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Abstract The ability to exhibit appropriate emotions
is crucial for the expressiveness and attractiveness of
facial videos. However, it is difficult to control the
level of emotion, even for experienced actors and
amateur podcasters on social networks. In this study,
we aim to solve the novel problem of semantically
amplifying the emotions of a facial video. This poses
new challenges for effectively editing a sequence of video
frames in terms of face semantics, emotion adaptiveness,
and temporal coherence. Our approach is based on
semantic face editing in the disentangled latent space of
a state-of-the-art StyleGAN model. We presented a new
face dataset with diverse emotions to fine-tune the pre-
trained StyleGAN and improve the expressiveness of its
original emotion-biased latent space. An emotion-editing
subspace was constructed to allow adaptive emotion
amplification while preserving other facial attributes. We
further propose an effective stitching-tuning technique to
ensure temporally coherent video frames. Our work results
in plausible emotion amplification for a wide range of
facial videos. Qualitative and quantitative evaluations
demonstrated the advantages of our method over other
baseline methods. The proposed dataset and research code
will be made publicly available.

Keywords emotion amplification; facial video; semantic
editing

1 Introduction

Facial videos are becoming increasingly popular due
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to rapid advances in social media, especially short-
form video-sharing services (e.g., TikTok, YouTube
Shorts, Instagram Reels), as well as the continuous
development of the TV and film industry. The level
of emotion exhibited is a key factor for facial videos
to be attractive to viewers. However, in practice, this
is difficult to control. Even experienced actors, let
alone amateur podcasters, require several rounds of
action to deliver satisfactory emotion. A common
issue is that video sequences are not sufficiently
emotional because of their relatively close-to-neutral
facial expressions. Therefore, an easy-to-use emotion
amplification method is required to benefit not only
TV and film post-production, but also social media
content creators.

However, emotion amplification of facial videos
poses several technical challenges. First, emotions
are demonstrated through facial expressions, which
are sophisticated facial movements involving almost
all the components of the human face, including the
mouth, eyes, cheeks, and forehead. This requires
facial editing, influencing various facial components
in a semantic manner. Second, the amplification
process must be adaptive to individual frames that
are likely to vary among different emotions. Effective
representation of emotions and their magnitudes is a
worthwhile problem to be solved. Third, the entire
facial video must be edited in a coherent manner to
avoid visible artifacts across frames.

In this study, we devise the first emotion
amplification method for facial videos to address
these challenges (see Fig. 1). Our method is based
on the recent surge in semantic face editing based
on StyleGAN and its follow-ups [1–3]. Although
existing methods such as Refs. [4, 5] allow the
semantic editing of faces with an exceptional level
of fidelity to the original, most of them focus on
single facial images. Ref. [6] attempts to extend prior
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Fig. 1 Our emotion amplification method enables semantic editing of input facial videos, adapting to emotions in individual frames. This
results in more expressive faces with temporal coherence throughout the entire sequence, as shown in the bottom row.

work from single images to video sequences and
achieves plausible results. However, it only allows
editing along a specific direction (for example, smile)
without adapting to emotional variations throughout
a video sequence. We chose a StyleGAN-based
approach, following the method outlined in Ref. [6],
to perform semantic face editing on a video sequence
while addressing the remaining two challenges. To
adaptively amplify the emotions in individual frames,
we created an emotion-editing subspace within the
StyleGAN latent space, enabling a comprehensive and
quantitative representation of different emotions and
their intensities. To overcome the biased emotion
distribution of the original StyleGAN trained on
the FFHQ dataset [1] (mainly neutral and happy
faces from Flickr users), we further propose a new
face dataset comprising 186,553 images collected
from movie trailers with diverse emotions shown
by actors. Fine-tuning StyleGAN with the new
dataset significantly enhances the expressiveness
of the emotion-editing subspace, thus leading to
better emotion amplification results. In addition,
we improved the temporal coherence of the resultant
video using a carefully designed stitching procedure,
avoiding unwanted visual artifacts due to shape and
lightness variations between neighboring frames.

