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Background

e Human Avatar
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Background
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« Human Avatar Limitation

- Representation constraint : SMPL-X 7|2 body-parameterization constraint2 9IS A hairlt
clothes &= non-body dynamicsE X|CHZ ESHK| Zgt

AHM

Reference Motion Reenactment
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"Animatable Gaussians: Learning Pose-dependent Gaussian Maps for High-fidelity

Human Avatar Modeling ."

[CVPR, 2024]
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Introduction

* Human Avatar Representation method
- Explicit Representation(Mesh, Point cloud)
- &7 : Explicit Geometry , WE HEHZO| 7t5
- Tt : Dense Mesh 2 &, Sparse — view video 7|2t 2 & 0| £ X
- Implicit Representation
PSS EII-'6|. 7|-('5|..xH A2 g5y

- B - MLPOf| 2| E5t7| 0], High-frequency 21 0| O] &

Training Synthesis
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Introduction

 Contribution
- Explicit 3D Gaussian splatting + 2D CNN= & 2} High-fidelity Animatable avatar A| ©F.
- Template-guide parameterization= & Ol Personalized template 25

- Driving SignalO| PCA &8¢ 2 2 M, Novel Pose0| Ci{ 2t Robustness 2FHE.,

View Direction . o
— —_—
Extract LBS Rasterization

Driving Pose ©

Implicit LBS &

. Reconstruction Render

\ ‘g
StyleUNet
Parametric Template
ASE Gl Canonical Posed Synthesized
Front & Back m;;:;:.‘.‘y C:\(a::].::;; Ficiit'& Bick 3D Gaussians 3D Gaussians Avatar
Multi-view Images Posed Position Maps Gaussian Maps
Learning Parametric Template Learning Pose-dependent Gaussian Maps

Framework Overview
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Method

* Learning Parametric Template

- A-pose= Canonical SpaceZ ¢fOf HH 758 TemplateE BtE= EHA
- Canonical & 7+2| Parametric templateE MLPE Sl A| SDF(geometry) &

'« O|| Parametric Template2| pose= A-pose= 2.

- SMPL HHO|| M Z} vertex 2| skinning weightE normal

=1Xe)
o —
- Canonical Space & 2| &

H
o

x. Ol CHSH A Root Finding= &l &t

-

Z 3D volume X[ 0] =HAF
=)

min [|[LBS(x¢; ©®, W) — Xp||§

LBS(-) : Canonical — Posed &t

e
: 8l & point 0| A 2| Skinning weight A—»—) —
0 : XN Frame2| SMPL pose parameter 2 Implicit \u.\
. = =a = o o . Reconstruction \
- Marching CubesE S AM GeometryE =& /
- W M Zf vertex 0| A 2| skinning weightE HE & Vi \

Parametric Template

Multi-view Images

Learning Parametric Template
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Method

* Template-guided Parameterization
- MLPE S3liA ColorE & OPE —C|’—, low-frequency bias I =0, & F&/& 7= S & A1}
Z 2 High-frequency detail= & E3SIX| I
- MLP — 2D CNNZ &3l A ColorE =&
- 2D CNN2 AE5}7| 2[5 Al 3D — 2D ParameterizationO| =

- Canonical TemplateOf| 173 El 3D Gaussian== Front/Back 2% 2| Position map2 & H

' as Vertices

k4

L
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——>  Renderer —
as Colors.

LBS
(w/o Global RT)
A_

Y

Template Mask

Canonical Template Posed Template Posed Position Maps P(0)
Driving Pose © oo :
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» Pose-dependent Gaussian Maps

- Front/Back Position map = StyleUNetOf| &2t 2 2 M, Pose-dependent Gaussian map= 4 3
- StyleUNet= &l offset map AO(0) (Position, Covariance, Opacity, Color)& €=
'+ Offset map= Position Map 0| 5 22 £ M Gaussian Maps & 5

- Template MaskE &5l A| 3D gaussian 4 &= Gaussian mapOf|A| =

View Direction

StyleUNet
==
A 3D Gaussian
Front & Back "'“0;,‘;‘;?‘&‘2;'.‘;";“ Front & Back
Posed Position Maps Gaussian Maps Figure 4. Canonical 3D Gaussians on side regions and hands.
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* LLoss Function

