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Abstract. Event cameras provide several unique advantages over stan-
dard frame-based sensors, including high temporal resolution, low la-
tency, and robustness to extreme lighting. However, existing learning-
based approaches for event processing are typically confined to narrow,
task-specific silos and lack the ability to generalize across modalities. We
address this gap with REALM, a cross-modal framework that learns an
RGB- and Event-Aligned Latent Manifold by projecting event repre-
sentations into the pretrained latent space of RGB foundation models.
Instead of task-specific training, we leverage low-rank adaptation (LoRA)
to bridge the modality gap, effectively unlocking the geometric and se-
mantic priors of frozen RGB backbones for asynchronous event streams.
We demonstrate that REALM effectively maps events into the ViT-based
foundation latent space. Our method performs downstream tasks, such
as depth estimation and semantic segmentation, by simply transferring
linear heads trained on the RGB teacher. Most significantly, REALM en-
ables the direct, zero-shot application of complex, frozen image-trained
decoders, such as MASt3R, to raw event data. We demonstrate state-
of-the-art performance in wide-baseline feature matching, significantly
outperforming specialized architectures. Code and models are available
at https://papers.starslab.ca/realm/.

1 Introduction

Visual perception is fundamental to modern computer vision and intelligent
systems, driving progress in applications ranging from autonomous navigation
and augmented reality to computational photography. The vast majority of these
systems rely on conventional RGB cameras, which capture dense frames at fixed
intervals. While effective in controlled environments, frame-based sensors suffer
from fundamental limitations: motion blur, limited dynamic range, and high
latency [16]. These constraints degrade performance in challenging conditions,
such as high-speed motion [50] or extreme lighting environments [33].

Event cameras are bio-inspired sensors that have found several applications
in robotics and computer vision [24,43] and offer a paradigm shift in visual sens-
ing. By asynchronously recording per-pixel brightness changes, event cameras
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Fig. 1: Overview of REALM’s cross-modal versatility. Our model enables
diverse downstream applications, which include feature matching using the frozen
MASt3R [34] decoder and dense prediction tasks like semantic segmentation and depth
estimation using simple linear heads.

produce sparse event streams with microsecond-scale latency and high dynamic
range [20]. This sensing principle reduces motion blur and drastically lowers
power consumption, making event data distinctively advantageous for analyzing
dynamic scenes [39, 55].

Despite these advantages, learning task-agnostic feature representations from
event data remains an open challenge. Event streams are sparse, asynchronous,
and structurally distinct from images, posing significant challenges for the di-
rect application of standard computer vision techniques. Furthermore, unlike the
RGB domain—which benefits from large-scale datasets—labelled event datasets
are scarce and small in scale. Consequently, existing event-based models are
typically trained from scratch for narrow, specific tasks (e.g., for optical flow
computation [51] or classification [12] only), failing to generalize across different
downstream applications.

In the RGB domain, the landscape of computer vision techniques has been
reshaped by large-scale vision transformers (ViTs). Foundation models such as
the DINO family [7,41,52] or DUNE [48] have demonstrated that pretraining on
massive image collections yields universal encoders that transfer seamlessly to
diverse tasks. However, the event vision community has largely been excluded
from this revolution due to the significant modality gap between intensity-based
frames and temporally-driven event streams.

To bridge this gap, we propose REALM, a cross-modal visual encoder that
unifies RGB and event representations within a shared latent space (see Fig. 1).
Building upon the DUNE [48] architecture, REALM introduces a lightweight,
modality-specific input embedder and leverages Low-Rank Adaptation (LoRA)
[29] to align event features with the semantically rich and geometrically consis-
tent RGB manifold. Crucially, this approach allows us to align the modalities
without retraining the backbone, preserving the rich semantic and geometric
knowledge learned from millions of RGB images. This design enables both intra-
modal (event–event) and cross-modal (RGB–event) feature matching, facilitating
modality-invariant transfer learning where features remain spatially and seman-
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tically consistent regardless of the input sensor. Unlike cross-modal distillation
between dense and synchronous sensor modalities such as depth, LiDAR, or
thermal, the event modality poses challenges intrinsic to how events are gener-
ated. For example, regions of static brightness produce no events, leaving parts
of the scene unobserved. The model must therefore learn dense structure with-
out hallucinating content where no signal exists. At the same time, a uniform
distillation objective should be avoided as it would penalize the student over re-
gions it cannot observe. Addressing these two properties is what allows a frozen,
image-trained decoder to operate zero-shot on event features.

