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SPICE: Self-supervised Predictive Coding of Events

Tim N.A. den Blanken Yilun Wu Guido C.H.E. de Croon Holger Caesar
Delft University of Technology

Abstract

Event-based cameras provide high temporal resolution, ro-
bustness to lighting conditions and low power consumption,
but their sparse, temporal data require models that reason
over time. In supervised settings, this is increasingly han-
dled with recurrent architectures. In contrast, most self-
supervised learning (SSL) methods still adapt non-recurrent
RGB techniques, with masking-based objectives that fa-
vor spatial reconstruction over temporal understanding.
We introduce SPICE: Self-supervised Predictive Coding on
Events, an SSL framework tailored to event data that pro-
cesses longer sequences recurrently and learns by predict-
ing future latent representations rather than reconstructing
masked inputs, promoting a more natural objective focyused
on anticipating what comes next. SPICE further incorpo-
rates an event-specific contrastive loss only operating on
active regions. SPICE pre-training improves downstream
performance on semantic segmentation, depth estimation
and optical flow estimation. Low-dimensional projections
confirm that the learned representations are meaningful and
avoid collapse, while also revealing limitations in temporal
stability and semantic organization, indicating clear direc-
tions for future event-specific SSL research. Code is avail-
able upon request.

1. Introduction

Event cameras are bio-inspired vision sensors that asyn-
chronously record per-pixel changes in brightness. Unlike
conventional frame-based cameras, they produce a contin-
uous stream of events with microsecond latency, high dy-
namic range, and low power consumption [17]. These prop-
erties make them attractive for fast and low-power robotics
applications, and they have been successfully applied to
various vision tasks [8, 11, 52, 60, 72]. However, their
asynchronous and sparse output fundamentally differs from
RGB images, which poses unique challenges for learning-
based methods.

Despite growing interest, event-based models still trail
behind their RGB counterparts on high-level tasks such
as semantic segmentation [69] and depth estimation [38].

Two main factors contribute to this gap: (i) the limited
availability of large labeled event datasets [8, 11, 20, 72],
and (ii) the comparatively limited exploration of architec-
tures and training schemes specifically tailored to the asyn-
chronous and sparse nature of event data. In conventional
vision, similar data-scarce regimes have been effectively ad-
dressed through self-supervised pre-training, which enables
the learning of generalizable visual representations from un-
labeled data [10, 12, 22, 27, 49]. These methods have since
matured, with architectures, data augmentations, and learn-
ing objectives highly optimized for frame-based RGB data.

Encouraged by their success in conventional vision, sev-
eral works have attempted to extend self-supervised learn-
ing (SSL) to event data. Most existing approaches, how-
ever, directly adapt RGB image-based methods by first ag-
gregating short time windows of events into image-like rep-
resentations and then applying standard contrastive [67],
reconstruction-based [31, 32, 68], or correlation-based [5]
objectives. Aggregating only brief temporal intervals leads
to sparse event representations that provide weak or am-
biguous learning signals, preventing these methods from
exploiting the temporal structure inherent to event streams.
Consequently, directly transferring RGB image-oriented
SSL pipelines to event data remains suboptimal and high-
lights the need for methods specifically designed for the
characteristics of event cameras. Moreover, recent event-
based SSL works increasingly rely on masking strategies,
which have shown strong empirical results, but such ob-
jectives remain somewhat artificial and unlike how humans
naturally learn from continuous sensory input. This mo-
tivates us to explore an alternative, more intuitive route
grounded in temporal prediction.

We address these limitations with SPICE, a self-
supervised pre-training framework explicitly designed for
event data. SPICE processes sequences of event voxels
over extended temporal horizons and learns to predict fu-
ture latent representations from past ones, following the in-
tuition that understanding the past enables predicting the fu-
ture [25, 48]. A contrastive loss is employed for its stability,
interpretability, and strong empirical performance in vision
pre-training [12, 27]. To handle the sparsity of events, our
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model aggregates features recurrently and focuses computa-
tion on regions with sufficient activity. Finally, to alleviate
data scarcity, we pretrain on events simulated from large
RGB datasets, bridging the gap between event-based and
frame-based learning.

The main contributions of this work are: (i) a self-
supervised learning framework for event data based on fu-
ture latent prediction; (ii) an event-specific contrastive loss;
(iii) a loss focusing strategy that restricts optimization to
active patches; and (iv) an analysis-driven design process
where visualization of representation dynamics using non-
linear projection techniques provide insight into semantic
structure and temporal stability.

2. Related Work
Self-Supervised Learning for RGB Images and Videos.
SSL has become central to visual representation learning,
enabling feature extraction from large unlabeled image and
video corpora. Existing approaches for RGB data can
be grouped into five different paradigms: clustering, re-
construction, contrastive learning, correlation analysis, and
self-distillation [14].

Clustering-based methods iteratively group samples and
use the cluster assignments as pseudo-labels to train the
encoder (e.g., DeepCluster [9], SeLa [1]). Reconstruc-
tion approaches train models to predict transformations
or masked regions of the input and include both explicit
transformation prediction and masked-token style objec-
tives (e.g., Doersch et al. [16], BEiT [4], I-JEPA [2]). Con-
trastive learning enforces instance-level discrimination by
pulling together positive pairs and pushing apart negatives;
foundational works include Contrastive Predictive Coding
(CPC) [48], SimCLR [12], and MoCo [27]. Video ex-
tensions exploit temporal consistency between frames or
clips (e.g., VideoMoCo [50]) and predictive contrastive
schemes such as DPC [25] and its memory-augmented
successor MemDPC [26]. To avoid reliance on large
negative sets, correlation-based methods such as Barlow
Twins [71] and VICReg [6] enforce feature decorrelation
and minimum-variance constraints between differently aug-
mented views of the same input. Self-distillation meth-
ods (e.g., BYOL [22], DINO [10], and DINOv2 [49]) like-
wise operate on two augmented views but prevent collapse
through asymmetric teacher–student or EMA mechanisms
rather than decorrelation or variance constraints; several of
these ideas have been adapted to video-level and multi-view
settings [7, 54, 66].
Contrastive Self-Supervised Learning. Contrastive SSL
aims to learn discriminative representations by pulling to-
gether embeddings of related samples while pushing apart
those of unrelated ones. The Noise Contrastive Estima-
tion (NCE) framework [23] laid a foundation for this idea,
later extended by Contrastive Predictive Coding (CPC) [48],

which introduced the InfoNCE loss to maximize mutual
information between context and future representations.
This objective has since become one of the most widely
adopted formulations in contrastive learning, with numer-
ous variants such as weighted and soft versions (Soft-
InfoNCE) [33] and formulations supporting multiple pos-
itives (MIL-InfoNCE) [46]. This work introduces a variant
of the soft version. Around the same time, image-based
methods such as SimCLR [12] and MoCo [27] popularized
contrastive learning at scale by contrasting global embed-
dings from augmented views.

For spatiotemporal data, DPC [25] extended CPC by
predicting future feature maps rather than global embed-
dings. This approach directly inspires our method. Its
successor, Memory-Augmented DPC (MemDPC) [26], the
temporal contrastive pre-training approach of Lorre et
al. [43], and Contrastive Predictive Coding with Trans-
former (CPCTR) [40], further refined predictive contrastive
learning for video understanding.
Self-Supervised Learning for Event Camera Data. Self-
supervised pre-training that operates purely on event data
is less explored than its RGB counterpart. Early event-SSL
approaches adapted correlation-based losses (e.g., VICReg-
inspired joint embedding) to events [5]. Reconstruction
and masked-token approaches followed: MEM [32] re-
constructs visual tokens for masked regions using targets
from a pretrained dVAE [53]; Huang et al. [31] voxelize
event streams and reconstruct masked local and global voxel
groups via semantic uniform masking. Large-scale adapta-
tions of image SSL to events also emerged: ECDDP [68]
extends the DINOv2 [49] by enforcing multi-level (patch,
context, image) similarities and local-to-global crop com-
parisons for events. TESPEC [47], currently the strongest
event-SSL method, employs a recurrent backbone to inte-
grate longer temporal windows and learns to reconstruct
corresponding intensity images, demonstrating the value of
temporal aggregation for richer event representations.
Architectures in Event-Based Vision. Most existing self-
supervised pre-training methods for event data use feed-
forward backbones that process short event windows in-
dependently [5, 31, 32, 68]. Accumulating longer time
spans into a single input tends to increase motion blur in
reconstructed frames, thereby reducing signal quality. A
growing alternative is to use recurrent modules that in-
tegrate information across short event segments, preserv-
ing temporal information. Recurrent architectures, includ-
ing LSTM [29], GRU [13], and their convolutional exten-
sions ConvLSTM [57] and ConvGRU [3], have been ap-
plied across event tasks. Recurrent designs aid object de-
tection and tracking [19, 34, 52], improve dense predictions
such as semantic segmentation and depth [15, 28, 39, 58],
and support optical flow estimation [21, 35]. In the self-
supervised domain, TESPEC [47] demonstrates the value
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of recurrence and currently represents the strongest event-
based SSL framework. Our work follows a similar architec-
tural philosophy, employing a recurrent backbone to capture
longer temporal dependencies in event data.
Handling of Event Camera Data. Data from an event
camera is sparse and asynchronous, creating a trade-off
between temporal resolution and spatial density. The
voxel-grid representation (accumulating events into tem-
poral bins) [73] is widely used but suffers from the den-
sity–blur trade-off: long accumulations increase density but
blur motion; short accumulations preserve temporal detail
but produce very sparse frames. Alternatives include frame-
like projections built from event counts or timestamps,
learned conversions such as the Event Spike Tensor [18],
and selective processing that ignores empty regions (e.g.,
Event Transformer+ [56], which processes only patches
with sufficient activity). Some methods also change the
learning target to provide denser supervision: TESPEC [47]
reconstructs intensity images from events to create a denser
training signal. Our approach tackles sparsity both through
the architecture, by using recurrence to aggregate informa-
tion across short voxel segments, and through the loss, by
applying activity-aware contrastive weighting. This pre-
vents the model from enforcing discrimination on empty or
uninformative regions.
Event Camera Datasets. Event datasets such as
MVSEC [72], DSEC [20], and M3ED [11] offer high-
quality benchmarks but are limited in scale for large
pre-training. Larger collections (Gen1 [60], 1Mpx [52],
DDD17 [8]) help volume but still lag behind RGB corpora
in diversity. More recent work generates synthetic event
streams from large RGB datasets (e.g., using v2e [30] or
ESIM [55]), producing resources like E-TartanAir [64, 68],
BlinkFlow [35], BlinkVision [36], TartanAir-V2 [59] and
TartanGround [51]. Synthetic data enables large-scale pre-
training with varied motion and scene content; in this work,
we pretrain on the synthetic TartanAir-V2 dataset to lever-
age those benefits.

