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Abstract

Mainstream 3D human pose estimation methods directly pre-
dict 3D coordinates of joints from 2D keypoints, suffer-
ing from severe depth ambiguity. Pose textual descriptions
contain abundant semantic information, which facilitates the
model to learn the spatial relationship among different body
parts, partially alleviating this issue. Leveraging this insight,
we propose a 3D human pose estimation method assisted by
textual descriptions. Specifically, we utilize an automatic cap-
tioning pipeline to generate textual descriptions of 3D poses
based on spatial relations among joints. These descriptions
include details regarding angles, distances, relative positions,
pitch&roll and ground-contacts. Subsequently, text features
are extracted from these descriptions using a language model,
while a 3D human pose estimation model extracts pose fea-
tures. Aligning the pose features with the text features allows
for a more targeted optimization of the estimation model.
Therefore, we systematically introduce three alignment ap-
proaches to effectively align features extracted by two models
operating in entirely different domains. Our method incorpo-
rates prior knowledge derived from the textual descriptions
into the estimation model and can be seamlessly applied to
various existing framework. Experimental results on the Hu-
man3.6M and MPI-INF-3DHP datasets demonstrate that our
method surpasses state-of-the-art methods.

Introduction
3D Human Pose Estimation (3DHPE) is a fundamental and
important task in computer vision, which aims at predict-
ing 3D coordinates from images or detected 2D keypoints. It
plays a critical role in various applications, including person
re-identification, human parsing, human action recognition,
and human-computer interaction, etc (2022). With signifi-
cant progress in 2D keypoint detection, prevailing methods
now directly infer 3D coordinates from these detected 2D
keypoints (2017; 2017; 2017; 2019). However, the inher-
ent depth ambiguity remains a significant challenge, since
a single 2D pose may correspond to multiple 3D poses. To
address this, existing approaches typically incorporate two
types of prior knowledge: temporal consistency and body
structure representation.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Three types of prior knowledge are illustrated, the
upper part highlights temporal consistency, while the lower
part represents body structure representation and pose tex-
tual descriptions (ours) from left to right, respectively.

Leveraging temporal consistency allows models to extract
critical clues from adjacent frames, such as gait cycle, mo-
tion range of joints, etc, as illustrated in the upper part of
Figure 1. A straightforward method predicts the 3D pose
of an intermediate frame from a 2D pose sequence (2016),
but involves redundant computations. To decrease computa-
tional overhead, many methods adopt sequence-to-sequence
models to estimate the entire 3D pose sequence. Long Short-
Term Memory (LSTM) (1997) models effectively retain
valuable information from historical frames via memory and
forgetting mechanisms (2017; 2018; 2018). However, their
lack of parallelism reduces training efficiency. 3D Temporal
Convolutional Networks (2018) model both spatial and tem-
poral dependencies locally (2019; 2019), but fail to capture
relationships between non-adjacent joints. Spatial and Tem-
poral Transformers (2021) perform global modeling across
entire pose sequences, effectively capturing synergistic re-
lationships between any pair of joints, regardless of spatial
or temporal distance (2021; 2023; 2023; 2022; 2024; 2024;
2022), thereby significantly enhancing representational ca-
pacity.

The other approach aims to develop a representation
closely aligned with body structure, which is displayed in
the lower left part of Figure 1 . Human joints and bones can
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be naturally modeled as a graph, where spatial information is
effectively derived from adjacent nodes via Graph Convolu-
tional Networks (GCNs) (2016). Some methods assign dis-
tinct weight matrices to different nodes using a weight non-
sharing strategy (2019), effectively enhancing the represen-
tation capacity of GCNs. To balance the significant compu-
tational cost while maintaining the representation capacity,
it is advantageous to learn a shared weight matrix along with
node-specific vectors (2021). Additionally, certain methods
group nodes by hop distance, allowing the model to incor-
porate multi-hop interactions within a single convolution
layer (2021; 2023; 2021), thus mitigating information loss
across network layers. More detailed methods incorporate
constraints related to joint movement ranges (2018) and the
inherent rigidity of bones during motion (2019) to ensure
biomechanically plausible 3D pose predictions.

