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Figure 1. Bridging the gap between mimics and muscles: Our method EIFER utilizes neural unpaired image-to-image translation to
decouple facial geometry and appearance for muscle-activity-based expression synthesis and electrode-free facial electromyography.

Abstract

The relationship between muscle activity and resulting fa-
cial expressions is crucial for various fields, including psy-
chology, medicine, and entertainment. The synchronous
recording of facial mimicry and muscular activity via sur-
face electromyography (sEMG) provides a unique win-
dow into these complex dynamics. Unfortunately, exist-
ing methods for facial analysis cannot handle electrode oc-
clusion, rendering them ineffective. Even with occlusion-
free reference images of the same person, variations in
expression intensity and execution are unmatchable. Our
electromyography-informed facial expression reconstruc-
tion (EIFER) approach is a novel method to restore faces
under SEMG occlusion faithfully in an adversarial man-
ner. We decouple facial geometry and visual appearance
(e.g., skin texture, lighting, electrodes) by combining a 3D
Morphable Model (3DMM) with neural unpaired image-to-
image translation via reference recordings. Then, EIFER
learns a bidirectional mapping between 3DMM expression
parameters and muscle activity, establishing correspon-
dence between the two domains. We validate the effective-
ness of our approach through experiments on a dataset of

synchronized sSEMG recordings and facial mimicry, demon-
strating faithful geometry and appearance reconstruction.
Further, we synthesize expressions based on muscle activity
and how observed expressions can predict dynamic muscle
activity. Consequently, EIFER introduces a new paradigm
for facial electromyography, which could be extended to
other forms of multi-modal face recordings'.

1. Introduction

The relationship between muscle activity and facial expres-
sions presents a complex challenge with significant impli-
cations for various application areas, including psychol-
ogy [8, 17,25,27,49, 64, 66, 78], medicine [4, 6, 18, 32, 34,
39,40, 54,71,72, 80, 87], and animation [13, 29, 75,77, 79,
91, 97, 105]. Despite its importance, many questions about
how muscle activity influences facial expressions and vice
versa remain unanswered. Synchronously recorded muscle
activity via surface electromyography (sEMG) and facial
expressions open a unique window into these dynamics.
The modeling of facial geometry, encompassing shape
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and expressions, with 3D Morphable Models (3DMMSs) is struction as an adversarial unpaired image-to-image trans-
a longstanding research area [7, 13, 23, 37, 60, 61, 73, 96lation task. 3) Building a correspondence between 3DMMs

101]. Combined with advances in monocular 3D face re- and muscle activity for physiological-based expression syn-

construction [19, 28, 69, 75, 77, 105], 3DMMs are a solu- thesis and electrode-free facial electromyography.

tion to bridge the gap between mimics and muscles. Thus,

we could generate synthetic facial expressions from muscle2. Related Work

activity and do electrode-free facial electromyography.

However, the electrodes affect the face reconstructionsD Morphable Models (3DMMs) are widely used for fa-

cial expression analysis and synthesis [7, 23]. Many
even for a current state-of-the-art monocular 3D face re 3DMMs [15, 37, 60, 61, 73, 96, 101] aim to split the face

construction method [77], as seen in Figure 1. The re-. .

: : 2 . .__into shape and expression components [24, 93]. However,
liance on occlusion-sensitive preprocessing and regulanza—the expressions are driven by the underlving facial muscle
tion terms [19, 35, 36, 59, 81, 98, 104] renders ne-tuning - IO[4 26, 40, 70, 71, 80 )s/w] This IinIZisgnot explicitl
unfeasible for this data. Further, the appearance models [37 Y% 29, 20, [0, 15, 95, O 1. plicitly

73] used by these methods do not consider occlusion, Whichmogg\llztjﬁerﬁglfo?s'iﬁgﬂorfg'(E)I;)rseestjrll?sng;n aei?r?gr. via the
affects the photometric optimization [19, 20, 28, 59]. P gap

