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Background:
« Temporal information is crucial to human facial behaviour understanding.
« Facial actions are continuous and smooth process

« The same facial actions of different people are similar

Research Gap:

* In some scenarios, only a still image is available, which means it is almost impossible to use temporal
information. As a result, the performance of state-of-the-art methods for facial expression recognition or
affect estimation degrades substantially.

Motivation:

* Propose an approach that can infer generic facial temporal information from a single face image
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dap(t) = S(di, V,) — S(ds, Vi)

Target |a—t| < |b—t|

Oab(t) > 0 for

o) {(a—t)(b—t)>0

The generated representation is designed to rank both preceding and successive
frames of the input frame, based on their temporal distance relative to It.

Lg(ds) =y x [|ds]|* — &
t—1 t
Rank Loss + > ) max(0,0 — das(t))
b=t—T a=b+1
t+7—-1 T

+ ) max(0,0 — Jab(t))
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t-T

Precedlng 2 Static
frames (I)) Representations (V;)

n e e e R e e R A e e A e S e e e e e e e e e e o

gy g g g g g g g g g g g i

Dynamic
Representation (dy)

: ""Proceeding Static .
Frames (7)) Representations (V;)

4 Loss backpropagating \
/ to the CNN \

-

Dot product \‘\j $; Si

ES(Vi;dt) = Vz * dt

. S

e m e mE e ———————————

» Predicted score Ground-truth of |
“._ of each frame frame orders -

e = = = = = = = = = == = = —————————————— =



University of

Nottingham | The proposed approach

UK | CHINA | MALAYSIA

MDR:
Providing multi-level temporal information for still

Still image image-based tasks.
(©s) E * It encodes facial dynamics in
= \m Target the context of the face.
ey applications
g —> t@ * AU recognition
] + Affect estimation | o 101
S S | Aflect estimatio The DR can jointly encode
&  Projection both preceding and
™ proceeding dynamics into a
N }D single 3-channel raster image.
BT o « It learns generic facial
dynamics from a large pool of
— unlabeled videos and can infer
= }D facial dynamics from a single
& .
=t Image.
=.
UE - CNN Loss calculation and

backpropagation
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Fig. 3: Average ranking accuracy (%) on two datasets. Four RankSVM

generative models are trained using RECOLA dataset and

tested on SEMAINE and BP4D datasets. RankSVM classifiers %
RankSVM

were trained on SEMAINE and BP4D datasets, and each
classifier only rank its training frames. The results obtained
by RankSVM are treated as the upper bound.
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Relative temporal distance to the given image



®  University of . er Viion Laboratory
!'. Nottingham I"\ 'alalidala

Results and Conclusion RIVIRTAVIR

CENTRE FOR DOCTORAL TRAINING

e
UK | CHINA | MALAYSIA

AU 6 10 12 14 17 Avg
CCNN-IT [44] [0.75 0.69 0.86 0.40 0.45 0.63 _
2DC [38]  [0.76 0.71 0.85 0.45 0.53 0.66 « The proposed Rank Loss can infer

VGP-AE [45] [0.75 0.66 0.88 0.47 0.49 0.65 - : -
HG-HMR [37] {0.79 0.80 0.86 0.54 0.43 0.68 generic faleal temporal evolution

(cc | Pix2Pix* [17] |0.59 0.62 0.68 0.29 0.31 0.50 from previous unseen faces, and
Unet(P)* [43] {0.55 0.65 0.65 0.30 0.26 0.48 :

Sse(t(gasé)*] 0.56 0.63 0.66 0.29 0.26 0.48 _generahzed better to unseen fa(?e
SDR+HG-HMR [0.78 0.80 0.85 0.47 0.45 0.67 Images than a model trained using
MDR+HG-HMR |0.77 0.83 0.87 0.62 0.49 0.72 . .

CCNN-IT [44] [1.23 1.69 098 2.72 1.17 1.57 pre-defined representations.

2DC [38] 0.75 1.02 0.66 1.44 0.88 0.95
VGP-AE [45] [0.82 1.28 0.70 1.43 0.77 1.00 ;
HG-HMR* [37] |0.77 0.92 0.65 1.57 0.77 0.94 « The proposed method has potential
Pix2Pix* [17] |1.22 1.31 0.85 1.90 0.92 1.24

MSE! Unet(P)* [43] |1.53 1.08 1.07 1.62 0.95 1.25 to pu_sh up the upper bo_und for still
Unet(MSE)*  [1.09 1.55 1.18 2.12 1.15 1.42 face Image-based emotion and
SDR+HG-HMR |0.88 0.84 0.75 1.90 0.60 0.99 ) : .
MDR+HG-HMR [0.99 0.79 0.64 1.34 0.48 0.85 action units recognition.

TABLE I: AU intensities estimation results on BP4D dataset.
* denotes results obtained by our own implementation
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