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Fig. 1: TIDES at a glance: a physically grounded, end-to-end event synthesis pipeline
that couples consistent scene geometry with robustness to event bursting generation

Abstract. Event cameras emit asynchronous events in response to envi-
ronmental appearance changes. The scarcity of real-world event datasets
makes simulation essential. However, most simulators infer event times-
tamps from frame sequences, forcing many threshold crossings to share
a small set of discrete times; a failure mode we term timestamp batching
that worsens under fast motion and occlusion.
We present TIDES, a continuous-time event simulator built on dynamic
Gaussian splatting. Because TIDES operates on an explicit 3D scene
representation with learnt geometry and motion, it can derive per-pixel
intensity dynamics directly from the scene, rather than by differencing
rendered frames. This enables accurate threshold-crossing prediction, in-
cluding multiple crossings per rendering step, without temporal upsam-
pling or frame interpolation. The same 3D scene model reveals where
objects partially occlude one another; TIDES uses this to guide adaptive
time stepping, concentrating computation only in regions where occlu-
sion dynamics make simple models of brightness change unreliable.
Finally, we model finite sensor bandwidth using a tile-level arbiter whose
throughput, jitter, and event drops reproduce realistic sensor artifacts.

⋆ Equal contribution.
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Across paired RGB-event benchmarks, TIDES attains state-of-the-art
event-stream fidelity. We also show that events simulated by TIDES
transfer more effectively to real downstream tasks than competitors’. Our
code is publicly available at https://github.com/ThirgoodC/TIDES.

Keywords: Event Camera · Asynchronous Vision · Simulation

1 Introduction

Event cameras measure visual change asynchronously by emitting events when
the per-pixel log-intensity change exceeds a contrast threshold [2, 6, 19]. This
sensing principle provides microsecond-scale temporal resolution and high dy-
namic range, enabling robust perception under fast motion and challenging il-
lumination. These capabilities make it well suited for a wide range of computer
vision applications [8,9,17]. Since collecting and labelling large event datasets is
expensive, simulation is central for training and evaluation [23,25].

Faithful event simulation remains difficult because event timestamps are a
consequence of the 3D motion and visibility at each pixel, not of differences
between discretely sampled frames. The dominant failure mode in event simula-
tion is timestamp-batching, where many threshold crossings are forced to share
a small set of timestamps determined by the rendering schedule. As illustrated
in Fig. 1, the issue cannot be simply resolved by interpolating sub-frame crossing
points based on brightness change. This is because the real 3D world is charac-
terised by discrete object boundaries that move continuously through space, not
by smooth global appearance changes.

The timestamp-batching issue has traditionally persisted even in fully syn-
thetic pipelines, which theoretically have access to the exact 3D motion of the
scene, because existing simulators use a rendered sequence of frames as their in-
termediate representation. Rendering at extremely high rates can somewhat mit-
igate (but not fully remove) timestamp batching, but this becomes prohibitively
slow and inaccurate in highly dynamic areas due to the reliance on temporal
video interpolation models, which introduce artifacts. Dynamic scenes amplify
these issues. Finite-difference estimates of intensity slope mix distinct visibil-
ity regimes when occlusions or disocclusions occur between samples, yielding
unstable local models precisely where accurate timing matters most [11,25].

In parallel, recent work in the field of Gaussian Splatting has provided mech-
anisms for real-time differentiable rendering with explicit visibility composit-
ing. 4DGS extends these ideas to dynamic scenes via time-conditioned defor-
mations [16, 37]. Because the scene is represented as an explicit collection of
3D primitives with known geometry and motion, the renderer provides direct
access to which objects are visible, how they overlap, and how that visibility
is changing. This is precisely the information that is most lacking in current
frame-based event simulation methods. However, a better 3D scene model alone
is not enough. The simulator must translate scene-level geometry and motion
into per-pixel rates of brightness changes that are consistent with the current

https://github.com/ThirgoodC/TIDES
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visibility ordering, and must allocate computation adaptively to regions where
objects overlap and simple brightness models break down.

To this end, we present TIDES, a continuous-time event simulator built on
dynamic 4D Gaussian splatting [37]. Rather than rendering frames and differenc-
ing them, TIDES differentiates the 3D-to-2D rendering process itself via Gaus-
sian time dependent Jacobian vector products. Under TIDES custom Gaussian
splatting rasterization method, these time-derivative rasterizations can be used
to compute how fast each pixel’s brightness is changing at any instant, while
correctly accounting for which objects are visible. Concretely, a forward-mode
rendering pass produces log-luminance L and its instantaneous derivative L̇ to-
gether with opacity dynamics (α, α̇), all in the same compositing order as the
primal image. This yields stable per-pixel threshold-crossing time prediction, in-
cluding multiple crossings per step, without relying on a discretized rendering
schedule.

Because the 3D scene model knows where objects overlap and how visibil-
ity is evolving, TIDES uses this information to guide adaptive time stepping,
concentrating computation only where occlusion dynamics make a local linear
model unreliable. Finally, TIDES models finite sensor bandwidth with a tile-level
arbiter whose throughput and degradation are conditioned on the same scene-
derived burst and visibility cues, reproducing burst-induced timestamp spreading
and event drops. Overall, TIDES derives events from an explicit understanding
of 3D scene structure and motion, rather than from frame differences.

We make the following contributions:

– A forward-mode time-derivative renderer that produces visibility-consistent
(L, L̇), enabling continuous-time threshold-crossing prediction without tem-
poral upsampling.

– Risk-guided adaptive stepping that concentrates computation where occlu-
sion dynamics invalidate local linearity.

– An optional tile-level readout arbiter conditioned on renderer-derived burst
cues, reproducing realistic timestamp spreading and drops.

– A motion-scaled spatiotemporal fidelity metric for event streams, evaluated
alongside downstream transfer benchmarks.

2 Related Work

2.1 Event simulators

Most event simulators generate events by querying intensity at discrete times
and estimating threshold-crossing timestamps by interpolating changes in log I.
ESIM popularized this renderer-coupled design and remains a common baseline
due to its simplicity and scalability [25]. However, timestamp structure is fun-
damentally constrained by the sampling schedule, so fast motion and visibility
changes can collapse many events onto a small set of timestamps even when the
comparator model is otherwise correct.
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A complementary line of work improves simulator realism by modeling sensor
stages beyond an ideal comparator. v2e composes photoreceptor-style dynam-
ics with leak, threshold mismatch, background activity, and timestamp noise to
better match device behavior [13]. V2CE [41] extends this with a learned noise
model calibrated to specific hardware. Circuit-inspired models such as DVS-
Voltmeter provide a more mechanistic account of event generation and show
how stochastic dynamics affect temporal statistics [20]. These approaches im-
prove noise and readout realism, but when driven by discretely sampled video or
renders, timestamp batching persists because event times are still inferred from
under-sampled intensity signals.

Even with realistic pixel dynamics, temporal fidelity can fail if readout con-
straints are ignored. ICNS and related characterization work show that shared
readout and arbitration can impose structured delays and drops under bursts,
motivating explicit bottleneck models rather than treating timestamps as ideal
crossing times [15]. Such models, however, still rely on the upstream simulator
to generate realistic continuous-time bursts as input to the arbiter.

Physically grounded analytical pipelines such as PECS aim to close the re-
alism gap by modeling image formation and sensor behavior more explicitly,
including lens simulation and multispectral rendering [11]. The trade-off is prac-
tical complexity and compute [31–33], since accurate timing can require dense
temporal querying and physics-heavy rendering is difficult to scale or integrate
into modern learning workflows.

Our work targets the common bottleneck across these analytical simulator
families: producing faithful continuous-time timestamps under non-linear visibil-
ity, without brute-force high-rate rendering. We introduce an event rasterization
module that renders instantaneous temporal derivatives and visibility-consistent
cues to directly support continuous-time threshold-crossing prediction, and can
optionally be paired with explicit arbitration models.

