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Abstract
The proliferation of large language models (LLMs) on

mobile devices introduces a new performance challenge: re-
source contention between compute-intensive inference and
latency-sensitive foreground applications. We identify a se-
vere and asymmetric interference where concurrent LLM
inference substantially degrades foreground applications’
quality-of-service (QoS)—increasing the aggregate jank rate
(the fraction of frames that appear as visible stutters) by 153%.
In contrast, LLM throughput degrades by only 1.01% and
1.64% during prefill and decode stages, respectively. This
imbalance arises because the hardware prioritizes NPU mem-
ory traffic—originally to guarantee critical media tasks (e.g.,
video recording)—a privilege that best-effort LLM inference
inherits, causing aggressive bandwidth contention.

To address this asymmetric degradation, we present
SERENO, a foreground-QoS-friendly LLM inference frame-
work that resolves bandwidth contention between foreground
applications and background LLM inference, without hard-
ware modification. SERENO repurposes speculative decod-
ing to introduce fine-grained yield points for preemptible
execution, letting the system detect memory contention and
dynamically yield bandwidth to the foreground without los-
ing inference progress. Extensive evaluations on commercial
smartphones across diverse categories of popular applications
demonstrate that SERENO reduces the foreground jank rate
by up to 92.6% (58.5% on average) while boosting LLM
throughput by up to 67.9% (26.4% on average). Compared
with vanilla speculative decoding, SERENO can reduce the
foreground jank rate by up to 72.1% while incurring only a
6.2% performance degradation.

1 Introduction
Large language models (LLMs) are increasingly deployed on
real-world mobile devices [1,54,58,106]. These models power
a growing range of shipping on-device features: notification
summarization and smart reply (Apple Intelligence [11]), real-
time call translation and chat assistance (Samsung Galaxy
AI [77]), and AI-powered on-screen search (Google Gemini

Nano [28]) [63]. Beyond these, mobile agents [53, 93, 95, 99]
further expand the role of on-device inference, executing tasks
such as form filling, calendar management, and cross-app
automation. These features are not necessarily continuous
services; many are sporadic background bursts triggered by
notifications, messages, translation requests, or agent subtasks.
They nevertheless overlap with foreground rendering at mil-
lisecond timescales, where even short memory bursts can
violate frame deadlines.

However, as a resource-intensive background workload,
LLM inference on smartphones contends for shared resources
and interferes with user-visible tasks (e.g., UI rendering). Our
analysis of co-running an LLM with 25 popular mobile appli-
cations, one foreground app at a time, reveals that the aggre-
gate foreground jank rate surges by 153% and the system’s
peak CPU and GPU performance regresses to levels compara-
ble to smartphones released up to three years ago—translating
into substantially more frequent perceptible stutters, jitters,
and input lags. Crucially, we identify a severe asymmetric
interference pattern: while foreground performance degrades
sharply, the degradation of LLM inference throughput is neg-
ligible. Specifically, when co-running LLM inference with
applications, prefill and decode throughput decrease by only
1.01% and 1.64%, respectively.

To pinpoint the root cause, we profiled hardware subsys-
tems: the degradation is attributable neither to CPU/GPU satu-
ration nor to cache contention, but to a sharp spike in memory
access latency during concurrent inference—i.e., severe con-
tention for shared DRAM bandwidth within the mobile SoC’s
Unified Memory Architecture (UMA).

By further analyzing the software-hardware stack of vari-
ous mainstream mobile SoCs, we reveal that the asymmetry
originates from hardware-level prioritization of the NPU’s
memory traffic. Crucially, this is not a design oversight, but
a consequence of legacy real-time design principle: mobile
SoCs have traditionally treated accelerators (e.g., ISP and
NPU) as latency-critical media engines and granted them
high-priority access to memory. Consequently, best-effort
LLM inference inadvertently inherits this privilege, acquiring
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the same dominant memory bandwidth allocation as latency-
critical media tasks (e.g., video recording). As a result, current
system resource arbitration paradoxically prioritizes LLM in-
ference, causing disproportionate harm to foreground tasks.

Preserving user-visible foreground performance necessi-
tates resolving bandwidth contention between interactive fore-
ground applications and background LLM inference. Specifi-
cally, it is imperative to enable LLM inference to dynamically
yield memory bandwidth to foreground applications.

