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Abstract

Non-Rigid Structure-from-Motion (NRSfM) is a classic 3D
vision problem, where a 2D sequence is taken as input to es-
timate the corresponding 3D sequence. Recently, deep neural
networks have greatly advanced the task of NRSfM. How-
ever, existing deep NRSfM methods still have limitations in
handling the inherent sequence property and motion ambigu-
ity associated with the NRSfM problem. In this paper, we
revisit deep NRSfM from two perspectives to address the
limitations of current deep NRSfM methods: (1) canonical-
ization and (2) sequence modeling. We propose an easy-to-
implement per-sequence canonicalization method as opposed
to the previous per-dataset canonicalization approaches. With
this in mind, we propose a sequence modeling method that
combines temporal information and subspace constraints. As
a result, we have achieved a more optimal NRSfM recon-
struction pipeline compared to previous efforts. The effec-
tiveness of our method is verified by testing the sequence-
to-sequence deep NRSfM pipeline with corresponding regu-
larization modules on several commonly used datasets.

Introduction
Non-Rigid Structure-from-Motion (NRSfM) is one of the
classical tasks in 3D computer vision, which aims at recover-
ing the 3D deforming shape sequences from 2D observation
sequences. There has been a lot of work trying to construct
a reasonable model for this task. Various traditional math-
ematical methods (Akhter et al. 2008; Akhter, Sheikh, and
Khan 2009; Dai, Li, and He 2014; Zhu et al. 2014) based
on the factorization framework(Tomasi and Kanade 1992),
represented by Bregler et al. (Bregler, Hertzmann, and Bier-
mann 2000), have produced remarkable results in modeling
the deformation sequences.

Along with the rise of machine learning techniques and
the advantages shown by neural network models in terms
of inference speed and computational accuracy, more peo-
ple have started to combine deep learning with non-rigid 3D
reconstruction (Novotny et al. 2019; Kong and Lucey 2021;
Wang, Lin, and Lucey 2020; Zeng et al. 2022; Wang and
Lucey 2021; Zeng et al. 2021; Park, Lee, and Kwak 2020),
and some progress has been made. These methods have cer-
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tain advantages over traditional methods in terms of com-
putational accuracy, inference speed, and handling of shape
ambiguity. However, they also encountered the same prob-
lem as traditional methods, namely motion ambiguity, where
ambiguity interferes with the direction of convergence of the
network, which in turn leads to poor estimation results. To
cope with this problem, C3dpo(Novotny et al. 2019) pro-
poses the concept of transversal property and designs the
canonicalization network to suppress the ambiguity through-
out the data set. On the other hand, PRN(Park, Lee, and
Kwak 2020) represents a sequential regularization method
based on Procrustean Analysis(PA) and an elegant training
method that eliminates the need for the network to perform
complex PA during inference. However, the implementation
and computational complexity of this network in training are
relatively high. At the same time, the backbone network of
these methods(Novotny et al. 2019; Park, Lee, and Kwak
2020; Sidhu et al. 2020; Zeng et al. 2021) only performs
lifting on 2D observations and lacks modeling of continu-
ous 2D observation sequences.

Recently, Deng et al. (Deng et al. 2022)(denoted as
Seq2Seq) designs sequence a reconstructing module by
referring to the traditional mathematical modeling of se-
quences, and has achieved promising results. However, in-
stead of tackling canonicalization in a sequential manner,
this method follows (Novotny et al. 2019) and deals with
the problem throughout the dataset. In addition, this method
models the sequence with little consideration of the posi-
tional information in the sequence structure, and only an ab-
solute positional encoding bias is used to inject temporal in-
formation into the sequence reconstruction process.

In this paper, we propose to revisit the deep NRSfM
problem. We argue that dealing with shape ambiguity in a
sequence-by-sequence manner is more effective than over
the entire dataset, reducing the effect of ambiguity on the
estimation results. We propose a sequential canonicalization
based on General Procrustean Analysis(GPA). This method
focuses on a parameter-free GPA layer, which avoids high
training overhead and eliminates the need for complex GPA
operations during inference. In conjunction with the canon-
icalization for sequences, we design a sequence modeling
method that can utilize sequence temporal more effectively.
We argue that using temporal bias alone to introduce tempo-
ral information for sequence reconstruction is insufficient,
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because there is no guarantee that the network will under-
stand what the bias represents.

