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Figure 1. Our event-based monocular depth estimation model processes only sparse event data, yielding highly accurate depth estimations.
Top: Input event data. Middle: DAM [41] with input event data. Bottom: EventDAM with input event data.

Abstract

With the superior sensitivity of event cameras to high-speed
motion and extreme lighting conditions, event-based monoc-
ular depth estimation has gained popularity to predict struc-
tural information about surrounding scenes in challenging
environments. However, the scarcity of labeled event data
constrains prior supervised learning methods. Unleashing
the promising potential of the existing RGB-based depth
foundation model, DAM [41], we propose Depth Any Event
stream (EventDAM) to achieve high-performance event-
based monocular depth estimation in an annotation-free
manner. EventDAM effectively combines paired dense RGB
images with sparse event data by incorporating three key
cross-modality components: Sparsity-aware Feature Mix-
ture (SFM), Sparsity-aware Feature Distillation (SFD), and
Sparsity-invariant Consistency Module (SCM). With the pro-
posed sparsity metric, SFM mixes features from RGB images
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and event data to generate auxiliary depth predictions, while
SFD facilitates adaptive feature distillation. Furthermore,
SCM ensures output consistency across varying sparsity
levels in event data, thereby endowing EventDAM with zero-
shot capabilities across diverse scenes. Extensive experi-
ments across a variety of benchmark datasets, compared
to approaches using diverse input modalities, robustly sub-
stantiate the generalization and zero-shot capabilities of
EventDAM.

1. Introduction

Compared with traditional RGB image sensors, event cam-
eras [7] offer several distinct advantages, including high
temporal resolution, high dynamic range, and markedly re-
duced latency. It excels at capturing precise structural in-
formation in challenging conditions, such as poorly illumi-
nated areas [27] and environments with moving objects at
high speed [39]. Recently, increasing research has shown
considerable potential in areas such as classification [43],
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Figure 2. EventDAM aims to distill DAM into an event-based depth
estimation model, taking into account the sparsity of event data.

object detection [25, 31], tracking [4, 8, 42], and segmen-
tation [5, 20, 21, 23]. In particular, event-based depth esti-
mation [6, 11, 16, 30, 36] holds considerable appeal due to
its substantial benefits for applications such as robotic nav-
igation and autonomous driving [16, 33, 38]. While these
methods [14, 30] successfully take full advantage of RGB
images and event data to complement each other, there re-
mains a major challenge: the limited size and diversity of
annotated datasets. This bottleneck restricts the ability of
event-based depth estimation methods to generalize effec-
tively to the complexity and variability of real-world scenes,
thereby limiting their broader applicability.

Recent advances in vision foundation models, such as
Segment Anything Model (SAM) [22], DINO [28], and
Depth Anything Model (DAM) [41], are revolutionizing
the field of computer vision, driven by the availability
of large-scale labeled datasets. This progress holds sub-
stantial promise for exploring the applicability of vision
foundation models to the event domain [5, 23]. For in-
stance, EventSAM [5] adapts SAM for universal object seg-
mentation with event data, while OpenESS [23] combines
CLIP [32] and SAM to enable open-vocabulary event-based
semantic segmentation. Inspired by these developments,
we aim to leverage the extensive knowledge embedded in
large-scale RGB image datasets and the advanced learn-
ing capabilities of off-the-shelf models, such as DAM, to
drive progress in event-based depth estimation. Notably,
an increasing number of datasets containing paired RGB
image and event data provide a unique opportunity for this
endeavor [10, 12]. Therefore, we propose adapting DAM
to the event domain, unlocking the potential of DAM for
event-based depth estimation.

Nevertheless, due to the distinctive sensing mechanisms
of RGB and event cameras, inherent differences between
RGB images and event data bring the severe challenges.
Specifically, as shown in Fig. 2, a significant density dis-
crepancy between the dense RGB image and sparse event
data limits the direct application of DAM in the event do-
main (See Fig. 1). To tackle this, we propose Depth Any
Event stream (EventDAM) to achieve high-performance
event-based monocular depth estimation in an annotation-
free manner. With explicit consideration of the sparsity
of event data, we propose three core components to facili-