3. Method
The proposed method, SPICE, builds upon the RGB-based
DPC framework [25] to pretrain an encoder on event camera
data. SPICE learns to predict future latent representations
from past observations, encouraging temporally consistent
and structure-aware features.

We first outline the key preliminaries, including the
InfoNCE objective and characteristics of event data, see
Sec. 3.1. Events are converted into voxels that serve as net-
work input, described in Sec. 3.2. The core SPICE frame-
work is detailed in Sec. 3.3, which provides a step-by-
step explanation of the main architecture shown in Fig. 1.
The pre-training objective aligns predicted and actual fu-
ture patch embeddings via a weighted contrastive loss, see

Sec. 3.4, computed only on active patches to handle sparsity
as described in Sec. 3.5.

3.1. Preliminaries
InfoNCE. A central component in contrastive SSL is the
InfoNCE loss [48], which encourages the model to output
embeddings that have a higher similarity to matching (pos-
itive) samples and lower similarity to non-matching (nega-
tive) ones.

Given a query embeddings qi, a positive key ki, and a set
of negative keys kj (j ̸= i), the loss is defined as

L = −E

[
log

exp(qi · ki/τ)
exp(qi · ki/τ) +

∑
j ̸=i exp(qi · kj/τ)

]
(1)

here (qi, ki) are positive pairs when i = j and negative
pairs otherwise; the dot product is adopted as measurement
of similarity. The temperature parameter τ controls the
sharpness of the similarity distribution. A lower τ produces
a sharper (more selective) distribution, emphasizing hard
negatives, while a higher τ leads to a smoother weighting
over all samples [62]. Moreover, following the analysis by
Wang and Isola [63], this loss can be interpreted as the sum
of two complementary objectives: an alignment term that
pulls positive pairs closer together, and a uniformity term
that spreads representations uniformly across the embed-
ding space. This balance between alignment and uniformity
is central to contrastive learning and motivates later exten-
sions of InfoNCE [33, 46], including ours (see Sec. 3.4).
Event Camera Data. An event camera records changes
in logarithmic brightness asynchronously at the pixel
level, producing a continuous stream of events ei =
(xi, yi, ti, pi), where (xi, yi) denotes the pixel coordinates,
ti the timestamp, and pi ∈ +1,−1 the polarity indicat-
ing the direction of the brightness change. The entire event
stream over a time interval [t0, tN ] can thus be represented
as E = {ei|i = 1, ..., N}. Each event is generated indepen-
dently by a pixel when the change in logarithmic intensity
exceeds a predefined contrast threshold C. Formally, an
event is triggered when

∆L(xi, yi, ti) = L(xi, yi, ti)− L(xi, yi, ti −∆ti) = piC
(2)

where L(x, y, t) = log I(x, y, t) is the logarithmic bright-
ness, I(x, y, t) the image intensity, and ∆ti the elapsed time
since the last event at that pixel.

3.2. Event Representation
Since the DPC framework was originally designed for
frame-based inputs, it cannot directly process asynchronous
event streams. We therefore convert the raw events into a
multi-frame voxel grid [73]. The voxel representation is de-
fined as v ∈ RB×H×W , where B is the number of temporal
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Figure 1. Overview of SPICE. A continuous event stream E is converted into overlapping event voxel grids vt
Np+Nf

t=1 , where Np and
Nf denote the numbers of past and future voxels, respectively. Past voxels are encoded by the student encoder fs(·) into patch-level
representations zt

Np

t=1, which are aggregated over time by the context module g(·) to form context features ct. From ct, a set of predictors
pi

Nf

i=1 independently predict future representations ẑt+i. Ground-truth future embeddings are obtained by encoding the corresponding
future voxels with the EMA-updated teacher encoder ft(·). A contrastive loss aligns predicted and teacher embeddings at the patch level.
After pre-training, only the student encoder is retained and fine-tuned with task-specific heads for depth estimation, semantic segmentation,
and optical flow estimation.

bins and (H,W ) the spatial resolution. Each voxel accu-
mulates events that fall within its temporal bin according
to:

t∗i = (B − 1)(ti − tbegin)/(tend − tbegin) (3)

v(b, x, y) =
∑

i|xi=x,yi=y

pi max(0, 1− |t∗i − b|) (4)

where b ∈ [0, B − 1] indexes the temporal bins. This inter-
polation scheme distributes each event’s contribution to its
two nearest temporal bins. However, this formulation leads
to an uneven event distribution across bins: the first and
last bins receive, on average, only half as many events as
the intermediate ones. To address this, we adopt a modified
bin weighting scheme (previously Ye et al. [70] proposed a
similar scheme), which shifts the effective bin centers and
ensures uniform accumulation. The temporal normalization
and voxelization then become

t∗i = (B + 1)(ti − tbegin)/(tend − tbegin) (5)

v(b, x, y) =
∑

i|xi=x,yi=y

pi max(0, 1− |t∗i − (b+ 1)|) (6)

To preserve continuity in motion across consecutive
voxel grids, we employ an overlap of half a bin duration
between successive windows, as illustrated in Fig. 1. The
different weighting schemes are shown in Fig. 2.
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Figure 2. Event representation bin weighting schemes. Events
are accumulated into bins, where each event is weighted based
on its timestamp. This weight is shown per bin, for a voxel with
four bins, spanning 4 time units. (a) Original weights [73], where
the first and last bin receive fewer accumulated events. (b) The
proposed weights by Ye et al. [70], which use events beyond the
specified time limits. (c) Our proposed bin weights. Note that ours
and (b) essentially only differ in start and end time.

3.3. Self-Supervised Predictive Coding on Events

The goal of our method is to learn representations that cap-
ture slowly varying semantics by predicting the future latent
representation of an event stream from its past. Intuitively, a
model that can accurately infer future dynamics must have
developed meaningful internal representations of the input.

Given an event stream E , we first convert it into over-
lapping voxel grids vt

M
t=1, where each voxel grid vt ∈
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RB×H×W represents B temporal bins of spatial resolution
H × W . Consecutive voxel grids overlap by half the bin
duration (see Sec. 3.2). From the voxel grids, we sample
training sequences of length Nv = Np + Nf , consisting
of Np past and Nf future voxels. Each past voxel vt is then
encoded by the student encoder fs(·), producing a sequence
of latent representations zt

Np

t=1, where each

zt = fs(vt), zt ∈ RH′×W ′×D (7)

Since the encoder operates on patches, zt consists of
a spatial grid of patch embeddings of dimensionality D,
maintaining the spatial layout of the input.

The context module g(·) aggregates these representa-
tions over time, producing a set of context representations
ct that capture the evolution of local features:

ct = g(zt−Np+1, zt−Np+2, ..., zt) (8)

In contrast to the sequential prediction strategy used in
DPC, where predictions are generated step-by-step and re-
cursively aggregated, SPICE performs parallel prediction.
Specifically, from each ct, a set of prediction heads {pi}

Nf

i=1

independently predict the patch embeddings i steps into the
future:

ẑt+i = pi(ct), i = 1, . . . , Nf . (9)

This design prevents the model from relying on sim-
ple propagation of features between consecutive timesteps,
forcing ct to encode information relevant at multiple tem-
poral scales simultaneously. Intuitively, this encourages the
formation of richer and more semantically meaningful rep-
resentations.

Ground-truth future representations are obtained by en-
coding the corresponding future voxels with the teacher
encoder ft(·), which shares the same architecture as the
student encoder fs(·), but is updated via an exponential
moving average (EMA) of the student’s parameters [22].
The EMA mechanism ensures that teacher representations
evolve smoothly, providing stable learning targets for the
student. Alignment between predicted and ground-truth
patch embeddings is enforced by our proposed loss func-
tion (see Sec. 3.4), which operates at the patch level rather
than on a single global embedding.

After pre-training, only the student encoder fs(.) is re-
tained. The aggregation module, predictor, and teacher en-
coder are discarded. For downstream evaluation, we attach
task-specific heads for semantic segmentation, depth esti-
mation and optical flow estimation. Then we jointly fine-
tune the encoder and corresponding head on the labeled
dataset of each task.

3.4. Loss Formulation
SPICE employs a contrastive objective inspired by the In-
foNCE loss [48], which encourages positive pairs to align

closely in feature space while uniformly pushing apart all
negatives. In our setup, pairs correspond to patch em-
beddings: for each predicted patch embedding ẑi,k (from
timestep i, spatial index k), the positive is the correspond-
ing ground-truth embedding zi,k at the same spatiotemporal
location. All other patch embeddings serve as negatives.

While uniform repulsion of all negatives works well with
individual images, this assumption is problematic for event-
based video representations. Here, many patches across
space or time are naturally correlated, i.e., nearby patches
within a voxel or temporally adjacent voxels often carry re-
lated semantics. Treating them as equally negative can thus
lead to unstable training and representational collapse.
Negative Groups and Imbalance. Each representation
zt, ẑt ∈ RH′×W ′×D is a spatial grid of H ′ × W ′ patch
embeddings, zi,k, ẑi,k ∈ RD. Negatives can be grouped
into three categories: temporal negatives are embeddings at
the same spatial location but from other timesteps (j ̸= i),
spatial negatives are embeddings at different spatial loca-
tions within the same or other timesteps (k′ ̸= k) and batch
negatives are embeddings from other sequences in the mini-
batch. For a sequence with Nf future timesteps, feature
map size H ′ ×W ′, and batch size B, the ratio of positives
to negatives per group is:

Pos : Ntemporal : Nspatial : Nbatch =

1 : (Nf − 1) : (H ′W ′ − 1)Nf : (B − 1)H ′W ′Nf (10)

This reveals a strong imbalance: batch negatives vastly
outnumber temporal or spatial ones. Empirically, this im-
balance caused the network to underutilize hard (temporal)
negatives, resulting in collapsed patch embeddings that re-
mained nearly constant across time and only varied based
on the patch location in the frame instead of its semantic
content. A t-SNE [61] analysis of the learned embeddings,
shown in Fig. 3, illustrates this effect in more detail.
Negative Group Normalization and Gaussian Weight-
ing. To address this collapse, we first normalize the contri-
bution of each negative group, ensuring equal weight among
temporal, spatial, and batch negatives. Within each group,
however, still not all negatives are equally “hard.” Nega-
tives that are closer in space or time to the anchor should be
pushed away less strongly than distant ones. Therefore, we
introduce a Gaussian weighting mask that modulates each
negative’s contribution according to its spatiotemporal dis-
tance from the anchor. This results in a loss that combines
negative group normalization with Gaussian-weighted neg-
atives, which we refer to as the Gaussian-Weighted In-
foNCE (GW-InfoNCE) loss. Fig. 4 illustrates both the three
negative groups and the spatiotemporal Gaussian weight-
ing mask. Here, temporal and spatial negatives are intra-
negatives, as they come from within the same sequence,
while batch negatives are inter-negatives, originating from
different sequences. Fig. 5 shows the Gaussian weight mask
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(a) All negatives treated equally. (b) Group normalized and Gaussian-weighted negatives.

