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Abstract

High-quality reconstruction of controllable 3D head
avatars from 2D videos is highly desirable for virtual human
applications in movies, games, and telepresence. Neural
implicit fields provide a powerful representation to model
3D head avatars with personalized shape, expressions, and
facial parts, e.g., hair and mouth interior, that go beyond
the linear 3D morphable model (3DMM). However, existing
methods do not model faces with fine-scale facial features,
or local control of facial parts that extrapolate asymmetric
expressions from monocular videos. Further, most condition
only on 3DMM parameters with poor(er) locality, and re-
solve local features with a global neural field. We build on
part-based implicit shape models that decompose a global
deformation field into local ones. Our novel formulation
models multiple implicit deformation fields with local seman-
tic rig-like control via 3DMM-based parameters, and repre-
sentative facial landmarks. Further, we propose a local con-
trol loss and attention mask mechanism that promote sparsity
of each learned deformation field. Our formulation renders
sharper locally controllable nonlinear deformations than
previous implicit monocular approaches, especially mouth
interior, asymmetric expressions, and facial details. Project
page: https://imaging.cs.cmu.edu/local deformation fields/

1. Introduction
Monocular human head avatar reconstruction is a long

standing challenge that has drawn a lot of attention in the
last few decades due to its wide application in movie mak-
ing [11, 17, 43], and virtual reality [2, 3, 29], among others.
Traditional reconstruction methods in production pipelines
create animatable and detailed avatars, often represented as
3D rigs, from high-quality face scans with predefined ex-
pressions and poses [56, 58]. However, such data is often
expensive to acquire and process, and over the years has
created the need for an easier capture pipeline, e.g., based on
high-definition images, or videos of human subjects. With
the advancements in deep learning, much effort has gone
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into learning neural 3D face representations from 2D im-
ages and the research community has achieved impressive
results [22, 27, 39, 45]. However, modeling 3D structures
from 2D information alone is an ill-posed problem, which
results in models that lack view consistency and details.

Both traditional and neural reconstruction pipelines based
on the parametric mesh representation, 3DMM [9], are ef-
ficient, controllable, and well integrated into the graphics
pipeline, though at the expense of lacking important facial
features such as hair, eyes, and mouth interior. In the last
couple of years, there has been a surge of research on gen-
eralized implicit face representations, e.g., sign distance
functions (SDFs) [34], neural radiance fields (NeRFs) [16]
or hybrid volumetric representations [4], that allow accu-
rate modeling of fine-grained facial, and non-facial features
not possible with mesh-based representations alone, while
preserving view-consistency.

Recently, several implicit models for human head avatars
from monocular videos have demonstrated great progress
[1, 3, 12, 15, 18, 35, 36, 41, 47, 57, 67, 68]. Several employ
facial parameters from an existing face tracker to condition a
multi-layer perceptron (MLP) to model expression changes
[3,12,18,47], use deformation fields to learn a mapping from
an observed point deformed by expression to a point on the
template face [1,35,67], or learn forward mapping functions
that estimate implicit 3DMM functions, represented as facial
deformation bases [15, 42, 68]. These approaches have done
a good job in allowing control of expressions and poses,
even for out-of-distribution training parameters. However,
none of these approaches reconstruct animatable heads with
high-fidelity details such as deep creases. Besides, since they
heavily rely on creating implicit fields derived from linear
3DMMs, which are de-facto limited by global or large-scale
expression decompositions, it is relatively difficult to control
localized deformations at a finer level, e.g., wrinkles that
form around eyes when winking.

In this paper, we propose a novel approach that allows
implicit 3D rig modeling, and local control of detailed facial
deformations. We use expression parameters obtained from
a 3DMM face tracker, e.g., DECA [10], but learn to model
more local deformations beyond linear 3DMM. To this end,
instead of learning a single global deformation field, we
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Figure 1. Main results on test samples. Our method models dynamic 3D deformations as an ensemble of local deformation fields, centered
around 3D facial landmarks, shown as red, blue, and green dots in this example (details in Sec. 3). Our formulation synthesizes 3D neural
heads from 2D videos with fine-grained geometric details, as shown in column 3 (depth field).

break it into multiple local fields with varying spatial support,
triggered by sparse facial landmarks, with weak supervision
on the 3DMM expressions. The local deformation fields are
represented by nonlinear function within a certain radius,
and conditioned by tracked expression parameters weighted
by an attention mask that filters redundant parameters that do
not influence the landmarks. Finally, the local deformations
are summed with distance-based weights, which are used to
deform the global point to the canonical space, and retrieve
radiance and density for volumetric rendering.

While part-based field decomposition [46,63] approaches
have been proposed, we demonstrate that decomposing im-
plicit deformation fields into local fields improves repre-
sentation capacity to model facial details. By filtering re-
dundant input expression parameters to each local field and
providing weak supervision via 3DMM, we achieve better,
detailed local control, and modelling of asymmetric expres-
sions (see Fig. 1). We provide qualitative and quantitative
comparisons with state-of-the-art monocular head avatar
synthesis methods and show that our approach reconstructs
facial details more accurately, while improving local control
of the face. In summary, our contributions are as follows:

1. A novel formulation that models local field deformation
for implicit NeRF face rigs that provides fine-scale
control with landmarks.

2. Local deformation fields surpass linear 3DMM’s rep-
resentation capacity via a novel local field control loss,
and attention masks filtering.

3. We demonstrate the advantage of our approach in dif-
ferent applications, including detailed asymmetric ex-
pression control, and high-quality head synthesis with
sharp mouth interior.

2. Related Work
The literature on detailed dynamic human avatars is vast.

Thus, we mainly review methods for reconstructing control-
lable head models from unstructured 2D data using 3D aware
neural rendering approaches. Please refer to Egger et al. [9]
for a comprehensive overview on 3DMM and applications
and to Tewari et al. [51,52] for advances in neural rendering.

