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Abstract. Neural rendering techniques have significantly advanced 3D
human body modeling. However, previous approaches overlook dynam-
ics induced by factors such as motion inertia, leading to challenges in
scenarios where the pose remains static while the appearance changes,
such as abrupt stops after spinning. This limitation arises from condi-
tioning on a single pose, which leads to ambiguity in mapping one pose
to multiple appearances.
In this study, we elucidate that variations in human appearance depend
not only on the current frame’s pose condition but also on past pose
states. We introduce Dyco, a novel method that utilizes the delta pose
sequence to effectively model temporal appearance variations. To mit-
igate overfitting to the delta pose sequence, we further propose a lo-
calized dynamic context encoder to reduce unnecessary inter-body part
dependencies. To validate the effectiveness of our approach, we collect a
novel dataset named I3D-Human, focused on capturing temporal changes
in clothing appearance under similar poses. Dyco significantly outper-
forms baselines on I3D-Human and achieves comparable results on ZJU-
MoCap. Furthermore, our inertia-aware 3D human method can unprece-
dentedly simulate appearance changes caused by inertia at different ve-
locities. The code, data and model are available at our project website
at https://ai4sports.opengvlab.com/Dyco.
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1 Introduction

Pursuing dynamic, lifelike, and high-fidelity human body reconstruction has been
a longstanding endeavor, finding versatile applications in AR/VR, filmmaking,
gaming, and motion analysis. Previous efforts in dynamic human neural ren-
dering have focused on digitalizing human avatars and modeling human mo-
tion [2,4,12,26,27,30,31,37,38,42]. Classical approaches such as SCAPE [4] and
SMPL [2] conduct statistical analysis on 3D scans to decompose mesh variation
into shape and pose components. However, these methods struggle with lacking
geometric details such as clothing depiction. Recent advancements in the neural
⋆ denotes authors with equal contributions. † denotes co-corresponding authors.
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Fig. 1: We emphasize that appearance variations not only depend on different static
poses, but can also be induced by inertia, such as the graceful hanging down of the
dress drape after a sudden stop in motion. Compared with previous methods solely
relying on static poses, we encode past pose trajectory with the pose sequence to
accurately capture such dynamic effects. This improves both novel-view renderings
and generalization to novel poses.

radiance field [21] have enabled learning more accurate neural human represen-
tations from monocular or multi-view videos, typically involving Linear Blend
Skinning (LBS) guided skeletal motion module, MLP-based non-rigid motion
module, and canonical radiance fields. These methods achieve pose-dependent
human motion modeling by learning human radiance fields in canonical space
and warping them to observation space conditioned on pre-extracted poses.

Our question is whether pose-based LBS processes are sufficient for modeling
3D human motion. To answer this question, let us consider the scenario captured
from a static camera view in Fig. 1, wherein a girl spins (p1 → p3) and then
stops (p3 → p4). As she stops, her pose stays mostly the same, but the drape of
her dress noticeably falls. Therefore, solely relying on the current single pose is
insufficient to model variations in non-rigid human motion and appearance, as
it ignores dynamic motion contexts. This limitation causes previous methods to
struggle with mapping identical pose inputs to different appearance, resulting in
artifacts in the scenario described above.

In this work, we propose a neural avatar model that accounts for dynamic
context, dubbed Dyco, which significantly advances dynamic human motion
modeling by resolving the ambiguity that arises from relying solely on static
poses. Drawing inspiration from dynamic blend shapes in DMPL [2], we encode
pose sequences as condition in addition to the current static pose. We compute
the changes, or deltas, in pose parameters over the pose trajectory and input the
delta sequence into the non-rigid deformation field and canonical volume. Since
the increased input dimension poses a risk of overfitting, we design a localized
dynamic context encoder to reduce input complexity without sacrificing infor-
mation. The dynamic context encoder eliminates spurious dependencies between
different body parts and efficiently aggregates spatial and temporal information.

