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ABSTRACT

Facial action units (AUs), as defined in the Facial Action Coding
System (FACS), have received significant research interest owing
to their diverse range of applications in facial state analysis. Cur-
rent mainstream FAU recognition models have a notable limitation,
i.e., focusing only on the accuracy of AU recognition and over-
looking explanations of corresponding AU states. In this paper, we
propose an end-to-end Vision-Language joint learning network for
explainable FAU recognition (termed VL-FAU), which aims to re-
inforce AU representation capability and language interpretability
through the integration of joint multimodal tasks. Specifically, VL-
FAU brings together language models to generate fine-grained lo-
cal muscle descriptions and distinguishable global face description
when optimising FAU recognition. Through this, the global facial
representation and its local AU representations will achieve higher
distinguishability among different AUs and different subjects. In ad-
dition, multi-level AU representation learning is utilised to improve
AU individual attention-aware representation capabilities based on
multi-scale combined facial stem feature. Extensive experiments on
DISFA and BP4D AU datasets show that the proposed approach
achieves superior performance over the state-of-the-art methods on
most of the metrics. In addition, compared with mainstream FAU
recognition methods, VL-FAU can provide local- and global-level
interpretability language descriptions with the AUs’ predictions.

CCS CONCEPTS

» Computing methodologies — Image representations; Biometrics.

KEYWORDS

Facial action unit recognition, Explainable facial AU recognition,
Vision-language joint learning

1 INTRODUCTION

Recognized as a fundamental research challenge by the Facial Ac-
tion Coding System (FACS) [5], facial action unit (FAU) recognition
holds significance for analyzing facial states, including facial expres-
sion analysis [3], diagnosing mental health issues [32], detecting
deception [6], and more. As a result, this area of study has gained
increasing interest in recent years.

Early works [20, 42] design hand-crafted features based on the in-
herent characteristics of facial muscle movements to determine FAU
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Figure 1: Comparative analysis of FAU recognition paradigms
is shown between conventional methods and our VL-FAU model.
While the mainstream methods provide direct predictions of
AU activation states (orange stream), the VL-FAU model not
only offers activation predictions but also provides detailed local
and global descriptions of the corresponding AUs in natural
language.

states. However, hand-crafted shallow features prove inadequate to
address the major challenges of FAU recognition, i.e. identifying
subtle facial changes induced by different AUs, as well as variations
stemming from individual physiology. Instead, deep learning based
studies [22, 26, 28, 35] have recently been explored to improve the
AU representations as a multi-label classification problem, where
the AU individual characteristics are adequately learned to boost the
FAU recognition. Therefore, improving the individual AU represen-
tation becomes the key to boosting the FAU recognition task. The
main challenge is how to maintain discriminative inter-AU features
while ensuring rich semantic representation capabilities within AUs.
To enhance the individual representation of each AU, mainstream
studies [8, 16, 26, 35-39] adopt a multi-branch AU recognition
framework with independent classifiers to decouple different AUs.
For instance, JAA-Net [34] proposes a face alignment network that
predefines local muscle regions for various AUs using detected land-
marks. It then refines all AU region representations through multiple
independent convolutional networks dedicated to different AU clas-
sifications. The predetermined AU local regions and their feature
representations establish explicit and distinct branches for conveying
information essential for recognizing different AU states. However,
they overlook the pertinent information originating from undefined
facial areas. Therefore, ARR [37] is proposed to directly leverage
a shared global face feature to explore the local AU representa-
tions by subsequent independent convolution blocks in different AU
branches, covering the whole face information. However, recent
studies [7, 16, 23] suggest that the above methods fail to capture
intrinsic relationships between independent AU branches, which are
actually undeniable [5]. To this end, some works [2, 7, 8, 16, 23]
propose to build relationships between predefined AU branches by
prior relationship statistics in datasets or implicit relationship reason-
ing in the modelling networks, such as Long Short-Term Memory
network (LSTM) [9], graph convolutional network (GCN)), efc.
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Despite such progress, two prevalent defects remain unexplored:
(i) improving the representation capability of individual AUs through
inter-AU relational connections may compromise the distinctiveness
of features among AUs, and (ii) directly obtaining classification
results lacks an explainable basis for judgments. The main reason for
the former is that inter-AU information based relationship reasoning
networks, such as GCN [16, 38] or GNN [7] efc., are prone to
the over-smoothing problem [33] among the different AU nodes,
especially on small-scale face datasets. This makes differentiating
the AU states difficult. The latter issue is caused by the current
mainstream paradigm as shown in Figure 1, which only focuses on
the classification results and ignores the corresponding explanations.