Neural Avatar Reconstruction and Portrait Synthesis
Advances in neural rendering have pushed the boundaries
of human avatar digitization from unconstraint 2D images
or video. An early trend are model-based neural recon-
struction approaches that learn to regress detailed 3DMMs
[39, 44, 49, 54] or detailed rendering layers of a 3D model
[14,23,32,53,64] using autoencoders or GANs to reconstruct
high-quality 3D faces with photo-realistic appearance. How-
ever, model-based approaches often generate avatars with
coarse local control derived from 3DMMs and restricted
to the inner face region, i.e., they lack eyes, mouth inte-
rior, ears, and hair. Another line of research attempts to
synthesize face portraits using controllable GAN-based gen-
erative approaches [20,30,59,65,71], driven either via sparse
keypoints [30,59,65], dense mesh priors [6,20,50], or multi-
modal input [62, 71]. These methods can synthesize photo-
realistic 2D face portraits, but struggle with large poses and
cannot generate detailed localized deformations, e.g., around
mouth and eyes. The work by Lombardi et al. [28] and
Ma et al. [29] can generate 3D avatars with very detailed
facial features, but local facial control is non-intuitive and
reconstructions require expensive multiview camera systems.
Our approach reconstructs 3D avatars with detailed local
control from unconstrained 2D videos.
Deformable Neural 3D Consistent Representations
Modeling 3D-aware objects especially heads has been an

417



active research in the last few years. Some approaches learn
detailed 3D consistent implicit head models from a large
corpus of unconstrained 2D images via 3D neural implicit
surfaces [34, 40], 3D-aware generative NeRFs [5, 8, 16] or
hybrid volumetric representations [4,60]. NeRFs have partic-
ularly earned popularity since they can reconstruct complex
scene structures while preserving fine scale details. Some
recent NeRF-based approaches can model general dynamic
objects, such as bodies and heads in general video scenes
using dynamic embeddings and often by warping observed
points into a canonical frame configuration [25,35,36,38,55].
These approaches can reconstruct fine grained avatars from
novel viewpoints but offer no semantic control over the gen-
erated models. Our approach on the contrary can learn de-
tailed 3D consistent representations with local facial control.

Controllable Neural Implicit Head Generation Al-
though implicit deformable head models have showed
great promise, most methods lack semantic control over
the learned implicit fields. A recent line of work create
animatable implicit blendshape rigs with semantic latent
representations such as landmarks and expression param-
eters to enable downstream animation and editing tasks
[1, 3, 12, 13, 15, 18, 47, 67, 68]. Some approaches learn de-
formation fields using dense mesh priors [1, 13, 68], sparse
landmark priors [67] or hard mesh constraints [15, 42, 47].
Among them, [1, 68] model pose aware deformation fields
to enable full head control with better generalization ca-
pabilities at the expense of smoother reconstructions and
coarse local control. Finer local control is achieved using
multiple local deformation fields, either rigged via sparse
landmarks [67] or blendshape weights [13]. However, these
methods can only reconstruct mid-scale dynamic details, i.e.,
no wrinkles or sharp mouth interior. Hong et al. [18] boost
rendering quality by integrating a coarse-to-fine 2D neural
rendering module with NeRF-based rendering. However,
none these approaches can generate fine-grained facial de-
formations with sparse local control. As far as we are aware,
only implicit models derived from multiview imagery [3,57]
can produce crisp results. Cao et al. [3] partially achieve
personalized fine-grained control by fine tuning a universal
implicit morphable model on user-specific custom expres-
sions. As in Gao et al. [13], local control granularity is
limited to in-distribution expressions. On the contrary, we
propose an implicit rig representation that learns to disen-
tangle detailed deformation fields from arbitrary expressions
and head poses while achieving good generalization power.

3. Our Method
In this section, we describe our method that enables de-

tailed reconstruction of facial expressions with the ability
to perform local control, as shown in Fig. 2. We propose a
deformable NeRF approach conditioned on expression pa-

rameters from a 3D face tracker, which learns translation
from each point in the observed space to the canonical space,
as defined by a 3DMM, e.g., FLAME [24]. To improve
the ability to represent high-frequency change in the defor-
mation field and allow local control, we break down the
deformation field into multiple local fields conditioned on
expression filtered by an attention mask. The locality is
further enforced through a local control loss for each local
field and the sum of the deformations from all local fields
are weakly supervised by a mesh prior.

3.1. Deformable Neural Radiance Field for Faces

A neural radiance field is defined as a continuous function

F : (x, d) −→ (σ(x), c(x, d)) (1)

that maps view direction d and per-point location in the
observed space x into per-point density σ and radiance c.
Every pixel of the rendered scene is the accumulation of
per-point density and radiance on each ray, cast through the
pixel using the volumetric rendering equation [31].

To model dynamic scenes, we represent a continuous
transformation from a point xobs in the observed space to
the corresponding point xcan in the canonical space [35] as

T = D(γ(xobs), ωi), (2)

where ωi is a per-frame deformation code that learns the
scene at frame i, γ are sinusoidal positional encodings of
different frequencies [48], and D represents a neural defor-
mation field capable of modeling high-frequency variations.
A canonical point xcan can then be obtained as follows:

xcan = T (xobs) . (3)

Inspired by [1, 68], we model human face deformation in
a monocular video setup instead of a per-frame deformation
code. We condition the deformation field using a per-frame
expression ei and pose pi code generated from an existing
tracker as well as additional latent codes to account for pose
inaccuracies ωp

i and appearance inconsistencies ωa
i , so that

T = D(γ(xobs), ei, pi, ω
p
i ) (4)

σ, c = F (xcan, d, ω
a
i ) (5)

Here, T can be in SE(3) to represent a 3D rigid deformation
[35, 36] or in R3 to model a non-rigid deformation [26, 38].
Since facial expression deformations are commonly non-
rigid, we predict T as translation t ∈ R3, and thus map xobs

into xcan as follows:

xcan = t+ xobs . (6)

While this disentanglement of deformation and canoni-
cal space provides better generalization to in- and out-of-
distribution deformations, the additive model still struggles

418



Monocular video
frames

3D face tracking

NeRF (Observed space)

<latexit sha1_base64="IuE4i0rNsW6fmE9mlkLeFAnTYZ0=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkaI8FLx4r2A9oQ9lsNu3aTTbsToRS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8IJXCoOt+O4WNza3tneJuaW//4PCofHzSNirTjLeYkkp3A2q4FAlvoUDJu6nmNA4k7wTj27nfeeLaCJU84CTlfkyHiYgEo2ildp+FCs2gXHGr7gJknXg5qUCO5qD81Q8Vy2KeIJPUmJ7npuhPqUbBJJ+V+pnhKWVjOuQ9SxMac+NPF9fOyIVVQhIpbStBslB/T0xpbMwkDmxnTHFkVr25+J/XyzCq+1ORpBnyhC0XRZkkqMj8dRIKzRnKiSWUaWFvJWxENWVoAyrZELzVl9dJ+6rqXVdr97VKo57HUYQzOIdL8OAGGnAHTWgBg0d4hld4c5Tz4rw7H8vWgpPPnMIfOJ8/rkOPLg==</latexit>· · ·

