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ABSTRACT
ModernAI inference accelerators offer high-performance and power-
efficient computations for machine learning models. Most accel-
erators employ static inference to enhance performance, which
requires models to be compiled with predetermined input batch
sizes and intermediate tensor shapes. However, static inference can
lead to program failures or inefficient execution when processing
batched data of varying sizes, a scenario known as dynamic batch
inference. This work addresses this challenge by focusing on the
emerging multicore AI inference accelerators that offer flexible
compute core assignment. We propose to dynamically partition the
input batch data into smaller batches, and create multiple model
instances to process each partition in parallel. The challenge lies
in how to determine the optimal number of model instances, the
proper batch size for each handling model, and the assignment of
compute cores among the models, to minimize the inference time.
To solve the problem, we construct an accurate profiling-based
cost model and devise a dynamic programming algorithm to de-
termine the best configuration. Experimental results indicate that
our method achieves 3.05× higher throughput on average in multi-
person pose estimation benchmarks, compared to the EdgeTPU-like
inference strategy.
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1 INTRODUCTION
Recent advancements in deep learning have demonstrated outstand-
ing performance in various fields, such as computer vision [25, 35],
natural language processing [5, 31], and many others. These ad-
vancements are driven by the increased model sizes, aimed at learn-
ing complex patterns from large datasets. The vast number of model
parameters also leads to significant computational costs. For exam-
ple, YOLOv5-large [32] requires 109.1 billion floating-point opera-
tions (FLOPs) for inference, while LLaMA-7B [31] demands approx-
imately 1.7 trillion FLOPs for an input length of 128. This trend of
increasing model sizes and computational requirements is expected
to continue in the future [12].

The significant computational cost poses a critical challenge for
real-time inference. To tackle this issue, many high-performance
and power-efficient AI inference accelerators have been introduced
to enhance model inference speed [1, 2, 8, 10, 13, 19, 24, 28, 34].

To maximize efficiency, many AI inference accelerators, e.g.,
Google EdgeTPU [28] and Intel NPU [13], employ static inference.
They require the compiled models to be bound to fixed tensor
shapes, including the batch size and dimensions. Unlike training
where models are often handled with dynamic shapes to accom-
modate various training conditions (e.g., variable text lengths),
inference with static shapes allows the compiler to make assump-
tions about the data and optimize the computation ahead of time.
Compilers can enable more efficient memory management and
optimizations, such as operation fusion [6, 7, 9, 22, 33], constant
folding [36], and loop optimizations [4, 7, 18], thus resulting in
better utilization of the hardware. These benefits are crucial for
achieving high performance and power efficiency in AI inference
tasks.

However, restricting models to fixed shapes presents challenges
when the size of input batches varies during inference—a scenario
known as dynamic batch inference. For example, dynamic batch
inference can occur in the downstream tasks of object detection, e.g.,
pose estimation and object tracking/recognition. Figure 1 depicts
the issue using the two-stage multi-person pose estimation (MPPE)
model architecture. In the first stage, an object detection model
identifies and crops all individuals. In the second stage, a pose
estimation model determines the posture of each person. Since the
number of people can vary over time, the pose estimation model
may fail to run on the accelerator if the detected samples do not
match the batch size of the compiled model. Therefore, a solution
to tackle this issue while speeding up inference is essential.

Recently, multicore architecture has been adopted in AI accel-
erators to meet the growing computational demands of modern
workloads. In addition to utilizing static inference for efficient com-
putation, these accelerators (e.g., Qualcomm Cloud AI 100 [24])
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Figure 1: Architecture of the two-stage multi-person pose
estimation (MPPE). Stage 1: Input images frommultiple cam-
eras are processed by a person detection model to identify
and crop human bodies. Stage 2: The cropped persons are fed
into single-person pose estimationmodels (SPPE) to estimate
the pose of each individual. The number of input samples
for SPPE models is dynamic, varying based on the number
of human bodies detected in stage 1.

offer the flexibility to execute multiple models in parallel and bind
workloads to compute cores. These new features provide opportu-
nities to enable high-performance inference with dynamic batches.

To tackle the problem of variable input sizes, we propose to
dynamically partition the input data into subsets. Then, we create
multiple model instances to process the partitioned data in parallel.
Hence, the challenge becomes how to properly partition the input
data, and how to determine the optimal number of model instances,
the batch size each model should handle, and the distribution of
compute cores among themodels. To this end, we first develop a cost
model by profiling the inference time of models with varying batch
sizes and compute core assignments. Using this cost model, we then
derive a dynamic programming algorithm to schedule the input
workloads and to further find the optimal mapping of compute cores
and batch sizes. Addressing the large search space of this problem,
we introduce an analytical method to reduce the problem size based
on performance observations. Finally, we evaluate our approach
on multi-person pose estimation benchmarks, demonstrating its
effectiveness in real-world scenarios.

