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Abstract. Facial expression recognition classifies a face image into one
of several discrete emotional categories. We have a lot of exclusive or non-
exclusive emotional classes to describe the varied and nuancing mean-
ing conveyed by facial expression. However, it is almost impossible to
enumerate all the emotional categories and collect adequate annotated
samples for each category. To this end, we propose a zero-shot learn-
ing framework with multi-label label propagation (Z-ML2P). Z-ML?P is
built on existing multi-class datasets annotated with several basic emo-
tions and it can infer the existence of other new emotion labels via a
learned semantic space. To evaluate the proposed method, we collect a
multi-label FER dataset FaceME. Experimental results on FaceME and
two other FER datasets demonstrate that Z-ML2P framework improves
the state-of-the-art zero-shot learning methods in recognizing both seen
or unseen emotions.

Keywords: Zero-Shot Learning - Facial Expression Recognition - Multi-
Label Classification.

1 Introduction

Facial expression is an important part of human communication. Automatic
facial expression recognition (FER) is a long-standing problem in computer vi-
sion and human-machine interaction. The FER problem is always defined as a
multi-class classification that divides the facial expressions into several discrete
emotional categories. Ekman Paul[8] has proposed six basic emotions: anger,
disgust, fear, happiness, sadness, and surprise. However, they are insufficient to
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Fig. 1. The main idea of the proposed Z-ML?P framework. Z-ML?P embeds the facial
images and all the emotion classes into a shared semantic space. Then, given a test
image, we infer its labels by the proposed multi-label label propagation mechanism.

describe all the facial expressions. Some works extend the list with neutral|28],
contempt[24], fatigue|20], engagement[20]. Other works annotate the facial ex-
pressions as mixtures of the basic emotions[7l22], such as “happily surprise” and
“sadly fear”. Unfortunately, there exist innumerable complex and subtle words
to describe the nuanced emotions. It is prohibitive to gather a complete list of
all emotion classes or collect adequate training samples for each emotion.

To address the issue, we propose a Zero-shot framework with Multi-Label
Label Propagation on semantic space (Z-ML?P). Z-ML?P is built on existing
multi-class datasets annotated with several basic emotions and can generalize to
new emotions according to their relations with the basic emotions. Fig. [I] shows
the main idea of our Z-ML?P framework. It embeds the images and emotion
classes into a shared semantic space. The class embeddings are mapped from
the word vectors of the emotions’ names, which implicitly encode the relation
information between the emotions. The image embeddings are forced to be close
to the embeddings of their belonging classes and similar images. In the end,
a graph is built upon the embeddings to capture the manifold structure of the
semantic space and propagate labels from class embeddings to the image embed-
dings via a proposed Multi-Label Label Propagation (ML?P) mechanism. Our
contributions are summarized as the following.

1. We build a Z-ML?P framework to recognize the unseen emotion categories
of facial images. To our knowledge, it is the first work to address facial
expression recognition with emotions that are unseen during the training.

2. We construct a shared semantic space for facial images and the emotion
classes, and then propose a novel multi-label label propagation (ML2P)
schema that can efficiently infer the seen or unseen emotions of a query
image. Previous label propagation methods require a unlabelled dataset of
new, unseen classes. We successfully remove the requirement.
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3. We collect a Facial expression dataset with Multiple Emotions (FaceME)
to evaluate the Z-ML?P framework. Experimental results on FaceME and
two other multi-label facial expression datasets demonstrate that our Z-
ML?P framework improves the state-of-the-art zero-shot learning methods
in recognizing both seen or unseen emotions.

2 Related Work

This section firstly reviews the recent work in facial expression recognition. Then,
we briefly review zero-shot learning, multi-label learning, and label propagation.
The three fields are technically relevant to the proposed Z-ML2P.

