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Fig. 1: We introduce EventVGGT, a novel framework that explicitly models asyn-
chronous event streams as coherent video sequences. By distilling robust multi-view
geometric priors from the Visual Geometry Grounded Transformer (VGGT), our ap-
proach achieves highly accurate and temporally consistent event-based depth estima-
tion. Note: Depth inference relies exclusively on event data; RGB images are used solely
for colorizing the reconstructed 3D point clouds.

Abstract. Event cameras offer superior sensitivity to high-speed motion
and extreme lighting, making event-based monocular depth estimation a
promising approach for robust 3D perception in challenging conditions.
However, progress is severely hindered by the scarcity of dense depth
annotations. While recent annotation-free approaches mitigate this by
distilling knowledge from Vision Foundation Models (VFMs), a critical
limitation persists: they process event streams as independent frames. By
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neglecting the inherent temporal continuity of event data, these meth-
ods fail to leverage the rich temporal priors encoded in VFMs, ultimately
yielding temporally inconsistent and less accurate depth predictions. To
address this, we introduce EventVGGT, a novel framework that ex-
plicitly models the event stream as a coherent video sequence. To the
best of our knowledge, we are the first to distill spatio-temporal and
multi-view geometric priors from the Visual Geometry Grounded Trans-
former (VGGT) into the event domain. We achieve this via a comprehen-
sive tri-level distillation strategy: (i) Cross-Modal Feature Mixture
(CMFM) bridges the modality gap at the output level by fusing RGB
and event features to generate auxiliary depth predictions; (ii) Spatio-
Temporal Feature Distillation (STFD) distills VGGT’s powerful
spatio-temporal representations at the feature level; and (iii) Tempo-
ral Consistency Distillation (TCD) enforces cross-frame coherence
at the temporal level by aligning inter-frame depth changes. Extensive
experiments demonstrate that EventVGGT consistently outperforms ex-
isting methods—reducing the absolute mean depth error at 30m by over
53% on EventScape (from 2.30 to 1.06)—while exhibiting robust zero-
shot generalization on the unseen DENSE and MVSEC datasets. The
code is available at https://github.com/yinruiRen/EventVGGT.

Keywords: Depth Estimation - Event Camera - Vision Foundation Mod-
els - Cross-Modal Knowledge Distillation

1 Introduction

Event cameras [9,|45] are bio-inspired sensors that asynchronously encode log-
arithmic intensity changes into sparse event streams. Unlike conventional RGB
cameras, they offer exceptional temporal resolution and dynamic range, enabling
robust perception under high-speed motion and challenging illumination condi-
tions [25/39]. Consequently, they have driven significant advancements across
various vision tasks, including object detection [241[31], tracking [6}/10}44], and
segmentation [7}/19}/20,22]. Among these, event-based monocular depth estima-
tion [8}[16L|30] has emerged as a critical capability for autonomous driving and
robotic navigation [33,/40]. However, despite recent efforts to fuse the comple-
mentary strengths of event and RGB modalities [14,{30], progress in event-based
depth estimation remains bottlenecked by the scarcity of large-scale datasets
with dense depth annotations.

To address this scarcity, recent methods [2,[50] leverage Vision Foundation
Models (VFMs) to generate high-quality pseudo-depth labels from paired RGB-
event data, bypassing the need for ground-truth annotations. For instance, Event-
DAM [50] employs dense-to-sparse distillation on isolated event frames, while
DepthAnyEvent [2] integrates temporal modules before transferring knowledge
from a single-image teacher (DAM V2 [43]). Although these VFM-based ap-
proaches alleviate the annotation bottleneck, a critical limitation persists: by
treating event streams as independent frames, they fail to leverage the inherent
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temporal continuity of the data and the temporal priors of VFMs, ultimately
yielding temporally inconsistent and suboptimal depth predictions.

Among recent VFMs, models equipped with multi-view geometric reasoning
are ideal teachers, as their spatio-temporal 3D priors naturally align with the
continuous dynamics of event streams. A prime example is the Visual Geom-
etry Grounded Transformer (VGGT) [41], which jointly infers depth, camera
poses, and point clouds from multiple views. Unlike single-image baselines (e.g.,
DAM V2 |43]) that lack cross-frame awareness, VGGT implicitly enforces geo-
metric consistency across views via alternating frame-wise and global attention.
Inspired by this, we propose to adapt VGGT’s powerful multi-view reasoning
for consistent event-based depth estimation. By treating the asynchronous event
stream as a dense sequence of views, we explicitly exploit VGGT to model the
temporal constraints and geometric coherence inherent in event data.

