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Representing human values in machine learning (ML) applications has received increased attention as end-users of real-world
deployments surface new failure modes. Many technical approaches for preference alignment capture stakeholder values
indirectly by reflecting end-user agreement with ML outputs, but face multiple validity concerns related to what they optimize
for. Participatory ML (PML) has emerged as an alternative mitigation strategy, but it faces parallel challenges that undermine
both its feasibility at scale and stakeholder empowerment goals. We first argue that online communities are well-equipped to
improve the quality of human feedback for preference alignment. To achieve these benefits, we position online communities as
collaborative testbeds where members serve as active partners rather than passive subjects. We recommend three foundations
for collaborative testbeds to navigate core challenges in PML: 1) community artifacts as legitimate proxies for consultation,
2) situated deliberation as feedback, and 3) collective meaning cascades as signals for evolving preferences, or criteria drift.
By leveraging communities’ existing capacities to articulate, contest, and carry forward nuanced value considerations, our
position provides a critical direction for sustainably applying PML principles at scales meaningful for technical ML work.
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1 Introduction

The prevailing narrative of methods-driven Machine Learning (ML) calls for bigger datasets, models, and compute,
leaving questions of efficacy and impact in real-world settings as an afterthought [125, 161]. Neglecting these use
considerations during development and subsequent deployment of applications has resulted in accumulating
evidence of new failure modes across domains [19] (e.g., healthcare [6, 29, 102, 160], education [114, 162], online
health communities [34, 171], social media [167]). Beyond effectiveness, the potential for systemic harm to
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manifest in ML systems is well-documented, encompassing failures related to equity, interpersonal relationships,
and society [15, 27, 47, 65, 103, 139, 150].

Preference alignment methods offer technical solutions for soliciting and including stakeholder input in
the development and deployment of ML models (e.g., moral surveys, reinforcement learning from human
feedback), but raise numerous questions of validity related to what they optimize for [48]. Reliance on surveys
and crowdsourcing introduces context blindness, where decontextualized preferences fail to reflect the nuanced
trade-offs and goals stakeholders navigate in actual decision-making environments [31, 45, 154]. These one-time
elicitation strategies assume staticity, ignoring how preferences evolve over time as one’s own understanding of
system use and technological underpinnings change [21, 44]. Most critically, aggregating individual preferences
risks preference collapse that rewards a statistical average inconsistent with any single stakeholder [11, 35]. At
this point, resolving conflicting preferences becomes a problem of prioritizing stakeholder values. Addressing
these validity concerns requires experimental settings where decision-making and collective deliberation are
grounded in the contexts they affect.

Participatory ML (PML) has emerged as an alternative approach that centers stakeholder values in deployment
environments, but it presents new challenges [101]. First, PML draws on participatory design’s (PD) goals of
stakeholder empowerment and fair design [63, 108], but the method’s integration into contemporary ML practice
often comes with extractive stakeholder participation when ML practitioners face pressure to generalize and
adopt the latest models with limited control over realized benefits to stakeholders [24, 39, 144, 152]. Second, PML
is often good at surfacing value tensions among participating stakeholders, but its aspirational fairness goals
do not often translate beyond the research context. This challenge hinges on concerns over value illegitimacy
when participants do not represent the broader stakeholder group, often because PML activities occur outside
the contexts where collective decisions are normally made [18, 44]. Finally, limited organizational incentives for
long-term stakeholder support and perceived lack of technical ambition introduce structural frictions that further
undermine PML’s commitments to stakeholders [101]. All of these challenges encourage practices that reduce
PML’s stakeholder empowerment goals to consulting for preference alignment, ultimately operating under the
guise of participation (e.g., participation washing) [44, 144].

In this position paper, we make the case for online communities as collaborative testbeds—environments
where community members serve as active partners in model experimentation, debugging, and de-
ployment rather than passive research subjects—to address fundamental challenges in representing
stakeholder values in ML applications. Online communities are social configurations of a shared virtual space
for people to gather for information exchange, social support, learning, and entertainment [84]. They represent
a situated context for applying PML principles at scales that are meaningful for technical ML work. We argue

Online Communities as Collaborative Testbeds

* Surface real-world considerations of an authentic use context * Incorporate community artifacts as community-defined proxies
» Capture dynamic signals of how preferences evolve over time » Leverage situated deliberation with pathways for resolving dissensus
* Maintain mechanisms for resolving value trade-offs at medium scales * Use collective meaning cascades to create locally meaning outcomes

to
address

Critiques of
Preference Alignment
» Context blind from decision-making environments
« Assumed staticity of early stage preferences

« Preference collapse of stakeholders with conflicting values

Challenges of
Participatory Machine Learning

« Structural frictions discourage initiating collaborations

« Value illegitimacy prevents resolving tensions

« Extractive participation lacks reciprocity

Fig. 1. Simplified overview of online communities as collaborative testbeds illustrating how
and how
. For example, collaborative testbeds incorporate community artifacts as community-defined proxies to address
structural frictions that may discourage initiating collaborations.
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that properties of online communities make them well-equipped to address the critiques of preference alignment.
However, recent incidents also reveal the harms that result when members of online communities and their values
are not centered (i.e., LLM deployment on r/changemyview [3]). Therefore, instead of simply treating them as sites
for ML research, we argue for online communities to be collaborative testbeds where their members actively par-
ticipate in shaping ML research and deployment, and describe concrete ways of achieving this vision (see Figure 1).

The remainder of the paper is structured as follows. We first define relevant concepts, and synthesize critiques
of preference alignment and PML to establish the limitations of current approaches for representing human
values in ML applications (Section 2). In Section 3, we describe three properties of online communities—use
context, dynamic signals, and value trade-offs at medium scales—that equip them to address the critiques of
preference alignment for ML. However, recognizing that this ideal case is challenging in practice, we recommend
three methodological foundations of collaborative testbeds that transform online communities into tractable sites
for tackling challenges of PML at scale (Section 4). Finally, we discuss open directions and alternative views to
acknowledge barriers and clarify our position in order to help prioritize future ML work in online communities
(Section 5). By synthesizing these critiques and methodological foundations into a forward-looking agenda, our
goal is to motivate ML research to leverage online communities’ ability to articulate, contest, and carry forward
nuanced value considerations in ethical ways.

