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Abstract. Do our facial expressions change when we speak over video
calls? Given two unpaired sets of videos of people, we seek to auto-
matically find spatio-temporal patterns that are distinctive of each set.
Existing methods use discriminative approaches and perform post-hoc
explainability analysis. Such methods are insufficient as they are un-
able to provide insights beyond obvious dataset biases, and the explana-
tions are useful only if humans themselves are good at the task. Instead,
we tackle the problem through the lens of generative domain transla-
tion: our method generates a detailed report of learned, input-dependent
spatio-temporal features and the extent to which they vary between the
domains. We demonstrate that our method can discover behavioral dif-
ferences between conversing face-to-face (F2F) and on video-calls (VCs).
We also show the applicability of our method on discovering differences
in presidential communication styles. Additionally, we are able to pre-
dict temporal change-points in videos that decouple expressions in an
unsupervised way, and increase the interpretability and usefulness of our
model. Finally, our method, being generative, can be used to transform a
video call to appear as if it were recorded in a F2F setting. Experiments
and visualizations show our approach is able to discover a range of be-
haviors, taking a step towards deeper understanding of human behaviors.
Video results, code and data can be found at facet.cs.columbia.edu.
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1 Introduction

Have you wondered how your facial expressions change when speaking to some-
one over a video call (VC) as compared to speaking face-to-face (F2F) (Fig. [1))?
Studies have shown that there are significant differences between these two modes
of communication — in terms of overall effectiveness, rapport building, cognitive
load, energy consumption, etc. — which can manifest itself in changed expression
patterns [1H5]. Since the recent intervention of COVID-19, our lives drastically
changed as VC became the primary source of communication, resulting in un-
precedented social phenomena such as zoom fatigue |6H10]. It is important to
systematically study these changed patterns in order to build tools that can cope
with such interventions — e.g., by evaluating and improving AR/VR technology
so that our virtual experiences are as similar to reality as possible. Moreover,
studying changes in human behavior, at an individual-level, as well as across
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Fig.1: What is the difference between the two domains? Given two unpaired
sets of videos of persons speaking on VC (left) and F2F (right), our goal is to provide
interpretable insights on how the motion sequence differs between the domains. See
Figs. [3] & [5] for a detailed report generated by our approach.

a population, can be useful in a variety of disciplines including anthropology,
sociology, as well as cognitive and social psychology [11H13].

Building models to understand facial expression changes in conversations is
challenging for two key reasons. First is the dataset bias. Internet videos are an
abundant source of natural and diverse data [14]. However, we find that internet
videos of people on VC and F2F are heavily biased. VC often features direct
camera gazes, while F2F shows side views. Such biases are not inherently harm-
ful, but models that simply identify them are not sufficient to discover all the
differences. Unsurprisingly, it is quite easy to build a classifier that can differ-
entiate the two domains. Fig. [2] shows the weights of a linear classifier trained
on disentangled facial features (see Sec. . With no temporal information, the
classifier attains 88% accuracy on single frames alone! Moreover, these biases are
implicit and apriori unbeknownst to us, making them near impossible to remove.

Second, our task is not simply that of classification, but rather discovery of
domain-specific differences. We lack prior knowledge about the domains, and
we wish to understand them better. Being able to predict the domain is per-
haps less interesting than being able to understand the subtle spatio-temporal
differences of facial expressions across the two domains. Much of the current lit-
erature focuses on post-hoc explainability of black-boxes [15-20|. However, such
approaches are unsuitable for our goals because discriminative models (such
as Fig. trained on biased data only pick up these biases. Additionally, the
explanations are useful only if humans themselves are good at the task.

