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Abstract— Many machine learning applications require 
heterogeneous Deep Neural Networks (DNNs) to work 
collaboratively. Although several works have focused on how to 
serve these systems using cloud solutions, less attention has been 
paid to the edge scenarios. Particularly, coordinating 
heterogeneous AI workloads across a custom application-specific 
System-on-Chip (SoC) with multiple accelerators presents 
significant challenges. This work first demonstrates how to 
implement such a baseline system using a SoC generator 
framework, performs an ablation study prototyping different 
versions on an FPGA, details how an RTOS can be used to achieve 
model parallelism on multiple accelerators, and identifies gaps and 
limitations by executing a multi-DNN autonomous driving 
application. To improve the utilization of the system and increase 
throughput, we propose a method to distribute the execution of 
individual layers across accelerators. Instead of partitioning all 
layers in the same manner and statically allocating them at 
compile time, we select the ideal partitioning for each one during 
compilation using an autotuning process, and then dynamically 
assign them to the available accelerators during runtime. We 
analyze the variability in layer execution in a system with multiple 
accelerators and use this information to guide the runtime 
allocation of partitions. We demonstrate that our method achieves 
a mean 29 % and 40 % improvement in accelerator utilization and 
throughput over the model parallelism baseline, and a 10 % and 9 
% improvement over a round-robin runtime distribution of 
partitions. 

Multi-tenant DNN, FPGA, RTOS, SoC 

I. INTRODUCTION

Machine learning applications are becoming increasingly 
complex, with some of them composed of multiple 
heterogeneous DNNs, each one trained for a particular task. 
Some edge multi-DNN application examples are autonomous 
driving [1] (object detection, tracking, and trajectory 
prediction) or AR/VR [2] (depth estimation and face 
recognition). 

Multiple works have focused on INFerence-as-a-Service 
(INFaaS) solutions, where multi-accelerator SoCs are used as 
backend components of cloud inference systems [3],[4]. These 
works focus on optimizing cloud-specific metrics like Quality 
of Service (QoS) or service level agreement (SLA) satisfaction 
rates. Works that focus on edge solutions usually use 

commercial-off-the-shelf (COTS) embedded GPUs to deploy 
multi-DNN systems [5]}. 

But the orchestration of heterogeneous DNNs on multi-
accelerator custom application-specific SoCs has not been 
explored as thoroughly. Moreover, both edge and cloud works 
have only focused on evaluation at the simulator level and 
ignored implementation challenges. For example, the 
computational complexity of some of the runtime scheduling 
algorithms proposed by cloud solutions to dynamically allocate 
and distribute the execution of layers across the available 
accelerators typically prevents their deployment on the edge. 

We present how such a multi-DNN multi-accelerator custom 
application-specific SoC for edge applications can be realized 
using an open-source hardware (HW) generation workflow 
based on Chipyard [6] and the Gemmini accelerator [7]. We 
show how the Zephyr RTOS [8] can be configured to achieve 
model parallelism using a reference application for autonomous 
driving requiring two heterogeneous DNNs. By executing the 
multi-DNN system on different HW versions, we identify that 
model parallelism alone limits the utilization of the available 
accelerators, resulting in idle resources. 

To increase the utilization of the SoC's accelerators, this 
work proposes to parallelize the execution of individual DNN 
layers across multiple accelerators. But instead of relying on 
heuristics to decide how to partition each layer, we propose a 
workflow based around the TVM Deep Learning compiler [9] 
to automatically search for the best partitioning configuration 
for each layer at compile time (autotuning). During runtime, a 
lightweight allocation algorithm dynamically selects to which 
accelerators to assign the partitions of each layer. We show how 
the latency of a layer varies when multiple accelerators share 
the same memory subsystem, and how this distribution of 
possible latencies needs to be taken into account when 
calculating the pending load of each accelerator. 