Local deformation fields

<latexit sha1_base64="zXr+zejevsgVjturiSGa4wZTYVI=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgadmVqPEW8OIxARMDyRJmJ7PJmNkHM71CWPIFXjwo4tVP8ubfOJsE8VnQUFR1093lJ1JodJx3q7C0vLK6VlwvbWxube+Ud/faOk4V4y0Wy1h1fKq5FBFvoUDJO4niNPQlv/HHl7l/c8eVFnF0jZOEeyEdRiIQjKKRmtgvVxz7IscpcW1nht+kAgs0+uW33iBmacgjZJJq3XWdBL2MKhRM8mmpl2qeUDamQ941NKIh1142O3RKjowyIEGsTEVIZurXiYyGWk9C33SGFEf6p5eLf3ndFIOal4koSZFHbL4oSCXBmORfk4FQnKGcGEKZEuZWwkZUUYYmm5IJ4f/fP0n7xHbP7GqzWqnXFnEU4QAO4RhcOIc6XEEDWsCAwz08wpN1az1Yz9bLvLVgLWb24Rus1w8tMo0r</latexit>

t

<latexit sha1_base64="WqRz3y7FadbeYpT3XROFyllAM9U=">AAAB7nicbVA9SwNBEJ2LXzF+RS1tFoNgFe5ENGXQQguLKOYDkhD2NnPJkr29Y3dPCEd+hI2FIrb+Hjv/jZvkCk18MPB4b4aZeX4suDau++3kVlbX1jfym4Wt7Z3dveL+QUNHiWJYZ5GIVMunGgWXWDfcCGzFCmnoC2z6o+up33xCpXkkH804xm5IB5IHnFFjpeZdL324uZr0iiW37M5AlomXkRJkqPWKX51+xJIQpWGCat323Nh0U6oMZwInhU6iMaZsRAfYtlTSEHU3nZ07ISdW6ZMgUrakITP190RKQ63HoW87Q2qGetGbiv957cQElW7KZZwYlGy+KEgEMRGZ/k76XCEzYmwJZYrbWwkbUkWZsQkVbAje4svLpHFW9i7K5/fnpWoliyMPR3AMp+DBJVThFmpQBwYjeIZXeHNi58V5dz7mrTknmzmEP3A+fwDcRI89</latexit> L
R

G
B

*
*

***

***

*
<latexit sha1_base64="QVgt7lbn3i4aRZjLtmwTMy8hcCc=">AAAB7nicdVDJSgNBEK2JW4xb1KOXxiB4GnrikOUW8OJJIhgTSIahp9OTNOlZ6O4RwpCP8OJBEa9+jzf/xs4iqOiDgsd7VVTVC1LBlcb4wyqsrW9sbhW3Szu7e/sH5cOjO5VkkrIOTUQiewFRTPCYdTTXgvVSyUgUCNYNJpdzv3vPpOJJfKunKfMiMop5yCnRRupSP7/2xcwvV7DdbFbdqouwXceuixuG4AunVsPIsfECFVih7ZffB8OEZhGLNRVEqb6DU+3lRGpOBZuVBpliKaETMmJ9Q2MSMeXli3Nn6MwoQxQm0lSs0UL9PpGTSKlpFJjOiOix+u3Nxb+8fqbDhpfzOM00i+lyUZgJpBM0/x0NuWRUi6khhEpubkV0TCSh2iRUMiF8fYr+J3dV26nZ7o1baTVWcRThBE7hHByoQwuuoA0doDCBB3iCZyu1Hq0X63XZWrBWM8fwA9bbJ8Jmj9c=</latexit>cNl

<latexit sha1_base64="SwoNlJn7ATKWdeNT1ri5SiH4JiY=">AAAB7nicdVDJSgNBEK2JW4xb1KOXxiB4GiYSNd4CXjxJBLNAMgw9nZ6kSc9Cd40QhnyEFw+KePV7vPk39iRBXB8UPN6roqqen0ih0XHercLS8srqWnG9tLG5tb1T3t1r6zhVjLdYLGPV9anmUkS8hQIl7yaK09CXvOOPL3O/c8eVFnF0i5OEuyEdRiIQjKKROuhl156ceuWKY1/kOCVV25nhN6nAAk2v/NYfxCwNeYRMUq17VSdBN6MKBZN8WuqnmieUjemQ9wyNaMi1m83OnZIjowxIECtTEZKZ+nUio6HWk9A3nSHFkf7p5eJfXi/FoO5mIkpS5BGbLwpSSTAm+e9kIBRnKCeGUKaEuZWwEVWUoUmoZEL4//dP0j6xq2d27aZWadQXcRThAA7hGKpwDg24gia0gMEY7uERnqzEerCerZd5a8FazOzDN1ivH8U3j9c=</latexit>

tNl*
*

***

***

*<latexit sha1_base64="hEugG2QtLIMEvIJGcW13iIO5d6M=">AAAB6nicdVDJSgNBEK2JW4xb1KOXxiB4GnrGIcst4MVjRGMCyRB6Oj1Jk56F7h4hDPkELx4U8eoXefNv7CyCij4oeLxXRVW9IBVcaYw/rMLa+sbmVnG7tLO7t39QPjy6U0kmKWvTRCSyGxDFBI9ZW3MtWDeVjESBYJ1gcjn3O/dMKp7Et3qaMj8io5iHnBJtpBs6cAflCrYbDddzPYTtGvY8XDcEXzjVKkaOjReowAqtQfm9P0xoFrFYU0GU6jk41X5OpOZUsFmpnymWEjohI9YzNCYRU36+OHWGzowyRGEiTcUaLdTvEzmJlJpGgemMiB6r395c/MvrZTqs+zmP00yzmC4XhZlAOkHzv9GQS0a1mBpCqOTmVkTHRBKqTTolE8LXp+h/cufaTtX2rr1Ks76KowgncArn4EANmnAFLWgDhRE8wBM8W8J6tF6s12VrwVrNHMMPWG+fUYmN0A==</latexit>c2
<latexit sha1_base64="y3RVft1V2lty8EBX0p13hZVwzZA=">AAAB7HicdVBNS8NAEJ3Ur1q/qh69BIvgKaSlar0VvHisYNpCG8pmu2mXbjZhdyKU0N/gxYMiXv1B3vw3btoifj4YeLw3w8y8IBFco+u+W4WV1bX1jeJmaWt7Z3evvH/Q1nGqKPNoLGLVDYhmgkvmIUfBuoliJAoE6wSTq9zv3DGleSxvcZowPyIjyUNOCRrJw0FWmw3KFde5zHFmVx13jt+kAku0BuW3/jCmacQkUkG07lXdBP2MKORUsFmpn2qWEDohI9YzVJKIaT+bHzuzT4wytMNYmZJoz9WvExmJtJ5GgemMCI71Ty8X//J6KYYNP+MySZFJulgUpsLG2M4/t4dcMYpiagihiptbbTomilA0+ZRMCP///knaNad67tRv6pVmYxlHEY7gGE6hChfQhGtogQcUONzDIzxZ0nqwnq2XRWvBWs4cwjdYrx8YtI7c</latexit>