In addition to the methodological neglect of dynamic contexts, current datasets
fail to accurately capture the associated issues. existing datasets mitigate the
issue of appearance variations caused by dynamic contexts by reducing the mag-
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nitude of motion (DNA-Rendering Dataset [6]) or wearing tight-fitting garments
(ZJU-Mocap Dataset [28], ENeRF-Outdoor Dataset [19] and NHR Dataset [39]).
However, real-world human body modeling cannot avoid dealing with large mo-
tions and loose clothing. To fully demonstrate the advantages of our inertia-aware
3D human modeling method, we have collected a new dataset of human body
data, named I3D-Human. I3D-Human emphasizes significant appearance varia-
tions resulting from dynamic contexts, such as skirt swaying and hem dropping,
with the aim of facilitating relevant future research. In summary, our contribu-
tions are as follows:

1) Dyco, a novel human motion modeling method that utilizes pose sequences,
mitigating the ambiguity in appearance learning conditioned solely on poses,
thus enhancing the generalization of dynamic contexts to novel poses;

2) a localized dynamic context encoder to alleviate the risk of overfitting asso-
ciated with the increased representational capacity, thereby contributing to
improved model performance;

3) I3D-Human Dataset, a self-collected human dataset capturing richer vari-
ations of appearance from dynamic contexts. We achieve best results on
our I3D-Human Dataset and demonstrate comparable performance on ZJU-
Mocap, compared to state-of-the-art human body modeling methods.

2 Related Work

2.1 Explicit Mesh Representation for Human Avatars

The early success of digital avatars took place in a class of body models [2, 8,
10,30] that represent the body as a mesh and perform statistical analysis on the
database of 3D scans to learn shape and pose components in the mesh varia-
tion. Mostly well-known, a family of SMPL(-X)-based human body models [2]
has been widely used over the past decade for its flexibility, realism, and ease
of use. The key improvement of SMPL over previous models lies in its effective
learning of pose blend shapes to correct skinning artifacts and pose-dependent
deformations. This is achieved by formulating the pose blend shapes as a lin-
ear function of the elements of the part rotation matrices. Since then, plenty
of work has contributed to estimating the SMPL parameters of subjects from
2D inputs [1, 7, 33]. To capture the momentarily lagging-behind motion of soft
body tissues in dynamic human motion, DMPL [2] and Dyna [30] parameterized
velocities and acceleration of the body and limbs into their linear models, which
brings their animation closer to life. However, these meshed-based body models
can only represent naked or tightly-clothed bodies. Though some work [9,24] ex-
tends body mesh models to modeling clothed humans, their mesh-based models
of limited resolution make the renderings far from visually realistic.

2.2 Implicit Neural Representation for Human Avatars

In pursuit of photorealism, advanced human avatars exploit neural implicit repre-
sentation [18,20,34,42]. For instance, a number of methods using neural radiance
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field (NeRF [21]), ARAH [37] using neural signed distance function (NeuS [36]),
InstantAvatar [12] and FastNeuralBody using InstantNGP [22], and more recent
models take advantage of the efficiency of gaussian splatting [14]. Despite vari-
ations in their choice of neural representation, these methods typically learn a
canonical field to represent body shape and appearance in a rest pose, along
with a deformation module to compute correspondence between the rest pose
and target pose.

However, while neural 3D representations have demonstrated impressive re-
sults in novel-view rendering of static scenes and even some quasi-static dynamic
scenes, we find that the rendering results of neural implicit human avatars are
not satisfactory enough, exhibiting blurring appearance and failing to manifest
realistic dynamic motion, even in the training images. One important reason for
the blurriness is that most of the state-of-arts only take the SMPL parameters
of the target single pose as input to their neural representation, which will bring
dynamic context-induced ambiguity that may influence model fitting.

2.3 Modeling Dynamic Context in Human Avatars

The impact of dynamic context on human appearance was discussed in some
previous literature. First, there are physical-based approaches which exploited
the material properties of human soft tissues and simulated their dynamic simu-
lation using intricate physical models. For example, Larboulette et al . [16] design
a mechanical model of a regular limb to simulate the motion of flesh under dif-
ferent accelerations of the bone with the finite element method (FEM). Rohmer
et al . [32] underscores the importance of secondary animation for liveliness and
presents velocity skinning on top of standard LBS to create dynamic effects
such as squash and stretch. However, physical-based approach requires manual
design for different materials, which is infeasible to apply to full-body anima-
tion. Instead of modeling the underlying physics, another line of work attempts
to learn the approximation of dynamics from 4D scans in a data-driven man-
ner. DMPL [2] and Dyna [30] learn to predict soft-tissue deformation from the
changing of the body pose. However they can only model naked human bodies.
DRAPE [9] incorporates motion history into clothing deformation prediction to
animate the draping and flowing effect of clothing. However, it requires the cloth-
ing template mesh and its proficiency is highly limited to the types of clothing
it is trained on. Also, these methods are confined to mesh-based representation
and deformation and thus far from high-resolution photo-realistic renderings.

