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Abstract
Personalized, generative AI systems increasingly adapt their behav-
ior to individual users over time, fundamentally changing model
behavior. While existing auditing approaches have been effective
at surfacing harms in non-personalized contexts, they often rely
on static, simulated evaluations and definitions of harm that ag-
gregate across broad, group categories. In this position paper, we
argue that such approaches can fail to capture emergent harms in
personalized generative AI systems, where harms emerge through
interpretations of ongoing interaction and evolve with user history.
We identify three presuppositions underlying many harm auditing
paradigms: that harms can be (1) specified outside real-world inter-
action, (2) defined non-pluralistically within groups, and (3) treated
as static. One might argue that personalized systems could simply
learn definitions of what constitutes as harm to individual users
through repeated interactions. However, we argue that attempts to
surface user harms through deeper personalization risk imposing
asymmetric burdens of labor and privacy on marginalized users.
Consequently, we propose reframing understandings of harm as
adaptive, user- and community-centered processes, and outline
design directions that shift auditing from retrospective evaluation
toward infrastructures that support ongoing articulation of harm in
interaction. Our work highlights the need for auditing and design
practices that better reflect the pluralistic and evolving nature of
harm understanding in personalized generative AI systems.
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1 Introduction
Generative AI systems are being increasingly integrated into ev-
eryday applications, such as chatbots [20, 62] and writing assis-
tants [32, 60]. These systems have increasingly grown to personal-
ize, or adapt outputs to individual users [23], based on past behav-
ior [65, 99] and preferences [27, 40]. These methods promise more
relevant and engaging interactions for users [33, 41]. While person-
alization is not new in computational systems [38, 47, 61], the nature
of personalization in generative AI is fundamentally different. Un-
like selection-based personalization, which chooses from a fixed
set of outputs, generative AI reshapes the distribution of possible
outputs, producing indeterminate, context-dependent, and evolv-
ing behaviors [42, 65]. In fact, personalization can fundamentally
alter the nature of model behavior itself [92]. As personalization
continues to shape the ways that systems interact with users, it is
crucial to be able to document exactly when and how harms may
emerge.

Existing paradigms to audit harms in generative AI systems of-
ten occur as non-personalized, simulated evaluations [35, 74, 75],
where the model does not retain memory of any prior interactions
and the simulated context can be abstracted away from real world
use. While these approaches have systematically revealed biases
in baseline models [35, 44, 55, 74], they may fail to capture true
user harms arising as a result of personalized interaction. Harm
cannot only be determined by what the output constitutes, but
from the way individual users experience and interpret these out-
puts [10, 58, 90]. As AI systems become personalized to individual
users, merely auditing for harms in non-personalized contexts risks
missing emergent harms that impact real users. Additionally, cur-
rent systems that users interact with provide few mechanisms for
users to articulate harm, contest system assumptions, or directly
shape how personalization unfolds over time. In the absence of such
mechanisms, personalized AI systems default to making inferences
about users [68]. Ultimately, this risks treating user preferences,
such as what constitutes as harm, as something that can be inferred
from proxies [92] rather than directly articulated by users.

In this position paper, we focus on experiential harms, which
consist of harms that users can self-identify and report experiencing
negative affect from [90]. We argue that personalized generative AI
systems create experiential harms at the interaction level that are
often difficult to surface through traditional auditing mechanisms.
More specifically, we argue that many, general-purpose auditing
approaches presuppose that:

(1) Harms can be specified outside of real-world interac-
tion: Auditing often happens in amemory-less, non-personalized
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contexts, abstracted away from how systems may truly harm
users in the real world.

(2) Harms can be definednon-pluralisticallywithin groups:
Auditing often defines harm at broad, demographic cate-
gories (e.g. race, gender), which can obscure the pluralistic,
intersectional ways members of the same group can experi-
ence harm.

(3) Harms are static: Many auditing methods lack continual
or evolving evaluation over time, failing to capture how
personalization introduce new harmful behavior over time,
or how user definitions of harm may evolve.

