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Abstract

Existing 2D-to-3D human pose estimation (HPE) meth-
ods struggle with the occlusion issue by enriching informa-
tion like temporal and visual cues in the lifting stage. In
this paper, we argue that these methods ignore the limita-
tion of the sparse skeleton 2D input representation, which
fundamentally restricts the 2D-to-3D lifting and worsens
the occlusion issue. To address these, we propose a novel
two-stage generative densification method, named Hierar-
chical Pose AutoRegressive Transformer (HiPART), to gen-
erate hierarchical 2D dense poses from the original sparse
2D pose. Specifically, we first develop a multi-scale skele-
ton tokenization module to quantize the highly dense 2D
pose into hierarchical tokens and propose a Skeleton-aware
Alignment to strengthen token connections. We then develop
a Hierarchical AutoRegressive Modeling scheme for hier-
archical 2D pose generation. With generated hierarchical
poses as inputs for 2D-to-3D lifting, the proposed method
shows strong robustness in occluded scenarios and achieves
state-of-the-art performance on the single-frame-based 3D
HPE. Moreover, it outperforms numerous multi-frame meth-
ods while reducing parameter and computational complex-
ity and can also complement them to further enhance per-
formance and robustness.

1. Introduction
3D human pose estimation (HPE) from monocular images
has attracted wide attention due to its flexibility in adap-
tation on various devices. It is usually decoupled into
the 2D estimation and 3D lifting stages in existing meth-
ods [27, 52], where the 2D estimation stage estimates
2D poses from input images via off-the-shelf 2D detec-
tors [5, 28, 33], and subsequently, the 3D lifting stage
achieves 2D-to-3D estimation with a lifting model. Such
decoupling enables large-scale training with a large amount
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Figure 1. Top: Comparison of temporal-based and visual-based
methods with our densification approach at the framework level.
These methods enrich information in the lifting stage, while ours
address a more fundamental issue, i.e., the sparse 2D pose in-
put. Bottom: Comparison of parameters, GFLOPs, and MPJPE
across various methods on Human3.6M. The circle size indicates
GFLOPs for inference. Our method achieves the SOTA result with
reduced complexity compared to the temporal-based methods.

of 3D MOCAP data [27] by circumventing the scarce la-
beled 2D/3D ground truth poses for monocular images.
However, the real-world application of 3D HPE faces a
challenge of the occlusion problem (i.e., self-occlusion and
object occlusion), where the unreliable occluded 2D poses
could lead to corrupted 3D lifted poses.

Recent works have introduced additional information in
the lifting stage to alleviate the occlusion issues. Some
methods leverage topology priors (e.g., kinematic pri-
ors [21, 31, 41] and geometric constraints [2, 46]) to im-
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prove the structural understanding of joint correlations, but
often prove ineffective in severe occlusion. Others uti-
lize enriched context (e.g., temporal [25, 30, 54] and vi-
sual cues [26, 35, 52, 55]) to improve the occluded joints
inference, which require extra complex temporal or visual
encoders with increased parameter and computational com-
plexity (see top of Fig. 1). In essence, all these methods pri-
marily focus on enriching the information in the lifting stage
while overlooking the inherent limitation of the current in-
put 2D representation, the sparse 2D skeleton representa-
tion, which fundamentally constrains the performance of
2D-to-3D lifting and worsens the occlusions. Specifically,
current 2D pose datasets typically represent the human body
with few keypoints (e.g., 17 joints for Human3.6M [18]).
This sparse input for lifting inherently limits the ability to
exploit local context. In this paper, we argue that devel-
oping a hierarchical dense 2D skeleton representation is
essential for exploring the intricate skeletal context, thus
enhancing the robustness of occluded 2D-to-3D lifting.

We conduct a toy experiment to demonstrate the benefit
of this hierarchical representation. We collect the dataset
of hierarchical dense 2D poses by progressively coarsening
the 3D ground truth mesh of Human3.6M (6890 vertices→
96 joints→ 48 joints) and projecting them into the 2D pixel
space. When integrating these hierarchical dense 2D poses
into the 2D-to-3D lifting stage, MPJPE is significantly im-
proved by 55% from 37.6mm to 17.5mm, as shown in Ap-
pendix E). This indicates the significance of richer skeletal
information. For example, as shown in the bottom of Fig. 2,
when the right wrist is occluded, the sparse 2D pose only
provides one elbow joint for reference, while the denser 2D
poses offer multiple arm joints to help predict the occlu-
sion region. However, acquiring such hierarchical dense 2D
poses remains a challenge, as the 3D ground truth mesh is
not available in real-world 3D HPE scenarios.