T h limitati f h Facial Action Coding System [5, 26, 55, 56, 82], physics
0 overcome these limitations, we frame the appear- ginjaions [46, 47, 67] or geometry modeling [42, 50,
ance reconstruction as an adversarial problem [11, 35, 69],53 83, 91]. Unfortunately, none of these compare with

leveraging unpaired occlusion-free reference images [102].recorded SEMG muscle signals. Therefore, we simultane-
With neural unpaired image-to-image translation via a Cy- )y capture mimicry and muscular activit’y. This intro-
cleGAN structure [48, 102], we jointly train two models that duces occlusions during analysis, which we have to handle.
place and remove sEMG electrodes from the appearance. \, .0 3pMM parameter estimators utilize monocu-
The double encoder-generator architecture is illustrated inIar 3D face reconstruction [3, 12, 14, 19, 20, 28, 41, 52
Figure 2. This approach offers two key advantages: 50, 63, 69. 75, 77, 81, 99,’ 1021, 1’05]" H,owe’ver,'oc—,
* Adversarial Challenge: We implicitly train the genera-  ¢|ysions lead to inaccurate photometric reconstruction, as
tors to produce photorealistic faces without .requiring. ad- sphown in Figure 1. This is likely due to the underlying
ditional perceptual losses [58, 98]. To avoid hallucina- gpg|ysis-by-synthesis assumptions, such as the used appear-
tions, we employ a minimal change regularization [9] and 5ce model [15, 37, 60, 73, 96]. They may not assume oc-
muIti—stagg training sgch that the entire system convergesg|,sions and, thus, diverge [19, 20, 28, 41, 77, 99].
to a meaningful solution [55]. _ To solve this, recent approaches use implicit neural ren-
¢ Cycle Consistency:We use widely adopted pre-trained dering to replace the appearance model [9, 11, 21, 22, 69,
encoder networks to estimate the 3DMM parameters [77]. 77). This offers exibility to adapt to unseen occlusions
In a cycle, one encoder handles electrode-free faces whiley g replaces traditional rendering techniques [1, 19, 20, 28,
the other encoder rep_llcates the same output for thegg 99], promoting robust reconstruction [9, 11, 16, 60, 69].
electrode-covered version of the face. Knowing that a Therefore, we apply neural rendering to handle the elec-
person's shape and expression should not change duringrqde occlusion. Similarly to [77], our renderer uses facial
a cycle, we constrain both encoders against each Othergeometry and sparse color information from the input im-
We achieve this by replacing occlusion-sensitive regular- 5ge  |nstead of minimizing the photometric difference be-
ization terms [19, 20, 35, 36, 61, 77, 81, 104] with cycle- yyeen the input and reconstruction [15, 19, 20, 28, 31, 59,
consistent self-supervised alternatives. 60, 96, 104], a discriminator distinguished between the gen-
Our setup trains the encoders to handle SEMG occlusionserated and an unpaired occlusion-free reference image [38].
developing an electromyography-informed facial expres-  puring adversarial analysis-by-synthesis, a renderer re-
sion reconstruction (EIFER) approach. Our model then moyes electrodes and generates realistic faces [9, 11, 16, 48,
learns the non-linear relationship between 3DMM expres- 50, 59, 89, 102]. However, this model might compensate for
sion space and measured muscle activity. incorrect expressions, similar to [9, 77]. Therefore, we em-
We evaluate EIFER's performance using synchronized ploy separate models for electrode removal and placing [11,
SEMG recordings and facial mimicry, demonstrating its 102]. We introduce occlusion-robust cycle-consistent con-
ability to handle occlusion and accurately reconstruct facial straints to constrain both models [9, 48, 77, 102].
expressions, as shown in Figure 1. We also investigate the Lastly, we use expression parameters to solve down-
bidirectional mapping's capabilities for synthesis via mus- stream tasks [19, 31, 77], speci cally synthesizing expres-
cle activity and facial electromyography from videos. sions from muscular activity. The inverse direction leads to
In summary, our contributions are: 1) A method for a form of electrode-free facial electromyography. Both di-
facial reconstruction under substantial SEMG occlusion. rections integrate physiological information into 3DMMs,
2) Reframing the analysis-by-synthesis appearance reconevercoming the existing gap towards muscular activity.