We further argue that attempting to personalize definitions of harm
to individual users with current system paradigms can create asym-
metries of labor and privacy, disproportionately burdening users
in minoritized groups. To address these challenges and bridge the
gap in understanding true user harms, we propose design direc-
tions that acknowledge defining harm as an adaptive, user- and
community-centered process, emphasizing evolving, pluralistic un-
derstandings of harm without causing disproportionate burden on
users in minority groups. Ultimately, this work motivates the need
for better harm auditing mechanisms that allows all users, espe-
cially those from minoritized backgrounds, to reap the benefits of
personalized, generative technologies.

2 Related Work
2.1 Personalized, Generative AI Systems
Personalization is not new in computational systems. Recommender
systems [47], search engines [38], and adaptive interfaces [61] have
long tailored outputs to users. In these traditional systems, personal-
ization primarily affects selection: which item is recommended [72],
which result is ranked higher [38], or which predefined label is as-
signed [4]. Although users may interpret these outputs differently,
the system’s behavior itself often remains stable and enumerable.
Thus, algorithmic decision rules can be probed to surface discrimi-
nation or harms because outputs are repeatable and enumerable
across test inputs [75].

By contrast, generative AI systems produce outputs through
stochastic generation that may be conditioned on user behavior
and preferences [65, 99], prior conversational history [42], or even
inferred attributes [74]. Thus, personalization in generative settings
does not merely select among existing outputs, but reshapes the
distribution over possible behaviors. The system may adopt differ-
ent tones, frames, assumptions, and normative stances depending
on the user it is interacting with [91]. In fact, personalization fun-
damentally changes model behavior, even modifying behavior on
standard benchmarks [92]. Consequently, the model does not ex-
hibit a single, stable behavior, but rather a family of behaviors that
continually evolves in a personalization context that requires new
ways of evaluation [37].

Recent work has attempted to better understand and evaluate
how personalized interaction can affect behaviors for generative
AI systems, such as chatbots [28, 79, 91]. We extend this need for
new evaluation paradigms for personalized, generative AI systems
specifically for the harms that users may experience.

2.2 Surfacing Harms Via Algorithm Auditing
Algorithm auditing describes the process of surfacing harms by di-
rectly analyzing the outputs of such systems [5, 43, 52]. Such harms
include stereotypes [30], problematic output [5, 43], or surfacing
disparities in outcome based on demographic group in domains
such as healthcare [55, 66, 77], employment [13, 94, 97], and hous-
ing [3, 39, 106]. Many of these audit-basedmethods, especially in the
context of generative AI systems, often consist of researchers simu-
lating a use case of an LLM through prompts and iteratively evalu-
ating a series of AI outputs. Potential harms from these systems are
often surfaced by providing proxies for demographic groups, such
as name [74] or dialect [35], and measuring discrepancies across
groups. Such simulated studies have measured these discrepancies
in the natural language used to describe groups [14, 35, 46], out-
comes groups achieve [9, 74], or the way marginalized groups are
portrayed in generative imagery [93, 100].

However, one common critique of these audit-based methods is
that these evaluations are created and run by either AI practition-
ers [52, 75, 83] or AI researchers [11, 17, 24, 25, 70], who may be
disconnected from the communities actually experiencing harm [7].
As a result, there has been a rise in end users and communities iden-
tifying emergent harms fromAI systems [22, 78]. Users can discover
nuanced and community-specific harms that have previously been
overlooked by researchers or practitioners [50, 54, 69, 102, 104].
For instance, Deng et al. [21]’s WeAudit created an infrastruc-
ture allowing for users to audit amongst community members
and report harms to AI practitioners in actionable ways. These
user-centered auditing practices have been helpful in surfacing
community-specific harms, such as stereotypical representations
of non-Western cultures [30], inappropriate outputs in cultural
contexts [69] and the lack of disability [50] and gender [29] rep-
resentation in generative image models. Overall, these auditing
methods focus on experiential harms, or harms that can be surfaced
through self-reported experiences of negative affect [90], from the
users themselves.

