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Abstract

Accurate stereo matching under fast motion and extreme
lighting conditions is a challenge for many vision applica-
tions. Event cameras have the advantages of low latency
and high dynamic range, thus providing a reliable solu-
tion to this challenge. However, since events are sparse,
this makes it an ill-posed problem to obtain dense dispar-
ity using only events. In this work, we propose a novel
framework for event-based dense stereo via cross-sensor
knowledge distillation. Specifically, a multi-level intensity-
to-event distillation strategy is designed to maximize the po-
tential of long-range information, local texture details, and
task-related knowledge of the intensity images. Simultane-
ously, to enforce the cross-view consistency, an intensity-
event joint left-right consistency module is proposed. With
our framework, extensive dense and structural information
contained in intensity images is distilled to the event branch.
Therefore, retaining only the events can predict dense dis-
parities during inference, preserving the low latency char-
acteristics of the events. Adequate experiments conducted
on the MVSEC and DSEC datasets demonstrate that our
method exhibits superior stereo matching performance than
baselines, both quantitatively and qualitatively.

1. Introduction
Depth estimation based on binocular stereo vision is a clas-
sic problem in computer vision [15, 16, 20, 24, 29, 36, 44,
46, 59], which aims to determine the correspondence be-
tween points in a rectified image pair. Deep learning-based
stereo matching methods perform well on various public
benchmarks [2, 6, 9, 23, 24, 31–33, 52, 54–57]. However,
due to the shortcomings of frame-based sensors in terms of
frame rate and dynamic range, it is very difficult to apply
traditional cameras in more challenging scenarios such as
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Figure 1. Comparisons on stereo matching frameworks (event-
based, event-intensity fusion methods) and our proposed IED2S
that presents an effective intensity-to-event distillation strategy.
Texture and dense knowledge is transferred to the event branch,
leading to dense stereo matching in the inference stage.

high speed and extreme lighting conditions.
Event cameras [3, 7, 30, 35, 40, 47, 64] are bio-inspired

sensors and report intensity changes asynchronously in the
form of an event stream, with each containing spatial loca-
tion, polarity, and timestamps. They have the advantages of
low latency and high dynamic range, making them immune
to high-speed motion blur and can operate in extreme light-
ing scenarios. Therefore, they offer a satisfying solution to
overcome the limitations of frame-based sensors.

Recent event-based stereo matching studies [1, 10, 11,
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13, 18, 37, 38, 49] embed asynchronous event data into
image-like representations, then fine-grained features are
extracted and subsequent disparity regression is performed.
While disparity can be effectively estimated, since event
cameras can only perceive changes in intensity, when the
scene is stationary or there is little relative motion between
the camera and the scene, the event stream will be very
sparse. This makes it an ill-posed problem to obtain dense
disparity maps using only sparse asynchronous event data.

Considering the dense features provided by intensity im-
ages, there raises a trend to combine events and intensity
images for dense stereo matching [10, 11, 37]. They design
algorithms that simultaneously input intensity images and
events, using their complementary features to calculate dis-
parities, and the results are outstanding advances for event-
based stereo matching. Nevertheless, these approaches re-
quire the events and intensity images simultaneously during
the inference stage, suffering from two problems: (1) The
low latency characteristics of events is sacrificed uninten-
tionally; (2) Processing both modalities concurrently con-
sumes more computing resources, which is a heavy burden
for real-time applications.

To address the above problems, we propose a novel
framework named Intensity-to-Event Distillation for Dense
Stereo matching method (IED2S), which explores the po-
tential of an efficient event-based stereo model for dense
disparity prediction. As shown in Fig. 1(c), we imple-
ment cross-sensor distillations from the intensity branch to
the event branch. The dense and structural information of
the intensity image provides useful regularization for asyn-
chronous events, especially for ill-posed regions. In our
framework, we design a novel feature alignment strategy,
achieving binocular-to-binocular distillation for the first
time. Specifically, a comprehensive multi-level intensity-
to-event distillation strategy is designed, fully leveraging
the modality-specific characteristics of shallow features
and the task-related contextual understanding involved in
deep abstract representations. Moreover, a warping-based
intensity-event joint left-right consistency module is de-
signed to ensure cross-view consistency. The intensity im-
ages are only used in the training stage. For inference, only
event data is needed for obtaining dense disparity. Com-
pared with fusion-based methods shown in Fig. 1(b), it has
greater flexibility, preserving the low latency characteristics
of event data and greatly reducing the inference burden. In
summary, the main contributions of this work are:

1) We propose a dense event-based stereo matching
method, IED2S, which is the first trial to implement binoc-
ular intensity-to-event distillation. The proposed IED2S en-
ables the event branch to learn accurate dense information,
greatly improving its disparity prediction capability.

