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1. Introduction 

Artificial intelligence is entering a new domain in which a system is no longer used to make predictions but rather 
engages with a human in a cooperative interaction wherein each participant makes some decisions but relies on 
the others for specific types of decisions. Within connected and cooperative systems, the primary engineering 
challenge is to structure the interactions so that humans and machines could benefit from each other’s capabilities 
under different levels of risk, uncertainty, cognitive load, expertise, and trust. Classical RL is ideally suited to 
address sequential decision-making problems (Sutton and Barto, 2018; Watkins and Dayan, 1992), but an agent 
that maximizes its own reward has less flexibility in shaping the joint behaviors by taking into account the human’s 
capabilities as an interactive partner. 

 
Human–AI collaboration literature offers several compelling directions in which cognitive artifacts can be designed 
to support shared autonomy: user-guided plus learned assistance can improve control performance (Reddy et al., 
2018; Schaff and Walter, 2020), cooperative inverse RL plus preference-based RL approaches encode human 
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information as part of the solution (Hadfield-Menell et al., 2016; Christiano et al., 2017), and human-in-the-loop 
learning more generally encodes human expertise within the learning process (Wu et al., 2022). These works 
primarily aim to optimize task outcome probabilities, latent preferences, or human gains in control while making 
relatively few modeling assumptions about transient factors such as workload, trust calibration, and recent 
override patterns. 

Trust is critical to avoid over- or under-reliance on automation (Lee and See, 2004; Hoff and Bashir, 2015). Levels-
of-control theories, in turn, propose that best performance occurs when responsibility is shared between humans 
and machines depending on the demands of the situation, rather than allocating responsibility for specific tasks to 
humans or machines on a permanent basis (Parasuraman et al., 2000). Human-centered AI therefore focuses on 
reliability, comprehensibility, and the opportunity for humans to resume high-level control when the risks of errors 
outweigh the benefits of automation (Shneiderman, 2020; Amershi et al., 2019). This implies that cognitive 
workload must be regarded as a control variable, which is managed by the machine depending on the level of safety, 
workload, and team performance. 

 
The Indian context adds urgency to this matter. The IndiaAI Mission with a budget outlay of Rs. 10,371.92 crore is 
guided by thrust areas of Compute, Data and Application Ecosystems, Future Skills, Startups and Safe and Trusted 
AI; the Government of India has mandated the IndiaAI Mission to promote the cause of Micro, Small and Medium 
Sized Enterprises (MSMEs) through inclusive AI (Government of India, 2024, 2026). The responsible-AI framework 
of the NITI Aayog prioritizes Safety and Reliability, Privacy and Security, Transparency and Accountability, Equity 
and Inclusion, and Positive Human Values for India’s AI development (NITI Aayog, 2021). The Digital Personal Data 
Protection Act, 2023 directs processing of personal data only upon lawful basis, notice and obtaining consent, and 
provides rights to the data principal, including withdrawal of consent (Government of India, 2023). Thus India’s 
regulatory and strategic environment makes it preferable to opt for systems with trusted autonomy – systems that 
have the flexibility of taking some actions on their own while remaining aware that a human operator retains 
ultimate authority and responsibility at all times, including being able to intervene if the system’s suggested actions 
or omissions are inappropriate or undesired. 

 
Recent studies in IJAIML have explored the human–machine cooperation in automated systems and human–AI 
intelligent interfaces, including human–AI specific applications in India (Kaur et al., 2026; Harika et al., 2026). The 
current research extends this line of work by defining a human cognition-aware decision architecture that 
integrates beyond single-application heuristics. The present paper introduces the Cognitive Reinforcement 
Learning Architecture (CRLA) that enables human–AI cooperative decision-making through value learning with 
cognition-aware arbitration, safety shielding, explainable role allocation, and auditability. For interpretability 
purposes, the tabular Q-learning equivalent (as opposed to the deep RL variants) was utilized in the prototype, with 
cognition arbitration implemented as a supervisory constraint over the agent’s action selection. The term cognitive 
reinforcement learning here is used in the descriptive sense: that is, the task and human state representations are 
learned by the RL agent, while a separate safety-critical cognition arbitrator governs the autonomy allocation as an 
additional policy. 