Our main contributions are summarized as follows:
• A sequence-by-sequence canonicalization method with

an easy-to-implement GPA Layer, effectively reducing
the impact of the inherent ambiguity of NRSfM on es-
timation accuracy;

• A method that can efficiently incorporate temporal in-
formation to reconstruct non-rigid sequences for better
shape sequence estimation results;

• We conducted experiments on a substantial amount of
data, and the results confirm the validity of our method
in most scenarios.

Related Work
Classical NRSfM Methods
Bregler et al. (Bregler, Hertzmann, and Biermann 2000)
first introduced factorization framework (Tomasi and
Kanade 1992) for Non-rigid Structure-from-Motion. Xiao et
al. (Xiao, Chai, and Kanade 2004) pointed out that the
recovery of shape basis has inherent ambiguity problems.
Akhter et al. (Akhter, Sheikh, and Khan 2009) showed
that the non-rigid 3D shapes can be recovered uniquely
by suitable optimization method under the orthogonal con-
straint. Subsequent researchers have proposed many effec-
tive NRSfM methods, including using DCT basis to recover
motion trajectory(Akhter et al. 2008; Gotardo and Martinez
2011), using low-rank constraint to regularize 3D structure
recovery(Paladini, Bartoli, and Agapito 2010; Dai, Li, and
He 2014; Kumar 2020; Kumar and Van Gool 2022; Shi,
Deng, and Dai 2024), using hierarchical prior(Torresani,
Hertzmann, and Bregler 2008), using union-of-subspace
constraint(Zhu et al. 2014; Kumar, Dai, and Li 2016, 2017),
using procrustean alignment to refine camera motion(Lee
et al. 2013; Lee, Choi, and Oh 2014; Park, Lee, and Kwak
2017), using consensus prior(Cha et al. 2019), using man-
ifold to model non-rigid 3D surface(Kumar et al. 2018;
Parashar, Pizarro, and Bartoli 2018; Parashar, Salzmann, and
Fua 2020), and many other quintessential methods(Marques
and Costeira 2008; Paladini et al. 2009; Garg, Roussos, and
Agapito 2013a)

Deep NRSfM Methods
Novotny et al. (Novotny et al. 2019) proposed the first deep
learning framework for NRSfM. They design a decomposi-
tion network to predict shape and motion separately, and use
canonical loss to fix the estimated 3D shapes in the canoni-
cal coordinate. Kong et al. (Kong and Lucey 2021) builds a
hierarchical network for non-rigid 3D reconstruction. Wang
et al. (Wang, Lin, and Lucey 2020) extended this method
to the perspective projection model. Park et al. (Park, Lee,
and Kwak 2020) extended the Procrustean Regression(Park,
Lee, and Kwak 2017) to the deep learning method, avoiding
the complex camera motion estimation problem. Zeng et al.
(Zeng et al. 2021) further strengthened the inter-frame struc-
ture connection by introducing a regularization constraint
for the pairwise alignment of 3D shapes. Wang et al. (Wang
and Lucey 2021) propose to use the orthographic-N-point

algorithm to regularize auto-encoder to obtain better recon-
struction. Sidhu et al. (Sidhu et al. 2020) designs the trajec-
tory energy function for imposing subspace constraints, ac-
companied by a regular term for temporal smoothing. How-
ever, the method does not combine subspace constraints with
sequential temporal constraints Recently, Zeng et al. (Zeng
et al. 2022) focused on the depth ambiguity problem and
modeled the generation of multi-hypothesis through the in-
troduction of Gaussian noise.

Deep Sparse NRSfM Methods often use the network to
regress the coordinates of 3D keypoints from 2D anno-
tations, while dense NRSfM tasks often use more com-
plex representation to represent 3D structures. Yang et al.
(Yang et al. 2021a,b, 2022) proposed a framework that es-
tablishes the correspondence between long-sequence obser-
vation points by optical flow. In this paper, we focus on the
reconstruction of sparse non-rigid 3D structures.

Sequence Modeling
Neural networks in sequence processing problems can im-
prove processing efficiency and have been widely used
in many sequence-to-sequence tasks(Hinton et al. 2012;
Krizhevsky, Sutskever, and Hinton 2017; He et al. 2017).
Recently, the proposal of Transformer (Vaswani et al. 2017)
has greatly promoted the development of the sequence mod-
eling network. Transformers have been extended to many
fields, such as human pose estimation(Kocabas, Athanasiou,
and Black 2020; Zhang et al. 2022), action recognition(Choi
et al. 2019), NRSfM(Deng et al. 2022), etc.