On the other hand, current implicit neural avatars are promising for photo-
realisim. However, none of them manage to represent the effect of dynamic con-
text and motion inertia on appearance variation. Our work is the first to make
the implicit avatar inertia-aware. One reason for the dynamic effect being over-
looked is that current datasets, e.g . ZJU-MoCap [28], PeopleSnapshot [3], only
focus on tightly-clothed figures with slow and gradual motion. To study the dy-
namic motion effects that commonly exist in the real scenario, we curate a new
dataset of loosely-clothed humans with free and abrupt motion.
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3 Preliminaries

3.1 Human NeRF Representation

A HumanNeRF [38] is defined to determine the density σ and color c of any given
3D location x, conditioned on a specific pose configuration p = {(Ri, ti)|i ∈ K}
of a person: Fo(x,p) −→ (σ, c). Typically, the problem is solved in a canonical
space, where a standard static Neural Radiance Field (NeRF) [21]

Fc(xc)
ΘNeRF−−−−→ (σ, c), (1)

and a point mapping function T (x,p) −→ xc from observed space back to canon-
ical space are learned. The xc can be split into a rigid and a non-rigid part, i.e.,
xr and ∆x, corresponding to the rigid transformation function TR and non-rigid
transformation function TNR, represented as

xc = xr +∆x, (2)
= TR(x,p) + TNR(xr,p). (3)

The rigid transformation function TR is formulated as an inverse linear blend
skinning process [17], a weighted sum of the rigid transformations defined fol-
lowing

TR =

K∑
i=1

ωi
o(x)(Rix+ ti), (4)

where ωi
o(x) is the corresponding blending weight in observed space and esti-

mated using a set of learnable weights ωi
c(x) defined in the canonical space as

ωi
o(x) =

ωi
c(x)(Rix+ ti)∑K

i=1 ω
i
c(x)(Rix+ ti)

. (5)

Using a convolution network that takes a random latent code z as input, a single
volume grid Wc(x) with K + 1 channels are learned to store all the blending
weights Wc(x) = {ωi

c(x)|i ∈ K}: CNNΘω
(z) −→Wc(x).

The non-rigid transformation TNR predicts an extra position offset∆x caused
by different pose configurations by optimizing parameters ΘNR,

TNR(xr,p)
ΘNR−−−→ ∆x. (6)

3.2 NeRF and Volume Rendering Revisited

NeRF [21] comprises three primary stages: sampling, volume mapping, and ren-
dering. In the sampling stage, points x ∈ R3 are sampled along rays computed
from the camera’s position. Subsequently, in the volume mapping stage, each
3D point x, along with its viewing direction d ∈ R3, is queried to determine the
volume density σ and color c = (r, g, b) of x. Finally, in the rendering process,
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the color of each ray is determined using volume rendering techniques [13]. The
expected color of the ray r(t) = o+ td is then computed as follows

C(r) =

∫ tf

tn

T (t)σ(r(t))c(r(t),d)dt , (7)

where tn and tf are the near and far bounds, respectively, and

T (t) = exp

(
−
∫ t

tn

σ(r(s))ds

)
. (8)

The ground truth color Cgt(r) of each ray serves as supervision for training
NeRF, and we define the loss function as follows

LMSE =
∑
r∈R

‖C(r)− Cgt(r)‖22 , (9)

where R is the ray batch. Besides RGB-based loss, previous work [31, 38, 40]
shows that utilizing an LPIPS loss [41] LLPIPS as an auxiliary supervision can
greatly enhance the visual details of the renderings.

4 Method

4.1 Ambiguities under Identical Pose Conditions

Relying solely on rigid transformations, TR, for modeling details of human mo-
tion is not sufficient. In many human NeRF works [18,38], achieving comprehen-
sive motion modeling requires incorporating non-rigid deformations TNR(xr,p)
conditioned on human poses p. Some studies [23] introduce additional pose con-
ditions for training the canonical volume to capture variations in per-frame ap-
pearance. Nevertheless, our analysis suggests that relying exclusively on pose
conditions for non-rigid deformation and canonical volume learning still imposes
inherent ambiguities. This is exemplified by varying clothing states of a person
under identical poses. In instances where an individual wearing loose clothing
abruptly halts after rotation, there is a brief period during which the overall pose
remains static, yet inertia induces substantial swinging motion at the specific lo-
cation x on the clothing. Consequently, the non-rigid deformation target ∆x
for point x becomes ambiguous due to this swinging motion, given their shared
condition under identical poses. Another type of ambiguity arises from the varia-
tions in appearance under identical pose conditions, when two observation points
corresponding in canonical space exhibit different local normal characteristics.
Even under invariant lighting conditions, differences in local normals can impact
shading outcomes, consequently affecting the final appearance.

