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Abstract

Modern mobile applications (e.g., AR/XR, assistant robots)
increasingly rely on multiple concurrent DNN models, yet
their inference latency becomes highly unpredictable under
dynamic resource contention from concurrent workloads. In
mobile SoCs with heterogeneous CPU architectures, such as
big. LITTLE designs, the latency is affected by a complex in-
terplay of factors, including heterogeneous core performance,
cache hierarchies and shared memory bandwidth. Existing
latency prediction methods either fail to capture runtime
dynamics or overlook the heterogeneity in mobile proces-
sors. In this paper, we propose nn-Live that can predict live
inference latency for DNN models on mobile CPUs under dy-
namically changing operating conditions. nn-Live leverages
per-core hardware counter statistics to quantify the interfer-
ence from concurrent tasks, and utilizes a lightweight linear
model to estimate each core’s interference contribution to a
specific task, enabling robust latency prediction across dy-
namic execution conditions. Given the large pool of DNN
models and huge potential task placement configurations,
nn-Live further adopts an adaptive hierarchical sampling
strategy to reduce profiling cost while preserving configura-
tion diversity and representativeness. We build a large-scale
interference analysis dataset! across three mainstream SoCs.
Evaluation results show that nn-Live achieves high predic-
tion accuracy under diverse runtime environments, with a
clear advantage over existing methods. We further demon-
strate the extensibility of nn-Live to mobile accelerators (e.g.,
GPU/NPU).
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1 Introduction

The rapid proliferation of Deep Neural Networks (DNNs) on
mobile and edge platforms has enabled a new generation of
latency-critical applications, ranging from Augmented and
Virtual Reality (AR/VR) to robotics and autonomous vehi-
cles [22, 38]. Unlike traditional single-task scenarios, these
systems increasingly require the simultaneous execution of
multiple DNN models to perceive and interact with complex
environments in real time. However, the concurrent execu-
tion of these workloads on resource-constrained mobile/edge
hardware introduces significant challenges. Specifically, re-
source contention creates unpredictable interference pat-
terns that severely impact inference latency. Consequently,
accurate latency prediction in such volatile environments is
essential to guarantee the service quality and user experience
of these applications.

In recent years, several studies have attempted to model
and predict DNN inference latency on mobile platforms,
and these studies can be broadly summarized into two cate-
gories. The first category (e.g., BRP-NAS [9], nn-meter [34])
focuses on static latency prediction. They learn the rela-
tionship between model architecture and inference latency
with offline profiling. However, they implicitly assume exclu-
sive resource usage and an interference-free runtime envi-
ronment, overlooking resource contention from concurrent
tasks. Consequently, their predictions often deviate signifi-
cantly from real-world behavior. The second category incor-
porates dynamic runtime conditions. Building upon static
predictors, these methods introduce runtime signals such as
CPU utilization [10, 29], memory information (usage, capac-
ity, etc.) [5, 10, 26, 29], DVES operating points [15, 21], or
global last-level cache (LLC) miss rates [11, 23] to estimate
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the impact of system dynamics on inference latency. While
system-level metrics indicate certain aspects of runtime dy-
namics, they cannot accurately capture the heterogeneity of
big LITTLE architecture on mobile CPU, and thus limit their
prediction accuracy.

We conduct an extensive measurement study on commer-
cial mobile platforms and observe that the presence of multi-
ple concurrent DNN inferences leads to substantial increases
in latency. Due to the heterogeneous big.LITTLE architec-
ture of mobile CPU, the latency is affected by a complex
interplay of factors, including heterogeneous core perfor-
mance, cache hierarchies, and shared memory bandwidth.
Specifically, tasks running on big cores experience more
severe slowdown as they issue memory requests more ag-
gressively and are therefore more susceptible to resource
contention. Contention intensifies when tasks are running
on cores sharing level-2 cache. These effects are further am-
plified by vendor-specific DVFS and thermal management
policies, which introduce additional runtime dynamics and
unpredictability. Moreover, different DNN models exhibit
varying levels of resilience to resource contention, making
accurate prediction even more complicated.

To bridge this gap, we present nn-Live, a lightweight la-
tency prediction framework for concurrent DNN inference
on mobile devices. Based on the above analysis, in order
to achieve accurate latency predictions, nn-Live needs to
address two major challenges. First, for a given DNN task
running on a specific core, how can we quantify the inter-
ference contribution from other cores and its own resilience
(from both hardware and model perspectives) to such inter-
ference? These intricate interference interactions depend on
the processing power of cores hosting these tasks and their
contention for shared resources. Additionally, system-level
strategies including DVFS policies and task scheduling also
influence interference behavior.

To tackle this challenge, we observe that the hardware-
counter statistics during task execution indicate its com-
putational intensity and resource usage. Thus, we can col-
lect the hardware-counter statistics for the given task and
other concurrent tasks. Their element-wise vector product
yields an interpretable metric that effectively describes their
resource contention intensity and the interference impact
of the concurrent workloads on the given task. nn-Live in-
volves two stages, offline profiling and online prediction.
We identify that the heterogeneous architecture of mobile
CPUs requires a per-core analysis. During offline stage, we
get the counter profile for each task and every task-core
combination for task profiling and hardware profiling. Dur-
ing online deployment, nn-Live collects per-core hardware
performance counters, which provide low-overhead, online-
accessible signals that effectively reflect runtime execution
characteristics. It then combines these online counters with
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the task’s offline counter profile to construct per-core inter-
ference fingerprints, which serve as inputs to a lightweight
linear model. This model estimates each core’s interference
contribution and, together with live system-state features
(processor frequency, temperature), predicts the real-time
inference latency of DNN models.

The second challenge is effective sampling in the large
combination space. Given the large pool of DNN tasks, the
potential number of concurrent DNN tasks, and heteroge-
neous core clusters in mobile CPUs, the possible task—core
combination space is extremely large. We need to keep pro-
filing overhead manageable while maintaining diversity and
representativeness. To reduce profiling cost, nn-Live adopts
an adaptive hierarchical sampling strategy. We cluster DNN
tasks based on their runtime features and treat tasks within
the same cluster as homogeneous. Similarly, CPU cores shar-
ing the same cache hierarchy are treated as homogeneous.
We then perform hierarchical sampling across these task and
core clusters to efficiently cover the large combination space
with minimal profiling overhead.

To evaluate the effectiveness of nn-Live, we validate our
approach on three mainstream mobile devices powered by
heterogeneous SoCs—Google Tensor G2, Snapdragon 8+ Gen
1, and Snapdragon 8 Elite—which exhibit distinct CPU or-
ganizations. We evaluate nn-Live across diverse execution
conditions, including light to heavy concurrent workloads
and task execution on big/middle/little cores with all possi-
ble combinations of placements. The slowdown levels range
from -15% (beneficial interference) to over 230% (intensi-
fied contention). Results show that nn-Live achieves high
latency prediction accuracy under diverse runtime environ-
ments: 92.5% and 94.2% (+5% error) on Snapdragon 8+ Genl
and 8 Elite, and 82.3% (+10% error) on Google Tensor G2,
with negligible runtime overhead, significantly outperform-
ing approaches based solely on global hardware counters or
system-level metrics. Furthermore, while nn-Live is designed
for heterogeneous mobile CPUs, we demonstrate its extensi-
bility to mobile accelerators (e.g., GPUs/NPUs) in Section 9.

