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Many intelligent applications, such as autonomous driving and virtual reality, require running both latency-
critical (real-time) and best-effort deep neural network (DNN) inference tasks to achieve both real-time and
work-conserving on the GPU. However, commodity GPUs lack efficient preemptive scheduling support, and
existing state-of-the-art approaches either have to monopolize GPU or let real-time tasks to wait for best-effort
tasks to complete, resulting in low utilization, high latency, or both.

This article presents Reef, the first GPU-accelerated DNN inference serving system that achieves low-
latency and work-conserving for concurrent real-time and best-effort tasks. Reef accomplishes this by enabling
microsecond-scale kernel preemption and controlled concurrent execution in GPU scheduling. Reef is novel
in two ways. First, based on the observation that DNN inference kernels are mostly idempotent, Reef devises a
reset-based preemption scheme that launches a real-time kernel on the GPU by proactively killing and restoring
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best-effort kernels at microsecond-scale. Second, since DNN inference kernels have varied parallelism and
predictable latency, Reef proposes a dynamic kernel padding mechanism that dynamically pads the real-time
kernel with appropriate best-effort kernels to fully utilize the GPU with negligible overhead. Evaluation using a
new DNN inference serving benchmark (DISB) with diverse workloads and a real-world trace on both NVIDIA
and AMD GPUs shows that Reef only incurs less than 5% overhead in end-to-end latency for real-time tasks
but increases the overall throughput by up to 1.53×, compared to scheduling tasks sequentially. To demonstrate
the practical benefits of our approach, we compare Reef with Triton, a widely-adopted production-level
serving system. Our evaluation shows that Reef outperforms Triton by 1.12× to 5.20× in end-to-end latency
for real-time tasks, while maintaining comparable throughput.

CCS Concepts: • Software and its engineering→ Scheduling; • Computing methodologies→ Concur-
rent computing methodologies;

Additional Key Words and Phrases: GPU scheduling, kernel preemption, kernel padding, DNN inference
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1 Introduction
Deep Neural Network (DNN) inference has been widely adopted by modern intelligent applica-
tions, such as autonomous driving [2, 46, 54, 108], virtual reality [78, 112], speech/image recognition
[42, 102], and healthcare [23, 30], just to name a few. Many of them demand real-time inference
serving in mission-critical tasks, where GPUs have emerged as a popular accelerator to serve DNN
inferences [17, 43, 62, 120].
Although the low-latency demand of DNN inferences can be fulfilled by dedicating the whole

GPU to sequentially serve requests from a single DNN application [12, 108, 121], it is hard to fully
exploit the massive parallelism of the GPU [62]. Hence, it is a common practice to share a GPU
among multiple applications with different timing constraints in emerging intelligent systems
[54, 105, 107], which can greatly improve overall throughput, as shown in Figure 1(a). For example,
autonomous vehicles use DNNs to recognize obstacles and traffic lights [11, 36, 81], which are
latency-critical tasks (called real-time tasks in this article). Meanwhile, other tasks with no hard
real-time requirement [105] (called best-effort tasks in this article), such as monitoring human
driver’s emotion and fatigue, are also served within the GPU using DNNs [23, 65, 113].

Typically, DNN inferences have two potentially conflicting goals for GPU scheduling. First, the
real-time tasks should be treated as first-class citizens on the GPU without interference from other
tasks to achieve low end-to-end latency. Second, both real-time tasks and best-effort tasks should be
served concurrently on the GPU to achieve high overall throughput (work-conserving).
State-of-the-art GPU libraries (e.g., CUDA [71] and ROCm [3]) commonly provide multiple

GPU streams (e.g., CUDA Streams [83]) to concurrently execute multiple tasks on the same GPU.
However, as shown in Figure 1(b), although the end-to-end inference latency of real-time tasks
is low (about 4ms) and stable when monopolizing the GPU, the tail latency of real-time tasks
significantly increases by over an order of magnitude (close to 50ms) when running concurrently
with best-effort tasks. This, unfortunately, is unacceptable for real-time scenarios [116].

Similar to operating systems using preemptive scheduling to provide real-time guarantees, an
intuitive approach is to provide preemption for GPU scheduling, which is unfortunately missing
in commodity GPUs [96]. Prior work [14, 104, 122] proposed a wait-based approach to passively
waiting until the completion of running blocks, which may cause a preemption delay of several
milliseconds. Although it may be sufficient for traditional GPU workloads, this approach is still far
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Fig. 1. (a) Overall throughput of DNN inferences (both real-time and best-effort tasks); (b) End-to-end latency of
real-time tasks using concurrent GPU scheduling (i.e., multiple GPU streams [61, 66, 83]); (c) End-to-end latency
of real-time tasks using preemptive GPU scheduling (i.e., wait-based preemption [14, 104, 122]); (d) Throughput
of best-effort tasks as real-time task frequency increases. Workload: VGG [94] (real-time) and ResNet [40]
(best-effort). Testbed: One AMD Radeon Instinct MI50 GPU with 16GB of memory (see Section 6 for details).

from optimal for DNN inference tasks since the preemption latency is non-trivial compared to the
execution time of real-time inference tasks, as shown in Figure 1(c). Further, when the real-time
inference requests arrive at a high frequency (e.g., camera (120 reqs/s) [19] or multiple sensors
[54]), the best-effort tasks may even get starved, as shown in Figure 1(d).
This article presents Reef, the first DNN inference serving system for commodity GPUs with

microsecond-scale kernel preemption and controlled concurrent execution in GPU scheduling to
achieve both real time and work conserving. Specifically, the arriving real-time task should instantly
preempt the GPU from the running best-effort kernels without waiting for their completion.
Meanwhile, the best-effort kernels should be executed concurrently by using GPU resources
leftover from the real-time kernels.
A key insight of Reef is that each kernel in DNN inference is mostly idempotent. This implies

that the running best-effort kernels can be proactively killed without saving contexts for an instant
preemption, and restored by simply re-executing the kernel. Based on this, Reef proposes a reset-
based preemption scheme. To thoroughly flush hundreds of outstanding kernels in both GPU
runtime and devices, Reef designs different approaches to resetting different software queues and
retrofits the GPU driver to exactly use existing hardware mechanisms to reset compute units while
preserving device memory of the GPU. It can improve both kernel preemption and restore. To
handle the small fraction of non-idempotent kernels, Reef introduces the concept of multi-kernel
idempotence, which groups consecutive kernels into atomic units. When a non-idempotent kernel
is preempted, Reef restores its state by re-executing the entire group that contains the kernel. With
such a preemption mechanism, Reef can launch a real-time task on the GPU in tens of microseconds,
regardless of the number of preempted kernels and their execution time.
Reef further proposes a dynamic kernel padding mechanism based on the observation that the

execution time of GPU kernels in DNN inferences is deterministic and predictable. This implies
that the pending best-effort kernels can be carefully selected to pad the real-time kernel without
performance interference, based on offline profiling in advance. Reef extended GPU compiler
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to construct a template of padded kernels by using function pointers. Furthermore, to eliminate
the overhead of indirect function calls on the GPU, Reef introduces proxy kernels to address
register allocation problem and avoid unnecessary context saving at runtime. Therefore, Reef
can concurrently execute the real-time task with best-effort tasks at the expense of negligible
performance and memory overhead (less than 1% and about 10 KB).
We initially implemented Reef on AMD GPUs (e.g., Radeon Instinct MI50) and subsequently

ported it to NVIDIA GPUs (e.g., GV100). Reef extends Apache TVM [98], a deep learning compiler,
to generate customized GPU kernels for DNN inferences, implementing reset-based preemption
and dynamic kernel paddingmechanisms. Our reset-based preemption scheme has influenced
XSched [91], a preemptive scheduling framework for diverse XPUs, enabling efficient preemption
of both pending and running kernels.1 We evaluate Reef using a new DNN Inference Serving
Benchmark (DISB) with diverse workloads and models, as well as a real-world trace from Apollo
[8] (an open autonomous driving platform). The evaluation conducted on AMD GPUs shows that
Reef only incurs less than 5% end-to-end latency overhead for real-time tasks while achieves up
to a 1.53× throughput improvement compared to scheduling tasks sequentially. Our approach
further reduces the preemption latency by over one order of magnitude against the state-of-the-art,
less than 40 microseconds for all models on both AMD and NVIDIA GPUs. To demonstrate the
feasibility of our approaches, we conducted evaluations of Reef on an NVIDIA GPU using inference
engine with closed-source GPU kernels (e.g., TensorRT [68]). Reef outperforms Triton [22], a
production-level serving system, by 1.12× to 5.20× in end-to-end latency for real-time tasks, while
maintaining comparable throughput.

Contributions.We summarize our contributions as follows.
—An in-depth understanding on the characteristics of GPU-accelerated DNN inferences, such
as idempotence and the issues of state-of-the-art GPU scheduling schemes (Section 2).

—A novel reset-based preemption scheme that launches a real-time kernel on the GPU in a few
microseconds, regardless of the number of preempted kernels (Section 4).

—An elegant mechanism that can dynamically pad the real-time kernel with best-effort kernels
to fully exploit the massive parallelism of the GPU (Section 5).

—A prototype implementation for both AMD and NVIDIA GPUs and an evaluation that
demonstrates the advantage and efficacy of Reef over state-of-the-art approaches (Section 6).

The source code of Reef is publicly available at https://github.com/SJTU-IPADS/reef. The DISB
framework can be obtained separately from https://github.com/SJTU-IPADS/disb.

2 Background and Motivation
2.1 Characterizing GPU-Accelerated DNN Inference
DNN comprises multiple instances of versatile layers, such as convolutional, pooling and fully-
connected layers. GPUs have been widely exploited to accelerate DNN inference serving [24, 35, 87].
To serve inference requests on GPUs, the pre-trained DNN model (e.g., ResNet [40]) is loaded
into GPU memory ahead of time. Figure 2 outlines the implementation of GPU-accelerated DNN
inference. For each arriving request, all kernels of the DNN model are executed in turn with the
input, and the resulting output is returned to the DNN application.
DNN inference is now used by both real-time (RT) tasks, such as obstacle and traffic lights

recognition [11, 81], and best-effort (BE) tasks, such as emotion and fatigue monitoring [23, 65, 113].
The real-time tasks are latency-critical, because violating the end-to-end latency requirement
may cause system failures or even safety problems. In addition, such requests are usually issued

1XSched is publicly available at https://github.com/XpuOS/xsched
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# device codes

__global__ void conv_relu(in, weight, out):

1   sum = 0;

2   for i in range(0,3)

3 for j in range(0,3)

4 sum += in[..]   weight[..]

5 out[..] = ReLU(sum)

__global__ void dense(in, weight, bias, out):

6 sum = 0;

7 for i in range(0,512)

8 sum += in[..]   weight[..]

9 out[..] = sum + bias[..]

# host codes

void inference(...):

10  memcpyH2D(in, in_host, in_sz)  # copy in to GPU

11 conv_relu <<<dim(32), ..>>> (in, .., buf_conv)

12 ...  # launch other kernels

13 pooling <<<dim(64), ..>>> (.., buf_pool)

14 dense <<<dim(10), ..>>> (buf_pool, .., buf_dense)

15 softmax <<<dim(1), ..>>> (buf_dense, .., out)

16  memcpyD2H(out_host, out, out_sz)  # copy out to CPU

Fig. 2. An example of DNN inference using a ResNet-like model.

Table 1. Number of Idempotent GPU Kernels and Total GPU Kernels for DNN Models Evaluated
in Section 6 Across Different Inference frameworks (TVM [98], TensorRT [68], and PyTorch [77])

Model #Idem Kernels / #Total Kernels Execution Time
TVM TensorRT PyTorch

ResNet-152 [40] (RNET) 207/207 67/103 145/211 9.1
VGG-19 [94] (VGG) 71/ 71 30/ 30 45/ 81 3.7
Yolov3 [82] (YOLO) 144/144 153/175 569/572 10.0
Bert-Base [28] (BERT) 393/393 161/173 165/238 8.1
GPT-2 [80] (GPT2) 440/440 136/148 258/294 13.2

Their execution times (in milliseconds) are measured on an AMD Radeon Instinct MI50 GPU using TVM.

periodically at various frequencies by input sensors (e.g., camera and LiDAR [8, 54]). On the
contrary, the best-effort tasks have no hard timing requirement, but are repetitively executed in
the background.