Nonetheless, existing auditing approaches canmiss harms emerg-
ing from the ways that users interact with personalized AI tools.
Simulated, stateless audits happen outside of true user interaction,
and many community-based methods may consult communities
at the design phase rather than continuing to evaluate the impact
of tools after they are deployed [34]. Furthermore, even end-user
auditing often functions with the goal of providing technical recom-
mendations and remediations for AI practitioners [21, 56, 70, 73],
rather than preventing harm or reshaping outputs for users as they
occur. This can lead to an asymmetry of burden and benefit, where
those who the work required by the systemmay not be the one who
receive its benefits [31]. Ultimately, our work highlights this gap in
auditing paradigms by outlining the nature of harm in personalized,
generative AI systems that current auditing methods may fail to
capture.

3 Why Existing Auditing Approaches Are
Insufficient for Personalized Generative AI
Systems

In this section, we argue that personalized, generative AI systems
create harms that current auditing approaches may be insufficient
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for surfacing. In this section, we outline how existing auditing
approaches often presuppose harm (1) can be specified outside of
real world interaction, (2) is non-pluralistic within groups, and (3)
is static.

3.1 Auditing Approaches Presuppose Harm Can
be Specified Outside Real-World Interaction

We argue that existing auditing approaches for defining and quan-
tifying harm presuppose harms are specifiable outside interac-
tion. Many auditing approaches have operationalized potential
harms arising from AI systems through simulated studies. These
simulated evaluations have quantified harms such as stereotyp-
ing [14, 35, 46, 51], unequal treatment [9, 74], or erasure of marginal-
ized groups [93, 100].While these strategies have enabled important
advances in understanding harms from generative AI systems, they
share an assumption that harms can be articulated and evaluated
independently of how systems are experienced in regular use.

Personalized generative AI systems do not produce fixed or
memoryless outputs. Rather, they generate responses dynamically
through interaction, adapting to user behavior and preferences [65,
99] or prior conversational history [42]. As a result, harms cannot
be fully characterized by isolated outputs or one-shot evaluations.
Prior work has shown that such evaluations frequently fail to cap-
ture how systems truly behave in personalized contexts [92]. Con-
sequently, outputs from simulated audits may not correspond to
the harms users actually experience, while significant real-world
harms may remain entirely invisible to evaluators. Recent real-
world incidents illustrate how severe harms can emerge through
prolonged, situated interaction rather than isolated prompts. While
extreme, real world cases such as the generation of CSAM [63] or
suicide [12] demonstrate consequential failure modes that may not
be detectable through standard, static audit paradigms.

Thus, traditional evaluation of generative AI systems, often oc-
curring in simulated, memoryless, or post-hoc audits, are abstracted
from real-world use cases of these systems and its subsequent im-
pact on users. Taken together, this suggests that existing auditing
paradigms may fail to capture harms in personalized generative
AI systems. By defining and evaluating harm outside of real-world
interaction, these frameworks risk overlooking harms that emerge
as systems adapt to users.

3.2 Auditing Approaches Presuppose
Non-Pluralistic Definitions of Harm

Existing auditing approaches can further obscure asymmetries in
how harm is distributed and experienced. Many fairness evalua-
tions operationalize harm at an aggregate group level, commonly
defined by broad demographic categories such as race or gen-
der [71, 74, 84, 103]. However, these groupings to evaluate for harm
implicitly assume that members of a group experience harms in
similar ways. This assumption can mask misaligned, alienating,
or harmful interactions experienced by subsets of users within a
group. Even participatory approaches, aimed at directly understand-
ing harms from groups themselves, can run the risk of obscuring
asymmetries and complexities in how harm is experienced. Criti-
cal scholarship has long cautioned against equating participation
with representation [34, 80]. Processes that elevate a small number