- L1 Loss
- Perceptual Loss (VGG based) - LPIPS

- L2 Regularization

L= )C'l + Aperceptualﬁperceptual + )‘regﬁreg
»Crcg - HAO(G)HE

Driving Pose ©

View Direction . o~
i LBS &
Implicit ) — e
Reconstruction Render Extract LBS Rasterization
/F\\\/ 0, "\
\ StyleUNet

Parametric Template

A 3D Gaussian Canonical Posed Synthesized
sition, Covariance, sians sians \%
Feont & Back ”"2),,“;2'.1,28{,‘,1",, Front & Back 3D Gaussian 3D Gaussian Avatar
Multi-view Images Posed Position Maps Gaussian Maps
Learning Parametric Template Learning Pose-dependent Gaussian Maps
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» Pose Projection Strategy

- Novel PoseOl| Ci{ ©F Generalization Strategy
-st5 & Y2 2= Posed position map= 0|0 20 A= X Of LA PCAE =
- Novel Pose2| Position map= HIE| XE H=t = PCA &7t 2 Z Projection.
:B=ST-(X—=X), B; € [-20;,20;] clipping

- Low-dimensional coefficient 8 Oi| CHSH A Principal components S & O| &5 X,..on
reshape St novel pose2| position map= 2=

Xrecon:S'B+X

Jlot
0

E —
— Xrecon =

@  ®  © (d) © ®

Figure 10. Ablation study of the pose projection strategy. (a,d)
and (b,e) are the animation results without and with the pose pro-
jection strategy, respectively. (c,f) are the reference images with
the closest pose in the training dataset.
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Method

» Experiment
= Thuman-4.0 ( 3 sequence, 24 view )
= ActorsHQ ( 5 sequence, 47 view)
- A EAE AUF S E LI 0] A Training Chunk, Test Chunk 2 &=
- Training chunk 2| 4% 1500 ~ 3000 frame2 £ -4

I’ B aseline ( NeRF_based Avatar ) Table 1. Quantitative comparison with state-of-the-art body-
only avatars.
- PoseVocab, SLRF, ARAH, TAVA: Body—only Method PSNR{ SSIM{ LPIPS| FIDJ
Ours 28.0714 0.9739  0.0515 29.4831
- . _ PoseVocab [45] 26.3784 0.9707  0.0592 49.4541
AvatarReX ’ Full bOdy SLRF [106] 269015 09724  0.0600 52.0613
. ARAH [86] 223004 09616 0.1075 90.6077
* Metric TAVA [43] 26.8019 09705 0.0915  96.3474
- P SNR, SSIM, LP IPS, FID Table 2. Quantitative comparison with AvatarReX.
Method PSNRT SSIMT LPIPS| FID|
Ours 30.6143 0.9803  0.0290 13.2417

AvatarReX [107]  23.2475 0.9567  0.0646 31.1387

Table 3. Comparison on animation speed. These framerates are evaluated on a PC with one RTX 3090 when rendering images at a
resolution of 1024 x 1024. We highlight the highest and second-highest framerates.

. . . ‘ _ AvatarReX [107]  AvatarReX Ours
Method TAVA [43] ARAH [86] SLRF[106] PoseVocab [45] (PyTorch) (TensorRT)  (PyTorch)

Framerate (FPS) 1 0.003 0.07 0.16 0.20 0.03 25 10
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* Qualitative Result
- NeRF 7|99 Avatar/| & L A}SHX| L SH= High-frequency details & Z o= 242 =0l

- Novel Pose | Al £ Avatar2| Robustness= =29l

AvatarReX Ours

Novel Poses

SLRF PoseVocab Ours Ground Truth

Figure 6. Qualitative comparison with state-of-the-art body-only avatars on novel pose synthesis.
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 Ablation study