Figure 3. t-SNE [61] projection of patch embeddings for two different voxels and two loss configurations. Both (a) and (b) show
the first and last event frame (i.e., bin) of a 100-voxel sequence, alongside the t-SNE projection of all patch embeddings in those frames.
Colors are matched between t-SNE points and their corresponding patches in the event frame. (a) Treating all negatives equally leads to
uniformly distributed yet nearly static patch embeddings. The near-identical patch colors across event frames indicate that representations
are dominated by spatial position rather than semantic content, evidencing a form of representational collapse. (b) Balancing negatives
per group and weighting them with a Gaussian mask produces temporally evolving embeddings that capture local variations. While this
mitigates collapse, embeddings within each frame remain tightly clustered and differ sharply across time, suggesting that improving both
semantic quality and consistency across frames remains an open direction for future work.

on the full input size to highlight its global impact.
Final Formulation. The proposed GW-InfoNCE loss is de-
fined as:

LGW-InfoNCE =

−
∑
i,k

log
Npos(i, k)

Npos(i, k) + IbNb(i, k) + IsNs(i, k) + ItNt(i, k)

(11)
Npos(i, k) = exp(ẑi,k · zi,k/τ) (12)

Nb(i, k) =
1

Nb

∑
(j,k′)∈B

exp(ẑi,k · zj,k′/τ) (13)

Ns(i, k) =
1∑

(j,k′)∈S wj,k′

∑
(j,k′)∈S

wj,k′ exp(ẑi,k ·zj,k′/τ)

(14)

Nt(i, k) =
1∑

(j,k′)∈T wj,k′

∑
(j,k′)∈T

wj,k′ exp(ẑi,k·zj,k′/τ)

(15)
Here:
• B,S,T denote the sets of batch, spatial and temporal neg-

atives, respectively.

• wj,k′ is a Gaussian weight based on the spatiotemporal
distance between the anchor (i, k) and the negative (j, k′):

wj,k′ = exp

(
−
dspace(k, k

′)2

2σ2
s

− dtime(i, j)
2

2σ2
t

)
(16)

• Ib, Is, It are importance factors that control the relative
weighting of each group (setting all to 1 gives equal group
importance).

• Nb is the number of batch negatives.

3.5. Active Patch Calculation

Event data is inherently sparse, meaning that many spatial
regions contain little or no activity. To ensure that the con-
trastive loss focuses on informative regions, we determine
active patches, i.e., the spatial regions containing mean-
ingful event activity, by analyzing the average intensity of
events within each patch. For each voxel to be predicted,
the absolute event values are averaged within each patch
region to obtain a patch-level activity map. A histogram-
based adaptive threshold is then applied per sample: the
most frequent activity level (i.e., the bin containing the most
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Figure 4. Patch-level GW-InfoNCE setup. Temporal and spatial
negatives are sampled within the same sequence and Gaussian-
weighted based on their spatiotemporal distance to the anchor. The
color of the text corresponds to the value of the weight. The Gaus-
sian weight mask is shown in full on an actual training sample in
Fig. 5. Batch negatives are drawn from other samples in the mini-
batch and are uniformly weighted.
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Figure 5. Gaussian weight mask. (a-c) display timesteps zt+1,
zt+2 and zt+3 overlaid with a heatmap showing the weight as-
signed to each patch. A zero weight (only for the patch itself, i.e.,
the positive) means that it is not considered, while a weight of one
means it is maximally considered.

patches) is used to define a threshold, limited by a pre-
defined maximum to avoid outliers. Patches whose mean
activity exceeds this threshold are marked as active. Only
these active patches are used as anchors and negatives in the
loss computation, preventing inactive regions from biasing
the representation learning. Fig. 6 shows multiple examples
of an event frame and which patches are ignored.

4. Experiments
4.1. Experimental Setup
We evaluate SPICE on semantic segmentation, depth es-
timation, and optical flow estimation. Following prior
works [47, 67, 68], we integrate the pretrained backbone
with task-specific heads and perform joint supervised fine-

Figure 6. Active patch masks. Gray patches indicate regions
excluded from the contrastive loss. The mask is computed adap-
tively from the histogram of patch-wise event intensities, ensuring
that dense event frames are fully active, while sparse frames have
many inactive patches.

tuning on the respective downstream datasets. This subsec-
tion details the pre-training procedure, while the implemen-
tation specifics for each downstream task’s fine-tuning are
provided in their dedicated subsections.
Pre-training Event Dataset. For pre-training, we use the
TartanAir-V2 [59] dataset, a large and diverse collection of
RGB simulations converted into events using ESIM [55].
TartanAir-V2 contains 63 photorealistic simulation environ-
ments chosen to represent a broad spectrum of real-world
scenarios. These environments fall into six categories: In-
door, Nature, Rural, Urban, Industrial/Infrastructure, and
Historical/Thematic, providing rich diversity in terrain and
lighting conditions to support robust generalization.
SPICE Implementation Details. For our backbone, we
adopt the Swin Transformer [42] architecture with a patch
size of 7 (Swin-T/7), following prior works that demon-
strated its superior performance in event-based SSL [47,
68]. The outputs from each Swin-T stage are fused using
a feature pyramid network (FPN), which combines multi-
scale features into a single representation. To aggregate
temporal information, we employ a ConvGRU as the ag-
gregation module, consistent with the design used in DPC.
For prediction, we use multiple shallow two-layer percep-
trons of identical architecture, operating on the aggregated
features. Targets are provided by a teacher encoder whose
weights track the student’s via EMA with momentum 0.998.
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A single input event voxel aggregates 49 ms (see
Sec. B.1) of events divided into 6 overlapping bins, each
spanning 14 ms. The Swin-T transformer architecture in-
herently allows pretrained models to be transferred to down-
stream datasets without constraints on input resolution.

During pre-training, we use a “5pred3” setup: aggregat-
ing features from 5 past voxels (covering 217 ms of events)
to predict the next 3 voxels (covering 133 ms, with a 7 ms
overlap with the input). As such, each training sample con-
sists of 8 consecutive voxels. We train with a batch size of
64 for a total of 15 epochs (19893 steps per epoch) on a
single NVIDIA RTX5090.

We use AdamW [44] with a weight decay of 0.01, a peak
learning rate of 1 × 10−4, a warm-up period of 2 epochs,
and a cosine annealing learning rate schedule. Loss param-
eters are set as follows: batch importance Ib = 0.5, spatial
importance Is = 2.0, temporal importance It = 2.0, with
spatial (σs) and temporal (σt) Gaussian sigmas both set to
1.25. Finally, the patch embedding dimension D is 768.
Baselines. To evaluate the effectiveness of SPICE, we com-
pare it against three types of baselines:
• No Pre-training: For each downstream task, we report

results obtained when fine-tuning the model from scratch,
without any pre-training.

• Event-based SSL: This category includes (former) state-
of-the-art self-supervised methods pretrained on event
camera data, namely ECDP [67], ECDDP [68], and
TESPEC [47].

• Absolute Best: For tasks where event-based SSL is not
already the top-performing category (i.e., MVSEC depth
and DSEC optical flow), we additionally include the best
published results overall.

For downstream tasks previously evaluated in these works,
we directly report their published results. For tasks without
existing evaluations, we fine-tune the respective pretrained
backbones using our codebase and with the same training
setup to ensure consistent comparison. Additional details
on the pre-training and fine-tuning are provided in Sec. B.

4.2. Semantic Segmentation
Setup. Following prior work [47, 68], we attach a Uper-
Net head [65] to the pretrained backbone and fine-tune the
network on DSEC. Only the backbone is transferred from
pre-training, while all other components are not used. As in
ESS [58], we employ a combination of cross-entropy and
Dice losses during training. The input event representation
remains identical to the one used during pre-training.

We train for 25 epochs (1,008 steps per epoch) with a
batch size of 8, using AdamW with a weight decay of 0.05.
The learning rate follows a cosine annealing schedule, peak-
ing at 2.5× 10−4 after 5 warm-up epochs.
Results. Tab. 1 and Fig. 7 show the quantitative and qualita-
tive results respectively. While SPICE does not yet surpass

the state of the art, it achieves a substantial improvement
over training from scratch. This can especially be seen in
Fig. 7, where the no pre-training results are very noisy. This
indicates that, although there remains considerable room for
improvement, SPICE learns representations that capture in-
formation relevant for semantic segmentation.

Table 1. Quantitative semantic segmentation results on
DSEC [20]. Mean intersection over union (mIoU) and mean class
accuracy (mAcc) are used as evaluation metrics. SPICE does not
outperform state of the art, but does show significant improvement
over the non-pre-training setting. Best results are highlighted in
bold, second best are underlined.