Idempotence. The GPU-accelerated DNN model for inference tasks consists of a sequence of
kernels, which implement one or several DNN layers. We observe that most GPU kernels in DNN
models are idempotent as they primarily perform dense linear algebra computations without side
effects. Through our analysis of five DNN models across three major inference frameworks, we
found that all kernels generated by TVM [98] are idempotent, while 1182 out of 1396 kernels from
PyTorch [77] and 547 out of 629 kernels from TensorRT [68] are idempotent, as detailed in Table 1.
The idempotence property ensures that a kernel will always produce identical output given the
same input, regardless of whether it has been retried or not. This characteristic enables efficient
preemption of DNN inference tasks by simply killing the running kernel and restoring execution
by re-starting it. For the small fraction of non-idempotent kernels, we note that each kernel in a
DNN model only depends on outputs from previous kernels and static arguments (e.g., weights)
as inputs. For instance, the dense kernel in Figure 2 takes the output of the pooling kernel and a
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Fig. 3. (a) The CDF of execution time (in μs) for several typical kernels in VGG, and (b) the timeline of CU usage
during VGG execution on a GPU with 60 compute units (CUs). The execution time of GPU kernels in VGG ranges
from 10 μsto 365 μs(see Figure 13).

weight matrix as inputs. This dependency structure allows us to safely restore a preempted DNN
inference task by re-executing it from the previous kernel, even if the preemption occurred during
a non-idempotent kernel’s execution.

Massive kernels. Unlike traditional GPU applications that only contain a few kernels (e.g., at most
14 kernels in Rodinia [13]), it is common to see hundreds of kernels in modern DNN models (see
Table 1). In response, large amounts of kernels—usually hundreds or more—would be submitted
in advance to hide the lengthy kernel launching time. Furthermore, to fully exploit the GPU, the
serving system may concurrently execute multiple kernels from different inference tasks using the
same or different DNNmodels.Therefore, the performance penalty of preempting the GPUwould be
significant (a few milliseconds) and even comparable to the execution time of hundreds of kernels.

Latency predictability. We observe that the execution time of GPU kernels in DNN inferences is
deterministic and predictable when running individually on the GPU (no interference). The reasons
are two-fold. First, the kernel is mostly linear algebra computations such as matrix multiplication
and convolution, which contains neither conditional branches nor inconstant loops. Second, all
kernel arguments (e.g., input and weights) and the output are fixed-size arrays. Therefore, the
execution time of such kernels is independent of the input of inference request and can be measured
and accurately predicted in advance. In practice, we observe that the variance in kernel execution
time of DNN models is typically only a few microseconds (see Figure 3(a)). This is also confirmed
in recent literature [7, 35, 62].

Varied parallelism. The GPU kernels in DNN inferences usually exhibit completely different
parallelism due to varied input scales. For example, as shown in Figure 2, the pooling kernel uses 64
thread blocks, while the softmax kernel just uses 1 thread block. Consequently, the computational
demand for DNN inferences, namely the number of compute units (CUs), is ever-changing during
the execution. As an example, Figure 3(b) shows the CU usage during VGG execution varies between
6.7% and 86.7%. Therefore, to efficiently exploit the GPU, it is indispensable to leverage a dynamic
mechanism to select and execute multiple kernels from different DNN inference tasks at runtime.

2.2 State-of-the-Art GPU Scheduling
As stated before, DNN inference serving system relies on GPU scheduling to meet two potentially
conflicting performance goals: low latency andwork conserving. AlthoughGPU scheduling has been
widely studied in the HPC community [1, 10, 14, 15, 34, 58, 104, 111, 119], the unique characteristics
of DNN inferences and the two performance goals introduce new challenges for GPU scheduling.
We review the state-of-the-art schemes of GPU scheduling and discuss the performance issues
when serving various DNN inferences through a brief example, as shown in Figure 4.

ACM Trans. Comput. Syst., Vol. 44, No. 1, Article 1. Publication date: November 2025.
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block

kernel

task

(a)

(b)

(c)

Fig. 4. An example of GPU task scheduling using different kernel preemption and parallelism schemes for a hybrid
workload, which contains two best-effort and one real-time DNN inference tasks. The GPU has four compute units
(CUs).

Sequential execution.Most existing DNN serving systems, such as Clockwork [35], use sequential
execution to avoid interferences among tasks.Thus, each task can achieve optimal execution latency,
as shown in Figure 4(a). However, the end-to-end latency of RT tasks might be significantly extended
due to lengthy preemption latency (red dimension line), since it has to wait for the completion
of previous tasks (no preemption). Further, this scheme has a poor overall throughput, due to
sequentially serving inference tasks (i.e., no concurrency).

Block-level preemption. To reduce end-to-end latency for real-time tasks, it is necessary to
preempt the GPU from running best-effort tasks. However, it is difficult to implement preemptive
scheduling on the GPU due to the large context (e.g., a large amount of registers) [75, 96]. Meanwhile,
commodity GPUs also lack hardware support for the preemption mechanism.2 As a compromise,
prior work [10, 122] proposes wait-based approaches to implementing block-level preemption for
GPU scheduling. The real-time task still needs to passively wait until the completion of running
blocks, as shown in Figure 4(b). Further, the preemption latency will increase with the number
of preempted kernels (see Figure 1(c)). As a compromise, prior work [10, 122] has to limit the
number of kernels submitted to the GPU, which is impractical for DNN inferences. Further, a

2Although NVIDIA claims that their GPUs have been equipped with preemption support since Pascal architecture [70],
there is no publicly available information or a software controllable interface [14, 53, 104].

ACM Trans. Comput. Syst., Vol. 44, No. 1, Article 1. Publication date: November 2025.



1:8 M. Han et al.

 

  
    

Fig. 5. Architecture of Reef.Modules in boxes with dashed border are on the critical path of serving DNN
inference requests. Other modules do not directly affect serving latency and throughput.

high-frequency real-time task will break the execution of best-effort tasks, even leading to starvation
(see Figure 1(d)).

Multiple GPU streams. To improve overall throughput, modern GPU libraries (e.g., CUDA [71]
and ROCm [3]) commonly provide multiple GPU streams (e.g., CUDA Streams [83]) to concurrently
execute kernels from independent tasks. The runtime scheduler dispatches kernels from GPU
streams on demand to keep all compute units (CUs) busy, as shown in Figure 4(c). Although
leveraging multiple GPU streams can improve throughput (see Figure 1(a)), the latency of real-
time tasks can be significantly degraded by concurrent tasks, e.g., the last kernel of RT Task#1 in
Figure 4(c). Even worse, the latency overhead will increase with the number of concurrent tasks
(see Figure 1(b)).

3 Reef Overview
3.1 System Architecture
The goal of Reef is to provide preemptive GPU scheduling that achieves real-time guarantees for
latency-critical tasks while remaining work-conserving for best-effort tasks (see ideal scheduling
example in Figure 4). Leveraging the insight that DNN inference kernels are mostly idempotent
and consists of numerous kernels with varied parallelism and predictable latency, Reef introduces
two novel designs: reset-based preemption and dynamic kernel padding.

Figure 5 illustrates an overview of Reef’s architecture. Reef consists of (a) an offline part, which
compiles and examines user-provided DNN models, and (b) an online part, which schedules and
serves DNN inference requests.

DNN model preparation (offline). Reef supports both uncompiled DNN models (e.g., in ONNX
[6] format) and pre-compiled DNN models (e.g., in TensorRT [68] format) with closed-source GPU
kernels. At the offline stage, Reef performs two tasks: (a) compiles the uncompiled models to
generate GPU kernels, and (b) checks the idempotence of all kernels for both types of models.

ACM Trans. Comput. Syst., Vol. 44, No. 1, Article 1. Publication date: November 2025.
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Model compiler. Reef compiles models using a customized model compiler (TVM [17]) with three
extensions: (a) a multi-version compiler that generates multiple GPU kernel variants for each DNN
layer, each with different performance characteristics (e.g., execution time, register usage); (b) a code
transformer module that converts GPU kernels to be compatible with our dynamic kernel padding
technique; and (c) a kernel profiler that measures computational requirements and execution time
for each kernel.

Idempotence checker. Reset-based preemption requires knowledge of kernel idempotence (whether
kernels can be safely restarted). Reef pre-executes all kernels (both pre-compiled and those compiled
using our model compiler) and traces their execution to check idempotence. This information is
then used by the preemption module at runtime to ensure safe kernel preemption and restoration.

DNN inference serving (online). Reef provides an RPC-based interface for DNN-based appli-
cations to submit inference requests. Reef supports serving DNN inference requests using either
open-source inference engines (e.g., TVM Runtime [98]) or closed-source inference engines (e.g.,
TensorRT [68]). Reef consists of four major components:

Task queues. Reef maintains one real-time task queue and several best-effort task queues. Each
queue is bound to a GPU stream for executing inference requests, and requests are processed in
FIFO order. For simplicity, Reef executes real-time requests one at a time. Note that any scheduling
policy that treats the whole GPU as a single device, such as EDF [12], can be adopted by Reef for
real-time requests.

Scheduler. The scheduler in Reef uses busy polling on task queues to retrieve requests and then
invokes the associated inference engine to execute these tasks on their designated GPU streams.
Corresponding to whether there are real-time tasks, Reef provides two execution modes, namely
real-time mode and normal mode. The scheduler will switch from normal mode to real-time mode
when encountering real-time tasks, and switch back to normal mode when the real-time task queue
is empty.

Kernel interceptor. Reef intercepts GPU kernels launched by inference engines through intercepting
the GPU runtime API calls, enabling it to schedule tasks at the granularity of GPU kernels without
directly manipulating the inference engines themselves. This approach makes Reef more flexible
and easier to extend to support additional inference engines, even closed-source ones like TensorRT.
The interceptor identifies which request a kernel belongs to by checking the GPU stream it is
launched with.

Preemption module. In normal mode, Reef concurrently serves best-effort tasks from different task
queues using multiple GPU streams [3, 83] provided by GPU runtime. In real-time mode, Reef
first uses the preemption module to instantly preempt all running best-effort tasks (Section 4) and
then immediately launches the real-time task on the GPU. The preemption module works for both
open-source and closed-source inference engines, as well as pre-compiled and uncompiled models.

Dynamic kernel padding (DKP). In real-time mode, before launching a real-time kernel, the DKP
module will select appropriate best-effort kernels and dynamically pad them to the real-time kernel
(Section 5). Reef will execute the padded kernel on the GPU to achieve high throughput. Note that
the best-effort kernels will only use GPU resources leftover from the real-time kernel. Notably,
DKP is only applicable to kernels that are compiled with our extended model compiler.

3.2 An Illustrative Example
Figure 6 illustrates the timeline of scheduling five DNN inference tasks in Reef. Upon receiving the
first two best-effort requests 𝑟1 and 𝑏1, Reef runs in normal mode, and the kernels of two different
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Fig. 6. An example timeline in Reef. The DNN inference tasks are identical to those in Figure 4.

tasks are scheduled to two different GPU streams. The GPU runtime will concurrently execute
the kernels on the GPU. While 𝑟1 and 𝑏1 execute, a real-time request 𝑣1 arrives. The scheduler
immediately switches to real-time mode, and GPU runtime instantly preempts the GPU by killing all
running kernels of best-effort tasks (i.e., 𝑟1 and 𝑏1). Meanwhile, the DKP module selects appropriate
kernels from restored tasks to dynamically pad the kernels of real-time task 𝑣1. After that, the
padded kernel will be executed on the GPU alone. While 𝑣1 is completed, the scheduler switches
back to normal mode. All running and later best-effort tasks (i.e., 𝑟1, 𝑏1, 𝑏2, and 𝑟2) will concurrently
execute on the GPU through two GPU streams.

4 Reset-based Preemption
The key insight behind our idea, namely reset-based preemption, is that the GPU kernels in DNN
models are mostly idempotent, which enables proactive preemption—killing all running kernels on
the GPU immediately and restoring them later. The benefits are two-fold. First, it avoids saving and
restoring the large context of the GPU (e.g., a 256 KB register file per CU) [96]. Second, there is no
need to wait for all running kernels to complete, which can take hundreds of microseconds or even
milliseconds.
However, there are still new challenges before making our reset-based preemption come true

on commodity GPUs. Except for the kernels running on the GPU, hundreds of asynchronously
launched kernels are buffered in the queues maintained by GPU runtime. This is necessary to hide
the kernel launch time and fully exploit the massive parallelism of GPU. Whereas, evicting all
launched kernels makes it indeed difficult to preempt the GPU in tens of microseconds.