tate effective knowledge transfer from DAM to event-based
DAM. First, we introduce Sparsity-aware Feature Mixture
(SFM), which bridges the density gap by mixing features
from both RGB images and event data using the sparsity
metric, generating auxiliary depth predictions to guide the
student model’s training (cf. Sec. 3.3). The sparsity metric
quantifies patch-level registered information across regions
in the event data, assigning lower sparsity values to regions
with richer informativeness and higher values to sparser re-
gions with fewer triggered events (See Fig. 2). Second, to
further facilitate the dense-to-sparse distillation, we develop
Sparsity-aware Feature Distillation (SFD) with the sparsity
metric. This approach leverages sparsity-based weighting
to guide the distillation from teacher features into student
features, considering the triggered events of relevant regions,
rather than directly distilling features (cf. Sec.3.4). Finally,
to enhance the model’s zero-shot capability, we present a
Sparsity-invariant Consistency Module (SCM). This module
maintains output consistency across varying sparsity levels
in event data, improving the model’s generalization across
diverse scenes (cf. Sec. 3.5).

We conduct extensive experiments to evaluate the ef-
fectiveness of our EventDAM on two benchmark datasets,
EventScape (See Fig. 1) and MVSEC [45]. Furthermore, we
assess EventDAM’s zero-shot capability by training it on
the EventScape dataset and testing its performance on two
other datasets: DENSE [16] and MVSEC. The qualitative
and quantitative results demonstrate that EventDAM signifi-
cantly outperforms current state-of-the-art (SOTA) event and
image-based methods on both EventScape and DENSE.

In summary, our contributions are as follows: (I) We
introduce EventDAM, a pioneering approach that distills
DAM via dense-to-sparse distillation for enhancing event-
based depth estimation. (II) We propose novel techniques,
including Sparsity-aware Feature Mixture (SFM), Sparsity-
aware Feature Distillation (SFD), and a sparsity-invariant
Consistency Module (SCM), to enable effective knowledge
transfer from DAM to event-based DAM. (III) Comprehen-
sive experiments validate the effectiveness of the proposed
EventDAM, highlighting its superior performance and its
zero-shot capability across diverse scenes.

2. Related Work

Event-based monocular depth estimation. Event-based
monocular depth estimation seeks to generate pixel-wise
scene depth by using event data [37, 44]. The pioneering
work, E2Depth [16], adopts recurrent convolutional neural
networks to produce dense depth maps from asynchronous
event streams. Subsequently, approaches integrating RGB
and event data have been proposed to improve depth esti-
mation accuracy [6, 11, 30, 36]. For instance, ER-F2D [6]
employs a unified transformer to capture inter-modal depen-
dencies, thereby enhancing accuracy, while SRFNet [30]
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Figure 3. Overview of the EventDAM framework. We distill off-the-shelf knowledge from DAM for event data. Given paired event data
I
evt and RGB images Iimg , we extract their features from the event encoder Fevt and image encoder F img . To enhance the distillation

from DAM into event-based DAM, we propose Sparsity-aware Feature Mixture (SFM) to mix their features to generate the auxiliary
depth d

mix with depth decoder G (cf. Sec. 3.3), Sparsity-aware Feature Distillation (SFD) to enable adaptive feature distillation with the
sparsity metric (cf. Sec. 3.4), and Sparsity-invariant Consistency Module (SCM), which generates sparser event data (cf. Sec. 3.5).

leverages spatial sparsity to harness the strengths of both
modalities. Despite these advancements, a significant lim-
itation in prior work is the reliance on annotated datasets,
which are costly and time-intensive to produce. To address
it, we propose utilizing DAM trained on large-scale image
datasets to improve performance with event data, aiming to
develop a high-performance event-based depth estimation
model without requiring annotated event data.
Cross-modal knowledge distillation. Knowledge distilla-
tion (KD) is proposed for transferring knowledge from one
neural network to another [17, 40, 46, 47]. Building upon
this foundation, cross-modal KD [19, 24] has emerged to
facilitate knowledge transfer across different modalities, aim-
ing to leverage insights derived from a large-scale labeled
dataset in one modality to benefit another. For example,
Gupta et al. [13] employs mid-level representations from a
labeled modality to supervise the learning of representations
in a paired, unlabeled modality. More recent studies [1, 48]
address the complex challenge of transferring knowledge
from a source modality to a target modality without direct
access to task-relevant data from the source. In this study, we
strive to utilize RGB-event pairs to harness the capabilities
of DAM to enhance event-based depth estimation, specifi-
cally by bridging the density gap between dense RGB images
and sparse event data.
Vision foundation models (VFMs). VFMs fundamentally
transform the field of artificial intelligence by leveraging vast
amounts of data [22, 32, 41] and self-supervised learning
[3, 15, 29]. CLIP [32], trained on a large-scale dataset of
image-text pairs, demonstrates strong zero-shot transfer ca-
pabilities across various downstream tasks. SAM [22], lever-
aging a dataset of 11 million diverse images, exhibits robust
zero-shot instance segmentation performance. DINO [29]
investigates the potential of self-supervised learning to learn