However, achieving this on commodity devices is impeded
by the rigidity of current mobile SoCs, which pose three
fundamental challenges: First, lack of low-overhead band-
width sensing. Real-time contention sensing requires high-
frequency, precise signals. Most mobile SoCs lack such hard-
ware counters, while software methods incur prohibitive over-
head for online deployment. Second, lack of high-frequency
LLM control knobs. Mobile NPU inference typically exe-
cutes static computation graphs to maximize efficiency, treat-
ing inference as an uninterruptible atomic operation. Third,
lack of efficient bandwidth regulation. Commodity SoCs lack
mechanisms for fine-grained NPU throttling. Coarse-grained
regulation methods (e.g., sleeping or frequency scaling) are
inefficient and underutilize bandwidth.

Our key insight is that speculative decoding—an inference
acceleration technique that decomposes LLM decoding into
draft and verification phases—provides natural opportunities
to introduce yield points, enabling it to be repurposed to regu-
late bandwidth contention without losing inference progress.

Based on this insight, we propose SERENO, a software-
only, foreground-QoS-preserving LLM inference framework
that regulates bandwidth contention. First, to enable sensing,
we derive proxy signals from the latency of execution blocks
during the draft phase of speculative decoding. Observing
a strong positive correlation (R ≈ 0.86) between this proxy
signal and physical memory bandwidth usage, we leverage it
as an endogenous, near-zero-overhead contention probe. Next,
SERENO introduces Elastic Speculative Decoding to trans-
form the draft phase of speculative decoding into fine-grained,
preemptible control knobs. Finally, we introduce a control
system consisting of three bandwidth regulation primitives. It
dynamically orchestrates the primitives’ combination and in-
tensity based on real-time contention, maximizing preserved
progress while releasing bandwidth.

We implement SERENO and conduct extensive evaluations
on commercial smartphones across diverse categories of pop-
ular applications. SERENO substantially mitigates the fore-
ground QoS degradation caused by bandwidth contention.

Relative to an NPU inference baseline, SERENO reduces
the foreground jank rate by up to 92.6% (58.5% on average)
while boosting LLM throughput by up to 67.9% (26.4% on
average). When compared with vanilla speculative decoding,
SERENO can lower the jank rate by up to 72.1% with only
a minor 6.2% performance penalty. Furthermore, SERENO
outperforms the llama.cpp NPU backend, achieving 37.1%
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Figure 1: The New Pareto Frontier. Unlike systems that trade off
LLM throughput for foreground smoothness, SERENO achieves both.
Data are from co-running inference with 25 apps, one at a time.

lower jank and 82.2% higher throughput.
Our contributions can be summarized as follows:

• We are the first to characterize and attribute the asymmetric
performance interference between on-device LLM infer-
ence and concurrent foreground workloads.

• We provide systematic root-cause analysis of fundamental
defects in mobile SoC unified resource management under
LLM workloads.

• We propose a novel repurposing of speculative decoding,
transforming it from an acceleration technique into a mech-
anism that creates fine-grained scheduling windows for
QoS management.

• We present SERENO, the first foreground-QoS-aware
LLM inference framework. On commercial smartphones,
SERENO restores foreground smoothness to near-native
levels while improving LLM throughput, achieving a “win-
win” for user experience and performance (Figure 1).

2 Background
2.1 LLM Inference and Speculative Decoding
LLM inference comprises two phases: a compute-bound pre-
fill phase that processes the prompt to populate KV caches,
and a memory-bound decode phase. The decode phase gener-
ates tokens iteratively; since each step requires reading full
model weights to produce a single token, performance is lim-
ited by memory bandwidth rather than arithmetic throughput.

To accelerate the decode phase, speculative decoding is
adopted: a lightweight draft model proposes a sequence of
candidate tokens, which the full target model then validates in
parallel via a single large-batch forward (the draft and verify
phases). If verification confirms the draft prefix, multiple
tokens are committed at once; otherwise the process rolls
back to the last valid token. This amortizes the high memory
access cost over multiple tokens, typically decoding faster
than autoregressive generation.