1.1 Defining Concepts

Aligned with prior work [84, 120, 166], we define online communities as spaces where members gather around a
shared identity and set of norms for a variety of goals. We distinguish online communities from platforms, which
provide infrastructure for people to gather, but do not necessarily foster the shared identity, established norms,
or transparent and durable goals required to cultivate long-term and invested members. For example, ChatGPT
users do not constitute an online community by this definition, but OpenAI's Developer Community! would.
Similarly, the short-term, individualistic, and alienating environments of crowdworkers would typically not fit
this criteria [26, 118]. In contrast, a group of virtual citizen scientists working toward a shared, fully visible, and
enduring project like Foldit? would, even if their tasks mirror those in a micro-labor context. We discuss the
attributes of online communities best suited for collaborative testbeds in Section 5.1.1 to invite empirical work
across diverse communities.

By participation, we draw on Delgado et al. [44]’s conceptual framework, which articulates four modes of
participation: consultation, inclusion, collaboration, and ownership. We also leverage this work’s description
of proxy participation and its risks, where stakeholders are ostensibly incorporated into ML decisions without
direct involvement.

By Machine Learning (ML), we refer to methods that learn or leverage predictive functions from data. While
some related work uses the term Al or participatory Al they often involve the ML pipeline. We consolidate these
references under ML for continuity.

2 Related Work

To establish our motivation for online communities as collaborative testbeds, we first synthesize two research
areas that support capturing human values in ML systems. We examine the contributions and limitations of these
research areas, using to emphasize critiques of preference alignment methods and to highlight
persistent challenges of PML.

10penAl’s Developer Community is a Q&A forum for developers to collaborate, troubleshoot, and share experiential knowledge about
OpenAr’s APIs.

2Foldit is a crowdsourcing computer game that advances protein folding research, where the platform supports frequent community news
and connections between users.
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2.1 Preference Alignment

Preference alignment represents a shift in ML from engineered reward functions to explicit signals of human
preference. The goal of preference alignment is to efficiently gather and learn reward functions or policies that
result in end-user agreement with model outputs [83], typically using normative or performance criteria [48].
By normative preferences, we mean judgments that are more overtly value-laden. By performance preferences,
we mean judgments about the correctness or quality of ML outputs. Critically, both are ultimately shaped by
a combination of one’s underlying values and use context [163]. Here, we review methods for incorporating
preferences into ML, including moral surveys, reinforcement learning from human feedback (RLHF), active
learning (AL), interactive machine learning (IML), and other human-in-the-loop (HiTL) approaches.

Recent years have seen significant advancements in RLHF and the development of large-scale preference
benchmarks for alignment tasks. Early work in deep RLHF achieved high performance without access to a reward
function using non-expert preferences on demonstrated behaviors [37]. Moral Machine datasets have been used
in several projects to understand preferences for self-driving cars [12, 112]. More recently, LLMs have resulted in
increased interest in alignment tasks through preference learning, spanning RLHF [31, 35, 74, 78], Direct Prefer-
ence Optimization [121], Preference Ranking Optimization [146], personalization and persona testbeds [32, 174],
and constitutional Al [14, 66].° These efforts have produced increasingly large preference datasets, with a growing
effort on pluralism [147]. Kirk et al. [81] exemplified this agenda with PRISM, an alignment dataset with diverse
preferences for cross-cultural general LLM use.

Beyond simple ranking, HiTL approaches enable richer forms of corrective [31] or cognitive feedback [105]. AL
prioritizes strategic inclusion of experts using measures of diversity or uncertainty [5, 64, 107]—a popular strategy
in communities on Zooniverse, a citizen science platform. IML is an iterative process of optimizing learning be-
havior [107, 122] that can produce useful policy steering vectors. Explainable AI (XAI) further reframes alignment
to trust in outputs, emphasizing understandability, comprehensibility, and interpretability [10, 106]. While XAI
methods have made significant strides, questions about how much and to whom remain unanswered [8, 43]. These
methods are critical for effective backward alignment through assurance techniques and governance practices [70].

2.1.1 Critiques of Preference Alignment. Despite these advancements, common preference alignment methods
face significant validity concerns. These include context-blindness, assumed staticity, and preference collapse.

Context-blindness refers to methods that derive abstracted preferences disconnected
from realistic decision-making environments. This critique is particularly salient for moral preference alignment
through surveys and crowdsourcing [31, 45, 154]. Preferences fundamentally depend on specific scenarios and
use contexts [16]; as intended use cases of ML applications become increasingly general, users can struggle
to provide meaningful feedback [101, 152]. Conversely, abstracting away algorithmic context by asking about
human decision-making may fail to capture how preferences for algorithmic decision-making can differ from
expectations held for people in equivalent situations [16]. Others have pointed to issues with certain alignment
goals, such as the “helpful, honest, and harmless” paradigm, which remain unobjectionable because they are
abstract [78, 79]. These concerns require methods that situate users and ML applications in contexts that surface
concrete trade-offs and consequences.

Many alignment methods rely on one-time preference elicitation, introducing a different set
of limitations by assuming preferences are static [21, 74, 76, 145, 154, 164]. Response instability between preference
collection may reflect measurement problems introduced by context-blindness or psychological phenomena (i.e.,
fatigue, framing effects, or ordering bias) [74, 76]. Preferences also legitimately change as users’ understanding of
the system or context evolves [44, 75]. In the context of performance evaluation, Shankar et al. [137] coined the
term “criteria drift” to describe the feedback cycle observed where evaluating model outputs refines users’ criteria

3Supervised fine-tuning and pre-training are forms of LLM alignment. We choose not to discuss them in the context of preference alignment
because these methods typically involve implicit and engineered measures of preference.
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for evaluating outputs. This observation undermines methods that treat early-stage preferences as definitive.
These dynamic patterns of preference highlight the need for methods that can distinguish legitimate change
from measurement artifacts and for modeling approaches that can adapt to preference as a moving target.