Some methods do not adopt the Transformer structure,
but try to deal with sequence problems from other perspec-
tives. Wu et al. (Wu et al. 2022) used the time series analy-
sis method to calculate the spectrum information of the se-
quence. Qin et al. (Qin et al. 2023) proposed to use the rela-
tive position encoded Toeplitz matrix to replace the attention
to realize the function of the token mixer. In deep non-rigid
3D reconstruction tasks, some methods strengthen the net-
work’s understanding of sequences. Park et al. (Park, Lee,
and Kwak 2020) used the Procrustean alignment to design
an optimization equation and extended it to a loss function.
Zeng et al. (Zeng et al. 2021) constructed the internal con-
straints of the 3D structures through pairwise contrastive and
consistent regularization.

MethodPreliminary
We first introduce the definition of this problem and review
some classical solutions to provide possible thinking paths.
The following equation gives the general form of NRSfM:

W =

Π1

. . .
ΠF


 R1

. . .
RF


 S1

...
SF


= ΠRS,W ∈ R2F×P ,R ∈ R3F×3F ,S ∈ R3F×P ,

(1)
where Πi = [1 0 0; 0 1 0] is the orthogonal projec-
tion matrix, W is the matrix composed of 2D observations
of continuously deforming objects, S is the 3D shape matrix
corresponding to the 2D observations, and R is the motion
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Figure 1: An overview of deep NRSfM pipeline with proposed shape sequence reconstruction and GPA layer. The whole
pipeline consists of three parts: the single-frame shape/rotation predictor, the shape sequence reconstruction stage and general
procrustean analysis layer. The General Procrustean Analysis layer is a parameter-free layer, which is not needed for inference
when training is finished.

matrix. It should be noted that in the above modeling, no dis-
tinction is made between the ego-motion of the camera and
the motion of the object:

W = ΠRmotionS = ΠRcameraRshapeS. (2)

The underdetermination defect caused by this ambiguity
of coupled motion has resulted in the loss of reconstruction
accuracy in traditional methods and deep methods, and how
to effectively deal with this problem has become one of the
focuses of discussion in various works.

The solution model defined by Eq. (1) is usually trans-
formed into an optimization model with additional con-
straints, and one of the most representative work(Dai, Li,
and He 2014) gives the optimization condition by analyzing
the rank of the sequence matrix to suppress ambiguity:

min
S

∥S♯∥∗, s.t.W = ΠRS,S ∈ R3F×P ,S♯ ∈ RF×3P ,

(3)
where S♯ is a reshuffled form of S as described in Dai et
al. (Dai, Li, and He 2014). The most important feature of
this model is that no additional priori assumptions are in-
troduced for the solution, but rather a low-rank constraint.
Later, Zhu et al. (Zhu et al. 2014) noted on the basis of
Dai et al. (Dai, Li, and He 2014) that this low-rank con-
straint on deforming sequences can be extended to a union-
of-subspace representation. This work assumes that deform-
ing shapes in the same sequence should come from one or
more intersecting shape spaces, each of which is spanned by
a set of shape basis:

min
D

∥D∥∗, s.t.W = ΠRS,S = DC, (4)

where D is a dictionary matrix containing multiple bases
that can be tensed into different subspace shapes, and C is a
coefficient matrix. This sequence modeling method referred
to LRR(Liu et al. 2012) brings new effective constraints to
the solution process, refining the regularity of the low-rank
constraint on the estimation results.

However, these modeling of sequences are rarely dis-
cussed in subsequent deep methods, and the mainstream
deep methods (Novotny et al. 2019; Kong and Lucey 2021;
Wang and Lucey 2021) reconstruct the non-rigid shape se-
quences in a single-frame lifting way as follows:

S′
i = fS(f(Wi),ΘS),S

′
i ∈ R3×P , (5)

Ri = fR(f(Wi),ΘR),Ri ∈ R3×3, (6)

where Θ is learnable parameters, and f : R3×P → RD is an
encoder module. Whilst such methods heavily rely on a net-
work’s ability to recall the relevant 3D structure from a sole
frame of data, it is evidently apparent that they are incapable
of utilizing constraints from sequence context, temporal in-
formation, and the sequence structure itself which can be
provided to facilitate the reconstruction process.