2.2 Mobile SoC Architecture and Rendering
Neural Processing Units (NPUs) are designed for compute-
intensive tasks like AI, imaging, and sensor processing. Mo-
bile inference is usually offloaded to NPUs [56, 72]. To maxi-
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mize throughput, NPUs execute pre-compiled static computa-
tion graphs. Once submitted, a graph executes autonomously
within the hardware pipeline as an atomic, run-to-completion
unit. Critically, modern mobile SoCs adopt Unified Memory
Architecture (UMA), i.e., CPUs, GPUs, and NPUs share a sin-
gle DRAM pool and system interconnect. Memory access to
unified memory is mediated by hardware priority arbitration.

The Android UI rendering pipeline is latency-bounded.
Subsystems like Choreographer and SurfaceFlinger [10] co-
ordinate CPU input handling, app-level drawing, and GPU
composition. If the system skips frames, the user perceives
recurring flicker on the screen, referred to as jank [7]. Jank
encompasses two categories: ❶ buffer stuffing, where frames
queue up due to backpressure, manifesting as input lag; and ❷
deadline misses, where rendering exceeds the Vsync interval,
causing visible stutter. We denote the latter as slow rendering
to isolate visual jitter from latency.

3 Interference and Analysis
3.1 Quantifying Interference
Though mobile LLM inference isolates computation on the
NPU, it shares other resources with the rest of the OS. To
quantify interference, we profile a OnePlus 13 (Snapdragon
8 Elite) running Llama-3.1-8B (W4A16) [31] using the Pow-
erServe [66] alongside each of 25 popular foreground apps
individually (selected via previous studies [69, 97] and Play
Store rankings). Each ∼30 s run involves continuous swiping,
with 1024 prefill tokens and 256 decode tokens.
Metrics. We focus on user-perceived fluidity. Using the Per-
fetto [30] toolchain, we report jank rate (percentage of stutter
frames [7]) and the stricter slow rendering rate (frames miss-
ing the Vsync deadline due to execution delays [87]). Notably,
slow rendering produces user-visible jitters, and thus is used
by Google as a quality metric directly tied to app discover-
ability on Google Play [8].
Foreground QoS degradation. Figure 2 (left panel) visual-
izes the impact on user experience, where red bars represent
the jank rate normalized to the native baseline (dashed line at
1.0). While the baseline implies no-LLM-inference smooth
operation, the red bars for latency-sensitive apps increase
sharply under concurrency. For instance, Discord reaches
nearly 18× the native jank rate. This confirms that back-
ground LLM inference substantially degrades QoS across
apps, causing large relative regressions even in highly opti-
mized, lightweight apps. The aggregate jank rate of the 25
apps increases by 153%, while the mean per-app normalized
jank rate shown in Figure 2 reaches 3.13×, and the slow ren-
dering rate shows the same degradation trend—a stuttering,
unresponsive experience.
System peak performance loss. The interference extends to
system peak performance, as detailed in Figure 2 (right panel).
Here, the grey bars depict benchmark scores normalized to
the native baseline. Across both CPU (e.g., GB6 CPU [68])

and GPU (e.g., 3DM Nomad [88]) workloads, the significant
drop in bars induces a 37.2%–49.6% loss in peak through-
put. Effectively, the Snapdragon 8 Elite performs at the level
of hardware from two to three years ago [67, 89], bringing
a $1000 flagship down to the performance tier of a $400
device [4, 5].

Asymmetric performance impact. Crucially, the graphs
highlight a severe asymmetry. In both panels of Figure 2, the
blue lines representing LLM prefill and decode speeds stay
almost flat near the 1.0 baseline. For example, while fore-
ground performance (red bars) degrades sharply, background
prefill/decode throughput degrades by only 1.01% and 1.64%
on average. The same trend appears in benchmark scores. This
implies a systemic priority inversion where latency-critical UI
tasks are starved to feed a best-effort background workload.

3.2 Physical Attribution: Bandwidth
To identify the contended resource, we employ an elimination
method using Simpleperf [9] and Snapdragon Profiler [76].

On the Snapdragon 8 Elite, although matrix computation
is offloaded to NPU cores (HMX [71]), the data and control
paths remain entangled with the host: high-volume DMA
between NPU-internal cache and DRAM traverses the same
interconnect used by the CPU and GPU, the CPU retains the
inference control plane, and NPU vector units (HVX) interact
directly with the cache hierarchy.