2) We design a multi-level intensity-to-event distillation,
fully distilling long-range information, local texture details,

and task-related knowledge into the event branch while
avoiding the contamination of the original event modality.

3) Extensive experiments demonstrate that the proposed
IED2S achieves significantly better performance than the
prior works for event-based stereo matching.

2. Related Work

2.1. Event-Based Stereo
Early attempts used traditional hand-crafted methods [4, 12,
42–45, 68, 71] to determine the correspondence between
two event streams. However, there are no fixed patterns in
the event data, which makes it troublesome to use traditional
methods to obtain dense disparity.

Recent learning-based approaches [1, 10, 11, 13, 37, 38,
49, 51] are able to estimate disparities using sparse events.
The network usually includes feature extraction, cost aggre-
gation, disparity regression, and disparity refinement mod-
ules. Tulyakov et al. [49] proposed a 4D queue embed-
ding method that includes the spatiotemporal information
of event data. Nam et al. [38] proposed an attention-
based event concentration network to display scene details
by omitting fewer details without covering events. DTC
[62] used discrete time convolution modules to aggregate
sequential event information at the feature level, accelerat-
ing the stereo matching process at a lower computational
cost. Cho et al. [13] proposed the concept of stereo flow to
aggregate past features and cost volumes. Accurate stereo
matching is achieved by training the stereo matching and
stereo flow simultaneously. However, it is an ill-posed
problem to obtain dense disparity using only sparse asyn-
chronous events. We therefore explore cross-sensor distil-
lation for event-based dense stereo matching.

2.2. Cross-Sensor Distillation
Knowledge distillation is an effective method for compress-
ing models while maintaining accuracy [21, 41, 50, 63]. In
particular, cross-sensor knowledge distillation has received
increasing attention and applied in many tasks, such as 3D
object detection [8, 14, 22, 53, 65, 66], multispectral de-
tection [34, 61], 3D hand pose estimation [60], and LiDAR
semantic segmentation [25, 26, 48, 58]. Typically, a well-
trained teacher model guides the student model’s feature ex-
traction or result prediction that receives input from other
modalities. Specifically, Hong et al. [22] first proposed
cross-sensor knowledge distillation based on BEV, mimick-
ing LiDAR BEV’s representation to achieve improved per-
formance. Chong et al. [14] achieved the transfer of struc-
tural cues by projecting point clouds onto the plane of the
image and maintaining similar local region affinities. Liu
et al. [34] adopted different losses at multiple task levels to
transfer coarse-grained and fine-grained features covering
feature, detection, and segmentation. Tang et al. [48] estab-
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Figure 2. The pipeline of the proposed Intensity-to-Event Distillation for Dense Stereo matching method (IED2S). The proposed
approach enables the event branch to learn a massive amount of texture knowledge and dense structure information under the guidance of
the intensity branch. After training, the intensity branch is removed without introducing additional computational burden during inference.

lished a prototype-like library from strictly aligned fused
features, and encouraged all point cloud features to learn
from the prototypes.

Inspired by this, we propose an enhanced event-based
dense stereo method via cross-sensor knowledge distilla-
tion. It obtains a massive amount of texture knowledge from
the intensity images in the training stage, while in the infer-
ence stage, only events are needed to obtain dense and ac-
curate disparity, greatly reducing the computational burden.

3. Methodology
3.1. Problem Definition
The events of the left and right event cameras between
t − 1 and t are denoted as EL

t and ER
t , respectively, and

the corresponding intensity images are indicated as ILt and
IRt . The event data is a sequence of four-dimensional
vectors (x, y, p, τ), where (x, y) means pixel coordinates,
p ∈ {−1, 1} indicates polarity, and τ ∈ (t− 1, t] represents
continuous timestamps. We represent event data EL,R

t ∈
{(x, y, p, τ) |t− 1 < τ ≤ t} in voxel grid format following
[70]. Specifically, we first scale the timestamps to bin in-
dexes [0 : B − 1], after which the events EL,R

t are stacked
to generate an voxel grid V L,R

t (b, x, y) ∈ RB×H×W with
discretized time dimension B, where H and W represent the
height and the width, respectively.