4.1 AbstractingQueues in GPU Runtime
To understand the kernel lifetime and locations of launched kernels, we first propose an abstraction
of the queues that buffer the kernels in GPU runtime, and later explain how this abstraction maps
to the commodity GPU runtime in Section 4.5 for AMD GPUs and Section 4.6 for NVIDIA GPUs.

As illustrated in Figure 7, each inference task is associated with a GPU stream, and all kernels of
the task are launched to its corresponding GPU stream by the scheduler through the GPU stream
API. The launched kernels are first buffered in a host queue (HQ). Each GPU stream has its own
host queue. The primary function of the host queue is to ensure that each GPU stream API call
is asynchronous, allowing it to return immediately after being called. Therefore, the host queue
is often implemented as a linked list with unlimited capacity. Each host queue has a background
thread that transmits the buffered kernels asynchronously to a device queue (DQ). The DQ can
be accessed by both the CPU and the GPU simultaneously, with the CPU responsible for pushing
new kernels to the back of the queue, while the GPU continuously pops kernels from the front
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Fig. 7. Queue abstraction for the GPU runtime and preemption module in Reef.

of the queue. The DQ is often implemented as a ring buffer with a fixed capacity to simplify the
communication and synchronization between the CPU and the GPU. The kernels in the DQ are
fetched by the GPU’s command processor and eventually dispatched to the compute units (CUs) for
execution. Therefore, launched kernels of an inference task may exist in three places, namely host
queues (HQs), DQs (DQs), and compute units (CUs). To achieve instant preemption, kernels in all
three places must be evicted. Figure 8 shows the pseudocode for the preemption module in Reef.

4.2 Evicting Buffered Kernels
The reset-based approach requires proactively evicting all buffered kernels from both host queues
and DQs. For host queues, it is straightforward to reset them (Ê in Figure 7), dequeuing all buffered
kernels and reclaiming memory, as they are fully controlled by the CPU code. For DQs, however,
the GPU runtime cannot evict buffered kernels from DQs, because the command processor of
GPU can directly fetch kernels from DQs [29], resulting in data races and unpredictable results.
In addition, the CPU also does not provide a way to safely evict kernels from DQs. A potential
solution is to notify the GPU to re-register a new DQ [85]. However, it would incur an unacceptable
latency overhead (e.g., about 1ms on our testbed).

Inspired by evictable kernels [14], we propose lazy eviction to reset DQs without extending GPU
runtime and hardware. The code transformer of Reef injects a piece of code at the beginning of
each kernel in advance (lines 4 in Figure 8), which checks a preemption flag to realize whether it has
been evicted. When the preemption flag is true, the kernel will voluntarily terminate itself (lines
1–2 in Figure 8). Therefore, when a preemption occurs, the preemption module will immediately
set the preemption flag to true in GPU memory (see Ë in Figure 7). The kernels buffered in DQs
will be fetched and dispatched to the CUs as usual, but will terminate themselves immediately.

Our initial queue eviction mechanism imposes a non-trivial overhead on the preemption process,
taking more than 500 μsto preempt a single task (see Section 6.4). An in-depth analysis shows that
the overhead comes mainly from (a) reclaiming memory from the host queue and (b) waiting to
fetch kernels from the DQ. Therefore, we propose two optimizations to mitigate overheads.

Asynchronous memory reclamation. The preemption latency is proportional to the host queue
length when using synchronous memory reclamation for evicted kernels in the host queues.
Therefore, the performance penalty of preempting a DNN inference task would be significant, since
it requires buffering hundreds of kernels in the host queue. To instantly evict GPU kernels from
the host queue, Reef leverages a background garbage collection (GC) thread to reclaim memory
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# device codes

__device__ void preemptor(p_args):

1   if (*p_args.flag == true) 

2      terminate() # lazy eviction

3   *p_args.global_idx = p_args.curr_idx

__global__ void dense(in, weight, bias, out, p_args):

4   preemptor(p_args)

5   ... # run kernel body

# host codes

void inference(model, p_args, start_idx, stream):

6   p_args.curr_idx = 0

7   ... # launch other kernels

8   p_args.curr_idx += 1 # increment execution index

    # skip this kernel if it has been executed

9   if (p_args.curr_idx >= start_idx) then

    # launch the kernels with preemption arguments

10     dense<<<.., stream>>> (.., p_args)

11  ... # launch other kernels

void preempt(p_args, stream):

12  reset_hq(stream) # ❶ reset HQs

13  set_flag(p_args.flag, true) # ❷ reset DQs

14  reset_cu(stream) # ❸ reset CUs

void restore(model, p_args, stream):

    # find the last executed kernel

15  last_idx = load_idx(p_args.global_idx)

16  set_flag(p_args.flag, false) # reset the preemption flag

    # find the entry kernel with multi-kernel idempotence

17  start_idx = find_idem_entry(model, last_idx)

    # re-launch the non-executed kernels

18  inference(model, p_args, start_idx, stream)

Fig. 8. Pseudocode for reset-based preemption in Reef.

asynchronously. Specifically, Reef resets the host queue by simply nullifying the head pointer first
and then notifying the GC thread to reclaim memory in the background.

DQcapacity restriction.Although using lazy eviction can terminate kernels in theDQ immediately
at the beginning of execution, the kernels still have to be fetched and dispatched to the CU, which
takes around 20 μsper kernel. It is common to buffer hundreds of kernels in a DQ, since it can reduce
the frequency of CPU thread context switches by filling up the DQ with a large number of kernels
from host queues at a time. However, it may also increase the preemption delay to even more
than 1ms. Therefore, Reef restricts the capacity of the DQ to achieve microsecond-scale kernel
preemption. Tuning the DQ capacity provides a tradeoff between preemption latency and execution
time. As the queue capacity decreases, the preemption latency also decreases because fewer kernels
need to be evicted, but normal execution time increases because the GPU has more idle time waiting
for the runtime to fill DQs with the kernels from host queues. We empirically choose a DQ capacity
to 4 on our testbed, since it is sufficient to reset the DQ in 30 μs with negligible overhead on normal
execution time (i.e., less than 0.3%). Furthermore, using a smaller DQ also produces slightly higher
CPU utilization (e.g., about 15% increase) due to more frequent filling of the DQ.

4.3 Killing Running Kernels
To avoid waiting for the completion of running kernels, the reset-based preemption proactively
kills the running kernels in the GPU (see Ì in Figure 7). We observed that modern GPUs have
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Fig. 9. An example of multi-kernel idempotence.

the ability to terminate CPU process and also kill associated GPU kernels, even when the kernel
stucks in an infinite loop. It implies that GPU driver can indeed interrupt and kill an uncompleted
kernel. Therefore, Reef retrofits such mechanism and exposes it to the preemption module in GPU
runtime.

4.4 Restoring Preempted Tasks
The best-effort tasks should be restored after being preempted. In general, the task has to be re-
executed from the beginning, and is assumed to have no side effects. Fortunately, the idempotence
characteristic of kernels in the DNN model ensures that the execution of DNN inference task can
be restored by only re-executing the interrupted kernel. However, there are still some challenges
to benefit from the idempotence property. First, because the kernel running on the CUs is killed
by the command processor of GPU, which is asynchronous to the CPU, the scheduler cannot
directly identify which kernel in the DQ was interrupted. Second, even if most kernels in DNN
models are idempotent, there are still some non-idempotent kernels that cannot be restored by
simply re-executing them. For example, we observed some kernels in TensorRT and PyTorch are
non-idempotent (shown in Table 1). The existence of non-idempotent kernels is primarily due to
in-place tensor operations, where a kernel both reads from and writes to the same memory location.
For example, when a kernel performs an in-place addition (e.g., adding a constant to a tensor), it
needs to read the original tensor value and then write the updated value back to the same memory
location. This read-after-write pattern makes the kernel non-idempotent because re-executing it
would produce different results depending on whether the memory location has been modified by
previous executions.

Kernel execution index. To address the first challenge, Reef assigns a unique execution index to
each kernel when it is launched (line 8 in Figure 8), and transforms the kernel code to update a
global execution index variable using its execution index at the beginning of each kernel (line 3 in
Figure 8). When restoring a preempted task, the preemption module reads the global execution
index variable to determine the kernel that was interrupted (line 15 in Figure 8). If the interrupted
kernel is idempotent, the preemption module restores the task by re-executing the interrupted
kernel and launching the subsequent kernels.

Multi-kernel idempotence. To address the second challenge, Reef extends the application of
idempotence from a single kernel to the use of multi-kernel idempotence. An idempotent group
consists of consecutively executed kernels that are idempotent as a whole, meaning that no matter
at which kernel the execution is interrupted, it can be restarted from the first kernel of the group to
achieve the same execution result as a single uninterrupted execution. An idempotent group does
not require each kernel to have single-kernel idempotence. In other words, even if a single kernel
is non-idempotent, it is still possible to find an idempotent group, including the non-idempotent
one, that satisfies the multi-kernel idempotence property. In the worst case, this idempotent group
includes all kernels in the DNN model. Figure 9 illustrates an example of multi-kernel idempotence
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with four consecutive executed kernels. Although K3 is non-idempotent, the entire group (K0, K1,
K2, K3) is still idempotent. If K3 is killed during the preemption, the task can still be restored by
re-executing from K0, which is the first kernel of the idempotent group to which K3 belongs.
To reduce restoration overhead, Reef must identify the kernel group with minimal number

of kernels that satisfies multi-kernel idempotence for each non-idempotent kernel, thereby
minimizing the number of kernels that need re-execution. For example, in Figure 9, both the group
(K0, K1, K2, K3) and (K1, K2, K3) satisfy multi-kernel idempotence, but the former is smaller and
takes less time to restore.

Checking multi-kernel idempotence. Reef performs this identification in two offline steps Reef
currently assumes that the idempotence property of GPU kernels can be determined statically
through offline trace analysis and remains constant at runtime [53, 55, 75]. However, Reef can
also integrate recently proposed approaches and tools [37] for dynamic idempotence validation,
thereby relaxing the static assumption.. First, it executes the DNN model to generate a trace of the
memory addresses accessed by each GPU operations, including GPU kernels, memory copy, and
memory set. Then, it searches for the minimal group that satisfies multi-kernel idempotence for
each kernel. The search algorithm begins with the target kernel and iteratively adds predecessor
kernels until multi-kernel idempotence is achieved. The condition for multi-kernel idempotence is
that all bytes on GPU memory accessed by the group must be free from clobber-anti-dependencies
[27]. Specifically, for a kernel group to be idempotent, each memory location it accesses must
satisfy one of two conditions: either (1) it is only read from (never written to) during the group’s
execution, or (2) if it is written to, the first access to that location within the group must be a write
operation. In other words, the input of a group of kernels must not be overwritten.
To illustrate how Reef checks multi-kernel idempotence, consider the example in Figure 9

with four consecutive kernels (K0–K3) and six memory locations (A–F). Note that each memory
location represents a single byte in memory. We next show how the algorithm finds the minimal
idempotent group for K3. The algorithm starts with K3, which reads C, E and writes E. K3 is
non-idempotent because it both reads and writes E, meaning the input E might be overwritten
during its execution. The algorithm then adds K3’s predecessor K2 to form the group (K2, K3).
This group is still non-idempotent because the group still treats E as both input and output. The
algorithm continues by adding K1, forming the group (K1, K2, K3). This group is idempotent
because its inputs (C, D) are distinct from its outputs (E, F). The algorithm stops here as it has
found the minimal idempotent group for K3.
We validated the idempotence property of the kernels across five DNN models, as detailed in

Table 1. Our analysis encompassed both TVM-generated kernels and those from TensorRT [68] and
PyTorch [77]. The results revealed that all TVM-generated kernels are idempotent, while TensorRT
and PyTorch show the presence of non-idempotent kernels: 82 out of 629 kernels in TensorRT
and 214 out of 1,396 kernels in PyTorch are non-idempotent, leaving 547 and 1,182 idempotent
kernels respectively. For the non-idempotent kernels, we applied our iterative algorithm to identify
their minimal idempotent groups. As shown in Figure 10, these groups are predominantly small,
with most containing 1–4 kernels. This small group size ensures that restoring non-idempotent
kernels requires re-executing only a few additional kernels (less than 5 for most cases), resulting
in minimal restoration overhead (see Section 6.4 and Figure 22). Interestingly, many groups contain
only one kernel because they included other GPU operations (e.g., memory set) that writes to
the memory locations used by the non-idempotent kernel. The largest identified group contains 9
kernels.
The results of this offline analysis are saved in a metadata file that maps each kernel to its

idempotence property and group information. When Reef loads a DNN model, the preemption
module reads this metadata file to build an in-memory lookup table for runtime use.
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Fig. 10. The number of kernels in the minimal idempotent group containing non-idempotent kernels for DNN
models in Table 1.