To this end, we introduce EventVGGT, an annotation-free framework that
treats the event stream as a continuous video sequence and distills rich spatio-
temporal priors from a VGGT teacher to achieve consistent event-based depth
estimation (see Fig. [1). To effectively transfer this knowledge, we propose a tri-
level distillation strategy: (i) At the output level, we introduce the Cross-Modal
Feature Mixture (CMFM) module, which bridges the substantial modality
gap by fusing RGB and event features to generate an auxiliary depth prediction.
By explicitly supervising this auxiliary output with the teacher’s high-fidelity
RGB depth maps, we effectively distill the teacher’s geometric priors into the
event-based student. (ii) At the feature level, to fully exploit the teacher’s in-
ternal representations, we propose Spatio-Temporal Feature Distillation
(STFD), aligning the student’s intermediate features with those of VGGT to
enforce the learning of spatial structure and temporal correspondence. (iii) At the
temporal level, we introduce a Temporal Consistency Distillation (TCD)
loss to supervise the inter-frame changes of consecutive depth maps rather than
their absolute values. By penalizing discrepancies in inter-frame depth changes,
TCD compels the student to inherit the teacher’s geometrically coherent tem-
poral flow, yielding accurate and stable depth sequences.

We validate EventVGGT on EventScape [11] and MVSEC [46] datasets,
achieving new state-of-the-art performance against both event- and image-based
methods. Furthermore, we demonstrate its robust zero-shot generalization: when
trained solely on EventScape and evaluated on the unseen DENSE [16] and
MVSEC datasets, EventVGGT maintains a substantial performance margin.
The versatility of our approach is further highlighted by its effective extension
to distilling VGGT for other geometric tasks, including camera pose and point
map estimation from events.

In summary, our main contributions are three-fold:

— We introduce EventVGGT, the first framework to distill spatio-temporal
priors from a multi-view foundation model (VGGT) into an event-based
student, enabling temporally consistent, annotation-free depth estimation.
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— We propose a comprehensive tri-level distillation strategy: Cross-Modal Fea-
ture Mixture (CMFM), Spatio-Temporal Feature Distillation (STFD), and
Temporal Consistency Distillation (T'CD).

— EventVGGT achieves state-of-the-art results on EventScape and MVSEC,
demonstrates strong zero-shot generalization on DENSE, and seamlessly ex-
tends to camera pose and point cloud estimation.

2 Related Work

Event-based monocular depth estimation. Traditional RGB-based monoc-
ular depth estimation |3}4L/43] is constrained by fixed frame rates and degrades
severely under challenging illumination. To overcome these limitations, event-
based depth estimation has emerged as a robust alternative, enabling high-
frequency predictions in dynamic lighting and rapid motion scenarios [37}/45].
Early works, such as E2Depth [16|, leverage recurrent convolutional networks to
generate dense depth maps from event streams. Subsequent methods [8}12,[26]
30136] integrate paired RGB and event data to further enhance accuracy. Despite
these advancements, most supervised approaches remain bottlenecked by their
reliance on expensive, extensively annotated datasets. To bypass this, recent
annotation-free works like DepthAnyEvent [2| and EventDAM [50] utilize cross-
modal distillation to transfer knowledge from image-based Vision Foundation
Models (VFMs). However, by treating event streams as isolated frames, these
methods fail to adequately exploit the inherent temporal dynamics of events
and the temporal priors of VFMs. To address this, our work explicitly models
the event stream as a continuous video sequence, ensuring that the estimated
depth maps maintain strict geometric consistency throughout the sequence.
Cross-modal knowledge distillation. Knowledge distillation (KD) classically
transfers learned representations from a high-capacity teacher to a more com-
pact student network [17,|42,47]/49]. Building upon this, cross-modal KD [18]23]
extends the paradigm to bridge distinct sensory domains. For instance, early
approaches |13| facilitate representation learning in an unlabeled target modal-
ity by exploiting mid-level features from a paired, labeled source. More recently,
methods [1,/48] have tackled the challenging setting of transferring knowledge
without direct access to task-relevant source data. In this study, rather than
relying on standard feature matching, we propose a comprehensive tri-level dis-
tillation strateqgy (CMFM, STFD, and TCD) to effectively bridge the substantial
modality gap between paired RGB sequences and asynchronous event streams.
Vision foundation models (VFMs). VFMs have demonstrated remarkable
generalization capabilities, driven by large-scale datasets [21}32[/43] and advances
in self-supervised learning [5,/15,[29]. For example, models like CLIP [32] and
SAM |21],/34] exhibit robust zero-shot transfer across diverse downstream tasks,
while the DINO family [29,38| extracts highly versatile visual representations
from massive curated corpora. Building on these breakthroughs, recent efforts
have adapted VFMs to alternative modalities, harnessing their representational
power for tasks like semantic segmentation [7,[22] and depth estimation [2}|50].
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Specifically, EventDAM [50] employs a dense-to-sparse distillation strategy to
bypass the need for dense depth annotations, while DepthAnyEvent [2]| utilizes
cross-modal distillation to transfer the rich visual priors of image-based VFMs
into the event domain. Advancing this paradigm, we introduce a framework that
explicitly distills the rich multi-view 8D priors from a sequence-aware foundation
model (VGGT), effectively elevating event-based distillation from the spatial to
the spatio-temporal domain.