We present FacET, a general-purpose framework to discover interpretable,
spatio-temporal trends between two domains, that works even in the presence
of dominant biases. In contrast to discriminative methods, FacET employs a
generative approach to discover the differences. To study the aforementioned
task of VC and F2F conversations, we first collect a large video dataset (240
hours) of such conversations, called the ZoomIn dataset. In addition, we also
collect a second dataset of speaking styles of US presidents. We apply FacET on
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Fig. 2: Insufficiency of discriminative methods. We train
n a simple linear classifier on disentangled facial features to distin-
. guish VC and F2F conversations (refer to Fig. 3| for the mean-
: ings of these features). We observe 88% classification accuracy
: even when using frames without the temporal information, with
’ ‘Head Pitch’ (#1) and ‘Head Tilt’ (#10) being the most dom-
. inant features. A post-hoc explainability model cannot explain
' this discriminative model as it is trained on biased data.
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these datasets, and reveal novel insights — e.g., we observe that speakers tend
to laugh bigger in F2F as compared to VC. We also observe that President
Trump raises his eyebrows more while listening compared to President Obama.
Moreover, FacET has applications beyond revealing these insights — we show
that FacET can be used to perform domain transfer — e.g., we can modify VC
videos to look more like a F2F conversation (effectively "de-zoomifying" a video).

2 Related Work

We discuss the landscape of interpretability in computer vision by describing
post-hoc explanations, interpretable architectures, as well as disentangled rep-
resentations. We then discuss efforts in human facial expression understanding.

Interpretability through post-hoc explanations. Explainable AI (XAI) [21]
methods seek to explain model decisions through visualizations [15H20], counter-
factual explanations [22H24], feature importance [25] and sample importance |26~
32| methods. These explanations are important to ensure algorithmic fairness [33)],
identify potential bias in the training data [34H36], and to ensure that the al-
gorithms perform as expected |37-40]. However, post-hoc explanations are only
meaningful if humans are good at solving these tasks and can check the model’s
explanation against their own understanding. Also they can only explain what
the model has learned, which is problematic if the data is biased. They are more
useful for explaining model decisions than data patterns, which is our focus.

Interpretability by design. A number of works have defined interpretabil-
ity through a set of linear transforms between classes [41H46]. However these
methods are limited to discriminative tasks where classes are distinguishable by
humans. Generalized Additive Model [47] and its variants [48-52| are another
class of methods which non-linearly transform input features separately. How-
ever, these methods suffer from complex training procedures and combinatorial
explosion. Our method also falls in this category of interpretability-by-design,
and leverages linear transformations in a generative translation setting.

Learning Disentangled Representations. Learning factorized representa-
tions to capture independent variations in data can correspond to human-defined
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concepts and lead to interpretable models |53|. Learning disentangled represen-
tations using supervised data (apriori knowledge of the nature of generative
factors) has been explored by many methods [54H57]. However, for practical
applications where there is no supervision available for discovering the gen-
erative factors underlying the data, purely unsupervised approaches that use
GANs [58-63] and VAEs [64H68] for learning disentangled representations are
more useful. We use $-VAE [64] which is one such popular unsupervised method.

Facial Expressions Understanding. Existing literature on human facial
expression understanding is limited to classifying emotions into known cate-
gories [69H75], or their combinations [76]. Several works have also studied person-
specific speaking styles [69L[77] which link facial expression changes to personal-
ity traits. However, the continuous nature of facial expressions is not accurately
modeled through such discrete representations. Recent works have also studied
how a person’s facial expressions change in response to the person they are in-
teracting with [14178-80]. Yet, none of these works provide interpretable insights
regarding inter or intra-subject patterns under varied conditions.

3 Method

A conventional approach to finding interpretable differences between two do-
mains is to learn a discriminative model to distinguish and analyze them using
post-hoc tools such as GradCAM |[17]. However, discriminative models tend to
focus on the first few significant modes of differences. Consequently, we cannot
find all the important differences. This problem is further exacerbated if the
dataset is biased, and significant differences appear only due to such biases. We
posit that a generative model that can transform one domain to another should
capture all possible modes of differences. Such a generative model can then be
leveraged to analyse the different modes and their effect on the two domains.
We present FacET (Facial Explanations through Translations). Given spatio-
temporal facial keypoint data from two domains X and Y, FacET learns a
translation function Gxy : X — Y, that can convert samples from domain X to
appear as if they were from domain Y. Our key insight is to learn piecewise shift
and scale transformations [41H46] between X and Y which results in Gxy being
interpretable, allowing us to explain the modes of differences between the two
domains. To train FacET, we first learn a per-frame spatial representation to dis-
entangle facial features (Sec. . Then, we train an interpretable Gxy on these
features capturing spatio-temporal differences between the domains (Sec. .
We use the trained G xy to generate detailed reports (Sec. highlighting key
differences between the two domains. Finally, we showcase FacET’s ability to
perform domain translation, e.g., by “de-zoomifying” a VC video (Sec. [3.4).