We validate REALM across multiple datasets on three distinct downstream
tasks: monocular depth estimation, semantic segmentation, and wide-baseline
feature matching. For the latter, we specifically evaluate cross-modal (RGB–event)
and intra-modal (event–event) correspondences, demonstrating that our aligned
manifold allows a frozen, image-trained matching head to function across dis-
parate sensors without retraining. Our evaluation focuses on two core hypothe-
ses: first, that a shared latent space allows event-based data to leverage knowl-
edge from large-scale RGB foundation models. Second, that this alignment is
sufficiently precise to enable the direct, zero-shot1 application of frozen image-
trained decoders to asynchronous event streams. While we demonstrate that the
aligned latent space is rich enough to support dense prediction tasks like depth
and segmentation using only simple linear heads, our most significant results
lie in wide-baseline feature matching. Here, REALM enables the direct use of
frozen, RGB-trained geometric heads, such as MASt3R, to perform cross-modal
and intra-modal matching. In this challenging domain, our method not only
achieves state-of-the-art performance but does so by outperforming specialized
event-only baselines.
We make the following contributions.

– We introduce REALM, a unified encoder that aligns event and RGB modal-
ities in a shared, semantically rich latent space.

– We demonstrate that our alignment is sufficiently precise to enable the direct,
zero-shot application of frozen, image-trained geometric decoders to event
streams, establishing a new state-of-the-art in event-based feature matching
and pose estimation.

– We show that lightweight LoRA [29] fine-tuning bridges the modality gap
without catastrophic forgetting. The resulting frozen encoder generalizes to
diverse tasks, from dense depth estimation to semantic segmentation, pro-
viding a data-efficient solution to the scarcity of annotated event datasets.

– We provide an open-source implementation of REALM, together with mod-
els, at https://papers.starslab.ca/realm/.

1 Throughout this work, zero-shot refers to a head trained exclusively on features from
a frozen DUNE [48] encoder and deployed directly onto event features from REALM,
with no event-specific supervision, fine-tuning, or adaptation at any stage.
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2 Related Work

We first cover event representations, then review the three core tasks our method
addresses: semantic segmentation, depth estimation, and feature matching. Fi-
nally, we provide an overview of cross-modal knowledge transfer.

2.1 Event Representation

Event cameras asynchronously record changes in scene brightness, producing a
sparse stream of events that depends on relative motion between the camera
and the scene [24, 43]. Unlike conventional frames, event data encode temporal
contrast rather than absolute intensity, which poses challenges for standard deep
networks that assume dense, grid-structured inputs.

To bridge the modality gap, several representations have been proposed
to convert event streams into tensor formats suitable for deep networks [18].
Common representations include voxel grids [65], which bin events temporally,
and Tencode [30], which renders a chunk of events as an RGB image, using
the red/blue channels for event polarity and the green channel for the relative
timestamp. More recently, ERGO [68] optimizes the event ordering for detection
tasks.

2.2 Semantic Segmentation

Semantic segmentation assigns a class label to each pixel in the camera frame,
providing dense scene understanding essential for robotics and autonomous driv-
ing. In the RGB domain, while early methods relied on CNN-based encoder-
decoders like SegNet [2], the field has largely shifted toward Transformer-based
architectures that leverage large-scale pretraining for robust pixel-level classifi-
cation [9, 32, 59]. An in-depth review of visual segmentation methods is in [54].

For event cameras, segmentation is complicated by the sparsity and lack of
texture in the data. Early works [1] addressed this by adapting CNN architec-
tures and releasing the first event-segmentation benchmarks. Similarly, ESS [53]
proposed a recurrent encoder-decoder to maintain temporal consistency in pre-
dictions. More recently, ESEG [63] tackles the sparsity problem by introducing
explicit edge-semantic supervision to locate reliable cues. Alternative approaches
leverage RGB data to guide learning: EvDistill [57] uses a teacher–student frame-
work to transfer knowledge from frames to events, while HALSIE [11] fuses both
modalities to extract rich spatiotemporal features.