In this work, we bring fresh insights toward explainable facial
AU recognition via the integration of language generation supervi-
sors within an end-to-end FAU recognition network. We argue that
detailed AU language descriptions, such as “The corners of the lips
are markedly raised and angled up obliquely. The nasolabial furrow
has deepened ..." for activated AU12 (Lip Corner Puller) in Figure 1,
can provide more linguistic semantics and relations to corresponding
AU appearance features than mainstream relational reasoning meth-
ods [7, 16, 26]. Furthermore, different AUs correspond to different
descriptions, keeping them better distinguishable. Different from
encoding pre-provided activated AU language descriptions into AU
classification in [46], we introduce the language generation model as
language semantic supervision for the classification of different AU
states. It can provide AU prediction with the explainable language
descriptions as Figure 1 while providing sufficient semantic to enrich
AU representations and supervising the AU detection pertinently to
distinguish AU.

Motivated by the above insights, we propose a novel end-to-end
vision-language joint learning model (termed VL-FAU) for facial
AU detection with explainable language generation. Compared with
the mainstream complex methods in Figure 1, our main innovations
lie in two aspects: (i) exploring the potential of joint language gen-
eration auxiliary training for intra-AU semantic enhancement and
inter-AU semantic feature differentiation and (ii) providing inter-
pretability for end-to-end FAU recognition. Specifically, we first
introduce a new dual-level AU feature refinement based on multi-
scale combined representations from a vision backbone. This way,
we provide each AU branch with a unique attention-aware repre-
sentation ability. Secondly, to improve the semantics and guarantee
the distinguishability of AU features as well as their interpretability,
we integrate the end-to-end multi-branch framework with the local
and global language generations for explicit semantic guidance. On
one hand, each local branch of AU recognition is simultaneously
supervised by a corresponding local language generator via fine-
grained semantic-supervised optimization. Such schema constrains
the semantics and relationships of AU features by local language
modeling and improves the inter-branch distinguishability for each
face image. On the other hand, global facial features within and
between subjects are difficult to distinguish because muscle changes
are mostly subtle under different states. To this end, we introduce
a global language model to generate a description focusing on all
activated muscles as global semantic supervision. It provides better
distinction between different whole-face representations within and
between subjects via multiple facial state foci as shown in Figure 1.
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Finally, vision AU recognition and language description generation
are jointly optimized.
The contributions of this work are as follows:

e We propose a novel end-to-end vision-language joint learn-
ing scheme for explainable FAU recognition (VL-FAU),
which leverages auxiliary training of language generators to
improve discrimination and explanation for FAU recogni-
tion.

e We design a new dual-level AU representation learning
method based on the multi-scaled facial representation for
AU branches, which provides stronger attention-aware AU
representation ability;

e We design a novel joint supervision method with local and
global language generations for FAU recognition. In such
schema, the local language generation provides explicit se-
mantic supervision of each independent AU branch, thereby
improving inter-AU discriminability and intra-AU detailed
semantics, while the global language model maintains the
global distinguishability of different facial states within and
between subjects.

o We extend FAU datasets with new local and global language
descriptions for different facial muscle states to facilitate
language-interpretable FAU recognition.

We conduct extensive experiments on two widely used benchmarks,
i.e., BP4D and DISFA, to evaluate the proposed VL-FAU model.
VL-FAU outperforms state-of-the-art approaches in AU recognition
and provides detailed language descriptions of the individual AU
decision and global face state for explanations.

2 RELATED WORK

Facial AU Recognition. The facial AU recognition task is popularly
treated as a multi-label classification problem, utilizing multi-branch
independent AU classifiers to predict activation states. From this per-
spective, most existing methods can be roughly categorized into two
groups: region-localization based AU recognition [1, 7, 8, 34, 35, 49]
and global-refinement based AU recognition [12, 16, 25, 38, 39].
The former methods represent precise AU representations by lo-
cal patch feature learning and maintain certain differences between
different AU features. For instance, in some early works [41, 48],
there is a need to predefine the patch location first. Recent JAA-
Net [34] joined AU recognition and face alignment in a unified
framework, employing detected landmarks to locate specific AU
regions. However, all the above methods focused only on indepen-
dent regions, without considering non-defined face areas and AU
correlations. The latter global-refinement based methods extract AU
branch features by directly refining the global face representation
to ensure that useful information is not lost. For example, [12] pro-
posed a transformer-based multi-branch AU recognition network,
where each branch leverages a shared global face representation and
refines it by independent convolution layers. Similarly, the correla-
tions between AUs are also ignored. Recent works [7, 8, 16, 26, 38]
pay attention to capturing the relations among AUs for modeling the
inherent muscle linkages, supplying information transfers between
AU branches. For instance, [16, 23] utilized multiple GCNs to model
AU relations, requiring additional pre-statistical AU correlation ref-
erences from the training set. However, this inter-branch information
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Figure 2: The overall end-to-end architecture of the proposed VL-FAU for explainable facial AU recognition. Given one face image, the
multi-scale combined facial representation is extracted based on a pre-trained Swin-Transformer. VL-FAU is based on the multi-branch
network containing multiple independent AU recognition branches as well as a global language generation branch. Each independent
AU recognition branch owns a dual-level AU individual refinement module (DAIR) for individual AU attention-aware mining and a
local AU language generation module for explicit semantic auxiliary supervision to improve the inter-AU distinguishability. A global
language generation based on the multi-scale facial representation is leveraged to preserve shared stem feature diversity via multiple
facial state foci. Finally, the multi-branch AU refined representations are stacked for multi-label classification with local and global

language auxiliary supervisions (best viewed in color).

interaction somewhat breaks the original categorical independence
between branches, which in turn weakens the discriminability of AU
individuals. Moreover, all the above methods are flawed regarding
explainable FAU recognition.