Compute and power metrics. Figure 3 plots the normalized
performance ratios of key hardware metrics, where a value of
1.0 (dashed line) indicates the contention-free baseline. Un-
der LLM concurrency, we observe that foreground compute
metrics—specifically IPC, CPU Util, and GPU Util (green
bars)—hover near 1.0. This stability confirms that the CPU
and GPU are not saturated by the background task. Further-
more, we rule out thermal throttling, as core frequencies show
no abnormal drops.

Cache metrics. Similarly, the blue bars of Figure 3 examine
the cache hierarchy. The normalized miss rates for L2 Cache,
Last-Level Cache (LLC), and TLB remain largely unchanged
relative to the native baseline. This flat trend indicates that
NPU traffic does not significantly pollute the shared caches or
thrash TLB entries, ruling out cache contention as the primary
bottleneck.

Unified memory bandwidth metrics. In sharp contrast, the
red bars of Figure 3 reveal substantial regression in the mem-
ory subsystem, with memory latency metrics increasing above
the 1.0 baseline. Specifically, Memory Stall Cycles increase
by 3.8×, and LLC Miss Latency (measured in cycles) in-
creases by 3.5×. GPU memory stall rates exhibit a similar
3.1× spike. These metrics directly quantify the back-pressure
from the DRAM controller. This data confirms that despite the
NPU’s compute isolation, its massive DMA traffic saturates
the shared Unified Memory Architecture (UMA), blocking
CPU/GPU memory requests.
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Figure 2: Interference when co-running LLM inference with each popular application. Background LLM inference severely degrades
foreground QoS (e.g., jank) and peak system performance. Each application is evaluated individually with the background LLM, not concurrently
with the other applications. The interference is asymmetric, as the LLM’s own throughput is barely impacted.
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Figure 3: Root cause analysis: averaged metrics from co-running
LLM inference with 25 applications, one at a time. Compute
and Cache metrics remain flat, while Unified Memory contention
metrics surge 3–4×, pinpointing bandwidth as the culprit. All values
are normalized to Native, i.e., applications running alone averaged.

3.3 Architectural Root Cause Analysis
Why does the system fail to throttle aggressive NPU traffic?
We analyzed the kernel and device tree sources for three flag-
ship SoC families: Snapdragon 8 Elite [65, 75], Dimensity
9400 [57, 64], and Samsung Exynos 2400 [78]. Our analysis
shows that the asymmetry arises from deep-rooted mechanism
gaps and policy misalignments. As Table 1 shows through rep-
resentative Snapdragon and Dimensity evidence, NPU work-
loads remain privileged compared to CPU/GPU workloads;
the Exynos source tree exposes analogous vendor-specific
BTS policy hooks for NPU traffic.
Missing NPU observability and control. Mobile OSes lack
both observability and control handles for the NPU. On Snap-
dragon 8 Elite, governance frameworks like memlat [65] mon-
itor CPU stalls but explicitly exclude NPU traffic, rendering
it “invisible” to the OS scheduler. More critically, we find
a hardware-level void in bandwidth partitioning. While the
CPU cluster supports ARM’s Memory System Resource Par-
titioning and Monitoring (MPAM) [12] to enforce QoS, the
NPU driver stack lacks these hooks. This implies the NPU
operates as an unmanaged bus master: the OS cannot enforce
bandwidth quotas on it even if congestion is detected.
NPU-prioritized arbitration policies. Hardware and
firmware arbitration structurally bias towards the NPU. Static