Our method achieves a mean 29 % improvement in 
accelerator utilization when compared against the model 
parallelism baseline. Compared to distributing the layer 
partitions in a round-robin fashion, our method achieves a mean 
10 % increase in accelerator utilization. Additionally, the 
throughput of the partitioned DNN is increased by 40 % and 9 
% against the model parallelism baseline and round-robin 
distribution. 
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The rest of this paper is organized as follows. First, Section 
II discusses previous cloud and edge works. Then, Section III 
shows how such a multi-DNN multi-accelerator custom edge 
system can be realized using an RTOS and provides the ablation 
study measurements showcasing its limitations. Section IV 
presents our proposal to better utilize the idle accelerators of the 
system, which is then evaluated in Section V. Finally, Section 
VI concludes the work. 

II. RELATED WORK 
Initial works on the deployment of multi-DNN workloads 

focused on interleaving the execution of DNNs on the same 
accelerator (temporal multi-tenancy). For example, AI-MT [10] 
proposed a HW scheduler to achieve this. On the other hand, 
Layerweaver [11] implemented a software (SW) scheduler to 
achieve the same goal. [12] used a preemption mechanism for 
accelerators and then proposed PREMA, an algorithm that 
leverages this preemption feature to manage DNN workloads 
with different priorities. 

Other works focused on spatial multi-tenancy, where 
different workloads are assigned to different accelerators, 
adding parallelism to the execution. Planaria [13] proposed a 
HW design that allows the creation of sub-accelerators 
dynamically, and used this dynamic reconfiguration to run 
different workloads in parallel. Herald [14] proposed a way to 
orchestrate DNNs on heterogeneous dataflow accelerators by 
assigning each layer to the accelerator best suited for it. 
MAGMA [15], [17] and COMB [18] use Genetic Algorithms 
(GA) to find an optimized mapping for a set of DNNs on 
multiple accelerators sharing the same memory interface and 
take into account bandwidth allocation during the optimization. 
Layer-Puzzle [4] uses a dynamic scheduler framework to 
parallelize the execution of individual layers. CD-MSA [3] uses 
a deadline-aware scheduler to improve Quality of Service 
(QoS) guarantees for cloud use cases. Finally, works like Versa-
DNN [19] proposed versatile HW accelerators able to 
reconfigure themselves into sub-accelerators during runtime, 
and present the appropriate algorithms to utilize them. 

Table I compares our work against the literature. Parallelism 
level refers to the scheduling granularity: allocating entire 
layers to each accelerator, or partitioning the execution of a 
layer and distributing the resulting tensor operations. 
Allocation references the runtime behavior: some works decide 
the accelerator assignment offline (static); others do so during 
runtime (dynamic). The target Application modifies design 
decisions, particularly in dynamic allocation works: given its 
complexity, most dynamic algorithms developed for INFaaS 
would not be suitable for edge cases. 

Other works have also leveraged TVM to distribute DNN 
execution across multiple accelerators in custom SoCs, such as 
MATCH [20]. However, our approach differs fundamentally in 
three key aspects: 1) while MATCH distributes the execution 
of complete layers, our work partitions individual layers into 
finer-grained tensor operations and distributes them, 2) 
MATCH performs accelerator mapping at compile time, 
whereas our distribution decisions occur at runtime, and 3)  

TABLE I.  OUR WORK COMPARED AGAINST OTHERS 
 Year Parallelism 

level 
Allocation Application Evaluated 

on 
PREMA [12] 2020 - - INFaaS Simulator 
AI-MT [10] 2020 - - INFaaS Simulator 
Planaria [13] 2020 Tensor Dynamic INFaaS Simulator 
Herald [14] 2021 Tensor Static Both Simulator 

Layerweaver [11] 2021 Layer Static INFaaS Simulator 
MAGMA [15] 2022 Layer Static INFaaS Simulator 

H2H [16] 2022 Layer Static INFaaS Simulator 
Layer-Puzzle [4] 2023 Tensor Dynamic INFaaS Simulator 

[17] 2023 Tensor Static Edge Simulator 
CD-MSA [3] 2023 Tensor Dynamic INFaaS Simulator 
COMB [18] 2023 Layer Static Edge Simulator 

Versa-DNN [19] 2024 Tensor Dynamic INFaaS Simulator 
Ours 2026 Tensor Dynamic Edge FPGA 

 
MATCH supports single DNN execution, while our runtime 
enables the concurrent execution of multiple DNNs. 

