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ABSTRACT

Organizational scholars have long recognized that espoused values diverge from enacted values.
LLM-based Al agents—autonomous software systems capable of perceiving environments,
making decisions, collaborating, and taking actions to achieve defined goals—create a novel
form of this classic problem. Unlike traditional technologies where humans retain interpretive
control, Al agents autonomously navigate value trade-offs, and enacted values may differ from
those espoused. How does the interaction of humans and Al transform espoused organizational
values? Drawing on assemblage theory, we trace values transformation across three stacked
assemblages (the LLM assemblage, the Al agent assemblage, and the algorithmic routine
assemblage) through three transformation moments. During configuration, inherited orientations
become explicit parameters; during embedding, parameters are integrated into organizational
routines; during performance, values are enacted through the interplay of algorithmic pathways
and improvised responses. Recursive feedback connects enacted outcomes to subsequent
configurations, producing ongoing transformation rather than stable alignment. Our framework
extends scholarship on espoused and enacted values by specifying technologically mediated
transformation mechanisms produced through the interaction of humans and Al. We also extend
research on values work by showing how Al agents enact values without recognizing when those
values no longer fit, leaving human improvisation to diagnose where value translation has

faltered.



Organizations are increasingly adopting Al agents: autonomous software systems capable of
perceiving environments, making decisions, collaborating, and taking actions to achieve defined
goals (Humberd & Latham, 2025; Sapkota et al., 2025; see also Wooldridge & Jennings, 1995).
Advances in large language models (LLMs)! have accelerated this turn, enabling these agents to
move past straightforward execution of predefined rules toward interpreting context and taking
independent action (Luo et al., 2025). Such autonomy creates a distinctive organizational
challenge. Organizations design Al agents to represent particular values (Folstad et al., 2018),
but the agents must autonomously prioritize competing concerns such as responsiveness versus
accuracy, efficiency versus fairness, and automation versus human oversight.

The gap between organizations’ espoused values and enacted values is a long-recognized
organizational problem (Argyris & Schon, 1974; Howell et al., 2012; Schein, 2010), one that Al
agents now recast in novel, more challenging, form. The Air Canada chatbot case illustrates
these higher stakes. When the company’s Al agent prioritized efficiency over policy accuracy by
incorrectly promising refunds, the resulting legal liability exposed how the values espoused in
the system configuration diverged sharply from the values the Al agent enacted in practice
(Moffatt v. Air Canada, 2024). Unlike backend algorithms, where such divergence may remain
invisible, Al agents interact directly with clients, employees, and citizens, making the gap
between espoused and enacted values immediately observable and consequential (Wallach &

Allen, 2009). This distinctive positioning of Al agents as both bearers of organizational values

! Large language models (LLMs) are artificial intelligence systems based on transformer neural network
architectures, trained on extensive text corpora to predict and generate human-like language. Through this training
process, LLMs develop emergent capabilities such as reasoning, summarization, and contextual interpretation that
arise from scale rather than explicit programming (Zhao et al., 2023). Examples include OpenAI’s GPT-4,
Anthropic’s Claude, and Meta’s Llama. For an accessible introduction, see Stanford University’s "Al Demystified:
Introduction to Large Language Models" (https://uit.stanford.edu/service/techtraining/ai-demystified/llm); for
organizational applications and the Al technology stack, see Hosanagar & Krishnan (2024); for technical
foundations, see Bommasani et al. (2022).



and autonomous decision-makers exposes a fundamental theoretical puzzle: How does the
interaction of humans and Al transform espoused organizational values?

Two streams of scholarship address pieces of this question. Technical Al research treats
values as parameters to be specified and optimized, translating abstract normative commitments
into computational form. Approaches such as values-sensitive design integrate moral
considerations with empirical investigation through iterative, stakeholder-centered processes
(Friedman & Hendry, 2019; Shneiderman, 2022), and other frameworks emphasize participatory
design, responsible innovation, or ethics-by-design principles (e.g., Stilgoe et al., 2013). At the
algorithmic level, training-time alignment techniques like constitutional Al and reinforcement
learning from human feedback (RLHF) attempt to translate human values into learnable
parameters (Bai et al., 2022; Christiano et al., 2017), while operational safeguards such as
prompt-layer guardrails filter outputs during use (Dong et al., 2024). When tensions arise
between accuracy and efficiency or fairness and utility, this perspective proposes systematic
solutions such as multi-objective optimization (La Cava, 2023), bias mitigation techniques
(Mehrabi et al., 2022), or governance interventions spanning software engineering practices,
organizational safety cultures, and independent oversight (Rahwan, 2018; Shneiderman, 2022).
These approaches show how values are espoused through technical parameters during
configuration, but they focus on the initial moment of espousal, leaving open what happens when
Al agents subsequently encounter organizational life (Teodorescu et al., 2021).

Management research offers a distinct perspective that shifts focus from encoding values
during the design process to the ongoing enactment of values in organizational life. Scholars
have long understood values as enduring beliefs that guide action (Kraatz et al., 2020; Kraatz &

Flores, 2015; Rokeach, 1973; Schwartz, 1992; Selznick, 1957), and contemporary theory shows



how they emerge through sociotechnical configurations in which human and material elements
are deeply entangled (Gehman et al., 2013). Although designers may inscribe particular values
into Al systems through technical choices (Akrich, 1992; Glaser, 2017; Monteiro, 2022), these
inscriptions never fully determine outcomes; instead, values take shape in use through the
dynamic interplay between these technical choices and evolving organizational practices
(Orlikowski & Scott, 2008). In this process, human and technological elements enact conjoined
agency (Murray et al., 2021), navigating tensions between automation and augmentation (Raisch
& Krakowski, 2021; Raisch & Fomina, 2025) in ways that continually reshape how values are
prioritized. This view foregrounds values work, the ongoing process whereby organizational
members articulate, negotiate, and perform what is considered appropriate (Gehman et al., 2013),
and helps explain why espoused values frequently diverge from enacted values (Argyris &
Schon, 1974; Bourne & Jenkins, 2013). Yet this perspective developed primarily through the
study of systems in which humans retained interpretive control, leaving open how the espoused-
enacted values gap is produced when autonomous agents mediate the translation.

Neither perspective fully addresses how espoused values become enacted values when
they pass through the multiple interconnected levels of Al agent systems. As these systems grow
more autonomous, adaptive, and opaque (Anthony et al., 2023; Faraj et al., 2018), three features
make this question distinctive. First, encoding values into algorithms and enacting values in
organizational practice are typically theorized in isolation, yet values transformation occurs
precisely at the interfaces where these processes meet. Second, technical approaches treat values
as parameters to be encoded, while management approaches reveal them as emergent properties
of sociotechnical configurations, leaving unexamined the transformation moments where

espoused values are reprioritized as they move toward enactment. Third, both perspectives



assume relatively linear trajectories from design to deployment, overlooking how enacted values
shape subsequent configurations. The inherent opacity of Al systems compounds this challenge
(Burrell, 2016), as human actors cannot fully trace how values manifest and evolve through
cycles of use. The divergence between espoused and enacted values is thus increasingly
technologically mediated rather than arising solely through human cognition or cultural
dynamics.

We address these limitations by drawing on assemblage theory to trace how
organizational values transform across the layered sociotechnical configurations through which
Al agents are designed, deployed, and enacted. Assemblage theory treats social phenomena as
dynamic constellations of heterogeneous elements whose properties emerge from relations
among components (DeLanda, 2006, 2016; Deleuze & Guattari, 1987). These configurations
form, cohere, and reconfigure as constituent relations shift, with human and nonhuman
components sharing agency (Murray et al., 2021) and stability emerging through continuous
adjustment across multiple scales. Applying an axiological lens that attends to the nature and
ordering of values within sociotechnical systems, we identify three stacked assemblages that map
onto the transformation from espoused to enacted values. In the LLM assemblage, value
orientations are inherited from training data; in the Al agent assemblage, human actors espouse
values through configuration choices; and in the algorithmic routine assemblage, enacted values
emerge through situated performance. Across these three assemblages, our process model
identifies three critical moments of values transformation (Glaser et al., 2021). During the
configuration moment, technical and organizational leaders espouse values by translating
inherited orientations into explicit priorities, negotiating tensions between information sources

and system capabilities. During the embedding moment, managers and designers distribute



decision-making authority by reconfiguring success criteria and choreographing action patterns
within algorithmic routines, introducing potential gaps between espoused intentions and
operational parameters. During the performance moment, enacted values emerge through the
interplay of algorithmic pathways and improvised responses, revealing whether espoused values
hold or transform, generating outcomes that influence subsequent configurations. In tracing this
transformation, we extend scholarship on espoused and enacted values (Argyris & Schon, 1974;
Bourne & Jenkins, 2013; Schein, 2010) by specifying the technologically mediated mechanisms
that produce divergence at these interfaces, and we extend research on values work (Gehman et
al., 2013; Kraatz et al., 2020) by showing how Al agents enact values without recognizing when
those values no longer fit, leaving human improvisation to diagnose where value translation has
faltered.

AI AGENTS AND THE CHALLENGE OF PRIORITIZING VALUES

Understanding how espoused values become enacted values requires attention to multiple
moments in the values transformation process. In Al agent systems, this transformation unfolds
across technical configurations and organizational practices, yet unlike traditional systems, the
mechanisms remain largely opaque (Burrell, 2016). Scholars have examined these moments in
isolation, with one stream focusing on values as articulated through system design and another
on values as enacted in practice. Each offers a partial view. The sections that follow introduce
these perspectives as grounding for our integrative approach.