Inspired by recent autoregressive models [10, 24, 32,
36, 38], in this paper, we propose a novel hierarchical 2D
pose densification method named Hierarchical Pose Au-
toRegressive Transformer (HiPART) to address the chal-
lenge. HiPART obtains reliable hierarchical dense 2D poses
conditioned on the original sparse 2D pose input in a gen-
erative fashion with two main modules. First, we design a
Multi-Scale Skeletal Tokenization (MSST) module to pro-
gressively quantize a highly dense 2D pose into hierarchical
discrete tokens via VQ-VAE [38], and introduce a Skeleton-
aware Alignment strategy to strengthen connections across
multi-scale tokens. Second, we develop a Hierarchical Au-
toRegressive Modeling (HiARM) scheme for hierarchical
dense 2D pose generation. Unlike the conventional next-
token prediction widely used in image and video gener-
ation [3, 10, 45], we present novel sparse-to-dense and
center-to-periphery strategies specifically designed for the
non-Euclidean skeletal structure and show their efficiency.

Input DiffPose (49.7mm) Ours (42.0mm) Ground Truth 2D GT (48-joint) 2D GT (96-joint)

Figure 2. Visualization of reconstructed 3D poses and hierarchi-
cal 2D poses on Human3.6M under occlusions. Ours outperforms
DiffPose [13] due to the rich skeletal context in hierarchical poses.

Therefore, HiPART generates hierarchical 2D poses to pro-
vide enhanced local context for subsequent 2D-to-3D lift-
ing.

We perform extensive experiments to validate the effec-
tiveness and efficiency of HiPART. Specifically, we show
that, using only a vanilla spatial transformer for lifting,
HiPART achieves state-of-the-art performance in the single-
frame setting on various 3D HPE benchmarks, including
Human3.6M [18], 3DPW [39], and 3DPW-Occ [50], with
strong robustness in occluded scenarios. Compared to
methods that rely on complex temporal encoders to incorpo-
rate temporal cues, HiPART is superior or comparable with
significantly reduced complexity, as shown in the bottom of
Fig. 1. Note that HiPART is orthogonal to existing temporal
methods and can integrate these methods to further enhance
performance and robustness. The contributions of this pa-
per are summarized below.

• To our best knowledge, we achieve the first hierarchical
dense 2D pose generation scheme to address the occlu-
sion problem for 3D HPE from single monocular image.

• We develop a multi-scale skeleton quantization model via
VQ-VAE along with a Skeleton-aware Alignment to en-
hance token connections.

• We design a novel hierarchical pose autoregression strat-
egy specifically for non-Euclidean skeleton structures.

• We employ the proposed 2D pose generation scheme in
2D-to-3D lifting to achieve state-of-the-art performance
on the single-frame setting and outperforms numerous
multi-frame methods.

2. Related Work

Occlusions in 3D HPE. Existing approaches typically in-
corporate additional information in the lifting stage. Topol-
ogy priors (e.g., kinematic priors [21, 31, 41] and geomet-
ric constraints [2, 46]) are utilized to enhance joint corre-
lations, often failing in severely occluded scenarios. Other
approaches introduce enriched context( e.g., temporal con-
text [25, 30, 34, 54] and visual cues [26, 53, 55]) to improve
the prediction accuracy for occluded joints. While highly
effective, these methods consist of advanced temporal or
image encoders, significantly increasing model and compu-
tational complexity. We alleviate the occlusion problem in
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Figure 3. The overview of the two-stage generative densification method, Hierarchical Pose AutoRegressive Transformer (HiPART). In
Stage 1, the MSST module progressively quantizes the fine 2D pose into hierarchical tokens with Skeleton-aware Alignment. We omit the
reconstruction of the dense 2D pose x̂d for simplicity. In Stage 2, we propose a HiARM scheme to generate (i + 1)-th pair tokens based
on a series of indices less than i + 1. One pair of discrete tokens contains a single sparse token and r dense tokens corresponding to the
related part. Finally, generated hierarchical 2D poses are fed to a vanilla spatial transformer for subsequent 2D-to-3D lifting.

an effective and lightweight manner by incorporating hier-
archical dense 2D poses as input. It addresses the sparse 2D
pose input issue, which is overlooked by existing works.

Hierarchy in 3D HPE. Hierarchical information is essen-
tial in Human Mesh Recovery (HMR) [19, 20, 29, 49], as
the human body can be represented at multi-level, from
sparse joints to dense vertices, which contains rich skeletal
context and can help address occlusions in 3D HPE. For in-
stance, Pose2Mesh [7] uses a learnable transformation ma-
trix to estimate poses in a coarse-to-fine manner. HGN [22]
employs a hierarchical network to reconstruct poses, tran-
sitioning from sparse to dense representations. However,
both methods regard the hierarchical 3D pose prediction as
an auxiliary task, neglecting the accuracy of the hierarchical
2D poses, and leading to minimal performance gains. We
propose a generative densification approach that enhances
2D hierarchical pose estimation and 3D lifting precision.