Multi-task Joint Learning. Recently, multi-task joint learning
[8, 11, 31, 50] has been an emerging topic in deep learning research,
which enables the same target to efficiently obtain multiple repre-
sentation capabilities in a unified model. For example, [35] joined
face alignment into a facial AU recognition framework to assist in
locating the muscles corresponding to AUs. [31] combined four face
tasks into a unified framework and assigned an attention module
for each face analysis subnet. However, these methods only focus
on computer vision tasks and ignore the modality complementary
advantages of multiple modality-task joint learning, i.e. interpretabil-
ity complementarity and semantic complementarity. For example,
[13] proposed a joint multi-modal aspect-sentiment analysis with
auxiliary cross-modal relation detection, which can provide image
sentiment predictions with explicit language explanations. However,
most visual-language joint learning models [11, 13, 50] rely on the
joint input of both modalities during the inference process.

In this paper, we argue that explicit language can facilitate the
modeling of inter-AU relevance and diversity. Each AU description
can include muscle details and relationship descriptions identified
by AU, which not only replace the visual relational reasoning among
AUs, but also ensure the independence of AUs to improve distin-
guishability. The most relevant research to ours is SEV-Net [46],
which introduced AU language descriptions as a prior embedding
into AU representations. However, significant drawbacks are that
SEV-Net relied on the human pre-given language descriptions of

activated AUs for inference and followed the mainstream AU recog-
nition paradigm in Figure 1 for only AU prediction. In contrast to
[46], our VL-FAU introduces language generation auxiliary mod-
els for local AU prediction and global face refinement. It focuses
on end-to-end language-explainable facial-image AU recognition
without any pre-given reference for inference.

3 APPROACH

As shown in Fig. 2, the proposed approach —VL-FAU- consists of
two key components, i.e., multi-level AU representation learning,
and local and global auxiliary language generation. The former con-
tains dual-level AU individual refinement for multi-branch FAU
recognition based on multi-scale feature combinations from Swin-
Transformer. The latter consists of local AU language generation,
which facilitates semantic supervision of each AU and global fa-
cial language generation for whole-face semantic supervision. Both
of these can help AU representations become more robust and dis-
tinguishable, thus improving the performance. Thus, we create an
end-to-end framework with a multi-label classifier for explainable
FAU recognition, supervised with local and global AU language
generation auxiliaries.

3.1 Multi-level AU Representation Learning

3.1.1 Global Facial Representation Extraction. Given a face
image I, we adapt the widely-used Swin-Transformer as the stem
network [24] to extract the global feature V by combining the multi-
scale representations from different stages. Multi-scale feature learn-
ing and combination [16, 29-31] is a popular image representation
approach to leverage different levels of semantics from the back-
bone, where the low-level features from shallow blocks contain more
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texture information and the deeper blocks contain high-level seman-
tics. In the work, we follow this strategy (multi-scale combination
— MSC) to represent the global face image, which contains 4 inde-
pendent 3x3 convolutions to learn and reshape the representations
(VS, VZS, V3s, V45 ) from different stem stages. After that, four-level
feature maps are combined as the global facial representation V by a
learnable Linear layer. The above process can be formulated as:

V =W™([Conv(V}) : Conv(Vy) : Conv(Vy) : Conv(V))]), (1)

where [: :] means the concatenation operation, W™ RP*4 ig map-

ping parameter and Conv means 3x3 convolution. For simplicity, we
will not repeat the detailed structure of the stem Swin-Transformer
network [24] here.

3.1.2 Dual-level AU Individual Refinement. Multi-branch net-
work is a good way to learn the rich and fine-grained individual
facial AU representation for the final classification. In this paper,
we propose a new multi-branch dual-level AU individual refinement
(termed DAIR) for the final attention-aware AU representations. As
shown at the top of Figure 2, each DAIR in each branch contains
two levels of attention learning, i.e. channel-level and spatial-level,
which employs two pooling strategies [21, 40]. While existing re-
search from both perspectives is extensive [7, 25, 31, 44], this study
represents the first adaptation within independent FAU branches for
enhancing the independent fine-grained attention-aware AU repre-
sentations rather than coarse-grained global representation. Specifi-
cally, following [44], we extract the max-pooled and average-pooled
channel-level vectors (F§,,, and Fgug) along the spatial axis for
channel-wise attention mining. After that, two shared learnable multi-
layer perceptrons (MLP) are used to obtain the mapping of channel-
wise vectors and then a sigmoid function is applied to get the i-th
individual AU-channel attention. Similarly, we later extract the max-
pooled and average-pooled spatial-level vectors (Fpqy and Fgyg)
along the channel axis for spatial-wise attention mining. We utilise a
3%3 convolution to generate a spatial attention map, which focuses
on highly responsive muscle areas associated with the current AU.
Finally, the i-th individual AU attention-aware representation V; can
be obtained as below:

Vi = 0(MLP(Fp,4y) + MLP(Fgy)))V, )

Vi = Conv([Fax : FaugD)Vi 3)

where ¢ is the sigmoid function.

