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OVERVIEW 

 
This module provides an overview of the past and ongoing 

use cases of artificial intelligence (AI) and machine learning 

(ML) tools in archival institutions for the processing of 

audiovisual records. This module discusses the history of 

tools such as automatic speech recognition (ASR), how ASR 

works, how ASR is being used in archival contexts today, as 

well as the challenges and limitations of ASR regarding 

privacy, copyright, and cost. The module looks at how AI 

tools are being used for processing video records in archival 

and records management contexts while also highlighting 

challenges that are unique to video records. Finally, it also 

outlines effective strategies to implement AI tools for the 

processing of audiovisual records, such as adopting a 

human-in-the-loop approach and identifying project-specific 

use cases. 
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LEARNING OBJECTIVES 

By the end of this lesson, students will be able to: 

● Explain current and potential uses of Artificial 

Intelligence (AI) and Machine Learning (ML) for the 

processing of audiovisual records 

● Use AI/ML tools for processing of audiovisual records 

● Critically analyse the challenges of current AI/ML 

applications for processing of audiovisual records (e.g., 

criminal/illegal, copyrights or individual rights, biases, 

commercialization, etc.) 

 

 
History and Applications of ASR Technology 

 
A Brief History of AI for Audio/Speech Processing 

 
Automated Speech Recognition (ASR) technology began in 1952 when 

researchers at Bell Laboratories developed the first machine capable of 

recognizing speech. The Automatic Digit Recognition machine — nicknamed 

‘Audrey’ — could recognize any number between zero and nine to facilitate 

voice dialling (Moskvitch, 2017). When listening to its creators, Audrey had 

an accuracy rate of 70-90%, although it relied on a room full of highly 

specialized and costly equipment to do so (Moskvitch, 2017). Still, Audrey 

was a precursor for what was to come, as ten years later, IBM released 

‘Shoebox’ (IBM, n.d.). Named for its compact size, the machine was capable 

of recognizing nine numbers as well as six words to perform basic 

mathematical equations (IBM, n.d.). Around the same time, researchers in 

the Soviet Union invented the dynamic time warping algorithm to better 

handle variations in speaking speed, resulting in the first machine to have a 

200-word vocabulary (Moskvitch, 2017). However, ASR would not be able to 
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recognize entire sentences until the US Department of Defense funded the 

five-year Speech Understanding Research program (SUR) between 1971 

and 1976 (Moskvitch, 2017). In collaboration with IBM, Carnegie Mellon 

University (CMU), and Stanford Research Institute, SUR resulted in a 

machine that had a vocabulary of 1,011 words and was named ‘Harpy’ 

(Moskvitch, 2017). 

Harpy set the stage for the release of IBM’s voice-activated typewriter 

in the mid-1980s, Tangora. Intended to help streamline office 

correspondence, Tangora boasted a vocabulary of 20,000 words, thanks to 

advancements in digital signal processing and predictive technologies based 

on hidden Markov models (HMM) and n-gram language models (Juang & 

Rabiner, 2004). 

Improvements in computer processors, pattern recognition technology, 

and artificial neural records in the 1980s made ASR technologies accessible 

to the broader public for the first time with interactive voice recognition 

systems, such as phone tree systems, which are still in use today (Juang & 

Rabiner, 2004). In 1990, Dragon Systems released the first ever consumer 

speech recognition product for PCs, Dragon Dictate (Moskvitch, 2017). With a 

5,000-word vocabulary, Dragon Dictate allowed users to control a PC using 

only voice commands and, as a result, found considerable success as an 

assistive technology for users with accessibility concerns (Dragon Medical 

Transcription, n.d.). For example, to users who could not manipulate a 

mouse or press keys Dragon Dictate gave access to most computer 

functions, such as navigating web pages and typing (Leib, n.d.). Individuals 

with visual impairments found similar access using this software as it was 

capable of “executing commands faster than screen reading and 

magnification programs” (Leib, n.d.). The application of ASR to assistive 

technologies remained a driving force in innovation and development 

throughout the 1990s, and continues to this day (Hux et al., 2000). 

However, alongside a hefty price tag of $9,000 USD (roughly $22,000 

USD when adjusted for inflation today), Dragon Dictate also required users to 
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pause after each word to ensure accurate transcription, called discrete 

speech (Moskvitch, 2017). This resulted in slower transcription speeds and 

limited its wider market appeal (Dragon Medical Transcription, n.d.). 

Nonetheless, the innovation and success of Dragon Dictate caught the 

attention of the US Department of Defense, which signed a contract with 

Dragon Systems in 1993 to develop continuous speech and voice recognition 

systems (Dragon Medical Transcription, n.d.). The result of this collaboration 

came in 1997 with Dragon NaturallySpeaking, the first continuous speech 

and voice recognition product with a vocabulary of 23,000 words (Dragon 

Medical Transcription, n.d.). No longer limited to discrete speech, Dragon 

NaturallySpeaking recognized speech at roughly 100 words per minute and, 

for the first time, made it practical to use voice and speech recognition for 

document creation (Moskvitch, 2017). Although Dragon NaturallySpeaking 

found widespread success among professionals, academics, and users with 

accessibility needs, it was particularly impactful among healthcare 

professionals, who used it to dictate patient notes and streamline the 

otherwise time-consuming charting process (Parente, Kock, & Sonsini, 

2004). In fact, the software is still in use today under the name of Dragon 

Medical and has become a critical component in the creation of electronic 

health records with over 550,000 users (Nuance, 2023). 

Still, Dragon NaturallySpeaking and similar technologies of the 1990s 

— such as IBM’s ViaVoice — had their limitations. For example, Dragon 

NaturallySpeaking was speaker-dependent, meaning it had to be trained to 

reliably and accurately recognize a speaker’s voice (Juang & Rabiner, 2004). 

This made it ineffective for spontaneously transcribing multiple speakers, as 

in the case of interviews, and limited its use to single-user transcription. 

Additionally, despite boasting accuracy rates as high as 90% and being able 

to accommodate different accents, dialects, and speech variations, Dragon 

NaturallySpeaking and IBM’s ViaVoice struggled to reliably transcribe the 

speech of non-native English speakers (Coniam, 1999). This resulted in a 

bias towards native English speakers that dominated ASR technology 

throughout the 1990s and 2000s and continues even to this day. For 
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example, contemporary ASR systems are disproportionately trained on 

English data sets, restricting their availability and efficacy for non-native 

speakers. Recently, efforts are directed to making the technology more 

inclusive, a tendency which is discussed later in this module (Sullivan, 

Shibano, & Abdul-Mageed, 2023). 

Following the success of the 1990s, the next major breakthrough in 

ASR technology came in 2008, when Google Voice Search was released as an 

app for the iPhone that allowed users to search the internet using voice 

commands (Elmore, 2025). By offloading processing requirements to data 

centers, Google was able to implement complex deep neural networks and 

machine learning algorithms to continuously improve their ASR models from 

users’ search data (Elmore, 2025). This integration of AI and ML with ASR 

paved the way for the introduction of voice-based virtual assistants like 

Apple’s Siri in 2010 or Amazon’s Alexa in 2014. With accuracy rates ranging 

at 93-95%, ASR technologies are now present in everyday life. For example, 

voice-activated navigation and search systems in cars are used to improve 

driver safety, while healthcare professionals rely on dictation software like 

Dragon Medical to automate charting and maximize doctor-patient 

interactions (IBM, 2025). 