Method Backbone Pre-training mIoU ↑ mAcc ↑

No pre-training Swin-T/7 - 52.5 59.8

ECDP [67] ResNet50 N-ImageNet 59.2 67.5
ECDDP [68] ResNet50 E-TartanAir 60.6 69.5

↰

ECDDP uses test time augmentations (TTA).
ECDDP [68] Swin-T/7 E-TartanAir 61.3 69.6

↰

ECDDP uses test time augmentations (TTA).
ECDDP [68] Swin-T/7 E-TartanAir 59.1 67.0

↰

Our reproduced performance of ECDDP, with TTA.
TESPEC [47] Swin-T/7 1Mpx 62.8 70.6

SPICE (ours) Swin-T/7 TartanAir-V2 56.5 64.3

background
building

fence
people

pole
road

sidewalk
vegetation

car
wall

traffic sign

(a) Input Events (b) Ground Truth (c) No Pre-training (d) ECDDP (e) SPICE

Figure 7. Qualitative semantic segmentation results on
DSEC [20]. (a) Input events, (b) ground truth, (c) no pre-training,
(d) ECDDP, and (e) SPICE. Models pretrained on event data pro-
duce markedly cleaner and more structured predictions compared
to training from scratch. SPICE yields visually similar results
to ECDDP, despite lower quantitative performance. Note that
ECDDP employs a different input representation (20-bin event
histogram), and thus the shown input events do not directly cor-
respond to its configuration.

4.3. Depth estimation
Setup. For depth estimation, we attach a lightweight de-
coder to the pretrained backbone. The decoder receives
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multi-scale feature maps from each Swin-T stage and pro-
gressively upsamples them back to the input resolution.
We fine-tune this network on both the MVSEC and DSEC
datasets. Since DSEC provides disparity ground truth, we
first convert it to depth before training. The input event
representation follows the same structure as during pre-
training, but we extend the accumulation duration to bet-
ter match each dataset: 60 ms for DSEC and 400 ms for
MVSEC, compared to 49 ms during pre-training (details in
Sec. C.1).

Following prior work [47, 68], which builds upon HM-
Net [24], we adopt the same optimization objectives: a
scale-invariant loss and a multi-scale scale-invariant gradi-
ent matching loss, weighted 1.0 and 0.25 respectively. The
network predicts normalized log-depth values during train-
ing, which are converted back to metric depth for evalua-
tion.

For MVSEC, we follow the standard protocol
and train exclusively on the outdoor day2 se-
quence, while outdoor day1, outdoor night1,
outdoor night2, and outdoor night3 are used for
evaluation. For DSEC, we employ the commonly used
train and validation split (details in Sec. B.2.2).

Training on MVSEC is performed for 15 epochs (1,523
steps per epoch) with a batch size of 8, using AdamW with
a weight decay of 0.01. The learning rate peaks at 4× 10−5

after 5 warm-up epochs and follows a cosine annealing
schedule thereafter. For DSEC, we train for 50 epochs
(1,433 steps per epoch) with a batch size of 8, AdamW opti-
mizer with weight decay 0.01, and a learning rate peaking at
1× 10−4 after 2 warm-up epochs, again followed by cosine
annealing.
Results. Tabs. 2 and 3 and Figs. 8 and 9 present the
quantitative and qualitative results on DSEC [20] and
MVSEC [72], respectively. SPICE performs competitively
on both datasets, achieving results close to the state of
the art. On DSEC, SPICE shows solid results but re-
mains below ECDDP when ECDDP is fine-tuned within
our framework using our event representation and decoder.
On MVSEC, SPICE surpasses the original ECDDP in the
threshold metrics and RMSlog. When re-trained within
our framework, ECDDP regains a small advantage, again
benefiting from our event representation and decoder. Fur-
thermore, our model without pre-training outperforms the
corresponding no pre-training variant of TESPEC. Overall,
TESPEC maintains the best performance among all meth-
ods.

4.4. Optical Flow Estimation
Setup. Following ECDDP [68], we adopt the TMA archi-
tecture [37] for optical flow estimation. Specifically, we re-
place TMA’s original feature and context encoders with the
first two stages of our pretrained Swin-T/7 backbone and
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Figure 8. Qualitative depth estimation results on DSEC [20].
(a) Input events, (b) ground truth, (c) no pre-training, (d) ECDDP,
(e) SPICE. All methods produce reasonable depth maps, with
SPICE showing a clear improvement over no pre-training and ap-
proaching ECDDP in quality.
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Figure 9. Qualitative depth estimation results on MVSEC [72].
(a) Input events, (b) ground truth, (c) no pre-training, (d) ECDDP,
(e) SPICE. All models capture coarse scene structure, with SPICE
visibly outperforming no pre-training, while ECDDP remains
strongest overall.

(a) Input Events (b) Ground Truth (c) No Pre-training (d) ECDDP (e) SPICE

Figure 10. Qualitative optical flow estimation results on
DSEC [20]. (a) Input events, (b) ground truth, (c) no pre-training,
(d) ECDDP, (e) SPICE. Little difference can be observed between
the no pre-training setting, ECDDP and our pretrained model.
Note that the shown ECDDP results are from our reproduction
using our codebase.

fine-tune the resulting network on the DSEC dataset. The
training objective is an L1 loss applied across all prediction
stages, weighted by a decay factor γ = 0.8 (as in [37]). We
use the same train and validation split as ECDDP (details
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Table 2. Monocular depth estimation results on DSEC [20]. Threshold accuracies (δ1, δ2 and δ3), absolute error (Abs.), root mean
squared error (RMS) and root mean squared logarithmic error (RMSlog) are used as evaluation metrics. Best results are highlighted in
bold, second best are underlined.

Method Backbone Pre-training δ1 ↑ δ2 ↑ δ3 ↑ Abs ↓ RMS ↓ RMSlog ↓
No pre-training Swin-T/7 - 0.838 0.960 0.990 2.90 4.55 0.18

ECDDP [68] Swin-T/7 E-TartanAir 0.880 0.975 0.994 2.47 4.03 0.15

↰

No other works present results on DSEC depth, as such we took the only other event SSL work compatible with our
codebase and fine-tuned it under the same settings.

SPICE (ours) Swin-T/7 TartanAir-V2 0.870 0.969 0.991 2.61 4.23 0.16

Table 3. Monocular depth estimation results on MVSEC [72]. Threshold accuracies (δ1, δ2 and δ3), absolute error (Abs.), root mean
squared error (RMS) and root mean squared logarithmic error (RMSlog) are used as evaluation metrics. Best results are highlighted in
bold, second best are underlined.

Method Backbone Pre-training δ1 ↑ δ2 ↑ δ3 ↑ Abs ↓ RMS ↓ RMSlog ↓
PCDepth [38] - EventScape 0.672 0.845 0.932 - 6.62 0.33

↰

Best performance in literature. PCDepth utilizes both events and RGB images as input.

No pre-training Swin-T/7 - 0.345 0.731 0.853 5.59 8.67 0.48

↰

Results for no pre-training reported by TESPEC.
No pre-training Swin-T/7 - 0.608 0.800 0.906 4.17 7.45 0.37

↰

Results using our codebase.

ECDP [67] ResNet50 N-ImageNet 0.611 0.797 0.901 4.06 7.20 0.38
ECDDP [68] ResNet50 E-TartanAir 0.612 0.809 0.915 3.89 6.81 0.36
ECDDP [68] Swin-T/7 E-TartanAir 0.618 0.806 0.912 3.86 6.87 0.36
ECDDP [68] Swin-T/7 E-TartanAir 0.637 0.825 0.922 3.81 7.05 0.35

↰

Results using our codebase.
TESPEC [47] Swin-T/7 1Mpx 0.634 0.830 0.926 3.69 6.65 0.34

SPICE (ours) Swin-T/7 TartanAir-V2 0.628 0.815 0.915 3.91 7.15 0.36

in Sec. B.2.3). To fit within the TMA framework, we use a
normalized default event voxel grid [73] with 15 temporal
bins.

Training is conducted for 150,000 steps using AdamW
with a weight decay of 1 × 10−4. The learning rate peaks
at 2× 10−4 after 1,500 warm-up steps and follows a cosine
annealing schedule thereafter.
Results. Tab. 4 and Fig. 10 show the quantitative and qual-
itative results respectively. Tab. 4 shows the results on the
test set using the DSEC optical flow benchmark [21], but
Fig. 10 shows samples from the validation set, since the test
ground truth is not publicly available. Qualitatively, little
difference is visible between the no pre-training setting and
the pretrained models, though ECDDP does seem to have a
slight edge.

4.5. Ablations
We ablate the main components of SPICE, reporting results
on DSEC semantic segmentation (IoU, mAcc) and DSEC
and MVSEC depth estimation (δ1, Abs). All results are

summarized in Tab. 5.
Pre-training epochs. Performance generally improves
with longer pre-training, up to 15 epochs. Beyond this
point, results on DSEC semantic segmentation and MVSEC
depth degrade, while DSEC depth continues to improve.
Prediction scheme. We compare the parallel prediction
scheme, where separate predictors independently handle
different timesteps, to a sequential variant that re-aggregates
each prediction as a new context for the next prediction
(sharing weights across timesteps). Sequential prediction
yields better depth estimation on DSEC only, while paral-
lel prediction performs better on semantic segmentation and
MVSEC depth.
Active patches. To mitigate event sparsity, the loss is com-
puted only on active patches (see Sec. 3.5). Instead, com-
puting the loss on all patches improves depth performance
but reduces semantic segmentation accuracy.
GW-InfoNCE. Replacing the Gaussian-weighted loss with
uniform weighting causes only minor performance changes,
suggesting a limited impact of the spatial weighting.
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Table 4. Optical flow estimation results on DSEC [20]. N-pixel errors (1PE, 2PE and 3PE), endpoint error (EPE) and angular error (AE)
are used as evaluation metrics. Best results are highlighted in bold, second best are underlined.

Method Backbone Pre-training 1PE ↓ 2PE ↓ 3PE ↓ EPE ↓ AE ↓
EDCPT - - 6.87 2.35 1.52 0.625 2.17

↰

Best performance in literature. EDCPT remains anonymous at the time of writing.

No pre-training Swin-T/7 - 12.75 4.86 2.80 0.802 2.81

ECDDP [68] ResNet50 E-TartanAir 9.01 3.29 1.98 0.701 2.61
ECDDP [68] Swin-T/7 E-TartanAir 8.89 3.20 1.96 0.697 2.58
ECDDP [68] Swin-T/7 E-TartanAir 12.27 4.60 2.71 0.795 2.80

↰

Since ECDDP does not release fine-tuning code, this is our reproduced result using our codebase.

