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Abstract

Al models are integral to a wide range of real-world applications such as security,
healthcare, and autonomous driving. Therefore, it is of vital importance to ensure
their reliability and robustness. Like two sides of a coin, model and data both con-
tribute to the overall system performance and reliability. The former, model-centric
paradigm, often includes designing new architectures or training algorithms. The
latter, data-centric paradigm, focuses on both improving training data quality in
terms of its scale, bias, and label accuracy, and also designing methods that ex-
ploit attributes from the data themselves to aid system deployment. Existing re-
search primarily focuses on the model-centric side and overlooks challenges from
the data side, such as training data quality issues and adaptation and evaluation is-
sues during deployment. Speci cally, during training, datasets frequently suffer from
scarcity, domain gap, and annotation noise, severely limiting model generalization.
At deployment, we face issues with zero-shot adaptation of large pretrained models,
performance estimation without ground-truth labels, and overall system con dence
calibration, posing threats to system robustness. Motivated by these challenges, this
thesis develops a systematic series of data-centric methods that improve model reli-
ability, generalization, and trustworthiness by enhancing data quality and extracting
nuanced data attributes.

Speci cally, at the training stage, the thesis proposes three approaches address-
ing data scarcity, domain mismatch, and noisy annotations. Chapter 2 introduces
MIE-X, a synthetic dataset speci cally designed for the micro-expression recognition
task where the training data scarcity is serious. MIE-X synthesizes subtle facial ex-
pressions by recombining facial muscle movements and the faces in the wild with
generative networks, effectively reducing dependency on costly human labelling and
signi cantly improving generalization performance of the trained models. Chap-
ter 3 presents MOTX, an engine developed to synthesize multi-object tracking data,
created through a 3D simulation environment Unity, addressing the biases and lim-
ited motion scenarios in real-world tracking datasets. MOTX enables precise, sys-
tematic evaluation under various motion scenarios and robust training of identity
association algorithms without real-world annotation costs and domain adaptation.
Chapter 4 focuses on the widespread issue of label noise in face recognition tasks,
proposing a robust semi-supervised framework composed of two complementary
mechanisms: GroupNet, an ensemble-based label ltering method, and NRoLL, a
con dence-driven pseudo-label re nement strategy. Together, these methods effec-
tively stabilize training performance even under severe annotation noise.

During deployment, we focus on issues with ef cient adaptation of large pre-
trained models, performance estimation without ground-truth labels, and model
con dence calibration. To adapt large language models (LLMs) to novel scenarios
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without explicit ne-tuning, Chapter 5 introduces HMAW, a hierarchical multi-agent
work ow for prompting. Recognizing the impracticality of extensive ne-tuning
and manual prompt engineering, HMAW employs cooperative exploration by mul-
tiple language-model agents to systematically generate and re ne effective zero-shot
prompts. This structured, data-driven prompting signi cantly enhances LLMs' abil-

ity to generalize effectively across diverse unseen tasks. Chapter 6 addresses this
issue by introducing Vicinal Risk Proxy (VRP). Used as a plug-in, VRP aggregates
risk information from neighboring samples drawn from a tailored vicinal distribu-
tion and adjusts the scores produced by existing risk-estimation methods. As a result,
VRP provides reliable model-risk estimates without requiring any labels. Chapter 7
further re nes model deployment by proposing a correctness-aware con dence cal-
ibration approach. This strategy explicitly aligns model con dence with empirical
correctness by leveraging transformed or augmented inputs, signi cantly enhancing
the reliability of con dence signals presented to end-users.

Overall, this thesis introduces data-centric methods to improve both the training
stage and system deployment. For training, these efforts on data quality improve-
ment include data transfer, controllable synthesis, and multi-expert pseudo-labelling.
For deployment, we introduce multi-agent prompt engineering for zero-shot adapta-
tion, vicinal-consistency-based model performance estimation, and its application in
con dence calibration. These ndings highlight the often-overlooked yet critical role
of data in shaping reliable Al, calling for increased attention to data-centric strategies
in both research and practice.
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Chapter 1

Introduction

In recent years, Al systems are deployed in many important areas—security, retail,
autonomous driving, healthcare, social media, and beyond. Their in uence on daily
life continues to deepen. As a result, improving the robustness and reliability of these
systems has become a core concerns for both Al research and real-world applications.

