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Abstract— This paper presents a Reinforcement Learning 
(RL)-based digital low-dropout regulator (DLDO) for proac-
tive supply management. A hardware–software co-designed 
framework is introduced, featuring a Power Cache-based Ac-
tor that replaces high-precision neural network computation 
with precomputed results for low-overhead on-chip inference, 
along with LDO-specific state and reward designs to improve 
control accuracy. The framework is trained using post-silicon 
measurement data to enable robust control under real condi-
tions. The proposed DLDO is implemented in 28 nm CMOS 
and applied to a general digital signal processor, achieving an 
88.47% reduction in mean square error and a 73.37% reduc-
tion in maximum voltage droop compared to conventional PI 
control. 

Keywords—Power management, Reinforcement Learning, 
Low dropout regulator, Actor-Critic algorithm 

I. INTRODUCTION 

An LDO providing a stable internal supply is essential for 
SoC power management [1–4]. Voltage droop is a critical 
issue in LDO design, as it can cause timing violations in 
load circuits. Conventional LDOs rely on purely reactive 
control, responding to voltage errors only after they occur 
through a feedback loop. This inherent control-loop delay 
fundamentally limits their ability to suppress voltage droop 
during sudden load current changes. As a result, they must 
operate with a voltage guard-band at the output, leading to 
reduced power efficiency [5–6] or constrained performance 
for a given power budget. Prior work has explored proactive 
supply voltage regulation [7], but it relies on explicit control 
signals and has simple load current profiles, limiting its ap-
plicability to general processor workloads. There have been 
ML-based approaches that predict supply current profiles 
using supervised learning on simulated data [8–12] (Fig. 1, 
top). However, this modeling-based approach fails to reflect 
real operating conditions due to several limitations. First, it 
relies on simulated data at a fixed supply voltage, whereas 
post-silicon behavior exhibits fluctuations under varying 
supply voltages and is sensitive to inaccuracies in the power 
distribution network (PDN) model. Second, since the con-
trol flow is composed of a sequence of independent models 
rather than a single end-to-end model, it cannot achieve 
globally optimal performance. Finally, as these approaches 
disable the clock or throttle the processor based on the pre-
diction, performance loss is inevitable [8–10]. 

To overcome these limitations, we formulate DLDO con-
trol as a sequential decision-making problem and propose a 
proactive DLDO based on RL (Fig. 1, bottom). At each time 

step, the agent observes a state that reflects the output volt-
age condition and instruction-level activity and selects an 
action that adjusts the on-resistance of the PMOS array. The 
reward is defined to penalize the deviation of the output 
voltage from the target, allowing the agent to minimize volt-
age droop over time. By following those definitions, RL can 
directly optimize long-term control performance in an end-
to-end manner without requiring explicit label of the exact 
number of ON PMOS for each state. This eliminates the 
need for costly labeling and thereby enables more efficient 
learning. Unlike prior approaches based on simulated mod-
els, the proposed method is trained using measurement data, 
allowing the RL agent to capture real operating behavior 
such as dynamic voltage fluctuations. The proposed hard-
ware–software co-design integrates RL-based control with 
efficient on-chip implementation and LDO-specific RL 
training framework, as summarized below:  

1) RL-based proactive DLDO trained with post-silicon 
data, enabling the controller to capture dynamic voltage 
fluctuations during load circuit’s real operation with various 
workload, 

2) A cache-based inference computation that reduces 
computation overhead by separating the neural network into 
off-chip and on-chip components, and storing precomputed 
results in a cache at compile time, 

3) LDO-specific state and reward design for improved 
voltage regulation, which accounts for hardware constraints 
such as computation delay and blind regions. 
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Fig. 1. Prior proactive power management work (top) and proposed RL 

based proactive LDO (bottom). 
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II. PROPOSED REINFORCEMENT LEARNING BASED LDO 

A. System Architecture 

Fig. 2 shows the overall architecture and RL training 
flow. The on-chip components include a 4-bit ADC, Power 
Cache, a low-overhead computing unit, PI controller, PMOS 
switches, and a Digital Signal Processor (DSP) as the load. 
The off-chip side consists of an LDO-specific RL training 
framework with an Actor and Critic.  

The proposed LDO targets a DSP that executes com-
pute-intensive workloads and induces large supply fluctua-
tions. The RL agent observes the state (st), which consists of 
the fetched opcode sequence, the measured voltage droop 
(VDROOP), and the number of enabled power transistors. 
Based on st, the agent selects an action (at), defined as the 
number of additional power transistors to turn on. The re-
ward (rt+1) is defined as the negative squared error between 
the output voltage (VOUT) and the target voltage (VREF), and 
the model is trained to maximize cumulative reward. 

During training, the ADC outputs (DOUT) are buffered on 
chip while the DSP executes workloads composed of RISC 
instructions with multi-cycle floating-point operations. The 
recorded DOUT sequence is then transferred off chip and 
reconstructed into {st, at, rt+1, st+1} tuples for RL training. The 
Actor and Critic are updated off chip, and the updated on-
chip network weights (fon) and Power Cache contents 
generated from off-chip network weights (foff) are sent back 
to the chip for the next episode, which will be described in 
detail in the following section. This process is repeated until 
the training converges and the workload space is sufficiently 
covered. The proposed RL-based control is orthogonal to 
conventional LDO techniques and safety mechanisms, such 
as a backstop based on a simple threshold detector after the 
ADC to identify abnormal voltage droop events. 