Although the above methods leverage human body pri-
ors, such knowledge lacks detail and requires the network to
implicitly learn instance-specific features. In contrast, tex-
tual descriptions provide explicit and detailed spatial rela-
tionships for each pose. By learning the semantics, mod-
els can more effectively resolve depth ambiguity and im-
prove 3DHPE accuracy. Therefore, we propose a 3DHPE
method that incorporates knowledge from textual descrip-
tions. Specifically, we first employ an automatic captioning
pipeline (2022) to generate detailed textual descriptions for
a 3D pose sequence, outlining spatial relationships among
body parts, as illustrated in the lower right of Figure 1. This
enriched prior knowledge serves to mitigate depth ambigu-
ity. Subsequently, a language model extracts textual features
from these descriptions, while the 3DHPE model extracts
pose features. To bridge the two modalities, we introduce
three feature alignment approaches that map the text features
into the pose feature space. By minimizing the discrepancy
between the pose features and the mapped features, we ef-
fectively inject prior knowledge into the 3DHPE model.

A few recent 3DHPE methods have mentioned textual in-
formation (2023; 2024). ActionPrompt (2023) learns text
prompts based on pose classes but overlook the spatial re-
lationships between body parts. Chatpose (2024) focuses on
generating instructed poses rather than accurate joint esti-
mation, resulting in significantly lower performance than
existing 3DHPE methods. Thus, these works fall outside
the scope of our study, which emphasizes leveraging fine-
grained spatial semantics for accurate 3DHPE.

Generally, our contributions are summarized as follows:

• We propose a 3DHPE method that learns knowledge
from textual descriptions, effectively alleviating the issue
of depth ambiguity. Moreover, the abundant textual de-
scriptions offer opportunities for further exploration. To
the best of our knowledge, this is the first multi-modality
3DHPE method.

• We introduce three feature alignment techniques that
bridge the pose and semantic feature spaces, enabling
more effective utilization of prior knowledge. Further-
more, these techniques can be seamlessly integrated into
other methods as a plug-and-play component.

• Our method outperforms existing state-of-the-art meth-

ods on the Human3.6M and MPI-INF-3DHP datasets.

Related Work
This section reviews two types of prior knowledge in
3DHPE: temporal consistency and body structure represen-
tation, and compares them with our method based on pose
textual descriptions.

Temporal Consistency-Based Method
Temporal consistency constraints that 3DHPE in each frame
relies on several preceding and succeeding 2D pose frames,
effectively mitigating depth ambiguity. Unlike previous
methods that estimated poses frame by frame and then con-
nected them in a post-processing step, Tekin et al (2016) di-
rectly regressed the 3D pose in the central frames from a
spatio-temporal volume, enabling end-to-end optimization.
Although this method effectively enhanced estimation accu-
racy, it entailed significant computational costs, prompting
the development of sequence-to-sequence methods. Given
the LSTM network’s proficiency in handling sequential
problems, Lin et al. (2017) proposed a network composed
of layer-normalized LSTM units with shortcut connections
attaching the input to the output on the decoder side and im-
posed temporal smoothness constraint during training. Hos-
sain et al. (2018) proposed a propagating LSTM network,
where each LSTM unit is sequentially linked, estimating
the 3D depth from the centroid to peripheral joints through
learning the intrinsic joint interdependency. Lee et al. (2018)
presented a Recurrent 3D Pose Sequence Machine, which
automatically learns image-dependent structural constraint
and sequence-dependent temporal context through a multi-
stage sequential refinement.

When processing a frame in a sequence, LSTM net-
works must wait for all preceding frames to be processed,
which significantly limits parallelism. In contrast, 3D tem-
poral convolutional networks process all frames in parallel,
thereby greatly enhancing training efficiency. Pavllo et al.
(2019) employed a fully convolutional model based on di-
lated temporal convolutions over 2D keypoints for 3DHPE.
They also introduced a semi-supervised training method
known as ’back-projection’ that leverages unlabeled video.
Cheng et al. (2019) fed incomplete 2D keypoints, instead
of complete but incorrect ones, to the 3D temporal convo-
lutional network, thereby mitigating the network’s suscepti-
bility to the error-prone estimations of occluded keypoints.

