Efficient 3D Implicit Head Avatar with Mesh-anchored Hash Table Blendshapes
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Figure 1. Visual Quality vs. Rendering Speed comparisons between our monocular 3D head avatars and prior state-of-the-art methods
including NeRFBlendshape [14], INSTA [42], PointAvatar [41] and MonoAvatar [5]. Our approach achieves real-time rendering (i.e. > 30
mean FPS) with a 512 x 512 resolution, while produces comparable visual quality comparing to prior SOTAs [5], and gives significantly
better results on challenging expressions than prior efficient avatars [14, 41, 42]. Webpage augmentedperception.github.io/monoavatar-plus

Abstract

3D head avatars built with neural implicit volumetric
representations have achieved unprecedented levels of pho-
torealism. However, the computational cost of these meth-
ods remains a significant barrier to their widespread adop-
tion, particularly in real-time applications such as virtual
reality and teleconferencing. While attempts have been
made to develop fast neural rendering approaches for static
scenes, these methods cannot be simply employed to sup-
port realistic facial expressions, such as in the case of a dy-
namic facial performance. To address these challenges, we
propose a novel fast 3D neural implicit head avatar model
that achieves real-time rendering while maintaining fine-
grained controllability and high rendering quality. Our key
idea lies in the introduction of local hash table blendshapes,
which are learned and attached to the vertices of an under-
lying face parametric model. These per-vertex hash-tables
are linearly merged with weights predicted via a CNN, re-
sulting in expression dependent embeddings. Our novel rep-
resentation enables efficient density and color predictions
using a lightweight MLP, which is further accelerated by a
hierarchical nearest neighbor search method. Extensive ex-
periments show that our approach runs in real-time while
achieving comparable rendering quality to state-of-the-arts
and decent results on challenging expressions.

1. Introduction

The demand of high performing photo-realistic human
avatars has dramatically increased with emerging VR/AR
applications, e.g. VR gaming [2, 33], virtual assistant [3],
tele-presence [28], and 3D videos [15, 26]. How to build
efficient high quality avatars from monocular RGB videos
becomes a promising direction due to the convenience of
monocular data acquisition. While early works mostly
adopt surface-based models for convenient controllability,
recent methods (e.g. MonoAvatar [5]) leverage a sophisti-
cated pipeline to build human avatars on neural radiance
fields, which delivers vivid animations as well as signifi-
cantly better rendering quality, especially over challenging
parts such as hairs and glasses. On the downside, these ap-
proaches tend to be prohibitively slow, and most of the com-
putation is consumed by the neural radiance field inference
with large Multilayer Perceptrons (MLPs).

Recently, fast approaches for neural radiance fields (e.g.
hash encoding in Instant NGPs [27]) have been proposed,
which are designed mostly for static scenes or pre-recorded
temporal sequences. Despite their great success, it is
not straightforward to extend these approaches for human
avatars, which requires real-time rendering of dynamic fa-
cial performances when controlling the avatar. NeRFBlend-
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shape [14] address these issues by learning multiple featurgrained rendering details in dynamic facial performances.
hash tables, one for each face blendshape. These hash t&Ve also design a hierarchical querying solution to speed up
bles are linearly combined with blending weights to ren- thek-nearest-neighbor search when pulling hash table em-
der the target facial expression via hash encoding. How-beddings from neighbor vertices. Extensive experiments on
ever, the expressiveness of the avatar is compromised by thenultiple datasets verify that we are able to speed up avatar
global nature of the blending shapes, which cannot accu-rendering to real-timei.g., average 30 FPS to render a
rately capture vertex-level local deformations. On the other 512 512video) while maintaining comparable rendering
hand, INSTA [42] proposes to build the appearance modelquality with the state-of-the-art high quality 3D avatar [5]
in a canonical space using a vanilla Instant NGPs [27] with and being largely superior on challenging expressions than
expression codes as the additional MLP input to captureexisting ef cient 3D avatars [14, 41, 42].

dynamic details, which is then transformed into target ex-

pression via a face parametric modee.(3D morphable 2. Related Work

model (3DMM)). However, the lightweight MLP used in . o

the vanilla Instant NGPs limits their model capacity, result- Con_structlng photoreallst_lc digital humans has bgen a ex-
ing in inferior animation quality, especially on extreme ex- €nsively researched topic. Here, we focus on discussing
pressions. prior work on implicit monocular head avatars and ef -

