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Abstract

Real-time machine learning (ML) inference is increasingly deployed in latency-critical applications
such as mobile computing, Internet-of-Things (IoT), and autonomous systems. However, existing
inference frameworks typically rely on statically optimized kernels, which fail to adapt to dynamic
workload variations and heterogeneous hardware conditions. This paper presents Dynamic Kernel
Selection (DKS), a runtime framework that adaptively selects operator kernels during inference to
optimize latency and energy efficiency. DKS integrates a lightweight profiler and decision engine
that dynamically chooses among diverse kernel implementations, including precision variants (FP32,
FP16, INT8), algorithmic strategies (GEMM, Winograd), and heterogeneous devices (CPU, GPU, edge
accelerators). Experimental results on convolutional and transformer models (ResNet-50, MobileNetV3,
BERT) show that DKS achieves up to 38.2% reduction in latency and 27.5% improvement in energy efficiency
compared to state-of-the-art static baselines, while remaining within 5–7% of oracle performance. These
findings highlight kernel-level adaptivity as a practical and scalable solution for efficient real-time ML
inference across diverse platforms.

Keywords: machine learning inference; real-time systems; kernel optimization; adaptive runtime;
energy efficiency; multi-armed bandit; edge computing

1. Introduction
Real-time ML inference has become central to applications such as IoT, autonomous systems,

and mobile computing. While compiler-based optimizations like operator fusion and static kernel
tuning have shown benefits [1–3], they fail to adapt to highly dynamic workloads. Recent frameworks
for LLM serving (e.g., FlashInfer [4] and ML Drift [5]) illustrate the growing need for kernel-level
adaptivity, yet most focus on specific attention kernels or GPU-only settings. This motivates our
proposed Dynamic Kernel Selection (DKS) framework.

Most existing ML inference frameworks rely on statically selected kernels, i.e., pre-determined
operator implementations such as matrix multiplication, convolution, or attention. While static kernel
optimization (e.g., TVM, TensorRT, XLA) can deliver significant improvements for specific workloads, it
often falls short in scenarios where input characteristics, batch size, and hardware resource availability
fluctuate. As a result, inference systems may suffer from suboptimal performance, either incurring
unnecessary latency or wasting computational and energy resources.

In this paper, we propose Dynamic Kernel Selection (DKS), a novel runtime framework that
adaptively selects the most suitable kernel implementation for each operator invocation during
inference. DKS leverages lightweight profiling and decision algorithms to monitor workload and
hardware conditions in real time, and dynamically chooses among multiple candidate kernels (e.g.,
FP32 vs. INT8, Winograd vs. GEMM, GPU vs. CPU) to optimize latency, throughput, and energy
efficiency.

We implement DKS on diverse hardware platforms, including embedded GPUs, CPUs, and cloud
accelerators, and evaluate it with representative ML models such as ResNet, MobileNet, and BERT. Our
experiments show that DKS achieves up to 38.2% reduction in latency and 27.5% improvement in energy
efficiency compared with state-of-the-art static inference frameworks, while maintaining negligible
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runtime overhead. These results highlight the potential of kernel-level adaptivity as a practical solution
to bridge the gap between high-performance model design and real-world deployment constraints.

2. System Design
Our design builds upon lessons from recent operator fusion and heterogeneous hardware schedul-

ing studies [6,7], but differs in focusing explicitly on per-operator runtime kernel selection with
negligible overhead.

The proposed Dynamic Kernel Selection (DKS) framework is designed to adaptively select
operator kernels in real time under varying workloads and hardware conditions. As shown in Figure 1,
DKS consists of three main components: a Kernel Pool, a Runtime Profiler, and a Decision Engine.

Kernel Pool
(FP32, FP16, INT8, GEMM, Winograd, CPU/GPU)

Runtime Profiler
(workload, hardware, energy)

Decision Engine
(heuristics, bandit, predictor)

Application Layer
(ResNet, MobileNet, BERT, etc.)

Kernel Selection

Figure 1. Architecture of the Dynamic Kernel Selection (DKS) framework. The profiler collects runtime statistics,
the decision engine selects the optimal kernel, and the application layer executes inference with adaptive kernels.

2.1. Kernel Pool

The kernel pool maintains multiple candidate implementations for each operator. These kernels
differ in numerical precision (FP32, FP16, INT8), algorithmic strategy (e.g., GEMM vs. Winograd for
convolution), or target device (CPU, GPU, edge accelerator). Each kernel exposes metadata about
expected performance and resource usage.

2.2. Runtime Profiler

The runtime profiler continuously monitors workload features (input tensor shape, batch size),
hardware utilization (GPU occupancy, CPU load), and environmental factors (temperature, power
draw). The profiler collects lightweight statistics with minimal overhead and reports them to the
decision engine.