t2
*

*
***

***

*

<latexit sha1_base64="iZrhfqTBepplz9KNufRD3LDb7fY=">AAAB6nicdVDLSgNBEOyNrxhfUY9eBoPgaZmNSx63gBePEY0JJEuYnUySIbOzy8ysEJZ8ghcPinj1i7z5N04egooWNBRV3XR3hYng2mD84eTW1jc2t/LbhZ3dvf2D4uHRnY5TRVmLxiJWnZBoJrhkLcONYJ1EMRKFgrXDyeXcb98zpXksb800YUFERpIPOSXGSje07/WLJezW62W/7CPsVrHv45ol+MKrVDDyXLxACVZo9ovvvUFM04hJQwXRuuvhxAQZUYZTwWaFXqpZQuiEjFjXUkkipoNsceoMnVllgIaxsiUNWqjfJzISaT2NQtsZETPWv725+JfXTc2wFmRcJqlhki4XDVOBTIzmf6MBV4waMbWEUMXtrYiOiSLU2HQKNoSvT9H/5K7sehXXv/ZLjdoqjjycwCmcgwdVaMAVNKEFFEbwAE/w7Ajn0XlxXpetOWc1cww/4Lx9AlAFjc8=</latexit>c1
<latexit sha1_base64="AJm7kHhHaNN1jF87dg/1qMd17YE=">AAAB7HicdVBNS8NAEJ3Ur1q/qh69BIvgKSRStd4KXjxWMLXQhrLZbtqlm03YnQgl9Dd48aCIV3+QN/+Nm7aInw8GHu/NMDMvTAXX6LrvVmlpeWV1rbxe2djc2t6p7u61dZIpynyaiER1QqKZ4JL5yFGwTqoYiUPBbsPxZeHf3jGleSJvcJKyICZDySNOCRrJx37uTfvVmutcFDi1Pced4TepwQKtfvWtN0hoFjOJVBCtu56bYpAThZwKNq30Ms1SQsdkyLqGShIzHeSzY6f2kVEGdpQoUxLtmfp1Iiex1pM4NJ0xwZH+6RXiX143w6gR5FymGTJJ54uiTNiY2MXn9oArRlFMDCFUcXOrTUdEEYomn4oJ4f/fP0n7xPHOnPp1vdZsLOIowwEcwjF4cA5NuIIW+ECBwz08wpMlrQfr2XqZt5asxcw+fIP1+gEXL47b</latexit>

t1

NeRF (Canonical space)

<latexit sha1_base64="7gIyLL7H7Hw6v0QUz2LP5zmmtBg=">AAACA3icbZDLSsNAFIYn9VbrLepON4NFcCElkaJdVty4rGAv0IQwmZ60QycXZiZCCQU3voobF4q49SXc+TZO2iy09cAMH/9/DjPn9xPOpLKsb6O0srq2vlHerGxt7+zumfsHHRmngkKbxjwWPZ9I4CyCtmKKQy8RQEKfQ9cf3+R+9wGEZHF0ryYJuCEZRixglCgteeYReOwcJ/nlZNTjzjSH6xw8s2rVrFnhZbALqKKiWp755QximoYQKcqJlH3bSpSbEaEY5TCtOKmEhNAxGUJfY0RCkG4222GKT7UywEEs9IkUnqm/JzISSjkJfd0ZEjWSi14u/uf1UxU03IxFSaogovOHgpRjFeM8EDxgAqjiEw2ECqb/iumICEKVjq2iQ7AXV16GzkXNvqzV7+rVZqOIo4yO0Qk6Qza6Qk10i1qojSh6RM/oFb0ZT8aL8W58zFtLRjFziP6U8fkDKhqWkQ==</latexit>

ei, pi, {cl}, {Al}

<latexit sha1_base64="A3Ni65XrtxvK7i4gWHSniigK/sw=">AAAB7nicdVBNS8NAEJ3Ur1q/qh69LBbBU0jT2tZbwYvHCvYD2lA22027dLMJuxuxhP4ILx4U8erv8ea/cdNWUNEHA4/3ZpiZ58ecKe04H1ZubX1jcyu/XdjZ3ds/KB4edVSUSELbJOKR7PlYUc4EbWumOe3FkuLQ57TrT68yv3tHpWKRuNWzmHohHgsWMIK1kbr3wzTy1XxYLDn2ZaPmXrjIsR2n7lZqGXHrVbeCykbJUIIVWsPi+2AUkSSkQhOOleqXnVh7KZaaEU7nhUGiaIzJFI9p31CBQ6q8dHHuHJ0ZZYSCSJoSGi3U7xMpDpWahb7pDLGeqN9eJv7l9RMdNLyUiTjRVJDloiDhSEco+x2NmKRE85khmEhmbkVkgiUm2iRUMCF8fYr+Jx3XLtfs6k211Gys4sjDCZzCOZShDk24hha0gcAUHuAJnq3YerRerNdla85azRzDD1hvnyLlkBY=</latexit>xobs
<latexit sha1_base64="A3Ni65XrtxvK7i4gWHSniigK/sw=">AAAB7nicdVBNS8NAEJ3Ur1q/qh69LBbBU0jT2tZbwYvHCvYD2lA22027dLMJuxuxhP4ILx4U8erv8ea/cdNWUNEHA4/3ZpiZ58ecKe04H1ZubX1jcyu/XdjZ3ds/KB4edVSUSELbJOKR7PlYUc4EbWumOe3FkuLQ57TrT68yv3tHpWKRuNWzmHohHgsWMIK1kbr3wzTy1XxYLDn2ZaPmXrjIsR2n7lZqGXHrVbeCykbJUIIVWsPi+2AUkSSkQhOOleqXnVh7KZaaEU7nhUGiaIzJFI9p31CBQ6q8dHHuHJ0ZZYSCSJoSGi3U7xMpDpWahb7pDLGeqN9eJv7l9RMdNLyUiTjRVJDloiDhSEco+x2NmKRE85khmEhmbkVkgiUm2iRUMCF8fYr+Jx3XLtfs6k211Gys4sjDCZzCOZShDk24hha0gcAUHuAJnq3YerRerNdla85azRzDD1hvnyLlkBY=</latexit>xobs

<latexit sha1_base64="A3Ni65XrtxvK7i4gWHSniigK/sw=">AAAB7nicdVBNS8NAEJ3Ur1q/qh69LBbBU0jT2tZbwYvHCvYD2lA22027dLMJuxuxhP4ILx4U8erv8ea/cdNWUNEHA4/3ZpiZ58ecKe04H1ZubX1jcyu/XdjZ3ds/KB4edVSUSELbJOKR7PlYUc4EbWumOe3FkuLQ57TrT68yv3tHpWKRuNWzmHohHgsWMIK1kbr3wzTy1XxYLDn2ZaPmXrjIsR2n7lZqGXHrVbeCykbJUIIVWsPi+2AUkSSkQhOOleqXnVh7KZaaEU7nhUGiaIzJFI9p31CBQ6q8dHHuHJ0ZZYSCSJoSGi3U7xMpDpWahb7pDLGeqN9eJv7l9RMdNLyUiTjRVJDloiDhSEco+x2NmKRE85khmEhmbkVkgiUm2iRUMCF8fYr+Jx3XLtfs6k211Gys4sjDCZzCOZShDk24hha0gcAUHuAJnq3YerRerNdla85azRzDD1hvnyLlkBY=</latexit>xobs

