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Landmark Parametric Model(LPM)

3DMM is based on a data set of 3D face, assuming that all exemplar faces are in full
correspondence~\cite{blanz1999@3dmm}. 1&J|0ll 3DMM1 &2 parametric modelE P2t=DI
?|oi A= 3D scan0l 2 R3t0 Ol= 2D face landmarkE detect ot=2d 20t H 2 =100 2LELICH
Still, learning 3DMM and fitting a learned 3DMM almost invariably involves detecting landmarks, thus

inheriting many of the landmark features. (LPDOI Al 2 %)
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SL=(x_{1},y_{1}.x_{2}Ly _{2}......x_{n},y_{nI\in\mathbb{R}*{2n}$ coordinates consists of $n=68% that
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Because as blinking or speaking, the variation of face landmark corresponding with each facial
components(e.g. eye, mouth, etc.) are relevantly smaller than when head poses are changed. O/ & H|
A& E parametric model2 yaw,pitch,roll0fl CH3H rig-like control2 JtsS3dtAl ot later parameters=

facial expression2 control & == U A LIC

Landmark parametric model2 set of face landmarksZ 0| HAN U220 Ol= parameterized by the
coefficients $p$. New arbitrary face landmark can be generated by summation of average face
landmark $\bar{L}$ and linear combination of the parameters $p$ and eigen vectors
$e\inimathbb{R}*{2n}$. In this case the maximum value of $k$ is $2n$, because the data for landmark

parametric model are much bigger than $2n$.

We fit PCA to Voxceleb1 dataset~\cite{Nagrani17@vox1} pre-processed all frames to be contain one
main face is aligned at center using face detector~\cite{zhang2017s3fd}, so that certain parameter
which affecting translation of landmark not to be extracted. (Figure.~\ref{fig:lpm}) shows that average

landmark $\bar{L}$ visualizing neutral expression facing front. As our assumption, 1% 2™ 5" eigen
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Landmark Parametric Model Net(LPMNet)

LPMNet2l J|=s2 face landmark detector $=AIGHKISH key difference & LPMNet2 =0{&
0I0I X2 2 & face landmark2l coordinatesE detection 6t=210| O}l face landmarkZE reconstruction

ot= parametersE estimation StCH=21 I LICH.

Face landmark detectorJt detectiondt face landmark®2t & X|6t= coordinatesE reconstruction ol=

parameter pE 0l S&HCH.

Given an image $Nhin\mathbb{R}*{H\times W\times3}$, LPMNet predict the parameters
SpM(D=(PMM_{1}.pMM}_{2},......pMN(D}_{k})$ which reconstruct the face landmark $\hat{L} {I}$
corresponds to an face landmark SL_{1}$ from face landmark

detector~\cite{bulat2017@face_landmark_detector}

LPMNet2 eccoder, decoder EEHZ 0|20 M UM encoder= F=HX! 0|0|XIZFE parameter pS
0l=35t] decoder= =& p 22 H LPMZ 0|0l face landmarkE reconstruction & LI[Ct. LPMNet

encoder= MobileNetV2 A E MESIA2H LPMNet2 && AMZM 0= pred, gt AHOI2] L1 lossE
AME SIASLICH. Decoder= parametersE linear combination Stl= SGg2 oz &2

encoderBt 0|2 & LI C}.

LPMNet2| = S&2 intuitive pose control2 <0l parameter space®t latent space ALO|2| bridge

JQ
o
ol
rr
>y
o
a J

& . 1= J|0ll face landmark reconstruction performance’t landmark detector Bt=
2= SlCh E£8 face landmark XHil= visualization E =22t AHESE & DPMS &0t HLE
C

mi =
Xl 2=Ct= &0l face landmarkE input2 &2 At&6t= FSALD CHE &O|C.

02
o
=]

St X8t parameterE 01&3dt0 head poselt facial expression It 22 pose information2 & &6HOF
& 22 LPMNet2 Z reconstruction &l face landmarkJt 0] 24 &t detail pose information2| embeddingO|
& o UA=XIt S206tCh fel= kE increasing 62 Al LPMNet2| performanceE =&l 21
landmark parametric model2 PCA variance ratio2| Z1t2t LPMNet2l face landmark reconstruction

performanceE NME2 & measuredtd K=402 2 & S&3| arbitrary face poseE representation & =



30
i
o
e
¥
ol
52
i

LICt. (2 3t= experiments section ref)
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LPMnet= training Al2! Ol=, pre-trained= LPMNet=S O|=Z0t0{ DPMO| parameter spaceE latent
space & transform A|ZLICt. Image generationt pose vector embeddingE ?/5t0 pretrained neural
talking head model LPDS| pose encoder?t generatorE ALE&LICH. Pose encoder= =&
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f2l= landmark parametersE€ O0/&0t0 poseE A& [ output OIOIXI2l identity specific
features(e.g. hairstyle, eye colors, etc.)Jt consistent 3tJIE BI&SLICH.  Previous
works~\cite{zakharov2019@fsal, burkov2020@Ipd} discussed that using face landmark on neural
talking head tasks may induce \textit{identity-bleeding} problem which output image follows person
identity from pose source not from identity source. 2l ZAlS| AL face landmarkE input22
E80olXl 220 training pipelinedil Al identity embedding2 fixedst0d AFZ5HI|0ll any complex module
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20l DPME pose latent spacelil 2t focusing & == UASLICH 12l DPM2| pose controllability=
SHS0l AHEE specific identity 0l 2F limited &/ X| & 1) does not needed to be re-trained when attached

to other generator which output different person identity.



Dataset
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Model
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We use only pose encoder and generator, except identity encoder and each of modules are fixed
when we train DPM.We use finetuned generator which generate specific person. We test several

generator which generate different identity for training DPM but there is no big difference in results.

At first, we consider that DPM learned poses of one specific person if we use one finetuned
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Evaluation

LPM

LPMNet

DPM

A more classic approach is to model face/head pose in the 3D morphable model (3DMM) framework
[1] or using a similar approach in 2D (e.g. an active appearance model) [6]. Still, learning 3DMM and

fitting a learned 3DMM almost invariably involves detecting landmarks, thus inheriting many of the



landmark deficiencies. Alternatively, a dataset of 3D scans is required to build a model for

pose/identity disentanglement in 3DMM framework.
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