However, these methods often require training complex decoders or distilla-
tion pipelines from scratch. In contrast, REALM demonstrates that by aligning
event representations with the frozen DUNE [48] latent space, we achieve dense
semantic maps using only a simple linear head, inheriting strong scene under-
standing capabilities without the need for extensive task-specific supervision.
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2.3 Depth Estimation

Depth estimation predicts per-pixel distances, a critical capability for navigation,
mapping, and 3D reconstruction. For RGB images, Eigen et al. [14] originally for-
mulated depth estimation as a continuous regression task using CNNs. However,
recent state-of-the-art approaches have recast depth estimation as a classifica-
tion problem (predicting depth bins), leveraging the global context of Transform-
ers [15,62]. Foundation models like DINOv2 [41], MASt3R [34], VGGT [56], and
DepthAnything [60] have further demonstrated that general-purpose features
can yield high-quality depth maps without specialized depth architectures.

For event data, monocular depth estimation is complicated by sparsity and
motion dependence, as static regions generate no events and create "blind spots"
that necessitate temporal aggregation. Previous works have addressed these chal-
lenges by employing recurrent U-Nets to aggregate temporal information or by
fusing sparse events with frames to densify the resulting predictions [19,27]. Fur-
thermore, self-supervised methods have emerged to bypass the need for ground-
truth depth labels by instead leveraging cross-modal consistency between syn-
chronized event streams and intensity frames [65, 67]. A more comprehensive
review on depth estimation with event cameras is given by [23].

Unlike these approaches, which often rely on complex recurrent architectures
to "fill in" missing data, we adopt a classification-based paradigm and demon-
strate that aligning an event encoder with the geometrically rich DUNE [48]
latent space is sufficient to produce dense depth maps, effectively bypassing the
need for specialized event-depth architectures.

2.4 Feature Matching and Localization

Feature matching under wide-baseline and cross-modal conditions is a corner-
stone for tasks such as visual odometry, SLAM, and 3D reconstruction.

The literature on feature extraction and matching for visual cameras is ex-
tensive, ranging from classical hand-crafted descriptors [5, 35, 37, 47] to modern
learning-based methods [13, 49, 61]. More recent approaches leverage geometric
priors to improve feature stability and robustness across viewpoints [34, 56, 58].

In contrast, event-based feature matching remains challenging because the
absence of absolute intensity cues makes constructing repeatable descriptors dif-
ficult. Existing methods typically rely on spatio-temporal correlations or event
accumulation strategies to detect and match features [39,44]. Recent work [30] in-
troduced a novel event representation, Tencode, which learns feature correspon-
dences by leveraging matches from a pre-trained network such as SuperPoint [13].
Other methods, such as MINIMA [46], develop modality-invariant matching by
utilizing a generative data engine to synthesize massive multimodal datasets
from RGB pairs, enabling cross-modal generalization through fine-tuning.

Our approach differs from these paradigms by leveraging the latent space of a
foundation model to incorporate 3D geometric priors. REALM enables the zero-
shot use of frozen image-trained heads [34] for matching across both modalities
and viewpoint changes. This formulation provides a unified geometric embedding
space that facilitates seamless cross-modal correspondence.
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2.5 Cross-Modal Knowledge Transfer

Recent successes in event-to-frame reconstruction, such as E2VID [45], have
demonstrated that event streams contain sufficient information to recover high-
fidelity photometric representations of a scene. While methods like EvDistill [57]
leverage this by mapping events into the image domain before utilizing large-scale
visual models, this intermediate reconstruction step often introduces computa-
tional overhead and potential artifacts. We therefore posit that it is possible to
bypass image reconstruction entirely by directly mapping events into the latent
representation space of large, pretrained visual encoders.

3 Methodology

In this section, we present our approach for training and refining REALM. We
first provide background on the DUNE [48] encoder, followed by a formal prob-
lem definition for cross-modal alignment. Finally, we detail our architectural
modification strategy, focusing on the adaptation of a frozen foundation model
for asynchronous event data.

3.1 Background: DUNE

Our work builds upon the DUNE [48] framework, a universal vision transformer
(ViT) designed to unify diverse 2D and 3D perception tasks into a single encoder
through multi-teacher distillation.

DUNE [48] is trained using a set of N heterogeneous teacher models T =
{T1, . . . , TN}. Each teacher Ti is parameterized by its own encoder ti(x), which
maps an input image x into a set of feature vectors Z ∈ R(HW+1)×d. These
features include HW patch tokens and an optional global CLS token. The goal
of distillation is to learn a student encoder f(x) such that its representations,
after a teacher-specific projection, match those of the teachers. For each teacher
Ti, DUNE [48] employs a teacher-specific transformer projector hi to map the
student’s features into the teacher’s latent space.

