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Abstract—Heterogeneous embedded systems, with diverse com-
puting elements and accelerators such as FPGAs, offer a
promising platform for fast and flexible ML inference, which is
crucial for services such as autonomous driving and augmented
reality, where delays can be costly. However, efficiently allocating
computational resources for deep learning applications in FPGA-
based systems is a challenging task. A Deep Learning Processor
Unit (DPU) is a parameterizable FPGA-based accelerator module
optimized for ML inference. It supports a wide range of ML mod-
els and can be instantiated multiple times within a single FPGA to
enable concurrent execution. This paper introduces DPUConfig,
a novel runtime management framework, based on a custom
Reinforcement Learning (RL) agent, that dynamically selects
optimal DPU configurations by leveraging real-time telemetry
data monitoring, system utilization, power consumption, and
application performance to inform its configuration selection
decisions. The experimental evaluation demonstrates that the RL
agent achieves an energy efficiency that is 95% (on average) of
the optimal attainable energy efficiency for several CNN models
on the Xilinx Zynq UltraScale+ MPSoC ZCU102.

Index Terms—FPGA, adaptive, configuration, reinforcement
learning, power efficiency.

I. INTRODUCTION

Recent ML advances have accelerated the deployment of

deep learning inference on heterogeneous platforms. While

CPUs and GPUs remain standard, FPGA-based MPSoCs have

emerged as efficient alternatives due to their flexibility and en-

ergy efficiency. Among numerous accelerator designs [1], [2],

Deep Learning Processor Units (DPUs) [3] offer a particularly

promising platform.

A key challenge in leveraging FPGA-based MPSoCs for

DL inference lies in workload variability and diverse con-

figuration options. Unlike CPU scheduling—focused on core

allocation to balance latency and power—FPGA platforms

offer additional degrees of freedom, such as selecting DPU

configurations and hardware parameters tailored to specific

tasks. These choices significantly impact both performance and

energy efficiency.

To address these challenges, this work proposes an adaptive

scheduling framework based on Reinforcement Learning (RL),

which integrates real-time telemetry data, such as CPU and
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memory system utilization, power dissipation, and application

performance, into its decision-making process. By harnessing

a custom RL agent, our system dynamically determines the

optimal task-to-hardware mapping, choosing the most suitable

DPU configuration for each incoming inference task. This

enables the runtime system to balance the trade-offs between

computation latency and power dissipation while accommo-

dating the unique constraints imposed by FPGA architectures.

This paper makes the following key contributions:

• We introduce DPUConfig, a custom RL-based run-time

system that, under stochastic variability and user con-

straints, consistently chooses a DPU configuration for

ML inference, which is very close to the optimal one.

Although prior work has applied RL-based resource allo-

cation or configuration to optimize specific metrics, this

is the first work to apply those methods to reconfigurable

DPUs.

• We implement DPUConfig on the ZCU102 device and

evaluate it against varied ML workloads. The analysis

demonstrates that the agent’s optimization benefits sig-

nificantly outweigh the costs of runtime reconfiguration.

This demonstrates the feasibility and practicality of our

approach.

II. DEEP LEARNING PROCESSOR UNITS (DPUS)

Deep Learning Processor Units (DPU) [3], released as part

of the Xilinx Vitis-AI toolchain [4], have become a popular

solution to deploy pre-trained ML models on FPGA devices.

DPUs are programmable, featuring a CISC-style instruction

set capable of supporting inference for a wide range of CNN

models. DPUs are used in an increasingly large number of ap-

plications such as autonomous driving [5], object detection [6],

[7], thermal imaging [8], and even semantic segmentation for

space applications [9].

Multiple instances of DPUs can be used to run independent

ML inferences concurrently (Table I). For example, due to

resource constraints on the ZCU102 MPSoC, only up to

three large B4096 DPUs can be instantiated to execute three

independent ML models. Although the system supports the

concurrent execution of heterogeneous CNN models, they are

constrained to a unified DPU configuration, as the Vitis AI

runtime precludes the simultaneous use of differing configu-

rations. The B4096 configuration has Pixel Parallelism (PP) =

8 and Input and Output Channel Parallelism (ICP) = (OCP)

= 16. Hence, the peak performance is 2048 MAC operations



per cycle [3]. Each MAC operation counts for two regular

operations.

