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Fig. 1. NeRSemble: Given multi-view video recordings from twelve cameras (left), our method is capable of synthesizing highly realistic novel views of
human heads in complex motion. Our renderings from unseen views (right) faithfully represent static scene parts and regions undergoing highly non-rigid
deformations. Along with our method, we publish our high-quality multi-view video capture data of 31.7 million frames from a total of 222 subjects.

We focus on reconstructing high-fidelity radiance fields of human heads,
capturing their animations over time, and synthesizing re-renderings from
novel viewpoints at arbitrary time steps. To this end, we propose a new
multi-view capture setup composed of 16 calibrated machine vision cameras
that record time-synchronized images at 7.1 MP resolution and 73 frames
per second. With our setup, we collect a new dataset of over 4700 high-
resolution, high-framerate sequences of more than 220 human heads, from
which we introduce a new human head reconstruction benchmark1. The
recorded sequences cover a wide range of facial dynamics, including head
motions, natural expressions, emotions, and spoken language. In order to re-
construct high-fidelity human heads, we propose Dynamic Neural Radiance
Fields using Hash Ensembles (NeRSemble). We represent scene dynamics
by combining a deformation field and an ensemble of 3D multi-resolution
hash encodings. The deformation field allows for precise modeling of simple
scene movements, while the ensemble of hash encodings helps to represent
complex dynamics. As a result, we obtain radiance field representations of
human heads that capture motion over time and facilitate re-rendering of
arbitrary novel viewpoints. In a series of experiments, we explore the design
choices of our method and demonstrate that our approach outperforms
state-of-the-art dynamic radiance field approaches by a significant margin.

1We will release all of our captured data, including all 4734 recordings and baseline
codes, along with a new public benchmark to support further research in the area.
Website: https://tobias-kirschstein.github.io/nersemble
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1 INTRODUCTION
In recent years, we have seen tremendous growth in the impor-
tance of digital applications that rely on photo-realistic rendering of
images from captured scene representations, both in society and in-
dustry. In particular, the synthesis of novel views of dynamic human
faces and heads has become the center of attention in many graphics
applications ranging from computer games and movie productions
to settings in virtual or augmented reality. Here, the key task is the
following: given a recording of a human actor who is displaying
facial expressions or talking, reconstruct a temporally-consistent
3D representation. This representation should enable the synthesis
of photo-realistic re-renderings of the human face from arbitrary
viewpoints and time steps.

However, reconstructing a 3D representation capable of photo-
realistic novel viewpoint rendering is particularly challenging for
dynamic objects. Here, we not only have to reconstruct the static
appearance of a person, but we also have to simultaneously capture
the motion over time and encode it in a compact scene represen-
tation. The task becomes even more challenging in the context of
human faces, as fine-scale and high-fidelity detail are required for
downstream applications, where the tolerance for visual artifacts
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is typically very low. In particular, human heads exhibit several
properties that make novel view synthesis (NVS) extremely chal-
lenging, such as the complexity of hair, differences in reflectance
properties, and the elasticity of human skin that creates heavily
non-rigid deformations and fine-scale wrinkles.

In the context of static scenes, we have seen neural radiance field
representations (NeRFs) [Mildenhall et al. 2020] obtain compelling
NVS results. The core idea of this seminal work is to leverage a vol-
umetric rendering formulation as a reconstruction loss and encode
the resulting radiance field in a neural field-based representation.
Recently, there has been significant research interest in extending
NeRFs to represent dynamic scenes. While some approaches rely
on deformation fields to model dynamically changing scene content
[Park et al. 2021a,b], others propose to replace the deformation field
in favor of a time-conditioned latent code [Li et al. 2022b]. These
methods have shown convincing results on short sequences with
limited motion; however, faithful reconstructions of human heads
with complex motion remain challenging.

In this work, we focus on addressing these challenges in the con-
text of a newly-designed multi-view capture setup and propose
NeRSemble, a novel method that combines the strengths of de-
formation fields and flexible latent conditioning to represent the
appearance of dynamic human heads. The core idea of our approach
is to store latent features in an ensemble of multi-resolution hash
grids, similar to Instant NGP [Müller et al. 2022], which are blended
to describe a given time step. Importantly, we utilize a deformation
field before querying features from the hash grids. As a result, the
deformation field represents all coarse dynamics of the scene and
aligns the coordinate systems of the hash grids, which are then
responsible for modeling fine details and complex movements. In
order to train and evaluate our method, we design a new multi-view
capture setup to record 7.1 MP videos at 73 fps with 16 machine
vision cameras. With this setup, we capture a new dataset of 4734
sequences of 222 human heads with a total of 31.7 million individual
frames. We evaluate our method on this newly-introduced dataset
and demonstrate that we significantly outperform existing dynamic
NeRF reconstruction approaches. Our dataset exceeds all compara-
ble datasets w.r.t. resolution and number of frames per second by
a large margin, and will be made publicly available. Furthermore,
we will host a public benchmark on dynamic NVS of human heads,
which will help to advance the field and increase comparability
across methods.

To summarize, our contributions are as follows:

• A dynamic head reconstruction method based on a NeRF
representation that combines a deformation field and an en-
semble of multi-resolution hash encodings. This facilitates
high-fidelity NVS from a sparse camera array and enables
detailed representation of scenes with complex motion.

• A high-framerate and high-resolution multi-view video
dataset of diverse human heads with over 4700 sequences of
more than 220 subjects. The dataset will be publicly released
and include a new benchmark for dynamic NVS of human
heads.

Table 1. Existing multi-view video datasets of human faces. Note that for
each dataset, we only count the publicly accessible recordings.

Dataset #Subj. #Cam. Resolution Fps

D3DFACS [2011] 10 6 1280 x 1024 60
BP4D-Spontaneous [2014] 41 3 1392 x 1040 25
Interdigital Light-Field [2017] 5 16 2048 x 1088 30
4DFAB [2018] 180 7 1600 x 1200 60
VOCASET [2019] 12 12 1600 x 1200 60
MEAD [2020] 48 7 1920 x 1080 30
MultiFace [2022] 13 150 2048 x 1334 30
Ours 222 16 3208 x 2200 73

2 RELATED WORK
Modeling and rendering human faces is a central topic in graphics
and plays a crucial role in many applications, such as computer
games, social media, telecommunication, and virtual reality.