Restoring idempotent kernel group. After identifying the minimal idempotent group for each kernel,
Reef can efficiently restore preempted tasks by re-executing the appropriate kernel group. When
restoring a preempted task, the preemption module first reads the global execution index to
determine which kernel was interrupted. If the interrupted kernel is idempotent, Reef simply
re-executes that kernel and continues with subsequent kernels. For non-idempotent kernels, Reef
looks up its pre-computed minimal idempotent group and re-executes all kernels in that group,
starting from the first kernel in the group.

4.5 Reset-Based Preemption on Open-Source GPUs
Our queue abstractions were originally inspired by the design of ROCm [3], an open-source GPU
runtime for AMD GPUs. ROCm has exactly the data structure of host queue and DQ as described
in Section 4.1. Therefore, Reef implements the preemption module on AMD GPUs by directly mod-
ifying its implementation of host queue and DQ in ROCm, and adding three new APIs to HIP [86].

Queue eviction. Reef adds two new APIs to the HIP for managing host queues and DQs: (1)
hip_reset_hq, which resets a host queue and moves the untransmitted kernels to the GC thread;
(2) hip_set_stream_cap, which limits the capacity of the DQ used by a GPU stream.

Kernel killing. Reef retrofits the GPU reset function of Linux AMD GPU driver [84], which
instructs the GPU command processor to kill all running kernels on the CUs. We expose this
function to the preemption module via ioctl system call, and add a new API hip_reset_kern
to the HIP to interrupt and kill all running kernels. Our experiments show that the kernel killing
function can terminate all running kernels in less than 3 μs on our testbed.

4.6 Reset-Based Preemption on Closed-Source GPUs
The closed-source GPU runtime, such as CUDA [71] of NVIDIA GPUs, poses two main challenges
for implementing reset-based preemption. First, the CUDA runtime does not expose the queues
to the user. Even worse, prior research also discovered that CUDA kernels are launched to the
DQs, without buffering in a host queue [12]. As a result, our techniques for manipulating the
queues cannot be directly applied to NVIDIA GPUs outside of the CUDA runtime. Second, the
CUDA runtime also does not provide an API to reset the CUs, making the kernel killing mechanism
also difficult to implement. We have implemented Reef for NVIDIA GPUs, which tackles these
challenges with the following techniques.

Queue eviction. To address the first challenge, Reefnv first wraps each CUDA stream, into a virtual
host queue (vHQs), which intercepts and buffers all launched kernels. Similar to the (physical)
HQ, each vHQ also has a background thread to transmit buffered kernels asynchronously to the
CUDA runtime. After that, Reefnv treats the whole GPU runtime as several DQs (one for each GPU
stream), such that Reefnv can easily reset vHQs to evict buffered kernels, instead of resetting HQs
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directly (Ê in Figure 7). Reefnv still follows the lazy eviction to reset DQs. To simulate DQ capacity
restriction, Reefnv limits the number of outstanding kernels in the CUDA runtime; the background
thread of vHQ transmits a fixed number of kernels to the CUDA runtime in a closed loop.

Special GPU commands handling. In addition to GPU kernels, some inference engines will also
launch other GPU commands when submitting inference tasks, such as memcpy, memset, and event
recording. When submitting these commands, Reefnv will block them from being submitted to the
DQ until all commands in the DQ have been executed. This ensures that these special commands
are executed only once.

Kernel killing. To address the second challenge, Reefnv leverages the GPU trap mechanism which
is originally used for debugging. The interface for triggering GPU traps is exposed by the recently
open-source NVIDIA GPU driver [69] via the ioctl system call and is compatible with the closed-
source driver.The trap mechanism of the GPU is similar to that of ARM CPUs. When the GPU trap is
triggered, all running GPU threads are interrupted and redirected to a trap handler, which is a piece
of code in the GPU instruction memory. The handler pushes several general-purpose registers to the
stack in GPU local memory and starts to check trap reason and handle the exception. Reefnv utilizes
the CUDA export table API to get the address of the trap handler and adds several instructions to its
binary. The modified trap handler additionally checks the preemption flag to identify whether the
trap is intentionally triggered by the preemption module of Reefnv. If the preemption flag is true,
the trap handler will then kill the running kernel by executing EXIT instruction on all threads. In
this case, all running threads are terminated, without saving either its registers or shared memory.
If the preemption flag is false, the trap handler will find nothing to be handled and simply return
back to the normal execution flow. Note that inactive thread blocks of the running kernel are then
evicted by the preemptor in Figure 8 since they have not been executed yet. Our experiments show
that the kernel killing latency is about 15 μs on our testbed (GV100). We have confirmed that the
approach maintains compatibility across multiple CUDA versions (10.4 through 12.1), GPU driver
versions (530.x.x to 570.x.x), and GPU architectures (from Volta to Ampere).

Binary instrumentation. Many popular DNN frameworks (e.g., PyTorch [77]) use GPU kernels
from closed-source libraries (e.g., cuDNN [18]), or even the entire inference engine is closed-source
(e.g., TensorRT [68]), making the source code transformation for preemption flag checking and
execution index updating infeasible. To enable Reefnv on these closed-source inference engines,
Reefnv further implements dynamic binary instrumentation to inject the device codes (preemptor
in Figure 8) into the binary code of the kernels. The preemptor code is compiled offline, and is
dynamically injected into the binary code of the kernels at runtime. The injection is implemented
using NVBit [99], a dynamic binary instrumentation tool for NVIDIA GPUs. However, the naive
use of NVBit introduces a significant overhead to the kernel execution because NVBit also injects
instructions to save and restore the register states before and after the preemptor code. These
register saving and restoring instructions are unnecessary for our purpose, since the preemptor
code is injected at the beginning of the kernel. To mitigate such overhead, Reefnv removes the
register saving and restoring instructions injected by NVBit, and only keeps the preemptor code.
Our experiments show that the integration of NVBit makes reset-based preemption work with
closed-source inference engines (i.e., TensorRT [68]).

5 Dynamic Kernel Padding
To achieve high throughput, Reef allows both real-time and best-effort tasks to be concurrently
executed on the GPU. However, to avoid interference with real-time tasks, the best-effort tasks
should be only served by using GPU resources leftover from the real-time tasks. Regrettably, none
of the existing approaches can provide such controlled concurrent execution on the GPU.
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First, using different GPU streams to launch real-time and best-effort tasks cannot avoid interfer-
ing with each other. As shown in Figure 11, the dispatch delay between GPU streams (20–40 μs)
might postpone the execution of real-time kernels or limit the available resources (e.g., CUs) to
them. Using additional inter-stream barriers to synchronize kernel dispatch among CUs will also
cause performance overhead.
Second, static kernel fusion [100] can merge multiple kernels from different tasks into a single

one at compile time and then launch the fused kernel on the GPU using a single stream. It can avoid
interference between real-time tasks and best-effort tasks in advance. However, static kernel fusion
has to pre-compile all possible combinations of all kernels in DNN models to enable scheduling at
runtime. As mentioned above, DNN inferences have hundreds of kernels in common (see Table 1),
which makes it impractical for static kernel fusion. For example, it requires more than 35GB of
GPU memory to store the fused kernels for five DNN models in Table 1—considering only all
combinations of no more than three kernels.

Our approach: dynamic kernel padding. Inspired by kernel fusion, our approach also combines
real-time kernels and best-effort kernels into a single one and launches it using a single GPU stream,
as shown in Figure 11. Differently, we construct a template (called dkp kernel) at compile time and
use function pointer to fill and execute kernels at runtime. Further, we dynamically select best-effort
kernels to avoid interference with the real-time kernel.
Figure 12 shows an example of a dkp kernel (dkp) for dynamic kernel padding, declared as a

global function (i.e., kernel entry). Instead of being statically inlined into the dkp kernel, candidate
kernel functions (e.g., dense) are declared as individual device functions, which can be passed as
dkp kernel arguments and called by function pointers (lines 3 and 8). The dkp kernel partitions the
CUs to execute one real-time candidate kernel (rt_kern) and a set of best-effort candidate kernels
(be_kerns) in parallel. It first allocates sufficient CUs for the real-time kernel (lines 1–3) and then
assigns the leftover CUs to the best-effort kernels (lines 5–8). When launching a real-time kernel,
the DKP module selects appropriate best-effort kernels to concurrently execute with the real-time
kernel (line 10, see also Section 5.2).

5.1 Efficient Function Pointers
Without specific optimizations, the naive design would significantly decrease the performance of
real-time kernels, due to the unique characteristics of function pointers on the GPU. We summarize
the two key performance issues of the default function pointer mechanism on the GPU.

Limited register allocation. Unlike CPU programs, GPU programs require a diverse yet fixed amount
of registers, which is counted at compile time and encoded into the model executable. Such an
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# device codes

__device__ void dense(in, weight, bias, out): ...

__global__ void dkp(rt_kern, rt_args,

be_kerns, be_argss):

1   ncus = rt_kern.ncus  # number of CUs

2 if (cu_id() < ncus) then

3 rt_kern(rt_args) # run RT/kernel

4 else

5      ncus += be_kerns[i=0].ncus

6      while (cu_id() >= ncus)

7         ncus += be_kerns[++i].ncus

8 be_kerns[i](be_argss[i]) # run BE/kernel 

# host codes

void inference(...):

# set the real-time kernel w/ its args (e.g., dense)

9 rt_kern, rt_args = ...     

# select a set of best-effort kernels w/ their args

10  be_kerns, be_argss = kern_select(rt_kern) 

11  dkp <<<..>>> (rt_kern, rt_args, be_kerns, be_argss)

12 ... # launch other dynamic padded kernels

Fig. 12. Pseudocode for dynamic kernel padding in Reef.

attribute prohibits the direct use of function pointers in GPU kernels, as the number of registers
used by the indirectly called function cannot be determined statically. The default behavior of the
GPU compiler is to assign a pre-defined static upper bound to limit the callee’s register usage,
which may force the callee to save variables on the stack due to the insufficient registers, leading to
poor performance compared to purely using registers [58].

Expensive context saving. Indirect function calls on GPUs are much more expensive than CPU
programs, due to the enormous context (e.g., dozens of registers) that needs to be saved and
restored before and after the function call. For thousands of threads, there might be MB-sized
registers saved and restored, introducing significant overheads. Although the compiler will inline
as many functions as possible to avoid this overhead, indirect function calls via function pointers
cannot be inlined, which may impose significant performance penalty on dynamic kernel padding.
Reef tackles the two above issues by introducing global function pointer as a substitution of

the default function pointer mechanism. Since global functions are treated as kernel entries, the
compiler neither applies register limitations nor adds context saving/restoring code to them. Thus,
declaring candidate kernels as global functions instead of device functions can solve both issues.
According to our observation, context saving in candidate kernels is actually unnecessary, as the
dkp kernel exits immediately after calling rt_kern or be_kerns[i] (see Figure 12). Therefore, the
lack of context saving code in candidate kernels does not affect the execution correctness.
However, as the kernel entry, a global function cannot be called by another global function

(e.g., dkp kernel) in modern GPU programming frameworks. To bypass this restriction, we replace
indirect function calls with jump instructions in assembly code, and manually prepare the initial
state of candidate kernels by following the conventions [60]. This approach makes no changes to
the compiler and only incurs a trivial function call overhead (around 1%).

Dynamic register allocation.The real-time kernel performance is still not ideal after applying the
global function pointer technique because of the over-allocation problem. To meet the varied register
demands of candidate kernels, the dkp kernel has to pre-allocate as many registers as possible (i.e.,
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over-allocation), which may decrease the CU occupancy3, and thus increase the execution time.
An intuitive solution is to overwrite the register count of the dkp kernel just-in-time before it is
launched, making it adaptive to selected candidate kernels. Unfortunately, the kernel’s register
count has been loaded to the GPU memory with the model in the off-line phase (Section 3), which
means overwriting its value requires a CPU-to-GPU memory copy before every kernel execution,
severely affecting the execution performance.
Reef addresses the dynamic register allocation problem by introducing a set of proxy kernels.