For preparing the necessary artifacts, the Vitis AI framework

reads the pre-trained ONNX [10] or PyTorch [11] represen-

tation of the ML model, optionally performs pruning and

INT8 quantization, and then compiles the quantized model

for a target DPU architecture using the Vitis AI compiler [4].

To exploit parallelism within the layers of the ML model,

the compiler performs multiple optimizations, such as layer

fusion and instruction scheduling. Once execution starts, the

DPU fetches its instructions from DDR memory, while on-

chip BRAM/DRAM buffers store the inputs, outputs, and

intermediate data to reduce latency and minimize external

memory bandwidth usage. The DPUs are invoked by the host

CPU and execute the CNNs layer by layer.

TABLE I: Name, maximum number of DPU instances, and

the selected configurations used in the action space of the RL

agent, based on the DPUCZDX8G IP [3] for the Zynq Ultra-

Scale+ MPSoC [12]. For example, we consider 4 instances in

B1600.

DPU configuration Max. Notation Selected
(PP*ICP*OCP) instances Configurations
B512 (4*8*8) 8 B512 8 B512 {1,4,8}
B800 (4*10*10) 7 B800 7 B800 {1,4,7}
B1024 (8*8*8) 6 B1024 6 B1024 {1,3,6}
B1152 (4*12*12) 6 B1152 6 B1152 {1,3,6}
B1600 (8*10*10) 4 B1600 4 B1600 {1,2,3,4}
B2304 (8*12*12) 4 B2304 4 B2304 {1,2,3,4}
B3136 (8*14*14) 3 B3136 3 B3136 {1,2,3}
B4096 (8*16*16) 3 B4096 3 B4096 {1,2,3}

.

III. MOTIVATION

This section presents results of system characterization for

realistic deep neural network (DNN) inference scenarios using

DPU acceleration and the Vitis AI framework on the Xilinx

Zynq Ultrascale+ FPGA board (ZCU102) [12]. Our analysis

explores the design space along three key dimensions, namely

latency, accuracy, and energy efficiency (measured as per-

formance per watt, PPW)–calculated as inference throughput

(FPS) divided by the average power consumption. This helps

identify the most critical features that determine the optimal

DPU configuration for efficient ML inference.

A. The optimal DPU configuration depends on the character-
istics of the ML model.

Fig. 1 shows the energy efficiency (PPW) and the per-

formance (in Frames Per Second) of two representative ML

inference use cases over different DPU configurations when

a single ML model type runs on the DPUs. Considering only

DPU configurations that deliver at least 30 fps, we observe that

the optimal DPU configuration depends on the characteristics

of the model. For example, with ResNet152 [13], the B4096 1

configuration offers the highest energy efficiency; meanwhile,

for MobileNetV2 [14], B2304 2 yields the highest efficiency.

Even if larger DPU size configurations provide the highest

throughput and energy efficiency for many ML models, this

is not the case for smaller models with lower arithmetic

intensity and lower DPU utilization, such as MobileNetV2

(see Table III). Such models do not utilize all the resources

of a larger DPU (DPU utilization is only 17.1%), but they

seem to benefit from more instances of smaller DPUs. The

MobileNetV2 performance in B4096 1 is only 2.6x higher

than in B512 1. In contrast, ResNet152, being more compute-

bound, achieves a much larger 5.8x speedup under the same

settings.

Fig. 1: The optimal execution target depends on ML charac-

teristics. The bars (left axis) show energy efficiency in FPS

per Watt, and the red points (right axis) indicate performance.

B. CPU interference from co-executing applications may alter
the optimal DPU configuration.

To study concurrent workload effects, we introduced artifi-

cial CPU- and memory-intensive tasks, defining three system

states: None (N), Compute-heavy (C), and Memory-heavy

(M).

Fig. 2 shows that to meet 30 FPS for MobileNetV2, the

energy-optimal configuration shifts from B2304 2 in state N

to the smaller B1600 2 in states C and M. High memory

utilization by competing workloads causes larger DPUs to

stall, degrading PPW, whereas smaller DPUs utilize limited

bandwidth more efficiently. Additionally, smaller models re-

quire frequent CPU coordination, increasing susceptibility to

CPU contention. ResNet152 exhibits a similar trend, favoring

a smaller DPU (B3136 2) under memory pressure (state M).