In this paper, we revisit the canonicalization and the se-
quence structure self-expressive regularity under sequence
modeling, and design modules that can effectively impose
both constraints to obtain a deeply non-rigid reconstruction
pipeline that can effectively exploit the sequence structure
information. The entire pipeline is shown in Fig. 1, and we
will then present first how to perform canonicalization in
Sec. , followed by sequence modeling in Sec. .

General Procrustean Analysis Layer
To reduce the ambiguity described as Eq. (2) for reduce the
loss of accuracy on estimating shapes, we design a novel
module G : RF×3P → RF×3P that constrains the sequence
estimated by the network to the canonical coordinate system
originally proposed by C3DPO (Novotny et al. 2019).
Definition 1 A deforming shape set S = {S1, · · · ,Sn} is in
canonical coordinate, ∀S,S′ ∈ S and R ∈ SO(3) S = RS′

i.f.f. S = S′,R = I3.
Unlike C3dpo, we define the input sequence rather than the
entire dataset as a deforming shape set S .

Thus, the previously coupled motion decomposition prob-
lem is treated as solving only one motion Rmotion. It
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should be noted that the motion Rmotion here is actually
no longer the camera motion but a combination of the ori-
gin camera motion and shape rigid motion, Rmotion =
RcameraRshape, since NRSfM focuses more on the recov-
ery of the nonrigid shapes.

In contrast to another Deep NRSfM classical work
C3dpo(Novotny et al. 2019) Seq2Seq (Deng et al. 2022) dif-
fers in that it does not need random sampling in the rotation
space SO(3) for each frame of 3D shape and training the
network to be invariant to arbitrary rotational transforma-
tions. The context layer in Seq2Seq grants greater focus on
estimating the sequence structure. The specific principle is
shown in Fig. 2.

Inspired by PND (Lee et al. 2013), PR (Park, Lee, and
Kwak 2017) and PRN (Park, Lee, and Kwak 2020), we de-
sign a parameter-free GPA Layer, which uses Generalized
Procrustean Analysis (Gower 1975) to model the canoni-
cal coordinate and employs an iterative approach to obtain
aligned shapes. The goal of the GPA layer is to eliminate
rigid motion between any two frames as much as possible
in the least squares sense. The GPA layer takes 3D sequence
S̃ as input and outputs the aligned 3D shapes Ŝ, which is
defined as follows:

Ŝ = R̂S̃, and
{
R̂i

}F

i=1
= argmin

Ri

F∑
i=1

∥∥∥RiS̃i − S̄
∥∥∥2
F
,

(7)
where S̄ is the mean shape of aligned shapes, which is up-
dated during the iteration, and S̃ is the reconstructed 3D
shape which will be introduced in Sec. Sequence Recon-
struction. The aligned shapes Ŝ are under a fixed coordinate
and can naturally be added with some regularization, such
as low-rank etc.

PRN (Park, Lee, and Kwak 2020) gives an elegant deriva-
tion of how to introduce constraints using GPA in gradient
backpropagation, but is accompanied by a high computa-
tional overhead. Here we have an approach that is simpler
in terms of implementation, but has a similar level of effec-
tiveness. We refer to the iterative gradient backpropagation
procedure of (Geng et al. 2021) and use the one-step gra-
dient strategy to approximate the gradient of the GPA layer
during the iteration.

Next, we show how the gradient of this computational
procedure should be propagated. Suppose that the regular-
ization term constraint acting on Ŝ is G(·), then the gradient
can be calculated according to the chain rule similar to (Park,
Lee, and Kwak 2020):

∂G
∂S

=

〈
∂G
∂Ŝ

,
∂Ŝ

∂S

〉
, (8)

where ⟨·, ·⟩ represents the inner product. Once G is defined,
∂G
∂Ŝ

can be directly derived. Since computing S → Ŝ is an
iterative process with an unknown number of iterations, we
represent ∂Ŝ

∂S into iterative form according to the chain rule:

∂Ŝ

∂S
=

〈
∂Ŝ

∂Sk
,

〈
∂Sk−1

∂Sk−2
,

〈
· · · ,

〈
∂S2

∂S1
,
∂S1

∂S

〉
· · ·

〉〉〉
(9)

where Sk is the intermediate state in the iterative process.
This back-propagation process allows the shape sequence S̃
estimated by our backbone network to be in the canonical
coordinate as much as possible.