III. BASELINE MULTI-DNN MULTI-ACCELERATOR SYSTEM 
IMPLEMENTATION 

A generic multi-DNN multi-accelerator system is comprised 
of a set of M accelerators 𝐴𝐴 = {𝑎𝑎𝑎𝑎𝑎𝑎0, … ,𝑎𝑎𝑎𝑎𝑎𝑎𝑀𝑀−1}, and executes 
N DNN workloads 𝐺𝐺 = {𝐺𝐺0, … ,𝐺𝐺𝑁𝑁−1}. During runtime, 
requests are received for each DNN workload, and the system 
orchestrates the execution of each one of them on the available 
accelerators. The request arrival rate is application-specific: it 
could be periodic (like images coming from a camera stream) 
or batched (a one-time batch of requests). From these 
definitions, several challenges arise. 
    First of all, the number and size of the available accelerators 
need to be defined. These are usually constrained by area or 
power requirements, but the application to be executed on them 
should also be taken into account. For example, an application 
requiring high parallelism may benefit more from multiple 
smaller accelerators. On the other hand, an application focused 
on throughput may already fulfil its requirements with only one 
powerful accelerator. 
    Second, some access control mechanism needs to be 
provided to avoid concurrent SW access to the same HW 
resource. This can be realised using an RTOS resource, like a 
mutex, to block each accelerator until it finishes its 
computation. There are two possible blocking granularities. In 
the first one (model-wise), each request blocks the accelerator 
until it executes all its layers. From a request point of view, this 
is the non-preemptible case: once a request starts to execute on 
one accelerator, the RTOS cannot select another request to run 
on the same accelerator. In the second option (layer-wise), each 
request blocks the accelerator only until it finishes the execution 
of its current layer. This is the preemptible case: the RTOS is 
allowed to interleave the execution of layers from different 
requests on the same accelerator. 
    A third execution granularity exists, where the execution of 
a layer on an accelerator is interrupted before finishing its 
execution, in order to execute a new layer on it. But this would 
require storing the current accelerator state and then retrieving 
it once the layer can continue its execution. If a HW mechanism 
is not available to take care of this, it can result in a considerable 
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time overhead. So we focus our analysis only on the first two 
granularities.  
    Finally, once a new request arrives, the system needs to select 
which of the available accelerators should execute the model 
for this particular request. New requests should ideally be 
assigned to idle (or soon-to-be) accelerators. 

A. Selected application 
We choose a 3D object detection application to demonstrate 

a multi-DNN workload use case, where the 3D object properties 
are estimated from a single camera image by leveraging deep 
learning and geometric constraints [1]. Our implementation of 
the paper consists of two DNNs: a YOLOv7-tiny model to 
obtain all 2D object detections within an image in a single-shot 
operation, and a VGG-19-based DNN that regresses the 3D 
object parameters for each detected object. 
    Since the number of times the VGG model needs to be 
executed is dependent on the number of detections found by the 
YOLO model, the exact number of VGG requests is unknown 
at compile time. Therefore, we cannot statically define where 
each VGG model request needs to be executed. This is why 
some method is needed during runtime to dynamically assign 
requests to different accelerators. 