We emphasize that these two ambiguities are prevalent in everyday scenarios
caused by dynamic contexts such as inertia, despite being overlooked by previ-
ous methods and datasets focusing on meticulously designed wearing patterns.
To alleviate these ambiguities, we introduce pose-sequence information in the
following sections to capture the intrinsic details arising from inertia.
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Fig. 2: The overall pipeline of our method. The rigid transformation and non-rigid
transformation module deform the coordinate in the pose space into the canonical
space, which is then fed into the triplane volume to obtain the color and density in the
canonical space. To capture the variation under similar poses within different dynamic
contexts, we adopt a localized dynamic context encoder to embed pose sequences as
additional conditional inputs into the transformation module and canonical volume.

4.2 Modeling Pose-Sequence Dependent Human Motion

Fig. 2 shows our pipeline. Our core insight is that the inertia properties of
the human body cannot be exclusively inferred from the current frame but are
encoded within the preceding pose sequence. We introduce two parameters to
define such a pose sequence: sequence length L and step s. Formally, a pose-
sequence Sp with a length L, traced back from the current frame at step s, is
defined as

Sp = {pi−(L−1)s, . . . ,pi−s,pi}, (10)

where the sequence length L is the number of frames in the pose-sequence and
s is the level of granularity. Both parameters jointly determine the pose se-
quence’s window length and motion details of the pose sequence. However, this
pose-sequence design is susceptible to overfitting when used as network input,
particularly due to its complexity with increasing sequence length L.

We reassess the inertia-related properties, e.g . velocity and acceleration, of
the human body and find that they are solely associated with changes in pose,
independent of absolute pose. Therefore, we further define a delta-pose sequence
with length Ld, sequence step s, and delta step sd as

S∆p = {∆pi−(Ld−1)s,∆pi, . . . ,∆pi−s, ∆pi} , (11)
∆pi = δ(pi,pi−sd), (12)

where δ is a 3K+3 dimensional vector including the per-joint rotation difference
represented in axis-angle form between two poses and the global translation
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difference. The proposed S∆p reduces input complexity by only encoding pose
residuals. The sequence vector is then embedded by a dynamic context encoder
Φseq which will be explained in Sec. 4.3.

As S∆p only encompasses temporally local pose difference, we supplement
the context condition with the current pose pi. Altogether, we utilize both the
current pose condition and the context sequence to guide the learning of the non-
rigid deformation and the canonical volume, effectively resolving the appearance
ambiguities caused by inertia. For non-rigid deformation, we have

TNR(xr,pi, Φseq(S∆p))
ΘNR−−−→ ∆x , (13)

and for canonical radiance field, we formulate

Fc(xc,pi, Φseq(S∆p))
ΘNeRF−−−−→ (σ, c) . (14)

As MLP-based canonical representations suffer from slow convergence and re-
quire a deep deformation network to model human motion, we employ a triplane-
based low-rank model [5] to represent 3D canonical space. This representation
allows for rapid convergence while significantly reducing the depth of non-rigid
deformation network (2 layers in our implementation), making it possible to
achieve fast and high-quality canonical space reconstruction.

4.3 Localized Dynamic Context Encoder

Our designed pose-sequence-related condition enables the model to express vari-
ation for the same pose within different inertia states. However, it may also lead
the model to learn spurious correlations between the high-dimensional input
and the output. To address this issue, we propose a localized dynamic context
encoder Φseq to embed the input context sequence.
Kinematically-guided Spatial Dependency: For a given context sequence
S∆p and an input coordinate x, we begin by processing each ∆p ∈ R3×K+3 inde-
pendently. We leverage a reasonable physical assumption: the impact of a rotat-
ing joint is mainly restricted to the kinematic chains to which it belongs, so the
motion and appearance of a point x should mainly depend on the joints within
the same kinematic chains. With an input coordinate x and its associated blend-
ing weights Wc(x) ∈ RK , we first identify its nearest joint k = argmaxWc(x)
to determine the kinematic chains x lies on. Then we gather all joints from the
related kinematic chains and apply a binary mask to ∆p to filter out the joints
outside the kinematic chains. We denote the masked conditions as ∆̂p and the
masked sequence as S∆̂p.
Spatial-Temporal Encoding: For S∆̂p, we initially employ an MLP to re-
duce the spatial dimension from 3×K + 3 to 16, resulting in a vector sequence
size of L × 16. To integrate temporal information, we flatten the sequence and
apply a second MLP to project it to a vector dimension of 32. The resulting
32-dimensional vector is concatenated with the positional embedding of the co-
ordinate and serves as input to the subsequent radiance field.
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4.4 I3D-Human Dataset and Dynamic Human Evaluation