3 Method

3.1 Overview

Our study represents an initial effort to leverage VGGT [41] to achieve con-
sistent event-based depth estimation, operating entirely without requiring ac-
cess to ground-truth depth data. Fig. [2 illustrates the overall architecture of
EventVGGT. We first detail the foundational components—including the in-
puts, event frame-like representation, and feature encoding—in Sec. 3.2} To fa-
cilitate robust knowledge transfer from the RGB-based VGGT teacher to the
event-based EventVGGT student, we propose a tri-level distillation strategy
comprising three core modules: Cross-Modal Feature Mixture (CMFM, Sec. ,
Spatio-Temporal Feature Distillation (STFD, Sec. , and Temporal Consis-
tency Distillation (TCD, Sec. 3.5).

3.2 Event-based Monocular Depth Estimation

Inputs. Unlike conventional frame-based sensors that record absolute intensity
values at fixed intervals, event cameras capture visual information as a continu-
ous stream of asynchronous intensity changes. Formally, each event is defined as
a tuple e = (z,y,t,p), where (z,y) denotes the pixel coordinates, t is the precise
timestamp of the change, and p € {+1, —1} indicates the polarity (representing
an increase or decrease in logarithmic intensity). Concurrently, an RGB camera
captures standard intensity images, denoted as I"™9 € R3*H*W where H and
W are the spatial dimensions. Ultimately, the input to the EventVGGT frame-
work comprises a synchronized sequence of N image frames, I'™9 = {I;"™9}N ||
alongside the corresponding continuous event stream.

Event frame-like representation. To facilitate efficient computation and
ensure compatibility with standard vision architectures, the continuous event
stream is partitioned into fixed temporal windows and accumulated into dense
frame-like representations. Following prior studies [11,[16L30}/35], we divide the
event stream into discrete temporal windows of AT = 50 ms, discretizing each
window into B = 5 temporal bins. Positive and negative polarity events are
subsequently aggregated within each bin to construct histogram-based chan-
nels, yielding a synchronized event sequence I°V* = {I¢V*} V| where each frame
IVt € R3>*HXW _ Finally, these event representations are temporally synchro-
nized with the RGB images, producing perfectly aligned input sequences for the
EventVGGT network.
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Fig. 2: Overview of the EventVGGT framework. Our approach distills robust
multi-view geometric priors from VGGT to achieve consistent event-based depth es-
timation. Given synchronized event sequences I°* and RGB images I'™9, we extract
modality-specific features using an event encoder F¢’‘ and an image encoder F'™9,
respectively. We introduce three core modules: (i) Cross-Modal Feature Mixture
(CMFM), which constructs mixed feature representations to predict auxiliary depths
d™? (cf Sec. ; (ii) Spatio-Temporal Feature Distillation (STFD), which
aligns intra-frame spatial and inter-frame temporal representations. (cf. Sec. ; and
(iii) Temporal Consistency Distillation (TCD), which explicitly enforces geomet-
ric stability across consecutive depth predictions (cf. Sec. .

Feature encoding. Each frame in the RGB sequence I"™9 and the event se-
quence It is divided into L non-overlapping square patches of size P X P, where
L = ZXV The event-based student encoder Fevt : R3*HXW _y RPXHXW pro
cesses the event frame sequence to output D-dimensional feature maps f¢t =
{fe} N, with reduced spatial dimensions H = £ and W = % Similarly,
the RGB-based teacher encoder F'™Y produces image feature maps f'™9 =
{f{™9}N, of identical dimensions. Both encoders share a core network archi-
tecture comprising an Alternating-Attention Transformer A from VGGT ,
followed by the depth prediction head. Finally, a depth decoder D predicts the
depth maps d°' = {ds*'}Y | and d"™9 = {d;"?}}, from the corresponding

event and image features, respectively.