2.1 3D Morphable Models
3D morphable models (3DMMs) have been a staple approach over
the last two decades. The use of a unified mesh topology enables rep-
resenting identity and expression using simple statistical tools [Blanz
and Vetter 1999; Li et al. 2017]. With the additional use of texture,
one can already produce compelling renderings [Blanz and Vetter
1999; Paysan et al. 2009], but mesh-based 3DMMs are inherently
limited w.r.t. modeling hair or fine identity-specific details. More
recently, the use of neural fields [Xie et al. 2022] has alleviated the
constraint of working on topologically uniform meshes. These mod-
els are capable of modeling complete human heads, including hair
[Yenamandra et al. 2021] and fine details [Giebenhain et al. 2022]. In
another line of work, Zheng et al. [2022] combine ideas from neural
fields and classical 3DMMs to fit monocular videos.

2.2 Neural Radiance Fields
Our work strives to achieve highly-realistic renderings of videos,
including detailed hairstyles and complex deformations. Therefore,
we deviate from common assumptions made in 3DMMs and focus
on fitting a single multi-view video sequence to the highest de-
gree of detail possible. Neural Radiance Fields (NeRFs) [Mildenhall
et al. 2020] have recently become state-of-the-art in NVS. While
the first NeRFs were usually trained for hours or days on a single
scene, recent research advances have reduced the training time to
several minutes. For example, this can be achieved by grid-based
optimization [Fridovich-Keil and Yu et al. 2022; Karnewar et al.
2022; Sun et al. 2022], tensor decomposition [Chen et al. 2022], or
Instant NGP’s [Müller et al. 2022] multi-resolution voxel hashing.

2.3 Dynamic NeRF
Extending NeRFs to time-varying, non-rigid content is another cen-
tral research topic that has seen fast progress. Pumarola et al. [2020]
and Park et al. [2021a; 2021b] model a single NeRF in canonical
space and explicitly model backward deformations from observed
frames to explain the non-rigid content of the scene. OLD: On the
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Fig. 2. Left: Our custom-built multi-view video capture setup. Right: The 16 viewpoints and the facial detail obtained from the recordings.

other hand, Li et al. [2022b] refrain from using explicit deforma-
tions and instead encode the state of the scene in a latent vector,
which is directly conditioning a NeRF. Wang et al. [2022b] utilize
Fourier-based compression of grid features to represent a 4D radi-
ance field. Lombardi et al. [2019] use an image-to-volume generator
in conjunction with deformation fields.
Concurrent to our work, Song et al. [2023] combine a fast NeRF

backbone, i.e. TensoRF or Instant NGP, with a sliding window ap-
proach to account for temporal changes. Attal et al. [2023] combine
a 4D tensor decomposition with a learned sampling method for fast
dynamic NVS. In contrast to these works, we propose a hash-based
decomposition in conjunction with a deformation field.

2.4 Video View Synthesis
Besides NeRF, there also exist other methods for video view synthe-
sis that do not rely on a radiance field backbone. In an early work,
Zitnick et al. [2004] use geometry-assisted image-based rendering to
render novel views of dynamic scenes. More recently, Broxton et al.
[2020] obtain free viewpoint videos by constructing multi-sphere
images that are then transformed into a layered mesh representation
for fast rendering and streaming. A different approach is pursued by
Collet et al. [2015], who obtain tracked meshes of dynamic perfor-
mances with a multi-view stereo system. While these mesh-based
methods produce compelling video view synthesis for larger scenes,
the strength of NeRFs lies in photo-realistic reconstruction of fine
and complex details such as hair.

2.5 NeRF for Faces
Several works propose methods specialized to the domain of human
heads. Notably, Gafni et al. [2021] use fitted 3DMM parameters to
condition a NeRF, and Athar et al. [2022] extend this approach to
model explicit deformations derived from the 3DMM’s geometry.
More recently, Zielonka et al. [2023] propose a similar approach fo-
cused on reconstruction speed and real-time rendering by utilizing a

tracked 3DMM in conjunction with Instant NGP.Wang et al. [2022a]
propose a generative NeRF with control over identity parameters.
Hong et al. [2022] pursue a similar approach with additional expres-
sion parameters. Lombardi et al. [2021] propose a highly-optimized
approach to neural rendering by explicitly storing color emission
values in voxel grids that are loosely rigged to a 3DMM’s surface.
In this work, we propose a template-free approach as we argue that
it is difficult to achieve pixel-accurate novel view synthesis with
coarse geometry proxies such as FLAME [Li et al. 2017].
Similar to our method, Gao et al. [2022] recently proposed to

blend features from multiple hash grids. While their approach uses
parameters from a tracked 3DMM, NeRSemble jointly optimizes for
blend weights and the remaining model parameters. Additionally,
we show that including a deformation field before blending the hash
grids brings significant improvements.

3 MULTI-VIEW VIDEO DATASET OF HUMAN FACES
We introduce a novel dataset consisting of 4734 multi-view video
recordings of 222 subjects that were captured with 16 machine
vision cameras. Our forward-facing capture rig covers a field of
view of 93° left-to-right and 32° up-to-down. As human face motion
is complex and the perceived emotion can be heavily influenced
by subtle differences, we use a high resolution of 7.1 megapixels,
encompassing the whole face up to the level of individual hair
strands and wrinkles, as shown in Figure 2. We also ensure that
no subtle movements are missed by recording at 73 frames per
second. Taken together, our dataset is a unique combination of high-
resolution, high frame-rate recordings of many subjects, which is
currently unmatched by any other dataset (see Table 1).

3.1 Acquisition
Each recording session consists of 25 short sequences, resulting in
around 3 minutes of multi-view video footage per person. We ask
the participants to perform a diverse set of facial expressions in
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Table 2. Statistics of our multi-view video face dataset.

