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Figure 1. EvHuman predicts a set of global and local latent codes from an event stream to represent continuous-time human motions. The

latent codes are decoded by a neural human motion prior in a time-continuous MLP network that can be queried at any time resolution in

parallel efficiently. The human sequences on the rigth are decoded with a test event stream in MMHPSD [74].

Abstract

This paper addresses the challenges of estimating a
continuous-time human motion field from a stream of
events. Existing human motion estimation methods rely pre-
dominantly on frame-based approaches, which are prone to
aliasing and inaccuracies due to limited temporal resolu-
tion and motion blur. In this work, we predict a continuous-
time human motion field directly from events, by leveraging
a recurrent feed-forward neural network to predict human
motion in the latent space of possible human motions. Prior
state-of-the-art event-based methods rely on computation-
ally intensive optimization across a fixed number of poses
at high frame rates, which becomes prohibitively expen-
sive as we increase the temporal resolution. In comparison,
we present the first work that replaces traditional discrete-
time predictions with a continuous human motion field
represented as a time-implicit function, enabling parallel
pose queries at arbitrary temporal resolutions. Despite the
promises of event cameras, few benchmarks have tested the
limit of high speed human motion estimation. We intro-
duce Beam-splitter Event Agile Human Motion Dataset—a
hardware-synchronized high-speed human dataset to fill

Work completed while Ziyun Wang was at University of Pennsylvania.

this gap. On this new data, our method improves joint er-
rors by 23.8 % compared to previous event human meth-
ods, while reducing the computational time by 69%. More
details of the work can be found on the project page:
ziyunclaudewang.github.io/evhuman.html.

1. Introduction

Human Mesh Recovery (HMR) methods recover the full

3D mesh of a moving human from a video, which has

been a core research problem in computer vision. How-

ever, with highly dynamic human motions, performing such

tasks with traditional cameras is challenging because frame-

based cameras can only provide sampling of human mo-

tions at a limited frame rate. First, it is challenging to pre-

dict the correct motion when the subject is moving fast and

the time resolution of a video is low. Additionally, fast mo-

tions are often accompanied by motion blur that squashes

motion information over time, preventing the network from

obtaining the correct pose information.

To address these issues, researchers have begun explor-

ing event cameras as an alternative sensor modality [8, 66,

73–75]. Event cameras are known for their high temporal

resolution, high dynamic range, and low data throughput.

Due to their asynchronous design, there is no fixed global
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shutter time, which helps mitigate motion blur. Event data

captured with a static camera are inherently background

and aliasing free, providing a continuous motion signal

rather than discretized frames. Additionally, event cam-

eras can estimate the motion of 2D pixels more robustly

because only changes in the scene are recorded [16, 18, 63–

65, 71, 72]. These advantages make event cameras ideal

sensors for capturing high-speed human motion under vari-

ous lighting conditions. Despite the higher temporal resolu-

tion and better motion signals, existing approaches assume

that the predicted poses are represented as a sequence of

discrete poses, which is computationally expensive to opti-

mize and requires a fixed number of predicted poses known

a priori. For high-speed prediction, the optimization perfor-

mance can be up to 6750 times slower than real time [66].

Although learning-based methods are faster [8, 74], the in-

ference time scales linearly with the number of query poses,

and the pose error increases due to chaining short predic-

tions.

In this work, we introduce EvHuman, the first learning-

based human motion estimation approach that directly out-

puts a continuous-time motion field from events, enabling

the prediction of human pose at any arbitrary timestamp

within the event stream. Our approach significantly out-

performs the prior methods across a variety of HMR met-

rics while significantly reducing the computational time of

prediction sequences of human poses at high temporal res-

olutions.

Unlike existing methods that predict human poses frame-

by-frame, EvHuman learns latent codes of human motion,

which are then decoded with a human motion prior net-

work pretrained on a wide range of diverse human motions.

The decoder itself is a time-continuous function, predicting

both root and local poses for any specified query time. A

global motion predictor takes in the predicted poses, joint

positions, and velocities, and maps them to global veloc-

ities. Our training process incorporates traditional super-

vised losses and introduces a novel event-based contrast

maximization loss using vertex optical flow derived from

the predicted human meshes. During inference, unlike op-

timization methods like EventCap [66], EvHuman does not

need a fixed set of initial guessed poses. Instead, it encodes

an entire event stream once and can predict pose prediction

at any time resolution by evaluating at arbitrary timestamps.