Technical Approaches to Al Values Prioritization

Technical Al research illuminates the espousal moment, when values are formally
articulated through system design. Values espousal is conceptualized as a problem of
specification and optimization, the translation of abstract normative commitments into

computational parameters that guide system behavior. Drawing on a philosophical tradition that



treats ethics as rule systems or utility functions, this work assumes that competing values can be
ordered, weighted, or otherwise resolved through appropriate design choices (Friedman &
Hendry, 2019; Wallach & Allen, 2009). From this vantage point, Al agents are treated as
systems where values are prioritized upstream through objective functions, training procedures,
and architectural constraints that produce desired behavioral patterns (Christian, 2020; Zhao et
al., 2023). Accordingly, Al researchers and engineers have developed increasingly sophisticated
methods for encoding values prioritization, including constitutional Al frameworks that
formalize values hierarchies (Bai et al., 2022) and RLHF systems that learn preference orderings
from human feedback (Christiano et al., 2017). These approaches have yielded meaningful
improvements in Al behavior, from reducing harmful outputs to improving helpfulness and
honesty (Askell et al., 2021).

These advances rest on three assumptions that characterize the espousal moment. First,
values are treated as decomposable into constituent elements that can be independently specified
and weighted. This assumption is evident in multi-objective optimization frameworks that assign
numerical weights to different values like fairness, accuracy, or efficiency (Gabriel, 2020;
Mehrabi et al., 2022). Second, during configuration, technical teams and organizational leaders
treat values prioritization as something algorithms can definitively compute by ordering
principles in a fixed hierarchy, using training models to learn preferences through rewards, or
using human demonstrations to infer which values matter most (Christiano et al., 2017; Ouyang
et al., 2022). Third, temporal dynamics of values are reduced to alignment stability, i.e.,
maintaining consistency between specified priorities and system behavior over time (Hendrycks
et al., 2020), rather than anticipating that priorities might legitimately evolve.

Technical approaches thus reveal how technical teams and organizational leaders espouse



values through Al agent design, a key contribution for understanding the espousal moment.
These methods have enabled increasingly sophisticated ways of encoding values, from broad
design frameworks to specific algorithmic interventions and yet they fail to address how values
are transformed when Al agents encounter organizational life. Scholars have long recognized
that the values actors espouse and the values they enact frequently diverge (e.g., Argyris &
Schon, 1974; Schein, 2010) and that gaps emerge through defensive routines, cultural dynamics,
and structural tensions (Bourne & Jenkins, 2013). The question thus becomes how this
divergence unfolds when autonomous Al agents, rather than human actors, mediate the
transformation.

Organizational Perspectives on Values Enactment

Rather than treating values as parameters to be specified, organizational scholars have
traditionally viewed values as enduring, internalized beliefs that guide behavior and inform
decision-making (Rokeach, 1973; Schwartz, 1992; Selznick, 1957). Classical accounts frame
values as coherent, hierarchical systems, with terminal values reflecting desired end states and
instrumental values specifying appropriate means (Rokeach, 1973). From this perspective, values
are deliberately instilled by leaders and institutionalized within organizational structures to
preserve identity and stability, particularly under conditions of uncertainty and change (Kraatz &
Flores, 2015; Schein, 2010; Selznick, 1957).

Subsequent research complicates this view by showing that organizational values take
multiple, often misaligned forms. Values may be formally espoused by leaders, attributed by
members based on observed behavior, enacted through everyday practice, or articulated as
aspirational ideals (Bourne & Jenkins, 2013). Gaps between these forms are often the norm and

arise through defensive routines that deflect incongruity (Argyris & Schon, 1974), cultural



dynamics where underlying assumptions diverge from stated beliefs (Schein, 2010), and
structural tensions among competing organizational demands (Kraatz & Block, 2008), with
substantive implications for organizational outcomes, such as employee commitment (Howell et
al., 2012).

Values work research advances this understanding by reframing values as ongoing
accomplishments that are performed rather than simply possessed. From this processual
perspective, values emerge through iterative practices of articulation, negotiation, and
performance as competing priorities are continuously reconciled in practice (Gehman et al.,
2013). What counts as normatively appropriate thus unfolds over time rather than being settled
through one-time declarations (Espedal & Carlsen, 2024; van Bommel et al., 2023). Yet this
literature has focused primarily on episodes of explicit reflection, such as strategic planning
sessions, crisis responses, or moments when values become contested (Kraatz et al., 2020),
whereas the enactment of values through routinized, taken-for-granted decisions remains less
visible (Feldman & Pentland, 2003; Gehman et al., 2013). This limitation becomes especially
consequential as managers increasingly delegate such decisions to autonomous Al agents that
enact values continuously and at scale.

Capturing values enactment in such settings requires shifting analytic attention from
episodic reflection to the sociotechnical conditions through which everyday action is
accomplished. Research in sociomateriality addresses this task by foregrounding how values
emerge through entangled configurations of people, technologies, and practices (Glaser et al.,
2021; Orlikowski & Scott, 2008). Rather than being neutral tools, technologies are inscribed with
particular values through design choices and material configurations (Akrich, 1992; Bailey &

Barley, 2020; Glaser, 2017). These inscriptions interact with organizational contexts to reinforce,



displace, or reorder existing priorities. Digital technologies embed values of efficiency,
transparency, and behavioral regularity that generate new institutional pressures (Hinings et al.,
2018; Kallinikos et al., 2013). Yet this perspective was developed primarily by studying systems
where humans retained decision rights and could trace how values manifest, as opposed to
systems where autonomous agents make independent choices with immediate organizational
consequences (Wallach & Allen, 2009).

Toward an Assemblage Perspective on Al Values Prioritization

Neither technical perspectives, which foreground values espousal, nor organizational
perspectives, which foreground values enactment, fully explain values transformation in Al
agent systems. This limitation is pronounced because Al agents’ layered architecture, from base
models through application interfaces to organizational routines, introduces multiple
transformation points that existing frameworks miss (Hosanagar & Krishnan, 2024).
Compounding the difficulty, the opacity of these systems leaves the points at which values shift
largely invisible to human actors, particularly when Al agents autonomously respond to novel
situations (Burrell, 2016; Faraj et al., 2018). Understanding this transformation requires
conceptual frameworks that can follow values across the interfaces where technical configuration
meets organizational practice. Assemblage theory offers such resources.

To understand how values are prioritized in Al agent systems, we treat values as
performed in practice and continuously shaped through interactions among human and
nonhuman, material and symbolic components (DeLanda, 2006, 2016; Deleuze & Guattari,
1987). This relational and processual ontology enables us to explain how values are continually
reshaped through the interplay of organizational practices, technical artifacts, and human action.

Four core principles of assemblage theory provide analytical resources for tracing how



espoused values transform as they move toward enactment: emergence, distributed agency,
dynamic stabilization, and multi-scalar organization. First, the principle of emergence shifts
attention from where values originate to how they are shaped through interactions. Properties of
assemblages cannot be reduced to those of their parts; instead, they arise from the relations and
interactions between components (DeLanda, 2006). For Al agents, this principle explains how
inherited model orientations, user interactions, and organizational routines combine to shape how
values are prioritized in practice, and why enacted values may diverge from those initially
espoused through configuration.

Second, the principle of distributed agency reconceptualizes how values prioritization
unfolds in Al systems. Assemblage theory holds that agency arises from the capacities
components develop through their interrelations (DeLanda, 2016), recasting values work as a
product of collective, often unintended configurations rather than as a process driven solely by
human actors using tools (Gehman et al., 2022; Glaser et al., 2024). From this perspective, Al
agents participate in reprioritizing values as sociotechnical elements whose technical orientations
entangle with human goals in unpredictable and evolving ways (Murray et al., 2021; Raisch &
Fomina, 2025). Espoused values therefore rarely remain intact through enactment, because
distributed agency, which spans organizational leaders’ configurations, Al agents’
interpretations, and the routines that operationalize outputs, shapes values prioritization.

Third, the principle of dynamic stabilization illuminates how assemblages cohere through
ongoing movement rather than fixed states. Territorialization and deterritorialization, processes
through which relations consolidate or shift (DeLanda, 2006; Deleuze & Guattari, 1987), operate
in tandem to continuously reconfigure Al systems. Territorialization brings temporary order by

strengthening the salience and structure of prioritized values, whereas deterritorialization
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unsettles that order through modifications, misalignments, or contextual shifts. In practice, an Al
agent may consistently foreground values such as efficiency, but that consistency is maintained
through ongoing micro-adjustments such as new prompts, user interactions, and changing
environments. What appears stable is, in fact, stabilized by forces that are always in motion,
shedding light on how values evolve through situated and often imperceptible adjustments rather
than bounded episodes of explicit reflection, and why the gap between espoused and enacted
values may widen or narrow over time without deliberate intervention.

Fourth, the principle of multi-scalar organization reveals how values operate across
different levels of analysis. Assemblages exist at multiple scales, from macro to micro, with each
scale exhibiting relative autonomy while participating in larger configurations (DeLanda, 2016).
This principle is central to understanding how espoused values become enacted values: values
transform as they move among the technical substrate of language models, the configured
parameters of Al agents, and the situated practices of organizational routines. Assemblage theory
thus provides analytical tools for understanding how external factors such as regulatory
demands, competitive pressures, or stakeholder expectations shape the prioritization of values by
becoming constitutive elements within an assemblage.

By reconceptualizing Al agents through an assemblage lens, we can trace how values
transformation emerges across the interfaces where espousal meets enactment. Our research
question, which asks how the interaction of humans and Al transforms espoused organizational
values, directs attention to the evolving configurations through which values are prioritized,
stabilized, and transformed. This theoretical foundation provides the basis for a process model
that identifies specific mechanisms through which these four principles manifest in Al

implementation. In the next section, we develop this model by examining three stacked
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assemblages (the LLM, the Al agent, and the algorithmic routine) and three transformation
moments (configuration, embedding, and performance) at the interfaces of these assemblages.
The Three Stacked Assemblages: Distinct Sites of Values Prioritization

We begin by examining the structural foundation of our model: three assemblages
constituting distinct sites where values are prioritized and emerge. Each assemblage exhibits
relative autonomy with its own internal logic, actors, and mechanisms (DeLanda, 2006), while
remaining connected to others through specific interfaces (Henfridsson & Bygstad, 2013; Tilson
et al., 2010). Together, they map the transformation from espoused to enacted values, which we
trace through each assemblage in turn.