We evaluate our method extensively using a
variety of video sequences collected from films, TV
shows, and cartoons. These sequences contained faces
of varying genders, ages, ethnicity, and emotions.
We also propose specific quantitative metrics to
measure the quality of emotion amplification. Both
the quantitative and qualitative results demonstrate
the advantages of our method over baselines for
generating satisfactory emotion amplification results.

The main contributions of our work are as follows:
First, we present the first emotion amplification
method that can generate consistent, adaptive, and

coherent results throughout an entire video sequence.
Second, we constructed a new Trailer Faces High
Quality (TFHQ) dataset representing a large and
emotionally diverse collection of high-resolution face
images, allowing unbiased emotion editing in the fine-
tuned StyleGAN latent space. Third, we propose
a temporally coherent face-stitching technique that
yields satisfactory results without visible artifacts.

2 Related work

StyleGAN-based face editing. StyleGAN [1]
and its variants [2, 3] have garnered significant
research interest for their capacity to produce high-
quality images within disentangled and semantically
meaningful latent spaces. The versatile nature of
StyleGAN’s intermediate latent space has led to a
wealth of research on effective means of editing and
manipulating this space to enable effective image
editing and manipulation using only a pre-trained
StyleGAN. Typical approaches sought to determine
a semantically meaningful latent-space direction
along which to perform face editing. Supervised
methods use a pretrained classifier for the attribute
of interest to determine how to move in the latent
space to affect changes in the attribute [7–9]. Other
studies explore a variety of unsupervised [10, 11]
and self-supervised [12, 13] methods to determine
potentially interesting latent directions. Recent
advances in highly capable pre-trained multimodal
models (namely, CLIP [14]) have led to a multitude
of efforts to effectively leverage multimodal models
to determine edit directions for almost all arbitrary
attributes specified via text [15–20].

Editing real-world images using StyleGAN requires
a latent representation that can closely reproduce
the original image before the latent manipulation can
be applied. Many methods have been developed
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to perform the task of encoding an image into
the StyleGAN latent space from optimization [2,
21] to training encoder networks [22, 23]. While
the latent space of a pre-trained StyleGAN [21]
can accommodate highly diverse images, it has
been demonstrated that encodings faithful to the
original image often lack editability. Recent work
has shown that fine-tuning or modifying the weights
of a pretrained model is beneficial for maintaining
editability and fidelity [4, 5, 24]. Ref. [25] explores
the channel-wise space of style parameters in
StyleGAN and demonstrated that it is particularly
disentangled and suitable for editing compared to
other intermediate latent spaces. In this study, we
utilized StyleGAN to edit individual facial video
frames. However, we refined the original StyleGAN
latent space to make it less emotion biased for better
emotion amplification.

Video generation/editing using StyleGAN.
Compared to the image domain, StyleGAN-based
video generation and editing has been explored less
frequently. MoCoGAN-HD [26] trains an LSTM-
based generator that can generate a latent motion
trajectory, which is used by the pre-trained StyleGAN
generator to synthesize the content of individual
video frames. StyleVideoGAN [27] embeds training
videos in the StyleGAN latent space and trained
a temporal structure on latent code sequences.
The training process can be based on only one
video, and the generated motion information can
be transferred to different subjects. StyleGAN-V [28]
concatenates motion codes to the constant input
tensor of the StyleGAN generator to generate videos
of arbitrary lengths and frame rates. It requires
temporal data to learn motion information, and only
the first frame can be edited and animated without
semantic editing control of the entire sequence.
PV3D [29] incorporates 3D representations into
StyleGAN structures to generate 3D-aware portrait
videos. Oorloff and Yacoob [30] encoded the identity,
pose, and expressive facial attributes of a video to
facilitate its reenactment. Yao et al. [31] investigated
the manipulation of facial attributes in StyleGAN
latent space for facial video editing. A carefully
designed pipeline was proposed to crop, align, invert,
edit, and paste faces. For face editing, an attribute-
specific latent transformer is trained based on a pre-
trained multi-attribute classifier to reach the target
attribute while preserving other attributes. Tzaban

