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Abstract—As the AI industry grows rapidly, Neural Processing
Units (NPUs) have been developed to deliver AI services more
efficiently. One of the most important challenges for NPUs is
task scheduling to minimize off-chip memory accesses, which
may occur significant performance overhead. To reduce memory
accesses, multiple convolution layers can be fused into a fused
layer group, which offers numerous optimization opportunities.
However, in most Convolutional Neural Networks (CNNs), when
multiple layers are fused, the on-chip memory utilization of the
fused layers gradually decreases, resulting in non-flat memory
usage. In this paper, we propose a scheduling search algorithm to
optimize the fusion of multiple convolution layers while reducing
the peak on-chip memory usage. The proposed algorithm aims to
find a schedule that simultaneously optimizes execution time and
peak on-chip memory usage, despite a slight increase in off-chip
memory accesses. It organizes the search space into a graph of
possible partial schedules and then finds the optimal path. As a
result of the improved on-chip memory usage, multiple workloads
can be executed on multi-core NPUs with increased throughput.
Experimental results show that the fusion schedule explored by
the proposed method reduced on-chip memory usage by 39%,
while increasing latency by 13%. When the freed on-chip memory
was allocated to other workloads and the two workloads were
executed concurrently in a multi-core NPU, a 32% performance
improvement could be achieved.

Index Terms—Compilers, Neural networks, NPU

I. INTRODUCTION

Artificial Intelligence (AI) has recently been successfully
applied in many emerging applications, and several companies
such as Microsoft [1], Google [2], and Tesla [3] have released
Neural Processing Units (NPUs) to provide AI services through
cloud servers. These accelerators perform a large number of
Mutiply-Add-Compute(MAC) operations in parallel, resulting
in high performance and low power consumption. One of the
main challenges in efficiently utilizing the NPU is minimizing
off-chip memory accesses. DNN operations typically have a
large memory footprint because each layer requires significant
data sizes for feature maps and weight parameters, and there are
a massive number of sequentially connected layers. The accel-
erator’s frequent accesses to off-chip memory (DRAM) often
cause significant performance degradation [4], [5]. To address
this issue, NPUs include on-chip memory units (SRAM). Some
of the data from the off-chip memory is brought into the on-
chip memory for computation, and the computed results are
stored back into the off-chip memory via the on-chip memory.

Unlike CPU caches, the use of on-chip memory in the
NPU must be manually scheduled. In addition, because on-chip

memory has a limited capacity, the data required for each DNN
layer computation must be partitioned and sequentially loaded
into on-chip memory. Therefore, the utilization of on-chip
memory is highly dependent on the computation scheduling
results of the deep learning compiler [6], [7].

Operator fusion is a scheduling method for combining mul-
tiple operations to minimize off-chip memory access. It is a
method of fusing and executing multiple operations by storing
partial results of one operation in on-chip memory and passing
them as inputs to the next operation. The combined operation
does not store intermediate results in off-chip memory, allowing
efficient memory access. In particular, the output of a previous
layer is locally connected to the input of the next layer in
consecutive convolution layers. As a result, the operation of
the next layer can proceed even though only a portion of the
operation result is complete. In short, this concept is typically
referred to as ’fused-convolution’.

Convolutional Neural Network (CNN) is mainly used for im-
age classification, semantic segmentation, and object detection
applications, and is also used for super resolution and image
generation. CNN models are first trained on large-scale data
for image classification, and the front part of the trained model
functions as a feature extractor and is used as a backbone
for other application models. The backbone network generally
extracts important features from the image by reducing the
height and width of the feature map by half and doubling the
channels as the layer gets deeper. The problem with applying
fused-convolution to this backbone network is that the on-
chip memory utilization gradually decreases during the group
operation. At the beginning of the fusion group, most of the
buffer is used, but later in the group, the feature map becomes
smaller and most of the buffer is not utilized.

In this paper, we propose a scheduling algorithm that op-
timizes the latency of fused-convolution while reducing the
average and peak usage of on-chip memory. First, we introduce
a cost function based on the computation and memory accesses
of a possible fusion schedule. Next, we organize the fusion
schedules into graph edges, and the weight of each edge is
calculated using the memory and compute costs. Then, the
Dijkstra algorithm [8] is used on the constructed schedule
graph to find the optimal schedule. Finally, we adjust the tile
configuration of each fusion group in the optimal schedule to
improve on-chip memory utilization.