Facial Expression Recognition(FER) Efforts have been made during
the last decades in recognizing facial expressions[TTJTOIGIEI23I33]. Most existing
methods classify the facial expressions into several discrete emotion categories,
either based on hand-crafted features[4IlI8] or using end-to-end deep learning
frameworks [38/37]. Ekman and Friesen proposed 6 basic emotions[§]. Du et al.[7]
proposed 21 emotions as different combinations of the basic emotions. With these
combined emotions, the FER can be solved as either a multi-class[24] or multi-
label[42] classification problem. Meanwhile, some works employ Facial Action
Coding System[d]. It uses a set of specific localized movements of the face, called
Action Units, to encode the facial expression[43J3TJ40]. Some other works use
three contiguous numerical dimensions to encode emotions|[2634].

Zero-Shot Learning (ZSL) ZSL methods are capable of correctly classify
data of new, never-seen classes. Class embedding is the key component to connect
seen classes and unseen classes. One type of representations are human-crafted
attribute[30]. Yet those attributes are hard to obtain for new class as it requires
expert knowledge. An alternative is using the word vectors of the class names,
such as pretrained word vectors via GloVe[32] and Skip-Gram[27] methods, or
learning new word vectors from textual corpus [35/15]. To compare images with
class embeddings, most ZSL methods introduce a semantic space[I9/14I39] where
images and classes are mapped according to their semantic meanings.

Multi-Label (ML) Learning In multi-label learning, each instance can
be assigned with multiple labels simultaneously. Typically, it is addressed from
two approaches: binary relevance and label ranking.[I6] Binary relevance splits a
multi-label task into multiple binary classification problems. Its deficit is failure
to capture class correlation and interdependence. Label ranking is frequently
employed as an alternative, especially in large scale problems[39]. Its objective
is to rank relevant labels ahead of the irrelevant ones thus requires the model
to understand class relations. Thus It has been used in many multi-class ZSL
models[I3IT9TI36]. In this paper, we also employ label ranking method to bridge
multi-class task and multi-label task.

Label Propagation (LP) Label Propagation is a graph-based semi-supervised
algorithm[44]. It builds graphs to model the manifold structure in data and uti-
lize the structure to propagate label from labelled data to the unlabelled ones.
Recent works[I4I21] introduce it into ZSL to propagate label from class repre-
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Fig. 2. (a) The network architecture to learn the semantic space during the training
stage. (b) Diagram of the inference stage in the Z-ML?P framework.

sentations to test images. However, these works require an axillary unlabelled
dataset of the new, unseen classes. It violates with the essential ZSL assumption
that unseen classes are unknown in advance and have no available data.

3 Learning the semantic space

Figure 2| shows the training stage (Fig.[2| (a)) and the inference stage (Fig.[2| (b))
of the proposed zero-shot learning framework with multi-label label propagation
on semantic space (Z-ML2P). At training stage, Z-ML?P learns to embed the
emotion classes and images into a shared semantic space. In the semantic space,
the embeddings of classes must preserve their syntactic and semantic structure.
The embeddings of images must surround those of their relevant classes. During
inference, Z-ML2P projects the seen and unseen classes as well as the training
and test images into the semantic space. It then constructs a graph upon the
embeddings to perform multi-label label propagation(ML2P).

In the rest part of this section, we introduce the details of learning the se-
mantic space. In Sec. [4d]and Sec. [5] we present the inference procedure for unseen
classes and seen classes, respectively.

3.1 Problem Setup

Let C = {“happy”, “sad”, ...} denote the name set of all the classes that are
seen or unseen. Without losing generality, we assume the first s elements are the
seen classes and the rest u elements are unseen classes. ¢ represents the k-th
classin C. S ={1,2,...,s} and U = {s+1,...,s+u} are the index sets of seen
and unseen classes respectively.