3.2 Auxiliary Supervision with Local and Global
Language Generation

In addition to improving AU individual representations in multiple
AU branches, our main innovation is to provide a new approach
and inspiration for explainable FAU recognition, i.e., joint auxil-
iary language generation for FAU recognition, rather than a new
complex language model. Language generation provides explicit
semantic supervision while giving linguistic interpretability of the
corresponding identified AUs, rather than just simply recognising
the AUs. It contains two aspects: (i) global face language generation
for explicit semantic auxiliary supervision of the whole face image
representation, and (ii) local AU language generation for individual
AU semantic auxiliary supervision.

Anonymous Authors

3.2.1 Global Language Generation . Different from the main-
stream facial AU recognition [16, 34], we introduce a new global
language auxiliary model to generate the language description for
activated AUs of the whole face. It brings benefits for subsequent
multi-branch FAU recognition, i.e., it maintains the accuracy and
variability of intra- and inter-subject stem features by explicitly
focusing on multiple different AU muscles. Thus, it somewhat over-
comes the data imbalance, i.e., inactive AUs are far more numerous
than activated AUs in benchmarks.

Specifically, as shown in Figure 2, we treat the multi-scale stem-
feature V as the encoded image feature and input it into an attention-
aware language decoder similar to image captioning [45], which
contains a soft-attention module to mine the attention-aware visual
representation based on the past generated word sg: ;_; for new word
s? . For example, when generating current word sig , we first calculate
the soft-attention ; between the image feature V and the last hidden
state h;_1 of generated word sig_1 by linear-based mapping opera-
tions with SoftMax function [15]. And then the i-th attention-aware
visual feature «;V is combined with the last hidden state h;_1, which
is fed into the i-th LSTM cell [10] with the previous cell state c;_1
to generate the new hidden state h; and cell state ¢; of new word.
The above process can be formulated as:

a; = SoftMax(W4(ReLU(W?V + W"h;_1))), )

(hi, ci) = Cell([a;V = hi—1], ci-1), (%)

where W2e RI*d_ wh ¢ RhXd and wae R1%4 are the parameters
of mapping function. During the training process, we use a shared
learnable parameter WSe RPX2¢ to obtain vocabulary-length pre-
dicted vector and obtain the max-score index as the predicted word,
as follows:

s7 = arg max(W°h;), (©)

During inference process, the beam search [14] can be used to
obtain the most optimal global description S9 = [sf s e sg.].

3.2.2 Local Language Generation. We introduce an individual
local language generation model for each AU branch as an auxiliary
semantic supervision, which can generate the corresponding fine-
grained language description for each AU determination. Compared
with the global facial description, the local AU language description
contains more facial muscle details described for corresponding AUs.
Besides, different AUs have different local language descriptions,
which are more fine-grained and diverse. The main motivation of the
joint language model in each AU branch is not only to improve the
distinguishability between AUs using fine-grained semantic auxiliary
supervision, but also to provide specific language interpretation for
each AU prediction.

In particular, different from global language generation, each
local language model utilizes the proposed DAIR to further refine
the encoded face feature V, obtaining the distinguishable attention-
aware AU representation V; for the subsequent language generation.
The decoder architecture of each local language generation model
is the same as the global language model. To save space, we use 9§1
to represent the i-th local language model for the i-th AU branch
and omit the model details. Finally, we can obtain the i-th local AU
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Table 1: Comparisons of AU recognition for 8 AUs on DISFA in terms of F1-frame score (in %).

AU Index

Method 1 2 4 6 9 2 25 26 | AE

JAA-Net(gcevaos) [34] 437 462 560 414 447 696 883 584 | 56.0

UGN-B(aaano21) [38] 43.3 48.1 63.4 49.5 48.2 72.9 90.8 59.0 60.0

HMP-PS,(cvpraoz1) [39] 218 485 536 560 587 574 559 569 | 61.0

FAU-Trans cyprooz1) [12] 46.1 48.6 72.8 56.7 50.0 72.1 90.8 55.4 61.5

ME-GraphAU (ycamozr) [26] | 546 ~ 47.1 729 540 557 767 911 530 | 63.1

KDSRL (cvpraozz) [1] 60.4 59.2 67.5 52.7 51.5 76.1 91.3 57.7 64.5

KS (1ccvaozs) [18] 538 599 692 542 508 758 922 4638 62.8

AAR (11p2023) [37] 62.4 53.6 71.5 39.0 48.8 76.1 91.3 70.6 64.2

SMA-ViT (tacz023) [19] 512 493 647 483 506 87.6 85.1 61.2 62.2

VL-FAU(ours) 609 564 740 463 60.8 724 943 665 66.5

SEV-Net(cypraoz1) [46] 553 531 615 536 382 716 957 415 | 588

VL-FAU(ours) 60.9 564 740 463 608 724 943 665 66.5
description Sf = [s{,i, slT,l.] with length T, as follows: Different from the local language generation for specific AU branches,
’ ' the global language generation faces the challenge of linguistic se-
Sll. = f(DAIRi(V)), @) mantic diversity due to facial state changes. To this end, we add a

1

Note that, the local language models among the multiple AU branches
are shared to maintain efficiency.