Traditional machine-learning approaches typically aim to enhance system re-
liability by re ning model architectures or optimization algorithms. Bishop and
Nasrabadi [2006] describes models and data as the two core components of machine-
learning systems. Once model architectures become suf ciently powerful and ex-
pressive, the primary bottleneck affecting system reliability often shifts from the
model to the data. In this circumstance, data-centric Al has emerged as a popular
paradigm that engineers data to improve Al-system reliability. It does so through ap-
proaches such as data synthesis, automated labelling, and exploring data attributes,
rather than treating data as a xed resource, as conventional model-centric meth-
ods typically do. An illustrative comparison model-centric Al and data-centric Al
is shown in Fig. 1.1. In recent years, data-centric methods have garnered consider-
able attention across various domains. For example, in medical imaging, nnU-Net
[Isensee et al., 2021] emphasizes the systematic design of the training pipeline around
the data, rather than focusing solely on improvements to network architectures. In
visual recognition, RandAugment [Cubuk et al., 2020] focuses on automating and
simplifying data augmentation policies to improve model generalization without ar-

Figure 1.1: Data-centric Al vs. model-centric Al. Model-centric Al primarily seeks
performance gains through designing better model architectures and optimization
algorithms. In contrast, data-centric Al focuses on systematically improving the reli-
ability and performance of Al systems by engineering the data. Image adapted from
[Zha et al., 2023].
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Figure 1.2: Synthetic data vs. real-world data. Synthetic images often display a no-
ticeable visual domain gap relative to real-world samples, which can degrade model
performance. Image from Alice Benchmark [Sun et al., 2024]

chitecture changes, making it a representative example of a data-centric approach
where enhancements to data processing directly drive performance gains. In object
detection and segmentation, the SYNTHIA dataset [Ros et al., 2016] demonstrates
how large-scale, controllable synthetic data can be leveraged to address data scarcity
and distribution coverage issues in real-world scenarios. Similarly, in generative
modeling, the LAION dataset [Schuhmann et al., 2021] highlights the critical role of
large-scale, curated image—text data in enabling robust training of modern generative
models, underscoring the importance of data collection and Itering over architec-
tural complexity. Together, these works re ect a shared data-centric perspective that
emphasizes data design and processing as key drivers of model performance.

This thesis investigates data-centric methodologies for enhancing Al reliability
across the training (Part Il) and deployment (Part Ill) phases. In the training stage,
Chapters 2 and 3 mitigate data scarcity and limited diversity issues in training
datasets by leveraging synthetic data. Chapter 4 introduces a robust labelling tech-
nique, yielding clean pseudo-labels for training. During deployment, Chapter 5
explores prompt engineering to reliably adapt large pretrained models to diverse
downstream tasks. Chapters 6 and 7 exploit data attributes during evaluation to
achieve robust estimates of model performance and calibrated prediction con dence.

1.1 Data-centric Methods in Training

In Part | of this thesis, we introduce data-centric techniques to improve training-data
quality—speci cally scale, domain alignment, and cleanliness.

1.1.1 Training Data Synthesis

Data scarcity remains a central challenge in training deep neural networks. For

tasks where data and annotations are relatively easy to obtain, such as face recog-
nition [Guo et al., 2016], image classi cation [Deng et al., 2009], and image and

text alignment [Radford et al., 2021], datasets have scaled substantially. In contrast,
many domains face signi cant collection bottlenecks. Multi-object tracking requires
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Figure 1.3: Data labelling engine (right) and dataset (right) in the Segment Any-
thing (SA) project. SA [Kirillov et al., 2023] starts with a modest set of human-
annotated images, trains a segmentation model, and then employs that model to
automatically label previously unlabelled data. Iterating this loop quickly expands
the segmentation dataset to a very large scale.

frame-level bounding boxes with consistent identities [Dendorfer et al., 2021]. Micro-
expression recognition needs labels from physiological experts [Li et al., 2022]. Med-
ical image segmentation demands time-consuming expert annotation [Litjens et al.,
2017]. Chapter 2 focuses on the micro-expression recognition task. EXxisting real-
world data are collected in laboratories and annotated by psychology experts, making
the process expensive and dif cult to scale. We explore techniques for synthesizing
large-scale micro-expression datasets with many more face IDs collected in the wild,
enabling robust training of deep neural networks for micro-expression recognition.

Domain gap between training and test data presents an additional challenge, es-
pecially for models trained on synthetic data, where the gap between synthetic and
real-world environments can be large. As illustrated in Fig. 1.2, synthetic data often
exhibits noticeable visual discrepancies compared with real-world data [Richter et al.,
2016; Ros et al., 2016]. Traditional approaches apply domain adaptation to bridge this
gap [Tzeng et al., 2017a; Hoffman et al., 2018a]. In contrast, Chapter 3 investigates
whether models trained exclusively on synthetic data can be deployed directly in
real-world scenarios without domain adaptation. We nd that the appearance do-
main gap does not substantially impair learning association features that are crucial
for multi-object tracking. In addition, our Unity-based synthetic engine (Section 3.3)
can generate tracking data with diverse, controllable motion factors, such as object
speed, object density, and camera viewpoint. By tailoring motion characteristics in
the training data to align with the target environment, we reduce the domain gap
and improve model robustness and generalization.