The training dataset {x;,V;}_; contains n images labelled with seen classes
Cs. x; € R" is the h-dimensional feature of the i-th image. J; C S is the index
set of the i-th image’s relevant classes. The test dataset {x!, V!}1'*, contains n;
images of both seen and unseen classes. x! is the feature of the i-th test image.
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V! € SUU is the index set of the i-th test image’s relevant classes. The proposed
method is expected to predict whether a test image is relevant to each of the
seen and unseen classes.

3.2 The Learning Architecture

In this section, we introduce the general network structure to learn a shared
semantic space for images and emotion classes. As shown in Figl2la, there are
four important components: feature extraction unit, image mapping function f,
word mapping function g and the ranking loss.

The network takes images and the class names {c1, ca, ..., cs} as inputs. The
feature extraction unit is a CNN network (e.g., residual CNN[I7]) and extracts
feature x; of a given input image. f and g learns to embed the visual feature
x; and the class names into the semantic space. We use ¥ = f(z;) to denote
the embedding of the i-th image and 7§ = g(cx) to denote the embedding of
the k-th class. To ensure {mf} capturing the class relations, they are taken as
the pretrained word vectors of the class names, or transformed word vectors but
with constraints to maintain their original structure.

The ranking loss ensures the image embeddings are close to its relevant
classes and far from its irrelevant classes. It requires that, for every relevant-
irrelevant label pair, a image is embedded closer to its relevant class than the
irrelevant one. The ranking loss is proved to have advantages in capturing class
interdependence[3]. Moreover, ranking loss is applicable to multi-class problems
and enables us to train a multi-label network on the existing multi-class datasets.
There exist many variants of the label ranking loss. Here we present two of the
widely-used formulas: max margin loss L.« and soft margin loss Lgogt:

Linax(Xi, Vi) = i Z Z max (0, A, x_ + Sik_ — Sk, ), (1)
k€Y k_e€S-Y;

Lot (X4, Vi) = oy Z Z log (1 + exp (Sik_ — Sik,)), (2)

ki€Yik_eS-Y;

where ki and k_ are the indices of the image’s relevant and irrelevant classes,
respectively. S; is the similarity between the 7 and 7§, such as the result of
inner product (7¥,7f). Ag,_ in Eq. is the margin between class k. and
k_. It is either predefined or set to 1 for all class pairs. «; is a weight term. By
varying it from 1, weighted loss can be formed. Both the losses force the image
embedding to be closer to its relevant class ky than its irrelevant class k_ for
every (k4,k_) pair.

4 Inference with M L?P for unseen classes

During the test stage, we are given some new classes that are unseen during the
training. Our goal is to predict whether a test image belongs to the unseen classes
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or not. Typical zero-shot learning methods[I3ITI36/4I39I2] classify the image to
its nearest classes in the semantic space. However, the nearest neighbor method
is likely to fail when the embeddings are lying on a non-linear manifold. In the
multi-label label propagation (ML?P) mechanism, we construct a graph to model
the manifold structure of each class.

To fully capture the manifold structure, we need large amount of images to
build the graph. Yet, in zero-shot learning, we have no access to the images la-
belled with unseen classes. In ML2P, the training images are used to estimate the
unseen classes’ manifolds. There are two reasons supporting our method. Firstly,
although un-annotated, the unseen emotions or its resembling expressions are
probable to occur in the training images because emotions are no-exclusive and
highly correlated. Secondly, ML2P benefits from the manifolds of seen classes re-
vealed by the training images. The manifold structure of related seen emotions
embodies valuable information to the unseen classes. If an unseen emotion is not
related to any training images, ML2P has a better estimation of the manifold
shape than the methods with nearest neighbor mechanism.

