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Dynamic Complementarity in Human–LLM Collaboration
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Human–AI complementarity asks whether combining human and AI capabilities improves task performance. When the same person
works with a large language model (LLM) across a sequence of related tasks, however, earlier collaboration choices may change the
competence available for subsequent tasks. We use competence to refer to the person’s ability to perform tasks independently and to
evaluate or correct LLM outputs. We call this perspective dynamic complementarity: evaluating a collaboration pattern through task
outcomes across the sequence and the competence carried forward. We instantiate dynamic complementarity in a stylized simulation
with Human-only, LLM-only, and LLM-assisted modes. We compare a myopic policy based on current task utility with a dynamic
policy that also accounts for competence change. Across our simulated regimes, the two policies can achieve similar task utility
while leaving substantially different human competence, but coincide when LLM-assisted work preserves competence. These results
illustrate why conclusions about human–LLM complementarity can depend on how collaboration shapes the competence available for
subsequent tasks.

Additional Key Words and Phrases: human–AI complementarity, human–LLM collaboration, repeated assistance, human competence,
dynamic decision-making

1 Introduction

Human–AI complementarity asks how human and AI capabilities should be combined to improve task performance.
Prior work has studied when human and machine strengths are complementary and how responsibility should be
allocated among a human, a model, or a combined system [4, 7–9]. These approaches address collaboration for a task
given the capabilities available at that point. Repeated collaboration with large language models (LLMs) adds a second
consideration: earlier collaboration choices can change the competence the same person carries into subsequent related
tasks [3, 5, 6, 10]. We use competence to refer to the person’s ability to perform tasks independently and to evaluate
or correct LLM outputs. A collaboration choice can therefore affect both task outcomes and subsequent competence.
Recent work has studied how AI assistance can affect learning, skill retention, and productivity over time [1, 2]. Our
focus is how changes in human competence affect the evaluation of complementarity itself. We call this perspective
dynamic complementarity: evaluating repeated human–LLM collaboration through both task outcomes across the
sequence and the competence carried forward.

2 Dynamic Complementarity Framework

We consider human–LLM collaboration across related decision tasks requiring human judgment about an output. For
each task, work occurs in one of three stylized modes: (i) Human-only, where the person works independently; (ii)
LLM-only, where the task is delegated to the model; and (iii) LLM-assisted, where the person uses the model while
remaining responsible for evaluating or integrating its output. A collaboration policy selects among these modes across
the sequence and may represent a workflow rule, system design, or user behavior. Figure 1(a) summarizes the feedback
loop: the collaboration mode affects the current task outcome and competence carried into subsequent tasks, which in
turn shapes independent performance and the ability to evaluate or correct LLM outputs.

3 Stylized Simulation Model

We use a stylized simulation to examine when competence change alters the evaluation of collaboration patterns.

Manuscript submitted to ACM 1



53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

2 Negin Yazdani Motlagh, Negar Yazdani Motlagh, and Lewis Tseng

(a) Feedback loop. (b) Passive-assistance baseline. (c) Competence gap across regimes.

Fig. 1. Dynamic complementarity framework and simulation results.

For each task, a policy selects Human-only, LLM-only, or LLM-assisted work. The selected mode determines current
task utility, which reflects task success minus mode cost, and updates competence for subsequent tasks. Competence
affects independent performance and, during LLM-assisted work, the ability to identify and recover from incorrect LLM
outputs. To represent competence change, each mode 𝑎 has a competence level𝑚𝑎 ∈ [0, 1] that repeated use tends to
sustain. Competence evolves according to

𝑐𝑡+1 = Π [0,1] [𝑐𝑡 + 𝜌𝑎 (𝑚𝑎 − 𝑐𝑡 )] , (1)

where 𝜌𝑎 controls how quickly competence moves toward𝑚𝑎 , and Π [0,1] keeps competence within [0, 1]. We vary𝑚𝑎

across four regimes: delegation-like, passive, competence-preserving, and tutoring-like. These are modeling assumptions,
not empirical estimates of how LLM use changes human competence. We compare amyopic policy maximizing expected
current-task utility with a dynamic policy that also accounts for effects on subsequent competence.

4 When Does Dynamic Evaluation Matter?

Similar utility can hide different competence outcomes. In the passive-assistance regime, the myopic policy
selects LLM-assisted work throughout the sequence and therefore coincides with the LLM-assisted-only policy. The
dynamic policy instead mixes Human-only and LLM-assisted work. Figure 1(b) shows that the policies achieve similar
cumulative task utility (645.0 vs. 649.4) but leave substantially different terminal competence (0.45 vs. 0.86). Thus,
similar task utility can mask substantial differences in competence available for subsequent tasks. The difference
depends on competence dynamics. Figure 1(c) shows that the terminal-competence gap between the dynamic
and myopic policies is largest in the delegation-like regime, smaller under passive assistance, and disappears in the
competence-preserving and tutoring-like regimes. In the latter two, the policies coincide because LLM-assisted work
preserves competence while providing high task utility. Thus, in our simulations, dynamic evaluation changes the
conclusion when collaboration modes have sufficiently different effects on competence across the sequence.

5 Implications and Next Steps

Because the model is stylized and not empirically calibrated, the results do not establish how LLM use changes
human competence in practice; they show why competence change can alter the evaluation of repeated human–
LLM collaboration. Testing whether such dynamics arise requires longitudinal studies of independent performance
and the ability to evaluate LLM outputs over repeated use, including when assistance is removed or degraded. For
human computation and collective intelligence, dynamic complementarity suggests evaluating repeated human–LLM
collaboration, including task-routing and collaboration policies, through both task outcomes across a sequence and the
competence users retain for subsequent work.
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