C. The optimal DPU configuration varies with inference ac-
curacy requirements.

Vitis AI employs channel pruning, which removes entire

channels/filters in convolutional layers [15]. This reduces

model size and increases performance, but at the cost of

reduced accuracy. Fig. 3 presents the energy efficiency for

three versions of ResNet152, corresponding to pruning ratios

of 0%, 25%, and 50%. For an accuracy threshold of 60%,

ResNet152 can be pruned by 25% to radically improve energy

efficiency compared to the original model using a different

DPU configuration (B3136 1 instead of B4096 1). Thus, the

availability of differently pruned model variants, combined

with a specific accuracy target, complicates dynamic selection

of DPU configurations to maximize PPW while meeting

accuracy requirements.



Fig. 2: PPW (left axis, bars) and performance in FPS (right

axis, points) across different DPU configurations under three

system states. The dark bars highlight the configuration achiev-

ing the best energy efficiency while maintaining performance

above 30 FPS.

Fig. 3: PPW (left axis, bars) and accuracy (right axis, lines)

across different DPU configurations under the N state. For

example, the accuracy of ResNet152 when 25% of its channels

are eliminated is 66.64%.

IV. DESIGN OF THE DPUCONFIG FRAMEWORK

Fig. 4 shows the overview of the DPUConfig framework.

The core component of DPUConfig is the RL agent, a machine

learning approach focused on learning a sequence of decisions

to maximize cumulative rewards [16]. The primary objective

of the RL agent is to determine an optimal DPU configu-

ration under specific constraints. The DPUConfig framework

is deployed and executed directly on the Arm CPU of the

FPGA platform, and is invoked upon each new ML inference

request (i.e., workload arrival). DPUConfig observes the state

S of the system, including the static characteristics of the ML

model and the runtime metrics from telemetry monitoring, as

shown in Table II. Then, it uses the RL agent to select the

next action A that will maximize the energy efficiency of

the platform while satisfying the latency constraints set by

the user. Action A selects the next DPU configuration (size

and number of compute units). DPUConfig then dynamically

reconfigures the FPGA with the new DPU configuration, loads

the DPU instructions for the ML model, and executes the

inference on the new configuration. Based on the measured

execution metrics (fps and power), DPUConfig computes the

reward function, which evaluates how action A improves the

energy efficiency under the latency constraints.

A. Reinforcement Learning Agent

This section defines the three core components that formu-

late the optimization space of DPUConfig and the training

procedure.

State. Based on the analysis of Section III, Table II sum-

marizes the state features that capture both the runtime system

status and the model characteristics, which together form the

input to the RL agent. The dynamic system features include

per-core CPU utilization, the usage of memory bandwidth

across read and write memory ports, and the power consump-

tion of the FPGA and CPU subsystems. These metrics are

collected periodically at runtime.

The model static features describe the ML model itself, in-

cluding the number of MAC operations, the memory load/store

requirements, and the total number of parameters (shown

in Table III). These static features are known a priori and

are collected once when a new model is introduced into

DPUConfig. Finally, each model specifies its own performance

constraints.

TABLE II: State features.

State Description
Dynamic System Features

CPUi Utilization of CPU core i ∈ {0, 1, 2, 3}
MEMRj Memory read bandwidth (MB/s) of port j ∈ {0, . . . , 4}
MEMWj Memory write bandwidth (MB/s) of port j ∈ {0, . . . , 4}
PFPGA Power consumption (W) of FPGA fabric
PARM Power consumption (W) of CPU cores

Model Static Features
GMAC Number of MAC operations (GMACs)
LDFM Model load from memory (bytes)
LDWB Model load from weight buffer (bytes)
STFM Model store to memory (bytes)
PARAM Number of trainable model parameters

Constraints
C PERF FPS Performance constraint

Actions. The available actions correspond to 26 distinct

DPU configurations, combining different DPU sizes and num-

bers of instances, as listed in Table I. The action space does

not cover the entire design space, as certain intermediate

configurations (e.g., B512 2, B800 6) were omitted. These

configurations were excluded based on empirical analysis,

which showed that they do not provide meaningful variation

in training and are never part of the optimal configuration set.

