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Exposure fairness and transparency

IR systems mediate what 
information gets exposure

Disparate exposure can 
lead to allocative and 
representational harms

This raises questions of 
exposure fairness and 
transparency in the context 
of IR systems



Formalizing search exposure using user 
browsing models
User browsing models are simplified models 
of how users inspect and interact with 
retrieved results

It estimates the probability of inspecting a 
particular item in a ranked list

For example, consider the RBP user model…

NDCGRBP

Probability of exposure at different ranks according 
to NDCG and RBP user browsing models

exposure event

an item

a ranked list of items

rank of the item in the ranked list

patience 
factor

Diaz, Mitra, Ekstrand, Biega, & Carterette. Evaluating Stochastic Rankings with Expected Exposure. In Proc. CIKM, 2020.

https://dl.acm.org/doi/10.1145/3340531.3411962


Stochastic ranking and expected exposure metric

Stochastic ranking can distribute 
exposure more fairly across items of 
similar relevance and minimize rich 
getting richer effects

Expected exposure of document d 
under a ranking policy πq is:

Deviation between expected and 
target exposure can be computed as:

restaurants in montreal restaurants in montreal

restaurants in montreal restaurants in montreal

Diaz, Mitra, Ekstrand, Biega, & Carterette. Evaluating Stochastic Rankings with Expected Exposure. In Proc. CIKM, 2020.

https://dl.acm.org/doi/10.1145/3340531.3411962


Optimizing for target exposure

add independently 
sampled Gumbel noise

neural scoring 
function

compute smooth 
rank value

compute exposure 
using user model

compute loss with 
target exposure

compute average 
exposure

items target 
exposure

Diaz, Mitra, Ekstrand, Biega, & Carterette. Evaluating Stochastic Rankings with Expected Exposure. In Proc. CIKM, 2020.

https://dl.acm.org/doi/10.1145/3340531.3411962


Exposure fairness is a multisided problem
It is important to ask not just whether specific content receives 

exposure, but who it is exposed to and in what context

Haolun, Mitra, Ma, & Liu. Joint Multisided Exposure Fairness for Recommendation. In Proc. SIGIR, 2022.

https://dl.acm.org/doi/10.1145/3477495.3532007


Exposure fairness is a multisided problem
Take the example of a job recommendation system

Group-of-users-to-group-of-items (GG-F)

Are groups of items under/over-exposed to 
groups of users?

E.g., men being disproportionately recommended 
high-paying jobs and women low-paying jobs.

Individual-user-to-Individual-item (II-F)

Are Individual items under/over-exposed to 
Individual users?

Individual-user-to-group-of-items (IG-F)

Are groups of items under/over-exposed to 
individual users?

E.g., a specific user being disproportionately 
recommended low-paying jobs.

Group-of-users-to-Individual-item (GI-F)

Are Individual items under/over-exposed to 
groups of users?

E.g., a specific job being disproportionately 
recommended to men and not to women and 
non-binary people.

All-users-to-Individual-item (AI-F)

Are Individual items under/over-exposed to all 
users overall?

E.g., a specific job being disproportionately 
under-exposed to all users.

All-users-to-group-of-items (AG-F)

Are groups of items under/over-exposed to all 
users overall?

E.g., jobs at Black-owned businesses being 
disproportionately under-exposed to all users.

Haolun, Mitra, Ma, & Liu. Joint Multisided Exposure Fairness for Recommendation. In Proc. SIGIR, 2022.

https://dl.acm.org/doi/10.1145/3477495.3532007
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Group-aware search success 
Towards fairness of quality of service

Different groups may search for different 
queries and may have different 
information intents for the same query

Group-aware search success metrics 
consider the probability that search 
results satisfy all groups, not just success 
on average

Expected exposure can be used to develop 
group-aware search success metrics

Haolun, Mitra, & Craswell. Towards Group-aware Search Success. In Proc. ICTIR, 2024.

https://arxiv.org/abs/2404.17313
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Exposure transparency: What query exposes 
me (or my documents)?