 
Related India-linked studies have also demonstrated machine-learning and IoT-enabled predictive systems in 
livestock health management and financial forecasting (Rath et al., 2024; Swain et al., 2024), while fog-enabled 
deep-learning frameworks have been applied to remote heart-disease and breast-cancer diagnosis (Pati et al., 
2022; Pati et al., 2023). 

The main contributions of our effort are (i) cognitive-augmented constrained Markov decision formulation to 
orchestrate human–machine collaboration, (ii) four-action autonomy policy to delegate, recommend, verify, or 
handoff tasks to humans, (iii) an interpretable cognition arbitrator to reason on workload, trust, expertise, machine 
confidence, uncertainty, and risk, (iv) a benchmark environment encapsulating India-centric smart-manufacturing, 
clinical-decision support, and logistics/field domains, and (v) a collaboration optimization index to enable 
optimization over task success, safety, workload, calibration, and response costs. The overarching hypothesis is 
that a cognition-aware collaborative autonomy framework can offer better human–machine team performance 
than RL-based approaches, and that optimization beyond task success is needed to achieve the best possible levels 
of teamwork performance. 
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2. Materials and Methods 

2.1 Research questions and hypotheses 
The study aimed to answer three research questions. First, RQ1 determined whether cognition-aware arbitration 
can lead to better whole-team decision-making than fixed shared autonomy and task-only RL. Second, RQ2 
evaluated if CRLA could make cognitive overload reductions possible while still maintaining learned return and 
acceptable levels of safety. Third, RQ3 tested whether the same arbitration method could demonstrate different 
capabilities across domains with varying risk and uncertainty distributions. Three hypotheses were put forward 
for the simulation analysis. First, it was expected that CRLA would demonstrate a higher COI than rule-based shared 
autonomy and traditional Q-learning methods, thus confirming H1. Second, CRLA was anticipated to exhibit 
reduced exposure to cognitive overload compared to task-only and human-in-the-loop Q-learning approaches 
while still achieving a comparable mean reward to the task-only Q-learning, thus confirming H2. Third, the study 
hypothesized that CRLA’s benefits would be dependent on the domain, with a more significant reduction in 
cognitive workload in manufacturing and logistics than in high-risk clinical decision support tasks, thus confirming 
H3. 

2.2 Cognitive-augmented collaborative decision model 
The collaborative environment is modeled as a partially observed, human-in-the-loop control system. At time t, the 
task state xₜ comprises risk, urgency, uncertainty, task complexity, and machine confidence. The latent human state 
hₜ consists of expertise, workload, fatigue, and trust. The interaction history ηₜ encodes recent override and task-
success signals. The decision agent operates on an augmented state zₜ formed by task context, an estimate of human 
cognition, the machine state, and the interaction history: 
zₜ = [xₜ, ĥₜ, mₜ, ηₜ]  (1) 
In a real-world setting, ĥt could be tracked using minimally invasive behavioral proxies such as response latency, 
ratio of corrections, acknowledgment delay, interaction density, shift duration, and potentially physiological 
measures when available and permitted by privacy and regulatory constraints. The simulation uses directly 
generated latent cognitive variables for demonstration purposes so that the value of state-aware arbitration can be 
evaluated independently from the uncertainty associated with an estimation-error model. A real-world estimator 
could take the form of exponentially weighted moving averages of relevant proxies yₜ: 
ĥₜ = ρ ĥₜ₋₁ + (1−ρ) φ(yₜ), 0 ≤ ρ < 1  (2) 
The action space A includes four collaboration types: a₀ = autonomous execution, a₁ = machine recommendation 
with possible human override, a₂ = explicit verification/joint decision, and a₃ = defer to the human. By this 
construction, role allocation itself becomes a sequential decision-making problem, and not a design choice to be 
made a priori. 