general-purpose visual features from a substantial amount of
curated data. Building on these advancements in large VFMs,
recent research has explored adapting foundation models
for alternative modalities to fully exploit their capabilities.
EventSAM [5] extends SAM for universal object segmen-
tation in event-based data, while OpenESS [23] integrates
CLIP and SAM to enable open-vocabulary, event-based se-
mantic segmentation. Differently, our work investigates the
potential of DAM [41] to improve event-based depth estima-
tion through distillation from DAM to event-based DAM.

3. Method

3.1. Overview

Our study serves as an initial effort to leverage DAM [41]
to enhance event-based depth estimation without requir-
ing access to ground-truth depth data. We begin with
a comprehensive description of our proposed EventDAM
framework, outlining its components, including the inputs,
event frame-like representations, feature encoding, and fine-
tuning strategy (cf. Sec. 3.2). To facilitate effective dis-
tillation from DAM to event-based DAM, we introduce
three key components: Sparsity-aware Feature Mixture (cf.
Sec. 3.3), Sparsity-aware Feature Distillation (cf. Sec. 3.4),
and Sparsity-invariant Consistency Module (cf. Sec. 3.5).
Fig. 3 provides an overview of EventDAM, with each com-
ponent described in detail in the following sections.

3.2. Event-based Monocular Depth Estimation

Inputs. Given a set of events captured by an event camera,
our objective is to estimate the depth of event data, denoted
as e = (x, y, t, p), where (x, y) represents the pixel location,
t denotes the timestamp of the observed change, and p →
{+1,↑1} indicates the polarity of the event, corresponding
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to an increase or decrease in brightness, respectively. An
event is triggered when the change in logarithmic brightness
surpasses a predefined threshold, allowing the event camera
to capture events asynchronously. Simultaneously, an RGB
camera acquires conventional images, I img → R3→H→W ,
where H and W denote the spatial resolution.
Event frame-like representation. Due to the sparsity,
high temporal resolution, and asynchronous nature of event
streams, it is common to convert raw event stream ω into
more regular representations Ievt → RC→H→W . Therefore,
in this work, we convert the event stream into a sequence of
frames. Specifically, we adopt the approach outlined in prior
studies [9, 10, 16, 30, 35], where we divide the event stream
into events ε that occur within a fixed time interval !T . We
then transform each event stream into a frame-like repre-
sentation F → RB→2→H→W . Each location (x, y) in F is
represented with two histogram-like vectors of B bins. Each
histogram discretizes !T in each bin and counts the number
of positive or negative events occurring in the corresponding
period !T/B. In this work, we choose !T = 50ms and
B = 5 temporal bins. To make the frame-like representation
denser, we aggregate the counts in each pixel of B bins and
then transform the final representations F̂ → R2→H→W into
event frame I

evt → R3→H→W with spatial size H↓W.
Feature encoding. Each image or event frame is parti-
tioned into L non-overlapping P ↓ P square patches, where
L = H ↓ W/P

2. Let Fevt : R3→H→W ↔ RD→Ĥ→Ŵ

denote a student encoder that processes an event embed-
ding I

evt and outputs a D-dimensional event feature f
evt

with spatial dimensions Ĥ and Ŵ , where Ĥ = H/P and
Ŵ = W/P . Likewise, the teacher encoder F img outputs a
D-dimensional image feature f img with the same downsam-
pled spatial dimensions, Ĥ and Ŵ . Furthermore, we employ
a depth decoder G, which inputs the event feature f

evt and
image feature f

img to generate depth predictions devt and
d
img , respectively.

Fine-tuning strategy. To preserve the strong generalization
and zero-shot capability of DAM [41] while adapting it to
event data, we fine-tune its encoder using Low-Rank Adapta-
tion (LoRA) [18] and freeze the decoder, rather than training
the entire model (as demonstrated in Tab. 8). With this train-
ing strategy, the event-based DAM can be implemented and
trained as shown in Fig. 3.

