Lip Movements Generation at a Glance
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Introduction
e Motivation: We find that when we talk with someone face to face, we will understand sroundinih --__

Qualitative Results

other better than when we talk on the cellphone as we can see their lip movements. So it Synthesized frames
1s crucial to develop a method that, e.g., can enhance speech comprehension while
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preserving privacy or assistive devices for hearing impaired people. N . | = o o g - o e
e Objective: In this paper, we consider a task of such: given an arbitrary audio speech Synthesized frames "‘:"" i‘:" “ - — -:’3 -
and one lip image of arbitrary target identity, generate synthesized lip movements of the _—-
target identity saying the speech. To perform well in this task, it inevitably requires a S . . X :
model to not only consider the retention of target identity, photo-realistic of synthesized Synthesized frames ““-

1mages, consistency and smoothness of lip images 1n a sequence, but more importantly, -
Ground truth

Synthesized frames - '

Fig.4: Randomly selected outputs of the full model on the LRW testing set. The lip
shape in videos not only synchronize well with the ground truth, but maintain
identity information, such as (beard v.s. no beard).
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Fig.1: The model takes an audio speech of the women and one lip image of the target identity,
a male celebrity in this case, and synthesizes a video of the man’s lip saying the same speech.
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Fig.5: Generated images based on three identity images outside of dataset, which is also not
paired with the input audio from GRID dataset. Two full models trained on GRID and
> LRW datasets are used here for a comparison.
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e Audio encoder & identity encoder extracts and fuses audio and visual embeddings. lyen A A A A AR A A
e Audio-Identity fusion network fuses features from two modalities. ff’“’ | ! : o | \‘; : i | j : j | \‘; : \‘;
. . perc
e Decoder .expands fused feat’ure to synthesized VIdC’O. o | Tere-Ctiaain T | | | | | s
e Correlation Networks are in charge of strengthening the audio-visual mapping. e — " L : 7 : : |
e Three-Stream discriminator is responsible for distinguishing generated video and Three-Stream D.(Frame-Diff.) | | | | | | | 4
real video. Metrics
: : : : LMD L30 ; 1.28 | 105 | 1.31 ; 1.18 ; 1.96 ; 1.39 | 1.42 ; 1.40
Audio-Visual Derivative Correlation & Loss SSIM 0.67,0.79,0.66, 0.70 | 0.73 | 0.52 , 0.68  0.59 0.6
PSNR 29.46,29.81,29.66,29.40,29.98, 28.6 129.59,29.46,29.51
0.2 ! CPBD 0.17610.00610.18210.2091 0.17510.21810.18710.17610.210
0.1 - |
- II I _ II_ ll- 400 Tab.1: Ablation results on GRID dataset. The full model (method (e)) uses all four losses as
| I nl = l 80 described in Sec.4. For LMD, the lower the better. SSIM, PSNR and CPBD, the higher the
.§_0 e 5 better. We bold each leading score.
§ . _ g 200
Sor| ‘i ? Method GRID LDC LRW
0.0- .. B I I.—- 100 -
o1/l I I - LMD SSIM PSNR CPBD |[LMD SSIM PSNR CPBD |LMD SSIM PSNR CPBD
S5 8564 53355361 > G.T. 0 N/A N/A 0141 |0 N/A N/A 0211 |0 N/A N/A 0.068
@) Vondrick[17] 2.38 0.60 28.45 0.129 [2.34 0.75 27.96 0.160 [3.28 0.34 28.03 0.082
Fig.3: (a): Correlation coefficients with different offsets of four example videos. (b): Chung 1.35 0.74 29.36 0.016 12.13 0.50 28.22 0.010 §2.25 0.46 28.06 0.083
Number of videos of different offsets with which the video has the maximum correlation Full model 1.18 0.73 29.89 0.175 [1.82 0.57 28.87 0.172 |1.92 0.53 28.65 0.075

coefficient. X-axes of both (a) and (b) stands for time steps of flow field shifted forward. ,
Tab.2: Results on three datasets compared with State-of-the-Art methods. Models

objective function: £ — /. - + Algpix -+ >\2€per + A3l gen mentioned in this table are trained from scratch (no pre-training included) and be tested

e Correlation loss: ensures the correlation between audio and visual information. on each dataset a time. We bold each leading score.
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épix (U, U) — HU o UH Paper detalls: htips:/arxiv.org/abs/1803.10404.
e Perceptual loss: utilizes high-level features to compare generated images and Demo video: https//www.youtube.com/watch?v=71X_sIL5v0c.

ground-truth 1mages. resulting in better sharpness of the synthesized image

Cpere(9,0) = [lp(v) — ()]

e Adversarial loss: allows our model to gengratg overall realistic looking images 10. Chung, J.S., Jamaludin, A., Zisserman, A.: You said that? ITn BMVC. (2017)
Egen — lOg D( [ sJ : 3 ]) 17. Vondrick, C., Pirsiavash, H., Torralba, A.: Generating videos with scene dynamics. In: NIPS. (2016)
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