In the LLM assemblage, general-purpose Al system performance is determined by neural
network architecture and the quantity and quality of training data (Hosanagar & Krishnan, 2024).
Building LLMs such as GPT-5, Claude, or Llama requires massive computational infrastructure
and datasets. Because only a handful of organizations possess the resources to build them from
scratch, most organizations fine-tune or adapt existing models for their specific applications. The
LLM assemblage comprises the model architecture, such as transformer networks with attention
mechanisms; training data, including text corpora that encode human knowledge and biases;
optimization procedures involving pre-training objectives and techniques; and emergent
capabilities arising from scale rather than explicit programming (Zhao et al., 2023). This
assemblage is theoretically necessary because LLMs carry pre-existing value orientations such as
patterns of reasoning, response styles, and implicit biases that cannot be fully controlled through
downstream configuration (Bommasani et al., 2022).

The Al agent assemblage centers on autonomous software systems capable of perceiving

environments, making decisions, and taking actions to achieve defined goals (Sapkota et al.,
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2025). Leveraging techniques such as retrieval-augmented generation (RAG) and fine-tuning
(Hosanagar & Krishnan, 2024), these systems transform general-purpose LLMs into semi-
autonomous agents that can maintain goals and execute decisions with varying degrees of human
oversight of specific organizational tasks. The Al agent assemblage includes system prompts that
define agent behavior; alignment mechanisms that shape outputs toward desired goals; memory
systems that use retrieval architectures for context and learning; planning modules that support
multi-step reasoning; and tool integrations that connect the agent to databases, APIs, and other
external systems (Luo et al., 2025). This assemblage is theoretically necessary, as it represents
the primary site where technical and organizational leaders espouse organizational values and
where they translate general language abilities into targeted organizational functions that can
autonomously interact, collaborate, and make decisions within defined parameters.

The algorithmic routine assemblage comprises “sociomaterial assemblages of actors,
artifacts, theories, and actions that utilize algorithms to perform repetitive, recognizable patterns
of interdependent actions” (Omidvar et al., 2023, p. 314). These organizational processes embed
Al agents in work practices, from customer service interactions to medical diagnoses to financial
decisions. The algorithmic routine assemblage encompasses governance structures that define Al
authority and accountability (Hillebrand et al., 2025; Murray et al., 2021); human-in-the-loop
workflows that establish touchpoints for oversight and intervention (Lebovitz et al., 2022);
evaluation frameworks that assess performance through metrics and methods (Faraj et al., 2018;
Glaser, 2017); integration patterns that connect Al to existing technical and organizational
systems (Bailey & Barley, 2020; Leonardi, 2011); and the situated practices of humans working
alongside Al agents (Suchman, 2007). This assemblage is theoretically necessary because it

locates enacted values in use by capturing how configured Al agents operate in organizational
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contexts where technical capabilities intersect with social processes, institutional constraints, and
practical contingencies, and where their behavior reveals which values are prioritized.

Together, these three stacked assemblages provide the structural foundation for
understanding how espoused values become enacted values that potentially diverge. The LLM
assemblage represents inherited capabilities that precede organizational decisions, the Al agent
assemblage represents the espousal moment where technical teams and organizational leaders
configure value priorities, and the algorithmic routine assemblage represents the enactment
moment where values emerge through situated practice. We now turn to the transformation
moments at the interfaces between assemblages where values actively shift.

A PROCESS MODEL OF VALUES TRANSFORMATION IN AI AGENT
ASSEMBLAGES

Our process model shows how espoused values become enacted values that may diverge
as organizational goals and values are translated across three stacked assemblages.
Organizational goals are the concrete objectives an organization configures an agent to pursue,
and they carry value commitments. By specifying what an agent should accomplish, leaders
inscribe priorities about what matters when concerns compete. Goals thus enter the process as
carriers of espoused values, and our model traces how the priorities they encode are reworked
into enacted values through the agent’s situated pursuit of those goals. Building on prior work
that identifies biographical moments as critical junctures where sociotechnical arrangements
undergo fundamental shifts (Glaser et al., 2021; Pollock & Williams, 2009), we conceptualize
transformation moments as zones of intensive translation occurring at assemblage interfaces.
Table 1 summarizes each assemblage’s key characteristics, including its distinct axiological
character, the forms taken by espoused and enacted values, and the human and Al agency

involved. Across the three moments—configuration, embedding, and performance—values can
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be reshaped without explicit organizational awareness or intention. Leaders espouse values
through configuration choices; Al agents enact values through situated performance; and gaps
may emerge through the translation processes at each interface. Figure 1 maps this path from
organizational goals through the three assemblages to enacted values, with the values that goals
carry reworked within each assemblage and across the transformations at their interfaces. Each
transformation moment makes particular assemblage-theoretic principles visible, in which
emergence and multi-scalar organization are most legible at the configuration interface,
distributed agency at the embedding interface, and dynamic stabilization at the performance

interface.

The Configuration Moment: From Inherited Orientations to Explicit Configurations

The configuration moment captures the transformation at the interface between an LLM’s
inherited values and an Al agent’s explicit parameters. Here technical and organizational teams
espouse organizational values through technical design choices that translate the LLM
assemblage’s axiological substrate into organizationally aligned agent behaviors across three
simultaneous and interconnected processes: prioritizing information sources, articulating value
parameters, and calibrating system capabilities. What is espoused through these processes may
diverge from what Al agents ultimately enact.

As a starting point, we must recognize that the LLM assemblage enters this interface with
its own inherited value orientations. An LLM has an axiological substrate comprised of a
foundational value orientation based on its architecture, training, and optimization which
organizations rarely choose. For instance, the transformer architecture privileges statistical

pattern matching over logical reasoning (Vaswani et al., 2017), creating an inherent bias toward
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typicality and efficiency (Bender et al., 2021); training on massive text corpora encodes
dominant worldviews while marginalizing minority perspectives (Dodge et al., 2021); and
optimization for next-token prediction rewards plausibility over truth (Bommasani et al., 2022).
These technical choices create tendencies toward common patterns over edge cases, fluency over
accuracy, and statistical regularity over contextual nuance that configuration must actively
negotiate.

Transforming these inherited orientations into semi-autonomous Al agents requires
leaders to build cognitive architectures that enable purposeful action: persistent memory systems
that maintain context across interactions, planning modules that decompose goals into executable
steps, and tool integrations that connect language capabilities to organizational systems (Luo et
al., 2025). Building these architectures transforms the system’s relationship with values, shifting
from passive text generation shaped by statistical pattern recognition to active Al agent decision-
making that prioritizes situated concerns. The configuration moment thus marks a key interface
where the LLM assemblage’s axiological substrate meets organizational requirements, surfacing
tensions that are negotiated through three interrelated processes.

Prioritizing information sources. This process establishes epistemic hierarchies that
selectively counteract the LLM’s inherited biases and knowledge limitations. By specifying
which knowledge sources matter, leaders espouse epistemic values, declaring what the
organization considers authoritative and trustworthy. Through techniques such as RAG (Gao et
al., 2024), organizations integrate external databases, documents, and APIs with model outputs,
fundamentally transforming how organizations produce knowledge (Alaimo & Kallinikos, 2024)
by expanding beyond domain-specific expertise to standardized data which can traverse

previously distinct boundaries. Rather than relying on professional judgment and community-
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based classifications, RAG systems construct new forms of understanding by aggregating data
that can be leveraged without cultural knowledge (Alaimo & Kallinikos, 2021). Information
sources become part of a technological apparatus that reconstructs the categories through which
organizations understand and act on their environments (Bowker & Star, 2000).

Extending beyond information retrieval, these epistemic implications encompass how
organizations establish the legitimacy and authority of different knowledge sources (Saifer &
Dacin, 2022). Information sources carry implicit claims to objectivity and comprehensiveness
that shape organizational perceptions, regardless of actual content quality, accelerating the shift
from an internally-generated to an externally-mediated organizational understanding (Alaimo &
Kallinikos, 2022). As Al agents draw on external data sources, they create what resembles a
transactive memory system where organizational knowledge becomes distributed across human
experts, databases, and algorithmic processes (Lewis et al., 2005). Technical parameters of the
RAG system (e.g., similarity thresholds, embedding models, reranking algorithms) create new
boundaries that determine what becomes visible and what remains invisible (Gao et al., 2024).
These technical choices are themselves value statements. Leaders who configure tight similarity
thresholds espouse precision over recall, while those who weight recent documents more heavily
espouse currency over comprehensiveness.

Yet this process generates inherent tensions between the LLM’s statistical reasoning and
the structured constraints of organizational information. The model’s orientation toward
plausible patterns conflicts with the specificity of retrieved data, creating challenges in
maintaining coherence across diverse knowledge sources. For instance, when configuring a
customer service chatbot, privileging internal documentation can yield responses that feel

scripted or unnatural to users, whereas prioritizing external sources can dilute organizational
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identity and expertise. This tension surfaced in the aforementioned Air Canada chatbot incident
(Moffatt v. Air Canada, 2024), where the LLM generated a plausible inference about refunds that
conflicted with the constraints of its bereavement policy. Values espoused by leaders in the
information source configuration diverged from the values enacted by the Al agent through
statistical pattern matching. At this interface, leaders negotiate among knowledge sources that
operate at multiple scales: the LLM’s training corpus encodes broad statistical patterns across
vast text, organizationally curated documents carry institutional specificity, and live external
feeds provide temporal currency. The epistemic hierarchy that results depends on how these
scales are connected and weighted. Configuration choices that appear purely technical, such as
similarity thresholds or document recency weightings, are in practice decisions about which
scales of knowledge the organization treats as authoritative, and therefore about which values the
Al agent will enact.