Perhaps the most persistent challenge for alignment methods like RLHF is aggregating
across populations with conflicting preferences. Beyond majority bias, flattening diverse preferences into a statis-
tical average can result in preference collapse where single-reward models converge to preferences inconsistent
with any group of stakeholders [33, 130]. Conversely, over-personalizing to individuals introduces new risks that
can inhibit collective progress [80, 123]. In response, pluralistic alignment proposes steerable personalization,
distributional calibration to populations, and Overton pluralism (e.g., presenting many possible views) [147].
These approaches show promise, but raise important questions about what constitutes reasonable for different
populations and use contexts [69, 147]. These questions, if answered poorly, can lead to over-personalization,
marginalization, and presenting false balance. Scholars argue that pluralism is not about achieving consensus,
but engaging in deliberative processes to find compromise while acknowledging power dynamics and value
trade-offs [165]—dimensions largely absent from current preference alignment methods.

2.2 Participatory ML

Participatory approaches in ML trace their roots to Participatory Design (PD) in HCI, which emphasizes democ-
ratizing technology development by giving stakeholders genuine influence over design decisions [108]. PML’s
commitments to aligning algorithms with stakeholder values resonate with related design approaches, such
as value-sensitive design and user-centered design. The interest in these approaches in ML is closely tied to
the broader turn toward ML ethics, where PML is a key mechanism to advance algorithmic accountability to
marginalized groups most affected by systemic ML failures.

The demonstrated successes in PML show how fully embedded stakeholders directly shape modeling decisions
with situated knowledge to improve the quality of system outputs. ML development offers four entry points
for participation: problem formulation, dataset development, model training and evaluation, and deployment
and monitoring [39]. While many PML projects fail to meaningfully involve non-technical stakeholders [44, 48],
exemplary cases demonstrate what deep engagement can achieve. Lee et al. [91] collaborated with a food
donation service to design a model for equitable decision support by engaging stakeholders across the ML
lifecycle, producing a system that outperformed historic allocation. Suresh et al. [151] worked with feminicide
counterdata activists to conceptualize, build, and deploy an ML-based support system through iterative model
refinement and evaluation. In peer production, long-standing collaborations on Wikipedia illustrate how editors
curate data, build models, and audit outputs of edit quality classifiers, as seen in WikiBench [86], ORES on
English Wikipedia [59], and article quality models on Dutch Wikipedia [60]. These projects exemplify the
collaborative mode of the Parameters of Participation PAI framework, characterized by ongoing prototyping
and shared decision-making [44]. However, as participatory work moves towards shared stakeholder ownership,
the boundaries of PML become less clear. Community-initiated collaborations may not self-identify as PML and
instead may surface as co-authored work [60, 141] or well-aligned partnerships [94]. This suggests that some
successful community-aligned ML, particularly those focused on technical outcomes rather than collaborative
processes, likely exist outside of recognized PML literature.

2.2.1 Challenges of Participatory ML. Much PML falls short of achieving higher modes of participation that
enable collective exploration of ML systems and their impacts in contextual ways. As a result, a growing body of
work highlights persistent challenges complicating PML’s adoption. Some of these challenges are long-standing
critiques of PD (value illegitimacy), while others were introduced with its adaptation to ML (structural frictions
and extractive participation).
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PML faces structural frictions when practitioners and stakeholders negotiate deeply
participatory collaborations. As participatory approaches shift decision-making power to communities, they
may be perceived as limiting technical ambition, as participants can primarily articulate needs within their
understanding of what is currently possible, which may or may not necessitate ML. This reflects a broader tension
in ML research between application-driven approaches that engage with end users and methods-driven ML
innovation [125]. A second friction arises from the increasing scale and opaqueness of modern models, which
make it challenging to foresee impacts a priori [82]. This requirement for longitudinal testing [24] compounds
the already limited organizational incentives to fully support ongoing, iterative participation across the ML
lifecycle in light of prevailing scientific and financial pressures to pursue generalizability [101]. A third friction is
that PML requires researchers to make initial assumptions about the problem domain to structure engagement
with stakeholders [119]. Communities’ desire for low-burden participation mechanisms when initial problem
formulation is misaligned poses practical challenges for negotiating these preliminary considerations [97].
Together, these frictions have led ML practitioners to rely on proxy-based participation (e.g., convenience
stand-ins and algorithmic models), which can introduce bias [44, 109].

We adapt and modify limitations of the prototypical PD workshop to coin the term
value illegitimacy [18, 63]. Similar to issues with convenience stand-ins, this challenge stems from persistent
questions of legitimacy regarding who is invited to participate, who is able or willing to participate, and who
ultimately represents a community [63]. This is a primary conceptual concern with PML methods that lack
mechanisms or the authority to resolve complex value tensions outside of the research context. Because of these
gaps, codifying values and norms is more appropriately shaped through collective democratic processes and
community governance [18, 42, 151]. Value conflicts remain a persistent challenge in community-centered and
participatory-inspired methods (e.g., STELA [17]). Without a clear path toward resolving the conflicting needs of
different groups, participatory efforts risk being performative [40, 144]. These challenges intensify at global, cross-
cultural scales, where neglecting specific groups can risk advances that reinforce harms in historically exploited
communities [9, 170]. These contexts also raise new questions about the conditions under which people will
speak out [85, 153]. Finally, as ML systems grow in size and scope, the number of affected stakeholders increases,
further complicating questions of representation and who should have a voice in participatory processes [7].

Contemporary ML development also hinders meaningful participation from mem-
bers. To this end, Sloane et al. [144] argue PML is “necessarily extractive at the level of ML design, development,
and deployment” rooted in the desire for ML systems to generalize beyond the context of participation [104].
Scholars have also questioned whether participation is equally appropriate at all stages of the ML lifecycle [48].
Increasingly opaque models manifest delayed and unpredictable downstream impacts, complicating the realization
of reciprocal benefits to justify the labor of participation. Additionally, the rapid release cycles of foundation
models can render participation obsolete or impose a participatory ceiling on what researchers can meaningfully
provide to stakeholders [152]. Considering PML’s ethical commitments, the substantial labor needed to sustain
meaningful participation often disproportionally burdens marginalized groups who participate out of a desire
to be heard [172]. Similar to others [44], we conclude that PML needs to focus on measurable outcomes that
meaningfully reflect stakeholder contributions.

