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Abstract

Annotation tools serve a critical role in the generation of datasets that fuel machine learning applications. With the advent of Foun-
dation Models, particularly those based on Transformer architectures and expansive language models, the capacity for training on
comprehensive, multimodal datasets has been substantially enhanced. This not only facilitates robust generalization across diverse data
categories and knowledge domains but also necessitates a novel form of annotation—prompt engineering—for qualitative model fine-
tuning. This advancement creates new avenues for machine intelligence to more precisely identify, forecast, and replicate human be-
havior, addressing historical limitations that contribute to algorithmic inequities. Nevertheless, the voluminous and intricate nature of
the data essential for training multimodal models poses significant engineering challenges, particularly with regard to bias. No consen-
sus has yet emerged on optimal procedures for conducting this annotation work in a manner that is ethically responsible, secure, and
efficient. This historical literature review traces advancements in these technologies from 2018 onward, underscores significant contri-
butions, and identifies existing knowledge gaps and avenues for future research pertinent to the development of Transformer-based
multimodal Foundation Models. An initial survey of over 724 articles yielded 156 studies that met the criteria for historical analysis;
these were further narrowed down to 46 key papers spanning the years 2018-2022. The review offers valuable perspectives on the
evolution of best practices, pinpoints current knowledge deficiencies, and suggests potential directions for future research. The paper
includes six figures and delves into the transformation of research landscapes in the realm of machine-assisted behavioral annotation,
focusing on critical issues such as bias.

1. Introduction

Understanding complex social interactions, intentions, and incentives through machine intelligence presents a formidable
challenge, largely owing to the necessity for vast training datasets. These datasets, particularly those capturing human norms
and values, are not only scarce but also complex to annotate. Detailed event analysis often necessitates integrating multiple
information streams, making the creation of high-quality behavioral datasets more challenging compared to those for objects
or general events.

Given the pivotal role of datasets in machine learning and the unique challenges associated with behavioral annotation, an
in-depth review of recent advancements is both timely and crucial. This recent historical literature review aims to document
the current state of the art in behavioral annotation for machine learning datasets, identify existing knowledge gaps, and assess
the efficacy of emerging techniques. Additionally, the review includes a temporal mapping to delineate various phases of
technology adoption and maturation.

The structure of this paper is designed to offer historical context. Section 2 outlines the methodology employed for this
review, Section 3 highlights key historical advancements in digital technologies and annotation methods for the period 2018-
2022, and Section 4 provides an analytical discussion of these developments.

This literature review extends the scope of our earlier work, 'Augmented Behavioral Annotation Tools, with Application to
Multimodal Datasets and Models: A Systematic Review.' While the prior study offered a comprehensive review of annotation
tools, it did not delve into the historical progression of methods and technologies in the field of behavioral annotation due to
constraints on length (Watson et al. 2023). The current review narrows its focus to historical developments, providing a unique
lens through which to understand both progress and emerging trends in this area. The primary audience for this review includes
researchers and practitioners in social robotics and human-robot interaction (HRI). These are disciplines intensely interested in




the recognition, interpretation, and emulation of socially relevant behaviors through the use of advanced annotation techniques.
The significance of annotation methods cannot be overstated for these communities, given the pivotal role annotated data plays
in the training and validation of machine learning models tailored for social robots. Accurate and context-rich annotation is
indispensable for engineering robotic behaviors that are both socially acceptable and efficacious in real-world applications. By
offering a thorough overview and taxonomy of current annotation methods, this paper aspires to function as a comprehensive
guide for selecting appropriate annotation strategies in the realm of social robotics research and development.

1.1 Definition of Annotation

In this paper, 'annotation' is defined as the act of supplementing data with additional labels or markers to enrich its contextual
or semantic value. Such annotations can be applied across diverse data modalities including, but not limited to, text, images,
audio, and video streams. We categorize annotations into two principal types: Observable phenomena, which are directly as-
certainable from the data (e.g., labeling an image featuring a car as 'car’), and inferred phenomena, which are not directly
observable but are deduced from the available data (e.g., denoting 'engagement' based on facial expressions and body language).
This categorical distinction serves as a foundational framework for the discussions and analyses presented in this literature
review.

1.2 Annotation Taxonomy

Within the ecosystem of annotation tools and methodologies, a multi-dimensional taxonomy proves useful for systematic
classification. The dimensions under consideration are:

o Application Context: Specifies the domain or field to which the annotation is most pertinent, such as healthcare, fi-
nance, or social robotics.

o Data Type: Identifies the nature of the data subjected to annotation, for example, text, images, or video.

e Annotation Method: Denotes the level of automation involved, distinguishing between manual, semi-automated, and
fully automated approaches.

e Involvement of Human Annotator: Classified into two categories—"auxiliary tool," indicating high human engage-
ment, and 'labor amplification tool," where automation is prevalent.

e Temporal Aspect: Indicates if the annotation is static, occurring at a single point in time, or dynamic, evolving over a
period.

This taxonomy serves as the foundational framework for the discussion and categorization of diverse annotation methods
and tools examined in this review.

2. Methods and Historical Literature Review

This research employs a Historical Literature Review methodology to comprehensively examine the trajectory of annotation
practices since the beginning of the 21st century, particularly focusing on machine-augmented techniques for creating action-
able machine learning datasets. Special attention is given to recent publications that offer insights into the challenges and
opportunities associated with multimodal abstraction in machine learning models. The objective is to lay a foundational base
upon which future research in this domain can be constructively built.

To fulfill the primary objective of this paper, a set of seven guiding questions has been formulated. The overarching query
centers on identifying the major innovations and best practices that have emerged in the realm of behavioral annotation.