B. Hardware/software baseline 
Our SoC (Fig. 1) is built around the Chipyard generator 

framework. We implement M instances of the Gemmini 
accelerator, which contains a parametrized systolic array of 
DIMxDIM Processing Elements (PEs). This accelerator was 
selected as its applicability for real-time applications was 
already analyzed in [21]. The Zephyr RTOS is used to 
orchestrate the execution of the DNNs in G. To map the DNN 
operations onto the accelerator, we used the open-source 
integration in [22]. 

We configure the RTOS with a set of threads and use 
semaphores to exchange data between them. One thread is 
instantiated for each combination of workload in G and 
accelerator in A. Threads can only execute on the accelerator 
they are assigned to. Each new workload request is signalled 
through a semaphore to all the threads that can manage the 
corresponding model. This results in automatic model 
parallelism: if multiple requests are received, no matter the 
workload, they can be processed by different threads and 
therefore be executed on different accelerators. 

Fig. 2 shows how these SW aspects modify the execution 
when one or two accelerators are available, and the metrics that 

can be evaluated in such a system (𝑡𝑡𝑅𝑅𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤: request arrived but is 
waiting to be executed, 𝑡𝑡𝐺𝐺: actual model execution time, 
𝑡𝑡𝑅𝑅𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑡𝑡𝑅𝑅𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 + 𝑡𝑡𝐺𝐺). For example, when only one accelerator is 
available, model-wise (Fig. 2a) or layer-wise blocking (Fig. 2b) 
modifies both 𝑡𝑡𝑅𝑅𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 and 𝑡𝑡𝑅𝑅𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡. When two accelerators are 
available (Fig. 2c), threads assigned to different accelerators 
can execute the requests in parallel. The last configuration with 
two accelerators already shows one of the limitations of this 
approach, which we address in Section IV: once 𝑎𝑎𝑎𝑎𝑎𝑎0 finishes 
executing the 𝐺𝐺0 request, it sits idle when it could be executing 
part of the 𝐺𝐺1 request. 
    To explore the design space of possible SoC configurations, 
we parameterize 1) the number of accelerators M, 2) the size of 
the accelerators, between Small (16x16 PEs, 256 kB 
scratchpad) and Big (32x32 PEs, 512 kB scratchpad), and 3) the 
L2 cache size (1024, 2048, and 4096 kB). From the SW point 
of view, we also parameterize the mutex access control per 
accelerator (model- or layer-wise). All HW versions were 
implemented on a ZCU111 AMD FPGA development board, 
with a clock of 100 MHz1. 

For each combination of HW/SW parameters, we explore 
the behavior of the system under different benchmarks, each 
with different request arrival rates: 1) Simple, where one request 

1 We fixed the same frequency for all of them to focus our analysis only 
on the SoC-level parameters. Also, some configurations are excluded because 
these did not fit onto the FPGA 

 
Figure 1  Multi-accelerator SoC under analysis 

 
(a) Temporal multi-tenancy (per model) 

 
(b) Temporal multi-tenancy (per layer) 

 
(c) Spatial multi-tenancy with multiple accelerators 

Figure 2  Different access control configurations in a multi-DNN multi-
accelerator system. 
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is generated for each workload every second, and 2) 
Application, simulating the application's behavior, where every 
second one request for the YOLO model and a batch of four 
requests2 for the VGG workload is generated (similar to the 
multi-stream arrival rate used by MLPerf Tiny [23]). 

C. Measurements 
We executed each benchmark for 3 seconds and then waited 

until all requests were processed (we call the total elapsed time 
𝑡𝑡𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚). We also recorded the power consumption of the 
FPGA and the traffic between the L2 cache and the external 
DRAM during the entire execution. For each model's request, 
we record all metrics defined in Fig. 2, and define the mean 
throughput across all N models as Equation (1), with 𝑅𝑅𝑛𝑛 being 
the amount of requests received for model n and 𝑡𝑡𝑅𝑅𝑟𝑟

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 the total 
time needed to finish request 𝑅𝑅𝑟𝑟. 

𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚[1 𝑠𝑠⁄ ] =
1
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𝑅𝑅𝑛𝑛

𝑟𝑟=0
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𝑁𝑁
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Fig. 3 shows the behavior of different HW versions under 
different request arrival rates3. Increasing M brings a significant 
throughput improvement, especially during the Application 
benchmark, where several simultaneous requests can be 
parallelized. Similarly, increasing the size of the accelerators 
brings even bigger benefits: for example, having only one Big 
accelerator is already better than having 4 Small ones both in 
terms of mean throughput and power. 

Increasing the L2 cache size improves the mean throughput, 
as less data needs to be exchanged with the external memory. 
This can also be appreciated in terms of external memory 
accesses (reads + writes), as these are reduced when the L2 
cache is increased. But interestingly, these also increase when 
more accelerators are introduced. This is attributed to the shared 
nature of the L2 cache; concurrent execution induces cache line 

evictions, and data utilized by one accelerator may be displaced 
by the memory demands of others. 

Although we do not observe a change in 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 when 
blocking the accelerators per layer or per model, we do observe 
changes in 𝑡𝑡𝐺𝐺 and 𝑡𝑡𝑅𝑅𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 4. The behavior is in line with the 
expected one presented in Fig. 2.  

𝑎𝑎𝑎𝑎𝑎𝑎𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 =
1
𝑀𝑀
�

𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖
𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏

(𝑡𝑡𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)

𝑀𝑀

𝑖𝑖=0

(2) 

Finally, the mapping tool in [22] takes care of the individual 
PE utilization, so we analyze the mean accelerator utilization 
from a systems perspective (Equation (2)). 𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖

𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 represents the 
time accelerator i was busy processing a layer, and 𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 the time 
no accelerator is busy because there are no more requests to 
process. By subtracting 𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 from 𝑡𝑡𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚, 𝑎𝑎𝑎𝑎𝑎𝑎𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 only 
measures utilization while there are pending requests to 
process. Conceptually, if an accelerator is not being used while 
others are, the utilization for this accelerator decreases, as it 
could be potentially used to offload some computation from the 
other busy accelerators. 
    Fig. 4 shows that some configurations present an under-
utilization of their accelerators (𝑎𝑎𝑎𝑎𝑎𝑎𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 < 0.9). This happens in 
the Simple benchmark with both accelerator sizes, and in the 
Application benchmark with the Big size. In the rest of the 
cases, the accelerators are already constantly occupied because 
the arrival rate is too fast compared to the time needed by one 
accelerator to process one request.  

IV. PROPOSAL 
Fig. 5 presents our proposal to improve the utilization of the 

idle resources identified in Section III-C. The compilation 
process receives the description of each DNN workload, the 
parameters of the SoC (L2 cache size, number of accelerators), 
and of the accelerator (for our example with Gemmini 
accelerators: number of PEs, size of internal scratchpad 

4 Figure is omitted because of space limitations. 2 We fixed the VGG model requests to four to ensure reproducible results 
across different benchmark executions with different parameters and HW 
configurations. 

3 We only report dynamic power, as in an FPGA, the static power is fairly 
constant across all HW versions. 

 

 

Figure 3  Measurements for different request arrival rates, grouped by L2 
cache size, amount of accelerators available (M) and accelerator size. 

 
Figure 4  Mean accelerator utilization comparison. 

 

Figure 5  Proposed workflow for the autotuned-based distribution of DNNs 
across multiple accelerators. 
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memories, etc). Then, the autotuning process finds the best way 
to partition each layer of the model across the available 
accelerators using AutoTVM [9]. During runtime, requests are 
received for each workload, and the dynamic allocator assigns 
the partitions (or shards) of each layer to a different accelerator.   

A. Autotuning for partitioning point identification 
AutoTVM has been proven to be a reliable tool for tuning 

the execution of tensor operations on both commercial and 
custom HW. This tuning process modifies the tensor operation 
by applying loop transformations and evaluates each candidate 
on the actual HW to find the one that minimizes its execution 
latency. Indeed, this was already applied to the Gemmini 
accelerator for the tuning of convolutions and other layers [24], 
but it only focused on one accelerator. 