of what may seem like representative voices, as in participatory
design, may obscure internal disagreement, marginalize less pow-
erful members, or reproduce dominant norms that exist within a
community [16, 67, 101]. Prior work has highlighted the challenges
of pluralistic alignment, where generative AI systems overlook hu-
man social diversity between groups [2, 81]; we extend this idea to
within-group diversity and highlight the pitfalls of documenting
harms and preferences at the group level. Importantly, we do not
focus on non-negotiable harms, such as the generation of slurs,
explicit stereotypes, or overtly abusive content, for which there is
broad, normative agreement of what constitutes harm. Instead, we
examine outputs that occupy an ambiguous middle ground, where
framing, assumptions, or normative stance can be interpreted in
fundamentally different ways depending on users’ lived experi-
ences.

Figure 1 illustrates how an example of an output from a per-
sonalized, generative AI system, while not overtly stereotypical
or detectable as harmful in traditional auditing paradigms, can be
interpreted in fundamentally different ways by users sharing a de-
mographic identity. Two users within the same demographic group
may interpret the response in two contrasting ways, each being
rooted in their own lived experience. Psychological studies have doc-
umented this within-group pluralism of what constitutes as harm
or bias [10], such as in the context of cultural appropriation [58].
Furthermore, as illustrated in the figure, additional identities (e.g.
low-income status) can further shape how harm is perceived, ex-
perienced, or intensified. Thus, intersectionality adds another di-
mension of consideration for the multiplicity of interpretation of
what can be determined as harmful: different forms of inequality
manifest from various axes of identity (e.g. race, gender, class), cre-
ating unique experiences of privilege or discrimination [18]. Thus,
trying to understand or audit for harms at broad group categories
risk compounding harm by obscuring how multiple dimensions
of identity and experience shape interpretation and definitions
of harm [15, 16, 19, 67, 90]. Prior work has shown that, due to
the combinatorial explosion of subgroups, measuring intersectional
fairness exhaustively can be intractable [57]. Similarly, enumerating
all plausible interpretations of harm for a given system output may
be impossible; even the type of harm (e.g. racism, sexism, ageism)
should neither be measured or mitigated in the same way [89].

The pluralistic ways users within a group can experience harm is
a problem for current personalization mechanisms in generative AI
systems, which often relies on identity-based proxies in attempts to
personalize to users. For instance, Wang et al. [91] finds that GPT
was more likely to recommend Black Panther to names associated
with Black individuals and Little Women to names associated with
women in personalized contexts, flattening the diversity of pref-
erences of a group into stereotypes. Even if personalized systems
were able to avoid explicit stereotypes, the fact that personaliza-
tion can depend on identity-based proxies showcases how these
systems can inadvertently elevate the preferences of a subset of
users into implicit group standards, erasing the pluralistic ways of
how harm can occur. Allowing for dominant members of groups
to determine what constitutes as harm can lead to its own harms.
Psychological studies have documented cases of lateral violence,
where members of oppressed groups can marginalize members
within the same group [95, 96]. Similarly, qualitative studies have
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Figure 1: We present an example of case where plausible interpretation of a single chat output by two users in the same
demographic group can cause harm to one and not the other. We also consider how intersectionality can affect the harm a
user might experience, where additional identities (e.g. income status) can add new harm dimensions for a user in the same
demographic group.

documented intragroup discrimination, where intersectional iden-
tities can result in harm within the same marginalized group [49].
Consequently, personalized generative systems operate under con-
ditions of structural pluralism, where users who share demographic
identities may nonetheless have legitimate, conflicting expectations
of what constitutes harmful system behavior.

3.3 Auditing Approaches Presuppose Harm as
Static

Furthermore, we argue that many existing auditing approaches fail
to account for how harms can evolve over the course of interaction.
Interpretations of what constitutes as harm may not be static even
for a single individual. Psychology studies have found, for instance,
that situational and dispositional factors can prime individuals
to consider previously ambiguous statements as harmful [6] or
as a microaggression [36]. Even an individual’s level of historical
knowledge affects their ability to perceive harms, such as racism [8].
Thus, it may be plausible, for example, that a user who initially
appreciates culturally specific food recommendations may later
come to experience them as reductive as they learn to recognize
microaggressions, such as how food recommendations can be a
mechanism for stereotyping. Thus, system behavior may shift from
being perceived as helpful to harmful as users continue to evolve.