4.1 Graph Construction

To predict whether a test image x belongs to an unseen class ¢, a directed graph
G(x,¢) = {V,E, W ,r} is constructed. V is the set of vertices, including the
embeddings of the test image, training images and a subset of classes. Each
vertex has a score indicating its relevance to class c¢. Thus the score of class
c is 1 and those of the other classes are 0. The scores of the test image and
training images are unknown and to be inferred. We denote the vertices scores
Vi _ |1

r } , where r; denotes the known scores and r,, denotes the to-
u

be-learned scores. FE is the edge set. The weight on a edge indicates the similarity
of vertices on the two ends. A larger weight indicates two more similar vertices.
W e RIVIXIVI denotes the weight matrix. The weight of edge from vertex j to i
is computed as:

asr € [0,1]

__ exp(ay/T) 3
Z‘p‘;‘l exp(ayp/7) ¥

where o;; is the similarity of the i-th and j-th vertices, measured by inner
product or negative euclidean distance and 7 is a length-scale hyper-parameter.

wij

Vertices of Class Embeddings it is straightforward to include all class em-
beddings in the graph and set the label score of class ¢ to 1 and the other scores
to 0. However, if a synonymous or related class of ¢ is present, setting its score
to 0 will misguide label propagation. To address the issue, we employ a simple
yet effective method: exclude classes from G(x, c) that are semantically-close to
class c. However, for a large class set, identifying those classes itself is cumber-
some. Therefore, we first divide embeddings of all seen and unseen classes into
a few groups via KNN then a selected representative class embedding for each
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Fig. 3. Tllustration of ML?P Graphs. (a) is an example of embeddings in the semantic
space. Triangles are class embeddings. Small blue dots are training image embeddings
and large yellow dots are test images embeddings. (b), (c), (d) demonstrate three graphs
created for different test images and classes. The edge widths represent the magnitude
of edge weights.

group, which can either be a real class embedding or an average of all embed-
dings in the group. This set of representative class, C", are expected to cover
the semantic meaning of most of the classes and it is much easier to find the
semantically-close classes on this smaller set. Finally, class embeddings in G(x, ¢)
is {m.} U {mi|k € C"; k, c is not semantically-close} and the label of class ¢ is 1
and the others’ are 0.

4.2 Multi-label Label Propagation

The multi-label label propagation (ML?P) mechanism propagates labels from
labelled vertices (e.g., vertices of classes) to unlabelled vertices (vertices of unla-
belled images). To achieve it, on graph G(x,c), ML2P estimates the unlabelled
vertices’ scores r,, by minimizing

min 1 Zwij (ri —r;)? (4)
ij

Ti€Ery 2

where r; is i-th element of the r = [r;;r,], denoting the score of i-th vertex
belonging to class c. Eq. has a close-form solution

ry = (I - Wuu)ilwulrl (5)

where r; is the scores of labelled vertices. W,, are the weights of edges be-
tween two unlabeled vertices and W,; are those of edges from labelled ones to
Wi qu}

unlabelled ones. The weight matrix can be rewritten as W =
Wul Wuu

Acceleration To predict the relevance of a test image x to a class ¢, we have to
construct a graph G(x, ¢) and solve Eq.. The inversion of I — W, is hard to
compute, with complexity O(n?). n is the number of training images. To get the
scores of all test images and all classes, the overall complexity is O[n; - (s+u)-n?].
To reduce the computation cost, we propose the following acceleration method.
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We observe that, for a fixed class ¢, the only difference among the graphs
of different test images {G(-,¢)} is the vertex of the test image. The vertices of
embeddings of classes and training images are the same. As the number of those
shared vertices is much larger than 1(the number of test image vertex), it is safe
to assume the scores of training images have little change when the test image
I — Wtr,tr —Wirs

_W;,rtr 1-— Wi 4
and set wy,; = 0, meaning that the label score of test image does not influence
those of training images. Wy, denotes the edge weights between training im-
ages and wy,.; denotes the edge weights between training images and the test
image 7. When the test image changes, I — Wy, 4, remains the same and only
the last row of I — W, is updated. With this property, the score of the test
image can be efficiently obtained by Eq.@ using Bordering Method[12].