analysis of the interconnect topology reveals that the NPU
issues traffic through a dedicated on-chip lane (nsp_noc
reaching SLAVE_EBI1) that bypasses the congestion of
the shared multimedia fabric, and it is admitted into the
top arbitration class—priority 0 with urgency forwarding
(prio=0, urg_fwd=1), the same elite tier reserved for the
latency-critical display—despite carrying merely best-effort
LLM traffic. Crucially, this elevated service comes with no
countervailing regulation: the CPU/GPU are reined in by
MPAM bandwidth partitioning, memlat stall accounting,
and thermal cooling maps, whereas the NPU is subject to
none of the three. The few control loops that could otherwise
intervene react far too slowly: while UI rendering demands
strict latency (e.g., sub-8.3 ms for 120 Hz), the system’s
shared bandwidth DVFS governor escalates only after a
coarse hysteresis window (∼64 ms), too slow to intercept
bursty interference. Most starkly, thermal configurations
explicitly exempt the NPU from throttling [64], letting
it sustain aggressive bandwidth consumption even when
the CPU is throttled. On Exynos 2400, the public kernel
exposes Samsung’s Bus Traffic Shaper (BTS) machinery and
NPU-specific npu_normal/npu_performance scenarios,
and the NPU device tree binds its MIF/INT hardware
devices to BTS-controlled units [78]. This supports the
same high-level conclusion: accelerator memory policy is
configured through vendor-specific firmware/device-tree
mechanisms rather than through portable per-application OS
controls.
Rationale and workload mismatch. These privileges are
not an oversight but a design choice. Consider 4K60 video
recording: the image sensor streams massive raw data that the
ISP and NPU must process within strict per-frame deadlines
(<16 ms), so to prevent buffer overflows and dropped frames,
architects established high-priority direct memory paths and
disabled thermal throttling for the NPU. This is well matched
to media-centric workloads but mismatched for persistent,
best-effort AI: an on-device LLM is bandwidth-intensive (like
video recording) yet semantically best-effort (like background
downloading). Unable to distinguish the semantic intent of
NPU instructions, the hardware grants the background LLM
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Table 1: Hardware and OS mechanism gaps and policy misalignments. (✗: constrained / regulated; ✓: privileged / unregulated.) Foreground
units (CPU/GPU) face strict visibility, latency, and thermal constraints, while NPU workloads remain privileged across SoCs [64, 65, 78].

Category Dimension Target SoC Foreground (CPU/GPU) Background (NPU) Code Signature (Source)

Mechanism

Visibility Snapdragon ✗ Sensed ✓ Invisible (Blind Spot) qcom,cpulist excludes NPU
(Monitor) 8Elite (Stall cycles tracked by memlat) (No probe nodes in governor) (sun.dtsi)

Topology Snapdragon ✗ Shared Congestion ✓ Dedicated High-Priority Path nsp_noc connects to SLAVE_EBI1
(Bus Path) 8Elite (Contends on shared gem_noc) (Top tier: prio=0, urg_fwd=1) (sun.dtsi, sun.c)

Partitioning Snapdragon ✗ Granular Task-Level ✓ No MPAM Support enum msc_qcom_id lacks NPU type
(MPAM) 8Elite (cmax, cpbm, prio per PID) (Not in MSC enum: L2/L3/SLC only) (mpam_msc.h)

Policy

Regulation Snapdragon ✗ Needs <8.3 ms ✓ BW DVFS @ ∼64 ms zone1_thres_count = 16
(Latency) 8Elite (120 Hz strict deadline) (Too slow for UI bursts) (icc-bwmon.c)

Thermal Dimensity ✗ Aggressive Throttling ✓ Unrestricted THERMAL_APU_UNLIMIT
(Throttling) 9400 (Strict cooling maps applied) (Explicitly bypasses limits) (mtk_cooler_setting.h)

the same high-priority treatment as a foreground camera, so
it occupies memory paths designed for millisecond-critical
media and delays latency-sensitive UI traffic.
Implication. Because image processing on the NPU is a gen-
uinely critical media task where a single dropped frame is un-
acceptable, silicon vendors will likely continue to enforce this
structural bias. Addressing the contention therefore necessi-
tates a pure-software approach that regulates LLM bandwidth
usage without relying on immutable hardware policies. Cur-
rent vendor toolchains add further constraints: commercial
NPU SDKs (e.g., Qualcomm QNN [74]) compile computa-
tion graphs into fixed static executables with predetermined
batch sizes, and these opaque binaries expose neither per-
operator memory behavior nor fine-grained traffic-shaping
hooks—even inspection tools like Snapdragon Profiler [76]
report only aggregate metrics. These limitations reinforce the
need for a software-level approach that works within existing
vendor ecosystems.

4 Challenges and Opportunities
To bridge this misalignment, our goal is to sense and regulate
memory bandwidth, preserving foreground smoothness while
the LLM runs in the background.