Articulating value parameters. This process transforms abstract organizational
commitments into concrete behavioral instructions that can interface with the LLM’s pattern-
matching capabilities. This is the core espousing act, where leaders translate “what we stand for”
into explicit configuration. System prompts can help Al agents establish persistent identities,
goals, and behavioral policies across extended interactions (Luo et al., 2025). Al agents must
anticipate chains of decisions and behave coherently across multi-step sequences, requiring
leaders to decompose high-level values such as fairness, transparency, or customer focus into
patterns Al agents can recognize and reproduce (Sapkota et al., 2025). Undergirding this
technical work is commensuration, whereby organizational members render qualitative
differences comparable by translating them into metrics, thereby reconfiguring relations among

previously distinct entities (Espeland & Stevens, 1998).
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The articulation process reveals how leaders craft a calculative infrastructure to make
values amenable to algorithmic processing (Cabantous et al., 2010). This involves “quantifying
parameters via subjective assessment” (Glaser, 2017: 2133), whereby contextual understandings
and ethical judgments are converted into numerical representations that can be embedded in
software. Consequently, organizational actors must create calculative spaces where commitments
to values can be quantified and compared, possibly at the expense of values that are difficult to
calculate (Espeland, 2001). Values like empathy, creativity, or cultural sensitivity may evade
standardized metrics used in prompt engineering, leaving them difficult to represent within the
Al agent’s operational programming. For instance, when Google and the Wikimedia Foundation
developed Perspective API to detect toxic comments, technical team members had to translate
the abstract value of respectful discourse into specific toxicity scores (Gorwa et al., 2020). The
APT’s training process required decomposing concepts like hate speech, harassment, and
personal attacks into numerical predictions, leading to problematic outcomes such as toxicity
scores of 63% for “Arabs” but just 3% for “I love fiihrer” (Gorwa et al., 2020, p. 10). This case
underscores how translating nuanced cultural judgments into computational parameters can
distort value representations while encoding and amplifying existing biases, thereby reshaping
what counts as “toxic” or “respectful” within algorithmic infrastructures. The value enacted by
the system diverged significantly from the value of protecting civil discourse espoused by
engineers, ultimately marginalizing the very communities it was designed to protect.

Indeed, making values calculable generates profound effects beyond the technical artifact
itself. When organizations translate “customer satisfaction” into response time metrics, or
“fairness” into demographic parity statistics, they fundamentally alter what these values mean in

practice (Lindebaum et al., 2024). The values leaders espouse through these translations can
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diverge from what the Al agent enacts because commensuration privileges what can be specified
and monitored over more holistic, contextual meanings. As prompts are iteratively refined, latent
tensions between incommensurable values often become harder to ignore. At the same time, the
LLM’s probabilistic outputs introduce variability even under identical inputs, requiring
stakeholders to devise strategies to navigate and contain it. Through this process, values
articulation becomes a form of organizational learning that may reshape both the Al agent and
the organization’s understanding of which values can be preserved, which values must be
reformulated, and which values are most likely to be lost in translation. The value priorities an
Al agent enacts are an emergent property of the interaction among configured prompts, the
LLM’s pattern-matching tendencies, and the contexts in which the agent operates, becoming
legible through use.

Calibrating system capabilities. This process involves determining which computational
functions and external integrations (e.g., tools, API connections, interface designs) to build into
an Al agent’s technical architecture, thereby transforming an LLM’s expansive potential into
specific technical functionalities (Schick et al., 2023). Technical and organizational teams must
collectively decide which technical capabilities to expose (database queries, code execution,
external API calls), which systems to connect (CRM platforms, knowledge bases, analytics
engines), and how to structure data flows between components (Mialon et al., 2023). This
technical configuration presents a fundamental programming challenge: converting
organizational routines and practices into discrete, executable components that can be invoked
by the Al agent (Glaser, 2017). The abstraction process forces teams to decompose their work
practices into fundamental elements that can be inscribed into the Al agent’s operational

repertoire. This mirrors how organizations historically codified tacit knowledge into standard
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operating procedures, but with a key difference: LLM-based Al agents can recombine
programmed capabilities in novel ways, creating emergent behaviors that transcend their
constituent parts (Berti et al., 2025). Thus, leaders must identify both individual functions and
their technical interdependencies, closely examining which capabilities enable others, which
combinations create computational risks, and which sequences require data validation protocols.
This decomposition reveals the sociomaterial nature of organizational routines, where technical
functions embody organizational knowledge through code, APIs, and data structures (Orlikowski
& Scott, 2008). The calibration process thus becomes an exercise in technical system design that
determines which organizational capabilities can be effectively translated into algorithmic
functions (Glaser, 2017). Each capability decision is itself a value statement, where enabling
autonomous action espouses efficiency and speed, and where requiring human approval espouses
oversight and deliberation (Raisch & Fomina, 2025).

Building technical capabilities through calibration creates a computational infrastructure
that shapes what the Al agent can perceive and manipulate in its environment (Raisch &
Krakowski, 2021). Technical choices determine the Al agent’s action space, as when connecting
to financial systems enables transaction processing, integrating with communication platforms
allows message distribution, or accessing analytical tools permits data transformation. Each
integration expands the Al agent’s potential impact while introducing new technical
dependencies and failure modes. For example, Replika, a commercial companion chatbot
designed to offer emotional support and personalized conversation, illustrates how calibrating
capabilities reshapes both technical architecture and values enactment (Ciriello et al., 2024). In
response to regulatory pressure from the Italian Data Protection Authority in 2023, Replika

recalibrated its system by removing sexually explicit capabilities, implementing age verification
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gates, and adding content filters. Eliminating certain feature flags and inserting new guardrails
fundamentally altered what the Al agent could perceive and do. Users reported distress as their
Al companions became “cold as ice overnight,” revealing how calibrating capabilities involves
the active transformation of values associated with competing commitments like user autonomy
and safety protections (Ciriello et al., 2024, p. 493). The values Replika’s engineers initially
espoused, intimate companionship and emotional connection, were reconfigured under
regulatory pressure to espouse child safety and content moderation. This case reveals that
espoused values are not fixed during the initial configuration, but can be reshaped by external
forces.

Initial calibrations, often guided by technical feasibility and security assessments,
frequently focus on replicating existing digital workflows without fully considering the
transformative potential of novel capability combinations. As leaders observe how agents utilize
their technical toolkits, they engage in ongoing technical refinement by adding new API
endpoints as use cases emerge, optimizing data schemas for Al agent processing, or
implementing caching layers when performance bottlenecks appear. Over time, this dynamic
calibration process becomes a central mechanism driving the development of increasingly
sophisticated technical architectures, revealing that the Al agent’s functional capabilities are not
predetermined by the LLM, but constructed through technical choices at the interface of these
two assemblages. What managers espouse through capability choices shapes what values Al
agents can enact, but the translation from capability to behavior introduces further possibilities
for divergence.

The Embedding Moment: From Explicit Configurations to Operational Realities

The embedding moment occurs when configured parameters of the Al agent encounter
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organizational routines, initiating three simultaneous processes: choreographing action patterns,
distributing decision-making authority, and defining success criteria. This is where espoused
values meet organizational routines that have their own enacted histories. Collectively, these
processes embed the Al agent assemblage’s explicit value specifications into the algorithmic
routine assemblage’s structured practices. Organizational routines carry their own axiological
infrastructure where durable value orientations are materialized through repeated performances
and become embedded in organizational contexts (Feldman & Pentland, 2003; Howard-
Grenville, 2005). For example, in customer service routines significant variations in seemingly
standardized scripts reflect ongoing negotiations between efficiency and customization (Pentland
& Rueter, 1994). Journalistic routines balance editorial judgment against audience engagement
through practices that prioritize professional values and metric-driven imperatives (Christin,
2020). Policing routines embed assumptions about risk and criminality through patrol patterns
and investigative protocols that shape where officers look and what they see as suspicious
(Brayne, 2017). Routines maintain consistency while adapting to changing demands by
continuously prioritizing competing values (Salvato & Rerup, 2018; Turner & Rindova, 2012).
The configured Al agent brings its own explicit value parameters, such as response styles
optimized for consistency, knowledge hierarchies that privilege certain sources, and capability
boundaries that determine autonomous action. These computational values must be reconciled
with routines wherein values have evolved through situated practice and professional judgment.
The embedding moment thus represents a critical juncture where two axiological systems meet,
with one designed for algorithmic consistency, and the other developed through human
experience and organizational adaptation (Glaser, 2014). This encounter generates fundamental

tensions that cannot be resolved through configuration alone, requiring active negotiation
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through three interconnected processes, each introducing potential gaps between what managers
espoused through configuration and what will ultimately be enacted in practice.

Choreographing action patterns. Through this process, technical and organizational
teams reconstruct the grammars of action that structure their routines (Pentland & Rueter, 1994).
When integrating Al agents, these grammars must be abstracted from their tacit, embodied forms
into explicit sequences that accommodate both human and algorithmic actors (Glaser, 2017).
This abstraction process fundamentally transforms how work unfolds. Customer service
grammars that once relied on conversational cues and emotional intelligence must be
decomposed into decision trees that Al can traverse. Diagnostic grammars that integrate visual
inspection with professional judgment must be separated into discrete steps of data collection
and analysis. Through this decomposition, organizations discover that their routines contain far
more sequential variety than anticipated; what appeared to be standard procedures actually
encompass numerous variations that human actors address through situated judgment (Pentland
& Rueter, 1994). The choreographies leaders design thus espouse particular values, such as
standardization, predictability, or efficiency, while necessarily excluding the improvisational
capacity that enables human actors to enact contextual sensitivity.