In summary, this paper makes the following contributions:
• We develop a dynamic programming algorithm to determine
the optimal configuration for efficient dynamic batch infer-
ence on multicore AI inference accelerators.
• We present a systematic method to narrow down the search
space by leveraging the insights from performance profiles.
• Experimental results demonstrate that our method achieves
an average of 3.05× higher throughput in multi-person pose
estimation benchmarks, compared to the EdgeTPU-like in-
ference strategy.

The rest of this paper is organized as follows. Section 2 describes
related works and the initial experiment that motivates this work.
Section 3 formally defines the compute core assignment problem
and presents our dynamic programming algorithm. Section 4 eval-
uates the efficiency and effectiveness of our method. Section 5
concludes the paper.
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Figure 2: MMPose(ResNet50) inference time to process eight
input data of the sample sizes {4,8,12,16,20,24,28,32}. The re-
sult indicates (1) dynamic switching results in significantly
longer inference time than staticmapping, due to highmodel
loading/unloading overhead; (2) different mappings can af-
fect the inference times significantly. Notation nXbYcZ de-
notes: X model(s) are executed in parallel, with each model
assigned with batch size Y and Z compute core(s).

2 MOTIVATION AND RELATEDWORK
2.1 AI Accelerators
AI accelerators have become integral components in cloud services,
edge devices, and recently, AI-enabled personal computers (PCs). In
clouds, Amazon EC2 DL2q adopts Qualcomm Cloud AI 100 for in-
ference services, while Google Cloud Platform provides TPUs [14]
for high-performance neural network training and inference. In
edge devices, AI accelerators are primarily used for real-time infer-
ence, with the additional benefits of reliability and privacy. Google
EdgeTPU [28] and Intel NCS2 [13] are two popular accelerators
designed to enhance AI workloads at the edge. Additionally, many
robotic platforms are powered by the Qualcomm Cloud AI 100 Edge
version, which features nine neural processing cores and can offer
up to 70 trillion operations per second (TOPS) while consuming
only 15 watts [24].

2.2 Motivation
This work focuses on the Qualcomm Cloud AI 100 accelerator
due to its widespread use in robotic platforms and AI PCs. Qual-
comm Cloud AI 100 is a configurable multicore AI accelerator that
supports static inference only. Before running models on the accel-
erator, users must compile the models into executables with two
pre-defined parameters: (a) the batch size of the model and (b) the
number of compute cores the model will use. During inference, the
runtime system assigns compute core(s) to the model based on
the pre-defined value. Moreover, the assigned compute cores are
exclusively used by the model. A model can fail to run if the number
of available cores is insufficient during compute core allocation, or
if there is a mismatch between the input data size and the batch
size a compiled model is designed to handle.

One possible approach to tackle dynamic batch inference on the
accelerator is to prepare multiple models, each compiled with a
possible input size. At runtime, the system dynamically switches
to the appropriate model based on the input size. Since only one
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model is executed at a time, we can compile each model to utilize
all compute cores.

Another approach, employed bymany accelerators such as Google
EdgeTPU, CVFlow [15], etc., is to compile the model with a batch
size of “one.” This allows the system to handle arbitrary input data
sizes by processing the input samples one at a time. In this approach,
we can also map all compute cores to the model.

In contrast to the above-mentioned methods, we propose to split
the input data into several partitions, spawn multiple model in-
stances for parallel processing, and have the models process the
partitions over one or multiple iteration(s), without switching mod-
els during execution.

We conduct an initial experiment on the QualcommCloud AI 100
to compare the inference time of the aforementioned approaches,
using the MMPose (ResNet50) single-person pose estimation model
with a dynamic number of input samples. Since our approach re-
quires selecting the following parameters: the number of parallel
models 𝑛, the batch size for each model 𝑏, and the number of cores
allocated to each model 𝑐 , we choose several valid configurations
for comparison. The experiment processes eight input data with
different sizes, and eight compute cores are used.

Figure 2 shows the inference time results. Several observations
are drawn from the results: (1) The dynamic switching approach
takes significantly longer time than the static mapping approach.
Though this approach can process each input data in a single run,
it incurs significant overhead from model loading/unloading. (2)
The Google EdgeTPU-like mapping strategy (i.e., n1b1c8) performs
poorly compared to othermapping strategies. Though this approach
is easy to implement in both software and hardware, it is inade-
quate to achieve optimal performance on multicore accelerators. (3)
Different configurations can significantly influence the execution
time.

These observations emphasize the necessity of finding optimal
configurations when accelerating models with dynamic batch infer-
ence on the multicore accelerators, thereby motivating this paper
to design an efficient algorithm to achieve the goal. Moreover, cur-
rent AI accelerators are trending toward multicore architectures,
thus making our proposed method for optimizing dynamic batch
inference potentially impactful.