We evaluated our method against state-of-the-art event

and image human methods on MMHPSD [74] and our

novel Beam-splitter Event Agile Human Motion Dataset
(BEAHM). BEAHM was collected with a custom-built

event/image beam splitter and multiple high frame-rate

cameras to capture high-speed human mesh labels. Precise

hardware synchronization aligns events and images tem-

porally for accurate benchmarking and ground-truth label-

ing. We make publicly available all raw events, images,

the beam splitter design, and data collection software. Our

main contributions are as follows.

• We introduce the first feed-forward event-based

continuous-time human motion field leveraging neural

human motion priors, advancing the state of the art

performance for event-based human mesh by 23.8 %

while reducing the computational time by 69 %.

• We design a novel event-based human mesh motion loss

that explicitly maximizes event contrast based on flows

rendered from our continuous-time human motion field.

• We collected a new high-resolution event-based human

pose dataset, Beam-splitter Event Agile Human Motion

Dataset, that provides ground truth meshes at 120 FPS.

2. Related Work
Event-based Human Pose Estimation 3D human pose es-

timation is grouped into two categories. The first category

estimates 3D skeletal joint positions [40, 42, 47, 48, 57, 59].

The second category, which is more related to our problem,

recovers a parametric 3D human mesh, such as the SMPL

model [35]. To recover SMPL parameters, methods employ

an optimization-based approach by fitting to the image evi-

dence [3, 6, 11], or learn from the data to directly regress

the pose and shape parameters [17, 23, 26, 28, 46, 58].

Our method is a regression approach. However, instead

of directly regressing the parameters, we predict a la-

tent representation [19] that is decoded to the SMPL pa-

rameters. Recovery of global human motion from a dy-

namic camera is more challenging and often requires addi-

tional sensors [20, 25, 60] or integration with SLAM tech-

niques [27, 34, 52, 61, 68]. In this study, we assume a static

camera setup; however, event-based approaches face diffi-

culties with static humans because no events are generated.

Event-based human pose estimation has advanced

through datasets like DHP19 [8], which support 2D joint

detection and triangulation. Recent developments include

TORE’s volume-based representation for joint lifting [4],

Scarpellini’s end-to-end single-camera framework [53], and

Chen’s point aggregation approach [9]. For 3D mesh recov-

ery, EventCap [66] optimizes human mesh through track-

ing joints through events, while EventHPE [74] learns 3D

human pose through poses and optical flow supervision.

A spiking-based extension is used to improve energy effi-

ciency for event-based HPE [75].

Unsupervised Event Optical Flow Estimation
Learning-based flow estimation from events has been exten-

sively studied in recent years [5, 16, 37, 44, 67, 69, 71, 72].

Contrast Maximization (CM) methods have demonstrated

competitive performance in optical flow estimation using

only event data [13, 18, 56, 67, 70]. Ye et al. [67] intro-

duced a pipeline for learning Egomotion, which is guided

by aligning adjacent event slices using predicted rigid flow.

Zhu et al. [72] introduced a novel timestamp-based motion
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loss to enhance the robustness of contrast calculations. Gal-

lego et al. [13, 14] introduced a comprehensive framework,

which extends the application of contrast maximization

to both flow and depth estimation. A key advantage of

the contrast maximization approach is that it requires only

event data as input, enabling fine motion supervision even

when ground truth is unavailable.

Learned Human Motion Priors Various techniques

have been proposed to provide priors for motion estima-

tion [7, 22, 29, 31, 32, 32, 33, 51]. Unlike physics-based

methods, these approaches learn probabilistic transitions

between states from motion capture data [39]. Motion vari-

ational auto-encoders can be trained to animate single char-

acters by sampling the distribution of possible motions [32].

HuMoR [50] learns a 3D human dynamical model based

on the conditional variational autoencoder, which describes

the transition probability between two consecutive human

states. He et al. [19] employ an implicit function to rep-

resent continuous human motion. PACE [27] extends this

method and shows superior performance in world-grounded

human motion estimation. Unlike NeMF-based optimiza-

tion, which fits to a fixed number of initialized poses, our

approach takes full advantage of the continuous poses in

training, by computing motion induced optical flow to self-

supervise event networks.