Given continuous stereo intensity image pair and stereo

event pair, with the same ground truth disparity, the training
goal is to input four data in the training stage, which refer
to V L

t , V R
t , ILt , and IRt respectively. By making full use

of the information of the two modalities, in the inference
phase, only events are needed to predict the dense disparity.

3.2. Framework Overview
Fig. 2 shows a pipeline of our proposed framework. The
framework consists of two identical branches, named the
event branch and the intensity branch. The pre-trained
intensity branch is used to distill knowledge to the event
branch so that it can learn a massive amount of texture
knowledge and dense structure information of intensity im-
ages. The distillation process includes three levels: shallow
distillation, deep distillation, and logit-level distillation.

Shallow features contain much modality-specific infor-
mation [53, 67], and distilling them into the event branch
allows it to obtain complementary cross-sensor informa-
tion. However, there are significant modality gaps between
shallow features, such as textures of intensity images, and
polarity and timestamps of events. The simple alignment
would contaminate the original modality-specific informa-
tion and introduce noise. To avoid this problem, we adopt
a comprehensive distillation strategy from both long-range
and focal perspective, thus the event branch can fully cap-
ture both long-range information and local texture details.
For the deep features, we adopt a direct alignment strategy

5439



because they mainly contain task-related contextual infor-
mation. Furthermore, the logit-level distillation makes the
disparity prediction of the event branch closer to the inspec-
tion prediction of the intensity branch. Besides the distil-
lation strategy, to ensure cross-view consistency, we design
an intensity-event joint left-right consistency module. This
module attempts to enforce pixel-level consistency of the
left intensity image with the warped one, which implicitly
indicates the quality of the estimated disparity. In the infer-
ence stage, only keeping the event branch enables efficient
and dense disparity prediction, and most importantly, pre-
serving the low latency characteristics of events.

3.3. Multi-Level Intensity-to-Event Distillation
The proposed intensity-to-event distillation scheme enables
the event branch to learn semantic cues from intensity im-
ages. It consists of three levels, including shallow distilla-
tion, deep distillation, and logit-level distillation. Shallow
and deep distillation are both performed at the feature level,
allowing the event branch to fully obtain long-range infor-
mation, local texture details, and task-related knowledge.
The last level drives the event branch to be close to the dis-
tribution of dense disparity of the intensity branch.
Shallow Distillation. In event-based stereo matching,
sparse events lack detailed texture minutiae and rich seman-
tic information, whether from the overall or local area de-
tails. As shown in Fig. 3, we extract long-range and focal
knowledge from the event and intensity branch respectively,
and then align them so that the event branch can obtain both
long-range information and local texture details.
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Figure 3. Illustration of shallow distillation. Features (cost vol-
umes) of the two modalities are fed to generate relationship maps
with long-range guidance. Simultaneous focal distillation is per-
formed via channel attention and spatial attention. Shallow distil-
lation is achieved through these two losses.

Long-range information distillation can transfer dark
knowledge from the intensity branch to the event branch.
However, there are significant modality gaps between shal-
low features, such as textures of intensity images, and polar-

ity and timestamps of events. To avoid the noise introduced
by simple alignment, we use gcblock [5] to extract long-
range relations ensuring that two branches have the same
long-range relationships. The feature mapping with a long-
range relation generated by gcblock is shown below:

Mlong(x) = x⊕ (F (ln(F (

N∑
i=1

eF (xi)∑N
j=1 e

F (xj)
xi)))), (1)

where F denotes the 1× 1 convolution layer, N means the
number of pixels of the feature x, ln indicates the layer nor-
malization, and ⊕ denotes the broadcast element-wise ad-
dition. The long-range extraction loss can be obtained by
computing the L2 norm between feature maps with long-
range relationships as follows:

Llong = ∥Mlong(fE)−Mlong(fI)∥2 , (2)

where fE and fI represent the binocular features of the
event branch and the intensity branch, respectively.

