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Abstract

3D human pose estimation (3D HPE) is an impor-
tant computer vision task with various practical applica-
tions. However, 3D pose estimation for multi-person from
a monocular video (3DMPPE) is particularly challeng-
ing. Recent transformer-based approaches focus on cap-
turing the spatial-temporal information from sequential 2D
poses, which unfortunately loses the visual feature rele-
vant for 3D pose estimation. In this paper, we propose
an end-to-end framework called Event Guided Video Trans-
former (EVT) which predicts 3D poses directly from video
frames by learning spatial-temporal contextual information
from visual features effectively. In addition, our design is
the first that incorporates event features to help guide 3D
pose estimation. EVT first decouples persons into differ-
ent instance-aware feature maps from video frames. These
features containing specific clues of body structure informa-
tion are then fed together with event features into an atten-
tion based Event-Aware Embedding Module. Next, the fused
features for each instance are then fed into an intra-human
relation extraction module and subsequently to a temporal
transformer to extract inter-frame relationship. Finally, the
extracted features are fed into a decoder for 3D pose esti-
mation. Experiments using three widely used 3D pose esti-
mation benchmarks show that our proposed EVT achieves
better performance than state-of-the-art models.

1. Introduction

3D human pose estimation (HPE), a fundamental and
challenging computer vision task has attracted much atten-
tion from computer vision researchers in recent years. 3D
HPE aims to precisely localize the 3D joints of individu-
als given monocular images or videos, serving as a crucial
component for various applications including action recog-
nition [26,47], behavior monitoring [12], and human-robot
interaction [22]. However, directly estimating 3D human
poses from monocular 2D images or videos is notably chal-
lenging due to the lack of depth information.

To address this problem, image-based approaches em-
ploy diverse strategies to learn depth information from im-
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age. Some methods utilize depth map supervision [40] or
3D heatmap supervision [29] to extract depth information
from image features, while other image-based approaches
[49,51] firstly estimate 2D pose from image, and then lift
2D pose to 3D pose. Additionally, temporal smoothing
methods [ | 6] integrate post-processing modules to align the
shapes estimated by image-based methods [8,36,37]. How-
ever, these frameworks exhibit limitations in capturing spa-
tial relationships among human instances in an image and
cannot extract long-term global dependency effectively. Be-
sides, the computational cost is expensive since it is propor-
tional to the number of human instances in an image and it
needs an extra tracker to identify each instance in a video
sequence. These multi-stage methods split space and time
dimensions and can not be end-to-end optimized. Thus,
video-based approaches [ 1,2, 6,54] have been suggested in
recent years.

Benefiting from the excellent performance of the SOTA
2D pose estimators, many video-based approaches follow
the 2D-to-3D lifting paradigm which infers 3D human
poses from intermediately estimated 2D poses. These ap-
proaches typically surpass direct estimation methods. How-
ever, lifting these 2D poses into 3D poses is non-trivial since
the same 2D pose may yield various potential 3D poses due
to depth ambiguity and occlusion. To overcome some of
these challenges, many recent works have exploited spa-
tial and temporal modeling methods to improve the per-
formance of 3D pose estimation. [5, 24] leverage convo-
lutional neural networks (CNN) and recurrent neural net-
works (RNN) to capture global dependencies across adja-
cent frames. However, constrained by the capabilities of
CNN and RNN, such models can hardly capture the long-
term dependency in both spatial and temporal dimensions.
To mitigate this limitation, some works [2,6,43] build upon
graph neural network (GNN) to exploit spatial-temporal in-
formation between keypoints, which can capture both short-
term and long-term dependency. Recently, the transformer-
based approaches [23,54,55] have been proposed to extract
more effective representative features which can improve
the performance of video 3D pose estimation significantly.

Although the above GNN or transformer-based methods
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can achieve significant improvement for 3D HPE, they still
did not break out of the 2D-to-3D lifting paradigm. This
paradigm solely relies on the 2D pose structure for depth
estimation, while disregarding the contextual depth infor-
mation contained in the visual features of video frames, as
these features have been lost during the 2D pose predic-
tion stage. Current researchers [7, 34, 38] believe that the
context depth information embedded in the visual feature is
more effective than the 2D pose structure for 3D pose es-
timation. [7, 38] firstly conduct human detection and then
predict 3D pose directly from the cropped video patches,
which can be regarded as exploiting contextual depth in-
formation from the visual feature to some extent. But they
apply RNN to extract temporal features between adjacent
video frames, which is not effective compared with GNN
or transformer-based spatial-temporal modeling methods
mentioned above. Besides, the inputs of cropped patches
introduce a new problem of keypoints feature alignment.