3.1 Disentangling Spatial Features

The first step towards an interpretable translation model is learning a disentan-
gled spatial representation. We found that disentangled spatio-temporal features
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are difficult to interpret for humans. Thus, we first learn to disentangle spatial
features only. 8-VAEs [64] have been found to generate disentangled represen-
tations that are useful in discovering patterns in a variety of domains [81H85].
We train a $-VAE on frame-level facial keypoints of our datasets. We obtain a
spatial feature z € R! for a data point d, where d is a single frame in the clips of
our dataset X UY . Here [ is the dimension of latent space. This can be achieved
by learning an encoder (q) and decoder (p) by minimizing the 5-VAE objective,

LXUY) = —Eq(zjq)[log p(d]2)] + BDx 1 (q(z|d)|p(2)) (1)

The first term (marginal log-likelihood) optimizes for reconstruction quality,
while the second term (KL-divergence) enforces disentanglement in the latent
space z. Minimizing the KL divergence between the latent vectors and a unit
Gaussian prior (p(z) = N (0,1I)), results in disentangled latent vectors. Higher
values result in better disentanglement at the cost of reconstruction.

3.2 Translation Function

We learn the translation function Gxy in the S-VAFE’s spatial latent space z.
We aim to learn a G xy that can potentially capture all differences between the
two domains. To achieve this, we employ an adversarial discriminator objective.
The goal of the discriminator is to keep finding differences between real and
translated (fake) samples so that G xy keeps improving. We denote the discrim-
inator differentiating real and fake samples from domain Y as Dy. For a clip
x € X, we denote its latent encoding as z* (similarly, z¥ for a sample y € Y). By
encoding individual frames of @ = {x; - - - 2:} we can obtain the latent encodings
2% = {2z}, 2}, where zF = g(x;). The adversarial loss can be written as,

Lado(X,Y) = Eyey[log Dy (2Y)] + Ezex[log(l — Dy (Gxy (27)))]  (2)

Similar to other adversarial objectives [86l87], we optimize this loss function
by alternatively training the translation function G xy and the discriminator Dy .
The translation function G xy can be found using the following optimization,

G%y = argmin max Lagy (X,Y) (3)

Gxy

Translation Function Architecture. If we do not constrain G xy — for exam-
ple, by using an MLP for Gxy — it would not be interpretable. Moreover, if the
capacity of the network is high enough, the function could learn arbitrarily com-
plex mapping between domains. For example, it could memorize a one-to-one
mapping between examples from two domains, which is not a useful translation.

To tackle both these problems we need to constrain Gxy. Our key insight
is that instead of directly learning to translate from domain X to Y, Gxy first
predicts a translator function f, that when applied to a sample z* results in the
translated output 2%’ = f(z%). The advantage of predicting such a translator is
that its parameters are more interpretable than a black box model. For example,
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Fig. 3: Explanation of Disentangled Latents. We vary each dimension of the 12-
dimensional latent obtained through S-VAE encoding by keeping other dimensions fixed
(rows). Left: The faces corresponding to the extreme values of the perturbed latent,
along with a description of the dominant change. Right: Dataset-level statistics for the
desired latent, while the dotted line shows the modes. The direction and length of the
arrows show the extent to which different latents change across domains on average.
Refer to supplementary for videos visualizing the latents.

as we will see in Fig. [6] our model Gxy finds consistent translators for clips
with the same expressions such as “smiling” or “listening”. We also parameterize
the translator f to be a shift and scale operation, using a multiplicative factor
w € R and an additive factor ¢ € R!. Therefore the translator f(z) = w® z+ ¢.