changes. Therefore, we decompose the matrix I — W, to

= (1 —w:) Y w W T
Ty = (1 wu) [wz,l,wz,tr] |:rtr:| (6)
\)\%
where r; is the scores of labelled vertices.W,; = [ tqfl] is the edge weights
il

between unlabelled and labelled vertices. ry,. = (I —Wtr’”)_lwtr,lrl is the
label scores of training images. It is the same for all graphs {G(:, ¢)}. Therefore,
for a given class ¢, we only need to compute matrix inversion once to obtain ry,
with complexity O(n?) and share it in all graphs. Given ry,., computing r; only
requires vector product with complexity O(n + s+ u). The overall complexity is
reduced to O[(s +u) - n3 + (s +u) -ng - (n+ s +u).

Beta Normalization ML2P propagates the label scores with respect to multi-
ple classes. The score distributions w.r.t. different classes are often skewed and
of different scales. Therefore, scores w.r.t. different classes are not comparable.
We propose Beta Normalization(BN) to align the ranges of the distributions
and remove the skewness. For each class, we estimate the score distribution as a
Generalized Beta Distribution. Then the test images’ scores are converted from
absolute values to the percentile ranks by the cumulative distribution function.
Mathematically speaking, let ;5 denote the score of the i-th test image w.r.t.
class k. R* € R"*" = [r;;] is the score matrix for all the test images and
unseen classes. r,; is R"’s k-th column, representing all test images’ scores of
belonging to class c;. We assume 7, follows Generalized Beta Distribution[25]
with parameter 0y, as r;; ~ GB(0)). The normalized score r’,; is computed as

iy, = F (rag; 0r) (7)

where F' is the cumulative distribution function. It converts r.. as absolute
values to 1/, as percentile ranks. After the normalization, the distributions of
r’, for all the classes are of same range with little skewness.

To estimate score distribution, adequate amount of data are required. In our
settings of zero-shot learning, only one test image is available at inference time.
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Thus we are not able to directly estimate the score distributions of test data.
Instead, we take the score distributions of training images as an approximation
and learn an approximated 6 on training images then use it in Eq. @

5 Inference with M L?P for Seen Classes

Similar to unseen classes, given a test image x and a seen class ¢, a graph
G (x,c¢) ={V,E,W,r} is built. V includes the embeddings of all training images,
the test image and all seen classes. In contrast to the case of unseen classes,
vertices of classes and training images are all labelled and the test image is the
only unlabelled vertex. As labelled vertices are rich, class exclusion mentioned
in section 4.1 is no longer needed. Then the new close-form solution is

ry = (1— wuu)*lwulrl (8)

which does not involve matrix inversion so the acceleration step is omitted as
well. Collecting 7, for all test images and seen classes, we have R® as the score
matrix for seen classes.

In terms of beta normalization, the distribution parameter 0 cannot be di-
rectly approximated from training images as they are labelled vertices with dis-
crete scores, 0 or 1. To address this issue, we use K-fold method: we divide
training images into K folds and first pretend the images in the first fold are
unlabeled while the others are still labelled, then perform LP to get the label
scores for the first fold. Repeating this process to other folds, we get the label
scores for all training images as if they are unlabeled. In the end, these scores
are utilized to learn 6.

After beta normalization, the normalized score of seen classes, R, is ob-
tained. The final output for all classes R/ = [RS’, R“/] € R x(stu)

6 Experiments

6.1 Datasets

We chose AffectNet Dataset as our training dataset and evaluated our model on
RAF, Emotic and FaceME datasets. The latter is a multi-label dataset collected
by ourselves. AffectNet[28] is a multi-class dataset with 287,618 training images
and 8 basic emotion classes: {neutrality, happiness, sadness, anger, surprise,
fear, disgust, contempt}. These 8 emotions are our seen classes. Please note we
did not have large amount of multi-labelled images for training. Each AffectNet
image only has one of the 8 emotion labels.