3.3. Sparsity-aware Feature Mixture

Due to the inherent density discrepancy between dense RGB
images and sparse event data, directly distilling knowledge
from the DAM, acting as a teacher, to the event-based DAM,
serving as a student, may be suboptimal for depth estimation.
To address this challenge, we introduce the Sparsity-aware
Feature Mixture (SFM) as a mechanism to derive auxiliary
depth prediction that effectively bridges the gap between
these two modalities. Specifically, we propose mixing image

and event features to construct an auxiliary depth prediction
that can guide the training process of the event-based DAM.
We utilize the representation F̂ to derive a sparsity metric
M. This metric enables the assessment of informativeness
across different areas, where regions with richer informative-
ness are assigned lower sparsity values, and sparser regions,
characterized by fewer triggered events, receive higher spar-
sity values. More concretely, we partition the representation
F̂ into patches of size P ↓ P , and calculate the number of
triggered events, Ni, within i-th patch. The sparsity metric
Mi for i-th patch is defined as

Mi = 1↑ Ni

P ↓ P
. (1)

After calculating the metric Mi for the i-th patch, we
proceed by selecting the i-th event feature, fevt

i
, extracted

from the i-th patch using the event-based DAM, where the
corresponding Mi values below the median sparsity thresh-
old for the given input. This selection criterion is based on
the observation that higher sparsity values indicate a larger
density gap between the event and image regions. Conse-
quently, our aim is to distill knowledge from image regions
to event regions with more informativeness, which are typ-
ically characterized by lower sparsity. Following this, we
select the corresponding image features, f img, from these
unselected regions and combine them with the event features,
f
evt, resulting in the mixed features, fmix. Since the mixed

features are derived from image regions and event regions
with fewer triggered events, the gap between the event fea-
tures fevt and the mixed features fmix is relatively small.
These mixed features, fmix, are then fed into the decoder,
G, to generate the auxiliary depth prediction, dmix, which
serves as a ground-truth depth to guide the training of the
event-based DAM (Fig. 3).

As noted by DAM [41], we first normalize the depth
values (dmix and d

evt) to 0 ↗ 1 on each depth map. We then
apply an affine-invariant loss to ignore the unknown scale
and shift in each sample:

d̂
evt =

d
evt

i
↑ t(devt)

s(devt)
, (2)

where t(devt) and s(devt) is applied to align the depth pre-
dictions to have zero translation and unit scale:

t(devt) = median(devt), s(devt) =
1

HW

HW∑

i=1

|devti → t(devt)|.

(3)
Similarly, the prediction d

mix is scaled and shifted to ob-
tain d̂

mix. To guide the training of the event-based DAM,
we employ the scale-invariant log loss Lsilog, as described
in [2, 26], to ensure robust and scale-consistent depth estima-
tion. Furthermore, we apply the multi-scale scale-invariant
gradient matching loss Lgm [34], which achieves both shift-
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Figure 4. The augmented representation, denoted as Iaug , is de-
rived by randomly extracting a single bin from the raw event stream.
This representation I

aug is subsequently utilized to enable the dis-
tillation process, transferring knowledge from a dense image to a
sparser augmented event data.

invariance and scale-invariance in disparity space. The ob-
jective of SFM is defined as:

LSFM = Lsilog(d̂
evt

, d̂
mix) + Lgm(d̂evt, d̂mix). (4)

3.4. Sparsity-aware Feature Distillation

In addition to facilitating knowledge transfer through SFM
in the prediction space, we introduce Sparsity-aware Feature
Distillation (SFD) to enable distillation within the feature
space. The key idea behind SFD is to leverage the sparsity
metric, denoted as M, to guide the distillation process of
image features into event features. This is achieved by dy-
namically adjusting the weight assigned to each region based
on its sparsity. The approach emphasizes transferring knowl-
edge from image features to event features within denser
regions, while mitigating the negative impact of direct trans-
fer from image features to event features of sparse regions,
which may lead to suboptimal performance. To quantify the
discrepancies between features, we utilize cosine similarity,
cos(·), while incorporating the sparsity metric M to mod-
ulate the distillation process. This method ensures that the
distillation prioritizes more informative and denser regions
in the event data, thereby improving the effectiveness of
cross-modal knowledge transfer. And the objective of SFD
is defined as:

LSFD =
ĤŴ∑

i=1

(1↑Mi)
(
1↑ cos(fevt

i
, f

img

i
)
)
, (5)

where f
evt

i
denotes the event features and f

img

i
denotes the

image features. The sparsity metric M serves as the weight
for feature similarity, effectively directing the distillation
process towards the denser regions of the event data.