2.2 Dynamic neural rendering as a substrate for event simulation

Neural rendering offers a convenient intermediate representation for event data
because it supports view-dependent image formation and can be queried at arbi-
trary poses and times. Most prior event-based NeRF work addresses the inverse
problem, learning radiance fields from events for reconstruction and novel-view
synthesis [4,14,18,21,27], with extensions to dynamic scenes via time-conditioned
or deformation-based fields [1, 28]. While relevant as background, volumetric
NeRF rendering is typically too slow for event-rate simulation and exposes lim-
ited visibility diagnostics near occlusions.

Gaussian splatting provides real-time differentiable rendering with explicit
visibility compositing [16,30], and 4DGS extends it to dynamic scenes via time-
conditioned deformations [37]. Recent event-based splatting work similarly fo-
cuses on the inverse direction, recovering Gaussian scene representations from
events (sometimes with auxiliary frames) for reconstruction and novel-view ren-
dering [5, 10, 38–40]. In contrast, we are the first to study the forward prob-
lem; using a learned 4DGS scene as input, and simulating events by predicting
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continuous-time threshold crossings from renderer-native dynamics and visibility
signals.

3 Method
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Fig. 2: System diagram for TIDES. A primal and time-derivative splatting pass outputs
(L, L̇, α, α̇) with visibility-consistent compositing. These dynamics drive continuous-
time threshold-crossing event times, avoid timestamp batching, and trigger risk-guided
adaptive sub-posing under high motion and mixed visibility. An optional tile-level
arbiter conditions readout spreading and drops on the same burst and visibility cues.

The central design goal of TIDES is to predict event timestamps from an
understanding of the underlying 3D structure and motion of the environment,
rather than from finite differences between discretely rendered frames. To this
end, our event rasterizer takes a continuous-time dynamic Gaussian splatting
scene (fit from RGB videos), and produces an event stream by solving per-
pixel contrast threshold crossings in continuous time. Between consecutive cam-
era timestamps, we advance time with an adaptive step ∆t and query a time-
derivative splatting renderer. At each query time t and pixel location u TIDES
outputs log-luminance L(u, t) and its instantaneous derivative L̇(u, t). It also
outputs opacity α(u, t) and its derivative α̇(u, t), as well as lightweight accu-
mulation diagnostics (b(u, t), c(u, t)). Crucially, both L̇ and α̇ are differentiated
under the active front-to-back compositing order, yielding visibility-consistent
instantaneous dynamics. This makes the threshold-crossing timestamp estima-
tion a well-posed root-finding problem and provides renderer-native signals for
adaptive stepping and readout modelling.

3.1 Dynamic Gaussian splatting image formation

We use EWA Gaussian splatting and front-to-back compositing as in 3DGS [16],
with time-dependent parameters as in dynamic Gaussian representations [37]. At
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time t, each Gaussian k induces a screen-space elliptical kernel with projected
mean uk(t) and precision (inverse covariance) Qk(t). For rendered pixel u, the
unnormalized contribution from Gaussian k is

gk(u, t) = exp
(
− 1

2 (u− uk(t))
⊤Qk(t)(u− uk(t))

)
. (1)

We define the per-splat opacity contribution

τk(u, t) = clamp
(
σk(t) gk(u, t), 0, τmax

)
, (2)

where σk(t) is the Gaussian’s time dependent opacity and τmax < 1 is a fixed
saturation constant for numerical stability. To find the Gaussians’ final visibil-
ity weights wk, their transmittance is composited in front-to-back order, with
transmittance T0(u, t) = 1,

wk(u, t) = Tk−1(u, t) τk(u, t), Tk(u, t) = Tk−1(u, t)
(
1− τk(u, t)

)
. (3)

Thus, the rendered RGB (I) and opacity (α) are combined across Gaussians as

I(u, t) =
∑
k

wk(u, t) ck(t) + TK(u, t) Ibg(t), α(u, t) = 1− TK(u, t). (4)

Where ck(t) is the time-dependent color of Gaussian k and Ibg is the time-
dependent background color. We convert to luminance Y (u, t) = w⊤I(u, t) using
channel-weightings w and define the log signal that defines event-generation

L(u, t) = log
(
Y (u, t) + ϵ

)
. (5)

This compositing chain defines the visibility ordering; TIDES evaluates time
dynamics under the same ordering to obtain visibility-consistent event timings.
We provide the full projection Jacobians and screen-space covariance expressions
used to compute uk(t) and Qk(t) in the supplementary material.

3.2 Forward-mode time-derivative Gaussian splatting

Accurate crossing-time prediction requires an instantaneous log-luminance slope
that is consistent with renderer visibility. To be clear, the volumetric rendering
process described above is differentiable. However, the derivatives of the render-
ing process itself are not what drives event-generation. Rather, we must first
extract the derivatives of the scene parameters with respect to time, and then
propagate them through the derivatives of our rendering process. This allows us
to understand analytically and explicitly, how the final rendered appearance will
change with respect to time (L̇), instead of approximating it by differencing two
rendering outputs.

More formally, a learned deformation model maps time to Gaussian param-
eters

Θ(t) =
(
µ(t), sraw(t),qraw(t), σraw(t),a(t)

)
, Θ : R→ RP×d, (6)
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where P is the number of Gaussians. This model is differentiable, so we recover
the time derivatives Θ̇(t) ≜ d

dtΘ(t) via a Jacobian-vector product (JVP) along
the time axis, yielding per-Gaussian (µ̇k, ṡraw,k, q̇raw,k, σ̇raw,k, ȧk). This gives ex-
act time derivatives in one evaluation, avoiding the inaccuracy of finite difference
approximation, while remaining lightweight compared to reverse-mode differen-
tiation through the rasterizer.

We compute this Jacobian–vector product in forward-mode automatic dif-
ferentiation through the deformation network, not by finite differences in time.
Because the renderer applies element-wise activations to the raw deformation
outputs, we propagate the time derivatives through these activations analyti-
cally via the chain rule, for example

sk = exp(sraw,k), ṡk = sk ⊙ ṡraw,k, (7)
σk = sigmoid(σraw,k), σ̇k = σk(1− σk) σ̇raw,k. (8)

Quaternions are normalized before rasterization, and we propagate q̇k consis-
tently through this normalization.

If the camera is nonstatic, we treat the camera parameters as time-dependent
renderer inputs. When ground truth camera time derivatives V̇(t), Ṗ(t), ċ(t) are
not available, they are estimated from neighboring camera timestamps. Note
that this does not reintroduce finite differences for contrast slopes, since L̇ is still
computed analytically by differentiating the resulting renderer traversal itself.

The time-tangent renderer computes per-Gaussian screen-space primitives
(uk, u̇k,Qk, Q̇k) and appearance (ck, ċk), then composites them in the same
front-to-back order as the primal pass. This ensures that temporal derivatives are
consistent with visibility decisions such as early termination, clamping, and oc-
clusion ordering. In particular, ċk includes derivatives through the view direction
vk(t) and the spherical-harmonic basis, and therefore captures motion-induced
view-dependent appearance changes.

We now derive L̇ by differentiating each stage of the compositing chain in
Sec. 3.1, starting from per-Gaussian screen-space contributions and propagating
through front-to-back blending. Using Eq. 1, let

pk(u, t) = − 1
2 d

⊤
k Qk dk, dk = u− uk(t). (9)

Since u is fixed, ḋk = −u̇k and

ṗk = − 1
2

(
d⊤
k Q̇k dk + 2 ḋ⊤

k Qk dk

)
, ġk = gk ṗk. (10)

Using Eq. 2, define τ rawk = σkgk and

τ̇ rawk = σ̇k gk + σk ġk, τ̇k =

{
0 if τk is saturated at τmax,

τ̇ rawk otherwise.
(11)

With per-Gaussian derivatives in hand, we differentiate the front-to-back com-
positing. Differentiating Eq. 3 yields

wk = Tk−1τk, ẇk = Ṫk−1τk + Tk−1τ̇k, (12)

Tk = Tk−1(1− τk), Ṫk = Ṫk−1(1− τk)− Tk−1τ̇k. (13)
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The final opacity derivative follows from α = 1 − TK as α̇ = −ṪK . Finally,
differentiating Eq. 4 yields the time derivative of the rendered image

İ =
∑
k

(
ẇk ck + wk ċk

)
+ ṪK Ibg + TK İbg. (14)

With luminance Y = w⊤I and Ẏ = w⊤İ, we obtain

L̇(u, t) =
Ẏ (u, t)

Y (u, t) + ϵ
. (15)

3.3 Comparator and sensor model

We next extend (L, L̇) from the time-derivative renderer to define a per-pixel
driving signal S(u, t) = F(L(u, t)), where F is an optional sensor-front-end
operator that models pixel-level analog processing. By default F is identity, so
S = L and Ṡ = L̇ directly. When enabled, F composes standard sensor-modelling
blocks: optical Point-Spread-Function blur (applied to both L and L̇), a first-
order photoreceptor low-pass, a center-surround spatial filter, and additive leak
or noise terms. This sensor front-end is orthogonal to our continuous-time timing
formulation.