et al. [6] followed a similar workflow, emphasizing
the preservation of global coherence and preventing
inaccuracies in StyleGAN inversion during the editing
process. Editing is performed directly on each video
frame based on existing image editing tools [7, 15]
without training any modules. Jiang et al. [32]
disentangled the StyleGAN latent space, propagating
face editing from one frame to an entire video
sequence while preserving the original motion, edited
identity, and temporal coherence. While Refs. [6,
31, 32] demonstrate plausible results, they uniformly
applied editing to all frames in the original StyleGAN
latent space. However, this approach falls short of
meeting our requirements for emotion amplification,
which needs to be expressive for various emotions and
adaptive to individual video frames

Image-based emotion analysis. Emotion ana-
lysis is a well-known multimodal problem in which
signals with different modalities (e.g., audio, image,
video, shape, and animation) can be used to
infer the underlying emotion [33, 34]. Emotion
recognition using two-dimensional (2D) images is
an active research topic in the field of computer
vision. Traditional methods primarily use handcrafted
features [35–39] for recognition. With the availability
of large-scale labelled datasets [40–42], deep
learning-based recognition models are preferred
[43–47]. The end-to-end nature of such models
can also enhance image-based face reconstruction
by incorporating emotionalconsistency loss [48]. In
this study, we are more interested in semantically
amplifying emotions than recognizing them. Our
method directly manipulates image content without
fitting/reconstructing a 3D parametric face model,
such as the 3DMM [49] which is complex (we use it
only for evaluation). A recent study that shares a
similar inspiration is Ref. [50], which performed tensor
decomposition in the (emotion-biased) StyleGAN
latent space to obtain editing directions. However,
emotion editing is restricted to the image domain
under one specific editing direction (e.g., happiness or
sadness), whereas our goal is to amplify the emotions
of all facial video frames.

3 Method

Given an input facial video with M frames ({Ii}M
i=1),

our goal is to enhance the emotion of each frame Ii

without introducing temporal artifacts or undesired
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alterations in unrelated attributes such as identity,
pose, and background. Ref. [6] proposes a semantic
facial video editing pipeline based on StyleGAN,
which is able to extract and edit faces along a
specific editing direction in the latent space, and
stitch the edited faces back into the input video
frame. While editing is performed on each frame
separately, the resultant video is of high quality,
owing to the specifically designed encoder for smooth
inversion and the fine-tuned generator that allows
semantic editing across the frame sequence. We
followed this pipeline and contributed to editing
and stitching steps (Fig. 2). Instead of uniformly
editing all the frames using a single editing direction
d, we adaptively amplified the emotions of individual
frames while preserving other attributes. This
relies on an innovative approach that accurately
models the emotion-editing space E (Section 3.1)
and dynamically estimates the editing direction di

within this space for emotion amplification in each
frame Ii (Section 3.2).We also devised an enhanced
stitching technique that eliminates temporal artifacts
and results in coherent video frames (Section 3.3). We
elaborate the technical details of our method as follows.
3.1 Emotion editing space formation

3.1.1 Emotion editing basis
For adaptive and plausible emotion amplification,
we extract a set of basis emotion editing directions
{ei}7

i=1, each designed to enhance one of the seven

prototypical emotions: happiness, sadness, surprise,
fear, disgust, anger, and contempt [42]. We employed
StyleCLIP [15] to extract {ei}7

i=1 as global editing
directions in StyleGAN’s style space S [25] for more
distinctive and disentangled manipulation. As S is
affinely transformed from StyleGAN’s latent space
W+, using learned affine tranformation for each layer
of the generator of StyleGAN, it is trivial to convert
w ∈ W+ into its counterpart s ∈ S. The emotion-
editing space E is then defined as a subspace of S
spanned by all basis editing directions.