 

 
History of ASR Technology in Archives 

Although existing since the 1950s, ASR did not become accessible to 

the wider public until the 2000s, and this limited its use in archival contexts 

until that point, despite having potential to expedite the time-consuming 

processing of audio and video records. This was due to a number of reasons, 

some of which were discussed earlier. For one, ASR technologies in the 

1990s and 2000s were prohibitively expensive. With systems such as Dragon 

Dictate retailing for $22,000 US for a single user license, they simply were 

not a realistic option (Moskvitch, 2017). And while ASR technology became 

more accessible and affordable beginning in the 2000s, opportunities 

for implementation were severely limited by accuracy rates of just 30-50% 
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(Munteanu et al., 2006). Additionally, audio recordings with multiple or non-

recurring speakers, as well as non-native English speakers, made it difficult 

to train ASR systems such as Dragon NaturallySpeaking to improve 

accuracy. Even today, these systems struggle to reliably transcribe 

spontaneous spoken speech and capture the emotional context (Gustman et 

al., n.d.). There was also the added challenge and process of needing to 

digitize audio recordings before applying ASR, as born-digital recordings 

were not commonly received by archival institutions until the 21st century. 

Overall, these factors contributed to an environment where implementing 

and applying ASR technology often required more effort, time, and 

resources than manually processing and arranging and describing audio 

records. 

Despite these early barriers to adopting ASR systems in archival 

institutions, as early as the 1990s, archivists, IT specialists, and archival 

vendors began investigating the application of ASR to assist in the processing 

of audiovisual materials (Whittaker et al., 1999). The focus on audiovisual 

materials was due to the extensive hands-on labour required to arrange, 

describe, and make them accessible, which continues to be a problem today 

(Byrne et al., 2004). As the following examples will illustrate, the focus was 

therefore on how ASR technologies could expedite the processing time of 

audiovisual materials while also improving discoverability and access. 

One of the first documented cases of ASR technology for archival 

purposes was in 2001, when the National Science Foundation (NSF) awarded 

$7.5 million USD ($13.7 million USD when adjusted for inflation) to the 

Shoah Visual History Foundation (VHF) to develop multilingual speech 

recognition software for the processing of interviews of Holocaust survivors 

(Jackson, 2001). With 52,000 audio and video records in over 32 languages, 

totaling some 180 TB or 116,000 hours of audio and video, the VHF had the 

“largest and most complex single topic digital video library in the world” 

(Gustman et al., n.d.). The NSF’s funding resulted in the creation of the 

Multilingual Access to Large Spoken Archives, or MALACH. This was an 
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international collaboration focused on implementing ASR technology for 

spoken archives between the VHF at the University of Southern California, 

IBM, John Hopkins University, the University of Maryland, Charles University, 

the University of West Bohemia, and AITIA International (MALACH, n.d.). The 

objective of MALACH was to “dramatically improve access to large 

multilingual spoken archives” by developing and implementing ASR 

technology to “handle spontaneous and emotional speech with disfluencies, 

heavy accents, elderly speech, and dynamic switching between multiple 

languages” (Gustman et al., n.d.), all of which were major barriers that had 

prevented the application of ASR systems to archives until that point. 

MALACH sought to utilize advances in ASR technology to assist in metadata 

creation and segmentation, automate translation of domain-specific 

multilingual thesauri, and evaluate the “social and scientific value of [ASR 

technology] to see how it can be applied to other large archives” (Gustman 

et al., n.d). Between 2002 and 2006, MALACH had produced 67 

interdisciplinary publications, workshops, and panel discussions on the 

application of ASR technology in archival institutions, including how to train 

and implement systems and workflows (MALACH, n.d.-b). 

Byrne et al. wrote in greater detail on the scale of the VHF’s collection. 

Before the start of the MALACH project, after 150,000 workhours, only 9% of 

the oral history collection had been manually processed and annotated with 

transcriptions of speaker names, locations, dates of creation, and summaries 

(Byrne et al., 2004). With human transcribers taking 8-12 hours to transcribe 

a single hour of an English interview, the authors sought to discover whether 

ASR technologies could be implemented to reduce processing times and 

streamline archival workflows for recorded interviews of Holocaust survivors 

in a variety of languages (Byrne et al., 2004). As the interviews were 

originally recorded on Sony Beta SP tapes, the authors began by digitizing 

the tapes into a 3 MB/s MPEG-1 stream with a 128 kb/s (44 kHz) stereo 

audio (Byrne et al., 2004). The corpus or training data for the ASR model 

was then “generated using 15-min segments of an interview from 800 
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randomly selected speakers” that was manually transcribed to ensure 

accurate training data (Byrne et al., p. 422). Initial performance results of 

transcribed audio of interviewees, measured by word error rates (WER), 

ranged from 57.3% to 53.1%, although additional training via manual 

transcription and consensus decoding reduced the WER to as low as 39.6% 

(Byrne et al., 2004). Using ASR, the VHF was able to successfully process 

500 hours of English records at this early stage of the MALACH project and 

make them accessible via metadata enrichment based on the generated 

transcripts. Given the time and resources required to train and implement 

the ASR system, the authors noted that while implementing a similar system 

in other archives would not be feasible, it was an exciting proof of concept 

that revealed a number of future applications for the MALACH project. 

By 2006, the MALACH project was a success in using AI to support the 

processing and description of audio and video recordings, a task considered 

impossible prior to the implementation of ASR technology. The project also 

resulted in the MALACH Interviews and Transcripts English corpus that can 

be used to train other ASR systems (Ramabhadran et al., 2012). The training 

dataset is made up of 375 hours of testimonies featuring some of the most 

complex aspects of ASR, such as accented and emotional speech, non-

English named entities, uncued language switching, and multiple speakers 

(Picheny et al., 2019). In 2019, the system had a WER of roughly 21.7%, 

although further development in 2023 using contemporary AI and ML 

systems, such as OpenAI’s Whisper, reduced the WER further to 13.5% 

(Picheny at al., 2023). As the MALACH corpus is a dataset that can be used 

in archives for the training of ASR models to support the processing of audio 

records, there is still ongoing development to improve the dataset today, 

proving the longevity and impact of the MALACH project for the use of ASR 

systems in archives (Picheny at al., 2023). 

Regarding other developments, in 2006, Munteanu et al. began what 

would become a years-long investigation into the application of ASR 

technology to transcribe webcast lectures at the University of Toronto to 
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improve access and discoverability. They started by measuring how the 

quality of transcripts affects user experience (Munteanu et al., 2006). The 

authors found that speech recognition accuracy linearly influences both user 

performance and experience, that 45% WER is unsatisfactory, and that 

transcripts with a WER of 25% or less is an acceptable error threshold from 

the perspective of the user (Munteanu et al., 2006). A year later, Munteanu 

et al. (2007) found that ASR accuracy could be improved by combining them 

with large vocabulary Language Models (LMs) based on corpora from the 

internet as well as telephone conversations. This resulted in a reduction in 

the WER by 11%, proving the viability of combining LMs and ASR technology 

as early as 2007 (Munteanu et al., 2007). By the end of their work, 

Munteanu et al. (2008) concluded that ASR systems, when combined with 

LMs and enhanced with different corpora, were an effective way to 

transcribe webcasts to enhance access and discoverability. 