Due to the reduced and flattened on-chip memory usage,
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Fig. 1. An example NPU architecture and major system cycles

the remaining on-chip memory space can be used for other
DNN workloads. Therefore, we configured a multi-core NPU
sharing on-chip memory on an in-house NPU simulator and
evaluated the effectiveness of the proposed technique for multi-
workload execution. The evaluated CNN models consist of
classification, which is mainly used as a backbone, and other
application models. We scheduled two target DNN workloads
to run simultaneously, and our technique were able to improve
the throughput by 32% over running the two workloads sequen-
tially with the baseline method.

II. BACKGROUND AND MOTIVATION

A. Conventional NPU Architectures

Fig. 1 illustrates the main components of a typical NPU
system. The system consists of main memory (DRAM) and an
NPU, which is equipped with a small on-chip memory (SRAM)
to reduce dram accesses. The compute core includes hardware
that performs DNN operations such as matrix multiplication
and activation functions. Although the high-level structure
appears simple, NPU have a wide design options influenced by
multiple key factors such as the number of PEs, the PE layout,
its dataflow, and memory hierarchy [9], [10]. For example,
PE configuration options include Systolic Array [2], [11], [12]
and Adder Tree [13]–[15] layouts, and data flow strategy
encompasses IS (Input Stationary), WS (Weight Stationary),
OS (Output Stationary), and RS (Row Stationary) approaches.
Moreover, NPUs typically have a multi-level memory hierarchy
to reduce off-chip memory accesses. The memory structure can
be designed by considering multiple factors such as memory
size, bank count, and dedicated scratchpads for weight param-
eters and feature map (FM) data.

Fig. 1 also shows the system cycles that occur in an NPU
system due to core computation and data transfers between
modules. In this figure, ( 1 ∼ 3 ) are involved in dram cycles,
and ( 4 ∼ 7 ) are involved in compute cycles. Since the FM
buffer (on-chip memory) is much smaller than dram, it is not
possible to store the entire feature map at once. Therefore,
it’s split into multiple tiles, then transferred from dram to the
FM buffer, and computed on the core. The size of each tile is
represented by the tile size tw in the width direction and the
tile size th in the height direction. The total number of tiles is
(FMw / tw) * (FMh / th). To reduce the dram cycle, the total

Fig. 2. (a) Fused-convolution : Group1[Conv1, Conv2], Group2[Conv3,
Conv4], (b) feature map buffer utilization

number of tiles should be minimized, which means the largest
tile size that can fit in the FM Buffer should be determined.
The compute cycle is dominated by 6 core compute cycles,
as other compute cycles can be hidden. If the number of tiles
increases, then 1 can affect the compute cycle. In most CNNs,
the number of filters in the weight increases as the layer gets
deeper, and the Weight buffer(on-chip memory) can’t hold them
all at once. As shown in the Fig. 1, after computing T11 and
W1 ∼W4 and getting a partial result, we need to load the next
weights (W5 ∼) and compute them with T11 to complete the
output, O11. When computing the next tile, T12, W1 ∼W4 are
loaded into the Weight buffer again. If the number of tiles is
large, the weight reload counts will also increase, which binds
the compute cycle to the weight load cycle. As you can see, the
number of tiles can affect both compute and dram cycles, and
if we determine the tiles for each node in the computational
graph Gc, the overall system cycle is determined as follows.

System cycle =
∑
v∈Gc

Max (dramCycle (v) ,ComputeCycle (v))

B. Fused-convolution
Operator Fusion is a common optimization technique that

can be further applied after the tiling technique by DNN
compilers [6], [7], when performing graph-level optimizations.
It combines tiles of major operations, such as convolution
or fully connected layer, with element-wise operations, such
as batch normalization and activation, to perform operations
without storing intermediate results in off-chip memory. Fused-
convolution is a method of combining consecutive convolution
layers as well as element-wise operations [16]. While fused-
convolution can improve both latency and energy by reducing
off-chip memory accesses, the optimal schedule is difficult to
find. The reasons are as follows.

• When fusing n serial convolution layers, the number of
possible group combinations is 2n−1.



Fig. 3. Example fused-convolution schedules for ResNet-50. (a) Schedules
minimizing latency and dram access and (b) schedules optimizing latency and
FM buffer usage

• When there are multiple data dependent edges between
layers, such as skip connections, there are multiple cases
for the execution order.

• Since tile settings cannot be changed within a Fusion
Group, the possible tile sets of each layer must be consid-
ered collectively.