3.3 Cross-Modal Feature Mixture

Due to the substantial modality gap between dense, absolute-intensity RGB im-
ages and sparse, asynchronous event streams, directly forcing an event-based
student to mimic an RGB teacher’s output space often leads to severe gradient
conflicts, unstable convergence, and suboptimal adaptation. To overcome this
bottleneck, we introduce the Cross-Modal Feature Mixture (CMFM) module
at output level. Rather than enforcing an overly rigid, direct supervision that hin-
ders the training process, CMFM constructs a “stepping stone” to gently bridge
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the modalities at the output level. By stochastically mixing RGB and event fea-
tures into a unified sequence and decoding it into an auxiliary prediction, we
compel the shared decoder to treat event representations as functionally equiv-
alent to RGB features. This strategy naturally pulls the event stream into the
teacher’s highly structured feature space, facilitating a much smoother knowl-
edge transfer.

Formally, given the extracted frame-level feature representations (f"9 and
fevt) from the synchronized RGB sequence 1™ and event sequence ¢!, we
synthesize a mixed feature sequence f™*. This is achieved by stochastically
substituting a subset of the RGB features with their temporally aligned event
counterparts. Empirically, we uniformly randomly replace 25% of the RGB fea-

tures with event features (e.g., resulting in a sequence like f7i% = { fi™9_fevt,
59 N7} This specific substitution ratio strikes an optimal balance, pro-

viding enough RGB context to maintain geometric stability while introducing
sufficient event features to enforce cross-modal alignment (comprehensive justi-
fication is provided in Tab. .

Once constructed, the mixed feature sequence ™ is fed through the shared
Alternating-Attention Transformer A and depth decoder D to generate an aux-
iliary sequence of depth maps, d™* = {d™*}N . By explicitly supervising
this auxiliary output with the high-fidelity depth d’™9 generated by the VGGT
teacher, the distillation process is substantially stabilized.

Following the optimization strategy of VGGT [41], our distillation loss incor-
porates an aleatoric-uncertainty formulation |28| to intelligently weight the dis-
crepancy between d”™* and d"™ based on the predicted confidence map 24" .
Furthermore, to explicitly preserve local structural consistency—a critical fac-
tor for dense monocular depth estimation—we augment this objective with a
gradient-based penalty. The objective of CMFM module is formulated as:

N
Lourn = Y (158" @@= —dim)||+| 2™ (Vv d™) | -alog £ ™),

i=1

(1)

where ® denotes the channel-broadcast element-wise product and « is a balanc-

ing hyperparameter. Conceptually, Lcnvrwm serves as a vital cross-modal bridge.

By aligning the mixed-feature auxiliary predictions with the teacher’s outputs,

it not only stabilizes training but ensures the student model successfully inherits
the teacher’s robust geometric priors for event-based depth estimation.

3.4 Spatio-Temporal Feature Distillation

While CMFM successfully bridges the modality gap at the output level, the
student network must also inherit the rich geometric priors embedded deep
within the VGGT teacher’s intermediate representations. However, this presents
a fundamental challenge: event streams intrinsically encode ultra-high-frequency
temporal dynamics (motion), whereas the VGGT teacher is optimized to cap-
ture spatial scene structures across discrete, static frames. Prior works, such as
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EventDAM [50] and DepthAnyEvent [2], ignore this discrepancy by processing
event streams as independent static frames. This standard frame-by-frame align-
ment forces dynamic event features into a rigid static representation, destroying
their inherent temporal structure and leading to temporally inconsistent and less
accurate depth predictions.

To address this discrepancy, we introduce Spatio-Temporal Feature Distil-
lation (STFD) at feature level. Rather than merely enforcing a rigid spatial
mimicry that suppresses event dynamics, STFD explicitly models and transfers
the temporal changes of the features. Formally, given the RGB features fi™9
and corresponding event features ¢, our objective is composed of two comple-
mentary terms:

N N—1
LsTrD = Z (L—cos(f{*", fi™)) + Z (L—cos(feyi = fe78 Fi2 = 1), (2)
i=1 i=1
where cos(-) denotes the channel-wise cosine similarity. The first term performs
intra-frame spatial distillation, anchoring the event features to the robust struc-
tural geometry embedded within the VGGT backbone. Crucially, the second
term executes inter-frame temporal distillation by comparing frame-to-frame fea-
ture variations. By explicitly matching the magnitudes and directions of these
temporal transitions in the latent space, we ensure that the student network
learns motion-sensitive dynamics that are consistent with the RGB teacher’s
temporal reasoning, fully exploiting the continuous nature of the event stream.