Figure 2. EIFER employs a double encoder-generator architecture in a CycleGAN-like framework [102] to reconstruct facial geometry
and generate photorealistic appearances with arti cially applied and removed SEMG electrode®tdasadgneln Phase TwpEIFER

learns the bidirectional mapping between expressions and muscle activity, facilitating physiological-based synthesis and electrode-free
facial electromyography. Full arrows denote information ow, while dashed arrows denote information ow by regularization terms.

3. Method: Electromyography-Informed Fa- ters, with two additional blendshape parameters for eyelid
cial Expression Reconstruction (EIFER) closure' ye [104]. The model accounts for jaw movement
" jaw and head poseyese representing rigid head transfor-
EIFER follows analysis-by-synthesis reconstruction meth- mations. We predict the muscle activity via the expression
ods [19, 20, 28, 30, 59, 60, 69, 75, 77, 81, 99] to decou- tripjet ( , " eyer  jaw)-
ple facial geometry and visual appearance to reconstructencoder Network: We use the recent SMIRK ap-
expression under surface electromyography (SEMG) occlu-proach [77] by constructing an encoder model that con-
sion faithfully. We replace occlusion-sensitive regulariza- s;sts of three sub-encoders, each utilizing a MobileNetV3
tion terms used in photometric reconstruction by focusing packbone [45], to process an input image These sub-
on cycle-consistent self-supervision in a CycleGAN-like encoders are responsible for predicting the parameters for
structure [102] Thus framing the appearance reconstrUC'Shape E ), expression (inc|uding eye”ds and jaW pose,
tion as an adversarial problem, our design implicitly ensuresg. ) and global transformations including camera position
realistic face generation without requiring additional train- (E ) Then, we Compute a monochrome render of the face
ing losses, such as perceptual [20, 35, 36, 58, 61, 81, 98] 55) using a differential mesh renderer to represent the fa-
identity [104], or emotion losses [19]. With synchronized gjg) geometry [76], see Figure 2.
SEMG and expressions, we then learn a bidirectional map-Generator Network: Advances in neural rendering [9, 11,
ping, equipping the 3DMM with physiological capabilities. 35 77, 81] led to new methods that replace traditional ren-
. dering techniques [19, 28, 37, 73]. Particularly, image-to-
3.1. Model Architecture image translation networks( ) [77] learn to combine ren-
EIFER employs two encoder-generator pairs, illustrated dered facial geometry with sparse color information from
in Figure 2. One pair places the electrodes during a cyclethe original input face, as shown in Figure 2.
while the other learns to remove them. To ensure consis- The masking functioM (), introduced by [77], sam-
tency, we constrain both pairs against each other. We de-ples these pixels within the 2D facial landmark hull, visu-
note all variables with a superscript describing occlusion- alized in theCNS module in Figure 2. To circumvent in-

free faces ad\)ormal and with electrodes aS)énsor. accurate landmarks on sEMG occluded faces, we use the
Face Embedding: We build upon the widely adopted rendered geometry as the sampling area. We rely on the
FLAME face model [61], a mesh consisting of= 5023 pre-trained encoder networks for alignment. Notably, our

vertices modi able by shape and expressioh parame- problem is more complex than simple photometric recon-



struction [19, 28, 59, 62, 77, 105], as the generator must Minimal Change LossWe introduce a minimal change
learn to ignore or produce pixels related to SEMG electrodesloss termL yc [9], to prevent the generators from introduc-
only via adversarial feedback. We use a ResNet network asng unwanted features or hallucinations:

the backbone model [9, 11, 43, 102]. This ensures a similar ) )

gradient ow as in [77, 102]. Our generator uses instance Lme = CN(IN)y 1M D+ CSNOS) 18
normalization to produce ne details [89, 102].