Related to data-centric approaches, simulation-to-real (sim-to-real) adaptation has
also been widely studied, with a primary focus on mitigating distribution shifts be-
tween simulated and real-world data [Tzeng et al., 2017b; Hoffman et al., 2018b].
While sim-to-real methods typically emphasize domain alignment and transfer mech-
anisms, the focus of this thesis lies in improving data quality, robustness, and relia-
bility through data-centric design across both training and deployment stages.
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1.1.2 Robust Data labelling

In the current large-scale deep learning paradigm, automatic labelling is widely em-
ployed across numerous areas. Typically, this paradigm leverages a limited amount
of annotated data to train an initial model, which subsequently generates pseudo-
labels for unlabelled data in the wild. As illustrated in Fig. 1.3, Segment Anything
[Kirillov et al., 2023] exempli es this methodology by progressively collecting ex-
tensive datasets and iteratively enhancing model performance through such data
labelling loops.

However, this approach inherently assumes that the model-generated annotations
are correct, although inevitably, these pseudo-labels contain annotation noise. Such
errors accumulate during iterative annotation and training loops, potentially causing
model degradation or collapse [Han et al., 2020; Li et al., 2020b]. To mitigate this
challenge, Chapter 4 investigates a semi-supervised learning framework designed to
be robust against annotation errors. Speci cally, we address the semi-supervised face
recognition task by employing a multi-agent cooperative mechanism that identi es
and selects highly reliable annotations during the labelling process.

1.2 Data-centric Methods in Deployment

1.2.1 LLMs Adaptation by Prompt Optimization

Pretrained large language models can be adapted to downstream tasks without up-
dating parameters. Prompting serves as an inference-time adaptation mechanism:
explicit instructions and task context condition the model to follow desired behav-
iors. As illustrated in Fig. 1.4, well-designed prompts guide LLMs to address user
gueries more effectively. This approach is attractive when labelled data or compute
for ne-tuning is limited. Prompt engineering has progressed rapidly, including
manual prompt design, automatic prompt tuning, and context-aware strategies [Wei
et al., 2022; Xu et al., 2023; Wang et al., 2023d; Zhou et al., 2023]. These methods
operationalize adaptation by shaping the model's reasoning steps, constraints, and
retrieved context at inference time.

In Chapter 5, we present a query-speci ¢, zero-shot, task-agnostic prompt opti-
mization method. Multiple LLM agents collaborate with distinct roles and a hierar-
chical work ow to iteratively re ne prompts. This multi-agent procedure adapts the
pretrained model to diverse query conditions without ne-tuning or heavy manual
intervention.

1.2.2 Exploring Vicinal Data at Evaluation

Estimating model reliability is crucial during the deployment phase. Reliable estima-
tion enables informed decisions regarding model deployment, either by selecting the
most robust model or by selectively accepting predictions based on their reliability
levels. Con dence is one of the most commonly used metrics for assessing reliability
[Guo et al., 2017]. At the model level, con dence scores are often considered as a
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Figure 1.4: Breakdown of prompt engineering components.  Given a pre-trained
large language model (LLM), prompt engineering involves crafting effective in-
structions and providing context to guide the model's behavior. These ele-
ments—combined with user input—play a crucial role in shaping the model's output.
Image from [Sahoo et al., 2024]

mechanism to guide model selection. At the sample level, con dence scores need to
be calibrated to accurately re ect the true predictive reliability [Niculescu-Mizil and
Caruana, 2005; Minderer et al., 2021].

Chapters 6 and 7 explore data-centric strategies for enhancing reliability estima-
tion during deployment. Speci cally, Chapter 6 investigates the use of visual data
to re ne reliability estimation, improving the accuracy of model ranking decisions.

In Chapter 7, we focus on employing targeted data augmentation techniques to en-

hance the model's calibration performance. These enhancements help the model
better recognize the correctness of the prediction, thus increasing the reliability of

the con dence scores.

1.3 Thesis Outline

This thesis comprises four parts. Part | and Part IV provide the introduction and
the conclusion with discussions on future directions, respectively. In between, Part II
and Part Ill present our core contributions. These middle sections introduce a data-
centric methodology to improve Al reliability across both the training and deploy-
ment stages. Part Il consists of Chapters 2 to 4 and focuses on data-centric methods
for reliable training. Part Il includes Chapters 5 to 7 and investigates data-centric
techniques to enhance Al reliability at the deployment stage. The overall structure
of the thesis is illustrated in Figure 1.5. A summary of the individual chapters is
provided below.