. cient rendering. We refer readers to state-of-the-art sur-
In this work, we propose a novel 3D neural avatar sys-

. T . N veys [12, 32, 43] for a comprehensive literature review.

tem that achieves ef cient inference while maintaining ne-
grained controllability and high delity quality. To achieve High Quality Head Avatar. Traditionally, high-quality
this, we introduce mesh-anchored hash table blendshaped)ead avatars have been achieved under expensive equipment
where we attach multiple, small hash tables to each of thecon gurations, such as camera arrays [6, 23, 28], depth
3DMM mesh vertices. These hash tables act as per-vertexsensors [7], and light stages [15, 25], or require laborious
“local blendshapes”ife., each “blendshape” is controlled manual intervention [1]. Recent research efforts have fo-
by one local hash table) and in uence only a local region. cused on constructing high quality avatars from monocu-
The mesh-anchored blendshapes are linearly merged witHar RGB videos. One typical class of approaches [4, 13,
per-vertex weights predicted by a convolutional neural net- 35, 40] use impliciBD representations.é., neural radiance
work in UV space from avatar driving signals, such as elds (NeRFs), implicit occupancy elds) to build the head
expression and head rotation. This results in expression-avatar, which are parameterized by Multilayer perceptrons
dependent hash table embeddings which offer several ad{MLPs). Although reasonable results are obtained, their
vantages over a global linear combination of blendshapes.rendering quality is still unsatisfactory especially for more
Indeed by associating hash tables with individual vertices, challenging expressions. More recently, Béaial. [5] pro-
we enhance the expressiveness of the model, allowing forposed a head avatar based3@MM-anchored NeRFs with
more localized and nuanced facial expressions. This con-expression-dependent features produced by a convolution
trasts with global blendshapes, which apply uniform trans- neural network in UV space. Cheat al. [9] designed lo-
formations across the entire face, limiting expressiveness. cal deformation elds to capture expression-dependent de-

In more detail, our model starts from 3D query points, forma_tions applied on canonicall NeRFs. Despite the i'm-
uses hash encoding [27] to gather the merged hash table enressive results, their methods didn't demonstrate real-time

beddings fronk-nearest-neighbor vertices around the query "€ndering capability due to expensive inference using large
point, and predicts the density and color via a small MLP. MLPs. In contrast, with our proposed mesh-anchored hash

The hash encoding [27] allows us to use a very lightweight table blendshapes (Sec. 3), we achieve much faster render-
MLP to signi cantly reduce computation, leading to ef- N9 speed while maintaining high delity results.
cient inference. Addltlonally, the vertex-attached hash table Ef cient Neural Radiance Fields. There has been a
blendshapes represent a 3DMM-anchored neural radianc|ethora of work in recent years attempting to accelerate
eld (NeRF), which can be easily controlled by the underly-  rendering with neural implicit representations for static ob-
ing 3DMM and produce high delity renderings as demon- jects and scenes. SNeRG [22], DVGO [31] and Plenox-
strated by MonoAvatar [5]. To further accelerate our ren- gjs [37] propose to directly optimize voxel grids of (neural
dering speed, we propose a hierarchical k-nearest-neighbopr SH) features for faster performance. However, their ap-
search method. proach still requires a large memory footprint to store per-
Our contributions are summarized as follows. We pro- voxel features in 3D space. KiloNeRF [30] dramatically
pose a novel approach for high quality and ef cient 3D neu- accelerates the original NeRF by representing the scene
ral implicit head avatars. At the core of our model, vertex- with thousands of tiny MLPs, however, this approach re-
attached local hash table blendshapes are proposed to suppuires a complex training strategy. TensoRF [8] factorizes
port ef cient rendering, controllability, and capturing ne- the feature grid into compact components, resulting in sig-



Figure 2. Overview of our pipeline. Our core avatar representation is Mesh-anchored Hash Table Blendshapes (Sec. 3.1), where multiple
small hash tables are attached to each 3DMM vertex. During inference, our method starts from a displacement map encoding the facial
expression, which is then fed into a U-Net to predict hash table weights and per-vertex features. The predicted weights are used to linearly
combine the multiple hash tables attached on each 3DMM vertex (Sec. 3.2). During volumetric rendering (Sec. 3.3 and Fig. 3), for
each query point, we search ksnearest-neighbor vertices, then pull embeddings from the merged hash tables and concatenate with the
per-vertex feature to decode local density and color via a tiny MLP with two hidden layers.