3D temporal convolutional networks focus on local in-
formation within sequences, making it challenging to cap-
ture associations between non-adjacent nodes. Benefiting
from the global modeling capability of Vision Transformers
(ViT), ViT-based 3DHPE further enhances estimation accu-
racy. Zheng et al. (2021) designed a spatio-temporal trans-
former to comprehensively model the human joint relations
within each frame as well as the temporal correlations across
frames. To alleviate the huge computational burden caused
by increased frame numbers, Zhao et al. (2023) leveraged a
compact representation of lengthy skeletal sequences in the
frequency domain to effectively scale up the receptive field
and enhance robustness against noisy 2D joint detection.
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Furthermore, Tang et al. (2023) decomposed correlation
learning into space and time, presenting a spatio-temporal
criss-cross attention method. Specifically, this method slices
the input features into two partitions evenly along the chan-
nel dimension, followed by performing spatial and temporal
attention respectively. In contrast to the parallel modeling
of spatial and temporal relationships, Zhang et al. (2022)
proposed the Mixed Spatio-Temporal Encoder (MixSTE),
where spatial and temporal Transformer blocks are utilized
alternately to achieve better spatio-temporal feature encod-
ing.

Temporal consistency interprets 3DHPE from a kinematic
perspective but relies on the network to infer motion pat-
terns from surrounding frames. In contrast, our method con-
strains each frame with its corresponding textual descrip-
tion, thereby enables the network to learn specific motion
patterns more directly and effectively.

Body Structure Representation-Based Method

Body structure representation can be explicitly embedded
to model the synergistic relations between adjacent joints.
In vanilla graph convolutional networks (GCNs), all nodes
share the same weight matrix. However, this overlooks the
specificity of different nodes. Ci et al. (2019) discarded the
weight sharing scheme by freeing all of the parameters in the
weight matrix, combined the advantages of GCNs and fully
connected networks, thus fully unleashing the model’s rep-
resentational ability. However, this increases the training pa-
rameters and reduces the efficiency. Hence, Zou et al. (2021)
devised a weight modulation that learns distinct modulation
vectors for different nodes so that the feature transforma-
tions of distinct nodes are disentangled while maintaining
a small model size. Furthermore, some methods attempt to
model relations between non-adjacent joints, capturing mo-
tion information across a broader range. Zeng et al. (2021)
proposed a hop-aware hierarchical channel-squeezing fusion
layer to effectively extract relevant information from neigh-
boring nodes while suppressing undesired noise. Zhai et al.
(2023) grouped joints by k-hop neighbors and applied a hop-
wise transformer-like attention mechanism to discover latent
joint synergies. Zhu et al. (2021) proposed a graph trans-
former encoder-decoder with atrous convolution to effec-
tively extract multi-scale and long-range context.

The human body structure can also be modeled as a di-
rected graph, giving rise to another strategy for 3DHPE. In
the graph, by predicting the orientation and distance of child
nodes relative to their parents (2020; 2021), the entire 3D
pose can be constructed. However, such methods tend to ac-
cumulate errors from central to peripheral nodes, even if the
peripheral nodes are predicted with relatively high accuracy
in relation to their parent nodes. On the other hand, a post-
processing step is required to construct the final 3D pose.

Like temporal consistency, body structure representation
interprets 3DHPE from a dynamical perspective but remains
abstract. In contrast, pose textual descriptions make this
concept concrete, providing specific details for each pose,
thereby enabling the network to capture finer information.

Figure 2: The framework of the proposed method.

Method
As shown in Figure 2, the proposed framework consists
of three stages. First, we utilize an automatic captioning
pipeline to generate comprehensive textual descriptions for
a ground-truth 3D pose sequence. Subsequently, the features
of the pose-text pairs are extracted separately using a pose
estimation model and a text feature extraction model. To
enable the pose estimation model to learn the semantic in-
formation from the textual descriptions, we introduce cross-
modality blocks to align the pose features and text features.
Finally, two regression heads convert the pose features and
the aligned features into 3D poses, respectively. Note that
predicting 3D poses using aligned features and minimizing
errors serve only to constrain the features to be semantically
consistent with the ground-truth poses. Therefore, the cross-
modality blocks and the corresponding prediction head are
used exclusively during the training process, and only the
pose estimation model is required during testing.