3.3 Vision-Language Joint Learning

VL-FAU joints facial AU recognition (vision) and description gener-
ation (language) into an end-to-end multi-branch network. Among
them, FAU recognition is predominant due to the explicit AU anno-
tations, while the language models are used for auxiliary semantic
supervision and to improve feature diversity and distinguishability
of visual stem and sub-branches. For facial AU recognition, one
fully connected layer with SoftMax function is used as a multi-label
binary classifier to classify the AU activation state, which adopts a
weighted multi-label cross-entropy loss function as follows,

5 D viluilog(p(yi)) + (1 - ylog(1 - p()], ®)

Lrau :_N

1/€i

>N (1/e)
where N is AU number, y; and p(y;) denote the ground-truth and
predicted probability for the i-th AU occurrence, respectively. y; is a
balancing weight of the i-th AU calculated by the i-th AU occurrence
rate €; in the training set.

Local AU language generation auxiliary training provides de-
tailed semantic supervision for AU predictions and is optimised by
commonly used negative log-likelihood loss, as follows:

N T .
Ligen == D0 7 >0 (ogp(sllVissly, ) (10)
where N is the number of AU branches and T is the length of each
description. The ¢-th word sigi of AU; description is generated based

f 0111 and the AU; refined visual feature

Yi = ©)

on the previous words s
Vi.

Moreover, the introduced global language generation is also op-
timized by a similar objective function in Eq. (10) with the global
generation 9 = [sf , ...,s?] as Lggen:

1 T
Lagen =7 Dy, Qogp(s{IV.sly,, ;) an

global AU classification loss LGy together with Lggen as a con-
straint, where AU states are predicted by a shared linear classifier
based on the average attention-aware visual feature from language
model.

Finally, the joint loss of our VL-FAU model can be optimized by
maximizing the following lower bound:

L=Lra + -LLgen + LGgen + LGau- (12)

4 EXPERIMENTS
4.1 Dataset and Implementation Details

Dataset. We provide evaluations on the widely used datasets, i.e.
BP4D [47] and DISFA [27]. BP4D is a spontaneous FAU database
containing 328 facial videos from 41 subjects (23 females and 18
males) who were involved in 8 sessions. Similar to [35, 36], the
most expressive frames are manually labeled with AU occurrence
from each session (around 400-500 frames). Overall, BP4D contains
12 AUs and 140K valid frames with labels. DISFA consists of 27
participants (12 females and 15 males). Each participant has a video
of 4, 845 frames. 8 AU annotations are selected following the popular
studies [17, 35]. Compared to BP4D, the experimental protocol and
lighting conditions deliver DISFA to be a more challenging dataset.
Data Processing'. During training, language descriptions of dif-
ferent AU states are hand-crafted, containing descriptions of both
activated and inactivated AU states. Each local AU description con-
tains multiple muscle details with potential associations according
to FACS [5]. The global face description is generated from the AU
annotations and FACS [5], which only focus on the activated AU
muscles. The examples are shown in Figure 5. We evaluated the
model using the common 3-fold subject-exclusive cross-validation
protocol [8, 19, 34, 35].

Training strategy. The whole end-to-end network is implemented
with PyTorch on a single NVIDIA RTX 3090Ti GPU using AdamW
solver with 1 = 0.9, f2 = 0.999, and a weight decay of 0.0005.
Maximum epochs are set to 15 with a batch size of 64. During train-
ing process, aligned faces are randomly cropped into 224 X 224 and

I'The details of language descriptions will be released with paper acceptance.
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Table 2: Comparisons with state-of-the-art methods for 12 AUs on BP4D in terms of F1-frame(in %).

12 AUs
Method 1 2 4 6 710 12 14 15 17 23 24 | M®
JAA-Net(covaors) [34] | 472 440 549 775 746 840 869 619 436 603 427 419 | 60.0
LGRNet (raz021) [8] 508 47.1 578 776 714 849 882 664 498 615 468 523 | 634
UGN-B (aaaiozn) [38] | 542 464 568 762 767 824 861 647 512 631 485 536 | 633
HMP-PS cvproz) [39] | 53.1 461 560 765 769 821 864 648 515 630 499 545 | 634
FAU-Trans(cvpraor) [121 | 517 493 610 778 795 829 863 676 519 630 437 563 | 642
ME-GraphAU (ycanozz) [26] | 537 469 590 785 800 844 878 673 525 632 506 524 | 647
KDSRL (cypraonz) [1] 533 474 562 794 807 851 89.0 674 559 619 485 490 | 645
KS (1ccvaozs) [18] 553 486 571 775 818 833 864 628 523 613 516 583 | 64.7
AAR (11p2023) [37] 532 477 567 759 791 829 886 605 515 619 510 568 | 63.8
SMA-ViT(tacanzs) [19] | 527 456 598 838 792 835 872 640 541 612 526 583 | 652
VL-FAU(ours) 563 499 626 795 801 826 886 668 513 635 513 571 | 658
SEV-Net(cypraoer) [46] | 582 504 583 819 739 878 875 616 526 622 446 476 | 639
VL-FAU(ours) 563 499 626 795 80.1 826 886 668 513 635 513 571 | 658
Table 3: Comparisons with state-of-the-art methods on DISFA and BP4D in terms of Accuracy(in %).
8 AUs (DISFA) 12 AUs (BP4D)