The authors conducted an extensive review of literature pertaining to online social annotation tools, utilizing a targeted
keyword-based sampling strategy. The search aimed to identify full-text articles that report on empirical studies employing
annotation tools and methodologies for behavioral data collection. While the majority of the subjects in these studies were
humans, instances where non-human subjects such as rodents were included were also considered, provided the findings held
translational potential to human contexts. The PRISMA guidelines and checklist were also applied to ensure the robustness of
this study (Prisma). The research databases are presented in Table 1.



Table 1. Research Databases

RD1 Scopus WWW.SCOpUs.com

RD2 IEEE Xplore ieeexplore.ieee.org
RD3 Science Direct www.sciencedirect.com
RD4 Elicit www.elicit.org

RD5 Worldcat www.worldcat.org
RD6 Google Scholar scholar.google.com
RD7 ArXiv WWW.arxiv.org

To qualify for inclusion in this literature review, studies needed to satisfy a set of criteria outlined in Figure 1:

1. Utilization of tools specifically designed for behavior annotation, with the terms "annotation' and ‘behaviors' explicitly
included.

2. Examination of either a collaborative analysis mechanism or an element of automation designed to augment human
labor.

3. Comprehensive reporting of research methods, including the type of data generated, technologies deployed, intended
use case, and overall research design. For studies adopting quantitative methodologies, detailed reporting of statistical
analysis methods was also required.

4. Distinctiveness in research contributions, ensuring no overlap with other studies. In instances of overlap, priority was
given to the most recent findings.

5. Publication date falling within or postdating the year 2000.

6. Awvailability in English or the presence of a professionally translated version.

724 Initial records identified sysfemuﬁc

+ o
559 Records after removal of duplicates Review Process

}

559 Records Screened L S e

* 28 Excluded on abstract

366 Full-text articles assessed for eligibility __,

!

156 Articles selected for historical review
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44 Articles svitable for a 2018-2022 analysis —

Figure 1. Flowchart outlining the Recent Historical Review Process employed in the current study.

The search commenced with the identification of 366 articles. This was achieved through a Boolean search strategy employ-
ing the terms '"ANNOTATION' 'AND' 'BEHAVIOR," along with variations to encompass both American and British English.
The search was specifically tailored to include publications from the year 2000 onwards, aligning with significant developments
in behavioral annotation and collaborative annotation techniques. Of the 366 articles initially identified, exclusions were made
based on the following criteria:

Pre-2000 Publication Date: 7 articles were excluded for being published before the year 2000, as they did not align with
our timeframe of interest.

Superseded by Subsequent Research: 8 articles were excluded because they were rendered obsolete by more recent studies,
ensuring the inclusion of only the most current and relevant information.

Unavailability of Full Text: 1 article was excluded due to the inability to access its full text, a necessary component for
comprehensive analysis.

Language Constraints: 2 articles were excluded for being in non-English languages without professional translations avail-
able, to maintain consistency in language and comprehensibility.

In our review process, a significant number of articles (192) were excluded for reasons pertaining to their content quality
and direct relevance to our research questions. This exclusion was based on two main factors:



Lack of Distinction in Content: Articles were assessed for their unique contributions to the field of annotation and behavior,
especially in the context of behavioral annotation and collaborative techniques. This criterion involved evaluating whether the
articles provided new insights, innovative methodologies, or significantly advanced our understanding of the topic. Articles
that merely reiterated well-established concepts without adding new perspectives or findings were deemed to lack the necessary
distinction for inclusion in our review.

Tangential Relation to Research Questions: The focus of our review necessitated that each article directly address our
core research questions. Articles that only marginally touched upon these topics, or whose primary focus was on areas not
directly related to our research questions, were considered tangential. For instance, articles that discussed annotation or behav-
ior in contexts vastly different from behavioral annotation and collaborative methods, or those that dealt with these themes at
a very superficial level, were excluded. This dual-pronged approach to exclusion ensured that the final selection of articles was
not only directly relevant but also contributed meaningfully to the discourse on annotation and behavior in the context of XML
and collaborative techniques. The exclusion of these 192 articles was thus a critical step in refining our literature pool to include
only those studies that offered substantial, relevant, and distinctive insights into our research area.

Further Screening: After applying these initial exclusion criteria, a total of 348 articles were screened further. The remain-
ing articles underwent a further careful screening process. Articles were evaluated for their relevance to our research question,
the depth of content, and methodological rigor. This stage involved a careful review of abstracts and, where necessary, full
texts, to ascertain each article's contribution to our understanding of annotation and behavior in the context of behavioral an-
notation and collaborative techniques.

Eligibility Assessment: Following this rigorous screening, a subset of articles was deemed eligible for in-depth analysis.
These articles were selected based on their direct relevance, methodological soundness, and the uniqueness of the insights they
offered into our research question.

Selection for Historical Assessment: From this pool of eligible articles, 156 were chosen for historical assessment. This
selection was grounded in criteria that emphasized content depth and direct relevance to the historical context of our review.
Articles that did not sufficiently contribute to a historical understanding of the topic or lacked depth in their analysis were
excluded in this phase.

Final Inclusion: The final stage of our selection process involved a further refinement of these 156 articles. It was unfortu-
nately necessary to be strict with the number of papers, as otherwise the review paper would be too long for publication.
Through a comprehensive evaluation of each article's content and relevance to the scope of our historical review, the pool was
distilled by 112 papers to 44 articles since 2018, sufficient for a concise historical review whilst maintaining reasonable brevity.
This final set was chosen based on stringent criteria that prioritized articles offering in-depth analysis, innovative perspectives,
and significant contributions to the field of behavioral and collaborative annotation techniques.