Pose Textual Descriptions

The spatial relationships between different body parts can be
described using natural language. Thanks to Ginger’s work
(2022), textual descriptions corresponding to ground-truth
3D poses can be directly generated through an automatic
captioning pipeline. The generation process comprises sev-
eral steps: given an input 3D pose, a rotation transformation
is first applied to fix the coordinates, aligning the axes as
shown in Figure 3. Then, posecodes are extracted based on
the transformed coordinates. A posecode represents a spa-
tial relation among a specific set of joints, encompassing
five kinds of elementary relations: angles, distances, rela-
tive positions, pitch & roll, and ground-contacts. Each rela-
tion is categorized according to predefined thresholds. These
posecodes are selected, aggregated, and converted to pro-
duce a textual description for the input pose.

Since the textual descriptions are only used during train-
ing, we generate them for the poses in the training sets of
both the Human3.6M (2013) and MPI-INF-3DHP (2017)
datasets. Figure 3 displays the poses and their correspond-
ing textual descriptions.
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Figure 3: 3D poses and textual descriptions of Subject ”S1”
performing the ”directions” action from the Human3.6M
dataset, captured from left, front, back, and right of the sub-
ject. Particularly, the left limbs are colored blue, the right
limbs red, and the torso black. The coordinate axes are ori-
ented as follows: x-axis(left-right), y-axis(up-down), and z-
axis (forward and backward).

Textual Description-Assisted 3D Human Pose
Estimation
The textual descriptions of the poses delineate the spatial
relationships between different body parts, thus effectively
mitigating the issue of depth ambiguity. In this section, we
explore how these textual descriptions assist the 3DHPE
model. The model comprises two components: the pose en-
coder and the regression head, taking 2D poses x2D as in-
put, then extracting the pose features fpose, and ultimately
predicting 3D poses ŷ3D1 . The estimation loss Lerr1 can be
formulated as follows:

Lerr1 = ||y3D − ŷ3D1 ||2 (1)

where y3D is the ground-truth 3D poses, and || · ||2 indi-
cates Mean Square Error (MSE) loss.

The auxiliary branch, on the other hand, takes textual de-
scriptions as input and leverages existing pre-trained lan-
guage models to extract textual features ftext. Note that the
text encoder remains frozen during the training process, in-
dicated by a snowflake icon. Since the pose features fpose
and text features ftext are derived from different encoders,
they belong to distinct feature spaces. When calculating the
distribution loss between them, it is necessary to align both
within the same feature space. Due to the uncertainty in tex-
tual description generation, mapping the text features ftext
to the pose feature space is a better choice. Additionally, by
imposing a constraint that the 3D poses ŷ3D2 predicted from
the aligned features ftrans approximate the ground-truth 3D
poses, we ensure the correctness of the aligned features. The
alignment loss Lalign can be formulated as follows:

Lalign = KL(fpose, ftrans) (2)

where KL(·, ·) represents KL divergence loss. And the

Figure 4: Three types of feature alignment approaches are
arranged from left to right and top to bottom: the fully
connection-based approach (FC), the transformer-based ap-
proach (TF), and the cross-modality-based approach (CM).
Specifically, ftext represents the textual features with a
shape of f × m × d, fpose denotes the pose features with
a shape of f × n× d, and LP indicates learnable parameters
with a shape of f × n × d. Here, f, n,m, and d respec-
tively represent sequence length, the number of keypoints,
the length of the textual description, and feature dimension.

estimation loss Lerr2 can be defined as follows:

Lerr2 = ||y3D − ŷ3D2 ||2 (3)

Therefore, the total loss Ltotal is defined as follows:

Ltotal = Lerr1 + α · Lalign + β · Lerr2 (4)

where α and β are the weight coefficients.

Feature Alignment Approaches
To effectively learn the semantic information of poses from
textual descriptions, we introduce three feature alignment
approaches. The fully connection-based approach takes
ftext as input and directly maps text tokens to pose tokens
through a linear layer, as shown in the upper left of Figure
4. This approach fails to capture the complex relationships
between the pose and text modalities, limiting the model’s
expressive power and restricting its ability to learn the asso-
ciations between keypoints from the text. The transformer-
based approach processes pose tokens into a series of learn-
able parameters and concatenates them with text tokens as
input, which is shown in the lower left of Figure 4. This
method can model complex cross-modal associations, how-
ever, the lack of guidance from pose features leads to re-
duced learning efficiency and performance.