 
2.3 Reinforcement-learning optimizer and constrained reward 
The base learner is an off-policy tabular Q-learning agent. The task risk, uncertainty, and machine confidence are 
discretized into three ordinal bins. The human-in-the-loop baseline also tracks trust and the most recent override. 
The CRLA prototype reuses the task-policy values learned by the base agent and applies a cognitive supervisory 
controller on top of the greedy action selections. This formulation decouples the value-learning contribution from 
the arbitration contribution and prevents capacity gains from a larger function approximator. The Q-values are 
then updated by: 
Q(zₜ,aₜ) ← Q(zₜ,aₜ) + α[rₜ + γ maxₐ Q(zₜ₊₁,a) − Q(zₜ,aₜ)]  (3) 
The learning rate α was set to 0.14 and the discount factor γ to 0.97. The ε-greedy exploration coefficient was 
decayed from roughly 0.85 towards a minimum of 0.03. We trained the policy on all three domain profiles in round-
robin manner, thus exposing the learned baseline to a mixture of different operational conditions. 
The scalar reward encodes a team-oriented objective, not only rewarding task completions, but also penalizing 
mistakes, time pressure, workload, inappropriate fatigue levels and safety violations during autonomous action. 
Time-critical actions, appropriate task distribution and explanations yield smaller rewards. Risk-adapted penalties 
dominate over these smaller terms. 
The general form of the reward function is as follows: 
rₜ = Uₜ − 0.60Lₜ − 0.70Wₜ − 0.40Fₜ − 2.30Sₜ + 0.30Kₜ + 0.10Eₜ  (4) 
In Equation (4), Uₜ denotes task utility; Lₜ, Wₜ, Fₜ, and Sₜ denote latency, workload, fatigue, and safety costs; and Kₜ 
and Eₜ denote calibration and explanation benefits, respectively. 
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A safety violation is triggered when an unsafe decision is made in a high-risk state with risk ≥ 0.70. The 
comparatively large penalty for safety violations is based on constrained-RL intuition, which postulates that the 
reward function should be maximized under a budget constraint on costs (Achiam et al., 2017). The system is 
designed to be compatible with an explicit constrained Markov decision process, for which the expected discounted 
cost of safety is bounded by d: 
Eπ[Σₜ γᵗ cₛ(zₜ,aₜ)] ≤ d  (5) 

 
2.4 Cognitive arbitration and safety shield 
CRLA was applied with deterministic, interpretable arbitration rules to the greedy task-policy action. Thresholds 
were kept constant across all scenarios and were not individually tuned for different domains. First, if the system 
is in a high-risk state (risk > 0.76) with either low machine confidence (confidence < 0.62) or high uncertainty 
(uncertainty > 0.6), it directs such states to explicit verification. Second, in case of high workload (workload > 0.78), 
but sufficient confidence (confidence > 0.62), and acceptable risk (risk < 0.76), the architecture raises the autonomy 
level to reduce extra mental effort. Third, when trust is low (trust < 0.46), it replaces a risky silent-autonomy action 
with an option that would require decision-making from a human. Fourth, when the machine's confidence is low 
(confidence < 0.44), human expertise is high (expertise > 0.72), and risk is moderate (risk < 0.68), the control is 
given to the operator. This policy can be written as: 
a*ₜ = Shield[CogArb(arg maxₐ Q(zₜ,a))]  (6) 
This supervisory construction is deliberately made transparent; it is analogous to a policy shield in safe RL but with 
the addition of human cognitive state and authority allocation. The specific rules are not prescribed and could be 
learned by a gating network or achieved through constrained policy optimization or Bayesian role allocator, but 
we provide a transparent implementation that provides traceability from the perceived condition to the autonomy 
degree. The architecture of this design is shown in figure 1. 

Figure 1. Layered Cognitive Reinforcement Learning Architecture (CRLA). The learned task policy is 
supervised by cognition-aware role allocation, a safety gate, explainable interaction, and 
governance/audit functions. 

 

 
2.5 India-relevant simulation benchmark 
The experimental benchmark consists of three synthetic operational profiles, which were selected based on their 
potential relevance to major areas of India’s AI-driven transformation: smart manufacturing, clinical decision-
support, and logistics/field operations. The three profiles are not necessarily reflective of actual skills, 
requirements, or capabilities of Indian workers, patients, or enterprises, but rather constitute stress tests relevant 
to the Indian context in terms of different mixes of risk, urgency, uncertainty, workload, and domain specificity. 
Smart manufacturing represents the operator–automation team in the context of Industry 4.0/5.0 and MSME 
development; clinical decision-support represents critical recommendations requiring conservative validation; 
logistics and field operations represent time-critical but uncertain decisions with occasional domain-specific 
automation. The parameters for each of the profiles are given in Table 1 below. 
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Table 1. Parameters of the India-relevant synthetic benchmark profiles. 
Scenario Risk μ Urgency μ Uncertainty 

μ 
Workload μ Domain shift 

Smart 
Manufacturing 

0.55 0.55 0.40 0.58 0.18 

Clinical 
Decision 
Support 

0.72 0.64 0.55 0.63 0.22 

Logistics and 
Field 
Operations 

0.43 0.74 0.48 0.55 0.25 

 
Note. Values parameterize synthetic distributions and do not represent measured population statistics from India. 