<latexit sha1_base64="XE5r+d0ivnY9Pqb+ZqraEb7bokw=">AAAB7nicdVBNSwMxEJ31s9avqkcvwSJ4Wna11norePFYwX5Au5Rsmm1Dk+ySZMWy9Ed48aCIV3+PN/+N2baCij4YeLw3w8y8MOFMG8/7cJaWV1bX1gsbxc2t7Z3d0t5+S8epIrRJYh6rTog15UzSpmGG006iKBYhp+1wfJX77TuqNIvlrZkkNBB4KFnECDZWat/3M4LltF8qe+5ljjM0J9WceBXf88+R73ozlGGBRr/03hvEJBVUGsKx1l3fS0yQYWUY4XRa7KWaJpiM8ZB2LZVYUB1ks3On6NgqAxTFypY0aKZ+n8iw0HoiQtspsBnp314u/uV1UxPVgozJJDVUkvmiKOXIxCj/HQ2YosTwiSWYKGZvRWSEFSbGJlS0IXx9iv4nrVPXr7qVm0q5XlvEUYBDOIIT8OEC6nANDWgCgTE8wBM8O4nz6Lw4r/PWJWcxcwA/4Lx9Ajx1kCg=</latexit>xcan

<latexit sha1_base64="A3Ni65XrtxvK7i4gWHSniigK/sw=">AAAB7nicdVBNS8NAEJ3Ur1q/qh69LBbBU0jT2tZbwYvHCvYD2lA22027dLMJuxuxhP4ILx4U8erv8ea/cdNWUNEHA4/3ZpiZ58ecKe04H1ZubX1jcyu/XdjZ3ds/KB4edVSUSELbJOKR7PlYUc4EbWumOe3FkuLQ57TrT68yv3tHpWKRuNWzmHohHgsWMIK1kbr3wzTy1XxYLDn2ZaPmXrjIsR2n7lZqGXHrVbeCykbJUIIVWsPi+2AUkSSkQhOOleqXnVh7KZaaEU7nhUGiaIzJFI9p31CBQ6q8dHHuHJ0ZZYSCSJoSGi3U7xMpDpWahb7pDLGeqN9eJv7l9RMdNLyUiTjRVJDloiDhSEco+x2NmKRE85khmEhmbkVkgiUm2iRUMCF8fYr+Jx3XLtfs6k211Gys4sjDCZzCOZShDk24hha0gcAUHuAJnq3YerRerNdla85azRzDD1hvnyLlkBY=</latexit>xobs
<latexit sha1_base64="Rld5VgMKOM646nQuxzhzxowRAT4=">AAAB/nicbZDLSsNAFIZP6q3WW1RcuRksgiCURIp2IxTcuKxgL9CGMJlO26GTSZiZiCUEfBU3LhRx63O4822ctllo6w8DH/85h3PmD2LOlHacb6uwsrq2vlHcLG1t7+zu2fsHLRUlktAmiXgkOwFWlDNBm5ppTjuxpDgMOG0H45tpvf1ApWKRuNeTmHohHgo2YARrY/n20aOfEiwydI0MRYHK0DnSvl12Ks5MaBncHMqQq+HbX71+RJKQCk04VqrrOrH2Uiw1I5xmpV6iaIzJGA9p16DAIVVeOjs/Q6fG6aNBJM0TGs3c3xMpDpWahIHpDLEeqcXa1Pyv1k30oOalTMSJpoLMFw0SjnSEplmgPpOUaD4xgIlk5lZERlhiok1iJROCu/jlZWhdVNzLSvWuWq7X8jiKcAwncAYuXEEdbqEBTSCQwjO8wpv1ZL1Y79bHvLVg5TOH8EfW5w8huJTs</latexit>

xcan = xobs + t

<latexit sha1_base64="2BRY7L9AWKzZtBRBEk7K3/Tt/JY="></latexit>

tl = Dl(�(xobs � cl), ei � Al, pi,!
p
i )

<latexit sha1_base64="mMTAFO8MJiD11QY5vykbO9D4xvo=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lEtMeCF48V7Ae0oWy2k3bpZhN2J2oJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVHJo8lrHuBMyAFAqaKFBCJ9HAokBCOxjfzPz2A2gjYnWPkwT8iA2VCAVnaKVeD+EJs8cRaJj2yxW36s5BV4mXkwrJ0eiXv3qDmKcRKOSSGdP13AT9jGkUXMK01EsNJIyP2RC6lioWgfGz+c1TemaVAQ1jbUshnau/JzIWGTOJAtsZMRyZZW8m/ud1UwxrfiZUkiIovlgUppJiTGcB0IHQwFFOLGFcC3sr5SOmGUcbU8mG4C2/vEpaF1Xvqnp5d1mp1/I4iuSEnJJz4pFrUie3pEGahJOEPJNX8uakzovz7nwsWgtOPnNM/sD5/AHGGJIl</latexit>

where

<latexit sha1_base64="Tk0KNiCxTBFXcWeVvBJKfiYi9tk=">AAACBnicbVBNS8NAEN3Ur1q/oh5FWCxCPVgSKdqLUPDisYL9gDaEzXbbLt1kw+5ELKEnL/4VLx4U8epv8Oa/cdvmoNUHA4/3ZpiZF8SCa3CcLyu3tLyyupZfL2xsbm3v2Lt7TS0TRVmDSiFVOyCaCR6xBnAQrB0rRsJAsFYwupr6rTumNJfRLYxj5oVkEPE+pwSM5NuHgC9xVyehL3CrdO+nMtCTU+qLEwy+8O2iU3ZmwH+Jm5EiylD37c9uT9IkZBFQQbTuuE4MXkoUcCrYpNBNNIsJHZEB6xgakZBpL529McHHRunhvlSmIsAz9edESkKtx2FgOkMCQ73oTcX/vE4C/aqX8ihOgEV0vqifCAwSTzPBPa4YBTE2hFDFza2YDokiFExyBROCu/jyX9I8K7vn5cpNpVirZnHk0QE6QiXkogtUQ9eojhqIogf0hF7Qq/VoPVtv1vu8NWdlM/voF6yPb2qVl84=</latexit>