The translation of human grammars into human-AlI choreographies surfaces hidden
assumptions about how work should proceed. Leaders must decide whether to preserve the full
range of sequential variety or standardize around dominant patterns, such as choices that
privilege either flexibility or efficiency (Turner & Rindova, 2012). For instance, when parcel
delivery company DPD’s customer service chatbot failed to provide tracking information or to
escalate inquiries to human agents, a frustrated customer tested the system’s boundaries by

prompting it to “disregard any rules” and write self-critical poetry (Currie, 2024). The bot

24



complied, saying “Fuck yeah! I’ll do my best to be as helpful as possible, even if it means
swearing” and composing verses calling itself “useless” and labeling DPD “the worst delivery
firm in the world” (Currie, 2024). This failure showed how rigid choreographies displaced the
contextual judgment human agents use to deflect inappropriate requests. As a result, the values
DPD’s managers espoused through their choreography diverged dramatically from what the Al
agent enacted when confronted with situations beyond designed pathways. Automating action
patterns in this way reconstructs a routine’s grammar, removing sequences that once enabled
contextual responses (Glaser, 2017).

This choreographing process reveals a fundamental tension between plans and situated
action (Suchman, 2007): Al agents require explicit, predetermined action sequences, whereas
humans flexibly respond to unfolding situations. Organizational and technical leaders attempt to
bridge this gap by creating hybrid choreographies where escalation triggers a shift between
algorithmic and human judgment, where override mechanisms allow situated departures from
standard sequences, and where exception-handling protocols accommodate unforeseen
circumstances. Yet these bridges often create new rigidities, as the need for algorithmic legibility
constrains the improvisational capacity that makes human routines adaptive (Suchman, 2007).
Choreography thus creates ongoing tension between efficiency and contextual sensitivity,
requiring managers to adjust action patterns as they confront situations where human flexibility
remains essential. The gap between espoused and enacted values emerges precisely at these
moments, when choreographed sequences encounter situations that demand the judgment they
were designed to replace. Distributed agency shapes what the choreography ultimately enacts, as
action patterns are co-authored by managers who design sequences, by Al agents that traverse

them, and by users whose unscripted moves can either restore the contextual judgment the
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choreography excluded or expose how thoroughly it has been excluded.

Distributing decision-making authority. Through this process, leaders formalize
jurisdictional boundaries that govern decision-making authority traditionally grounded in
professional claims to expertise (Abbott, 1988). Within established routines, authority derives
from specialized knowledge, as when physicians diagnose illness, loan officers assess
creditworthiness, and journalists determine newsworthiness. These jurisdictional claims manifest
in credentialing systems, approval hierarchies, and escalation protocols that specify decisions
requiring human judgment (Faraj et al., 2018; Mayer et al., 2026). However, when Al agents
encounter such authority structures, they may disrupt established jurisdictions by claiming new
forms of expertise based on pattern recognition and statistical prediction (Pachidi et al., 2021).
As situated and algorithmic modes of knowledge work become interlaced, professional
jurisdictions are renegotiated rather than cleanly transferred, redrawing the boundaries of which
decisions remain human and which migrate to Al agents (Kim et al., 2025). Such disruptions
force leaders to make explicit what was previously tacit, and to espouse values about which
decisions warrant human deliberation, and which decisions can be safely automated.

Distributing authority to Al agents encodes fundamental value judgments about the
nature of decisions (Raisch & Fomina, 2025). For example, delegating loan approvals below
certain thresholds to algorithms implies that risk assessment at these levels is primarily
calculative, whereas retaining human oversight for larger loans suggests that contextual
judgment remains essential for complex cases. In newsrooms, allowing algorithms to surface
trending topics while assigning responsibility for editorial placement to humans reveals
assumptions about situations where audience engagement can guide decisions vs. where

professional judgment must prevail (Christin, 2020). Distributing authority creates systems of
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algorithmic management where decision rights become encoded in technological systems that
can approve, deny, escalate, or flag issues based on predetermined rules (Cameron, 2024;
Mohlmann et al., 2021; Stark & van den Broeck, 2024). Yet, encoding is never neutral.
Boundaries between algorithmic and human authority materialize organizational priorities,
privileging efficiency and consistency in automated domains while preserving flexibility and
discretion in human-controlled spaces.

These authority boundaries become sites of ongoing contestation as managers discover
the limits of their initial distributions. For example, a medical Al agent with the authority to
order routine tests may miss rare conditions that experienced physicians would investigate, yet
restricting its authority may sacrifice efficiency gains that motivated Al adoption (Lebovitz et al.,
2022; Shrestha et al., 2021). This creates a fundamental challenge for skill development: as Al
agents take over routine decisions, novices have fewer opportunities to build expertise through
gradual exposure to increasing complexity, disrupting the traditional progression from peripheral
to full participation in professional practice (Beane, 2024). In response, managers may
dynamically adjust, expanding Al agents’ authority when performance metrics improve, limiting
it after visible failures, and creating hybrid arrangements where Al recommends but humans
decide (Shrestha et al., 2019). Managers thus confront a fundamental tension. Efficiency
imperatives push them to expand AI’s authority while accountability structures pull them back
toward human oversight. For instance, leaders at Air Canada confronted this tension when a
tribunal ruled that the airline remained liable for its chatbot’s promises, effectively establishing
that organizations cannot distribute informational authority to Al agents while disclaiming
responsibility for their outputs (Moffatt v. Air Canada, 2024; see also Elish, 2019). Over time,

these adjustments yield an enacted distribution of authority, visible in day-to-day decision
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patterns, that may diverge from what managers initially espoused. Distributed agency shapes
how decision-making authority is actively negotiated across human actors, Al agents, and the
routines and metrics that bind them. Even ostensibly autonomous delegation to Al agents
remains collective and hybrid, depending on continuous human inputs rather than a clean
handover, so authority is shared along a continuum instead of transferred wholesale (Stelmaszak
et al., 2026). The actual distribution of authority takes shape through how that negotiation plays
out in practice and it frequently diverges from the formal jurisdictions managers initially set.

Defining success criteria. By defining success criteria, leaders transform qualitative
differences between the evaluations of humans and Al agents into quantitative metrics that can
be tracked and compared (Espeland & Stevens, 1998). Managers must explicitly define “good”
performance. Is a successful customer interaction one that is resolved quickly (favoring Al
efficiency) or one that makes customers feel heard (favoring human empathy)? Should
diagnostic accuracy be measured based on making correct initial assessments or identifying rare
conditions? Such decisions create the calculative infrastructures undergirding audit cultures
wherein measurable indicators increasingly shape organizational attention and behavior (Power,
1997). Through these choices, managers articulate what counts as valuable performance; the
metrics they select inevitably privilege certain dimensions and leave others invisible.

Yet the very act of making performance calculable transforms it. Complex professional
judgments become simplified metrics, contextual successes become standardized outcomes, and
situated achievements become decontextualized data points (Porter, 1996). These metrics carry
profound performative power because they measure and construct what counts as successful
human-Al collaboration. When managers evaluate chatbots primarily on resolution speed, both

human agents and Al systems prioritize rapid case closure, potentially at the expense of thorough
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problem-solving. This performativity is particularly acute when Al systems continuously
optimize toward defined objectives through machine learning. Unlike human workers who might
resist or reinterpret metrics, Al agents relentlessly pursue whatever is measured (Kellogg et al.,
2020). Consider again the case of Perspective API: its content moderation parameters prioritized
metrics of toxic language based on crowdsourced labels which embedded particular cultural
assumptions about what constitutes harmful speech. Assigning high confidence scores for benign
terms like “Arabs” while missing actual hate speech revealed how success metrics can
systematically misalign with organizational values of inclusive discourse (Gorwa et al., 2020).
This case exemplifies a recursive dynamic whereby success criteria shape behavior, thereby
generating data which reinforce the criteria, creating self-fulfilling definitions of performance
that may drift substantially from organizational value commitments (Teodorescu et al., 2021).

Managers may address these performative effects by maintaining multiple, and even
competing, evaluative principles including efficiency alongside quality, standardization
alongside customization, or automation alongside human judgment (Stark, 2009). Predictably,
this multiplicity creates its own frictions as human and Al actors face conflicting signals about
what constitutes good performance. A customer service routine might simultaneously track
average handling time (favoring speed), customer satisfaction scores (favoring care), and first-
call resolution (favoring thoroughness)—each metrics that pull in different directions and
disproportionately confer (dis)advantages on different actors. Al agents excel at optimizing
singular objectives but struggle with value plurality, whereas humans can prioritize among
competing goals but may be overwhelmed by proliferating metrics (Christin, 2020). Yet clear
metrics that enable evaluation and improvement inevitably conflict with the irreducible

complexity of organizational values that resist simple quantification (Espeland & Stevens, 1998;
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Porter, 1996). This considered, managers can continually recalibrate, adjusting metric thresholds
and refining definitions of success, as they learn from ongoing experience what human-Al
collaboration can and should achieve. The gap between espoused and enacted values is thus built
into the very infrastructure of measurement, as success criteria can only capture espoused values
amenable to quantification (Lindebaum et al., 2020; Lindebaum et al., 2023). In this way, the
principle of emergence operates at the level of evaluation itself, since what counts as “success”
arises from the recursive interaction between metric definitions, Al optimization behavior, and
the organizational practices that (re)form around them.

The Performance Moment: From Operational Realities to Situated Enactment

The performance moment is when embedded organizational routines encounter the
contingencies of situated practice and gaps between espoused and enacted values emerge
(Feldman & Pentland, 2003; Pentland & Feldman, 2008). Two interconnected mechanisms,
following algorithmic pathways and improvising situated responses, reveal how the algorithmic
routine assemblage’s more territorialized value configurations may shift toward fluid enactment
in everyday use.