Writing from the perspective of archival technology vendors, Kummer 

and Backfried (2007) demonstrated the viability of modifying and integrating 

off-the-shelf ASR products with existing archival infrastructure and systems 

to assist in the processing of audiovisual materials (Figure 1). Using the 

Media Mining System (MMI) from SAIL LABS Technology, they found 

possible to utilize ASR technology to automate content transcription and 

speaker and keyword identification with roughly 80% accuracy to reduce 

archival processing times (Kummer and Backfried, 2007). However, Kummer 

and Backfried also found that their ASR tools struggled to accurately 

recognize spoken language when the audio had a poor quality or when it 

contained dialects that were different from their training datasets (Kummer 

and Backfried, 2007). As a result, the authors emphasized that ASR 

technologies were best utilized as tools to streamline the earlier, more 

tedious stages of processing audiovisual materials to empower archivists to 

more strategically utilize their time (2007). 
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Figure 1. A framework for how Kummer and Backfried implemented ASR into 

an existing system (Kummer and Backfried, 2007) 

 
Information technology specialists at Ryukoku University in Japan 

considered the role of ASR in the creation and maintenance of records such 

as meeting minutes from the National Congress of Japan (Nanjo et al., 

2006). They designed a computer assisted speech transcription (CAST) 

system with an interface that enabled users to easily correct ASR errors in 

real-time, reducing the transcription time to about half of the time (Nanjo et 

al., 2006). Their language model was trained on meeting minutes from the 

National Congress that totaled over 86.7 million words. However, because 

these minutes did not contain spoken expressions such as filler words, the 

authors also prepared a true transcription of meetings with an additional 

353,000 words to ensure a more accurate starting point. When combined 

with a spontaneous speech corpus of 228 hours, the CAST system had a 

vocabulary size of 52,093 words (Nanjo et al., 2006). The work of Nanjo et 

al. (2006) demonstrates the innovation taking place at the time to adapt ASR 
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technologies to archival and records management contexts where off-the-

shelf ASR products were not yet available. 

 
ACTIVITY #1 

ASR technologies have existed for decades with a number of 

proven use cases and archival-based applications, although their 

accuracy and usefulness may vary greatly. 

 
In small groups (2-4), make students test out how well 

speech-to-text tools work in different environments (e.g., 

multiple speakers, high background noise, different languages, 

different styles of speech, such as fast speech, emotional 

speech, genre-specific or domain-specific speech, etc.). Free 

speech-to-text tools that can be used include Apple iPhone 

Dictation and Google’s Voice Search, or apps such as 

MacWhisper or Aiko. Afterwards, have students discuss how the 

tools worked, whether some were better than others, any 

issues they encountered, and in what situations they think ASR 

could be useful. 

 
How Does ASR Work? 

Before ASR technologies can be applied to the processing of 

audiovisual records, the materials in question must first be adequately 

prepared. For example, an analogue record such as an audio cassette tape 

would first need to be digitized into an audio file with key properties that an 

ASR tool can recognize. This means that the quality of audio samples should 

be a priority to ensure accurate ASR outputs. Key audio priorities include a 

high sample rate of at least 16kHz, bit depths of 16 or 24, mono audio 

channels, and non-lossy file formats such as WAV or FLAC (Loeber, 2025). 

For purposes of digital preservation, IASA recommends a frequency 

sampling of at least 48kHz and up to 96 kHz and at least 24-bit depth for the 

digitization of analogue audio (IASA, 2009). Pre-processing techniques such 

https://support.apple.com/en-ca/guide/iphone/iph2c0651d2/ios
https://support.apple.com/en-ca/guide/iphone/iph2c0651d2/ios
https://search.google/intl/en-CA/ways-to-search/voice/
https://goodsnooze.gumroad.com/l/macwhisper
https://sindresorhus.com/aiko
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as noise reduction, normalization, and echo cancellation also occur at this 

stage to improve the clarity and consistency of an audio recording to ensure 

more accurate outputs (Harris, 2024). However, quality often comes at the 

price of increased processing and storage demands. A delicate balance 

must be found between best practices and an institution’s resources. The 

size of the files matters as well. Several ASR tools impose restrictions on 

the size of the processed files (e.g., 25MB, 50MB, 100MB, 1GB, etc., 

depending on the tool and whether files are uploaded to the cloud or stay 

local and use an API service). This means that archival institutions using 

these types of tools will have to either compress the audio files or split 

them to file sizes under the imposed limit. An alternative is to use open-

source versions of ASR tools, such as Whisper, locally, or on the archives’ 

own infrastructure, to remove these file size limits. At this point the digital 

audio file is ready to enter an AI-powered ASR processing pipeline. 

This pipeline has been streamlined during the last ten years. Between 

2011 and 2019, ASR significantly improved, with AI relying on deep learning 

techniques by using hidden Markov models in combination with Deep Neural 

Networks (HMM-DNN). In this AI end-to-end approach, an expert in 

linguistics was required to annotate and create a lexicon and phonetic 

equivalents for the model, and the deep neural network would take care of 

the language models over multiple steps to reliably transcribe speech to a 

written transcript (Foster, 2025). This was the original approach behind Siri 

and Alexa. An issue with the HMM-DDN approach described here is that 

archives and other organizations have differential access to the human 

expertise required to create these models. This constituted a hurdle for most 

archives attempting to create in-house ASR models. However, this changed 

by the end of 2019: state-of-the-art ASRs completely switched to pure Deep 

Learning/Deep Neural Networks, surpassing ASRs by using HMM-DNN and 

reaching accuracy rates of above 95%, making the need to develop 

acoustics, lexicon, and linguistic models unnecessary and streamlining the 
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ASR pipeline. Issues with hallucinations still remain, though, especially when 

processing audio in low-resource languages (Timmel et al., 2024). 

The next step in the processing pipeline is speech segmentation. A 

speech segmentation task divides the continuous audio stream into smaller 

units such as individual phonemes, syllables, words, or sentences to improve 

ASR accuracy. Segmentation is important in the context of audio records 

because, unlike text, audio lacks the natural clues, such as punctuation, 

capitalization, and formatting, that traditionally convey key contextual 

information (Ostendorf et al., 2008). For example, segmentation can identify 

points in audio where a speaker or audio type changes, such as when 

someone stops speaking and only silence follows. Human listeners often do 

this automatically by drawing on “sophisticated syntactic, semantic, acoustic, 

prosodic, pragmatic, and discourse knowledge” to arrive at something like 

the formatted transcript in Figure 4 (Ostendorf et al., 2008). A machine, 

however, does not. It instead produces an output of a stream of words 

without any contextual boundaries, as shown in the unformatted transcript 

in Figure 4, such as a comma to indicate a natural pause in a spoken 

sentence. Therefore, segmentation is a vital component in increasing 

readability of outputs. 

