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H>OT: Hierarchical Hourglass Tokenizer for Efficient
Video Pose Transformers

Wenhao Li"¥, Mengyuan Liu", Hong Liu

Abstract—Transformers have been successfully applied in the
field of video-based 3D human pose estimation. However, the high
computational costs of these video pose transformers (VPTs) make
them impractical on resource-constrained devices. In this paper,
we present a hierarchical plug-and-play pruning-and-recovering
framework, called Hierarchical Hourglass Tokenizer (H>OT), for
efficient transformer-based 3D human pose estimation from videos.
H,OT begins with progressively pruning pose tokens of redundant
frames and ends with recovering full-length sequences, resulting in
a few pose tokens in the intermediate transformer blocks and thus
improving the model efficiency. It works with two key modules,
namely, a Token Pruning Module (TPM) and a Token Recovering
Module (TRM). TPM dynamically selects a few representative
tokens to eliminate the redundancy of video frames, while TRM
restores the detailed spatio-temporal information based on the se-
lected tokens, thereby expanding the network output to the original
full-length temporal resolution for fast inference. Our method is
general-purpose: it can be easily incorporated into common VPT
models on both seq2seq and seq2frame pipelines while effectively
accommodating different token pruning and recovery strategies. In
addition, our H, OT reveals that maintaining the full pose sequence
is unnecessary, and a few pose tokens of representative frames can
achieve both high efficiency and estimation accuracy. Extensive
experiments on multiple benchmark datasets demonstrate both the
effectiveness and efficiency of the proposed method.

Index Terms—3D human pose estimation, video pose trans-
former, token pruning, token recovering.
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I. INTRODUCTION

human pose estimation (HPE) from videos has nu-
3D merous applications, such as action recognition [1],
[2], [3], human-robot interaction [4], [5], [6], and computer
animation [7], [8]. Current video-based 3D HPE methods mainly
follow the pipeline of 2D-to-3D pose lifting [9], [10], [11], [12].
This two-stage pipeline first utilizes an off-the-shelf 2D HPE
model to detect 2D body joints for each video frame and then
employs a separate lifting model to estimate 3D pose sequences
from the detected 2D poses.

Recently, transformer-based architectures [13], [14], [15],
[16], [17] have shown state-of-the-art (SOTA) performance in
the field of video-based 3D HPE, thanks to their competency
in modeling the long-range dependencies among video frames.
These video pose transformers (VPTs) typically regard each
video frame as a pose token and utilize extremely long video
sequences to achieve superior HPE performance (e.g., 81 frames
in [13], 243 frames in [15], [16], [18], or 351 frames in [14],
[19], [20]). However, these methods inevitably suffer from high
computational costs since the complexity of the self-attention in
VPT grows quadratically with respect to the number of tokens
(i.e., frames), hindering the deployment of these heavy VPTs in
many real-world applications.

Two factors are crucial for achieving efficient VPTs. First,
directly reducing the frame number can boost VPTs’ efficiency,
but it results in a small temporal receptive field that hinders the
model from capturing sufficient spatio-temporal information in
pose estimation [22], [23]. Hence, it is essential to design an
efficient solution while maintaining a large temporal receptive
field for accurate estimation. Second, adjacent frames in a video
sequence contain redundant information due to the similarity
of nearby poses (50 Hz cameras used in Human3.6M [24]).
Moreover, recent studies [25], [26] found that many tokens
tend to be similar in the deep transformer blocks. Hence,
using full-length pose tokens in these blocks tends to intro-
duce redundant calculations but contributes little to the pose
estimation.

Based on these observations, we propose to prune pose tokens
in the deep transformer blocks to improve the efficiency of
VPTs. Although token pruning can reduce the number of tokens
and improve efficiency, it also makes it difficult to estimate the
consecutive 3D pose of all frames, as each token corresponds
to one frame in existing VPTs [14], [15], [16]. Additionally,
for efficient inference, a real-world 3D HPE system should
be able to estimate the 3D poses of all frames at once in an
input video. Therefore, it is necessary to recover the full-length
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Tlustration of different VTP frameworks. (a) Existing VPTs [13], [14], [15], [16] follow a “rectangle” paradigm that retains the full-length sequence across

all blocks, which incurs expensive and redundant computational costs. (b) HoT [21] follows an “hourglass” paradigm that prunes the pose tokens and recovers the
full-length tokens, which keeps a few tokens in the intermediate transformer blocks and thus improves the model efficiency. (¢) Our HoOT extends HoT [21] by
introducing a hierarchical pruning design, forming an “trophy-shaped (pyramidal)” paradigm. The gray squares represent the pruned tokens.

tokens to estimate 3D poses for all frames so that the model
can achieve fast inference and be compatible with existing VPT
frameworks.

Driven by this analysis, we present a novel hierarchical
pruning-and-recovering framework for efficient transformer-
based 3D HPE from videos. Different from existing VPTs [13],
[14], [15], [16] that maintain the full-length sequence across
all blocks, our method begins with progressively pruning the
pose tokens of redundant frames and ends with recovering the
full-length tokens. With such pruning and recovering designs,
we can keep only a few tokens in the intermediate transformer
blocks and effectively improve the model efficiency (see Fig. 1).
Specifically, we design a Token Pruning Module (TPM) to select
afew representative tokens, which can maintain rich information
while reducing video redundancy. In addition, we design a
Token Recovering Module (TRM) to expand the low temporal
resolution caused by the pruning operation to the full temporal
resolution. This strategy enables the network to estimate consec-
utive 3D poses of all frames and clearly improves the inference
speed.

Our method can be easily integrated into existing VPTs [14],
[15], [16], [27] with minimal modifications (see Fig. 2). Specifi-
cally, the first few transformer blocks of VPTs remain unchanged
to obtain pose tokens with comprehensive information from full
video frames. These pose tokens are then progressively pruned
by the proposed TPM with its hierarchical pruning design. The
remaining tokens, serving as representative tokens, are further
fed into the subsequent transformer blocks. Finally, TRM re-
covers the full-length tokens after the last transformer block,
while the intermediate transformer blocks still use representative
tokens.

To validate the effectiveness and efficiency of our method,
we deploy it on top of SOTA VPTs, including MHFormer [14],
MixSTE [15], MotionBERT [16], and MotionAGFormer [27].
Extensive experiments demonstrate that the proposed method
can greatly reduce the computational costs without sacrificing
the pose estimation performance.

This work can be summarized as follows:

e We present HoOT, a hierarchical plug-and-play pruning-
and-recovering framework for efficient transformer-based
3D HPE from videos. Our HoOT reveals that maintaining
the full-length pose sequence is redundant, and identifying
and keeping a few representative pose tokens can achieve
both high efficiency and performance.

e To accelerate VPTs, we propose a Token Pruning Module
(TPM) to select a few representative tokens for video
redundancy reduction and a Token Recovering Module
(TRM) to restore the original temporal resolution for fast
inference.

e Extensive experiments conducted on four recent VPTs
show that HoOT achieves highly competitive or even su-
perior results while significantly improving efficiency.