However, some of the basis editing directions
extracted from the pre-trained StyleGAN were not
effective in amplifying certain prototypical emotions,
such as disgust and fear (see Fig. 3). We attribute
such effects to the biased nature of StyleGAN latent
space trained on the FFHQ dataset, which mainly
contains neutral and happy faces and lacks samples of
faces with other emotions (see Fig. 4(b)). To mitigate
this problem, we proposed fine-tuning the existing
FFHQ StyleGAN model on a more emotionally varied
facial dataset.
3.1.2 Improving the emotions of StyleGAN
To find a dataset of high-quality facial images
showing a wider range of emotional expressions,
we targeted high-definition movie trailers as the
data source. We collected a large dataset of high-
resolution face images, called TFHQ, with better
coverage of emotions to fine-tune the StyleGAN

Fig. 2 The pipeline of our emotion amplification method for editing facial videos. Given an M -frame input video {Ii}M
i=1, for each frame Ii,

we adopt the approach in Ref. [6] to crop/align facial region ri and invert it into the StyleGAN latent space W+, resulting in its latent code wi.
We synthesize a neutral face wneutral from the whole sequence {wi}M

i=1, and conduct emotion amplification for the i-th frame with the neutral
face in the style space S. Finally, the edited face is further optimized and interpolated using an enhanced stitching-tuning technique to ensure
temporal coherence when stitching back to its original frame.
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Fig. 3 Our method generates more expressive prototypical emotion
editing directions. For the same input face, we show the results based
on the original StyleGAN-FFHQ (left) and our fine-tuned StyleGAN-
TFHQ (right).

Fig. 4 (a) Our fine-tuned StyleGAN-TFHQ model can generate faces
with a much more balanced emotion distribution than the original
StyleGAN-FFHQ model. (b) and (c) show randomly sampled faces
from the original StyleGAN-FFHQ, and our fine-tuned StyleGAN-
TFHQ, respectively.

model. The TFHQ was collected by downloading
all movie trailers and features listed on the Apple
Movie Trailers website as of August 2022. These
15,379 trailers were downloaded at Full HD (1080p)
resolution, amounting to approximately 2 TB/507
h of video. We utilized the pre-trained Yolov5-face
large model [51] for face detection in each frame. Faces
with a bounding box height less than 256 pixels or
a confidence score below 0.5 were excluded. We
filtered and selected the sharpest among similar
consecutive frames, using image similarity measured
with a pre-trained CLIP ViT-B/32 [14] and sharpness
measured with the variance of the Laplacian. Finally,
the images were aligned using the same procedure as
that used for FFHQ [52]. As many of the final images
exhibit undesirable properties such as occlusion,

non-photographic faces, or overlaid text, we further
perform quality filtering by training a classifier on
several hundred subjectively determined “good”/“bad”
example images, and use this to exclude predicted
“bad” images leaving a total of 186,553 images in the
dataset. Examples of the facial images are shown in
Fig. 5. The full dataset is available for download
at https://github.com/ArgentRaider/Emotion_
Amplification_StyleGAN_TFHQ. As demonstrated
by the distribution of the prototypical emotions in
Fig. 4 (detailed in the Electronic Supplementary
Material (ESM)), TFHQ is a more emotion-balanced
dataset than FFHQ.

Using TFHQ, we fine-tuned the original FFHQ
StyleGAN2 model, achieving a Fréchet inception
distance (FID) [53] score of 2.68. This model continues
to generate high-quality face images but is able to
represent a much more diverse set of emotions than
the FFHQ model (see Fig. 4(c)). Then, we extracted
new basis-emotion editing directions in the improved
latent space, as before. Improved basis directions can
better amplify prototypical emotions (in particular,
biased emotions in the original StyleGAN), as shown
in Fig. 3.

3.2 Adaptive emotion amplification

3.2.1 Neutral face generation
To adaptively perform emotion amplification in the
editing space, we first obtain a face with a neutral
expression, called the neutral face. The facial emotion
in one video frame can then be amplified relative to
the neutral face. As the input video clip may lack
a frame with a neutral facial expression, we suggest
synthesizing a neutral face for it.