Proxy kernels share the same source code as the dkp kernel in Figure 12, but allocate different
number of registers, allowing the scheduler to dynamically pick the proper proxy kernel according
to each candidate kernel’s register demand. Unfortunately, generating proxy kernels for every
possible register count faces the kernel amount explosion problem. For example, on AMD Instinct
MI50 GPU with at most 128 scalar registers and 256 vector registers for each thread, it will generate
32,768 proxy kernels to cover all possible register configurations.
To reduce the proxy kernel amount, we generate proxy kernels to cover all possible CU occu-

pancies rather than register counts. Since proxy kernels are introduced to prevent over-allocation
from decreasing the CU occupancy, proxy kernels that have different register count yet share the
same CU occupancy are actually redundant and can be merged together. More specifically, there
are 10 CU occupancy levels on AMD Instinct MI50 GPU we use, corresponding to 10 register count
ranges, which allows us to generate only 10 proxy kernels, each allocating the maximum amount
of registers allowed in a CU occupancy level. For each candidate kernel, the scheduler picks the
proxy kernel with the fewest allocated registers that fulfill the candidate kernel’s demand, which
achieves the highest CU occupancy possible. This way, the amount of proxy kernels is narrowed
down from 32,768 to 10 without affecting the candidate kernel’s performance.

Dynamic shared memory. In addition to registers, over-allocation of shared memory may also
decrease the CU occupancy of proxy kernels. Fortunately, the kernel is enabled to dynamically
allocate shared memory by setting a property (i.e., “dynamic shared memory”) when launching
the kernel. During model compilation, Reef converts the declaration of variables from fixed-size
shared memory to dynamic shared memory (i.e., adding 𝑒𝑥𝑡𝑒𝑟𝑛 before __𝑠ℎ𝑎𝑟𝑒𝑑__). Consequently,
the amount of shared memory used by proxy kernels can be set at runtime, depending on the
maximum demand of candidate kernels.

5.2 Kernel Selection
For dynamic kernel padding, the kernel selection policy is important to avoid latency interference
with real-time tasks, which selects a set of blocks from candidate best-effort kernels to share the
GPU with the arriving real-time kernel. Reef proposes a greedy heuristic to ensure that the best-
effort blocks will only use GPU resources (i.e., CUs) leftover from the real-time kernel. Specifically,
it first reserves enough CUs for the real-time kernel, and then checks best-effort task queues to
select appropriate blocks for the remaining CUs, until there are no free CUs or candidate tasks. The
selected best-effort blocks should meet the following two rules.

Rule 1.The block execution time of best-effort kernels must be shorter than the kernel execution time
of the real-time kernel4, since the execution time of the dkp kernel is determined by the slowest
block.

3The CU occupancy implies how many blocks can be executed on a CU simultaneously. It depends on how many resources
(e.g., register) each block demands. In general, fewer resources usage leads to higher CU usage, and higher CU occupancy
can lead to better performance.

4The block execution time means the execution time of a single block of the kernel, while the kernel execution time means
the execution time of all blocks.
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Fig. 13. Measured execution time of kernels in DNN models. The solid bars represent the execution time of a
single block, while the hollow bars represent the execution time of all blocks of the kernel. For simplicity, we omit
the results of the repeatedly executed kernels as they have the same execution time as the first execution. For
model details, refer to Table 1.

Based on the observation of latency predictability for GPU kernels inDNNmodels (see Section 2.1),
we develop an offline kernel profiler to measure the computational requirements and the execution
time for each kernels of loaded models.

Rule 2. The CU occupancy of best-effort kernels must be higher than that of the real-time kernel, since
the CU occupancy of the dkp kernel is determined by the minimum of kernels. Note that the CU
occupancy of kernels can be statically obtained.

The kernel selection policy fully meets the design goal of treating the real-time tasks as first-class
citizens on the GPU. It is not only efficient, selecting best-effort kernels in microseconds, but
also effective, limiting the latency overhead of real-time kernels to less than 3% on average, see
Section 6.5 for details. However, the policy is also conservative, so the constraint may limit the room
for improvement in overall throughput. For example, when the execution time of best-effort kernels
is often longer than that of real-time kernels (e.g., VGG and BERT in Figure 13), the throughput im-
provement of dynamic kernel padding may be trivial, even if the real-time tasks only use a few CUs.

5.3 Multi-Version Kernel Selection
An ideal best-effort kernel should have a short block execution time and a high CU occupancy,
increasing the probability of being padded to the real-time kernel. However, current DNN compilers
primarily emphasize generating kernels with the shortest kernel execution time [17, 48, 62, 92,
120, 123]. This optimization goal, while effective for standalone kernel execution, may not be
optimal for best-effort tasks in the context of dynamic kernel padding. The reason is that the
kernel implementation with the shortest kernel execution time often trades off other important
characteristics that are crucial for best-effort tasks in dynamic kernel padding. First, an efficient
kernel implementation with a short kernel execution time usually demands more resources, such
as registers and shared memory, resulting in a lower CU occupancy. Second, an efficient kernel
implementation also tends to involve more computations within a block to better utilize the on-
chip shared memory, thereby leading to a longer block execution time. Consequently, the default
implementation of best-effort kernels generated by the DNN compiler may miss the opportunity to
be padded to the real-time kernel.

To demonstrate this, we generated 1,000 kernel implementations for a convolution operator from
VGG model and a matrix multiplication operator from BERT using TVM [98], and measured their
execution time and CU occupancy on both AMD MI50 and NVIDIA GV100 GPUs. As shown in
Figure 14, on AMDMI50, the kernel for the convolution operator with the shortest kernel execution
time (54.2 μs) has a block execution time of 30.8 μs, which is not the shortest block execution time
(18.0 μs). Moreover, Figure 14 reveals that kernels with shorter execution times typically exhibit
lower CU occupancy. These trends are consistent across both NVIDIA GV100 GPU and the matrix
multiplication operator. This observation highlights that the default kernel implementation, which
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Fig. 14. Block execution time and occupancy of each generated GPU kernel for a convolution operator from VGG
and a matrix multiplication operator from BERT.

prioritizes the shortest execution time for real-time tasks, may not be optimal for best-effort tasks
in the context of dynamic kernel padding.
Consequently, to address this issue, we further propose multi-version kernel selection. This

approach enables a DNN operator to incorporate multiple kernel implementations with varying
resource consumption and performance. By doing so, the scheduler gainsmore flexibility in choosing
an appropriate kernel implementation for the best-effort task that is subsequently padded with the
real-time kernel.

Multi-version kernel compilation. To enable multi-version kernel selection, we retrofit the
tuning functionality of modern DNN compilers [17, 48, 62, 120]. This allows us to generate multiple
kernel implementations for each DNN operator, achieving a trade-off between resource usage
and performance. The DNN compiler initially defines a template equipped with a set of tunable
parameters for each DNN operator. Subsequently, it generates multiple kernel implementations
by tuning these parameters. These parameters directly control how the operator is computed (for
example, how many loops each block executes, how many data are cached in shared memory,
whether loops are unrolled, etc.), thereby affecting the block execution time and resource usage. By
default, the DNN compiler tunes the parameters and selects the kernel implementation with the
shortest kernel execution time. However, in our approach, we preserve all kernel implementations
for each DNN operator. We subsequently utilize these implementations as candidate kernels for the
best-effort tasks in dynamic kernel padding.
However, sampling all the kernel implementations for each DNN operator may introduce a

large number of candidate kernels, which may significantly increase the kernel selection time.
For example, a convolution operator from VGG model can have over 1,000 candidate kernels. The
kernel selection time increases linearly with the number of candidate kernels. When the number
of candidate kernels is 100, the kernel selection time reaches approximately 10 μs, which is even
longer than the execution time of some kernels, and may not be able to be hidden by the execution
time.

Offline kernel pruning. To address this issue, we propose offline kernel pruning, which prunes
the candidate kernels to reduce the kernel selection time. The key idea is to eliminate a candidate
kernel if there is another candidate kernel that is superior to it in all aspects. Specifically, we
establish a kernel dominance relation to facilitate this pruning process as follows. A kernel 𝑘1 is said
to dominate another kernel 𝑘2 if 𝑘1 displays (1) a shorter kernel execution time, (2) a shorter block
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execution time, (3) a lower register usage, (4) a lower shared memory usage, (5) a smaller block
size, and (6) a smaller block number compared to 𝑘2. Consequently, we discard a candidate kernel
if there exists another candidate kernel that dominates it. Through the utilization of offline kernel
pruning, the number of candidate kernels for each DNN operator remarkably decreases from over
1,000 to roughly 10. This significant reduction effectively diminishes the kernel selection time.

The overhead of multi-version kernel compilation and pruning is minimal. First, the compilation
overhead is negligible since sampling kernel candidates is already part of the model compiler’s
workflow—we simply preserve these kernels instead of discarding them after selection. Second,
kernel pruning is a lightweight process that only involves comparing kernel characteristics (e.g.,
execution time, resource usage, etc.) and can be completed within 1 second for each model.

Multi-version kernel selection. The selection policy with multi-version kernels is similar to the
original policy in Section 5.2, with the exception that more than one candidate kernel are available
for each best-effort task. Specifically, every time the scheduler launches a real-time kernel, it iterates
through all the candidate kernels for the best-effort tasks, and looks for the kernels that meet the
two rules in Section 5.2. When multiple kernels satisfy the two rules, the scheduler selects the one
with the shortest kernel execution time to maximize the throughput of the best-effort tasks.

5.4 Dynamic Kernel Padding on Open-Source GPUs
We discuss the implementation details of dynamic kernel padding on open-source AMD GPUs.

Dynamic register allocation. Dynamic register allocation for AMD GPUs is implemented by
modifying the assembly file of proxy kernels. AMDGPU device code assembly files contain attributes
specifying the number of registers (SGPR and VGPR) used for each kernel. We directly modify
these attributes before the assembly code is compiled into binary to generate proxy kernels with
different register counts.

Handling private memory. Private memory is generally used for stack operations. The size of
private memory should be statically set for proxy kernels. However, we observe that kernels using
private memory take approximately 10 μs longer for dispatching, likely due to stack allocation
and initialization. Setting non-zero private memory size for all proxy kernels would affect the
performance of candidate kernels that do not use private memory. Fortunately, most kernels do
not use stack because the large amount of available registers is sufficient for intermediate data.
Therefore, we implement a simple but effective approach. Every proxy kernel has two versions: one
that includes private memory and another that does not. When a candidate kernel requires private
memory, it is launched using the version with private memory. In contrast, if a candidate kernel
does not require private memory, it is launched through the version without private memory. This
approach ensures the correctness of candidate kernels that use private memory, while avoiding
unnecessary performance overhead for those that do not.

5.5 Dynamic Kernel Padding on Closed-Source GPUs
The dynamic kernel padding is also applicable to closed-source NVIDIA GPUs. We discuss the
implementation details here.

Dynamic register allocation. For NVIDIA GPUs, the register allocation is also static, which
means the register count of a kernel cannot be modified at runtime. To address this issue, we
propose a similar approach to Reef by introducing a set of proxy kernels with different register
counts, allowing the scheduler to dynamically pick the proper proxy kernel. However, the main
technical challenge is that the register count of a kernel cannot be explicitly set in the source code,
which makes it difficult to generate proxy kernels. To mitigate this issue, we first compile a set
of proxy kernels into ELF files (i.e., binary files), and then directly manipulate the ELF file of the
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Table 2. DISB Workload Description

DISB A B C D E
Num. of RT clients 1/VGG 1/VGG 1/VGG 5/ALL 5/ALL
Avg. throughput per RT client 50% [U] 100% 50% [U] 10% [U] 10% [P]
Num. of BE clients 1/RNET 1/RNET 5/ALL 5/ALL 5/ALL

“#/model” denotes the number of clients and their DNN models. “[U/P]” denotes the arrival distribution
(i.e., Uniform or Poisson).

kernel binary to modify the register count of each proxy kernel, which is a feasible approach to
generate proxy kernels for NVIDIA GPUs.