3 Why Online Communities?

Having examined the limitations of current preference alignment methods, we advance our position by describing
how online communities help address key concerns discussed in Section 2.1.1. We identify the benefits that
online communities offer for modeling human preferences, establishing them as promising testbeds for ML
experimentation, debugging, and deployment.
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3.1 Use Context

Online communities offer insights for the ML lifecycle that can only emerge from authentic use contexts. The
insights gathered from online community members address the critique of ML alignment
methods by reflecting the goals of stakeholders with a genuine stake in the health of their community.

To illustrate how members’ sustained engagement within their communities’ use context enables them to
articulate nuanced corrections, consider this hypothetical example inspired by Chimp&See:*

Researchers developing a computer vision model introduce it to the community as an “Al assistant” that
predicts species and provides heatmap explanations to accelerate the members’ annotations. Members’
investment in producing high-quality labels and their accumulated experience enable them to catch
systematic errors in explanations while still benefiting from faster initial predictions. For misclassified
images, members contrast the assistant’s explanations with their own sets of heuristics, revealing both why
the model failed and what features it should have prioritized. This situated feedback enables researchers
to identify dataset biases (e.g., species/habitat correlates) and refine the model’s attention mechanisms.

As demonstrated by members’ ability to contrast model behavior with their personal experiences, online
communities provide rich corrective feedback that is difficult to replicate in decontextualized crowdsourcing.
Members’ situated expertise developed through contributing to their community’s goals enables them to provide
specific and actionable feedback [176]. As illustrated in the example above, these benefits are amplified through
eXplainable AI (XAI). Feedback in XAl is often limited to high-risk domains with experts due to the investment
and expertise required to meaningfully engage with explanations (e.g., in healthcare [129]). Online communities
offer a distinct opportunity for XAl to reach broader audiences of invested users [23, 43].

A key benefit of authentic use contexts arises for problem formulation and deployment, where members
are invested in the real-world considerations of their community. Anticipating deployment issues is difficult,
and is made even more difficult with the rise of foundation models where the intended use contexts can be
unclear or too broad [152]. Engaging with communities that have established goals and concrete use contexts
enables ML practitioners to observe preferences and behaviors grounded in actual decision-making environments,
overcoming the confounds introduced by hypothetical scenarios and decontextualized assessments [31, 152].
Furthermore, members’ investment in outcomes improves performance for validation tasks as they are less
susceptible to fatigue and biased heuristics than crowdworkers [31, 126].

3.2 Dynamic Signals

Online communities have dynamic signals that capture how preferences and system efficacy evolve through
positive and negative feedback loops introduced by deployed systems [41]. Members alter their behaviors as
they learn about system capabilities and discover failure modes. Community traces and version-controlled wikis
reflect shifts in system performance and user expectations that mitigate concerns over in
one-time elicitation methods.

To see how situated knowledge of a community’s evolving preferences mitigates failures introduced by
assuming static preferences, consider this example adapted from prior work [92] to a highly moderated Q&A
subreddit community:

Researchers deploy drift detection to a community’s existing auto-moderation tools. Data shifts from
first-time posters’ language use trigger periodic alerts corresponding to large increases in auto-removed
posts. The remediation strategy for these spikes is unclear from metrics alone. They could indicate
correctly filtering genuinely unwanted content (requiring no action) or incorrectly removing legitimate

4Chimp&See is a citizen science community where members identify which species are contained in images of wildlife. Annotations require
significant lay-expertise due to the visual similarities between closely related species.
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contributions (requiring retraining to prevent newcomer attrition). Researchers consult community
meta-discussion channels, where members reveal two distinct observations causing increased newcomers:
community features on Reddit’s front page (transient and unhealthy) and cross-posts on topically similar
subreddits (potential growth). Researchers incorporate the traffic source patterns identified by members
into the drift detection algorithm, enabling higher quality monitoring in the absence of ground truth
data to confirm predictive accuracy.

This example shows the value of members’ dynamic understanding of community health, where assuming
static preference would treat drift as a binary signal requiring retraining. Not all drift represents failures, and
distinguishing harmful from benign drift requires contextual knowledge [92, 136, 140]. Online communities
enable experts to emerge based on their contextual knowledge within a community, affording new directions for
deployment monitoring.

Communities surface dynamic signals to inform critical decisions across the ML lifecycle. Dynamic feedback
loops transform members’ capacity to provide valuable preference signals. What distinguishes community-based
feedback is members’ situated understanding of community goals, enabling reflectivity as they observe changes
introduced by ML deployments [38]. This parallels Interactive ML approaches, where repeated engagement
within and between research enables communities to progressively articulate more sophisticated feedback to
update modeling decisions [31, 122]. Members’ evolving understanding of community health and goals often
becomes formalized through versioned community artifacts—updated rules and wikis that capture legitimate
change. Unlike static preference datasets [87, 149], these artifacts record changing preferences and conceptual
drift. This enables the construction of valid community benchmarks where evaluation criteria evolve with the
community to combat errors from sample selection bias and nonstationarity [57, 111].

3.3 Value Trade-offs at a Medium Scale

Online communities occupy a liminal space between individuals and broader society, providing natural settings
for negotiating value trade-offs that cannot be resolved through individual preference aggregation. This medium
scale ranges from hundreds to hundreds of thousands of members and addresses the critique
by offering a context pluralistic enough to surface genuine value tensions while maintaining mechanisms for
their resolution.

Recent work has formalized the computational intractability of preference alignment at a societal scale, calling
instead for constraining representation goals, scoping to realistic contexts, or accepting super-polynomial com-
putational costs [130]. Online communities naturally decompose this alignment problem into subproblems by
scoping to considerations of their unique use context. Additionally, members share enough context and goals to
establish common ground to negotiate underlying values. Unlike individual-level personalization that risks echo
chambers [142], online communities surface diverse perspectives by maintaining the feasibility of meaningful de-
liberation when misalignment occurs. Deliberative processes also help avoid exploiting short-term satisfaction of
individuals at the expense of holistic community goals [80, 123, 138]. The medium scale supports individuals feeling
like their voices are part of the conversation and allows for collective sensemaking by situated experts—members
able to articulate value trade-offs with legitimate authority (e.g., moderators on subreddits, experienced Wikipedia
editors). Beyond making alignment more tractable, these communities more effectively cultivate group identi-
ties [67]. In turn, this helps motivate the participation required to sustain deliberation in online communities [88].