Generative Models for 3D HPE. Generative models have
shown promising results in various domains, including im-
age, text, and audio generation [4, 14, 15, 17, 44], and
have recently been applied in 3D HPE. For example, diffu-
sion models progressively refine pose distributions, reduc-
ing uncertainty during estimation [8, 13, 16]. However, they
suffer from low inference speed due to reliance on numer-
ous sampling steps. A vector-quantized-based method, i.e.,
PCT [12], uses a two-stage process to construct a codebook
capturing sub-structures and casts pose estimation as a clas-
sification task. While effective, the classification approach
struggles to fully model the latent distribution of discrete to-
kens. We address this in an auto-regression manner in Stage
2 and introduce Skeleton-aware Alignment to strengthen to-
ken connections. Besides, our method has a faster gener-
ation speed than diffusion models due to the posed-based
auto-regression. More discussion is in the Appendix D.

3. Collection of Hierarchical 2D Poses
The goal of our method is to generate reliable hierarchi-
cal 2D poses with denser joints conditioned on the original
sparse 2D pose xs ∈ RJs×2 with Js joints, benefiting sub-
sequent 2D-to-3D lifting. However, existing datasets lack
hierarchical dense 2D poses that could serve as ground truth
for training. To address this, we use the 3D human mesh
from Human3.6M [18] and apply the dense vertices coars-
ening method [7] along with camera projection to create
the dense and fine (i.e., highly dense) 2D poses, denoted
as xd ∈ RJd×2 and xf ∈ RJf×2, where Jf > Jd > Js.
The detailed process is described in the Appendix B.

4. Hierarchical Pose AutoRegressive Trans-
former (HiPART)

The overview of our HiPART is shown in Fig. 3. We first
learn the Multi-Scale Skeletal Tokenization (MSST) mod-
ule to quantize the fine xf ∈ RJf×2 into hierarchical dis-
crete tokens, i.e., sparse tokens qs ∈ ZJs and dense token
qd ∈ ZJd , where different colors in Fig. 3 indicate differ-
ent parts of the human body, and different saturations rep-
resent the number (r) of dense tokens. Then, we learn a
pose-aware generative transformer by the Hierarchical Au-
toregRessive Modeling (HiARM) scheme to generate hier-
archical tokens conditioned on the sparse 2D pose xs. With
the decoders of HiPART, we can reconstruct the hierarchical
dense 2D poses from the hierarchical tokens qs and qd.

4.1. Multi-Scale Skeletal Tokenization (MSST)
Multi-Scale Skeletal Quantized-Autoencoder. We use
an architecture similar to VQ-VAE-2 [32] to construct our
multi-scale skeletal quantized autoencoder. Encoders and
decoders are implemented with MLP-Mixer [37], which
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is well-suited for skeletal data. Specifically, two encoders
Ef (·) and Ed(·) sequentially project the ground truth xf

into dense and sparse pose embeddings, zd ∈ RJd×D and
zs ∈ RJs×D, where D is the embedding dimension.

Next, zs is quantized into sparse tokens qs ∈ ZJs via
a quantizer Q(·) using the sparse codebook Cs ∈ RKs×D,
which contains Ks learnable vectors. Each element of qs

then looks up Cs to obtain ẑs, i.e., the approximation of zs:

qs = Q(zs;Cs), ẑs = Cs[qs]. (1)

Subsequently, ẑs is upsampled into ẑ′s ∈ RJd×D using
decoder Ds(·). This upsampling embedding is then con-
catenated with zd to form z′d, which is quantized into dense
tokens qd ∈ ZJd using the dense codebook Cd ∈ RKd×D,
which contains Kd vectors. The approximated dense pose
embeddings ẑd is obtained by looking up Cd from qd.

qd = Q(z′d;Cd), ẑd = Cd[qd], (2)

Finally, the reconstructed dense pose x̂d is decoded using
decoder Dd(·) given ẑs, and the reconstructed fine pose x̂f

is decoded using decoder Df (·) given ẑs and ẑd.
Skeleton-aware Alignment. To enhance the tokenization
process for skeletal data, we propose a Skeleton-aware
Alignment strategy. This strategy incorporates skeletal
structure into the tokenization process, improving the mu-
tual connections across different skeleton levels.
Part-wise Local Alignment (LA): The part-wise Local
Alignment is introduced to align the sparse and dense to-
kens within the same local body part, forming a more uni-
fied representation. The Info Noise Contrastive Estimation
(Info-NCE) loss is used to match part-wise pairs:

Llocal =

Js∑
i=1

− log

(
exp(ẑis · avg(ẑid)/τ)∑Js

k=1 exp(ẑ
i
s · avg(ẑkd)/τ)

)
, (3)

where τ is the temperature parameter, avg(·) is the average
function. The r approximated dense pose embeddings ẑid =

{ẑ(i,j)d }j=1,2,...,r correspond to the related part of single ẑis,
where the ratio r = Jd/Js.
Action-wise Global Alignment (GA): We further introduce
an action-wise Global Alignment to align the hierarchical
tokens with the action label of the pose (contained in the
Human3.6M [18] dataset), thus offering consistent semantic
information for the discrete spaces. We define the global
loss Lglobal as a cross-entropy loss between the predicted
classification vector pA and the action label yA:

pA = PA(concat(ẑs, ẑd)), (4)
Lglobal = CrossEntropy(yA,pA), (5)

where PA(·) is the action projector composed of two MLP-
Mixer blocks, concat(·) is the concatenate operation.