To handle the above problems, we propose an end-
to-end framework for video 3D HPE which develops a
transformer-based model to fully use the spatial-temporal
visual features and predicts 3D pose directly from video
frames. Our proposed framework has two unique design:
First, inspired by [41], we effectively decouple instances
while preserving rich context cues from visual features to
estimate 3D pose. Second, our framework is the 1st ap-
proach to incorporate event stream information since event
stream includes important dynamic information of mov-
ing objects with clear edge structures, and captures motion
changes in the scene at an extremely high dynamic range
and high temporal resolution. Currently, event stream has
been used for from low-level vision (feature detection and
tracking, optic flow, etc.) to high-level vision (segmenta-
tion, recognition, etc.) tasks but not for 3D HPE.

Our E2E design, Event-Guided Video Transformer
(EVT) models the spatial-temporal information for each
decoupled instance under the guidance of event stream.
First, Event-Guided Video Transformer (EVT) utilizes Con-
textual Instance Decoupling (CID) to decouple the global
deep visual features into a set of instance-aware feature
maps, where each map preserves contextual cues to infer
his/her 3D pose. These instance-aware feature maps are
fused with event stream in our proposed Event-Aware Em-
bedding Module (EEM) which utilizes a dual-branch (spa-
tial and channel) attention mechanism. Such dual-branch
mechanism enables each instance feature to be refined via
the guidance of event features. Furthermore, we sequen-
tially model a specific spatial relationship using the Intra-
human Relation Extraction (IRE) module and the inter-
frame temporal correlation within a decoupled instance fea-
ture map using a Temporal Transformer (TT). As a result,
EVT enables effective spatial-temporal feature extraction
and yields better video 3D HPE performance.

In summary, EVT is a unified framework that is suit-
able for both single-person and multi-person video 3D HPE
tasks. To the best of our knowledge, EVT is the first
Event-guided E2E method that leverages transformer to di-
rectly capture spatial-temporal dependency for multi-person
in video with the guidance from the event stream. Our con-
tributions can be summarized as follows:

* We propose Event-Guided Video Transformer (EVT),
a novel end-to-end transformer-based framework com-
bining event stream and RGB image for both single-
person and multi-person video 3D pose estimation.

* We design a novel Event-Aware Embedding Module
(EEM) to enable effective fusion of both visual fea-
tures and event features. EEM uses a dual-branch at-
tention mechanism to learn helpful temporal and struc-
tural information from these two types of features.

e EVT achieves new state-of-the-art results on three
widely used video 3D HPE benchmarks, Human3.6M,
MPI-INF-3DHP, and CMU Panoptic.

2. Related works
2.1. Image-based 3D Pose Estimation

The image-based multi-person 3D pose estimation meth-
ods can be mainly divided into two types of paradigms: top-
down [23,29,36] and bottom-up approaches [40, 50, 53].

Similar to 2D HPE, the top-down paradigm first con-
ducts human detection, followed by performing single-
person 3D pose estimation. For single-person, they predict
3D poses by learning 3D heatmaps [29], or estimating 2D
poses by 2D pose estimator [33] and performing 2D-to-3D
lifting [51]. The bottom-up paradigm [40, 50, 53] follows
a pipeline of firstly estimating the 3D coordinates for each
human joint in an image and then assigning them to differ-
ent human instances. Although these methods achieve great
improvement on 3D human HPE, the performances of these
methods rely on the accuracy of human detection. In addi-
tion, they are not good at handling occlusion cases as the
video-based approaches.

2.2. Video-based 3D Pose Estimation

Video-based 3D human pose estimation methods [5,51,

, 54] can extract more temporal context to ensure con-
sistency for pose estimation across frames. Generally, the
ways of extracting temporal information can be divided into
two categories: based on image visual features [7, 1 7] and
based on 2D pose sequence [1,31,54].

The methods [7, 17, 38] based on image visual features
usually crop the human features through predicted human
bounding boxes, and then use 3D convolution or RNN to
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extract the temporal information from these cropped se-
quences features. However, these methods essentially con-
duct single-person video 3D HPE, which results in feature
alignment problem of the cropped image inputs. The meth-
ods [1,31,54] based on 2D joint coordinates usually esti-
mate a sequence of 2D poses at first, then lift 2D coordi-
nates sequence to 3D pose by a temporal lifting network.
However, these methods cannot capture contextual depth
information from visual features which have been dropped
during the 2D HPE stage. Besides, these video-based meth-
ods are multi-stage which are limited to the human detector
and cannot be optimized in an end-to-end manner.