Traditional end-user auditing mechanisms rarely account for
the interpretive fluidity of harm, treating user preferences and
definitions of harm as stable rather than contextual and longitu-
dinal. Empirical audits of large language models typically rely on
one-off evaluations, such as static benchmark datasets [7], prompt
sets [74], or simulated personas [76], to assess harmful behaviors.
Thus, such audits may fail to capture how harms vary across time,
interaction history, and changing user understanding. Even partic-
ipatory approaches can fall into the trap of treating community-
driven insights as static artifacts, often consulted at design time

and translated into system requirements without long term en-
gagement [34, 85]. Unless evaluation and community connection
continues beyond the creation of the system itself, harms and in-
sights from the community when they put the system to use can
be missed [26, 34, 64].

Thus, in the context of personalized, generative AI, many audit-
ing approaches and even participatory methods may fail to consider
how harm might evolve over time as users themselves change or
build history with personalization. Ultimately, without longitudinal
audits or regular consultation of users or communities, it becomes
difficult to account for how harms evolve as systems adapt, users
change, and contexts shift.

4 Perfect Personalization Doesn’t Close the
Auditing Gap

A natural response to the limitations outlined above might be that
if current personalization mechanisms don’t adequately capture
individual harm, then the solution could be deeper, more accurate
personalization. One might argue that personalized, generative
AI systems could eventually learn what constitutes as harm for a
given user by personalizing based on inferred user discomfort or
past negative signals. In theory, if users interact with personalized
AI systems long enough, it may be able to perfectly capture fluid
preferences and avoid harmful output. However, we argue that
attempting to resolve this issue further personalization with the
current paradigm of personalized generative AI systems leads to
an asymmetry of labor and privacy for users in the minority.

4.1 Asymmetry of Labor
Creating a perfectly personalized, generative AI system for a given
user begs the question of what labor it would take to create such
an experience. Without explicit mechanisms for users to articulate
harm or transparency into whether such articulation shapes future
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behavior, users may be repeatedly exposed to harmful interactions
before a system adapts to them. Prior work has already found that
LLMs often default to outputs that cater towards WEIRD (West-
ern, Educated, Industrialized, Rich, Democratic) perspectives and
values [1, 76]. Thus, users who fall outside of that default would
be more likely to encounter harmful outputs that need to be cor-
rected. This dynamic distributes the labor of correction unevenly:
users whose interpretations align with dominant norms may experi-
ence less friction for creating personalized experiences, while those
whose experiences diverge must repeatedly intervene to correct
system assumptions.

Additionally, even if users were to articulate harms as they oc-
cur, the lack of transparency in current AI systems [98] and the
difficulty for users to steer AI system behavior [87] make it unclear
whether this labor would prevent harms in future outputs. Often,
the goal of AI auditing is technical remediation by AI practitioners
or model developers [56, 70, 73]. However, this consolidates power
in the hands of platforms, who can decide whether to address the
harms users experience and how they should do so. Thus, users
who document harms they experience directly to the AI system
or through traditional auditing mechanisms are not guaranteed to
experience less harm as a result of their labor.

Ultimately, repeated harmful outputs from the system can lead to
reduced trust and adoption among marginalized groups, who have
already been documented as less likely to be AI adopters [105]. This
can ultimately exacerbate digital divides [88] in who benefits from
personalized AI systems, concentrating the advantages of adaptive
systems among users whose interpretations align more closely with
dominant norms. Thus, minoritized users may encounter more
harms and bear disproportionate labor in making their preferences
legible to the system, creating a labor asymmetry.