DUNE [48] distills from three distinct teachers: DINOv2 [41], MASt3R [34],
and Multi-HMR [3]. After the student encoder f is trained, the task-specific de-
coders (or heads) are fine-tuned independently while keeping the encoder frozen:
ytask = Decodertask(f(x)). This decoupled training ensures that the student en-
coder retains a “universal” latent manifold suitable for diverse downstream ap-
plications without needing to store or compute teacher-specific projectors during
inference.

In REALM, we leverage the open-source MASt3R [34] head, which was re-
fined on DUNE’s universal features. We utilize this head directly in REALM
without any event-based refinement, providing a rigorous zero-shot benchmark
for our cross-modal alignment strategy.

We emphasize that our alignment framework is not tied to DUNE [48] specif-
ically: any ViT-based encoder with a sufficiently general latent space could serve
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Fig. 2: Overview of the cross-modal distillation framework. Event representa-
tions undergo masked autoencoders (MAE)-style dropout before being processed by a
trainable embedding layer and a LoRA-adapted student encoder. A progressive spatial
mask is applied to the distillation loss (L) to focus the alignment on regions with active
event data, preventing background overfitting.

as the teacher. We adopt DUNE [48] because its multi-teacher distillation yields
a manifold that already spans semantic, geometric, and human-centric priors,
which is well matched to the diverse downstream tasks we target.

3.2 Problem Definition

Our primary objective is to learn a mapping f : E → ZE that projects an
event representation e ∈ E into a latent feature vector ZE ∈ ZE . We optimize
f to minimize the distance between ZE and ZI , where ZI represents the latent
manifold of the DUNE [48] foundation model. As described in Sec. 3.1, for a
given image x, the corresponding reference feature is defined as ZI = fDUNE(x),
where ZI ∈ R(HW+1)×d.

To select the optimal input format for e, we evaluated various representations
(see Sec. 2) and found that the choice of input has a negligible effect on final
alignment quality (see Sec. 4). Consequently, we adopt the voxel grid due to
its wide adoption in event-based learning, compatibility with established base-
lines, and its suitability for the convolutional embedder design we employ, see
Appendix Sec. S5.

3.3 Training and Architecture

Standard vision transformer (ViT) architectures, including DUNE, are designed
to process RGB images through a patchified embedding stage. Formally, the
DUNE [48] encoder can be decomposed as fDUNE = fback ◦ femb, where femb :
RH×W×C → RM×d projects raw pixels into M patch tokens, and fback : RM×d →
ZI represents the transformer backbone.

Event-Specific Embedding. Because our voxel grid representation contains five
temporal bins and distinct structural properties compared to RGB frames, the
original femb is incompatible. We substitute the image-based patch module with
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Fig. 3: Qualitative comparison of DUNE and REALM feature manifolds.
The spatial feature maps in a) and b), visualized via PCA, show that REALM learns
to identify semantic structures similarly to the RGB network. In b), the masking sup-
presses static background visible to the camera but invisible to the events. In c), the
UMAP plot further confirms this by showing event and RGB features form consistent
clusters.

fE
emb, a lightweight convolutional stem that maps the voxel grid directly into a

set of M × d tokens. Our goal is not to force the intermediate embeddings to
match (femb(x) = fE

emb(e)), but rather to ensure that the final latent outputs
are aligned within the foundation manifold: fback(femb(x)) ≈ fE

back(f
E
emb(e)).

Low-Rank Adaptation (LoRA). To adapt the backbone fback for the event modal-
ity while preserving its pretrained semantic and geometric knowledge, we em-
ploy Low-Rank Adaptation (LoRA) [29]. We keep the original weights W ∈ Rd×k

frozen and model the necessary cross-modal refinement as a low-rank decomposi-
tion: W ′ = W +AB, where A ∈ Rd×r and B ∈ Rr×k are trainable matrices with
rank r ≪ min(d, k). This allows REALM to bridge the modality gap without
the risk of catastrophic forgetting.

To robustly distill knowledge from the DUNE [48] encoder, we propose a
dual-masking training strategy described as follows (see Fig. 2).

Progressive Spatial Distillation. To prevent the student model from overfitting
to static backgrounds (see Fig. 3b), we constrain the distillation loss using a
spatially-aware mask M derived from the input event activity.