The major contributions of this paper are as follows:

(1) We propose nn-Live, a framework for predicting DNN
inference latency in real time on mobile CPUs under
volatile operating conditions and concurrent work-
loads, and demonstrate its extensibility to mobile ac-
celerators.

(2) We leverage core-level hardware counters to analyze
asymmetric interference among concurrent workloads
and an adaptive hierarchical sampling strategy to re-
duce profiling cost while preserving configuration di-
versity and representativeness.

(3) We build an interference analysis dataset across three
mainstream SoCs, covering diverse task types, task
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placements, per-core PMU measurements and system-
level trace files. Results show that nn-Live achieves
high latency prediction accuracy under diverse run-
time environments, with a clear advantage over exist-
ing methods.

2 Measurement and Analysis

In this section, we analyze the factors that influence a task’s
runtime latency, including co-running workloads, system-
level dynamics, and the task’s own resilience to interference.
To quantify interference, we measure the runtime slowdown
of a task, defined as:

Ly—L
Zd — el 100%,

ref

Slowdown =

where L; denotes the task latency under dynamic conditions,
and Ly is the reference latency measured in an interference-
free environment (i.e., no co-running workloads). A larger
slowdown indicates a stronger impact from interference.

We select ten representative deep neural network mod-
els? for measurement. For each experiment, we designate
one model as the main task and denote other concurrent
workloads as background tasks/workloads. We measure
the runtime slowdown for each main task under various
background configurations. Our background configurations
cover different workload intensities (1-5 background work-
loads), different combinations of models, and all possible
core placements. For each configuration, we randomly se-
lect 1 to 5 models as background workloads and pin each
background workload to a dedicated CPU core. After the
background environment stabilizes, we launch the main task
and iterate it across the available CPU cores (without hosting
background tasks) to measure its latency slowdown at each
core. We repeat this procedure for all models under the same
background environment.

All tasks (both main and background tasks) are integrated
into an Android application running in the foreground. To
ensure representativeness, experiments are conducted on
three mobile devices with heterogeneous processor architec-
ture (Table 1). We aggregate the results by configuration type
and report the average and 99th percentile (P99) slowdown
for the main task.

2.1 Observations

We examine three categories of factors that influence perfor-
mance: co-running workloads, the task’s inherent resilience
to interference, and system-level dynamics.

“Non-DNN background tasks (e.g., UI rendering and camera activities)
induce negligible latency variance. Thus, our evaluation focuses on concur-
rent DNN execution. The tests include ShuffleNetV2, the MobileNet family,
EfficientNet-Lite models, SqueezeNet, the ResNet family, and InceptionV3.
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Table 1: Specifications of the three mobile SoCs.

SoC / Device CPU Cluster Configuration
Big (cores 6-7): 2x Cortex-X1 @ 2.85 GHz
Mid (cores 4-5): 2x Cortex-A76 @ 2.35 GHz
Little (cores 0-3): 4x Cortex-A55 @ 1.80 GHz
Cache hierarchy: Not publicly disclosed
(L1: private per core, L2/L3: unknown)
Big (core 7): 1x Cortex-X2 @ 3.0 GHz
Mid (cores 4-6): 3x Cortex-A710 @ 2.5 GHz
Little (cores 0-3): 4x Cortex-A510 @ 1.8 GHz
Cache hierarchy:

L1: private per core

L2: shared between cores 0-1, cores 2-3

L3: shared among all cores (0-7)
Big (cores 6-7): 2x Oryon super cores @ 4.32 GHz
Little (cores 0-5): 6x Oryon performance cores

@ 3.53 GHz

Google Tensor G2
(Pixel Tablet)

Snapdragon 8+ Gen 1
(Xiaomi Pad 6 Pro)

Snapdragon 8 Elite
(OnePlus Ace 5 Pro) | Cache hierarchy:
L1: private per core

L2: shared between cores 0-5, cores 6-7

2.1.1  Co-running workloads. Fig. 1 (a)—(c) illustrate how the
latency slowdown of main task changes as the number of
background workloads grows from one to five across the
three mobile SoCs. Fig. 2 (a)—(c) illustrate the latency slow-
down of main tasks on different types of CPU cores under
varying background load placements. We summarize two
key empirical observations drawn from these experiments.
Observation 1: Background workloads introduce sig-
nificant slowdown, and the impact intensifies as the
workload increases. Across all three SoCs, introducing
background workloads leads to noticeable degradation in
DNN inference latency, and the slowdown generally becomes
more severe as more concurrent workloads are added. On
Google Tensor G2, this effect is the most pronounced: the
average slowdown on big cores increases from 65.2% (1 back-
ground workload) to 184.4% (5 background workloads), while
the P99 slowdown rises from 131.5% to 227.9%. On Snap-
dragon 8+ Genl, the little cores are most sensitive to interfer-
ence. Their average slowdown increases from 8.7% to 57.6%,
and the P99 slowdown consistently remains above 72%. On
Snapdragon 8 Elite, overall slowdown is relatively mild: the
average slowdown on big cores increases only from 1.5% to
11.5%. However, the P99 slowdown still shows substantial
increase, reaching 28.7% with five concurrent workloads.
Among the three platforms, Tensor G2 exhibits the most
pronounced slowdown. On the one hand, this is related to its
limited cache capacity. Tensor G2 is equipped with a 4 MB
LLC, compared with a 6 MB LLC in Snapdragon 8+ Gen 1 and
two 12 MB LLCs (24 MB in total) in Snapdragon 8 Elite. The
smaller LLC limits the amount of frequently accessed data
that can be retained in the cache, thereby increasing memory
access overhead. On the other hand, system-level tracing re-
veals that under high CPU load caused by concurrent DNN
execution, a subset of DNN executions on Tensor G2 experi-
ences a substantial reduction in CPU cycle rate, indicating
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Figure 1: Slowdown under increasing background load conditions (1-5 workloads) on three mobile SoCs.
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Figure 2: The effect of task placements on inference latency. We show the results for main tasks on big/middle/little
cores and all possible task-core combinations for background workloads (1-2 workloads).

transient degradation in CPU execution performance. Such
degradation leads to markedly increased inference latency
for the affected executions. As shown in Figure 10a in the
Appendix, when MobileNet is co-located with a background
DNN workload on the big-core cluster, approximately 30%
of the executions experience a latency shift from the nor-
mal range of approximately 5 ms to approximately 20 ms.
Figure 10b further summarizes this behavior under differ-
ent numbers of background workloads. As the number of
concurrent workloads increases, the proportion of affected
executions gradually increases. In addition, system-level trac-
ing shows that kworker threads, which handle asynchronous
kernel tasks, are frequently awakened on Tensor G2 during
concurrent DNN execution and compete with user-space in-
ference tasks for CPU time, further amplifying the observed
latency fluctuations. We classify these effects as a form of
co-running interference.