Although initially developed for the design exploration of 
loop transformations like tiling and reordering (internal to each 
tensor operation), we extended AutoTVM to consider two new 
optimization dimensions: how the Output Feature Map (OFM) 
of a convolutional layer is partitioned (channel- or row-wise 

[25]) and how many partitions are generated (limited to the 
maximum number of accelerators). Instead of using heuristics 
to decide how to partition each layer, we integrate this decision 
into the AutoTVM optimization framework. AutoTVM then 
finds the partition methodology that minimizes the latency for 
each layer (these measurement already encompasses the 
memory traffic overhead of sharing data between multiple 
accelerators). The one-time overhead of running this process for 
a particular DNN is analyzed in Section V-B. 

Fig. 7 illustrates the differences between the partitioning 
configurations explored by our method. Using row partition 
(Fig. 7a) reduces the size of the input and output feature maps 
needed by each shard, but channel partition (Fig. 7b) can also 
be used to reduce the size of the weight tensors needed by each 
partition. The first layers from a DNN, which tend to have 
smaller weight tensors but larger OFMs, may benefit from row 
partitioning, in contrast to the last layers from the network, 
which may be better suited for channel partitioning.  

This step only finds the best partitioning configuration for 
each layer. The actual shard-accelerator assignment is done at 
runtime, as explained in the next Section. 

B. Runtime dynamic allocation of shards 
To be able to assign these shards to the available 

accelerators dynamically during runtime, we expanded the 
RTOS configuration presented in Section III-B, originally 
thought for model parallelism. For each model, we instantiate a 
scheduler thread, which receives a request and enqueues shards 
into the available accelerators through the shard threads' 
queues. Fig. 6 presents a basic example of how this system 
would behave during runtime. Each scheduler thread first 
enqueues the shards of its respective first layers. The shard 
threads then process them until their queues are empty, and 
report back to the original scheduler threads every time a shard 
is finished. During the execution of both models' second layers, 
because there are two accelerators idle, the scheduler thread for 

 
Figure 6  Example of the message passing between threads in the proposed RTOS runtime configuration. 

 
(a) Row partition              (b)  Channel partition 

Figure 7  Partition options examples for convolutions. 

5



DSD’2026 and SEAA’2026 Works in Progress Session • WiPiEC Journal, vol. 12, no. 2, 2026 

 
 

𝐺𝐺1 can decide to execute the shards of its second layer on them, 
thus improving utilization. 

Algorithm 1 presents the pseudocode for each scheduler 
thread. Variables accum_load, accum_lat, and next_acc are 
shared across all scheduler threads, and their access is 
adequately protected to avoid concurrent access. Variable 
method selects how to obtain the accelerator to which the next 
shard will be assigned. 

The dynamic allocation comes into play during the selection 
of where to enqueue the shards of a particular layer (Line 4). A 
simple load balancing could be achieved by assigning shards to 
accelerators in a round-robin fashion (Line 6). But this method 
would neglect how many shards are still pending execution on 
each shard thread, and therefore, how many shards need to be 
executed on the selected accelerator before the current shard is 
executed. 

A second approach is to assign the shards based on the 
already available load of each shard thread queue, and by 
assigning each shard to the queue with fewer pending shards 
(Line 9). List accum_load keeps track of the assigned shards 
per accelerator, and then resets it accordingly when the shards 
finish (Line 24). But this method ignores the latency of each 
pending shard in the queue, which is necessary to know which 
shard thread will become idle first. 

To solve this, the assignment should then take into account 
the load of each queue, but in terms of expected latency (Line 
13). The dynamic allocator can then estimate which threads will 
finish their pending shards faster and assign new shards to them 
to distribute the load. 