2.3. Transformers in 3D Human Pose Estimation

Recently, the transformer-based approaches [27, 31, 34,

, 54, 55] have been proposed to improve the long-term
modeling capabilities of sequence for video 3D human pose
estimation. PRTR [20] exploits the end-to-end transformer-
based pose estimation network. PoseFormer [54] and Mo-
tionBERT [55] explore the spatial-temporal attention mech-
anism for 3D pose estimation. However, these methods
did not study the attention on real visual features from im-
ages since they lifts 3D poses from a sequence of 2D poses.
Moreover, the existing transformer-based pose estimation
methods are designed for single-person pose estimation,
which limits their applications on crowded scenarios. Al-
though POTR-3D [31] proposes three types of transformer
to model single-person, inter-person and inter-frame rela-
tionships, they still follow the 2D-to-3D lifting paradigm
and lose the contextual information from visual features.
In this paper, we study an E2E video 3D pose estimation
framework for either single-person or multi-person. Our
work explores extracting spatial and temporal relationships
in both spatial and channel branches under the event stream
guidance.

3. Methodology
3.1. Overview

In this section, we elaborate on the details of the pro-
posed Event-guided Video Transformer (EVT). The frame-
work of EVT is shown in Fig 1. Given a sequence of video
frames I = {I; | t € [1,T]}, EVT first extracts deep image
features using a backbone network &. Next, the features
are fed into the Instance Abstraction (IA) module to learn
root joints heatmap and instance 2D tracking offsets (from
t to t — 1). Subsequently, for each frame, we apply Con-
textual Instance Decoupling (CID) (Sec. 3.2) to decouple
the global deep features into a set of instance-aware feature
maps, where each map represents context cues of a specific
person to infer his/her 3D pose. To ensure the temporal con-
sistency, we associate the instance feature maps belonging
to the same instance across T frames using greedy matching

via predicted instance 2D tracking offsets.

After conducting CID, instance-aware feature maps and
event features are sent into an Event-Aware Embedding
Module (EEM) (Sec. 3.3) to help capture dynamic informa-
tion in video sequence. Then, we feed the updated instance-
aware feature maps containing event guidance into an Intra-
human Relation Extraction (IRE) (Sec. 3.4) to further learn
spatial relationships within a single person. In addition,
we build a Temporal Transformer (TT) (Sec. 3.5) to effec-
tively model the inter-frame temporal correlation for video
3D HPE. Finally, the output visual features are fed into a
decoder for infer 3D poses of each person.

3.2. Contextual Instance Decoupling (CID)

Given each frame I; of the video sequence, we first ex-
tract deep features F; € RE*H*W from an image back-
bone network &, e.g. HRNet. We aim to locate each person
and generate corresponding features {J—'g}:’; which con-
tain all the necessary cues required for single-person key-
point regression. Inspired by CID [41], our method differ-
entiates each instance from global features J; on spatial and
channel aspects, which isolates distractions from the back-
ground and allows better context cues exploration

Specifically, we first utilize the Instance Abstraction (IA)
module to extract the root location and feature informa-
tion for each individual. The input to the IA is the ex-
tracted global feature map J and the output is an n-channel
heatmap C, for all possible root keypoints. To associate the
same instance through time, IA also predicts a 2D displace-
ment map D; € R2*H*W representing instance 2D track-
ing offsets. The displacement can capture the difference in
location of the object in the current frame and the previous
frame. To generate an instance-aware feature map, we se-
lect the root coordinates of m persons based on the heatmap
confidence scores. Features at the root joints on the feature
map JF; are regarded as representative features for those per-
sons, which is used to identify and decouple each person
from the background. To boost the discriminative power of
person features, IA is trained with a contrastive loss.

We use the Global Feature Decoupling (GFD) [41] to de-
couple person cues from JF; based on instance features and
corresponding root locations. It jointly considers spatial-
wise and channel-wise decoupling as following:

FO, = MY F, (1)

where ]—'S(i)t denotes the spatial-recalibrated feature map for
the i-th person at each timestamp, and M (¢); represents the
foreground for each person.

FO, =F @ fi )

where f{ is instance feature at the corresponding root lo-
cation and ® denotes the element-wise manipulation. f; is

5116



Instance S ces
Abstractlon (1A) QKK"

ﬂ‘
&
S

Instance
Abstraction (IA)

3D pose for i-th person in t

A

Regression Head

Spatial
Decoupling

Temporal

Bl

.

