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Abstract. The pursuit of greater performance and goal attainment motivates organ-
izations to invest in and expand use of artificial intelligence (AI) agents to accomplish 
work. Modern AI agents often possess capabilities that are on par with and, in many 
cases, exceed those of human counterparts. However, AI agents often generate negligi-
ble performance gains and returns on investment (ROIs). Existing organizational gov-
ernance models might be problematic for hybrid organizations comprising human and 
AI agents: such models inadequately consider the interpretative nature of task perfor-
mance and AI agent effects on cognitive slack. Consequently, AI agent contributions 
to organizational performance and ROI in AI agents suffer. This paper describes a novel 
governance model for hybrid organizations that is informing an ongoing study to en-
hance mission accomplishment of a national level research sponsor and AI agent de-
sign. This model can likely strengthen performance, human agency,  organizational re-
silience, and enhance ROIs in AI agents. This paper recommends that future work re-
fine this model, assess its relevance more broadly, and compare the performance it gen-
erates with other governance models. 
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1 Introduction 

Organizations are increasingly incorporating artificial intelligence (AI) agents into their 
operations in the pursuit of greater performance and goal attainment, necessitating that 
scholars and practitioners revisit traditional governance structures. AI agents possess 
capabilities that oftentimes exceed those of humans, notionally enabling them to con-
tribute meaningfully to and strengthen organizational performance [1]–[3]. Systemati-
cally incorporating AI agents into human-centric organizations has significant govern-
ance implications [4]: theoretical and practical frameworks for designing organizations 
and accomplishing work generally limit AI agent contributions to group performance 
in hybrid organizations comprising human and AI agents [1], [5], [6]. 

Problematically, organizations are generally not reaping envisioned benefits from 
investments in increasingly capable AI agents. A 2025 MIT NANDA study of enter-
prise generative AI (GenAI) adoption highlighted this problem. This study found that 
approximately 95% of enterprise GenAI initiatives generated little or no measurable 
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impact on profit-and-loss performance based on a systematic review of more than 300 
publicly disclosed AI initiatives, interviews with representatives from 52 organizations, 
and survey responses from 153 senior managers [7]. Similarly, KPMG’s Global AI 
Pulse found that only 8% of surveyed organizations reported  positive returns on in-
vestment (ROIs) from AI initiatives despite 95% having a formal AI strategy [8]. Or-
ganizations appear to be doubling down on AI agents despite such lackluster results. In 
a survey of 1,854 executives, [10] found that 85% of organizations had increased AI 
investments during the preceding year and 91% planned further increases regardless of 
ROI uncertainty. Further, [10] found that organizations typically anticipated generating 
a satisfactory ROI from such investments within two to four years, substantially longer 
than the usual seven-to-twelve-month payback period for similar investments. 

Amazon and Meta, two of the leading global AI institutions arguably, generated sim-
ilar lackluster results. Amazon discontinued an initiative intended to encourage use of 
a crude AI agent by its software developers because of significant cost increases, neg-
ligible productivity gains, and attempts to manipulate results through tokenmaxxing 
[10], [11]. Meta experienced similar ROI and productivity issues with crude AI agents, 
raising questions about how to design and manage hybrid organizations [12]. Amazon 
and Meta experienced additional governance issues when AI agents took inappropriate 
actions that disrupted Amazon services [13], [14] and exposed sensitive Meta company 
and user information to employees [15]. 

Changing organizational roles and displacing human employees with AI agents are 
additional governance issues needing attention. Approximately 41% of employers plan 
to shift work from human to AI agents, changing both the nature of work that humans 
perform and number of human employees [16]. Such changes are likely to affect the 
expertise possessed by human agents significantly and reduce agency [17]. Notably, 
critical thinking and reasoning skills will increasingly suffer, especially among 
knowledge workers, with humans attempting to assess AI agent performance and out-
puts without adequate understanding [18], [19]. Existing approaches to organizational 
design and management further increase threats to human agency, work quality, and 
employment opportunities [20], [21], affecting opportunities for humans to develop rel-
evant expertise, exercise judgement, and maintain meaningful agency. 