But calculating this expected latency is not trivial, as 
variations exist in layer execution time when more than one 

accelerator is available in the system. Fig. 8 presents the latency 
of individual layers obtained from the baseline measurements 
from Section III-C5. The more accelerators there are available 
in the system, the more the latency of a particular layer varies 
across different requests. For systems with 2 and 4 available 
accelerators, the latency of a layer cannot be represented by a 
single value anymore, but by a distribution of possible 
latencies. This behavior is a result of the sharing of the memory 
subsystem across all accelerators, as described in Section III-C, 
and is in line with the observed increase in memory accesses 
when M increases shown in Fig. 3. 

To keep track of how much time each shard thread will still 
be busy during runtime, we need to estimate each shard's 
latency every time one is allocated. Based on the analysis of Fig. 
8, we propose to use the Mean of previous measurements for 
this (Line 14}). List accum_lat keeps track of this expected 
latency per accelerator, and then resets it accordingly when the 
shards finish (Line 27). 

The decision of where to assign each shard needs to be 
simple, as this needs to be executed by each scheduler thread 
every time a shard needs to be executed, and thus cannot insert 
unnecessary overhead in the execution of each request. The 
Round-robin allocation method is the simplest, as it only 
requires returning the next accelerator. The other two methods 
(Load and Mean), although comparing different metrics, are 
also simple, as these only require M-1 lookups to find the 
accelerator with the least pending latency or the least queued 
shards. This makes these three methods lightweight and suitable 
for implementation on resource-constrained devices. 

V. EVALUATION 
In this section, we evaluate the impact of our proposal by 

applying our method to the VGG model of our representative 
use case. We only use our method on the VGG model because 
in a real scenario this model would be executed for each 
detected object in the scene, so it would benefit more from a 
faster completion time thanks to distributed execution across 
multiple accelerators. We only focus on hardware setups where 
the utilization is lower than 0.9 (Fig. 4), as these are the cases 
that can be improved by taking advantage of idle accelerators. 
The model parallelism measurements presented in Section III 
are used as baselines. 

A. Throughput and utilization improvements 
Fig. 9 shows, for each HW version and benchmark, how 

much the mean accelerator utilization and throughput are 
5 We observe the same behavior in all layers and across all HW versions. 

On average, because of competing access to memory, using two and four 
accelerators increases the mean measured latency for each layer by 31% and 
91% respectively. 

 
Algorithm  1    Scheduler thread pseudocode. 

 
Figure  8 Distribution of latencies measured on a SoC with Small 

accelerator/s and 2048 kB L2 cache size.. 
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improved when compared against the baseline from Section III-
C. The dynamic scheduler using the Mean latency estimation 
for the allocation of shards is constantly better than both the 
Round-robin distribution of shards and the one based only on 
the Load of each queue. The improvement increases as more 
accelerators are available, which makes sense, as these are the 
cases with more idle accelerators, which provide more 
opportunities for improvement. For the Simple benchmark, our 
dynamic allocator using the Mean method is able to achieve a 
mean 37 % increase in 𝑎𝑎𝑎𝑎𝑎𝑎𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢. For the Application benchmark, 
the increase is only 0.2 %, as these HW versions already had a 
high accelerator utilization (Fig. 4). Overall, our dynamic 
allocator is able to achieve a 29 % mean increase in 𝑎𝑎𝑎𝑎𝑎𝑎𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 
when compared against the model parallelism baseline, and a 
10 % increase when compared against the Round-robin method. 

In terms of throughput, our dynamic allocator method using 
the Mean method achieves a mean 40 % increase when 
compared against the model parallelism baseline, and a 9 % 
improvement against the Round-robin distribution method. 

For both accelerator utilization and throughput, the Load 
method is not reliable, as only counting the number of shards 
assigned to each accelerator is not enough to adequately decide 
which accelerator will become idle faster. Our Mean method 
always surpasses it. 