Scheduling a fused-convolution is a partitioning of the entire
computational graph into several fusion groups, and finding the
optimal among the possible schedules is an NP-hard problem
[17]. Furthermore, the optimal schedule may vary depending
on the NPU structure. Several previous works have applied
heuristic search algorithms to their target hardwares, aiming to
find a schedule that minimizes latency while reducing dram
accesses [4], [5].

Fig. 2(a) shows how four convolution layers can be fused,
and Fig. 2(b) shows the FM buffer usage for Fig. 2(a). In this
figure, four consecutive convolution layers are fused into two
groups. Off-chip memory accesses occur only at the beginning
and end of each group, and intermediate results within a group
are sent directly from the FM Buffer to the core. Typically,
CNNs use convolution stride and pooling layers to reduce
the width and height of the feature map to extract important
features. If the size of the FM becomes smaller, there are
cases where the size of the tile is too small to proceed with
further operations. In this case, as shown in Group 2 in Fig.
2, subsequent convolution can be performed by increasing the
tile size with off-chip memory accesses. Also, as shown in
Fig. 2(b), we can see that the FM buffer utilization is getting
lower within the group. This is because most CNNs double the
number of FM channels as the layer gets deeper, but the size
of the FM is reduced by a quarter due to the pooling layer or
convolution stride. Therefore, within a fusion group, FM buffer
utilization tends to peak in the early part of the group and then
decline, meaning that the FM buffer is underutilized later in
each group execution.

C. Motivation and Insights

Fig. 3 shows the compute and dram cycles, and FM buffer
utilization when two fusion schedules are applied to ResNet-
50. In Fig. 3(a) schedule, the compute cycle is larger than the

Fig. 4. Target NPU tiling constraint

dram cycle in most layers and the system cycle is bounded by
the compute cycle. Schedule of Fig. 3(a) is efficient because
it minimizes dram accesses while optimizing overall system
cycles, but FM buffers are underutilized within the fusion
group. Compared to Fig. 3(a), schedule of Fig. 3(b) changes
the fusion groups to three and reduces the tile size of each
group. This change has increased the dram cycle but it only
reaches very close to compute cycles, and the reduced tile size
has also reduced the peak usage of the FM buffer. Schedule
Fig. 3(b) has 7% more latency than schedule Fig. 3(a), but the
peak memory usage in the FM Buffer is 22% lower, at 49%.

This result shows that there are schedules that are not optimal
for latency but can reduce peak usage of the FM buffer by
increasing DRAM accesses. The free space can be utilized
by other compute cores sharing the FM Buffer. In this paper,
we constructed an algorithm that aims to find a schedule
that can significantly improve the peak usage of the on-chip
memory, even if the overall system cycle is slightly increased.
By applying the schedule found by the proposed method, we
were able to run multi-workloads simultaneously and improve
total performance in a multi-core NPU environment.

III. BUFFER EFFICIENT FUSED-CONVOLUTION

This work was conducted on an in-house NPU simulator
based on a typical NPU architecture similar to Fig. 1, con-
sisting of systolic arrays and on-chip memories for FMs and
weights. The target NPU has some tiling constraints as shown
in Fig. 4. When a FM data is transferred from the off-chip
memory to the on-chip buffer, the tile size to be stored in the
buffer can be one of three options: same, 2x, and 1/2 of the
previous tile size. This means that the tile size of the current
layer depends on the tile size of the previous layer. In this study,
we considered these constraints and implemented the search
space of schedules in the form of a graph. The constructed
weighted graph is used to find the schedule that can improve
the peak usage of the FM buffer.

A. Graph-based Fused-convolution Scheduling

Fig. 5 is an overview of the proposed algorithm, and Al-
gorithm 1 illustrates the creation of the schedule graph and
the optimal path search processes. [line 1] The input to the
algorithm is a computational graph Gc of the target DNN



Fig. 5. Overview of buffer-efficient schedule search algorithms for high on-chip memory efficiency

workload, and Gc is topologically sorted based on depth-first
search (DFS) to determine the execution order of each layer.
This ensures that the intermediate results of each layer can
be immediately consumed by the next layer, thus reducing the
liveness of the intermediate results. [line 8] It then obtains the
fusion groups (g) from Gc using a sliding window technique.
[line 9] Once a group is selected, it gets the tile sets of Th, Tw,
which are the possible tile configurations on a layer having the
smallest FM size among the layers in the fusion group. [line 11]
To find the largest tw for a possible th, the Tw are sorted in
descending order. Since tw is relatively tunable compared to
the hardware-constrained th, the largest possible tw value is
first explored and then reduced.

l = g[smallest tile layer index]

T l
h =

{
th | th =

⌈
FM l

h

i

⌉
∧ 1 ≤ i ≤ FM l

h

}
T l
w =

{
tw | tw =

⌈
FM l

w

i

⌉
∧ 1 ≤ i ≤ FM l

w

}
[line 12 − 14] Once the group g and tile settings are

determined, it tries to compile the schedule. This process
checks for incorrect tile configurations and that the size of
the tiles does not exceed the size of the FM buffer. [line 18]
If the compilation is done successfully, the compiled group g
is evaluated for compute/dram cycle(cost) and similarity cost
using a cost function.