###### * * * * * * @@@@@@

######
* * * * * *

@@@@@@ 

* * * * * *
######

Document retrieval

Given a user-specified query, the document retrieval 
system retrieves a list of documents from a collection 
ranked by their estimated relevance to the query

Exposing query retrieval

Given a document and a specified document 
retrieval system, the exposing query retrieval 
system retrieves a list of queries from a log 
ranked by how prominently the document is 
exposed by the query when searched against 
the document retrieval system

Li, Li, Mitra, Biega, & Diaz. Exposing Query Identification for Search Transparency. In Proc. Web Conference, 2022.

https://dl.acm.org/doi/10.1145/3485447.3512262


Re-interrogating fairness 
and bias frames in IR

Are the fairness metrics we are developing as a 
community really operationalizable in the real 
world? Are they having the kind of impact we 
desire from them?

Sociotechnical implications of applying emerging 
AI technologies in IR go far beyond concerns of 
bias and fairness; then why are we (almost 
exclusively) focused on them?

Are we often mis-framing how AI impacts power 
and justice as concerns of fairness and bias that 
detract from underlying sociotechnical issues?

How do we broaden our lens and ensure we are 
working towards real social impact?



Information retrieval 
research is undergoing 
transformative changes

What the world needs
Our world is facing a 

confluence of forces pushing us 
towards precarity (e.g., global 

conflicts, pandemics, and 
climate change) and we need 

robust access to reliable 
information in this critical time

What AI makes plausible
Generative AI may enable new 

ways in which we access 
information, but we are only 
starting to understand and 
grapple with their broader 

implications for society

What IR research 
should we do?



Generative AI for information access
The tale of two research perspectives

Helps realize new information access modalities; 
reimagines the information retrieval stack; predicts 

relevance as well as anyone besides the original searcher

Disrupts information ecosystems; increases 
misinformation; concentrates power; reproduces 

historical marginalizations; accelerates climate change



How should we think about the 
sociotechnical implications of 
generative AI for information access?



Consequences-Mechanisms-Risks (CMR) framework

Consequences motivate viewing the 
changes introduced by the technology 
through a systemic lens
Mechanisms contribute to consequences 
and risks; represent sites for actionable 
mitigation
Risks ground any investigation or 
mitigation to actual potential harms on 
people

Identified consequences, mechanisms, 
and risks can be mapped to each other

Consequences

RisksMechanisms

High-level 
implications of 

moral import

System behaviors 
and process of 
development

Harms that may 
materialize for 

people and groups

Gausen, Mitra, & Lindley. A Framework for Exploring the Consequences of AI-Mediated Enterprise Knowledge Access and Identifying Risks to Workers. In Proc. FAccT, 2024.

https://dl.acm.org/doi/10.1145/3630106.3658900


Sociotechnical implications of generative AI for 
information access

Mitra, Cramer, & Gurevich. Sociotechnical implications of generative artificial intelligence for information access. Preprint of chapter for an upcoming edited book, 2024.

https://arxiv.org/abs/2405.11612


Consequences of generative AI for 
information access

Information 
ecosystem 
disruption
Significantly 

changing how 
different actors and 
stakeholders in the 
online information 
ecosystem operate 

on their own and 
how they relate to 

each other

Concentration 
of power

Worsening inequities 
in how power and 

control are 
distributed within 

our society and 
different 

communities

Marginalization

Relegating certain 
individuals and 

groups to the 
margins of society 
and corresponding 

discrimination

Innovation 
decay

Constraining 
scientific 

explorations to 
specific narrow 
directions while 

throttling progress in 
other areas of 

information access 
research

Ecological 
impact

Worsening 
anthropogenic 
climate change

Mitra, Cramer, & Gurevich. Sociotechnical implications of generative artificial intelligence for information access. Preprint of chapter for an upcoming edited book, 2024.

https://arxiv.org/abs/2405.11612


Mechanisms of information 
ecosystem disruption

The paradox of reuse
Websites like Wikipedia and StackExchange 
power online information access platforms, 
which in turn reduce the need to visit those 
websites.