2.3. Decision Engine

The decision engine selects the optimal kernel for each operator invocation. It supports multiple
selection strategies: (1) heuristic rules for cold-start, (2) a multi-armed bandit algorithm (e.g., UCB
or Thompson sampling) to balance exploration and exploitation, and (3) a learned predictor (e.g.,
regression model) that maps workload features to kernel performance. The engine ensures that
kernel-switching overhead is negligible compared to expected performance gains.

In addition, the decision engine maintains a historical record of kernel choices and their observed
utilities, which allows the system to refine its policy over time. By combining short-term profiling
feedback with long-term performance statistics, the engine can avoid frequent oscillations and converge
to stable kernel selections.
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3. Methodology
We model kernel selection as a multi-armed bandit problem, extending prior work on adaptive

ML systems [8,9] to the kernel optimization domain. In addition, our regression-based predictor
leverages workload features similar to prior latency prediction models [2].Our formulation of kernel
selection as a decision process is also inspired by recent theoretical advances that model reasoning as a
Markov Decision Process [7].

The Dynamic Kernel Selection (DKS) framework relies on lightweight profiling and decision
algorithms to adaptively choose the most suitable kernel at runtime. We describe the profiling metrics,
decision strategies, and overhead control mechanisms.

3.1. Profiling Metrics

For each operator invocation, the runtime profiler collects the following metrics:

• Latency (L): Average execution time of the kernel, measured in milliseconds.
• Throughput (T): Number of operations per second (e.g., images/s).
• Memory Footprint (M): Amount of on-chip/off-chip memory consumed.
• Energy Consumption (E): Estimated energy cost measured via hardware counters or external

sensors.

These metrics are normalized and combined into a utility score:

Uk = α · 1
Lk

+ β · Tk − γ · Mk − δ · Ek, (1)

where α, β, γ, δ are tunable weights reflecting application-specific priorities (e.g., real-time latency vs.
energy efficiency).

3.2. Decision Strategies

We investigate three strategies for kernel selection:

Heuristic-based Selection

A rule-based policy is applied at system cold-start, e.g., preferring INT8 kernels when accuracy
constraints permit or GPU kernels when batch size exceeds a threshold.

Multi-Armed Bandit (MAB)

Kernel selection can be modeled as a multi-armed bandit problem, where each kernel is an arm.
At time t, the framework chooses kernel kt to maximize cumulative reward:

Rt =
t

∑
i=1

Uki
, (2)

using strategies such as Upper Confidence Bound (UCB) or Thompson Sampling.

Learning-based Predictor

We train a lightweight regression model f (x) that maps workload features x (e.g., tensor shape,
batch size, device utilization) to predicted utility Uk. The kernel with the highest predicted utility is
selected:

k∗ = arg max
k∈K

f (x, k). (3)
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3.3. Overhead Control

To ensure real-time applicability, profiling and decision-making overhead must remain negligible
compared to operator execution. We enforce two constraints:

Opro f ile + Odecision

Lop
≤ ϵ, (4)

where Opro f ile and Odecision are the overheads of profiling and decision respectively, Lop is the baseline
operator latency, and ϵ is a small threshold (e.g., 5%). This guarantees that adaptivity does not harm
system performance.

4. Experimental Setup and Results
Compared to static baselines (e.g., TensorRT-like optimizers), DKS achieves up to 38.2% latency

reduction. This is consistent with gains observed in recent heterogeneous inference studies [3,10].

4.1. Experimental Setup

We evaluate the proposed DKS framework on three representative hardware platforms:

• Embedded GPU: NVIDIA Jetson Xavier NX (8GB RAM, 21 TOPS).
• Mobile CPU: ARM Cortex-A76 (8 cores, 2.2 GHz).
• Cloud GPU: NVIDIA A100 (40GB HBM2).

We benchmark widely used ML models including ResNet-50 for image classification, Mo-
bileNetV3 for edge inference, and BERT-base for NLP. Each workload is tested under varying batch
sizes (1, 8, 32) and input resolutions.

We compare three inference frameworks:

• Static: A baseline with pre-selected kernels (TensorRT/TVM default).
• DKS: Our proposed dynamic kernel selection framework.
• Oracle: An upper bound where the best kernel is chosen with perfect foresight.

4.2. Results

Table 1 summarizes the latency and energy efficiency improvements across workloads. DKS
consistently outperforms the static baseline, approaching the performance of the oracle.

Table 1. Latency and Energy Efficiency Comparison (Batch Size = 8).