Part of the material presented in the paper appeared in our

CVPR 2024 conference paper [21]. This journal version ex-
tends [21] in several ways:

e Unlike [21] that lacks a hierarchical design, we propose a
novel hierarchical pruning strategy that gradually reduces
the number of tokens as the layer gets deeper. Such a hierar-
chical design introduces a pyramidal feature hierarchy to
VPTs, enabling our method to reduce video redundancy
more effectively and further improve the efficiency of
VPTs.

e We observe that cluster pruning and attention recovering
strategies in [21] require additional parameters and impose
a significant burden on the inference time compared to the
original VPT models. To address this issue, we introduce
sampling pruning and interpolation recovering strategies
that are parameter-free and fast which makes HoOT more
robust and suitable for real-world applications.

® With the above new designs, HoOT enables more efficient
VPTs as compared with [21], as validated in extensive
ablation studies.

e We extend the experiments by comparing our HsOT
with very recent works. Extensive experiments show
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Overview of the proposed Hierarchical Hourglass Tokenizer (H2OT). HoOT mainly consists of a Token Pruning Module (TPM) and a Token Recovering

Module (TRM). TPM selects the pose tokens of representative frames after the first few transformer blocks and TRM recovers the full-length tokens after the last
transformer block. Note that TRM can be added either before or after the regression head and we add it before the regression head here.

that the proposed framework achieves both high effi-
ciency and estimation accuracy compared with SOTA
VPTs.

II. RELATED WORK

Transformer-based 3D HPE: Transformers are first pro-
posed in [28] have been successfully applied to different com-
puter vision tasks [29], [30], [31], [32] and video-based 3D
HPE [14], [15], [16], [33], [34]. These video pose transform-
ers (VPTs) are often built to capture spatial and temporal in-
formation for 3D HPE using transformers. PoseFormer [13]
designs a transformer-based architecture to capture joint cor-
relations and temporal dependencies. MHFormer [14] learns
spatio-temporal multi-hypothesis representations of 3D human
poses via transformers. MixSTE [15] proposes a mixed spatio-
temporal transformer to capture the temporal motion of different
body joints. MotionBERT [16] presents a dual-stream spatio-
temporal transformer to model long-range spatio-temporal rela-
tionships among skeletal joints.

However, the improved performance of these VPTs comes
with aheavy computation burden, which limits their applications
in practice. In this work, we improve the efficiency of existing
VPTs by keeping a few representative tokens in the intermediate
transformer blocks.

Efficient 3D HPE: Efficient 3D HPE is critical in comput-
ing resource-constrained environments. Existing explorations
mainly focus on efficient architecture design [22], [35], [36]
and data redundancy reduction [18], [19], [20], [37]. VPose [22]
presents a fully convolutional architecture that processes multi-
ple frames in parallel. Strided [19] designs a strided transformer
encoder to aggregate redundant sequences. Recently, several
studies [18], [20], [37] have attempted to improve model ef-
ficiency from the input sequence. For example, P-STMO [18]
proposes a temporal downsampling strategy on the input side
to diminish data redundancy. DeciWatch [37] proposes a flow
that takes sparsely sampled frames as inputs. Einfalt et al. [20]
designs a joint uplifting and upsampling transformer architecture
to generate dense 3D poses from sparse sequences of 2D poses.
Besides, many efficient methods [19], [20], [38] are designed

for a specific model and some methods [37], [39] are built on
single-frame estimators [35], [40], [41], [42].

However, none of them unifies the efficient design for different
VPTs. We are the first to propose a plug-and-play framework for
efficient VPTs, which can be plugged into common VPT models.

Token Pruning for Transformers: The self-attention complex-
ity in transformers grows quadratically with the number of to-
kens, making it infeasible for high spatial or temporal resolution
inputs. Several studies [43], [44], [45], [46] attempt to alleviate
this issue with token pruning, aiming to select significant tokens
from different inputs. The studies show that discarding less
informative tokens in the deep transformer blocks only leads to a
slight performance drop. DynamicViT [25] proposes a learnable
prediction module to estimate the scores of tokens and prune
redundant tokens. PPT [47] selects important tokens based on the
attention score. TCFormer [48] presents a token clustering trans-
former to cluster and merge tokens. VTC-LFC [26] compresses
ViTs from frequency domain and prunes both parameters and
tokens. GTPT [49] groups human keypoint tokens and prunes
visual tokens to reduce redundancy.

In this work, we are the first to perform token pruning in VPTs
for model acceleration. Unlike these studies that aim to reduce
less related information (e.g., image background) from images
in the spatial domain, we focus on reducing video redundancy by
selecting a few pose tokens of representative frames in the tem-
poral domain. Furthermore, we propose to restore the full-length
temporal resolution to meet the domain-specific requirement of
efficient video-based 3D HPE.

III. METHOD

Fig. 2 illustrates the overview of our Hierarchical Hourglass
Tokenizer (HoOT). We propose a Token Pruning Module (TPM)
and a Token Recovering Module (TRM) for token pruning
and recovering. Our HoOT is a general-purpose pruning-and-
recovering framework, where TPM and TRM can use different
token pruning and token recovering strategies, and we insert
them into SOTA VPTs [14], [15], [16], [27]. In the following,
we give details about the proposed TPM and TRM and show
how to apply them to existing VPTs.
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Algorithm 1: Hierarchical Pruning Strategy.

Input: Pose tokens = € RF*/*C
Output: Representative tokens & € R™v /¢
1: for layer index [ = 1 in L do
2: for stage index m = 1 in M do
if = b,,, then
Token pruning at b,,-th transformer block
end if
end for
Feature extraction at [-th transformer block
end for
return &

el kw

A. Token Pruning Module

We observe that the existing VPTs [14], [15], [16], [27]
take long video sequences as input and maintain the full-length
sequence across all blocks (Fig. 1(a)), which is computationally
expensive for high temporal resolution inputs. To tackle this is-
sue, we propose a Token Pruning Module (TPM) that prunes the
pose tokens of video frames to improve the efficiency of VPTs.
In our earlier conference work [21], we maintain the full-length
sequence in the early stages and perform token pruning in large
chunks which often leads to clear information loss.

Inspired by the hierarchical design in CNNs [50], [51], we
design hierarchical pruning that gradually reduces the number
of tokens across network layers, leading to a pyramidal feature
hierarchy of VPTs which helps preserve more useful informa-
tion. Algorithm 1 shows the overall algorithm of the proposed
hierarchical token pruning. Compared to the one-time pruning
design (as in our published conference paper [21]) that maintains
the full-length sequence in the early stages, this hierarchical
pruning design reduces the sequence at various stages, creat-
ing a pyramidal feature hierarchy for VPTs (see Fig. 1). Let
T'm € {r1,72,...,72} be the number of representative tokens,
b, € {b1,ba,...,bar} be the block index of representative to-
kens, and L be the number of transformer blocks at the m-th
stage. TPM takes the pose tokens z;, € R"m-1*7%C of b, -th
transformer block as inputs and outputs a few representative
tokens 7, € R™*/ “C (< Tm—1). Here, J is the number
of body joints, C' is the feature dimension, and ry = F' is the
number of input frames. Note that our method only prunes the
tokens along the temporal dimension since the frame number
F'is much larger than the joint number J (e.g., F' = 243 and
J =17), i.e., the expensive and redundant computational costs
are dominated by the frame number in the temporal domain.

Another challenging question is how to select a few pose
tokens that maintain rich information for accurate 3D HPE. In the
following, we explore four token pruning strategies to answer
this question, including Token Pruning Cluster (TPC), Token
Pruning Attention (TPA), Token Pruning Motion (TPMo), and
Token Pruning Sampler (TPS).