To illustrate how value trade-offs in online communities can be useful for resolving preference collapse,
consider the following hypothetical case inspired by content moderation challenges in mental health support
communities:
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Researchers developing a content moderation model observe members’ frustration with their community’s
existing topic-based moderation tool. Comments on removed posts reveal competing values: removing po-
tentially harmful content (safety) versus preserving authentic peer experiences (support and relatedness),
which collapses into either over-removal (prioritizing safety at the expense of authentic connection),
under-removal (prioritizing authenticity while permitting harm), or a mechanical failure (sterilized
peer support). A meta-post for members to deliberate on this issue reveals that while members do not
agree on what topics constitute harm, they have negotiated a nuanced position clarifying this decision
boundary: “warn, don’t remove” for posts describing past struggles, but immediate removal for content
encouraging current harmful behaviors. This distinction only becomes tractable because community
members share an understanding of what constitutes “support” in their community. Researchers then
incorporate a separate model to detect past vs. present tense content to reflect actual community values
rather than an abstracted safety vs. expression trade-off.

This example demonstrates how deliberative opportunities in online communities can inform decisions
throughout the ML lifecycle. Online communities surface value tensions invisible in decontextualized surveys but
critical for deployment. The visible negotiation of trade-offs provides ground truth about legitimate value pluralism
versus measurement noise in human feedback. For model training, their medium scale enables strongly specified
target populations for distributionally or Overton pluralistic models [147]. During deployment, communities
demonstrate mechanisms for managing ongoing value misalignment without requiring impossible consensus.
They also offer potential for situated expertise to provide different perspectives on deployments.

Importantly, the example shows that online communities do not always reach consensus on value trade-offs—
and that is a feature, not a bug. Instead, deliberation aimed at compromise is preferable in pluralistic democracies
so long as it does not sacrifice members’ foundational values [165]. In this way, online communities develop
social and technical mechanisms to make decisions that further shared goals despite disagreement (e.g., voting
systems, moderator discretion, A/B testing of rule changes, and meta-discussions to reach a state of productive
dissensus [101]). These kinds of collective sensemaking processes are well-documented in online community
research. In large, radically open communities like Wikipedia, members coordinate around mutually relevant
tasks and often commit to partial but acceptable interpretations of policy, knowledge, and norms [110]. At medium
scales, more private communities like TuDiabetes often value pluralistic opinions over consensus to negotiate
shared meaning [98].°> These practices themselves can reveal how to design ML systems that accommodate
value pluralism. Online communities illustrate which disagreements are resolvable through clarifying shared
understanding versus which reflect genuine value diversity that systems must navigate [89].

4  Online Communities as Collaborative Testbeds

As described above, online communities offer valuable testbeds for ML researchers. However, recent incidents
reveal the harms resulting from prioritizing research goals over community values (e.g., Linux hypocrite com-
mits [49] and the r/changemyview incident [3]). Therefore, our position reframes online communities as collabora-
tive testbeds—environments for model experimentation, debugging, and deployment that prioritize collaboration
and ownership. Online communities are increasingly developing practices aligned with this vision. Here, we
discuss three methodological foundations to leverage these capacities in future ML research and help address
persistent challenges in PML (Section 2.2.1).

STuDiabetes, now Beyond Type 1, is an online health community for people living with diabetes, and their friends and family, to give and
exchange peer support.
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4.1 Community Artifacts as Legitimate Proxies for Consultation

Online communities maintain wikis, guides, and rules that can serve as legitimate proxies for consultation in
collaborative testbeds. These community artifacts help mitigate the of PML by offering
low-burden mechanisms to navigate early modeling considerations with community-defined priorities. While
not all community artifacts emerge through democratic processes, when accessible to members, they represent
negotiated value trade-offs that encode collective priorities. In some communities, these artifacts gain legitimacy
through members’ ability to contest them. For others, legitimacy is mediated through stewardship where trusted
guardians protect community goals [172].

Most online communities produce negotiated artifacts, and we observe a trend that these are increasingly
articulating values related to research and ML. Wikis directed at newcomers document collective knowledge
and set expectations for normative behavior, providing researchers with essential context for understanding
deployment environments and community priorities before engaging in system design. r/AskHistorians and
r/ChangeMyView recently published research guidelines that prioritize community values; specify data scraping
permissions; and outline privacy expectations, effectively encoding consent [58, 132]. Communities on various
platforms (e.g., Stack Exchange, Discord, Reddit, or Zooniverse) afford members channels to deliberate about
feature requests and collective goals. These meta-discussions explicitly describe trade-offs and evolving priorities
for researchers seeking to better understand community values. Finally, community-curated datasets and data
donations that are more prevalent in peer production projects and data-oriented communities formalize legitimacy
through acceptable use statements, access requests, and member transparency.

Community artifacts offer concrete utility for problem formulation, iterative model development, and evalua-
tion criteria. For instance, community feature requests and resulting deliberations can directly align problem
formulation with real needs, whereas wikis and guidelines articulate evaluative criteria through examples and
justifications of community priorities. While these artifacts are inevitably under-specified for many research
objectives, they initialize design decisions closer to deployment realities [143], making subsequent higher-fidelity
engagement with communities more productive. To demonstrate this utility, consider the following hypothetical
example in r/changemyview:°

Researchers design a generative argument quality assessment model (GAQAM) for r/changemyview,
leveraging the community’s extensive wiki documenting the dos and don’ts of effective argumentation for
policy-based steering (i.e., positive and negative examples of effective ad hominems). Similar to steering
for chain-of-thought (COT) compression [13], this approach rewards reasoning in the community’s shared
language. In offline evaluations, the initial policy-constrained model achieved only marginal increases in
predictive accuracy compared to an unbounded COT baseline. Greater benefits emerge during deployment,
where starting from members’ collective understanding enables richer corrective feedback at intermediate
reasoning steps to directly update the steering vector, resulting in iterative performance gains.