#Participants #Sequences #Frames Total Time Disk Space

222 (157m / 65f) 4734 31.7 million 7h 30m 203 TB

16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62
Age
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Distribution of Age and Gender
Men
Women

0 25 50 75 100 125 150 175 200 225
#participants

Distribution of Ethnicities

White (65.5%)
Latino (2.2%)

Middle Eastern (8.5%)
Asian (17.0%)

Indian (6.3%)
Black (0.4%)

Fig. 3. Statistics of the participants in our dataset. Our recorded se-
quences feature a wide range of ages and ethnicities from both genders.

order to maximize the variety of motion. Specifically, our capture
script consists of 9 expression sequences covering different facial
muscle groups, 1 hair sequence with fast movements, 4 emotion
sequences, 10 sentences with audio, and 1 longer sequence where
subjects are free to perform arbitrary facial deformations and head
motions.
To obtain high-quality video recordings, we employ a shutter

speed of 3ms, which allows us to capture fast movements while
avoiding motion blur. Furthermore, we use a small lens aperture to
obtain sharp images everywhere in the face region. This combina-
tion yields high-quality captures but reduces the amount of incident
light at the camera sensors, which requires us to illuminate our
scene with 8 strong LED light panels. We further use diffusor plates
on the lights to reduce specularities on the skin. Additionally, our
cameras employ the precision time protocol (PTP) for accurate time
synchronization. The synchronized clocks have sub-microsecond
accuracy, resulting in video frames that are effectively captured
simultaneously. Finally, we make use of a color checker to calibrate
the white balancing factors as well as the gamma parameters of
each camera. The resulting video recordings have consistent colors
across viewpoints and capture fine details as shown in Figure 2.

3.2 Processing
We estimate an individual extrinsic and a shared intrinsic camera
matrix by employing a fine checkerboard in combination with a
bundle adjustment optimization procedure. This leads to accurate es-
timated camera poses, which we verified to be in the sub-millimeter
regime in a synthetic setting. Furthermore, the background of our
recordings is a white wall, which is captured prior to recording.
From these empty backgrounds, it is later feasible to obtain high-
quality foreground segmentation maps for each frame via image
matting methods, e.g., using BackgroundMatting v2 [Lin et al. 2021].

Fig. 4. Structure of our dataset. We ask every participant to perform the
same sequence of expressions.

3.3 Benchmark
Our dataset enables us to study photo-realistic human head recon-
struction from multi-view videos, which is the goal of this work.
Moreover, the captured data allows for use cases far beyond NVS
such as generalization over human heads, immersive video con-
ferencing, VR-ready avatar rendering, studying microexpressions,
re-enacting, animating, and many more. As such, we plan to release
the full dataset to the academic community. Furthermore, we will
use a representative selection of recordings from our dataset to
compile a benchmark for NVS on human faces. We hope that this
endeavor promotes comparability across methods and ultimately
advances research on high-fidelity human head reconstruction.

3.4 Data Privacy
Due to the sensitivity of the captured data, all participants in our
dataset signed an agreement form compliant with GDPR require-
ments. Please note that GDPR compliance includes the right for
every participant to request the timely deletion of their data. We
will enforce these rights in the distribution of our dataset.

4 DYNAMIC NERF USING HASH ENSEMBLES
Our goal is to find a spatio-temporal representation that allows
for highly realistic NVS of human heads undergoing complex non-
rigid deformations. To this end, we propose a combination of a
deformation field and a decomposition of the 4D scene volume into
an ensemble of 3D feature volumes along the temporal dimensions
in order to reconstruct the dynamics of a scene (see Figure 5).
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Fig. 5. Method Overview. NeRSemble represents a spatio-temporal radiance field for dynamic NVS using volume rendering (left). On the right side, we
show how NeRSemble obtains a density 𝜎 (x) and color value c(x, d) for a point x on a ray at time 𝑡 . (a) Given the deformation code 𝝎𝑡 the point x is warped
to x′ = D(x,𝝎𝑡 ) in the canonical space. (b) The resulting point is used to query features H𝑖 (x′) from the 𝑖-th hash grid in our ensemble. (c) The resulting
features are blended using weights 𝛽𝑡 . Note that both 𝝎𝑡 and 𝛽𝑡 contribute to explaining temporal changes. (d) We predict density 𝜎 (x) and view-dependent
color c(x, d) from the blended features using an efficient rendering head consisting of two small MLPs.

4.1 Preliminaries: Neural Radiance Fields
Our work builds on top of the recent success of Neural Radiance
Fields (NeRFs) [Mildenhall et al. 2020], which utilize volume ren-
dering through a density field 𝜎 (x) and view-dependent color field
c(x, d). Given a ray r(𝜏) = o + 𝜏d, a color value

𝐶 (r) =
∫ 𝜏𝑓

𝜏𝑛

𝑇 (𝜏)𝜎 (r(𝜏))︸         ︷︷         ︸
𝑤 (𝜏)

c(r(𝜏), d) d𝜏, (1)

is obtained by integrating from near plane 𝜏𝑛 to far plane 𝜏𝑓 along
the ray, where 𝑇 (𝜏) = exp

(
−
∫ 𝜏

𝜏𝑛
𝜎 (r(𝑠)) d𝑠

)
denotes the accumu-

lated transmittance up to 𝜏 .
The goal of the optimization is to solve for the optimal parameters

of a multilayer perceptron (MLP) that encode the resulting radiance
field. Recently, pure voxel grids [Fridovich-Keil and Yu et al. 2022]
and combinations of explicit grids with MLPs [Müller et al. 2022]
have been demonstrated to be effective alternatives for the radiance
field representation.

Instant NGP. Our method relies on the voxel hashing scheme
of Instant NGP [Müller et al. 2022], which uses multi-resolution
features f (x) in combination with two small MLPs to represent the
3D fields of a NeRF:

[𝜎 (x), fbase (x)] = MLPbase (f (x)) (2)
c(x, d) = MLPcolor (fbase (x), d). (3)

Importantly, the features are stored in a multi-resolution hash grid
H , s.t. 𝑓 (x) = H(x). The hash grid H provides a memory-efficient
way to encode the 3D scene volume to a stage where a tiny MLP is
powerful enough to represent even the most complex of scenes.