1) Token Pruning Cluster: We propose a simple, effective,
and parameter-free Token Pruning Cluster (TPC) that dynami-
cally selects a few pose tokens of representative frames to elim-
inate video redundancy. The architecture of TPC is illustrated in

— Spatial Pooling

Clustering

Pose Tokens
I

Cluster Centers

Representative Tokens

Fig.3. Illustration of our Token Pruning Cluster (TPC) architecture. Given the
input pose tokens, we pool them in the spatial dimension, cluster the input tokens
into several groups according to the feature similarity of the pooled tokens, and
select the cluster centers as the representative tokens.

Fig. 3. Given the input pose tokens of the b,,-th transformer
block zp,, € R™-1*7*C an average spatial pooling is used
along the spatial dimension to remove spatial redundancy, re-
sulting in pooled tokens Zj,, € R™1*C. Then, we apply an
efficient density peaks clustering based on k-nearest neighbors
(DPC-kKNN) algorithm [52]. This algorithm clusters the input
pose tokens into several groups according to the feature similar-
ity of the pooled tokens without requiring an iterative process.
The cluster centers of tokens are characterized by a higher
density compared to their neighbors, as well as a relatively large
distance from other tokens with higher densities. For a token

2 € Ty, , the local density of tokens p is calculated by:
1 i j 2
) G S e
29 €kNN(z?)

where kNN(z?) are the k-nearest neighbors of a token z°.

We then define the §; that measures the minimal distance
between the token 2* and other tokens with higher density. The
0; of the token with the highest density is set to the maximum
distance between it and any other tokens. The J; of each token
is calculated by:

5 — Jmingp sy [zt o if 3pj > Pi
! max; ||z — 27|, , otherwise

x" f:v]H

@)

The clustering center score of a token x' is computed by
multiplying the local density p; and the minimal distance J;
(i.e., as p; X d;). A higher score indicates that the token has a
large density and distance, and so a higher potential to be the
cluster center. The top-7,,,-scored input pose tokens are selected
as cluster centers, and the remaining tokens are assigned to the
nearest cluster center with higher density.

The cluster centers have high semantic diversity, containing
more informative information than the other tokens. Therefore,
the cluster centers serve as the representative tokens zp,, €
R7m*J*C for efficient estimation, and the remaining tokens are
discarded for reduction of video redundancy.

2) Token Pruning Attention: VPTs [13], [14], [15], [16],
[19] are based on the transformer architecture [28], which is
effective at capturing long-range spatio-temporal dependencies.
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The core of the transformer is the self-attention mechanism,
which matches a query with a set of key-value pairs to produce
an output [28]. Given the input x, three linear projections are
used to transform z into three matrices: queries ), keys K, and
values V. The self-attention operation can then be computed as
follows:
. QKT

Attention(Q, K, V) = Softmax (\/g) V=aV, Q)
where Q) € R7e%d K e R™¥d and V e R™ >4 d is the di-
mension and n, = n, = n, = n is the number of tokens. o €
R™ ™ is the attention score that determines how much infor-
mation of each pose token is fused into the output. Thus, the
attention score « can be used to select informative tokens.

To this end, we propose a Token Pruning Attention (TPA)
module that uses the attention score to select a few pose tokens
of representative frames. Given the input pose tokens of the
by -th transformer block x;,, € R™1*/*C and the attention
score ay,, € R 1X"m-1 we use @, € R 1 =37 a7 as
the criterion and select the top-r,,-scored pose tokens as rep-
resentative tokens &, € R™*/*C This attention score based
pruning strategy is learnable and can adaptively select the most
informative tokens for efficient estimation.

3) Token Pruning Motion: Human motion can reveal varia-
tions in body movement. Therefore, it is reasonable to assume
that by using human motion to identify keyframes in a motion
sequence, we can retain frames with significant changes while
removing those with minimal changes, thereby reducing redun-
dant information.

With this assumption, we propose a Token Pruning Motion
(TPMo) module that selects a few pose tokens of representative
frames based on human motion. Specifically, given the input 2D
pose sequence p € RF*7/*2 detected by an off-the-shelf 2D HPE
detector from a video, we first transform it into s € R¥>*(/2),
For the b,,-th transformer block, the human motion can be
formulated as:

3 2

_ 2 1 t+1
Mbm — {07 Sbm’ - Sb‘m’ Sb‘m - Sb.m7 ...

) Sb - Sém} ) (4)

where s} is the t-th frame of the sequence s in the b,,-th trans-
former block, and M, € R"m1x(J '2)‘ is the motion matrix.
Then, we use M, € R™1 =3 M as the criterion and
select the top-r,,-scored pose tokens as representative tokens
Tp,, € R /%Y This human motion based pruning strategy
can consider redundancy and context simultaneously to select
frames with a large variation in motion.

4) Token Pruning Sampler: Our conference version [21]
chooses the TPC module for token pruning, which is simple,
effective, and parameter-free. However, we observe some dis-
advantages in TPC used in [21]: (i) TPC utilizes a cluster-based
algorithm for token pruning, but it consumes a big burden on the
inference time compared to the original VPT models. (ii) Em-
ploying clustering necessitates token selection in an unordered
manner which clearly degrades the interpolation efficiency. This
issue also exists in the dynamic token pruning strategies like TPA
and TPMo.

To address these issues, we propose a Token Pruning Sampler
(TPS) module that uses a linear sampling strategy to select a few

Learnable Tokens

2

g , 2
o £
G ﬁ
= .

8L Cross Attention H— 3
c [9]
3 —> Sum 3
g ) g
5] > o
o

Fig. 4. Illustration of our Token Recovering Attention (TRA). TRA takes the

representative tokens of the last transformer block, along with learnable tokens
that are initialized to zero, as input to recover the full-length tokens.

pose tokens. Given the input pose tokens of b,,-th transformer
block z;,, € R™+*/*C TPS uniformly samples pose tokens
along the temporal dimension and output a few representative
tokens i, € R™*/*C Such a simple sampling strategy is
reasonable due to dataredundancy (i.e., nearby poses are similar)
on Human3.6 M dataset [24] (captured by 50 Hz cameras).
TPS is parameter-free, efficient, and requires no additional
computational costs and inference time. Besides, it enables the
token selection in an ordered manner, which is more suitable for
efficient interpolation.

B. Token Recovering Module

A large number of pose tokens have been pruned by TPM,
which significantly reduces the computational costs. However,
for fast inference, a real-world 3D HPE system should be ca-
pable of estimating the consecutive 3D poses of all frames in a
given video (this is called seq2seq pipeline in [15]). Therefore,
different from some token pruning methods in vision trans-
formers that can use a few selected tokens to directly perform
classification [53], [54], [55], [56], we need to recover the
full-length tokens to keep the same number of tokens as the
input video frames (in existing VPTs, each token corresponds
to a frame). Meanwhile, for efficiency purposes, the recovering
module should be lightweight.

1) Token Recovering Attention: We develop a lightweight
Token Recovering Attention (TRA) module to restore the spatio-
temporal information from the selected pose tokens, as shown
in Fig. 4. It only contains one multi-head cross-attention (MCA)
layer without any additional networks. The dot-product atten-
tion [28] in the MCA is defined in (3).