RAF[22] is a multi-class dataset containing of a 7-class basic emotion part
and a 12-class compound emotion part. We used the compound label part in
our experiments, where the labels are formed by combining 2 of the 6 Seen
classes: {happy, sad, anger, surprise, fear, disgust}. We regarded the compound
emotion classification problems as a multi-label problem. There are 3956 images
with compound labels.
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Fig. 4. FaceME dataset sample images and label occurrence of the selected
30 labels. Texts aside the images are their labels. The numbers in the parenthesis
denote how many annotators choose that label.

Emotic[20] is a multi-label dataset with 26 emotion labels and images of
people in real environments. Emotions have to be inferred from the context and
in many of the images, faces are covered or invisible. To evaluate our model,
we used a face detector to crop out the faces and got 7134 cropped images in
the end. 20 of the 26 labels are unseen classes and 6 of them are seen classes:
{peace(correspondent to neutral), anger, fear, happiness, sadness, surprise}. It
represents a hard scenario with noisy label.

FaceME is a multi-label facial expression dataset collected by ourselves. It
has 10062 images and 85 labels. The labels not only include emotions, but also
labels about action, health and inward thoughts. Each image is labelled by 3
annotators. In the experiments, we discarded the labels annotated by only one
person. From the 85 labels, we selected out 30 labels for evaluation that are
emotion-related and have adequate amount of images and 7 of them are seen
classes (not including “contempt”). Excluding the images not having the selected
30 labels, there are 9687 images left. In Fig. [d] the label occurrence distribution
and sample images are shown.

6.2 Evaluation Protocol

We evaluated the models from three different aspects: discriminative separation
of relevant and irrelevant labels, intra-class ranking and inter-class ranking.
Separation of relevant and irrelevant labels: it is evaluated by F1.
Given the ground truth labels of a class and predictions for test images, we
computed the Precision rate and Recall rate and the class’s F1 score was the
harmonic average of the two rates. The final F'1 was the average of each class’s F1.
Since label ranking models only predict rank scores, we estimated two additional
thresholds for each model to separate relevant and irrelevant classes, one for seen
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classes and one for unseen classes. We choose F1 instead of accuracy because the
amounts of relevant and irrelevant labels are imbalanced.

Intra-class ranking;: it is evaluated by Mean Average Precision (mAP).
Given a ranked list of images for a certain class, mAP measures the area under
precision-recall curve.

Inter-class ranking: we propose a new metric Ranking F1 (rF1) to nor-
malize the ranking accuracy according to the label imbalance. As the sample
quantities of some frequent labels are much larger than the infrequent ones, if
the accuracy score is not normalized, a model always ranking the frequent labels
on the top of the list can reach a very high score.

Given a image with [ relevant labels, we define a class ¢ as positive if it is
a relevant label and the prediction of ¢ is positive if it is ranked as one of top
[ relevant labels. With these two definitions, the true positive rate and false
positive rate of the rank result can be computed, so as a F1 score, which we
name as Ranking F1. The final rF1 was the average of each class’s rF1.

For each metrics, we reported results under three experiment setups: predic-
tion results for the seen classes only (S), for the unseen classes only (U) and for
all classes (A).

6.3 Implementation of Z-ML?P framework

We implemented three configurations of the framework’s four components intro-
duced in Section They correspond to three state-of-art ZSL models. In all
of configurations, the feature extraction unit and f is the same. g and ranking
loss follow the set-up in the original papers. We briefly introduce them below.

(1)Fast0Tag(F0OT)[39]: It uses Soft Margin Loss and g is a lookup function
which maps the class names to their word vectors.

(2)ALE[L: It uses Weighted Max Margin Loss with the same g as FOT.

(3)SYNCI[]: It uses Structured Max Margin Loss in which margins are
predefined according to class relations and g first maps the class names to the
word vectors then embed them into semantic space (Model Space in [4]) via
phantom classes.