Observation 2: Interference exhibits significant asym-
metry across CPU cores. The interference between the
main task and background workloads is influenced by multi-
ple factors. First, task slowdown is not uniform across cores.
In general, tasks running on big cores experience more severe
slowdown than those on mid and little cores. This effect is
particularly evident on Tensor G2 (Fig. 1(a)), which is due to
differences in computational power among cores—big cores
are more powerful and issue resource requests more fre-
quently when running tasks, making them more susceptible
to resource contention.

Meanwhile, we observe an exception that on Snapdragon
8+ Gen1 (Fig. 1(b)), tasks running on little cores experience
the most severe slowdown. Further analysis indicates that
this is related to the asymmetric cache design (Table 1). Un-
like the mid and big cores, which have private L2 caches,
the little cores on Snapdragon 8+ Genl are organized in
pairs and share a small L2 cache. When background work-
loads run on the sibling core within the same little-core pair,
the main task experiences not only L3 contention but also
strong L2 contention, resulting in more severe performance
degradation.

In Fig. 2, we further illustrate how task placements af-
fect inference latency. We show the results for main tasks
on big/middle/little cores and all possible task-core combi-
nations for background workloads (1-2 background work-
loads in this figure). A notable phenomenon on Tensor G2 is
that tasks running on mid and little cores exhibit significant
latency slowdown only when background workloads are
present on the big cores; in other cases, the interference is
relatively minor. On Snapdragon 8+ Genl and Snapdragon 8
Elite, tasks running on little cores are noticeably affected only
when background workloads are also located on little cores.
In other scenarios, tasks actually exhibit slight acceleration,
indicating a positive interference effect.

Regarding the positive interference phenomenon, our anal-
ysis suggests that it may be related to memory bandwidth ac-
tivation triggered by background workloads on the big/middle
cores. We use a memory bandwidth measurement tool [27]
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Table 2: Model characteristics and measured slowdown.

Model GMACs Weight (MB) Slowdown(%)
ShufflenetV2 0.0438 5.20 19.5027
MobileNetV3Small  0.0582 9.75 18.4479
MobileNetV2 0.3009 13.51 14.1519
SqueezeNet 0.3582 4.71 10.9725
EfficientNetLite0 0.3853 17.91 14.8614
EfficientNetLite2 0.5767 23.47 11.7192
EfficientNetLite4 1.3481 50.05 15.1776
ResNet18 1.8154 44.63 18.9921
InceptionV3 2.8440 90.99 12.8070
ResNet50 3.8670 97.80 13.6815

to evaluate changes in memory bandwidth achieved on lit-
tle cores under different background workload placements.
Figure 11 in the Appendix presents the results measured on
the Snapdragon 8+ Gen 1. The memory bandwidth achieved
on the little cores increases when the big or middle cores
are also active, but decreases when additional workloads are
placed on the little cores. This trend is consistent with the
positive-interference results shown in Figure 2b.

In summary, when main tasks and background work-
loads run on different cores, the interference relationship
varies. Heterogeneity in computational power, cache shar-
ing structure design, and changes in memory bandwidth
are key factors influencing the interference among concur-
rent workloads. These findings underscore the importance
of identifying the hosting cores of both main tasks and back-
ground workloads for accurate interference analysis and
latency prediction.

2.1.2 Interference Resilience of Different Models. Table 2
reports the average latency slowdown of various models run-
ning on the big cores of the Snapdragon 8+ Genl1, under 5 co-
running workloads. The results reveal substantial variation
in performance degradation across models when exposed
to co-running interference, highlighting clear differences in
their interference resilience. Notably, this resilience does not
follow a simple linear trend with respect to parameter size
or model complexity. Among lightweight architectures, we
observe that ShuffleNetV2 and MobileNetV3-Small, as well as
the mid-sized ResNet18, exhibit relatively large slowdowns
under background loads, indicating weaker robustness. In
contrast, SqueezeNet and EfficientNet-Lite2 experience the
smallest latency degradation, demonstrating more stable ex-
ecution behavior under interference.

These findings suggest that the interference resilience of
neural network models is not solely determined by compu-
tational complexity or parameter scale. More informative
characteristics are required to effectively quantify and pre-
dict a model’s robustness under resource contention.
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2.1.3 System-level interference. Through system-level trace
monitoring, we identify that frequency scaling is the primary
source of system-level interference. Frequency regulation
in mobile devices mainly relies on Dynamic Voltage and
Frequency Scaling (DVFS) and thermal throttling strategies.
DVFS [15, 21] dynamically adjusts the frequency based on
core workload and power budget, while thermal throttling
reduces frequency proactively when the chip temperature ex-
ceeds a pre-defined threshold to prevent overheating. Based
on our observations, the runtime latency of DNN tasks on
the CPU is approximately inversely proportional to the core
frequency, which can be described by a simple formula:

ﬁef
ﬁurr

where L.y is the current latency, L,.s is the reference la-
tency, frer is the core frequency corresponding to the ref-
erence latency and fuy is the current core frequency. ¢ is
a disturbance term that arises from execution phases that
are weakly correlated with the core frequency. Thus, to pre-
dict the inference latency, we should be able to estimate the
processor frequency when the task is running.

LCLIIT -

“ Lyef + &, (1)

2.2 Opportunities and Examples

Based on previous observations, interference patterns on mo-
bile platforms are jointly determined by core heterogeneity,
cache architecture, cluster topology, and system scheduling
policies. Traditional methods usually leverage system-level
metrics, such as CPU utilization, last-level cache (LLC) miss
rate to reflect system dynamics, which fail to characterize
core heterogeneity and complicated interactions across cores.
We observe that Linux kernel provides not only aggregated
global hardware-counter statistics, but also detailed per-core
hardware performance counters (PMUs). It provides us with
the opportunities to characterize tasks’ runtime behavior
and capture interference from different cores.

On one hand, the PMU statistics of a running task reveal
how the task interacts with the system’s resources. For ex-
ample, instruction counts can show how computationally
intensive the task is; L1/L2/L3 cache statistics can help iden-
tify how well a task interacts with different levels of cache,
which directly impacts execution speed; PMU can also col-
lect memory-related event statistics (e.g., loads/stores and
cache misses), which can be used to infer memory read/write
activity and estimate memory bandwidth utilization. Tasks
that frequently contend for these shared resources will ex-
perience higher interference, leading to increased latency.
On the other hand, the PMU statistics from other cores also
manifest their pressure on shared resources. These hardware
event statistics serve as low-overhead, online indicators that
effectively reflect real-time system dynamics.
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Table 3: Hardware Performance Counters

Group Counter

Description

cycles

instructions
stalled-cycles-frontend
stalled-cycles-backend

cpu_exec

Total core clock cycles.

Retired instructions.

Cycles stalled in the front-end pipeline.
Cycles stalled in the back-end pipeline.

cache-references
cache-misses
L1-dcache-loads

Cache hierarchy access count.
Aggregate cache miss count.
L1 data-cache load operations.

cache L1-dcache-load-misses ~Misses of L1 data-cache loads.
LLC-loads Last-level cache (LLC) load accesses.
LLC-load-misses Misses of LLC load operations.
branch-loads Branch prediction or lookup operations.
branch branch-load-misses Missed branch lookups.
branch-misses Mispredicted branches.
dTLB-loads dTLB translation lookups for data loads.

tb dTLB-load-misses

Misses of dTLB translation lookups.