Human motion in lightweight wearings and at variable speeds is ubiquitous
in daily lives. However, current multi-view avatar benchmarks such as ZJU-
MoCap [28], PeopleSnapshot [3] and Human3.6M [11], are collected under con-
trolled speeds and with tight-fitting garments, turning off inertia-induced dy-
namic effects. This limitation inhibits us from testing the model’s ability to cap-
ture real-life dynamic effects. To address this gap and advance human avatars
toward greater photorealism, we curated a new dataset named the Inertia-aware
3D Human (I3D-Human) dataset. Additionally, we design a new motion-based
metric for evaluation purposes.
The I3D-Human Dataset: The dataset focuses on capturing variations in
clothing appearance under approximately identical poses. Compared with exist-
ing benchmarks, we outfit the subjects in loose clothing such as dresses and light
jackets and encourage movements involving acceleration or deceleration, such as
sudden stops after spinning, swaying, and flapping sleeves. Our capturing equip-
ment consists of 10 DJI Osmo Action cameras, shooting at a frame rate of 100fps
while synchronized with an audio signal. The final processed dataset records 10k
frames of sequence from 6 subjects in total. More details about the I3D-Human
Dataset can be found in our supplemental materials.
Evaluating Dynamic Motion Effects: Traditional per-frame metrics such as
PSNR measure static visual fidelity. Here we introduce a motion-based metric
named dynamic motion error (DME) to assess the faithful portrayal of dynamic
effects. While we lack ground-truth 3D motion trajectories, we can utilize optical
flow to assess motion in pixel space. Formally, we denote the rendered image at
the i-th time-step as Ci and its ground truth as Ci

gt. We utilize the off-the-shelf
optical flow estimator RAFT [35] to calculate the pixel translations between two
steps in predictions and ground truths as follows:

f i
gt = RAFT(Ci−1

gt ,Ci
gt), (15)

f i = RAFT(Ci−1,Ci). (16)

Then we compute the end-to-end point error (EPE) between f i
gt and f i. The

final DME for a whole test sequence is the average EPE across all time-steps:

DME =
1

T

T∑
i=2

∥∥f i
gt − f i

∥∥ . (17)

5 Experiments

5.1 Datasets

Given our central objective of imbuing neural implicit avatars with inertia-aware
dynamic effects, we mainly examine and compare the methods on the I3D-
Human dataset. We conduct experiments on 4 sequences from the dataset and
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Table 1: Comparison with state-of-the-arts on I3D-Human: The scores are
averaged over the four sequences. Dyco outperforms all baselines across all metrics,
particularly excelling in the Dynamic Motion Error (DME). LPIPS∗ = LPIPS× 103

Method Novel View Novel Pose

PSNR↑ SSIM↑ LPIPS∗ ↓ DME↓ PSNR↑ SSIM↑ LPIPS∗ ↓ DME↓

NeuralBody [26] 30.33 0.9681 60.89 5.08 28.80 0.9604 67.59 4.63
AniNeRF [27] 29.29 0.9662 61.95 5.73 28.48 0.9628 64.85 4.39
AniSDF [27] 29.20 0.9670 58.94 5.56 28.34 0.9632 62.18 4.48
HumanNeRF [38] 29.53 0.9678 42.04 5.25 28.78 0.9644 45.70 4.39
3DGS-Avatar [31] 30.62 0.9712 39.74 4.93 29.21 0.9658 44.61 4.26
Dyco (Ours) 31.22 0.9738 34.54 4.52 30.12 0.9691 39.55 3.98

Table 2: Comparison with state-of-the-arts on ZJU-MoCap: The scores are
averaged over the 9 sequences. Dyco achieves comparable results with state-of-the-
arts, preserving the ability of modeling tightly-clothed humans in slow and gradual
motion. LPIPS∗ = LPIPS× 103