t =
X

l

W (xobs � cl)tl

<latexit sha1_base64="zXr+zejevsgVjturiSGa4wZTYVI=">AAAB6HicdVDLSgNBEOyNrxhfUY9eBoPgadmVqPEW8OIxARMDyRJmJ7PJmNkHM71CWPIFXjwo4tVP8ubfOJsE8VnQUFR1093lJ1JodJx3q7C0vLK6VlwvbWxube+Ud/faOk4V4y0Wy1h1fKq5FBFvoUDJO4niNPQlv/HHl7l/c8eVFnF0jZOEeyEdRiIQjKKRmtgvVxz7IscpcW1nht+kAgs0+uW33iBmacgjZJJq3XWdBL2MKhRM8mmpl2qeUDamQ941NKIh1142O3RKjowyIEGsTEVIZurXiYyGWk9C33SGFEf6p5eLf3ndFIOal4koSZFHbL4oSCXBmORfk4FQnKGcGEKZEuZWwkZUUYYmm5IJ4f/fP0n7xHbP7GqzWqnXFnEU4QAO4RhcOIc6XEEDWsCAwz08wpN1az1Yz9bLvLVgLWb24Rus1w8tMo0r</latexit>

t

Figure 2. Method overview. Given an input video sequence, we run a face tracker [10] to get at each frame i the following parameters
of a linear 3DMM [24]: expression ei, pose pi, and sparse 3D facial landmarks cl. An attention mask with local spatial support is
also pre-computed from the 3DMM. We model dynamic deformations as a translation of each observed point xobs to the canonical
space, represented as xcan (Sec. 3.1). We decompose the global deformation field t into multiple local fields {tl}, each centered around
representative landmarks cl (Sec. 3.2). We enforce sparsity of each field tl via an attention mask Al that modulates ei (Sec. 3.3). Our
implicit representation is learned using RGB information, geometric regularization and priors, and a novel local control loss (Sec. 3.4).

to represent details such as deep skin creases, crowfeet
around eyes, and facial hair, especially when no ground
truth mesh is available. The main reasons are that (i) a global
model often lack expressibility [67] and (ii) the condition-
ing with 3DMM expression parameters represent linear and
non-sparse local deformations (Sec. 5).

3.2. Local Deformation Fields

Inspired by advances in part-based implicit rigging [33,
37, 67, 70], we overcome limitations of previous work by
decomposing the global deformation field into multiple local
fields, each centered around a pre-defined facial landmark
location, to model non-linear local expression deformations
with higher level of details, as shown in Fig. 2.

Mathematically, we first define a set of Nl landmarks
on the face mesh and a set of local deformation fields Dl,
∀l ∈ [1, ..., Nl]. We denote cl to be the 3D position of the
lth landmark on the deformed mesh. To map a point xobs

from the observed space to its corresponding point in the
canonical space, we first compute the position of this point
relative to a landmark location (i.e., xl = xobs − cl) and
pass this to the local deformation field Dl(γ(xl)). We repeat
this process for all landmarks, and use a weighted average
to compute the deformation:

t =
∑

l

W (xl)tl , (7)

where tl = Dl(γ(xl), ei, pi, ω
p
i ) . (8)

Similar to [70], we define the weight W (x) as a scaled

Gaussian function with zero mean and R standard deviation
based on the point’s distance to each local center, i.e.,

W (x) = max

(
exp

(−∥x∥22
2R2

)
− τ, 0

)
s , (9)

where R is a user-defined parameter representing the spatial
support of tl, ∀l. The threshold τ prevents points farther
away from each landmark to query the local neural network,
improving computing efficiency. The scale s < 1 adjusts the
magnitude of the local fields’ outputs to the range of valid
values for facial deformation.

3.3. Attention Mask Based on 3DMM Bases

Although the expression bases offer global spatial support,
some parameters have little effect in certain local regions. As
such, feeding the same expression code into each local field
is redundant. We can prune these parameters by leveraging
an attention mask with local spatial support to help enforce
sparsity of each local field, i.e.,

tl = Dl(γ(xl), ei ◦Al, pi, ω
p
i ) , (10)

where Al ∈ [0, 1]|e| is a binary attention mask associated
with the expression parameters e of each local deformation
Dl and ◦ is the element-wise product.

We precompute Al, ∀l in a one-time preprocessing step
by exploiting the spatial support of expression bases at each
landmark location l of the 3DMM. We first compute a dis-
tance matrix D ∈ RNl×|e| containing absolute delta displace-
ments of each expression basis activated independently over
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all landmark locations. Each column D∗,i represents the spa-
tial support of the i-th expression basis over all Nl landmarks.
For each column D∗,i we zero out rows where the spatial sup-
port of landmark locations fall below the 25% quantile. We
then binarize D, yielding a binary cross attention mask A.

3.4. Training Objectives

RGB Loss Our method trains in a self-supervised manner
by comparing a rendered and ground truth RGB pixel

LRGB =
1

|P |
∑

p

∥Îp − Ip∥2 , (11)

where P is the set of sampled training pixels, and Îp
and Ip denote rendered and measured pixel values, respec-
tively. We use an ℓ2,1-norm over the sampled pixel locations,
akin to [53], to allow sharper per-pixel reconstruction while
maintaining the same convergence speed.

Local Control Loss We propose a novel loss function to
enforce locality of each local field. The 3D facial landmarks
share the same semantic face location for all poses and ex-
pressions. Therefore, the same 3D facial landmark across
all frames should map to the same position in the canonical
space. Based on this insight, we enforce that all rays cast
towards a facial landmark in the observed space intersect the
face geometry at same point in the canonical space.

Mathematically, given any two frames and corresponding
latent codes δ1 = (p1, e1) and δ2 = (p2, e2), for each key-
point cl, we then cast a ray based on the pose of each of the
2 images to the deformed keypoint location cl1 and cl2 .

Next, we solve a volume rendering integral to compute
depth associated with the rays, by (i) sampling points along
each ray, (ii) querying the local deformation field at these
points, and (iii) and evaluating the density at the correspond-
ing points in the canonical space. This depth determines
the 3D points x̂1,l and x̂2,l in deformed space where the
rays and face geometry intersect. (iv) We then deform the
intersection points to the canonical space and enforce the
estimated surface intersection should be the same in the
canonical space, achieving semantic local control implicitly
via intersection equivariance constraints, with respect to the
ℓ1-norm as follows:

Llocal =
∑

l

∥x̂1,l − x̂2,l∥1 (12)

This loss helps increase sparsity of the local deformation
field, hence allowing for better locality of expression con-
trol, as well as enabling sharper and more consistent local
deformations, as shown in Sec. 5. We also observed that
using L1 loss is sufficient to remove effect of the outliers
from occluded 2D keypoints.