Center-to-Periphery

Sparse-to-Dense

Next-Token

Root 

Root 

Figure 4. Standard auto-regressive modeling (Top) vs Our pro-
posed hierarchical pose auto-regressive modeling (Bottom).

Loss Function. The Stage 1 loss L1 includes the recon-
struction loss for the poses and hierarchical pose embed-
dings, as well as the loss of Skeleton-aware Alignment.

L1 =∥xf − x̂f∥22 + ∥xd − x̂d∥22 +
∑

j∈{s,d}

(
∥ sg(zj)−ẑj∥22

+ β∥zj−sg(ẑj)∥22
)
+λl · Llocal+λg · Lglobal, (6)

where β controls the commitment loss, λl and λg are
weighting factors for the local and Global Alignment losses,
sg() is the stop gradient operation. Codebooks are updated
via Exponential Moving Average.

4.2. Hierarchical AutoRegressive Modeling
(HiARM)

In Stage 2, we propose Hierarchical AutoRegressive Mod-
eling (HiARM) for hierarchical dense 2D pose generation.
We first define a hierarchical pose auto-regressive objective
function and then present the model structure details.
Objective Function. We generate the discrete tokens in an
auto-regression manner based on the learned codebooks in
MSST. Our objective function aims at maximizing the log-
likelihood of the i-th pair discrete tokens based on a series
of indices less than i:

Pθ(qd,qs) =

Js∏
i=1

Pθ(q
i
d, q

i
s|q<i

d ,q<i
s ) (7)

However, we argue that the commonly used next-token
prediction order in image generation [3, 10] is unsuitable
for pose generation. This is because it disregards the skele-
tal topology of human poses and suffers from slow genera-
tion speeds. As shown in Fig. 4, we propose a novel autore-
gressive manner specifically designed for the non-Euclidean
skeletal structure.
Center-to-periphery. [23] has revealed that the joints farther
from the root joint tend to exhibit larger uncertainty. In-
spired by it, we generate joints progressively from the center
to the periphery, thus ensuring joints with lower uncertainty
are first generated and alleviating the depth uncertainty.
Sparse-to-dense. Sparse tokens qs capture comprehensive
and coarse-grained information, while dense tokens qd rep-
resent localized and fine-grained details. Based on the as-
sumption that the local details of the pose can be generated
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conditionally on the global summary, we can transform the
expression of the likelihood into the following form:

Pθ(q
i
d, q

i
s|q<i

d ,q<i
s ) = Pθ(q

i
d|qis,q<i

d ,q<i
s )·Pθ(q

i
s|q<i

d ,q<i
s ),

(8)
where r dense tokens are generated in parallel conditionally
on the corresponding sparse token. We simplify the hierar-
chical generation process, reducing the original 1 + r steps
to 2 steps, thus speeding up the pose generation process.
Model Structure. We detail the components of the pose-
aware generative transformer as follows:
Local Self-Attention Blocks (LSAB). The approximation
of i-th pair sparse and dense pose embeddings ẑis and
{ẑ(i,j)d }j=1,2,...,r are refined with the LSAB, which models
hierarchical tokens within the local body part, fully lever-
aging the information contained in multi-scale embeddings:

{gi
j}j=0,1,...,r ← LSAB(ẑis, ẑ

(i,1)
d , . . . , ẑ

(i,r)
d ), (9)

where we adopt a bidirectional transformer with a self-
attention block followed by an MLP block. The refined
embeddings {gi

j}j=0,1,...,r are then averaged to obtain the
average refined embedding gi.
Global Causal Self-Attention Blocks (GCSAB). GCSAB
generates a sequence of hidden embeddings {hk}k=0,1,...,i,
capturing spatial relationships across the overall pose. In-
stead of using traditional next-token prediction order, we
model the discrete tokens from the center to the periphery:

{hk}k=0,1,...,i ← GCSAB(g0,g1, . . . ,gi), (10)

where g0 represents the projection of sparse 2D pose xs

serving as the start-of-sentence (SOS) token.
Prediction Head (PH). This module predicts sparse and
dense tokens in a hierarchical order, starting from the sparse
to the dense. The sparse token is generated from the hidden
embedding, followed by the parallel generation of r dense
tokens based on the corresponding sparse token:

{pi+1
j }j=0,1,...,r ← PH(hi, ẑis, . . . , ẑ

i
s), (11)

where pi+1
0 and {pi+1

j }j=1,...,r denote the (i + 1)-th pair
predicted vectors of the sparse token and dense tokens. PH
consists of a self-attention block with an MLP block.

