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Layerweaver+: A QoS-Aware Layer-Wise DNN Scheduler for
Multi-Tenant Neural Processing Units∗
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SUMMARY Many cloud service providers employ specialized hard-
ware accelerators, called neural processing units (NPUs), to accelerate
deep neural networks (DNNs). An NPU scheduler is responsible for
scheduling incoming user requests and required to satisfy the two, often
conflicting, optimization goals: maximizing system throughput and sat-
isfying quality-of-service (QoS) constraints (e.g., deadlines) of individual
requests. We propose Layerweaver+, a low-cost layer-wise DNN sched-
uler for NPUs, which provides both high system throughput and minimal
QoS violations. For a serving scenario based on the industry-standard
MLPerf inference benchmark, Layerweaver+ significantly improves the
system throughput by up to 266.7% over the baseline scheduler serving
one DNN at a time.
key words: inference serving system, neural networks, multi-tasking

1. Introduction

With the widespread adoption of deep learning-based ap-
plications and services, computational demands for efficient
deep neural network (DNN) processing have recently surged
in datacenters [1]. In addition to well-established domains
such as advertisement, social networks, and personalized as-
sistants, emerging services in the domains of automotives
and Internet-of-Things (IoT) further explodes those compu-
tational demands for DNNs.

Many cloud service providers, including Google,
Microsoft, and Amazon, to name a few, often exploit spe-
cialized DNN accelerators on their cloud, called neural pro-
cessing units (NPUs). The characteristics of each NPU
(e.g. compute-to-memory bandwidth ratio) can vary widely
as their target applications and design objectives are differ-
ent. For example, Google TPUv3 [2], which targets both
DNN training and inference, features 128 TOP/s of com-
putation and 900 GB/s off-chip memory bandwidth. In
contrast, TPUv4i [3] targets DNN inference only, and its
compute-to-memory bandwidth ratio is substantially higher
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with 123 TOP/s of compute and 614 GB/s of memory band-
width. While the microarchitectures of these two designs are
quite similar, the variability of NPUs in compute-to-memory
bandwidth ratio tends to get wider across vendors with dif-
ferent targets, microarchitectures, and technologies.

On the other hand, DNN models in service have very
different arithmetic intensities depending on their layer
structures, operators, etc. Thus, there is no one-size-fits-
all accelerator that works well for all of those DNN mod-
els. For example, convolutional neural networks (CNNs) are
conventionally known to be most compute-intensive, hence
featuring the highest arithmetic intensities. In contrast, natu-
ral language processing (NLP) models often consist of fully-
connected (FC) layers with little weight reuse to be more
memory-intensive. Forming a larger batch also increases
the arithmetic intensity by increasing the weight reuse.

As a datacenter NPU is required to run a variety of
DNN models, a mismatch between its compute-to-memory
bandwidth ratio and the arithmetic intensity of the model it
runs can cause a serious imbalance between compute and
memory access time. This yields a low system throughput
due to the under-utilization of either processing elements
(PEs) or off-chip DRAM bandwidth. This waste leads to
an increase in the total cost of ownership (TCO) in datacen-
ters. Once either resource gets saturated (while the other
resource is still available), it is difficult to further increase
throughput without scaling the bottlenecked resource.

There exist some proposals that target to maximize
throughput with latency-hiding techniques [4] or layer-wise
time-multiplexed scheduling [5]. However, merely optimiz-
ing throughput is not sufficient for DNN inference as dat-
acenters typically impose service-level agreement (SLA)
goals [6] to set a bound for the maximum service latency.
Unfortunately, maximizing system throughput is often at
odds with providing QoS for individual requests; thus,
the NPU scheduler plays a key role in balancing latency
and throughput. In the context of GPUs, multi-tasking
deadline-aware schedulers have recently been proposed [7]–
[9]. However, NPUs feature a much simpler execution
model than GPUs, thus leading to a more deterministic
and predictable execution time. This enables us to derive
a simpler but more effective solution that leverages DNN-
specific features (e.g., characteristics of each layer). Sev-
eral QoS-aware GPU schedulers in a datacenter environ-
ment [10], [11] perform task prioritization based on esti-
mated QoS slack time. However, their estimation is less
precise in an NPU setting for not utilizing data fetch and
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compute time, which can be readily estimated on NPUs
with high precision. Thus, it is highly desirable to design
a lightweight QoS-aware scheduler that leverages unique
characteristics of NPUs to maximize system throughput
while satisfying QoS constraints of individual requests.