Method Novel View Novel Pose

PSNR↑ SSIM↑ LPIPS∗ ↓ DME↓ PSNR↑ SSIM↑ LPIPS∗ ↓ DME↓

NeuralBody [26] 33.59 0.9804 36.03 5.02 29.68 0.9656 49.70 7.22
AniNeRF [27] 32.28 0.9750 47.53 5.44 29.86 0.9667 52.61 6.91
AniSDF [27] 32.16 0.9767 40.63 5.60 29.58 0.9677 45.63 6.96
HumanNeRF [38] 32.13 0.9783 22.30 5.78 29.62 0.9678 31.11 7.43
3DGS-Avatar [31] 32.81 0.9791 23.76 5.47 30.01 0.9699 30.20 6.98
Dyco (Ours) 32.80 0.9800 20.32 5.20 29.71 0.9681 31.22 7.22

split each sequence into around 600 training frames and 400 test frames. We take
4 cameras for training and the rest for testing. As it remains crucial to maintain
performance in the scenario of tightly-clothed subjects in slow and controlled
motion, we also compare our method with others on the mostly used ZJU-
MoCap [29] benchmark. ZJU-MoCap comprises 9 multi-view RGB sequences.
Following the training setup in previous work [25, 27, 29], we use 4 cameras for
training and the rest 19 cameras for testing. Each sequence is divided into two
consecutive clips, one for training and the other for testing unseen poses.

5.2 Evaluation

We compare the methods on two test splits, namely novel view and novel pose.
Novel-view test set evaluates the observed poses in the training frames from novel
camera views, assessing whether the model can learn a physically realistic 3D
human under the training poses from the 2D RGB observations. Novel-pose test
set renders unobserved poses from novel camera views, examining whether the
learned 3D avatars can be plausibly animated under unseen poses. For evaluation
metrics, we adopt traditional per-frame metrics including PSNR, SSIM, and
LPIPS [41]. As explained in Sec. 4.4, we also propose a novel motion-based
metric termed DME to measure the accuracy of motion dynamics rendering.
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Ground Truth Ours HumanNeRF 3DGS-Avatar AniNeRF AniSDF NeuralBody

Fig. 3: Qualitative comparison on the novel view of I3D-Human dataset.
Our method can render distinct appearance and deformation across various motion
contexts. In contrast, HumanNeRF [38] and 3DGS-Avatar [31] struggle to capture the
precise details. The other three baselines [26,27] exhibit noticeable artifacts.

5.3 Comparison with State of the Arts

We compare with state-of-the-art counterparts, including Neural Body [26],
AniNeRF [27], AniSDF [27], HumanNeRF [38] and 3DGS-Avatar [31]. The last
two models are initially proposed for the monocular training setting so we adapt
them to our multi-view setting. Note that the concurrent 3DGS-Avatar harnesses
the advanced capabilities of Gaussian splatting representation [15].
I3D-Human: We show the comparisons on I3D-Human in Tab. 1 and Figs. 3
and 4. Our approach not only surpasses state-of-the-arts in terms of standard
frame-wise similarity metrics but also achieves significantly lower DME, indi-
cating its effectiveness in modeling inertia-induced dynamics. This improvement
remains consistent across both novel view and novel pose test sets, indicating
that the learned correlation between dynamic context and appearance variation
in training frames can be extended to unseen poses. We will delve deeper into
the generalization performance later.
ZJU-MoCap: To show Dyco maintains the capability of modeling motion with
minimal inertia influence, we compare it with state-of-the-arts on ZJU-MoCap
and report the metrics in Tab. 2. Despite the deliberate minimization of iner-
tia effects in human motion within ZJU-MoCap, our method achieves the best
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Ground Truth Ours HumanNeRF 3DGS-Avatar AniNeRF AniSDF NeuralBody

Fig. 4: Qualitative comparison on the novel pose of I3D-Human dataset.

LPIPS scores in the novel-view test set. Even for ZJU-MoCap, in some training
frames with similar static poses, variations in cloth wrinkles can still occur due to
divergent past motion trajectories. We show that Dyco outperforms other meth-
ods in capturing the variation in Fig. 5. In the novel pose test, our method only
slightly underperforms HumanNeRF and 3DGS-Avatar. Qualitative comparison
can be found in the supplementary material.