Sequence Reconstruction
In the previous section, we introduce the GPA layer, which
aims to reduce motion ambiguity by aligning the shape se-
quences to the canonical coordinate, and in this section, we
describe what properties should exist for the sequence. In-
spired by Eq. (4), sequence can be represented as follows:

S = CS,S = [S′
1, · · · ,S′

F ]
⊺,S′

i ∈ R3P×1. (10)
This indicates that any shape can be derived through a lin-

ear combination of other shapes. In this form, it is found that
the identity matrix I is a trivial case for coefficient matrix
C, i.e. shapes in the sequence are not related to each other.
However, the study conducted by (Zhu et al. 2014) indicates
that the shapes with close distances in the deformation se-
quence are present in the same subspace. This guarantees
the absence of trivial cases, meaning that the deformation
shape sequence obtains the self-expressive property.

To guarantee that the estimated shape sequence has self-
expressive properties, we could rebuild the sequence by ap-
plying a coefficient matrix connected to it:

S = CS′,C = H(S′), (11)

s.t. S′ = [S′
1, · · · ,S′

F ]
⊺,S′

i ∈ R3P×1. (12)

Where the mapping H(·) : RF×3P → RF×F is referenced
from the (Qin et al. 2023). This mapping is designed to en-
code shape temporal position and similarity in the coefficient
matrix at the same time. To make the network more flexible,
we here first map the shapes to the feature space before im-
posing this regularity:

S̃ = gs(H(g(S′),L,Θ)g(S′)), (13)
where S′ is the deforming sequence output from the pre-
dictor fS(·,ΘS) in Eq. (5), Θ is the learnable parame-
ter, L is a series vector representing the sequence order,
i.e. L = [1, 2, · · · , F ]⊺. To make the network more flex-
ible, we impose this constraint in the feature space. g :
RF×3P → RF×D maps the shape to the feature space, and
gs : RF×D → RF×3P remaps the deformation sequence
from the feature space back to the shape space.

From the above self-expressive properties of the deforma-
tion sequence, it is clear that the shapes in the sequence are
linearly correlated with each other. Therefore, the deforma-
tion sequence matrix S should be in canonical coordinate
described by Definition 1 and rank defect. Therefore, we
perform the canonicalization with GPA Layer and the nu-
clear norm loss on the shape sequence, ∥Ŝ∥∗. The nuclear
norm alone cannot point to the correct learning direction, so
we use the re-projection error as a data term, and finally ob-
tain the total loss function that oversees the entire pipeline
training process as follows:

L = α∥W −ΠRS̃∥2 + β∥Ŝ∥∗, (14)
where α and β are hyperparameters used to the balance
of loss functions. After analysing the results of our experi-
ments, we hereby choose the loss weight as α = 9, β = 0.1.

2684



( ), (3), 1, ,i i SO i F    X RX R 

    11
, (3)i i i iii

F FGPA SO


  X R X R

Canonical Coordinate

frame 1

frame 2

......

frame F-1

frame F

mean shape

......

frame 1

frame 2 frame F-1

frame F

Figure 2: The left side of the figure shows the canonicalization method in (Novotny et al. 2019), which performs random
rotations for each frame, i.e., training the network over the entire dataset to determine the canonical coordinate. The right side
shows our method to align for each sequence, explicitly helping the network to determine the canonical coordinate.

Implementation Details
The network has three parts. The first part is a single-frame
predictor that can obtain an intermediate sequence (predictor
structure is the same as C3dpo(Novotny et al. 2019)). In the
second part, the intermediate sequence obtained is mapped
to the feature space, and then regularized by the context
layer to ensure that the sequence can have the self-expressive
property, and then mapped back to the shape space. Finally,
the output is regularized by the GPA layer for ambiguity re-
duction, and the reprojection error and nuclear norm are cal-
culated using the final output for training supervision.