C⃗c = ComputeCycles (g) C⃗d = dramCycles (g)

Cc = Sum(C⃗c) Cd = Sum(C⃗d)

Cs = 2− C⃗c · C⃗c

∥C⃗c∥ · ∥C⃗d∥

Cs indicates how similar the patterns of compute and dram
cycles are within a group. The compute and dram cycle values
for the n layers in the group can be viewed as an n-dimensional
vector, and the similarity of the vectors can be measured by
cosine similarity. This value is 1 if the two vectors are in the
same direction, 0 if the angle between the two vectors is 90
degrees, and -1 if they are opposite. Cs is adjusted to (2 - cosine
similarity value), to make the value greater than or equal to
1. A larger Cs indicates different patterns of compute cycles
and dram cycles. [line 19 − 20] Cd is normalized to have a

Algorithm 1: Graph-based Fusion Scheduling
Data: Computational Graph Gc

Result: Optimal scheduling to minimize dram cost and
on-chip memory peak usage

1 Gc ← TopologicalSortDFS (Gc);
2 N ← n (Gc);
3 table← InitEdgeTable ();
4 for gs ← 1 to N do
5 for size← 1 to N -gs do
6 CompileSuccess← False;
7 ge ← gs + size− 1;
8 g ← Gc[gs : ge];
9 Th, Tw ← AvailableTileSet (g);

10 for each th ∈ Th do
11 for each tw ∈ descending order of Tw do
12 try:
13 compile (g, th, tw);
14 CompileSuccess← True;
15 catch:
16 continue;
17 end
18 Cd, Cs ← GetCost (g);
19 w ← Cd ∗ Cs;
20 table[gs, ge, th, tw]← (w);
21 break;
22 end
23 end
24 if not CompileSuccess then
25 break;
26 end
27 end
28 end
29 Gs ← ScheduleGraph (table);
30 ShortestPath← Dijkstra (Gs);

maximum value of 1, and then multiplied by Cs to get w, the
weight of an edge in the schedule graph. w are then written to
the edge table. [line 24 − 26] If no possible tile settings are
found for g, we exit the loop because no possible tile settings
can be found even if we increase the group size.

[line 29] The completed edge table is converted to a
scheduling graph Gs. During the graph conversion process, we



Algorithm 2: Buffer Efficient Tile Schedule
Data: Fusion groups F
Result: Fusion groups F with adjusted tile settings

1 for each g ∈ F do
2 cost← SystemCycle (g);
3 while True do
4 DecreaseTileWidth (g);
5 new cost← SystemCycle (g);
6 if new cost > cost then
7 break;
8 end
9 cost← new cost;

10 end
11 end

construct a graph like the one in Fig. 5 such that the th of
each layer can only be mapped to nodes that maintain, double,
or 1/2 the th of the previous layer, reflecting the hardware
constraints in Fig. 4. [line 30] To find the path that minimizes
the total edge cost in Gs, we used the Dijkstra algorithm 1.
The minimum path found is the resulting fusion schedule. In
this optimal schedule, the dram cycle is minimized and has a
similar pattern to the compute cycle, guided by Cs and Cd.

B. Buffer Efficient Tile Scheduling

The schedule found by Algorithm 1 minimizes dram cy-
cles and tends to have a pattern similar to compute cycles.
Therefore, reducing tw in each group to increase dram cycles
is unlikely to exceed compute cycles, as shown in Fig. 5.
This can significantly reduce the use of the FM buffer without
significantly increasing the system cycle. Algorithm 2 reduces
the tw of each group to reduce the average and peak usage of
the FM buffer, while increasing the dram accesses. Algorithm
2 provides a greater reduction in FM Buffer usage for fusion
groups with large FMs. The reduction of tw is performed by
when the post-adjustment system cycle becomes larger than the
pre-adjustment system cycle.