- Parametric Template - Backbones

PSNRT SSIMT LPIPS| FID |

PSNRT SSIM+ LPIPS| FID|
Parametric Template 312183 0.0858 0.0344 36.0005 StyleUNet [83]  29.3127 0.9664 0.0378 27.3143
SMPL.X 305041 00842  0.0401 475066 U-Net [70] 264255 09435  0.0507 313838
MLP 26.8961 0.9497 0.0650 87.0793
(a) (b) (©) (d) U-Net StleUNCt Ground Truth
Figure 8. Ablation study of the parametric template. (a,b) Ren- Figure 9. Comparison between representations with different
dered results and 3D Gaussians using SMPL-X. (c,d) Rendered backbones on training pose reconstruction.

results and 3D Gaussians using the character-specific template.
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 Ablation study

- Pose Projection Strategy * Num of views

PSNR{T SSIMT LPIPS | FID |

PSNRt SSIMT LPIPS | FID | 3 Views 30.6123  0.9807 0.0306 11.3066
w Pose Proj. 249932 09285 0.0685  45.6266 6 Views 30.3565  0.9803 0.0310 10.9966
wlo Pose Proj.  23.5594  0.9189 0.0792  59.9083 14 Views  30.7622  0.9816 0.0297 10.6744

, | l . S

3 &2 % Novel

> » 7 View
Synthesis

(@) (b) (© (d) (e) () . - ;
a c e f?va

— Novel

Figure 10. Ablation study of the pose projection strategy. (a,d) 2 r N/A Pose
and (b,e) are the animation results without and with the pose pro- Synthesis
jection strategy, respectively. (c,f) are the reference images with

the closest pose in the training dataset.

3 Views 6 Views 14 Views Ground Truth

Figure C. Animation results trained with different numbers of
views.
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Method

 Limitation
- HairOf| CH$} Modeling 2! T
- Clothes, Hairs, Hands& = 2|0t X| &2 Xl Gaussian Representations 2

- Clothes change task =7}'s

* Conclusion

- 3DGS + 2D CNN= & 2} Avatar = & 0l A Detail?t Human representation 5! Novel poseOl| CHSH A
Realistic 2t Garment DynamicE T3

(a) (b) (c) (d)

Figure D. Failure cases. (a,c) Animation results by our method,
(b.d) ground-truth images. Our method fails to model the motion
of hairs.
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"HR Avatar: High-Quality and Relightable Gaussian Head Avatar "

[CVPR, 2025]
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Introduction

* 3D@GS-based Animatable Head Avatar

- Real-time rendering & Animate 7}'S
« Limitation

- Limited deformation flexibility

- Inaccurate expression tracking

- Unable to produce realistic relighting effects

Limited deformation flexibility Unable to produce realistic relighting effects

| 54 udhn N | VDS I
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Introduction

 Contribution
- Learnable Blendshape & LBS strategy
- Face Expression Encoder for reducing tracking error

- Lighting with Physical-based shading model

.......................................................................................................

Precise Expression Tracking (Sec 3.1) Geometry Deformation Modeling (Sec 3.2)

M training frames

N Gaussians

N
“1 1@ { Xi 13 S, @ }

Vig i

¢ a[,f(]l.o(.S[,ElpPUWl

6,w. 2
£ w
1 LBS & =
Z |camera =7
> =
o Env.map 09
_____________________________________________________________ ] *,
. o
[7: shape parameter X;: position 7;: rotation s;:scaling E;: expression basis BS: linear blendshapes E L4
{;: pose parameter a;:albedo o,:roughness S.:shape basis P;: pose basis | | LBS: linear blend skinning =
J i i i i g | =
)+ expression parameter | «;: opacity W;:blend weights f; : fresnel reflectance | | €: element wise addition | |  albedo normal roughness reflectance

Head parameters Learnable parameters Operations

PRy d k- | VDS I
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Method

 Precise Expression Tracking [7: shape parameter

- Accurate Expression Tracking= = 2|5t Encoder € |t {1;: pose parameter
1)+ expression parameter
_g(])zl/}’e]aw j