Table 4: Correlation Coefficients for Different Metrics

Group Pearson (main) R? (per-core) R? (global)
branch-load-misses 0.7563 0.596 0.070
branch-loads 0.7804 0.570 0.143
branch-misses 0.7556 0.571 0.077
cache-misses 0.6340 0.803 0.403
cache-references 0.5992 0.784 0.380
cycles 0.6957 0.882 0.382
dTLB-load-misses 0.6936 0.854 0.318
dTLB-loads 0.6000 0.782 0.379
instructions 0.7523 0.882 0.480
L1-dcache-load-misses 0.6372 0.815 0.409
L1-dcache-loads 0.6000 0.791 0.381
LLC-load-misses 0.5824 0.871 0.501
LLC-loads 0.5692 0.887 0.373
stalled-cycles-backend 0.5568 0.868 0.056
stalled-cycles-frontend 0.7739 0.648 0.016

To validate the relationship between these indicator sig-
nals and latency slowdown, we collect different types of
hardware counter data and categorize them into four groups
based on their semantic meaning, which are shown in Ta-
ble 3. We also collect the latency slowdown of the 10 DNN
models under different concurrency levels (1-2 background
tasks) across different devices and task-core combinations.

Table 4 shows the correlation between PMU statistics and
inference latency. The first column in Table 4 shows the Pear-
son correlation coefficient between the main task latency
and PMU statistics of the core hosting the main task. We can
see that the correlation coefficient is high, mostly above 0.6.
It indicates that the PMU statistics of a running task can re-
veal its interactions with system resources, which is directly
related to runtime latency. The second and third columns
compare the Coefficient of determination (R2) between per-
core and global PMU. We can see that R? coefficients from
per-core data are significantly higher than the global data,
underlying the importance of per-core analysis.
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Figure 3: nn-Live Framework.

3 nn-Live Design

3.1 System Overview

The goal of nn-Live is to predict the runtime latency of DNNs
in volatile system environments. As shown in Fig. 3, nn-
Live consists of three stages: offline task profiling, hardware
profiling and online latency prediction.

For task profiling, nn-Live collects task signatures of DNN
models running on different cores, as well as reference la-
tencies Lyef, under a specified frequency. These profiles are
recorded in a query table for reference. For hardware profil-
ing, nn-Live utilizes an adaptive hierarchical sampling tech-
nique (Section 4) to automatically generate sampling configu-
rations based on processor structures, cache hierarchies, and
model runtime characteristics. The collected data are used
to build the resource contention function z (Section 3.2) and
the frequency prediction function g (Section 3.3). With these
two functions, nn-Live builds the runtime latency predictor
(Section 3.4). For each device, hardware profiling is required
only once.

During the online latency prediction stage, nn-Live main-
tains monitoring threads that collect real-time temperature,
processor frequency, and hardware counter statistics. The
latency predictor utilizes real-time monitoring data along
with the task signature to perform the latency slowdown
prediction. By combining the predicted slowdown with the
reference latency, nn-Live outputs the expected per-core in-
ference latency.

3.2 Resource-Contention Function z(-)

The goal of z(-) is to capture the resource contention on
heterogeneous CPUs. In Section 2, we observed that inter-
ference exhibits significant asymmetry across cores, arising
from differences in computational capability, cache hierarchy,
and shared memory bandwidth. To quantify the contention
intensity, we utilize core-level PMU event statistics (Table 3),
which characterize both a task’s resistance to interference
and the interference imposed by background workloads.
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We construct task signatures (vector s) from PMU event
statistics collected while each task runs on different cores.
The task signature s™¢ is extracted offline by analyzing the
PMU events of task m running on core ¢ under a reference fre-
quency. It characterizes the task’s access patterns to shared
resources as well as its runtime execution behavior. Formally,

me _ [.mc m,c m,c m,c
s - [XCPU_CXCC’ Xcache’ Abranch’ Xub > = ° ]’ (2)

where y/*° represents the resource access pattern of task
m on core c for resource r (e.g., CPU, cache). Larger values
indicate higher resource demand, making the task more sus-
ceptible to contention. Note that the PMU counter value is
directly proportional to the CPU frequency. Consequently,
the task signature varies under different frequencies. During
online prediction, we scale the relevant components of the
signature by the factor f5,,.,./f* P where f7,.. is the runtime
processor frequency.

For background interference, we collect PMU event statis-
tics for each core ¢, which is hosting background workload,
to capture the access patterns of concurrent workloads to
shared resources. This yields a background interference fin-
gerprint:

b® = [rccpu,exec’ rgache’ rl(;ranch’ rt‘ib’ o ] (3)

The vector b¢ has the same dimensions as the task signature,
where each component represents the intensity of the core’s
access to various resources. Higher values indicate more
aggressive usage of that resource, corresponding to stronger
interference.

Given the task signature and the background interference
fingerprint, we next construct a core-aware interference mag-
nitude vector. As both the task signature and background
interference fingerprint demonstrate the demand for shared
resources, their element-wise product yields their resource
contention intensity. By concatenating the element-wise
product of the task signature and background interference
fingerprint across all background cores, we can effectively
capture the competition between the main task and the back-
ground workloads. This is expressed as:

pme 2 PHsmeob, @

C€Chg

where © denotes element-wise multiplication and 5 de-
notes concatenation across all background cores ¢. The vec-
tor ™€ represents the competition across different resource
dimensions. It aligns interference penalties with the task’s
actual demands. High interference in a non-critical resource
causes little delay, while the same interference in a critical
resource causes major slowdowns.

Finally, we aggregate the contention effects across each re-
source dimension using a linear combination, which is both
lightweight and efficient, making it suitable for real-time
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Figure 4: Thermal state transition and CPU frequency.

latency prediction with minimal overhead. Specifically, the
resource contention function z(m, c¢) is given by the follow-
ing equation:

z(m,c) = a - ™, ®)
where the weight vector « is obtained during the offline
profiling stage. During the online prediction phase, mon-
itoring threads collect real-time background interference
fingerprints, which can reflect the current system resource
usage. The resource contention function z(m, ¢) captures the
overall interaction between the task’s resource sensitivity
and the background interference patterns.

3.3 Frequency Prediction Function g(-)

As described in Section 2.1.3, in our analysis, the system-
level interference mainly stems from frequency regulation
and can be modeled by a simple scaling factor:

(o

¢ = rcef i (6)
exp

where fr‘éf denotes the reference frequency, which is the
frequency during the task profiling phase when measuring
the reference latency. f&, represents the expected processor
frequency when the task is assigned to core ¢ given the
current system environment.

We observe that the processor frequency is closely corre-
lated with the DVFS throttling state and exhibits a stage-wise
characteristic. As shown in Fig. 4, when the throttling state
is normal, the activated core will remain in maximum fre-
quency; but it will reduce to a limited frequency when in
throttled states. Fig. 13 in the appendix presents represen-
tative long-running traces from three mobile SoCs. Within
the same state, the frequency of the activated cores remains
relatively stable. This piecewise-stable behavior allows the
state to be inferred in a relatively static manner, without
tracking short-term variations in temperature or workload>.