4.2 Multi-Resolution Hash Ensemble
Our representation of a dynamic scene is inspired by classical blend
shapes [Blanz et al. 2003]. We assume that any state of the scene at
time 𝑡 can be expressed as a combination of feature vectors drawn
from a set of multi-resolution hash grids {H𝑖 }𝑁𝑖=1, which we refer
to as an ensemble of hash grids. To obtain a blended radiance field
at time 𝑡 , we formulate it as a linear combination of its features

f𝑡 (x) =
𝑁∑︁
𝑖=1

𝛽𝑡,𝑖H𝑖 (x), (4)

using blend weights 𝛽 , which are optimized alongside the hash
ensemble, the shared MLPbase and MLPcolor.
This blending operation allows the model to represent complex

movements since the blending takes place in feature space. Subse-
quently, the blended features are decoded by MLPbase and MLPcolor.

4.3 Spatial Alignment of Features
The blending of hash grid features is most effective if all individual
elements of the ensemble are operating in a shared coordinate sys-
tem. For instance, traditional blend shapes operate under perfect
correspondences given by the vertex ordering of the mesh topology.
Sincewe blend features without such a structure, we explicitlymodel
the deformation using an 𝑆𝐸 (3) field, represented by a coordinate-
based MLP, following Park et al. [2021a]. More specifically, our
deformation field

D : R3 × R𝑑def → R3, (x,𝝎𝑡 ) ↦→ x′ (5)

maps a point x from observed space to its corresponding point
x′ in the canonical space, given the conditioning code 𝝎𝑡 which
describes the current expression. The deformation field then finds
corresponding points across time steps and maps them to a shared
canonical space.
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Using these learned correspondences, we modify Equation 4 to
operate in the canonical space:

f (𝑡 ) =
𝑁∑︁
𝑖=1

𝛽𝑡,𝑖H𝑖 (D (x,𝝎𝑡 )) . (6)

This way it becomes easier to blend features of the same moving
point observed at two different timesteps.

4.4 Warm-Up Phase
With this combination, the hash ensemble and deformations com-
pete to explain the dynamics of the face. Hence, the optimization is
likely to result in local minima, in which D does not provide mean-
ingful deformations. Therefore, we propose a warm-up phase in the
optimization procedure in order to encourageD to learnmeaningful
correspondences between observed and canonical space.
During the first 𝐸init epochs of optimization, we disable all but

one hash grid, such that the model essentially mimics a deformable
NeRF. During this stage, the deformation field D along with its
deformation codes 𝝎𝑡 are the only means to explain dynamic behav-
ior. Thus, D is able to learn meaningful deformations undisturbed,
which is essential to effective blending of hash table features later
on.

After thewarm-up, the first hash table alongwith our deformation
field is able to explain low-frequency dynamics of the scene. We
continue to add all remaining hash tables to the optimization over
the course of the next 𝐸trans epochs. These successively inserted
tables enable us to represent fine-scale motion and detail which
otherwise cannot be be represented by D.

In order to ensure a smooth transition, we adapt the blend weights

𝛽𝑡,𝑖 (𝑠)∗ = 𝛼𝑖 (𝑠)𝛽𝑡,𝑖 (∀𝑖 ∈ {1, ..., 𝑁 }) , (7)

where 𝑖 indexes the hash ensemble, 𝛼𝑖 (𝑠) is the windowing function
introduced by Park et al. [2021a] and 𝑠 is scheduled to linearly
increase from 1 to𝑁 between epochs 𝐸init and 𝐸trans+𝐸init. Crucially,
𝛼1 (𝑠) = 1 throughout the complete optimization ensuring that the
first hash table is always active.

4.5 Depth Supervision
Since our multi-view dataset provides the capabilities to compute
depth maps via traditional methods, we also study the usefulness of
additional depth supervision in this work. Given the depth 𝑧gt (𝒓)
of a ray, we compute the depth loss as

Ldepth = E𝒓∼Rd

[(
𝑧 (𝒓) − 𝑧gt (𝒓)

)2]
, (8)

where the expected depth of ray 𝒓 is 𝑧 (𝒓) =
∫ 𝜏𝑓
𝜏𝑛

𝑤 (𝜏) · 𝜏 d𝜏 .
Since depth observations are incomplete in practice, the depth loss
is only computed on rays 𝒓 ∈ Rd for which the depth is known.

Additionally, we adopt the two line-of-sight priors from Urban Ra-
diance Fields (URF) [Rematas et al. 2022] to further leverage depth
constraints. First, we utilize

Lempty = E𝒓∼Rd

[∫ 𝑧 (𝒓 )−𝜖

𝜏𝑛

𝑤 (𝜏)2𝑑𝜏
]

(9)

to carve empty space in front of a surface, where 𝜖 is exponentially
decayed during training as in URF. Second,

Lnear = E𝒓∼Rd

[∫ 𝑧 (𝒓 )+𝜖

𝑧 (𝒓 )−𝜖

(
𝑤 (𝜏) − N

(
𝜏 | 𝑧 (𝒓),

( 𝜖
3

)2))2
𝑑𝜏

]
(10)

encourages volumetric density in a neighborhood around the depth
observation to follow a narrowing Gaussian distribution. In conjunc-
tion withLdepth, these three priors form the depth supervision that
is targeted at improving the geometric fidelity of the reconstruction.

4.6 Background Removal
We employ continuous-valued alpha maps 𝑀 (𝒓) to discourage the
model from reconstructing parts of the background. We use a spar-
sity enforcing L1 loss that penalizes density on rays that hit back-
ground pixels:

Lmask = E𝒓∼Rbg

[(1 −𝑇 (𝜏𝑓 )) −𝑀 (𝒓)

1

]
, (11)

where 𝑇 (𝜏𝑓 ) is the total transmittance of ray 𝒓 and 𝑀 (𝒓) is its
corresponding alpha value from the precomputed alpha map.