The feature extraction part is an 80-layer residual CNN. It is pretrained
on AffectNet by minimizing cross-entropy loss. The image features {x;} are
its last Conv layer’s output. f is implemented as a single FC layer. It differs
from the set-up in [39T4] only in the number of layers. GloVe vectors used in
g are 300 dimension vectors pretrained on Wikipedia corpus. During training,
the CNN and GloVe vectors are freezed. The other parts of the framework are
optimized w.r.t the ranking losses via SGD on AffectNet. In AffectNet, each
image is assigned to only one class. In ranking loss, this class is treated as a
relevant label and the other classes as irrelevant ones.

For the representative class set of label propagation model, we found using
the 8 basic seen classes is good enough. To estimate the hyperparameters, since
the three datasets are relatively small and many classes have low occurrences,
we did not divide validation and test set. Instead, for seen classes, we split the



12 Z. Lu, J. Zeng, S. Shan, X. Chen

Table 1. Results on RAF dataset.

\SYNC SYNC+LP SYNC+ML?P| FOT FOT+LP FOT+ML?P| ALE ALE+LP ALE+ML?P

mAP | 71.8 73.1 73.1 74.3 75.5 75.5 73.4 758 75.8
rFl | 62.1 63.6 63.6 64.4 63.1 63.9 64.3 63.3 64.0
F1 61.9 64.3 64.3 64.2 63.5 65.0 63.7 64.8 65.8

data via KFold and tuned the hyperparameters on one fold then applied them
onto the others and for unseen classes, we split classes via KFold.

For each configuration, we evaluated the prediction results by network only,
by network and label propagation without beta normalization and by network
and ML2P.

6.4 Experimental Results

The results on RAF, Emotic and FaceME datasets are summarized in Table
, respectively. In the tables, X denotes the result of network of certain
configuration. X+LP denotes the result of network and our label propagation
method without beta normalization. X+ML?P denotes the result of network
and ML2P. It can be observed that our ML?P model gives impressive results on
intra-class, inter-class ranking and relevant-irrelevant label separations and on
both seen and unseen classes.

It is worth noting that our Z-ML?P framework is an efficient method to
address multi-label zero-shot learning and applicable to various real-world tasks
such as image annotation and image retrieval. With our acceleration method,
the inference time is short. On an Intel i7 CPU, computing ry, in Eq.@ takes
0.3s for a seen class and 0.5s for a unseen class. Then it takes only 100us to infer
the labels of a test image.

Evaluations on Seen Classes For seen classes, the ML?P models shows im-
provements on almost all evaluation metrics against their network baselines,
especially on FaceME dataset. It shows, although the networks are directly op-
timized on seen classes, there still exists information that is missed by the net-
work yet captured in the data manifold structure. In terms of rF1 score on RAF
dataset, ML2P is slightly worse than the network baseline. It is caused by in-
comparability of the scores of different classes mentioned in Sec. Compared
to LP method, ML2P mitigates the issue although a small gap remains. The
improvement in mAP and F1 still proves the effectiveness of our algorithm.

Evaluations on Unseen Classes The performance on unseen classes is the
most important aspect of ZSL methods. ML2P substantially outperforms the
network baseline on both FaceME and Emotic datasets and on all metrics. The
improvement in mAP confirms that, without the need of auxiliary data of un-
seen classes, the manifold structure of training images indeed facilitates label
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Table 2. Results on FaceME dataset