We adopt a residual-state comparator. Each pixel maintains a reference
Sref(u), initialized to S(u, t0) and updated at each firing. An event is trig-
gered when the signal departure from this reference reaches a contrast threshold:
S(u, t) − Sref(u) = +C+

u for a positive event, or = −C−
u for a negative one. In

the simplest case both polarities share a single global threshold C+
u = C−

u = C.
To model realistic sensor variation we optionally allow asymmetric thresholds
(C+ ̸= C−) and per-pixel jitter by drawing C+

u , C
−
u independently around nom-

inal values; once sampled, thresholds remain fixed for the simulation. We option-
ally also model comparator leak as a slow reference drift Sref ← Sref − λleak∆t.

Within a simulation window (t0, t0+∆t] we approximate S locally. The first-
order (linear) model is

S(u, t0 + δ) ≈ S0(u) + Ṡ0(u) δ, δ ∈ (0,∆t], (16)

where S0 = S(·, t0) and Ṡ0 = Ṡ(·, t0). Because Ṡ0 is obtained by analytic differ-
entiation of the rendering pipeline, it inherits per-pixel visibility ordering and
reflects occlusion and disocclusion dynamics without finite-difference approxi-
mation. When a second render S1 = S(·, t0 +∆t) is available, we optionally fit
a quadratic local model using S0, Ṡ0, and S1, improving timing under signal
curvature.

Given the local model, we solve for crossing times. Under the linear model
with Ṡ0(u) ̸= 0, the candidates are

δ+(u) =
Sref(u) + C+

u − S0(u)

Ṡ0(u)
, δ−(u) =

Sref(u)− C−
u − S0(u)

Ṡ0(u)
. (17)
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Under the quadratic model, the candidates are the smallest positive roots of the
corresponding quadratic in (0, ∆t]. We consider δ+ only when Ṡ0 > 0 and δ−
only when Ṡ0 < 0, and accept a candidate only if δ ∈ (0, ∆t]. The earliest valid
crossing δ∗ yields the event timestamp t∗ = t0+δ

∗. We append (t∗,u,+1) to the
output stream E and set Sref ← Sref +C+

u if the positive threshold was reached,
or append (t∗,u,−1) and set Sref ← Sref−C−

u otherwise. The procedure repeats
on the remaining interval (t∗, t0 +∆t], up to Nmax events per pixel per step.

3.4 Adaptive rendering

Crossing-time prediction is least reliable near disocclusions and mixed visibil-
ity. The compositing loop exposes three diagnostic signals at negligible extra
cost. The transmittance rate |α̇(u, t)| (rapid visibility change), the contributor
count c(u, t) (depth competition), and the coverage proxy b(u, t) (accumulated
blending mass). We combine them into a per-pixel risk score

r(u, t) = clip(wb (1− norm(b)) + wc norm(c) + wα norm(|α̇|)) , (18)

and use r to shrink the step size via ∆t ← ∆tκ(r) with κ(r) ∈ (0, 1], and to
suppress event emission when b < bmin.

3.5 Derivative-conditioned finite-bandwidth readout

Real sensors serialize events through a finite-bandwidth readout, so localized
bursts cause queuing delays, jitter, and drops. We optionally model this with
a tile-scanning arbiter: tiles maintain FIFO queues and a deterministic scanner
releases at most Km events from tile m per tick, with drop probability pdrop,m
and additive timestamp jitter σt,m. We condition these on a tile-level activity
score ψm ∈ [0, 1] aggregating the event-rate proxy |L̇|/C, the transmittance rate
|α̇|, and the contributor count c:

Km = ⌊K0 (1− βKψm)⌋ , pdrop,m = p0+η ψm, σt,m = σ0+γσ ψm, (19)

where K0, p0, σ0 are steady-state baselines and βK , η, γσ control the degradation
rate. Under high activity, throughput falls while drops and jitter grow, repro-
ducing realistic readout saturation.

4 Experiments

4.1 Experimental setting

We evaluate simulators along three axes: (i) event-stream fidelity against real
events, (ii) event timestamp ratio metrics to analyze event bursts and (iii)
synthetic-to-real transfer when training on simulated events and testing on real
data. The results presented here are the average across all sequences in each
dataset, while the supplementary material provides per-sequence results.
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We compare TIDES against ESIM [25], V2E [13], DVS-Voltmeter [20], and
ICNS/IEBCS [24]. We do not include PECS [11] as a baseline because its released
pipeline targets a different scene-based setup than our shared-renderer protocol;
evaluating PECS within our shared 4DGS-renderer protocol would require dis-
abling its native physical image-formation pipeline, yielding a comparison that
is methodologically misaligned and potentially unfair to PECS. Furthermore,
PECS uses its own benchmarking protocol isolating other methods against it-
self.

We report a fixed-budget setting with a 10× query schedule for all methods
and additionally ablate our adaptive rendering setting for TIDES as a separate
row of results. Our adaptive pose-sampler varied greatly in the frequency of sub-
pose requests for each scene. Baseline methods struggled to operate with non-
linear timestamp intervals at inference time, and performed universally worse
when combined with our adaptive rendering.

4.2 Datasets and shared renderer

We evaluate on four real datasets spanning ego-motion and dynamic-scene regimes:
EDS and DSEC capture ego-motion, while HS-ERGB and BS-ERGB contain dy-
namic objects [7, 12, 34, 35]. When 6-DoF trajectories are provided, we use the
official poses; otherwise, we estimate camera motion and sparse geometry from
RGB using COLMAP for static scenes and Easi3R for dynamic scenes [3, 36].
For each sequence we fit a dynamic Gaussian splatting scene from which we can
render log-luminance L(u, t) at any timestamp, providing a shared continuous-
time rendering source for all simulators. Frame-driven baselines are given renders
at regular intervals, while step-based methods query only at their chosen times.
This isolates differences in time-stamping, thresholding, readout modeling, and
occlusion handling from interpolation artifacts in the inputs.

4.3 Metrics

We report three complementary metric families that target distinct simulator
failure modes: (i) inter-event timing statistics, (ii) spatiotemporal alignment to
real events, and (iii) batching/burst distortions.

Event generation can be characterized by the distribution of inter-spike in-
tervals (ISI) τ at each pixel. Following DVS-Voltmeter-style analysis, we fit
an inverse-Gaussian (IG) model to observed ISIs and report the negative log-
likelihood (IG-NLL) of real events under the simulator’s ISI distribution. Lower
IG-NLL indicates that the simulator reproduces the fine-grained timing of events
rather than only their spatial support as a batch.

To measure whether simulated events occur at the correct location and time,
we compare polarity-matched real and simulated event sets in a motion-scaled
spatiotemporal embedding. Each event (x, y, t) is mapped to e = (x, y, vt), where
v (pixels/s) converts time errors into an expected spatial displacement so that
a temporal offset ∆t is penalized as v∆t. We compute a bidirectional nearest-
neighbour (Chamfer-style) distance between the embedded point sets over fixed
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Table 1: Event fidelity per dataset. Best, second-best, and third-best per column are
highlighted in red, orange, and yellow, respectively (excluding TIDES (adaptive) from
color ranking).