2.3 Dynamic Neural Network Inference
Many machine learning tasks involve intrinsic features of dynamic
inference. Dynamic inference can be categorized into three types:
(a) dynamic batch size, (b) dynamic tensor shape, and (c) dynamic ex-
ecution flow. Similar to multi-person pose estimation, downstream
tasks in video object detection, such as trajectory prediction and
multi-object tracking, face dynamic batch sizes during inference
due to the variable number of objects detected. Dynamic shapes,
which arise from input samples of varying shapes, are commonly
seen in graph neural networks (GNNs) that process graph data
of different structures [29]. Dynamic execution flow occurs when
model computation involves control flow structures such as condi-
tional statements, loops, and recursion [30]. This research focuses
on optimizing the inference performance of dynamic batch sizes.

Several tools [3, 20, 21, 23, 37] implement automatic dynamic
batching during inference, which combines inference requests to

enhance throughput. Instead of targeting AI inference accelerators,
these tools are primarily designed for the more general-purpose pro-
cessors such as CPUs and GPGPUs, which support model execution
with dynamic batch sizes. In contrast, our work focuses on opti-
mizing dynamic batch inference while preserving the performance
advantages of static inference. Our method can potentially improve
performance of these tools on the AI inference accelerators.

3 METHOD
Accelerating neural networkswith dynamic batch inference presents
several challenges. First, accelerators prefer static inference, while
the input data sizes can be dynamic in real-world scenarios. Sec-
ond, although modern inference accelerators provide flexibility in
assigning compute cores, different mappings can lead to significant
variations in execution time, as shown in our initial experiments.
To address these issues, we propose dynamically partitioning input
samples into smaller subsets and creating multiple model instances
to process each partition efficiently in parallel. In this section, we
formally define the compute core assignment problem and intro-
duce a two-step algorithm to solve it. We focus on the multicore
accelerators, where multiple models can be executed in parallel and
the compute core(s) are used exclusively for each model.

3.1 Problem Definition
The objective of this work is to develop an algorithm that optimally
assigns compute cores and batch sizes to models for processing in-
put samples of dynamic sizes, with the aim of minimizing inference
time. This problem can be decomposed into two subproblems: (1)
identifying the possible compute core/batch size/model mappings
as candidates, and (2) finding the model execution schedule that
minimizes the inference time. By solving these two subproblems,
we can determine the minimal inference time for any given number
of input samples.

We define the following parameters:
• 𝐷 : The total number of available compute cores.
• 𝐵 = (𝑏1, 𝑏2, . . . , 𝑏𝑘 ): The set of distinct, possible batch sizes
that can be mapped to the models.
• 𝑁 = (𝑛1, 𝑛2, . . . , 𝑛𝑘 ): The number of models for each batch
size 𝑏𝑖 ∈ 𝐵 within a mapping.
• 𝐶 = (𝑐1, 𝑐2, . . . , 𝑐𝑘 ): The number of compute cores allocated
for the models 𝑛𝑖 of batch size 𝑏𝑖 within a mapping.

Since we will partition input samples into small batches, we first
define 𝐵, which is the set of distinct, possible batch sizes that can be
mapped to the models. The elements of 𝐵 can be any combination
chosen by the user. A simple approach is to set 𝐵 as consecutive
positive integers, i.e., 𝐵 = (1, 2, . . . , 𝑘), where, for example, 𝑘 = 16.

Next, we determine the number of models 𝑛𝑖 and the number of
compute cores 𝑐𝑖 mapped to each batch size 𝑏𝑖 . Note that the values
of 𝑛𝑖 and 𝑐𝑖 within a mapping could be zero, indicating the absence
of models with those batch sizes. In addition, each model must be
assigned at least one compute core. Thus, a mapping must meet the
constraints in Equation 1:

𝐷 =
𝑘∑︁
𝑖=1

𝑐𝑖 , 𝑐𝑖 ≥ 𝑛𝑖 ≥ 0, (1)

where 𝐷 represents the total number of available compute cores.

534



SAC ’25, March 31-April 4, 2025, Catania, Italy Z.-W. Liou and D.-Y. Hong

In order to handle arbitrary input sample sizes, we always put
the batch size one in 𝐵 and assign at least one model to it, thus
guaranteeing that the system can always establish a valid schedule.

For the first subproblem, the objective is to identify all valid
mappings 𝑆 that satisfy the constraints in Equation 1. Given that
the number of such mappings is typically large, we quantitatively
analyze 𝑆 in Section 3.2 and then eliminate suboptimal mappings in
Section 3.3. For the second subproblem, the objective is to find the
best execution schedule of models for each candidate mapping, and
then determine the optimal mapping with the minimal execution
time. The algorithm to solve the problem is presented in Section 3.4.

Now we formally define the problem as follows. We have a set
of batch sizes 𝐵 and the total number of compute cores 𝐷 . We want
to first find the candidate mappings of batch sizes, compute cores,
and models. Then we optimize the execution schedule for models
according to the mappings, and find the one withminimal execution
time.