One issue with the above formulation is that predicting the same transla-
tor f for the entire clip can be too restrictive. The expressions and modes of
conversation change within a clip. For example, a listener might start speaking
or a speaker might exclaim in the middle of a clip. Therefore, instead of predict-
ing a single translator f for the entire clip, we predict different translators for
different chunks. This also makes the model more robust as it is forced to learn
similar translators for similar segments. We achieve this by breaking down G xy
into two sub-modules: G; and G¢. G; first predicts ¢ — 1 temporal change-points



How Video Meetings Change Your Expression 7

o1 T2 o3 T4 5 Ty T
© © © 9 v ©
= = &7 ! Y, 4 A\ /
4 i &/ &/ =/ < \&
B-VAE = = =/ 4
Encoder Z1I...z
21 I] 25 I] Zt—ll] 2t I] L,
l 1 | | ‘
v ¥
w1z +¢1 Te-1 Wez + de
l l ; | | Te-1 | Wez+ e
21 I] ZA'I] Zt—l'l] z' I]
B-VAE
Decoder
) ) = —
& & G ( J
= &/ =4 2
yi' Ys Yi-1' Yt

Fig.4: Method Overview. Given a sequence of facial keypoints x, we use a pre-
trained B-VAE encoder to obtain latents z. We then train a translation function G xy
that takes as input the latents z to produce a translator(w, ¢, 7). This translator when
applied to z generates the transformed latent z’, which can be decoded using the 5-VAE
decoder to obtain the transformed facial keypoints y’ belonging in the new domain.

{71, Te—1} partition the clip into ¢ chunks. G then predicts a translator for
each chunk — e.g., for the k' chunk, G predicts the translator fi. (wk, d)-

A key challenge here is that we do not have supervision to learn how to
partition a clip into semantically meaningful chunks. In fact, discovering such
meaningful chunks from the data is one of our goals. Therefore, we learn both
the functions G and G together in an end-to-end fashion. Note that parti-
tioning a clip using values from G; and passing each chunk through Gy is a
non-differentiable operation. To circumvent this, we approximate this partition-
ing operation with a continuous alternative. For each chunk k, we learn smooth
weights over time wy, € [0, 1]%, where ¢ is the total clip length. If T is the vector
of time indexes [1,2,---¢] for a clip, then we define @y, as:

o, —T,Q) k=1 w
wy = { min(o(T = 7-1,Q), 0(me — T,Q)) k€ 2,c—1]  wp= ﬁ
o(T — 1-1,Q) k=c k=1 TR

(4)

Here o is the sigmoid function, and @ is the temperature. Essentially, wy

is a continuous alternative of a non-differentiable rectangular pulse function.
wy, normalizes wy, so that they sum up to 1 at every time step. With wy, a
differentiable translator predictor can be written as G (z* @ wy) for chunk k.

To summarize, our model minimizes the optimization problem defined in
Eq. [3| to predict the parameters of the two networks G; and Gy, which together
represent G xy. An overview of this model is illustrated in Fig. |§|
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3.3 Interpretability

Our translation function is interpretable by design. First, the model can partition
a clip into semantically uniform chunks without supervision. Second, predicting
a translator instead of predicting the translation function Gxy, allows us to
understand how a particular expression or action changes between domains. For
e.g., we can answer how “listening” changes between VC and F2F conversations.
Finally, modeling a translator as a shift and scale operation, allows us to factor
the translations into individual S-VAE latents. For e.g., we can answer whether
people “smile more or less” when “listening” in VC versus F2F conversations.
Note that formulating the translator to be a shift and scale operation is a
modeling choice, which can be flexibly changed depending on the task and sample
representation. Also note that our framework closely resembles CycleGAN [87]
with its adversarial objective, albeit without the cycle consistency loss. Cycle
consistency is used to over-constrain the model and avoiding trivial solutions.
Moreover, even with cycle consistency, a model with enough capacity can memo-
rize a one-to-one mapping between examples from the two domains [87,88]. This
is not a problem in cases where humans have prior knowledge and can quali-
tatively show that the outputs change in accordance with our prior knowledge.
However, we do not have prior knowledge of what makes VC and F2F different.
Our model is over-constrained by design to not lead to such trivial solutions. [89).