Method 1 2 4 6 9 12 25 26 Avg" 12 4 6 7 10 12 14 15 17 23 24 |V
JAA-Net sccvaos) [34]]93.4 96.1 86.9 91.4 95.8 91.2 93.4 93.292.7(74.7 80.8 80.4 78.9 71.0 80.2 85.4 64.8 83.1 73.5 82.3 85.4|78.4
JAANet cya0e1) [35] |97.0 97.3 88.0 92.1 95.6 92.3 94.9 94.8(94.0{75.2 80.2 82.9 79.8 72.3 78.2 86.6 65.1 81.0 72.8 82.9 86.3|78.6
UGN-B (spr01)[38] [95.1 932 88.5 93.2 96.8 93.4 94.8 93.8/93.4(78.6 80.2 80.0 76.6 72.3 77.8 84.2 63.8 84.0 72.8 82.8 86.4|78.2

VL-FAU(ours)

96.5 96.9 92.0 91.0 96.3 91.8 96.7 93.0|94.3|79.1 82.3 83.0 80.5 77.4 78.7 86.8 64.9 82.9 73.4 82.6 86.3|79.8

horizontally flipped. We randomly employ the cutout augmentation
[4] to overcome overfitting and improve the robustness during train-
ing. The stem extractor (Swin-Transformer-base) is pre-trained on
ImageNet. The dimensionality of the global feature is mapped from
1024 to 512 (d=512), matching the hidden state dimension (h=512).

4.2 State-of-the-art Comparisons

We perform extensive experiments to compare our VL-FAU with
mainstream FAU recognition studies and the latest state-of-the-art
methods on two widely used FAU benchmarks in Table 1 and Table
2. The best and second-best results are bold and underlined.
Evaluation metrics. For all methods, the frame-based F1 score (F1-
frame, %) is reported, which is the harmonic mean of the Precision P
and Recall R and calculated by F1 = 2PR/(P +R). To conduct a more
comprehensive comparison with other methods, we also evaluate the
accuracy performance (%). In addition, the average results over all
AUs (denoted as Avg.) are computed with “%” omitted.
Quantitative comparison on DISFA: We compare our proposed
VL-FAU with its counterpart in Table 1 and Table 3. Our VL-FAU
outperforms mainstream studies with impressive margins. In par-
ticular, compared with the state-of-the-art AAR [37], which joint
surprised local attention maps to obtain the multi-branch attention-
aware AU representation, our VL-FAU increases the average F1-
frame by 2.3% and shows clear improvements for most annotated
AU categories. Compared with the best model KDSRL [1] on DISFA,
the average F1-frame score of our VL-FAU is also improved from
64.5% to 66.5%. Furthermore, we achieve the best performance in
terms of average accuracy in Table 3, compared with all methods.

P
0 17
[a)
c
© 16 +10.2%
— DISFA: 56.0
L +10.3% BP4D: 60.0
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S ME-GraphAU
@ 13 FAU-Trans
o UGN-B
2| osmees mw e s
£ 763 ® JAA-Net
§ 12 ;
160 180 200 220 240 260

Variance of multi-label F1 on BP4D

Figure 3: Multi-Label Performance Balancing Analysis. X-axis
and Y-axis denote the variances of multi-label F1 scores on
BP4D and DISFA, respectively. Circle size indicates the total
relative performance improvement (%) compared with JAA-Net
on BP4D and DISFA.

Quantitative comparison on BP4D: FAU recognition results by dif-
ferent methods on BP4D are shown in Table 2 and Table 3, where the
proposed VL-FAU model achieves a new state of the art compared
with all methods in terms of average F1-frame score. Our VL-FAU
outperforms the baseline JAA-Net [34], which integrates AU detec-
tion and face alignment, in terms of average F1-frame and accuracy
by 5.8% and 1.4%, respectively. This is mainly because JAA-Net
focuses on the local AU regions based on the detected landmarks,
resulting in poor distinguishability between different AUs, especially
for the same individual with subtly different face states, which can
be improved by our method. Moreover, VL-FAU achieves the best
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Table 4: Effectiveness of key components of VL-FAU evaluated on BP4D in terms of F1-frame score (in %) of FAU recognition and
top-5 accuracy (in %) of local and global language generation models.