3.5. Sparsity-invariant Consistency Module

Although SFM and SFD enable EventDAM to harness the
potential of DAM for event data, its performance may de-
grade under real-world conditions where event data becomes
sparse. Event data is inherently sparse, noisy, and irregu-
lar, which can impede the generalization of the proposed

approach across different domains or scenarios. To address
this concern, we propose a Sparsity-invariant Consistency
Module (SCM) (illustrated in Fig. 4), which enforces consis-
tency of feature and depth predictions across varying levels
of sparsity in the event data. The key motivation is that,
regardless of the degree of sparsity in the event data, features
and depth predictions for the same scene should remain con-
sistent. The SCM is designed to enhance the generalization
of EventDAM in sparse event scenes, ensuring sustained
predictive accuracy across varying levels of sparsity and
challenging conditions.

Specifically, we begin by randomly extracting one tem-
poral bin with a time span of !T/B from the raw event
stream to generate an augmented event stream, which is
subsequently transformed into an event frame-like repre-
sentation, Iaug. Based on the augmented event stream, we
compute the sparsity metric Maug and subsequently obtain
the augmented event feature f

aug using the event encoder
Fevt. The feature faug is then fed into decoder G to produce
the augmented depth prediction d

aug . Finally, both the aug-
mented event feature f

aug and augmented depth prediction
d
aug are processed through the SFM and SFD alongside the

corresponding image I
img. The objective of the SCM is

defined as follows:
LSCM = Lsilog

(
d̂
aug

, d̃
mix

)
+ Lgm

(
d̂
aug

, d̃
mix

)

+
ĤŴ∑

i=1

(1↑Maug

i
)
(
1↑ cos(faug

i
, f

img

i
)
)
,

(6)

where d̂
aug represents the scaled and shifted version of the

prediction d
aug, while d̃

mix denotes the scaled and shifted
version of the mixed prediction derived from the combined
feature generated by mixing f

aug and f
img .

Connecting all the pieces above, the total objective of
EventDAM is formulated as:

L = LSFM + ϑSFDLSFD + ϑSCMLSCM , (7)
where ϑSFD and ϑSCM representhyper-parameters used to
balance loss terms, set to values of 2 and 0.2, respectively.

4. Experiment

4.1. Settings

Datasets. To comprehensively explore the potential of
DAM [41] for event-based depth estimation, we fine-
tune and evaluate EventDAM on EventScape [10] and
MVSEC [45] datasets, respectively. To further explore
the zero-shot capability of EventDAM, we train it on the
EventScape dataset and test its performance on two other
datasets: DENSE [16] and MVSEC [45].
Evaluation metrics. Following [6, 14, 30], we measure aver-
age absolute depth errors at cut-off depths of 10m, 20m, and
30m. We further evaluate our method with three percentage
metrics ϖi, where i → {1.25, 1.252, 1.253}.
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Method Input 10m → 20m → 30m →

E2Depth [16] E 1.79 5.35 8.31
RAMNet [11]

E+I

0.81 2.26 3.58
HMNet [14] 0.55 1.80 3.27
ER-F2D [6] 0.67 1.69 2.81
SRFNet [30] 1.27 1.68 2.76

EventDAM-S

E
0.59 1.60 2.47

EventDAM-B 0.54 1.54 2.32

EventDAM-L 0.56 1.52 2.30

Table 1. Absolute mean depth error results on EventScape (in
meters). (E) implies that event data is adopted as the input, and
(E+I) means both event and image are adopted. Best results are
highlighted in Red while runner-up in Blue.

Event GTOursRGB SRFNet

Figure 5. Qualitative comparison between SRFNet and EventDAM.

Implementation details. Following SRFNet, we center-crop
the input image and event frame dimensions to 252↓504
pixels to ensure consistency with ViT input settings. For
the encoder, we utilize pre-trained models DAM V2 [41] of
the Vision Transformer (ViT) in three configurations: small
(ViT-S), base (ViT-B), and large (ViT-L). During training, we
employ a batch size of 16 for ViT-S and ViT-B, while a batch
size of 8 is used for ViT-L, corresponding to their respective
computational demands. Additionally, we implement LoRA
with a rank r=4 to fine-tune the encoder in our EventDAM.
We train EventDAM with a learning rate of 1↓10↑4, us-
ing the Adam optimizer for 5 epochs. All experiments are
conducted on a single NVIDIA A100 80GB GPU.
Comparing methods. To thoroughly evaluate the effec-
tiveness of the proposed EventDAM, we conduct a compar-
ative analysis against SOTA event-based depth estimation
methods. Specifically, E2Depth [16] employs only event
data for depth estimation, while RAMNet [11], EvT+[36],
HMNet[14], ERF2D [6], and SRFNet [30] utilize paired

event and RGB data to predict depth.