3.4 Domain Transfer

Besides systematically discovering differences across domains, FacET being gen-
erative in nature, can also transform inputs (z — y’) from domain X to Y. To vi-
sualize the results in pixel-space, we leverage a video-to-video model, vid2vid [|90],
that learns keypoints to pixels using our dataset. Compared to existing methods
that simply correct for gazes [91], we expect that style-transfer using FacET will
lead to more faithful transfer that encompasses subtle expression changes as well.

4 Experiments

In this section, we show how our model can discover differences between do-
mains. First, we describe the two datasets collected to study this task (Sec. .
Then we evaluate FacET quantitatively (Sec. on these datasets, and discuss
its interpretable outcomes (Sec. . Refer supplementary for implementation
details.

4.1 Datasets

To study the differences between VC and F2F, we collect the ZoomlIn dataset
from YouTube, containing 240 hours of conversations in both domains (See Fig.
for examples). Additionally, to study differences in communication styles across
subjects, we collect a dataset of 20 hours of individual speaking styles of US
presidents Obama and Trump. Each clip consists of detections on contiguous
176 frames from a participants. Refer to supplementary for more details.
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4.2 Quantitative Results

Metrics. Evaluating discovered differences is hard in the absence of a paired
dataset, since we cannot evaluate what will be discovered beforehand. Thus, our
metric is the translation function Gxy’s ability to fool the discriminator D,
while being interpretable. This is measured by discriminator accuracy, which we
notice tends to stabilize after a period of training. We average it across the last
100 epochs to ensure robustness. Refer supplementary for more on metrics.

Table 1: Performance of our method by its ability to fool the discriminator whilst
being interpretable (lower is better, 50% is optimal).

Model Type Discriminator Acc. (%) |
ZoomlIn Presidents
Gy Gy ¢ Avg F2F-VC VC—F2F Avg O—-T T-O

No Partitions 87.58  87.92 87.06  81.40 71.33 92.19
flxedl 1oy Fixed-size Chunks 93.95 93.23 94.70  90.95 86.90 95.21
Szmsaor Fixed-size Chunks 97.78  98.54 97.02  96.64 94.81 98.63
Var. Chunks 92.26  91.91 92.62  83.80 75.14 92.63
Var. Chunks 97.67 97.18 98.15  97.17 95.54 98.76

78.54  79.71 77.71 79.25 69.88 88.97

82.99 82.10 84.12 88.67 87.63 89.42
81.84 81.06 82.95 89.86 89.73 89.66

73.28  73.33 73.50 79.35 70.31 88.70
73.16 T72.65 73.92 78.14 67.50 89.06

No-partitions

Predicted Fixed-size Chunks
translator Fixed-size Chunks

Var. Chunks (FacET)

1
2
7
2
7
1
2
7
2
Var. Chunks (FacET) 7

Baselines. To the best of our knowledge, ours is the first work that tackles

this problem, so there are no comparable baselines. Thus, we validate our design

choices through the following interpretable ablations of our model:

— No Partitions: a model where we predict a single translator for the entire
duration of the clip i.e. ¢ = 1. Note that this model does not need Gj.

— Fixed-size Chunks: a model with uniform, equal-sized chunks. This model
also does not use G¢. However Gy predicts different translators for each chunk.

— Fixed translator-set: instead of predicting the parameters of the translator,
our model retrieves parameters from a set of p options. We also learn this
fixed-size set of parameters P. G’y then becomes a p-way classifier that takes
as input a chunk and predicts one of the p classes using the softmax function.
Since the parameters are w, ¢ € R!, P € RP*?! is a matrix. We jointly optimize
both the classifier and the parameters P. We use p = 32 for our experiments.

Is FacET better at translation than the baselines? Tab. [1l shows the

performance of FacET and baselines using discriminator accuracy. We learn

translation functions in both directions between the domains.
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FacET performs better translations than baselines and consequently results
in the lowest discriminator accuracy. With uniform equal-sized chunks, G ¢ can-
not accurately predict good translators. Facial expressions may change in a
chunk, but this model would apply the same translation function throughout,
resulting in poor translations. Similarly, if we do not partition the clip, the
translations are also of poor quality. Swapping the model predicting the transla-
tor with a model selecting translators from a set also results in poor translations.
We argue that a fixed set of translators is too restrictive and cannot model all
possible expressions even with a larger p. For FacET increasing the number of
chunks from 2 to 7 does not affect performance by a lot. In the presidential data,
since utterances are often monotonous and in a “speech”-like non-dyadic manner,
more chunks are not beneficial to model performance. We believe, based on the
nature of podcast conversations, expressions often do not change more than once
in a 7-second clip. Thus, we use FacET with 2 chunks for qualitative analysis.