4.7 Optimization Objective
The final loss is comprised of the following terms:

L = Lrgb + Lmask + Ldepth + Lnear + Lempty︸                             ︷︷                             ︸
depth supervision

+Ldist (12)

where Lrgb is the standard MSE color loss, which we only compute
on foreground rays. We also add a distortion loss Ldist, which
penalizes isolated islands of low density [Barron et al. 2022]. As our
scenes only consist of human heads, which are roughly convex, we
further compute Ldist on random rays pointing towards the center.
This extends the term’s regularization effect to the space behind the
head, which is often occluded in our scenario.

Finally, we equip each loss term with a corresponding weight:
_depth, _dist, _near, _empty = 1e−4 and _mask = 1e−2.

4.8 Discussion on Dynamic Scene Representations
Relation to Tensor Decomposition. Equation 4 can be interpreted

as a special case of a 4D tensor decomposition, similar to the vector-
matrix decomposition introduced in TensoRF [Chen et al. 2022].
A spatio-temporal tensor T ∈ R𝐷𝑇 ×𝐷𝑋×𝐷𝑌×𝐷𝑍 representing a dy-
namic scene can be decomposed into a sum of four vector-tensor
outer-products:

T ≈
∑︁
𝑎∈𝐴

𝑁∑︁
𝑖=1

𝑣𝑎𝑖 ◦𝑀𝐴\{𝑎}
𝑖

, (13)

where ◦ denotes the vector-tensor outer product, 𝐴 = {𝑋,𝑌, 𝑍,𝑇 }
is the set of axis indices, 𝑣𝑎

𝑖
∈ R𝐷𝑎 is a vector and 𝑀

𝐴\{𝑎}
𝑖

is a 3D
tensor, for example𝑀𝐴\{𝑋 }

𝑖
∈ R𝐷𝑇 ×𝐷𝑌×𝐷𝑍 .

Equation 4 of our method can be seen as a special case of Equa-
tion 13, where only the term for 𝑎 = 𝑇 is used. Instead of storing
features in a dense grid𝑀𝐴\{𝑎}

𝑖
, we employ a memory efficient hash

table representation 𝑀
𝐴\{𝑇 }
𝑖

= H𝑖 and the vector 𝑣𝑎
𝑖
corresponds

to our blend weights 𝑣𝑎
𝑖,𝑡

= 𝛽𝑡,𝑖 .
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Our final method deviates from this tensor decomposition per-
spective by employing a deformation field D before queryingH𝑖

(see Equation 6). This effectively aligns spatial features in the hashta-
bles across timesteps by explaining parts of the motion with the
deformation field.

Another way of achieving a 4D tensor decomposition is presented
in concurrent works by Attal et al. [2023]; Cao and Johnson [2023];
Fridovich-Keil et al. [2023], who combine features from the 6 possible
2D feature planes instead of 4 outer-products between 1D and 3D
tensors, as in Equation 13.

Relation to HyperNeRF. HyperNeRF [Park et al. 2021b] adds so-
called ambient dimensions to their canonical space NeRFs to resolve
topological issues that cannot be modeled by a deformation field. In-
stead of adding continuous ambient dimensions, our method models
the canonical space with multiple hash grids, essentially introducing
a discrete ambient dimension that serves a similar purpose.

5 EXPERIMENTAL RESULTS
We evaluate our method on the task of novel view synthesis (NVS)
from multi-view video recordings on 10 diverse sequences from our
dataset that focus on different aspects of facial and head movements.
The validation sequences contain head rotations, laughs, eye blink-
ing, talking, hair shaking, various mouth movements as well as one
free expression sequence. All videos consist of 300-500 frames at
73 fps. We choose 12 out of the 16 available viewpoints as input and
evaluate the NVS task on the remaining 4. The selected evaluation
views are equally distributed across the camera setup, resulting in
a challenging evaluation protocol due to the presence of extreme
viewing angles (see Figure 7).

5.1 Data Preparation
Before running our experiments, we exploit the controlled nature
of our dataset to facilitate reconstruction of the dynamic 3D scenes
from image inputs. In concrete terms, we perform the following
preprocessing steps:

Depthmaps generation. Weemploy the standard COLMAPpipeline
to obtain depth maps for each of the 12 training views [Schönberger
and Frahm 2016; Schönberger et al. 2016]. To remove noisy depth
measurements, we discard depth values observed by fewer than 3
cameras.

Background matting. We use Background Matting v2 [Lin et al.
2021] to obtain an alpha map given a captured frame and corre-
sponding background image. To ensure the best quality, we use
their ResNet101 [He et al. 2016] version and set the error threshold
to 0.01 in the refinement stage.

Image downsampling. For all of our experiments, we downsample
images by a factor of two to 1604 × 1100 pixels, which is sufficient
for all methods. Temporally, we do not downsample and conduct
all experiments on the full 73 fps.

Color correction. Despite the color calibration of our cameras,
there can still be slight differences in brightness across views. To
address this, we first use facial segmentationmasks [Yu et al. 2018] to
sample pixel values from the face, the torso, and the hair region. We

then align the obtained color distributions across views by solving
for an affine color transformation matrix using optimal transport
[Flamary et al. 2021].

5.2 Floater Removal
Grid-based scene representations generally lack the induced smooth-
ness prior of pure MLP architectures. As a result, they tend to gen-
erate small floaters that impair the visual quality of re-renderings.
Since our hash ensemble is based on Instant NGP, it inherits this ten-
dency. To address this, we specify tight-fitting, axis-aligned bound-
ing boxes for each sequence and only reconstruct radiance fields
inside. In addition to tight scene box fitting, whichwemake available
to all baselines, NeRSemble employs the following two techniques
to suppress floaters, which are ablated in Section 5.7.

View Frustum Culling. We exclude regions in space that are seen
by less than 2 train cameras and are thus especially prone to pro-
duce floaters. These regions are neither queried during training nor
inference.

Occupancy Grid Filtering. Before inference, we apply a low-pass
filter to the density grid that our Instant NGP backbone tracks during
training and only render within the largest connected component,
effectively discarding small isolated islands of density.

5.3 Implementation Details
We implement our method in PyTorch [Paszke et al. 2019] within
the Nerfstudio [Tancik* et al. 2022] framework, which uses the
NerfAcc [Li et al. 2022c] implementation of Instant NGP.