Unlike fully connection-based and transformer-based ap-
proaches, this approach combines both the pose features and
the text features, thereby facilitating more effective feature
alignment. Specifically, this approach consists of M blocks,
where the (l + 1)

th block computes the key matrix K and
value matrix V based on the output wl of the previous block,
and the query matrix Q is computed based on the pose fea-
ture fpose , with w0 being ftext. This process is shown in the
right of Figure 4 and can be formulated as follows:
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MPJPE ↓ Dir. Disc. Eat Greet Phone Photo Pose Pur. Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg
TCN (2019) (N=243) 45.2 46.7 43.3 45.6 48.1 55.1 44.6 44.3 57.3 65.8 47.1 44.0 49.0 32.8 33.9 46.8
OAN (2019) * (N=128) 38.3 41.3 46.1 40.1 41.6 51.9 41.8 40.9 51.5 58.4 42.2 44.6 41.7 33.7 30.1 42.9
PoseFormer (2021) (N=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
P-STMO (2022) (N=81) 38.4 42.1 39.8 40.2 45.2 48.9 40.4 38.3 53.8 57.3 43.9 41.6 42.2 29.3 29.3 42.1
PoseFormerV2 (2023) (N=243) - - - - - - - - - - - - - - - 45.2
MixSTE (2022) (N=243) 37.6 40.9 37.3 39.7 42.3 49.9 40.1 39.8 51.7 55.0 42.1 39.8 41.0 27.9 27.9 40.9
STCFormer-L (2023) (N=243) 38.4 41.2 36.8 38.0 42.7 50.5 38.7 38.2 52.5 56.8 41.8 38.4 40.2 26.2 27.7 40.5
D3DP (2023) (N=243) 37.7 39.9 35.7 38.2 41.9 48.8 39.5 38.3 50.5 53.9 41.6 39.4 39.8 27.4 27.5 40.0
KTPFormer (2024) (N=243) 37.3 39.2 35.9 37.6 42.5 48.2 38.6 39.0 51.4 55.9 41.6 39.0 40.0 27.0 27.4 40.1
DDHPose (2024) (N=243) 37.3 40.0 35.2 37.7 41.1 46.7 38.4 38.4 52.2 53.3 41.4 38.9 38.8 27.6 27.7 39.7
LCN (2019) (N=1) * 46.8 52.3 44.7 50.4 52.9 68.9 49.6 46.4 60.2 78.9 51.2 50.0 54.8 40.4 43.3 52.7
MGCN (2021) (N=1) 45.4 49.2 45.7 49.4 50.4 58.2 47.9 46.0 57.5 63.0 49.7 46.6 52.2 38.9 40.8 49.4
HCSF w/A (2021) (N=1) * 43.1 50.4 43.9 45.3 46.1 57.0 46.3 47.6 56.3 61.5 47.7 47.4 53.5 35.4 37.3 47.9
HopFIR (2023) (N=1) 43.9 47.6 45.5 48.9 50.1 58.0 46.2 44.5 55.7 62.9 49.0 45.8 51.8 38.0 39.9 48.5
Ours (N=243, MixSTE) 37.5 39.7 36.3 38.2 41.4 48.9 38.9 38.6 50.9 55.3 41.2 39.0 39.9 27.0 27.4 40.0
Ours (N=243, D3DP) 37.6 39.3 35.3 37.8 41.4 48.7 38.9 37.7 49.7 52.5 40.7 39.2 38.9 26.7 27.0 39.4

Table 1: Results on the Human3.6M dataset in millimeters under MPJPE. N is the number of input frames. (*)-2D poses esti-
mated by the Stacked Hourglass (2016), otherwise, by the Cascaded Pyramid Network (2018). The best results are highlighted
in bold.

hl+1 = LN(wl +MCA(wl, fpose)) (5)

wl+1 = LN(hl+1 + FF (hl+1)) (6)

where MCA(·) represents the Multi-head Cross-
Attention that calculates query, key, and value via different
modalities. LN(·) is the Layer-Norm function to ensure the
stability of the feature distribution, and FF (·) is the Feed-
Forward module consisting of two fully connected layers
and a ReLU activation function, formulated as follows:

FF (x) = max(0, xW1 + b1)W2 + b2 (7)

Finally, the cross-modality feature alignment model out-
puts the transformed feature ftrans.