Finally, the Stage 2 loss L2 model the latent distributions
of sparse and dense tokens via the cross-entropy loss:

L2=CrossEntropy(qs,ps)+λd · CrossEntropy(qd,pd),
(12)

where ps and pd denote the predicted vectors for all sparse
and dense tokens, and λd controls the dense token loss.

4.3. Inference Process
As shown in Algorithm 1, we first use the projection of the
sparse 2D pose as a class-conditional SOS token to predict

the initial sparse and dense tokens. The LSAB then encodes
them for subsequent generations. This process is repeated in
a hierarchical pose auto-regression manner until all discrete
tokens are generated. Finally, we reconstruct the hierarchi-
cal dense 2D poses via the MSST decoder.

Algorithm 1 Inference process.

Input: The sparse 2D pose xs, the sparse and dense code-
books Cs and Cd.

Output: The reconstructed dense and fine 2D pose x̂d, x̂f .
1: for i = 0 to Js do
2: if i = 0 then
3: {Obtain initial tokens based on a SOS token}
4: g0 ← Pc(xs)
5: h0 ← GCSAB(g0)

6: q1s , {q
(1,j)
d }j=1,2,...,r ← PH(h0, ẑ0s, . . . , ẑ

0
s)

7: else
8: {Center-to-periphery and Sparse-to-dense}
9: ẑis ← Cs(q

i
s), ẑ

i
d ← Cd(q

i
d)

10: {gi
j}j=0,1,...,r ← LSAB(ẑis, ẑ

(i,1)
d , . . . , ẑ

(i,r)
d )

11: gi = avg(gi
0,g

i
1, . . . ,g

i
r)

12: {hk}k=0,1,...,i ← GCSAB(g0,g1, . . . ,gi)

13: qi+1
s , {q(i+1,j)

d }j=1,2,...,r ← PH(hi, ẑis, . . . , ẑ
i
s)

14: end if
15: end for
16: x̂d ← Dd(qd), x̂f ← Df (qd,Ds(qs)) {Decode}
17: return x̂d , x̂f

5. Experiments
5.1. Experimental Settings
Datasets. Human3.6M [18] is the most commonly used in-
door dataset for 3D HPE. We follow prior works [30, 52, 53]
to use five subjects (S1, S5, S6, S7, S8) for training and two
subjects (S9, S11) for testing. 3DPW [39] is a popular in-
the-wild dataset. We train our model on Human3.6M and
test it on 3DPW to evaluate the generalization ability. Fur-
thermore, a subset of 3DPW, i.e., 3DPW-Occ [50], is used
to validate the model’s robustness against occlusions.
Evaluation Metrics. We calculate the Mean Per Joint Po-
sition Error (MPJPE) under two protocols: Protocol 1 mea-
sures MPJPE by aligning the root (pelvis) keypoint between
predicted and ground truth poses, while Protocol 2 (PA-
MPJPE) first aligns through translation, rotation, and scal-
ing. We also follow [51] to use the 3DPW-AdvOcc protocol
to evaluate performance under occlusion. Textured patches
from the Describable Textures Dataset (DTD) [9] are ap-
plied to input images to assess degradation on visible joints
and identify the worst prediction. Two patch sizes, Occ@40
and Occ@80, are used with a stride of 10.
Implementation Details. The encoder and decoder of
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Table 1. Comparison of the proposed method with state-of-the-art methods on Human3.6M using MPJPE. The table is split into 3 groups.
The top group uses SH detected [28] 2D poses, the middle group uses CPN detected [5] 2D poses, and the bottom group uses group truth
2D poses as inputs. † denotes using temporal context, ⋆ denotes using visual cues and ∗ denotes using hierarchical information. f denotes
the number of frames used in temporal-based methods. Best in bold, second best in underlined.

