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ABSTRACT 

Artificial intelligence is entering the workflow faster than most organizations are redesigning learning. This 

paper argues that the central L&D challenge is no longer individual AI literacy alone, but the collective capability 

of teams to reason, coordinate, challenge, remember, and improve with AI. An integrative review of peer-

reviewed research and recent workforce studies is used to connect human-AI teaming, transactive memory, 

shared models, workplace learning, and capability development. The evidence is striking: 84% of executives 

expect regular human-AI collaboration within three years, yet only 26% of workers report being trained to 

collaborate effectively with AI; high-performing teams report higher AI use than other teams (78% versus 54%), 

but their advantage is also associated with trust, apprenticeship, agility, and human connection. The paper 

proposes the CYCLE framework: Clarify roles, Yield to evidence, Capture memory, Learn through correction, 

and Embed routines. It translates the framework into a practical operating model for L&D, including team 

simulations, decision-trace practices, peer challenge, AI debriefs, and measures of transfer at team level. The 

argument is deliberately human-centered: AI may accelerate access to knowledge, but collective capability 

develops only when people can question outputs, speak up, share judgment, and retain learning. The paper 

concludes with propositions and a field-research agenda for testing durable team capability over time. 

Keywords: Human-AI Teaming; Collective Capability; Workplace Learning; Transactive Memory; Learning 
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INTRODUCTION 

A familiar scene is emerging in organizations. A team receives an AI assistant, employees complete introductory 

training, and usage rises. Yet the work does not necessarily become more reliable. One person accepts an output 

too quickly, another quietly recreates the analysis, a third knows the relevant customer context but is not 

consulted, and the rationale behind the final decision disappears into a chat window. Everyone has “used AI,” 

but the team has not necessarily learned. 

This distinction matters for Learning and Development (L&D). The dominant unit of corporate learning has long 

been the individual, a learner is enrolled, assessed, certified, and expected to transfer knowledge into work. AI-

enabled work unsettles that model because cognition is increasingly distributed across people, models, data, and 

workflow systems. A team may contain individually proficient AI users and still perform poorly if roles are 

unclear, outputs are not challenged, expertise is invisible, or lessons are not retained. 

Recent workforce evidence makes the gap visible. Accenture surveyed 14000 workers and     1100 executives 

across 12 countries and 20 industries; 84% of executives expected regular human-AI collaboration within three 

years, but only 26% of workers reported training for effective collaboration. Only 11% of organizations were 

described as equipped for effective co-learning (Accenture, 2025). LinkedIn Learning found that 49% of learning 

and talent professionals said executives were concerned that employees lacked the skills required to execute 
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business strategy (LinkedIn Learning, 2025). These findings point to a design problem, not simply a content 

shortage. 

This paper reframes AI learning around the team. It asks: What does a team need to learn when AI becomes a 

participant in reasoning, memory, and coordination? How should L&D design for that learning? The contribution 

is a practical conceptual model the CYCLE framework that connects team-learning theory with current evidence 

and translates it into an L&D operating model. 

METHOD 

The paper uses an integrative evidence review. Peer-reviewed studies were selected for their relevance to human-

AI teaming, team cognition, transactive memory, workplace learning, and real-world productivity. Large 

workforce reports were included when they disclosed sample sizes or methods and offered current evidence 

useful to L&D practice. The review does not combine percentages as if they came from one population; survey 

designs, contexts, and definitions differ. Statistics are therefore presented as signals from their original studies, 

not as universal causal estimates. 

Sources were examined for four questions: (a) how AI changes work and learning, (b) what differentiates 

effective from ineffective human-AI performance, (c) which social mechanisms support collective learning, and 

(d) what L&D can design and measure. The result is a conceptual synthesis rather than a primary empirical study. 

From AI Skill to Team Capability 

Productivity is real, but uneven 

Evidence shows why organizations are enthusiastic. A Microsoft research synthesis of more than a dozen 

workplace studies included a randomized trial across more than 60 organizations and approximately 6000 

employees. Copilot users created and edited 10% more documents, read 11% fewer emails, and spent 4% less 

time interacting with email, effects on meetings differed by company (Jaffe et al., 2024). In a study of more than 

700 consultants, workers using GPT-4 on tasks within the technology’s capability boundary improved 

performance by nearly 40%. On a task outside that boundary, performance fell by an average of 19% points 

(Dell’Acqua et al., 2023). The lesson for L&D is direct, competence includes recognizing where AI helps and 

where it misleads. 

The AI’s capability is uneven and difficult to predict(“jagged frontier”) is not mastered through a prompt library 

alone. It requires domain judgment, verification, and social checks. When AI produces fluent answers, teams 

need routines that make uncertainty discussable. Otherwise, speed can conceal error rather than remove it. 