Based on the above observations, we employ a threshold-
based function g(-) to infer the throttling state:

state = g(fcurr» Tchipa CYCIeS)> (7)

where f.ur denotes the frequency of the currently activated
cores, Tepip denotes the temperature reported by the sensor

3 Android provides APIs for estimating thermal headroom on supported
devices. However, these APIs provide only device-level thermal information
and do not expose per-core or per-cluster frequency transitions. Therefore,
they cannot be used to predict the expected frequency of an activated core.
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involved in the throttling decision, and Cycles is the number
of CPU cycles observed within the current window, serving
as an indicator of the processor’s workload intensity. Then,
the expected core frequency is determined based on the
inferred state. It is worth noting that the frequency may
fluctuate between adjacent levels within certain stages, and
multiple short-term unstable levels may occur between two
stable throttling levels; in such cases, we use the average
frequency across these transient levels as the representative
expected frequency.

3.4 Latency Predictor

Based on the resource-contention function z(m, ¢) (Section 3.2)
and frequency interference factor ¢ (Section 3.3), we now
build the latency predictor:

L =L - @°(g) - exp(z(m, c)), (8)

where L™ is the reference latency in a contention-free en-
vironment (i.e., no concurrent workloads), available from
task profile. ¢ captures the slowdown directly induced by
frequency scaling, and exp(z) models the slowdown caused
by resource contention. The exponential form allows for a
log-transformation to convert the non-linear multiplicative
noise into additive noise, improving stability and accuracy
of linear regression. It also guarantees a smooth and strictly
positive slowdown factor, consistent with the behavior ob-
served on mobile SoCs.

Note that when the system frequency decreases, the in-
tensity of resource contention also tends to decrease. At this
point, the components of the task signature in Eq. (2) and
the background interference fingerprint in Eq. (3) decrease
accordingly, leading to a smaller z. This allows z to capture
the reduction in contention intensity induced by frequency
scaling. Eq. (8) integrates the two orthogonal interference
mechanisms into a unified predictor for runtime latency. It
provides an analytical and interpretable latency prediction
model that combines the reference latency with frequency
scaling and task-interference interactions.

4 Adaptive Hierarchical Sampling

To construct the latency predictor described in Section 3.4,
during the offline profiling stage, nn-Live requires runtime
samples that capture representative interference patterns
on heterogeneous mobile CPUs. Enumerating all possible
coexistence scenarios leads to a combinatorial explosion in
the sampling space. This is driven by the vast diversity of
DNN tasks, varying concurrency levels, and complex place-
ment options across heterogeneous cores (big/middle/little
cores, L3-only cache contention or L2+L3 cache contention).
Fortunately, unlike learning-based predictors that rely on
large-scale training datasets, the linear model in nn-Live only
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needs a compact yet representative dataset. Therefore, the
primary objective of the sampling procedure is to obtain a
small but expressive dataset that sufficiently covers the key
interference behaviors observed in real systems. In nn-Live,
we perform model clustering and core aggregation to reduce
the sampling space.

Model Clustering. To ensure the sampling dataset cap-
tures the diverse runtime behaviors of DNN models, we
select 24 representative models, covering mainstream con-
volutional networks, depthwise separable networks, and
Vision Transformer (ViT) variants. Table 9 (in Appendix)
summarizes their computational complexity (Giga Multiply-
Accumulate Operations, GMACs) and model size.

We run each model under contention-free conditions to
obtain its task-signature vectors on different core types.
These vectors characterize the model’s runtime behavior
and resource-access patterns across heterogeneous cores,
forming the feature space for model clustering. To obtain
a well-conditioned embedding and suppress noise in the
high-dimensional PMU space, we apply principal compo-
nent analysis (PCA) to project all task-signature vectors
into a low-dimensional subspace. K-means clustering is then
performed in this PCA-transformed space. Since vanilla K-
means tends to produce pathological clusters containing only
a single model, we adopt a size-constrained K-means clus-
tering algorithm that enforces constraints on the cluster size
from n/8 to n/3, where n is the total number of models. We
sweep the number of clusters from 3 to 8 and compute the
silhouette coefficient for each configuration, selecting the
one that maximizes the silhouette score as the final clus-
tering choice. The resulting clusters define homogeneous
model groups {M;}, whose members exhibit highly sim-
ilar resource sensitivities and runtime characteristics. For
example, ShuffleNetV2, MobileNetV3Small, and NASNetMo-
bile are grouped into the same cluster. These models exhibit
highly similar runtime behaviors and resource-access pat-
terns, representing lightweight architectures optimized for
mobile and resource-constrained environments.

Core Aggregation. In heterogeneous mobile SoCs, pro-
cessor cores that belong to the same core type (big/mid/little)
and share the same cache hierarchy typically exhibit highly
homogeneous contention patterns in their PMU feature space.
This observation allows us to aggregate processor cores. We
dynamically construct homogeneous core groups {Cy } based
on the actual contention behavior of the task. For example,
on the Snapdragon 8+ Gen 1 SoC, when task m runs on a mid
core, interference originates only from the shared L3 level.
Therefore, the homogeneous core groups naturally corre-
spond to the CPU topology: Cx = { [7], [6,5,4], [3,2,1,0]}.
When task m runs on a little core (e.g., CPU 0), interference
comes from both the shared L3 cache and the private L2
cache shared with its sibling core (CPU 1). As a result, the
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groups become: C = { [7], [6,5,4], [3,2], [1,0]}. Based on
the homogeneous groups, the interference vector g™ in Eq.
(4) turns out to be:

K
" =P (Z sm™e @bé) . )

k=1 \¢eCy

In the above example, assume that there are 3 concurrent
tasks. According to the core grouping, we can reduce the
possible combinations from P§ = 336 to 8. With model clus-
tering and core aggregation, hierarchical sampling generates
a representative profiling dataset for nn-Live. This dataset
is used in the offline stage to build the resource contention
function and the latency predictor.

5 Implementation

The implementation of nn-Live is based on the Android plat-
form, utilizing Android Studio Koala (2024.1.1 Patch 1) as
the development environment, with Gradle version 7.6 and
Java compatibility set to version 1.8. TensorFlow (v2.16.1) is
used as the deep learning framework for model inference.
We enable liteRT’s debug tracing mode on the mobile device
and use Perfetto [13] and Perf [1] to collect model latency
and hardware counter statistics.

In the offline task profiling phase, DNN tasks are executed
on different cores to collect task signatures and reference
latencies. This information is then recorded in a lookup table,
which will be used in the online prediction phase for runtime
latency estimation. To build the resource contention function
z(-), the processor frequencies are set to the maximum fre-
quency for Google Tensor G2 and Snapdragon 8+ Gen 1. On
Snapdragon 8 Elite, its maximum frequency is as high as 4.32
GHz for big cores. When running at its maximum frequency,
the device easily overheats and triggers thermal regulation.
Thus, we set its processor frequency to 3.072 GHz and 2.7456
GHz for the big and little cores, respectively. During data
collection, we sample 4000 data points per device. The config-
urations span all combinations of core assignments for each
device, considering processor cluster topologies and cache
structures. To construct the frequency prediction function g,
we collected data using the device’s default Dynamic Voltage
and Frequency Scaling (DVES) policy. Multiple sets of high-
stress tests (with 1 to 5 DNN workload threads activated)
were conducted, each lasting 5 minutes. During testing, a
C++ thread continuously polls temperature sensor values
located under the /sys/class/thermal/ directory, while
CPU cycle counts were recorded using the perf tool.