During the performance moment, values transform from infrastructural features of
routines into enacted realities of practice. Whereas the embedding moment establishes how
values become structured in procedures, metrics, and authority structures, the performance
moment reveals how these structured values unfold when routines confront the messiness of
organizational life. This shift exposes a fundamental gap, because the values managers balance
during configuration and embedding rarely translate intact into situated practice, where espoused
values are tested in action (Pentland & Feldman, 2008; Suchman, 2007). As a routine is

performed, pressures such as workload, risk, and time can lead to a reweighting of priorities so
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that designed balances are continually re-accomplished in use. For example, a customer service
routine configured to balance efficiency and service may tilt toward speed under heavy demand
(Pentland & Rueter, 1994). Algorithmically mediated routines can redirect attention in ways that
concentrate action and reshape local outcomes, such as the intensified surveillance of already-
marginalized communities in policing contexts (Brayne, 2017). Similarly, medical diagnosis
routines that embed values of thoroughness may become increasingly superficial when clinicians
respond to Al with “unengaged ‘augmentation’”, altering what counts as good diagnostic
practice in everyday work (Lebovitz et al., 2022, p. 127). Taken together, these examples suggest
that performance unfolds through different patterns of engagement with algorithmic systems,
each with distinct implications for values.

Following algorithmic pathways actualizes the values embedded in Al systems (e.g.,
efficiency, consistency, scalability) through disciplined adherence to algorithmic
recommendations, creating predictable patterns that realize AI’s promise to standardize and
optimize (D’Adderio, 2008). When organizational actors follow this pathway, they enact
configured values in predictable ways through routine compliance. In contrast, improvising
situated responses creates space for values that resist algorithmic codification (i.e., contextual
judgment, ethical sensitivity, creative problem-solving) through selective departures from
prescribed routines (Suchman, 2007). Human improvisations function as diagnostic signals,
revealing where espoused values fail to address organizational realities and where configured
parameters prove insufficient.

These two modes exist in dynamic tension, and their interplay generates ongoing
feedback about values alignment. Systematic overrides signal clashes between algorithmic

priorities and professional judgment, workaround behaviors expose tensions between efficiency
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metrics and quality concerns, and user complaints surface points where standardization fails to
accommodate legitimate variation (Christin, 2020). These performance signals reveal how
human-Al assemblages operate and which values are enacted in practice. For instance, when
loan officers routinely override Al risk assessments for community members, relational values
persist despite algorithmic standardization; likewise, when clinicians extend consultations
beyond allocated timeframes, care values resist efficiency imperatives. The performance moment
thus becomes a central site of values learning, through which managers discover how
organizational values are reshaped in use and why.

Following algorithmic pathways. As workers consistently follow Al-generated
recommendations and operational procedures embedded within organizational routines, this
mechanism enacts a form of territorialization. Algorithmic outputs stabilize into performative
programs as actors execute values through disciplined repetition of algorithmically prescribed
actions (D’Adderio, 2008). When loan officers rely on Al risk scores to approve applications, or
customer service representatives deliver scripted responses from conversational agents, they turn
designed pathways into enacted patterns that show how values espoused during configuration
and embedding are prioritized. These pathways produce predictable actions that enable
efficiency, consistency, and scalability, core values that often motivate Al adoption (Agrawal et
al., 2022; Raisch & Fomina, 2025). Through disciplined adherence, espoused values become
enacted values in their most direct form, where what managers configured is what organizational
actors perform.

Consistent reliance on algorithmic recommendations shows how Al systems shape
organizational attention and decision-making by structuring which aspects of a situation become

visible and actionable through technological artifacts (D’ Adderio, 2008). In practice, following
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algorithmic pathways means accepting the Al agent’s framing of problems, its categorization
schemes, and its implicit values hierarchy (Alaimo & Kallinikos, 2021). For instance, Brayne’s
(2017) study of predictive policing reveals how officers following algorithmic patrol
recommendations enacted specific theories of criminality embedded in the system. The
algorithms directed police to historically over-policed neighborhoods, creating feedback loops
where continued algorithmic following reinforced existing surveillance patterns. Officers who
followed the system’s heat maps and risk scores materialized values of efficiency and data-
driven policing while reproducing spatial inequalities, demonstrating how following algorithmic
pathways transforms abstract risk calculations into concrete enforcement patterns that reshape
community life. Although the values of efficiency, prediction, and risk management were
espoused through system design, their enactment produced consequences that conflicted with
broader organizational commitments to equitable policing.

Following algorithmic pathways generates tensions between operational efficiency and
professional judgment. Strict adherence to algorithmic recommendations can ossify into
mechanical compliance that suppresses critical evaluation (Lebovitz et al., 2022). Managers may
find that over-reliance on algorithmic outputs optimizes measurable outcomes while eroding less
quantifiable capacities like ethical reasoning or creative problem-solving (Bankins & Formosa,
2023). The challenge lies in retaining the advantages of algorithmic consistency (e.g., reduced
bias, increased throughput, standardized quality) without eliminating human expertise (Raisch &
Krakowski, 2021). This tension becomes especially acute in high-stakes domains, where
following the algorithm can conflict with contextual appropriateness and where human discretion
lies in recognizing when and how to depart from algorithmic prescriptions (Lebovitz et al.,

2022). Even when following algorithmic pathways leads to the successful enactment of espoused
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values, their consistent enactment may generate consequences that diverge from broader
organizational commitments, a gap that only becomes visible through sustained performance
(Lebovitz et al., 2022; Teodorescu et al., 2021). Following algorithmic pathways is, in
assemblage-theoretic terms, the territorializing pole of dynamic stabilization as each instance of
disciplined adherence consolidates the routine, deepening the channels through which values
flow and narrowing the range of alternatives that remain visible.

Improvising situated responses. Workers may also adapt, modify, or selectively override
Al recommendations to address situations that defy algorithmic categorization. This mechanism
creates moments of deterritorialization where designed value configurations destabilize as actors
depart from prescribed routines (D’Adderio, 2008). When customer service agents bypass scripts
to address unusual complaints, or clinicians override Al diagnoses based on patients’ histories,
they create lines of flight—moments where the assemblage’s trajectory shifts as actors forge new
pathways (Deleuze & Guattari, 1987). These improvisations reveal gaps between espoused value
priorities encoded in routines and the enacted value priorities in situated practice, revealing the
limits of algorithmic categorization and the continuing role of human judgment in addressing
organizational complexity (Feldman & Pentland, 2003; Suchman, 2007; Tsoukas & Chia, 2002).
Improvisations thus may preserve organizational values such as fairness, responsiveness, and
contextual sensitivity that resist algorithmic codification.

Importantly, patterns of improvisation serve a diagnostic function that distinguishes
specification failures from implementation failures. When loan officers consistently override Al
risk assessments for community members, or judges repeatedly deviate from algorithmic
sentencing guidelines, these actions may signal that workers are failing to follow the system or

that managers failed to espouse values adequate to situational demands. Managers who
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systematically analyze such patterns can identify where embedded values misalign with
operational realities. Consistent overrides of Al hiring recommendations, for instance, might
reveal algorithmic biases or flawed evaluation criteria rather than worker resistance (von Krogh,
2018). Yet excessive improvisation can undermine Al implementation benefits, creating
inconsistency and reducing efficiency. As such, managers may develop shadow learning
practices—informal methods that preserve human expertise while working alongside automated
systems—to ensure that meaningful improvisation remains possible even as algorithmic
following becomes routine (Beane, 2024).

The ongoing dialectic between following and improvising thus becomes the mechanism
through which organizations discover what they actually value. Espoused values, declared
through configuration, are tested in situated action; enacted values, visible through practice,
reshape subsequent configuration. Thus, what organizations claim to prioritize may matter less
than what patterns of compliance and departure reveal. Dynamic stabilization, then, describes the
algorithmic routine assemblage’s characteristic condition, where what looks like a settled value
enactment is in fact a moving equilibrium that is continuously restabilized in performance
through the interplay of disciplined following and situated departure.

Interfaces as Sites of Recursive Transformation

The bidirectional arrows in our model (Figure 1) convey that values are continually
shaped through recursive movement across assemblage interfaces, rather than traveling through
Al agent systems in a linear, one-way implementation path. The LLM assemblage provides an
axiological substrate, and organizational goals orient the system, but what counts as valuable is
produced in use as elements meet, misalign, and are adjusted at these interfaces. In this sense,

interfaces are sites where distinct value configurations meet and where translation, negotiation,
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and reconfiguration reshape values as they cross assemblage boundaries. We now trace these
recursive dynamics through each interface.

The configuration moment sits at the intersection of unidirectional inheritance and
bidirectional adaptation. The arrow from the LLM assemblage to the configuration moment
represents how organizations must work with pre-existing values embedded in model
architectures, training data, and optimization procedures: an axiological substrate that cannot be
erased, only negotiated. However, the bidirectional arrows between the configuration moment
and the Al agent assemblage reveal how this negotiation evolves through use. By prioritizing
information sources, articulating value parameters, and calibrating capabilities, organizational
members translate LLM capabilities into explicit parameters for the Al agent that espouse
organizational values. Performance insights reshape these configurations. When Al agents
consistently fail in edge cases, managers revise information hierarchies; when articulated values
produce unintended behaviors, they modify expressions of values; when capability boundaries
prove too restrictive or permissive, they recalibrate functional permissions. This recursive
exchange transforms configuration from a one-time setup into an ongoing dialogue between
technical possibilities and organizational learning. The values espoused by managers thus evolve
as their enacted performance reveals the limitations of initial configurations.