To address this, we take a software-centric approach
that exploits concurrent execution of multiple DNN models
of opposing characteristics to effectively balance NPU re-
source utilization, while minimizing QoS violations for in-
dividual requests. To this end, we propose Layerweaver+,
an inference serving system with a novel QoS-aware, layer-
wise time-multiplexing scheduler. The low-cost scheduling
algorithm of Layerweaver+ searches for an efficient layer-
wise schedule from multiple heterogeneous DNN serving
requests to maximize throughput. To prevent QoS violation,
the Layerweaver+ scheduler prioritizes a request whose
deadline is imminent. Our evaluation of Layerweaver+
on various mixes of compute- and memory-intensive DNN
models demonstrates an average of 49.2% improvement in
system throughput for a multi-stream server scenario over
the baseline scheduler executing one model at a time.

Our contributions are summarized as follows.
• We identify the limitations of a state-of-the-art multi-

tenant DNN scheduler (Layerweaver [5]), which does
not take into account the QoS constraints of individual
requests.

• To address this, we propose Layerweaver+, which finds a
more balanced schedule for both throughput and latency
by switching between two scheduling modes: QoS-aware
request prioritization and throughput-oriented schedul-
ing.

• We provide a detailed analysis of Layerweaver+ using a
realistic inference scenario with QoS constraints based on
a server scenario in the MLPerf inference benchmark.

2. QoS-Aware Multi-DNN Scheduler

2.1 Limitations of the Prior Art

Due to the wide spectrum of NPUs and DNN models, it is
nearly impossible to balance the usage of NPU resources
for all DNNs. Recently, several proposals have addressed
this problem by time-multiplexing layer-wise execution of
multiple DNN models with opposing characteristics (e.g.,
memory-intensive and compute-intensive) to saturate both
compute and memory bandwidth [5], [12]. Figure 1 illus-
trates how the state-of-the-art scheduler interweaves two
heterogeneous DNN models to balance resource usage. The
naı̈ve schedule in Fig. 1 (a) does not allow the interleaving
of DNN layers across different models. This results in a
significant amount of PE idle time during the execution of
M1, and DRAM idle time during the execution of M2. On
the contrary, by interleaved execution of two models can
achieve higher throughput and resource utilization as shown
in Fig. 1 (b).
Challenge in Multi-DNN Scheduling. However, multi-
DNN scheduling incurs an inevitable slowdown of indi-

Fig. 1 Execution timeline with two DNNs: memory-intensive (M1) and
compute-intensive (M2) models. (a) illustrates a schedule without layer-
wise interleaving across models and (b) with interleaving across models.

Fig. 2 Latency distribution of MobileNetV2 (MN) and BERT-large (BL)
with their QoS constraints (15ms and 130ms) in vertical lines [6].

vidual requests. The vertical line in Fig. 1 marks the start
and end times of each individual request. For the base-
line schedule (a), the execution of the second request (M2)
is postponed until the end of the first request (M1) to in-
crease the tail latency. While interleaving two requests
as in (b) slightly mitigates this problem, it is not suf-
ficient. Figure 2 shows the latency distribution of two
randomly-arriving request streams with different QoS con-
straints (taken from MLPerf-inference [6]): MobileNetV2
(MN) and BERT-large (BL). A majority of the requests
with both the baseline and Layerweaver violate the QoS
constraints. It is because their scheduling logic is QoS-
oblivious. In the case of Layerweaver, while most of the
BERT-large (NLP) requests satisfy the QoS constraints, over
90% of the MobileNetV2 (vision) requests violate them.
Due to the growing importance of support for multi-tenancy
on NPUs, the lack of QoS is a serious drawback in datacen-
ters [3].