3.2 Search Space
To find the possible mappings of batch sizes, compute cores, and
models, we break this problem into two steps: (1) allocating the
available compute cores 𝐷 to different batch sizes 𝑏𝑖 , which deter-
mines the values of 𝑐𝑖 , and (2) determining the number of models 𝑛𝑖
and the allocation of compute cores 𝑐𝑖 to the models. The mappings
must satisfy the constraints in Equation 1.

For the first step, it is a combinatorial problem that counts non-
negative integer to the equation𝐷 =

∑𝑘
𝑖=1 𝑐𝑖 , where 𝑘 is the number

of distinct batch sizes. The number of combinations is given by the
combinatorial function 𝐻 (𝑘, 𝐷).

In the second step, the assignment of 𝑛𝑖 models to 𝑐𝑖 compute
cores is equivalent to solving an integer partition problem. Table 1
shows an example of possible assignments with four compute cores.
We define the partition function 𝑝 (𝑐𝑖 ), which returns the number
of possible ways to partition 𝑐𝑖 compute cores among 𝑛𝑖 models.
For each combination 𝑗 , the number of mappings is

∏𝑘
𝑖=1 𝑝 (𝑐𝑖 ).

Therefore, the total number of mappings 𝑆 is:

|𝑆 | =
𝐻 (𝑘,𝐷 )∑︁
𝑗=1

𝑘∏
𝑖=1

𝑝 (𝑐𝑖 ) (2)

Table 1: Five different mappings of models across a total
number of four compute cores: 𝑝 (𝑐𝑖 = 4) = 5.

Number of models 𝑛𝑖 Core mapping
4 (1,1,1,1)
3 (1,1,2)
2 (1,3), (2,2)
1 (4)

3.3 Narrowing the Search Space
After determining the possible mappings, we can proceed to sched-
ule the models for each mapping. However, we observe that the
number of mappings can be substantial. For instance, when 𝐷 = 16

1 2 3 4 5 6 7 8
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Number of Cores
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Figure 3: MMPose throughputs of varying numbers of com-
pute cores by fixing the batch size (normalizedwith one core).

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

1

2

Batch Size

Normalized Throughput

Figure 4: MMPose throughputs of varying batch sizes by fix-
ing the number of cores used (normalized with batch size
one). Each model is mapped to two compute cores.

and𝑘 = 8, the total number of mappings is approximately 59million,
as calculated using Equation 2. Therefore, it is crucial to narrow
down the search space to reduce the algorithm’s runtime.

We can reduce the search space by leveraging insights from the
performance profiles. First, we can limit the maximum number of
cores a model can use in 𝑐𝑖 , thereby reducing the term

∏𝑘
𝑖=1 𝑝 (𝑐𝑖 ).

For example, we measure the MMPose throughputs with varying
numbers of compute cores by fixing the batch size. Figure 3 shows
the results normalized against one core. The result indicates that
the throughput increases and gradually saturates with the number
of assigned compute cores. After 𝑐𝑖 = 6, adding more cores does
not improve the throughput. Therefore, it is reasonable to impose a
limit on the maximum number of cores for the models. This method
prevents unnecessary exploration of the combinations where a
model uses an excessive number of cores.

Second, we can impose a limit on the potential models’ batch
sizes, thereby reducing 𝑘 and the term 𝐻 (𝑘, 𝐷). Figure 4 shows
the normalized throughputs of different batch sizes against batch
size one by fixing the number of cores used. The result indicates
that while the throughput increases with the batch size, this im-
provement also saturates after a certain point, which can be set
as the maximum batch size. Furthermore, using larger batch sizes
can lead to idle resources if the size of input data is smaller than
the model’s batch size. Hence, this method effectively eliminates
the search for unnecessarily large batch sizes. By applying the
aforementioned two methods, we can significantly reduce the total
number of mappings in 𝑆 .
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3.4 Model Execution Schedule
After narrowing down the candidate mappings, the next step is to
determine, according to the mapping, how to partition input data
into smaller batches and schedule the models to process the parti-
tioned batches. Note that the compute cores are used exclusively.
Hence, the models can be executed in parallel during inference
without resource contention.

To support our algorithm, we first construct a profiling-based
inference time table. We collect all configurations (i.e., batch size
and compute core assignments) from the candidate mappings and
compile the models accordingly. Then, we measure the inference
times of the models to form the time table. Figure 5 (left) illustrates
an example of the table. This table is also utilized to narrow down
the candidate mappings, as described in Sections 3.2 and 3.3.

Based on the time table, the goal is to partition the input data
and schedule the models to process the partitioned batches with
the shortest execution time. To this end, we develop a dynamic pro-
gramming algorithm to solve the problem. We define the following
parameters:
• 𝑀 = (𝑚1,𝑚2, . . . ,𝑚𝑙 ): Model instances of the candidate map-
ping 𝑠 ∈ 𝑆 .
• 𝑒𝑖 : Inference time of model𝑚𝑖 running for one iteration.