Part II: Data-Centric Methods for Reliable Training

Chapter 2. Synthesizing a Micro-Expression Training Dataset. This chapter
presents a novel data generation protocol and the construction of a micro-expression
(MIE) dataset for recognition tasks. To overcome the scarcity of large-scale MIE
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Figure 1.5: Thesis structure. Chapters 2—4 (Part Il) tackle training-data challenges:
data scarcity, domain mismatch, and label noise. In deployment, Chapters 57 (Part
IIl) address three challenges: adapting large pretrained models, estimating model
performance, and calibrating model con dence.

datasets due to high annotation costs, we design a synthesis method using three
types of Action Units (AUs): those derived from real MIEs, early frames of macro-
expressions, and expert-de ned AU-expression mappings. By combining these AUs
with diverse facial images and a pre-trained face generator, we generate synthetic
MIE samples to train effective recognition models. Experimental results on real-
world benchmarks demonstrate strong performance and offer key insights into the
nature of MiIEs.

Chapter 3. Using Synthetic Data for Effective Association Knowledge Learn-
ing. This chapter explores whether 3D synthetic data can replace real-world videos in
training association modules for multi-object tracking (MOT). We introduce MOTX,

a large-scale synthetic data engine designed to simulate realistic motion dynamics of
cameras and objects. Association models trained solely on MOTX perform compara-
bly to those trained on real data, even without domain adaptation. The effectiveness
is attributed to MOTX's ability to replicate critical motion cues, with minimal impact
from appearance-based domain gaps. MOTX also enables controlled evaluation of
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motion factors, deepening our understanding of tracking system robustness.

Chapter 4: Semi-Supervised Face Recognition with Noise Robustness. To ad-
dress high labelling costs in face recognition, this chapter proposes a robust semi-
supervised learning framework. We introduce GroupNet (GN), a multi-agent method
capable of ltering noisy labels during training. Built upon GN, we develop Noise-
Robust Learning-labelling (NRoLL), a semi-supervised approach that incrementally
labels unlabelled data with increasing con dence. GN alone shows high tolerance
to label noise, and NRoLL achieves state-of-the-art performance even with limited
labelled data (e.g., one- fth of MS-Celeb). The method proves effective across bench-
marks, offering a practical solution for large-scale face recognition under weak su-

pervision.
Part 11l Data-Centric Methods for Reliable Deployment
Chapter 5. Multi-Agent Work ows for Zero-Shot Prompt Optimization. This

chapter introduces Hierarchical Multi-Agent Work ow (HMAW), a framework for
automatic prompt generation in large language models (LLMs). Unlike prior meth-
ods that rely on manual or task-speci ¢ optimization, HMAW enables LLMs to col-
laboratively construct prompts via a structured, multi-stage process—entirely with-
out human intervention or additional training. The framework is task-agnostic and
adapts exibly to diverse query types. Experiments across multiple benchmarks
show that HMAW consistently produces high-quality prompts, signi cantly enhanc-
ing LLM performance in open-ended and challenging tasks.

Chapter 6: Assessing Model Generalization in Vicinity.  This chapter introduces
Vicinal Risk Proxy (VRP), a label-free metric for evaluating classi cation model gen-
eralization on out-of-distribution (OOD) test sets. Unlike standard metrics that assess
test samples independently, VRP estimates correctness by analyzing model behavior
on neighboring samples. This vicinal approach reduces the in uence of spurious
overcon dent predictions and provides a more stable proxy for true accuracy. VRP
also enhances existing generalization indicators such as con dence and invariance,
yielding stronger correlations with actual model performance on OOD data.

Chapter 7: Model Calibration by Gaining Awareness of Prediction Correctness.
We propose a novel post-hoc calibration objective that aligns model con dence with
prediction correctness, addressing limitations of traditional losses like Cross-Entropy
(CE). Unlike CE, which can yield overcon dent misclassi cations, our method en-
courages high con dence for correct predictions and low con dence for incorrect
ones. To improve reliability, calibration is based on multiple transformed versions of
each input, such as rotated or color-jittered variants. This approach achieves strong
calibration performance on both in-distribution and OOD datasets, and our analysis
highlights how CE and MSE may diverge from the true goal of effective calibration.

These chapters collectively explore how data-centric methods can enhance Al
system reliability across both training and deployment stages.
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Chapter 2

Synthesizing a Large-Scale and
Trainable Micro-Expression Dataset

This chapter introduces our key discoveries in a data generation protocol, a database
and insights, and contains neither model nor algorithm novelty. We aim to address
the lack of large-scale datasets in micro-expression (MIiE) recognition due to the pro-
hibitive cost of data collection, which renders large-scale training less feasible. To
this end, we develop a protocol to automatically synthesize large-scale MIE train-
ing data that allow us to train improved recognition models for real-world test data.
Speci cally, we discover three types of Action Units (AUs) that can constitute train-
able MiEs. These AUs come from real-world MiIEs, early frames of macro-expression
videos, and the relationship between AUs and expression categories de ned by hu-
man expert knowledge. With these AUs, our protocol then employs large numbers
of face images of various identities and an off-the-shelf face generator for MiE syn-
thesis, yielding the MiE-X dataset. MiE recognition models are trained or pre-trained
on MIE-X and evaluated on real-world test sets, where very competitive accuracy is
obtained. Experimental results not only validate the effectiveness of the discovered
AUs and MIE-X dataset but also reveal some interesting properties of MiEs: they gen-
eralize across faces, are close to early-stage macro-expressions, and can be manually
de ned !