Critically, these legitimate proxies provide researchers access to well-understood community values without
requiring direct member consultation. This enables researchers to initialize their understanding of the problem
domain and align preliminary design decisions with the community before engaging members. This is valuable
for reducing members’ burden of educating researchers or participating in exploratory work that may not yield
valuable outcomes for communities [97, 172]. Moreover, when researchers articulate the normative rigor of
technical choices using the documented values of an online community, they earn new forms of epistemic
authority for social claims [82, 113].

°r/changemyview is a large deliberative subreddit where users invite others to challenge their views through structured, good-faith
argumentation.
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4.2 Situated Deliberation as Feedback

Several online communities engage in deliberation about governance and decision-making [53, 169]. Deliberation
is a process where people “carefully examine a problem and arrive at a well-reasoned solution after a period of
inclusive, respectful consideration of diverse points of view” [56]. Situated deliberation addresses

by reflecting real decision-making environments as members enact various roles in their community to negotiate
value trade-offs. By following community participation norms, this feedback on ML interventions, outputs, and
design considerations provides a legitimate pathway towards adjudicating conflicting needs.

Online communities frequently engage in governance deliberation and offer opportunities for researchers
to participate in discussions. Virtual spaces allow vast audiences to share their perspectives, making them
widely recognized for their democratic potential [116, 134]. The form and function of deliberation varies by
community, from conflict resolution on Wikipedia [20, 68, 155] to decision-making processes of open-source
software [73, 156], to policy experimentation in subreddits [100]. Given rising controversy surrounding ML
applications [99], many communities are actively deliberating about generative models’ impact on their health
and values (i.e., iNaturalist [168],” StackOverflow [2], and Wikipedia [4]). Meta-discussions are often acceptable
community spaces for researchers to participate in or structure deliberation with organizers’ approval—further
supported by moderation to ensure civil and inclusive discussions.

Building on these established practices, collaborative testbeds enable situated deliberation to guide both model
evaluation and iteration. This facilitates more robust feedback about the practical utility, anticipated impact, and
acceptance of ML applications [46, 154]. Discussions represent the intermediate sentiments of members, creating
a space to jointly contest ML outputs. Forward-facing deliberation provides rich corrective feedback on stale
or biased models rather than being constrained to a limited set of alternative solutions [124]. To illustrate how
deliberation can inform iterative model development, consider this example inspired by Project Sidewalk [95]:3

Researchers introduce an “Al assistant” to automatically identify issues and assign severity ratings,
which citizen scientists can validate. Some members consistently adjust the severity ratings for certain
types of issues (i.e., uneven sidewalks), which prompts researchers to create a meta-thread to discuss
annotation disagreement. By discussing examples, members describe how their experiences with different
types of mobility devices shape their assessments. Researchers introduce the idea of adding multiple
severity ratings to the Al assistant based on mobility context, prompting further deliberation about how
to present or filter multi-dimensional predictions to future annotators.

Beyond iterating through feedback, the deliberative process offers value legitimacy for resulting decisions.
When highly visible, it helps foster a sense of shared stewardship among stakeholders, which can increase
buy-in from members on resulting actions. Community meta-discussions often reveal genuine uncertainty about
evolving priorities (e.g., equipoise [101]), which can incentivize communities to commit to empirical work to
inform decision-making. Deliberation on specific model outputs also improves annotation quality, as discussion
about reasoning helps members converge on shared understanding [77, 133]. Effective deliberation also creates
space for dissensus, which is valuable when people with different values engage in an evaluation task [89].
Iterative feedback and productive uncertainty position situated deliberation as a mechanism to strengthen value
alignment in collaborative testbeds.

4.3 Collective Meaning Cascades as Signals for Criteria Drift

Online communities pursue and refine collective goals (e.g., maintaining quality discourse or supporting member
growth) through evolving artifacts that encode collective understanding. Halfaker et al. [60] coined the term collec-
tive meaning cascades, whereby inherently imperfect models translate and modify the meaning of information they

7iNaturalist is a citizen science community for members to contribute data to biodiversity research.
8Project Sidewalk is a citizen science community focused on identifying pedestrian accessibility issues from street view data
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represent, a phenomenon similar to criteria drift [90, 137]. In online communities, criteria drift describes how mem-
bers’ understanding of what a correct, useful, or good model output is changes as they interact with and evaluate
ML systems in their community. By anchoring this refinement in community practice, collective meaning cascades
help reconcile in PML by simultaneously producing locally meaningful outcomes. In
collaborative testbeds, iterative refinement of community artifacts is important for sustaining community participa-
tion across multiple ML research projects and for fostering localized understanding [44, 172]. This is valuable when
researchers have limited control over the underlying algorithms or no intent to support applications long-term.

Many online communities already iteratively refine their goals and shared artifacts, and we occasionally find
that researchers play a part in this process for better or for worse. Communities frequently update their collective
understanding through rule changes in response to events, edge cases, and breaches of trust from researchers [93].
Across platforms, communities are actively grappling with rules for GenAl use in relation to their goals for authen-
ticity, quality, and community values (i.e., subreddit communities [96], StackOverflow [22], and Wikipedia [52]).

Beyond reactive changes, we argue that observing collective meaning materialize in shared community artifacts
is a healthy signal of higher modes of participation made possible by well-aligned problem formulation. For
example, members annotating community data cascading to revised labeling guides and definitions on citizen
science projects [30] and Wikipedia [60]; or members curating datasets cascading to acceptable use statements
for community data [86]. Community members are often interested in their collective values and goals [172],
and some communities have implemented their own mechanisms to embrace this curiosity; r/AskHistorians
collaborates with Cornell to distribute census surveys about participation motivations, and r/changemyview
created r/ideasforcmv for improving the community. These observations motivate researchers to align model
evaluation criteria with communities’ unique definitions of what makes them better in order to support both
research and community self-knowledge [166].