Examples. LLMs training on content from 
these websites that they later regurgitate 
without attribution. LLM-powered 
conversational search systems deemphasize 
source websites reducing the clickthrough 
relative to the classic ten-blue-links interface.

Other mechanisms
Content pollution. Enabling low-cost 
generation of derivative low-quality 
content at unprecedented scale that 
pollute the web.
The “Game of telephone” effect. 
LLMs inserted between users and 
search results shifts the responsibility 
of information inspection and 
interpretation to the LLM.
Search engine manipulation. E.g., 
prompt injection attacks.
Degrading retrieval quality. E.g., 
Minimizing click feedback signals.
Direct model access. Open access 
models pose challenges for content 
moderation.

Mitra, Cramer, & Gurevich. Sociotechnical implications of generative artificial intelligence for information access. Preprint of chapter for an upcoming edited book, 2024.

https://arxiv.org/abs/2405.11612


On technological 
power concentration
Annual change in global risk perceptions 
over the short term (2 years)

Mitra, Cramer, & Gurevich. Sociotechnical implications of generative artificial intelligence for information access. Preprint of chapter for an upcoming edited book, 2024.

https://arxiv.org/abs/2405.11612


Mechanisms of concentration of power

Compute and data moat. Only a handful of (typically private sector) institutions own 
and control the compute and data resources for training and deployment of generative 
AI models. Availability of “open access” models don’t fundamentally challenge the 
predominant vision of what AI looks like today, which would require dismantling the 
data and compute moat itself and turning them into public infrastructure.

AI persuasion. A process by which AI systems alter the beliefs of their users. E.g., 
application of LLMs for hyper-personalized hyper-persuasive ads.

AI alignment. Approaches such as reinforcement learning from human feedback 
(RLHF) presupposes some notions of desirable values to be determined and enforced 
by platform owners.

Mitra, Cramer, & Gurevich. Sociotechnical implications of generative artificial intelligence for information access. Preprint of chapter for an upcoming edited book, 2024.

https://arxiv.org/abs/2405.11612


Mechanisms of marginalization

Appropriation of data labor
Includes the uncompensated appropriation of 
works by writers, authors, programmers, and peer 
production communities like Wikipedia and under-
compensated crowdwork for data labeling that 
have been instrumental in the development of 
these technologies.

AI for me, data labor for thee. AI data labor 
dynamics reinforces structures of racial capitalism 
and coloniality, employs global labor exploitation 
and extractive practices, and reinforces the global 
north and south divide.

Other mechanisms
Bias amplification. AI models 
reproduce and amplify harmful biases 
and stereotypes from their training 
datasets leading to allocative and 
representational harms.
AI doxing. AI models may leak private 
information about people present in 
their training data or be employed to 
predict people’s sensitive information  
based on what is known about them 
publicly.

Mitra, Cramer, & Gurevich. Sociotechnical implications of generative artificial intelligence for information access. Preprint of chapter for an upcoming edited book, 2024.

https://arxiv.org/abs/2405.11612


Mechanisms of…
Innovation decay
Industry capture. Profit-driven goals inordinately 
influences scientific exploration and dissuade 
investments in research not immediately monetizable 
or which challenges the status quo.

Pollution of research artefacts. Misapplications of 
LLMs in scholarly publications and reviewing may 
negatively impact IR scholarship.

Ecological impact
Resource demand and waste. Increasing demand 
for electricity and water, and electronic wastes.

Persuasive advertising. Could  supercharge climate 
change disinformation and promote environmentally 
unfriendly business models like fast-fashion.

Mitra, Cramer, & Gurevich. Sociotechnical implications of generative artificial intelligence for information access. Preprint of chapter for an upcoming edited book, 2024.

https://arxiv.org/abs/2405.11612


Beyond harm mitigations: 
Information access for our 

collective emancipatory futures



Sociotechnical imaginaries
“Visions of desirable futures, animated by shared 
understandings of forms of social life and social order 
attainable through, and supportive of, advances in science 
and technology” 

~Jasanoff and Kim (2015)

Whose sociotechnical imaginaries are granted normative status and 
what myriad of radically alternative futures are we overlooking?