3. Preliminaries
Event Modeling and Representation. We denote the

brightness at spatial coordinate (x, y) at time t as I(x, y, t).
Each event is triggered if the logarithmic brightness

| log I(x, y, t) − log I(x, y, t − Δt)| > C, where C is a

contrast threshold and Δt is the time since the last event

at this pixel. Each event is a tuple of ei = (xi, yi, ti, pi),
where (xi, yi) is the event spatial coordinate, ti is the event

timestamp, and pi (polarity) is the sign of log I(xi, yi, ti)−
log I(xi, yi, ti − Δt). Given a stream of events E =
{ek}Nk=0, an event volume computes a tensor representation

of the events as

E(x, y, t) =
∑

i

pikb (x− xi) kb (y − yi) kb (t− ti) ,

where kb is a bilinear sampling kernel function. Follow-

ing [62, 71, 72], we discretize t into T bins and represent

the event volume as a tensor E ∈ R
H×W×T .

Representing 3D Humans. We adopt SMPL [36] to rep-

resent 3D humans, whose parameters include body pose

θ ∈ R
24×3, shape β ∈ R

10, and root translation τ ∈ R
3 in

the camera space. The parameters map to set of 3D vertices

M = S(θ, β, τ) ∈ R
V×3 with a differentiable SMPL layer.

The human motion is commonly treated as a discrete set of

prediction {Mt} at a fixed frame rate. In this study, we

leverage the high temporal resolution of events to recover a

continuous-time function M(t), as described in Sec. 4.1.

4. Method
Given a stream of events triggered by the human motion,

our goal is to recover the continuous 3D human motion of

this event duration. We follow previous event-based HMR

methods [66, 74] to focus on motion tracking, assuming the

shape parameter β and first poses θ0 are known or could be

initialized by RGB-based methods.

4.1. Human Motion Field

A human motion field represents a motion sequence as a

continuous function M : t → θt, which maps the continu-

ous temporal coordinates t to the human pose at t. Similar

to other neural fields [41, 45], M can be approximated by a

multilayer perceptron (MLP). Describing motion as a field

takes advantage of temporally dense event signals, allowing

us to recover smooth motions at a flexible sampling rate.

Given an event volume E, our method recovers a human

motion field as:

M(t) = F(E) = Fm(t;Fe(E)), (1)

where M(t) is composed of two functions Fe and Fm. Fe is

an event-based encoder that maps events E to a latent point

z, which resides in the latent space of a Variational Autoen-

coder (VAE) pre-trained on the AMASS [39] human motion

dataset. The motion decoder Fm, a fixed VAE decoder, re-

constructs the motion parameters θt from the input time t
and the latent representation z. Following NeMF [19], we

model human motion as a generative latent variable model:

θt = Fm(t; z), (2)

where z is a latent code. The decoder Fm can be trained

with only motion-captured human data. We freeze the pre-

trained decoder Fm from NeMF and focus on learning Fe,

which maps events into the learned latent space, which pro-

vides a prior for plausible human movements.

To predict a human motion from events, we infer z as

z = Fe(E). (3)

In NeMF, the latent code is decomposed into local codes

zl and global code zg to facilitate training. To ensure con-

sistency with the pre-trained decoder, we also predict zl and

zg . We describe the implementation of Fe in Sec. 4.2 next.

4.2. Event Human Motion Predictor

The Event Human Motion Predictor Fe predicts the latent

codes zl and zg from the input events E. We first encode

each event slice Et with a convolutional image encoder

ft = Encoder(Et). (4)
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Figure 2. Pipeline: EvHuman first aggregate features computed from event volumes with a recurrent network. We project the aggregated

terminal hidden state into a pair of latent codes, which are decoded with a pre-trained neural motion prior decoder to produce a continuous

function as a MLP network. Finally, we estimate the global translations from the joint velocities and rotations.