Long-range information distillation achieves the trans-
fer of long-range information but still lacks local texture
details. For stereo matching, focusing only on long-range
relations is not sufficient to obtain dense disparity. We in-
troduce spatial attention and channel attention to achieve
intensity-to-event focal alignment. First, we compute the
spatial and channel attention maps as follows:

As(x) = H ·W · softmax(
1

C

C∑
c=1

|fc|), (3)

Ac(x) = C · softmax(
1

H ·W

H∑
i=1

W∑
j=1

|fi,j |), (4)

where As and Ac represent the spatial attention and channel
attention maps derived from the features f . In order to en-
able the event branch to learn spatial and channel attention
from the intensity branch comprehensively, we design the
focal loss as follows:

Lfocal = β1L1(A
E
s , A

I
s) + β2L1(A

E
c , A

I
c), (5)

where β1, β2 are hyper-parameters to balance the loss, and
L1 denotes the L1 norm.
Deep Distillation. As known from previous studies [48,
67], deep features are high-dimensional abstract representa-
tions with fewer modality variances. They retain rich task-
related global contextual embeddings. In order to enable
the event branch to effectively approximate the modality-
independent intensity branch, we employ mean square error
loss to facilitate deep distillation as follows:

Ldeep =

L∑
l

∣∣∣∣F l
E − F l

I

∣∣∣∣
2
, (6)
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where l is the index where the distillation is performed.
Logit-Level Distillation. The prediction of the disparity re-
gression layer represents the probability distribution of each
modality branch. We propose the logit-level distillation, and
then the disparity prediction of the event branch is learned
from the soft labels generated by the intensity branch. We
use Kullback-Leibler Divergence to measure the similarity
in the probability distribution, making the disparity predic-
tion of the event branch closer to the inspection prediction
of the intensity branch, formulated as:

Llogit = KL(PE , PI). (7)

In summary, the overall distillation loss Ldistill is the sum
of the long-range loss Llong (2) and focal loss Lfocal (5) in
the shallow distillation, the deep distillation loss Ldeep (6),
and the logit-level loss Llogit (7), as shown below:

Ldistill = Llong + Lfocal + Ldeep + Llogit. (8)

3.4. Intensity-Event Joint Left-Right Consistency
In order to implicitly indicate the quality of the estimated
disparity and bring more explicit prompts, we introduce the
Intensity-Event joint Left-Right Consistency module (IE-
LRC). For a stereo image pair, right image pixels can be
shifted using disparity along each epipolar line to construct
a warped left intensity image. Minimizing the difference
between the warped left image and the real image reduces
the ambiguity of the disparity [19]. The proposed IE-LRC
module takes the disparity DL ∈ R1×H×W predicted by
the event branch, the left intensity image IL ∈ R1×H×W ,
and the right intensity image IR ∈ R1×H×W as input, as
shown in Fig. 4. For stereo intensity image pairs, the right
intensity image pixels are shifted using disparity predicted
by the event branch along each epipolar to construct the
warped left intensity image ÎL ∈ R1×H×W . The local ap-
pearance matching loss is constructed to minimize the re-
construction loss between the warped and real intensity im-
age. We utilize both the structural similarity index loss and
edge-aware smoothness loss to promote local smoothness
of disparity, which can be expressed as follows:

Lsmooth =
1

N

∑
i,j

∣∣∂xDl
ij

∣∣ e−∥∂xI
l
ij∥+

∣∣∂yDl
ij

∣∣ e−∥∂yI
l
ij∥,

(9)

Llrc = Lsmooth + α
1

N

∑
i,j

1− SSIM(I lij , Î
l
ij)

2
. (10)

We use a simplified SSIM with a 3 × 3 block filter, and set
α = 0.85, following [19].
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 right frame

 right frame
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Figure 4. Illustration of intensity-event joint left-right consis-
tency module. The input disparity comes from the event branch,
and the input intensity images come from the intensity branch.
The cross-view consistency across modalities is enforced through
edge-aware smoothness loss and SSIM loss.