We introduce a function 𝑇𝑠 (𝑥), which represents the shortest ex-
ecution time for the mapping 𝑠 , given the input data of size 𝑥 . In
addition, we define 𝑑𝑠 (𝑖, 𝑥), which is the total number of partitioned
batches processed by model𝑚𝑖 for the input size 𝑥 . Since all models
are run in parallel, the overall execution time is determined by the
slowest model instance, as in Equation 3:

𝑇𝑠 (𝑥) = max
1≤𝑖≤𝑙

(
𝑑𝑠 (𝑖, 𝑥) · 𝑒𝑖

)
(3)

where 𝑒𝑖 is the inference time of model𝑚𝑖 running for one iteration.
Now we build the recurrence from 𝑑𝑠 (𝑖, 𝑥) and 𝑇𝑠 (𝑥) to solve

the problem. We initialize 𝑑𝑠 (𝑖, 0) and 𝑇𝑠 (0) to zero, as there is no
input data. Next, we enumerate the input size 𝑥 from 1 to 𝑥max
and iterate over all models. If an input size is less than a model’s
batch size, 𝑑𝑠 (𝑖, 𝑥) = 0 because there is insufficient data. Otherwise,
we try to partition the input data, and we can derive 𝑑𝑠 (𝑖, 𝑥) from
𝑑𝑠 (𝑖, 𝑥 − ℎ𝑖 ), where ℎ𝑖 is the batch size of model𝑚𝑖 .

The key idea is that assuming we assign ℎ𝑖 data to the model𝑚𝑖 ,
the model will process one additional batch compared to the count
of 𝑑𝑠 (𝑖, 𝑥 − ℎ𝑖 ). The execution time to process these batches is(

𝑑𝑠 (𝑖, 𝑥 − ℎ𝑖 ) + 1
)
· 𝑒𝑖

Now we identify the model instance 𝑖min that has the shortest
execution time, as Equation 4.

𝑖min = argmin
1≤𝑖≤𝑙 ∧ 𝑥≥ℎ𝑖

(
(𝑑𝑠 (𝑖, 𝑥 − ℎ𝑖 ) + 1) · 𝑒𝑖

)
(4)

By selecting the model with the shortest execution time, we ensure
that the overall inference time 𝑇𝑠 (𝑥) is minimized.

Based on the result in Equation 4, we update 𝑑𝑠 (𝑖, 𝑥) for each
model with Equation 5.

𝑑𝑠 (𝑖, 𝑥) =
{
𝑑𝑠 (𝑖, 𝑥 − ℎ𝑖 ) + 1 if 𝑖 = 𝑖min
𝑑𝑠 (𝑖, 𝑥 − ℎ𝑖 ) otherwise

(5)

Then, we can compute 𝑇𝑠 (𝑥) using Equation 3.

Algorithm 1 Model Execution Scheduling
1: Input: Mapping 𝑠 , Input data sizes 𝑋 = (1, 2, . . . , 𝑥max).
2: Output: 𝑇𝑠 , 𝑑𝑠
3: 𝑀 = (𝑚1,𝑚2, . . . ,𝑚𝑙 ) ⊲ Model instances in mapping 𝑠
4: 𝐻 = (ℎ1, ℎ2, . . . , ℎ𝑙 ) ⊲ Batch size of model instances
5: 𝐸 = (𝑒1, 𝑒2, . . . , 𝑒𝑙 ) ⊲ Inference time of model instances
6: for 𝑥 ← 1 to 𝑥max do
7: 𝑖min = argmin

1≤𝑖≤𝑙 ∧ 𝑥≥ℎ𝑖

(
(𝑑𝑠 (𝑖, 𝑥 − ℎ𝑖 ) + 1) · 𝑒𝑖

)
8: for 𝑖 ← 1 to 𝑙 do ⊲ Update 𝑑𝑠
9: if 𝑖 is equal to 𝑖min then
10: 𝑑𝑠 (𝑖, 𝑥) = 𝑑𝑠 (𝑖, 𝑥 − ℎ𝑖 ) + 1
11: else
12: 𝑑𝑠 (𝑖, 𝑥) = 𝑑𝑠 (𝑖, 𝑥 − ℎ𝑖 )
13: end if
14: end for
15: 𝑇𝑠 (𝑥) = max

1≤𝑖≤𝑙

(
𝑑𝑠 (𝑖, 𝑥) · 𝑒𝑖

)
16: end for
17: Return 𝑇𝑠 , 𝑑𝑠

Algorithm 2 Optimal Compute Core Assignment
1: Input: Total number of cores 𝐷 , Set of distinct batch sizes 𝐵 =
{𝑏1, 𝑏2, . . . 𝑏𝑘 }, Number of input samples 𝑋 = (1, 2, . . . , 𝑥max).