The features from different temporal slices are aggregated

with a GRU-based recurrent network [10]. The recurrent

network predicts a final feature hT , which is projected to zl
and zg with two MLPs.

ht = EncoderGRU(ht−1, ft) (5)

zg, zl = Head(hT ) (6)

An important difference between events and images is

that events do not exist for non-moving parts of the scene,

assuming constant lighting. Thus, it is crucial to consider

the temporal relationship among the stream of events, rather

than predicting the pose independently for each event frame

as in [8].

4.3. Global Motion Estimation

The recovered human motion field M(t) is inherently a

local representation, encoding body poses {θt}T1 but not

the root locations {τi}T1 in the world or camera coordinate.

Therefore, we follow NeMF and train a global motion pre-

dictor (GMP) to predict the root velocity from the predicted

body poses.

Specifically, at time t, we use the SMPL layer to obtain

the 3D joints J ∈ R23×3 from the prediction θt. In addi-

tion, we use neighboring times to compute the velocity J̇
and angular velocity θ̇. We then use an MLP network to

predict the root velocity based on these inputs

τ̇t = GMP(θ, θ̇,J , J̇ ) (7)

Finally, the velocity is integrated using Euler’s method it-

eratively forward τt+δt = τt + τ̇tδt. Although NeMF

also provides a pretrained GMP, it makes predictions in

AMASS’s world coordinate, while we are interested in pre-

dicting translation in the camera coordinate. Therefore, we

train this component from scratch in our training procedure.

Please see details of GMP in the Supplementary Material.

4.4. Human Mesh Event Contrast Maximization

Given a continuous motion model Θzl,zg
(t) and the trans-

lation τt computed in Sec. 4.3, the vertices can obtained by:

V v
t = W(S(Θzl,zg

(t), β, τt), v) (8)

where S is the parametric SMPL [36] that returns a global

human mesh parameterized by joint poses and shape pa-

rameter β, W is a skinning function on the mesh, and v the

vertex index. This continuous-time motion model gives us

the full trajectory of vertices in 3D. The motion field defined

between two times ti and tj can be computed by subtracting

the 2D location of the same vertex:

Fshape
i,j,v = 1vis(v)(π(V

v
ti )− π(V v

tj )), (9)

where π is the perspective projection function given known

intrinsics. While it is easy to use all vertices in contrast

maximization, the back of the human motion (with respect

to the camera) can produce erroneous flow. We use differ-

entiable renderers to render optical flow on mesh triangles

using Barycentric coordinates [30] so that flow can be dif-

ferentiable with respect to the SMPL parameters. We de-

note the visibility of the vertices as 1vis(v) based on mesh

rasterization. Inspired by unsupervised event-based optical

flow methods [14, 18, 67, 72], we maximize the variance
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of the Image of Warped Events (IWE). The IWE of events

looks sharp if we properly predict the 2D flow of humans.

Flow from low-parameter models such as SMPL is uniquely

compatible with Contrast Maximization because it avoids

problems such as event collapse. Qualitative results can be

found in Fig. 5. Given the events Eij = {xk, pk, tk} be-

tween ti and tj , the motion-compensated events become

x′
k = xk − Fshape

i,j,v (xk)(tr − tk). (10)

The image of warped events (IWE) is defined as

I(x;Fshape
i,j,v ) =

|Eij |∑

k

bkδ(x− x′
k), (11)

where bk is the polarity indicator that separates events into

a positive and a negative image, and δ is the bilinear ker-

nel function. Various objective functions are described in

detail [14]. We maximize the image variance:

Var(I) =
1

MN

M∑

u=1

N∑

v=1

(I(u, v)− μ)
2

(12)

μ =
1

MN

M∑

u=1

N∑

v=1

I(i, j). (13)

Since we maximize the variance, the loss function is the

negative variance Lc = −Var(I).

4.5. Training

Loss Functions. We follow best practices from human

mesh regression [23, 28] and train our model with a combi-

nation of 2D and 3D losses. We compute the losses between

the SMPL predictions and the ground truth labels

Lθ =
∑T

t=1
||θ̂t − θt||2F

Lt =
∑T

t=1
||τ̂t − τt||2F

where the hat operator denotes the ground truth labels. We

also compute losses on the joints obtained from SMPL

meshes and their 2D projection using ground truth camera

parameters

L3D =
∑T

t=1
||Ĵ3D − J3D||2F

L2D =
∑T

t=1
||Ĵ2D −Π(J3D)||2F

where J3D are the 3D joints from the SMPL model and Π
is the camera reprojection operator.