3.5. Training and Inference
Overall Loss for Training. The total training loss of our
proposed framework consists of three components, namely
the stereo matching loss Ldisp, the intensity-to-event dis-
tillation loss Ldistill (8), and the left-right consistency loss
Llrc (10), as shown below:

Ltotal = Ldisp + Ldistill + Llrc. (11)

The stereo matching loss Ldisp can be defined as:

Ldisp(D,D∗
E) =

1

V

V∑
i=0

SmoothL1(di − d∗i ), (12)

where D is the ground truth disparity, D∗
E is the disparity

predicted by the event branch, and V is the number of valid
pixels with ground truths, di for i ∈ {1, 2, 3, . . . , V } is the
pixels in the ground truth disparity D that can be used for
training, and d∗i is the pixel at the corresponding position in
the predicted disparity D∗

E . The smooth L1 loss function
can be expressed as follows:

SmoothL1(x) =

{
0.5x2, if |x| < 1,
|x| − 0.5, otherwise .

(13)

Inference. The event branch is fully optimized during train-
ing, capturing a massive amount of texture knowledge and
dense structure information from intensity images. During
inference, retaining only the event branch can achieve effi-
cient and dense disparity prediction without increasing the
computational cost, and most importantly, preserving the
low latency characteristics of events.

4. Experiment
4.1. Experimental Setting
Datasets. To evaluate the proposed method’s effective-
ness, the experiments are performed on two publicly avail-
able datasets, MVSEC [69] and DSEC [17], both from the
real world. The MVSEC dataset has two DAVIS cameras
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Method
Mean disp.
error [pix] ↓

One-pixel
accuracy [%] ↑

Mean depth
error [cm] ↓

Median depth
error [cm] ↓

Split1 Spilt3 Split1 Spilt3 Split1 Spilt3 Split1 Spilt3
EIS-E [37] - - 80.6 68.3 13.3 25.7 - -
DDES [49] 0.59 0.94 89.8 74.8 16.7 27.8 6.8 14.7

DTC-PDS [62] 0.56 0.65 91.5 88.7 15.3 18.6 6.4 8.7
CTC-PDS [62] 0.53 0.73 91.6 88.2 14.9 20.6 6.4 10.6

EITNet [1] 0.55 0.75 92.1 89.6 14.2 19.4 5.9 10.4
DTC-SPADE [62] 0.46 0.60 93.0 89.7 13.5 17.1 5.2 7.9

TES [13] 0.46 0.49 92.9 92.6 13.0 15.0 5.0 5.8
Ours 0.32 0.37 94.8 93.4 11.2 13.2 4.2 4.7

Table 1. Disparity estimation results on the MVSEC [69] dataset. - indicates that results are not provided in the original paper. The best is
in bold and the second best is in underlined.

with stereo setups that provide intensity images and pair-
ing events. We use indoor flying from the MVSEC dataset,
which was captured from a drone flying in a room with
various objects. Following [10, 13, 49, 62], we split the
MVSEC dataset indoor flying into three and use two of
them, split 1 and split 3. For a fair comparison, we use
mean disparity error, one-pixel accuracy, mean depth error,
and median depth error as metrics. The DSEC dataset is a
stereo event camera dataset for outdoor driving scenes. The
intensity images and events are captured by different de-
vices with different resolutions. All cameras are at the same
height, so we approximately map the intensity images to
the corresponding positions of the events with the provided
camera matrix. For evaluation, we use the mean absolute
error (MAE), one-pixel error (1PE), two-pixel error (2PE),
and root mean square error (RMSE) as the metrics. See the
supplementary material for more details on the dataset split.
Implementation Details. The proposed method is imple-
mented using PyTorch and trained from scratch. We adopt
the Adam [27] (β1 = 0.9, β2 = 0.99) optimizer to train the
model with a batch size of 8 using 256×256 random crops.
We set the maximum disparity to 192. The initial learning
rate is 1× 10−3, and the weight decay is 1× 10−4. All ex-
periments are conducted on an NVIDIA RTX A6000 GPU.
For more details about the implementation, please refer to
the supplementary material.

4.2. Quantitative Results

We compare the results of the proposed IED2S with state-
of-the-art methods. The comparison results are shown in
Table 1. EIS-E [37], DDES [49], DTC-PDS [62], EITNet
[1], and TES[13] only use asynchronous and sparse events,
which limits the effectiveness of stereo matching due to the
lack of sufficient texture knowledge and dense structure in-
formation. The proposed IED2S fully extracts extensive
dense and structural information contained in intensity im-
ages and distills it into the event branch during the train-
ing, making its performance significantly better than ex-
isting event-based stereo matching methods. Specifically,