Our MCA takes the learnable tokens 2’ € RF*C that are
initialized to zero as queries and the j-th joint representative
tokens of the last transformer block 7 € R"™ *C as keys and
values, followed by a residual connection:

i =+ MCA (o/,2],2} ), )

where L is the number of transformer blocks. MCA(+) is the
function of MCA, and its inputs are queries, keys, and values.
27 € RF*C is the j-th joint recovered token, whose temporal
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Fig. 5. Summary of existing VPT architectures. Existing VPTs typically
contain a pose embedding module, a stack of transformer blocks, and a regression
head module. The outputs of the regression head can be either the 3D poses of
all frames for the seq2seq pipeline or the 3D pose of the center frame for the
seq2frame pipeline.

dimension is the same as the queries (i.e., the designed learnable
tokens).

The TRA performs a reverse operation of selecting repre-
sentative tokens, which recovers tokens of full-length temporal
resolution from low ones using high-level spatio-temporal se-
mantic information.

2) Token Recovering Interpolation: Although TRA is an
effective design choice for token recovering, it still requires
additional parameters and computational costs. To address this
issue in our conference paper [21], we design a Token Recover-
ing Interpolation (TRI) module that uses a simple interpolation
operation to recover the full-length 3D human poses. The tokens
of the last transformer block z; € R™*/*C are fed into a
regression head to estimate the 3D pose sequence § € R"* />3,
Then, a linear interpolation operation is used to recover the 3D
poses of all frames ¢ € R¥/*3, Note that efficient interpolation
with parallel computing requires that the interpolated sequence
should be ordered. Therefore, in TPM, it is necessary to use TPS
in conjunction with TRI.

C. Applying to Video Pose Transformers

1) Video Pose Transformers: Recent studies of video pose
transformers (VPTs) [13], [15], [16], [18], [19], [57] are mainly
designed to estimate 3D poses from 2D pose sequences. These
VPTs share a similar architecture, which includes a pose em-
bedding module (often containing only a linear layer) to embed
spatial and temporal information of pose sequences, a stack of
transformer blocks to learn global spatio-temporal correlations,
and a regression module to predict 3D human poses. We sum-
marize the architecture in Fig. 5.

Each transformer block consists of a multi-head self-attention
(MSA) layer and a feed-forward network (FFN) layer. Let N
be the number of tokens, D be the dimension, and 2D be the
expanding dimension in the FFN (the expanding ratio in VPTs
is typically 2). The calculational costs of MSA and FFN are
O(4ND? +2 N2D), and O(4N D?), respectively. Thus, the
total computational complexity is O(8N D? + 2 N2D), which
makes VPTs computationally expensive. Since the dimension D
is important to determine the modeling ability and most recent
VPTsemploy a D of 512 or 256, we follow their hyperparameter

/
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/
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Module
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Transformer Blocks
Transformer Blocks
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Fig. 6. Illustration of our framework on seg2frame pipeline. The pose tokens
are fed into TPM to select representative tokens. After the regression head, the
3D pose of the center frame is selected as the output for evaluation.

settings and propose to prune pose tokens of video frames (i.e.,
reducing V) to reduce the computational cost of VPTs.

There are two types of pipelines based on VPT’s inference
outputs: seq2frame [13], [14], [18], [19] and seg2seq [15], [16],
[27] pipelines. The seq2frame pipeline outputs the 3D pose
of the center frame and requires repeated inputs of 2D pose
sequences with significant overlap to predict the 3D poses of
all frames, which makes it less efficient but can achieve better
performance by considering both past and future information.
In contrast, the seq2seq pipeline outputs 3D poses of all frames
from the input 2D pose sequence at once, making it more
efficient but less accurate. As a result, these two pipelines have
their unique strengths, and we need to develop two strategies to
better accommodate their different inference manners.

2) Applying to Seq2seq Pipeline: For the seq2seq pipeline,
the outputs are all frames of the input video, and hence we need
to restore the original temporal resolution. TPM and TRM are
inserted into VPTs, where TPM prunes the tokens after a few
transformer blocks and TRM recovers the full-length tokens af-
ter the last transformer block, as shown in Fig. 2. Given the input
2D pose sequence p € R¥*7*2 detected by an off-the-shelf 2D
HPE detector from a video, we first feed p into a pose embedding
module to embed spatial and temporal information, resulting in
tokens 2 € R¥*/*¢ The embedded tokens are then fed into first
few transformer blocks. Next, TPM selects representative tokens
& € R™*/*C after several hierarchical pruning stages, and use
them as the inputs of subsequent transformer blocks. TRM has
two different design choices: TRA and TRI. (i) TRA recovers the
full-length tokens from the tokens of the last transformer block
xp € RrmxJxC resulting in recovered tokens & € REXI*C,
It finally includes a regression head to estimate the 3D poses
of all frames g € R¥*7*3_ (ji) For TRI, the tokens of the last
transformer block x;, € R™*7/*C are fed into the regression
head to estimate the 3D pose sequence § € R"*/*3_ Then TRI
utilizes the interpolation operation to recover the 3D poses of all
frames g € RI*/>3,

3) Applying to Seq2frame Pipeline: For the seqg2frame
pipeline, the output is the 3D pose of the center frame. Therefore,
TRM is unnecessary and we only insert TPM into VPTs. Since
the token of the center frame directly corresponds to the output
and can provide crucial information to the final estimation, we
concatenate it with the selected tokens to make this pipeline work
better. As shown in Fig. 6, the early stages of both pipelines share
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TABLE I
IMPLEMENTATION DETAILS OF OUR METHOD ON MHFORMER [14],
MIXSTE [15], MOTIONBERT [16], AND MOTIONAGFORMER [27]. (L) -
NUMBER OF TRANSFORMER BLOCKS, (C') - DIMENSION, (LR) - INITIAL
LEARNING RATE, (FLIP) - HORIZONTAL FLIP AUGMENTATION, (CPN) -
CASCADED PYRAMID NETWORK [63], (SH) - STACK HOURGLASS [64]

Config \MHFormer [14]MixSTE [15]MotionBERT [16]MotinAGFormer [27]
L 3 8 5 16

C 512 512 256 128
Training Epoc 20 160 120 120

Batch Size 210 4 4 4

LR 1x1073 4x107° 5x1074 5x1074
Optimizer Amsgrad Adam Adam Adam
Augmentation Flip Flip Flip Flip

2D Detector CPN CPN SH SH

the same workflow. After the last transformer block, the tokens
are directly sent to the regression head to perform regression and
the 3D pose of center frame ey e € RY7*3 is selected as the
final prediction.

IV. EXPERIMENTS
A. Datasets and Evaluation Metrics

Datasets: We evaluate our method on two 3D HPE bench-
mark datasets: Human3.6M [24], MPI-INF-3DHP [58], and
H3WB [59]. Human3.6 M is the most widely used dataset for
3D HPE. It consists of 3.6 million video frames recorded by four
RGB cameras at 50 Hz in an indoor environment. This dataset
includes 11 actors performing 15 daily actions. Following [57],
[60], [61], [62], subjects S1, S5, S6, S7, S8 are used for training
and subjects S9, S11 are used for testing. MPI-INF-3DHP is
another popular 3D HPE dataset. This dataset contains 1.3
million frames collected in indoor and outdoor scenes. It is
smaller than Human3.6 M but more challenging due to its diverse
scenes, viewpoints, and motions. H3WB extends Human3.6 M
by introducing comprehensive whole-body annotations, includ-
ing 133 detailed keypoints that capture precise information about
hands, face, and feet.