Team learning is a social and cognitive process 

Team learning occurs when members seek feedback, discuss errors, experiment, and change shared ways of 

working. In human-AI settings, this learning extends beyond interpersonal exchange. Teams must build a shared 

understanding of what the AI is for, what evidence it can access, which decisions remain human, and how 

responsibilities move at handoff points. These shared view of AI models reduce coordination loss because 

members interpret the same AI contribution within a common frame. 

Transactive memory provides a second foundation. Teams perform better when members know who knows what 

and can retrieve expertise efficiently (Yan et al., 2021). AI complicates this map. It can retrieve broad 

information quickly, but it may not know local history, tacit constraints, or the consequences of a wrong answer. 

Teams therefore need a three-part expertise map, what people know, what the AI can retrieve or generate, and 

what must be validated through authoritative sources or accountable experts. 
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High performance remains deeply human 

A 2026 Deloitte survey of 1394 employees found that respondents in high-performing teams were more likely 

to report using AI than those in other teams (78% versus 54%). Yet AI use was not the whole story. Members 

of high-performing teams were 2.3 times as likely to feel trusted by their leader and 2.3 times as likely to feel 

respected and appreciated by peers. They were also nearly three times as likely to report a culture of 

apprenticeship (40% versus 15%) (Deloitte, 2026). These associations should not be treated as proof that any 

single factor causes performance; they do show that AI adoption sits inside a human system of trust, learning, 

and mutual support. 

For L&D, this is the turning point. The future curriculum is not “technical skills versus human skills.” Teams 

need both at the same moment, AI fluency to use the system, critical thinking to interrogate it, psychological 

safety to challenge it, and collaborative discipline to turn one person’s discovery into shared capability. 

The CYCLE Framework for Human-AI Team Learning 

The CYCLE framework describes five recurring practices through which a team converts AI access into 

collective capability. It is a learning cycle rather than a maturity ladder, teams repeat it as tasks, tools, and risks 

change. 

 

Practice Team question L&D design response 

Clarify roles 
Who frames, generates, verifies, decides, 

and remains accountable? 

Role cards, handoff maps, scenario-based 

simulations 

Yield to 

evidence 

What evidence supports the output, and 

what would change our mind? 

Source-check routines, confidence labels, 

challenge prompts 

Capture 

memory 

What did we decide, why, and where will 

the lesson live? 

Decision traces, validated prompt patterns, 

reusable cases 

Learn through 

correction 

How will an error, override, or surprise 

improve the next attempt? 

After-action reviews, error taxonomy, 

correction logs 

Embed routines 
Which behaviors must become part of 

recurring work? 

Team agreements, manager coaching, 

workflow nudges, review cadence 

 

Table 1. The CYCLE framework for collective capability in human-AI teams. 
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Clarify roles 

Human-AI work often fails at the seam between tasks. A model drafts, a person reviews, and a manager approves 

but no one is sure whether review means checking tone, facts, compliance, or business judgment. Role clarity 

should specify four things: the AI contribution, the human contribution, the validation standard, and final 

accountability. L&D can make this visible through short simulations in which teams must assign roles before 

touching the tool. 

Yield to evidence 

Good teams do not yield to AI authority, they yield to evidence. This practice separates fluency from truth. Team 

members ask what source supports the claim, whether the source is current and appropriate, which assumptions 

were introduced, and what counter example could invalidate the answer. The aim is calibrated reliance rather 

than habitual trust or habitual rejection. 

Capture memory 

If insight remains in one employee’s conversation history, the organization has rented intelligence for a moment 

rather than built capability. Teams should preserve validated decisions, rationales, useful prompts, rejected 

options, and known failure conditions. However, capture must be selective. Saving every interaction creates 

noise; preserving reviewed knowledge creates memory. 

Learn through correction 

Errors are especially valuable learning events because they reveal the boundary between model capability and 

work reality. A lightweight debrief can ask, What did the AI produce? What did a person notice? Why was the 

issue initially plausible? What check would detect it earlier next time? The output is not blame, but a reusable 

correction pattern. In regulated or high-consequence settings, such patterns can also strengthen governance and 

auditability. 

Embed routines 

Capability becomes durable when it survives the workshop. Teams can embed a two-minute source check before 

approval, a rotating devil’s advocate in decision meetings, a weekly review of one AI-assisted case, or a manager 

question such as, “What did the team learn that should be reused?” The routine should be small enough to sustain 

and explicit enough to observe. 

A New L&D Operating Model 

Design for teams, not only learners 

An individual course can introduce concepts, it cannot by itself establish team coordination. L&D should pair 

foundational learning with team-based practice on authentic work. A useful sequence is, common language, role-

specific skill, team simulation, supervised application, and a 30-day evidence review. The learning asset is only 

one component, the operating routine is the transfer mechanism. 