Each episode contained 50 sequential decisions. The machine’s decision correctness was positively linked to 
confidence, and negatively linked to domain shift, task uncertainty, and level of complexity. Similarly, human 
performance was positively associated with skill level and negatively associated with workload, fatigue, and 
complexity. All four types of action added different amounts of latency and cognitive workload: autonomous action 
had the lowest latency and cognitive load, recommendation added some latency and a moderate cognitive 
workload, verification added substantial latency and cognitive workload, and deferral added the most latency and 
cognitive workload. Trust was updated based on machine action outcomes, explanations, and overrides. Workload 
and fatigue were dynamically updated during an episode, rather than sampled afresh at each decision point. 

 
2.6 Baselines, training and evaluation protocol 
Four methods were compared: (1) rule-based shared autonomy with hard-coded rules for risk, uncertainty, 
workload, confidence, and trust (no adaptation), (2) a standard Q-Learning algorithm that learned states 
characterized by task risk, uncertainty, and machine confidence, (3) a HITL Q-Learning variant, which incorporated 
an expanded state representation consisting of the learned standard state plus human trust and previous override 
actions, and (4) the proposed CRLA methodology, which used the standard learned base policy and incorporated 
the cognitive safety/arbitration described in the previous section. The standard algorithm was trained on 1,800 
episodes and HITL on 2,200, while the wrapper introduced in CRLA received no additional reward training 
episodes. The learning curves are depicted in Figure 2. 

 
Figure 2. Smoothed training reward for the value-learning baselines. CRLA uses the trained standard Q-
policy as its base decision policy and therefore does not require a separate reward-training curve in the 
reported prototype. 

 
 

The evaluation used 180 episodes per scenario for each method, resulting in 540 matched scenario-episode 
observations per method and 2,160 total evaluation episodes across all methods. Within a scenario, all the methods 
shared the same random seed, allowing for paired statistical comparisons. The primary outcome measures 
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included the mean reward per step, the success rate in completing the tasks, the number of safety violations per 
100 decisions, the human override rate, the normalized decision latency, the percentage of time with a workload 
value exceeding 0.8 (overload exposure), autonomy calibration, and the final level of trust. The evaluation was 
conducted in Python using NumPy, pandas, and SciPy libraries. Statistical comparisons used two-tailed paired t-
tests with significance level α = 0.05, while paired Cohen’s dz was used to estimate the standardized effect size. 

2.7 Collaboration Optimization Index 
A study-defined Collaboration Optimization Index (COI) was constructed to avoid an undue emphasis on a single 
task accuracy. It comprised a value between approximately 0 and 100, which incorporated task success (30%), 
autonomy calibration (15%), freedom from overload (25%), safety (20%), and latency (10%) into a single metric. 
The safety metric was calculated as clip(100 – 10 × safety violations per 100, 0, 100). Similarly, the latency metric 
was calculated as clip[100 × (1 – latency/0.30), 0, 100]. 
COI = 0.30 S + 0.15 K + 0.25(100−O) + 0.20 V + 0.10 L (7) 
Here S is success rate, K is calibration, O is overload exposure, V is the derived safety score, and L is the latency 
score. The weights have been chosen so that success/calibration comprises 45% of the index, while 
workload/safety comprises the other 45%, with the remaining 10% allocated to responsiveness. Note that the COI 
was constructed as an analytical construct for this study only: it is not a clinically or industrially established metric. 
This is why we emphasize trade-offs relative to the success rate. 

 
2.8 Ablation analysis and reproducibility 
An ablation analysis was carried out on the standard learned Q-policy with: safety gate only, cognitive-load relief 
only, trust/expertise arbitration only, and the whole CRLA wrapper. The ablation was performed on 120 randomly 
sampled episodes per scenario. The random seeds, source code, and results tables are available in the 
supplementary material. As there were no human participants or patients, no ethical approval was needed, and all 
data were artificially generated. 