4.2. Experiment Results

4.2.1. Fine-tuning Performance

To evaluate the performance of EventDAM, we conduct
experiments on the EventScape and MVSEC datasets. Im-
portantly, EventDAM’s training process does not require
depth annotations, whereas the compared methods neces-
sitate ground-truth depth. On the EventScape dataset, we
train and test EventDAM using the training and test sets.
For the MVSEC dataset, we train EventDAM on the “Day2”
subset and evaluate it on the “Day1”, “Night1” “Night2”,
and “Night3” subsets.

Comparison on EventScape dataset. In Tab. 1, we compare
with SOTA methods on the EventScape dataset. In general,
our EventDAM-S outperforms existing methods across most
metrics. In addition, our EventDAM-L outperforms pre-
vious methods across all metrics. For example, with only
event data as input, E2Depth [16] obtains a depth error of
1.79 at 10m, while EventDAM-S obtains a depth error of
0.59. For methods utilizing both event data and RGB images,
SRFNet [30] achieves a depth error of 2.76 meters at 30m.
In contrast, our EventDAM-L with only event input achieves
an error of 2.30 meters, improving about 16.7%. These re-
sults affirm that EventDAM successfully distills knowledge
from DAM v2 [41] and adapts well to sparse event data,
thus predicting accurate depth predictions compared to pre-
vious data-specific methods. The qualitative results in Fig. 5
demonstrate that EventDAM predicts clear structural details.
Comparison on MVSEC dataset. In Tab. 2, we further
evaluate the performance of EventDAM on the MVSEC
dataset. The results reveal that the proposed EventDAM sig-
nificantly outperforms methods that utilize only event data,
such as E2Depth [16]. For instance, at the 10m threshold
in the “Night1” scene, the depth error for E2Depth [16] is
3.38 meters, whereas our EventDAM-L achieves a markedly
lower error of 1.39 meters. However, our model does not
outperform methods that integrate both event and image data,
though it does surpass the SOTA method SRFNet [30] on
certain metrics. The observation may be attributed to that our
training process relies on the predictions of DAM. As shown
in Fig. 7, the performance of DAM, when using grayscale
image data on specific scenes, is suboptimal, which conse-
quently leads to a decline in the performance of EventDAM.

4.2.2. Zero-shot Capability

To further assess the zero-shot capability of our EventDAM,
we first train it on the EventScape dataset and subsequently
assess its performance on the unseen DENSE and MVSEC
datasets. Note that the compared methods, such as RAM-
Net [11] and SRFNet [30], require ground-truth depth for
model training on the DENSE dataset.
DENSE dataset. We investigate the zero-shot capability of
our method using the DENSE dataset. The results, presented
in Tab. 3, demonstrate that our methods consistently outper-
forms existing SOTA approaches. Notably, our proposed
EventDAM demonstrates superior performance compared
to all other methods that utilize both event and image data.
In particular, our EventDAM-L achieves 3.451 depth error
at the 30-meter threshold, compared to 19.113 meters for
RAMNet [11] and 6.116 meters for SRFNet [30]. These
findings highlight the excellent zero-shot performance of our
EventDAM for event-based depth estimation.
MVSEC dataset. To further evaluate the zero-shot capabil-
ity of our proposed EventDAM, we conduct a fair compari-
son with DAM [41] on the unseen MVSEC “Night1” dataset,
as presented in Tab. 4 and Fig. 6. The results demonstrate
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Methods Modality Night1 Night2 Night3 Nay1
10m 20m 30m 10m 20m 30m 10m 20m 30m 10m 20m 30m

E2Depth [16] E 3.38 3.82 4.46 1.67 2.63 3.58 1.42 2.33 3.18 1.67 2.64 3.13
RAMNet [11]

E+I

2.50 3.19 3.82 1.21 2.31 3.28 1.01 2.34 3.43 1.39 2.17 2.76
EvT+ [36] 1.45 2.10 2.88 1.48 2.13 2.90 1.38 2.03 2.77 1.24 1.91 2.36