In the online phase, nn-Live runs two background moni-
toring threads. The first thread monitors PMU counters on
a per-core basis, polling every 0.5 seconds and recording
the data. The second thread monitors system temperature
and frequency, polling relevant system files. When latency
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prediction is required, nn-Live reads the dynamic environ-
mental data and uses this data, along with the task signature,
to predict the runtime latency for the model on all available
cores. It also reports the interference contribution from each
core.

6 Experiments

6.1 Experimental Setup

To comprehensively evaluate the prediction performance of
nn-Live, we design three testing protocols and collect testing
data for each protocol:

Protocol A (In-Distribution Testing): We collect run-
time data under the same sampling strategy as the profiling
stage to evaluate the prediction accuracy within the same
distribution.

Protocol B (Model-Held-Out Testing): We select six
DNN models from the model pool (MobileNetV3 Small [16,
18], EfficientNet Lite 0 [2, 24, 28, 31], EfficientNet Lite 4,
InceptionV3 [8, 20, 32, 33], ResNet34 [4, 12, 19], EfficientViT
B2 [6,7, 17]), exclude them from the hardware profiling stage
and collect their runtime latencies as testing samples to test
the generalization ability of nn-Live on unseen tasks.

Protocol C (NAS-Variant Testing): Based on four com-
mon model families (MobileNetV3 Small, MobileNetV3 Large,
EfficientNet Lite 0, ResNet34), we perform neural architec-
ture search (NAS) and select five variants at different FLOPs
percentiles (5%, 25%, 50%, 75%, 95%). This protocol is intended
to demonstrate that nn-Live can be integrated with NAS to
select appropriate model variants according to the dynamic
runtime environments and latency requirements.

Baselines. We implemented four baselines for compari-
son: (1) Static; (2) CPU-Util; (3) CPU-Util + MEMINFO; (4)
PMU-Sys data. Baseline 1 is a static analysis baseline that
does not consider dynamic environment changes during
prediction, serving as an upper bound on prediction per-
formance when dynamic information is unavailable; this
baseline is implemented via a lookup table (LUT) scheme.
Baselines 2 and 3 rely on traditional system resource usage
metrics to reflect device load [10, 29, 30]. Baseline 2 utilizes
CPU utilization while baseline 3 combines CPU utilization
with MEMINFO. Baseline 4 leverages global hardware per-
formance counters to capture underlying execution charac-
teristics [23, 37]. Specifically, baselines 2-4 all employ linear
regression models for training and prediction.

Evaluation Metrics. We report the mean absolute per-
centage error (MAPE) and Root Mean Square Error (RMSE)
of latency prediction. We also report the 99th percentile
error (p99 error), providing insight into the worst-case per-
formance of nn-Live. Besides, we report the 5% and +10%
accuracy, which is the percentage of models with predicted
latency within the corresponding error bounds.
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Table 5: Detailed performance comparison across three testing protocols on all devices.

Tensor G2 Snapdragon 8+ Gen1 Snapdragon 8 Elite
method RMSE(ms) MAPE(%) P99(ms) RMSE(ms) MAPE(%) P99(ms) RMSE(ms) MAPE(%) P99(ms)
Protocol A (In-Distribution)
Static 204.0 342 777.2 774 9.0 403.9 53 35 224
CPU-Utl 1167 255 452.0 65.2 8.7 336.8 3.1 2.6 12.3
CPU-UtIl+MEM 1167 25.7 449.4 64.8 8.7 337.2 3.1 2.6 114
PMU-Sys 715 11.0 300.8 65.7 8.8 340.6 3.0 2.6 12.1
ours 44.7 6.1 183.8 10.2 2.1 435 2.1 19 8.2
Protocol B (Model-Held-Out)
Static 232.9 340 843.0 915 89 4517 68 35 3438
CPU-Util 125.9 247 4425 785 8.6 369.1 4.0 2.7 18.9
CPU-ULl+MEM 1265 249 444.1 78.1 8.6 365.0 3.9 2.6 17.3
PMU-Sys 76.4 10.7 323.4 79.0 8.5 368.7 3.8 2.6 18.2
ours 471 6.5 1815 11.8 2.1 53.3 2.7 1.9 11.9
Protocol C (NAS-Variant)
Static 161.0 330 710.4 59.0 85 325.5 32 34 12.7
CPU-Utl 90.2 265 349.4 49.0 8.3 278.1 2.0 2.9 7.8
CPU-Utl+MEM 913 26.6 361.5 475 9.1 259.7 2.0 3.1 8.7
PMU-Sys 70.9 112 339.3 50.0 8.0 271.1 18 2.8 6.4
ours 48.2 6.6 217.9 6.2 2.2 25.4 14 1.9 5.1
6.2 Latency Prediction Results ogl T Msmaon o
: = Ground tru 5 167
6.2.1 Comparison with Baselines. Table 5 reports the de- 506 T 2
tailed results of our approach and the baseline methods un- ;)0 . 214
B0 5
der the three testing protocols, each consisting of 1000 test 20, 212]
samples. The results demonstrate that, compared with all = K BOL A%,
baselines, nn-Live consistently achieves the best performance o . ETA

across all testing protocols and devices, highlighting the effec-
tiveness of our design. Specifically, across the three devices
and protocols, nn-Live attains an average MAPE of 3.48%, sig-
nificantly outperforming PMU-Sys (7.35%), CPU-Util+MEM
(12.43%), CPU-Util (12.28%), and the Static scheme (15.34%).
nn-Live also substantially reduces P99 prediction error.

Compared with Tensor G2, the Snapdragon 8+ Genl and
Snapdragon 8 Elite exhibit lower prediction errors. This is
because these devices deliver higher performance and exhibit
more stable interference patterns. In contrast, Tensor G2
experiences considerable latency fluctuation due to transient
reductions in CPU cycle rate for a subset of executions, with
additional interference from kworker threads.

For the baseline methods, the Static scheme represents the
upper bound of prediction performance for approaches that
do not consider dynamic environments. Due to runtime vari-
ability, it exhibits very high RMSE and P99 errors. Baseline
approaches based on system-level metrics partially reduce
RMSE and P99 error; however, as shown in Section 2.1.1,
heterogeneous-core systems exhibit entirely different inter-
ference behaviors depending on the specific task placement.
System-level metrics cannot distinguish these scenarios, lead-
ing to prediction bias. Fig. 5a shows the fitting results of the
system-level PMU-based approach and our method for z(-)
on the test data from Protocol A. The results demonstrate
that our method achieves a good fit to the data, whereas the
system-level PMU-based approach fails to effectively iden-
tify the interference patterns on heterogeneous cores. Fig. 5b
illustrates the intermediate results of our method for exe-
cution samples collected at six different frequencies. ®¢(g)

-02 0.0 02 04 06 08 1.0 1.0 1.2 1.4 1.6
Ground truth

(a) (b)
Figure 5: (a) PMU-Sys vs. nn-Live. (b) Intermediate com-
ponents of nn-Live.