2: Output: Optimal mapping 𝑠best

3: for 𝑏𝑖 ∈ 𝐵 do ⊲ Establish the profiling-based cost model
4: for 𝑐 𝑗 ∈ [1, 𝐷] do
5: Profile the model and fill in the time table entry 𝑒 (𝑏𝑖 , 𝑐 𝑗 )
6: end for
7: end for
8: Compute candidate mappings 𝑆 based on constraints in Eq. 1
9: Narrow down candidate mappings 𝑆 with profiled performance

10: for 𝑠 ∈ 𝑆 do ⊲ Dynamic programming for scheduling
11: Initialize 𝑇𝑠 (0) ← 0
12: Initialize 𝑑𝑠 (𝑖, 0) ← 0 ∀𝑖 ∈ [1, 𝑙]
13: 𝑇𝑠 , 𝑑𝑠 =ModelExecutionScheduling(𝑠 , 𝑋 )
14: end for

15: Initialize 𝑠best ← null, 𝑡min ←∞
16: for 𝑠 ∈ 𝑆 do ⊲ Determine the best schedule among 𝑆
17: Compute 𝑡 as the average 𝑇𝑠 (𝑥) for 𝑥 from 1 to 𝑥max
18: if 𝑡 < 𝑡min then
19: 𝑡min ← 𝑡 , 𝑠best ← 𝑠
20: end if
21: end for
22: Return 𝑠best

The pseudo-code of the dynamic programming algorithm for
scheduling model execution is in Algorithm 1. Using this algorithm,
we can determine the optimal execution schedule for a candidate
mapping and compute the optimal execution time 𝑇𝑠 (𝑥) for any
input data size 𝑥 ≥ 1. Figure 5 (right) illustrates an example of the
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Figure 5: Parallel model execution schedule. Our dynamic
programming algorithm efficiently distributes the dynamic
batch inference tasks across the models based on a profiling-
based cost model.

execution schedule. Based on the time table, our dynamic program-
ming efficiently partitions inputs of variable sizes across the model
instances, and minimizes the overall execution time as a result.

Finally, we apply Algorithm 1 to all candidate mappings. The
result with the best schedule among these candidate mappings is
selected as the final solution. There are 𝑂 ( |𝑆 |) candidate mappings,
each taking 𝑂 (𝑚𝑛) time to conduct model execution scheduling,
where𝑚 and 𝑛 are the number of model instances and the maxi-
mum input size, respectively. As a result, the overall process has a
complexity of 𝑂 ( |𝑆 | ·𝑚𝑛).

Algorithm 2 lists the pseudo-code of the overall compute core as-
signment algorithm. The algorithm begins by building the inference
time table (line 3-7). Based on the profiled model performance, we
reduce the size of candidate mappings (line 8-9). Then all candidate
mappings are scheduled with the dynamic programming algorithm
to determine the best configuration (line 10-14).

Lines 15-21 in Algorithm 2 present a naive example assuming the
sizes of input data are uniformly distributed between 1 and 𝑥max;
thus, the execution time of each candidate mapping is averaged
across this input size range. Users can also apply other constraints,
such as selecting a mapping that maximizes the number of objects
processed in real-time scenarios.

4 EXPERIMENT
In this section, we present a comprehensive evaluation of the pro-
posed compute core assignment approach. We start by detailing
the experimental settings. Subsequently, we compare inference
throughput across various mapping strategies, evaluate real-time
performance, assess the accuracy of our cost model, and analyze
the search space and algorithm time.

4.1 Experimental Settings
4.1.1 Models and Benchmark Datasets.

We evaluate our approach using the two-stage multi-person
pose estimation (MPPE) application. Since MPPE shares a similar
architecture with other downstream tasks in object detection, we
consider it a representative target to demonstrate the advantages
of our method. To further generalize the evaluation, we use mod-
els with varying sizes and backbones. Specifically, for the person
detection model, we select YOLOv5 [32] in two sizes: YOLOv5m
and YOLOv5l, which have 21.1 million and 46.5 million parameters,

respectively. For the single-person pose estimation model, we use
MMPose [27] with three different backbones: MobileNetV2 [26],
ResNet50, and ResNet101 [11], with 9.6, 34, and 53 million parame-
ters, respectively.

We compare different mapping strategies using two benchmark
datasets for MPPE: MS-COCO [17] and CrowdPose [16]. The input
resolutions are resized to 640 × 640 for YOLOv5, and 256 × 192 for
MMPose. All models are compiled using Qualcomm AIC compiler
v1.10 and quantized to 8-bit integers.

4.1.2 Implementation.
The evaluation is performed on a Qualcomm Robotics RB6 Plat-

form, which consists of an octa-core ARMv8-A CPU and an Edge
version of the QualcommCloud AI 100 accelerator [24]. The acceler-
ator includes nine neural processing cores operating at a frequency
of 600 MHz. All compute cores share 8 GB of the device DRAM.