Reward. Rewards provide the feedback that guides the

RL agent toward the desired goal. Each action must con-

tribute to achieving a specific target. In our setting, however,

the optimization target is inherently dynamic: the achievable

performance-per-watt (PPW) depends on both the current

system workload and the ML model characteristics.

This context dependency introduces two challenges. First,

there is no global reward target, as an action that maximizes

PPW under one workload state may be suboptimal in another.



Fig. 4: High-level design of the DPUConfig framework.

Second, naive training without context awareness risks overfit-

ting to the limited states seen during training, leading to poor

generalization for unseen workloads or models. These chal-

lenges are related to moving-target problems in RL, studied

in contextual bandits [17], input-driven environments [18], and

state-dependent baselines [19].

To address this, we adopt a context-aware reward design.

Workload-dependent state (CPU and memory port utilization,

and model characteristics such as GMACs and data trans-

fers) are included in the state. Rewards are defined relative

to context-specific baselines rather than absolute PPW. This

ensures that the agent evaluates performance in relation to

what is achievable under the current workload and model.

By combining contextual baselines with normalized reward

shaping [18]–[20], the agent learns policies that generalize

across workloads and models while avoiding the moving-target

problem.

Algorithm 1 formalizes reward calculation using the sam-

pled system metrics. If performance constraints are not met,

a negative reward is returned. Otherwise, the reward is based

on PPW, normalized against a blended baseline. This baseline

is computed from two sources: a local average blocal from

the current context bucket (defined by the current workload-

dependent state) and a global average bglobal across all contexts.

A blending factor λ interpolates between them to balance

local adaptation and global stability. The local average blocal is

updated online with new PPW samples, capturing efficiency

under similar conditions, while the global average bglobal ag-

gregates statistics across all buckets to provide a fallback when

data is sparse. The factor α scales the reward to avoid extreme

values. This formulation ensures bounded rewards, emphasizes

relative improvements, and prevents unstable updates during

training.

In conventional RL, agents maximize cumulative rewards,

which are often assumed to increase monotonically. However,

in our case, the reward is defined as the relative improvement

over a context-specific baseline, and thus it naturally fluctuates

Algorithm 1 Reward calculation based on PPW and con-

straints.

1: procedure CALCULATEREWARD(S)
2: measuredFPS ← S.fps
3: fpgaPower ← S.fpgaPower
4: cpuUtil ← S.cpu, memUtil ← S.memory
5: gmac ← S.gmac, modelData ← S.modelData
6: ppw ← measuredFPS

fpgaPower

7: if (measuredFPS<FPSConstraint) then
8: r ← -1.0
9: return r

10: contextKey ← (cpuUtil,memUtil, gmac,modelData)
11: blocal ← CTXMEAN[contextKey]
12: bglobal ← GLOBALMEANPPW
13: baseline ← (1− λ)blocal + λbglobal

14: r ← tanh
( ppw− baseline

α ·max(1, |baseline|)
)

15: Update CTXMEAN, GLOBALMEANPPW
16: return r

around zero: Positive values indicate better-than-baseline per-

formance, while negative values represent degradation. With-

out bounding, these fluctuations can lead to instability during

learning when the difference from the baseline is extreme.

Prior work has shown that reward clipping or squashing

functions help stabilize training by limiting the influence of

outliers [21] and preventing the policy from overemphasizing

rare high-magnitude deviations [22]. As a result, the policy

learns to generalize across varying workloads and model states

without being destabilized by rare outliers, consistent with

findings in prior work on stabilized RL training [23].

Training. Algorithm 2 summarizes the training procedure

of our RL agent. Instead of running live hardware experi-

ments during training, we rely on a large set of pre-recorded

measurements. These were collected from exhaustive runs

covering different DPU configurations, ML models, and work-

load states. At each training step, the system is initialized to

an initial state according to the chosen workload mode (C,

N, or M) and target model. We adopt single-step episodes:



Algorithm 2 Training the RL Agent with PPO

1: procedure TRAINRLAGENT

2: for episode = 1 . . . N do
3: Select workload mode (N, M, C) & ML model
4: Initialize system to empty state
5: Observe initial system metrics and model features
6: a← Agent selects action based on current policy
7: state← Fetch telemetry data
8: r ← CALCULATEREWARD (state)
9: Update PPO policy parameters using (state, a, r)