3.5 Temporal Consistency Distillation

While CMFM and STFD successfully align the modalities at the spatial out-
put and intermediate feature levels, a significant challenge remains at the final
prediction stage. Because event streams capture sparse, asynchronous brightness
changes rather than dense photometric data, event-based dense predictions are
inherently susceptible to high-frequency temporal instability, often manifesting
as severe depth flickering. Standard distillation objectives fail to address this,
as they naively penalize per-frame absolute depth errors while ignoring inherent
temporal continuity and geometric coherence across frames.

To close this gap, we introduce Temporal Consistency Distillation (TCD)
at temporal level. The teacher model, VGGT, inherently enforces multi-view
geometric consistency across all frames simultaneously via its global feed-forward
architecture, producing depth sequences with dynamically smooth, physically
realistic transitions. Qur key innovation is to explicitly align the student’s inter-
frame depth variations with the temporally coherent transitions of the teacher
model. We formulate the TCD objective to penalize discrepancies in the inter-
frame rate of change between the student and teacher outputs:

1 = i i m im
Lrop = g 2 AT —d™| = |difY — &™), 3)
i=1
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The term |d;]{ — d;™| calculates the per-pixel magnitude of depth variation
across consecutive frames, functioning as a continuous temporal gradient map.
This gradient captures the scene’s underlying geometric dynamics, including
camera ego-motion and dynamic objects. By minimizing the L; distance be-
tween these temporal difference fields, Lrcp acts as a strict temporal-geometric
constraint. It effectively suppresses physically implausible inter-frame disconti-
nuities, anchoring the student’s output dynamics to the multi-view-optimized
evolution of the VGGT teacher. Ultimately, this guarantees that the student
produces spatially precise and dynamically coherent depth sequences.

Total objective. Combining our proposed distillation components, the final
training objective of the EventVGGT framework is formulated as a weighted
combination of cross-modal, spatio-temporal, and temporal consistency losses:

L = LomrMm + AstrpLsTED + ATcpLTCD, (4)
where Agtrp and Arcp serve as balancing hyperparameters for the feature-level
alignment and temporal consistency distillation, respectively. Empirically, we set
AsTrp = 0.1 and Apcp = 0.2 to effectively regularize the training process.

4 Experiment

4.1 Settings

Datasets. We adopt EventScape 12| as our primary synthetic training source
due to its large-scale scenes and dense depth annotations. For standard in-
domain evaluation, EventVGGT is trained and tested on the respective splits
of EventScape and MVSEC [46]. To assess zero-shot generalization, we train
exclusively on EventScape and evaluate directly on the real-world MVSEC and
the unseen synthetic DENSE [16] datasets.

Evaluation metrics. Following prior works [8}/14,30], we measure average abso-
lute depth error at cut-off distances of 10m, 20m, and 30m. Furthermore, we eval-
uate our approach using three percentage metrics d;, where i € {1.25,1.25%,1.25%}.
Implementation details. Consistent with prior works [30,50|, we center-crop
both the RGB images and their corresponding event representations from the
EventScape dataset to a spatial resolution of 252 x 504 pixels. Aligning with
the VGGT training protocol [41], sky regions are masked out to exclude invalid
depth values. We optimize the network using AdamW with a learning rate of
1 x 10~%. For parameter-efficient fine-tuning [50], we apply LoRA (r = 16 and
a = 32), adding approximately 1.6 million trainable parameters. The model is
trained on four NVIDIA A800 GPUs with dynamic batch sizes, converging in
roughly 11 hours. To effectively distill the rich temporal dynamics from VGGT,
we input sequences of 24 synchronized RGB and event frames per batch.

4.2 Experimental Results

Following EventDAM [50], we evaluate the supervised fine-tuning performance of
EventVGGT on EventScape and MVSEC datasets. For the EventScape dataset,
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EventDAM

Fig. 3: Qualitative results on EventScape dataset.

the model is trained on training Town 1 subset and evaluated on test set. For
MVSEC dataset, EventVGGT is trained on the “Day2” subset and subsequently
evaluated across the “Day1”, “Night1”, “Night2”, and “Night3” subsets.

Comparison on EventScape dataset. In Tab. [T, we compare the proposed
EventVGGT against existing state-of-the-art methods on the EventScape dataset.
Overall, EventVGGT consistently outperforms all baselines across evaluated
metrics, with the most substantial performance gains observed at greater dis-
tances. For instance, while EventDAM yields a depth error of 2.30 at 30m, our
method reduces this error to 1.06, representing a 53.9% relative improvement.