Norma‘lized latency L/Lrer

provides discrete estimates of frequency scaling, whereas
exp(z) models the impact of resource contention. Ideally,
®°(g) exp(z) = L/Ly.r. As the CPU frequency decreases,
the overall execution latency increases, accompanied by an
increase in ®¢(g) and a decreasing trend in exp(z).

In Fig. 6, we further present the +5% prediction accuracy
of our method and the baselines. Since latency fluctuations
on Tensor G2 are considerably larger, its £5% accuracy is
relatively low (only 50.6%), and thus we report +10% accu-
racy. The final results show that our method achieves high
prediction accuracy under dynamic interference: 92.5% and
94.2% (+5% error) on Snapdragon 8+ Genl and Snapdragon
8 Elite, and 82.3% (+10% error) on Tensor G2.

6.2.2  Error Analysis. In this section, we provide a detailed
analysis of the prediction errors observed across different
devices and examine their underlying causes. We divide the
evaluation data of Protocol A into five groups according
to the number of background threads and report their pre-
diction errors. As shown in Fig. 7, the Tensor G2 exhibits
not only larger prediction errors but also noticeably greater
variability compared with Snapdragon 8+ Gen1 and Snap-
dragon 8 Elite. This is mainly because Tensor G2 experi-
ences stronger interference during concurrent DNN execu-
tion, leading to more unstable latency fluctuations that are
inherently hard to predict.
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Figure 6: Compared to baseline predictors, nn-Live achieves much higher accuracy on all three test protocols.

I Tensor G2
I Snapdragon 8+ Gen1

I Snapdragon 8 Elite

N
o

o

Prediction error (%)

o B AN

1 2 3 4 5
Background workload counts

Figure 7: Error analysis.

Across all three SoCs, we also observe a consistent trend:
the prediction error and its variation increase as the num-
ber of background threads rises. Increasing number of back-
ground threads causes the system state to become more
unstable and amplifies the slowdown of DNN latency, which
in turn leads the resource-contention model to underesti-
mate latency under heavy-load conditions. Fortunately, such
scenarios are uncommon in practical mobile deployments,
where multiple compute-intensive DNN workloads rarely
run concurrently; therefore, their impact on real-world ap-
plicability is minimal.

6.3 Microbenchmark Testing

6.3.1 Ablation Study on Core-aware Inference Vector. To val-
idate its effectiveness, we conduct two groups of ablation
experiments. In the first group, no feature fusion is applied,
and the task signature and background interference finger-
prints are used independently as features. In the second
group, system-level PMU counter information is fused with
the task signature. We test these methods on Protocol A run-
ning on the Snapdragon 8+ Gen1 platform. The results are
shown in Table 6, where we report the performance with
tasks running on big, mid, and little cores, separately. Our
proposed method achieves the best performance. Both the
no-fusion baseline and the fusion with system-level PMU
counters result in degraded performance, especially on the
little cores with asymmetric cache architecture. When using
system-level PMU counter fusion, the prediction accuracy
within £5% on little cores is only 8.3%. With nn-Live, it im-
proves to 91.9%.

Table 6: Ablation Study on Interference Vector

Method Big core Mid core Little core

RMSE (ms) | ACC5 (%) 7 RMSE (ms)| ACC5(%)] RMSE(ms)| ACCS5(%)1]
PMU-Sys Fusion 4.5 65.7 8.0 64.9 97.4 8.3
No-Fusion 2.9 88.8 7.4 79.8 34.6 63.9
nn-Live 2.1 94.1 3.8 92.1 15.2 91.9

Table 7: Random vs. hierarchical sampling

Method RMSE (ms) | MAPE(%)]| ACC10(%) T P99 (ms) |

Protocol A (In-Distribution)

Random Sampling 53.0 8.4 67.7 243.1
Hierarchical Sampling 50.7 7.0 78.2 212.5

Protocol B (Model-Held-Out)

Random Sampling 57.9 83 68.2 245.3
Hierarchical Sampling 47.9 6.7 79.4 197.6

Protocol C (NAS-Variant)

Random Sampling 48.5 8.0 71.6 270.6
Hierarchical Sampling 52.1 7.3 76.0 259.2

6.3.2 Hierarchical Sampling. To evaluate the effectiveness
of hierarchical sampling, we compare it with random sam-
pling. Each method collects 500 samples, and the results are
reported under Protocols A, B, and C. We particularly present
the results on the more challenging Tensor G2 dataset. As
shown in Table 7, our method consistently outperforms ran-
dom sampling across all three protocols, achieving higher
prediction accuracy and lower tail latency prediction error.

We analyzed the samples collected by random sampling
and found biases in data samples. As there are usually more
little cores (i.e., 4) compared to middle (i.e., 2) and big cores
(i.e., 2) on the SoC, random sampling tends to collect more
samples with background workloads assigned to little cores.
This not only wastes sampling budget but also causes the re-
source contention function z to over-assign weights to little
cores. In contrast, our hierarchical sampling performs pro-
portional sampling according to the number of background
threads and task-core combinations for each thread count.
This approach ensures that the resource contention function
z(+) fairly assigns the weights to each core.

6.4 Cost Analysis

6.4.1  Online prediction phase. nn-Live features a lightweight
design with extremely low overhead during the online phase.
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The resource contention function z(-) employs a linear model
that aggregates cores based on processor topology and cache
structures. For each group in Cy, we collect 15 PMU counter
statistics, as shown in Table 3. Thus, there are 45, 60, and
30 features on Tensor G2, Snapdragon 8+ Genl, and Snap-
dragon 8 Elite devices, respectively. The forward inference
cost is under 200 MAC operations, making the overall compu-
tational overhead of nn-Live negligible. The two background
threads poll PMU counters and OS files every 0.5 seconds.
We further evaluate the monitoring overhead on devices us-
ing Perfetto to record CPU active time, voltage, and current.
When no DNN is running, they increase CPU active time and
power consumption by 0.62% and 0.58%, respectively; during
DNN execution, both runtime and power overheads remain
below 0.1%. nn-Live can suspend polling when the system is
idle. While CPU-frequency monitoring can be event-driven,
PMU and temperature interfaces currently require periodic
sampling. A hybrid event-driven and polling-based imple-
mentation is a promising direction and is expected to further
reduce the monitoring overhead.

6.4.2  Offline profiling phase. The data collection cost dur-
ing the profiling phase is also lightweight. For task profiling,
we run the DNN model on each CPU core, which can be
completed in one minute. For hardware profiling, we show
the £5% (£10%) prediction accuracy with different numbers
of samples in Fig. 8. We can see that on all three devices, the
performance stabilizes with more than 500 samples. Each
runtime sample requires approximately 15 seconds to col-
lect. Thus, data sampling can be completed within roughly 3
hours, including the system cooling time between cycles. For
each device, hardware profiling only needs to be performed
once, and we can see from Table 5 that nn-Live generalizes
well to unseen models.