Evaluation Metrics: For Human3.6 M, we use the most com-
monly used mean per joint position error (MPJPE) as the eval-
uation metric, which measures the average euclidean distance
between estimated and ground truth 3D joint coordinates in mil-
limeters. For MPI-INF-3DHP, we follow previous works [13],
[14], [15] to report metrics of MPJPE, percentage of correct
keypoint (PCK) with the threshold of 150 mm, and area under
curve (AUC). For H3WB, we report the MPJPE metric.

B. Implementation Details

The network is implemented using the PyTorch framework on
one consumer-level NVIDIA RTX 3090 GPU with 24 G mem-
ory. Our method builds upon MHFormer [14], MixSTE [15],
MotionBERT [16], and MotionAGFormer [27] for their largest
frame number (i.e., F' = 351, 243, 243, 243) models. We adopt
the same optimal hyperparameters and training strategies used
n [14], [15], [16], [27], as detailed in Table I. We also use
the same loss functions for training, such as MPJPE loss for
MHFormer, and weighted MPJPE loss, temporal consistency
loss (TCLoss), and mean per-joint velocity error (MPJVE)

for MixSTE. By default, we set {F = 351, r = [175,117],
b = [0, 1]} for MHFormer, { F' = 243, = [121,81],b = [0, 3]}
for MixSTE, {F = 243, r = [121,81], b = [0, 1]} for Motion-
BERT, and {F = 243, r = [121,81], b = [0, 7]} for Motion-
AGFormer. Note that MHFormer is designed for seq2frame
pipeline, so we only implement the TPM on it. MixSTE, Motion-
BERT, and MotionAGFormer are designed for seg2seq pipeline
and can be implemented on both seg2frame (with TPM) and
seq2seq (with HoOT) pipelines.

C. Ablation Study

To validate the effectiveness of our method, we conduct
extensive ablation studies on Human3.6 M dataset.

Token Pruning and Recovering Designs: Our method is a
general-purpose pruning-and-recovering framework that can
be directly inserted into various token pruning and recovering
techniques. In Table II, we compare different combinations
of TPC, TPA, TPMo, and TPS for token pruning, and TRA
and TRI for token recovering. The hyper-parameters are all set
by F =243, r = 81, and b = 3 for a fair comparison. Since
efficient interpolation requires the sequence to be ordered, TRI
can only be combined with TPS. To measure the quality of
selected tokens, we define a frame noise metric that calculates
the MPJPE of the 2D poses of input frames corresponding to
the selected indexes. As the table shows, the frame noises across
these methods are similar (around 6.6 mm) except for the motion
pruning (7.0 mm). This is because selecting tokens with top-k
large motion introduces noisy frames that differ significantly
from clean frames, which can adversely affect performance.
Moreover, the studies show that the combination of TPS and TRI
requires the fewest parameters (33.78 M) and FLOPs (161.73 G)
but achieves the highest FPS per frame (66). It also has the
lowest relative ratio of time spent on token pruning and recovery
(0.00) and achieves competitive performance (41.1 mm). As a
comparison, TPC consumes more inference time (56 FPS/Frame
and 0.33 Ratio) and TRA requires additional parameters and
computational costs (35.00 M Param and 167.52 G FLOPs),
while TPS and TRI are clearly more efficient. We therefore adopt
TPS and TRI to create more powerful and faster VPT models.

Furthermore, we statistically visualize selected tokens of four
token pruning strategies: TPC, TPA, TPMo, and TPS. For better
observation, we take samples of consecutive video sequences as
input with a temporal interval of 1 between neighboring samples.
The frame indexes and the frequency count of frame indexes of
the selected tokens are shown in Fig. 7 (top) and Fig. 7 (bottom).
TPS and TPMo are static pruning methods because the former
selects tokens at a fixed frame interval (equidistance in the top
of Fig. 7(d)), while the latter selects tokens with top-k large
motions that move with the input sequence (oblique triangle in
the top of Fig. 7(c)). Instead, TPA and TPC are dynamic methods
that consider the significance of input tokens. The bottom of
Fig. 7(b) shows that TPA tends to select tokens in the left half of
a sequence, indicating that the selected tokens tend to be similar
to each other [26]. TPC primarily selects tokens at the beginning,
center, and end of a sequence (the bottom of Fig. 7(a)). This
is reasonable since these three parts can represent the rough
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TABLE I
ABLATION STUDY ON THE DIFFERENT COMBINATIONS OF TOKEN PRUNING AND RECOVERING STRATEGIES UNDER SEQ2SEQ PIPELINE. “FPS/FRAME” DENOTES
FRAME PER SECOND PER EACH OUTPUT FRAME. “FN” DENOTES THE FRAME NOISE THAT CALCULATES THE MPJPE OF SELECTED FRAMES. “RATIO” DENOTES
THE RATIO OF TIME SPENT ON TOKEN PRUNING AND RECOVERING WITH THE OVERALL INFERENCE TIME

Token Pruning

Token Recovering

Method FN TPC TPA TPMo TPS TRA TRI | Param (M) FLOPs(G) FPS/Frame Ratio | MPJPE |
MixSTE [15]  6.61 | 33.78 277.25 41 - 40.9
Ours 6.63 v v 35.00 167.52 56 0.33 41.0
Ours 6.56 v v 35.00 167.52 63 0.04 421
Ours 7.00 v v 35.00 167.52 62 0.03 428
Ours 6.61 v v 35.00 167.52 64 0.03 414
Ours 6.61 v v 33.78 161.73 66 0.00 411
0
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Fig. 7. Statistics visualization of selected tokens for different token pruning strategies. Top: Frame indexes of selected tokens for some samples (140 samples)

of consecutive video sequences (243 frames). Blue points are selected tokens and white points are pruned tokens. Bottom: Frequency count of frame indexes of

selected tokens for these samples.

TABLE III
COMPARISON OF EFFICIENCY AND ACCURACY BETWEEN SEQ2SEQ () AND SEQ2FRAME (1) INFERENCE PIPELINES. FPS, GPU MEMORY COST (G), AND TRAINING
TIME (MIN/EPOCH) ARE COMPUTED ON A SINGLE GEFORCE RTX 3090 GPU