The module g is a one-layer linear layer, the input dimen-
sion is 3×P , the output dimension is 128. gs contains a gated
linear unit(Shazeer 2020) and a four-layer MLP. H contains
a gated Toeplitz unit (Gtu) as (Qin et al. 2023). In addition,
the GPA layer does not contain any learnable parameters,
so it can be left out of the computation during testing. To
clearly present the structure of our network module, we have
provided more detailed information in our supplementary
material. The experimental settings are, GPA convergence
threshold is 1e−8, and the maximum number of iterations is
100. The weight of the loss function is α = 9, β = 0.1, the
sequence length is 32, the batch is 256, and 4 Nvidia RTX
3080Ti are used for training.

Experiments
We commence this section with a thorough depiction of the
dataset employed as well as the metrics. Following this, the
quantitative outcomes will be presented, and ultimately, the
ablation experiments will be conducted, accompanied by a
performance discussion.

Dataset
Human3.6M. This classic dataset contains a large number
of human motion sequences annotated with 3D ground truth
which are extracted by motion capture systems (Ionescu
et al. 2014). Following the setup of C3dpo(Novotny et al.
2019), two variants of the dataset are used: 1. Input 2D
keypoints by the projection of ground truth 3D keypoints
for training and testing (marked as GT-H36M); 2. Input 2D

keypoints detected by HRNet (Sun et al. 2019) (marked as
HR-H36M). We follow the protocol of (Kudo et al. 2018)
and evaluate the mean per-joint position error(MPJPE) and
Stress(Novotny et al. 2019) over 17 joints.
InterHand2.6M. This dataset contains a large number
of highly deformed hand poses (Moon et al. 2020). The
hand pose sequence has different deformation characteris-
tics from the human pose sequence, and in order to verify
the generality of the NRSfM method, this dataset is intro-
duced for experimental comparison. We evaluate the mean
per-joint position error (MPJPE) and Stress over 21 joints.
3DPW. 3DPW(von Marcard et al. 2018) is a dataset com-
monly used for human pose estimation, which is less com-
monly used in NRSfM, and less frequently mentioned in
previous work, so we follow the evaluation protocol of
(Kudo et al. 2018). We also report the mean per-joint po-
sition error and Stress over 24 joints.
CMU MOCAP. For a fair comparison with existing meth-
ods, we follow the setup of (Zeng et al. 2021) to preprocess
the CMU MOCAP datasest 1. We follow the splitting proto-
col of (Kong and Lucey 2021), where 1/5 action sequences
are used for testing, and the rest are used for training. For
evaluation, we use the same criterion as (Zeng et al. 2021)
and report the reconstruction error e3D on shapes.
Short Sequence. We choose some classical short se-
quence datasets used in the traditional methods, the Kinect
dataset(Varol et al. 2012) has 1503 points per frame and
in total 191 frames; the Rug dataset(Garg, Roussos, and
Agapito 2013b) has 3912 points per frame and in total 159
frames. These datasets have a very small number of frames
but have much denser 2D observations.
Evaluation Metric. Two major evaluation metrics were
mentioned, according to the object we want to compare,
we follow C3dpo(Novotny et al. 2019) and PRRRN(Zeng
et al. 2021) to choose different metrics on different data,
they are: MPJPE(Si,S

∗
i ) = 1

P

∑P
j=1 ∥Sij − S∗

ij∥2 and

e3D(Si,S
∗
i ) =

∥Si−S∗
i ∥2

∥S∗
i ∥2

where the S∗
ij denote the position

of j -th key point in the 3D shape of the ground truth of i

1CMU Dataset. available at http://mocap.cs.cmu.edu/
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Methods GT-H36M HR-H36M I26M 3DPW
MPJPE Stress MPJPE Stress MPJPE Stress MPJPE Stress

PRN(Park, Lee, and Kwak 2020) 86.4 - - - - - - -
PAUL(Wang and Lucey 2021) 88.3 - - - - - - -

ITES(Xu et al. 2021) 77.2 - - - - - - -
PoseDict(Xu et al. 2021) 85.7 - - - - - - -

C3dpo(Novotny et al. 2019) 95.6 41.5 110.8 56.3 9.8 6.2 77.5 35.4
DNRSfM(Kong and Lucey 2021) 109.9 35.9 121.4 72.4 13.8 8.5 184.5 288.1

Seq2Seq(Deng et al. 2022) 79.8 33.8 98.5 49.6 8.9 6.1 109.7 49.2
MHR(Zeng et al. 2022) 72.1 36.4 93.4 49.9 29.1 12.2 79.6 34.7

Ours 66.1 25.9 84.5 45.0 8.6 5.7 74.4 31.8

Table 1: Experimental results on the Human3.6M datasets with ground truth 2D keypoint(Marked as GT-H36M) and HRNet
detected 2D keypoints(Marked as HR-H36M), InterHand2.6M(Marked as I26M) and 3DPW dataset. We report the mean per
joint position error (MPJPE) over the set of test actions. Our method achieves state-of-the-art performance on these datasets.

