60.80% 74.97%
Img+PC+EV x2-Fusion (Ours) 8.2M 0430 96.86% 1.43% 0.024 96.78% 97.62% 0.322 95.80% 1.13% 0.094 64.39% 78.27%
EKubric-Img (Under-Exposure Degradation) DSEC-Img (Under-Exposure Degradation)
Img RAFT [5] 8.762  26.24% 37.26% - - - 3.045 46.96% 24.40% - - -
Img+Depth RAFT-3D [9] - - - - - - 5.960 12.59% 49.45% 0.790 0.79% 2.18%
Img+PC CamLiFlow [10] 5.637  25.52% 38.19% 0.052 90.10% 94.65% 1.193  7520% 7.80% 0.137 46.11% 65.50%
Img+EV DCEIFlow [11] 8.634  24.52% 47.68% - - - 1447  5230% 8.51% - - -
Img+PC+EV  RPEFlow [13] 3.663  33.96% 27.06% 0.043 89.01% 9227% 0.817 83.24% 5.06% 0.117 54.97% 69.94%
Img+PC+EV x2-Fusion (Ours) 1.143 68.87% 9.11% 0.033 94.14% 95.31% 0394 92.73% 1.14% 0.107 58.87% 71.43%
Absolute Improvement (vs. RPEFlow) (125200 (13491%) (1 1795%) (L0.010)  (15.13%)  (13.04%) (4 0423)  (1949%) (13.92%) (40010) (13.90%) (1 1.49%)
EKubric-Img (Over-Exposure Degradation) DSEC-Img (Over-Exposure Degradation)
Img RAFT [5] 7360  27.37% 20.44% - - - 1.038  78.30% 4.18% - - -
Img+Depth RAFT-3D [9] - - - - - - 2320 43.67% 17.10% 0.78 1.11% 2.52%
Img+PC CamLiFlow [10] 4.676  41.00% 27.62% 0.048 91.54% 9491% 1.072 7832% 6.44% 0.136 46.96% 65.97%
Img+EV DCEIFlow [11] 8450 25.11% 46.86% - - - 1.475  50.75% 8.88% - - -
Img+PC+EV  RPEFlow [13] 2.801 53.75% 17.63% 0.039  91.32% 95.85% 0.565 89.59% 2.73% 0.109 5491% 70.02%
Img+PC+EV x2-Fusion (Ours) 0994 80.19% 7.05% 0.032 93.86% 9593% 0376 93.03% 1.13% 0.107 58.67% 71.09%
Absolute Improvement (vs. RPEFlow) (L1.807)  (12644%) (1 10.58%) (L0.007)  (12.54%)  (10.08%) (L0.189)  (13.44%) (L 1.6%) (L0.002) (13.76%) (1 1.07%)
EKubric-PC (Sparse Degradation) DSEC-PC (Sparse Degradation)
PC PV-RAFT [7] - - - 0.096  79.71% 91.68% - - - 0.036 81.70% 97.08%
Img+PC CamLiFlow [10] 0.783  95.03% 1.85% 0.035 9491% 95.87% 8.311 7.05% 68.95% 0.100 48.75% 69.68%
Img+PC+EV  RPEFlow [13] 0.569  94.62% 2.02%  0.027 9537% 96.34% 0.493 90.36% 1.19% 0.056 81.18% 88.69%
Img+PC+EV z2-Fusion (Ours) 0439 9593% 1.49% 0.022 96.99% 97.43% 0331 94.49% 1.18% 0.047 86.40% 90.31%
Absolute Improvement (vs. RPEFlow) 1 0.130)  (T131%) (L 053%) (L0.005) (T 1.62%) (11.09%) (4 0.162) (T413%) (L0.01%) (L0009 (1522%) (T 1.62%)
EKubric-PC (Drifting Degradation) DSEC-PC (Drifting Degradation)
PC PV-RAFT [7] - - - 0.168 18.70% 54.27% - - 0.457 0.24% 1.83%
Img+PC CamLiFlow [10] 1949  5937% 10.25% 0.163  52.64% 73.79% 0.769  84.10% 2.30% 0419 0.37% 2.47%
Img+PC+EV  RPEFlow [13] 1.164 6244% 9.92% 0.113  6647% 73.76% 1.051 68.05% 3.82% 0.457 0.51% 2.46%
Img+PC+EV z 2 _Fusion (Ours) 0.763 88.52% 6.06% 0.088 79.34% 82.80% 0.409 91.39% 2.13% 0.285 19.36% 28.87%
Absolute Improvement (vs. RPEFlow) (1 0401)  (126.08%) (1 3.86%) (1 0.025) (T1277%) (19.04%) (4 0.642) (12334%) (} 1.69%) (4 0.172) (1 18.85%) (1 26.41%)
Table 1. Extended quantitative evaluation on both standard and degraded scenarios of EKubric and DSEC datasets.
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Figure 2. Extended comparisons: 3D scene flow estimation under normal conditions (DSEC). Col.1-2: End-point error for 3D point
cloud and XY plane projections (brighter hues indicate larger errors). Col.3: Flow magnitude comparison. Col.4-6: X/Z/Y component
comparisons between predicted and ground truth warped point clouds (diagonal indicates ideal matching).
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Figure 3. Extended comparisons: 3D scene flow estimation under sparse LiDAR (DSEC).
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Figure 4. Extended comparisons: 3D scene flow estimation under drifting LIDAR (DSEC).
. . . . .
5. Extended Scene Flow Comparisons tional sensors (e.g., thermal infrared, millimeter-wave radar,

polarization cameras) by mapping their edge cues into the
same latent space via lightweight projection heads, and
evaluate generality beyond Image-Event-LiDAR through
Event—X combinations and cross-dataset tests.

Additionally, we aim to explore self-supervised training
approaches that leverage physics-based constraints such as
IMU-guided motion consistency and neural radiance fields,
thereby removing the reliance on LiDAR ground-truth an-
notations and enabling application in previously unseen en-
vironments.

Furthermore, to facilitate practical deployment, we will
explore optimization strategies suitable for edge devices,
including neural architecture search and quantization tech-
niques, with the goal of achieving real-time performance on
resource-constrained platforms like embedded GPUs while

Given that the 3D scene flow comprises four distinct di-
mensions (X, y, zZ, and magnitude), we conduct a compre-
hensive dimensional analysis beyond the conventional pla-
nar projection error metrics. Fig. 2-4 presents this multi-
dimensional evaluation, where the horizontal and vertical
axes represent the predicted scene flow and ground truth op-
tical flow, respectively.

As shown in Fig. 2, our method attains accuracy com-
parable to RPEFlow (the current state of the art [13]) un-
der normal operating conditions. The qualitative results in
Figs. 3—4 further show superior convergence to ground-truth
scene flow across all four dimensions (X, y, z, magnitude)
under both sparsity and drift degradations, highlighting ro-
bust adaptability in challenging conditions.

6. Future Work carefully balancing latency and memory requirements.
These efforts will extend z2-Fusion’s core innovations

Although this study targets the image—-LiDAR-event setting into a universal sensor-fusion paradigm, enhancing its scal-

for flow estimation, EES is modality-agnostic. In future ability, generality, and practicality for real-world perception

work, we intend to extend the Event Edge Space to addi- systems.
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