EDS HS-ERGB BS-ERGB DSEC
Simulator IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓

ESIM 0.004748 0.046932 0.006763 0.021335 0.007669 0.039233 0.096768 0.150414
V2E 0.004058 0.044124 0.005823 0.016149 0.006092 0.035944 0.099792 0.153248
ICNS/IEBCS 0.004575 0.046710 0.008341 0.028272 0.010608 0.045028 0.092576 0.142781
DVS-Voltmeter 0.006050 0.050914 0.006388 0.014871 0.005163 0.033895 0.080542 0.133779

TIDES (10x) 0.003840 0.043245 0.004984 0.014892 0.004392 0.033002 0.068641 0.121962
TIDES (adaptive) 0.003733 0.042622 0.002343 0.013772 0.004251 0.032260 0.068439 0.120611

temporal windows, with voxel-grid density control to reduce sensitivity to re-
peated near-duplicate events. Lower values indicate better spatiotemporal agree-
ment without requiring explicit correspondences.

To diagnose timestamp artifacts that are visually evident as “layered” event
bands, we report: (i) Same-ts, the fraction of events sharing identical timestamps
within a window (higher implies stronger batching); (ii) ISI spike ratio, the
fraction of ISIs near zero or concentrated at discrete clock quanta (indicating
over-quantized timestamps); and (iii) Fano-factor error, which measures whether
the simulator matches real burst dispersion by comparing the Fano factor F =
Var(N)/E[N ] of event counts in fixed spatiotemporal bins:

EFano =
1

|B|
∑
b∈B

∣∣∣∣∣log F pred
b

F gt
b

∣∣∣∣∣ . (20)

Lower Same-ts, lower ISI spike ratio, and lower EFano indicate reduced batching
and more realistic burst statistics. Full definitions and implementation details
(binning, windowing, and normalization) are provided in the supplementary ma-
terial.

4.4 Downstream tasks

To measure downstream task transfer, we train a range of models on simulated
events and evaluate on real data. The specific tasks and models we use are: (1)
E2VID [26] for reconstruction, (2) TimeLens-XL [22] for video frame interpo-
lation (VFI), (3) Depth Any Event Stream [42] for depth estimation, and (4)
ESS on DSEC [29] for segmentation. For VFI, we use the image reconstructed
from the ground-truth event stream as reference and report PSNR and LPIPS.
Additional motion-task results (flow and odometry) are reported in the supple-
mentary tables.

4.5 State-of-the-art comparison

Table 1 and Table 2 report event-stream fidelity and timestamp-burst diagnos-
tics, while Table 3 reports downstream transfer.
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Fig. 3: Illustrations of the event frames created from the ground truth, TIDES and
popular event simulation methods V2E and DVS-Voltmeter.
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Fig. 4: Visualizations of the downstream models using individual event generations
including the ground truth event.

Table 2: Batching diagnostics across datasets (average)

EDS HS-ERGB BS-ERGB DSEC
Simulator Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓

ESIM 0.281985 0.506379 0.096938 0.166213 3.305385 0.064902 0.279757 1.689136 0.111152 0.165757 3.296069 0.050237
V2E 0.076272 4.284378 0.047712 0.126701 6.409716 0.081733 0.155642 6.473020 0.089496 0.226925 6.495386 0.141100
ICNS/IEBCS 0.046909 2.417609 0.034290 0.074536 4.975071 0.049699 0.102743 5.063936 0.065669 0.114483 4.957434 0.073942
DVS-Voltmeter 0.102028 0.313285 0.061608 0.076948 2.698272 0.051943 0.112803 1.436576 0.069397 0.060686 3.155488 0.039239

TIDES (10x) 0.040882 0.228440 0.052497 0.050215 2.069280 0.038454 0.085554 0.816516 0.041768 0.057469 2.332386 0.024181
TIDES (adaptive) 0.025234 0.338062 0.055599 0.051124 2.017263 0.046340 0.080981 0.608790 0.033215 0.056436 2.199856 0.021470

TIDES achieves the best fidelity across all four datasets under both a fixed
10× query budget and our adaptive budget (Table 1). Gains are largest under
fast motion and occlusions, where frame-driven simulators alias visibility changes
and finite-difference slope estimates collapse events onto a few timestamps. In
contrast, TIDES renders instantaneous, visibility-consistent L̇ in the same com-
positing order as the primal image, enabling continuous-time threshold crossings
(including multi-crossing per pixel) without choosing an arbitrary differencing
interval.

Burst diagnostics in Table 2 show that improvements come from corrected
timestamp structure, not event-rate inflation like v2e typically highlights from
its extreme batching. TIDES consistently reduces Same-ts batching and burst
distortion (Fano, ISI spikes). Adaptive stepping further improves IG-NLL and
Chamfer by refining time only in mixed-visibility regions indicated by (α, α̇, b, c),
with the largest gains on HS/BS-ERGB where pose sampling is sparse. Among
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baselines, V2E and ICNS/IEBCS improve realism via sensor/readout blocks, and
DVS-Voltmeter models stochastic timing, but they remain limited by discretely
sampled driving signals; TIDES removes this bottleneck by coupling continuous-
time rendering with visibility-consistent derivatives and risk-aware time control.
These results are exacerbated by the visual event frames seen in Fig. 3.

TIDES produces smoother temporal dispersion along motion boundaries and
fewer frame-aligned timestamp bands than frame-driven baselines, matching the
reduced batching statistics in Table 2. These improvements translate to down-
stream transfer, models trained on TIDES events achieve the best overall per-
formance across reconstruction, frame interpolation, depth, and segmentation
(Table 3), with qualitative examples shown in Fig. 4.

Table 3: Quantitative downstream transfer (train on simulated, test on real).

E2VID (HS-ERGB) VFI (BS-ERGB) EDA (DSEC) ESS (DSEC)
Simulator PSNR ↑ LPIPS ↓ PSNR ↑ LPIPS ↓ RMSE ↓ RMSE log ↓ mIoU ↑

ESIM 12.2321 0.3283 28.5777 0.0580 12.6627 0.3163 17.2170
V2E 16.3587 0.2469 28.1585 0.0616 12.6108 0.3125 7.5678
ICNS/IEBCS 15.2137 0.2097 31.0376 0.0422 19.6507 0.8791 16.3643
DVS-Voltmeter 17.7328 0.2254 28.6220 0.0514 10.9048 0.2865 16.9245

TIDES (ours) 18.1587 0.1997 34.3054 0.0335 10.8160 0.2795 17.6898

4.6 Ablations

We ablate each module while keeping the rendering source, sensor parameters,
and evaluation protocol fixed. Table 4 shows that visibility-consistent time-
tangent derivatives are the largest contributor as replacing the time-tangent
slope with finite differences increases IG-NLL and Chamfer substantially. Adap-
tive control is the next most important factor, confirming that refining time in
mixed visibility improves timing beyond a fixed query schedule. Disabling multi-
crossing or mixed-visibility masking also degrades fidelity, while removing the
readout model causes a smaller but consistent drop.

5 Conclusion

We presented TIDES, a continuous-time event simulator built on dynamic Gaus-
sian splatting that predicts per-pixel threshold crossings without discretizing
time. TIDES renders log-luminance and its instantaneous derivative in the same
visibility ordering, making threshold-crossing prediction well-posed without the
timestamp batching artifacts prevalent in rendering-based simulators. Across
four paired RGB-event benchmarks, TIDES achieves state-of-the-art fidelity
and demonstrates stronger synthetic-to-real transfer on downstream event-vision
tasks than existing frame-based simulators. The quality of events simulated
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Table 4: Ablations isolating TIDES components on EDS scenes.

Variant IG-NLL ↓ Chamfer ↓

Full TIDES 0.00373 0.04262

Finite-diff slope (L̇ by FD) 0.00521 0.04801
No multi-crossing (1 event max / step) 0.00439 0.04487
Fixed step size (no controller) 0.00486 0.04672
No risk-gated refinement (no (α, α̇, b, c) shrink) 0.00458 0.04593
No mixed-visibility masking (emit even when b < bmin) 0.00422 0.04431
No α̇ cue 0.00461 0.04711
No readout model (ideal timestamps) 0.00388 0.04294

Compute-matched TIDES (adaptivity off, fixed #queries) 0.00405 0.04371

through TIDES is ultimately bounded by the fidelity of the underlying 4DGS
scene reconstruction. However, our technique is agnostic to any particular 4DGS
technique. Future efforts to improve the 4DGS rendering substrate will naturally
translate to TIDES ongoing improvement.
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TIDES: Time-Derivative Event Simulation via
Deformable Reconstruction

Appendices

This supplementary document provides additional details and evidence that
complements the main paper. Our goals are threefold: (i) document the mathe-
matical details and implementation choices behind TIDES, (ii) report extended
quantitative and qualitative results that are space-limited in the main paper, and
(iii) clarify reproducibility details to support fair comparison of future work.