Methods S07 S20 S23 S33 S34 S38 S39 S43 S93

All

CSF(Gotardo and Martinez 2011) 1.231 1.164 1.238 1.156 1.165 1.188 1.172 1.267 1.117
URN(Cha, Lee, and Oh 2019) 1.504 1.770 1.329 1.205 1.305 1.303 1.550 1.434 1.601

CNS(Cha et al. 2019) 0.310 0.217 0.184 0.177 0.249 0.223 0.312 0.266 0.245
C3DPO(Novotny et al. 2019) 0.226 0.235 0.342 0.357 0.354 0.391 0.189 0.351 0.246
Seq2Seq(Deng et al. 2022) 0.072 0.122 0.137 0.158 0.142 0.093 0.090 0.108 0.129

MHR(Zeng et al. 2022) 0.384 0.461 0.495 0.474 0.479 0.434 0.430 0.495 0.478
Ours 0.056 0.146 0.168 0.169 0.201 0.098 0.082 0.116 0.122

Unseen

DNRSFM 0.097 0.219 0.264 0.219 0.209 0.137 0.127 0.223 0.164
PR-RRN 0.061 0.167 0.249 0.254 0.265 0.108 0.028 0.080 0.242
C3DPO 0.286 0.361 0.413 0.421 0.401 0.263 0.330 0.491 0.325
Seq2Seq 0.081 0.139 0.196 0.191 0.195 0.097 0.089 0.139 0.151

MHR 0.398 0.467 0.511 0.474 0.471 0.435 0.428 0.506 0.476
Ours 0.069 0.188 0.228 0.251 0.213 0.096 0.084 0.121 0.120

Table 2: Results on the long sequences of the CMU motion capture dataset. We follow the comparison in (Zeng et al. 2021). Our
result achieve the comparable result on this dataset with the state-of-the art methods. We additionally discovered that on certain
specific datasets, the benefits displayed by our created modules were not apparent. Thus, we conducted further experiments and
analysed them in the Discussion section in Appendix.

-th frame and also we follow C3dpo (Novotny et al. 2019) to
report Stress(Si,S

∗
i ) =

∑
j<k

∥∥Sij−Sik∥2−∥S∗
ij−S∗

ik∥2∥
P (P−1) .

Quantitative Result
Table 1 reports results on Human3.6M with ground truth
keypoint (GT-H36M) and results on Human3.6M with de-
tected keypoints (HR-H36M). We compare our result with
several deep non-rigid reconstruction methods including
PRN(Park, Lee, and Kwak 2020), PAUL(Wang and Lucey
2021), ITES(Xu et al. 2021), PoseDict(Xu and Dunn 2021),
C3DPO(Novotny et al. 2019), DNRSfM(Kong and Lucey
2021), MHR(Zeng et al. 2022), Pre(Deng et al. 2022), where
we have directly quoted some experimental results from
MHR. The result validates the effectiveness of our method
on highly flexible shape sequences. The visualization of the
result is shown in Fig. 3. We also test this method on Inter-
Hand 2.6M as Table 1, the results validate the effectiveness
of our method on dataset with category other than human.

Our method is also compared with several methods on
the CMU Mocap dataset in Table 2. Since we use the

same preprocessing method and testing strategy as PR-
RRN(Zeng et al. 2021), we directly cite the experiment re-
sults of several methods including CSF(Gotardo and Mar-
tinez 2011), URN(Cha, Lee, and Oh 2019), CNS(Cha et al.
2019) from PR-RRN, and test C3DPO(Novotny et al. 2019),
MHR(Zeng et al. 2022), DNRSFM(Kong and Lucey 2021),
Seq2Seq(Deng et al. 2022) which achieves state-of-the-art
(SOTA) reconstruction accuracy on CMU MOCAP, and our
approach achieves comparable precision to the SOTA.