Method Dir. Disc. Eat Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg.
Learning [11] 50.1 54.3 57.0 57.1 66.6 73.3 53.4 55.7 72.8 88.6 60.3 57.7 62.7 47.5 50.6 60.4
SemGCN [52]⋆ 47.3 60.7 51.4 60.5 61.1 49.9 47.3 68.1 86.2 55.0 67.8 61.0 42.1 60.6 45.3 57.6
Monocular [43]⋆ 47.1 52.8 54.2 54.9 63.8 72.5 51.7 54.3 70.9 85.0 58.7 54.9 59.7 43.8 47.1 58.1
Graformer [53] 49.3 53.9 54.1 55.0 63.0 69.8 51.1 53.3 69.4 90.0 58.0 55.2 60.3 47.4 50.6 58.7
Lifting by Image [55]⋆ 48.3 51.5 46.1 48.5 53.7 42.8 47.3 59.9 71.0 51.6 52.7 46.1 39.8 53.0 43.9 51.0
Ours∗ 46.9 50.4 56.8 47.1 56.4 46.2 42.3 49.2 68.7 54.9 51.9 43.1 41.0 45.2 40.1 49.3
VideoPose [30]†(f = 243) 45.1 47.4 42.0 46.0 49.1 56.7 44.5 44.4 57.2 66.1 47.5 44.8 49.2 32.6 34.0 47.1
GraphSH [42] 45.2 49.9 47.5 50.9 54.9 66.1 48.5 46.3 59.7 71.5 51.4 48.6 53.9 39.9 44.1 51.9
POT [23] 47.9 50.0 47.1 51.3 51.2 59.5 48.7 46.9 56.0 61.9 51.1 48.9 54.3 40.0 42.9 50.5
DiffPose [13] 42.8 49.1 45.2 48.7 52.1 63.5 46.3 45.2 58.6 66.3 50.4 47.6 52.0 37.6 40.2 49.7
Di2Pose [40] 41.9 47.8 45.0 49.0 51.5 62.2 45.7 45.6 57.6 67.1 50.1 45.3 51.4 37.3 40.9 49.2
Lifting by Image [55]⋆ 44.9 46.4 42.4 44.9 48.7 40.1 44.3 55.0 58.9 47.1 48.2 42.6 36.9 48.8 40.1 46.4
PoseFormer [54]†(f = 81) 41.5 44.8 39.8 42.5 46.5 51.6 42.1 42.0 53.3 60.7 45.5 43.3 46.1 31.8 32.2 44.3
MHFormer [25]†(f = 351) 39.2 43.1 40.1 40.9 44.9 51.2 40.6 41.3 53.5 60.3 43.7 41.1 43.8 29.8 30.6 43.0
MixSTE [47]†(f = 81) 39.8 43.0 38.6 40.1 43.4 50.6 40.6 41.4 52.2 56.7 43.8 40.8 43.9 29.4 30.3 42.4
Ours∗ 42.8 42.7 38.1 41.3 42.7 46.3 37.2 44.2 51.0 51.4 40.9 38.3 40.0 39.9 33.7 42.0
SemGCN [52]⋆ 37.8 49.4 37.6 40.9 45.1 41.4 40.1 48.3 50.1 42.2 53.5 44.3 40.5 47.3 39.0 43.8
VideoPose [30]†(f = 243) - - - - - - - - - - - - - - - 37.2
Pose2Mesh [7]∗ 38.1 41.7 38.3 37.5 39.2 45.4 37.5 36.2 45.7 50.1 39.8 39.2 40.2 35.2 37.6 40.1
HGN [22]∗ 35.4 40.2 31.1 38.2 38.3 41.1 36.1 32.7 42.1 48.4 37.1 36.9 37.1 30.5 32.4 37.2
DiffPose [13] 28.8 32.7 27.8 30.9 32.8 38.9 32.2 28.3 33.3 41.0 31.0 32.1 31.5 25.9 27.5 31.6
Lifting by Image [55]⋆ 29.5 30.1 25.0 29.0 28.5 28.6 26.9 30.5 31.1 27.7 32.4 27.7 24.8 30.0 25.9 28.6
PoseFormer [54]†(f = 81) 30.0 33.6 29.9 31.0 30.2 33.3 34.8 31.4 37.8 38.6 31.7 31.5 29.0 23.3 23.1 31.3
MHFormer [25]†(f = 351) 27.7 32.1 29.1 28.9 30.0 33.9 33.0 31.2 37.0 39.3 30.0 31.0 29.4 22.2 23.0 30.5
MixSTE [47]†(f = 81) 25.6 27.8 24.5 25.7 24.9 29.9 28.6 27.4 29.9 29.0 26.1 25.0 25.2 18.7 19.9 25.9
Ours∗ 30.4 29.7 26.3 27.2 28.7 29.1 28.2 29.2 30.9 33.1 29.6 26.2 27.2 21.9 26.2 28.3

Table 2. Comparison of our method with state-of-the-art methods on 3DPW, 3DPW-Occ, and 3DPW-AdvOcc using MPJPE (Protocol 1)
and PA-MPJPE (Protocol 2). We use CPN detected [5] 2D poses as inputs. The 40 and 80 in 3DPWAdv-Occ represent the occluded size.

Method
3DPW 3DPW-Occ 3DPW-AdvOcc@40 3DPW-AdvOcc@80

MPJPE PA-MPJPE MPJPE PA-MPJPE MPJPE PA-MPJPE MPJPE PA-MPJPE
STRGCN [1] 112.9 69.6 115.8 72.3 241.1 101.4 355.9 116.3
VideoPose [30] 101.8 63.0 106.7 67.1 221.6 99.4 334.3 112.9
GnTCN [6] — 64.2 — 85.7 279.4 113.2 371.4 119.8
PoseFormer [54] 118.2 73.1 132.8 80.5 247.9 106.2 359.6 115.5
Learning [48] 91.1 54.3 94.6 56.7 142.5 83.5 251.8 103.9
PCT [12] 83.1 53.9 82.8 53.7 127.2 72.2 192.5 92.1
DiffPose [13] 82.7 53.8 82.1 53.5 121.4 70.9 189.3 92.4
Di2Pose [40] 79.3 50.1 79.6 50.7 108.4 59.8 153.6 78.7
Ours 77.2 48.8 75.4 47.3 124.6 64.3 143.2 72.1

MSST comprise four and one MLP-Mixer [12] blocks with
the embedding dimensions of 128 and 96, respectively. The
joint quantities of the sparse, dense, and fine 2D pose are
set as Js = 16, Jd = 48, and Jf = 96. Both codebook
sizes are 2048 with a dimension of 128. In HiARM, the
LSAB, GCSAB, and PH consist of 1, 12, and 4 transformer
blocks with the same dimension of 128. The lifting model
is a 12-block vanilla spatial transformer with 6 heads and a
dimension of 96. Detailed settings are in the Appendix C.