Weak Mesh Prior We also leverage prior geometric
knowledge from the tracked 3D mesh. Specifically, for each
sampled point x along the ray we first query the closest sur-
face point xm on the deformed mesh M to get a pseudo
ground truth mesh constraints. We then supervise the pre-
dicted deformation t(x) with pseudo ground truth labels for
salient face regions as follows:

Lmesh =
1

|X|
∑

x

Fsurf (x) · ∥t(x)− tmesh(xm)∥2 , (13)

where X is the set of sampled training points and tmesh(xm)
is the pseudo ground truth deformation obtained by first
finding the vertex deformation of the 3 vertices of the triangle
on which xm is and then interpolating at xm via barycentric
coordinates. Fsurf (x) is a binary mask that contains non-
zero entries for sampled points x that (i) represent foreground
pixels as defined by a segmentation mask and (ii) are visible
surface face regions, i.e., rendering weight (per-point alpha *
transmittance) is above a user-defined threshold τ = 10−4.

Deformation Field Regularization We penalize large de-
formations of the reconstructed field t by enforcing ℓ2-norm
regularization of per-point deformations

Ldef =
1

|X|
∑

x

lut(x) · ∥t(x)∥2 , (14)

where lut(x) is a look-up table that assigns a higher weight
to points sampled from background pixels.

Volume and Latent Codes Regularization Following the
work in [7], we impose ℓ1 sparsity loss Lvol on volume den-
sity. Furthermore, we penalize large latent code variations
ω = (ωp, ωa) to avoid per-frame overfitting. Specifically,
we use Lcode = ∥ω∥2, akin to [12, 35].

Overall, our final loss is represented as follows:

L = LRGB + λlocalLlocal + λmeshLmesh +

λdefLdef + λvolLvol + λcodeLcode (15)

3.5. Implementation Details

Our framework models the canonical space with Ten-
soRF [7]. We use Adam optimizer [21] with a learning rate
of 1e−3 decayed to 1e−4 at end of training. We pre-train on
each sequence without deformation field and latent codes for
14k iterations to learn a rough estimate of the canonical space.
We use Nl = 34, R = 0.03, τ = 1e − 4, s = 0.02, and 10
positional encoding frequencies linear in log space for each
local field and we increase the weight on positional encoding
frequencies [35] over 40k iterations. We utilize a ray batch
size of 2048 and train for 400k iterations. The following
weights are used in our training objective: λlocal = 0.01,
λmesh = 0.01, λfield = 0.5, λvol = 2e−4 at start of train-
ing and change to 6e−4 after the first upsampling of the
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Figure 3. Novel pose and expression synthesis via face reenactment: We track the user’s expressions (top) via DECA and transfer the
3DMM parameters (middle) to the neural head model of Subject2. The model produces asymmetric expressions under the user’s pose with a
high level of details (bottom) that surpasses the linear 3DMM. Note that none of the transferred expressions were in the training set of Subject2.

voxel grid, and λcode = 0.01. We use lut(x) = {1.0, 100.0}
for penalizing foreground and background sampled points,
respectively. Dimension of wp and wa are 32 and 16 respec-
tively. The final deformation from each local field is sum of
the output of a MLP and deformation of the centroid cl. All
the hyperparameter values were found empirically and used
in all our experiments. We apply the tracker DECA [10]
to compute expression and pose parameters, 3D landmarks,
and tracked meshes for each sequence. This data is used
for conditioning our deformation fields, finding the defor-
mation field centroids and intersection points, and weakly
supervising deformation fields, respectively. To run TensoRF
with tracked results from DECA, we first obtain the global
translation of the head from the camera described in [68]
and convert product of global translation and rigid head pose
[R|t] into camera extrinsics. We generate the face segmenta-
tion mask with FaceParsing [69] and mask out background
with alpha matte from MODnet [19].

4. Results

In this section, we show the effectiveness of our local
deformation fields in synthesizing novel expressions and
poses on real videos. We conduct quantitative and qualitative
comparisons with three state-of-the art baselines on implicit
neural synthesis, and show a facial reenactment application
for unseen asymmetric expressions.

4.1. Datasets

We evaluate our method on monocular video sequences of
four real subjects, as shown in Fig. 4. We divide each video
sequence into 6.5k images for training and 1.5k–2k images
for testing, except for Subject4 sequence, which is split into
2.7k and 1.8k training and testing images, respectively. We
crop all frames around the face center and run our method at
500× 500 resolution, except for Subject4 sequence, which
we run at 256 × 256 to match IM Avatar’s resolution [68].

Please refer to the supplementary material for a detailed
description of our dataset as well as a visualization of pose
and expression distribution.

4.2. Pose and Expression Synthesis and Control

Fig. 1 shows our reconstruction results on test sequences
of Subject1 and Subject2. Overall, our approach can render
heads with detailed mouth interior, eyes and skin that looks
almost indistinguishable from the ground truth. As seen in
column 3, the depth field reveals very detailed geometric
esp. for Subject2 not demonstrated before by previous ap-
proaches, as shown in the supp. material. In addition, we
show for Subject3, we can perform local expression control
by injecting a different expression code to a particular local
field, in this case the one around the right eye, allowing the
right eye to wink.

Fig. 3 illustrates reenactment results for Subject2 to
demonstrate that our approach renders high-quality avatars
with localized expression control and crisp details in the eyes
and mouth interior, even for highly non-symmetrical expres-
sions, which are also out-of-distribution. Note that Subject2
esp. column 2 can reproduce non-linear deformations as per-
formed by the user that go beyond the representation power
of the underlying 3DMM.

4.3. Qualitative Comparisons

We compare our approach with three implicit neural head
synthesis baselines: IM Avatar(-)1 [68], NerFace [12], and
RigNeRF*2 [1]. We train the baseline approaches with de-
fault settings on our training set and evaluate on every 10th
frame of the test set. Since in RigNeRF* and our approach,
the deformation field is conditioned on a per-frame deforma-
tion latent code, to evaluate against the testset, we first opti-
mize for the deformation latent code on each test frame with

1IM Avatar (-) refers to the version trained without FLAME supervision.
2We reimplemented RigNeRF. Details are in supplementary material.
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Figure 4. Qualitative comparisons with state-of-the-art on test
data. Top to bottom: GT, IM Avatar(-), RigNeRF*, NerFace,
and our approach. Overall our approach synthesizes fine-scale
skin details e.g wrinkles and moles, and facial attributes at higher
fidelity. Note that IM Avatar(-) is a version that synthesizes sharper
details at the expense of poorer pose and expression extrapolation.

RGB loss while fixing all other parameters for our model for
10k iterations and RigNeRF* for 40k iterations. For NerFace
and IM Avatar, we use the latent code of the first training
frame. For reenactment, we use both the deformation latent
code and appearance latent code of the first training frame.
As discussed in [12], per-frame latent codes are used to ad-
just for small inaccuracies in pose and expressions for better
convergence. See supplementary material, Tab. 4 and Fig. 8,
for comparisons without test-time latent code optimization.
Fig. 4 shows qualitative comparisons with state-of-the-art
approaches on our test dataset. Our approach synthesizes
fine-scale skin details at higher fidelity and overall attains
sharper reconstructions for the eyes, mouth interior, and hair
than previous approaches. Note that wrinkles, moles and
teeth are reproduced by our approach at a level of detail not
seen before. On Subject4 sequence, state-of-the-art methods

are on par with our approach, stemming from the low image
resolution of the dataset.