 

Figure 2. An example of how segmentation can help preserve key 

contextual and structural clues in speech (Ostendorf et al., 2008). Note 

inclusion of speakers, punctuation, and capitalization on the right. 
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Speaker diarization (SD) can further segment audio files by 

partitioning them by speaker. In other words, SD answers the question of 

who spoke and when using segmentation and labelling (Figure 5). SD helps 

ASR programs distinguish individuals from one another during 

conversations, such as in the course of recorded interviews with multiple 

speakers (IBM, n.d.). There are two main approaches to SD: supervised and 

unsupervised. The former SD is trained to recognize a set number of 

speakers and thus only works with speakers that appeared in the training 

data, increasing its overall accuracy but limiting its versatility without 

specific training and additional resources (La Javaness, 2023). In 

comparison, the latter SD uses a model to cluster “audio segments 

according to the speaker based on extracted audio features”, making it 

capable of identifying a wider range of speakers it has no prior knowledge or 

training of (La Javaness, 2023). With recent advancements in AI, most SD 

models are unsupervised. 

 

Figure 3. This illustration highlights the importance of speaker 

diarization for ASR systems to identify one or more speakers in an audio 

recording (La Javaness, 2023). 
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Another key component of the AI-powered ASR pipeline is speaker 

recognition (SR), that is, “the process of identifying or verifying a speaker 

using their voice” (Hansen, 2024). While ASR focuses on transcribing 

spoken words to text and determining what is being said, SR looks at how 

something is being said to determine who the speaker is by analyzing the 

“unique characteristics of a person’s speech, such as pitch, tone, and 

speaking style” (Hansen, 2024). This is sometimes referred to as a voice or 

audio fingerprint, which can be compared to a dataset or training model to 

predict the most likely speaker based on how well it matches existing voice 

patterns in the system (Hansen, 2024). Speaker verification, as the name 

implies, can then be applied to ensure that speakers have been correctly 

identified by reviewing extracted audio features (i.e., embeddings) and 

comparing them to the original references to return the most likely speaker. 

SR and speaker verification offer a unique opportunity to expedite the 

processing and description of audiovisual materials. Additionally, when 

combined with recent advancements in large language model (LLM) 

technologies, it is now possible for SR and speaker verification tools to 

produce structured multilingual outputs previously thought impossible. Meng 

et al. (2024) found that their model, Multi-Talker LLM or MT-LLM, can 

simultaneously transcribe multiple speakers output into text, transcribe that 

of a specific target speaker when given a reference audio clip, and 

transcribe speech based on a speaker’s sex, occurrence order, or when they 

say a keyword or speak in a specific language. LLMs can also make 

probabilistic inferences about the identity of the speakers identified in the 

audio records based on the content of the audio record itself. For example, if 

the content of the transcribed audio record includes personal identifiable 

information (i.e., the speakers introduce themselves at the beginning of the 

audio providing their name and affiliation), this information is then used by 

the LLM to identify the speakers in the associated audio segments with a 

level of certainty (Abdul-Mageed, n.d.) LLMs also allow users to interact with 

transcripts and return contextual information such as the main topics that 
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were discussed, speakers, or summaries as demonstrated in Figure 3. 

(Abdul-Mageed, n.d.). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4. An InterPARES AI pipeline for audio records, which demonstrates 

how LLMs can be combined with ASR technologies to produce complex and 

versatile outputs based on a user’s goals and needs (Abdul-Mageed, n.d.). 

 
Finally, Human-in-the-Loop (HITL) post-processing techniques are then used 

to correct mis-recognitions and other errors in decoded transcriptions to 

improve accuracy. HITL refers to a workflow or process where a human is 

actively involved in the operation, supervision, or decision-making of an 

automated system or AI technology to “ensure accuracy, safety, 

accountability or ethical decision-making” (Stryker, n.d.). In the context of 

automated post-processing tools for audio records, a HITL approach is crucial 

to ensure that any changes to a file do not impact its authenticity, accuracy, 

or quality. Moreover, it provides the opportunity to explicitly include paradata 

about transformations on the digitized audio records during any step of the 

AI pipeline in their processing (Cameron et. al., 2023). Once an output is 

generated, for example a transcript from an interview in the form of an XML, 

SRT, VTT, or JSON file, that data must also be synchronized with the original 

audio file to ensure alignment. In other words, synchronization connects what 

was said and when it was said in the audio file, often in the form of time 

stamps. It is a crucial component in being able to verify the accuracy of ASR 
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tools, training new models, and performing additional tasks such as keyword 

or speaker identification (Navon et al., 2023). 

 
ACTIVITY #2a: ASR in a digital audio record using 

AssemblyAI 

In this activity, students will transcribe an audio file with 

AssemblyAI’s free speech-to-text tool to see how features like 

speaker diarization and speech recognition work in real-time. 

1. Make a free account with AssemblyAI. 

2. Listen to a 5-mins, digital-audio file extracted from a 1-

hour-, digitized-, public-, audio record from the 

University Archives. 

3. Download this file to your computer and then upload it to 

AssemblyAI. Process the file and review the transcript. 

Optionally, you could use another digital audio file for this 

activity. However, note that this is a cloud service, so you 

should not be using audio that infringes copyrights or 

privacy laws. 

4. Students should then discuss their experience as a group: 

Consider how having a synchronized transcript with 

speaker diarization could expedite the processing of audio 

records, including metadata capture. Additionally, 

compare the transcript with the raw output found in the 

‘API Response’ and consider their advantages and 

disadvantages. 

https://www.assemblyai.com/dashboard/signup
https://drive.google.com/file/d/13IQGGoWPi_NSyNu-ef0yxfdtlsrMiYVd/view?usp=drive_link
https://dx.doi.org/10.14288/1.0135437
https://dx.doi.org/10.14288/1.0135437
https://drive.google.com/file/d/13IQGGoWPi_NSyNu-ef0yxfdtlsrMiYVd/view?usp=drive_link
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ACTIVITY #2b: ASR in a digital audio record using 

OpenAI’s Whisper 

In this activity, students will transcribe an audio file with 

OpenAI’s Whisper to experience how speech recognition works 

in real-time (note that Whisper alone does not include 

diarization). Students will need a Google Account for this 

activity. 

5. The instructor walks through Python code using Whisper 

on a Google Colab notebook and explains each section of 

the code and how it works. Students save a copy of this 

notebook in their Google Drive and follow the instructor 

step-by-step executing code in their own copy of the 

Google Colab notebook. 

6. Use the same digital audio file used in Activity 2a to be 

processed by Whisper. 

7. As a group, discuss the differences in the experience and 

output provided by AssemblyAI in Activity 2a and by 

Whisper in this activity. Consider as well the possibilities 

and conveniences of using Python code and Whisper as a 

Python Library to run speech recognition locally (without 

accessing cloud services) and maintaining the digital 

audio files being processed locally as well (without being 

sent to the cloud). 

 

 
Current and Emerging Processing of Audio Records with AI/ML Tools 
The application of AI/ML tools poses unique opportunities for audio materials 

in archives, in large part because these records often entail time-consuming 

workflows to process, arrange and describe. For example, in 2012, the 

Canadian National Archival Development Program (NADP) stated that the 

appraisal and selection, arrangement, description, and physical processing of 

sound recordings should — on average — take four times as long as the 

https://colab.research.google.com/drive/1uCddFp_bkSIuSLSnrfGqgjdKHEn5d9Cp?usp=sharing
https://drive.google.com/file/d/13IQGGoWPi_NSyNu-ef0yxfdtlsrMiYVd/view?usp=drive_link
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running time of the recordings (NADP, 2012). As archival institutions 

continue to struggle with increasing backlogs and decreasing resources, 

devoting that kind of time to a single object is often impractical, if not 

outright unfeasible. This was the case at the UNESCO Radio Archives. 