Experiments
To demonstrate the priority of the proposed method, we
conduct experiments on two widely used datasets: the Hu-
man3.6M dataset (2013) and the MPI-INF-3DHP dataset
(2017). The details are provided below.

Experimental Conditions
Human3.6M (2013) is the largest indoor dataset for
3DHPE. It contains 15 activities performed by 11 actors.
Videos are captured by 4 synchronized and calibrated cam-
eras at 50Hz. Following previous methods (2022; 2023), the
3D human pose is represented as a 17-joint skeleton, and our
model is trained on 5 subjects (S1, S5, S6, S7, S8) and eval-
uated on 2 subjects (S9, S11). Two commonly used evalu-
ation metrics are Mean Per Joint Position Error (MPJPE)
and Procrustes MPJPE (P-MPJPE), the former computes the
mean Euclidean distance between estimated and ground-
truth 3D pose in millimeters, while the latter computes
MPJPE after the estimated poses align to the ground truth
using a rigid transformation.

MPI-INF-3DHP (2017) is a more challenging 3D pose
dataset. It contains both constrained indoor scenes and com-
plex outdoor scenes. The training set contains 8 activities

performed by 8 actors from 14 camera views which cover
a greater diversity of poses. The test set covers 7 activities
from 6 subjects with different scenes. Following the setting
in (2021; 2022; 2023), we use the valid frames provided
by the official for testing. For evaluation metrics, we re-
port MPJPE, Percentage of Correct Keypoint (PCK) within
150mm range, and Area Under Curve (AUC).

Implementation Details
We use D3DP (2023) as one of the backbones for 3DHPE,
which is a diffusion model, achieving low estimation errors.
The denoiser of this model is MixSTE (2022) (It is also
used as the other backbone. We only report experimental re-
sults on the Human3.6M dataset because the authors only
released the code on the dataset). During training, the maxi-
mum number of timesteps T is set to 1000. The model sup-
ports a customizable number of hypotheses H by sampling
multiple times from a Gaussian distribution and allows for
an adjustable parameter (number of iterations K) to progres-
sively refine the final predictions during inference. Since our
primary goal is to validate the efficacy of pose textual de-
scriptions, we set both H and K to 1 in our experiments. The
proposed method introduces certain enhancements to D3DP
and MixSTE while retaining the default parameters and uti-
lizing the same optimizer as in the original methods respec-
tively. Particularly, we set α and β to 0.5 and 0.1 so that three
losses are of the same order of magnitude. All experiments
are conducted on GeForce RTX 3090 GPUs.

Comparison with State-of-the-art Methods
We compare methods that utilize two types of prior knowl-
edge with the proposed method. Tables 1 and 2 display
the experimental results on the Human3.6M and MPI-INF-
3DHP datasets, respectively. Particularly, in Table 1, we pro-
vide detailed experimental results for various poses follow-
ing existing methods.

In Table 1, we list the experimental results from top to
bottom for methods based on temporal consistency, methods
based on body structure representation, and our method (us-
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Method PCK ↑ AUC ↑ MPJPE ↓
TCN (2019) (N=81) 86.0 51.9 84.0
PoseFormer (2021) (N=9) 88.6 56.4 77.1
P-STMO (2022) (N=81) 97.9 75.8 32.2
MixSTE (2022) (N=27) 94.4 66.5 54.9
D3DP (2023) (N=243) 97.7 77.8 30.2
DDHPose (2024) (N=243) 98.5 78.1 29.2
DDHPose# (2024) (N=243) 97.2 77.9 30.7
Ours (N=243, D3DP) 98.1 78.3 29.3

Table 2: Results on the MPI-INF-3DHP dataset under three
evaluation metrics using ground truth 2D keypoints. Partic-
ularly, # Indicates the results that we implement. The best
results are highlighted in bold.