2.1 Motivation

Micro-Expressions (MIEs) are transient facial expressions that typically last for 0.04

to 0.2 seconds [Matsumoto et al., 2008; Ekman and Rosenberg, 1997]. Unlike conven-

tional facial expressions (or Macro-Expressions, MaEs) that last for longer than 0.2

seconds, MIEs are involuntary. They are dif cult to pretend, and thus more capable

of revealing people's genuine emotions. MIE recognition underpins various valuable

applications such as lie detection, criminal justice, and psychological consultation.
The dif culty in collecting and labelling MiEs poses huge challenges in building

IThis work was supported by the ARC Discovery Early Career Researcher Award (DE200101283)
and the ARC Discovery Project (DP210102801).
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Figure 2.1: We present a large-scale synthetic
MIE training dataset, MiE-X, created by the pro-
posed protocol. It is two magnitudes larger
than existing real MIE recognition datasets in
terms of number of MIE samples and num-
ber of identities. Compared with existing real-
world MiE datasets, MiE-X allows the MIE clas-
sier [Liu et al., 2019] to achieve consistently
higher accuracy evaluated on the real-world
MIE dataset CompMIE [See et al., 2019].

MIE recognition datasets [Ben et al., 2021]. First, collecting involuntary MiEs is stren-
uous, even in a controlled environment [Ben et al., 2021]. Unlike MaEs, which par-
ticipants can easily “perform”, MiEs are too vague and subtle to precisely interpret.
Second, correctly labelling MiEs is dif cult. It usually requires domain knowledge
from psychology experts, and oftentimes even experts cannot guarantee a high accu-
racy of annotations. As a consequence, scales of existing MIiE recognition datasets are
severely limited: they typically consist of a few hundreds of samples from dozens of
identities (refer Fig. 2.1 for an illustrative summary). This shortage of training data
would compromise the development of MIiE recognition algorithms.

In this work, we aim to address the data shortage issue by proposing a useful
protocol for synthesizingMiEs. This protocol has three steps. First, we conveniently
obtain a large number of faces from existing face datasets. Second, we compute sen-
sible AUs. Third, we employ a conditional generative model to “add” MIiEs onto
these faces. Conditional facial expression generation is a well-studied problem, and
we adopt an off-the-shelf algorithm, GANimation [Pumarola et al., 2018], which em-
ploys coef cients of Action Units (AUs) as the generative conditions. GANimation
is a GAN-based facial expression manipulation framework that enables ne-grained
and continuous control over facial action units, making it well suited for synthesizing
subtle facial expressions.

At the core of this synthesis protocol, we contribute in nding three types of
AUs helpful in the second step. The rst type, intuitively, are AUs extracted from
real-world, annotated MIE datasets. Speci cally, we extract AU coef cients of an-
notated MIE samples and use these AU coef cients as conditions to transfer corre-
sponding MIEs to faces of other identities. The second type are AUs extracted from
early-stage MaEs. The formation of macro-expressions consists of a process of fa-
cial muscle movements, and we nd early stages of these movements usually share
similar values of AUs to those of MiEs. The third type are AU combinations given
by expert knowledge. For example, psychologists suggest that AU12 (Lip Corner
Puller ) is often activated when the subject is “happy” [Du et al., 2014], so we set
AU12 to be slightly greater than 0 when synthesizing a “happy” MIE. In this regard,
this work is an early attempt to explore the underlying computationalmechanism
of micro-expressions, and it would be of value for the community facilitating the
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understanding of micro-expressions and the design of learning algorithms.

Using the proposed three types of AUs, our protocol allows us to create a large-
scale synthetic dataset, MiE-X, to improve the accuracy of data-driven MIE recog-
nition algorithms. As shown in Fig. 2.1, MIE-X is two orders of magnitude larger
than existing real-world datasets. Notably, despite being synthetic, MiE-X can be ef-
fectively used to train MIiE recognition models. When the target application has the
same label space as MIE-X, we can directly use MIE-X to train a recognition model,
achieving competitive results to those trained on real-world data. Otherwise, MiIE-
X can be used for pre-training, and its pre-training quality outperforms ImageNet
[Deng et al., 2009]. Our experiment shows that MIE-X consistently improves the ac-
curacy of frame-based MiE recognition methods and a state-of-the-art video-based
method.

» We introduce a large-scale MIE training dataset created by a useful protocol,
for training MIE recognition models. The database will be released.

* We identify three types of AUs that allow for synthesizing trainable MIEs in
the protocol. They are: AUs extracted from real MiEs, mined from early-stage
of MaEs and provided by human experts of facial expressions.