When Sullivan and Sengsavang (2024) started a project to describe 

UNESCO’s collection of over 17,000 reel-to-reel tapes, only 800 had been 

described at the item level with key metadata such as speaker and language 

identification. The disparity in described items stemmed from how time-

consuming and laborious describing audio records at the item level is. 

Additionally, staff would need extensive knowledge of foreign languages, 

UNESCO’s history, and key figures to reliably identify speakers and 

languages (Sullivan and Sengsavang, 2024). Still, given the fact that these 

tapes covered a “remarkable range of topics, personalities, geographies, 

languages, and genres across four decades and in over 70 

languages…reflecting the substance of UNESCO’s work and its international, 

intergovernmental character,” expediting the description and metadata 

enrichment process to make them more accessible to users was of the 

utmost priority (Sullivan and Sengsavang, 2024, p. 27). 

This presented a unique opportunity to incorporate AI/ML ASR 

technology in the traditional archival method of diplomatic analysis as a 

means to anchor the authors’ approach and provide more control over the 

application of AI tools (Sullivan and Sengsavang, 2024). As such, the authors 

used an archival diplomatics-informed methodology to “identify patterns in 

the underlying structures of similar types of recordings…explicitly labelling 

the important structural parts, [and] thus simplifying the AI problem to be 

solved” (Sullivan and Sengsavang, 2024, p. 28). With a strong foundation to 

base their work upon and ensure record authenticity, the authors used 

OpenAI’s Whisper to automatically identify languages, speakers, and 

generate transcripts from the audio files (Sullivan and Sengsavang, 2024). 

Even with accented speech, the authors found that Whisper had a 94% 
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accuracy rate in transcribing it and was a success in streamlining the 

capture of that key metadata element (Sullivan and Sengsavang, 2024). 

They had less success with consistent and accurate speaker recognition, in 

part due to linguistic, age, and gender biases that require in-house model 

training. The project continues today with plans to improve speaker 

recognition and transcription tools that can eventually be used for 

summarization experiments. 

The Computational Linguistics Application for Multimedia Services 

(CLAMS) project at Brandeis University in Massachusetts is also working to 

develop and implement ML-based tools to optimize the processing of 

audiovisual archival material and metadata generation to improve access, 

search, and exploration of archival audiovisual material (Rim et al., 2025). 

With a focus on interoperability and open source tools that are free to use 

and customize, tools such as the inaSpeechSegmenter are now available for 

integration into processing environments with future developments in 

progress (CLAMS, n.d.). 

Meanwhile, Anderson and Rowe (2025) at the Wildenstein Plattner 

Institute used Amazon Transcribe, a speech recognition service, to transcribe 

more than 400 hours of audio and video from the Romare Bearden collection. 

While being resource-conscious was the primary driving factor in Anderson 

and Rowe’s decision to use an AI tool like Amazon Transcribe, the authors 

also prioritized access. They argue that “transcripts are an essential 

component of web accessibility” that offer “equitable access to individuals 

[with] difficulty processing audio or visual materials” (Anderson and Rowe, 

2025, p. 6). However, while Amazon Transcribe quickly generated transcripts 

of material, Anderson and Rowe (2025) noted that the outputs were not 

accurate enough to guarantee true accessibility, in part due to varied audio 

quality, incorrect labelling of speakers, inaccuracy with underrepresented 

accents, and an inability to identify foreign languages. This resulted in 

additional several months of work to correct the transcripts and complete the 

processing according to their project goals and standards. Despite these 
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challenges, Anderson and Rowe (2025) considered the project to be a 

success and a proof that AI tools like Amazon Transcribe can play a valuable 

role in archival processing with correct planning and oversight. 

In Canada, AI tools are being used to assist in the processing of audio 

records to preserve and promote Indigenous languages. The Computer 

Research Institute of Montreal, the Canadian Broadcasting Corporation 

(CBC), and the Piruvik Centre are developing “language labelling and speech 

segmentation tools for recordings of Indigenous languages to support more 

efficient annotation and, ultimately, enable automatic speech recognition” 

(National Research Council Canada, 2025). The goals of this project are to 

expedite metadata enrichment to make it easier to access recordings of 

Indigenous languages being spoken, perform speech segmentation for easier 

data annotation, and to determine the viability of ASR for languages such as 

Inuktitut, East Cree, Innu, and Dénésuline (National Research Council 

Canada, 2025). Because Indigenous languages are considered low-resource, 

meaning that there are either no or very few existing models and data sets 

to start from, CRIM and its collaborators sourced thousands of hours of 

spoken Indigenous audio files to develop AI models in-house. The CBC, for 

instance, provided access to over 1,343 hours of radio programming in East 

James Bay Cree (National Research Council Canada, 2025), while the 

Inuktitut models were trained on parliament proceedings and recordings of 

oral stories (Gupta and Boulianne, 2020). CRIM continues to develop tools 

for voice activity detection, speaker retrieval, speaker diarization, and 

language labelling to enable increased searchability and discovery (National 

Research Council Canada, 2025). To meet the needs of Indigenous 

communities, linguists, and researchers, CRIM notes that the tools will be 

made publicly accessible with VESTA and ELAN, a collaborative work platform 

for research software and an open-source software for annotating oral 

recordings, respectively (National Research Council Canada, 2025). 

AI tools and ASR technologies are similarly being used to preserve 

Indigenous languages in Mexico. Deance, Hernández, and Varela (BUAP) 
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(2024) are currently working on a project to preserve the oral and sound 

heritage of the Nahuatl and Totonac speaking peoples in the Sierra del Norte 

de Puebla, Mexico. Hernández is associated with the Meritorious Autonomous 

University of Puebla while Deance and Varela are from the Benemérita 

Universidad Autónoma de Puebla and are native speakers of Totonac and 

Nahuatl, respectively. Using Amazon Transcribe, the authors are currently 

digitizing and transcribing 46 reel-magnetic tapes with ethnographic 

recordings of oral testimonies, prayers, and music (Deance et al., 2024). The 

tapes were originally recorded by French researchers in the 1960s and 

feature a mix of Spanish, French, Nahuatl, and Totonac, making them an 

excellent candidate for ASR technologies such as speaker and language 

identification to expedite the otherwise time-consuming process of manual 

translation and transcription (Deance et al., 2024). Unfortunately, the 

accuracy and quality of the resulting transcriptions has been inconsistent. It 

has become evident to the researchers that, while Amazon Transcribe 

currently supports the automated identification of over 80 languages, such as 

Spanish and French, in these recordings, the tool has proven inefficient when 

encountering low-resource languages such as Totonac and Nahuatl (Deance 

et al., 2024). While this has naturally limited the application of ASR 

technologies to this project, the authors nonetheless emphasize how much 

time Amazon Transcribe has saved them by automatically identifying and 

translating the French and Spanish segments or timestamping segments with 

no detected speech, such as music or silence (Deance et al., 2024). 

Therefore, instead of spending hours manually translating, transcribing, and 

timestamping audio recordings, the team is able to focus their time and 

energy only on the spoken Nahuatl and Totonac recordings or segments 

(Deance et al, 2024). The lack of ASR tools for low-resource languages has 

also inspired the authors to start development on an open-source model 

capable of recognizing, identifying, and verifying spoken Nahuatl and Totonac 

based on these preliminary findings (Deance et al., 2024). Overall, the work 

of Deance et al. (2024) highlights the multifaceted role that AI and ASR 
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technologies can have in processing audiovisual records, even if Amazon 

Transcribe did not fully meet their project needs. 