Furthermore, EventVGGT yields lower
error rates compared to existing
methods that require both event and
RGB data (Input: E+I) during in-
ference. For instance, while SRFNet
and ER-F2D report depth errors of
2.76 and 2.81 at 30m, respectively,
EventVGGT achieves a 1.06 error at

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

Method ‘Input‘lOm 1 20m | 30m |

the same distance using event data
alone. These results demonstrate that

0.81 2.26

8.31

EventVGGT learns the robust spatio- 0.55 1.80 3.27
temporal representations from the 0.67 1.69 2.81
VGGT teacher, effectively bridging L27 168 276

. . i EventDAM [50 0.56 1.52 2.30
the modality gap without requiring FrentVOGT ‘E e

auxiliary RGB input at test time. As
shown in Fig. [3] visual comparisons on
EventScape further validate our quan-
titative findings. As highlighted by the red bounding boxes, EventVGGT outper-
forms the EventDAM baseline in recovering fine-grained spatial structures. Our
method preserves sharp object boundaries and accurately captures the depth of
thin, challenging structures (e.g., streetlights), whereas EventDAM suffers from
geometric blurring. Conversely, the green boxes illustrate a specific characteristic
of our model: it tends to slightly underestimate the depth of extremely distant
background elements, such as far-off buildings. This phenomenon is a direct
artifact of the cross-modal distillation process, as VGGT inherently exhibits a
similar far-field depth compression bias on this dataset (See Fig. .
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Table 2: Comparison with methods across varying distances and sub-datasets on
MVSEC, evaluated by absolute mean depth error (in meters).

Nightl Night2 Night3 Dayl
Method TPt G = 0m 30m [10m 20m 30m [10m 20m 30m [T0m 20m 30m
E2Depth 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 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+ 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 E+I |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 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 1.26 1.95 3.01 |1.19 2.13 3.22 |1.01 2.12 3.52 [0.96 1.77 2.37
EReFormer [27] 1.52 2.28 2.98 [1.40 2.12 2.66 |1.32 2.04 2.68|1.29 2.14 2.59
EventDAM 1.39 2.10 3.25 |1.43 2.18 3.22 [1.44 2.16 3.22 |1.12 1.79 2.69
Depth AnyEvent [2]|[E |1.87 2.27 2.81 [1.99 2.40 2.86(2.05 2.49 2.97 |1.50 1.97 2.40
EventVGGT 1.67 2.02 2.61|1.64 2.03 2.48|1.74 2.15 2.64(0.96 1.33 1.63

Event EventDAM

EventVGGT

DepthAnyEvent

Fig. 5: Qualitative results on MVSEC Night1 dataset.

Comparison on MVSEC dataset.
In Tab.[2] we evaluate EventVGGT on
the real-world MVSEC dataset to as-
sess its robustness against extreme il-
lumination changes. Under these chal-
lenging conditions, EventVGGT con-
sistently outperforms the event-only
EventDAM, reducing the 30m abso-
lute mean depth error from 3.22 to
2.48 on the Night 2 sequence, and from 3.22 to 2.64 on Night 3. While Event-
DAM’s frame-wise distillation suffers from spatial ambiguities when processing
erratic nighttime event distributions, EventVGGT overcomes this domain shift
by utilizing STFD and TCD to model the continuous video sequence and stabi-
lize predictions using cross-frame dynamics. Furthermore, EventVGGT achieves
performance comparable to—and often exceeding—multi-modal (E+I) fusion
approaches like SRFNet, which yields a higher 3.52 error at 30m on Night 3 de-
spite relying on paired images. By leveraging the CMFM module during daytime
training to deeply internalize multi-view geometric priors from the RGB-based
VGGT teacher, our event-based student model effectively reconstructs missing
spatial structures from pure event dynamics, bypassing the need for degraded
RGB inputs during inference and mitigating the low-light failure modes of stan-
dard cameras. The visual results presented in Fig. [5| highlight the effectiveness
of EventVGGT.

RGB

VGGT

Fig. 4: Qualitative result of VGGT on
EventScape dataset.
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Table 3: Absolute mean depth er-  maple 4. Quantitative results on MVSEC
ror results on DENSE (in meters). Night1 dataset.

Method |Input|10m | 20m | 30m |

Method |Input|10m | 20m | 30m | 61 1 62 1 &3 1
;‘RAéleift ‘E+I ‘fgg 3;5'?6 églél VGGT E [242 271 344 0.420.69 0.84
: : - VGGT I 2.31 2.68 3.33 0.41 0.710.88

EventDAM‘E ‘1.20 2.60 5.18

EventVGGT e () o EventVGGT|E  [1.67 2.02 2.61 0.57 0.820.93

To further assess the zero-shot capability of our EventVGGT, we first train
it on the EventScape dataset and subsequently assess its performance on the
unseen DENSE and MVSEC datasets.