Method ‘ Param (M) FLOPs (G) FPS GPU Memory Training Time ‘ MPJPE |
MixSTE [15] (*) 33.78 277.25 9982 114 17.9 40.9
HoT w. MixSTE [21] (*) 35.00 167.52 (] 39.6%) 14297 (1 43.2%) 7.6 (1 33.3%) 11.2 ({ 37.4%) 41.0
H,OT w. MixSTE (Ours) () 33.78 118.23 (| 57.4%) 18745 (1 87.8%) 5.6 (1 52.3%) 8.4 (| 53.1%) 40.5
MixSTE [15] (}) 33.78 277.25 41 114 17.9 40.7
TPC w. MixSTE [21] (w/0 TRM) (1) 33.78 161.73 (| 41.7%) 61 (1 48.8%) 7.3 (J 36.9%) 10.7 (4 40.2%) 40.4
TPM w. MixSTE (Ours, w/o TRM) (t) 33.78 118.23 (| 57.4%) 69 (1 68.3%) 5.6 (1 50.9%) 8.7 (1 51.4%) 404
MotionBERT [16] (x) 16.00 131.09 12719 10.7 18.5 39.8
HoT w. MotionBERT [21] (x) 16.35 63.21 (] 51.8%) 15289 (1 20.2%) 6.1 (] 43.0%) 11.5 (4 37.8%) 39.8
H;OT w. MotionBERT (Ours) () 16.00 47.98 (] 63.4%) 18779 (1 47.6%) 4.4 (| 58.9%) 9.0 ({ 51.4%) 39.9
MotionBERT [16] (1) 16.00 131.09 52 10.7 18.5 39.5
TPC w. MotionBERT [21] (w/o0 TRM) (}) 16.00 61.04 (] 53.4%) 68 (1 30.8%) 5.7 (1 46.7%) 10.9 (] 41.1%) 39.2
TPM w. MotionBERT (Ours, w/o0 TRM) (t) 16.00 47.98 (| 63.4%) 76 (1 46.2%) 4.4 (] 58.9%) 8.9 (1 51.9%) 39.3

motion of an entire sequence, which contributes a lot to accurate
estimation. These findings highlight that these different token
pruning strategies have different characteristics, and all of them
can select representative pose tokens to eliminate the redundancy
of video frames.

Inference Pipelines: In Table 111, we compare the efficiency
and accuracy of different inference pipelines (mentioned in
Section III-C). We conduct experiments on MixSTE [15] and
MotionBERT [16] because both are designed for seg2seq
pipeline and can be evaluated on both seg2frame and seq2seq

pipelines. As shown in the table, the seq2frame can achieve
better estimation accuracy by taking advantage of past and future
information but lower efficiency due to repeated computation,
i.e., 40.7 mm versus 40.9 mm and 41 FPS versus 9982 FPS
for MixSTE (about 243 x lower). Moreover, our method can
reduce the computational costs and improve the inference speed
of these two pipelines, while maintaining or obtaining better
performance.

For the seg2seq, our method can reduce the FLOPs of MixSTE
and MotionBERT by 57.4% and 63.4% and improve the FPS
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TABLE IV

ABLATION STUDIES ON THE NUMBER OF REPRESENTATIVE TOKENS (7) AND THE BLOCK INDEX OF REPRESENTATIVE TOKENS (b) UNDER SEQ2SEQ PIPELINE.
FRAME PER SECOND (FPS) WAS COMPUTED ON A SINGLE GEFORCE RTX 3090 GPU

Method | r b Param (M) FLOPs (G) FPS/Frame GPU Memory  Training Time | MPJPE |
MixSTE [15] 243 - 33.78 277.25 41 114 17.9 409
HoT w. MixSTE [21] | 81 3 35.00 16752 (1 39.6%) 56 (136.6%)  7.6(133.3%)  112(1374%) | 410
H,OT w. MixSTE 181] 3] 33.78 16173 (| 41.7%) 66 (T 6L.0%) 7.3 (1 36.0%)  10.7 (| 40.2%) 41.0
H,OT w. MixSTE [121, 81] [0,3] 33.78 11823 (| 57.4%) 82 (1 100.0%) 5.6 (I 50.9%) 8.0 (| 55.3%) 1405
H,OT w. MixSTE [121, 81, 49] [0,3, 5] 33.78 104.54 (| 62.3%) 85 (1 107.3%) 5.1 (| 55.3%) 7.9 (| 55.9%) 407
H,0T w. MixSTE [189, 121, 81, 49] [0,3,5,7] 33.78 149.32 (] 46.1%) 74 (1 80.5%) 6.7 (1 41.2%) 10.1 ({ 43.6%) 40.8
H,OT w. MixSTE [189, 81] [0,3] 33.78 14248 (| 48.6%) 75 (1 82.9%)  6.4(] 43.9%)  10.2 (| 43.0%) 407
H,OT w. MixSTE [121, 81] [0,3] 3378 11823 (| 57.4%) 82 (1 100.0%) 5.6 (] 50.9%) 8.0 (| 55.3%) 405
H,OT w. MixSTE [121, 49] [0,3] 3378 9541 (| 65.6%) 82 (1 100.0%) 48 (| 57.9%) 6.8 (| 62.0%) 412
H,OT w. MixSTE [121, 27] [0,3] 33.78 7973 (1 71.2%) 83 (1 1024%) 4.4 (| 61.4%) 6.5 (| 63.7%) 413
H,OT w. MixSTE [121, 81] [0,3] 33.78 11823 (| 57.4%) 82 (1 100.0%) 5.6 (I 50.9%) 8.0 (| 55.3%) 105
H,OT w. MixSTE [121, 81] [0, 5] 33.78 129.64 (| 53.2%) 82 (1 100.0%) 5.7 (| 50.0%) 8.7 (| 51.4%) 408
H,OT w. MixSTE [121. 81] [0,7] 3378 14105 (1 491%) 80 (1 95.1%) 6.4 (| 43.9%) 9.5 (| 46.9%) 406
HoOT w. MixSTE [121, 81] [3.5] 33.78 173.14 (| 37.6%) 64 (1 561%)  7.8(1 316%) 113 (| 36.9%) 409
H,OT w. MixSTE [121, 81] [3.7] 3378 18455 (| 334%) 62 (1 51.2%)  82( 281%) 120 (| 33.0%) 4038
H,OT w. MixSTE 1189, 121, 81] [0, 3, 5] 33.78 15380 (| 44.5%) 72 (1 75.6%)  6.9(1 39.5%)  10.8 (| 39.7%) 409
H,OT w. MixSTE [121, 81, 49] [0, 3, 5] 33.78 104.54 (| 62.3%) 81 (1 97.6%) 5.1 (I 55.3%) 7.2 (1 59.8%) 407
H,OT w. MixSTE [121, 81, 27] [0,3, 5] 33.78 95.13 (| 65.7%) 84 (1 104.9%) 4.9 (| 57.0%) 6.7 (| 62.6%) 416
H,OT w. MixSTE [121, 81, 49] [0,3, 5] 33.78 10454 (| 623%) 84 (1 1049%) 5.1 (| 55.3%) 7.2 (1 59.8%) 407
H,OT w. MixSTE [121, 81, 49] [0,3.7] 3378 113.67 (| 59.0%) 83 (1 1024%) 5.4 (| 52.6%) 7.8 (1 56.4%) 409
H,OT w. MixSTE [121, 81, 49] [0,5,7] 3378 125.08 (| 54.9%)  71(1 73.2%) 58 (] 49.1%) 9.0 (| 49.7%) 4038
H,OT w. MixSTE [121, 81, 49] 3.5, 7] 3378 16857 (1 39.2%) 66 (1 61.0%)  7.6(] 33.3%) 111 (] 38.0%) 407
H,OT w. MixSTE [189,121,81,49]  [0,3,5,7] 33.78 14932 (1 46.1%) 74 (1 80.5%) 67 (L 41.2%)  10.2 (| 43.0%) 408
H,OT w. MixSTE [121, 81, 49, 27] [0,3,5,7] 33.78 101.40 (| 63.4%) 84 (1 104.9%) 5.1 (J 55.3%) 7.7 (1 57.0%) 413

by 87.8% and 47.6%, respectively. Meanwhile, our method can
improve performance by 0.5 mm for MixSTE and only decrease
it by 0.1 mm (0.25% ) for MotionBERT. For the seq2frame, our
TPM w. MixSTE can reduce the FLOPs by 57.4% and improve
the FPS by 68.3%, while bringing 0.3 mm improvement. Ad-
ditionally, our TPM w. MotionBERT can reduce 63.4% FLOPs
and improve 46.2% FPS, while the estimation errors are reduced
from 39.5 mm to 39.3 mm. Note that our method with TPM
outperforms the one utilizing HoOT, largely because TRM in
H,OT is a reverse operation that uses inadequate information to
recover the full-length tokens.