Methods MAE ↓ 1PE ↓ 2PE ↓ RMSE ↓
DDES [49] 0.576 10.915 2.905 1.381

DTC-PDS [62] 0.526 9.534 2.353 1.263
Se-CFF [38] 0.521 9.586 2.623 1.235

Ours 0.493 8.823 2.134 1.069

Table 2. Disparity estimation results on the DSEC [17] dataset.

compared with the best-performing event-based method,
TES[13], the proposed method outperforms it by 13.85%
and 12.00% in terms of mean depth error for split1 and
split3, respectively. We believe that this improvement
comes from fully considering the modality gap and the
novel design of the distillation strategy. Meanwhile, it is
worth noting that the combined intensity images and events
methods require both events and intensity images to be in-
put at the inference stage, which limits the application of
some scenarios, such as high-speed motion scenes or when
intensity images are unavailable. However, ours only re-
quires events as input during the inference phase, which
fully utilizes the low-latency characteristics of events in spe-
cial scenarios (high speed and extreme lighting).

Furthermore, we evaluate the proposed model on the
DSEC dataset, and the results are shown in Table 2. Sim-
ilarly, compared with the state-of-the-art baselines, ours
achieves the best performance on all metrics and outper-
forms existing methods by a large margin, thanks to the
designed cross-modal distillation in Sec. 3. Specifically, it
outperforms Se-CFF [38] by 5.37% and 7.46% in terms of
mean absolute error and one-pixel error, respectively, which
verifies the effectiveness of the proposed method.

4.3. Qualitative Results
As shown in Fig. 5, we present a qualitative comparison
of our method with the baseline in various scenarios on
the MVSEC dataset. DDES [49] and TES [13] struggle to
output dense disparity due to the lack of detailed informa-
tion caused by the inherent sparsity of events. They are
not ideal in some locations, such as the stripe lines dis-
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(a) Intensity (f) Ground Truth(e) Ours(c) DDES (d) TES(b) Events

Figure 5. Qualitative comparison of dense disparity estimation for indoor flying scenes in the MVSEC dataset. The first two columns
are the intensity images and the corresponding events for visual reference, where the red and blue discrete points represent positive and
negative events, respectively. (c), (d), and (e) are the results of DDES [49], TES [13], and ours, respectively. Our proposed method fully
uses the intensity image’s detail and texture information during the training stage, better displaying fine details in the region highlighted by
the red box. Detailed disparity information is framed by the red box for comparison.

appearing where the disparity should change dramatically.
For example, blur appears at the junction of objects such
as barrels and chairs with the background. In contrast, our
method addresses these challenges by enabling the model
to capture more intricate features, thereby offering more re-
liable information for accurate disparity estimation in ill-
posed regions. For example, for a chair placed far away,
the proposed method achieves fine-grained disparity pre-
diction. Consequently, even in areas where event data is
sparse and closely resembles the surrounding environment,
our approach produces disparities that are not only clearer
and denser but also exhibit more precise boundaries, such
as the area outlined by the red box in Fig. 5.

(a) Intensity (d) Ours(c) TES(b) Se-CFF

Figure 6. Qualitative results on the DSEC dataset. Our method
can construct more dense disparities than others.

Additionally, we present results on the DSEC datasets in
Fig. 6. We highlight regions with complex textures, where
our method outperforms the others in predicting disparity
with higher accuracy. For example, for objects such as trees
and guardrails on the roadside, we obtain much sharper,
more detailed, and artifact-free disparities.

4.4. Ablation Studies
Contribution of each component. We perform exten-
sive experiments on the MVSEC dataset to fully validate
the effectiveness of each proposed component and related
design choices in Sec. 3. We first present the results of
the ablation study in Table 3. It can be observed that all
the proposed components have contributed to the superior
performance. This indicates that the information derived
from intensity images is effective for dense event-based
disparity estimation without significantly altering the net-
work structure. When only one component is added, we see
the most improvement comes from the feature distillation,
which indicates that modality-specific and task-related fea-
tures of the intensity branch are needed. When it is applied
solely, the one-pixel accuracy is increased by 3.74% and
2.91% for split1 and split3, respectively. It is worth noting
that intensity-event joint left-right consistency improves the
one-pixel accuracy of split1 and split3 by 0.22% and 1.01%,
respectively, which verifies the feasibility of improving the
matching effect through ensuring cross-view consistency in
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F-distill. L-distill. LRC
Mean disparity