Comparison on DENSE dataset. In Tab. |3] we further investigate the zero-
shot generalization capabilities of EventVGGT by training exclusively on the
EventScape dataset and directly evaluating on the unseen DENSE dataset.
The results highlight EventVGGT’s
exceptional capacity to transfer learned
representations across distinct do-
mains, vastly outperforming multi-
modal baselines (Input: E+I) such £

as RAMNet and SRFNet. And e prenot preat o
EventVGGT (Input: E) restricts its Fig. 6: Qualitative results on DENSE.
error to a mere 1.33. Further-

more, EventVGGT substantially out-

performs the event-only state-of-the-art EventDAM, which records a higher 5.18
error at 30m. Visual results on DENSE dataset are presented in Fig. [0}
Comparison on MVSEC dataset. We perform a direct zero-shot comparison
on the challenging MVSEC Nightl dataset to evaluate the effectiveness of our
cross-modal distillation strategy against the original VGGT foundation model
in Tab. 4l When the pre-trained VGGT is directly applied to event data (Input:
E), it suffers from severe performance degradation due to the massive modal-
ity gap and density discrepancies between its native RGB training domain and
sparse, asynchronous event streams. By contrast, EventVGGT (Input: E) sig-
nificantly outperforms the raw VGGT on event data across all distance and
accuracy metrics. More impressively, when comparing EventVGGT (Input: E) to
the original VGGT operating on its native RGB images (Input: I), our method
achieves highly competitive absolute depth errors and demonstrates superior ro-
bustness in the § metrics. This demonstrates that our distillation pipeline does
not merely mimic the teacher network, but effectively empowers the event-based
student to leverage the high dynamic range of events in low-light night scenes
where standard RGB images severely degrade.

4.3 Ablation Study

For all ablation studies, we utilize the training Town 1 dataset of EventScape to
train EventVGGT and evaluate the performance with test dataset of EventScape.
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Table 5: Effect of each component of Table 6: Ablation study on the input se-
EventVGGT on EventScape. quence length.

Lomry Lstrp Lrep|10m | 20m | 30m | N ‘10m 120m | 30m | 8 1 621 85 1

’; § i 823 ggg }?g 10079 1.10 1.50 0.82 0.96 0.99
Y % loss s 110 41075 1.05 1.41 0.830.97 0.99
g x 7 lose os1 112 8 [0.70 098 1.31 0.850.970.99
v/ v/ v/ 051 0.79 1.06 2410.71 095 1.26 0.850.970.99

Effect of each component. As detailed in Tab. 5] we validate the individual
contributions of our core distillation modules. The naive baseline yields subop-
timal depth errors of 0.69, 0.94, and 1.26 at the 10m, 20m, and 30m cut-offs,
respectively. Integrating Lcoypn bridges the cross-modal gap, reducing these er-
rors to 0.57, 0.86, and 1.13. Building on this, Lgrrp explicitly aligns intra-frame
geometry and inter-frame dynamics with the teacher model, further decreasing
errors to 0.53, 0.81, and 1.10. Finally, the cumulative integration of Lrcp yields
our full EventVGGT framework, achieving minimal errors of 0.51, 0.79, and 1.06.
These results validate the necessity of integrating both feature-level alignment
and prediction-level temporal consistency for robust cross-modal distillation.
Impact of input sequence length. In Tab. [6] we ablate the input sequence
length to evaluate its impact on extracting spatio-temporal 3D priors from the
VGGT teacher. Processing a single frame (N=1) yields suboptimal performance
(e.g., a 30m error of 1.50), as the model lacks the multi-view context required
for geometric reasoning. Incrementally increasing the sequence length to 4 and
8 frames significantly reduces depth errors and improves §; accuracy. Extend-
ing the sequence to N=24 frames achieves the best long-range depth estima-
tion, reaching minimum errors of 0.95 and 1.26 at the 20m and 30m cut-offs.
These results support our design

choice: processing extended 24-frame

sequences fully exploits the temporal

multi-view priors of VGGT, provid_ Table 7: Ablation study on the CMFM fea-
ing optimal supervision signals for our ~ture mixture rate.

cross-modal distillation pipeline. Rate (%)[10m | 20m | 30m | &; 1+ d2 1 651
Influence of CMFM mixture ra- 10p 0.70 095 1.26 0.85 0.97 0.99
tio. Tab.[7] reports the ablation study 75 0.68 0.94 1.26 0.86 0.97 0.99
on the feature replacement rate within 50 060 0.87 1.15 0.900.980.99