We implement a pipelining strategy to overlap the execution of
YOLOv5 and MMPose. In addition, we assign one core to YOLOv5m
and two cores to YOLOv5l, leaving the remaining eight cores and
seven cores available for MMPose, respectively. We ensure that
MMPose has a longer inference time than YOLOv5 to facilitate
a more appropriate comparison of the mapping methods. In the
following experiments, we use combinations of the YOLOv5 and
MMPose names (e.g., YOLOv5m-MobileNetV2) to denote the hybrid
model. We use the notation nXbYcZ to denote the creation of X
models, each mapped with a batch size of Y and Z compute cores.

4.1.3 Evaluation Metrics.
We evaluate mapping strategies using two metrics: inference

throughput and real-time performance. The inference through-
put is measured as the number of people processed per second by
the MMPose models, using the MS-COCO and CrowdPose datasets.
We use 10% of the images as the tuning set to select optimal com-
pute core assignment with our method, and the remaining 90% is
used for throughput evaluation. As these datasets focus on pose
estimation accuracy with relatively few human bodies per image,
we randomly group 16 images per iteration (without repetition) to
create a broader distribution of input sizes. The total number of
human bodies across the 16 images represent one input size of an
iteration. As a result, there are 6,819 iterations for the MS-COCO
dataset (Avg: 34.95 people, SD: 16.38) and 658 iterations for Crowd-
Pose (Avg: 67.01 people, SD: 14.21). The input size distributions of
the two datasets enable us to assess performance under both low
(i.e., MS-COCO) and high (i.e., CrowdPose) input size conditions.

We assess real-time performance by setting a latency constraint
of 33.3 milliseconds per frame, corresponding to a rate of 30 frames
per second (FPS), which aligns with typical requirements for video
feed inputs in downstream tasks. Under this constraint, we compare
the maximum number of people the MMPose models can process
while ensuring real-time performance.

4.2 Evaluation of Inference Throughput
This section compares the inference throughput of our mapping
algorithm against two baseline mapping strategies across different
model backbones. Baseline 1 follows the same mapping approach
used in Google EdgeTPU, where a single instance of the MMPose
model with a batch size of “one” is created, and all available cores

537



Optimizing Compute Core Assignment for Dynamic Batch Inference... SAC ’25, March 31-April 4, 2025, Catania, Italy

YOLOv5
m-MobileNet

V2
YOLOv5

m-ResNet5
0

YOLOv5
m-ResNet1

01

YOLOv5
m–MobileNet

V2
YOLOv5

m–ResNet
50

YOLOv5
m–ResNet

101 geomean
0

2

4

6
MS-COCO Dataset CrowdPose Dataset

1 1 1 1 1 1 1

3.38

1.97 1.84

3.38

2.04 1.87
2.33

3.48

2.69 2.72

3.49
3.01 2.99 3.05

N
or
m
al
iz
ed

Th
ro
ug

hp
ut

ov
er

Ba
se
lin

e1

Baseline1
Baseline2
Ours

Figure 6: Throughput improvements over EdgeTPU-like strategy for MS-COCO and CrowdPose datasets with various backbones.

are allocated to it (i.e., batch-one-core-all). Baseline 1 processes an
arbitrary number of input samples sequentially, handling one sam-
ple at a time. Baseline 2, on the other hand, allocates only one core
per model instance but increases parallelism by running multiple
instances of the model, each on a separate core (i.e., batch-one-core-
one). We evaluate the performance of three MMPose backbones:
MobileNetV2, ResNet50, and ResNet101, all of which use YOLOv5m
for person detection. Larger models, such as the ResNet backbones,
provide higher accuracy but at the cost of longer inference times.

Figure 6 shows the performance comparison across the three
mapping approaches. In this experiment, our algorithm derives the
mapping {n1b1c1, n7b2c1} for MobileNet, which creates one model
with a batch size of one and seven models with a batch size of two,
each running on one core. For both ResNet50 and ResNet101, the
optimal mapping is {n1b1c1, n4b2c1, n3b3c1}.

Compared to Baseline 1, Baseline 2 and ourmethod achieve 2.33×
and 3.05× higher inference throughput on average, respectively,
due to enhanced parallelism and hardware utilization. This shows
the importance of exploiting core-level parallelism on multicore
AI inference accelerators, which are gaining widespread adoption.
Running a single model with a batch size of one on all cores results
in poor core utilization.

Additionally, our approach outperforms Baseline 2 with an aver-
age of 1.31× higher throughput, due to its ability to identify more
sophisticated compute core assignments. Notably, the benefits of
our method are more pronounced with deeper architectures like
ResNet50 and ResNet101, achieving an average throughput improve-
ment of 1.41× and 1.53× over Baseline 2, respectively, compared
to only a 3.2% improvement observed with MobileNetV2. This is
because ResNet’s deeper and more complex architecture has more
computations that can be parallelized, leading to better utilization
of compute cores when using larger batch sizes. Although Baseline
2’s “batch-one-core-one” mapping is adequate, it fails to fully utilize
compute cores for ResNet models. Combined with the cost model,
our dynamic programming approach identifies better mappings of
batch sizes to compute cores, resulting in enhanced throughput.