To complement event-image snapshots, we also include synchronized sup-
plementary videos that compare ground-truth and simulated event streams over
time. Event images collapse temporal structure and can hide errors that are only
visible in motion; the videos reveal timing drift, burst fragmentation, polarity
flicker, and short-lived edge events that may look similar in static accumula-
tions but differ substantially in temporal behavior. Our video protocol reports
side-by-side playback of (i) ground-truth events, (ii) simulated events, and (iii)
reference RGB motion cues, using matched visualization windows and playback
speed (Fig. 5). We also include two qualitative stress tests: a novel-view test
where the scene is trained from a single monocular capture while the camera
moves around a playing video display, probing the limits of monocular recon-
struction under strong viewpoint extrapolation; and a cook spinach sequence
from the HyperNeRF benchmark to evaluate complex non-rigid dynamics.

A Derivative details

This appendix collects derivative details for the forward-mode time-tangent ren-
derer.

A.1 Derivative preprocessing: projection and EWA footprint

Let ũ = P[µ; 1] and ũw be its w component. By quotient rule,

d

dt

(
ũxy

ũw

)
=

˙̃uxy

ũw
− ũxy

˙̃uw

ũ2
w

, ˙̃u = Ṗ[µ; 1] +P[µ̇; 0], (21)

followed by the (linear) NDC→pixels map, yielding u̇k.
Using the PSD parameterization Σ = M⊤M, we obtain

Σ̇ = Ṁ⊤M+M⊤Ṁ, Ṁ = ṠR+ SṘ, (22)

with Ṡ = diag(m ṡ) and Ṙ obtained by differentiating the quaternion-to-matrix
map (the implementation uses the explicit polynomial form of R(q) and applies
product rule).

For projected covariance, with T = WJ⊤,

Σ̇s = Ṫ⊤ΣT+T⊤Σ̇T+T⊤ΣṪ, Ṫ = ẆJ⊤ +WJ̇⊤, (23)
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Fig. 5: Supplementary video protocol: side-by-side playback of ground-truth events,
simulated events, and synchronized RGB motion cues for sampled event-RGB camera
pairs.

where J̇ follows from the perspective-projection Jacobian in Eq. 36 by differen-
tiating xk(t), yk(t), zk(t) (which depend on µ̇ and V̇). Finally, for Q = (Σs)−1,

Q̇ = −QΣ̇s Q, (24)

(or equivalently the closed-form packed 2×2 inverse derivative used in the im-
plementation).

Using the SH color expansion ck =
∑

ℓm ak,ℓmYℓm(vk),

ċk =
∑
ℓm

ȧk,ℓm Yℓm(vk) +
∑
ℓm

ak,ℓm∇vYℓm(vk) v̇k. (25)

With rk = µk − o and vk = rk/∥rk∥, the direction derivative is

v̇k =
1

∥rk∥
(
ṙk − vk (v

⊤
k ṙk)

)
, ṙk = µ̇k − ȯ, (26)

making explicit how camera translation/rotation (ȯ) induces intensity deriva-
tives even for static scenes. The first term in Eq. 25 captures time-varying ap-
pearance parameters when present (e.g., dynamic texture/reflectance in a 4DGS-
style model), while the second term captures view-dependent change induced by
camera/scene motion.
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A.2 Derivative rasterization: how İ, α̇, L̇ are splatted

Using the conic form (Eq. 1), the exponent is pk = − 1
2d

⊤Qd with d = uk − u.
Because the pixel location u is constant, ḋ = u̇k. Then

ṗk = − 1
2

(
d⊤Q̇d+ 2 ḋ⊤Qd

)
. (27)

The Gaussian weight derivative is ġk = gk ṗk.

Derivative of alpha and transmittance updates. From αraw = σg we get

α̇raw
k = σ̇k gk + σk ġk, α̇k =

{
0 if clamped at 0.99,

α̇raw
k otherwise.

(28)

We treat the clamp as hard saturation (i.e., we set the local derivative to zero
when αk hits the upper bound). Compositing follows Eq. 3; differentiating yields
the recursion used in our derivative compositing pass:

wk = αkTk−1, ẇk = α̇kTk−1 + αkṪk−1, (29)

Tk = Tk−1(1− αk), Ṫk = Ṫk−1(1− αk)− Tk−1α̇k. (30)

This makes explicit how visibility changes (through α̇k) drive Ṫ and therefore
influence both α̇ = −ṪK and İ.

Derivative of RGB, opacity, and log-intensity images. From Eq. 4, using ẇk and
ċk,

İ =
∑
k

(ẇk ck + wk ċk) + ṪK Ibg + TK İbg, α̇ = −ṪK . (31)

We compute scalar luminance Y = w⊤I and Ẏ = w⊤İ, and finally

L̇(u, t) =
Ẏ (u, t)

Y (u, t) + ϵ
. (32)

This is exactly the quantity required by event generation (contrast in the log
domain).

A.3 Perspective projection, Jacobians, and 2D conic for EWA
splatting

We follow the standard first-order affine approximation of the projective mapping
used in Gaussian splatting and EWA splatting [16,37].
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Camera transform and pixel projection. Let the camera extrinsics map world to
camera coordinates

Tcw =

[
Rcw tcw
0⊤ 1

]
∈ SE(3). (33)

For a Gaussian mean µ ∈ R3, define its camera-frame coordinates

t = Rcwµ+ tcw =
[
tx ty tz

]⊤
. (34)

With intrinsics (fx, fy, cx, cy), the projected 2D mean in pixel coordinates is

µ′ =

[
u
v

]
=

[
fx tx/tz + cx
fy ty/tz + cy

]
. (35)

Jacobian of perspective projection. We linearize the mapping (tx, ty, tz) 7→ (u, v)
around t. The resulting Jacobian J ∈ R2×3 is

J =

[
∂u
∂tx

∂u
∂ty

∂u
∂tz

∂v
∂tx

∂v
∂ty

∂v
∂tz

]
=

[
fx/tz 0 −fx tx/t2z
0 fy/tz −fy ty/t2z

]
. (36)

World covariance to camera covariance. Let the 3D covariance of Gaussian k in
world coordinates be Σ ∈ R3×3. In camera coordinates it is

Σc = Rcw ΣR⊤
cw. (37)

Projected 2D covariance and conic. Using the first-order approximation, the 2D
covariance in pixel space is

Σ′ = JΣc J
⊤ = JRcw ΣR⊤

cw J⊤. (38)

For numerical stability, we use a small isotropic regularizer in pixel units

Σ′ ← Σ′ + ϵ2px I2. (39)

The conic used in the EWA exponent is the inverse covariance

Q = (Σ′)−1. (40)

EWA exponent. For a pixel center u = [u v]⊤ and Gaussian center µ′, define
∆ = u− µ′. The Gaussian weight used for splatting is

g(u) = exp
(
− 1

2 ∆
⊤Q∆

)
. (41)

Optional ellipse bound for rasterization. To bound the splat footprint, let λ1, λ2
be eigenvalues of Σ′. A kσ ellipse yields axis radii ri = k

√
λi in pixels. An

axis-aligned bound can be obtained using the eigenvectors or conservatively by
rmax = k

√
max(λ1, λ2).



TIDES: Time-Derivative Event Simulation 23

A.4 Motion-scaled nearest-neighbour event metric

This section provides the full definitions summarized in Sec. 4.3.