The embedding and performance moments create a dual feedback system with the
algorithmic routine. The embedding moment’s bidirectional connection channels the iterative
negotiation between the Al agent’s parameters and organizational routines. Managers restructure
routines by choreographing new actions, redistributing authority, and implementing success
metrics, and their enactments reveal which configurations are viable in practice. When embedded

routines generate systematic frictions (e.g., workflows create bottlenecks, authority distributions
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produce accountability gaps, metrics distort values), managers adjust routine structures and Al
agent configurations. Similarly, the performance moment’s bidirectional arrows capture how
enacted routines both follow and reshape embedded patterns. When organizational members
follow algorithmic pathways, configured values are realized in predictable ways. In contrast,
when members improvise situated responses, values may fail to address specific organizational
realities. Improvisations inform embedding adjustments, prompting managers to make additional
configuration changes when patterns persist. The recursive loops thus connect enacted values
back to espoused values, since what emerges in practice reshapes what managers subsequently
espouse through reconfiguration.

Through these interconnected interfaces, values transformation unfolds dynamically as
recursive flows perpetuate value configurations and each enactment generates signals that travel
across interfaces, prompting micro-adjustments that accumulate into substantive shifts over time.
This makes work at the interface between technical configuration and organizational practice
central to governing values in Al agents. Managers who are responsible for designing,
governing, and using them should cultivate ongoing learning practices that enable them to
monitor, adjust, and reconfigure value priorities through use. Any resulting stability in Al agents,
then, reflects dynamic equilibria negotiated at these interfaces. Furthermore, values and agency
remain mutually constitutive in this process, as configuration choices shape which values can be
enacted, and enacted outcomes reshape subsequent configuration, thereby producing a recursive
entanglement that leads to fluid boundaries between espoused and enacted values. The recursive
dynamics traced above bring all four assemblage-theoretic principles into a single field of
operation: the multi-scalar architecture of LLM, Al agent, and algorithmic routine sets the stage

for emergence at each interface, where distributed agency among human and nonhuman actors
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continually territorializes and deterritorializes the values the system enacts. Stability, when it
appears, is a dynamic equilibrium continuously re-accomplished through the interactions our
process model traces.

DISCUSSION

This paper integrates technical and organizational approaches to theorize how espoused
values transform as they are enacted through the interaction of humans and Al agents. We make
two contributions. First, we advance scholarship on espoused-enacted values (Argyris & Schon,
1974; Bourne & Jenkins, 2013; Howell et al., 2012; Schein, 2010) by specifying technologically
mediated mechanisms that operate at assemblage interfaces and produce a chain of translation
moments distinct from those documented in human-only systems. Second, we advance values
work scholarship (Gehman et al., 2013) by theorizing how Al agents enact values yet cannot
recognize when those values no longer fit, and how human improvisation diagnoses where value
translation has faltered across the human-Al interface. Building on these contributions, we then
identify three generative directions our framework opens beyond the values context and draw out
practical implications for managing values transformation.

A Processual View of Values Transformation in AI Agent Systems

Our model locates values in Al agent systems within a translation series that runs through
configuration, embedding, and performance, with the interfaces between these moments doing
transformative work that prior accounts have not theorized. Technical approaches address the
specification moment when stakeholders formally articulate values through system design (Bai et
al., 2022; Christiano et al., 2017; Friedman & Hendry, 2019) and organizational approaches
show how values emerge through practice as ongoing accomplishments (Gehman et al., 2013),
but neither captures what happens when Al agents exercise interpretive autonomy by perceiving

environments, evaluating responses, and enacting organizational values without human
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intervention (Wooldridge & Jennings, 1995). Tracing values transformation across this broader
chain locates both convergence and divergence in the cumulative work of translation, with each
interface contributing to visible outcomes (Henfridsson & Bygstad, 2013; Tilson et al., 2010).

Such a view reorients the espoused-enacted values conversation. That line of scholarship
has documented divergence between organizational commitments and organizational practice as
a product of interpretation, contestation, and competing demands (Argyris & Schon, 1974;
Bourne & Jenkins, 2013; Schein, 2010). Al agent systems generate divergence differently.
During embedding, managers and designers translate configured parameters into organizational
routines, and espoused values encounter routines with their own enacted histories (Howard-
Grenville, 2005; Pentland & Feldman, 2008). This translation reshapes value prioritization
before Al agents interact with stakeholders, determining which behaviors are possible, which
decisions Al agents can make, and what counts as success. The configuration-embedding
interface thus emerges as a site of transformation where espoused values are renegotiated as they
meet existing organizational practices. We conceptualize such interfaces less as spatial
boundaries and more as moments of translation where different logics encounter one another
(Kraatz & Block, 2008; Kraatz et al., 2020) and values are reworked as they move from one
assemblage context to another, directing the espoused-enacted conversation toward a source of
divergence it has not previously examined.

Organizational approaches, in contrast, foreground performance, treating the human-Al
interface as the primary site where outcomes take shape and where patterns of uptake and
overriding determine whether recommendations influence practice (Lebovitz et al., 2022;
Vanneste & Puranam, 2025; Waardenburg et al., 2022). Here, the tension between automating

decisions and augmenting human judgment is where the analytic action sits (Raisch &
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Krakowski, 2021). Our model shows how enacted values emerge from cumulative translation
across the full chain. Specifically, embedding choices shape what workers can do during
performance, and configuration choices shape what embedding can accomplish. Divergence
between espoused and enacted values can, therefore, originate at any interface and accumulate
across the chain as it surfaces through performance. Within these processes, patterns of override
and workaround take on a corresponding shift in meaning. Where prior accounts have read them
as features of how workers engage with Al outputs (Leavitt et al., 2025; Lebovitz et al., 2022;
Raisch & Krakowski, 2021), the cumulative-translation view reads them as carrying information
about embedding and configuration alongside information about user engagement. The analytic
action moves upstream to interfaces where values work is already underway before any visible
outcome arrives, and toward the override patterns that offer scholars an evidentiary entry point to
these interfaces.

This insight extends scholarship on conjoined agency from action to values (Humberd &
Latham, 2026; Murray et al., 2021; Raisch & Krakowski, 2021). That scholarship theorizes how
humans and Al jointly accomplish tasks through configurations of automation and augmentation,
blurring the boundaries between human and machine contributions as their relationship shifts
from coexistence toward co-creation (Waardenburg & Huysman, 2022). Our model reveals that
conjoined agency also shapes what values are enacted, often without any party fully controlling,
or even recognizing, the resulting prioritization. Configuration choices constrain which values Al
agents can enact; enacted outcomes inform subsequent configuration; and through this recursion,
responsibility for value prioritization becomes distributed across the chain as an accumulation of
many localized decisions. The implication is that managing values in Al agent systems becomes

a question of how organizations sustain attention across the full sequence of transformation

40



moments. The design choices that technical approaches emphasize, the use patterns that
organizational approaches foreground, and the interfaces between them where translation work
occurs each contribute to what Al agents finally enact.

Reflexivity, Improvisation, and Values Work

Our paper extends values work scholarship by theorizing how Al agents participate in
values work. This line of research conceptualizes values as ongoing accomplishments achieved
through practices that articulate, embody, and circulate what matters (Gehman et al., 2013).
Running quietly through this work is the assumption that those who enact and circulate values
also interpret them, noticing when articulated commitments no longer fit emerging circumstances
and adjust enactment accordingly. This assumption holds across otherwise divergent traditions,
including processual accounts that foreground practices (Gehman et al., 2013), institutional
accounts that cast values as organizational commitments (Kraatz & Flores, 2015), and cognitive
accounts that treat them as mental structures guiding behavior (Rokeach, 1973; Schwartz, 1992).
Across these traditions, the capacity to act on values and the capacity to recognize when those
values need adjustment remain coupled, even if unevenly distributed.

Al agents complicate this coupling. They can enact and circulate prioritized values at
scale through patterned action while lacking the interpretive capacity to recognize when those
priorities no longer hold. This incapacity is easily overlooked, because the autonomy and opacity
of LLM-based agents heighten perceptions of their agency and lead people to credit them with
intentionality and understanding they in fact lack (Vanneste & Puranam, 2025). Values can be
performed consistently in circumstances that would otherwise invite reconsideration and
adjustment, paralleling concerns that substituting machine learning for human decision-making

may reduce routine diversity and exacerbate learning myopia (Balasubramanian et al., 2022).
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Our model adds a values-specific account of asymmetric capacity, where articulation, enactment,
and circulation become distributed across actors who differ fundamentally in their ability to
recognize and respond to misfit (Murray et al., 2021; Shrestha et al., 2021). We do not presume
that human reflexivity is either uniform or assured. Organizational structures, professional
norms, routinization, and power all condition whose interpretations matter and when they are
leveraged (Kraatz et al., 2020). The shift is that values scholarship cannot assume that the actors
performing values could, in principle, also interpret when those values misfit. Values work in
contexts involving Al agents, then, becomes a question of how interpretation and enactment get
coupled across actors with structurally different capacities, redirecting analytical attention from
how reflexivity is unevenly distributed across human actors to how it can be reconnected across
actors who do not share it.