The design should also retain apprenticeship. Accenture reported that organizations creating conditions for 

human-AI co-learning saw five times higher workforce engagement, four times faster skill development, and 

four times greater likelihood of innovation than others in its study (Accenture, 2025). These are reported 

associations within that research, not guarantees. They nevertheless reinforce the value of peer demonstration, 

joint problem-solving, and learning embedded in work. 
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Develop managers as learning orchestrators 

Managers shape whether employees can question AI without appearing resistant, admit uncertainty without 

losing credibility, and invest time in reflection. L&D should equip managers to model transparent verification, 

invite dissent, protect learning time, and recognize knowledge sharing. The manager’s role is not to become the 

most technical AI user, it is to create the conditions in which the team can learn safely and quickly. 

Measure collective capability 

Completion remains useful for reach, but it is weak evidence of transfer. Team-level measurement should 

combine leading and lagging indicators. Leading indicators include role clarity, frequency of source checks, 

participation in debriefs, and reuse of validated knowledge. Lagging indicators include repeated-error rate, 

rework, escalation quality, decision cycle time, quality outcomes, and the stability of performance across team 

members. 

Measurement should avoid turning judgment into surveillance. L&D should collect the minimum data needed, 

explain its purpose, and report patterns at an appropriate level. The aim is to improve the learning system, not to 

create covert individual performance scores. 

Practical Application: A 90-Day Pilot 

A practical pilot can begin with three to five teams performing comparable knowledge work. During the first 

two weeks, L&D maps one recurring workflow and interviews team members about handoffs, AI use, common 

errors, and existing knowledge sources. A baseline is established for rework, decision time, confidence, and 

repeated-error patterns. 

In weeks three and four, teams complete a facilitated simulation built around a realistic case. They define roles, 

interrogate AI output, record a decision trace, and conduct a brief correction review. Each team then selects two 

CYCLE routines to use in live work. Examples include a verification checklist for customer-facing content and 

a weekly ten-minute review of one AI-assisted decision. 

During weeks five to ten, managers coach the routines and L&D gathers lightweight evidence, samples of 

decision traces, reuse of validated artifacts, observations of handoffs, and team pulse responses. In weeks eleven 

and twelve, teams compare baseline and current performance, identify unintended friction, and decide which 

routines to stop, adapt, or scale. A comparison group receiving only individual AI training would strengthen the 

evaluation, although business constraints may require a phased rollout rather than a formal experiment. 

Research Propositions and Future Study 

Proposition 1: AI usage intensity will have a weaker relationship with sustained team performance than the 

combined quality of role clarity, evidence checking, and correction routines. 

Proposition 2: Transactive memory that explicitly distinguishes human expertise, AI capability, and authoritative 

evidence will reduce duplicated effort and improve escalation quality. 

Proposition 3: Psychological safety will moderate collective judgment calibration; teams in which members can 

challenge both AI output and senior colleagues will learn faster from near misses and errors. 

Proposition 4: Knowledge capture will improve capability only when artifacts are validated, discoverable, and 

embedded in recurring work; indiscriminate capture will increase information burden. 

Future research should use longitudinal, team-level designs. One promising approach is to compare team 

performance before and after a CYCLE intervention across engineering, customer service, analytics, and L&D 

operations. Quantitative workflow data should be interpreted alongside interviews and artifact analysis. The 
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research question is not merely whether AI increases output, but whether the team becomes more capable of 

producing reliable value over time. 

Limitations 

This paper is conceptual and relies on secondary evidence. The cited studies differ in sectors, countries, 

technologies, definitions, and outcome measures, their statistics are not directly comparable. Several findings 

are based on self-report and association rather than causal designs. AI capability also changes rapidly, which 

may alter specific practices. The framework therefore requires empirical testing and contextual adaptation, 

particularly in high-risk domains where validation and accountability standards are stricter. 

CONCLUSION 

AI is making knowledge abundant, but abundance is not the same as capability. A team becomes capable when 

it can frame a problem, distribute work intelligently, question plausible answers, combine machine output with 

human context, learn from correction, and remember what matters. That is a collective achievement. 

The implication for L&D is both demanding and energizing. The function must move beyond teaching 

individuals how to operate AI and help teams redesign how they think and learn together. The CYCLE 

framework offers a practical starting point, clarify roles, yield to evidence, capture memory, learn through 

correction, and embed routines. If L&D can make those practices visible and repeatable, AI adoption can become 

more than faster task completion. It can become durable, responsible, and genuinely human-centered collective 

capability. 
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