Finally, AI tools for audio files have also been instrumental in records 

management. At the Dutch Institute of Image and Sound, content is not 

manually analyzed by humans at the intake and evaluation stages of the 

records lifecycle unless it is “really strictly necessary to do so” (Sanabria 

Medina and Rodríguez Reséndiz, 2023, p. 80). This streamlines the appraisal 

and review process of active records which, in the context of today’s ever-

increasing record creation, offers invaluable tools for records managers. 

Moreover, in terms of storing records, AI tools and algorithms for cataloguing 

and extraction of keywords from an audio file’s transcript “are essential to 

guarantee its subsequent recovery” and access, tasks that become “slower 

and more complex [with digital files]” (Sanabria Medina and Rodríguez 

Reséndiz, 2023, p. 81). Indeed, the efficient classification of records and their 

scheduling for retention and disposition are an essential yet time consuming 

component of active records management, and AI tools that expedite the 

process are becoming more necessary with increasing record creation. 

 
Challenges and Constraints Using AI/ML Tools for Audio Records 

While the opportunities of ASR and AI/ML tools for processing audio 

records have been recognised, it is equally important to consider the 

challenges they present as well. As discussed already, utilizing ASR 

technology requires having a digitized audio file, thereby creating additional 

processes when working with analogue audio records. Most of the historical 

audio records in archives have not been digitized and they are in a wide 

variety of media in different formats (e.g., reels of different sizes, analogue 

cassettes, etc.), which demands different digitization approaches, play-back 

and digitization equipment, and may require specialized vendors. This 

process of digitization itself is time consuming and requires financial 

resources whether it is conducted in-house or outsourced to a vendor. Thus, 
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digitization of analogue audio records is a considerable challenge for archives 

in itself. The condition of the analogue audio records themselves may present 

even more challenges as analogue audio records are at risk of physical 

degradation. For example, magnetic media such as tapes or reels may be 

damaged, torn, or recorded over, resulting in distorted or overlapping speech 

that will negatively affect ASR accuracy on digitized files. 

Additionally, because ASR tools often rely on pre-existing models or 

data sets, one must consider the potential biases in that data and how they 

may affect the output. This is, essentially, the concept of ‘garbage in, 

garbage out’, where the quality of the output is determined by the quality of 

the input. This is especially true in previously mentioned cases of metadata 

enrichment, where for “AI-generated metadata to accurately represent its 

inputs, data quality is a critical concern, since it predetermines the results of 

metadata generation” (Thomas and Dineen, 2026, p. 11). Corrupted or low-

quality audio files could, for example, incorrectly tag segments as being 

speech when they contain music, “rendering [the] data invisible to users 

searching for the correct […] data type” (Thomas and Dineen, 2026, p. 11). 

This highlights the importance of a Human-in-the-Loop approach and pre-

processing techniques to improve audio quality. 

In the context of ASR and AI/ML tools, bias can be manifested in lower 

accuracy rates depending on gender and race. Koenecke et al. (2020) tested 

the ability of five ASR systems by Amazon, Google, Apple, IBM, and Microsoft 

to transcribe 19.8 hours of structured interviews with 42 white speakers and 

73 black speakers. The authors found that “all five ASR systems exhibited 

substantial racial disparities, with an average word error rate (WER) of 35% 

for black speakers compared with 19% for white speakers” (Koenecke et al., 

2020, p. 7684). The implications of this disparity are significant, as it 

suggests that “it is considerably harder for African Americans to benefit from 

the increasingly widespread use of speech recognition technology” and may 

“actively harm [them] when for example, speech recognition software is used 

by employers to automatically evaluate candidate interviews or by criminal 
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justice agencies” (Koenecke et al., 2020, p. 7688). Harris et al. (2024) had 

similar findings when comparing the performance of ASR systems such as 

Whisper and Wav2vec2 with different dialects of American English. The 

authors found that Standard American English (SAE) had significantly lower 

WERs on every system when compared to minority dialect speakers of 

African American Vernacular English (AAVE), Chicano English, and Spanglish 

(Harris et al., 2024). Within this documented racial and language bias, Harris 

et al. (2024) also found that there were disparities depending on gender. 

Within minority dialect groups, women outperformed men in terms of 

accuracy, although, within SAE, men outperformed women across every 

system (Harris et al., 2024). 

These biases are not limited to gender or dialect, either. Because ASR 

systems often rely on existing models or datasets for innovation and 

improvement, efficacy and accuracy are thus dependent on the availability of 

resources and research. Languages such as English, German, or Mandarin 

Chinese are considered high-resource because there is an abundance of well-

documented research, literature, and available datasets to fine-tune systems 

for improved accuracy (Amodei et al., 2016). In contrast, languages that are 

‘low-resource’ and do not have robust and existing datasets and research 

available do not have the same access to ASR systems and tools and the 

opportunities and privileges they may afford. For example, this includes 

languages such as Finnish, West-Frisian, Malayo-Polynesian (Bartelds et al., 

2023) and Indigenous languages such as Inuktitut and Cree (National 

Research Council Canada, 2025) or Nahuatl and Totonac (Deance et al., 

2024). In an assessment of ChatGPT’s performance with language 

identification, Abdul-Mageed (2024) found it “[fell] short of serving the wide 

and diverse linguistic needs of global communities in their languages”, with 

African languages receiving the least support (p. 10). 

In terms of rectifying the issue of language, gender, and racial biases, 

Koenecke et al. (2020) and Harris et al. (2019) argued that the disparities of 

ASR accuracy based on gender, race, or dialect stemmed from biases 
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inherent in the ASR models themselves. While the specifics of how 

mainstream ASR models from the likes of Apple, Google, or Amazon are 

trained remain unknown, the disparities in accuracy may reveal gaps in their 

modelling and datasets that appear to leverage one type of speaker over 

another (Harris et al., 2024). While this makes solving the issue challenging, 

Bartelds et al. (2023) found success in training an existing ASR system with 

in-house data to improve accuracy for low-resource languages, although this 

may not be feasible for all archival institutions due to resource constraints. In 

the context of using ASR to process or manage audio records, this means it 

may be necessary to investigate whether an ASR system is capable of 

reliably transcribing the output of a speaker and, if not, whether an 

institution has the resources and ability to do additional in-house training. 

Archivists must also consider whether an institution can support the 

integration of advanced technologies like ASR and AI in the first place, 

including having in place or acquiring the expensive computing resources to 

support the technology permanently or on a larger scale (e.g., acquiring 

multiple GPUs to run ASR) (Brodsky, 2024). Even if the archival organization 

decides to go with a commercial ASR tool on cloud services rather than using 

in-house computing resources, relying on a third party raises concerns 

related to cost, privacy, and ownership of data and records in different 

jurisdictions. For example, in the European Union (EU), the General Data 

Protection Regulation (GDPR) classifies voice recordings as personal data. 

This means that an archival institution may have to get consent prior to 

using ASR on recordings of individuals and ensure that any tools used do not 

store data outside of the EU’s jurisdictions (European Data Protection Board, 

2023). 