Refining community-situated knowledge benefits the ML pipeline by providing use-informed incentives
for iterative model development and evaluation. As with under-specification in LLM reward modeling [148],
this provides opportunities for participation to mediate meaning cascades, which in turn refine under- and
misspecified modeling requirements. Community artifacts inherently reflect a point in time, and while many are
forward-looking by considering broader notions of community health, they can fall victim to stale modeling.
This presents an opportunity for members to meaningfully engage with model outputs, serving a dual purpose of
auditing collective understanding and modeling assumptions. For modeling, these updates can directly produce
high-value labels, feedback to add or prune features, or new deployment or acceptability considerations. We
revisit our hypothetical r/changemyview scenario to illustrate how initializing with community artifacts enables
collaborative meaning cascades:

Again, researchers are designing a policy-based GAQAM, but want to add audience awareness capacities—
tacit knowledge for experienced members, but absent in shared artifacts. Testing their GAQAM on
offline benchmarks using historic community deltas (awarded when the OP changes their view) reveals
discrepancies, but it is unclear whether the performance degradation is due to latent personalization
strategies (add to wiki), stale preferences (update wiki), or encoded bias (actions vary). Researchers
analyze the residual to identify high-importance text features and present exemplars of each strategy
to members in a meta-post. The process of reflecting on exemplars refines members’ understanding of
effective uses of appeals to authority, popularity, and emotion, which are added to the wiki and update
the researchers’ policy vector.

This wiki-informed steering approach enables researchers to re-encode policy vectors rather than fine-tune
models, which substantially reduces the computational costs of iteratively maintaining alignment. Rather than
prescribe a single approach, collaborative testbeds ask researchers to consider how different alignment meth-
ods integrate with communities’ existing artifacts, practices, and norms (e.g., community-led artifacts such as
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policy steering [36], constitutional Al [66], or curated datasets [86]). Collective meaning cascades aim to bridge
contextual gaps in applied ML by establishing increased construct validity in evaluation criteria, shifting the
focus from accuracy to use-informed utility [34, 60].

5 Discussion

5.1 Open Challenges and Limitations

While reframing online communities as collaborative testbeds offers a promising direction for actualizing PML
principles at scale, they face new practical and ethical barriers. Here, we identify key limitations in our position
to help prioritize future alignment research with online communities.

5.1.1 Not all communities are suitable. Communities vary in their organizational maturity, which shapes the
effort and resources required to establish community artifacts as legitimate proxies for participatory consultation.
Community artifacts will often be underspecified for research objectives. We argue that this friction will diminish
over time within the virtuous cycle of collaborative testbeds, as illustrated by more mature communities (i.e.,
Wikipedia, Zooniverse, InTheRooms,” and Stack Exchange sites). These challenges highlight one direction
for future research on mechanisms that build community capacity and translate resources between similar
communities (e.g., templates for research guidelines or privacy-preserving tools for community data) to lower
the barrier to entry for collaborative testbeds.

The efficacy of situated deliberation as feedback depends on how community members choose to engage with
it or not. While dissensus can surface value trade-offs, resulting actions can fragment communities, similar to
how new rules can drive user abandonment [41]. The added pressure in community discussions can further
alienate those who routinely participate less (i.e., lurkers or low contributors) [131]. Conversely, the need to
keep community-situated processes open and accessible invites the risk of bad actors and data poisoning, forcing
researchers and likely implicating community organizers to grapple with the complex problem of weighing
contributions. In light of these deliberative challenges, collaborative testbeds offer valuable opportunities to build
our understanding of how platform designs afford deliberation and grow the limited body of work examining the
outcomes of deliberative processes in practice [54].

For other communities, these barriers may make collaborative testbeds inappropriate. Communities that lack
meaningful collaboration between members or with limited affordances or norms for discussion undermine the
benefits of deliberation components of collaborative testbeds. Echoing Section 1.1, others may lack transparent
and durable goals that cultivate situated expertise for weighing value-tradeoffs with legitimate authority. In such
cases, community artifacts may also lack legitimacy. In other ways, research burnout has led some communities
to establish rules against specific research activities (e.g., surveys on subreddits [25, 117]). This underscores why
collaborative testbeds must move beyond online communities as a recruitment opportunity. Truly collaborative
testbeds give communities the power to decline. Communities that perceive high risks or have suffered negative
research experiences in the past may decide that potential benefits do not justify research engagement.

While criteria for suitable communities remain an open question, Computer-Supported Cooperative Work
(CSCW) scholarship on participation offers promising directions for future work across two dimensions: motiva-
tion and collaboration. First, we consider members’ motivations to participate. Communities where members are
driven by a sense of perceived impact are better positioned to support the member-driven benefits of a situated
use context [88, 115]. For example, those with strong group identities that value pluralism over consensus are
particularly good starting points [67, 98]. Members’ motivations are not only important for achieving the benefits

°InTheRooms is an online recovery community with paid opportunities to conduct health and social computing research within the
community.
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of value trade-offs, but research with these communities is more likely to produce novel and valuable contribu-
tions for their members and academic scholarship. Second, we consider how members collaborate together. It is
important that members’ individual participation depends on the contributions of others to develop a collective
understanding (e.g., the strong remix norms of transformative fandom communities [50]). These collaborative
communities may also desire more control over ML for socially embedded practices [128]. And, they often set
expectations for data re-use with members. These norms support increased data provenance, tool provenance, and
transparency [173]. In doing so, they naturally produce the kinds of artifacts that orient new members and reveal
dynamic signals for research. Members’ motivation to collaborate helps identify communities where establishing
collaborative test beds is most likely to be mutually beneficial.

5.1.2  Not all research questions are suitable. Prioritizing mutual benefit narrows the scope of research questions
that can be pursued within a given online community. Research alignment is a long-standing challenge in
community-based participatory research [97]. Community-driven lines of inquiry are likely to produce unfamiliar
benchmarks, have limited broader applicability, and result in simple solutions that may outperform SOTA
models in situated settings. Others argue these are important complements to methods-driven ML [125]. We
contend that as research engages more deeply with communities, these questions will become increasingly
sophisticated. Drawing on community-engaged research practices, collaborative testbeds demand give-and-take
relationships where highly aligned research questions build capacity to articulate considerations valuable for
less aligned work. Moreover, researchers have the advantage of drawing on the diverse landscape of online
communities with different interests and goals. For long-term relationships, researchers might strategically pair
community-prioritized studies with inquiries of wider scientific importance.