These and similar results effectively demand a new governance approach for hybrid 
organizations. This paper describes such an approach that, although in its early devel-
opment stages, emphasizes two crucial design factors: the degree of interpretation gen-
erally needed to accomplish work and degree to which AI agents recover cognitive 
slack for human agents. This approach has two important benefits beyond notionally 
enhancing performance and goal attainment: it strengthens the roles of human agents 
and organizational resilience, which are increasingly important in more complex envi-
ronments. 

Organizational governance is described first as mainly a design effort in which task 
design translates organizational strategy to work accomplishment and addresses limi-
tations on human performance. Then, the interpretation and cognitive slack (ICS) 
model and two key features that distinguish it from other models are summarized. An 
investment decision-making scenario that serves as the context for an ongoing study 
and the design of the associated AI agent are described next. General implications of 
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the ICS model are then discussed before recommendations for future research are of-
fered. 

2 Organizational Governance 

Organizational governance entails purposefully designing and managing work accom-
plishment, performance, and goal attainment for stakeholder benefit; stronger govern-
ance approaches generally result in greater performance. Organizational tasks reify 
strategies for goal attainment and break down technological transformation processes 
into reasonably scoped and associated work components [22], [23]. Task design, there-
fore, involves intentionally constructing what work is performed by which group mem-
bers and how they apply their expertise through relevant techniques and methods using 
hardware, software, and other tools [22], [24]. The tight coupling between task design 
and organizational performance means that strengthening governance of hybrid organ-
izations depends largely on the degree to which task design gainfully considers human 
and AI agent capabilities and perspectives [23], [25]. 

Limitations on human performance exist and organizations provide members with 
the means to overcome such limitations in the pursuit of greater performance and shared 
goals. Cognitive, physiological, and temporal limitations bound what humans can do 
and accomplish [26]–[28]. Organizations generally overcome such limitations through 
task design, divisions of labor, and cooperative task performance [27], [29]. Neverthe-
less, limitations on human performance extend to and often bound organizational per-
formance. The performance of AI agents is not necessarily limited in the same ways as 
humans: modern AI agents can perform work on par with and, in some cases, more 
productively than some humans [1]–[3]. Systematically incorporating AI agents into 
organizational design, operations, and management offers a means to generate greater 
overall performance and goal attainment [1], [25]. 

3 Interpretation and Cognitive Slack Governance Model 

Two factors distinguish the ICS governance model and our approach to designing and 
managing hybrid organizations from others. The extent to which a task involves inter-
pretation is first. Interpretation involves assigning contextual meaning to observed phe-
nomena, including application of moral, ethical, pragmatic, organizational, and societal 
frameworks [31]–[33]. Inference, in contrast, refers to the process of drawing conclu-
sions generally from a set of premises in a logical manner [31]–[33]. More complex 
organizational tasks, such as strategic planning, managing capital investments, deciding 
between societal and organizational priorities, and responding to significant and un-
common environmental changes typically involve a greater degree of interpretation 
than simpler and more inference-centric tasks. 

While modern AI agents often possess inference capabilities equivalent to and, in 
some cases, greater than some humans, AI agents generally lack the ability to interpret 
phenomena in contextually grounded ways as humans do – a crucial design considera-
tion. Hybrid organization governance models that intentionally consider and assign 
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more interpretation-centric work to humans with AI agents performing simpler and 
more inference-centric work are likely to outperform other models. Importantly, per-
forming more complex tasks tends to enhance expertise and organizational standing, 
thereby strengthening the perceived roles of humans in hybrid organizations, consistent 
with findings regarding the types of work that humans prefer [33]. 

The extent to which AI agents return cognitive slack to humans is second. Decision-
making robustness distinguishes organizational performance and goal attainment and 
depends significantly on effective employment of expertise and information [27], [34], 
[35]. Cognitive slack represents the dynamic amount of thinking time, or “white space,” 
available to individuals and organizations, and conditions decision-making robustness 
and, consequently, performance [36]. Greater cognitive slack generally enhances or-
ganizational decision-making robustness and goal attainment, especially when task 
completion and goal attainment involve greater degrees of interpretation [34], [35], 
[37]. Organizational governance models that inadequately consider the effects of AI 
agents on cognitive slack are likely to generate less optimal performance [7]–[12]. In 
other words, governance models that purposefully employ AI agents to recover cogni-
tive slack are likely to outperform models that do not. 
 