We train all our models for 300k iterations using a warmup sched-
ule of 𝐸init = 𝐸trans = 40k, which takes approximately one day on
a single Nvidia RTX A6000. The inference of a single frame at a
resolution of 1604 × 1100 pixels takes roughly 25 seconds.

We use a learning rate of 1𝑒−3 for all model components, which is
decayed by a factor of 0.8 every 20k iterations. For the deformation
field D, we use a factor of 0.5 instead, such that the learning rate is
sufficiently low after the warm-up phase.

Furthermore, we use𝑁 = 32 hash tables, each configuredwith the
default hyperparameters of Müller et al. [2022]. For our deformation
field D, we use the default configuration of the 𝑆𝐸 (3) field by [Park
et al. 2021a] and 128 dimensions for the learnable deformation codes
𝝎𝑡 . Our blend weights 𝛽 ∈ R𝑁 have one weight per hash table.

5.4 Baselines
We compare our method against several state-of-the-art methods
for NVS of dynamic scenes. In particular, we compare against the
following methods:

5.4.1 Dynamic NeRFs.
Nerfies [Park et al. 2021a] serves as representative for deformable

NeRFs. We use the same implementation as for HyperNeRF, but
without the ambient dimensions.

HyperNeRF [Park et al. 2021b] extends Nerfies to address topologi-
cal issues. Due to memory issues with their official implementation,
we port their code to the Nerfstudio framework and carefully choose
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NeRFies HyperNeRF DyNeRF Instant NGP Ours GT
Fig. 6. Qualitative results. Our method reconstructs high-quality detail even for challenging expressions.



NeRSemble: Multi-view Radiance Field Reconstruction of Human Heads • 9

Fig. 7. Spatial layout of our camera setup.Marked in red are the 4 views
used for evaluation. The point cloud reconstruction is obtained via COLMAP
and used for additional depth supervision.

hyperparameters to match the performance of the official imple-
mentation.

DyNeRF [Li et al. 2022b], in contrast, is not constrained to repre-
sent dynamic content using a deformation field, but directly condi-
tions a NeRF on a time-dependent latent code. Since no public code
is available, we implement DyNeRF in Nerfstudio and finetune it to
our data distribution.

5.4.2 Time-Agnostic Methods. Furthermore, the multi-view nature
of our dataset allows for 3D reconstructions on a per-frame ba-
sis. Hence, we consider two additional baseline methods that do
not consider time. First, we apply Poisson Surface Reconstruction
(PSR) [Kazhdan et al. 2006] on the COLMAP point clouds. Second,
we run the official Instant NGP [Müller et al. 2022] on each frame
separately.

5.4.3 Face-SpecificMethods. Additionally, we compare against Neu-
ral Head Avatars (NHA) [Grassal et al. 2022] and NeRFace [Gafni
et al. 2021] as representatives of face-specific dynamic reconstruc-
tion methods, both rely on the geometric prior provided by tracked
statistic mesh models. NHA is a mesh-based method that optimizes
for vertex offsets on top of the FLAME and predicts view- and
expression-dependent textures. NeRFace utilizes the 3DMM param-
eters directly to condition a NeRF and is thereby similar to DyNeRF.
Since both methods were initially designed for monocular use-cases,
we expand them to our multi-view scenario by employing a cus-
tom multi-view FLAME tracker and providing all 12 views during
training. Note, that the reliance on a 3DMM provides both methods
with a certain degree of reanimation ability, but potentially impairs
rendering quality when provided with dense enough observations.

5.4.4 Background Modeling. For a fair comparison, we encourage
all NeRF-based baselines to represent the background without den-
sity, by coloring all remaining transmittance as white. For this pur-
pose, we use our alpha masks to set all background pixels in the
ground truth images to white as well. In our experience, this simple
technique allows all baselines to learn good reconstructions of the
person in the foreground.

Table 3. Quantitative evaluation.We perform comparisons against two
non-temporal baselines as well as three dynamic reconstruction methods.
We evaluate unseen validation views of 10 diverse sequences from our
dataset. Our method outperforms the baselines in all three metrics. The
bottom two rows show ablations of our method with respect to core archi-
tectural components and the training procedure.

Method PSNR ↑ SSIM ↑ LPIPS ↓

St
at
ic PSR 12.5 0.774 0.341

Instant NGP 28.8 0.864 0.254

D
yn

am
ic Nerfies 29.5 0.849 0.299

HyperNeRF 29.6 0.848 0.304
DyNeRF 30.6 0.860 0.254
Ours 31.8 0.875 0.212

Pa
rts NGP + Def. 30.8 0.864 0.231

Hash Ensemble 30.5 0.857 0.257

Ab
la
tio

n w/o Depth 31.5 0.873 0.217
w/o Warmup 31.0 0.866 0.234
only 16 tables 31.5 0.871 0.218

5.5 Evaluation Protocol
We evaluate all methods on 4 held-out camera viewpoints. Figure 7
shows the spatial arrangement of the evaluation cameras. Further-
more, in the interest of compute time, we only evaluate the predic-
tion on 15 evenly distributed timesteps from each evaluation camera.
We verified on multiple sequences that all employed image metrics
differ by at most 0.02 points when evaluating only 15 timesteps
instead of the full sequence.

Metrics. We report three image metrics to evaluate the visual
quality of individual reconstructed frames: Peak Signal-to-Noise
Ratio (PSNR), Structural Similarity (SSIM) [Wang et al. 2004], and
Learned Perceptual Image Patch Similarity (LPIPS) [Zhang et al.
2018]. All metrics are evaluated on a per-frame basis after blending
predictions with the alpha masks in order to focus on the facial
region. Additionally, we compute a JOD metric [Mantiuk et al. 2021]
used by [Li et al. 2022b], which indicates perceptual difference to a
reference video.

5.6 Comparison to State of the Art
Table 3 shows that NeRSemble quantitatively outperforms all base-
lines in all image metrics. In particular, our method shows strong
improvements in the SSIM and LPIPS metrics that are sensitive to
high-frequency details. This observation is matched by the qualita-
tive comparison in Figure 6, where our method reconstructs better
facial detail. We recommend the reader to watch the supplementary
video for a more in-depth visual analysis of our method.