We also test method on the classical nonrigid dataset
3DPW. The results are reported in Table 1, showing the ad-
vantages of our method. Also, we test method on the Kinect
and Rug dataset for dense reconstruction. The result is par-
tially visualized in Fig. 4, and quantitative results are in Ap-
pendix. Although the size of these dataset are small that it
is not suited for deep methods, our method still guarantees
results and is more stable compared to (Deng et al. 2022).

We additionally discovered that on certain specific
datasets and we conducted further experiments and analyzed
them in the Discussion section in Appendix.
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Methods Settings Result
Series GPA Context Nuclear Mean Canonical PRN MPJPE Stress

all-one Series Vector ✓ ✓ ✓ 90.4 36.5
w/o GPA Layer ✓ ✓ 121.1 61.5

w/o Context Layer ✓ ✓ ✓ 166.7 76.8
w/o Nuclear Norm ✓ ✓ ✓ 111.2 45.8

Ours Canonical ✓ ✓ ✓ ✓ 79.8 32.6
Ours Mean ✓ ✓ ✓ ✓ 83.4 33.2
Ours PRN ✓ ✓ ✓ ✓ 118.7 50.8

Ours ✓ ✓ ✓ ✓ 66.1 25.9

Table 3: Ablation studies performed on the Human3.6M dataset, all-one Series Vector representation does not take into account
the temporal order at all when calculating the coefficient matrix, and its results are poor. On the other hand, the GPA Layer,
Context Layer, and low rank constraint, loss of any of the constraints affect the results. Ours Canonical delegates do not use
GPA Layer, but use canonical loss from C3dpo(Novotny et al. 2019), which can be found to not work well as a replacement. In
addition, if we do not use GPA Layer but design a mean shape loss to replace this layer, the result as shown in Ours Mean and
this setting does not achieve the same performance as GPA Layer. Ours PRN replace GPA Layer with PRN gradient(Park,
Lee, and Kwak 2020).The proposed modules should be used together for best outcomes.

Ours Canonical Ours MeanC3dpoGT MHR Ours

Figure 3: The visualization on different methods and abla-
tion on the Human3.6M(first row) and InterHand2.6M (sec-
ond row), more visualization are included in supplementary.

Ablation Study
To verify the effectiveness of our regularization module and
the related regularization loss, the ablation result is reported
in Table 3. The results (Ours w/o GPA Layer, Ours w/o
Context Layer) show that the self-expressive constraint
without the alignment constraint fails to work, and vice
versa. We compare the results of using the all-one Series
Vector (Our all-one Series Vector, setting the Series Vec-
tor L = 1, · · · , 1) and the normal vector, the results show

Kinect Rug

GT GT OursOurs

Figure 4: This dense reconstruction visualization demon-
strates that our method still works on dense settings.

that the correct temporal series vector in context layer leads
to better final shape. To verify the effectiveness of the GPA
layer, we replace it with the GPA loss function. The results
(Ours w/o Nuclear Norm) prove that the rank constraint
for the shape sequence is effective and it can provide a posi-
tive effect for the network to find the correct learning direc-
tion. We test the Canonical loss of C3dpo (Marked as Ours
Canonical) and the mean shape loss designed with reference
to GPA respectively (Ours Mean) as follows:

Lmean =

F∑
i=1

∥ trace(R̂i)− 1

2
∥1, (15)

R̂i = argmin
Ri

∥RiSi − S̄∥2, S̄ =
1

F

F∑
i=1

Si, (16)

where R̂i is obtained by the SVD-based least square algo-
rithm. To compare the difference between PRN and GPA
Layer, we conducted Ours PRN by removing the GPA
Layer and performing canonicalization as PRN. The results
show that the GPA Layer performs better. Additionally, dur-
ing the experiments, it was discovered that PRN has a more
intricate implementation in the computation of the gradient
compared to the GPA layer.

In addition, we investigate where to supervise the recon-
structed sequences, the details of which we put in the ap-
pendix due to space constraints.

Conclusion
In this paper, we revisited deep NRSfM from the perspective
of canonicalization and sequence modeling. Based on our
analysis, we designed two modules that can be utilized for
deep NRSfM which adhere to the canonical rule. To verify
the efficacy of the modules, several representative datasets
are used to run the reconstruction pipeline. Experimental re-
sults confirm the validity of our approach. The findings also
highlight a limitation of our method on smaller datasets. We
will address this issue in our future research.
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