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AGENDA OUTLINE



You will:

Learn more about the current challenges practitioners face 
when operationalizing AI governance, and the corresponding 
opportunities to address them.

Learn more about state-of-the-art AI governance resources 
developed by researchers.



Wesley Hanwen Deng

Overview: Current practice of 
AI Governance in industry settings

With Agathe Balayn, Andrew Selbst, Ken Holstein, Motahhare Eslami, Jason I. Hong, Hanna Wallach,
Jenn Wortman Vaughan, Solon Barocas



Study Context

• Many researchers have studied AI governance and 
responsible AI (RAI) in industry practices, employing 
methods such as surveys, interviews, and workshops.

• We reviewed 161 research papers published between 
2018 and 2025 to synthesize knowledge on the 
practices, challenges, and opportunities of AI 
governance in industry settings.



Work in progress



Today’s talk:

Increased awareness, but limited training on AI Governance 
—and often the “wrong attitudes.”

Gradual adoption of AI Governance interventions, but a lack 
of pipeline- and domain-specific approaches.



Recognizing the importance of ensuring the 
fairness, transparency, and privacy of AI products 
and services
• company-wide policies or public discourse

often serve as the entry point for awareness
• regional regulations and cultural norms play 

a significant role in shaping RAI awareness

Increased Awareness



Increased Awareness

But limited training 



Limited Training

• Lack sufficient knowledge in understanding and 
interpreting AI governance principles and practices

• Lack training in effectively communicating AI 
governance work among roles.





deep expertise in a specific field

broad range of generalist skills 
across various disciplines



Developing Learning environments “on the job”

Designing sociotechnical learning opportunities



Increased Awareness

but limited training,
and often the “wrong attitudes”



The “wrong attitude” towards AI governance

• Treating AI governance as a purely technical issue
rather than a socio-technical one

• Believing AI governance is merely extra work with 
lower priority than AI development

• Not realizing AI governance as an iterative 
process.
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Today’s talk:

Increased awareness, but limited training on AI Governance 
—and often the “wrong attitudes.”

Gradual adoption of AI Governance interventions, but a lack 
of pipeline- and domain-specific approaches.



Computational Toolkits
• AI Fairness 360
• AI Explainability 360
• FairLearn
• What-If tool
• Aequitas
• PyRIT
• …

Documentations/Playbooks
• Model cards
• Datasheets for Datasets
• System cards
• People+AI Guideline
• MSFT Responsible AI Impact 

Assessment template
• NIST AI Risk Management 

Framework

Gradually Adopted RAI Interventions



Gradually Adopted RAI Interventions

but lack pipeline- and 
domain-specific approaches.



Lack pipeline- and 
domain-specific approaches.

Most tools focus on evaluating model outputs after 
the AI model has been developed or even deployed.
• There is a need for tools and processes that scaffold 

more responsible data collection, data curation, 
and even the fundamental stage of problem 
formulation.





Lack pipeline- and 
domain-specific approaches.

Toolkits and documentation remain at a high level, 
making them hard to apply to specific domains such as 
finance and healthcare, or to tailor for specific roles.









Today’s talk:

Increased awareness, but limited training on AI Governance 
—and often the “wrong attitudes.”

Gradual adoption of AI Governance interventions, but a lack 
of pipeline-, domain-, and application-specific approaches.



Stay tuned for our full work!!



Solon Barocas

What responsible AI
can learn from fair lending

With Emily Black, Logan Koepke, Wesley Hanwen Deng, Miranda Bogen, Ming Hsu



Study Context

● Large technology companies are not the first to grapple with how to 
evaluate and mitigate discrimination in algorithmic systems

● Long before the rise of responsible AI teams, financial institutions
were running fair lending programs with similar aims

● Multi-year empirical study of fair lending practices on the ground

● Over 30 semi-structured interviews with stakeholders across the 
U.S. financial industry, including engineers, product managers, 
lawyers, and third-party vendors

● Some initial observations…



● Firms generally only perform fairness testing after a model has 
been developed, thereby limiting the total number of alternatives 
that might have been considered

● Proactively considering fairness all along the way can help to 
uncover fairer models and reduce the costs involved in doing so 
after a model has already been developed.

Timing of testing



● A common approach to mitigating unfairness in models is to drop 
individual features (often features strongly correlated with 
protected characteristics and weakly correlated with the outcomes of 
interest) and re-train the models

● This approach does not work well for larger, more complex 
models, as correlated features will just take the place of dropped 
features

● Firms are now experimenting with different (often more 
computational) approaches.

Established mitigation methods under stress



● A lack of demographic data remains the major hurdle for fairness 
testing

● Inference methods like Bayesian Improved Surname and Geocoding 
(BISG) can only go so far; certain characteristics are much more 
challenging to infer

● As a result, firms routinely only perform fairness testing for a 
limited number of groups, much smaller than the total set of 
groups protected by law

● Developing new methods for eliciting, collecting, or inferring such 
data would significantly improve the state of practice.