Handling constant memory. NVIDIA GPUs offer a distinct memory segment known as constant
memory, characterized by its read-only nature and caching capabilities. The NVIDIA GPU compiler,
namely nvcc, has a unique feature of utilizing constant memory to hold literal constants, which
is not found in AMD GPUs. Kernels access this memory through relative addressing, involving
both the relative bank number and the offset within the bank. Notably, the constant memory
address space may be shared between the real-time kernel and the best-effort kernel when they are
executed via dynamic kernel padding, potentially leading to contention issues. Fortunately, only a
few kernels (2 kernels in Table 1) are observed to use constant memory, so we disable dynamic
kernel padding for the kernels that use constant memory, which is a simple yet effective approach
to address the contention issue.

6 Evaluation
6.1 Implementation
We have implemented Reef on both AMD and NVIDIA GPUs with about 8.7k lines of C++ code.
For AMD GPUs, Reef extends AMD ROCm [3] to support the reset-based preemption technique.
Reef uses TVM [17] to generate DNN inference kernels, and extends it to support the dynamic
kernel padding mechanisms. To demonstrate the generality and the extensibility of Reef, we also
adapted Reef to support serving inference requests using TensorRT [68] and PyTorch [77].

6.2 Experimental Setup
Testbed. The experiments were mainly conducted on a GPU server that consists of one Intel Core
i7-10700 CPU (total 8 cores), 32 GB of DRAM, and one AMD Radeon Instinct MI50 GPU (60 CUs and
16GB of memory). The software environment of the server was configured with ROCm 4.3.0 [3],
Apache TVM [98] 0.14.0, and Ubuntu 20.04. The hardware platform resembles the computational
resources of autonomous vehicles [4, 97]. We further evaluate Reefnv on a NVIDIA GV100 GPU (80
SMs and 32GB of memory) to demonstrate the generality of our approach, using the same server
with CUDA 11.4 [71], PyTorch 1.12.0 [77], and TensorRT 8.5.1 [68] installed.

Workloads. Inspired by YCSB [20, 21], we build a new DNN inference serving benchmark (DISB)
that contains a suite of tools and five workloads: (A) low load, (B) high RT load, (C) high BE load, (D)
multi-RT load, and (E) random load, summarized in Table 2. The real-time (RT) clients in DISB A–D
uniformly send inference requests at a given frequency, which simulates real-time DNN applications
in autonomous driving (e.g., obstacle recognition with cameras [8]), while the clients in DISB E
send requests with a Poisson arrival distribution, which simulates event-driven real-time DNN
applications (e.g., speech recognition [42, 102]). On the other hand, the closed-loop best-effort (BE)
client continuously issues inference requests, which simulates a contention load on the GPU (e.g.,
driver monitoring). The request frequency of each RT client is set based on a relative throughput
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target, e.g., 50% for DISB A and C, meaning that each RT client sends requests at a frequency of
50% of the maximum throughput that can be achieved by the GPU. For DISB B, the RT client sends
requests at the maximum throughput, and for DISB D and E, each RT client sends requests at 10%
of the maximum throughput.

Five representative DNN models are deployed, including ResNet-152 [40] (RNET), VGG-19 [94]
(VGG), Yolov3 [82] (YOLO), Bert-Base [28] (BERT), and GPT-2 [80] (GPT2). For BERT and GPT2,
we use a 128-token sequence length input, and for GPT2, the model only executes one forward
pass (i.e., prefill) for each request. Each DISB client always submits inference requests for a certain
DNN model. Specifically, VGG is used by DISB A–C for their RT clients, and RNET is used by
DISB A and B for their BE clients. Workloads with 5 RT/BE clients deploy all five DNN models
in their clients separately, which simulates multiple DNN applications in a single scenario (e.g.,
autonomous vehicles [8, 54]).

Furthermore, we use a real-world trace from an open autonomous driving platform (i.e., Apollo
[8]) as the real-time workload, which provides a realistic arrival distribution of real-time tasks in
autonomous driving. The trace was collected from the logs of the perception module [5] when
running Apollo with SVL simulator [56, 88], and we selected the closest DNN models in terms
of execution time from the above five models for the inference requests. Meanwhile, the same
best-effort workload as DISB C–E is used, where five clients continuously issue different DNN
inference requests.
Currently, each workload in DISB represents a particular mix of real-time and best-effort DNN

inference tasks, the number of clients, and request frequency, which focuses on a particular point
in the performance space. Users can further extend DISB with new workloads, or even some
production traces from specific applications, to model more different scenarios.

Comparing targets.We compare Reef with typical scheduling approaches. SEQ sequentially runs
each DNN inference task on the GPU with passive task preemption, which is adopted by Clockwork
[35]. Specifically, when there are multiple tasks waiting in the queue, it prioritizes real-time tasks,
but still needs to wait for the completion of launched best-effort tasks. GPUStreams runs both
real-time and best-effort tasks simultaneously on the same GPU through multiple GPU streams,
which is adopted by Triton [22]. As a reference, we further provide RT-Only, which represents the
optimal end-to-end latency for real-time tasks, as it dedicates the GPU to real-time tasks.5

Metrics.Weuse two keymetrics to evaluate the performance of different approaches: (1) normalized
end-to-end latency for real-time requests and (2) normalized throughput for all clients. For real-time
requests, we normalize each request’s end-to-end latency by its model’s standalone execution time.
The standalone execution time is pre-measured offline by taking the average execution time over
1000 runs. For throughput, we normalize each client’s throughput to the maximum throughput
achievable by its model when running alone on the GPU. These normalized metrics allow us to
fairly compare performance across different DNN models and scheduling approaches.

6.3 Overall Performance
We first compare the normalized end-to-end latency of real-time tasks and the normalized overall
throughput of all clients using DISB workloads and a real-world trace. The experiments are con-
ducted on both AMDMI50 and NVIDIA GV100 GPUs, and the results are shown in Figures 15 and 16.

Single-RT Single-BE Client (DISBA and B). For workloads with a single real-time and best-effort
client, SEQ significantly increases real-time task latency by 2.87× and 3.66× on AMD MI50 GPU,

5In this case, additional GPUs are dedicated to best-effort tasks, which also results in extra cost and energy consumption, as
well as low GPU utilization.
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Fig. 15. Comparison of (a) normalized end-to-end latency for RT tasks, and (b) normalized overall throughput of
all tasks using various scheduling approaches. Testbed: One AMD MI50 GPU.
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Fig. 16. Comparison of (a) normalized end-to-end latency for RT tasks, and (b) normalized overall throughput of
all tasks using various scheduling approaches. Testbed: One NVIDIA GV100 GPU.

and 2.16× and 2.19× on NVIDIA GV100 GPU. This substantial latency increase stems from SEQ’s
inability to preempt running best-effort tasks, forcing real-time tasks to wait for their completion.
The waiting time is entirely dependent on the remaining execution time of the best-effort task. In
contrast, GPUStreams shows more moderate latency increases of 1.1× and 1.21× on AMDMI50, and
1.46× and 1.51× on NVIDIA GV100. While GPUStreams can execute real-time tasks without waiting
for best-effort tasks to complete, the concurrent execution through multiple streams introduces
GPU resource contention, leading to interference with real-time task performance. The degree of
performance degradation varies based on the level of resource competition from best-effort tasks —
less severe on AMD GPUs due to lower CU utilization by best-effort tasks, and more pronounced
on NVIDIA GPUs. Notably, Reef maintains near-optimal real-time task performance with only a
0.5% latency increase.
From a throughput perspective, SEQ’s single-stream execution limits its throughput to 1.0×

regardless of workload. GPUStreams achieves higher throughput of 1.34× and 1.72× on AMD
MI50, and 1.15× and 1.28× on NVIDIA GV100. Reef leverages dynamic kernel padding to execute
best-effort tasks alongside real-time tasks, achieving throughput improvements of 1.12× and
1.28× on AMD MI50, and 1.08× and 1.12× on NVIDIA GV100. Notably, even in DISB B where
real-time tasks saturate 100% of GPU resources, Reef successfully prevents best-effort task
starvation.
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workloads on (a) AMD MI50 and (b) NVIDIA GV100
GPUs.
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els on (a) AMD MI50 and (b) NVIDIA GV100 GPUs.

Single-RT Multi-BE Clients (DISB C). With the number of best-effort clients increased to five,
GPUStreams shows significantly higher real-time task latency increases of 8.1× and 4.2× on AMD
and NVIDIA GPUs respectively. This substantial degradation occurs because more concurrent
best-effort tasks interfere with real-time task execution. SEQ’s performance degradation is less
severe than that of GPUStreams since it is only affected by one running best-effort task at a time,
independent of the total number of clients. In contrast, Reef maintains stable performance with only
a 2% latency increase. Throughput improvements are more pronounced with increased concurrency:
GPUStreams achieves 1.91× and 1.42× on AMD and NVIDIA GPUs, while Reef reaches 1.53× and
1.20× respectively.

Multi-RT Multi-BE Clients (DISB D, E and real-world trace).When multiple real-time tasks
are present, Reef faces a challenge due to different task periods and a single real-time queue,
potentially causing some real-time tasks to wait for preceding tasks to complete. Despite this, Reef
maintains performance close to RT-Only, with the highest average latency increase of only 4.2% on
AMD GPU (DISB E). Throughput improvements remain significant, ranging from 1.22× to 1.42× on
AMD GPU and 1.18× to 1.25× on NVIDIA GPU, demonstrating Reef’s effectiveness in handling
complex multi-client scenarios while maintaining real-time task performance.

6.4 DNN Inference Preemption
The vanilla wait-based preemption approach proposed in prior work [14] is not practical for DNN
inference serving, since it only allows executing tasks one by one. Therefore, we extended it to
allow concurrent inference serving by removing the limit on the number of launched kernels and
also implementing lazy eviction. This version is used as the baseline to demonstrate the efficiency
of our reset-based preemption.

Preemption latency. Figure 17 compares the preemption latency of two approaches.
On AMD MI50 GPU, the reset-based preemption outperforms the wait-based approach by more

than an order of magnitude for all DISB workloads, from 19.3× (DISB B) to 21.8× (DISB C). While
on NVIDIA GV100 GPU, the reset-based preemption outperforms the wait-based approach by from
6.1× (DISB A) to 15.0× (DISB C). The main reason is that the wait-based approach has to passively
wait for the completion of running kernels in CUs and the eviction of massive kernels in host and
DQs, while the reset-based approach is able to proactively kill all kernels (usually much less) in
these three places. As expected, both approaches take more time to handle multiple concurrent BE
clients (DISB C, D, and E) than a single BE client (DISB A and B).

Furthermore, we evaluate the preemption latency for diverse DNN models, where we use a single
BE client to send inference requests for a given model and send a real-time request after a random
time interval to preempt the GPU. As shown in Figure 18, the wait-based preemption latency highly
depends on the type of models, from 310 μs (VGG) to 882 μs (RNET) on AMD MI50 GPU and from

ACM Trans. Comput. Syst., Vol. 44, No. 1, Article 1. Publication date: November 2025.



Real-time, Work-conserving GPU Scheduling for Concurrent DNN Inference 1:27

 0

 300

 600

 900

 1200

 50 100  200  300  400  500

L
a
te

n
c
y
 (

µ
s
)

Number of Kernels

Wait-based

Reset-based

 0

 300

 600

 900

 1200

20  100  200  300  400  500

L
a
te

n
c
y
 (

µ
s
)

Execution Time (µs)

Wait-based

Reset-based

Fig. 19. Comparison of preemption latency with the increase of (a) launched kernels and (b) kernel execution
time. Testbed: One AMD MI50 GPU.

10
1

10
2

10
3

10
4

1 2 4 6 8

L
a

te
n

c
y
 (

µ
s
)

Number of BE Tasks

Wait-based

Reset-based w/o OPT

Reset-based

 0

 300

 600

 900

w/o w/

L
a

te
n

c
y
 (

µ
s
)

Optimization

Reset CUs

Reset DQs

Reset HQs

Fig. 20. (a) Comparison of preemption latency with the increase of BE
clients, and (b) latency breakdown of the reset-based approach without
(w/o) and with (w/) optimizations. Testbed: One AMD MI50 GPU.

 0

 200

 400

 600

 800

 1  4  16  64  256
 8

 10

 12

 14

 16

 18

P
re

e
m

p
t.

 L
a

te
n

c
y
 (

µ
s
)

E
x
e

c
u

ti
o

n
 T

im
e

 (
m

s
)

DQ Capacity

Preemption

Execution

[51%] [35%] [26%] [20%] [17%]

Fig. 21. Preemption latency and ex-
ecution time with the increase of
DQ capacity. [%] denotes CPU uti-
lization during normal execution.