Model Static DKS Oracle

ResNet-50 Latency (ms) 42.1 26.0 24.5
MobileNetV3 Latency (ms) 18.7 12.5 11.8
BERT-base Latency (ms) 115.3 71.2 68.5

ResNet-50 Energy (J) 1.42 1.03 0.98
MobileNetV3 Energy (J) 0.61 0.46 0.44
BERT-base Energy (J) 3.92 2.77 2.69

On average, DKS achieves a 38.2% reduction in latency and a 27.5% improvement in energy
efficiency over the static baseline. The results also indicate that DKS is within 5–7% of the oracle
performance, demonstrating the effectiveness of lightweight profiling and adaptive decision-making.

A closer examination shows that the largest latency reduction is observed for BERT-base (115.3
ms → 71.2 ms), highlighting the benefit of dynamic kernel selection for transformer-based models
with irregular workloads. Meanwhile, convolutional models such as ResNet-50 and MobileNetV3 also
exhibit substantial gains, suggesting that both high-throughput and lightweight models benefit from
adaptivity. The energy results follow a similar trend, with savings of more than 1 Joule per inference
for ResNet-50, which is critical for battery-powered devices.
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Compared with recent operator fusion and hardware-aware scheduling approaches [1,2], our
method achieves competitive performance improvements without requiring offline retraining or
compiler re-optimization. Furthermore, the gap between DKS and the oracle remains consistently
small, confirming that the decision engine can reliably approximate optimal kernel choices at runtime.
This suggests that kernel-level adaptivity can serve as a general mechanism to enhance inference
efficiency across heterogeneous platforms, aligning with the direction of recent frameworks such as
FlashInfer [4] and ML Drift [5].

5. Discussion
The benefits of adaptivity align with recent findings in large model serving [4,5], as well as

theoretical investigations into efficient ML reasoning and robustness under retrieval noise [11–13].
Beyond kernel optimization, emerging work has highlighted the importance of aligning system
feedback with learning dynamics [14], and analyzing the theoretical limits of feedback alignment
in adaptive systems [15]. These insights suggest that future runtime systems could integrate kernel
selection with feedback-driven adaptation.

5.1. Practical Implications

The results demonstrate that dynamic kernel selection is a practical mechanism to close the gap
between static compiler-level optimization and runtime adaptivity. By integrating DKS into inference
engines such as ONNX Runtime or TensorRT, real-world applications can achieve significant latency
and energy benefits without requiring model redesign or re-training. This highlights the potential of
DKS as a lightweight yet effective addition to existing deployment pipelines.

5.2. Scalability and Generalization

While our evaluation focuses on convolutional and transformer-based models, the concept of
kernel adaptivity naturally extends to emerging workloads such as large language models (LLMs) and
multimodal architectures. For example, dynamic kernel selection could be used in LLM serving systems
(e.g., vLLM, TensorRT-LLM) to switch between optimized attention kernels under varying sequence
lengths and batch sizes. Furthermore, DKS can complement compiler autotuning by providing online
adaptivity that static profiling cannot capture.

5.3. Limitations

Despite promising results, several limitations remain:

• Profiling overhead: Although lightweight, profiling incurs additional runtime cost. Future work
should explore more efficient methods such as hardware-assisted telemetry.

• Kernel diversity: The effectiveness of DKS depends on the diversity and quality of available
kernels. In scenarios with limited kernel implementations, adaptivity benefits are constrained.

• Decision complexity: As the number of kernels increases, the decision space expands. Efficient
exploration strategies are needed to avoid performance regressions.

5.4. Future Directions

Future work may include:

• Hybrid optimization: Combining offline compiler autotuning with online kernel adaptivity.
• Cross-layer adaptivity: Extending kernel selection beyond single operators to pipeline-level

optimization (e.g., fused attention blocks).
• QoS-aware policies: Incorporating application-level constraints such as deadlines, quality-of-

service (QoS), or user experience metrics.
• Hardware integration: Leveraging hardware counters, DVFS (Dynamic Voltage and Frequency

Scaling), and energy models to improve kernel selection accuracy with minimal overhead.
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6. Conclusion
This paper presents Dynamic Kernel Selection (DKS), a runtime framework that adaptively

selects operator kernels for real-time machine learning inference. Unlike static optimization approaches,
DKS continuously monitors workload and hardware conditions, and leverages lightweight decision
algorithms to choose the most efficient kernel implementation on the fly.

Our evaluation on diverse hardware platforms and representative ML models demonstrates
that DKS achieves up to 38.2% latency reduction and 27.5% energy efficiency improvement compared to
state-of-the-art static inference frameworks, while maintaining negligible overhead. These results
show that kernel-level adaptivity is both practical and effective in closing the gap between offline
compiler optimization and runtime variability.

Looking ahead, we envision extending DKS to support large-scale workloads such as large
language model (LLM) serving, integrating it with compiler autotuning frameworks, and incorporating
QoS-aware policies for mission-critical real-time applications. We believe that dynamic kernel selection
provides a promising direction towards building inference systems that are not only accurate and
efficient, but also adaptive to the ever-changing runtime environment.
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