IV. EVALUATION

A. Experimental Setup

The evaluation was performed on an In-house NPU simu-
lator. We configured an NPU with two cores sharing an FM
buffer. Each core has 85 TOPs of processing power and can
handle DNN models quantized to 8-bit fixed point. The detailed
NPU specification is shown in Table I.

TABLE I
NPU CONFIGURATION

PE-array 128×64
Number of Cores 2
Dataflow Output Stationary
FM Buffer 8 MB
Weight Buffer 3 MB
dram Bandwith 42.7 GB/s

(utilization up to 80%)
Compute Precision 8-bit fixed-point

TABLE II
CNN MODELS

VGG-19 IC(Serial model)
ResNet-50 IC(Residual connection)
MobileNet-v1 IC(DWS Convolution)
MobileNet-v2 IC(MBConv module )
GoogleNet IC(Inception module)
Yolo-v3 Object Detection

IC = Image Classification

1Dijkstra is an algorithm that finds the minimum path by gradually updating
the cost table of all reachable nodes from the starting node.

Fig. 6. Comparison of performance and FM buffer usage

For our evaluation benchmarks, we selected models that are
commonly used as the backbone of CNN applications, and
selected Yolo-v3 as an object detection model that can execute
concurrently with them. The CNN models and the structural
features of each model are shown in II. Experiments were
performed with the same size of input data to balance the
workload. The baseline algorithm is a heuristic search method
designed for the target hardware. The algorithm searches for
the largest tile configuration that can fit into the FM buffer,
reflecting the constraints in Fig. 4, and then explores the fusion
group using the Dynamic Programming (DP) technique. The
goal of the baseline algorithm is to minimize overall system
cycles and dram accesses.

B. Performance and FM Buffer Usage Comparison

Fig. 6 shows the latency and FM buffer usage of the proposed
method. Several batch sizes were used from 8 to 128, which
are the commonly used. Buffer(gmean) is the geometric mean
usage of the FM buffer and buffer(peak) is the maximum usage.
Each metric represents the percentage increase and decrease
compared to the baseline algorithm. On average, the proposed
method increases latency by 13%, but reduces buffer(gmean) by
39% and buffer(peak) by 38%. The proposed scheme generally
performs better on lightweight networks such as MobileNet
and GoogleNet than on large networks such as VGG-19. This
is because reducing the FM tile size to minimize the use of
the FM buffer increases the weight reloads, and lightweight
models are less affected by this. Therefore, models with weight
reduction techniques, such as the Depth Wise Separable (DWS)
convolution used in the MobileNet series and the 1x1 con-
volution used in GoogleNet’s Inception module, were able to
reduce FM buffer usage even more with a slight increase in
latency. These lightweight models increased latency by about
11% and reduced buffer(gmean) and buffer(peak) by 51% and
54%, respectively.

C. Impact of FM Buffer Usage Limits

Fig. 7 shows the increase in latency as we set a target FM
Buffer usage and decrease the tile size in each fusion group



Fig. 7. Impact of different FM Buffer usage limits

Fig. 8. Performance evaluation of multi-workload execution

until the target utilization is reached. We experimented with FM
buffer limits from 100% to 20%, and no points were marked
if possible tile settings could not be found. With a batch of
64, VGG-19 could not find any tile configurations below the
80% FM buffer limit. The MobileNet series and Yolo-v3 did
not show a significant latency increase when the FM Limit was
lowered, showing that they are relatively insensitive to changes
in tile size.

D. Multi-workload Execution

Fig. 8 shows the performance improvement when the Image
Classification models are run in parallel with Yolo-v3. For
comparison, the baseline algorithm was applied to schedule
Image Classification and Yolo-v3 models, and then run them
sequentially. Note that VGG-19 does not have schedules that
could run concurrently with Yolo-v3 at high batch sizes. Fig.
8 shows an average performance improvement of 32%, and
smaller batches performs better on all models. The MobileNet
series had the smallest difference between parallel and sequen-
tial execution due to its fast execution times.

V. CONCLUSION

In this paper, we proposed a novel fused-convolution
scheduling technique for running multi-workloads on multi-
core NPUs. While previous studies have used the method of
minimizing dram access by increasing the size of tiles, in this
study, we used a strategy of reducing the size of tiles until the
dram cycle is close to the compute cycle to reduce latency while
freeing up on-chip memory space. In our experiments, we were
able to reduce on-chip memory usage by 39% while increasing
latency by 13% when running one workload. By allocating

other workloads to the freed up on-chip memory space and
running them in parallel on a multi-core NPU, we achieved a
32% performance improvement over serial execution.
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