SPICE (ours) Swin-T/7 TartanAir-V2 12.41 4.66 2.68 0.799 2.82

Group-normalized negatives. Omitting normalization
across negative groups in the loss leads to representation
collapse. Fine-tuning such a model performs worse than
training from scratch, so results are omitted.
Loss components. The loss consists of three groups of neg-
atives: temporal, spatial and batch. Removing the tempo-
ral negatives leads to no meaningful learning, with perfor-
mance close to or worse than a model without pre-training.
On the other hand, removing the batch negatives does not
have such detrimental effects. In fact, performance only
slightly decreases.

5. Discussion

Main Findings and Interpretations. The proposed SPICE
pre-training framework improves performance over the no
pre-training setting across all evaluated tasks: semantic seg-
mentation, depth estimation, and optical flow estimation.
The most competitive results are achieved in depth estima-
tion, while segmentation and flow still show room for im-
provement. This could be attributed to limitations in the
learned representations: both semantic structure and tem-
poral stability remain underdeveloped, as indicated by the
t-SNE analysis. For optical flow, the finetuning stage likely
also constrains performance. Although we adopted the pro-
cedure described by ECDDP, the absence of released code
led to a reproduced pipeline that does not match their re-
ported accuracy, suggesting that details of the original fine-
tuning setup play a significant role.

Furthermore, negative group normalization proved es-
sential for preventing feature collapse and maintaining rep-
resentational diversity. Restricting the loss to active patches
produced more semantically meaningful embeddings, im-
proving segmentation but slightly degrading depth. Since
this variant effectively sees fewer samples per epoch,
extending training to equalize the number of processed
patches may amplify its advantages. The effect of Gaus-
sian weighting remains inconclusive. Among prediction

strategies, the parallel formulation was favored as it encour-
ages reasoning over multiple temporal horizons, potentially
enriching semantics, whereas sequential propagation might
benefit temporally sensitive tasks such as flow, which re-
mains to be investigated.
Relation to Prior Work. TESPEC [47] and ECDDP have
shown that event-based pre-training outperforms both su-
pervised and self-supervised RGB-based pre-training. Our
results further confirm the superiority of event-specific SSL.

While most prior approaches adopt a masking-based
paradigm [32, 47, 68], SPICE demonstrates that future la-
tent prediction is a viable alternative. Masking provides a
strong but artificial reconstruction signal focused on seman-
tics. Predictive learning instead encourages understanding
of underlying spatiotemporal dynamics. Despite current
gaps in segmentation and flow accuracy, the competitive
depth results indicate that predictive objectives can capture
meaningful structure without explicit reconstruction.
Strengths and Insights. t-SNE analyses and targeted abla-
tions provide valuable insight into how different loss com-
ponents shape the embedding space. Temporal negatives are
crucial for preventing collapse and promoting useful fea-
tures, yet they also induce abrupt changes across timesteps,
highlighting the current tension between semantic richness
and temporal stability. Unlike standard contrastive ap-
proaches that rely heavily on large batch sizes, SPICE re-
mains robust even with fewer negatives, aided by negative
group normalization. Interestingly, the RGB-based DPC
baseline does not use such normalization, suggesting that
event-based contrastive learning is more sensitive to nega-
tive imbalance due to the sparse and asynchronous nature
of event data. This sensitivity may also be reinforced by the
shift from clip-level (in DPC) to dense prediction tasks (in
ours), where each local embedding is important. Overall,
this emphasizes that architectural and objective-level design
must be tailored to event statistics rather than transferred di-
rectly from frame-based methods.
Limitations and Future Work. The main limitation lies
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Table 5. Ablation study on SPICE. DSEC semantic segmentation is evaluated using mIoU and mAcc, while DSEC and MVSEC depth
estimation use δ1 and Abs. metrics. Bold entries denote the baseline for each ablation, and horizontal lines (midrules) separate different
ablation experiments. “E.” indicates the number of pre-training epochs. Red arrows (↓ or ↑, depending on whether higher or lower is better)
mark a performance decrease, and green arrows indicate an improvement. Percentual changes (in brackets) are computed relative to the no
pre-training baseline and the respective ablation baseline.

DSEC - Semantic DSEC - Depth MVSEC - Depth

mIoU ↑ mAcc ↑ δ1 ↑ Abs. ↓ δ1 ↑ Abs. ↓

More pre-training epochs 20 56.1 ↓ (10%) 63.3 ↓ (22.2%) 0.875 ↑ (17.3%) 2.547 ↓ (21.1%) 0.627 ↓ (5%) 3.916 ↑ (2.7%)
Selected model 15 56.5 64.3 0.870 2.611 0.628 3.909
Less pre-training epochs 10 56.2 ↓ (7.5%) 63.5 ↓ (17.8%) 0.866 ↓ (13.8%) 2.632 ↑ (6.9%) 0.630 ↑ (10%) 3.919 ↑ (3.8%)
Less pre-training epochs 6 55.8 ↓ (17.5%) 62.9 ↓ (31.1%) 0.866 ↓ (13.8%) 2.632 ↑ (6.9%) 0.624 ↓ (20.1%) 4.035 ↑ (47.7%)
Less pre-training epochs 4 55.7 ↓ (20%) 62.9 ↓ (31.1%) 0.864 ↓ (20.7%) 2.622 ↑ (3.6%) 0.625 ↓ (15%) 3.966 ↑ (21.6%)
Less pre-training epochs 2 53.9 ↓ (65%) 61.7 ↓ (57.8%) 0.855 ↓ (51.7%) 2.754 ↑ (47.2%) 0.617 ↓ (55%) 3.998 ↑ (33.7%)
Less pre-training epochs 1 53.5 ↓ (75%) 60.8 ↓ (77.8%) 0.847 ↓ (79.3%) 2.843 ↑ (76.6%) 0.617 ↓ (55%) 4.07 ↑ (61%)
No pre-training epochs 0 52.5 ↓ (100%) 59.8 ↓ (100%) 0.841 ↓ (100%) 2.914 ↑ (100%) 0.608 ↓ (100%) 4.173 ↑ (100%)

Parallel prediction 10 56.2 63.5 0.866 2.632 0.630 3.919
Sequential prediction 10 55.9 ↓ (8.1%) 63.6 ↑ (2.7%) 0.870 ↑ (16%) 2.568 ↓ (22.7%) 0.628 ↓ (9.1%) 3.942 ↑ (9.1%)

Complete loss 6 55.8 62.9 0.866 2.632 0.624 4.035
All patches 6 55.3 ↓ (15.2%) 62.5 ↓ (12.9%) 0.865 ↓ (4%) 2.623 ↓ (3.2%) 0.626 ↑ (12.6%) 3.908 ↓ (92%)
Uniform negatives 6 55.8 ↓ (0%) 63.6 ↑ (22.6%) 0.863 ↓ (12%) 2.666 ↑ (12.1%) 0.625 ↑ (6.3%) 3.859 ↓ (127.5%)

Not normalized negatives 6 - - - - - -

↰

This version collapsed and thus no results are reported.

All negatives 4 55.7 62.9 0.864 2.622 0.625 3.966
No temporal negatives 4 52.7 ↓ (93.7%) 60.3 ↓ (83.9%) 0.837 ↓ (117.4%) 2.928 ↑ (104.8%) 0.601 ↓ (141.2%) 4.251 ↑ (137.7%)
No batch negatives 4 55.2 ↓ (15.6%) 62.5 ↓ (12.9%) 0.861 ↓ (13.1%) 2.661 ↑ (13.4%) 0.622 ↓ (17.7%) 3.981 ↑ (7.2%)

Ablation E.

in the overall representation quality, which remains insuffi-
cient to reach state-of-the-art performance. Both semantic
richness and temporal stability, key ingredients for general,
transferable features, are not yet adequately captured. The
t-SNE analysis (see also the extended analysis in Sec. E)
shows that embeddings vary too abruptly over time and that
semantic clusters are not fully coherent. Another limitation
is the reliance on a single pre-training dataset (TartanAir-
V2). While large and diverse, it differs from the driving-
centric downstream datasets. Since the 1Mpx dataset, used
by TESPEC, better reflects the characteristics of these tasks,
pre-training on it may enhance transfer performance. An
open question is whether such pre-training retains robust-
ness on tasks from datasets unrelated to driving. Moreover,
the finetuning pipelines for semantic segmentation and opti-
cal flow rely on prior work, and are potentially not optimal
for our backbone. Developing dedicated, fully controlled
fine-tuning frameworks would provide more reliable evalu-
ations. This would also allow for experimentation with mul-
titask fine-tuning. Finally, the current ablation study should
be expanded to include optical flow to obtain a more com-
plete understanding of the effects of each component.

Future work should focus on refining the contrastive ob-
jective to better balance semantic discrimination and tem-
poral stability. Combining t-SNE-guided loss analysis with
controlled ablations could uncover mechanisms that foster

both. Overall, SPICE represents an initial step toward a new
branch of event-based pre-training centered on predictive
understanding rather than masking.

6. Conclusion
In this paper, we propose SPICE, a self-supervised latent
prediction framework for event-based representation learn-
ing. Our pre-training consistently improves downstream
performance over training from scratch, though there re-
mains clear room for improvement. Our experiments un-
derline the importance of event-specific design choices such
as negative group normalization and active-patch selection.
Our findings through t-SNE analyses highlight key direc-
tions for improving future latent prediction schemes, paving
the way toward more temporally stable and semantically
aware event representations.
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[5] Sami Barchid, José Mennesson, and Chaabane Djéraba. Ex-
ploring Joint Embedding Architectures and Data Augmenta-
tions for Self-Supervised Representation Learning in Event-
Based Vision. In 2023 IEEE/CVF Conference on Computer
Vision and Pattern Recognition Workshops (CVPRW), pages
3903–3912, Vancouver, BC, Canada, 2023. IEEE. 7. 1, 2

[6] Adrien Bardes, Jean Ponce, and Yann LeCun. VI-
CReg: Variance-Invariance-Covariance Regularization for
Self-Supervised Learning, 2022. 1233. 2

[7] Adrien Bardes, Quentin Garrido, Jean Ponce, Xinlei Chen,
Michael Rabbat, Yann LeCun, Mahmoud Assran, and Nico-
las Ballas. Revisiting Feature Prediction for Learning Visual
Representations from Video. 2024. 33. 2

[8] Jonathan Binas, Daniel Neil, Shih-Chii Liu, and Tobi Del-
bruck. DDD17: End-To-End DAVIS Driving Dataset, 2017.
arXiv:1711.01458 [cs]. 1, 3

[9] Mathilde Caron, Piotr Bojanowski, Armand Joulin, and
Matthijs Douze. Deep Clustering for Unsupervised Learn-
ing of Visual Features, 2019. 3349. 2

[10] Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé Jégou,
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SPICE: Self-supervised Predictive Coding of Events

Supplementary Material

Appendix A. Additional Experimental Results
For DSEC semantic segmentation, we provide class-wise
quantitative results in Tab. 6. Again, it shows ECDDP is
clearly ahead, though our method performs slightly better
in classifying poles and roads (IoU). Tab. 6 clarifies that
ECDDP’s overall superior results (see Tab. 1) are mainly the
product of its ability to better classify less prevalent classes,
such as fences, walls and people. Note that the values pre-
sented for ECDDP in the table are our own reproduced re-
sults, since the authors did not release their fine-tuning code
or checkpoints. Next, we also provide more qualitative re-
sults for all downstream tasks.