Additionally we follow EventHPE [74] to compute the

cosine difference between the vertex flow computed from

Dataset Label Label FPS Sync Motions

CDEHP [54] 2D joints 60 - 25

DHP19 [8] 2D joints 100 Hard 33

MMHPSD [74] Mesh 15 Soft 21

EventCap [66] Mesh 100 - 12

BEAHM Mesh 120 Hard 40

Table 1. Comparison of event human pose estimation datasets.

Figure 3. Two example sequences of BEAHM. (A) Multi-cam

images with ground truth annotations, including bounding boxes

and skeletons. (B) Events plotted on the RGB image. (C) Ground

truth human meshes superimposed on the RGB images.

the predicted human motion field F shape
ti,tj and the event-

based flow F e
ti,tj when a pre-trained flow network is avail-

able:

Lflow =

T∑

t=1

∑

v

< Fshape
t,v Fe

t,v >

||Fshape
t,v ||2 · ||Fe

t,v||2
(14)

The flow network is trained in an unsupervised fashion us-

ing images and events, following Ev-FlowNet [71], to con-

strain the pairwise motion [55]. Finally, we compute the

unsupervised flow loss Lc as described in Sec. 4.4. The fi-

nal loss function is the weighted sum of the terms above:

L =λθLθ + λtLt + λ3DL3D+

λ2DL2D + λflowLflow + λcLc. (15)

Training Strategy. We first train a global motion pre-

dictor (GMP) (Sec. 4.3) using ground-truth local motions

as input. Then, we freeze the global motion predictor and

train the event human motion predictor (Sec. 4.2). In the

end, we freeze the local motion prediction and fine-tune the

GMP for 1 epoch. Details of training and full hyperparam-

eters can be found in the Supplementary Material.
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Figure 4. Qualitative results of comparison with baseline methods. We mark the erroneous predictions with red circles. For each

method, we include the front view and the side view. In the first row, HMR 2.0 predicts erroneous unnatural motion seen from the side.

The bottom two rows show the robustness of our method in fast motions compared to baseline methods.

Figure 5. Sharpness of IWE improves when predicted motion is

correct. Left: Image of raw events. Middle: Image of motion-

compensated events. Right: Optical flow from our continuous-

time human motion field. Color indicates direction of optical flow.

5. Beam-splitter Event Agile Human Motion
Dataset (BEAHM)

A key challenge in studying event-based HMR is the lack

of high-speed labeled datasets. We need high-speed la-

bels of the human mesh, a diverse set of motions, and pre-

cise synchronization between events, images, and ground

truth. To address this, we collect Beam-splitter Event Agile

Human Motion Dataset (BEAHM), which has the desired

properties compared to prior datasets (Tab. 1). We used a

single-objective beam splitter with a shared lens to obtain

aligned events and images [21]. The ground truth is ob-

tained through four calibrated RGB cameras using a state-

of-the-art multi-view human reconstruction technique [1].

To ensure precise timing, we built a custom trigger board

to synchronize event camera and 120 FPS RGB cameras.

We designed 40 diverse motions from slow walking to fast

Karate kicking, covering a wide spectrum of difficulties.

High speed labels. Accurate pose ground truth at a high

frame rate is crucial for capturing fast human movements.

While simple interpolation of joint rotations and transla-

tions can be sufficient for upsampling slow motions, it fails

to upsample rapid movements. Our analysis reveals an av-

erage error of up to 25 mm for Slerp-interpolated joints,

underscoring the need for high-speed labeling.

6. Experiments
In this section, we present a comprehensive evaluation

of EvHuman through qualitative and quantitative analyses.

We begin by introducing the datasets and metrics used for

evaluation (Sec. 6.1), and the baseline methods (Sec. 6.2).

We then provide a detailed comparison of pose accuracy on

the selected datasets (Sec. 6.3). In addition, we conducted

an ablation study to investigate the impact of key design

choices in our model (Sec. 6.4) and show variable frame

rate decoding unique to our method (Sec. 6.5). Finally, we

analyze the computational efficiency of our method in com-

parison to existing approaches (Sec. 6.6).