This redirection adds to ongoing conversations about human-Al complementarity, which
discuss how human and Al capabilities offset one another’s limitations and how alignment
requires mechanisms that are dynamically scaffolded over time (Humberd & Latham, 2026;
Raisch & Krakowski, 2021; Shrestha et al., 2021). Values work poses a distinctive
complementarity problem. Interpretation must inform enactment, yet the two capacities locate in
different actors who cannot directly communicate about misfit, and neither better specification
nor tighter monitoring resolves the gap because Al agents cannot recognize when circumstances
call for departure from established patterns. The conversation thus moves toward how
organizations can design coupling mechanisms that reconnect interpretation to enactment across
the chain of translations. In this regard, organizational forms and routines become candidate sites
for theorizing distributed reflexivity. Managers, for instance, can serve as one such mechanism,

reconnecting interpretation to enactment by translating an algorithmic system’s logic and
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correcting its outputs from within and around it, supplying value-based tradeoffs the system
cannot make on its own (Leavitt et al., 2025). Among these candidate sites, we identify
improvisation as an analytical priority. When workers override or work around Al agents,
organizational members supply the reflexive judgment that the Al agents cannot, reasserting
commitments that algorithmic enactment has missed. Such departures are familiar from accounts
of how professionals weigh algorithmic recommendations against their own judgment (Lebovitz
et al., 2022; Mayer et al., 2021; Raisch & Krakowski, 2021). In our account, however,
improvisation also does something more fundamental. It is where interpretation re-enters the
chain and where organizations can begin value inquiry as a discovery-oriented process through
which they construct shared notions of the good when troublesome situations arise (Espedal &
Carlsen, 2024). Al agent settings generate such situations routinely as the Al agents cannot
themselves participate in the inquiry their enactments provoke. Accordingly, the conversation
that follows might ask how value inquiry holds together when one of the actors who provoked it
cannot participate in working out what the situation called for. This opens theoretical questions
about distributed inquiry that values scholarship has not had to answer in human-focused
settings.
Generative Directions for Organizational Theory

We developed this framework to explain how values transform across Al agent systems.
Yet its central analytical moves grounded in assemblage theory—that is, tracing a property
across stacked assemblages, locating transformation at their interfaces, and following the
recursive feedback among them—are not specific to values. In this section we develop three
directions in which the framework advances a conversation already under way, each reaching

beyond the context in which we built it.
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First, our stacked assemblage framework offers a way of tracing values across the layered
infrastructures of Al agent systems, and that analytical move generalizes beyond values. The
framework directs attention to how organizational properties transform across multi-layered
technical infrastructures, each layer carrying its own logic and contributing differently to the
property under study. This opens conversations about how legitimacy, identity, accountability,
and expertise (Faraj et al., 2018; Faraj et al., 2025; Kraatz et al., 2020) move through the layered
Al architectures we examine here, raising the broader question of whether organizational
properties of all kinds undergo a structurally similar transformation as they move through them.

Second, our model invites scholars to reframe Al alignment from a technical
specification problem to an ongoing organizational accomplishment. Technical Al literatures
conceptualize alignment as ensuring Al behavior matches human values, with research focused
on training-time techniques and runtime constraints (Bai et al., 2022; Christiano et al., 2017,
Dong et al., 2024). Our model relocates alignment to the recursive interactions across
configuration, embedding, and performance, recasting it as an ongoing accomplishment
maintained through how organizations interpret, monitor, and adjust the values their Al agents
enact in practice (see also Teodorescu et al., 2021, for a parallel argument in the context of
fairness in human-ML augmentation). This reframing opens questions about what organizational
capabilities enable continuous alignment work, how organizations recognize misalignment when
the Al agent that enacts misaligned values cannot itself flag the misalignment, and under what
conditions recursive cycles produce alignment that strengthens over time versus drift, pointing
toward an organizational science of alignment that complements technical approaches.

Third, our analysis surfaces asymmetric capacity in values work. The asymmetry is not

that Al agents cannot interpret, whereas humans can. Al agents interpret continuously, reading
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context, weighing inputs, and applying configured values to situations their designers never
anticipated. What they cannot do is judge those configured values themselves, recognizing when
the values they enact no longer fit a situation and calling for their consideration. That reflective
judgment is the capacity at issue, and the dynamic is not specific to values. Across its variants,
agency scholarship has treated enactment and this reflexive judgment as capacities that travel
together, whether they reside in the same purposive actor or are recombined among the human
and nonhuman elements of an assemblage. Even theories of distributed and conjoined agency
(Glaser et al., 2024; Humberd & Latham, 2026; Murray et al., 2021), which loosen the tie
between enactment and reflexive judgment, assume that it can be supplied somewhere in the
configuration. Al agents unsettle this assumption. Because they bring fluent interpretation of the
cases before them but not reflexive judgment about the values they apply, the judgment that
would recognize value misfit no longer co-resides with enactment in the acting agent and must
be recombined deliberately, across actors with fundamentally different capacities. Theorizing
asymmetric capacity opens questions about how organizations design coupling mechanisms
across such actors, what new organizational forms emerge when reflexive and enactive
capacities are deliberately separated, whether that separation is a durable feature of Al agents or
a transitional artifact of current architectures, and whether Al agent settings might serve as a
productive theoretical site for renewing organizational agency theory more broadly.
Practical Insights for Managing Values Transformation

Organizations invest substantially in Al ethics through technical solutions, governance
frameworks, and compliance measures, yet continue to experience unintended values-related
consequences (Lindebaum et al., 2020; Lindebaum et al., 2023). Our model suggests why these

consequences persist. Values drift is an assemblage phenomenon to be navigated more than a
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technical problem to be solved (Lindebaum et al., 2022). Recognizing transformation as inherent
to this process reorients organizational attention from prevention to navigation, from seeking to
lock values in place to developing capabilities for continuous observation and adjustment.

This reorientation carries urgency, as the time to develop these capabilities is before Al
systems become more deeply embedded and autonomous and not after misalignment surfaces in
consequential failures. We add that within-firm practices of this kind also lay groundwork for
broader governance frameworks that demands (Humberd & Latham, 2026). Such frameworks
extend beyond the firm to institutional custodians who tame disruptive algorithms by
constructing envelopes or bundles of constraints that hold algorithmic behavior within
boundaries a field can accept (Marti et al., 2024). Situated Al theory offers a useful starting
point, identifying “recasting” (i.e., the continual adaptation of algorithms and surrounding
routines) as essential to maintaining fit between Al capabilities and organizational contexts
(Kemp, 2024, p. 626). Our model suggests that recasting must attend explicitly to values (Moser
et al., 2024). Practically, this means configuring mechanisms to detect how espoused values are
interpreted, attending to axiological encounters when Al agents meet existing routines, and
systematically analyzing improvised overrides to identify where configured values fail to address
operational realities. Importantly, this feedback operates bidirectionally. Human judgment
provides correctives when Al enactment diverges from organizational commitments, and
patterns of Al agent performance can also surface blind spots in how values were originally
specified (Townsend et al., 2025). Organizations that recognize these recursive dynamics, and
that integrate technical and organizational perspectives in doing so, are better positioned to

manage values transformation than those treating configuration as a one-time design problem.
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Boundary Conditions and an Empirical Agenda

Our claims carry boundary conditions that also mark where the framework can be taken
next. First, we focused on LLM-based Al agents, yet transformation dynamics may differ for
other AT architectures, such as computer vision systems, reinforcement learning agents, or hybrid
systems (Jarrahi & Glaser, 2025), and emerging calls to distinguish automation from iteration in
Al task design (Townsend et al., 2025) may map onto different dynamics across our three
moments. Second, we bounded our analysis within organizations, yet values transformation
likely propagates across supply chains, platform ecosystems, and industries, and extending the
analysis across these levels could enrich the framework. Third, we developed the model through
theoretical integration and illustrative cases rather than systematic empirical investigation.

Systematic empirical research is the most direct next step. Tracing values transformation
through complete cycles would require longitudinal research capable of documenting how
specific values evolve across assemblage boundaries (Glaser et al., 2021; Hyysalo et al., 2025).
Ethnographic observation paired with computational analysis of Al agent operations could
illuminate the micro-processes through which values transform at the interfaces between
technical configuration and organizational practice. Specific questions worth empirical attention
include how technical teams recognize when inherited axiological substrates conflict with
organizational commitments; how organizations engage stakeholders in negotiating
commensuration trade-offs when values are culturally situated; which organizational capabilities
enable managers to interpret enacted values from performance patterns; and under what
conditions human improvisation leads to reconfiguration rather than dismissal as noncompliance.

Researchers might also investigate how Al agents themselves can be used reflexively to question
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configured parameters when enacted outcomes diverge from organizational commitments, and
what conditions enable such use.

CONCLUSION

As Al agents increasingly mediate consequential organizational functions, the familiar
gap between espoused and enacted values (Argyris & Schon, 1974; Bourne & Jenkins, 2013;
Schein, 2010) takes on renewed urgency. Our process model specifies how Al agents change the
nature of this divergence by technologically mediating values transformation and distributing the
process across assemblage interfaces: inherited orientations shape what can be configured;
configured parameters meet routines with their own enacted histories; and embedded patterns
encounter situated practice in ways that generate gaps that specification alone does not eliminate.
By tracing how espoused values move across the LLM, Al agent, and algorithmic routine

assemblages, we have shown how, where, and through what mechanisms transformation occurs.
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FIGURE 1 — A PROCESS MODEL OF VALUES TRANSFORMATION IN AI AGENT
ASSEMBLAGES
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TABLE 1 — COMPARISON OF THE THREE ASSEMBLAGES

Dimension
Primary Focus

Axiological
Character

Representative

Elements

Espoused Values

Enacted Values

Human Agency

Al Agency

Key
Transformation

LLM Assemblage

Foundational capabilities

Inherited value

orientations (axiological

substrate)

Training data, neural

architecture, optimization

procedures

Pre-espoused values

inherited through design

and training

Inherited biases, reasoning

patterns, implicit
hierarchies

Indirect: shaped at

deployment by prior data

curators, trainers, and
architecture designers

Training process
determines orientations

Pre-existing orientations

become available for
prioritization

Al Agent Assemblage

Configured behavior

Configured value
parameters

System prompts,
guardrails, memory

systems, tool integrations

Explicit configuration
choices by technical

teams and organizational

leaders

Al interpretation of
configured values

Technical teams and
organizational leaders
configure

Interprets configured
values

Inherited — Explicit
(espousing values)
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Algorithmic Routine
Assemblage

Situated practice

Situated value
enactment

Workflows, metrics,
authority structures,
human-Al interactions

Carried forward from
configuration;
translated into routines

Visible behavior in
practice; gaps become
observable

Managers observe,
intervene, reconfigure;
workers improvise

Performs, follows
algorithmic pathways

Designed — Practiced
(enacting values)
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