3. Recent Historical Review of Behavioral Annotation

The subsequent section delineates the data amassed during the Systematic Literature Review process. The scope of the
literature review extended from 2018 CE to late 2022 CE. Spanning this five-year period, the research landscape revealed
several distinct phases of development. These phases are intrinsically linked to key technological advancements such as eX-
tensible Markup Languages (XML), Cloud and Software-as-a-Service (SaaS) technologies, OpenCV, Deep Learning, Convo-
lutional Neural Networks (CNNs), and Transformer-based machine learning models. To address the central research question
concerning major innovations and best practices, a timeline is provided that demarcates four principal epochs in the history of
annotation research.

3.1 2018-2022 The Emergence of Deep Learning Schools, Transformers

As deep learning technologies have matured, distinct schools of thought and practice have emerged. Various technology
enterprises have sought to develop proprietary machine learning capabilities aligned with their specific strengths. For instance,
Google's BERT facilitated advanced natural language processing, well-suited to the company's text-centric services (Devlin,
Chang et al. 2019). IBM focused on Quantum Machine Learning processes that favor its core competences with specialist ‘Big
Iron’ hardware (Havli¢ek, Corcoles et al. 2019). DeepMind pioneered sophisticated forms of Reinforcement Learning that
could learn to perform challenging tasks such as playing video games, culminating in the release of AlphaGo series, which
generated much acclaim at matching the greatest human players in Go, a game with an enormous number of permutations
(Silver, Huang et al. 2016, Silver, Huang et al. 2016, Silver, Schrittwieser et al. 2017), as describe in Figure 2.



A seminal paper by from Vaswani et al. in 2017, “Attention Is All You Need” introduced a promising new attention-based
machine learning architecture for natural diverse language processing tasks, the transformer.

An attention function maps a query and a set of key-value pairs to an output vector, where the output is computed as a
weighted sum of the values. Self-attention, also called intra-attention, is a recurrent attention mechanism that computes a rep-
resentation of a sequence by relating different positions in the sequence. Self-attention has been used in tasks such as reading
comprehension, abstractive summarization, textual entailment, and learning task-independent sentence representations. Trans-
formers are transduction models which are entirely reliant upon self-attention to compute representations of input and output,
and do not require the assistance of sequence-aligned RNNSs or convolution.

Schools of Deep Learning

oy [ oo |

[ M | Cuanum Machine Loamig |

Figure 2. Schools of Deep Learning championed by various technology ventures.

This innovation swiftly led to a new family of machine learning systems. All the models in this family share a property of
in-context learning, providing them with the ability to learn a new task from a few demonstrations (prompts), without requiring
any parameter updates. This attribute provides tremendous flexibility, as well as an unprecedented capability for abstraction
generalizability. Another notable aspect of these models is their prodigious size, along with the discovery that scaling in pa-
rameters, tokens, and datasets is enough to enable startling new capabilities (Vaswani, Shazeer et al. 2017).

From 2018 onward, derivations of the Vaswani team’s research became the primary focus of machine learning research,
especially after the release of Generative Pre-Trained Transformer technologies developed by OpenAl. Many of the most ex-
citing models of recent years are built upon transformers, or transformers feeding a diffusion model, including Gopher, Mi-
nerva, Chinchilla, Gato, DALL-E 2 and Stable diffusion. However, it can also be argued that Transformers are simply easy to
train in a parallelizable way and are not necessarily special in themselves. Even much simpler models, such as RNNs may
perform similarly well if sufficiently scaled and optimized.

GPT-1 did not merit much attention from the community, but GPT-2 was viewed as a substantial development. This tech-
nology could produce text of plausible believability, and experiments were undertaken to embed such technologies into bot-
only forums which attempted to replicate the manner and culture of posts in online communities such as Reddit (SubSimulator,
2019).

GPT-3 emerged in 2019, built upon similar technology to its predecessor, but with orders of magnitude larger number of
parameters, and training time. Some researchers took to describing this new wave of multimodal-ready techniques as ‘Founda-
tion models’, more of a genericized name which can include all Large Language Models, Transformers, and Diffusion Models
(Bommasani, Hudson et al. 2021). These Foundation models were found to be capable of providing the function of earlier
styles of models such as Convolutional Neural Networks, but with greater accuracy and generalizability (Li, Lv et al. 2021).

This launched a new wave of interest and excitement around an emerging new class of large (multi-billion parameter) mul-
timodal-ready models (Liang, Zadeh et al. 2022). A notable attribute of these models is that there is often a sudden and sur-
prising leap in the capability of models after training for a long time, even it may appear as an irrational overtraining of dimin-
ishing or negligible returns. This sudden discontinuity is an important factor in the value of these new massive Large Language
Models/Transformers (Ganguli, Hernandez et al. 2022), as shows in Figure 3. Emergent abilities are only present in sufficiently
large models, and thus they would not have been predicted simply by extrapolating the scaling curve from smaller models
(Wei, Tay et al. 2022, Srivastaga, Rasotgi et al. 2022), as displayed in Figure 4 and Figure 5.
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Figure 3. Three examples of abrupt specific capability scaling. From Predictability and Surprise in Large Generative Models (Ganguli,
Hernandez et al. 2022).

Q: What movie does this emoji describe? ,ﬂ.‘t«ﬂ""

2m: i'm a fan of the same name, but i’m not sure if it’s a good idea
16m: the movie is a movie about a man who is a man who is a man ..
53m: the emoji movie e dh ™

125m: it’s a movie about a girl who is a little girl

244m: the emoji movie

422m: the emoji movie

1b: the emoji movie

2b: the emoji movie

4b: the emoji for a baby with a fish in its mouth

Bb: the emoji movie

27b: the emoji is a fish

128b: finding nemo

Figure 4. Outputs from a prompt asking for which movie the emoji represent, highlighting a sudden and unpredictable takeoff in capa-
bility as model parameter size increases. From Beyond the Imitation Game: Quantifying and extrapolating the capabilities of language
models (Srivastava, Rastogi et al. 2022).