Let Ei ∈ {0, 1}M be a binary occupancy grid for the voxel grid input
ei, where Ei

j = 1 if the j-th voxel contains at least one event, and Ei
j = 0

otherwise. We define the active distillation mask for ei at training step s as:
Mi(s) = Dilation(Ei,σ(s)), where Dilation(·,σ) denotes a morphological dila-
tion operation with a structuring element of radius σ. We introduce a spatial
curriculum by defining σ(s) as a monotonically increasing function of the train-
ing progress: σ(s) = min (σmax, ⌊α · s⌋), where α is the expansion rate and σmax

is the radius required to cover the entire spatial grid.
By gradually expanding the penalization region M, we force the model to

move beyond trivial edge-matching and learn a holistic scene understanding by
leveraging the teacher’s static priors in regions initially devoid of events.
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Input Patch Masking. To encourage the network to build compressed global rep-
resentations and discourage reliance on local interpolation, we employ a stochas-
tic patch dropout strategy inspired by Masked Autoencoders (MAE) [25]. Fol-
lowing an initial warmup phase, we uniformly mask a fixed percentage ρ of the
input event tokens XE = fE

emb(e) produced by the embedder. By denying the
backbone access to the full spatial grid, we force the LoRA-adapted layers to
reconstruct dense, cross-modal features from highly degraded inputs. This pre-
vents the model from relying on local interpolation and ensures the learned latent
space ZE captures the geometric and semantic priors of the DUNE teacher.

Loss Function. To ensure feature alignment, we define the total loss as Ltotal =PB
i=1 Li, where Li is the loss for the voxel grid i in a batch of size B defined as a

weighted combination of ℓ1 distance, cosine similarity and MSE losses between
the DUNE [48] embeddings of the image and event modalities:

Li =
1

PM
j=1 Mi

j(s)

MX

j=1

Mi
j(s) ·

h
λMSELj

MSE + λcosLj
cos + λℓ1Lj

ℓ1

i
(1)

where λMSE, λcos, and λL1 control the relative contributions of each term. This
objective enforces per-dimension and global directional alignment, promoting
cross-modal generalization as shown by the uniform manifold approximation
and projection (UMAP) [38] in Fig. 3 c). We show the effect of the proposed
masking strategy in Appendix Sec. S1.

4 Results

In this section, we present a comprehensive experimental evaluation of REALM
across three primary downstream tasks: monocular depth estimation, semantic
segmentation, and wide-baseline feature matching. We report how our model
generalizes to other tasks such as image reconstruction in Sec. S6.

To train the event-specific embedder and the LoRA adapters, we utilize a
diverse collection of synchronized event-RGB datasets. We selected DSEC [21,
22,33], EventScape [19], EventPointMesh [28], EDS [26], and M3ED [8] to provide
a comprehensive overview of diverse geometric and semantic structures, covering
a wide range of scenarios. All training input data are resized and cropped to a
voxel-grid with a resolution of 448×448 with five temporal bins. For further
details on the datasets and our data preparation, refer to the Appendix Sec. S2.

To choose the event representation for our model, we conducted a prelim-
inary evaluation on 5% of our training data comparing voxel grids [65], Ten-
code [30], and ERGO [68]. All three yielded nearly identical alignment losses
(0.0687, 0.0698, and 0.0698, respectively), confirming that the choice of input
representation has a negligible effect on cross-modal alignment quality.

We apply LoRA to the attention, projection, and feed-forward layers with a
rank of 32 and a learning rate of 1× 10−3 following a cosine decay schedule.
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Avg. Absolute Depth Err. [m]

Dataset Depth DUNE E2Depth Zhu et al. EMoDepth REALM
Cut-offs [48] [27] [65] [67] (Ours)

outdoor day 1
10 m 1.16 1.85 2.72 1.40 1.85
20 m 1.76 2.64 3.84 2.07 2.42
30 m 2.12 3.13 4.40 2.65 2.76

outdoor night 1
10 m 2.13 3.38 3.13 2.18 2.08
20 m 3.10 3.82 4.02 2.70 2.51
30 m 3.51 4.46 4.89 3.64 3.18

outdoor night 2
10 m 2.45 1.67 2.19 2.06 2.00
20 m 3.46 2.63 3.15 2.76 2.31
30 m 3.86 3.58 3.92 3.42 2.98

outdoor night 3
10 m 2.33 1.42 2.86 2.09 1.79
20 m 3.37 2.33 4.46 2.82 2.15
30 m 3.79 3.18 5.05 3.52 2.97

Table 1: Quantitative results on the MVSEC [64] dataset. We report results for
DUNE [48] as a reference, and for our event-only method, REALM. Comparisons are
provided against a supervised approach [27], as well as unsupervised methods [65,67].