|SYNC SYNC+LP SYNC+ML?P|FOT FOT+LP FOT+ML*P|ALE ALE+LP ALE+ML?P

S|46.9 57.3 57.3 50.1 57.2 57.2 149.3 59.0 59.0
mAP|U| 12.1 17.5 17.5 13.0 19.5 19.5 12.5 19.3 19.3
Al 20.2 26.8 26.8 21.6 28.3 28.3 21.1 28.6 28.6
S| 48.8 58.1 65.3 54.8 62.4 67.1 55.4 64.5 67.6
rF1 |U| 9.7 3.6 20.4 114 3.3 19.5 11.2 2.8 20.2
Al 14.1 13.1 27.8 174 128 27.4 17.3 12.9 28.2
S| 39.1 47.7 53.1 46.5 494 53.6 |45.9 51.5 53.6
F1 |U| 13.1 10.6 19.3 15.0 124 21.2 13.6 12.2 19.9
Al 19.2 19.3 27.3 22.3 21.0 28.8 21.1 214 27.8
Table 3. Results on Emotic Dataset
‘SYNC SYNC+LP SYNCJrMLzP‘ FOT FOT+LP FOT+ML?P|ALE ALE+LP ALE+ML?P
S|20.5 21.5 21.5 22.0 224 22.4 (204 21.6 21.6
mAP|U| 10.7 11.5 11.5 11.3 12,5 12.5 11.1 124 12.4
Al 129 13.8 13.8 13.8 14.8 14.8 13.2 13.6 14.6
S|26.5 33.1 37.9 32.4 374 39.0 33.2 375 38.0
rF1 |U| 14.0 4.0 15.5 16.3 4.1 18.1 16.3 4.0 17.5
Al 13.7 8.3 16.9 15.7 9.1 18.6 154 86 18.1
S|17.3 22.7 22.9 18.4 23.2 23.2 18.4 224 22.6
F1 |U| 13.0 12.9 14.4 11.3 11.7 15.1 13.2 95 15.5
Al 14.0 15.1 16.3 13.0 14.4 16.9 14.4 125 17.1

propagation. mAP of LP and ML2P are the same because Beta Normalization
does not change the results of intra-class ranking. rF1 score shows the increase
in inter-class ranking accuracy. ML2P successfully addresses the score incompa-
rability issue of unseen classes.

Effectiveness of Beta Normalization Comparing the results of LP and
ML?2P, we can observe the effectiveness of beta normalization. Although LP has
higher mAP than the network baseline, its rF'1 degrades seriously. It shows the
score incomparability issue again. For the network baseline, the incomparability
exists between seen classes and unseen classes. On Emotic dataset, the rF1 of
networks’ predictions for all classes is lower than either the score of seen classes
only or unseen classes only. Beta normalization resolves the issue by correctly
aligning the score distributions, as shown in the result of ML?P. Moreover, it
helps F1 score as well. Since all unseen classes or seen classes share the same
threshold to separate relevant and irrelevant labels, if the scores are not aligned,
there exists no good universal threshold.
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Fig. 5. Label Score Correlation Coefficient Matrix of ALE configuration on Emotic
Dataset.(a) and (b) plot the matrix of network baseline and ML?P. Darker in color
means lower correlation.

6.5 Detailed Analysis

In this section, we first measured how well a model captures the relations among
classes. We plotted the correlation coefficient of predicted scores between dif-
ferent classes in Fig. [fla and [f|b of ALE configuration on Emotic dataset. On
the correlation matrix of network baseline (Fig. [fla), two bright blocks can be
weakly identified, one for positive emotions and the other for the negative ones.
In contrast, this structure is much more obvious on ML?P’s matrix (Fig. b). It
shows our method have strong capacity for learning class relations and is suitable
for multi-label learning problems.

Due to space limitation, matrix of other configurations and the per-class
mAP scores are presented in supplement. In addition, we showed the framework
is robust to the feature extraction unit by replacing the residual CNN with
VGG-Face network[29]. The results are also included in the supplement.

7 Conclusion

We proposed a novel Zero-shot learning framework with Multi-Label Label Prop-
agation (Z-ML2P) and collect a new Facial expression dataset with Multiple
Emotions (FaceME). Our framework for the first time addresses multi-label zero-
shot FER problem using existing multi-class emotion dataset only and success-
fully adopts label propagation to multi-label task and shows impressive improve-
ment on both seen classes and unseen classes.
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