Table 6. Class-wise semantic segmentation results on DSEC
[20]. Intersection over union (IoU) and accuracy (Acc) are given
per class. Best results are highlighted in bold, second best are
underlined.
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background 93.2 94.8 93.8 96.4 97.8 97.0
building 74.1 79.9 77.3 88.8 91.9 90.9
fence 9.2 18.4 13.7 11.3 22.8 18.1
people 15.4 31.0 30.8 16.4 33.7 35.9
pole 31.3 33.3 33.9 39.9 43.7 43.3
road 92.9 93.5 93.9 96.5 96.3 97.0
sidewalk 63.0 68.6 68.6 81.3 87.2 85.4
vegetation 78.8 82.9 81.4 87.8 89.4 88.8
car 71.0 78.9 74.5 81.5 87.7 83.6
wall 10.4 23.4 10.2 14.1 33.5 14.3
traffic sign 38.2 45.0 43.6 43.9 53.2 52.9

Class

DSEC Semantic. Additional qualitative samples for se-
mantic segmentation on DSEC are shown in Fig. 11. Our
predictions improve considerably over the no pre-training
case, yet still smaller objects such as fences and people are
not detected (2nd and 3rd row) and predictions have jittery
boundaries (1st, 3rd and 4th row).
DSEC Depth. Additional qualitative samples for depth es-
timation on DSEC are shown in Fig. 12. Our pre-training
leads to sharper edges and less noisy predictions as com-
pared to the no pre-training setting, especially visible in the
4th row.
MVSEC Depth. Additional qualitative samples for depth
estimation on MVSEC are shown in Fig. 13. Our pre-
training leads to sharper edges (2nd, 3rd and 4th row), but
in general, predictions are quite coarse. Moreover, when

performing intermediate fine-tuning on DSEC before fine-
tuning on MVSEC we observe a significant performance
boost, resulting in δ1 = 0.650, δ2 = 0.837, δ3 = 0.929,
Abs = 3.69, RMS = 6.84, RMSlog = 0.34, which is state-
of-the-art performance across all metrics except for RMS.
DSEC Flow. Additional qualitative samples for optical flow
estimation on DSEC are shown in Fig. 14. Both ECDDP
and our pre-training show very little qualitative improve-
ment over the no pre-training setting. This calls for further
investigation of the representation quality to improve per-
formance on optical flow.

Appendix B. Methodological Details
B.1. Pre-training Setup
Tab. 7 summarizes the key hyperparameters of the pre-
training framework. The full pre-trained network contains
35.7M trainable parameters: 27.5M for the Swin-T/7 stu-
dent encoder, 1.1M for the feature pyramid network (FPN)
combining outputs from all Swin-T stages, 3.5M for the
ConvGRU aggregator, and 1.2M for each of the three pre-
dictor heads. The teacher encoder has the same number of
parameters as the student, but its weights are updated as an
exponential moving average (EMA) of the student’s param-
eters and are therefore not trainable.
Backbone and Feature Pyramid Network. The Swin-T/7
backbone follows the standard Swin Transformer architec-
ture [42]. An upsample FPN is applied on top of the four
Swin-T feature stages to align all feature maps to a com-
mon spatial resolution and channel dimension. A dedicated
branch processes each stage output: the first two are down-
sampled by factors of 4 and 2 (via average pooling), the
third is used directly with a 1×1 convolution, and the fourth
is upsampled by a factor of 2. All branches are projected to
the same channel width (8× the base embedding dimen-
sion) using 1 × 1 convolutions, and the resulting feature
maps are averaged to form a unified output. A learnable
weighting mechanism, initialized uniformly as [0.25, 0.25,
0.25, 0.25], allows the network to adaptively emphasize dif-
ferent Swin-T stages if beneficial. This weighting behavior
remains untested but represents an interesting direction for
future exploration.
Aggregation and Prediction Modules. The ConvGRU ag-
gregation module is adopted directly from DPC [25]. Each
predictor consists of two sequential 1×1 convolutional lay-
ers separated by a GELU activation. Both convolutions
preserve the feature dimensionality, operating on and out-
putting tensors with the same hidden size as the aggregator.
Training Data and Temporal Setup. Due to storage con-
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Figure 11. Additional qualitative semantic segmentation results on DSEC [20].
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Figure 12. Additional qualitative depth estimation results on DSEC [20].
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Figure 13. Additional qualitative depth estimation results on MVSEC [72].
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Figure 14. Additional qualitative optical flow estimation results on DSEC [20].
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straints, approximately 82% of the full TartanAir-V2 dataset
is used, corresponding to about 14.85 hours of event data
per training epoch. We aggregate 49ms of events per sam-
ple. This somewhat unusual window length results from
the framework’s millisecond-level indexing and the need for
half-bin overlapping voxel grids. With six bins and a target
of 50ms total duration, 49ms is the closest feasible choice,
corresponding to a half-bin temporal span of 7ms.

Table 7. Pre-training parameters. Overview of all relevant pre-
training parameters.

Parameter Value

Dataset TartanAir-V2
Batch size 64
Training steps 298,394
Optimizer AdamW
Peak learning rate 1× 10−4

Warmup steps 39,786
Scheduler Cosine annealing
Gradient clipping 1.0
Precision BF16-Mixed
Augmentations Tab. 8a

Representation
Our event voxel grid with
6 temporal bins

Loss GW-InfoNCE
Teacher EMA 0.998
Contrastive temperature 0.15
Single sample dimension 8× 6× 224× 224
Prediction scheme Parallel
Sequence length (voxels) 8
Prediction steps (voxels) 3
GPU 1× GTX5090
Training time 59.5h

B.2. Fine-tuning Details
B.2.1. Semantic Segmentation
We fine-tune our encoder on DSEC [20], which is a dataset
that consists of 65 driving sequences, of which 11 have se-
mantic maps available. Our fine-tuning codebase is taken
from ECDDP [68] and adapted with our event representa-
tion. Relevant hyperparameters are detailed in Tab. 9.
Data split. Tab. 10 lists the used train and validation split.
Model size. The pretrained Swin-T7 backbone has 27.5M
parameters. The attached heads, UperNet and FCNHead,
are taken from ECDDP and have 31.4M and 0.9M parame-
ters, respectively.

B.2.2. Depth Estimation
We fine-tune our encoder on DSEC [20] and MVSEC [72].
The former has 41 driving sequences with ground truth

(a) SPICE pre-training.

Augmentation Parameters Output size Probability

Random Resized Crop scale=[0.8, 1.0], ratio=[0.75, 1.33] 224×224 1.0
Random Horizontal Flip - - 0.5

(b) DSEC semantic segmentation.

Augmentation Parameters Output size Probability

Random Resized Crop scale=[0.8, 1.0], ratio=[0.75, 1.33] 480×640 1.0
Random Horizontal Flip - - 0.5

(c) DSEC depth estimation.

Augmentation Parameters Output size Probability

Random Resized Crop scale=[0.8, 1.0], ratio=[0.75, 1.33] 480×640 1.0
Random Horizontal Flip - - 0.5

(d) MVSEC depth estimation.

Augmentation Parameters Output size Probability

Random Resized Crop scale=[0.8, 1.0], ratio=[0.75, 1.33] 260×346 1.0
Random Horizontal Flip - - 0.5

(e) DSEC optical flow estimation.
Augmentation Parameters Output size Probability

Resize fx=[2−0.2,20.4], fy=[2−0.2,20.4] 480·fx×640·fy 0.8
Random Crop - 288×384 1.0
Random Horizontal Flip - - 0.5
Random Vertical Flip - - 0.1

Table 8. Augmentations. Overview of augmentations used during
pre-training and fine-tuning.

depth, while the latter has 5. Relevant hyperparameters are
detailed in Tab. 9.

Data split. Tabs. 11 and 12 list the train and validation
sequences used for DSEC and MVSEC, respectively.

Model size. For both datasets, the pretrained Swin-T7
backbone has 27.5M parameters and the attached depth de-
coder has 3.9M parameters.

B.2.3. Optical Flow Estimation

We fine-tune our encoder on DSEC [20], which has 18 driv-
ing sequences with ground truth optical flow. We follow
ECDDP [68] in using TMA [37] architectures for fine-
tuning. Since ECDDP did not release fine-tuning code for
optical flow, we implemented it ourselves based on the de-
tails in their supplementary material. Relevant hyperparam-
eters are detailed in Tab. 9.

Data split. Tab. 13 lists the used train and validation split,
which is the same one as TMA used.

Model size. The first two stages of the pretrained Swin-T/7
backbone have 1.2M parameters; as such, both the feature
encoder and context encoder have 1.2M parameters each.
The motion feature encoder has 0.8M parameters, the mo-
tion pattern aggregation module has 0.1M parameters and
the update network has 2.5M parameters. TMA [37] pro-
vides details on each of these modules.
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Table 9. Fine-tuning parameters. Overview of all relevant fine-tuning parameters for all downstream tasks.