Method AbsR ↓ SqR ↓ RMSE ↓ log ↓ SILog ↓ σ1 ↑ σ2 ↑ σ3 ↑ 10 20 30 Latency (ms) ↓ Params ↓
DUNE 0.351 0.424 7.828 0.415 0.166 0.559 0.764 0.878 2.02 2.92 3.32 6.02 (A100) 0.39M
EReFormer [36] 0.275 0.382 – – 0.120 0.607 0.807 0.915 1.38 2.15 2.73 35.17 (Tesla V100) 29.9M
D. AnyEv. [4] 0.362 0.697 6.511 0.438 0.211 0.494 0.760 0.890 – – – 9.20 (A100) 4.06M
AnyEv. Stream [66] – – – – – – – – 1.38 2.02 3.01 22.00 (A100) 10.89M
REALM (Ours) 0.349 0.312 8.109 0.421 0.169 0.500 0.754 0.875 1.93 2.35 2.97 6.71 (A100) 0.39M

Table 2: Extended Depth Metrics and Comparison on MVSEC. Specialized
transformer decoders reach strong accuracy at substantially higher parameter and la-
tency cost, whereas REALM remains competitive with only a linear head on a frozen
backbone. Params are decoder/head parameters only. Values are averaged over scenes.

For each task, we compare REALM against state-of-the-art architectures
specifically engineered for event data. We also report the performance of DUNE
[48] on synchronized RGB frames to compare REALM to its teacher and show
where the event modality helps in perception tasks.

A key strength of our framework is the minimal overhead required for down-
stream task adaptation: with the segmentation and monocular depth tasks, we
demonstrate that REALM’s latent space is semantically and geometrically rich
enough to support these tasks using only simple linear heads. Notably, these
heads are not trained on events, but rather on RGB images on the frozen
DUNE [48] encoder. See the Appendix Sec. S5 for further details on the models.

In the same way, for feature matching, we directly utilize the frozen MASt3R
[34] head that has been trained on a large dataset of 1.7M images [48]. This
requires no retraining or fine-tuning on event data, serving as a strong verification
of our cross-modal alignment strategy.
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Ours EMoDepthEvent FrameRGB Image GT

Fig. 4: Qualitative depth estimation results on the MVSEC [64] dataset.
From left to right: RGB frame (only for visualization purposes), event frame, ground
truth depth, and REALM and EMoDepth [67] predictions. Despite the sparsity of the
event stream, REALM preserves the scene structure just using a single linear projector.

4.1 Depth Estimation

We evaluate the dense geometric reasoning capabilities of REALM by performing
monocular depth estimation. Following recent trends in foundation model eval-
uation [41], we aim to demonstrate that a frozen REALM encoder, paired with
a minimal prediction head, can compete with specialized event-based depth ar-
chitectures. Accordingly, our setup is minimal, as we utilize a single linear head
trained exclusively on frozen RGB features from DUNE [48], with no event-
specific depth supervision at any stage.

Experimental Setup. We benchmark our method on the MVSEC [64] dataset us-
ing the evaluation protocol established by E2Depth [27]. We treat depth estima-
tion as a classification task by discretizing depth values into bins and predicting
per-pixel probability distributions. To verify the robustness of our latent space,
we first train a linear head for 300 epochs on top of the frozen DUNE [48] back-
bone using real and synthetic RGB images, from MVSEC [64] and DENSE [27],
respectively. Then we use the trained head directly on REALM event features
with no finetuning. Further details on the training are in the Appendix Sec. S3.

To accommodate the 260× 346 resolution of the MVSEC [64] dataset while
maintaining the 448× 448 input size of the foundation model, we symmetrically
pad the original data. We then remove the padding from the prediction. To ensure
temporal stability, we implement a memory hold mechanism. That is, in time
windows where no event activity is recorded, the model holds the most recent
valid depth estimate, preventing noisy outputs during brief sensor inactivity.

Quantitative Results. The results are summarized in Tab. 1 and Fig. 4. Despite
this significant gap in both architectural complexity and task-specific supervi-
sion, REALM remains competitive across nearly all evaluated sequences. No-
tably, our approach demonstrates superior robustness in challenging outdoor
night scenarios where traditional frame-based sensors degrade. For instance,
in the outdoor night 1 sequence at a 20 m cut-off, REALM achieves an error
of 2.51 m, significantly outperforming both the unsupervised EMoDepth [67]
(2.70m) and Zhu et al. [65] (4.02m). Crucially, although REALM is trained only
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Metric DUNE ESS EV-SegNet HALSIE ESEG REALM
[48] [53] [1] [11] [63] (Ours)

Acc. [%] ↑ 93.33 89.25 88.61 89.01 91.47 89.23
mIoU [%] ↑ 67.64 51.57 51.76 52.43 57.55 55.37

Table 3: Quantitative results on the DSEC dataset. We use a linear segmen-
tation head to perform the segmentation task. DUNE shows the upper-bound perfor-
mance of the shared architecture on intensity frames.