Beyond reciprocity constraints, online communities impose methodological restrictions for research [172].
For instance, deception-based studies are typically impermissible in online communities.!® This reality places
additional demands on the normative, reporting, and interpretive rigor of ML [113], requiring that decisions be
justified not only to peers but also to community members. This challenge mirrors ongoing tensions between
application-driven and methods-centric ML [125], and is essential for closing the claim-reality gap between
stated research goals and actual impact [82]. For ML agendas incompatible with existing communities, others
have proposed creating research communities. MovieLens is a standout example [61], but others have proposed
drawing on open-source and peer production models for centering research activity as a core community goal in
RecSys [28] and Al feedback [45].

5.2 Alternative Views on Collaborative Testbeds

Collaborative testbeds present a vision for how ML research should engage with online communities, but this
approach may face reasonable objections. Here, we clarify our position to guide thoughtful adoption.

5.2.1 Online communities are not an important use context for ML. Some may view online communities as
peripheral to ML innovation because they represent niche domains, or because use context considerations appear
orthogonal to methodological advancement [125, 175]. This view overlooks online communities’ high representa-
tion in LLM training data.!! Researchers face mounting barriers to access these ostensibly open resources [1, 157],
making these considerations increasingly difficult to avoid. Our position may extend beyond online communities
to contexts with similar properties; for example, workplaces have collective goals, dynamic signals, and the
capacity to articulate value trade-offs, suggesting value in artifacts, deliberative feedback, and meaning cascades to
support sustainable ML in CSCW [62]. Others may contend that use-context concerns fall outside the scope of their

Tyring tests are diminishing in scientific value [71]. Instead, consider the online community-aligned research direction of detecting
algorithmically generated content.
For example, Wikipedia and StackExchange comprised ~6.5% of pre-training data in Llama [158]
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ML work. In response, many argue that social claims about applicability and impact must incorporate deployment
considerations throughout development rather than deferring them indefinitely [29, 34, 72, 82, 113, 125]—online
communities present a tractable context to pursue this goal.

5.2.2 Collaborative testbeds introduce logistical challenges. This view raises open questions about institutionaliz-
ing insights from online communities. We agree that our emphasis on grounded domains and specific use cases for
ML introduces new challenges for integrating feedback into larger base systems. Others have called for collective
action in different environments and by different groups to eventually represent a larger stake in the industry
to impact general-purpose models [135, 150]. Still, reconciling insights across collaborative testbeds remains chal-
lenging. Not only because of conflicting preferences, but communities may also maintain fundamentally different
technical representations of those preferences (e.g., one may use a constitution [66] while another uses examples
for policy steering [36]). Collaborative testbeds will produce artifacts that touch different stages of the ML life-
cycle, some more portable or complete than others. Indeed, future work should examine how and when different
methods integrate smoothly with both community practice and post-training pipelines in real-world deployments.

5.2.3 Collaborative testbeds do not address the fairness goals of PML. Under this view, collaborative testbeds
fall short of achieving fairer outcomes because they do not address biases within communities themselves
or among those who engage in research activities. We contend that thoughtfully embedding research within
community structures helps address the latter, but deliberative processes may amplify the voices of organizers and
active contributors, excluding lurkers and peripheral members [55]. Ultimately, there is no lightweight solution
for participation as justice, which requires long-term partnerships with mechanisms for recourse to address
structural change [144]. Rather than claiming to resolve bias concerns, collaborative testbeds foreground specific
community-defined fairness outcomes [44].12 However, this does not diminish the importance of reflexivity about
representation and power within online communities.

5.24 Collaborative testbeds give research an excuse not to pay participants. Some may object that collaborative
testbeds mask exploitation by claiming intrinsic motivation or community benefit. In this view, assuming members’
motivations risks overlooking invalid assumptions about what research offers the community, heightened
by contemporary ML practices [144]. While intrinsically motivated participation can produce high-quality
outcomes [127, 159], we largely agree with this perspective. We clarify that participation is work [144], and online
communities as collaborative testbeds do not absolve researchers from providing financial compensation when
appropriate; however, we expand on what compensating a community could entail. After research engagement,
researchers offer additional incentives to members who choose to apply insights by updating, refining, or creating
shared community resources that benefit the collective.

6 Conclusion

By positioning online communities as collaborative testbeds, we address fundamental challenges in representing
human values in ML applications. Our argument demonstrates how online communities offer a valuable context
with dynamic signals of preferences, grounded in a use context, with mechanisms for resolving value trade-offs
at a medium scale. We illustrate how collaborative testbeds address core challenges of structural frictions, value
illegitimacy, and extractive participation in PML by foregrounding online communities’ existing capacities for
generating community artifacts, engaging in situated deliberation, and refining their own practices. By motivat-
ing research to leverage community infrastructures for articulating, contesting, and carrying forward nuanced
value considerations across projects, these foundations provide a critical direction for sustainably applying PML
principles at scales meaningful for technical ML work.

12For example, gender equity on Wikipedia or topic diversity on r/AskHistorians. We note that not all communities have fairness goals. These
may fall under Not all communities are suitable for collaborative testbeds if researcher-community values are fundamentally misaligned.
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7 Endmatter

Generative Al Usage. Claud Sonnet 4.5 was used to edit grammar and styling for text clarity and conciseness. No
generative Al was used to create figures or images in this paper. All generative Al use was carefully reviewed by
the authors and represents our original ideas and concepts.

Ethical Considerations. While we discuss the ethical barriers and potential adverse impacts of adopting online
communities as collaborative testbeds in Section 5, we elaborate on additional ethical considerations of this
work here. We intentionally avoid relying solely on ethical arguments to justify our position and instead
focus on validity and modeling benefits to reach a broader audience. We followed ethical recommendations for
online community research to prepare this position paper [51, 172]. Because we draw on extensive examples
from r/changemyview, we follow the community’s guidelines for moderator review before initiating this work.
Specifically, we communicated the intentions of this position paper, clarified aspects that do or do not support
their objectives, shared hypothetical examples, and avoided including specific member quotes.

Acknowledgments. We are grateful to the moderators at r/changemyview for their interest in this work. We
thank Aaron Halfaker for his guidance on participatory engagement with online communities. This work was
supported by NSF ER2 Award #2220509.
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