error [pix] ↓
One-pixel

accuracy [%] ↑
Mean depth
error [cm] ↓

Split 1 Split 3 Split 1 Split 3 Split1 Split3
✗ ✗ ✗ 0.54 0.67 91.0 89.4 15.0 18.5
✓ ✗ ✗ 0.38 0.46 94.4 92.0 12.1 13.9
✗ ✓ ✗ 0.49 0.53 91.9 91.6 13.8 17.5
✗ ✗ ✓ 0.50 0.64 91.2 90.3 14.6 18.0
✗ ✓ ✓ 0.49 0.52 92.1 91.6 13.7 17.4
✓ ✗ ✓ 0.37 0.41 94.5 92.7 11.6 13.7
✓ ✓ ✗ 0.34 0.39 94.8 93.2 11.3 13.4
✓ ✓ ✓ 0.32 0.37 94.8 93.4 11.2 13.2

Table 3. The result of our intensity-to-event distillation scheme with different settings on the MVSEC dataset. F-distill. denotes the feature
distillation including shallow and deep distillation, L-distill. represents logit-level distillation, and LRC means left-right consistency.

stereo matching. When all components are combined, the
performance is further improved without any conflicts, re-
sulting in the best performance with a significant improve-
ment of the one-pixel accuracy by 4.18% and 4.47% for
split1 and split3, respectively.

Methods
Mean disparity

error [pix] ↓
One-pixel

accuracy [%] ↑
Split1 Split3 Split1 Split3

MSE 0.45 0.50 92.2 91.8
Si2eD 0.39 0.46 93.0 92.5

MSE+Di2eD 0.37 0.41 94.0 93.0

Si2eD+Di2eD 0.32 0.37 94.8 93.4

Table 4. The effectiveness of our designed feature distillation on
the MVSEC dataset. Si2eD represents shallow distillation, and
Di2eD denotes deep distillation.

Feature alignment. Although feature distillation has been
a widely used loss term in many knowledge distillation
studies [28, 39], we are the first to implement that for event-
based stereo. For further exploration and discussion, we
present our experiments to validate the design choice of the
feature distillation module, as it brings the most improve-
ment among all the proposed components. Specifically, to
solely examine the effectiveness of our proposed shallow
distillation, we compare it to the simple alignment feature-
level distillation methods. MSE is a baseline method [22]
that simply minimizes the element-wise L2 distance be-
tween the features of the teacher and student. As shown
in Table 4, directly aligning the features of the two modal-
ities contaminates the original modality-specific informa-
tion and introduces noise to the event branch. Specifically,
the one-pixel accuracy is reduced by 2.74% and 1.71% for
split1 and split3, respectively. A possible reason for this
performance gain comes from the large modality difference
between events and intensity images, and the novel design
fully exploits these modality-specific features while effec-
tively avoiding cross-sensor contamination.

Setting MVSEC –> DSEC DSEC –> MVSEC

Metrics MAE ↓ 1PE ↓ Mean disp.
error [pix] ↓

One-pixel
acc. [%] ↑

w/o distill. 0.782 12.413 0.74 79.8
Full model 0.563 9.973 0.46 91.4

Table 5. Cross-validation experimental results between two real-
world datasets, verifying good generalization.

4.5. Cross-Domain Generalization Performance

The modality-specific knowledge obtained by cross-sensor
distillation is independent of the dataset and has good gen-
eralization under different domain distributions. In this sec-
tion, we discuss the generalization performance of the pro-
posed method on unseen domains. Specifically, we perform
cross-validation on two real-world datasets, i.e., the model
is trained on MVSEC (DSEC) and evaluated on DSEC
(MVSEC). As shown in Table 5, the designed module is
less affected by the domain gap. This is because the de-
signed cross-modal distillation enables the event branch to
acquire general knowledge for dense stereo matching.

5. Conclusion

We propose a novel framework for event-based dense
stereo via cross-sensor knowledge distillation. we design
a multi-level intensity-to-event distillation strategy, achiev-
ing binocular-to-binocular distillation for the first time. A
massive amount of texture knowledge and dense structure
information contained in the intensity image is distilled to
the event branch through the designed strategy. At the same
time, an intensity-event joint left-right consistency module
is proposed to enforce cross-view consistency. Extensive
experiments on the MVSEC and DSEC datasets demon-
strate the effectiveness of the proposed framework.
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