Ours ESSEvent FrameRGB Image GT

Fig. 5: Qualitative semantic segmentation on the DSEC [21] driving dataset.
REALM effectively identifies key classes such as road, vehicles, and sidewalk. Our model
achieves these results using a frozen backbone and a single linear head, demonstrating
the semantic richness of the aligned latent space.

on RGB data, distilled from the frame-based teacher DUNE [48], it surpasses the
teacher model in low-illumination and high-dynamic-range conditions, that is, in
the regime where events are more informative than frames, which lose detail in
under- and over-exposed regions. The student can thus exceed the source of its
own supervision: our aligned manifold not only inherits DUNE’s representation
but also lets the event modality contribute cues unavailable in RGB.

In Tab. 2 we report additional depth metrics alongside recent transformer-
based methods [4, 36, 66]. While these specialized decoders achieve strong accu-
racy on depth estimation, they do so with 10–77× more parameters and 1.4–5×
higher latency than REALM, which attains competitive results using only a
linear head on a frozen backbone.

4.2 Semantic Segmentation

To evaluate the semantic qualities of the aligned latent space, we benchmark
REALM on the task of semantic segmentation. This experiment serves to demon-
strate that the high-level scene understanding present in RGB foundation models
can be seamlessly transferred to the event modality.

Experimental Setup. We utilize the DSEC [21] dataset, which provides semantic
labels across eleven distinct classes. Following the evaluation protocol of ESS [53],
we compute standard confusion-matrix-based metrics, including Pixel Accuracy
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Fig. 6: Cross-modal and intra-modal feature matching. We report the AUC at
5◦ per scene and visualize the correspondence estimation results for inliers and outliers
in green and orange, respectively.

and Mean Intersection over Union (mIoU). To highlight the off-the-shelf utility
of our features, we employ a minimal single-layer linear head. The head is trained
using the frozen DUNE [48] encoder on RGB images and subsequently used as
is, with no further finetuning, on REALM event embeddings.

To accommodate the 480 × 640 resolution of the DSEC [21] dataset while
maintaining the 448 × 448 input size of the foundation model, we implement
an overlapping tiling strategy. During inference, we extract four 448× 448 tiles
from the corners of the input grid. The final per-pixel prediction is determined
by accumulating the raw model outputs across tiles and normalizing the result
by a count mask to average overlapping regions. To ensure temporal stability,
we implement a memory hold mechanism as described in Sec. 4.1.

Quantitative Results. The results are summarized in Tab. 3 and Fig. 5. REALM
achieves a Pixel Accuracy of 89.23% and an mIoU of 55.37%. These results
are highly competitive with specialized architectures such as ESS [53] (51.57%
mIoU) and EV-SegNet [1] (51.76% mIoU). While ESEG [63], which fine-tunes a
SegFormer [59] decoder with edge supervision, maintains a slight lead in mIoU
(57.55%), REALM attains comparable performance without requiring special-
ized edge-guidance modules or complex recurrent decoders. We report a detailed
per-class IoU and the corresponding confusion matrix in the Appendix Sec. S4.

4.3 Feature Matching

We evaluate the quality of the learned latent space by benchmarking REALM on
wide-baseline feature matching and relative pose estimation. Unlike prior works
that rely on task-specific descriptors, we equip REALM with the MASt3R [34]
head. Crucially, this geometric head remains frozen and was trained exclusively
on RGB data. This setup serves as the ultimate test for our cross-modal align-
ment: if REALM correctly maps events into the DUNE manifold, the MASt3R [34]
head should treat event features as native RGB representations.
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Dataset Metric LLAK RATE EventPoint SuperEvent REALM
AUC [10] [31] [30] [6] (Ours)

ECD
@5◦ ↑ 0.7 3.3 1.6 22.7 26.2
@10◦ ↑ 1.4 8.4 3.0 35.8 46.8
@20◦ ↑ 2.1 18.0 5.4 46.7 63.3

EDS
@5◦ ↑ 0.5 2.1 1.6 15.2 18.3
@10◦ ↑ 0.7 5.1 2.8 26.4 34.1
@20◦ ↑ 1.0 10.3 5.2 40.1 55.3

Table 4: Quantitative results on the ECD [40] and EDS [26] datasets. We
report the Area Under Curve (AUC) in % at different thresholds.

