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Abstract 

Quantum computing is progressing from small experimental processors toward error-corrected 

systems capable of running longer and more useful computations. However, quantum processors 

are still fundamentally unstable. Qubits drift, control signals lose calibration, environmental 

noise introduces errors, and quantum error-correction systems must process enormous streams of 

measurement data with extremely low latency. 

Artificial intelligence is appearing as a critical technology for addressing these limitations. 

Rather than using AI primarily as an application running on a quantum computer, the more 

immediate opportunity is to use AI to run, stabilize and improve the quantum computer itself. 

Recent results show that reinforcement-learning systems can continuously adjust quantum 

control parameters while computations are running, neural networks can improve quantum-error 

decoding, vision-language models can automate processor calibration, and AI-based compilers 

can produce shallower and more hardware-efficient circuits. 

The most practical architecture is therefore not an isolated quantum processor. It is a tightly 

integrated system in which CPUs, GPUs, AI models, and quantum processing units run together. 

In this architecture, AI functions as the adaptive control plane that converts fragile quantum 

hardware into a more stable and usable computing resource. 

 

 

 

 

 

 



1. The Quantum Stability Problem 

Quantum computers manipulate information using qubits that depend on carefully controlled 

physical states. These states are affected by temperature fluctuations, electromagnetic 

interference, fabrication differences, frequency drift, control-pulse imperfections, leakage outside 

the computational state space and unwanted interactions between nearby qubits. 

Quantum error correction protects information by encoding one logical qubit across multiple 

physical qubits. However, error correction works effectively only when the underlying physical 

error rate is still below the threshold of the selected error-correcting code. 

Google’s Willow processor showed below-threshold surface-code operation using a 101-qubit 

distance-seven logical memory. Increasing the code distance reduced the logical error rate, and 

the logical qubit survived approximately 2.4 times longer than the best physical qubit in the 

experiment. Nevertheless, the researchers found long-duration stability and rare correlated errors 

as continuing obstacles to useful fault-tolerant computation. 

This exposes an important distinction: 

Quantum error correction can correct individual errors, but it cannot by itself prevent the 

physical processor from drifting into a condition where errors occur too often. 

Traditional quantum systems address drift by periodically stopping computation, running 

calibration experiments, and manually or algorithmically retuning the processor. That approach 

becomes increasingly impractical as processors grow to hundreds, thousands and eventually 

millions of physical qubits. 

AI offers a path from periodic calibration to continuous autonomous stabilization. 

 

2. Continuous AI Control During Quantum Computation 

The most important recent development is the use of reinforcement learning to adjust a quantum 

processor while quantum error correction is running. 

In a 2026 Nature paper, Google Quantum AI researchers used the error-detection events already 

produced by quantum error correction as feedback for a reinforcement-learning agent. Instead of 

stopping the processor for recalibration, the AI system learned how to adjust control parameters 

during computation. 

Tested on Google’s Willow superconducting processor, the method improved logical stability 

against deliberately introduced drift by as much as 3.5 times. Reinforcement-learning fine-tuning 

of an already calibrated processor also produced an added reduction in logical error rate beyond 

conventional physics-based calibration and expert tuning. 



This approach changes the role of quantum error-correction data. Syndrome measurements can 

serve two purposes: 

1. Detect and correct errors affecting the logical quantum state. 

2. Provide a continuous learning signal describing changes in the physical processor. 

The resulting control loop can be represented as: 

[ 

\text {Qubit measurements} 

\rightarrow 

\text {error syndromes} 

\rightarrow 

\text {AI drift estimator} 

\rightarrow 

\text {control adjustment} 

\rightarrow 

\text {improved qubit stability} 

] 

 

This is conceptually similar to adaptive flight control. The system does not assume that its 

physical environment will remain constant. It continuously sees deviations and changes its 

behavior to support stable operation. 

For long-running quantum algorithms, this capability may be as important as quantum error 

correction itself. (This is an especially important concept to note) 

 

3. Autonomous AI-Based Processor Calibration 

Calibrating a quantum processor involves finding qubit frequencies, tuning readout resonators, 

shaping microwave, or laser pulses, measuring crosstalk, improving two-qubit gates, and 

verifying that each part meets an acceptable fidelity threshold. 

As qubit counts grow, manual calibration becomes a major scaling bottleneck. 

A June 2026 preprint described Vibe Calibration, a language-agent system that encoded expert 

calibration procedures as reusable and auditable skills. On a 112-qubit superconducting 

processor, the system autonomously completed calibration for 108 qubits in 4.7 hours. The 

researchers reported a four-to-five-times speedup over manual calibration and showed that much 

of the orchestration logic could transfer between processors. These results are promising, 

although the work stayed a preprint rather than a peer-reviewed hardware study at the time of 

writing. 