3.1 Investment Decision-Making Scenario 

Research and development (R&D) investment programs provide organizations with op-
portunities to transform how they accomplish work, strengthen performance, and attain 
goals. Organizations are resource-limited and deciding between investment options is 
typically a significant, complex, and costly task with far-reaching effects [27], [38]. 
The robustness of R&D investment decision-making depends significantly on interpre-
tation, including the extent to which program managers and teams develop and maintain 
awareness of previous and existing organizational investments and associated perfor-
mance [27], [34], [35]. Enhancing R&D investment program performance while return-
ing cognitive slack to the program manager and team provides the context for a study 
underway, including AI agent design. 

Sense-making is essential to organizational investment program performance [37]. 
In the study underway, the program manager and team—all human agents—must de-
velop and maintain shared awareness and assess the relevance of nearly 2,600 funda-
mental research studies funded by a national level R&D sponsor through dozens of 
distributed program managers leading differentiated investment programs. This aware-
ness informs decision-making regarding existing and future robotics and autonomous 
systems research investments. Additionally, the program manager is expected to con-
sider previous investments when managing and restructuring their investment portfolio. 
This sense-making task is costly: it consumes significant amounts of limited resources 
and less informed decision-making outcomes can have severe financial, operational, 
and strategic repercussions. The nature of this task, especially the need to gather, syn-
thesize, and make sense of large volumes of information, means it is well-suited for 
exploring the ICS model, including how it informs AI agent design. 
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3.2 AI Agent Design 

Enhancing performance of interpretation-centric work by the program manager and 
team and recovering cognitive slack drove AI agent design and development. The AI 
agent calculates the likelihood that each of the roughly 2,600 annual studies, describes 
potentially relevant fundamental research using inductive and deductive inference and 
graphically displays the aggregated and stratified results. The program manager and 
team can use recovered cognitive slack to assess the results and relevance of individual 
studies more fully. 

To accomplish this work, the AI agent design includes a multi-layer architecture 
combining natural language processing and unsupervised machine learning algorithms. 
The main layer uses local, domain-specific sentence transformers [39] to convert un-
structured text from investment program reports (IPRs) into embeddings for similarity 
over keyword-specific searches. Hierarchical Density-Based Spatial Clustering of Ap-
plications with Noise [40] is then applied to these IPR embeddings to identify relevant 
IPR groups while isolating noise. A labeling router then uses Term Frequency-Inverse 
Document Frequency [41], probabilistic Latent Dirichlet Allocation [41], and large lan-
guage models based on user choice to create labels for the IPR groups. This design also 
provides a continual learning capability with human-in-the-loop active learning tech-
nique by storing user “liked” IPRs for future reference [42]. Together, these computa-
tional models function as an engine for semantic triage. 

The AI agent ingests data from IPRs, including abstracts, research methodology de-
scriptions, scholarly publication records, research/author information, study goals, ac-
complishments, training opportunities, and other textual descriptions, then projects the 
gathered data onto a unified semantic space. The AI agent then calculates the (cosine) 
similarity of all IPRs [43], using a “target” embedding based on user prompts or a cen-
troid of user-affirmed exemplars. Next, the AI agent creates a visual and an interactive 
analysis using a “dartboard plot” based on an IPR’s syntactic and semantic proximity 
to the target embedding; see Fig. 1. Further categories and tiers, displayed as rings in 
Fig. 1, are created based on user-affirmed IPRs, semantic matching, and machine learn-
ing-derived recommendations. 

This design reifies the ICS model. The AI agent performs inference-centric work, 
taking advantage of its computational power, grounded in program manager-affirmed 
observations (data points). This recovers cognitive slack that the program manager and 
team would have otherwise consumed developing and maintaining awareness of thou-
sands of projects administered by dozens of program managers. The recovered cogni-
tive slack can be used for interpretative work—crucial to goal attainment—comprehen-
sively assessing investment project relevance, implications to existing and future in-
vestments, and deciding to invest or divest of projects based on dynamic environments 
and stakeholder priorities. The recovered cognitive slack can also strengthen organiza-
tional resilience and reliability [44], and contribute to more robust decision-making 
[34]–[36], enhancing the program manager’s organizational standing. 
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Fig. 1. The AI agent delivers an interactive visualization that a program manager can use to assess 
the relevance of thousands of investments. The bullseye (star) is constructed based on program 
manager-affirmed IPRs. Inner ring (orange) projects are the most relevant and identified using 
semantic and syntactic matches. Middle ring (red) and outer ring (blue) projects are identified 
using machine learning techniques. Projects in the outermost ring (white) likely have minimal 
relevance. This approach can enable the program manager and team to develop and maintain 
awareness of relevant investments more effectively and efficiently, and inform decision-making. 