HMNet [14] 1.50 2.48 3.19 1.36 2.25 2.96 1.27 2.17 2.86 1.22 2.21 2.68
ER-F2D [6] 1.58 2.24 2.78 1.54 2.23 2.95 1.24 1.96 2.81 1.34 2.25 2.62
SRFNet [30] 1.26 1.95 3.01 1.19 2.13 3.22 1.01 2.12 3.52 0.96 1.77 2.37

EventDAM-S
E

1.38 2.54 3.04 1.44 2.13 3.09 1.50 2.17 3.15 1.12 1.73 2.49
EventDAM-B 1.39 1.98 3.19 1.45 2.21 3.19 1.48 2.17 3.15 1.07 1.70 2.49
EventDAM-L 1.39 2.10 3.25 1.43 2.18 3.22 1.44 2.16 3.22 1.12 1.79 2.69

Table 2. Comparison with methods across varying distances and sub-datasets on MVSEC, evaluated by absolute mean depth error.

Event GTOursRGB DAM w/ Event DAM w/ RGB

Figure 6. Qualitative results on MVSEC Night1 dataset.

Input DAM Input DAM

Figure 7. Qualitative results of DAM on MVSEC Day2.

that EventDAM consistently outperforms DAM [41] when
relying exclusively on event data. For example, at a 30-
meter distance, the depth error for DAM is 4.25, compared
to 3.36 for EventDAM. Conversely, when image data serves
as the input, DAM-S performs better than EventDAM-S at
distances of 10m, 20m, and 30m. However, EventDAM-S
achieves higher accuracy than DAM-S across the ϖ1, ϖ2, and
ϖ3 thresholds. The results show that our EventDAM with
event data as input obtains depth estimation results that are
slightly inferior to DAM with image input. It reveals that
our proposed distillation strategies successively preserve the
strong zero-shot capabilities of DAM, while improving its
representation capabilities for the challenging event data that
have distinct differences with conventional RGB image data.

4.3. Ablation Study

For all ablation studies, we utilize the EventScape dataset in
conjunction with the DAM (ViT-S).
Effect of each component. To evaluate the contribution
of each component within EventDAM, we conduct an abla-
tion study on EventScape, as detailed in Tab. 5. The base-
line model, with all components disabled and no knowl-
edge distillation performed, exhibits relatively high errors
of (1.35, 3.34, 4.92) at 10m, 20m, and 30m, respectively.
Enabling LSFM reduces errors to (0.62, 1.75, 2.73), while
using LSFD yields errors to (0.70, 1.79, 2.76). Additionally,

Method Input 10m → 20m → 30m →

RAMNet [11] E+I 2.619 11.264 19.113
SRFNet [30] 1.503 3.566 6.116

EventDAM-S

E
1.202 2.603 5.178

EventDAM-B 0.305 1.711 3.840

EventDAM-L 0.270 1.600 3.451

Table 3. Absolute mean depth error results on DENSE (in meters).

Method Input 10m → 20m → 30m → ω1 ↑ ω2 ↑ ω3 ↑

DAM-S [41] E 2.15 3.22 4.25 0.21 0.36 0.45
DAM-S [41] I 1.33 2.03 3.06 0.28 0.42 0.49

EventDAM-S E 1.64 2.46 3.36 0.29 0.43 0.51

Table 4. Absolute mean depth error results on MVSEC Night1.

enabling LSCM also reduces errors to (0.67, 1.78, 2.72).
Combining all three components achieves the best results,
with errors of (0.59, 1.60, 2.47). These results demonstrate
the effectiveness of the proposed components, which facili-
tate distillation from DAM to event-based DAM.
Effect of sparsity guidance for feature mixture. We in-
vestigate the effect of different feature mixing strategies in
Tab. 6. Without feature mixing, the event-based DAM ob-
tains depth errors of (0.65, 1.92, 2.99) at 10m, 20m, and
30m, respectively. Random feature mixing leads to slight
performance degradation, with errors of (0.76, 2.15, 3.50),
indicating that neglecting the sparsity might cause perfor-
mance dropped. In contrast, sparsity-guided feature mixing
significantly enhances model performance, reducing errors
to (0.62, 1.75, 2.73), surpassing other mixing strategies. The
results demonstrate that SFM enables dense-to-sparse distil-
lation effectively.
Effect of sparsity guidance for feature distillation. We
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LSFM LSFD LSCM 10m → 20m → 30m →

✁ ✁ ✁ 1.35 3.34 4.92
✂ ✁ ✁ 0.62 1.75 2.73
✁ ✂ ✁ 0.70 1.79 2.76
✁ ✁ ✂ 0.67 1.78 2.72
✂ ✂ ✁ 0.60 1.64 2.57
✂ ✂ ✂ 0.59 1.60 2.47

Table 5. Effect of each component of EventDAM on EventScape.