Parameter DSEC Semantic DSEC Depth MVSEC Depth DSEC Flow

Batch size 8 16 8 6
Training steps 25,200 71,699 22,845 150,000
Optimizer AdamW AdamW AdamW AdamW
Peak learning rate 2.5× 10−5 1× 10−4 4× 10−5 2× 10−4

Min. learning rate 1× 10−6 1× 10−5 6× 10−5 1× 10−6

Warmup steps 5,040 2,868 7,615 1,500
Scheduler Cosine annealing Cosine annealing Cosine annealing Cosine annealing
Gradient clipping None None None 1.0
Precision FP16 FP32 FP32 FP32
Augmentations Tab. 8b Tab. 8c Tab. 8d Tab. 8e

Representation
Our event voxel grid
with 6 temporal bins

Our event voxel grid
with 6 temporal bins

Our event voxel grid
with 6 temporal bins

Default normalized event voxel
grid with 15 temporal bins

Loss
1× DiceLoss
+ 1× CrossEntropyLoss

1× ScaleInvariantLoss
+ 0.25× MultiScaleGradientLoss

1× ScaleInvariantLoss
+ 0.25× MultiScaleGradientLoss L1 SequenceLoss with γ = 0.8

Keep patch embed. weights True True True False

↰

When using the same input representation for pre-training and fine-tuning, the weights of the patch embedding layer of the Swin-T/7 can also be used.
Single sample dimension 6×480×640 6×480×640 6×260×346 15×288×384
GPU 1× A100 (MIG 20GB) 1× GTX5090 1× GTX5090 1× GTX5090
Training time 5.5h 3.0h 0.7h 11.3h

Table 10. Train and validation split for DSEC [20] Semantic.

Train Validation

zurich city 00 a zurich city 13 a

zurich city 01 a zurich city 14 c

zurich city 02 a zurich city 15 a

zurich city 04 a

zurich city 05 a

zurich city 06 a

zurich city 07 a

zurich city 08 a

Table 11. Train and validation split for DSEC [20] Depth.

Train Validation

interlaken 00 {e,d,f} interlaken 00 {c,g}
zurich city 00 {a,b,d,e,f} thun 00 a

zurich city 01 {b,c,d,e,f} zurich city 01 a

zurich city 02 {a,b,c,d,e} zurich city 04 a

zurich city 03 {a} zurich city 06 a

zurich city 04 {b,c,d,e,f} zurich city 09 a

zurich city 05 {a,b}
zurich city 07 {a}
zurich city 08 {a}
zurich city 09 {b,c,d,e}
zurich city 10 {a,b}
zurich city 11 {b,c}

B.3. Computational Resources
As shown in Tab. 7, we pretrain for 59.5 hours on a single
RTX5090. TESPEC reports training times of 45h, 120h,

Table 12. Train and validation split for MVSEC [72] Depth.

Train Validation

outdoor day2 outdoor day1

outdoor night1

outdoor night2

outdoor night3

Table 13. Train and validation split for DSEC [20] Flow.

Train Validation

thun 00 a zurich city 05 b

zurich city 01 a zurich city 06 a

zurich city 02 {a,c,d,e} zurich city 10 b

zurich city 03 a zurich city 11 c

zurich city 05 a

zurich city 07 a

zurich city 08 a

zurich city 09 a

zurich city 10 a

zurich city 11 {a,b}

and 135h for ECDP, ECDDP, and their own method, re-
spectively, using four RTX6000 GPUs. Considering that a
single RTX5090 and four RTX6000 offer comparable com-
putational performance, these training times show that our
method is rather efficient.
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Appendix C. Dataset Analysis
C.1. Dataset Statistics
To fully leverage the pre-trained model, we aim to keep
the input representation consistent between pre-training and
fine-tuning. Limiting shifts in the input distribution helps
the network concentrate on the target task rather than adapt-
ing to altered input statistics. We therefore analyzed each
dataset to obtain its event statistics and, based on the results
in Tab. 14, aligned the input representations using the aver-
age number of events per pixel per second. This yields accu-
mulation times of 60 ms for DSEC and 400 ms for MVSEC,
providing comparable event densities across datasets and
tasks.

Table 14. Dataset statistics. Overview of relevant statistics of the
used datasets.

Parameter TartanAir-V2 DSEC [20] MVSEC [72]

Sensor size 640×640 480×640 260×346
Number of sequences 500 65 5
Total events 1876G 51.1G 913M
Total duration in sec. 75893 3754 1829
Average events per sec. 24.718M 13.620M 0.500M
Median events per sec. 15.286M 11.271M 0.404M
Std. events per sec. 17.779M 5.618M 0.137M
Average events per pixel per sec 49.56 41.32 4.95
Average positive events ratio 0.515 0.534 0.391
Average negative events ratio 0.485 0.466 0.609

C.2. MVSEC Dataset Quality Discussion
The MVSEC dataset [72] has been instrumental in ad-
vancing event-based vision and remains a common choice
for depth estimation, especially for event-based SSL meth-
ods [47, 68]. However, several limitations now make it less
suitable as a benchmark compared to newer datasets such as
DSEC [20].

MVSEC provides only a few sequences (typically five
used for depth tasks) with limited variation in motion
and environment. DSEC, in contrast, offers 41 sequences
with ground truth and greater diversity. The event rate in
MVSEC is also low, over eight times fewer events per pixel
per second than DSEC. Moreover, MVSEC’s resolution is
relatively low, while DSEC offers higher-resolution record-
ings that can be downsampled if desired. Finally, MVSEC
exhibits an unbalanced polarity distribution (39.1% posi-
tive, 60.9% negative).

The quality of the MVSEC ground-truth depth also in-
troduces several challenges. First, events and depth maps
exhibit small but noticeable misalignments (Fig. 15a). Sec-
ond, some objects are incomplete or partially missing in
the depth annotations (Figs. 15b and 15c). Third, the depth
maps can be sparse or discontinuous, resulting in ambigu-
ous supervision signals (Figs. 15d and 15e). Finally, vari-
ous LiDAR artifacts remain embedded in the ground truth

(Figs. 15f to 15j).
Given these factors, we would recommend adopting

DSEC as the default benchmark for event-based depth es-
timation. Although originally designed for disparity esti-
mation, DSEC provides calibrated camera parameters that
allow direct conversion to depth. The conversion script used
in this work is available upon request.

Appendix D. Additional Discussion and Moti-
vations

D.1. Latent Space Prediction
Recent state-of-the-art methods for event-based SSL, such
as ECDDP [68] and TESPEC [47], rely on masking strate-
gies. ECDDP employs a student-teacher framework where
the student learns to reconstruct the masked representations
provided by the teacher, while TESPEC aims to reconstruct
missing regions in an intensity image derived from events.

Although these approaches are effective, our design de-
parts from this paradigm in favor of latent space prediction
without masking. Masking is primarily a spatial comple-
tion task, effective for reconstructing missing semantic con-
tent in static images, but it may not align naturally with the
structure of event data, and in a broader sense, the way hu-
mans learn from continuous sensory input. Events encode
fine-grained spatiotemporal dynamics rather than static se-
mantics, and we argue that predictive learning over time
better exploits this property. In our view, learning to predict
future representations from past observations encourages a
model to capture both spatial and temporal regularities.

We also choose to predict in the latent space rather
than the raw input space. Direct pixel-level prediction
would require the model to reconstruct all fine details of
the input signal, demanding complex generative model-
ing and emphasizing low-level reconstruction rather than
abstract understanding. Prior work in masked modeling,
such as PixMIM [41], shows that reconstruction targets
strongly bias the learned features (e.g., toward high- or
low-frequency content), underlining that pixel reconstruc-
tion can overemphasize details that are not necessarily the
most informative. Following the reasoning of CPC [48],
predicting latent features instead allows the model to focus
on information shared between past and future representa-
tions, maximizing mutual information between meaningful
abstractions rather than raw pixels. This encourages the net-
work to encode features that are predictive and invariant.

D.2. Temporal Prediction Range
As noted by the authors of CPC [48], next-step prediction
mainly exploits the local smoothness of a signal, leading
to representations that capture short-term continuity. When
the prediction horizon extends further into the future, the
mutual information between past and future decreases, forc-
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(a) Input Events (b) Ground Truth Depth

(a) Sequence outdoor day2, index 11573: Misaligned ground truth.

(a) Input Events (b) Ground Truth Depth

(b) Sequence outdoor day1, index 4516: Incomplete pole.

(a) Input Events (b) Ground Truth Depth

(c) Sequence outdoor day1, index 1536: Incomplete pole.

(a) Input Events (b) Ground Truth Depth

(d) Sequence outdoor day1, index 4976: Non dense pole.

(a) Input Events (b) Ground Truth Depth

(e) Sequence outdoor day1, index 1746: Non dense pole.

(a) Input Events (b) Ground Truth Depth

(f) Sequence outdoor day2, index 4693: Artifacts.

(a) Input Events (b) Ground Truth Depth

(g) Sequence outdoor day2, index 4553: Artifacts.

(a) Input Events (b) Ground Truth Depth

(h) Sequence outdoor night1, index 2623: Artifacts.

(a) Input Events (b) Ground Truth Depth

(i) Sequence outdoor day2, index 1183: Artifacts.

(a) Input Events (b) Ground Truth Depth

(j) Sequence outdoor night2, index 438: Artifacts.

Figure 15. Issues with ground truth depth in MVSEC [72]. Examples of misaligned ground truth (a), incomplete objects (b and c),
ambiguous regions (d and e) and artifacts (f to j).
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ing the model to rely on more global and persistent struc-
tures, such as objects and motion patterns. This motivates
our choice to predict multiple timesteps ahead. So far, we
have adopted a relatively modest prediction range (3 steps;
133ms), but extending it to much longer horizons (e.g., be-
yond 1000ms) presents an interesting direction for future
work.

D.3. Negative Group Normalization

We observed that normalizing the contribution of each neg-
ative group (temporal, spatial, and batch) is essential to pre-
vent representation collapse, whereas the RGB-based DPC
baseline did not require such normalization. We attribute
this sensitivity partly to the sparse and asynchronous nature
of event data, making patches less discriminative.

However, as mentioned, the difference may not solely
stem from the data modality. DPC primarily targets clip-
level representation learning for action recognition, where
the context embedding is used to predict a single label for an
entire sequence. In contrast, our framework supports dense
prediction tasks, such as segmentation, depth and optical
flow, where local patch embeddings carry more importance.
This difference in supervision granularity likely accentuates
the impact of negative imbalance.

To further investigate this phenomenon, a promising di-
rection would be to follow DPC [25] and perform a t-SNE
analysis of the global context embeddings across differ-
ent sequences (as shown in their supplementary Figure 6),
rather than at the patch level as done in our current analy-
sis. Such an experiment could help reveal whether normal-
ization primarily affects global contextual organization or
local embedding diversity.