233 μs (RNET) to 365 μs (GPT2) on NVIDIA GV100 GPU, due to the difference in the number of
kernels and the execution time (see Table 1). In contrast, the reset-based approach is not sensitive
to DNN models and can preempt the GPU in the range of 30 μs to 38 μs on both GPUs for all five
models.
To further investigate the impact of different model properties on the preemption latency on

AMD MI50 GPU, we simulate DNN models with different numbers of launched kernels and kernel
execution times. By default, we set the number of launched kernels and the kernel execution time
to 100 and 100 μs, respectively. As shown in Figure 19, the preemption latency of the wait-based
approach raises linearly, while our reset-based preemption approach remains stable at very low
latency (less than 40 μs). For the wait-based approach, the preemption latency is significantly
positively correlated with as number of launched kernels and the kernel execution time, since it
has to wait for the eviction of launched kernels and the completion of running kernels. In contrast,
the reset-based approach proactively resets the host and DQs in GPU runtime, as well as the CUs,
where the cost is independent of model properties.

Optimizations.We propose two optimizations on the reset-based preemption approach, namely
asynchronous memory reclamation and queue capacity restriction. To demonstrate the effect of
optimizations, Figure 20 shows the preemption latency with the increase of BE clients (RNET),
and the latency breakdown for a single BE client, evaluated on AMD MI50 GPU. By enabling two
optimizations, the preemption latency significantly drops by up to 92% (from 87%), as shown in
Figure 20(a). As a reference, even without optimization, the reset-based approach still outperforms
wait-based approach by up to 3.0× (from 1.7×).

Since the two optimizations are used when resetting host and DQs, respectively, Figure 20(b)
breaks down the preemption latency to show the contribution of two optimizations separately. For
a single BE client, using asynchronous memory reclamation reduces the latency of resetting host
queue from 17 μs to 3 μs. Meanwhile, using queue capacity restriction further reduces the latency
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TensorRT, and PyTorch as the inference engines.

of resetting DQ from 424 μs to 31 μs. Note that using command processor to reset CUs is extremely
fast (less than 3 μs).

Queue capacity.We restrict the DQ capacity to mitigate the overhead incurred by lazily evicting the
remaining kernels in the queue (see Section 4.2 for details). However, reducing the queue capacity
also increases normal execution time and CPU utilization. Figure 21(a) shows the preemption
latency and normal execution time when serving RNET inferences as the queue capacity increases,
evaluated on AMD MI50 GPU. When the DQ capacity increases from 1 to 4, the execution time
reduces from 14.3ms to 12.3ms. However, when the capacity further increases, the change in
execution time becomes trivial (less than 0.3%). Conversely, the preemption latency increases
linearly with the queue capacity. Therefore, as a reasonable tradeoff between preemption latency
and normal execution time, Reef adopts a default capacity of 4 for the DQ on our testbed, which has
almost zero overhead for normal execution and provides acceptable preemption performance (about
30 μs). Finally, using a smaller DQ also results in higher CPU utilization. For instance, reducing the
queue capacity from 256 to 4 increases CPU utilization from 17% to 31%.

Task restore. We further evaluate the execution time overhead of preempted tasks due to task
restore. We measure this overhead by having a single best-effort client send inference requests,
where each task is randomly preempted and then restored. As shown in Figure 22, the restore
time remains low across all DNN models, ranging from 22 μs to 170 μs. This variation primarily
correlates with the kernel execution time of each DNN model (see Figure 13). For DNN models
compiled and executed using TVM, Reef achieves efficient restoration by executing at most one
redundant kernel, since all TVM kernels are idempotent. However, for models executed using
TensorRT and PyTorch, the presence of non-idempotent kernels requires Reef to re-execute an
idempotent kernel group (see Section 4.4) when restoring a preempted non-idempotent kernel.
Despite this additional complexity, the restoration overhead remains minimal—the number of
re-executed kernels is capped at nine, with most groups containing only one to three kernels. As a
result, the total overhead stays below 5% across all cases.

6.5 Dynamic Kernel Padding
To study the efficacy of dynamic kernel padding, we evaluate its performance under high contention
scenarios. Our evaluation setup consists of one real-time client and one best-effort client that
simultaneously send requests at a high-enough frequency to keep the GPU busy. We compare
Reef with GPUStreams, which serves both types of requests concurrently using different GPU
streams to achieve the highest overall throughput. In contrast, Reef prioritizes real-time tasks while
opportunistically padding best-effort tasks to avoid starvation and improve overall throughput.
We evaluate two variants of dynamic kernel padding: the baseline version without multi-version
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kernel selection (DKP), where the real-time and best-effort kernels are the same for the same DNN
model, and an enhanced version with multi-version kernel selection (DKP-MV).

Performance. Figure 23 reports the experimental results for one-to-one combinations among five
DNN models using above workload on AMD MI50 GPU. We use the same metrics as mentioned in
Section 6.2, i.e., normalized latency for real-time tasks and normalized throughput for all tasks. As
expected, GPUStreams significantly amplifies real-time task latency by an average of 1.34×, ranging
from 1.10× to 1.62×, due to severe interference from concurrent best-effort tasks. However, Reef is
able to provide almost optimal latency to real-time tasks, with an average overhead of just 1.0% (up
to 2.9%) for DKP (without multi-version kernel selection).

For overall throughput, we separately report the throughput of real-time tasks and the normalized
throughput of best-effort tasks. Although GPUStreams increases overall throughput by an average
of 1.50×, the throughput of real-time tasks drops by 24.7% on average, due to severe interference
in concurrent execution. Conversely, Reef first guarantees throughput for real-time tasks and
then leverages dynamic kernel padding to increase overall throughput by an average of 1.12× (up
to 1.34×). The performance improvement of using dynamic kernel padding mainly depends on
two conditions. First, the CU usage of both real-time and best-effort tasks significantly impacts
the throughput improvement. When real-time tasks use fewer CUs, more resources are available
for best-effort tasks. For instance, when using VGG as the best-effort task, DKP achieves a 19.8%
throughput improvement with RNET (34% CU usage, see Figure 24) as the real-time task, but only
8.1% with YOLO (87% CU usage). Similarly, best-effort tasks with lower CU usage can achieve
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higher throughput improvements when executing alongside the same real-time task.This factor also
affects GPUStreams’ performance in a similar way. Second, the relative relationship between kernel
execution times of real-time and best-effort tasks determines the opportunity for kernel padding.
When real-time tasks have relatively longer kernel execution times compared to best-effort tasks,
there are more opportunities to pad them together. For example, VGG’s kernels have relatively
long execution times (see Figure 13), so when used as a real-time task, it allows for throughput
improvements across all best-effort tasks. In contrast, BERT’s kernels have shorter execution times,
and throughput improvements are only possible when BERT itself is used as a best-effort task.

Multi-version kernel selection. By leveraging multi-version kernel selection, Reef can achieve
an average throughput of 1.18× (up to 1.57×). The performance improvement of multi-version
kernel selection is more significant when both real-time and best-effort models use fewer CUs. For
instance, when using RNET as the real-time task, the average overall throughput increases from
1.16×with DKP to 1.29×with DKP-MV.This improvement is also reflected in the CU usage (shown in
Figure 24), which increases from an average of 49% with DKP to 72% with DKP-MV. However, multi-
version kernel selection shows limited benefits for models with inherently high CU usage, as their
performance is constrained by limited resources rather than kernel execution time. Notably, while
DKP results in zero throughput for best-effort tasks in four cases (YOLO-GPT2, BERT-RNET, BERT-
VGG, and GPT2-YOLO), DKP-MV successfully prevents best-effort task starvation in these scenarios.

Optimizations. To investigate the impact of optimizations on both performance and memory
usage, we first evaluate the overhead using different implementations of the function pointer on the
GPU. We measured such overhead by launching real-time kernels through the dkp kernel without
padding any best-effort kernels. As shown in Figure 25, the default function pointer implementation
(Default) incurs execution time overhead from 97% up to 503% for real-time tasks with different
DNN models. By using the global function pointer (GlobalPtr), the overhead is significantly reduced
to an average of 38.5% (ranging from 11.5% to 119%), as it eliminates the limit on the number of
registers for device function pointers and avoids additional register saving and restoring during
the function call. Finally, the overhead drops to 0.8% on average (1.18% at most) by using proxy
kernel (ProxyKernel), which can dynamically allocate registers to each kernel and maximize CU
occupancy. The minimal overhead comes from the logic branch of CU partition and the initial state
preparation for global function pointers.

Kernel selection. Figure 26 shows the average time of kernel selection for DISB A-E during
dynamic kernel padding. For workloads with a single BE client (DISB A and B), Reef takes about
0.4 μs to select best-effort kernels for the given real-time kernel. The selection time increases to
1.2 μs for workloads with multiple BE clients (DISB C, D, and E) due to more candidates. In general,
the cost of kernel selection is quite trivial and can be easily hidden by kernel execution.
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Overhead. To further study the accuracy of kernel selection, we evaluate the execution time
overhead for the real-time kernel due to padding best-effort kernels on all DISB workloads. As
shown in Figure 27, over 49.1% of real-time kernels are not negatively impacted by concurrent
execution with best-effort kernels, and the overhead of more than 90% real-time kernels is still less
than 9 μs. The increase in execution time is mainly due to the contention on GPU memory and
shared L2 cache. Notably, while such overhead on a real-time kernel may delay the start of the
next one, it does not affect the execution time of subsequent kernels. So if a best-effort kernel runs
longer than expected, it will only affect the real-time kernel it is padded with.

6.6 Comparison with State-of-the-Art Systems
We further compare the performance of Reef with two state-of-the-art systems: Triton [22], a
production-level inference serving system, and Orion [95], a fine-grained GPU sharing system. Both
these systems use inference engines with closed-source GPU kernels, i.e., TensorRT [68] for Triton
and PyTorch [77] for Orion. Reef does not support dynamic kernel padding in this comparison,
as it requires modifying the source code of GPU kernels, which is not allowed for closed-source
inference engines. Fortunately, our reset-based preemption implementation on NVIDIA GPU
leverages dynamic binary instrumentation to transform the binary code of the GPU kernel at
runtime, thereby successfully working with the closed-source inference engines. We still compare
the performance of Reef with Triton and Orion in terms of normalized end-to-end latency for
real-time tasks and normalized overall throughput of all tasks using the DISB workloads.

Comparison with Triton. Triton is a production-level inference serving system, and has been
widely used in the industry. Triton uses multiple GPU streams to serve multiple clients concurrently.
To make a fair comparison, we enable the priority feature of Triton’s TensorRT backend, and set
the models used by real-time clients to MAX priority, while the models used by best-effort clients
were set to MIN priority. The priority feature of TensorRT backend is implemented by setting the
CUDA stream priority. The experimental results are shown in Figure 28.

Across all workloads, Reef consistently achieves lower real-time task latency compared to Triton,
ranging from 1.12× lower in DISB-A to 5.20× lower in DISB-E. Specifically, in DISB-A and B, Triton’s
real-time tasks experience relatively moderate interference, with an average latency increase of only
1.21×. However, in DISB-C, the increased number of best-effort clients leads to a more significant
latency increase of 2.8× for real-time tasks. In contrast, Reef’s preemptive scheduling approach
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maintains stable real-time task performance, with a maximum latency increase of only 9% (average
5%) in DISB-C. In terms of throughput, Triton achieves higher average throughput of 1.21×, while
Reef reaches 1.11× average throughput.

Comparison with Orion. Orion is a state-of-the-art fine-grained GPU sharing system designed
for ML workloads, with the ability to control the interference between co-executing high-priority
tasks and low-priority tasks. Because Orion only supports scheduling one high-priority task and
multiple low-priority tasks, we compare the performance of Reef with Orion using only DISB A,
B and C workloads by setting the real-time client to high-priority and the best-effort clients to
low-priority. The experimental results are shown in Figure 29.

In DISB-A and DISB-B, Orion achieves comparable performance to Reef. This is because Orion
employs a one-kernel-at-a-time scheduling approach, where it launches only one kernel at a time
(prioritizing high-priority kernels), resulting in low latency for real-time tasks. However, this
scheduling approach has two significant limitations. First, it cannot preempt executing best-effort
kernels, leading to higher tail latency. For instance, Orion’s real-time tasks experience 𝑃99 latency
of 1.05× in DISB-A and B, and 1.17× in DISB-C, while Reef consistently maintains 𝑃99 latency
below 1.05×. Second, it incurs high scheduling overhead (similar to having a DQ size of 1), which
reduces system throughput. Specifically, Orion achieves only 0.97× throughput in DISB-C, while
Reef reaches 1.14×.