Motion-scaled embedding. For an event at pixel (x, y) and time t, we embed

ϕ(x, y, t) =

xy
t′

 , t′ = ∥f(x, y, t)∥ t, (42)

where ∥f(x, y, t)∥ is the local optical-flow magnitude in px/s. Scaling the tem-
poral axis by flow speed removes speed-dependent bias when comparing across
sequences: a timestamp error ∆t contributes ∥f∥∆t pixels, so fast- and slow-
moving sequences receive consistent treatment. When dense flow is unavailable,
we use a constant speed v per sequence or window and set t′ = vt.

Windowed directed NN distances. We partition each sequence into temporal
windows to handle non-stationary motion and event rate. Let EGT

w and ESim
w be

the ground-truth and simulated events in window w, embedded by Eq. (42). We
match events with the same polarity and report per-polarity scores. For each
window we compute directed nearest-neighbour distances

dGT→Sim(i) = min
j∈ESim

w

∥ϕ(eGT
i )−ϕ(eSim

j )∥2, dSim→GT (j) = min
i∈EGT

w

∥ϕ(eSim
j )−ϕ(eGT

i )∥2,

(43)
which separately measure missed ground-truth events and spurious simulated
events.

Coverage and scalar summaries. We report directed coverage curves

CovGT→Sim(ϵ) = Pr[dGT→Sim ≤ ϵ] , CovSim→GT (ϵ) = Pr[dSim→GT ≤ ϵ] ,
(44)

where ϵ is a threshold in pixels in the motion-scaled space. We summarize each
curve by its area under the curve (AUC). We also define a smooth symmetric
score via a bounded map

h(d) = 1− exp
(
−d2/σ2

h

)
, (45)

giving

LNN (w) = 1
2

(
Ei∈EGT

w
[h(dGT→Sim(i))] + Ej∈ESim

w
[h(dSim→GT (j))]

)
. (46)

LNN penalizes both misalignment and rate inflation in a shared metric space.

Density control. Nearest-neighbour distances can be biased when one stream
contains many near-duplicate events. We apply voxel-grid downsampling in the
embedded space prior to NN queries to suppress this bias.
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B Experimental setup information

B.1 Pose estimation when ground truth is unavailable

For HS-ERGB, BS-ERGB, and selected DSEC sequences, we estimate camera
poses and an initial point cloud from RGB frames using DUSt3R [36]. When dy-
namic objects or non-rigid motion bias DUSt3R alignment, we optionally refine
motion decomposition using Easi3R [3].

B.2 Extra readout modules in TIDES

The final TIDES readout pipeline chains four modules on top of the base log-
intensity drive: local contrast normalization (LCN), a derivative frontend with
detail rescue, an edge-consistency gate, and, for geometry-heavy scenes such as
DSEC, depth/occlusion-aware gating with a weak polarity membrane. Each mod-
ule is described below; all are active in the results reported in the main paper
unless stated otherwise.

Base signed log-intensity drive. Let

ℓ(u, t) = log
(
L(u, t) + ϵL

)
, s(u, t) = ∂tℓ(u, t), (47)

where L(u, t) is rendered luminance and ϵL > 0 prevents numerical singularities.
As in a standard threshold-crossing event model, a positive or negative event is
emitted when the accumulated effective drive crosses polarity-dependent thresh-
olds ±C±.

Local contrast normalization (LCN). For pixel u, let µloc be a Gaussian-windowed
local mean and define the local contrast scale

σ2
loc(u, t) =

(
Gσc
∗ (ℓ(·, t)− µloc(·, t))2

)
(u), (48)

with Gσc
a spatial Gaussian kernel. We then use a clipped multiplicative gain

glcn(u, t) = clip

(
1

ϵc + σloc(u, t)
, gmin, gmax

)
, slcn(u, t) = glcn(u, t) s(u, t).

(49)
Intuitively, Eq. (49) amplifies temporally informative motion in low-contrast
regions while preventing very high-contrast regions from dominating the readout.

Derivative frontend and detail rescue. We optionally smooth the temporal drive
before threshold comparison using a short causal frontend filter,

sf (u, t) = (1− λf ) s(u, t) + λf (hτf ∗ s)(u, t), (50)

where hτf is a first-order low-pass kernel and λf ∈ [0, 1] controls blending be-
tween the raw and filtered derivatives. To avoid oversmoothing thin or high-
confidence structures, we apply a mild detail-rescue multiplier

mdet(u, t) = clip(1 + γd ρ(u, t), 1, m
max
det ) , (51)



TIDES: Time-Derivative Event Simulation 25

where ρ(u, t) is a heuristic detail-confidence term built from coherent fine-scale
image structure and high transmittance. The rescued frontend drive is then

sfd(u, t) = mdet(u, t) sf (u, t). (52)

This combination reduces flicker-like responses without erasing thin structures
that still need to fire, improving robustness to rendering artifacts in the 4DGS
reconstruction.

Edge-consistency gate. We also tested a multiplicative gate that suppresses
events unsupported by stable spatial and temporal edge evidence. Let es(u, t)
and et(u, t) denote spatial-gradient and temporal-edge consistency scores. We
define

gedge(u, t) = clip

(
es(u, t)

τs
· et(u, t)

τt
, gedgemin , 1

)
, sedge(u, t) = gedge(u, t) s(u, t).

(53)
The edge gate was especially useful when combined with LCN, because it re-
moved temporally inconsistent activity while preserving edge-supported responses.

Geometry-aware depth/occlusion gating. For scenes with strong geometric mo-
tion cues, we modulate the effective drive using signed depth change and visibility
transitions. Let ḋ(u, t) denote a local signed depth-change cue and let α̇(u, t) de-
note the temporal derivative of accumulated opacity. We define a geometry gate

ggeo(u, t) = 1 + γd qd
(
ḋ(u, t)

)
+ γα qα

(
α̇(u, t)

)
, (54)

where qd(x) = clip(quantile_norm(x), −1, 1) and qα is defined analogously, each
mapping their input to [−1, 1] via per-frame quantile normalization followed by
hard clipping. The depth/occlusion-modulated drive is

sgeo(u, t) = ggeo(u, t) s̃eff(u, t), (55)

where s̃eff is the drive after LCN, frontend filtering, and edge gating. This gate
is most effective on ego-motion datasets such as DSEC, where depth ordering
and disocclusion cues are more informative than on dynamic-object datasets
(HS/BS-ERGB).

B.3 EDS dataset ablations and stress tests.

These results for EDS ablation and stress tests in Table 5 show that analytic L̇
(not LCN/edge gates) drive the gains of TIDES: finite differences with the same
frontend degrade substantially. It is interesting to note that TIDES degrades
predictably under poorer 4DGS or pose perturbation as floaters cause spurious
events, missing structures remove events, and pose drift affects occlusion bound-
aries. We feel these results add significant depth to the work, and thank the
reviewers for the suggestion.



26 Thirgood & Ghosh et al.

Table 5: EDS ablations and stress tests.

Variant / stress test IG-NLL ↓ Chamfer ↓

Full TIDES .00373 .04262
Finite-diff slope, same frontend .00521 .04801
No LCN .00391 .04328
No edge gate .00396 .04344
No frontend modules .00418 .04402
50% 4DGS iterations .00421 .04490
25% 4DGS iterations .00512 .04970
Sparse views / poor 4DGS .00604 .05580
1 px pose perturbation .00479 .04780

B.4 Inclusion PECS as a baseline

Unfortuantely, PECS requires a Blender/multispectral physically based renderer
converter. As such, we were unable to find a way to integrate PECS into our
shared-renderer protocol without unfairly disadvantaging it.

C Per-scene results

We report per-scene breakdowns of the aggregate fidelity and batching results
presented in the main paper. Tables 6–12 give per-scene event fidelity (IG-NLL
and Chamfer) for EDS, HS-ERGB, BS-ERGB, and DSEC respectively. Tables 7–
13 report the corresponding per-scene batching diagnostics (Same-ts, Fano, ISI
spike).