350M

Figure 5. Outputs from a prompt asking for “A portrait photo of a kangaroo wearing an orange hoodie and blue sunglasses standing on
the grass in front of the Sydney Opera House holding a sign on the chest that says Welcome Friends!” at differing parameter scales, demon-
strating the progression of capabilities visually. From Google’s Parti model in Scaling Autoregressive Models for Content-Rich Text-to-
Image Generation (Yu, Xu et al. 2022).

3.2 Machine-augmented Behavioral Annotation in 2018

Al Zamil et al., 2018 introduce an Internet of Things focused annotation of multiple segmented behaviors, including envi-
ronmental information/contexts in a smart home context. Behaviors are often driven by environmental parameters, and whether
a behavior is appropriate is linked to the environmental or situational context. This mechanism attempts to facilitate the anno-
tation of both behavioral and environmental information using Hidden Markov Model and Conditional Random Field tech-
nigues to analyze data. The annotation models also allow the annotation of concurrent behaviors (such as reading a newspaper
whilst drinking a coffee) (Al Zamil, Rawashdeh et al. 2018).

Gaur et al., 2018 provide a brief retrospective on video annotation developments to date, including their respective merits,
features, and innovations of technologies including VitBat, Viper, iVAT, VATIC, and BeaverDam, all discussed above. The
researchers not that image annotation is becoming relatively trivial thanks to Convolutional Neural Network advances. How-
ever, the number of frames and temporarily of video (as well as bandwidth and memory requirements) make video annotation
much more computationally intensive. This paper describes the state of the art in the domain of video annotation immediately
prior to the advent of Large Language Models and Transformers (Gaur, Saxena et al. 2018).

Bahnsen, Mggelmose, and Moeslund, 2018 present annotation toolboxes that enable objects of interest to be pinpointed with
pixel and polygon-based masks as well as bounding boxes. The annotation of sequential images in both RGB and thermal
modalities is supported. Each annotated object is assigned a classification tag, a unique 1D, as well as at least one further
metadata tag (Bahnsen, Mggelmose et al. 2018).



User engagement is an essential aspect of application design, especially annotation mechanisms which may be perceived as
boring, complex, and frustrating. An ability to gauge user engagement during various processes is an important response to
these challenges. Dahmija & Boult, 2018 compare observational estimates from both expert human raters and vision-based
learning to estimate user engagement. The vision-based approach uses automated computation of specified Action Units com-
bined with a Recurrent Neural Network. The researchers introduce an approach that exploits the inherent confusion and disa-
greement in raters’ annotations to build a scalable engagement estimation model. By actively modeling the uncertainty, the
appropriate weight of subjective behavioral cues is coded, which significantly improves prediction resulting in an approach
which performs comparably with experts in predicting engagement for a trauma-recovery application (Dhamija and Boult
2018).

3.3 Machine-augmented Behavioral Annotation in 2019

A structure for the design of annotation pipelines enables more sophisticated, modular, and rapidly prototyped semi-auto-
matic annotation workflows. Jager et al., 2019 respond to this opportunity with a standard process for specifying semi-auto-
matic annotation pipelines. The LOST (Label Objects and Save Time) open-source implementation permits the combination
of multiple annotation tools and machine learning algorithms into an ensemble process, which can be strung together in a
modular manner, visualized through a web-based user interface which supports the use of Python scripts to control processes.
An annotation pipeline (annotation process) can be composed of six different building block types, namely data sources, scripts,
annotation tasks, loops, data exports and visualizations, with each element separately parameterized. LOST can function as a
stand-alone program, a cloud-based instance, or a distributed computational workload shared across multiple machines. Outputs
from the process narrowly beat human benchmarks. The concept of a ‘click and place’ custom annotation builder is highly
disruptive in its flexibility and the ease of altering the workflow. The adaptability should enable rapid prototyping and A-B
testing of various approaches, as well as continuous upgrades as technology improves and new multimodal layers are feasible.
Such a pipeline will be an essential component of an advanced and efficient annotation workflow. The paper also has a helpful
overview of contemporary annotation tools and their respective strengths. The researchers state an intention to implement an
interface to Mechanical Turk for crowdsourcing applications, but this does not seem to have been released (Jager, Reus et al.
2019).

Lorbach et al., 2019 apply new techniques to the annotation of rodent behavior, experimenting with feedback loops between
automated analysis paired with human feedback. Rodent behaviors are fast, erratic, variable, and instinctive. This makes anno-
tation challenging, especially as behaviors may be difficult to classify due to research-specific requirements, or the progression
of the experiment (or aging or disease in the animal). This research demonstrates a hybrid technology, whereby iterative learn-
ing loops are set up to augment annotation, whereby the system guesses a behavior, and a human annotator grades that appraisal,
correcting where necessary. Automated annotation can become progressively sophisticated over time. In contrast to traditional
labeling, the interactive framework not only obtains annotations from the user, but it also trains a behavior classifier at the same
time. The researchers report that after 300 labeling iterations the classifiers are as accurate as those trained by the data oracle.
Agreement scores of .70 between human and Al annotations were achieved. The challenges of the use-case make the demon-
stration even more compelling. The paper makes an interesting point that annotation makes otherwise mundane sets of info
searchable, and thus potentially interesting, as anomalies can be pinpointed and shared. The researchers also note another way
to reduce the need for labeling by exploiting unlabeled data in addition to a few labeled examples through a semi-supervised
approach. The structure of the unlabeled data itself can improve classification when linked with feedback on which examples
to label. The researchers observe that close integration of semi-supervised learning and active learning suggest a promising
direction for future research (Lorbach, Poppe et al. 2019).