25 0.57 0.86 1.13 0.900.98 0.99

the Lonrpar module. Completely re-
placing RGB features with event fea-
tures (100% rate) yields suboptimal
depth estimation, as it removes the
dense spatial anchors necessary for stable cross-modal distillation. Lowering the
rate to 25% provides the optimal regularization balance, achieving minimal ab-
solute depth errors (0.57, 0.86, and 1.13 at 10m, 20m, and 30m) and the highest
01 accuracy (0.90). This specific ratio preserves sufficient RGB structural context

10 0.60 0.88 1.16 0.89 0.98 0.99
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Fig. 7: Qualitative results on additional geometric estimation tasks.

Table 8: Ablation study on the impact of training data diversity.

Dataset ‘ EventScape ‘ DENSE
AR [T0m 7 20m 1 30m 181 7 627 03 1 |10m | 20m | 30m | 61 7 027 05 1

Town 1 |0.51 0.79 1.09 0.920.980.99/0.64 1.03 1.50 0.87 0.98 0.99
Town 2 |0.61 0.86 1.16 0.89 0.98 0.99(0.79 1.17 1.72 0.79 0.96 0.99
Town 3 |0.62 0.88 1.17 0.89 0.980.99/0.82 1.24 1.75 0.74 0.96 0.99
Towns 1-3/0.53 0.79 1.06 0.920.98 0.99|0.54 0.89 1.33 0.87 0.98 0.99

while effectively forcing the event encoder to integrate and compensate for the
masked regions. Further reducing the rate to 10% degrades performance, as the
sparse injection of event features weakens the distillation signal. Consequently,
we adopt a 25% replacement rate empirically.

About training dataset. As reported in Tab. [§] training EventVGGT exclu-
sively on the Town 1 subset yields in-domain performance on EventScape com-
parable to the model trained on the entire dataset (Towns 1-3). However, it suf-
fers a significant performance drop during zero-shot evaluation on DENSE. This
indicates that while expanding synthetic training diversity provides marginal
in-domain gains, it is essential for robust cross-domain generalization.

4.4 Discussion

Extension to auxiliary 3D tasks. To demonstrate the versatility of our frame-
work, we extend the distillation pipeline to facilitate camera pose and dense point
cloud estimation. Qualitative results on EventScape and DENSE showcase the
robust reconstruction of these broader geometric properties (See Fig. [7). This
highlights the inherent flexibility of the EventVGGT, suggesting that our dis-
tilled spatio-temporal priors extend naturally to a broad spectrum of event-based
3D perception tasks beyond monocular depth estimation.

Qualitative analysis of depth consistency. To validate temporal stability,
we back-project inferred multi-frame depths and poses into 3D point clouds. As
shown in Fig. [7, EventVGGT seamlessly aggregates continuous event streams
into unified reconstructions on EventScape and DENSE. By leveraging VGGT’s
multi-view priors, our framework eliminates the scale inconsistency of frame-by-
frame methods, yielding accurate camera extrinsics (red frustums) and precise
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geometric point cloud alignment. This high-fidelity reconstruction underscores
our superiority in consistent event-based depth estimation.

Computational complexity. By employing LoRA for adaptation, the total
parameters of EventVGGT remain highly comparable to that of VGGT [41].
Correspondingly, EventVGGT demonstrates high inference efficiency, processing
a 252x504 event representation in 24 ms on a single NVIDIA A800 GPU.

5 Conclusion

We presented EventVGGT, a novel framework for temporally consistent, annotation-
free event-based depth estimation. By explicitly modeling asynchronous event
streams as continuous video sequences, our approach enables the distillation of
robust spatio-temporal and multi-view geometric priors from the image-based
VGGT to event domain. To effectively bridge the modality gap, we introduce
a comprehensive cross-modal distillation strategy comprising Cross-Modal Fea-
ture Mixture (CMFM), Spatio-Temporal Feature Distillation (STFD), and Tem-
poral Consistency Distillation (TCD). Extensive experiments demonstrate that
EventVGGT establishes a new state-of-the-art on EventScape and MVSEC, ex-
hibiting robust zero-shot generalization to unseen domains. Furthermore, our
framework seamlessly extends to holistic 3D perception tasks, including camera
pose and point cloud estimation.

Limitations and Future Work. EventVGGT inherits a minor far-field depth
compression bias from the VGGT teacher model, occasionally leading to the
underestimation of extremely distant backgrounds. Future work will integrate
dense ground-truth depth into the distillation pipeline to explicitly calibrate
this long-range artifact and enhance real-world reliability.
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