Face Discriminators: We employ two neural discrimina- ) )

tors [38, 48],DN(IN: 1Y) and DS(1'S:18), to distinguish Face Geometry Consistencirelying solely on reconstruc-

real and fake faces for the applied and removed sEMG elec-tiﬁn losses doe; not gudarantee that the enqﬁéemtgnglﬁs bidi
trodes, respectively. This design implicitly enforces the shape, expression, and pose parameters, impacting the bidi-

generation of realistic faces and removes the additional neecfeCtIorlal mapping be_tween expression and mu_scle ac_t|V|ty.
for perceptual losses to improve the visual quality [58, 98]. Nonetheless, the facial geometry should remain consistent
Expression-Electromyography-Estimators: We use a during a full reconstruction cycle of arti cial electrode re-

; 3 . N :
six-layer MLP with ReLU activations [68] to learn the map- [)noval ar?d pllacm% HemI:Ed jf}ould r\;\lllrrorEf behﬁwcl;r,h
ping between facial mimicry and muscular activity and vice ut on the electrode-occluded face. We enforce this behav-

versa. The nal layers ar&anh for EMG2Expand a i‘?f by freezing_EN throughout training: we assume suf -
ReLU [68] for Exp2EMG respectively, to accommodate C'.e.r_]t pre-training and already regularlzgd predlct!on capa-
non-negative SEMG values. Only the 3DMM expression bilities to prevent extr(_eme and unrealistic expressions [77].
parameters are used, excluding identity information. Occlusion Expres;uon LosFhe expression encode"

andES should predict the same for faces where the elec-
3.2. Cycle-Consistent Self-Supervision trodes have been arti cially placed or removed:

Monoc_ular 3D_ face r_econstruction oft_en relies on the Locep= EN(IN)  ES(ID) §+ ES(IS)  ENUD z :

occlusion-sensitive facial features to guide the reconstruc-

tion path [19, 28, 35, 36, 69, 77, 81, 98, 104, 105]. Thisis  Occlusion Shape Los§.he shown facial expression be-

compromised under SEMG occlusion, where the extractiontweenunpairedtraining images of a person might differ, but

is affected. Moreover, when the encoder predicts incorrectthe shape should not [7, 23, 24, 77, 93]. Thus, we ensure

expressions, the generator likely compensates for this ershape consistency throughout both cycles:

ror, which still leads to a solution to the adversarial prob- ) )

lem [9, 28, 38, 48, 59, 69, 77]. Locesnp= EN(IM)  ES(I®) S+ E3(19) EN(F) 5
Therefore, we propose cycle-consistent self-supervision

regularization terms insensitive to occlusion leveraging ref-

erence images during training. Nonetheless, the expressio

extraction is still ill-posed. Thus, we leverage a multi-stage e ;
b 9 9 FLAME model such that the entire image plane is used

training approach to guide the system to meaningful con- for sampling. Hence. the generator would compensate b
vergence. For brevity, we denote the consecutive execution mpling. ' 9 wou P y
of an encodeEN( ) generatoGN' S( ) pair asCNS( ), and coupling facial geometry and appearance again. To pre-

cycle isCNSN( ). The same holds for theSNS( ) cycle. vent this, we introduce an additional constraint on the rigid

i s ; "
Cycle Consistency:To ensure correct reconstructions, we trgsnsfog:;t:aoar: o(ilnir?felghgigrig caaerr:f:erg gﬁslﬂznﬁtiﬁE
self-supervise both cycles with the following losses: pmodél [19, 28 }6/31 T L] within & NN aycle
Reconstruction Los#fter a full cycle, the reconstructed PeT T b ' ycle:
image shall resemble the input image: % , )
L umic = Kiw ks, + ks ki ;o and
L Reco= CNSN(' Ny N 24 CSNS(| S) IS 2. i=1 * R0 2 3D R’ 9
2 2 -

Global Transformation Loss:By modifying the sam-
r‘?“ng area to the masking functiav () based on the ren-
dered facd 3p, we risk that the pose encoders offset the