4.3 Qualitative Results

Now that we have demonstrated that FacET can faithfully translate samples,
we look at what we can discover on our data.

How do F2F conversations differ from VC? We answer this by using
FacET. We look at the distribution of latent codes for F2F and translated VC
obtained from FacET. Fig. [3| shows differences between VC and F2F along the
12 latent codes. Some differences are quite apparent, for example, people look
down with respect to camera in VC (because the cameras are generally above
the screen during a VC). This is evident in latent code #1’s distribution, where
FacET rotates the head upwards when translating from VC to F2F.

Similarly, we observe big changes in head tilt (#10) and head steer (#9),
because in VC the face often always stays towards the screen, whereas the ori-
entation of the head can vary a lot in F2F. We also notice that the head tilt
(#10) and head steer (#9) distributions become bimodal after translation (from
unimodal). This can again be attributed to the fact that, during a VC, we only
look at screens, however in a 2-person F2F conversation, we will see two modes
with peaks at the orientation where the subjects are looking at one another.

Some other observations are not quite easily discernible but are evident from
our method. We see that the the smile latent distribution (#6) translates from a
bimodal distribution in VC to a unimodal distribution with a peak in the center
in F2F. Similarly, the eyebrow raise latent (#11) becomes very muted in an F2F
conversation. We conjecture that people tend to emote more during a VC as
smaller reactions are harder to pick in a VC [92]. On the contrary, we notice
that people laugh less during a VC. While it is easy to emote silently on Zoom,
laughing is harder because VC systems usually allow only one speaker at a time.
How do specific expressions change between VC and F2F? We looked
at how the overall behavior changes between the two domains. However, the key
ability of our model is delving deeper — how do specific spatio-temporal patterns
change across the two domains? We aim to answer questions such as ‘How does a
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Fig. 5: Results. We showcase our key findings of domain differences through a de-
tailed report. Left: Each row corresponds to two different examples belonging to a
specific translator cluster (e.g.,"Speaking with a smile"). The top row shows a video
recorded in VC while the bottom row shows the transformed video as if it were F2F.
Right:FacET generates a report for each corresponding cluster showing how each (-
VAE latent varies across the domains. Refer to Fig. [3] to interpret each latent index.
See Sec. @ for detailed explanations. Refer supplementary for full videos.

person’s laugh change between the domains?’. To answer this we extract spatio-
temporal chunks with similar expressions. We posit that since our partitioning
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Fig. 6: Translator cluster analysis. We perform k-means clustering on all pre-
dicted translators of the dataset and perform change-point analysis using them. Right:
An entry [4, j] in the matrix shows the frequency of timestamp changes while going from
cluster j to i. Left: We show two examples of frequently occurring cluster changes
from #1 to #6 (top) and #20 to #9 (bottom). Note that the matrix would have
been a diagonal if changepoint (7) prediction were not needed.

function (G}) segments clips into meaningful chunks and our translation predic-
tor Gy predicts similar translators for similar chunks, clustering parameters of
the translator for a chunk should give meaningful spatio-temporal clusters.

Therefore, we concatenate the w and 7 parameters for each chunk in our
dataset and cluster them using k-means. We use the BIC-score to find the
optimal number of clusters. Many clusters are indeed meaningful. Fig. [5| (left)
shows 2 examples each from 4 such clusters, with expressions such as “speaking
with raised eyebrows” or “head shake”. We translate all VC chunks from a cluster
to F2F and observe the distribution of latents specific to the cluster. This analysis
also results in many key insights. (see supplementary for more such insights)

— Speakers tend to laugh bigger in F2F: This can be observed with the
“Laugh” latent code #8 in the first “speaking with a laugh” cluster. Even
though the peaks of the histogram do not shift by much, we can clearly see
a distribution shift towards a bigger laughter (to the left). Note that a “big-
ger speaker laugh in F2F” is a different observation than “more laughter in
F2F” that we discussed in the previous section. We could not have made this
observation without the analysis of clusters shown in Fig. [f]

— F2F Listeners do less head shakes: This aligns with the previously re-
ported results — people emote more in VC . This is evident both from the
translated faces and the distribution shift of the “Head read steer” code (#9).