5.4 Ablations

Pose condition pi provides global spatial information for the current frame
during training, and its removal results in decreased performance, see Tab. 3.
Delta pose condition S∆p incorporates temporal human inertia knowledge,
which we believe is the core design for resolving ambiguities related to dynamic
context. Discarding this component prevents the network from leveraging inertia
information and degrades the performance, see Tab. 3.
Localization in dynamic context encoder reduces the complexity of S∆p in-
put by masking redundant dependencies. Without this module, the overfitted
network will struggle in generalizing to novel poses, see Tab. 3.
Conditional input to TNR and Fc: In Sec. 4.1, we analyze two types of
dynamic context related ambiguities and propose to input delta pose S∆p to both
non-rigid transformation and canonical volume. Tab. 4 validates that inputting
S∆p into both modules helps resolve the ambiguities.
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Fig. 5: The ZJU-MoCap dataset also exhibits ambiguous mapping from the static pose
to various appearances. At two frames when the subject has similar poses, the clothing
wrinkles can differ due to distinct past motion. Our method can reflect the variation,
while HumanNeRF [38] generates similar patterns.

Table 3: Ablation on pose condition pi, delta pose condition S∆p and localized spatial
dependency.

Pose
condition

Delta
condition Local Novel View Novel Pose

PSNR↑ SSIM↑ LPIPS∗ ↓ DME↓ PSNR↑ SSIM↑ LPIPS∗ ↓ DME↓

- - ✓ 29.53 0.9676 41.60 5.21 28.75 0.9639 45.28 4.45
✓ - ✓ 30.40 0.9708 37.97 4.85 29.16 0.9656 43.67 4.32
- ✓ ✓ 30.89 0.9722 36.35 4.56 29.92 0.9678 41.85 4.02
✓ ✓ - 30.37 0.9703 38.78 4.42 29.58 0.9666 42.73 3.77
✓ ✓ ✓ 31.22 0.9738 34.54 4.52 30.12 0.9691 39.55 3.98

Table 4: Ablation on delta pose condition S∆p in the non-rigid transformation and
canonical volume.

S∆p in TNR S∆p in Fc
Novel View Novel Pose

PSNR↑ SSIM↑ LPIPS∗ ↓ DME↓ PSNR↑ SSIM↑ LPIPS∗ ↓ DME↓

- - 29.53 0.9676 41.60 5.21 28.75 0.9639 45.28 4.45
✓ - 31.13 0.9729 35.86 5.14 29.99 0.9678 41.52 4.26
✓ ✓ 31.22 0.9738 34.54 4.52 30.12 0.9691 39.55 3.98

5.5 Generalization to Novel Dynamic Context

To showcase that Dyco correctly models the correlation between inertia factors
and appearance variations, we create novel dynamic context by varying the ve-
locity of the training poses to study how it impacts the rendered results. Please
refer to the supplemental video for a clearer visualization.
Varying velocity: We scale S∆p with a factor α ranging from 0 to 2, where
α > 1 speeds up motion and use αS∆p as the sequence condition. Fig. 6 demon-
strates Dyco’s ability to accurately portray varying drape lifting amplitudes with
different spinning speeds, with larger α yielding greater amplitudes.
Varying acceleration: We simulate an abrupt stop effect by interrupting poses
midway and making subsequent poses identical. The modified pose sequence is
then used as the input condition. As shown in Fig. 7, Dyco, when conditioned on
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Fig. 6: Appearance variation under varying spinning velocity. We input the scaled
delta-sequence αS∆p to the trained model to obtain different renderings.

Fig. 7: Dyco correctly models the falling of the drape when the character stops abruptly
during spinning, whereas the baseline keeps the drape still.

the novel pose sequence, accurately animates the falling of the hem. In contrast,
the model without pose sequence inputs fails to depict this motion.

6 Conclusion

In this work, we introduce Dyco, a novel human motion modeling method that in-
corporates pose-sequence conditions to address appearance ambiguities resulting
from different dynamic contexts. We argue that human appearance is influenced
not only by pose conditions but also by past motion trajectories, which can be
adequately captured by pose sequences. To mitigate overfitting caused by ex-
cessive reliance on delta pose, we design a localized dynamic context encoder.
This approach allows us to resolve appearance ambiguities caused by dynamic
context and improve the rendering quality of human bodies in loose attire. The
I3D-Human dataset addresses previous oversights in datasets and advances re-
search into real-life human motion.
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