B. Power Cache based Actor Implementation 

Fig. 3 shows the proposed RL-based LDO. We adopt an 
Actor–Critic algorithm, but deploy only the Actor on chip, 
as real-time control requires only policy inference. Naive 
on-chip neural network implementation incurs significant 

computation overhead and latency due to high-precision 
operations and multi-stage flip-flop delays. To address this, 
the Actor is divided into a high-precision off-chip network, 
foff, and a low-precision on-chip network, fon. The foff coarse-
ly estimates voltage-dependent power using instruction-
related information, while fon processes real-time data dur-
ing operation. Since the inputs to foff are determined by the 
program, its outputs are precomputed at compile time and 
stored in an on-chip Power Cache. This allows the on-chip 
Actor to replace expensive computations with simple 
memory access, completing inference in two cycles: one for 
cache read and one for fon computation. 

To account for instruction’s power variation based on 
supply voltage level, a tag is introduced, where the deviation 
of the output voltage from the target is nonlinearly quan-
tized into four levels (2 bits) and combined with a 1-bit in-
dicator of whether the voltage is increasing or decreasing. In 
addition, since the DLDO operates at a higher clock fre-
quency than the DSP, a counter (cnt) is introduced to cap-
ture sub-instruction-level timing information. The program 
counter (PC) and cnt are jointly used as inputs to the Power 
Cache to account for both instruction context and fine-
grained timing variations.  

C. LDO-Specific State and Reward Design 

Context-Aware State Augmentation: Fig. 4 illustrates 
the proposed droop-aware state and reward formulation. The 
power consumption of an instruction depends not only on 
the opcode but also on its execution context. For example, 
the current consumption of an add instruction varies depend- 
ing on whether it is part of a loop-indexing operation or a 
multiply–accumulate operation. Since such behavior can be 
inferred from instruction history, we append the three most 
recently completed opcodes to the state of foff without addi-
tional hardware overhead. 

Delay-Aware Critic State Redesign: Due to the hard-
ware-limited 2-cycle latency, the Actor determines the num-
ber of PMOS at time t using information up to t–2, resulting 
in inaccuracy. To address this problem, the Critic, imple-
mented off chip, incorporates ADC outputs at both t and t+1 
in its state st

cri along with context-aware state augmentation, 
enabling more accurate value estimation. Introducing delay-
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Fig. 2. Overall architecture of the proposed RL-based proactive DLDO 

framework. 
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aware Critic state redesign can compensate for imperfec-
tions of the on-chip Actor due to the delays and guides it so 
that VOUT converges toward VREF more.   

 Droop-Aware Reward Offset: Since the ADC samples 
DOUT only at clock rising edges, defining the reward solely 
based on the error between DOUT and DREF can lead to unin-
tended voltage droop between sampling points (blind zones), 
especially under abrupt load changes (Fig. 5, Case 1). To 
mitigate this, we introduce a droop-aware reward formula-
tion with an intentional offset for high-power events. This 
encourages the RL agent to proactively increase current and 
reduce voltage droop (Fig. 5, Case 2).  

III. MEASUREMENT RESULTS 

Fig. 6 (top left) shows the learning curves for four cases 
depending on whether context-aware state augmentation and 
delay-aware Critic state redesign are applied. The tasks used 
for training and testing the RL agent are loop-unrolled ver-
sions of FFT, matrix multiplication, image filtering, 
CORDIC, and FIR filtering. Even though our evaluation 

uses a representative subset of DSP workloads, off-policy 
RL allows additional workloads to be learned without cata-
strophic forgetting, making the approach scalable to the full 
DSP workload. Among the four cases, Case 1, which in-
cludes both previous opcodes and DOUT[t: t+1] in state 
achieved the best performance. Using the weights obtained 
in Case 1, the mean square error of the DOUT sequence dur-
ing FFT task and FIR task execution were reduced by 87.5% 
and 88.47% respectively (Fig. 6, top right, bottom), com-
pared to PI-only control, which shows a 358mV voltage 
droop under a 24mA / 5ns load current surge with 1nF COUT 
at VIN of 1.2V, VOUT of 1.1V, and clock frequency (FLDO) of 
300MHz in simulation.  

Fig. 7 shows the measured voltage droop using the 
trained weights with different FLDO and VREF. The dropout 
voltage was fixed to 0.1V. The RL with the droop-aware 
reward offset on top of PI control shows the best perfor-
mance, achieving a 73.37% reduction compared to PI con-
trol only at VREF of 0.9 V and FLDO of 325 MHz (Fig. 8). 
Table I compares performance with previous works on pro-
active control. This work is the first RL-based LDO that 
controls VDD of general digital processor trained by data 
obtained from real measurements. Fig. 9 and 10 shows 
measurement setup and a die photo. 
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Fig. 7. Summary of Measured maximum voltage droop. 
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IV. CONCLUSION 

This work proposes an RL-based proactive DLDO 
framework with a hardware–software co-design, featuring a 
Power Cache-based Actor that replaces high-precision neu-
ral network computation with precomputed results, and 
LDO-specific state and reward designs for improved voltage 
regulation. The framework is trained using post-silicon 
measurement data to capture real operating behavior. The 
proposed RL-based proactive DLDO, implemented in 28 nm 
CMOS, reduces MSE by 88.47% and the maximum voltage 
droop by 73.37% compared to conventional PI control.  
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