Setting AU Index LLGA GLGA
Model Avg.

MARL LLGA GLGA 1 2 4 6 7 10 12 14 15 17 23 24 Acc Acc

@ - - - 50.0 463 603 78.0 80.0 83.8 88.6 64.1 502 640 50.1 56.5| 643 - -
E:’ ® vV - - 50.0 455 60.0 79.6 80.1 83.1 887 66.5 51.0 633 53.6 553|647 - -
E ® YV v - 51.4 482 602 79.1 80.8 834 88.6 650 524 656 52.1 57.0|653| 863 -
> @ vV - v 548 474 612 792 794 84.1 88.8 638 522 652 50.6 55.6| 652 - 64.4
® v v v 563 499 626 79.5 80.1 82.6 88.6 668 513 63.5 513 57.1| 658 | 86.6 64.7

or second-best F1 and accuracy scores in recognizing most of the 12
AUs in BP4D, outperforming other state-of-the-art methods.

In addition, compared with SEV-Net [46], which prior encodes
the pre-provided linguistic descriptions into image features, our VL-
FAU achieves 7.7% and 1.9% higher average F1-frame scores on
DISFA and BP4D, respectively. Experimental results demonstrate
the effectiveness of VL-FAU in improving AU recognition accuracy
on DISFA and BP4D by our proposed joint learning with language
generation. Besides, as shown in Figure 3, we also provide the
multi-label performance balancing analysis on DISFA and BP4D.
Although the performance varies greatly between different AUs due
to the inherent category imbalance in datasets, our VL-FAU still
achieves a better performance-balance than existing methods and
maintains the best overall results.

4.3 Ablation Studies

We perform extensive ablation studies on BP4D to investigate how
each component affects the overall performance of the proposed VL-
FAU. Due to space limitations, we do not show the ablation results
for DISFA, but it is consistent with BP4D. Table 4 presents compo-
nent ablation studies focusing on the various modules within VL-
FAU, including (1) multi-level AU representation learning (MARL),
(2) local language generation auxiliary (LLGA), and (3) global lan-
guage generation auxiliary (GLGA). In addition, Figure 4 gives a
qualitative analysis of local and global language generations.

(1) Multi-level AU Representation Learning (MARL). Com-
pared with the baseline model @, the result has an improvement
of average F1-frame from 64.3% to 64.7% when considering the
proposed multi-level AU representation learning (indicated variant
@ with MARL). It indicates that the dual-level individual AU re-
finement based on the multi-scale stem feature combination could
get richer and more fine-grained AU features and hence improve
recognition performance.

(2) Local Language Generation Auxiliary (LLGA). In Table
4, we test the contributions of local language generation auxiliary
(LLGA) of our VL-FAU model. Compared with variant @ and vari-
ant ®), after we provide local language generation auxiliary for each
AU branch, the average F1-frame score has been improved from
64.7% to 65.3%. In addition, most of the 12 AUs annotated in BP4D
achieve significant improvements. These observations demonstrate
that by providing each AU branch with local language generation
as an explicit auxiliary semantic supervision, the discriminative
ability between AUs becomes stronger due to the gain of language
expressiveness rather than single visual appearance features.

Baseline
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Figure 4: t-SNE visualization of the baseline model (w/o local and
global language generation auxiliary) and full VL-FAU mdoel
on BP4D.

(3) Global Language Generation Auxiliary (GLGA). Similarly,
we conduct a comparison between variant @ and variant @ to verify
the effectiveness of the proposed global language generation aux-
iliary (GLGA) for whole-face representation learning. Results in
Table 4 show that the proposed VL-FAU facilitates the target FAU
recognition task when using GLGA (indicated variant @). In par-
ticular, the averaged F1-frame score increases from 64.7 % to 65.2
% and most AUs achieve significant improvements. These validate
the effectiveness of the proposed GLGA which provides better dis-
criminability of global representations by focusing on the language
semantics of activated facial AUs, especially for the same subject
with subtly different AU states.
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Finally, when both local and global language generation auxil-
iaries (indicated model ®) are considered, the proposed VL-FAU
achieves the best recognition performance in terms of average F1,
significantly better than the single variants (variant ® and @) and
variant @ in Table 4. In addition, the local and global language
generation performances also have certain improvements, achieving
86.6% and 64.7% on top-5 accuracy of word generation in LLGA
and GLGA. These quantitative comparisons experimentally demon-
strate that exploring explicit semantic-auxiliary supervisions for
facial AU recognition is a beneficial way for discriminating different
AU states under intra- and inter-subject.