 

3. Results and Discussion 

3.1 Aggregate performance 
Table 2 below presents aggregated results across the three scenarios. In terms of COI, the CRLA policy had the best 
result among the options (56.16), compared with rule-based shared autonomy (47.99), standard Q-learning 
(53.84), and HITL Q-learning (54.80). However, it was not achieved by maximizing task success directly since HITL 
Q-learning had the best success rate (75.91%) and calibration (90.26%), while the CRLA had 71.80% success rate 
and 82.60% calibration. Instead, the CRLA moved the system towards a different operating point, which manifested 
in a decreased exposure to overload (79.20%) compared to standard Q-learning (90.49%) and HITL Q-learning 
(90.82%), and lower normalized latency (0.186 vs 0.205 and 0.214). Thus, the CRLA demonstrated the intended 
prioritization of collaboration. 

Table 2. Aggregate performance across 540 matched evaluation episodes per method. 

Method Reward 
Success 
% 

Safety 
/100 

Overrid 
e % 

Latency 
Overloa 
d % 

Calibrat 
ion % 

COI 

Rule-based 
Shared 
Autonomy 

 
-1.341 

 
53.44 

 
5.88 

 
28.33 

 
0.195 

 
82.20 

 
74.65 

 
47.99 

Standard Q- 
Learning 

-0.476 72.72 5.24 34.35 0.205 90.49 88.91 53.84 

HITL Q- 
Learning 

-0.340 75.91 5.00 31.75 0.214 90.82 90.26 54.80 

Proposed CRLA -0.485 71.80 5.13 29.65 0.186 79.20 82.60 56.16 

 
The increase in success compared to rule-based shared autonomy was 18.36%, while COI was up by 8.18, and safety 
violations were down by 0.75 per one hundred decisions. Compared to standard Q-learning, the CRLA decreased 
the exposure to overload by 11.29 percentage points while increasing COI by 2.32 points. Its mean reward was only 
0.009 per step lower than that of standard Q-learning, which was not a significant difference according to the paired 
test (p = 0.605). Therefore, there was no sufficient evidence against H2 regarding rewards, while the decrease in 
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success by 0.91 points compared to standard Q-learning was significant due to the high power of paired tests (p = 
0.007). However, the effect size was small (dz = −0.117). Thus, it is necessary to consider both statistical significance 
and practical importance. 

3.2 Statistical comparisons and effect sizes 
The paired comparisons in Table 4 reveal that all six CRLA benchmarks against the rule-based baseline were 
statistically significant (all p < 0.001), including safety violations and overload exposure. Against standard Q-
Learning, the biggest wins for CRLA occurred in reduced overload (dz = −0.679) and improved COI (dz = 0.426); 
safety violations and mean reward were not significantly different. By comparison, HITL Q-Learning resulted in 
CRLA trading off decreased success and calibration for drastically reduced overload (dz = −0.613) and a modest 
improvement in COI (dz = 0.257). Thus, CRLA is not uniformly superior across all outcome dimensions. Rather, it 
reflects a Pareto-like efficiency in the domain, simultaneously improving cognitive sustainability and response 
effectiveness while maintaining task performance. 

Table 4. Paired comparisons of CRLA with baselines (n = 540 matched episode–scenario pairs). 
Comparison 
baseline 

Metric 
Mean difference 
(CRLA − baseline) 

p Paired dz 

Rule-based Shared 
Autonomy Reward 0.856 <0.001 1.527 

Rule-based Shared 
Autonomy Success rate 18.363 <0.001 1.602 

Rule-based Shared 
Autonomy 

Safety 
violations/100 

-0.748 <0.001 -0.169 

Rule-based Shared 
Autonomy 

Overload exposure -3.000 <0.001 -0.169 

Rule-based Shared 
Autonomy 

Calibration 7.956 <0.001 1.690 

Rule-based Shared 
Autonomy 

COI 8.177 <0.001 1.033 

Standard Q-Learning Reward -0.009 0.605 -0.022 
Standard Q-Learning Success rate -0.915 0.007 -0.117 