3.4 Machine-augmented Behavioral Annotation in 2020

Hanggi et al., 2020 present a protocol for annotation of sedentary behavior according to a hierarchical method. Subsequent
passes on a given piece of data provides extra richness and context. The first pass ascertains whether the data is at all useful,
pertinent, or potentially problematic, which also saves time. Annotations become more granular at higher passes, rectifying
finer elements. By breaking down annotation steps, one annotator can rapidly yes/no for a certain characteristic, which could
be highly efficient. Such an approach likely enables much greater efficiency than one annotator (or coder in the authors par-
lance) doing multiple potential tasks on any data they work with. It also enables annotators with less experience to work on
less critical areas first, until they prove reliable, and can thus be graduated to more difficult and sensitive tasks (Hanggi, Spinnler
et al. 2020).



Language models are further applied to annotation for NLP tasks by Wang et al., 2020. Prior methods of automated annota-
tion to date have been generally limited to specific tasks and requiring significant pre-labelled data to train from. To move
beyond these limitations, the researchers explore ways to leverage GPT-3 as a low-cost data labeler for datasets. They were
able to achieve cost savings of between fifty and ninety-six percent for comparable performance. The researchers also propose
a novel framework of combining pseudo labels generated by GPT-3 with human-soured labels, again achieving better perfor-
mance with minimal cost. These results have opened new cost-effective data labeling techniques which can be generalized to
many annotation requirements. This method presents a huge economic benefit and leads to a new paradigm of machine-aug-
mented annotation, particularly in linguistic applications. Some questions remain about how best to structure the model and
data flow to achieve the best results with minimal human efforts, especially whilst preserving nuanced cultural, situational, and
personal context (Wang, Liu et al. 2021).

Annotation of body motion is improved by Takano, 2020, with a framework for describing human body movements with
Inertial Measurement Units and motion primitives, with natural language descriptors. The purpose of the research is to discern
whether motions can be encoded into natural language through a procedural method, with a view towards automation. IMU
motion sensor apparatus gathers input signals which are represented by a set of feature vectors. These are encoded into param-
eters for processing by a statistical framework driven by a Hidden Markov Model, and then finally converted into natural
language. A probabilistic graphical model represents mappings between human motions and words. Nodes in the first layer are
motion symbols, nodes in the third layer are words, and hidden states in the second layer connect motion symbols with words.

This research advances mechanisms by which natural information such as motion can be vectorized, parameterized, and
processed by a statistical framework, and finally converted into a natural language description, using a data flow across two
separate systems, resulting in a dataset created using significantly automated means. The result is an ambitious example of
what's possible in contemporary machine vision and natural language probabilistic processing of natural data. The techniques
described provide a reliable baseline which can be iterated upon and improved by human coders. This technique seems to be
helpful for generating datasets of behaviors in an efficient manner, whilst enabling a deeper description and understanding of
the content of human movement (vectorized and parameterized), beyond mere coding or tagging (Takano 2020).

Research by Kurzhals et al., 2020 focuses on analytics of eye movement, with their prototype providing a fuzzy nonlinear
search for other behaviors within an efficient annotation system. Such a mechanism may provide extra context for coders or
enable efficiency of coding multiples of the same general behavior regardless of position in the media, particularly for the
analysis of activities and behavior that require a higher degree of semantic interpretation.

Eye tracking data is collected using eye tracking glasses, with participants making day-long recordings performing a broad
range of activities. This data was then annotated manually with eight activity classes: outdoor, social interaction, concentrated
work, mobile, reading, computer work, watching media, and eating. A visual analytics interface was provided which includes
three major components: a multi-layered timeline visualizing features and respective frames of video segments, an interface
for guided query refinement based on feature weighting, and a query result view showing thumbnails of retrieved time spans.
They applied the AlexNet F6 global descriptor CNN with its global receptive field to provide image-wide comparisons. Local
features such as image patches were also included, deriving user fixations based upon gaze points.

The similarity measures described here are particularly noteworthy, as they seem quite novel. It's much easier to simply
extract features than to find similar features in an unsupervised or semi-supervised manner. Temporal segmentation processes
applied to patches in the CNN appear to have assisted with this process. They amplify human intelligence to cross-validate
machine generated predictions and classifications in a maximally efficient manner, with human beings focusing on the identi-
fication of false positives. This system enables coders to search for similar behavioral patterns expressed in other media in a
fuzzy and nonlinear manner. This may enable coders to specialize in an area, or more rapidly annotate similar examples across
a broad range of data sources. This may be especially interesting for providing examples of a novel description of behavior. It
also clearly provides important validation processes for machine learning systems, to ensure that false positives are weeded
out, thereby improving accuracy and reducing bias (Kurzhals, Rodrigues et al. 2020). Dilated Neighborhood Attention Trans-
former models may also have strong applicability to domains where CNNs are commonly employed (Hassani and Shi 2022).

3.5 Machine-augmented Behavioral Annotation in 2021.

Dong et al., 2021 elucidate whether context from an article's title and text itself can be applied to automated tagging of it.
The study uses an attention-based model called a Joint Multilabel Attention Network (JMAN), which is designed to mimic how
users read and annotate documents, to see if it can improve tagging accuracy. The study looks at four large social media data
sets. The advantage of the JMAN approach is that it can interpret entire sentences, not just individual words, enabling greater



sophistication and reliability. Automated tagging can learn progressively to improve the accuracy of later tags as well as provid-
ing an instant check for tags that may be suspicious (Dong, Wang et al. 2021).