ni cantly higher memory ef ciency. Concurrently, Instant dered under any speci ed cameras, articulated poises (
NGPs [27] utilizes multi-resolution hashing for ef cienten- neck, jaw, and eyes) and facial expressions de ned by a face
coding, resulting in high compactness. MobileNeRF [10] parametric modelie. 3DMM). We use FLAME [20] as the
propose to represent NeRF based on polygons, which alparametric model in this work, but our method can be gen-
lows leveraging a traditional polygon pipeline to enable eralized to any other mesh-based parametric models. Fig. 2
their method to run in real-time on mobile devices. 3D shows the overview of our method.

Gaussian Splatting [17] represents a radiance eld with 3D
Gaussian point clouds, and leverages a point rasterization
pipeline to enable fast rendering. These methods, however,

cl\:/lannot be et?sngl eétFeglde%t%contrﬂable dynamic ((;Otntﬁms'architecture that can simultaneously achieve high image
ore recently, Ne endshape [14] was proposed to an'quality, controllability, and computationally ef cient ren-

die contro_llable expressions by learning ”.‘“'“p'e hash _ta— dering. To achieve this, we propose mesh-anchored hash
bles for different global blendshapes and linearly combine table blendshapes (Sec. 3.1) as a novel avatar representa-

them With gxpression codes. INSTA [42] transforms all ex- tion that can leverage both advantages from recent high-
pressions into a shared 3D canonical space, then adopts thsua”WG e., 3DMM-anchored NeRF [5]) and ef cient.¢

vanilla Instant NGPs [27] conditioned on expression codes hash encoding [27]) frameworks. More speci cally, we pro-

to model the head avatar. Despite the fast rendering spee%Ose to attach multiple small hash tables on each 3DMM
achieved, their methods suffer from unsatisfactory render-, .. These vertex-attached hash tables form a set of

ing quality. PointAvatar [41] utilizes point clouds to rep- local “blendshapes”, which will be linearly merged with

resent the head avatar and uses large MLPs to predict th%redicted blending weights (Sec. 3.2), and decoded into a
colors and motions of each point, leading to slow inference. 3DMM-anchored NeRF to support ne-,grained control and

Another type of works [11, 18’ 19, 34, 36, 3.9] use 2.D con- high delity rendering. During NeRF decoding on a query
volution neural networks to directly synthesize images ( point (Sec. 3.3), we pull the embeddings from the linearly

2D neural rendering) from rasterized 3DMM meshes or low merged hash tables attachedionearest-neighbok¢NN)
resolution feature maps generated by volumetric rendering.vertices from the 3DMM mesh. Using hash encoding al-

Despite their fast speed, the 2D CNNs may break the 3Dlows us to use a very light weight MLP (only 2 hidden lay-

c_onS|sten(_:y, leading to temporally unstable results espe'ers) to predict the nal densities and colors, which is the key
cially for high frequency details. In contrast, our method si-

. i . . for ef cient rendering. To further accelerate our approach to
multaneously achieves controllability, high quality, and ef- g PP

iont renderi ith a fully 3D ati real-time, we leverage the fact that close query points likely
client rendering with a Iully oL representation. share similak-NN vertices, and thus propose to group the

3. Method query points into voxels and hierarchically searchifédN

vertices (Sec. 3.4). Finally, our proposed avatar representa-
Given a monocular RGB video, our method learns a neuraltion can be trained with only monocular RGB videos with-
radiance eld (NeRF) based head avatar, which can be ren-out any 3D scans or multi-view data (Sec. 3.5).