Modality Metric MINIMA [46] SuperEvent [6] REALM (Ours)

Event-Event

AUC@5° ↑ 39.0 5.7 47.7
AUC@10° ↑ 53.9 11.4 64.9
AUC@20° ↑ 68.0 19.6 79.1
Med. Err (°) ↓ 3.93 46.33 2.75
S. Rate (%) ↑ 100.0 99.9 99.7

Image-Event

AUC@5° ↑ 23.8 - 26.0
AUC@10° ↑ 39.4 - 46.3
AUC@20° ↑ 55.1 - 64.6
Med. Err (°) ↓ 6.46 - 5.45
S. Rate (%) ↑ 100.0 - 99.6

Table 5: Pose estimation performance grouped by sensing modality. Higher
AUC in % and success rate are better, while a lower median angular error is better.
The experiments are conducted on the VECtor [17] dataset.

Experimental Setup. We evaluate on the ECD [40], EDS [26], and VECtor [17]
datasets. Following the protocol in [30], we report the Area Under Curve (AUC)
for relative rotation error at thresholds of 5°, 10°, and 20°, as well as the median
angular error. We compare against specialized event-based baselines, including
LLAK [10], RATE [31], EventPoint [30], SuperEvent [6], and the recent cross-
modal MINIMA [46].

Quantitative Results. As summarized in Tab. 4 and Fig. 6, REALM outper-
forms all existing methods by a significant margin. On the ECD [40] dataset,
our method achieves an AUC@20° of 63.3%, representing a substantial improve-
ment over the previous state-of-the-art SuperEvent [6] (46.7%). These results
demonstrate that leveraging the geometric priors of an RGB foundation model
is more effective than training specialized event descriptors from scratch.

Wide-Baseline Robustness. To further probe the robustness of our alignment, we
conduct a wide-viewpoint evaluation following the protocol in [42]. We match a
query event stream against targets at increasing angular distances. Tab. 5 shows
that while MINIMA [46] degrades as the viewpoint change increases, REALM is
capable of producing more accurate feature matches, leading to lower orientation



An RGB- and Event-Aligned Latent Manifold for Cross-Modal Perception 15

errors. REALM, leveraging the MASt3R [34] decoder, which provides strong
geometric cues, outperforms the other methods in both event-event and image-
event matching tasks. We refer the reader to Sec. S4 for further analysis.

Notably, REALM achieves these results in a zero-shot manner, whereas MIN-
IMA [46] requires a specialized generative data engine and fine-tuning to reach
generalization. This highlights that our joint LoRA-based optimization effec-
tively "unlocks" universal geometric reasoning for the event modality. We report
in the Appendix a breakdown of per-scene evaluation in Sec. S4.

5 Limitations and Future Work

Our approach has two main limitations that also point to directions for future
work. First, our convolutional embedder operates on fixed-size voxel grids, lim-
iting its flexibility across sensors of differing resolution; we currently bridge this
gap with padding and overlapping tiling (Secs. 4.1 and 4.2). A resolution-agnostic
embedder operating directly on the asynchronous stream would remove this con-
straint. Second, the embedder does not explicitly model long-term temporal dy-
namics. We handle low-event periods with a memory-holding mechanism, which
is effective but remains a practical workaround; asynchronous or recurrent em-
bedders are a principled next step, maintaining temporal consistency through
sparse periods without frame-level heuristics.

6 Conclusion

We have presented REALM, a cross-modal visual encoder that leverages large-
scale RGB pretraining to achieve state-of-the-art performance in event-based
vision. By employing a cross-modality alignment strategy, REALM effectively
bridges the gap between asynchronous event streams and intensity frames, en-
abling the direct use of foundation models originally designed for image data.
Our results demonstrate that REALM successfully inherits the deep geometric
and semantic priors of the DUNE [48] teacher. Most notably, this alignment en-
ables the direct, zero-shot application of complex image-trained decoders, such
as MASt3R [34], to raw event data—outperforming specialized architectures.
Finally, by showing that event data can inhabit the same manifold as RGB
foundation models, REALM provides a solution to the scarcity of annotated
event datasets and unlocks a broad ecosystem of RGB-based techniques, from
calibration-free SLAM to cross-modal localization, for the event domain.
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