We also compare our method with our conference ver-
sion [21]. As shown in Table III, compared with [21], our
method can further reduce the FLOPs, GPU memory cost, and
training time, while improving the FPS and maintaining the
performance. For example, our HoOT w. MixSTE outperforms
HoT w. MixSTE [21] by reducing FLOPs by 29.4% (118.24 G
versus 167.52 G), GPU memory cost by 26.3% (5.6 G versus
7.6 G), and training time by 25.0% (8.4 min/epoch versus
11.2 min/epoch), while improving the FPS by 31.1% (18745 ver-
sus 14297) and MPJPE by 0.5 mm (from 41.0 mm to 40.5 mm).
This demonstrates the effectiveness of our H,OT in reducing the
computational costs, enabling stronger and faster VPT models
on resource-limited devices.

In the following ablations, we conduct experiments on the
seq2seq pipeline since it is more efficient and widely used in
practice, and we choose MixSTE [15] as the baseline since it
is the first seq2seq transformer-based architecture, and Motion-
BERT [16] and MotionAGFormer [27] are its follow-ups.

Hyperparameters (r and b): The number of representative
tokens () and the block index of representative tokens (b) can
be flexibly adjusted, thereby achieving the trade-off between

TABLE V
COMPARISON WITH MIXSTE [15] AND HOT [21]

Method | F b r Param (M) FLOPs (G) |[MPJPE |
MixSTE [15] 81 81 - 33.70 92.42 42.7
MixSTE [15] 121 121 - 33.72 138.05 42.0
MixSTE [15] 105 105 - 33.71 119.80 42.3
HoT w. MixSTE |243 81 0 35.00 109.76 414
HoT w. MixSTE |243 81 3 35.00 167.52 41.0
HoT w. MixSTE |243 121 0 35.02 153.26 41.3
HoT w. MixSTE |243 121 3 35.02 196.75 41.1
HoT w. MixSTE |243 81 1 35.00 121.31 41.2
HoT w. MixSTE |243 89 0 35.00 118.46 41.7
HoT w. MixSTE |243 15 3 34.97 119.28 429
H,OT w. MixSTE ‘ 243 [121, 81] [0, 3] 33.78 118.23 ‘ 40.5

computational costs and accuracy. Table IV shows ablation
studies on r and b in a hierarchical design under seg2seq
pipeline. We can see that decreasing b and r can reduce the
FLOPs, and the best accuracy is achieved while r = [121, 81]
and b = [0, 3]. This indicates that appropriate b and f can bring
a good trade-off between retaining important information and
reducing redundant information for both the pruning and recov-
ering stages. Therefore, the optimal hyper-parameters for our
H>OT w. MixSTE are r = [121, 81] and b = [0, 3]. We can also
flexibly adjust  and b to achieve a speed-accuracy trade-off
according to specific requirements.

We also compare our method with MixSTE [15] using the
same number of representative tokens and approximately the
same number of FLOPs. To achieve this, we set the input
frame number of the original MixSTE to F' = 81,105, 121.
The results in Table V show that our method obtains better
results, further demonstrating the importance of large receptive
fields and the effectiveness of our method. Additionally, we
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TABLE VI
ABLATION STUDY ON THE NUMBER OF RECOVERED TOKENS ( f) UNDER
SEQ2FRAME PIPELINE

Method | Param (M) FLOPs (G) | MPJPE |

MixSTE [15] ‘ 33.78 277.25 ‘ 40.9

H,OT w. MixSTE (f = 9) 33.78 11823 412

H,OT w. MixSTE (f = 27) 33.78 118.23 40.7

H>OT w. MixSTE (f = 81) 33.78 11823 40.7

H,OT w. MixSTE (f = 243) 33.78 118.23 404
TABLE VII

COMPARISON OF PARAMETERS (M), FLOPS (G), AND MPJPE WITH SOTA
VPTs ON HUMAN3.6 M. HERE, F' DENOTES THE NUMBER OF INPUT FRAMES.
* INDICATES OUR RE-IMPLEMENTATION

Method | F Param FLOPs MPJPE |
PoseFormer (ICCV’'21) [13] 81 9.60 1.63 443
Strided (TMM'22) [19] 351435 1.60 43.7
P-STMO (ECCV’22) [18] 243701 174 428
Einfalt et al. (WACV’23) [20] 351 10.36 1.00 442
HDFormer (IJCAI'23) [10] 9% 370 1.18 42,6
STCFormer (CVPR’23) [65] 243 1893 156.22 40.5
KTPFormer (CVPR'24) [66] 243 33.65 277.27 40.1
MHFormer (CVPR'22) [14] 3513152 14.15 43.0
TPC w. MHFormer (CVPR'24) [21] 351 31.52  8.22 ({ 41.9%) 43.0
TPM w. MHFormer (Ours) 3513152  6.74 (] 52.4%) 432
MixSTE (CVPR’22) [15] 243 33.78 277.25 40.9
HoT w. MixSTE (CVPR'24) [21] 243 35.00 167.52 (] 39.6%) 41.0
H,OT w. MixSTE (Ours) 2433378 11823 (| 57.4%) 405
MotionBERT (ICCV’23) [16] 243 16.00 131.09 39.2
MotionBERT (ICCV’23) [16]* 243 16.00 131.09 39.8
HoT w. MotionBERT (CVPR'24) [21] 2431635 63.21 (] 51.8%) 39.8
H,OT w. MotionBERT (Ours) 243 16.00  47.99 (] 63.4%) 399
MotionAGFormer (WACV’24) [27] 243 11.72  95.99 38.4
HoT w. MotionAGFormer (CVPR'24) [21]|243 11.83  60.56 ({ 36.9%)  38.9
H>,OT w. MotionAGFormer (Ours) 243 11.72  38.87 (1 59.5%) 38.5

compare our method with our conference version HoT [21] using
similar hyperparameters and approximately the same number of
FLOPs. Table V shows that our HoOT w. MixSTE using fewer
parameters and FLOPs achieves better performance than HoT
w. MixSTE [21]. This further demonstrates the effectiveness of
our hierarchical design and efficient TPS and TRI.

Number of Recovered Tokens: In Table VI, we conduct the
ablation study on the number of recovered tokens (f) under
seq2frame pipeline. Since f differs from the input frames, we
evaluate the performance under the seq2frame pipeline, which
selects the 3D pose of the center frame as the final estima-
tion. The results show that the performance remains almost
unchanged when adjusting f. Therefore, we choose f = 243,
which is more efficient and can be evaluated under the seg2seq
pipeline.