Our goal is to design a 3D neural implicit head avatar



3.1. Mesh-anchored Hash Table Blendshapes

The core of our model is an avatar representation that can
represent a 3DMM-anchored neural radiance eld (NeRF)
while allowing us to adopt the hash encoding [27] tech-
nique for acceleration. Recent approaches manage to adopt
hash encoding into head avatars with different avatar rep-
resentationsif., global blendshapes [14] and canonical
NeRF [42]). In contrast, our solution is built upon the most
recent 3DMM-anchored NeRF [5], which is superior for
high quality renderings as demonstrated in our experiments
(Sec. 4.2).
We propose mesh-anchored hash table blendshapes as
the new avatar representation. Given a target expregsion
with 3DMM pose code ; and expression code;, we rst
get the deformed 3DMM mesW; = Fspum ( i; i) with
J vertices. For th¢-th 3DMM mesh vertew;; , we attach Figure 3. Pipeline of Neural Radiance Field Decoding (Sec. 3.3).
M small hash tabIeBHj(m)gM on it, where each hash table Our method only needs a very lightweight MLP for NeRF infer-
has multiple resolutions following instant NGPs [27]. Intu- €NC® where atwo-hidden-laye.r MLP is used to predict the density
itively, these hash tables form a set of vertex-level “blend- 2nd the color of each query point.
shapes” anchored on the mesh, where each “blendshape” is
a hash table, whose embeddings encode the information o8 3, Neural Radiance Field Decoding
a local radiance eld around vertex; . Given a target ex- _
pression to render, these hash table blendshapes are Iinearg've”_ the mesh-anchored hash tabﬂag and featured;
summed via expression-dependent weights (Sec. 3.2), suc escribed in _Sec. 32 the nal step is to decode them into
that the merged embeddings encode the ne details speci ¢ @ Neural Radiance Field (NeRF) to render the outputimage
to the target expression. Simultaneously, the coarse motiorS Shown in Fig. 3. The key idea is to associate a query

of the target expression is captured by the 3DMM vertex POINt to neighbor vertices, and pull the embeddings from
movement, which moves the attached hash tables accordlhe attached hash tables via hash encoding [27]. Finally, we

ingly, and hence the corresponding local radiance eld. decode.these pulled embeddings_and thg nearest per—vertex
feature into the color and the density of this query point, fol-
3.2. Merge Mesh-anchored Blendshapes lowed by volumetric rendering to obtain the output image.

For a 3D query poing when rendering a particular fa-

We obtain per-vertex blending weights by running a con- T e :
cial expressiom, we rst obtain itsk-nearest-neighbors, de-

volution neural network (CNN) on the 3DMM deformation e ¢ h - it d
represented in UV atlas space. Speci cally, we calculate notg as Vik Gan & » romt-e3DMM vertices, V\_”t e
the vertex displacements with respect to the neutral facenotlng the nearest vertex index. For each neighbor vertex
Di = Faomm ( i 1) F aoum (0:0). The displacements  Vik with an attached hash tabif;, , we denoteyy as the

are then warped into the UV space and fed into a U-Net to coordinates ofj in the tangent space O . We th_en use
predict a weights map iRHt W¢ M whereH; W, isthe gik to query the hash table i using a hash encoding func-

UV resolution, andV is the number of hash table blend- tior_1 H() ?nd ohbtain éhz;mbefddiﬁ%;jh: H (i ;_'qh”é)'
shapes on each vertex (pre-de ned as 5 in our experiments) | © INterpolate the embeddings from kihearest-neighbors,

The weights map is then sampled back to 3DMM vertices, we use the weighted sum of the inverse distanges=

. . i ) 1=kqix ko. Next, the summed embedding, together with the
serving as the expression-dependent we@mi%é“ gu to nearest per-vertex featufg and the query point tangent

take a weighted sum of the embeddings in the hash tables

. coordinateqix  of the nearest vertex, are fed into a two-
on each vertex, which produces the merged hash tables hidden-layer MLP to predict the density and color as

A = wi™mHMm: 1) hi = Wihi ; wherew, = P————;  (2)
1] ] ] KO2N K Zyo
m=1 k2N c*f q

h i
The U-Net also produces a UV feature map. We sample a ¢;(q;d); i(q) = Fme hi;fi ;PE(qix );PE(d) ;

per-vertex featurd; from it, similar to MonoAvatar [5].

We empirically found this bene ts the geometry quality. wherewy is the normalized inverse-distance based weight,
The mesh-anchored hash tatiﬁeﬁ and feature$; are de- d denotes the camera view directidPi( ) denotes posi-
coded into a neural radiance eld as described in Sec. 3.3. tional encodingc; denotes color, and; denotes density.
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