Transformer (TT)

Fused t LN
recallbratlon

Channel
Decoupling

- AQ)
}—t{ CCA

F (D) ~ ()

c
H CSA ¢

[
:

EEM

Figure 1. The overview of Event-guided Video Transformer (EVT), which includes Contextual Instance Decoupling (CID), Event-Aware
Embedding Module (EEM), Intra-human Relation Extraction (IRE) and Temporal Modeling. Given video frames of height  and width
W, deep features F; are extracted by a backbone network &, and further fed into Instance Abstaction (IA) module to extract individual
features for each person. Based on individual features, instance-aware feature maps containing more important intra-human cues are
decoupled in CID at both spatial and channel levels. The decoupled instance features are efficiently fused with the event features E, in
EEM via two types of attention blocks (SCA, CCA Sec. 3.3). The updated instance-aware features are fed into SSA, CSA (Sec. 3.4) within
IRE to further refine the features using self-attention. The refined feature maps from both branches are fused via Fused recalibration to
produce the final instance-aware feature maps. Then, the instance-aware feature maps are fed into a Temporal Transformer (TT) to model
inter-frame correlations. The output visual feature in the final layer of EVT outputs the 3D coordinates of a person. @ means element-wise
addition. v2e [13] toolbox offline generate realistic synthetic event stream from video frames.

used to weight different channels, hence producing different
channel-recalibrated feature maps for different instances.

0,70}
t
with both spatial and contextual cues are regarded as in-

termediate features to be further fed into Event-Aware Em-
bedding Module.

The decoupled instance features F; =

3.3. Event-Aware Embedding Module (EEM)

DVS event stream includes important dynamic (tempo-
ral) information, reacting to changes in the scene with mi-
crosecond precision. This can be advantageous for captur-
ing accurate temporal motion information which helps 3D
HPE in video. We claim that human motion can be better
estimated by jointly considering events and frames. Event
stream capturing temporal coherence which can be used as
guidance to intergrete multi-modality correlations. To this
end, our approach is the first work to incorporate the event
information into video 3D HPE. Since there is no existing
3D HPE dataset that contains hybrid inputs of events and
RGB videos, we simply use the v2e toolbox [13] to gener-

ate realistic synthetic event stream from video frames. The
events and frames of a hybrid camera system are hard to
be perfectly aligned in practice. To take this into consid-
eration, we apply random perspective transforms between
them as in [19] during data preparation.

RGB video v2e DVS frames

V2E

Figure 2. Event stream.

Given a sequence of video frames I, we offline generate
a set of corresponding event stream F = {E; | t € [1,T]}.

3)

Then, we feed the E; into an image backbone and extract
the deep event features F; that contain meaningful tempo-

Et = VZC(It)
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ral information. We aim to effectively incorporate the event
features E} to the instance features at each timestamp. As
we discussed in Sec. 3.2, we obtain the decoupled instance

S(i), C(l)} in both spatial and channel
t

level respectively. To this end, we propose an Event-Aware
Embedding Module (EEM) to take full advantage of event
features from both spatial and channel branches. EEM con-
centrates on combining event feature representation with in-
stance features through spatial and channel attention blocks.
In spatial branch, we apply Spatial Cross Attention (SCA)
to both visual features and event features so that we can
identify important spatial-wise interaction between the fea-
ture maps. In channel branch, we use Channel Cross Atten-
tion (CCA) to identify important channel-wise interaction
between the two types of feature maps.

features F; = {

3.3.1 Spatial Cross Attention (SCA)

The SCA module performs a spatial-wise interaction be-

tween Et and .7-'5(1), then gives the final refined feature map

As@. The SCA module computes the event awareness of
instance features through cross-modal similarity and pro-
duces an event-aware map. Inspired by LLFormer [44], we
build our SCA blocks by integrating an Axis-based Atten-
tion and Feed-Forward Network (FN) with the plain trans-
former units. Such Axis-based Attention can compute the
attention map on both height and width axis with a low com-
putational cost. Since the mechanisms of height and width
axis attention are similar, we thus only introduce the details
of height axis attention for ease of illustration. Details of
the learning process are provided below.

We first generate query (Q) by applying 1 x 1 convolu-
tions followed by 3 x 3 depth-wise convolutions to encode
spatial context as Q = W WQE;. Similarly, key (K) and
value (V) are generated from the 7K = Wk WZ;K F9,
V = WCYWIY}"S@, where WZE') is the 1 x 1 point-wise
convolution and Wé') is the 3 x 3 depth-wise convolu-
tion. After that, the query and key are reshaped for con-
ducting dot-product to generate height axis attention map
Ag € REXHXW The height axis attention (HA) can be
formulated as

Q. K.V =WeWeE, WrwEkFD wywY F

A . N 4
HA(Q,K,V) = VSoftmax(Q - K/«) @

where Q e RHEXCOXW, K € ROXHXW and V €
REXHXW are obtained after reshaping tensors from the
original size R W€« is a scale factor. The output fea-

ture F’ gi) can be obtained by

FO Wy (HA(Q,K,V)) (5)