10: return trained RL agent

the agent observes the initial state, selects an action, and

the outcome is retrieved from the corresponding pre-recorded

experiment data. The collected system metrics and model

characteristics are then passed to the reward function (Algo-

rithm 1) to compute the training signal. Finally, the Proximal

Policy Optimization (PPO) [24] backend updates the policy

based on the observed reward. This process is repeated across

all state-action combinations, and the resulting trained RL

agent is returned. The RL agent was implemented using

the OpenAI Gymnasium [25] environment and trained using

Ray RLLib [26]. Training was conducted for one million

episodes; only the discount factor (γ = 0.995) and learning

rate (1 × 10−5) were overridden, while all other PPO hyper-

parameters and the backend model architecture retained the

default Ray RLLib PPO configuration.

V. EXPERIMENTAL EVALUATION

A. Experimental Setup

We perform our evaluation on the Xilinx Zynq UltraScale+

FPGA board ZCU102 [12], using the Vitis AI v3.5 frame-

work [4], and the DPU v4.1 [3]. Our framework is evaluated

using ten CNNs for image classification and the YOLOv5

detector (Table III), which have varying compute and memory

demands. For each model, two pruned variants with pruning

ratios 25% and 50% were also added, for a total of 33

models. The ImageNet [30] dataset was used as input for the

classification networks, and COCO [31] for the object detector.

We use a PyTorch [11]-based script and the vaitrace [4]

tool to extract static model features, and the stress-ng [32]

utility to emulate the workload states C and M.

In total, 2574 experiments were executed, covering the

space of models, configurations, and workload states (26 DPU

configurations × 11 models × 3 pruned variants × 3 workload

states). Each experiment was run for a fixed number of input

images. An OpenTelemetry collector [33] ran on a separate

machine, collecting system metrics exported by a Prometheus

Node Exporter [34] instance on the ZCU102 at 3Hz, alongside

application performance metrics. This sampling rate provided

sufficient time resolution for accurate power measurements,

while incurring less than 30% utilization of a single CPU

core without affecting the results. Power measurements were

obtained from the integrated sensors of the ZCU102 board.

The CNN models were split into two sets: i) 24 for

training and ii) 9 for testing. The split was determined via k-

means clustering on GMAC values, grouping the models into

three categories: small, medium, and large. One representative

model with its two pruned variants from each category was

placed in the test set. All three workload modes (N, C, M) were

included during training. Model and workload combinations

were presented to the RL agent in round-robin order, ensuring

exposure to the full range of state–action pairs.

B. Results

Fig. 5 presents the normalized PPW achieved by DPU-

Config compared against: i) an Optimal configuration, which

always runs inference on the best DPU configuration, ii)

the configuration with the maximum FPS, and iii) the one

with minimum power dissipation. For the workload state C,

DPUConfig achieves on average 97% of the optimal PPW,

with two cases exactly matching the optimal configuration.

In workload state M, where memory bandwidth is heavily

stressed and DPU performance is further degraded, the aver-

age drops slightly to 95%, with no case reaching the exact

optimum. This is a strong indication that the RL agent is

tuned to generalize across different models and system states

rather than overfitting to specific cases. The maximum-FPS

configuration (typically B4096 1) achieves only 47% of the

optimal PPW in workload state C and 35% in workload state

M, showing that the largest DPU is not necessarily the most

energy-efficient. Similarly, the minimum-power configuration

(B512 1) consistently falls far short of optimal efficiency.

These results confirm that neither extreme (largest nor smallest

DPU) is efficient and that DPUConfig achieves near-optimal

energy efficiency in all conditions.The results in Fig. 5 ex-

clude DPU reconfiguration time, assuming batch sizes are

large enough to amortize the reconfiguration overhead. In all

evaluation experiments, the performance constraint was set

to 30 FPS and was satisfied in 89% of the test cases, with

violations occurring only for the demanding ResNet152 model

under the M workload state.

Fig. 6 depicts the timeline for model arrival and DPU

configuration. Solid and dashed lines represent observed and

average PPW, respectively, for InceptionV3 and ResNext50.

Shaded regions indicate ZCU102 overheads: telemetry (88

ms), RL inference (20 ms), reconfiguration (384 ms), and

instruction loading (507 ms). While a DPU change incurs the

full 999 ms overhead, reuse eliminates the reconfiguration and

loading phases. For long-running inferences, this latency is

negligible compared to runtime, enabling near-optimal effi-

ciency.