» Our experiments reveal interesting properties of MIiEs: they generalize across
identities, are close to early-stage MaEs, and can be manually de ned.

2.2 Related Work

Facial micro-expression recognition. Many MIE recognition systems use handcrafted
features, such as 3DHOG [Polikovsky et al., 2009], FDM [Xu et al., 2017] and LBP-
TOP [Zhao and Pietikainen, 2007] descriptors. They describe facial texture patterns.
Variants and extensions of LBP-TOP have also been proposed [Wang et al., 2014;
Huang et al., 2015, 2016]. Afterwards, deep learning based solutions were proposed
[Patel et al., 2016; Kim et al., 2016; Hao and Tian, 2017; Peng et al., 2017a; Khor et al.,
2018; Liong et al., 2018]. Petakt al.[Patel et al., 2016] use the VGG model pretrained
on ImageNet [Deng et al., 2009] and perform ne-tuning for MIiE recognition. In
ELRCN [Khor et al., 2018], the network input is enriched by the concatenation of
the RGB image, optical ow and derivatives of optical ow [Shreve et al., 2011].
To reduce computation cost and prevent over tting, it is common to use represen-
tative frames as model input. For example, Peng et al. [Peng et al., 2018a] and Li
et al. [Li et al., 2018] select the onset frame, apex frame and offset frame in each
micro-expression video. Branches [Liu et al., 2019] uses the onset and apex frame as
model input. Following this practice, we focus on synthesising representative frames
for MIiEs. A recent surveys summarize advances in deep micro-expression recog-
nition, highlighting improved spatial-temporal representation learning, evaluation
protocols, and persistent dataset challenges in recent years [Li et al., 2022].

Deep learning from synthetic data. = Deep learning using synthetic data has
drawn recent attention. Many works use graphic engines to generate virtual data
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and corresponding ground truths. Richter et al. [Richter et al., 2016] use a 3D game
engine to simulate training images with pixel-level label maps for semantic segmen-
tation. In [Sakaridis et al., 2018], prior human knowledge is used to constrain the
distribution of synthetic target data. Tremblay et al.[Tremblay et al., 2018] randomize
the parameters of the simulator to force the model to handle large variations in object
detection. Learning-based approaches [Kar et al., 2019; Ruiz et al., 2018; Yao et al.,
2020] try to nd the best parameter ranges in simulators so that the domain gap
between generated content and the real-world data is minimized. Another line of
works uses generative adversarial networks (GANS) to generate images for learning.
For example, the label smoothing regularization technique is adopted for generated
images [Zheng et al., 2017b]. Camstyle [Zhong et al., 2018] trains camera-to-camera
person appearance translation to generate new training data. CYCADA [Hoffman
et al., 2017] reconstructs images and introduces semantic segmentation loss on these
generated images to maintain consistent semantics. A recent work explore control-
lable facial expression synthesis to enrich training data and mitigate class imbalance
in facial expression analysis [He et al., 2025].

Action Units (AUs) in facial analysis.  Action Units are de ned according to the
Facial Action Coding System (FACS) [Eckman and Friesen, 1978], which categorizes
the fundamental facial muscles movements by their appearance on the face. Cor-
relations between Action Units and emotions are widely discussed in literature [Du
et al., 2014; Ekman and Rosenberg, 1997; Polikovsky et al., 2013]. This work uses such
correlations where we look for and validate effective AUs as generative conditions to
synthesis realistic and trainable MiIEs.

2.3 Preliminaries

MIE recognition aims to classify emotion categories of a given face video clip. In
practice, the video clips should be rst processed by a spottingalgorithm to determine
the onset (starting time), apex (time of the highest expression intensity) and offset
(ending time) frames. In this work, we assume all data have been processed by
spotting algorithms [Ben et al., 2021; See et al., 2019] and focus on the recognition
task.

Emotion labels in existing datasets are usually different, ranging from 3 to 8
categories. In this work, we use a uni ed and balanced label space to synthesize
MIE-X. Speci cally, during synthesis, we choose the most basic categories (positive
negative ,surprise , as de nedin MEGC) and merge other emotion labels into these
three categories. If the label space in the target dataset is different from MIE-X, we
need to ne-tune the model further.

In the following sections, when mentioning action units (AUs), we by default
refer to the AU coef cient vector z 2 [0, 1]9. Each dimension in vector z indicates the
intensity of a speci ¢ action unit. There are usually d = 17 dimensions [Pumarola
et al., 2018; Baltrusaitis et al., 2018].
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Figure 2.2: Overview of the proposed
protocol for synthesizing our MIE recog-
nition dataset. We generate MiE samples
(a triplet containing onset frame Xq, apex
frame x5 and the emotion label y) with a
pretrained GANimation [Pumarola et al.,
2018] model G, faces in the wild and AU
vectors (zo, Z5) introduced in Section 2.4.2.