Then, we reshape F’ S) to obtain the output instance feature
foutgi) € REXWXC of height axis attention. foutgi) and
F; are forwarded to a similar width axis attention which
computes cross-attention along the width axis. After doing
both axis attention, we feed the update features into a nor-
malization layer (LN) and Feed-Forward Network (FN) to

generate the final refined feature map .7:'8(2)

FO = EN(LN(Fput (V) + FO) (6)

3.3.2 Channel Cross Attention (CCA)

The CCA module performs a channel-wise interaction be-
tween Et and ]—'C(i), then gives the final refined feature
map ]:'L(.l). We build our CCA blocks by integrating a
transposed-attention mechanism and Feed-Forward Net-
work (FN). Such transposed-attention can focus the event
awareness of the instance features from channel level and
still keep a low computational cost.

Similar to the SCA, we project E, and ]-'C(Z) to query (Q),
key (K) and value (V) respectively.

QK. V=WeWIE, WiEWEFD wywy FH
(N
Next, we reshape query and key so that their dot-product
generates a transposed-attention map A € RE*C. Then,
we calculate channel cross attention (CA) as follows:

CA(Q,K,V) = VSoftmax(Q - K/p) (8)

where Q € RHWXC K ¢ ROXHW gpd V e RHWXC
are obtained after reshaping tensors from the original size
RH*WxC 3 s a scale factor. The output feature 7/{) can
be obtained by

FO =i (CAQK,V)) ©)
Finally, we feed the update features into a normalization

layer (LN) and Feed-Forward Network (FN) to generate the
final refined feature map fc(l).

FO = ENLN(F'Y) + FO) (10)

Compared with the standard attention which has quadratic

complexity, both SCA and CCA result in linear complex-

ity. The updated instance features 7 = {f}gl) , .7:}(1)} with
t

both spatial and contextual guidance from event features are

further use to extract spatial-temporal relation via an Intra-
human Relation Extraction (IRE) Module.

3.4. Intra-human Relation Extraction (IRE) Mod-
ule

IRE is designed to implicitly model a specific relation-
ship within a decoupled instance feature map. Given the
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ouput event-aware instance features ]:'Z = {]:'S(i), ]:'c(l)} s

IRE also learns intra-correlation of each individual in eacth
frame on both spatial and channel branch. We achieve this
by using the same attention mechanism discussed in Sec
3.3. Differently, we change the spatial cross attention and
channel cross attention in SCA and CCA to self-attention
which are SSA and CSA. In other words, the query (Q), key
(K) and value (V) projections are generated from the same
input, either ]1"5(1) or ]:"C(i). The output .7:"g = {f§“, fc(i)}
has the same shape, where pixel-wise interaction has be ex1E
plored inside the attention operation. After obtaining the
]:"f, we apply a Fused recalibration on these two elements
to produce the final instance-aware feature map at time t.
The instance-aware feature map }'t(l) for the i-th person can
be computed as,

F{ = ReLU(Conv(| 71 709 ) (1)

where ﬁﬁi) and féi) are fused to seek better discriminative
power in decoupling persons. Across all the frames in the
video sequence, we can extract all the instance-aware fea-

ture maps as fg) = {ffi) |te[1,T),i¢€ [l,m]}, where
T is number of frames and m is the number of instances.

3.5. Temporal Modeling

Compared with 3D HPE on image, the key of video
3D HPE is to leverage the inter-frame temporal cor-
relations.  Here, we follow the design paradigm of
video Swin-Transformer [25] and propose Temporal Trans-
former to facilitate temporal modeling.  Specifically,
for each query frame and its previous frames, we feed

(}"t(i); }-1(1‘)7 ~, ]:t(i)1> to the Temporal Transformer block.
As Equation 12, we call the Temporal Transformer as frr
and symbol o is composition operator.

YO = frro (FU A~ FD) a2

where Jit(l) is the final output instance-aware feature map
encoding the meaningful temporal information from adja-
cent frames and is used to infer 3D pose. The architecture
of our Temporal Transformer base unit is illustrated at the
right of Fig. 1. Each unit consists of a 3D Windows Multi-
head Self Attention (3D W-MSA) [25], a Mix-FeedForward
Network (Mix-FFN) [46] and two Layer Norm (LN) layers.
3D W-MSA evenly partitions the 3D input feature map into
a set of non-overlapping cubes and applies MSA on them.
Mix-FFN introduces a depth-wise 3x3 convolution between
the two MLPs to connect non-overlapping cubes.