How does increasing dominance of established for-profit platforms 
over academic research influences and/or homogenizes the kinds of 
IR systems we build?

What would information access systems look like if designed for 
futures informed by feminist, queer, decolonial, anti-racist, anti-
casteist, and abolitionist thoughts?

Mitra. Search and Society: Reimagining Information Access for Radical Futures. ArXiv preprint, 2024.

https://arxiv.org/abs/2403.17901


Recommendations for re-centering IR on 
societal needs

Explicitly articulate a hierarchy of stakeholder 
needs that places societal needs as the most 
critical concern for IR research and development

Dismantle the artificial separation between 
fairness and ethics research in IR and the rest of 
IR research; Move away from reactionary 
mitigation strategies for emerging technologies to 
proactively design IR systems for social good

Develop sociotechnical imaginaries based on 
prefigurative politics and theories of change

Mitra. Search and Society: Reimagining Information Access for Radical Futures. ArXiv preprint, 2024.

https://arxiv.org/abs/2403.17901


Reimagining IR through the lens of 
prefigurative politics

Mitra. Search and Society: Reimagining Information Access for Radical Futures. ArXiv preprint, 2024.

Instead of trying to algorithmically fix under-representation 
of women and people of color in image search results for 
occupational roles, can we reclaim that digital space as a 
site of resistance and emancipatory pedagogy by allowing 
feminist, queer, and anti-racist scholars, activists, and 
artists to create experiences that teach the history of these 
movements and struggles?

Can we translate Freire’s 
emancipatory pedagogy to strategies 
for anti-oppressive information 
access? Can search result pages 
support dialogical interactions 
between searchers that leads to 
knowledge production and better 
digital literacy?

Can emancipatory and anti-
capitalist perspectives 
motivate us to reimagine 
search and recommender 
systems as decentralized 
and federated?

https://arxiv.org/abs/2403.17901


Who gets to participate?

This is a call for collective struggle of solidarity with social 
scientists, legal scholars, critical theorists, activists, and artists; 
not for technosolutionism.

To challenge the homogeneity of the future imaginaries saliently 
bound by colonial, cisheteropatriarchal, and capitalist ways of 
knowing the world, we need broad and diverse participation from 
our community.

Inclusion of people without inclusion of their history, struggles, 
and politics is simply tokenism and epistemic injustice; we 
should go beyond Diversity and Inclusion (D&I), and enshrine as 
our goal Justice, Equity, and Diversity & Inclusivity (JEDI).

Mitra. Search and Society: Reimagining Information Access for Radical Futures. ArXiv preprint, 2024.

https://arxiv.org/abs/2403.17901


Why are we here?

Our work should be in recognition of the 
responsibilities of information access 
technologies and research to society, but we 
should be motivated by pluralistic 
sociotechnical imaginaries informed by the 
diverse history and struggles of our peoples

We should recognize that this research agenda needs to essentially be 
sociotechnical and requires us to explicate our values and visions for our 
desired futures as a community



Concluding thoughts
Hope this sparks many passionate conversations 
and debates; radicalizes us to work on issues of 
social import and reflect on why we do what we 
do; encourages us to prioritize praxis (research 
activities and reflection directed at structural 
change) over proxies (e.g., optimizing for SOTA / 
leaderboard rankings that do not translate to 
scientific or social progress); and inspires us to 
build technology not just out of excitement for 
technology, but as an act of radical love for all 
peoples and the worlds we share.

“If you have come here to help me you are wasting 
your time, but if you have come because your 

liberation is bound up with mine, then let us work 
together.”

– Lilla Watson
and other members of an 

Aboriginal Rights group in Queensland

Mitra. Search and Society: Reimagining Information Access for Radical Futures. ArXiv preprint, 2024.

https://arxiv.org/abs/2403.17901
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“The exercise of imagination is 
dangerous to those who profit 

from the way things are 
because it has the power to 

show that the way things are is 
not permanent, not universal, 

not necessary.”

– Ursula K. Le Guin

Thank you for listening!
       @UnderdogGeek             bmitra@microsoft.com
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