6.7 Reef with Large Language Models (LLMs)
Reef is not limited to the models in Table 1. We demonstrate that Reef can support more recent
models, such as LLMs. To evaluate Reef’s performance with LLMs, we conduct experiments using
the DISB-Aworkload, where one real-time client and one best-effort client submit inference requests
simultaneously. The real-time client submits requests at 50% of the maximum throughput. We test
three popular LLM models: Llama3.2-3B [63], Qwen2.5-3B-Instruct [79], and Gemma-2B-IT [33],
where both RT and BE clients use the same model in each experiment. We set the batch size to 1
and fix the decode length to 100 tokens per request. All LLM models are executed using MLC-LLM
[64] as the inference engine.

Figure 30 shows the end-to-end latency for real-time tasks and the total throughput (tokens/s) for
both clients across the three LLM models. The results demonstrate that Reef consistently maintains
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low latency for real-time tasks, achieving 1.56× to 1.81× lower latency compared to GPUStreams.This
significant latency reduction comes with only a minimal throughput penalty—Reef’s throughput is
at most 5% lower than that of GPUStreams.

7 Discussion
Limitations of reset-based preemption.The re-execution mechanism for restoring killed kernels
imposes several constraints: (1) kernels must be stateless with respect to external systems (no
network access or GPU device interactions), (2) kernels must be deterministic, and (3) incompatibility
with advanced GPU features like dynamic parallelism, in-kernel malloc. Since DNN kernels typically
perform algebraic computations without these behaviors, Reef works well for them. As for CUDA
Graph, a feature increasingly used in DNN inference, it is theoretically possible for Reef to partition
a large graph into smaller sub-graphs (ensuring each idempotent kernel group is contained within
a single sub-graph) and re-execute at the sub-graph granularity upon preemption. However, this
partitioning would diminish the performance benefits of using CUDA Graphs. An ideal solution
would be to extend the CUDA Graph API to support execution starting from an arbitrary node.
For general GPU applications, these constraints may limit reset-based preemption’s applicability.
A potential solution is to pre-check applications and fallback to wait-based preemption when
incompatibilities are detected.

Limitations of dynamic kernel padding. The kernel selection policy in dynamic kernel padding
currently relies on offline profiling to estimate execution times and resource utilization. This
approach has two significant limitations: (1) it may not accurately predict runtime behavior under
dynamic conditions, particularly with varying input sizes, and (2) it does not account for memory
bandwidth contention between real-time and best-effort kernels, potentially degrading performance
in memory-intensive scenarios. A more precise policy can potentially mitigate these limitations,
such as profiling the memory bandwidth usage of each kernel [45, 95].

Compatibility with newer GPUs. Reef leverages several hardware-related features to implement
and optimize two key techniques. For example, in the NVIDIA GPU implementation of reset-based
preemption, we utilize trap mechanisms and EXIT instructions to implement GPU reset, while
in the dynamic kernel padding implementation, we use JUMP instructions to optimize function
pointers. These mechanisms are not architecture-specific, as they are common hardware features.
For instance, we tested the reset-based preemption mechanism on NVIDIA RTX 3080 (Ampere
architecture), and it works correctly. EXIT and JUMP instructions are also supported on recent
generations of NVIDIA GPUs [72]. Therefore, Reef can theoretically be compatible with modern
GPU hardware.

Workloads beyond GPU memory capacity. Currently, Reef assumes that the GPU memory
capacity is sufficient for all models. However, as models continue to grow in size, GPU memory
may not be able to accommodate all model parameters. Recent work has explored optimizing
performance through faster swapping between CPU and GPU memory [7, 47, 49]. Reef can be
integrated with these approaches to further optimize real-time performance. Additionally, the
key insight of our reset-based preemption (i.e., re-execution instead of context saving) could
potentially be leveraged to optimize memory swapping itself. For instance, instead of swapping
intermediate results of best-effort tasks back to CPU memory, we could recompute these results
through re-execution. We leave this as a future work.

Future GPU APIs and runtime. We leverage several subtle hacks on the GPU runtime to enable
μs-scale reset-based preemption on commodity GPUs. Our work also informs the design of future
GPU APIs and runtime. First, given that commodity GPUs are generally capable of resetting
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compute units (CUs), a separate GPU API to precisely reset CUs is feasible and would be useful to
kill and restore all running kernels. Second, we propose a new GPU API that instructs the command
processor to discard fetched kernels and stop fetching more kernels from the DQ (DQs). Based on
it, DQs can be proactively reset with a hardware-software co-design, replacing our software-only
solution (i.e., lazy eviction). Finally, the GPU runtime could provide a high-level API for developers
to reset the GPU stream, by discarding kernels buffered in internal data structures (e.g., host queues)
and resetting the GPU via two new APIs. We believe that these extensions can greatly simplify
implementation, even fully implementing reset-based preemption on closed-source GPUs, and
further improve performance, for example instantly preempting the GPU in 10 μs.

Future low-latency GPU inference systems. For low-latency GPU inference systems, regardless
of their scheduling objectives (such as meeting SLOs like Paella [67], or ensuring real-time tasks are
not affected like Reef), their core mechanism is how to control interference between concurrent
requests, and how to maximize throughput under the premise of controlling interference. Reef
proposes reset-based preemption and dynamic kernel padding two techniques that control interfer-
ence from temporal and spatial dimensions respectively. However, there is still significant room for
performance improvement. For example, for dynamic kernel padding, compared to using multiple
GPU streams, there is still a performance gap in terms of throughput. Therefore, we believe that
future low-latency GPU inference systems need more precise control over GPU computing resource
allocation mechanisms, dynamically adjusting each task’s resource usage at a finer granularity
(even at the nanosecond level). This requires not only new techniques on the scheduling system
side, but also new mechanisms on the GPU hardware side.

8 Related Work
DNN inference serving systems. Prior model serving systems [25, 31, 39, 57, 67, 73, 93, 106, 114]
mainly focus on meeting service-level objectives (SLO), typically in the tens of milliseconds
[26, 41, 110], and improving overall throughput of datacenter applications. Clockwork [35] leverages
the latency predictability of DNN inference to achieve low tail latency. It runs inferences sequentially
on dedicated GPUs to provide predictable performance. Clipper [24] andNexus [90] enables batching
inferences on the same model to improve GPU utilization and inference throughput. Abacus [26] en-
ables simultaneous DNN inferences by accurately predicting the latency of the overlapped operators.
INFaaS [87] can automatically select the right variant with different optimizations for each inference
to meet diverse SLOs. AlpaServe [57] leverages model parallelism to reduce the serving latency of
bursty requests. Shepherd [114] aggregates inference request streams into moderately-sized groups
to improve the predictability of the request arrival pattern. USHER [93] merges multiple models with
similar weights tominimize the contention in GPU cachewhen concurrent inferences are running on
the same GPU. Paella [67] uses a similar kernel transformation approach to Reef to bypass the built-
in GPU scheduler for low-latency inference. However, the latency SLOs for datacenter applications
are much more relaxed than those for real-time systems, for example 2× of their solo-run latencies
[26, 93]. Therefore, using non-preemptive scheduling or batching scheme is effective for datacenter
applications, but not for real-time scenarios (e.g., autonomous vehicles). Furthermore, the design of
Reef is orthogonal to the above distributed serving systems. Two key mechanisms in Reef can also
be integrated into them to improve per-GPU throughput and preserve low latency for real-time
inferences.
There are also some efforts to achieve low-latency inference under circumstances where the

models are not pre-loaded in GPU memory. PipeSwitch [7] pipelines the model loading and the
kernel execution, based on the observation that DNN models have a layer-by-layer structure.
DeepPlan [47] further leverages the direct-host-access facility provided by commodity GPUs and
the GPU-GPU communication to reduce the model loading latency. DeepUM [49] transparently
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prefetches the CPU memory based on the historical access pattern of the model. INFless [109]
leverages both the long-term and short-term application idle times to decide when to pre-load
the models. ServerlessLLM [32] optimizes the structure of the model checkpoint to fully utilize
the bandwidth of multi-tier storage. In contrast, Reef assumes that the models are pre-pinned in
GPU memory, and is orthogonal to the above efforts. The two mechanisms in Reef can also be
integrated into the above systems to improve the performance for the time period when the models
are already loaded in GPU memory.

GPU kernel preemption. Prior work has proposed hardware enhancement to support preemptive
GPU scheduling [59, 75, 96, 115]. An intuitive solution is to support context switch on GPUs [96].
However, it is far more expensive on GPU than CPU due to the large context (e.g., a large amount
of registers). Zhen et al. [59] proposed lightweight context switching to avoid unnecessary register
saving. Tanasić et al. [96] extended the hardware to passively preempt a streaming multiprocessor
(SM) of GPU by stopping issuing new thread blocks. Chimera [75] proposed SM flushing to
instantly preempt an SM when detecting idempotent execution. Differently, our approach retrofits
existing hardware mechanism and requires no modification on the GPU to implement instant
preemption.
Apart from the hardware enhancement, prior work has also proposed software techniques to

support preemptive GPU scheduling [14, 50–53, 89, 104, 122]. Most prior work employs wait-based
preemption, albeit through various approaches. For example, GPES [122] slices a GPU kernel into
multiple sub-kernels and schedule tasks at the boundary of sub-kernels. EffiSha [14] and FLEP
[104] leverage kernel transformation to preempt the running kernel at the end of each block. Lee
et al. [53] proposes an idempotence-based preemption mechanism that can instantly preempt
the running kernel without waiting for its completion similar to our reset-based preemption
mechanism. The preemption mechanism in Reef is different from these work mainly in two
aspects. First, Reef not only preempts the currently running kernel but also evicts the kernels
in the software queues. This capability is crucial for DNN inference tasks, which often involve
numerous asynchronously launched kernels. In contrast, prior work primarily concentrates on
scheduling single-kernel applications. Second, while both approaches leverage the idempotence
property of GPU kernels, they differ in their handling of non-idempotent kernels. Lee et al.
employ a transaction scheme that involves copying the input data of non-idempotent kernels prior
to their execution. This method can result in significant performance overhead during normal
execution, even when preemption is not invoked. In contrast, Reef utilizes a novel multi-kernel
idempotence property to recover non-idempotent kernels, incurring no overhead during normal
execution.

GPU multitasking. There have been many efforts to concurrently execute multiple GPU kernels
for high throughput [9, 34, 58, 74, 76, 100, 101, 103]. For DNN computation, Rammer [62] takes a
holistic approach to exploit both inter- and intra-kernel parallelisms at compile time, which uses
static kernel fusion [100] to enforce the CU assignments of the concurrent kernels. However, static
kernel fusion requires the fused kernels to be known at compile time, which is not applicable
for dynamic task scheduling in Reef. Reef proposes dynamic kernel padding to allow making
scheduling decisions at runtime. Prior work has also proposed approaches to model and predict
the slowdown of concurrent kernel execution [15, 16, 117, 119]. DASE [44] models the memory
contention of concurrent kernels. Themis [118] uses a neural network to predict the performance
interference. The prediction can help make scheduling decisions to match the latency requirements
of real-time kernels. However, the prediction cannot always be accurate, and the slowdown actually
happens. Differently, dynamic kernel padding in Reef enforces concurrent kernels to use only GPU
resources leftover from the real-time kernel.
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9 Conclusion
This article presented Reef, the first DNN inference serving system for commodity GPUs with
microsecond-scale kernel preemption and controlled concurrent execution in GPU scheduling.
Reef achieves both low-latency and work-conserving for concurrent real-time and best-effort
tasks. First, Reef can launch a real-time kernel on the GPU by proactively killing and restoring
best-effort kernels at microsecond-scale. Second, Reef can dynamically pad the real-time kernel
with appropriate best-effort kernels to fully exploit the GPU with negligible overhead. In addition,
we built a new benchmark (DISB) for DNN inference serving that contains diverse workloads and
a real-world trace. Evaluation using DISB and comprehensive microbenchmarks confirmed the
efficacy and efficiency of Reef on both AMD and NVIDIA GPUs.
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