Lack of demographic data remains major hurdle



● Improving the fairness for one protected group reduces the fairness 
for another protected group

● This becomes increasingly difficult to avoid as the total number of 
groups increases

● To deal with this problem, firms tend to rely on different heuristics
to figure out which groups should take priority.

“Train crash problem”



Cost of delaying deployment > Cost of testing and mitigation

● Most commonly cited cost for not doing or doing limited fairness 
testing and mitigation is the cost of delaying the deployment of a 
model that would increase profits

● This is perceived as more significant than the cost of performing 
the testing or mitigation itself

● Methods and tools that speed up fairness testing and mitigation
can significantly increase how often and how thoroughly they are 
performed.



Miranda Bogen

Building blocks of 
responsible AI in practice

With Beba Cibralic, Kevin Bankston, Ruchika Joshi



Through practitioner interviews, we identified five 
primary building blocks of responsible AI

People Priorities Process Platforms Progress



People: Empower your experts 

Multidisciplinary talent
• Focus on encouraging interdisciplinary work and ensure processes for 

acquiring talent do not structurally exclude necessary backgrounds
• Consider talent that may not have a direct background in responsible AI 

governance, policy, or research

Effective team structure
• Distributed or centralized structure?
• Relationship between responsible AI efforts and revenue-generating units
• Structures of internal engagement
• Structures for external engagement



Priorities: Thoughtfully triage work 

Portfolio of work
• Focus on regulatory requirements alongside other concerns
• Build channels to gather practitioner expertise on emerging issues 
• Be open to refining the scope of work

Prioritizing
• Prioritize severe and urgent issues, but don’t ignore longer-term investments
• Build processes to ensure ‘important but non-urgent’ work is not forgotten
• Don’t ignore civil society / researcher perspectives on risks and concerns

Strategy
• Find and sustain support from senior leadership
• Demonstrate sensitivity to organizational dynamics and culture, and find ways 

to make them work for responsible AI efforts



Processes: Establish structures for governance 

Risk Management Approach
• Standardize the work of risk management to the extent possible to ensure 

decision-making is consistent and repeatable rather than ad-hoc.
• Determine which risks need to be minimized, mitigated, or tolerated, and 

manage them appropriately.
• Establish risk tolerances grounded in data and evidence, as opposed to 

speculation.

Checks and balances
• Establish a structural balance of power to ensure that responsible AI work 

proceeds effectively and with integrity.
• Create the right incentives for employees.
• Invest in formal + informal mechanisms to advance and embed responsible AI.



Platforms: Invest in responsibility infrastructure

Foundational Infrastructure 
• Model inventories
• Measurement and evaluation tools
• Off-the-shelf prevention and mitigation methods
• Post-deployment monitoring tools

Taxonomies
• Define key concepts, like “fairness” and “transparency”, and establish how to instantiate them into practice
• Use common taxonomies to coordinate activities across teams and functions
• Use shared definitions and taxonomies to facilitate prioritization

Implementation guidance
Documentation

• Begin with the basics
• Tailor and structure documentation to meet a variety of governance goals.
• Set up ways to share information thoughtfully across teams
• Use documentation to facilitate internal legibility of responsible AI work, which can help avoid duplication of 

efforts and support consistency



Progress: Track efforts holistically

Metrics
• Establish metrics to evaluate success, even if it seems challenging
• Use metrics as a tool to drive responsible AI efforts
• Measure and demonstrate success to maintain team morale, retain talent, and develop a 

community of practitioners motivated to do RAI work

Maturity models
• Assess your organization’s responsible AI capabilities against a range of factors—culture, 

organizational structure, and methodologies—using a maturity model.
• Use both qualitative and quantitative methods to conduct the maturity model assessment
• Don’t mistake progress against maturity model benchmarks as evidence that AI-related risks 

are truly being addressed

Transparent public communication
• Provide regular updates on progress, even when explicit requirements are absent
• Ensure communication is not performative or misleading



Wesley Hanwen Deng
Ph.D. candidate,
School of Computer Science, 
Carnegie Mellon University

Q/A Session with

Solon Barocas
Senior Principal Researcher, 
Microsoft Research

Miranda Bogen
Director,
AI Governance Lab,
Center for Democracy & Technology 



Document containing all resources mentioned in today’s talk

bit.ly/AIGG25

RESOURCE LIST

https://bit.ly/AIGG25


Did you enjoy this session? Is there any way we could make it better? Let 
us know by filling out a speaker evaluation. 

1. Open the IAPP Events app.

2. Select IAPP AI Governance Global North America 2025.

3. Tap "Schedule" on the bottom navigation bar.

4. Find this session. Click "Rate this Session" within the description. 

5. Once you’ve answered all three questions, tap "Done".

Thank you!

How did things go?
(We really want to know)
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