3.6. Loss Function

For i-th person in each video frame {, its feature map
yf” is used to learn 3D offset M, of size J x H x W

using a convolutional layer. Since we already know the root
keypoint for this instance from the heatmap C; predicted
in the Instance Abstraction (IA) module (Sec. 3.2). The
corresponding 3D offsets at the root coordinates in M, are
extracted to decode a whole 3D pose of size J x 3 for a
person, J represents number of 3D joints. The decoding
process is same as previous works [3,30].

During training, we use L1 loss for 3D offsets regression
and instance 2D tracking offsets regression.

T T

Lsp=) (Mo;Mo)t  Liracking = (D7D)t (13)

t=1 t=1

where M, and D mean the ground-truth of 3D offset map
and instance 2D tracking offsets map.

L14 is computed with ground-truth heatmap H; of root
joints and predicted heatmap C} at each timestamp. It also
combines the contrastive loss [ ( f;) [41] to ensure the dis-
criminative power of each decoupled instance feature.

T m
* 1 i
Lia=) (FL(Ht;OtD +— > (ft)) (14)
t=1 i=1
where FL () computes the Focal Loss [3, 18].
The total loss function L is the weighted sum of all these
loss components,

L= LBD + Ltrack:ing + O[;CIA (15)

where « represents a loss weight.

4. Experiments

In this section, we elaborate the experiment results of
EVT. We first introduce the implementation details of EVT,
and then report results and compare with SOTA methods
using two widely-used single-person datasets: Human3.6M
[14], MPI-INF-3DHP [28] and one multi-person dataset:
CMU Panoptic [15]. Next, we conduct ablation studies for
EVT. All ablation studies are based on Human3.6 dataset.

4.1. Implemental Details

We use HRNet-32 [42] pre-trained on ImageNet [9] as
the backbone network @ of EVT for all experiments and
follow the most configuration of [41]. In our experiments,
EVT is trained on 4 A100 GPUs with a batch size of 4 se-
quences/GPU, while the sequence length is 7 frames and
the input size is 512x512. The total training epochs is 60.
Adam optimizer is adopted and the initial learning rate is
5e-4, which decreases 10x at 40 and 50 epochs. The loss
weight « equals 10 during training.
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Protocol 1 T Dir. Disc. Eat. Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk WalkT. | Avg.|
Zheng et al. [54] ICCV’21 81 415 448 398 425 46.5 51.6 421 420 533 607 455 433 46.1 31.8 322 443
Lietal. [21] CVPR’22 351 392 431 40.1 429 44.9 512 406 413 535 603 43.7 41.1 43.8 29.8 30.6 43.0
Einfalt et al. [10] WACV’23 | 351 39.6 438 402 424 46.5 539 423 425 557 623 45.1 43.0 44.7 30.1 30.8 44.2
Tang et al. [39] CVPR’23 243 39.6 41.6 374 388 43.1 51.1 0 39.1 39.7 514 574 41.8 38.5 40.7 27.1 28.6 41.0
Fooetal [11] CVPR’23 243 375 392 369 406 39.3 468 39.0 417 506 635 40.4 37.8 442 26.7 29.1 40.8
Zhu et al. [55] ICCV’23 243 363 387 38.6 336 42.1 50.1 362 357 501 56.6 413 374 37.7 25.6 26.5 392
Mehrabanl et al. [27] WACV’24 | 243 364 384 368 329 40.9 485 366 346 517 528 41.0 36.4 36.5 26.7 27.0 384
Qiuetal. [34] * ACMMM’22 | 5 365 40.1 384 407 42.6 428  30.1 434 46.1 580 40.2 37.1 40.8 32.1 335 40.2
Ours(EVT) w/o Event * 7 373 391 386 355 42.7 459 316 394 475 563 40.4 36.9 375 28.3 27.6 39.0
Ours(EVT) w Event * 7 361 382 379 321 41.6 451 305 382 472 547 40.1 36.3 35.6 26.7 272 37.8

Protocol 2 T Dir. Disc. Eat. Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk WalkT. | Avg. |
Pavllo et al. [32] CVPR’19 243 341 36.1 344 372 36.4 424 344 336 450 525 374 33.8 37.8 25.6 273 36.5
Wang et al. [43] ECCV’20 96 329 352 356 344 36.4 427 312 325 456 502 373 32.8 36.3 26.0 23.9 355
Zheng et al. [54] ICCV’21 81 325 348 326 346 353 395 321 320 428 485 34.8 324 353 245 26.0 34.6
Tang et al. [39] CVPR’23 243 295 332 306 310 33.0 380 304 294 418 455 33.6 29.5 31.6 213 22.6 32.0
Fooetal. [11] CVPR’23 243 303 322 30.8 331 31.1 355 303 321 394  49.6 329 29.2 339 21.6 24.5 325
Zhu et al. [55] ICCV’23 243 30.8 328 324 287 343 389  30.1 30.0 425 497 36.0 30.8 22.0 31.7 23.0 329
Mehrabanl et al. [27] WACV’'24 | 243 306 326 322 282 33.8 386 305 299 433 470 352 29.8 314 227 235 32,6
Qiuetal. [34] * ACMMM’22 | 5 270 248 322 30.1 27.8 321 223 287 307 244 327 37.8 21.9 31.1 24.7 28.5
Ours(EVT) w/o Event * 7 2719 256 318 324 283 330 235 291 324 2538 322 353 23.7 304 23.6 29.0
Ours(EVT) w Event * 7 215 249 320 316 27.7 325 233 282 321 249 31.8 34.6 234 28.2 227 283