6.1. Datasets and Metrics

MMHPSD [74] is chosen for the evaluation of pose pre-

cision. It is a recent event-based human dataset with a

multi-camera setup with 3D mesh annotations, making it

well-suited for our target scenario. It includes a software-

synchronized events captured by a CeleX-V event sensor

along with grayscale images, with ground-truth annotations

provided at 15 FPS.

BEAHM. A detailed description of our data is provided

11507



Table 2. Quantitative comparison on MMHPSD [74] and our BEAHM. DHP19† uses the groundtruth depth for each joint. Entries labeled

with ∗ are re-implementations of the original papers.

Models MPJPE ↓ PA-MPJPE ↓ PEL-MPJPE ↓ PCKh@0.5 ↑ Input Modality

MMHPSD

HMR [24] - 64.78 95.32 0.61 Images

HMR2.0 [17] - 60.63 79.53 0.73 Images

EventCap∗ [66] - 62.62 89.95 0.64 Images + Events

EventHPE [74] 71.79 43.90 54.96 0.85 Images + Events

EventHPE [74] (w/o HMR Feats) 81.06 45.86 58.90 0.84 Events

DHP19† [8] 72.42† 65.87† 74.04† 0.81† Events

Ours 67.66 39.16 52.23 0.86 Events

BEAHM

HMR [24] - 68.73 112.55 0.42 Images

HMR 2.0 [17] - 52.12 80.19 0.60 Images

EventCap∗ [66] (w/ HMR Init) - 65.81 93.94 0.70 Images + Events

DHP19†∗[8] 46.75† 42.39† 48.15† 0.86† Events

EventHPE [74] (w/o HMR Feats) 65.28 38.91 52.31 0.86 Events

Ours w/o Fine-tune 67.01 39.16 52.23 0.86 Events

Ours w/o Lc 50.77 30.22 41.26 0.91 Events

Ours 49.74 30.05 41.06 0.92 Events

in Sec. 5. For fairness, we follow EventHPE [74] to eval-

uate pose accuracy for a roughly 1-second window, which

corresponds to skipping 16 labeled frames at 120 FPS, with

8 evaluation timestamps in each window. In addition, we

provide evaluation at 120 FPS in Tab. 3.

Metrics. We follow the evaluation protocols of previous

work to report 3D human joint metrics, including MPJPE,

Pelvis-Adjusted MPJPE, Procrustes-Aligned MPJPE for 3D

joint positions, and PCKh@0.5 for the percentage of pre-

dicted 2D joints that fall within half the head length of the

ground-truth 2D joints. Pelvis-Adjusted MPJPE eliminates

root transformation, which is commonly used with centered

human crops. We also report unadjusted MPJPE to include

global translation in our evaluation.

6.2. Baseline Methods

We compare EvHuman with image and event-based base-

lines. Following EventHPE [74], we include image-based

methods HMR and HMR 2.0, computing per-image pre-

dictions and interpolating only when the frame rate is lower

than the ground truth (Tab. 3). For event-based methods,

we compare with EventHPE [74], DHP19 [8], and Event-
Cap [66]. Since EventHPE incorporates HMR features,

making it not purely event-based, we re-trained it without

HMR features for fair event-based comparison. Addition-

ally, we re-trained DHP19 [8] on the 24 SMPL joints, lifting

its 2D keypoints into 3D using ground-truth depth. Event-
Cap [66] has no open-source code, so we reimplemented it

and reported the results.

6.3. Comparisons

Comparison on MMHPSD We present quantitative and

qualitative comparisons on MMHPSD in Tab. 2 and Fig. 4,

respectively. EvHuman surpasses all baseline methods

across all metrics, improving PA-MPJPE by 4.8 mm and

PEL-MPJPE by 2.7 mm over the second-best method,

EventHPE, which uses both image and event data. EvHu-

man outperforms the best image-based method by 21.47

mm in PA-MPJPE. Unlike EventHPE, which allows arbi-

trary poses at each frame time, our model leverages motion

priors from the entire sequence, enabling it to predict only

plausible natural human motions constrained by the neural

human motion prior.