Commercial AI systems are also moving in this direction. NVIDIA’s Ising Calibration family 

uses vision-language models to interpret plots and measurements generated during quantum 

experiments and recommend later calibration actions. The July 2026 Ising Calibration 1.5 release 

is designed to work within agentic workflows and includes weights, benchmarks, datasets, and 

deployment blueprints. 

The associated QCalEval benchmark has 243 calibration examples covering 87 scenarios from 

22 experiment families. It evaluates whether a model can interpret measurement results, assess 

fit quality, find noteworthy features, and recommend next steps. Benchmark success does not 

prove autonomous hardware reliability, but it shows a standardized foundation for evaluating AI 

calibration systems. 

A safe calibration agent should not have unrestricted control over the processor. Its actions 

should be constrained by: 

• validated calibration procedures. 

• parameter limits. 

• quantitative acceptance criteria. 

• automatic rollback. 

• experiment logs. 

• anomaly detection. 

• human approval for unfamiliar conditions. 

The preferred design is therefore an AI agent that orchestrates deterministic scientific tools, 

rather than an unconstrained language model directly generating arbitrary hardware commands. 

 

4. AI for Real-Time Quantum Error Decoding 

Quantum error correction generates syndrome measurements that show where errors may have 

occurred. Syndrome data is the stream of measurements produced by a quantum error-correction 

system that shows whether and where errors may have occurred, without directly revealing the 

quantum information. This is important since measurement of the qubit collapse its 

superposition and destroy the computation. A classical decoder must analyze these measurements 

and decide the proper correction. 

This decoding process must be both correct and fast. If syndrome data arrives faster than the 

decoder can process it, the backlog grows and the quantum computation eventually fails. 

Google DeepMind’s AlphaQubit system proved that a recurrent transformer could learn complex 

error patterns that conventional decoders did not fully stand for. AlphaQubit outperformed other 

tested decoders on experimental data from Google’s Sycamore processor and supported an 

advantage in simulations having realistic leakage, crosstalk, and analogue readout information. 



More recent work is moving toward hybrid decoding architectures. A 2026 NVIDIA preprint 

introduced an AI pre-decoder that performs local corrections before sending the remaining 

difficult syndromes to a conventional global decoder. On GPU-based simulations, the combined 

approach achieved decoding times around one microsecond per error-correction round while also 

reducing logical error rates compared to the conventional decoder working alone. 

Another 2026 preprint showed convolutional neural decoders for quantum low-density parity-

check codes. For one tested code, the researchers reported logical error rates up to approximately 

17 times lower than existing decoders and throughput improvements of several orders of 

magnitude. These results are simulation-based and require further hardware validation, but they 

show the potential for AI to reduce both the computational and physical-qubit overhead of fault 

tolerance. 

The strongest architecture is unlikely to use either a purely neural or purely algorithmic decoder. 

A more reliable approach is: 

[ 

\text {Fast AI pre-decoder} 

+ 

\text {high-confidence conventional decoder} 

+ 

\text {uncertainty estimator} 

] 

The neural system handles common, local, and recognizable errors quickly. The conventional 

decoder processes difficult residual cases. An uncertainty model decides when the AI result is 

sufficiently reliable and when escalation is needed. 

 

5. AI-Optimized Quantum Control Pulses 

Quantum gates are implemented through precisely shaped microwave, laser, or optical control 

pulses. Small control errors can cause under-rotation, over-rotation, phase errors, leakage, and 

unintended interactions. 

Traditional pulse optimization often relies on an approximate mathematical model of the 

quantum device. The optimization quality therefore depends on how accurately that model 

reflects the real hardware. 

AI offers several alternatives: 

• reinforcement learning that learns directly from hardware feedback. 

• Bayesian optimization for expensive experiments. 

• neural ordinary differential equations for smooth pulse generation. 

• physics-informed neural networks that incorporate quantum dynamics. 



• hybrid systems combining gradient-based optimal control with learned corrections. 

A 2025 experimental study used neural networks to design short, smooth control pulses for 

superconducting transmon circuits. The reported pulses-maintained fidelity above 99.9% across 

an approximately ±20 MHz detuning range while suppressing leakage beyond the computational 

states. 

The practical value is not merely producing a slightly better gate. Robust pulses reduce 

sensitivity to processor drift and manufacturing variation. This lowers the frequency of 

recalibration and makes control procedures more transferable between qubits and devices. 