Appendix E. Representation Space Analysis

t-SNE [61] has been a central diagnostic tool in this work,
offering intuition about the structure of the learned embed-
ding space. However, relying on a single nonlinear projec-
tion risks drawing conclusions that are specific to the visu-
alization method. We therefore provide additional analysis
along three complementary dimensions. First, we repro-
duce Fig. 3 using UMAP [45] to verify whether the same
collapse behaviour appears when group-normalized nega-
tives are removed, see Sec. E.1. Second, we assess the
representational capacity of the pretrained model by com-
paring its patch embeddings to those of a randomly initial-
ized network, using both t-SNE and UMAP, see Sec. E.2.
Third, to contextualize performance against the (prior) state
of the art, ECDDP, we compare embeddings at a backbone
stage rather than using the entire backbone with FPN, see
Sec. E.3. Each of these analyses is presented in its own
subsection. Before doing so, we describe the visualization
procedure used throughout.

Setup. To visualize the embedding structure of an event se-
quence, each event voxel grid is processed by the backbone
(or backbone with FPN, depending on the experiment) to
obtain patch-level feature vectors. All patches from the se-
quence are jointly projected into a two-dimensional space
using a nonlinear manifold embedding method (t-SNE or
UMAP) to ensure consistent relationships across time. Per
event voxel, each projected point is assigned a unique color,
which is overlaid with partial transparency on the corre-
sponding spatial patch in the event frame. Spatial regions
with similar colors therefore reflect neighborhoods in fea-
ture space, providing an interpretable view of the model’s
learned representation. Note that the colormap is relative to
each frame, and as such, the same color does not necessarily
carry the same meaning across frames.

E.1. Collapse analysis with UMAP
While developing SPICE, we initially saw that the fine-
tuning performance of pretrained models matched or under-
performed random initialization. This indicated collapse,
which also showed in the t-SNE [61] projection of patch
embeddings, as shown in Fig. 3. After normalizing nega-
tive groups, fine-tuning improved, confirming the collapse.
The remaining question was whether the apparent tempo-
ral invariance in Fig. 3a was genuine or (partially) a t-SNE
artifact. Repeating the analysis with UMAP [45] (Fig. 16)
yields the same static structure, showing that the embed-
dings were indeed nearly unchanged over time.

E.2. Learned Representation Space
To assess what the model actually learns during pre-
training, we compare the patch embeddings produced by
our pretrained SPICE model (Swin-T/7 with FPN, as in
Fig. 3) to those from a randomly initialized network. We
project embeddings from several event frames of the same
sequence using both t-SNE and UMAP. The resulting visu-
alizations (Fig. 17) reveal clear differences in structure and
temporal stability between the two models.

The randomly initialized model (Figs. 17a and 17c) pro-
duces embeddings that primarily reflect the presence or ab-
sence of events, but exhibit no coherent clustering; patches
from any given frame are scattered throughout the pro-
jection space. In contrast, the SPICE model (Figs. 17b
and 17d) yields more organized representations: embed-
dings are clustered more compactly, and different frames
occupy distinct regions of the space. Some emerging se-
mantic structure is visible, for example, sky patches tend
to map to similar areas, but the clustering remains coarse.
Moreover, the substantial variation in embeddings across
frames with similar or overlapping content indicates lim-
ited temporal consistency. In other words, the model distin-
guishes different scene elements but does not reliably map
the same element across frames to similar regions of the
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(a) All negatives treated equally. (b) Group normalized and Gaussian-weighted negatives.

Figure 16. UMAP [45] projection of patch embeddings for two different voxels and two loss configurations. This figure is exactly the
same as Fig. 3, but using UMAP projection instead of t-SNE [61] projection. The conclusion is the same: treating all negatives equally
(a) leads to representation collapse, while balancing the negatives per group and using a Gaussian mask (b) leads to more semantically
structured embeddings.

representation space. Combined with the coarse semantic
grouping observed, this suggests significant room for im-
proving the stability and granularity of the learned repre-
sentations.

E.3. Comparison against ECDDP
Because our pretrained backbones do not yet match state-
of-the-art downstream performance, it is instructive to com-
pare our learned representations to those of a now prior
state-of-the-art method, ECDDP. A direct comparison at
the backbone with FPN level is not possible: ECDDP’s
FPN introduces strong checkerboard artifacts due to a
ConvTranspose2d layer, which we avoided in our own
design. Instead, we extract embeddings from the third stage
of the Swin-T/7 backbone, whose spatial resolution matches
the FPN output without additional pooling or upsampling.
Fig. 18 and Fig. 19 show t-SNE and UMAP projections of
patch embeddings from Swin-T/7 stage-3 for a randomly
initialized model, for ECDDP, and for SPICE.

The randomly initialized backbone (Figs. 18a and 19a)
shows little meaningful structure: similarly to Fig. 17
embeddings react mainly to the presence or absence of
events and remain weakly organized, with only mild group-
ing by visual appearance in UMAP. ECDDP (Figs. 18b
and 19b) exhibits great improvements: clear semantic clus-
ters emerge, and these clusters remain stable across time,

e.g., floor, shelves, and ceiling consistently occupy simi-
lar regions across frames. SPICE (Figs. 18c and 19c) also
forms recognizable semantic groupings, but the cluster lo-
cations drift more across time, indicating weaker temporal
consistency compared to ECDDP.

Appendix F. Limitations and Future Work
The primary limitation remains the overall representation
quality, which lacks sufficient semantic structure and tem-
poral stability. This shortcoming underpins and motivates
all proposed future investigations. A further limitation con-
cerns benchmarking: most of our comparisons are made
against ECDDP [25], which was the state of the art at the
time of experimentation. However, more recent methods
such as TESPEC [47] have since become available. Their
code was released too late to include a full comparison, but
future work should incorporate such baselines for a more
complete evaluation.

F.1. Proposed Future Experiments
Based on our insights, several experimental directions could
further enhance SPICE and deepen understanding of its be-
havior:
• Contrastive temperature schedule. The current imple-

mentation uses a fixed temperature for the contrastive
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(a) Random initialization, t-SNE. (b) SPICE pretrained, t-SNE. (c) Random initialization, UMAP. (d) SPICE pretrained, UMAP.

Figure 17. t-SNE [61] and UMAP [45] projections of patch embeddings for a randomly initialized and a SPICE pretrained model.
Colors are matched between projected points and their corresponding patches in the event frame. The pretrained model exhibits more
compact and temporally varying embeddings.

loss. A dynamic schedule, starting with a higher value
and gradually decreasing it, could improve convergence
by initially allowing smoother distributions before sharp-
ening.

• Teacher momentum schedule. Similar to BYOL-style
frameworks, currently, the teacher momentum is con-
stant. A progressive schedule, beginning with lower mo-
mentum and increasing it as training stabilizes, may yield
more stable teacher representations.

• Loss parameter tuning. The contrastive loss includes
several tunable hyperparameters, such as the importance
of different types of negatives, Gaussian mask sigmas,
and the earlier-mentioned temperature. Systematic explo-
ration of these could uncover better trade-offs.

• Prediction setup. Future experiments should explore
alternative past–future voxel configurations (beyond the
current “5pred3”) and systematically compare parallel
versus sequential prediction. In addition, a curriculum
strategy, first predicting fewer future steps from more
past steps (e.g., “6pred2”), then progressively increasing
difficulty (“5pred3”, “4pred4”, etc.), could help stabilize
training and encourage stronger temporal reasoning.

• Recurrency setup. Currently, a ConvGRU is applied
only to the output of the FPN network. A different setup,
more similar to TESPEC, would be to apply a ConvGRU
on the output of every stage from the Swin-T backbone,
and discard the FPN network altogether.

• Augmentation strategy. DPC advocates frame-wise
augmentations to reduce the risk of the model exploit-
ing optical-flow shortcuts. Although our approach uses
sequence-wise augmentations and does not appear to im-
plicitly learn optical flow (as reflected by non-superior
flow performance), evaluating framewise augmentation
schemes remains a relevant direction to improve semantic
learning.

• Cluster-level objective. ECDDP exhibits temporally sta-
ble semantic clusters, likely aided by its cluster-based ob-
jective, also indicated by its ablations. Our current loss
operates solely at the patch level. Adding a comple-
mentary cluster-level objective could enhance semantic
grouping and promote more consistent long-range struc-
ture.
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(a) Random initialization. (b) ECDDP pretrained. (c) SPICE pretrained.

Figure 18. t-SNE [61] projection of Swin-T/7 stage-3 patch embeddings. Colors are matched between projected points and their
corresponding patches in the event frame. Both ECDDP and SPICE exhibit more coherent semantic structure than random initialization,
with ECDDP showing notably higher temporal consistency in cluster locations.
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(a) Random initialization. (b) ECDDP pretrained. (c) SPICE pretrained.

Figure 19. UMAP [45] projection of Swin-T/7 stage-3 patch embeddings. Colors are matched between projected points and their
corresponding patches in the event frame. Both ECDDP and SPICE exhibit more coherent semantic structure than random initialization,
with ECDDP showing notably higher temporal consistency in cluster locations.

11



F.2. Proposed Future Ablations
While this work already includes ablations on the main
components of SPICE, several additional studies could pro-
vide further insights and possibly improve performance:
• Event representation. Because of some defects, we

proposed to use a slightly different event representation.
Though initial experiments showed that our event repre-
sentation was superior, we have not done a direct one-to-
one comparison of the different representations under the
exact same settings. As such, we propose it as a future
ablation.

• Loss composition. The current loss includes only a con-
trastive alignment objective. An additional MSE term has
been implemented, weighted by a parameter α, to com-
bine the contrastive loss with an L2 alignment. Evaluating
this formulation could clarify whether mixing objectives
improves representation quality. Early exploratory tests
suggested that adding an L2 term did not help, so we did
not pursue it further, but given the many changes to the
model since then, revisiting this variant may be informa-
tive.

• Input normalization. The event representations are
presently used in raw form. Other works (e.g., TESPEC
[47]) report gains when normalizing input representa-
tions, suggesting this as a promising modification to test.

• Similarity metric. The loss currently employs a dot-
product similarity following DPC [25]. Replacing it with
cosine similarity could be explored; preliminary tests sug-
gested the dot product may perform better, but a full eval-
uation on the final model remains open.

• Batch size and negatives. Earlier ablations indicated that
batch negatives contribute positively but are not critical.
Systematically varying the batch size would clarify how
the number of negatives interacts with our normalized
version of the contrastive loss.
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