Figure 5: Visualization of predicted poses.

ing MixSTE and D3DP as baselines). Our method, ”stand-
ing on the shoulders of giants”, surpasses the existing meth-
ods. Additionally, we observe that methods based on tem-
poral consistency overwhelmingly outperform those based
on body structure representation. This may be because data-
driven neural networks are already quite effective at learning
implicit body structural information from the data. Temporal
consistency further constrains the smoothness of predicted
poses, and since the input includes more frames, it enhances
adaptability to challenges such as depth ambiguity, occlu-
sion, and self-occlusion.

Figure 5 displays visualizations for two poses: ”sitting
down” and ”photo,” where red denotes the predicted poses
and blue indicates the ground-truth poses. Our method (us-
ing D3DP as the baseline) outperforms D3DP. In the ”sit-
ting down” pose, the predicted head position is closer to its
actual position. In the ”photo” pose, the predicted foot po-
sitions from our method almost coincide with the true posi-
tions. These visualizations further confirm that our method
yields more accurate estimated coordinates.

Table 2 presents the experimental results on the MPI-
INF-3DHP dataset. Our method (using D3DP as a base-
line) demonstrates great improvement over D3DP. We repro-
duced the results of DDHPose and find that the outcomes are
higher than those reported in the paper. Hence, we refer to
our reproduced results.

Overall, our method not only demonstrates great improve-
ments over the two baselines but also surpasses most meth-
ods based on two prior knowledge. This indicates that in-
tegrating pose textual descriptions with three feature align-

MPJPE ↓ R1 R2 R3 R4 R5
Head 35.04 50.41 52.78 38.89 36.97
Left Hand 34.90 50.46 52.72 38.92 37.04
Right Hand 35.00 50.45 52.92 38.87 36.86
Left Foot 34.98 50.17 52.41 39.38 36.69
Right Foot 35.03 50.37 52.67 38.99 37.20

Table 3: Results for the corresponding regions on the Hu-
man3.6M dataset after removing descriptions related to edge
nodes. The largest estimation error is underscored.

Figure 6: The errors for the corresponding regions on the
Human3.6M dataset after removing descriptions related to
edge nodes are compared between the baseline and our
method. ”Ours-Part” refers to our method with the corre-
sponding edge node textual descriptions removed.

ment approaches effectively incorporates prior knowledge
into the model.

Ablation Studies and Analyses
We conduct ablation experiments to validate the effective-
ness of the pose textual descriptions and the proposed three
alignment approach.

Impact of Pose Textual Descriptions We remove the de-
scriptions related to the head (node 10), left hand (node 13),
right hand (node 16), left foot (node 6), and right foot (node
3) from the complete pose textual descriptions and train the
corresponding models. Table 3 shows the results of these
models in the regions related to the aforementioned edge
nodes: R1 (nodes 8, 9, 10), R2 (nodes 11, 12, 13), R3 (nodes
14, 15, 16), R4 (nodes 4, 5, 6), and R5 (nodes 1, 2, 3) in the
Human3.6M dataset. We observe that for any region Ri, re-
moving the descriptions related to the edge nodes increases
the estimation error for that region. This indicates that the
network can enhance 3D keypoint estimation accuracy to
some extent by learning the semantics in the descriptions.
Moreover, we find that the estimation errors are primarily
concentrated in the regions corresponding to the left and
right hands, followed by those of the left and right feet, with
the head region exhibiting the smallest error. The main rea-
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Alignment MPJPE↓
- 40.0

FC 39.7
TS 39.6
CM 39.4

(a) D3DP backbone

Alignment MPJPE↓
- 40.9

FC 40.6
TS 40.4
CM 40.0

(b) MixSTE backbone

Table 4: Ablation study of different feature alignment ap-
proaches on the Human3.6M dataset. The best results are
highlighted in bold.

Backbone Alignment PCK ↑ AUC ↑ MPJPE ↓
D3DP - 97.7 77.8 30.2
D3DP FC 97.9 78.0 29.7
D3DP TS 97.8 77.9 29.8
D3DP CM 98.1 78.3 29.3

Table 5: Ablation study of different feature alignment ap-
proaches on the MPI-INF-3DHP dataset. The best results are
highlighted in bold.

son for this is that the hands have higher degrees of freedom
relative to the hip joint (node 0).