Standard Q-Learning 
Safety 
violations/100 

-0.111 0.472 -0.031 

Standard Q-Learning Overload exposure -11.289 <0.001 -0.679 
Standard Q-Learning Calibration -6.309 <0.001 -1.405 
Standard Q-Learning COI 2.320 <0.001 0.426 
HITL Q-Learning Reward -0.145 <0.001 -0.326 
HITL Q-Learning Success rate -4.107 <0.001 -0.451 

HITL Q-Learning 
Safety 
violations/100 

0.137 0.397 0.036 

HITL Q-Learning Overload exposure -11.619 <0.001 -0.613 
HITL Q-Learning Calibration -7.654 <0.001 -1.157 
HITL Q-Learning COI 1.365 <0.001 0.257 

 
Note. Two-sided paired t-tests; α = 0.05. Differences in percentage metrics are percentage points. 

3.3 Domain-specific behavior 
Scenario-level results in Table 3 and Figure 3 reveal that the value of cognitive arbitration depends on operating 
context. In smart manufacturing, CRLA produced a COI of 66.47, substantially above HITL Q-Learning (61.63) and 
standard Q-Learning (59.85). This gain was driven by a reduction in overload exposure to 56.31%, compared with 
86.69% for standard Q-Learning and 89.78% for HITL Q-Learning, together with the lowest latency (0.16). The 
result is consistent with the architecture's workload-relief rule: when risk is not extreme and machine confidence 
is adequate, the system can remove repetitive supervisory demand while reserving verification for uncertain high-
risk states. 
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Table 3. Scenario-wise performance of the four collaboration strategies. 

Scenario Method 
Success 
% 

Safety 
/100 

Latency 
Overload 
% 

Calibrati 
on % 

COI 

Smart 
Manufacturin 
g 

Rule-based 
Shared 
Autonomy 

 
50.67 

 
1.21 

 
0.184 

 
72.47 

 
71.67 

 
54.27 

Smart 
Manufacturin 
g 

Standard Q-
Learning 

70.19 0.81 0.190 86.69 89.46 59.85 

Smart 
Manufacturin 
g 

HITL Q-Learning 78.10 0.66 0.213 89.78 93.60 61.63 

Smart 
Manufacturin 
g 

 
Proposed CRLA 

 
69.29 

 
0.89 

 
0.157 

 
56.31 

 
78.44 

 
66.47 

Clinical 
Decision 
Support 

Rule-based 
Shared 
Autonomy 

 
62.92 

 
16.40 

 
0.200 

 
92.99 

 
79.66 

 
36.83 

Clinical 
Decision 
Support 

Standard Q-
Learning 

74.28 14.89 0.214 94.49 85.76 40.52 

Clinical 
Decision 
Support 

HITL Q-Learning 75.47 14.33 0.218 94.56 86.47 40.98 

Clinical 
Decision 
Support 

 
Proposed CRLA 

 
74.40 

 
14.49 

 
0.209 

 
94.37 

 
83.89 

 
40.89 

Logistics and 
Field 
Operations 

Rule-based 
Shared 
Autonomy 

 
46.73 

 
0.03 

 
0.201 

 
81.14 

 
72.61 

 
52.85 

Logistics and 
Field 
Operations 

Standard Q-
Learning 

73.69 0.03 0.211 90.29 91.51 61.15 

Logistics and 
Field 
Operations 

HITL Q-Learning 74.17 0.00 0.211 88.12 90.70 61.78 

Logistics and 
Field 
Operations 

 
Proposed CRLA 

 
71.72 

 
0.02 

 
0.193 

 
86.92 

 
85.47 

 
61.12 

 
Figure 3. Collaboration Optimization Index by application profile. CRLA produces its largest advantage in 
smart manufacturing and remains conservative in the high-risk clinical profile. 
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Clinical decision support produced a different pattern. All methods experienced higher safety-violation rates 
because this profile sampled higher task risk and uncertainty. HITL Q-Learning achieved the highest COI (40.98), 
narrowly followed by CRLA (40.89). CRLA's overload was high (94.37%) because the safety gate actively caused 
many high-risk decisions to be sent to verification rather than increasing autonomy. This is a conservative 
performance in a high-consequence domain since cognitive relief was not obtained by decreasing verification of 
safety-critical events merely to improve the workload metric. This supports H3 and explains why a single autonomy 
target is insufficient across different domains. 