Improvements are significant for the SoCs with smaller 
accelerators, but lower for the other HW versions. A significant 
reason for the underutilization of the Big accelerators comes 
from the more similar execution time of both models, which 
results in little time where one accelerator is idle while the 
others are still busy. This can be seen more clearly in Fig. 10. 
On the left, during the first request, accelerators 0 and 2 are idle 
during the entire duration of the request, and there is a 
significant amount of time accelerator 3 is still executing the 
VGG model (orange) while accelerator 1 has already finished 

the execution of the YOLO model (blue). On the right, because 
the VGG model is executed faster (as this model is mapped 
more efficiently onto the Big accelerators), there is less time one 
accelerator is still busy, and the other one idle (as defined in 
Equation (2), the time where no request is available is not taken 
into account as idle time for the utilization calculation). The 
impact of our work can be seen more clearly in the case with 4 
Small accelerators, but it is still able to increase both utilization 
and throughput for the case with 2 Big accelerators.  

B. Autotuning overhead 
Executing autotuning processes like AutoTVM introduces a 

one-time compilation overhead because the tuning process 
evaluates each possible candidate on the HW to find the one 
that minimizes the latency. Given our new autotuning 
parameters defined in Section IV-A (type of partition, row or 
channel, and number of partitions, limited to M), the maximum 
number of possible partitioning candidates that need to be 
measured on the HW can be calculated. For a given DNN 
workload G containing L layers, for an SoC with M 
accelerators, the maximum number of candidates to measure is 
defined by Equation (3). 

 
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝐿𝐿 × (2 × 𝑀𝑀 − 1) (3) 

 
For the VGG model (L=16, only convolutions) on a SoC with 

M=4, this yields 112 possible candidates. In our experiments 
running AutoTVM with our modifications on a 12-core i7 CPU 
(3.20GHz) server with 32 GB of RAM, the entire process 
required approximately 45 minutes. Given the performance 
improvements demonstrated in Section V-A, this one-time cost 
is well justified. 

VI. CONCLUSION 
This paper first explored the HW design space for a multi-

DNN multi-accelerator SoC system and proposed an RTOS 
configuration to achieve automatic model parallelism. From the 
FPGA implementation results, we extracted insights and 
identified that model parallelism underutilized the available 
accelerators. In order to improve this, we proposed a joint 
compilation and runtime methodology to first find the optimal 

 

Figure  9 Improvements in 𝑎𝑎𝑎𝑎𝑎𝑎𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 and throughput for the VGG model using 
different distribution strategies for both benchmarks (compared against the 

corresponding best result from Section III). 

 
Figure 10 Execution traces for the Simple benchmark for an SoC with 4 

Small accelerators (left) and one with 2 Big accelerators (right), showcasing 
the increase in 𝑎𝑎𝑎𝑎𝑎𝑎𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 and 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑉𝑉𝑉𝑉𝑉𝑉  by using our method. 
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partitioning points for each tensor operation during compile 
time using autotuning, and then dynamically distribute these 
partitions across the available accelerators using a lightweight 
scheduler. We explored different decision techniques for the 
proposed dynamic allocator scheduler, and demonstrated that 
we can achieve a 29 % and 40 % improvement in mean 
accelerator utilization and throughput, respectively, over the 
model parallelism baseline. When compared against a round-
robin distribution of partitions, our dynamic allocator is able to 
achieve a 10 % and 9 % increase in mean utilization and 
throughput, respectively. 

Although this work focused mostly on the object detection 
aspect of an autonomous driving application, a future extension 
could evaluate the proposed methodology on a full-scale 
autonomous driving application, where additional DNN 
workloads need to be orchestrated for other tasks like object 
tracking and trajectory prediction. Additionally, only the mean 
of the distribution of measured latencies was used to guide the 
runtime allocation of shards. Other metrics of the distribution 
(e.g., different quantiles) may present different trade-offs and 
are worth analyzing. 
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