The basic idea is to construct a neutral face
subspace W̄+ in the StyleGAN latent space W+
and use W̄+ to filter out non-neutral expression

Fig. 5 Randomly selected samples from the TFHQ dataset.
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components. To achieve this, we first collected
1000 images (randomly generated by the fine-tuned
StyleGAN-TFHQ model) containing a neutral facial
expression, as judged by an off-the-shelf emotion
classifier [54]. We then used e4e [55] to encode these
images in the W+ space. To construct the neutral
face subspace W̄+, we calculated the mean w̄ of these
images and extracted the first 50 basis vectors for
each layer using principal component analysis (PCA)
for each layer. For a given video, we employ e4e to
encode all frames and calculate their mean w̄video,
representing the average facial expressions across all
input frames. To filter out the non-neutral expression
of w̄video, we project it onto the neutral face subspace
W̄+. This is done by first computing the offset vector
∆w = w̄video−w̄, and then projecting this offset using
the PCA basis of W̄+, resulting in ∆w′. The final
neutral face wneutral for the input video in W̄+ is
computed as Eq. (1):

wneutral = w̄ + ∆w′ (1)
Figure 6 presents examples of generating a neutral
face from an input facial video.
3.2.2 Facial emotion amplification
Now, we can amplify the facial emotions of individual
video frames according to the neutral face wneutral
and its counterpart sneutral in style space S. For the

Fig. 6 Example neutral faces generated from input facial videos.

face region ri extracted from the ith video frame,
we first use e4e to obtain its position si in the style
space. Then, as shown in Fig. 7, we project the
offset vector ∆si = si − sneutral onto the emotion-
editing subspace E , resulting in an adaptive emotion-
amplification direction di. The projection procedure
is described as Eqs. (2) and (3):

e∗j =


ej

||ej || , j = 1
ej−
∑k=j−1

k=1
ej ·e∗

k

||ej−
∑k=j−1

k=1
ej ·e∗

k
||
, j > 1

(2)

di =
7∑

j=1
∆si · e∗j (3)

Finally, the emotion amplification result is obtained
as

s′i = si + αdi (4)

where α denotes the amplification magnitude. The
final edited image is synthesized in the style space
of StyleGAN-TFHQ. Figure 8 displays emotion
amplification results for various magnitudes on
sampled video frames.

3.3 Temporally-coherent stitching tuning

Following Ref. [6] (STIT), the edited face must be
injected back into the original video frame as the
final step in our pipeline. Instead of performing
direct Poisson blending [31], which are prone to
inconsistencies around the face border, Ref. [6]
proposed a stitching tuning technique. This method
involves a brief fine-tuning of the face generator to
restore the original boundary and preserve the edited
face, resulting in visually appealing video frames
after stitching. However, as shown in Fig. 9 (middle
column), the temporal coherence of the video frames
can still be affected, resulting in unwanted artifacts,
such as shape/lightness flickering across frames. This
is because neighboring frames are achieved separately
based on irrelevant generators because fine-tuning is
performed on a per-frame basis.

Fig. 7 Amplification stage. The offset latent vector between each frame and the neutral frame is amplified in the emotion subspace.
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Fig. 8 Sampled frames from three facial videos were amplified using
our method with different magnitude α.

Fig. 9 Comparison between previous stitching tuning (STIT) [6]
and ours. Given two neighboring frames in the left column, (a) and
(b) demonstrate typical artifacts such as shape flickering (unwanted
shape profile change) and lightness flickering (big color difference)
artifacts caused by the former, while our work can ensure temporally
coherent results in the right column. See the demo video for better
visual effects.

To address this, we propose a temporally-coherent
stitching tuning technique that fine-tunes the
generator across neighboring frames, rather than
using only one frame. This helps improve temporal
coherence, as the generators are now temporally
correlated by training with shared frames along
the timeline. In this manner, one frame can be
involved in training multiple generators (the number
is determined by the neighborhood size). The final

stitching result per frame was then obtained by
interpolating the optimized results from all relevant
generators of that frame, as shown in Fig. 10. In
practice, a small neighborhood size that equals 1 (i.e.,
only the current frame and its two adjacent frames are
used for fine-tuning) can achieve satisfactory results,
as shown in Fig. 9 (right).

A more straightforward approach involves tuning
the generator for all the frames simultaneously.
However, we observed significant losses in image
sharpness and detail when applying this tuning
approach to a long video sequence (see Fig. 11).
This is attributed to the limited expressiveness of
the generator of StyleGAN2.