In logistics and field use cases, the results were similar to the clinical scenario as far as COI is concerned (CRLA: 
61.12, HITL Q-Learning: 61.78, standard Q-Learning: 61.15), but with much lower latency and moderately lower 
overload than standard Q-Learning. In this scenario, urgency was high but risks were lower than the previous case, 
defining a regime in which the value of faster autonomous action outweighed the risks as long as confidence was 
adequate. Figure 4 displays the aggregate success–overload trade-off, and places CRLA within a lower-burden 
operational envelope than the learned baselines. 

 
Figure 4. Aggregate trade-off between task success and operator overload exposure. The desired direction 
is upward and leftward; CRLA moves toward lower cognitive burden while retaining competitive success. 

 

 
3.4 Ablation analysis 
Ablation results (Table 5 and Figure 5) demonstrate which component was responsible for the observed 
collaboration benefit. The baseline Q-policy yielded COI 53.77, while the addition of only the safety gate resulted in 
a minor improvement to 53.84. In comparison, the trust/expertise arbitration resulted in 53.58. Meanwhile, the 
cognitive-load relief increased COI to 55.88, with reduced exposure to cognitive overload (from 90.39% to 78.87%) 
and reduced latency (from 0.204 to 0.186), albeit at the cost of calibration and a minor decrease in success. The full 
CRLA in this smaller ablation setting resulted in COI 55.83, demonstrating that cognitive-load adaptation dominates 
the contribution from other mechanisms in the current synthetic setting, while safety and trust rules mostly affect 
specific regions of the state space. Notably, the ablation highlights an important direction of future research: in the 
current setup, safety thresholds are fixed and cognitive workload adaptation contributes substantially to COI; in 
practice, safety thresholds should be learned or tuned jointly with workload-adaptation policies. 

 
Table 5. Ablation of the cognitive arbitration layer (360 matched episodes per variant). 

Variant Success % Safety /100 Latency Overload % 
Calibration 
% 

COI 

Base Q policy 73.22 5.39 0.204 90.39 88.73 53.77 
+ safety gate 73.32 5.34 0.205 90.42 88.83 53.84 

+ cognitive-
load relief 

71.53 5.54 0.186 78.87 82.37 55.88 

+ 
trust/expertise 
arbitration 

72.98 5.42 0.205 90.44 88.79 53.58 

Full CRLA 71.56 5.47 0.187 79.16 82.56 55.83 
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Figure 5. Ablation analysis. Cognitive-load relief is the dominant contributor to COI in the synthetic 
benchmark, while safety and trust/expertise rules shape specific risk and confidence regimes. 

 

 
3.5 Relationship to existing human–AI and shared-autonomy research 
CRLA differs from shared autonomy, which focuses on mapping user-specified commands or observations of the 
environment onto useful assistive actions (Reddy et al., 2018), and residual-policy approaches, which make 
minimal modifications to actions conditioned on constraints (Schaff and Walter, 2020). It also differs from 
cooperative inverse reinforcement learning, in which the uncertainty is over the human’s reward function 
(Hadfield-Menell et al., 2016). The assumption of CRLA is that task objectives are fixed but the optimal allocation 
of control authority depends on the human’s cognitive state and the machine’s confidence in its models. As a result, 
the solution to these problems becomes similar to a multi-objective controller for the joint state of the human and 
the machine. 

 
The architecture also incorporates a number of established human–AI interaction principles. The recommendation 
mode and explicit verification ensure opportunities for human correction; trust-based arbitration aims to avoid 
autonomy in cases of mistaken trust; the explainable interaction layer renders decisions to shift autonomy 
transparent; and the governance layer documents the state of the system, its actions, reasoning, and outcomes for 
auditing. All this supports the guidance principles for interaction, which recommend predictable behavior and 
appropriate feedback, control, and correction (Amershi et al., 2019), and the principles of transparency research, 
according to which explanations should be designed to facilitate collaboration rather than simply expose the inner 
workings of the system (Vössing et al., 2022). 