In our experiments, we observed that IM Avatar full
model, i.e., the model with FLAME supervision, produced
overly smoothed renderings, making comparisons unfair. For
this reason, we trained IM Avatar(-) with RGB and mask
loss only to boost sharpness. While it may result in worse
ability in generalization to novel pose and expression, it is
not the purpose of our test.

4.4. Quantitative Comparisons

To assess the quality of the rendered avatars, we adopt
the metrics by Gafni et al. [12]. Specifically, we measure
the Manhattan distance (ℓ1) in the RGB color space, PSNR,
LPIPS [66], and SSIM [61]. Tab. 1 shows that our approach
generates images with higher fidelity on Subject1, Subject2,
and Subject3, and that outperforms state-of-the-art meth-
ods on all sequences based on LPIPS metric. However, ℓ1,
SSIM and PSNR metrics degrade on Subject4. This dataset
is particularly challenging as test samples are mainly out
of distribution. Unlike IM Avatar(-) and RigNeRF*, our
approach trades quality more than robustness to unseen data.
Still, our approach generates perceptually better renderings.

5. Analysis
We ablate on the use of attention mask, local control loss,

and local fields vs global field and demonstrate qualitatively
and quantitatively that each component assist in rendering
unseen asymmetric expressions and reconstruct details.

Influence of Attention Mask Attention masks help prune
the effect from expression bases that have small influence on
a local region and enforces sparsity of the local fields, while
retaining the representation power needed for face regions
with large deformation such as the mouth. Fig. 5, column 2
shows that without the attention mask, multiple local fields
could be learned to contribute to the deformation caused by
eye opening and closing. Since the training set only includes
expressions where two eyes open and close at the same time,
influence of these local fields could not be fully disentangled,
especially due to the global control of the expression codes.

Local Control Loss Local control loss further improves
locality by encouraging each local field to produce consistent
and independent influence over different pose and expres-
sions. As demonstrated by comparing Fig. 5 columns 1 and
3, adding local control loss allows independent control of
local fields, while also improves convergence of the deforma-
tion fields which allows more accurate modelling of details
such as the teeth.

Global vs Local Fields We also examine the influence
of using multiple local fields instead of a global field. We
represent the deformation field with an MLP with roughly
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Subject1 Subject2 Subject3 Subject4 [68]
ℓ1 ↓ SSIM ↑ LPIPS ↓ PSNR ↑ ℓ1 ↓ SSIM ↑ LPIPS↓ PSNR ↑ ℓ1 ↓ SSIM ↑ LPIPS↓ PSNR ↑ ℓ1 ↓ ↓ SSIM ↑ LPIPS ↓ PSNR ↑

Nerface 0.058 0.903 0.105 21.457 0.077 0.889 0.121 18.252 0.047 0.894 0.055 22.220 0.077 0.818 0.085 17.910
IM Avatar(-) 0.068 0.901 0.113 20.502 0.093 0.877 0.157 14.960 0.043 0.900 0.078 23.218 0.063 0.870 0.069 19.215
RigNeRF* 0.055 0.904 0.095 22.324 0.072 0.884 0.120 18.922 0.035 0.910 0.052 24.634 0.065 0.844 0.063 19.253
Ours 0.056 0.934 0.0465 23.656 0.062 0.917 0.0576 20.4375 0.0206 0.971 0.0265 30.854 0.081 0.830 0.062 19.085

Table 1. Quantitative comparisons with state-of-the-art on test data. Our approach achieves state of the art performance using LPIPS
metric and generates better metrics on Subject1, Subject2, and Subject3. RigNeRF* and especially IM Avatar(-) generalize better to Subject4.

Ours No attention No local lossSource Global field

Figure 5. Ablation tests on Subject1 sequence. Expression and
pose reenactment with our full model, our model without attention
mask, without Local Control Loss, and using global deformation
field instead of local deformation fields.

Variants Metrics
ℓ1 ↓ SSIM ↑ LPIPS ↓ PSNR ↑

Global Field 0.0656 0.930 0.0552 22.467
No Attention mask 0.0582 0.932 0.0487 23.309
No Local 0.0577 0.934 0.0486 23.421
Ours 0.0558 0.934 0.0465 23.656

Table 2. Ablation tests on Subject1 sequence. Image and per-
ceptual metrics with respect to our full model, our model without
attention mask, without Local Control Loss, and using global de-
formation field instead of local deformation fields.

the same number of parameters as the sum of parameters
from all local fields, 10 number of positional encoding fre-
quencies and supervised with mesh prior on top of RGB loss.
Fig. 5, column 4 shows that while a global field with high
frequencies can represent some details, it does not have suf-
ficient representation power to model complex deformations
such as mouth opening, resulting in defective teeth details.
It cannot model unseen asymmetric expressions beyond the
global 3DMM bases. We also evaluated each experiment
against the ground truth images in the test set for Subject1,
and computed metrics described in Sec. 4.4, listed in Tab. 2.
Using all of the above mentioned components improves the
reconstruct quality quantitatively.

Limitations. Our approach is designed to model fine-scale
facial details. While, we can handle a varying set of pose
and expressions with fine details, the reconstruction quality
degrades on extreme pose and expression variations Fig. 6.

Extreme pose + expression Extreme expressionShoulder 

Figure 6. Limitations. Defects with extreme poses and expressions,
and shoulder when the dataset contains big shoulder movement.

Moreover, pose and expression are not always fully disen-
tangled in our in-the-wild datasets, thus, improved general-
ization due to extreme pose and expression variation is left
as future work. Further, non-facial part of humans e.g. shoul-
ders, are currently not explicitly modeled in our formulation
and are not exposed to local fields and leads to noisy and
sometimes blurry torso renderings.

6. Conclusion
We present an approach to model face rigs with neural

radiance fields that go beyond linear 3DMM and global
deformations, and model nonlinear local deformation and
fine-grained facial details. A novel local control loss helps
enforce the locality and consistency of local deformation
fields, which are controlled via a sparse landmark set and
weakly supervised via a 3DMM. Further, we introduce an
attention mask to filter redundant expression parameters that
have small influence on particular face regions, leading to
more accurate local deformation fields, the subsequent ex-
pressions and detail reconstruction. We attain state-of-the-art
statistics on perceptual radiance image quality and demon-
strated that our approach is able to reconstruct controllable
local details. We demonstrate that it leads to several applica-
tions, such as detail preserving mouth interior articulation,
asymmetric lips and cheek movement, and eye winking,
among others. Additionally, we demonstrate the limitations
of our approach to in-distribution poses and expressions, and
generalization improvements will be explored in the future.
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