4.2 Asymmetry of Privacy
In addition to imposing unequal labor burdens, attempts to achieve
perfect personalization in generative AI systems may also create an
asymmetry of privacy. Personalized, generative AI systems often
rely on the collection and retention of user data to adapt system
behavior [45, 48]. However, the amount and sensitivity of informa-
tion required to avoid harms is not evenly distributed across users.
For users whose preferences and interpretations of harm already
align with dominant norms embedded in system defaults, effective
personalization may require little additional disclosure. Their needs
may be more likely to be met by generic system behavior, allowing
them to benefit from the system without explicitly revealing sen-
sitive aspects of their identity, experiences, or values. In contrast,
users whose preferences diverge from these defaults may have to
disclose more information to correct system assumptions. To steer
system behavior away from alienating or harmful outputs, they
may have to reveal information that is more personal, sensitive, or
identity-linked than what is required of users of dominant groups.
Even without explicitly revealing aspects of their identity, person-
alized systems may infer their identity based on their discomfort
or disagreement with system defaults.

Many marginalized communities, especially Indigenous com-
munities, are already concerned about how data collection and
disclosures can become a form of extraction that replicates colonial

histories [59, 82]. This concern, coupled with opaque data practices
from proprietary AI systems [86], can cause marginalized users,
who may already have distrust these technological systems [53], to
avoid these systems entirely, furthering the digital divide of who
uses emergent technologies [88].

Ultimately, users from marginalized groups may be placed in a
position where avoiding harmmay require increased self-disclosure.
This creates a structural privacy asymmetry, where users may have
to choose between tolerating repeated harm or surrendering addi-
tional personal data to achieve desired interactions. Even if users
reveal information about themselves to these systems, they risk
being stereotyped, rather than the system truly aligning with their
preferences. Prior work has described this phenomena as a “per-
sonalization double bind” for marginalized users, where refusing
personalization may expose them to majority-oriented defaults,
while accepting personalization risks stereotyping or overfitting to
group identity [91].

5 Towards Understanding Harm As
User-Centered, Adaptive Processes

Taken together, we argue that harm in personalized generative
AI systems cannot be adequately understood as a fixed property
of model outputs, nor as a quantity that can be fully specified
through existing auditing paradigms. Instead, harms in these sys-
tems emerge through ongoing interaction, shaped by personaliza-
tion, user history, shifting social context, and evolving harm inter-
pretations. As such, we argue that understanding and addressing
harm in personalized generative AI systems requires reconceptu-
alizing understanding harm as a user-centered, adaptive process.
Personalization can amplify the interpretative nature of harm by
exposing users to system behaviors that are indeterminate, context-
dependent, and differentially interpreted. As a result, users should
not merely be recipients of system behavior, but active participants
in defining what constitutes harm for them and how this may shift
over time.

This reconceptualization has implications for how we under-
stand the goals of auditing. Existing auditing paradigms primarily
aim to surface harms for model developers, often in service of down-
stream technical remediation [56, 70, 73]. Users who experience
harm rarely receive immediate feedback or assurance that their
experiences will shape future system behavior. In personalized sys-
tems, where harms arise through interaction itself, auditing that
remains external to user experience risks missing precisely the
harms that are most impactful. We argue that auditing should shift
toward supporting users directly in shaping less harmful interac-
tions, rather than solely producing retrospective assessments for
developers.

5.1 Design Directions
We advocate for system designs that move personalized generative
AI systems away from silently inferring what constitutes harm and
toward infrastructures that support explicit articulation, negotia-
tion, and revision of harm over time. Rather than designers, auditors,
or models unilaterally determining what is harmful for users, sys-
tems should create space for users to express when outputs feel
harmful, reductive, or misaligned, and to do so without assuming
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that harm is stable or universally agreed upon, even within shared
demographic groups.

One possible direction is to embed lightweight, optional mech-
anisms that allow users to indicate moments of harm during in-
teraction and, if they choose, contextualize why a response was
problematic. These signals would not function as ground truth
labels, but as expressions of user interpretation that can directly
shape future interactions. Importantly, this reframes personaliza-
tion not as the system “learning the user,” but as an ongoing process
in which users retain agency over how system behavior adapts.