Integrating ASR into archival workflows also requires adjustment of 

labour practices. Anderson and Rowe (2025) adapted existing transcript 

guides and workflows at their institution to streamline the integration of ASR 

tools. They also chose a commercial product rather than developing an ASR 

model, due to resource constraints and project scope (Anderson and Rowe, 

2025). The Archives & Records Association (ARA) in the United Kingdom and 
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Ireland have also recently released their AI preparedness guidelines for 

archivists preparing to launch an AI project. Written by Colavizza of the 

University of Copenhagen and the University of Bologna and Jaillant of the 

Loughborough University (2026), they suggest identifying a clearly defined 

problem and use case, understanding how complete or partial one’s digital 

corpus is and potential gaps and exclusions, and developing clear human-

in-the-loop workflows for reviewing and approving AI outputs before 

starting a project (Colavizza and Jaillant, 2026). 

In summary, the potential applications of AI tools such as ASR for the 

processing of audio records are evident, although so too are their challenges. 

Ensuring adequate research, preparation, and documentation of processing 

workflows alongside continued collaboration is key to successfully adopting 

these tools to process audio records. 

 
Current and Emerging Processing of Video Records with AI/ML Tools 

 
So far in this module we have explained how AI/ML tools like ASR can 

be used to assist the processing of audio records and what challenges need 

to be addressed before archives adopt them in their workflows. In 

conjunction with AI tools like emotion recognition and facial recognition, 

these tools can also play a role in processing digitized or born-digital video 

records as well. As previous modules have already explained how facial and 

emotion recognition work and their history (Hernandez and Fewster 2024a, 

2024b, 2025a, 2025b), the focus of this section is on their application to 

video-based records. 

While Microsoft’s integration of AI-based tools such as Copilot has 

recently received mixed reviews from the public (Corden, 2025), their suite 

of cloud-based Azure AI services, such as the Video Indexer and OpenAI 

Services, has had greater success in records management. Azure AI Video 

Indexer is a comprehensive AI tool that “extracts deep insights from video 

(live and uploaded) and audio content” to support “transcription, translation, 
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object detection, and video summarization” (Microsoft, 2025b). In this way, 

the Video Indexer effectively combines many of the technologies discussed in 

this and previous modules, including ASR, language translation, transcription 

as well as facial and object recognition to enable real-time analysis of digital 

audiovisual records (Microsoft, 2025b). However, one technology utilized by 

the Video Indexer that has not been discussed is emotion recognition. 

Building on the capabilities of facial recognition software and utilizing AI 

algorithms, Microsoft’s Video Indexer can analyze, identify, and timestamp 

emotions that appear in parts of a video using Azure AI’s Face Service 

(Microsoft, 2025c). It is important to note, however, that at the time of 

writing, Microsoft has limited or retired certain facial recognition capabilities 

due to the potential of discrimination on the basis of race and gender, 

although it may grant permission to use these functionalities for “responsible 

use case[s]” (Microsoft, 2025c). The limitations and challenges of AI tools for 

video-based records will be discussed in greater detail later in this module. 

Still, while facial recognition is only available on a case-by-case basis, the 

Video Indexer is also capable of text-based sentiment analysis. Using a 

collection of ML and AI algorithms, the Video Indexer reviews transcripts for 

clues to identify words or phrases most commonly associated with key 

emotions like joy, sadness, anger, and fear (Microsoft, 2025b). Using 

labelling and segmentation, those emotions are then indexed and 

timestamped for greater segment discoverability and video navigability. For 

researchers, this offers a more efficient way to interact with video records if 

they are looking for specific information (Jansen and Cruz, 2024). The Video 

Indexer is currently available as a cloud service, but it can also be deployed 

to edge location (i.e., local data centers) via Azure Arc to meet operational 

and compliance needs (Microsoft, 2025b). 

The viability of Microsoft’s Video Indexer application to archival and 

records management contexts was tested in 2023 by Jansen and Cruz (2024) 

at the Hawai’i State Archives, where Jansen works as the State Archivist. In 

this role, Jansen was responsible for the records management of video 
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recordings of legislative hearings, including arrangement and description, 

storage, preservation, and ensuring access (Jansen and Cruz, 2024). As 

there are thousands of bills — and, in turn, records and videos — produced 

every year, the Hawai’i State Archives naturally struggled to keep up with the 

influx of records while also guaranteeing access. 

For example, before integrating AI technology, records and videos were 

placed into different containers, documents, and repositories, including 

YouTube for oral testimonies (Jansen and Cruz, 2024). This was a 

fragmented approach that made it difficult for users such as members of the 

public, researchers, and government representatives to find the records they 

needed, while also limiting the Hawai’i State Archives’ ability to fulfill its 

mandate (Jansen and Cruz, 2024). It is in this context that the State 

Archives partnered with Microsoft to utilize the Video Indexer to expedite the 

processing of audiovisual records. Jansen and Cruz (2024) used their Video 

Indexer to automatically produce timestamped transcripts with speaker 

diarization and keyword identification to inform description, enrich metadata, 

and enhance user access and discoverability by being able to search by 

keyword, speaker, and even topic in any given video and video segments in a 

matter of minutes. As processing audiovisual materials typically takes four 

times the length of a video (NADP, 2012), and state legislature recordings 

often have a running time of many hours, Jansen found the Video Indexer’s 

efficiency and outputs to be unparalleled by existing technologies and 

approaches (Jasen and Cruz, 2024). Additionally, Jansen and Cruz continued 

to work on integrating a large language model (LLM) to further improve the 

access and discoverability of the Hawai’i State Archives’ audiovisual records. 

They demonstrated the preliminary viability of training an LLM on their 

holdings to enable interactive searching where a user could simply ask the 

LLM to retrieve videos that feature specific keywords rather than conducting, 

for example, an advanced search using boolean operators. The authors felt 

this enabled a more organic searching method for archival holdings that may 

feel more familiar to users 

and remove barriers to access records due to lack of experience or 
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willingness to request research and reference help (Jansen and Cruz, 2024). 

Another example of applying AI technologies to managing audiovisual 

records comes from Tsipas et al. (2020). The authors utilized a multi-modal 

approach using audio and video channels for speaker diarization to 

“[automate] semantic analysis of multimedia content” in the context of the 

recent growth of multimedia content on websites such as YouTube (Tsipas et 

al., 2020, p. 3751). The authors found that facial recognition technology can 

be used to validate and improve the accuracy of speaker diarization by 

mapping a speaker to the appearance of their face on a video frame. Their 

findings demonstrate the viability and potential of a multimodal, audiovisual 

approach to processing digital audiovisual records, although barriers of cost 

and resources should still be considered. 

 
Challenges and Constraints Using AI/ML Tools for Video Records 

Many — if not all — of the challenges present in the use of AI tools on 

audio records apply to video records. In fact, challenges relating to 

computing and storage considerations are often magnified with video records 

as they have larger file sizes and processing requirements then photographs 

or textual records. This, in turn, equates to higher costs, which are always of 

concern for resource-driven archival institutions. For example, as AI 

infrastructure like data centers around the world increases, critical 

components for video AI tools such as graphics processing units (GPUs) have 

skyrocketed in price (Leswing, 2026). This comes as the result of GPU 

manufacturers such as Nvidia prioritizing multi-billion GPU contracts with 

companies like OpenAI over individual retail customers (Leswing, 2026). 