D. Comparison With State-of-the-Art Methods

Current SOTA performance on Human3.6 M is achieved by
transformer-based architectures. We compare our method with
them by adding it to four very recent VPTs: MHFormer [14],
MixSTE [15], MotionBERT [16], and MotionAGFormer [27].
These four models significantly outperform previous works at
the cost of high computational complexity, thus we choose them
as baselines to evaluate our method. The comparisons are shown
in Table VII. For example, compared with MixSTE [15], our

TABLE VIII
COMPARISON OF EFFICIENCY AND ACCURACY WITH DIFFUSION-BASED
METHODS ON HUMAN3.6 M. FRAME PER SECOND (FPS) WAS COMPUTED ON A
SINGLE GEFORCE RTX 3090 GPU

Method [Param (M) FLOPs (G) FPS |MPJPE |
D3DP [67] (H = 5, K = 5)| 3484 27726 820 39.7
H,OT w. D3DP 34.84 11825 (| 57.4%) 1154 (1 40.7%)| 39.8
DiffPose [68] 3378 277.25 6522 39.5
H,OT w. DiffPose 3378  118.23 (| 57.4%) 9426 (1 44.5%)| 39.7

TABLE IX
COMPARISON OF EFFICIENCY AND ACCURACY WITH OTHER METHODS ON
H3WB. FRAME PER SECOND (FPS) WAS COMPUTED ON A SINGLE GEFORCE

RTX 3090 GPU
Method | Param (M) FLOPs (G) FPS | MPJPE |
MixSTE 33.84 2185.36 1417 54.5
H,OT w. MixSTE | 3384 931.96 (| 57.4%) 3385 (1 138.9%) | 547

TABLE X
RESULTS ON HUMAN3.6 M AT DIFFERENT FPS SETTINGS

FPS | 500 25.0 16.7 12.5

MixSTE 40.9 39.6 39.3 39.2

H,OT w. MixSTE 40.5 40.2 40.0 40.8
TABLE XI

QUANTITATIVE COMPARISON WITH SOTA VPTS oN MPI-INF-3DHP

Method F | PCKT AUCt MPJPE |
PoseFormer (ICCV’21) [13] 9 88.6 56.4 77.1
P-STMO (ECCV’22) [18] 81 97.9 75.8 322
Einfalt et al. (WACV’23) [20] 81 95.4 67.6 46.9
HDFormer (IJCAI'23) [10] 81 98.7 729 372
STCFormer (CVPR’23) [65] 81 98.7 83.9 23.1
KTPFormer (CVPR'24) [66] 81 98.9 85.9 16.7
MHFormer (CVPR'22) [14] 9 93.8 63.3 58.0
TPC w. MHFormer (CVPR'24) [21] 9 94.0 63.3 58.4
TPM w. MHFormer (Ours) 9 94.1 63.6 57.8
MixSTE (CVPR’22) [15] 27 94.4 66.5 54.9
HoT w. MixSTE (CVPR'24) [21] 27 94.8 66.5 53.2
H,OT w. MixSTE (Ours) 27 95.2 66.4 53.0
MotionAGFormer (WACV'24) [27] 81 98.3 842 18.2
HoT w. MotionAGFormer (CVPR24) [21] 81 99.0 845 18.8
H,OT w. MotionAGFormer (Ours) 81 99.1 85.2 18.0

HoOT w. MixSTE obtains better performance with 0.5 mm
improvements while reducing computational costs by 57.4% in
FLOPs. We also compare our method with diffusion-based VPTs
(D3DP [67] and DiffPose [68]) in Table VIII. It can be found that
our HoOT with D3DP reduces FLOPs by 57.4% and increases
FPS by 40.7%, with only a 0.1 mm decrease in performance.
Additionally, HoOT with DiffPose achieves a 57.4% reduction
in FLOPs and a 44.5% improvement in FPS with a 0.2 mm
decrease in performance. Moreover, we conduct experiments on
H3WB in Table IX. It can be observed that our HoOT w. MixSTE
reduces FLOPs by 57.4% and improves FPS by 138.9%, with
only a 0.2 mm drop in accuracy. These experiments demonstrate
the effectiveness and efficiency of our method, while revealing
that existing VPTs incur redundant computational costs that
contribute little to the estimation accuracy and even decrease
the accuracy.
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Fig. 8.  Qualitative results of our method on challenging in-the-wild videos.

MixSTE

Fig. 9. Failure cases in challenging scenarios.

Furthermore, we conduct experiments on Human3.6 M at
varying FPS (50 Hz, 25 Hz, 16.7 Hz, and 12.5 Hz), correspond-
ing to downsampling rates of 1, 2, 3, and 4, respectively. The
results are shown in Table X. We can see a performance improve-
ment at lower FPS, which can be attributed to reduced temporal

MixSTE

redundancy and an expanded temporal receptive field [18].
However, we observe that our HoOT w. MixSTE shows slightly
inferior performance compared to the original MixSTE at low
FPS. This can be attributed to the fact that in low-FPS scenarios,
temporal information is sparse, leaving less redundant data that
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F

Fig. 10.

Visualization of input images, estimated 3D poses (cyan), and ground truth 3D poses (black) from three video sequences. The 2D poses of selected

frames are colored in red, and the 2D poses of pruned frames are colored in gray. The 3D poses of selected frames are highlighted with red rectangular boxes.

can be removed through token pruning. Despite this, our method
maintains its core advantage: a remarkable 57.4% reduction in
computational cost while preserving competitive performance.
This makes our method particularly valuable for real-world
applications where computational efficiency is paramount.

We further evaluate our method on MPI-INF-3DHP dataset
in Table XI. For a fair comparison, following [14], [15], [27],
we implement our method on them with the same number of
input frames: MHFormer with {F' =9, r = [5,3], b = [0, 1]},

MixSTE with {F =27, r = [13,9], b = [0, 3]}, and Motion-
AGFormer with {F =81, r = [41,27], b=[0,7]}. It can be
found that our method (TPM w. MHFormer, HoOT w. MixSTE,
and HoOT w. MotionAGFormer) achieves competitive perfor-
mance compared with our original version [21] and the original
VPTs [14], [15], [27]. These results demonstrate the effective-
ness of our method in both indoor and outdoor scenes, and
our method can also work well with a small temporal receptive
field.
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E. Qualitative Results

Fig. 8 shows the qualitative results on challenging in-the-wild
videos. These results confirm the ability of our method to
produce accurate 3D pose estimations. However, in challenging
scenarios, there are some failure cases where our method cannot
accurately estimate 3D human poses due to factors such as
partial body visibility, rare poses, and significant errors in the 2D
detector (Fig. 9). We also provide visualizations of recovering
3D human poses in Fig. 10, which illustrate that our method can
predict realistic 3D human poses of the entire sequence.

V. CONCLUSION

This paper presents Hierarchical Hourglass Tokenizer
(H2OT), a hierarchical plug-and-play pruning-and-recovering
framework for efficient transformer-based 3D human pose es-
timation from videos. Our method reveals that maintaining the
full pose sequence is unnecessary, and using a few pose tokens
of representative frames can achieve both high efficiency and
estimation accuracy. Comprehensive experiments demonstrate
that our method is compatible and general. It can be easily
incorporated into common VPT models on both seg2seq and
seq2frame pipelines while effectively accommodating various
token pruning and recovery strategies, thereby highlighting its
potential for using future ones. We hope HoOT can enable the
creation of stronger and faster VPTs.
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