5.2. Comparison with State-of-the-art Methods

Results on Human3.6M. We evaluate our method on Hu-
man3.6M against three types of SOTA methods that in-
corporate additional information. Table 1 shows that our
method achieves the best performance in the single-frame
settings including the hierarchy-based (w/ ∗) and visual-
based (w/ ⋆) methods. Moreover, our approach outperforms
the temporal-based (w/ †) methods when using detected 2D
poses, which is closely to the real-world scenarios. Table6
further demonstrates that hierarchical information can com-
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Table 3. Ablation study on each component of MSST. H36M de-
notes the Huamn3.6 dataset.

Method H36M 3DPW
Our method 42.0 77.2

w/o hierarchical codebooks 45.3∆3.3 81.5∆4.3
w/o Local Alignment 43.6∆1.6 80.2∆3.0
w/o Global Alignment 42.4∆0.4 78.9∆1.7
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Figure 5. Impact of the codebook dimension (top) and size
(bottom) for sparse and dense tokens on Humman3.6M.

plement temporal-based methods.
Results on 3DPW. We evaluate our model pretrained on
Human3.6M to the 3DPW dataset. As shown in Table 2, our
method achieves SOTA performance with an average im-
provement of 2.1mm in MPJPE and 1.3mm in PA-MPJPE
over Di2Pose [40], demonstrating strong generation ability.
Our method also maintains superiority on 3DPW-Occ. Un-
der the extreme occlusion scenarios of 3DPW-AdvOcc, our
method shows a smaller performance drop (77% in MPJPE
and 44% in PA-MPJPE) compared to the average drop of
120% and 67%, highlighting the superiority of hierarchical
information in enhancing robustness under occlusions.

5.3. Ablation Studies and Analysis

We perform ablation studies on Human3.6M and 3DPW us-
ing CPN detected 2D poses to understand how our method
enhances 3D HPE. More results are in the Appendix E.
Ablation Study on each Component of MSST. We ver-
ify each component of MSST by either removal or standard
component replacement in Table 3. The accuracy on both
datasets reduces sharply when replacing hierarchical code-
books with one shared codebook. It highlights the impor-
tance of hierarchical design in token learning. Then, we
sequentially remove local and Global Alignment, which re-
sults in respective performance loss of 1.6mm and 0.4mm
on Human3.6M, indicating that these alignments enhance
discrete space learning and strengthen token connectivity.
Ablation Study on the Codebook Dimension and Size.
We examine the effects of the codebook dimension and size
on Human3.6M. Fig. 5 shows that increasing the sparse and
dense codebook dimension from 32 to 128 leads to signifi-
cant performance gains, but further increases introduce re-
dundancy without additional improvement. Testing differ-
ent codebook sizes reveals peak performance at 2048 for

Table 4. Ablation study on HiARM. “Both” denotes using both
“Center-to-periphery” and “Sparse-to-dense” strategies. Frame
per second (FPS) is based on one NVIDIA Tesla V100 GPU.
Framework Type Auto-Regression Strategy H36M 3DPW Params(M) FPS
Classification None 46.3 81.9 2.2 432
ARM Next-token 43.6↓2.7 80.2↓1.7 2.4 265
ARM Center-to-periphery 42.5↓3.8 78.4↓3.5 2.4 265
ARM Sparse-to-dense 43.1↓3.2 79.3↓2.6 2.4 396
ARM Both 42.0↓4.3 77.2↓4.7 2.4 396

Table 5. Ablation study on the level of hierarchical input 2D poses.

48 96 192 H36M Params(M)
52.1 0.9

✓ 46.7↓5.4 1.4
✓ 43.2↓8.9 1.8

✓ 42.7↓9.4 2.5
✓ ✓ 42.0↓10.1 2.4
✓ ✓ ✓ 41.4↓10.7 4.4

Table 6. Ablation study on lifting models. We compare model
complexity, inference speed, and MPJPE on Human3.6M.

Lifting Model Params(M) FPS MPJPE
vanilla spatial transformer 0.9 458 52.1
vanilla spatial transformer w/ ours 2.0 396 42.0↓10.1
PoseFormer [54] (f = 81) 9.7 381 44.3
PoseFormer [54] (f = 81) w/ ours 10.7 185 40.8↓3.5
MixSTE [47] (f = 81) 33.7 1134 42.4
MixSTE [47] (f = 81) w/ ours 34.8 681 39.3↓3.1

the sparse and 3072 for the dense. Larger sizes increase the
learning complexity without notable performance gains.