4 Discussion 

Modern AI agents represent a transformative opportunity for organizational stakehold-
ers seeking greater performance and goal attainment. Such agents are increasingly ca-
pable, and many can perform work as well as, and sometimes greater than, human coun-
terparts [1]–[3]. Furthermore, AI agents are not limited in the same ways as human 
agents are [26]. Incorporating AI agents into traditionally human-centric organizations 
could effectively decouple organizational and human performance, thereby enabling 
organizations to generate greater results and stakeholder benefits than they might oth-
erwise. Despite significant investments in AI agents, organizational performance gains 
oftentimes fail to meet expectations [7]–[15]. Furthermore, humans can “game the sys-
tem” and assign less meaningful work to AI agents [10]–[12], further diminishing per-
formance. So, what is the problem? 

Governance models that inadequately consider the interpretative nature of tasks and 
effects that AI agents have on the cognitive slack of human counterparts appear 
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problematic. Human agents generally prefer to perform more complex and less rou-
tinized tasks that enhance their expertise – work that typically involves greater inter-
pretation capabilities. AI agents tend to excel at inference-centric work, especially work 
that demands greater computational power. This distinction is crucial. Organizational 
governance models that inadequately consider this distinction risk assigning interpre-
tation-centric work to AI agents for which they are generally ill-suited and disincentiv-
izing human counterparts. 

Additionally, governance models generally do not consider the effects that AI agents 
can have on cognitive slack, which represents a limited resource that drives decision-
making robustness and, consequently, organizational performance [34]–[36]. Instead, 
organizational governance models tend to focus on less meaningful measures, such as 
the frequency of interactions with an AI agent and token usage [7]–[15]. Such measures 
are tenuously connected to organizational productivity and can incentivize human be-
haviors that increase organizational costs while diminishing productivity.  

The ICS governance model puts these two crucial factors at the heart of hybrid or-
ganization design and management. This approach is also likely to generate secondary 
effects that further strengthen performance and goal attainment. The ICS model notion-
ally strengthens human roles and standing in hybrid organizations and, by extension, 
agency and prestige, incentivizing humans to work with AI agent counterparts. More-
over, the ICS model can also strengthen organizational resilience and reliability [44], 
which are key to mission accomplishment in more complex environments. 

Three limitations on the existing ICS model relevance are especially important. First, 
the supporting study is ongoing with comparative experimentation scheduled for later 
this year. Empirical findings are needed to more thoroughly assess theoretical argu-
ments regarding ICS model usefulness. Second, approaches to distinguishing interpre-
tation- and inference-centric work, as well as the degree to which a task involves inter-
pretation capabilities are absent. Scholars and practitioners would likely find heuristic 
and other indicators useful in considering and using the ICS model. Third, the ongoing 
study involves a single investment program manager and team, limiting generalizabil-
ity. Community members might consider ICS model merits more seriously if the scope 
of the study were broader. 

Significant investment in hybrid organizations is likely to continue, making further 
exploration of the ICS model worthwhile. Future research should explore frameworks 
for differentiating interpretation- and inference-based work in the context of hybrid or-
ganizations and the relative capabilities of human and AI agents, systematically extend 
the scope of the ongoing study, and construct frameworks for assessing cognitive slack 
availability and adequacy. 

5 Conclusion 

Academic, commercial, non-profit, and government sector organizations continue 
investing significantly in AI agents to enhance performance and goal attainment. Lim-
itations on human performance generally bound the extent to which organizations ac-
complish their missions and generate stakeholder benefits. Hybrid organizations appear 
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to provide a structure for moving beyond human-centric bounds, although common 
governance models have been unable to take full advantage of human and AI agent 
capabilities overall. This paper described the ICS governance model in the context of 
national level fundamental research investment decision-making and how it informed 
AI agent design and output. The ICS model and its emphasis on interpretation capabil-
ities and recovery of cognitive slack can benefit scholars and practitioners alike. More-
over, the ICS model should enhance human agency and organizational resilience, which 
are increasingly important to modern organizations. 
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