Table 1. Quantitative comparison with state-of-the-art methods on Human3.6M under Protocol 1 (MPJPE) and Protocol 2 (PA-MPJPE).
T denotes the number of input frames used in each method, and * represents an end-to-end model. Bold indicates the best and underline

indicates the second best.

4.2. Datasets and Evaluation Metric

Human3.6M dataset. Human3.6 [14] is the largest indoor
benchmark for single-person 3D pose estimation, which in-
cludes 7 subjects that performing 15 different daily activi-
ties. To ensure fair evaluation, we follow the standard ap-
proach and train the model using data from subjects 1, 5,
6, 7, and 8, and then test it on data from subjects 9 and 11.
Following previous works [27, 34, 55], we use two proto-
cols for evaluation. The first protocol (referred to as P1)
uses Mean Per Joint Position Error (MPJPE) in millimeters
that measures the error between the estimated pose and the
actual pose, after aligning their root joints (sacrum). The
second protocol (referred to as P2) measures Procrustes-
MPJPE, where the actual pose and the estimated pose are
aligned through a rigid transformation.

MPI-INF-3DHP. MPI-INF-3DHP [28] is another large-
scale dataset gathered in three different settings: green
screen, non-green screen, and outdoor environments. Fol-
lowing previous works [34,39], MPJPE, Percentage of Cor-
rect Keypoint (PC) within 150 mm range, and Area Under
the Curve (AUC) are reported as evaluation metrics.

CMU Panoptic dataset. CMU Panoptic [15] is a larger-
scale multi-person dataset, captured by multiple cameras.
Following the settings of previous works, we use 160K im-
ages from different videos as the training set and the videos
from two cameras (16, 30) as the testing set. For compari-
son, MPJPE is used for evaluation.

4.3. Compare with the State-of-the-art Methods
4.3.1 Results on Human3.6M

The comparisons with state-of-the-art methods on the Hu-
man3.6M dataset are shown in Table.l. Our EVT with
T = 7 achieves new state-of-the-art results with an MPJPE
of 37.8mm and a PA-MPJPE of 28.3mm in Protocol 1
and Protocol 2, respectively. The results demonstrate
the effectiveness of the proposed EVT. Compared with
other transformer-based methods [27,55], EVT outperforms
them. Even these models are based on a larger frame num-
ber above 81, EVT with only 7" = 7 (window size) obtains
better results since most of the approaches in Table.1 fol-
low 2D-to-3D lifting paradigm which loses the visual depth
feature in the process of temporal modeling.

Compared with EVT w/o Event guidance, the complete
one gains 3% improvement in both Protocol 1 and Proto-
col 2, which prove that event stream will provides implicit
structure and temporal information to help infer more accu-
rate 3D pose.

Methods T [ PCK 1 [ AUC{ | MPJPE |
Einfalt et al. [10] 81 95.4 67.6 46.9
Zhao et al. [52] 81 97.9 78.8 27.8
Tang et al. [39] 81 98.7 83.9 23.1
Chen et al. [4] 9 | 98.7 72.9 37.2
Mehrabanl et al. [27] 81 98.3 84.2 18.2
Ours(EVT) w/o Event * 9 98.2 84.1 18.3
Ours(EVT) w Event * 9 98.5 84.7 17.9

Table 2. Quantitative comparison with state-of-the-art methods on
MPI-INF-3DHP. T: Number of input frames. * represents an end-
to-end model. Bold indicates the best and underline indicates the
second best.
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4.3.2 Results on MPI-INF-3DHP

In evaluating our method on the MPI-INF-3DHP dataset,
we modified EVT to use T' = 9 frames. As shown in Ta-
ble.2, our method consistently outperforms others in terms
of MPJPE. Notably, our EVT w Event achieves remarkable
results with an 84.7% AUC and a 17.9 mm P1 error. This
outperforms the previous 2nd-best STCFormer [39] by a
significant margin of 1% in AUC and 5.1 mm in P1 error.
Besides, it achieves 98.5% PCK, which is 0.2% lower than
the PCK performance of the compared models.