How do expressions change temporally? Another important aspect is how
people transition from one expression to the next. Since we are interested in
temporally finer expression changes, we use the model with 7 fixed-size chunks
and obtain translators for individual chunks. We cluster these translators into 20
clusters and visualize common expression transitions. We measure the number
of times a transition happens from one cluster to another in consecutive chunks.
Fig. [6] (right) shows the number of such transitions from one cluster to another.
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Fig. 7: Analysis of Presidents: 2 translator clusters (Left) and the corresponding
FacET reports on the president (Obama and Trump) face dataset.

Using this we can infer the common expression transitions. We show examples
of two frequently occurring transitions in Fig. |§| (left). The first transition is
people switching from listening to speaking while keeping happy expressions.
Similarly, people frequently switch from listening and looking downwards to
speaking neutrally. Since a lot of values are off the diagonal, this also shows that
our model can detect the changes due to the partitioning function G;.

Is FacET generalizable to other tasks? We also apply FacET to a different
task — finding differences between facial expressions of two subjects, presidents
Obama (O) and Trump (T). Since this dataset is smaller, we initialize training
weights of the 8-VAE using the ZoomIn §-VAE. A favorable side-effect is that
the meanings of the latent codes do not change between datasets. However, there
are some small differences due to the dataset distribution (refer supplementary).
Fig. [7] shows histograms of distributions of latent codes when translating from
Trump to Obama, for two clusters. Several observations can be made:

— Trump has a more circular mouth when speaking. This is evident from
the clips from the speaking clusters as well as the left shift of the latent code
#6 distribution from Trump to Obama. Note that this shift is not observable
in the listening cluster. Moreover, the distribution of latent code #6 is spread
out for Trump in both clusters indicating a wider range of horizontal mouth
motion. Both these observations have also been reported in the news .

— Trump raises eyebrows more while listening. Looking at the latent code
#11 we observe that Trump’s eyebrows are more raised when listening in
comparison to Obama and also in comparison to himself while speaking .
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Fig. 8: De-zoomification Given facial keypoints of two people on a VC, FacET gen-
erates translated keypoints simulating a F2F conversation, which are then converted
to pixel-space (Sec. . See supplementary for videos.

4.4 Applications (de-zoomification)

We showed in our results that VC — F2F is more than just changing the eye
gaze or head pose. We call this process de-zoomification, and show that our
method (explained in Sec. can be used to convert an actual conversation
that took place in a VC setting, into a F2F conversation as shown in Fig. [§] We
observe that eye blinks (first frame) and smiles (last frame) in de-zoomed videos
are consistent with the original. The subjects also look more toward each other
in the translated video which makes it feel like a F2F conversation. This is an
exciting application towards making virtual conversations feel life-like.

5 Discussion & Conclusion

Limitations & Future Work. While our method provides detailed and inter-
pretable reports, there is still room for improvement. First, our method relies
on $-VAE for disentangling, which can introduce some noise as true disentan-
glement without imposing priors is hard . However, our method allows easy
swap of B-VAE with better future alternatives. Second, we currently demon-
strate results on human facial keypoints only. While our method is general to
any keypoint data, it is non-trivial to extend our architecture to images.

Conclusion. We addressed the task of discovering spatio-temporal patterns
from unpaired facial keypoint data by presenting FacET, a generative domain
translation method that is interpretable-by-design. FacET pre-computes domain
agnostic, disentangled features, and learns interpretable linear transformations
between domains. FacET can predict temporal change-points that decouple ex-
pression changes from time. Extensive experiments showcase FacET’s ability to
generate informative reports of input-specific spatio-temporal patterns between
domains. Lastly, we apply these learned differences to de-zoom VC videos.
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