Another form of emulation of human prediction or emulation is introduced by Stiennon et al., 2020 in response to perceived
bottlenecks of approximate benchmarks and rubrics that do not necessarily reflect training objectives, particularly ones aimed
at a difficult to specify quality of output. The researchers demonstrate the feasibility of improving the quality of automated
summarization by training the model to optimize for human preferences. A dataset of human-generated summaries and com-
parisons between them is applied to train a model to predict human preferences. This model is in turn used as a reward function
for the fine-tuning of a summarization policy through reinforcement learning. The results were more favorable than human
reference summaries, as well as larger models fine-tuned only with supervised learning. In addition, this method was able to
interface with a wide variety of media, generalizing to new datasets. This research highlights the importance of accurate training
loss procedures for accurate targeting of model behavior (Stiennon, Ouyang et al. 2020).

Automated annotation methods thus far have a common limitation; mainstream methods simply scan the texts in the docu-
ment and do not fully model the way actual users read and annotate it, nor do they account for semantic relations between
documents. A novel deep learning-based method for these problems has been designed which can mimic users’ reading and
annotation behavior to formulate better document representation, leveraging the semantic relations among labels. This new
technique, called the joint multilabel attention network (JMAN), was compared with others including SVM, LSTM, Bi-direc-
tional RNN, and Hierarchical Attention Networks. The results showed that IMAN outperformed the state-of-the-art deep learn-
ing-based models. The idea of modelling the behavior of user annotation itself in one shot, rather than simply analyzing the
underlying elements and presenting an amalgamation of those is audacious. Optimizing based upon an assumption of what
users find noteworthy is in fact what one is hoping to collect may be the shape of things to come, at least in some contexts.
This long and rich paper is replete with exacting technical detail, especially in its comparison between various ML techniques.
It also illustrates how quality reference data may not be necessary to achieve impressive results that closely match human
coding accuracy and feel (Dong, Wang et al. 2019).

Goldberg et al., 2021 describe new methods of annotating social competence in interactions. Prediction of social competence
might offer insights on the prediction of likely corrigibility or social discomfort in a situation. Data gathered on this subject
might also assist machines to exhibit social corrigibility, enabling simulation of agreeable social interaction, or a set of basic
heuristics to implement as part of taking an action (Goldberg, Tanana et al. 2020).

Another method of emulation of human preference is explored by Wang et al., 2021, who demonstrate UDG (Unsupervised
Data Generation), a method which leverages few-shot prompts to synthesize high-quality training data without requiring human
annotations. Such data augmentation methods show tremendous promise in reducing the amount of human input necessary to
constructs datasets, refocusing human efforts towards validation and verification, fine-tuning, and prompt iterations instead.
As technology improves, Synthetic Data Generation may make annotation almost obsolete in certain contexts through a para-
digm of annotating only enough to discover the necessary parameters for synthetic data augmentation (paired with human
validation) to take over (Wang, Yu et al. 2021).

Xue et al., 2021 apply annotation techniques to Virtual Reality users’ emotional experiences, gathered through physiological
arousal sensors. Embedding annotation functions and viewport contextualization into the annotation of VR experiences aids
the annotation users in annotation their emotional experiences. It comprises three steps: continuous annotation time-alignment,
segment-based viewport clustering, and lastly viewport-dependent annotation fusion. Together, these elements facilitate anno-
tation at any time within the VR experience, temporally and proprioceptively linked to the user's experience in the moment.
360-degree VR experiences add increased annotation challenges (in knowing what one is looking at during an event, or whether
a user noticed something or not), as well as the occluded face when wearing an HMD in VR making it more challenging to
infer emotion from facial affect. It also makes it challenging to record one's emotions on paper or another device. The imme-
diate overlay of the annotation interface makes it easier to stay focused on the experience (Xue, El Ali et al. 2021).

Segalin et al., 2021, introduce the Mouse Action Recognition System (MARS), an automated pipeline for pose estimation
and behavior quantification in pairs of freely interacting mice. They compare MARS’s annotations to human annotations and
find that MARS’s pose estimation and behavior classification achieve human-level performance. MARS includes three super-
vised classifiers trained to detect attack, mounting, and close investigation behaviors in tracked animals. These classifiers were
trained on 6.95 hr of behavior video, 4 hr of which were obtained from animals with a cable-attached device such as a micro-
endoscope. Separate evaluation (3.85 hr) and test (3.37 hr) sets of videos were used to constrain training and evaluate MARS
performance, giving a total of over 14 hr of video. All videos were manually annotated on a frame-by-frame basis by a single
trained human annotator. To evaluate inter-annotator variability in behavior classification, they also collected frame-by-frame
manual labels of animal actions by eight trained human annotators on a dataset of ten 10-min videos. Two of these videos were
annotated by all eight annotators a second time a minimum of 10 months later for evaluation of annotator self-consistency. The
Behavior Ensemble and Neural Trajectory Observatory (BENTO) is a MATLAB-based GUI for synchronous display of neural



recording data, multiple videos, human/automated behavior annotations, spectrograms of recorded audio, pose estimates, and
270 ‘features’ extracted from MARS pose data—such as animals’ velocities, joint angles, and relative positions. MARS’s
detector performs MSC-MultiBox detection (Szegedy, Reed et al. 2014) using the Inception ResNet v2 architecture. Pose
detection is performed using a sing a stacked hourglass network architecture with eight hourglass subunits. The MARS tool
simplifies the process of running trained detection, pose estimation, and behavior classification models on video data. It pro-
duces bounding boxes, pose estimates, features, and predicted behaviors for each video in a directory as output. The system
can also interface with Convolutional Neural Networks. On a desktop computer with 8-core Intel Xeon CPU, 24 Gb RAM, and
a 12 GB Titan XP GPU, MARS performs two-animal detection and pose estimation (a total of four operations) at approximately
11 Hz. This paper includes a process flow of various stages and variations, highlighting the state of the art in end-to-end feature
extraction and prediction. The paper also includes a section on tracking the Neural Correlates of behavior. Such data, if able to
be gleaned through non-invasive methods, might provide extra richness to behavioral data, and various neurologically revealed
preferences (Segalin, Williams et al. 2021).