7 Case Study

We show how nn-Live guides runtime model selection and
scheduling on a Snapdragon 8 Elite using ResNet34 and four
pruned variants (vO-v4). Given an 85 ms latency budget, the
system triggers a prediction whenever the main task arrives
or environment shifts occur, selecting the highest-capacity
configuration that satisfies the constraint. Fig. 9 illustrates
this adaptation across five stages:

Stage 1 (Arrival): With low interference, nn-Live predicts
77.7 ms for v0 on big cores, which is selected for maximum
accuracy.

Stage 2 (Contention): Background workloads arrive, push-
ing v0 latency to 94.9 ms (exceeding budget). The system
switches to v1 on big cores (75.1 ms).

Stage 3 (DVEFS Throttling): Thermal accumulation triggers
frequency scaling. nn-Live downgrades the model to v3 on
big cores to maintain latency at 73.8 ms.

Zilin Ye et al.

Stage 4 (Preemption): New workloads preempt big cores.
The system migrates the lightweight v4 variant to little cores
(76.9 ms) to preserve service continuity.
Stage 5 (Recovery): Background tasks finish, restoring big-
core availability. nn-Live upgrades back to v3 on big cores
(72.6 ms), maximizing capacity as resources permit.

As shown in Fig. 9, nn-Live effectively navigates interfer-
ence, DVFS, and core preemption to guarantee latency while
maximizing model performance.

8 Related Work

Static latency prediction. Early work on DNN inference
latency prediction primarily assumes a static execution envi-
ronment and relies on offline profiling or static model fea-
tures. Representative approaches include GCN-based pre-
dictors for NAS benchmarks [9] and kernel-level decompo-
sition methods such as nn-meter [34]. Although accurate
under controlled settings, these methods fail to capture run-
time variability caused by dynamic workloads and resource
contention in mobile systems.

Dynamic and PMU-based prediction. Recent studies
improve performance prediction by incorporating runtime
resource metrics or hardware monitoring signals. Some ap-
proaches use CPU utilization, memory throughput, and I/O
activity to predict execution latency [10, 29], while Maple
and Maple-Edge construct PMU-based hardware and run-
time descriptors for DNN latency prediction [3, 25]. PMU
statistics have also been used to estimate co-location inter-
ference. For example, Themis predicts application slowdown
on spatially multitasked GPUs [37], and VELTAIR estimates
interference pressure to support adaptive compilation and
scheduling for multi-tenant CPU inference [23]. Other stud-
ies model cross-core interference using shared-cache and
memory-bandwidth pressure [35, 36], or quantify execution-
efficiency loss through online PMU sampling [14]. However,
these approaches primarily target homogeneous processors,
GPUs, or server-class platforms, and often rely on coarse-
grained global statistics, making them insufficient for cap-
turing the architectural heterogeneity of mobile CPUs. In
contrast, nn-Live targets heterogeneous mobile CPUs and
models placement-dependent contention by combining core-
level task signatures with interference fingerprints. It further
integrates frequency prediction and hierarchical sampling to
support online latency prediction under dynamically chang-
ing co-runners, core assignments, and operating frequencies.

9 Discussion

Extensibility to hardware accelerators. While nn-Live is
designed for heterogeneous mobile CPUs, it can be extended
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to accelerators through hardware-specific adaptations. Com-
pared with CPUs, mobile accelerators have limited sched-
uling capability in multi-DNN concurrent scenarios. When
multiple DNNs are executed concurrently, the runtime be-
havior typically becomes serialized execution, and thus the
latency is dominated by queuing delay. Our measurements
on GPUs show that, under the same scheduling priority, the
observed inference latency of each co-located model satisfies:

N
1
b 1 1
1My S (L upel). (10)

i=1

where L and u°" denote the observed latency and GPU
utilization during concurrent execution; Lf°l° and ufolo de-
note the standalone latency and GPU utilization of model
i, respectively. Based on this formula, nn-Live can be ex-
tended to GPUs by collecting the standalone end-to-end la-
tency L*°° and average utilization u*°"° of each model during
offline analysis and storing them in a lookup table. Dur-
ing online execution, nn-Live predicts latency based on the
lookup table entries and the current GPU utilization. Note
that this formula-based predictor requires no model training
and incurs negligible construction overhead. Fig. 12a (in the
Appendix) shows the scenario when multiple MobileNetV3
and ResNet models are executed concurrently, while Table 8
(in the Appendix) reports the quantitative results on three
Adreno and Mali GPUs. The predictor achieves MAPE values
of 3.21%-7.06%, demonstrating that nn-Live can effectively
predict multi-DNN latency across different mobile GPU ar-
chitectures.

Fig. 12b (in the Appendix) shows that concurrent DNN
execution on the NPU exhibits the same cumulative latency
pattern as GPU execution, as described by Eq. (10), indicat-
ing that the latency is also dominated by queuing delays.
Therefore, nn-Live can be extended to NPUs using the same
approach. However, applying nn-Live to NPUs remains chal-
lenging, as runtime information is not readily accessible on
many existing platforms. In addition, DNN models contain-
ing dynamic-shape tensors or operators that are unsupported
by the accelerator delegate are not suitable for accelerator
execution and are therefore kept on the CPU side. Deeper
analysis into these hardware accelerators is our future work.

Sample Numbles

vO@Big v1@Big v3@Big  v4@Little  v3@Big
15 30 45 60 75

(c) Snapdragon 8 Elite Time (s)

Figure 9: Case study

Runtime Adaptation. During offline profiling only, nn-
Live uses core pinning and controlled task placement to
collect reproducible profiling samples for constructing the
latency prediction model. Note that nn-Live works without
core-pinning. During online deployment, task scheduling
and migration are dynamically managed by the operating
system and runtime framework. To capture the resulting vari-
ations in execution conditions, nn-Live continuously moni-
tors per-core PMU events, CPU frequency, and temperature.
As illustrated in the case study, nn-Live can identify runtime
workload and execution-state variations from the monitored
signals, enabling latency prediction and core-selection deci-
sions under changing system conditions.

10 Conclusion

In this paper, we present nn-Live, a latency prediction frame-
work for DNN inference. It considers the resource contention
among concurrent tasks and the heterogeneity of mobile
CPU. nn-Live investigates the underlying factors contribut-
ing to inference slowdown and builds a lightweight and
interpretable linear model for latency prediction. Evaluation
results show that nn-Live can achieve accurate latency pre-
dictions in dynamic system environments and generalizes
well to unseen models. Furthermore, we explore the extensi-
bility of nn-Live to mobile accelerators. We believe that in
applications where multiple DNNs work concurrently, nn-
Live can serve as a valuable tool for model selection and task
scheduling, ultimately improving service quality and user
experience.
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Table 8: Latency prediction results under concurrent

GPU execution.

Device MAE (ms) MAPE (%) RMSE (ms) P99 Error (ms)
Adreno 830 1.26 3.21 2.67 11.46
Adreno 730 2.68 7.06 4.97 17.52
Mali-G710 MP7 71.02 6.49 107.43 288.20
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Table 9: Overview of computational complexity and

’s model size of the selected models.
259
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