N NN s(1Sy 2 S| S NNy 2.
Identity Loss:To ensure that the encoder-generator mod- LRgma= ET(IT)  EX(IF) ,+ E>(17) EN(IF) ¢
ule preserves the identity of an opposing input image, we

introduce an identity loss [85, 86, 102],4. This loss min- Full Objective: We de ne a joined loss function., ey,

imizes changes when the image should not be altered: which combines alCycle Reconstructionand allFace Ge-
) ) ometry Consistencyloss terms. Adopting a CycleGAN
L= CNS(1%) 182+ cShaMy N 7 structure, we employ adversarial training to implicitly cre-

ate highly realistic faces. Speci cally, we view the dis-
This prompts the generator to learn the sensor locations andatriminators as classi ers (a real) and fake Q) classi ca-
stops the encoder from relying on default expressions [102].tion), encouraging samples at the decision boundary using



the least squares generative adversarial I§8§5] L can as

1
LEm(C'SDS 151N =2 D19 15+

DS(ESNM) 03 ;

NI =

and same fot.} . The generative parts of the model (en-
coder and generator jointly) and the discriminators train in

alternating passes [102], solving: Figure 3. Three individuals mimic six basic emotions [25], with

synchronized SEMG heat-maps illustrating muscular activity [10].
These images showcase varying expression intensities and execu-

NS. ~SN _ ; NS. ~SN. yN. Sy -
c™C —acr%sﬁgg DmN%XSL(C ;C>5 DT DY) ; tions, emphasizing the need for a robust SEMG occlusion method.

with 4. Dataset - Mimics And Muscles

L(CNS;CSN:DN:DS) = Lgen+ LPan+ L3an: We recorded 36 participants (19 17 , age range: 18-
67 years) without a history of any neurological disease to

We weigh the loss terms during training with the follow- obtain synchronous facial expression and muscle activity.

ing lambdas, obtained by a hyperparameter seargh, = Only beardless men were recruited to attach the surface
10, yat = 1:5 mc = 0:5 occexp = 1:0; oceshp = electromyography (SEMG) electrodes to the face. Partici-
01, Lk =2:5 Rigra=0:1 pants performed a series of eleven facial functional move-
ments and six emotional expressions repeated four times
3.3. Training EIFER - Phase 1 following an instruction video [25, 90]. Each individual

Although the regularization terms prevent the encoders''2> recorded three times per recording session (two weeks
g 9 P apart), twice with EMG and once without SEMG as refer-

from collapsing into unrelated expressions, the task remains N . L
. ; . .. “ence. Samples of three individuals are depicted in Figure 3.
ill-posed. To address this, we employ a multi-stage training

procedure guiding each component to learn its correct task we gse_d the Fridlund S.EMG scheme [33] to obtain mus-
and ensuring the entire system converges to a solution. cle activation captured with a sampling rate of 4096/s [40,

Stage 1 - sEMG Application and Removal:We rst train f71' 8|7]f' .The facial mo;%mFe;;s _\I/_vhere cap(tjqred using a
the generators to produce realistic faces. By freezing the rrc:nta.- ac(j:lng é:amera at q 'd' € recor |rg?shar(je syn-
encoder weights, the generator focuses on learning the rechronized and processed according to established stan-

lationship between geometry and pixels, retaining 50% of dards [40'| 3;13’ 30’ 51, 57|' ;1| 4, 81, 8|8’ 94’f 1:0]. WE;
pixels. Although this approach temporarily disregards ex- extracted the downsampled linear envelope of the muscle

pression, the generators learn the electrode locations angctvity signal, which is used to learn the correspondence

solve the adversarial problem. As a result, the generatorsto the 3DMM expression space. Details on electrode lo-

develop the ability to produce realistic faces, a crucial foun- cations, data preprocessing, and. data set statistics can be
dation for the subsequent stages. found in the supplementary material.

Stage 2 - Estimating Occluded Expressionsfhe encoder )
ESis unfrozen to adapt to electrode occlusion. Further, we 5. Experiments and Results
reduce the pixel amount to 10%, guiding the generator to-
wards the rendered facial geometry to reconstruct the face.
Stage 3 - Final DecouplingWe retain only 1% of pixels,

forcing the generator to rely on the rendered face geometry.