Furthermore, we compare the estimation errors of the
baseline method, the proposed method (Ours), and the
method that removes the region edge node-related pose de-
scriptions from the proposed method (Ours-Part) across five
regions on the Human3.6M dataset, as shown in Figure 6.
The experimental results indicate that the proposed method
outperforms the baseline method in all regions, with the
largest improvements observed in R2 and R3. These two re-
gions, being the farthest from the hip joint, suffer the most
from depth ambiguity, suggesting that textual descriptions
indeed help mitigate the impact of depth ambiguity. Addi-
tionally, compared to the Ours-Part method, our method still
shows the greatest improvement in R2 and R3, with limited
improvements in the other regions. This indicates that de-
scriptions related to the hands play the most significant role
in enhancing keypoint recognition accuracy.

Effect of Feature Alignment Approaches Tables 4 and
5 present the experimental results on the Human3.6M and
MPI-INF-3DHP datasets, respectively. We utilize two base-
lines, D3DP and MixSTE, and explore three different feature
alignment approaches (the fully connection-based approach,
the transformer-based approach, and the cross-modality-
based approach) to assess their capability in leveraging pose
textual descriptions. As the developers of MixSTE only re-
leased training code for the Human3.6M dataset, we provide
ablation results solely for this dataset.

The results in Tables 4 and 5 demonstrate that even with
several simple fully connected layers, our method effec-
tively enhances the model’s performance, indicating that
pose textual descriptions indeed alleviate depth ambiguity
to some extent. When employing the transformer-based ap-
proach with stronger representational power, performance
improves further, although the degree of improvement di-
minishes. This confirms the substantial differences between

Absolute difference ↓ x y z
D3DP 14.06 14.90 28.70

Ours (D3DP) 13.89 15.00 27.92
MixSTE 13.98 14.87 29.79

Ours (MixSTE) 13.73 14.83 28.98

Table 6: Comparison between the proposed method and
baselines across three axes on the Human3.6M dataset.

the feature spaces of the pose feature extraction model and
the text feature extraction model, preventing the two types
of features from effectively converging. Furthermore, the
cross-modality alignment approach specifically maps text
features into the pose space, resulting in another boost in
model performance.

In addition, when using D3DP as the baseline, our method
achieves an improvement of 0.6, whereas with MixSTE as
the baseline, the improvement is 0.9. The proposed method
demonstrates a greater enhancement relative to both base-
lines but shows stronger improvement capabilities with the
weaker model. This substantiates that many previous meth-
ods indeed face depth ambiguity, and that pose textual de-
scriptions can effectively mitigate this issue.

Moreover, the experimental results in Table 5 show that
the fully connection-based approach is more effective than
the transformer-based approach, suggesting that the latter
does not always outperform the former. The underlying
reason may be that neither method fully achieves effec-
tive feature alignment. Conversely, the cross-modality-based
approach shows more improvements across all three met-
rics, thereby demonstrating its superior capability in feature
alignment.

Improvement in X, Y, and Z Axes We also compare the
proposed method with the baselines in terms of absolute dif-
ferences across the three axes, defined as |ĉ − c|, where ĉ
and c denote the predicted and ground-truth values along a
given axis, respectively. Specifically, the z-axis represents
depth. Overall, the absolute difference is largest along the
z-axis, followed by the y-axis, with the smallest difference
along the x-axis, as shown in Table 6. This indicates that
existing methods indeed suffer from depth ambiguity. The
primary improvement is observed along the z-axis, where
errors are reduced by 0.78 and 0.81, respectively, while the
results along the x and y axes remain comparable to those of
the baselines. This demonstrates that the proposed method
effectively mitigates the depth ambiguity.

Conclusion
This paper proposes a 3DHPE method capable of learn-
ing from textual descriptions. Firstly, an automatic caption-
ing pipeline generates textual descriptions for a 3D pose
sequence, which outlines the spatial relationships between
different body parts. To better leverage these descriptions,
we also introduce three feature alignment approach. Conse-
quently, the model incorporates prior knowledge from the
pose textual descriptions, thereby surpassing the existing
methods on the Human3.6M and MPI-INF-3DHP datasets.
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