3.4 Implementation details

Our experiments were conducted based on
StyleGAN2 [2] which we refer to as StyleGAN
in this study for simplicity. We fine-tuned the
StyleGAN-FFHQ model for a further two million
images on TFHQ and used the same hyperparameters
as the original model for fine-tuning. Based on
StyleGAN-TFHQ, we trained an e4e encoder for the
GAN inversion using the same hyperparameters as

Fig. 10 Stitching tuning stage: To uphold temporal coherence
and retain image details, we fine-tune the generator using a limited
set of adjacent frames and interpolate the results from the relevant
generators for each frame.
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Fig. 11 Comparison between stitch-tuning all frames simultaneously
and our approach. (a) and (b) demonstrate significant losses in
sharpness and details of the image caused by the former, while our
approach can maintain details during tuning.

Ref. [55]. More training and implementation details
can be found in the ESM.

We referred to StyleCLIP [15] for retrieving
the global emotion directions. When retrieving
a global direction, StyleCLIP requires a text
prompt to describe the neutral class and another
prompt to indicate the attribute of the direction.
In our experiments, we use “face” as the text
prompt for the neutral class, and use “happy
face”, “sad face”, “surprised face”, “terrified face”,
“disgusted face”, “angry face”, and “contemptuous

face” for retrieving the global directions of different
prototypical emotions.

4 Evaluation

In this section, we evaluate our work extensively.
We first present the results for a variety of facial
video sequences with different genders, emotions,
background environments, etc. Then, we present
qualitative and quantitative comparisons with
baselines to demonstrate the superiority of our
method. The test video sequences were either adopted
from Ref. [6] or collected from YouTube. To clearly
demonstrate the emotion amplification effects, we
show only the face and its surrounding area after
stitching back the facial region; the corresponding
full video frames can be found in the ESM.
4.1 Results

Figures 1 and 12 show the final results of our study
based on StyleGAN-TFHQ. Additional results can be
found in supplemental documents and videos. Our
method can handle challenging cases with diverse
emotions across different videos and even within a
single video. Emotions can be amplified without
introducing visible artifacts. Other attributes, such
as face pose, identity, skin color, hairstyle, and

Fig. 12 Emotion amplification results on real facial videos using our method. For each test case, the first row shows sampled frames from
the original video, while the second row shows the corresponding frames after emotion amplification. Our method can generate natural and
plausible amplification results that can potentially be used for post-production.
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background details, can be preserved. Interestingly,
by specifying the magnitude of negative emotion
amplification α in Eq. (4) as shown in Fig. 8, our
method can achieve emotion suppression (see also
the video demonstration). The computational costs
of each stage of the proposed method are listed in
Table 1.

4.2 Comparisons

4.2.1 Setup
As there has been no prior work on emotion
amplification of facial videos, we compared our
results with two baseline methods. The first baseline
(Baseline-1) magnifies the face latent code wi of
the ith video frame as w′i = wi + β(wi − wneutral),
where wneutral is the latent code of the neutral face
generated in Section 3.2.1. Note that we magnify
only wi in the middle layers (5 − 10) of the W+
latent space, and these layers are the most relevant
to the facial expression, whereas the lower (1 − 4)
and higher layers (11 − 18) can easily affect the
global attributes (e.g., face pose) and local attributes
(e.g., face texture), respectively. The second baseline
(Baseline-2) follows the same pipeline as our method
but in the original StyleGAN-FFHQ latent space.
Our method is based on the proposed StyleGAN-
TFHQ fine-tuned using the TFHQ dataset. For a
fair comparison between different methods, we fix the
editing parameter α at 2.0 for both Baseline-2 and
our method, ensuring consistent editing with only the
latent space varying. For Baseline-1, we set β to 1.5,
aligning the expression magnitudes with Baseline-2
and our method. To mitigate depth ambiguity, we
utilize a 3D face reconstruction tool based on the
FLAME parametric face model [48] for the resulting
video sequence.
4.2.2 Qualitative results
Figures 13 and 14 present qualitative comparisons
between the proposed and baseline methods. Baseline-
1 produces enormous artifacts during amplification,
as editing is simply performed on the truncated