2.2 Design and Implementation

Layerweaver+ replaces the greedy scheduler of Layer-
weaver [5] to achieve the two design goals: maximizing the
inference throughput and bounding each request’s latency
to a given deadline. To this end, we introduce two opera-
tion modes in Layerweaver+: 1) Select the layer that causes
the minimum resource idle time first, and 2) Select the layer
with the minimum QoS slack time. In the first mode, the QoS
slack time is used for a tie-breaker (i.e., prioritizing the layer
with the smallest slack time). Layerweaver+ usually oper-
ates in Mode 1 to maximize system throughput. However,
when QoS violation is imminent for a request, the sched-
uler switches to Mode 2 to schedule the next layer from that
request.
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Fig. 3 Illustration of Layerweaver+ scheduling.

Scheduling Algorithm. Figure 3 compares the scheduling
behaviors of Layerweaver with the baseline scheduler us-
ing a simple example. In the baseline scheduler executing
one request at a time (Top), each request will be executed in
the order of arrival. In this case, a QoS violation happens
for Request B. Although omitted for brevity, Layerweaver
with no consideration for QoS can also cause potential QoS
violations for both Request A and B as merely optimizing
throughput can cause an unbounded slowdown to starved
requests. In contrast, Fig. 3 (a) and (b) show the schedul-
ing behaviors of Layerweaver+, which prioritizes a request
whose deadline is imminent. With this mechanism, Layer-
weaver+ generates a schedule that meets the deadlines of all
three requests at the expense of slight degradation in system
throughput due to prioritization without interleaving multi-
ple models.

Algorithm 1 shows a pseudocode of the Layer-
weaver+’s scheduling function invoked to select the next
layer. It takes the model information (Mi), which includes
its layer-wise cycle execution time and progress, the QoS
constraint (QoSi) and the request arrival time (EnqTimei) as
input. The algorithm then finds the layer that incurs the min-
imum idle time to optimize throughput (Line 5-9) and tem-
porarily updates the schedule state (Line 10). The Mode 1
scheduling is similar to Layerweaver [5] except for the case
where multiple candidate layers of the same minimum idle
time compete for selection. If there are such layers, the al-
gorithm selects a layer from the request with the least QoS
slack time as a tie-breaker. Then, the algorithm now checks
if QoS violation could happen when applying the previous
throughput-first decision (Line 12-15). Finally, if the QoS
slack time is long enough so that no QoS violation is ex-
pected, throughput optimization (Line 16-18) is chosen or
vice-versa (Line 20-22) with the finalization process for the
next scheduler call.

For the estimation of the remaining standalone execu-
tion time for a request, we utilize an analytical model with
the following equation:

∑
L=progress,...,end max(mL, cL) where

mL and cL denote memory access time and computation time
of layer L, respectively. This equation approximates the re-
maining standalone execution time of a DNN by approxi-

Algorithm 1 QoS-aware multi-DNN scheduling func.
Input: requestQ containing a list of
<Model info Mi, QoS target QoSi, Request arrival time EnqTimei>

Output: A next layer to be scheduled
1: function Schedule(requestQ)
2: CurSched← Current schedule state of NPU
3: TPE ← Latest timestamp of PE util.
4: //Mode 1: Maximize throughput
5: for Mi,QoS i, EnqTimei ∈ requestQ.all() do
6: SlackT imei ← EnqTimei + QoS i - TPE

7: IdleT imei ← GetIdleTime(Mi,CurSched)
8: end for
9: thput ← argmini IdleT imei, where tie-break w/ SlackT imei

10: TTPE , TmpSched← UpdateSchedule(Mthput)
11: //Mode 2: If QoS violation is predicted, prioritize it
12: urgent ← argmini SlackT imei

13: StnT imeurgent ← GetStandaloneExecTime(Murgent)
14: SlackT imeurgent ← EnqTimeurgent + QoS urgent - TTPE

15: if SlackT imeurgent > StnT imeurgent then
16: CurSched ← TmpSched
17: CheckEndThenDequeue(Mthput, requestQ)
18: return Mthput .GetLayerInProgress()
19: else
20: tPE , CurSched ← UpdateSchedule(Murgent)
21: CheckEndThenDequeue(Murgent, requestQ)
22: return Murgent .GetLayerInProgress()
23: end if
24: end function

mating each layer’s execution time as the larger of its mem-
ory access time and compute time. This simple equation
allows the scheduler to calculate the slack time quickly and
effectively prevents QoS violation according to our evalua-
tion in Sect. 3.2 (Layerweaver+ (Approx.)).