Ablation Study on HiARM. We then conduct an ablation
study on the framework type and auto-regression strategy
of HiARM in Table 4. Following PCT [12], we reformulate
pose estimation in Stage 2 as a classification task by pre-
dicting the categories of hierarchical tokens. When replac-
ing it with an auto-regressive model (ARM) and employing
a next-token prediction order, MPJPE reduces by 2.7mm,
demonstrating that ARM better captures the token latent
distribution. We further adopt different auto-regression
strategies. “Center-to-periphery”, “Sparse-to-dense” and
their combination yield great performance improvements,
reaching a final best MPJPE of 42.0mm. “Sparse-to-dense”
speeds up the ARM inference process by 49%.

Ablation Study on the Effect of Different Levels of 2D
Poses. We validate the effect of different levels of 2D poses
by incorporating the original sparse 2D pose (17 joints) with
additional 2D poses at three levels (48, 96, and 192 joints).
Table 5 reveals that denser 2D pose inputs improve 3D HPE
accuracy. Incorporating a 48-joint pose results in a 5.4mm
gain (52.1mm to 46.7mm), and a 96-joint pose further im-
proves 4.7mm (46.7mm to 42.0mm). However, adding a
192-joint pose only enhances MPJPE by 0.6mm but signifi-
cantly increases the complexity. We analyze that the distinct
positional information from the 48-joint and 96-joint poses
together boosts performance, but the already rich context in
these two levels lets the 192-joint pose bring minimal gains.
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Figure 6. Qualitative results compared with DiffPose [13] on Human3.6M (left) and 3DPW (right).
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Figure 7. Hierarchical codebooks similarity analysis. The cosine
similarity is calculated based on the first 100 tokens from both the
sparse and dense codebooks. (c) (d) The x-axis represents sparse
tokens, and the y-axis represents dense tokens.

Extension to Temporal-based Lifting Models. We fur-
ther extend the lifting model to temporal-based methods in-
cluding PoseFormer [54] and MixSTE [47]. Table 6 shows
that the incorporation of hierarchical information leads to
performance gains across various methods, achieving the
SOTA result when combined with MixSTE with a tolera-
ble computational complexity. More discussion about the
extension to temporal-based methods is in the Appendix G.

We also conduct a series of qualitative analyses. Addi-
tional visualizations are available in the Appendix F.
Qualitative Results. Fig. 6 shows qualitative results on Hu-
man3.6M and 3DPW, comparing our method with DiffPose
[13]. Our method provides accurate pose predictions, espe-
cially in heavily occluded scenarios, demonstrating that the
hierarchical information helps address the depth ambiguity
due to occlusion.
Analysis on the Similarity of Hierarchical Codebooks.
We compute four cosine similarity matrices to evaluate
the relationships among sparse tokens, dense tokens, and
their interplay. Fig. 7(a) and (b) show that the connections
within sparse and dense codebooks are generally low, indi-
cating that each codebook contains relatively independent

Sparse 
Code

Dense 
Code

Right Elbow Right Knee

Figure 8. Visualization of the impact of hierarchical tokens on the
sub-structure. We change the single sparse and dense token of two
parts into another value, respectively, and the corresponding sub-
structures consistently change (Highlighted in red). Black poses
denote the original, while gray poses denote the change.

and non-redundant information. The slightly higher simi-
larity among dense tokens compared to sparse tokens indi-
cates that dense tokens capture more fine-grained, localized
information, leading to stronger correlations. Fig. 7 (c) and
(d) demonstrate that Local Alignment enhances the connec-
tion between sparse and dense tokens.
Impact of Hierarchical Tokens on the Sub-structure.
Fig. 8 visualizes the influence of hierarchical tokens on sub-
structures in Human3.6M using 16 sparse and 48 dense to-
kens. The pose sub-structure, represented by a pair of joints,
is primarily controlled by two corresponding tokens. Mod-
ifying the sparse token leads to significant changes in the
sub-structure, indicating that it captures coarse-grained in-
formation, while changes to the dense token result in minor
adjustments, suggesting it focuses on fine-grained details.

6. Conclusion
This paper introduces the Hierarchical Pose AutoRegres-
sive Transformer (HiPART), a novel generative densifica-
tion approach that derives reliable hierarchical dense 2D
poses from the sparse 2D pose. We employ a Multi-Scale
Skeletal Tokenization module to progressively quantize a
highly dense 2D pose into hierarchical tokens and estab-
lish a Hierarchical AutoRegressive Modeling scheme for
the pose generation. As the first approach for hierarchi-
cal dense 2D pose generation tackling occlusions, HiPART
achieves SOTA performance on the single-frame setting us-
ing only a vanilla spatial transformer for 2D-to-3D lifting
and even outperforms numerous multi-frame methods.
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