A further expansion of non-human animal behavior annotation is made by Tjandrasuwita et al., 2021 (Tjandrasuwita, Sun et
al. 2021) who focusses on human factors. The researchers explore how the subjective impressions and experience levels of
annotators can induce a variational personal bias on the resulting labels. They classify these behaviors into clusters of similar
annotation styles for analysis using a new method based upon program synthesis. The synthesized model learns to select tra-
jectory features and to apply a temporal filter between them. This enables the most salient features expressed through the focus
of annotation behavior to be isolated, with temporality aspects highlighting its particular importance (i.e., what gets done first
and is afforded the most time). This method presents new possibilities for bringing insights from behavioral neuroscience into
annotation, as well as the potential of emulation of a range of styles of annotators, which may be more suitable for specific
needs, or which may be desirable to ensure a broad range of annotator styles has been applied to a dataset, to reduce potential
biases due to a disproportionate paucity of annotation behavior styles.

3.6 Machine-augmented Behavioral Annotation in 2022

Building safer agents with human feedback typically requires presenting a simulation of behavior and requesting a human
procedural annotation of unsafe behavior found within it, ideally along with alternate recommendations. Such simulations may
lack fidelity to real-life situations and constraints, and the potential variety in parameters may be challenging for reinforcement
learning techniques. ReQueST, presented by Rahtz et al., 2021 sidesteps the need for direct annotations via a neural simulator
capable of observing from safe human trajectories, and using the learned simulator to efficiently learn a reward model, thereby
generating optimized trajectories upon which to ask for feedback. The researchers demonstrate the efficacy of this approach in
complex 3D environments and first-person tasks, enabling an order of magnitude reduction in unsafe behavior (Rahtz, Varma
etal. 2022).

Observation of trajectories can also be applied to the annotation of driver behavior. This presents an important use case for
automated driving processes, as a driver who is acting erratically should merit more attention and precaution. Axenie et al.,
2022 introduce a fuzzy modelling and inference method for calibrating driver behavior recognition models, by parameterizing
car-following and lane-change behaviors observed in vehicle trajectories into plausible classes whilst taking physical laws and
domain knowledge into account within its predictions. The resulting automatically labelled parameters can also be applied to
emulate specific types of behaviors or driving styles (Axenie, Scherr et al. 2022).

Similar modelling of behavior is achieved by Baker et al., 2022a with a model (VideoPreTraining) for sequential decision
domains which is capable of learning to emulate human player behavior in Minecraft captured in unlabeled online videos. This
was created as a response to a shortfall in adequately labelled data on behavioral priors. A semi-supervised imitation learning
system enables agents to learn to act by watching online unlabeled video, if paired with a small amount of labeled data. Spe-
cifically, the researchers demonstrate an inverse dynamics model can be trained which is sufficiently accurate to itself label a
very large unlabeled repository, from which general behavioral priors can be learned. This behavioral example has nontrivial
zero-shot capabilities and can be fine-tuned with both imitation learning and reinforcement learning. The resulting model is
robust to complex exploration tasks that are impossible to learn via reinforcement learning alone, and it achieves a parity to
human performance in many task areas despite using emulated keyboard and mouse controls (Baker, et al. 2022a, Baker, et al.
2022b).

Research into the creation of new datasets through the in-context learning capabilities of LLMs has led to the development
of Selective Annotation techniques, as showcased by Su et al., 2022. A pool of examples are selectively chosen from unlabeled
data, whereupon task examples are derived through prompt retrieval at test time. An unsupervised, graph-based selective an-
notation process, vote-k, selects a subset range of diverse and representative samples. Compared with random sampling, this



selective method results in around a twelve percent improvement in performance, whilst necessitating between ten and one
hundred times fewer annotations. The researchers also demonstrate that the vote-k driven selection method is compatible with
models of different sizes, and those with domain shifts between training and test data (Su, Kasai et al. 2022).

4. Summary Analysis

The transformation in data annotation techniques can be traced back to a variety of factors, including constraints such as
time and cost, as well as advances in peripheral technologies like high-quality sensors and computational hardware. Initially,
manual annotation methods dominated, demanding considerable human expertise for diverse tasks—be it text classification,
object detection in images, sentiment analysis, and machine translation. While these manual methods offered high-quality
annotations, they were often slow and expensive.

As machine learning technologies matured, semi-automated and fully automated methods emerged. These newer methods
aimed to capitalize on computational power to alleviate the manual burden. Algorithms in natural language processing and
computer vision began to play crucial roles in automating tasks such as text tagging and object labelling, respectively.

Annotation techniques can generally be classified into three categories:
e Manual Annotation: Human annotators manually label the data.

e Semi-Automated Annotation Machine algorithms propose annotations that are verified by human experts.
e Fully-Automated Annotation: Advanced algorithms independently carry out the annotation.

Over time, the performance of these tasks has improved, in part due to more sophisticated annotation techniques and also
due to advances in computational hardware and algorithms.

There is a clear trajectory of growth and refinement of dataset over time. Initial dataset sizes often start modestly, tailored to
the constraints of early annotation capabilities and intended for benchmarking fundamental tasks. As annotation techniques
evolve, harnessing both human expertise and semi-automated tools, these datasets have expanded in scope and scale. This
expansion is not merely quantitative but also qualitative, incorporating richer annotations that capture more nuanced aspects of
the data, such as sentiment, entailment, or even fine-grained entity relations.