Methods MPJPE(mm)/
DAS [45] CVPR 22 53.8
VirtualPose [35] ECCV 22 58.9
IVT * [34] ACMMM 22 48.4
POTR-3D [31] ICCV 23 57.8
Ours(EVT) w/o Event * 47.6
Ours(EVT) w Event * 45.7

Table 3. Comparison with SOTA methods on multi-person 3D
human pose estimation dataset (CMU Panoptic) in MPJPE. * rep-
resents an end-to-end model.

4.3.3 Results on CMU Panoptic dataset

As seen in Table.3, EVT also achieves the state-of-the-art
performance on CMU-Panoptic, 2.7mm or 5.6% leading the
other E2E model IVT [34]. EVT achieves a relative gain
of 21% compared with the POTR-3D [31]. CMU-Panoptic
contains videos with a denser crowd of 3-8 people, mak-
ing the estimation more challenging. The result indicates
that EVT operates well even in this challenging situation.
It demonstrates that having the discriminative power in de-
coupling persons allows EVT to handle both single-person
and multi-person 3D HPE tasks.

4.4. Ablation Studies

In this section, we verify the effectiveness of the pro-
posed EEM, IRE, in event-guided video transformer (EVT).
Next, we compare the parameters and computational costs
of variants in EVT design.

Methods Submodule Param (M) Flops (T) MPJPE (mm) |
MHFormer [21] 30.92 - 43.1
IVT [34] 40.85 - 40.2
MotionBERT [55] 42.50 - 39.2
EVT-base (w/o Event) CID +TT 36.54 0.127 41.8
EVT (w/o Event) CID + TT + IRE 39.27 0.135 39.0
EVT (w Event) CID + TT + IRE + EEM 4471 0.146 37.8

Table 4. Ablation study of EVT on Human3.6. CID + TT means
using Contextual Instance Decoupling and Temporal Transformer
for baseline setting. IRE means using Intra-human Relation Ex-
traction Module in EVT. EEM means using Event-Aware Embed-
ding Module in EVT.

4.4.1 Effectiveness of proposed sub-modules

We conduct the ablation study on Human3.6m dataset to
verify the effectiveness of each proposed submodule in the

EVT. First of all, we build an EVT-base for 3D human pose
estimation baseline where we do not input event stream. We
only keep the CID to generate instance-aware feature maps
and Temporal Transformer to capture the essential temporal
dependency in video sequence. As shown in Table.4, EVT-
base achieves 41.8mm in MPJPE. Combined with the IRE,
EVT with both SSA and CSA obtains 39.0mm in MPJPE
and achieves a relative gain of 6.7%. This indicates that ex-
tracting the intra-human relation within each instance pro-
vide good clues to infer 3D pose. Compared with the first
two rows without event guidance, the complete EVT adding
EEM further improves MPJPE by 1.2mm (3%). EEM can
effectively fuse visual features and event features and en-
hance each instance-aware feature maps for better 3D pose
estimation. These results show that the proposed IRE, EEM
significantly improve the performance of video 3D HPE.

4.4.2 Parameters and computational costs

The comparisons of including each submodule on parame-
ters and computational costs are shown in Table. 4. Com-
pared with the EVT-base, IRE obtains a relative gain of
6.7% but adds 2.73MB parameters, while the flops increase
slightly. Even adding EEM to incorporate event features,
the increasing parameters and the computational costs are
acceptable while improving MPJPE to 37.8mm. Compared
with lifting methods which take extremely long 2D pose
sequences as input, EVT still achieves better accuracy de-
spite using shorter lengths of both modalities. By incorpo-
ratingan event stream, our model can capture temporal de-
pendencies without using longer input frames. The model
parameters do not increase much since we have solved the
quadratic time and space complexity problem of vanilla
transformer in our design (refer to Sec.3.3 for details).

5. Conclusion

In this paper, we propose a novel end-to-end event-
guided video transformer (EVT) for video 3D human pose
estimation. To capture spatial-temporal dependency for
multi-person in video with the guidance from event stream,
we propose an Event-Aware Embedding Module (EEM) to
enable effective fusion of both visual features and event us-
ing a dual-branch attention mechanism. It learns helpful
temporal and structure information in both spatial and chan-
nel branch simultaneously. To further model the single-
person and inter-frame relationships human, we propose
Intra-human Relation Extraction (IRE) Module and Tempo-
ral Transformer (TT). Combined with all these components,
EVT outperforms the state-of-the-art methods on both sin-
gle person and multi-person 3D human pose estimation
benchmarks.
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