Furthermore, we observe that our approach achieves greater
inference throughput on CrowdPose than MS-COCO. This is due
to the higher average number of people per iteration in the Crowd-
Pose dataset. In MS-COCO, the smaller crowd sizes in input data
sometimes lead to under-utilization of compute cores. In contrast,
the denser scenes in CrowdPose provide more workloads, allow-
ing our approach to efficiently distribute data across the handling
models and achieve better core utilization.

Overall, our approach achieves an average of 3.05× throughput
improvement over Baseline 1 (EdgeTPU-like mapping strategy)
in multi-person pose estimation across different model configura-
tions. Additionally, our method shows an average of 1.31× higher
throughput than Baseline 2, which uses a straightforward map-
ping and parallelization approach. These results demonstrate the
effectiveness of our dynamic programming algorithm in optimizing
compute core assignments and improving throughput.

4.3 Evaluation of Real-Time Performance
In this experiment, we evaluate two YOLOv5model sizes (YOLOv5m
and YOLOv5l) along with three MMPose backbones: MobileNetV2,
ResNet50, and ResNet101. To meet the latency constraint of 33.3
ms per frame (30 FPS), YOLOv5m requires one compute core on
the Qualcomm accelerator, while YOLOv5l, which offers improved
accuracy, needs two compute cores due to its larger model size.

Figure 7 illustrates the maximum number of input samples the
MMPose models can process while adhering to the real-time con-
straint. On average, our method can handle 3.41× more input sam-
ples than Baseline 1 and 1.39× more than Baseline 2 across various
model configurations. The results further emphasize the effective-
ness of our compute core assignment strategy in real-time scenarios.

4.4 Validation of Execution Time Predictions
Our model execution scheduling relies on an accurate cost model.
The cost model is built by compiling the models with varying batch
sizes and compute core allocations, and then measuring the infer-
ence time of each model. Since each model is profiled individually,
it is necessary to verify whether we can accurately estimate the
execution time when multiple models are run at the same time.

Figure 8 shows the comparison between the actual inference
time and our predictions of the YOLOv5m-MobileNetV2 model
with different number of input samples. We observe that the infer-
ence time result resembles a step function. The reason is that the
inference time is determined by the longest execution time among
the parallel models (e.g., the first model in Figure 5). Increasing the
number of input samples can take the same time if a model can
handle the additional data without extending the execution time
of the slowest model. The result in Figure 8 indicates a relative
error of 2.7%. Across different model backbones, the relative error
remains within 3.8%, demonstrating the robustness and reliability
of our prediction.
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4.5 Search Space and Algorithm Time Analysis
We collect inference times for models with batch sizes ranging from
1 to 16 across configurations utilizing 1 to 8 cores to establish the
profiling-based inference time table. This produces a total of 128
model files, requiring storage of 1.6 GB, 4.4 GB, and 6.7 GB for the
MobileNetV2, ResNet50, and ResNet101 backbones, respectively.

We assess the effectiveness of our approach in narrowing the
search space. By leveraging the performance profile, we reduce
the number of candidate mappings from approximately 2.6 million
(𝐷=8, 𝑘=16) to 50,000, achieving a 50-fold reduction.

Additionally, we evaluate the runtime of the dynamic program-
ming algorithm. We implement the algorithm using C++ and run
the program on the ARM processor of the Qualcomm RB6 platform.
The algorithm requires 1.7 ms to find the model execution schedule
for each mapping when 𝑥max = 180. Note that we only need to
solve the compute core assignment once for a given combination
of the model and core count. Once the optimal mapping is deter-
mined, the optimal execution schedule for different input sizes can
be efficiently retrieved from the dynamic programming table in
subsequent inferences.

5 CONCLUSION AND FUTUREWORK
AI inference accelerators, like the Qualcomm Cloud AI 100, are
specialized for static inference to achieve maximum performance.
However, this creates challenges for accelerating AI applications
with a dynamic number of input samples. In this work, we pro-
pose a novel approach that dynamically partitions input samples,
optimally assigns compute cores, and efficiently schedules model

execution using dynamic programming to accelerate dynamic batch
inference. Additionally, we present a systematic approach to reduce
the search space using insights from performance profiles. Experi-
mental results demonstrate significant improvement in inferencing
multi-person pose estimation applications, reaching 3.05× higher
throughputs on benchmark datasets and 3.41× more input sam-
ples under real-time constraints, compared to the EdgeTPU-like
inference strategy.

The future plan includes optimizing compute core assignment
for dynamic shape inference such as graph neural networks, and
models with dynamic execution flow. Additionally, our proposed
method shows potential for applications on emerging accelera-
tors, e.g., compute-in-memory chips, which also feature multiple
processing units.
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