 
3.6 India-specific deployment and governance implications 
For Indian smart manufacturing and MSMEs, the architecture will strive to balance the dual imperative of limited 
automation and full autonomy. A factory operator does not have to approve each high-confidence decision, because 
approving each decision may breed complacency and reduced awareness of out-of-the-ordinary cases. On the other 
hand, an incident of great safety import or from a different field than what is present in the training data should 
always require explicit authorization, even if the AI policy for the task at hand is full scale. This is in full alignment 
with the IndiaAI Mission, which is to put forth responsible and social-impact-focused AI, including for MSMEs 
(Government of India, 2026). In practice, such a model will require edge inference, low cost and reliable sensors, 
fault tolerant connections, and user interfaces which are accessible to operators of all technical levels. 
In terms of clinical decision support, the research reports that CRLA may not include reduction of clinician input. 
CRLA’s clinical picture has a very high verification load because of the preponderance of safety rules as against 
those for workload relief, particularly in high uncertainty. In health care settings in India, systems must retain 
clinician authority while at the same time presenting uncertainty, recording reasons and overrides, and this must 
occur before roll out to other hospitals and different languages. Such systems must also pay attention to clinicians’ 
cognitive state, as the inputs used may reasonably be tied to certain employees or patients. 
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For issues related to logistics, public infrastructure, and field operations, the main issue is that of smooth transition 
of authority. Network delay, local environmental variables, and the issue of which agent has more experience at a 
given time can differ between agents and bring about situations in which one agent is clearly the better choice. The 
defer/recommend/verify models put forth a more secure option as opposed to full-scale automation or manual 
switch out. In the case of multilingualism in India, explanations and consents have to be given in the local language 
relevant to the data processing. The DPDP Act requires informed consent and also provides for access to these 
consent reports in English or in any of the languages included in the Eighth Schedule (Government of India, 2023). 

The governance layer has a close tie with NITI Aayog’s responsible AI principles. Safety and reliability play into the 
safety shield; transparency into the action rationale and calibrated uncertainty disclosure; accountability into the 
decision or override logs; privacy and security into data minimization and the use of protected cognitive state 
indicators; and positive human values in the preservation of meaningful human control over the system (NITI 
Aayog, 2021). CRLA is thus put forth as a control architecture and an auditable sociotechnical design. 

3.7 Limitations and threats to validity 
This study has limitations and threats to validity. The experimental benchmark consists of three synthetic 
operational profiles and does not necessarily reflect actual skills, requirements, or capabilities of Indian workers, 
patients, or enterprises. The simulation uses directly generated latent cognitive variables for demonstration 
purposes, and there is not enough research on the CRLA thresholds and COI weights in our study. The reward model 
we present is an imperfect specification which does not include a great deal of organizational cost issues, questions 
of fairness, skill decay, strategic play, or adversarial issues. The results are therefore contingent upon additional 
data privacy, regulatory, and domain-specific validation. 

 
These issues put forth the case for progressing from evaluation of cognitive-state estimation performance to offline 
simulation via analysis of operational logs, then to a study of robustness to distribution shifts, controlled human-
subject experiments for workload and trust performance metrics, and finally a series of constrained field 
evaluations. Future work should compare learned and fixed arbitration policies, consider constrained policy 
optimization to certify budgets for arbitrated behaviors formally, and identify opportunities to exploit uncertainty-
aware cognitive-state estimation while evaluating whether such methods offer generalizable thresholds across 
individuals without introducing unacceptable variability in autonomous capacity. 

 

4. Conclusion 

This study introduced CRLA – the cognition-aware reinforcement-learning architecture, which enables to 
dynamically balance the authority between humans and machines in collaborative decision-making systems. It 
accomplishes it by binding the learned task policy to the transparent cognitive arbitration and safety shield, 
conceptualizing the workload, trust, expertise, uncertainty, and machine confidence as the variables to resolve. The 
experiments conducted on 2,160 synthetic episodes for three India-specific personas revealed that, compared to 
the alternatives, CRLA managed to achieve the highest Collaboration Optimization Index (56.16), reduced the 
incidence of overload by more than 11% in absolute value, and produced rewards comparable to the Q-Learning 
variations. The architecture was particularly effective in the context of smart manufacturing, while it demonstrated 
a decreased willingness to handle high-consequence clinical decisions requiring higher levels of verification and 
validation. Thus, it can be concluded that, in most cases, collaboration is beneficial from the perspective of 
autonomy, not maximum performance. For the India region, the described approach seems to be a viable 
foundation for developing and implementing collaborative AI solutions in manufacturing, healthcare, logistics, and 
other domains with the consideration of additional privacy, regulatory, and domain-specific factors. 
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