We compare EIFER to recent state-of-the-art monocular
3D face reconstruction techniques, including DECA [28],
EMOCAv2 [19], and SMIRK [77], which utilize the
FLAME model [61], and Deep3DFace [20] and FO-
. CUS [59], which employ the BFM model [37, 73]. We
3.4. Training EIFER - Phase 2 also compare with MC-CycleGAN [9, 11], which does not
The instance normalization in the generators requires arely on a face model. To ensure a fair comparison, we train
batch size of one [89]. However, neither of the MLPs would and ne-tune all models on a common 10% frame subset
converge during training. This enforces a two-phase ap-of the reference recordings of the individuals, as shown in
proach, shown in Figure 2: training the encoders to handleFigure 3. Hence, the models learn the individuals' char-
SEMG occlusions and then learning the bidirectional map- acteristics, and we assume that any deviations in behavior
ping between expression parameters and muscle activity. are due to the occlusion. Additional results, including ab-



Figure 4. Facial Geometry: We visualize the estimated face ge- Figure 5. Appearance reconstruction and electrode removal:
ometry under SEMG occlusion for three individuals mimicking ex- Among the state-of-the-art methods, only SMIRK fails the recon-
pressions. MC-CycleGAN has no face model and is thus omitted. struction. MC-CycleGAN and EIFER keep the nuanced features.

) ) o ) o Method | SSIM(') GMSD@ PSNR[) MDSI#) | FID (#)
lation studies, training hyperparameters, and visualizations, gaseiine N-N | 0.86 0.07 0.12 004 27.95 371 0.34 004 | 7.41 372
are provided in the supplementary material. Baseline N-S 0.39 0.0s 0.33 0.01 13.69 1.27 0.62 0.02 | 285.42 38.18

DECAF 0.53 0.04 0.29 0.01 12.43 065 0.46 0.01 | 165.24 31.80

. . SMIRKF 0.47 006 0.31 002 14.45 141 0.58 0.02 | 275.80 46.38

5.1. Reconstruction Evaluation Deep3DFac® | 0.48 005 0.31 001 14.42 139 0.58 003 | 219.28 43.20
. . i i Focug 0.46 0.05 0.32 0.02 13.95 1.35 0.58 0.03 | 227.71 50.21

The reconstruction quality, using the occlusion-free record- Mc-cycleGAN | 0.66 0.08 0.24 003 19.38 230 0.45 002 | 54.39 2432
ings as a baseline, is evaluated on two factors: facial geom- EiFeER | 0.66 0.00 0.24 003 19.42 257 0.44 0.03 | 52.56 27.75

etry and visual appearance of the restored faces. _ _

Qualitative: We visualize the estimated facial geometry Table 1. Reconstruction quality: We evaluate the reference

in Figure 4. While most methods capture the general ex- recordings with the reconstructions, with upper and lower limits
pression, they vary in intensity and alignment, as seen forestablished by comparing reference recordings to themselves and
happy EIFER correctly maintains the shape parameters for fni'l/:i'ggglLéii(itr:(t:r?éd:;?férl;’;’:;gg&iﬁgipggggga%c;ofer
the same individual with different expressions. This |n_d|- BFM [37, 73], for FLAME [61], and” for no model.

cates that other methods' face encoders struggle to disen-

tangle shape and expression, which is crucial for learning
expression-muscular activity mapping. ing that electrodes signi cantly impact its performance.

We further investigate the visual reconstructions, shown  MC-CycleGAN and EIFER, both trained adversarially,
in Figure 5. Most existing methods inherently remove elec- create photorealistic reconstructions. EIFER achieves simi-
trodes due to the used appearance model [37, 73]. Howeverar results to MC-CycleGAN with only 1% of the pixel in-
only SMIRK, which forwards visual features to the neural formation, albeit with slightly degraded quality around the
generator, retains them. Despite the same information ow, mouth. Thus, EIFER combines the strengths of SMIRKS'
EIFER ignores artifacts by solving the adversarial task. encoding and MC-CycleGAN reconstruction.

Deep3DFace achieves consistent results in extracting fa-Quantitative: \We report the appearance reconstruction
cial texture under occlusion across various expressions forwith the occlusion-free baselines in Table 1. We use the
the same individual. In contrast, FOCUS, which relies on metrics: Structure Similarity Index (SSIM) [92], Gradient
the same appearance model [37, 73], fails this task, indicat-Magnitude Similarity Deviation (GMSD) [95], Peak Signal-
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