Head parameters
- E(*) = MobileNetv3 + MLPZ O| 20{ Tl 71X

< E£(-)= End-to-End 2 &5 Precise Expression Tracking

Mobilenet V3 block

M training frames

P
'
'
[
'
'
'
'
- H '
T : '
' : 1
1 : '
i B '
{ ol '
: '
{Pool 3 ' et
FC, FC, '
Relu hard:g 1
e '
'
'
'
'
[
'
- Pre-Tracking . .
'
'
'
'
'
' n ) M
' )
. : ]
'
'

- Pre-Tracking model — DECA
. B (shape) 2| BF, AR 172 §5H0[E=
&2 = FrameO| Al S5F

| S4B ondhka . |VDS|
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Method

» Geometry Deformation Modeling
- LBS2| topology constraint — Learnable Basis & skinning Weight = &

—Xp = LBS(XB!J(B)' W) == RleXe + leS — Skeleton 7|I:||_|-9-| tlﬂ-ég
-X, =X, +BS(B,S) + BS(Y,E) + BS(6,P) — Parameter 7|2F2| H

02t

Bl
BS(B,S) = Z pmsm — AtEh ZH71 el M KO| Geometry Deformation Modeling

m=1 ; N Gaussians
S = {51, ___,Slsl} € RN*3xIBI Gi{ X;, 11, S; al | }N

" : ai, fo» 01, Si, Ei, Pi, Wi

BS(, E) = Z YmE™ o AZO| B BB}
m=1

E ={EV .. EIVI} € RN>3xIYl
)

BS(6,P) = Z gmpm — KO [H2 HIM S 2
m=1

1 oK NX3XOK X;: position 7;: rotation s;:scaling E;: expression basis BS: linear blendshapes
b= {P PP } €R a;:albedo o;: roughness S;:shape basis P;: pose basis LBS: linear blend skinning
a;:opacity  1W;: blend weights [, : fresnel reflectance | | €: element wise addition

Learnable parameters Operations

SOGANG UNIVERSITY 23
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Method

» Appearance Modeling
- Albedo a, Roughness o, Fresnel base Reflectance f, & O| &0l A Appearance Modeling
- Disney-BRDF 2 22 0| &3} A| Rendering
' Bidirectional reflectance distribution function(BRDF)
v20|2 20| EHOIM (= gro = AOILE A LIZH=X| & €iiFs B 22

- Albedo map A € R3
- Roughness O € [0,1], O € [T, Trmax ]

- Fresnel base Reflectance F, € R3, F €[t tho  Jo ] \

Specular
Rcﬂc(ty\\

Reflected
Scatter
,  Distribution

* BRDF

&l P

Incident

- Normal map N
Light Beam

- Viewing direction V

- Reflection directionmap R = 2(N- V)N -V

_Ishading = Idiffuse + Ispecular

R B THSED VDS
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Method

» Appearance Modeling
- Diffuse BRDF ('=FEtAL

~laiffuse () = [ fa(@)LiG, 0) (- @) + doy =22 [ LG, 0) (- w) +do; =22y, (n)

1
_Idiffuse =A-Ijy(N), [ippy(N) = Efﬂ Li(w)(N-w) + dw

- Specular BRDF (°8 gFAf

DFG
_Ispecular = fos(wi» wo)Li(w)(n- w)dw;, fi(w;,w,) =

4(n-wp)(n-wy)

_Ispecular ~ Ienv (R, O) ’ (ks ’ IBRDF(O» N- V) [O] + IBRDF(O: N- V)[l])
kg = F, + (max(1—0,F,) —F,) - 2(=5.55473(N-V~6.698316)-(N"V))

R 447 CH 8k
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Method

* Loss Function
- Ltotal = Lrgb + }\jaijaw + }\normaanormal + }\albedoLalbedo + )\tthv(O)

- Lrgb = 7\1||Ishading - Igt”l + (1 - 7\1)LD—SSIM(Ishading: Igt)

Appearance Modeling (Sec 3.3)

Precise Expression Tracking (Sec 3.1)

, @

:; G)"

shape parameter jon 1. rotation 5 scaling [ :expressionbasis  BS: linear blendshapes