The most credible near-term strategy is physics-informed AI, where known Hamiltonian 

dynamics and hardware constraints are incorporated into the model. Pure black-box optimization 

can discover useful controls but may generate solutions that are difficult to interpret, verify or 

reproduce. 

 

6. AI-Based Error Mitigation for Near-Term Systems 

Full quantum error correction requires large physical qubit overhead. Until large fault-tolerant 

systems are available, error mitigation can improve the results obtained from current noisy 

processors. 

Error mitigation does not correct the quantum state during computation. Instead, it estimates 

what the result would have been without some part of the hardware noise. 

Learning-based error mitigation trains a model using related circuits whose ideal results can be 

calculated classically. The model learns the relationship between ideal and noisy outputs and 

then corrects results from more difficult circuits. 

A peer-reviewed 2025 study improved Clifford data regression by selecting more informative 

training circuits and exploiting problem symmetries. The method achieved comparable 

correction quality with an order-of-magnitude reduction in quantum-hardware calls. 

A 2026 preprint applied machine-learning error mitigation to variational quantum algorithms and 

reported several-fold error suppression across tested noise conditions, including improvements 

over zero-noise extrapolation in higher-noise regimes. 

AI-based mitigation can therefore increase the useful output obtained from existing quantum 

processors. However, it should not be confused with fault tolerance. Mitigation introduces 

statistical assumptions and cannot reliably support arbitrarily long computations. 

 



7. AI-Assisted Compilation and Circuit Optimization 

A quantum algorithm must be translated into the native gates and physical connectivity of a 

specific processor. Poor qubit placement can introduce large numbers of SWAP operations, 

increase circuit depth and expose the computation to added noise. 

AI can improve this process by learning: 

• which physical qubits should execute each logical operation. 

• how gates should be routed through the processor. 

• which circuit identities reduce depth. 

• when an operation should be approximated or removed. 

• which compiler sequence performs best for a circuit. 

• which processor is best suited to the workload. 

Reinforcement-learning-based transpilation has shown reductions in two-qubit gate counts and 

circuit depth while respecting hardware connectivity and native gate constraints. Some reported 

methods have been applied to routing problems involving more than 100 qubits. 

Reducing two-qubit gates is particularly important because they are more error-prone than 

single-qubit operations. A circuit that is mathematically equivalent but physically shorter has a 

greater probability of completing successfully before decoherence and accumulated gate errors 

destroy its result. 

AI compilation should use current calibration data rather than relying only on a processor’s static 

topology. The best physical-qubit mapping at one point in time may not be the best mapping 

several hours later. 

 

8. The AI Quantum Stability Control Plane 

The research now supports a broader architecture in which AI functions as a layered control 

plane around the quantum processor. 

Layer 1: Real-Time Error-Control Loop 

Operating timescale: nanoseconds to microseconds 

Responsibilities include: 

• syndrome preprocessing. 

• quantum error decoding. 

• leakage detection. 

• confidence estimation. 



• generation of correction instructions. 

This layer must run on low-latency classical hardware found close to the QPU, such as GPUs, 

FPGAs or specialized decoder accelerators. 

Layer 2: Adaptive Qubit-Control Loop 

Operating timescale: microseconds to seconds 

Responsibilities include: 

• detecting frequency and phase drift. 

• adjusting pulse amplitudes and durations. 

• tuning measurement thresholds. 

• optimizing readout. 

• suppressing crosstalk. 

• maintaining physical error rates below the code threshold. 

Google’s reinforcement-learning control experiment shows the foundation of this layer. 

Layer 3: Calibration and Reliability Loop 

Operating timescale: seconds to hours 

Responsibilities include: 

• processors bring-up. 

• automated calibration sequences. 

• predictive maintenance. 

• anomaly diagnosis. 

• calibration scheduling. 

• component-health scoring. 

• rollback to previously validated configurations. 

Language agents and vision-language models can orchestrate this layer, but their actions should 

be limited to validated tools and procedures. 

Layer 4: Workload-Optimization Loop 

Operating timescale: minutes to days 

Responsibilities include: 

• selecting the QPU. 

• choosing error-correction or mitigation strategies. 

• optimizing circuit structure. 



• estimating shot requirements. 

• selecting compiler configurations. 

• scheduling workloads around calibration and queue conditions. 

• comparing quantum execution with classical simulation. 

Together, these layers create an adaptive system in which the quantum processor is continually 

observed, optimized and protected. 

 

9. Required Data Architecture 

AI cannot stabilize a quantum computer without high-quality operational data. Quantum 

facilities should establish a persistent quantum telemetry and experiment ledger containing: 

• raw measurement signals. 

• syndrome histories. 

• pulse parameters. 