Feature Mixing Strategy 10m ↘ 20m ↘ 30m ↘
Without Mixing 0.65 1.92 2.99

Random Mixing 0.76 2.15 3.50
Mixing with Sparsity Guidance 0.62 1.75 2.73

Table 6. Ablation study about mixing features with or without
sparsity guidance on EventScape.

Feature Distillation 10m → 20m → 30m →

Without Sparsity Guidance 0.79 2.01 3.00

With Sparsity Guidance 0.70 1.79 2.76

Table 7. Ablation study about feature distillation with or without
sparsity guidance on EventScape.

conduct an ablation study to investigate the effect of sparsity
guidance on feature distillation in EventScape. The results
in Tab. 7 indicate that without sparsity guidance, EventDAM
achieves errors of (0.79, 2.01, 3.00) at 10m, 20m, and 30m,
respectively. When sparsity guidance is incorporated, Event-
DAM achieves errors of (0.70, 1.79, 2.76). These findings
suggest that sparsity guidance plays a critical role in enhanc-
ing the dense-to-sparse distillation process, and that SFD
facilitates DAM for event-based depth estimation.

4.4. Discussion

Fine-tuning layers and approaches. To comprehensively
explore the potential of DAM in event-based depth estima-
tion, we employ LoRA [18] to fine-tune the encoder while
keeping the depth decoder fixed. To verify the effective-
ness of this strategy, we conduct a series of ablation stud-
ies showing network performance with re-training different
layers and different fine-tuning approaches. As shown in
Tab. 8, we could observe an incremental performance im-
provement after fine-tuning DAM, which indicates that fine-
tuning DAM could indeed improve the event-based depth
estimation performance. Furthermore, by comparing the per-
formance across different layers and fine-tuning approaches,
we find that employing LoRA [18] on the encoder while
keeping the decoder fixed yields substantial improvements
in overall network performance.
Computational complexity. With only LoRA added, pa-
rameters of EventDAM are similar to DAM v2 [41]. As
for the inference time, processing a 252↓504 event data
requires 12/22/58ms with EventDAM-{S,B,L}, respectively.
The inference time is tested on an A100 GPU.

Fine-tuning Strategy 10m → 20m → 30m →

Fixed Model 1.35 3.34 4.92
Fine-tune All Layers 0.80 2.27 3.33
Fine-tune MLPs 0.81 2.20 3.11
LoRA Encoder + Fine-tune Decoder 0.69 1.87 2.88

LoRA Encoder + Fixed Decoder 0.60 1.64 2.57

Table 8. Ablation study about fine-tuning strategies with Event-
DAM on EventScape dataset.

Input GTOurs

Figure 8. Qualitative results of EventDAM on EventScape.

Failure case. The visual results presented in Fig. 8 highlight
that EventDAM struggles to effectively manage event-free
regions and maintain the high-frequency details of small
objects. These challenges are primarily due to the inherent
sparsity of event data in these areas.

5. Conclusion and Limitation

In this study, we introduced EventDAM, a pioneering ap-
proach that leverages dense-to-sparse distillation to enhance
event-based depth estimation without the need for annotated
event data. By explicitly accounting for the inherent sparsity
of event data, we propose three core components: Sparsity-
aware Feature Mixture (SFM), Sparsity-aware Feature Dis-
tillation (SFD), and Sparsity-invariant Consistency Module
(SCM). Through extensive experiments, we demonstrate the
effectiveness of EventDAM, highlighting its superior perfor-
mance and zero-shot capability across a variety of scenes.
We hope this work will shed light on the future development
of more scalable event-based depth estimation.
Limitation and future work: This study faces certain limi-
tations due to the intrinsic characteristics of event cameras,
particularly for depth predictions within event-free regions.
Future research could focus on enhancing the restoration of
these regions or integrating image-based depth estimation
techniques for more effective solutions. Additionally, ef-
forts will be directed toward acquiring more accurate depth
datasets in complex environments and addressing the limita-
tions of the DAM model under challenging conditions.
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