: pose parameter 1/ albedo o roughness S :shape basis /:posebasis  LBS: linear blend skinning
expression parameter /. :opacity W, blend weights [, : fresnel reflectance  : element wise addition
Head parameters Learnable parameters Operations

=||[1-N-N||,

Lnormal

Ligw = 1872 — 87%7], ,
Laipedo = ”A — A9 ”1

SOGANG UNIVERSITY
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» Experiment
= INSTA(IN-the-wild Speech-driven Talking Avatars)
AN SEH/QIE L FWAO|M £EIE CFYSH S} A2 GAH
- 10 SubjectE AFZ, Zt Subjectl| OFX| 2} 350 ZL2{| &1 2 self-reenactment test-set2 = Al-&
- HDTF(High-Definition Talking Face Dataset)
_ i3l Sl DEPE QEE QA SOjA X538 THAE Y2 G4
- 8 SubjectE AFE, OFX[E} 500 frameS test-set2 2 A&
- Self-Captured Dataset
-SfES 2 B A 5 Subject
- OFX[E} 500 frame= test-set2 2 A&
» Baseline
- Point-avatar, INSTA, Splatting-avatar, Flash-avatar, 3D Gaussian Blendshapes, FLARE
* Metric

- PSNR, SSIM, LPIPS, MAE

R AT THSED VDS
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Method

» Experiment

= Quantitative Results

Method INSTA dataset HDTF dataset self-captured dataset
PSNRT MAE®| SSIMT LPIPS| PSNRT MAE"| SSIMT LPIPS| PSNRT MAE"] SSIMT LPIPS|
INSTA 27.85 1.309 09110 0.1047 25.03 2333 08475 01614 2391 1.910  0.8333  (0.1833
Point-avatar 26.54 1.549 08970 0.0926 25.14 2236 (0.8385 01278 25.83 1.692 08556 0.1241
Splatting-avatar 28.71 1.200 09271  0.0862 26.66 2m 08611  0.1351 26.47 1.711 08588  0.1550
Flash-avatar 29.13 1.133 09255  0.0719 27.58 1.751 08664  0.1095 27.46 1.632 08348  0.1456
GBS 29.64 1.020 09394 0.0823 27.581 1.601 08915  0.1297 28.59 1.331 0.8891  0.1560
HEAvatar (Ours) 3036 0.845 09482 0.0569  28.55 1.373 09089 0.0825 2897 1.123  0.9054 0.1059
Method INSTA dataset HDTF dataset self-captured dataset
PSNRY MAE®] SSIMY LPIPS| PSNRT MAE®| SSIMT  LPIPS| PSNRT MAE®| SS5IMT LPIPS)|
FLARE 26,80 1.433 09063 00816 25.55 2193 08479  0.1183 2582 1.715 08576  0.1230
HR Avatar (Ours) 30,36 0.845 09482 0.0569  28.55 1.373 09089 0.0825 28.97 1.123 09054 0.1059
Rendering Quality  Relighting  Rendering speed
Point-Avatar [5i)] — 0.646 Limited == i FPS
INSTA [42] — 0.764 X = 1FP§
FLARE [2] — 0.69% g = 35 FPS
Splatting-avatar [57]  e— 0.834 X = 120 FPS
Flash-avatar [62] s 0.583 X = 120) FPS
GBS [46] — 0.980 X = 120 FPS
HRE Avatar (Ours) I 1.184 v = 121) FPS
Table 3. Key aspects of our method compared to previous works.
The rendering quality shows the inverse of the MAE metric on the
INSTA dataset, with longer bars representing better performance.
"Limited’ indicates that the Point-Avatar method has limited flex-
; ibility in handling relighting.
U szutta |VDS|
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Method

* Experiment
= Qualitative Results

Ground Truth HRAvatar (Ours) GBS Flash-avatar Splatting-avatar Point-avatar INSTA 5 g
Reconstruct ~ Albedo Normal Irradiance  Spec. int.

JYvid

O
— c
@
Yo
Env. map
T
Input >
]
m
@]
c
@
-
]
m
@]
c
I

Env. map
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* Experiment
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