Evaluation of Temporal Consistency. Per-frame metrics such as
PSNR, SSIM, and LPIPS do not account for temporal artifacts such as
flickering. Hence, we employ the perceptual video metric JOD [Man-
tiuk et al. 2021] to measure visual similarity of a rendered video to its
ground truth counterpart. For all major baselines, we render videos
at a third of the training framerate, i.e. 24.3 fps, and average the JOD
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Table 4. Evaluation of temporal consistency using the perceptual qual-
ity metric Just-Objectionable-Difference (JOD) [Mantiuk et al. 2021]. Higher
numbers indicate less temporal flickering and a greater resemblance to the
ground truth video.

Method Inst. NGP Nerfies HyperNeRF DyNeRF Ours
JOD ↑ 6.75 7.23 7.27 7.69 7.86

Table 5. Evaluation against face-specific methods. NeRSemble com-
pares favorably to Neural Head Avatars [Grassal et al. 2022] and NeR-
Face [Gafni et al. 2021].

Method PSNR ↑ SSIM ↑ LPIPS ↓
Neural Head Avatars 31.0 0.927 0.041
NeRFace 35.2 0.956 0.047
Ours 37.5 0.968 0.023

Table 6. Quantitative comparison on the Neural 3D Video Dataset.
Although NeRSemble’s functionality is inspired by facial blendshapes, it
can also reasonably model generic dynamic scenes.

Method NeRFPlayer
(Instant NGP)

NeRFPlayer
(TensoRF) HyperReel Ours

PSNR ↑ 30.3 30.7 31.1 29.9

scores over all validation views and all 10 validation sequences. The
results of this temporal evaluation are given in Table 4. Note, that
the Instant NGP baseline is completely time-agnostic, which leads to
considerable flickering artifacts in video renderings. Figure 8 shows
an example of such an artifact. In contrast, NeRSemble provides a
smooth temporal experience.

Comparison to Instant NGP. The Instant NGP baseline produces
compelling images on a per-frame basis as can be seen in Figure 6.
However, it suffers from a strong tendency to generate floaters and
scattered surfaces due to the sparse nature of our camera setup. In
contrast, NeRSemble constrains the space across multiple timesteps
which greatly contributes towards removing floaters. This also holds
for a NeRSemble trained without any anti-floater strategies or addi-
tional losses. Such a bare-bones version of our model still outper-
forms Instant NGP (see the top row in Table 7). This shows that
in our sparse setting, having higher expressiveness by modeling
each frame independently (e.g., the Instant NGP baseline has 10-
15 times more parameters than our model) does not lead to better
reconstructions.

Comparison to Face-Specific Methods. To compare against NHA
and NeRFace, we evaluate on 7 sequences from our dataset, exclud-
ing 3 with more complex motion where the preprocessing pipeline
of NHA failed to predict facial landmarks, segmentation masks and
normals. Furthermore, NHA only synthesizes the head without a
torso. Therefore, we only evaluate the facial region for a fair com-
parison. Table 5 shows that NeRSemble outperforms both baselines
despite them being specifically designed for faces.

In
st
an
tN

GP
O
ur
s

Fig. 8. Temporal consistency.We show a re-rendering and its temporal
difference image for a novel view (left). On the right side, we demonstrate
the flickering artifact of the Instant NGP baseline between three adjacent
frames, where an eyebrow shrinks and grows between frames. In comparison,
NeRSemble offers more temporal consistency.

Comparison on Neural 3D Video Dataset [Li et al. 2022b]. NeRSem-
ble does not make strong assumptions on the content of a dynamic
scene and is therefore applicable to more general scenarios. To
demonstrate NeRSemble’s generality, we evaluate on the 6 publicly
available sequences of the Neural 3D Video dataset [Li et al. 2022b].
We follow the evaluation protocol of NeRFPlayer [Song et al. 2023]
and HyperReel [Attal et al. 2023] that downsample the recordings
to 1352 x 1014 pixel resolution, hold out the top central view for
evaluation, and report metrics averaged over all 6 sequences. We
further re-compute the poses with COLMAP [Schönberger et al.
2016] as the ones provided with the dataset are slightly off. Table 6
shows the quantitative results. We excluded the original DyNeRF [Li
et al. 2022b] as well as StreamRF [Li et al. 2022a] from the evalua-
tion as their numbers were only computed on 1 of the 6 available
sequences and are thus not comparable to the results of NeRFPlayer
and HyperReel. The evaluation shows that NeRSemble can reason-
ably model generic dynamic scenes despite its functionality being
inspired by facial blendshapes. However, since our method relies on
Instant NGP, it also inherits some of its weaknesses. In particular,
it does not model light refraction as HyperReel does. As a result,
NeRSemble cannot perfectly capture the effects of window panes
and glass bottles which are prevalent in the Neural 3D Video dataset.

5.7 Ablations
In addition to the comparison against baselines, we conduct several
experiments to validate our design choices and understand the inner
workings of NeRSemble.
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(a) NGP + Def. (b) Hash Ensemble (c) w/o Warmup (d) 16 Hash Tables (e) Ours (f) GT
Fig. 9. Ablation of our model components. Combining Instant NGP with a deformation field (a) produces sharp detail in rigidly moving areas of the scene,
e.g., the torso, but struggles with more challenging motion such as mouth movements. On the other hand, employing an ensemble of hash encodings (b)
can better deal with complex motions but generally produces more blurry reconstructions. Combining both components (c) leverages the strength of both
architectures but still does not produce the same detail in rigidly moving areas as an Instant NGP with deformation field. By employing a warmup phase,
sharp detail already returns when 16 tables are used (d) which can be further improved by increasing the number of hash encodings (e).

Contribution of Architectural Components. We ablate the effect of
using a hash ensemble and the deformation field. Table 3 shows that
neither a deformation field with an Instant NGP backbone (NGP +
Def.) nor a plain hash ensemble matches the performance of our
final model. However, both architectures are strong baselines on
their own. In Figure 9, we present qualitative results, which show
that the deformation-based approach generally produces sharper
reconstructions, but struggles with more challenging motions that
are difficult to model with deformations. On the other hand, the
hash ensemble has the expressiveness to model any dynamic scene
via feature blending but will typically produce more blurry results
for simple movements, since it is missing the prior of a deformation
field. The quantitative results in Table 3 confirm these findings, with
the hash ensemble scoring a high PSNR but worse LPIPS value.