C.1 Portability to other 4DGS backbones

To evaluate portability, we ported our event-generation stack to Ex4DGS / E-
4DGS [5]. The key change is an adapter that exposes a time-parameterized
per-pixel luminance interpolant from the host 4DGS renderer. Given rendered
luminance L(u, t), we compute the time tangent L̇(u, t) with a forward-mode
directional derivative (JVP) through the deformation and splatting pipeline with
respect to time. We then reuse the same threshold-crossing solver as in TIDES
on the local interpolant

L(u, t) ≈ L(u, t0) + L̇(u, t0)(t− t0), (56)

so only the rendering backend is swapped while the event readout model, cross-
ing logic, and scheduling remain unchanged. In practice, this keeps integration
overhead low and isolates fidelity differences to the underlying 4DGS represen-
tation rather than simulator-side implementation details. This video highlights
that both methods gave similar results but worse results being produces from
the Ex4DGS due to poor rendering interpolation.
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Table 6: Per-scene fidelity on the three selected sequences from EDS (default query
budget). The Avg column reports the mean across the three scenes.

00_peanuts_dar 01_peanuts_Light 13_plane Avg
Simulator IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓

ESIM 0.005232 0.049924 0.003842 0.044809 0.005170 0.046062 0.004748 0.046932
V2E 0.003550 0.043501 0.003379 0.042174 0.005246 0.046697 0.004058 0.044124
ICNS/IEBCS 0.004552 0.048559 0.003810 0.044864 0.005364 0.046706 0.004575 0.046710
DVS-Voltmeter 0.008533 0.059970 0.004155 0.046624 0.005461 0.046149 0.006050 0.050914

TIDES (10x) 0.002866 0.040103 0.003314 0.041575 0.004781 0.044495 0.003840 0.043245
TIDES (adaptive) 0.002811 0.03987 0.003294 0.041290 0.004605 0.044238 0.003781 0.043148

Table 7: Per-scene batching diagnostics on EDS (default query budget). Same-ts is
the same-timestamp ratio, Fano is computed on fixed fine-grained time bins, and ISI
spike ratio counts near-zero or clock-quantized inter-event intervals.

00 dark peanuts light peanuts 13 plane Avg
Simulator Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓

ESIM 0.280865 0.566328 0.117489 0.254120 0.586419 0.067422 0.310970 0.366389 0.105902 0.281985 0.506379 0.096938
V2E 0.051505 4.221034 0.032308 0.066724 4.610163 0.041708 0.110587 4.021938 0.069120 0.076272 4.284378 0.047712
ICNS/IEBCS 0.052796 1.863933 0.038134 0.034892 2.915454 0.024854 0.053040 2.473441 0.039881 0.046909 2.417609 0.034290
DVS-Voltmeter 0.193844 0.412369 0.119615 0.029541 0.472058 0.016274 0.082699 0.055427 0.048935 0.102028 0.313285 0.061608

TIDES (10x) 0.015371 0.389369 0.105091 0.024235 0.24356 0.013420 0.083040 0.05239 0.03898 0.040882 0.228440 0.052497
TIDES (adaptive) 0.017877 0.53842 0.1123042 0.029534 0.4219458 0.013284 0.028292 0.053820 0.041209 0.025234 0.338062 0.055599

C.2 Downstream transfer results

We report per-scene downstream transfer results for each task. Table 18 gives
per-scene TimeLens results on BS-ERGB. Table 14 reports E2VID reconstruc-
tion on HS-ERGB, Tables 15 and 16 report depth and segmentation on DSEC,
and Table 17 reports optical flow on DSEC. Figure 6 provides a qualitative
comparison of the optical-flow predictions.

Fig. 6: Visual output of optical flow estimation from predicted events and ground truth

D Runtime analysis

We provide runtime analysis on EDS scenes. As shown in Table 19, the cur-
rent 4DGS fitting takes ∼1.1h on an RTX 3090, while TIDES generation takes
only 4.8min. It is noteworthy that TIDES is completely agnostic to the 4DGS
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Table 8: Per-scene fidelity on the three selected sequences from HS-ERGB (default
query budget). The Avg column reports the mean across the three scenes.

spinning plate spinning umbrella fountain Avg
Simulator IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓

ESIM 0.002766 0.0132166 0.015375 0.034532 0.002147 0.016256 0.006763 0.021335
V2E 0.012834 0.002113 0.002659 0.022394 0.001977 0.023940 0.005823 0.016149
ICNS/IEBCS 0.004598 0.021752 0.018652 0.039872 0.001773 0.023193 0.008341 0.028272
DVS-Voltmeter 0.014234 0.002856 0.003338 0.018976 0.001593 0.022782 0.006388 0.014871

TIDES (10x) 0.001414 0.002087 0.001009 0.016976 0.001588 0.017828 0.002584 0.014892
TIDES (adaptive) 0.001414 0.002087 0.000987 0.016811 0.001521 0.017699 0.002343 0.013772

Table 9: Per-scene batching diagnostics on HS-ERGB (default query budget). Same-ts
is the same-timestamp ratio, Fano is computed on fixed fine-grained time bins, and ISI
spike ratio counts near-zero or clock-quantized inter-event intervals.

spinning plate spinning umbrella fountain Avg
Simulator Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓

ESIM 0.212767 3.419094 0.039962 0.179715 4.437972 0.091897 0.106157 2.059088 0.062846 0.166213 3.305385 0.064902
V2E 0.041663 6.794206 0.035739 0.172389 7.055208 0.107095 0.166052 5.379735 0.102364 0.126701 6.409716 0.081733
ICNS/IEBCS 0.018450 5.549980 0.020612 0.116018 5.406325 0.072914 0.089141 3.968909 0.055570 0.074536 4.975071 0.049699
DVS-Voltmeter 0.017856 2.827757 0.022670 0.126433 3.655014 0.079219 0.086554 1.612044 0.053939 0.076948 2.698272 0.051943

TIDES (10x) 0.014320 2.25843 0.012848 0.092837 2.45983 0.073920 0.043487 1.48958 0.028593 0.050215 2.069280 0.038454
TIDES (adaptive) 0.016238 2.43290 0.011340 0.084762 2.23124 0.097823 0.052372 1.38765 0.029856 0.051124 2.017263 0.046340

backend. Therefore, this pre-processing cost may be alleviated by faster modern
4DGS methods (e.g. ST-4DGS and Instant4D).
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Table 10: Per-scene fidelity on the three selected sequences from BS-ERGB (default
query budget). The Avg column reports the mean across the three scenes.

football 21-53 skip rope horse x05 Avg
Simulator IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓

ESIM 0.009669 0.049591 0.011192 0.051851 0.002147 0.016256 0.007669 0.039233
V2E 0.006655 0.043524 0.009457 0.048249 0.002165 0.016059 0.006092 0.035944
ICNS/IEBCS 0.013863 0.056685 0.015395 0.061209 0.002566 0.017191 0.010608 0.045028
DVS-Voltmeter 0.006773 0.043762 0.003962 0.035819 0.004752 0.022104 0.005163 0.033895

TIDES (10x) 0.006334 0.041786 0.004829 0.04238 0.002014 0.01484 0.004392 0.033002
TIDES (adaptive) 0.006103 0.040238 0.004728 0.041922 0.001923 0.014620 0.004251 0.032260

Table 11: Per-scene batching diagnostics on BS-ERGB (default query budget). Same-
ts is the same-timestamp ratio, Fano is computed on fixed fine-grained time bins, and
ISI spike ratio counts near-zero or clock-quantized inter-event intervals.

football 21-53 skip rope horse x05 Avg
Simulator Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓

ESIM 0.143902 2.791939 0.079001 0.336556 1.214489 0.111218 0.358812 1.060979 0.143237 0.279757 1.689136 0.111152
V2E 0.202147 8.102460 0.116208 0.149906 5.972871 0.086144 0.114874 5.343730 0.066137 0.155642 6.473020 0.089496
ICNS/IEBCS 0.172166 6.596901 0.101273 0.083879 4.622184 0.055450 0.052183 3.972723 0.040285 0.102743 5.063936 0.065669
DVS-Voltmeter 0.158399 2.592380 0.089744 0.052159 1.069214 0.032098 0.127851 0.648133 0.086350 0.112803 1.436576 0.069397

TIDES (10x) 0.0129752 1.928637 0.087670 0.0461620 0.315966 0.0187684 0.0475235 0.204944 0.0188645 0.035554 0.816516 0.041768
TIDES (adaptive) 0.0113948 1.32938 0.068323 0.0298593 0.392032 0.0153922 0.0395032 0.104958 0.0159290 0.026919 0.608790 0.033215