2.4 Synthesizing Micro-Expressions

2.4.1 The Proposed Protocol

Given a face image, an emotion labely 2 f positive ,negative ,surprise @, and an
onset-apex AU pair (zo,za), our protocol uses GANimation [Pumarola et al., 2018] to
generate an MIiE sample consisting of two representative frames (refer Fig. 2.2).

First, we randomly select an “in-the-wild” face image x from a large pool of
identities (we use the EmotionNet [Fabian Benitez-Quiroz et al., 2016] dataset) as
the template face upon which we add MIiEs. Then, we nd an onset AU z,, an
apex AU z,, and the corresponding emotion label y. A triplet of (zo,za,y) could
be computed from three different sources, which are elaborated in Section 2.4.2.
Finally, a conditional generative model G is employed to transfer the onset and apex
AUs to the template face x, producing an onset frame X, = G(X,Zz,) and an apex
frame xq = G(X,z3), whose emotion label is y (same as the label ofx). Here, we
adopt GANimation [Pumarola et al., 2018] as G, which identity-preserving and only
changes facial muscle movements. Training details of GANimation are provided in
Appendix A.1.4.

Please note that the protocol uses existing techniques and that we do not claim
it as our main nding. Also note that we do not synthesize entire video sequences
of MIEs, but only the onset (the beginning) and apex (most intensive) frames. The
motivation is three-fold. First, a full MIiE clip may contain up to 50 frames, so a
dataset of full MiEs can be 25 times as large as a dataset of representative frames
(2 frames per MIE). Second, recent literature on MIiE recognition (e.g, [Peng et al.,
2018a; Li et al., 2018; Liu et al., 2019]) indicate that using representative frames suf ce
to obtain very competitive accuracy. Last, synthesizing video sequences in a realistic
way is much more challenging than static frames, requiring smooth motions and
consistency over time. We leave video-level MiE generation to future work.

2.4.2 Major Finding: Action Units That Constitute Trainable MIEs

In the protocol, we make the major contribution in nding three sources of AUs that
are most helpful to de ne the onset and apex AUs, to be described below.

AUs extracted from real MiEs. An intuitive source of MIE AUs are, of course,
real-world MIE data. Assume we have a real-world MiE dataset with M MIE videos,
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where each video is annotated with the onset and apex frames. For each video, we
extract the onset and apex AUs and record the emotion label, forming a set of AUs
ZME = f(z,(M,z,(MgM__ and labels YME = fy(MgM_ . Here, AU coef cients are
extracted with the OpenFace toolkit [Baltrusaitis et al., 2018]. When synthesizing
MiEs with a certain emotion category based on zME, we randomly draw a pair of

AUs from ZME that have the desired emotion label.

Discussion.Despite being a valuable source of MiEs AUs, existing real-world MIiE
data are severely limited in size, so ZME is far from being suf cient. If we had more
MIE data, it would be interesting to further study whether our method can synthesize
a better dataset. At this point, to include more MIE samples in our synthetic training
set, we nd another two AU sources below.

AUs extracted from early-stage of real MaEs. Abundant MaE videos exist in
the community, which have a similar set of emotion labels with MiE datasets. These
MaE videos usually start from a neutral expression, leak subtle muscle movements in
early frames, and present obvious expressions later. In our preliminary experiments,
we observe that AUs extracted from early frames of MaE videos have similar values
as those of MIE clips. This suggests that MiEs and early-stageof MaEs have similar
intensities in muscle movements, rendering the latter a potential source to simulate
MiEs.

In leveraging MaE videos as an AU source, we regard the rst frame of MaE clips,
which usually has a neutral expression, as our onset frame. The selection of the apex
frame is more challenging. However, we empirically observe that existing MaE clips
usually present MIE-liked AU intensities in the rst half of the video. Therefore, we
use two hyperparameters to nd the apex frame approximately. Suppose an MaE
clip has n frames. An apex frame is randomly drawn from a frame index interval
[ba nc,bb nc], where b c rounds a number down to the nearest integer. The
selections ofa and b are brie y discussed in Section 2.5.3.

Discussion. Different MaE datasets may be different in the frame index of the
onset and apex frames, so in practice we need to do a rapid scanning to roughly
know them. But this process is usually quick, and importantly reliable, because 1)
a certain dataset usually follows a stable pattern in terms of the onset and apex
positions and 2) onset and apex states usually last for a while. As such, while this
procedure requires a bit manual work, it is still very valuable considering the gain it
brings (large-scale MIE data).

AUs de ned by expert knowledge.  Studies reveal strong relationships between
AUs and emotions [Du et al., 2014; Ekman and Rosenberg, 1997; Polikovsky et al.,
2013]. Some explicitly summarize the posterior probability of each AU entry being
activated for each emotion label: P(z > 0jy), where z indicates the i-th entry of
AU vector z. The posterior probabilities, for simplicity, are usually modeled with a
Bernoulli distribution [Du et al., 2014], i.e, P(zi > Ojy) = pand P(zi = Ojy)= 1 p.
We nd the AU distribution summarized by experts another effective source of AUs
for synthesizing trainable MiIEs.