Number of Hash Tables. NeRSemble with 16 hash tables only suf-
fers a negligible amount compared to 32 hash tables. This confirms
that the ratio between the number of frames and hash tables scales
well and information is shared effectively across tables.

Effect of Warm-Up Phase. Training without warm-up consistently
performs worse. We attribute this to the fact that giving the model
access to all hash grids right away prevents it from learning corre-
spondences with the deformation field. As a result, the learned hash
encodings are less well-aligned and cannot be blended as effectively.
Visually, this manifests in slightly blurrier renderings. This insight
is in line with HyperNeRF’s proposal to disable the use of ambient
dimensions in the beginning.

Table 7. Ablation of floater removal techniques. Both view frustum
culling (VFC) and occupancy grid filtering (OGF) have a negligible effect
on the metrics as they mostly remove floaters in areas that are omitted in
our evaluation protocol. Note that a plain version of NeRSemble without
any additional losses (L) or floater removal techniques already performs
competitively compared to all baselines in Table 3.

L VFC OGF PSNR ↑ SSIM ↑ LPIPS ↓
□ □ □ 30.4 0.868 0.230
⊠ □ □ 31.8 0.875 0.213
⊠ ⊠ □ 31.8 0.875 0.213
⊠ □ ⊠ 31.9 0.875 0.212
⊠ ⊠ ⊠ 31.8 0.875 0.212

Effect of Depth Supervision. Since removing the depth supervision
only slightly impairs the performance, we hypothesize that the RGB
information of the 12 input views already sufficiently supervises
the geometry. However, exploiting depth supervision from orthogo-
nal channels, such as a fitted 3DMM or a trained depth prediction
network, could still be beneficial as it incorporates data priors from
sources other than the RGB video frames.

Floater Removal Techniques. We ablate the effect of three strate-
gies to suppress floaters. First, we isolate the effect of all additional
losses, i.e. mask loss, depth supervision, and distortion loss, and note
their significant impact on performance in Table 7. View frustum
culling and occupancy grid filtering, on the other hand, do not affect
the reported metrics but still improve visual quality when rendering
novel camera trajectories.
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Fig. 10. Blend weights. Investigating the contents of the first hash grid by
setting 𝛽𝑡1,𝑖 = 0 (𝑖 > 1) reveals that the first hash grid stores some sort of
average representation (left). On the right we successively set 𝛽𝑡1,𝑖 = 0.75

for 𝑖 ∈ {2, 3, 4}. Each table stores additional details that are exceeding the
representational capacity of the deformation network. Note that we use
𝜔𝑡1 for all shown examples and 𝑡1 denotes the first frame.

Content of Individual Hash Grids. We analyze the contents of the
individual hash grids H𝑖 in Figure 10. For this purpose, we mod-
ify the learned blend weights 𝛽𝑡1,𝑖 (𝑖 > 1) for the first frame 𝑡1
of a sequence, while keeping 𝛽𝑡1,1 and the deformation codes 𝜔𝑡1

fixed. This experiment reveals that the deformation fieldD accounts
for rigid movements of the scene, since modifying 𝛽𝑡1 results in
well-aligned appearance changes while the head stays static. Fur-
thermore, H1 seems to store a representation comparable to the
mean face of the person. The remaining hash grids then behave
similarly to a dynamic, volumetric texture that further adds de-
tails to the scene that are otherwise unexplained, e.g., topologically
complicated deformations, expressions-dependent wrinkles, or illu-
mination changes. We attribute the special status of the first hash
grid H1 to the fact that it is always active during training while
all other hash grids are gradually introduced during the warmup
phase.

5.8 Limitations
In our experiments, we demonstrate that we can achieve convincing
results with a sparse set of multi-view recordings; however, various
limitations remain. Since NeRSemble models explicit correspon-
dences across timesteps via a deformation field, it cannot perfectly
capture fast hair motion (see Figure 11c). To address this, incorpo-
rating movement priors via optical flow or differentiable physics
could be an interesting field for future work.
Furthermore, our method currently focuses on recovering the ap-
pearance and motion of a specific sequence by optimizing for the
dynamic radiance field representation. As a result, our method is
unable to learn priors that generalize across sequences. Here, we
see great potential for future work on dynamic NeRFs that gener-
alize over both identities and facial expressions. A learned prior
over the distribution of realistic 4D avatars could help to further
constrain the optimization procedure. This would be particularly
important for monocular inputs or capturing facial regions, such as
the mouth interior, that are often occluded during the majority of
recording time and may thus exhibit inferior reconstruction quality
(see Figure 11).
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Fig. 11. Failure cases. The high degree of occlusion of the mouth inte-
rior can sometimes cause a hollow face illusion where teeth are falsely
reconstructed at the back of the mouth (a). Specular reflections of the light
sources in the eyes may cause rare eye artifacts (b). The deformation field
may fail to model extremely fast hair motion, which hinders the canonical
hash grids from synthesizing a sharp result for some frames (c).

6 CONCLUSION
In this work, we have proposed a new method and dataset focusing
on the radiance field reconstruction of animated human heads from
multi-view video inputs. To this end, we have introduced a novel
multi-view video benchmark of diverse human heads containing
over 220 identities with 4700 sequences. We further proposed a
new method for generating photo-realistic re-renderings of arbi-
trary viewpoints and time steps, and hope that our dataset and
accompanying benchmark will be an important contribution to the
community, and facilitate future work on digital humans.
Our proposed novel representation for spatio-temporal NeRFs

uses deformation fields to factor out coarse movements and an
ensemble of hash grid encodings to model fine deformations and in-
crease the temporal capacity of our model. Our experiments demon-
strate that NeRSemble achieves temporally coherent and highly
detailed volumetric reconstructions from multi-view video inputs,
outperforming existing baselines by a significant margin, in partic-
ular when sequences contain complex motions.
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