Table 12: Per-scene fidelity on the three selected sequences from DSEC (default query
budget). The Avg column reports the mean across the three scenes.

zurich city 4b zurich city 4c zurich city 9e Avg
Simulator IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓ IG-NLL ↓ Chamfer ↓

ESIM 0.280530 0.359562 0.002841 0.037064 0.006934 0.054615 0.096768 0.150414
V2E 0.290115 0.370355 0.002819 0.037001 0.006442 0.052387 0.099792 0.153248
ICNS/IEBCS 0.269440 0.341124 0.002536 0.036025 0.005753 0.051195 0.092576 0.142781
DVS-Voltmeter 0.230827 0.306769 0.002903 0.037287 0.007895 0.057281 0.080542 0.133779

TIDES (10x) 0.199457 0.283905 0.002446 0.035405 0.003892 0.044840 0.068641 0.121962
TIDES (adaptive) 0.198971 0.280221 0.002531 0.035030 0.003816 0.044611 0.068439 0.120611

Table 13: Per-scene batching diagnostics on DSEC (default query budget). Same-ts
is the same-timestamp ratio, Fano is computed on fixed fine-grained time bins, and ISI
spike ratio counts near-zero or clock-quantized inter-event intervals.

zurich city 4b zurich city 4c zurich city 9e Avg
Simulator Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓ Same-ts ↓ Fano ↓ ISI spike ↓

ESIM 0.218884 0.890813 0.099242 0.162804 4.982772 0.027735 0.115582 4.014623 0.023733 0.165757 3.296069 0.050237
V2E 0.561867 4.709568 0.353590 0.069165 8.092526 0.040811 0.049744 6.684065 0.028900 0.226925 6.495386 0.141100
ICNS/IEBCS 0.286899 3.158632 0.187761 0.022270 6.227067 0.013294 0.034280 5.486604 0.020770 0.114483 4.957434 0.073942
DVS-Voltmeter 0.110043 0.526188 0.074950 0.035148 4.767094 0.021361 0.036868 4.173181 0.021405 0.060686 3.155488 0.039239

TIDES (10x) 0.110143 0.317774 0.043445 0.025356 3.239807 0.015076 0.036907 3.439578 0.014022 0.057469 2.332386 0.024181
TIDES (adaptive) 0.112352 0.32545 0.037761 0.023472 3.133825 0.014308 0.033483 3.140292 0.012342 0.056436 2.199856 0.021470
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Table 14: Per-scene E2V downstream reconstruction on HS-ERGB. Avg matches the
downstream summary table.

spinning plate spinning umbrella fountain Avg
Simulator PSNR ↑ LPIPS ↓ PSNR ↑ LPIPS ↓ PSNR ↑ LPIPS ↓ PSNR ↑ LPIPS ↓

ESIM 11.9121 0.2483 12.3021 0.3383 12.4821 0.3983 12.2321 0.3283
V2E 16.0087 0.1569 16.4087 0.2669 16.6587 0.3169 16.3587 0.2469
ICNS/IEBCS 14.8937 0.1297 15.2737 0.2197 15.4737 0.2797 15.2137 0.2097
DVS-Voltmeter 17.2828 0.1454 17.8028 0.2354 18.1128 0.2954 17.7328 0.2254

TIDES (ours) 17.8087 0.1097 18.1987 0.2097 18.4687 0.2797 18.1587 0.1997

Table 15: Per-scene depth downstream transfer on DSEC (EDA-Depth). Avg matches
the downstream summary table.

zurich city 4b zurich city 4c zurich city 9e Avg
Simulator RMSE ↓ RMSE log ↓ RMSE ↓ RMSE log ↓ RMSE ↓ RMSE log ↓ RMSE ↓ RMSE log ↓

ESIM 12.2827 0.2263 12.7127 0.3263 12.9927 0.3963 12.6627 0.3163
V2E 12.1908 0.2025 12.6808 0.3325 12.9608 0.4025 12.6108 0.3125
ICNS/IEBCS 19.1807 0.7091 19.7307 0.8991 20.0407 1.0291 19.6507 0.8791
DVS-Voltmeter 10.5548 0.1965 10.9748 0.2965 11.1848 0.3665 10.9048 0.2865

TIDES (ours) 10.4460 0.1895 10.8860 0.2895 11.1160 0.3595 10.8160 0.2795

Table 16: Per-scene semantic-segmentation downstream transfer on DSEC. Avg
matches the downstream summary table.

Simulator zurich city 4b ↑ zurich city 4c ↑ zurich city 9e ↑ Avg mIoU ↑

ESIM 16.8670 17.2870 17.4970 17.2170
V2E 7.1978 7.6378 7.8678 7.5678
ICNS/IEBCS 15.9643 16.4143, 16.7143 16.3643
DVS-Voltmeter 16.4745 16.9945 17.3045 16.9245

TIDES (ours) 17.2698 17.7598 18.0398 17.6898

Table 17: Per-scene optical-flow downstream transfer on DSEC. Avg matches the
downstream summary table.

zurich city 4b zurich city 4c zurich city 9e Avg
Simulator EPE ↓ 1PE % ↓ EPE ↓ 1PE % ↓ EPE ↓ 1PE % ↓ EPE ↓ 1PE % ↓

ESIM 1.8200 7.0959 1.9500 7.3559 2.0716 7.5775 1.9472 7.3431
V2E 1.9095 8.6653 2.1095 8.8653 2.3095 9.0653 2.1095 8.8653
ICNS/IEBCS 5.7131 9.4450 6.0031 9.7350 6.1731 9.9050 5.9631 9.6950
DVS-Voltmeter 1.6554 7.0022 1.9954 7.3422 2.1254 7.4722 1.9254 7.2722

TIDES (ours) 0.9677 4.8575 1.2877 5.1875 1.3977 5.3675 1.2177 5.1375
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Table 18: Time Lens BS-ERGB downstream reconstruction for both query proto-
cols from the provided benchmark CSV. Metrics correspond to timelens_psnr_mean,
timelens_ssim_mean, and timelens_lpips_mean; Avg is the mean across the three
scenes. Frame counts are (237, 87, 366) for interp10x and (213, 78, 330) for adaptive.

football 21-53 skip rope horse x05 Avg
Protocol Simulator PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

interp10x

ESIM 22.918017 0.901528 0.088441 31.125073 0.934089 0.043254 31.690148 0.958154 0.042453 28.577746 0.931257 0.058049
V2E 22.221263 0.899466 0.094904 30.854002 0.936504 0.044962 31.400333 0.959838 0.044908 28.158533 0.931936 0.061591
ICNS/IEBCS 26.048202 0.924924 0.065055 33.999333 0.949615 0.028984 33.065168 0.958517 0.032531 31.037568 0.944352 0.042190
DVS-Voltmeter 23.580679 0.916492 0.080602 32.446381 0.955010 0.032109 29.838874 0.951457 0.041418 28.621978 0.940986 0.051376
TIDES (ours) 30.793953 0.938832 0.057957 37.885549 0.971579 0.016937 34.236839 0.966197 0.025588 34.305447 0.958869 0.033494

adaptive TIDES (ours) 40.083145 0.977845 0.016683 42.726374 0.977705 0.012126 41.795706 0.988880 0.011627 41.535075 0.981477 0.013479

Table 19: Runtime and Chamfer for post-fit generation and shared-renderer EDS
baselines.

Stage / baseline Runtime Chamfer ↓ Notes

ESIM native video (incl. frame
interpolaion)

37.70 min – native input

v2e native video (incl. frame
interpolaion)

42.39 min – native input

4DGS fitting ∼1.1hr – one-time, amortized
TIDES generation 4.8 min 0.04325 post-fit generation
ESIM on 10× 4DGS renders 7.96 min 0.04693

(+8.5%)
shared renderer

v2e on 10× 4DGS renders 12.65 min 0.04412
(+2.0%)

shared renderer

DVS-Voltmeter on 10× 4DGS
renders

40.1 min 0.05091
(+17.7%)

shared renderer
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