VI. PRIOR WORK

CNN accelerators. Many works propose efficient CNN

accelerators for FPGAs [35]–[37]. Specifically for DPU de-

sign, Du et al. [38] propose a framework for accelerating

DNN inference on FPGAs using heterogeneous multi-DPU

engines, extending Vitis AI support for homogeneous DPU

deployments. Their system uses both task-level and pipelined

parallelism to map CNN layers to distinct DPUs based on

resource profiles. The method improves inference throughput



TABLE III: ML model characteristics. Latency and Data I/O refer to the inference of a single image using the B4096 1

configuration. The reported accuracy is for INT8 quantized models without pruning. For YOLOv5s, accuracy refers to Mean

Average Precision (mAP). Each model has also two pruned versions (25% & 50%).

Type Model Latency Avg. INT8 # Layers # GMAC Data I/O between Bandwidth Arithm. Intensity DPU
(ms) Accuracy operations DRAM–DPU (MB) (GB/s) (MACs/Byte) Efficiency

Training

ResNet18 4.43 67.90% 18 1.82 12.13 2.03 149.83 71.90%
ResNet50 11.72 77.60% 50 4.10 38.94 2.85 105.33 59.00%

MobileNetV2 3.21 68.23% 53 0.30 5.74 1.49 52.49 17.10%
DenseNet121 [27] 17.39 68.70% 98 2.86 43.74 2.93 65.28 26.90%

InceptionV4 32.23 77.14% 150 12.3 89.00 2.54 138.23 63.00%
RepVGG A0 4.83 72.41% 45 1.52 11.84 2.00 128.26 53.40%

ResNext-50 32x4d [28] 27.42 76.21% 50 11.41 95.85 3.17 119.06 68.90%
YOLOv5s 34.70 42.10% 60 8.26 159.80 3.27 51.69 42.90%

Test
RegNetX 400MF [29] 5.71 70.15% 72 1.57 24.33 3.76 64.57 47.40%

InceptionV3 15.03 77.03% 98 5.74 43.13 2.46 133.05 63.50%
ResNet152 30.81 78.48% 152 11.54 76.52 2.35 150.81 62.00%

Fig. 5: Normalized PPW results of DPUConfig across two workload states (C, M). Model Abbr.: RegX = RegNetX, Inc3 =

InceptionV3, R152 = ResNet152. PR0, PR25, PR50 denote pruning ratios of 0%, 25%, and 50%, respectively.

Fig. 6: Timeline of DPUConfig operation during inference of

InceptionV3 and ResNext50, where a reconfiguration takes

place.

by up to 19% on the ZCU104 platform, improving resource

utilization and scheduling efficiency for CNN workloads.

Unlike DPUConfig, this work does not employ RL methods

for optimization. Also, emphasis is purely on improving per-

formance, rather than achieving energy efficiency.

EXPRESS [39] and its successor, EXPRESS-2.0, are ML-

based frameworks that predict execution time for concurrent

CNNs on Xilinx DPUs. By incorporating hardware, model,

and interconnect features, they achieve prediction errors as

low as 0.7%, facilitating design space exploration. However,

these studies focus primarily on latency prediction rather than

optimizing DPU configurations for energy efficiency.

RL for system optimization. Recent work leverages RL

for system optimization on heterogeneous platforms. Confu-

ciuX [40] uses RL and genetic algorithms for resource allo-

cation within DNN accelerators, converging 4.7–24× faster

than prior methods. BAND [41] and HERTI [42] employ RL

schedulers for fine-grained subgraph placement across CPUs,

GPUs, and NPUs to minimize latency. While recent studies

extend scheduling to FPGAs [43], these approaches focus on

task scheduling rather than dynamic DPU configuration, which

is the focus of DPUConfig.

VII. CONCLUSIONS

To support energy-efficient ML inference in an FPGA-based

MPSoC platform, we introduce DPUConfig, a custom RL-

based agent that continuously learns and selects near-optimal

DPU configurations by taking into account the features of the

ML model and dynamically adapting to the stochastic runtime

variance. The evaluations conducted on a ZCU102 MPSoC

show that, on average, DPUConfig selects configurations

achieving 95% of the optimal PPW, proving the effectiveness

of our framework.
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