Comparison on BEAHM Since [74] evaluates MMH-

PSD at 15 Hz, we perform quantitative comparisons at the

same frame rate in Tab. 2. EvHuman improves MPJPE by

15.54 mm, PA-MPJPE by 8.86 mm and 0.07 in PCKh@0.5,

over EventHPE. Additionally, EvHuman outperforms the

best image-based method by 21.07 mm in PA-MPJPE and

0.32 in PCKh@0.5. HMR 2.0, limited by its per-frame

processing, produces an erroneous mesh, as illustrated

in Fig. 4. Leveraging the high-speed labels of BEAHM,

we provide a comparison at 120 Hz in Tab. 3. Our method

improves the absolute joint errors over the best event-based

baseline in MPJPE by 17 mm, PA-MPJPE by 5.9 mm , and

PCKh@0.5 by 0.03. During training, EventHPE showed in-

stability in translation estimation, which caused significant

drifts in joint errors.
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time

Figure 6. Left: Events triggered by human motion. Aligned RGB images shown only for visualization. Right: Human motion prediction

at variable frame rates without re-training the network.

6.4. Ablation
We performed two ablation studies on the proposed com-

ponent on our BEAHM dataset in Tab. 2. w/o Lc refers to

model trained without the human mesh event contrast max-

imization in Sec. 4.4. w/o Fine-tune means we do not fine-

tune the global motion predictor function (GMP), as de-

scribed in Sec. 4.5. The global motion predictor fine-tuning

at the end significantly boosts the global translation perfor-

mance of the model, by improving the MPJPE by 17.27

mm, PA-MPJPE by 8.11 mm, PEL-MPJPE by 11.17 mm

and 0.06 in PCKh@0.5. Vertex flow contrast maximization

improves the global and local MPJPE performance.

6.5. Variable Frame Rate Prediction

Due to the continuous-time nature of our motion parame-

terization, human motion can be predicted at any time res-

olution without retraining. A series of meshes can be pre-

dicted simply by inputting the desired timestamps within

the events. Prediction at a high frame rate is computation-

ally efficient as we do run full inference for every frame.

Qualitative results are shown in Fig. 6.

Table 3. Evaluation at 120 FPS on BEAHM. DHP19† uses the

groundtruth depth for each joint. We include their upper-bound

performance but exclude their performance from ranking.

Models MPJPE PA-MPJPE PEL-MPJPE PCKh@0.5

HMR 2.0 [17] - 56.23 93.08 0.51

DHP19† [8] 46.15† 41.34† 47.23† 0.86†
EventHPE [74] 66.76 35.97 48.24 0.89

Ours 49.76 30.07 41.08 0.92

6.6. Computational Speed

Due to the time continuity of our model, we can sample an

arbitrary number of poses in parallel. An analysis of the

computation time is provided in Fig. 7. For HMR 2.0, we

present two settings: with video frame interpolation (HMR
2.0 + Upsampled) and with raw high-speed input (HMR
2.0 + High FPS). For HMR 2.0 + Upsample, we upsam-

ple frames to the desired frame rate using FILM [49]. Our

event baseline, EventHPE, predicts 8 frames at a time. As

Figure 7. Computational Speed Comparison. The computa-

tional time is plotted against the number of prediction frames.

shown in Fig. 7, inference speeds are similar across meth-

ods at the training sampling rate (8 frames). However, the

computational time for all three baseline methods increases

significantly as the prediction length grows because the full

network runs at each frame. All evaluations are conducted

with an RTX 4080 deskptop GPU.

7. Conclusion and Discussion

This work introduces the first method that estimates a con-

tinuous human motion field from events. Leveraging a

learned motion-prior latent space and an implicit motion

decoder, our method allows for fast arallel inference at ar-

bitrary temporal resolutions. The proposed method out-

performs state-of-the-art event-based human pose methods

while achieving 69 % faster inference. We also contribute

a hardware synchronized event-based human mesh dataset

with high temporal resolution labeling, opening up valuable

research opportunities in studying event-based human mo-

tion estimation. Despite its strengths, the method has lim-

itations, including reliance on voxelized events and initial

pose estimation. Future efforts will focus on reducing la-

tency and eliminating the need for initialization.
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