(4) Qualitative Analysis of Local and Global Generation Auxil-
iary. Besides the above quantitative comparisons, we further proved
the detailed qualitative analysis of our main innovations — local and
global generation auxiliaries for facial AU recognition. As shown in
Figure 4, we use t-SNE [43] to visualize the AU features learned by
the proposed VL-FAU and the corresponding baseline without local
and global generation auxiliaries (baseline @). Note that, both mod-
els are used the same multi-branch networks with MARL. Specif-
ically, we extract the AU features of 8 random gender-balanced
subjects for clearer visualization from multiple AU branches before
the final classification and then visualize them by t-SNE. We provide
different coloring schemes in Figure 4 to analyze the impacts of
VL-FAU on different aspects, including AU category, subject ID,
and gender. (1) Comparisons of clustered AU features in the first
row, our VL-FAU can better divide different AU features into dif-
ferent clusters, while the baseline is not sufficiently discriminative
on some AU features (marked with red circles). Besides, we notice
that AU features optimized from baseline are mapped in a narrow
space compared with our VL-FAU. These observations indicate that
by joining language generation auxiliary, our VL-FAU can maintain
higher discriminability between multiple AU representations. (2)
The second row shows the subject ID coloring results. Our VL-FAU
distinguishes different subject AU features more widely within the
same AU cluster, indicating that our VL-FAU provides higher dis-
criminability between different subjects for facial AU recognition.
(3) Due to the explicit language supervision of gender information
in GLGA, VL-FAU can achieve clearer gender colorization results,
as shown in the last row of Figure 4.

4.4 Visualization of Results

To further understand the quality of the proposed vision-language
joint learning for FAU recognition and description generation, we
visualize the predicted AU states and their corresponding local and
global-level descriptions, as shown in Figure 5. Two positive ex-
amples from BP4D contain visualizations of different genders with
different AU states. Compared with the mainstream paradigm, our
VL-FAU provides explainable FAU recognition with language gener-
ations. In detail, local descriptions contain multiple detailed muscle
changes with natural connections, improving intra-AU semantics
and inter-AU distinguishability. In addition, the global descriptions
contain diverse activated AU states with gender information, which
can improve the inter-face distinguishability within and between
subjects. Besides, we provide a bad case, which makes wrong pre-
dictions in two AUs. However, the global description ignores the
misrecognition. Although AUG6 is incorrectly predicted, the detailed

Anonymous Authors

AU Index:
Prediction: 0 0 0 0 O 1 0 0O O 1 0 O
Global Description: man raises upper lip , raises chin .

AU1 inactivated : inner brows are not raised , the skin between the eyebrows and
above the forehead is flat and unchanged , there are no forehead lines , and there
are no wrinkles in in the center of the forehead .

AU17 activated : the chin boss shows severe to extreme wrinkling as it is pushed
up severely , and the lower lip is pushed up and out markedly .

AU descriptions

AU Index:
Predicton: 1 0 1 0 0 O 0 O O 1 O0 O
Global Description: woman raises inner brow, lower brow, raises chin.

AU1 activated : the inner corners of the eyebrows are lifted slightly , the skin of
the glabella and forehead above it is lifted slightly and wrinkles deepen slightly
and a trace of new ones form in the center of the forehead .

AU23 inactivated : the lips are not gathered or tightened , and there are no
wrinkles or raised skin on the edges of the lips .

AUindex 1 2 4 6 7 10 12 14 15 7 2 2

Predicton: 0 0 0 1 1 1 1 1 0 1 0 O
Global Description: Man tightens lid , pulls lip corner, dimples .

AU descriptions|

AUG6 activated : lift the cheeks without activately raising up the lip corners . the
infraorbital furrow has deepened slightly and bags or wrinkles under the eyes
must increase . the infraorbital triangle is raised slightly slightly .

["AU10 activated: the center of upper lip is drawn straight up , the outer portions of |
upper lip are drawn up but not as high as the center . the infraorbital triangle is
pushed up, the nasolabial furrow is deepened .

AU descriptions

Figure 5: Visualizations of our proposed explainable facial AU
recognition (VL-FAU) with explicit local and global language
descriptions on BP4D.

description matches the facial expression, possibly due to labeling
ambiguity. Overall, our VL-FAU can give better explainable facial
AU recognition with explicit local and global language descriptions.

S CONCLUSION AND FUTURE WORK

In this paper, we proposed a novel end-to-end vision-language joint
learning (VL-FAU) for explainable FAU recognition along with lan-
guage generations as explanations. As auxiliary supervisions, local
and global language generations are joined into a multi-branch AU
recognition network with multi-level AU representation learning.
Local AU language generation provides explicit fine-grained seman-
tic supervision for each AU classification with detailed language
descriptions, improving the discrimination of inter-AU representa-
tions. Global language generation, employing multi-scale combined
stem features, offers diverse semantic supervision for the whole
facial feature to maintain diversity and distinction across intra- and
inter-subject representation changes. Our VL-FAU finally provides
predictions of AU states as well as interpretable language descrip-
tions for individual AUs and global faces. Extensive experimental
evaluations on DISFA and BP4D show that our VL-FAU outperforms
state-of-the-art AU recognition methods with impressive margins.

VL-FAU introduces a traditional language model for explainable
FAU recognition considering computational power and efficiency
limitations. We believe our attempts provide new inspiration for
multimodal multi-task joint training for explainable FAU recognition.
In the future, we would like to investigate the further combination
of FAU recognition with popular LLMs for more diverse and fine-
grained explainable generations.
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