We use the expert knowledge mainly to nd the apex AUs, where we resort to
a mapping table [Du et al., 2014] that describes the aforementioned posterior prob-
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Figure 2.3: Examples of how to compute zME, zMaE gand z&P. (a) We compute zME
from representative frames (i.e, the onset frame and the apex frame) of real-world
MIE videos. (b) Early frames in real-world macro-expression videos are used to
obtain zM2E, The hyperparameters of choosing the frame indices are selected in Sec-
tion 2.5.3. (c) We specify an emotion type (e.g, sad) and then the AU distribution
from the Expert Mapping table [Du et al., 2014], which determine the activated AU
entries. Then we assign activated AU entries with intensity values (red bars) and oth-
ers with 0. The hyperparameters of constraining intensity values are experimented
in Section 2.5.3.

abilities. Given an emotion label, when generating the apex AUs zg", we rst de-
cide which entries in z5® should be activated (> 0) by drawing samples from the
Bernoulli distribution. We then determine the intensities of the activated entries by
randomly sampling from a uniform distribution with a xed interval [mn]. The se-
lection of hyperparameters mn is brie y discussed in Section 2.5.3. On the other
hand, for the onset AUs zg™®, we set them to zero vectors, which means that no ac-
tion unit is activated, thus representing a neutral face. Examples of how to compute
the above three types of AUs are provided in Fig. 2.3.

Discussion.We use three basic expression categoriesfositive , negative , surprise
when synthesizing MIE-X, because these three classes form the largest common in-
tersection between the label sets from the three sources. If we could have more ne-
grained label space, it would be interesting to further explore how the label space
affects the training quality of MIE-X.

2.4.3 The MIiE-X dataset

With the above three types of AUs and a large pool of in-the-wild faces, we eventually
are able to synthesize a large-scale MIE recognition dataset, coined MIE-X. MIE-X
contains 5,000 identities, each with 9 MIE samplesz, resulting in 45,000 samples in
total. To our knowledge, MIE-X is the rst large-scale MIiE dataset and is more than
two orders of magnitude larger than existing real-world MIE datasets. Visualization
of the generated apex frames in MIE-X is provided in Fig. 2.4; comparisons with
existing MiE datasets are illustrated in Fig. 2.1.

2For each ID and each of the three classespositive , negative , and surprise , we generate three
MIE samples corresponding to three types of AUs. Each sample has an onset and an apex frames,
totaling 9 MIiE samples and 18 frames per ID.
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Figure 2.4. Examples of MiE apex frames from (a) synthetic (MiE-X) and (b) real-
world (the SMIC dataset [Li et al., 2013]) micro-expression data. In (a), we show three
columns of synthesized MIE apex frames corresponding to three types of Action

Units (AUs), i.e, zVIE zMaE 7eXp described in Section 2.4.2. Both real-world data and
synthetic data the shown under classes labelspositive , negative , and surprise

The strength of MiE-X as training data comes from its diversity in identity and
MIE patterns3. For instance, it contains 5,000 human identities, encouraging models
to learn identity-invariant expression features. At the same time, the three sources
of AUs are complementary, provide a wide range of AU values, and sometimes have
random AU perturbations. MIE-X alleviates over tting risks and allows algorithms
to consistently improve their accuracy.

2.5 Experiment

25.1 Experimental setups

Baseline classi ers. Two image-based MIE recognition methods are mainly evalu-
ated in this chapter: the Branches [Liu et al., 2019] and ApexME [Li et al., 2018].
Both are trained for 80 epochs. More details are provided in the Appendix.

Real-world datasets. We report experimental results on commonly-used real-
world datasets: CompMiE [See et al., 2019], MMEW and SAMM . CompMiE is pro-
posed by the MIE recognition challenge MEGC2019 [See et al., 2019] which merges
three existing real MiE datasets into one. The three component datasets are CASME
Il [Yan et al., 2014], SAMM [Davison et al., 2016, 2018], and SMIC [Li et al., 2013],
respectively. CompMiE has the same label space (Section 2.4.2) as MiE-X and consists
of 442 samples from 68 subjects in total. MMEW and SAMM have 234 and 72 sam-
ples, respectively, and their label spaces are different with MiE-X 4. The MaE dataset
CK+ [Lucey et al., 2010] is a commonly used real-world MaE dataset containing 327

SWe also acknowledge GANimation that provides us with realistic facial images.
4Label space of MMEW: happiness , surprise , anger , disgust , fear , sadness ; Label space of
SAMM: happiness , surprise , anger , disgust |, fear .
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