Table 1 Computational costs of 3 stages of our method for editing
a video with 200 frames on NVIDIA GeForce RTX 3090 Ti

Stage Time

Encoder-based PTI 15 min
Adaptive emotion amplification 20 ms

Temporally-coherent stitching tuning 19 min

latent space, which can easily cause shape distortion
and identity changes under the same amplification
magnitude. Because of the limited capacity of the
original StyleGAN to represent other emotions, such
as sadness, Baseline-2 yields unnaturally oversized
mouths with non-negligible artifacts on the teeth,
as highlighted in Fig. 13. Furthermore, Baseline-
2 can introduce other unexpected changes during
amplification such as the inconsistent gaze directions
shown in Fig. 14 (gazes are clearly shifted in the
first, fourth, and fifth columns). To further validate
the limited emotion representation capability of the
original StyleGAN, we conducted an experiment that
amplified the emotions of the entire video in a single

Fig. 13 Our method generates plausible emotion amplification results
without artifacts introduced by baseline methods, such as visible face
distortions and identity changes of Baseline-1, and oversized mouth
and teeth artifacts (highlighted in the red boxes) of Baseline-2.

Fig. 14 Our method results in more faithful amplification without
unwanted changes of distorted face shape and texture as in Baseline-1,
and eye gaze shifts of Baseline-2 (columns 1, 4, 5).
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direction (e.g., fear and anger). The results in Fig. 15
clearly shows that our method based on StyleGAN-
TFHQ can effectively perform amplification along the
underrepresented emotion directions in StyleGAN,
whereas the amplification by Baseline-2 along these
directions is quite subtle.
4.2.3 Quantitative results
We also quantitatively measured the quality of
emotion amplification using our method and the
baseline methods. We expect that high-quality
emotion amplification results should edit facial
expressions such that the correct prototypical
emotions (happiness, sadness, surprise, fear, anger,
disgust, and contempt) are more prominent in the
resultant video frame. We also expected facial identity
to remain consistent after editing. To validate this,
we propose the following new metrics.
• EM-Con. This metric measures the prototypical

emotion consistency between the original video
frame and the resultant video frame. It is defined
as the percentage of frames where the prototypical
emotion is unchanged. We employ an off-the-shelf
emotion classifier [54] to estimate the prototypical
emotion based on the classification probability.

Fig. 15 Our method based on StyleGAN-TFHQ results in more
expressive emotion editing directions compared with the original
StyleGAN trained on FFHQ. The emotions under-represented in
FFHQ such as fear and anger can be more effectively amplified.

We expect that the editing process can magnify
prototypical emotions in the right direction but
not introduce other biased emotions.

• EM-New. This metric evaluates how many
prototypical emotions are introduced from the
neutral video frames after editing. We expect
more non-neutral frames to be generated after
emotion amplification.

• EM-Ratio. It measures how effectively the
emotion is amplified by computing the ratio of
the prototypical emotion probabilities before and
after editing. We expect that the higher the ratio,
the more effective the amplification is.

• ID-Sim: This metric evaluates the identity
consistency before and after amplification based
on an off-the-shelf facial identity detection
network [56]. A higher score leads to better
identity preservation.

Table 2 presents quantitative comparisons between
the proposed and baseline methods. Our method is
consistently better across all metrics compared with
baseline methods. This confirms that our method can
effectively magnify emotions, as expected. Baseline-1
has the lowest EM-Con and EM-Ratio because editing
is performed in the middle layers of the W+ space.
While some amplification effects are noticeable in the
results, they are not well disentangled from other
attributes. This lack of disentanglement can result in
unexpected changes and distortions, although it may
incidentally make more faces appear non-neutral (see
EM-New). Baseline-2 achieved more accurate results
than Baseline-1 according to EM-Con and EM-Ratio.
However, because of the use of an emotion-biased
latent space, the amplification was not as effective as
ours, given the worse scores under all metrics.
4.2.4 Stitching-tuning method
We also quantitatively validated the effectiveness of
our temporally coherent stitching-tuning technique.
We measured the temporal coherence between two
neighboring frames based on the flow warping error
as [57, 58]:

Table 2 Quantitative comparisons between our method and two
baseline methods

Method EM-Con ↑ EM-New ↑ EM-Ratio ↑ ID-Sim ↑

Baseline-1 53.6% 48.3% 0.776 0.6381

Baseline-2 66.0% 43.5% 0.959 0.8803

Ours 75.4% 51.3% 1.063 0.8892
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Ewarp(Ii, Ii+1) = 1∑N
p=1 M

(p)
i

N∑
p=1

M
(p)
i

∥∥∥I(p)
i − Î(p)

i+1

∥∥∥
1

where Mi ∈ [0, 1] is the mask for stitching the edited
face, N is the number of pixels, M (p)

i represents the
pth pixel of Mi, and Îi+1 is the frame Ii+1 warped
by the optical flow Fi⇒i+1. The temporal coherence
of the resulting video was defined as the average
error of all the frames. We also measured relative
temporal coherence with respect to the original video.
Table 3 shows that our method results in better
temporal coherence than the previous per-frame-
based technique.

We further measured the sharpness preservation of
the edited results using the cumulative probability
of blur detection (CPBD) [59]. A higher CPBD
score indicates fewer blurs detected, that is higher
sharpness. The final score was calculated by dividing
the CPBD score of each edited frame by that of the
original frame. Table 4 shows the scores of STIT’s
tuning method, the approach of tuning all frames
simultaneously, and our approach. Our approach
remarkably surpasses the all-frame approach and is
slightly better than STIT.

4.3 Discussion

While our emotion amplification method works well
on a range of facial videos with different prototypical
emotions, it does not resolve the inherent limitations
shared with existing works due to using the same
StyleGAN2-based face editing approach, such as
the “texture sticking” effect. The development of
StyleGAN3 and its inversion techniques [60] would
provide opportunities to further improve the results.
Furthermore, since we adopt the same pipeline
as in Ref. [6], challenging scenarios may cause

Table 3 Quantitative comparisons on temporal coherency between
our stitching tuning method and STIT’s stitching tuning method

Method Warping error ↓ Relative error ↓

STIT 0.3533 100.83%
Ours 0.3517 100.21%

Table 4 Quantitative comparisons on sharpness preservation between
STIT’s stitching tuning, tuning all frames simultaneously, and our
stitching tuning method

Method Sharpness preservation ↑

STIT 91.56%
All-frame 85.06%

Ours 92.94%

faces in shadows and/or under occlusions to be
inaccurately cropped from the original video frame,
resulting in unexpected editing outcomes. In our
implementation, we excluded such frames from
the evaluations; however, manually selecting the
correct facial regions for amplification would benefit
downstream applications in practice. In addition,
the evaluation of emotion amplification is challenging
because no ground truth is available for comparison.
We proposed several new emotion-related quantitative
metrics based on off-the-shelf emotion analysis tools.
A better evaluation of these results requires further
exploration.

5 Conclusions

In this study, we addressed the new problem of
naturally amplifying the emotions of a facial video
sequence. Unlike previous studies, where editing
was often performed along a fixed semantic editing
direction, our amplification was adaptively performed
in the StyleGAN latent space. To ensure the
quality of emotion amplification while preserving
other attributes, we propose a carefully designed
method that specifically edits faces in an emotion-
editing subspace. This is achieved by extracting
more effective editing directions associated with
prototypical emotions through a fine-tuned StyleGAN
whose latent space is less emotion-biased. Fine-
tuning was based on a more emotion-balanced dataset
TFHQ collected from online movie trailers with
more diverse and expressive emotions from actors.
Our proposed stitching tuning technique further
ensures the temporal coherence of the resultant video.
Both qualitative and quantitative evaluations using
real video sequences demonstrated the capability of
our method and its potential application in videos
postproduction. In the future, we hope to make
further improvements suited to natural and realistic
video editing rather than applying methods for still
images to video sequences.
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