3. Evaluation

3.1 Methodology

Simulation Setup. To model cycle-level behaviors of an
NPU, we have extended MAESTRO [13] to estimate the
computation and data transfer time while considering the
effect of data prefetch and random query arrivals. We
used an NPU accelerator featuring 128 TOP/s of compu-
tation, 100 GB/s off-chip memory bandwidth and 50MB
on-chip buffer size supposing inference-only NPU. We se-
lect three compute-intensive models: InceptionV3 (IC),
MobileNetV2 (MN) and three ResNet50 (RN); and
memory-intensive models: BERT-base (BB), BERT-large
(BL), and XLNet (XL).
Service Scenario. We extend the server scenario of MLPerf
inference [6] benchmark to support multiple different kinds
of inference requests. It models a case where a single NPU
serves randomly arrived requests for different DNN ser-
vices. Each request has a specific QoS constraint which
represents its hard deadline. We set the QoS constraints to
be <15ms, <130ms for computer vision tasks (RN, RX, and
MN) and NLP tasks (BB, BL, and XL), respectively. We
compare the maximum STP (System Throughput) that the
underlying system can sustain with less than 1% QoS viola-
tion [6]. We evaluate three schedulers explained in Sect. 2.2:
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Fig. 4 Maximum sustainable system throughput (STP) normalized to Baseline for multi-stream server
scenario with two streams. The X-axis represents the varying request arrival ratio between the two
streams (with 2× per step). The leftmost tick corresponds to a 64:1 ratio where the memory-intensive
model (e.g., BB) has a 64× higher arrival rate than the compute-intensive model (e.g., IC).

Fig. 5 Tail latency of (a) ResNet50 (RN) and BERT-base (BB); and
(b) MobileNetV2 (MN) and BERT-large (BL). The vertical lines represent
QoS constraints for vision (15ms) and NLP (130ms) tasks [6].

Baseline [14], Layerweaver [5] and Layerweaver+.

3.2 Results

Throughput. Figure 4 shows the maximum sustainable sys-
tem throughput (STP) normalized to the baseline. Overall,
Layerweaver even without considering QoS achieves no-
tably better throughput than the baseline with request batch-
ing. This is because Layerweaver can interweave two re-
quests, achieving much higher resource utilization than the
baseline which serves one batch of the same model at a time.
Layerweaver+ (Sect. 2.2) further improves the throughput
as it substantially reduces the number of requests violating
QoS constraints. Moreover, it also shows that the approxi-
mate scheduler utilizing the simple equation for estimating
standalone execution time (Layerweaver+ (Approx.)) deliv-
ers comparable throughput to a hypothetical precise sched-
uler utilizing the precise standalone execution time (Layer-
weaver+ (Precise)). Thus, the approximate scheduler works
well with negligible performance degradation while reduc-
ing the computation cost of the scheduler significantly.
Tail Latency. Figure 5 compares the tail latency distribution
of the three schedulers in question. Specifically, Fig. 5 (a)
shows the tail latency of two interleaved models (RN and
BB) when requests are injected at the rate of QPSRN = 800
and QPSBB = 200. For the baseline, about 80% (50%) of
the RN (BB) requests fail to meet the 15 ms (130 ms) dead-

line, mainly because the overall system throughput is too
low without layer-wise interleaving. Layerweaver substan-
tially improves the system throughput. However, 10% of the
RN requests still violate the 15 ms deadline because Layer-
weaver schedules BB more frequently to maximize the over-
all throughput, even though BB has a relatively loose dead-
line and thus does not have to be scheduled that frequently.
In contrast, Layerweaver+ prioritizes RN requests having a
tighter deadline when their QoS slack becomes small. With
this mechanism, Layerweaver+ can serve 99%+ requests
within the specified deadlines. A similar behavior is ob-
served in Fig. 5 (b) at the injection rate of QPSMN = 7530,
QPSBL = 470 as well.

4. Conclusion

This paper presents Layerweaver+, a DNN inference serv-
ing system with a novel QoS-aware multi-model scheduler.
The proposed algorithm effectively prevents QoS violation
while maintaining much higher system throughput (STP)
than the baseline decoupled execution with no overlap be-
tween models. Layerweaver+ demonstrates an average of
49.2% improvement (by up to 266.7%) in system through-
put compared to the baseline for a realistic QoS-constrained
scenario.
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