For instance, an image dataset might initially be annotated with basic labels indicating the presence of objects, but later
versions could include bounding boxes, segmentation masks, or detailed attributes of each object. Similarly, in language da-
tasets, what might begin as simple part-of-speech tagging can evolve to include complex syntactic trees and semantic role
labeling, reflecting advancements in linguistic processing tools and theories.

With each subsequent expansion, we document not only the increase in the number of data points but also enhancements in
the depth of information provided by annotations. Modifications in annotation methods are particularly significant, as they
often reflect broader shifts in the field's understanding of what constitutes useful data for developing Al models. For example,
transitioning from manual to semi-automated annotation may indicate an effort to scale up the dataset while maintaining or
even improving the quality of the annotations.

Through meticulous documentation of these changes, we gain insights into the maturation of datasets and, by extension, the
progress of the Al field. This historical perspective is invaluable for researchers and practitioners alike, as it provides context
for the current state of Al capabilities and guides future directions for dataset development and usage.

Specific datasets like ImageNet for image classification, COCO for object detection, and the Penn Treebank for syntactic
parsing have grown both in size and complexity, paralleling advances in annotation methods. While English has been the
primary focus for many annotated datasets, there is a growing trend to include multiple languages. For example, parallel corpora
in machine translation now often feature a variety of language pairs, making the task of annotation increasingly complex but
also more inclusive.

Several factors amplify the complexity of constructing and working with multilingual datasets. Firstly, linguistic features
such as diacritics can alter the meaning of words significantly, demanding annotators who are not only fluent in a language but
also attuned to its nuances. For instance, in Vietnamese, diacritics indicate tones and change word meanings, which can be
perplexing for non-native annotators and automated annotation systems alike. Additionally, the direction of writing varies
between languages—Arabic and Hebrew flow right-to-left, which requires specialized software support and a different ap-
proach to visual layout when annotating.

Grammatical structures differ markedly across languages, complicating the transfer of annotation guidelines. For example,
case systems in languages like German or Russian introduce variability in word endings that must be accurately captured and
understood in context. Also, idiomatic expressions and compound word formations present unique challenges that require
cultural as well as linguistic expertise.



Despite these hurdles, the enriched datasets that result from multilingual annotation hold immense power. They enable the
development of more sophisticated and inclusive Al models, capable of understanding and processing a diverse range of human
languages and dialects. Such datasets are instrumental in driving forward technologies like real-time translation, cross-lingual
information retrieval, and inclusive language technologies, thereby facilitating global communication and understanding. The
increased representativeness and diversity of these datasets also mean that Al systems can serve a broader user base with greater
accuracy, ultimately leading to technology that is more equitable and accessible to all.

In recent years, self-supervised learning and Reinforcement Learning from Human Feedback (RLHF) have further altered
the landscape. Self-supervised learning minimizes the need for human-labelled data by allowing the model to generate its own
labels. On the other hand, RLHF allows models to adapt dynamically, offering real-time adjustments to annotations based on
environmental interactions.

For instance, in video annotation, a reinforcement learning model could adapt its labelling strategies in real-time, altering its
approach based on the evolving context within the video.

The field of data annotation has therefore seen a significant evolution influenced by a variety of factors—from technological
constraints to advances in machine learning and peripheral technologies. The future holds the promise of even more sophisti-
cated methods, thanks to emerging techniques like self-supervised learning and RLHF.

5. Final Considerations

This recent historical review paper contributes to the research domain by distilling a complex series of innovations within a
very fast-moving domain being transformed by prompt-driven multimodal models and synthetic data techniques. Several ob-
servations can be inferred from the path of annotation technology development discussed above:

e Transformers and diffusion models are poised to consistently outperform earlier, dedicated machine learning archi-
tectures.

e The newfound capacity of multimodal models to process diverse data types suggests that these models will substan-
tially benefit from intricate, multimodal annotations.

e The multimodal nature of these models facilitates cross-contextual inferences, enabling them to handle complex, mul-
tivariate datasets or dataset catalogues, thereby enriching situational awareness from multiple perspectives.

o  While deep learning underscored the importance of data volume, multimodal models may shift the focus towards the
richness of context and detail in cross-correlated, theme-related disparate data types.

e The need for multimodality in datasets is escalating, necessitating cross-referencing across data types and the incor-
poration of multimodal examples that encode norms and values across a wide cultural and situational spectrum. *
There is a discernible trend toward the default use of advanced semi-automatic and automatic annotation methods,
rendering traditional techniques increasingly obsolete.

e The rise of techniques based on synthetic data, validated by human-generated prompts, signifies a move away from
human-centric annotation, except in specialized scenarios. The efficacy limitations of this approach remain an open
question.

e The delegation of annotation tasks to machines not only reduces human workload but also augments the potential for
discovering additional data dimensions, thereby enhancing the inferential capabilities of the resulting models. This
feature is particularly beneficial for multimodal models.

Our review underscores the potential of machine learning-enhanced behavioral annotation in social robotics, particularly in
refining robots' ability to interpret human behaviors and emotions. This progression paves the way for robots that are more
empathetic and context-aware, aligning with social robotics' goals of improving human-robot interaction and ethical design
considerations. Such advancements not only promise to improve the interaction quality between humans and robots but also
open avenues for ethical considerations in robot design, ensuring they operate within socially acceptable norms. We advocate
for interdisciplinary efforts to integrate these advancements into social robotics, promising to elevate the interaction quality
and ethical standards of social robots. This synergy between behavioral annotation and social robotics underscores our study's
relevance to the field.
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