This may make implementing in-house training and models inaccessible to 

some archival institutions. As in the case of ASR technology, one solution 

may be adapting off-the-shelf products such as Microsoft Azure’s Video 

Indexer 
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for selected archival purposes as they offer variable pricing depending on the 

duration of the input file (Microsoft, n.d.). Although Microsoft requires 

interested customers to contact a representative for a full quote, the cost per 

input minute ranges from $0.1 to $0.2 CAD for cloud options (Microsoft, 

n.d.). There are also cloud options for processing power, although this may 

be expensive for video records with longer runtimes and, consequently, 

processing times, and raise concerns surrounding the storage of potentially 

copyrighted or private data (Ohiri, 2025). These third- party options may 

very well be cost-effective for many archival institutions looking to utilize AI 

tools for the processing of video records, depending on the project. Still, as 

with the use of ASR tools, the total cost of a project and record runtimes 

should always be estimated first to avoid surprise research expenditures. 

The matter of bias is also amplified with video records and AI tools. 

Not only will tools for videos have the same language and gender biases as 

ASR technologies, but, with the addition of computer vision and video 

analysis, appearance-based biases such as race must also be considered. As 

discussed in Module 4, facial recognition software had an average error rate 

of just 0.8% for light-skinned men compared to 34.7% for darker-skinned 

women (Fergus, 2024). These discrepancies stem from unequal and 

homogenous training data, resulting in biased and potentially inaccurate 

outputs. Additionally, Stančić (2024) found that some computer vision 

models have lower accuracy rates when used on older, historical images, as 

they are often underrepresented in training data. This issue may be amplified 

in the context of moving images or film, as the technology has not been in 

use as long as photography and thus represents a smaller and less 

accessible dataset. 

Finally, an institution must consider the privacy and data implications 

of implementing video AI tools and workflows, given the potential misuse or 

improper storage of a subject’s likeness, which often has greater legal 

protections than their voice. For example, a bill in Denmark is currently 

tabled to amend its copyright law to protect citizens’ rights in determining 

how their body, facial features, and voices are used (Bryant, 2025). While 
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the bill continues to be debated and is primarily intended to combat the 

production and misuse of deepfakes online (Bryant, 2025), it nonetheless 

speaks to growing legal and moral concerns regarding the use of AI 

technologies for video records. It is therefore critical for an archival 

institution to consider the legal ramifications of misusing AI video tools for 

audiovisual records prior to implementation and to establish a risk profile to 

help guide development. 

 
ACTIVITY #3 

In this activity, students will have the opportunity to analyze a 

video record using a free Azure AI Video Indexer account to see 

how ASR and video and image AI tools can be used to process 

audiovisual records and assist in metadata generation. 

 
Please note that while it is free to create an Azure 

account with $200 USD worth of free credits, a credit 

card is required to complete the registration. The credits 

must be used before they expire within 30 days. Additionally, 

should users exceed their initial $200 of credits, the linked 

credit card will be automatically charged. A live demo using your 

own account may thus be more appropriate and accessible for 

students depending on the context. You may consider using 

an alternative video analysis tool which does not require 

a credit card to sign up, such as TwelveLabs, which 

comes with 10 hours of free runtime. Please note that 

TwelveLabs does not have the same features and capabilities as 

the Azure AI Video Indexer, such as sentiment analysis. 

However, it does have an interactable LLM that students can use 

to request a transcript with timestamps or generate key 

metadata elements, such as a title, director, or runtime, and key 



36 

 

 

scenes and events with descriptions. This LLM feature is similar 

to the one demonstrated by Jansen and Cruz (2024). 

 
1. Students shall make a free Azure or TwelveLabs account. 

2. In groups, students shall record a video or download a 

public access video file from, for example, the Internet 

Archive’s collection of moving images. Students shall 

select a file that includes audio, preferably speech with 

multiple speakers. Shorter video clips are preferable as 

the processes of downloading and analyzing them are 

faster (and cheaper). 

3. Students shall upload the file to Azure or TwelveLabs. 

4. Students shall review either platform’s features, 

including transcript and metadata generation, video 

summaries, and speaker diarization. 

5. As a group, students shall share their experiences. For 

example, they shall consider how a tool may — or may 

not! — be helpful for processing video records. What 

workflows could these tools help expedite? At what points 

should a human be involved in reviewing the outputs? 

Additionally, if groups of students used Azure and 

TwelveLabs, they shall share their thoughts, considering 

whether one tool is better than the other or better suited 

for specific tasks. 

https://azure.microsoft.com/en-us/pricing/purchase-options/azure-account?icid=azurefreeaccount
https://www.twelvelabs.io/
https://archive.org/details/movies?tab=collection
https://archive.org/details/movies?tab=collection
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tools should assist with the processing. 

 
“This is a collection of audiovisual records from a private donor 

that documented local history and politics in their town. No 

other copies of the materials exist and you are expected to 

accession everything due to high user demand. You are a full-

time processing archivist and have access to a part-time staff 

member that speaks Spanish fluently. The collection includes: 

● 15 digital video recordings of high-profile town council 

meetings. Runtime: ~2 hours each 

● 5 analogue audio cassettes featuring interviews with local 

celebrities, two of which feature a mix of English and 

Spanish. Runtime: ~1 hour each 

● 5 digital audio files of group interviews with prominent 

and local business people, three of which are in Spanish. 

Runtime: ~1.5 hours each” 

 
Students may refer to this module’s required and recommended 

readings, Anderson and Rowe (2025) and Colavizza and Jaillant 

(2026), as starting points. They might also consider the 

following questions: 

● If the NADP (2012) states that processing audiovisual 

records generally takes four times as long as an item’s 

runtime, what is the estimated time required to process 

this donation? 

○ As there is only one full-time staff member, can 

this project be completed in a reasonable amount 

 
 
 

 
MODULE COMPREHENSION ACTIVITY 

Students shall consider the following scenario/project (or make 

their own!) and in teams shall develop a plan for how — or if — 



38 

 

 

of time? How will you utilize staff effectively? For 

what tasks? 

● Is there a defined use case and potential benefit for AI 

tools such as ASR to be used? Are there any concerns or 

limitations? 

● If AI/ML tools will be used, which ones? Will a cloud or in-

house option be used and why? At what steps is there 

human intervention (e.g., to validate outputs)? 

 
 
 

 

 
SUMMARY 

AI demonstrates considerable potential in streamlining the 

otherwise time-consuming and labor-intensive processing of 

audiovisual records. This is especially true in the context of 

metadata enrichment projects, active records management, 

and financial and staffing constraints that archival institutions 

continue to face. The development of in-house ASR products 

for records featuring low-resource languages also presents a 

unique opportunity for improved awareness, education, and 

cultural preservation for languages such as East Cree, 

Inuktitut, Nahuatl, and Totonac. 

However, the limitations and challenges of these AI tools 

regarding privacy, copyright, cost, and processing power must 

be acknowledged. Implementing AI tools, whether through an 

on-site product or via cloud infrastructure, requires existing 

staff knowledge, support from management or an institution, 

and ongoing maintenance. Proper project planning, 

guaranteeing a human-in-the-loop approach, and relying on 
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existing frameworks and methodologies to inform 

implementation (e.g., Colavizza and Jaillant [2026]) are 

therefore crucial in successful implementation. 
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