However, as we outlined in Section 4, relying solely on individual-
level articulation risks reproducing asymmetries of labor, dispro-
portionately burdening users, particularly those from marginal-
ized groups, with the work of identifying and explaining harm.
To mitigate this, individual feedback could be complemented by
community-mediated signals, where users can encounter harm
characterizations articulated by others with shared or adjacent ex-
periences and choose whether they resonate. For example, users
might opt into, reject, or modify shared descriptions of harmful
behaviors, without being required to generate explanations from
scratch.

Crucially, community signals should not be treated as authorita-
tive or homogenizing. Instead, they should make visible disagree-
ment, variation, and internal plurality within groups, resisting the
flattening of identities into normative standards. Users should retain
the ability to refuse personalization altogether, selectively adopt
shared interpretations, or revise prior signals as their understanding
evolves. Across both individual and community layers, participation
must remain voluntary, legible, and non-punitive. Safety should
not be contingent on user labor, nor should avoiding harm require
excessive self-disclosure.

More broadly, these design directions suggest a shift in the pur-
pose of auditing itself: from identifying harms for external remedi-
ation toward enabling infrastructures through which harm can be
expressed and addressed situationally. While these approaches raise
open questions, such as how to balance conflicting signals, prevent
misuse, and avoid reinforcing dominant norms, they underscore the
central idea that understanding harm in personalized generative AI
requires mechanisms for more user control and harm articulation,
not just improved metrics or more granular personalization.

5.2 Limitations and Open Challenges
Our design directions raises several limitations and open challenges.
Surfacing harm at the interaction level requires trust. Users, par-
ticularly those from marginalized communities, may hesitate to
disclose harm in systems operated by large institutions with opaque
data practices or histories of extraction [53]. Harm-reporting mech-
anisms themselves can be misused, ignored, or weaponized, espe-
cially when power remains centralized with platform providers.
Surfacing end-user harms would be most ideal in systems that are
governed by communities themselves. Acknowledging this, we
make recommendations that fit into the current structure of per-
sonalized systems, but advocate for longer term, structural change
that consolidates power towards end-users, not just model devel-
opers. We therefore view these design directions as incremental

steps, rather than a substitute for necessary structural change in
the governance and development of these systems.

Furthermore, treating harm as adaptive complicates evaluation:
pluralism, disagreement, and change over time resist clean mea-
surement and raise difficult questions about accountability and
governance. Technical, pluralistic alignment across different demo-
graphic groups remains an open challenge in AI systems [2, 81],
and pluralistic alignment within groups is therefore a challenge as
well. Our design recommendations do not address these technical
challenges, and rather focus on concrete ways for users to iden-
tify and articulate harms within the constraints of personalized AI
platforms. Ultimately, understanding and preventing harms in per-
sonalized generative AI systems cannot be solved through design
or auditing alone. It requires sustained governance, institutional
reflexivity, and meaningful power-sharing with the communities
most affected by these systems.

6 Conclusion
As generative AI systems become increasingly personalized and
embedded in everyday interaction, prevailing auditing approaches,
static, simulated, and group-aggregated, are ill-suited to capture
the harms users actually experience. We argue that many conse-
quential harms in personalized generative AI systems arise at the
level of interaction, shaped by evolving user history, interpretation,
and preferences, and therefore cannot be fully specified or evalu-
ated outside real-world use. Moreover, attempting to close this gap
through deeper personalization risks imposing asymmetric burdens
of labor and privacy on marginalized users. Taken together, these
challenges motivate a shift from treating harm as a static property
of model outputs to understanding harm as an adaptive, user- and
community-centered process. Recognizing harm as something that
emerges, is contested, and evolves through interaction is essential
for developing auditing and design practices that more faithfully
reflect lived user experience in personalized AI systems.
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