• gate and readout fidelities. 

• temperature and environmental data. 

• calibration results. 

• device topology. 

• compiler configurations. 

• circuit depth and gate counts. 

• shot counts. 

• logical and physical error rates. 

• model recommendations. 

• human interventions. 

• rollback events. 

• final experiment results. 

Every quantum result should be associated with the exact processor state and calibration 

snapshot under which it was produced. 

This provides the foundation for reproducibility, model training, anomaly analysis and 

comparisons between processors. It also prevents an AI system from learning from experiments 

whose operating conditions are unknown or inconsistent. 

 

10. Risks and Limitations 

AI will not eliminate the physical sources of quantum instability. It can detect, predict, 

compensate for and sometimes avoid errors, but it cannot repeal decoherence or remove the need 

for fault-tolerant hardware. 



Several limitations remain. 

Out-of-distribution behavior 

An AI model trained on familiar noise patterns may fail when the processor develops a new 

defect or environmental condition. 

Latency 

A highly accurate decoder is useless if it cannot produce results within the quantum error-

correction cycle. 

Training-data quality 

Simulated noise may not reproduce rare, correlated errors, leakage and long-term hardware drift. 

Verification 

AI-generated calibration changes must be tested before being accepted. A recommendation 

should never be treated as correct solely because it came from a high-performing model. 

Transferability 

Models trained on one qubit technology or processor layout may require substantial adaptation 

for another. 

Vendor benchmark risk 

Some of the most impressive 2026 results were reported in preprints, simulations or vendor 

benchmarks. They should be treated as promising engineering evidence, not as proof that large 

fault-tolerant quantum computing has been achieved. 

For these reasons, the best architecture is a hybrid physics-and-AI system with formal 

constraints, uncertainty estimates, deterministic safety checks and automatic rollback. 

 

11. Recommended Development Roadmap 

Phase 1: Observe and Recommend 

Deploy AI models in advisory mode. 

• centralize processor telemetry. 

• detect drift and anomalies. 



• recommend calibration actions. 

• predict poor-quality jobs. 

• recommend circuit mappings and mitigation methods. 

• compare AI recommendations with expert decisions. 

Phase 2: Constrained Automation 

Allow AI to execute low-risk actions within defined limits. 

• automate routine calibration experiments. 

• adjust bounded pulse parameters. 

• use AI pre-decoders alongside conventional decoders. 

• automatically select validated compiler strategies. 

• require rollback when acceptance metrics deteriorate. 

Phase 3: Continuous Stabilization 

Integrate quantum error-correction data with adaptive processor control. 

• use syndrome streams as continuous feedback. 

• tune hardware while computations remain active. 

• coordinate decoding, control and calibration models. 

• predict failures before the physical error rate crosses the correction threshold. 

Phase 4: Self-Optimizing Quantum Operations 

Create an enterprise QuantumOps platform capable of managing multiple QPUs. 

• route jobs based on live processor quality. 

• continuously retrain hardware-specific models. 

• maintain digital models of each QPU. 

• optimize cost, accuracy, latency and energy together. 

• preserve complete operational and scientific provenance. 

The primary success metrics should include: 

• logical error rate. 

• physical error rate. 

• calibration time. 

• mean time between recalibrations. 

• successful job percentage. 

• decoder latency. 

• circuit depth. 

• two-qubit gate count. 

• useful results per quantum shot. 

• processor uptime. 



• time to scientific solution. 

 

Conclusion 

The near-term relationship between AI and quantum computing is becoming clear: AI will not 

initially transform quantum computing by running enormous neural networks on quantum 

processors. It will transform quantum computing by making quantum processors more stable, 

more autonomous and easier to operate. 

The most significant 2026 advance is the demonstration that a quantum computer can use its own 

error-correction signals to learn how to stabilize itself while computation continues. Combined 

with AI-based decoders, autonomous calibration agents, robust pulse design, learned error 

mitigation and hardware-aware compilation, this creates a path toward quantum systems that 

require less manual intervention and deliver more reliable computational results. 

The future quantum computer should therefore be viewed as a hybrid cyber-physical system: 

[ 

\text {Quantum hardware} 

+ 

\text {classical accelerators} 

+ 

\text {AI control} 

+ 

\text {physics-based safeguards} 

] 

AI becomes the adaptive nervous system of the quantum computer. It observes errors, recognizes 

drift, adjusts controls, optimizes workloads and helps keep the processor within the narrow 

operating conditions required for useful computation. 

The realistic objective is not a quantum computer that never experiences errors. It is a quantum 

computer that continuously detects, learns from and adapts to those errors faster than instability 

can overwhelm the computation. 
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