4.1 Key Challenges
Challenge 1: Lack of Low-Cost Sensing. Real-time visibility
into the bandwidth contention is the first prerequisite for effec-
tive contention management. However, mobile SoCs typically
lack accessible fine-grained hardware counters (e.g., MPAM
or high-rate bandwidth PMUs) for the NPU. Software-only
probes can infer DRAM latency, but they incur prohibitive
CPU overhead and compete for the very bandwidth they seek
to measure [23, 82, 90]. Without low-cost, high-frequency
sensing, the system stays blind to the millisecond contention.
Challenge 2: Lack of High-Frequency Control Knobs.
Effective mitigation requires intervening at a frequency
that matches the interference dynamics. Android’s Surface-
Flinger typically performs composition (the most bandwidth-
intensive phase of rendering) in bursty windows, which we
measured at Tcomp ≈ 2.25 ms on average. According to the

Nyquist-Shannon sampling theorem [79], to effectively in-
tercept these transients without aliasing, the control interval
∆tctrl is strictly constrained by ∆tctrl ≤

Tcomp
2 ≈ 1.125 ms. This

theoretical limit conflicts with the realities of mobile NPUs.
Specifically, modern NPU runtime such as QNN [72] exe-
cutes computation graphs as monolithic units for maximal
efficiency. Even with graph partitioning (i.e., chunking), the
smallest runnable unit of an 8B model remains 5–8 ms (> 4×
∆tctrl), making real-time control mathematically infeasible.
Layer-level subdivision of the target model is therefore not suf-
ficient: it creates control points only after long target-model
subgraphs and any pause directly stalls committed decod-
ing progress. Recent efforts [26, 34] to relax static-graph
constraints offer finer control but at steep costs—reducing
prefilling and decoding throughput by over 90% and 50%,
respectively.
Challenge 3: Lack of Efficient Regulation. Even with real-
time sensing of bandwidth contention and sufficient fine-
grained control knobs, we still need a mechanism to yield
bandwidth efficiently. Standard mechanisms like Dynamic
Voltage and Frequency Scaling (DVFS) are ineffective be-
cause NPU energy efficiency degrades at low frequencies
due to prolonged execution time and accumulated static
power leakage [43, 94]. Alternatively, chunk-and-sleep strate-
gies inject sleeps between LLM subgraphs, halting inference
progress during the sleep interval and recovering foreground
QoS only by sacrificing background progress. It is thus chal-
lenging to devise an elastic, soft-throttling mechanism that
can reduce bandwidth pressure while maintaining forward
computation progress.

4.2 Repurposing Speculative Decoding
Of particular interest, we find that speculative decoding of-
fers a unique structural alignment with our requirements for
solving the challenges described above. Speculative decod-
ing structurally consists of a fine-grained, memory-bound
draft phase and a heavyweight, compute-dense verify phase.
The draft phase comprises a sequence of forward passes on
a smaller model that naturally break the original LLM exe-
cution into smaller windows, thereby providing the missing
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fine-grained knobs through draft interruption. The compute-
intensive verification phase, in turn, introduces a complemen-
tary lower-bandwidth stage, offering opportunities for band-
width regulation across phases. This is the key distinction
from subdividing the target model itself: yielding during the
draft phase discards only tentative work, while the target
model still verifies already available candidates and preserves
committed decoding state.

Based on the above analysis, we derive a key insight: rather
than leveraging speculation solely for speed, we can repur-
pose it to serve as a vehicle for memory bandwidth regulation.

Throughput-oriented speculation under contention. How-
ever, translating this structural potential into a QoS mecha-
nism is non-trivial because existing frameworks are designed
to maximize throughput. Frameworks like Medusa [16] or
EAGLE-3 [50] aggressively saturate memory bandwidth to
maximize acceptance rates. Our profiling with EAGLE-3 re-
veals that 94.7% of the decoding time is bandwidth-bound.

Importantly, these algorithms are fragile when operating
under constraints. Specifically, our profiling of EAGLE-3 re-
veals that a naive attempt to yield bandwidth—by enforcing
a 50% bandwidth cap during the verification phase—causes
decoding throughput to drop by 54% relative to the peak.
Moreover, this throttled performance drops 8.4% below the
non-speculative baseline. This negative gain phenomenon
indicates that, without a specialized mechanism, simply throt-
tling speculation can eliminate its benefits entirely.

5 SERENO Design
To enable the seamless coexistence of always-on background
intelligence and interactive foreground experiences, we pro-
pose SERENO, a pure-software inference framework that re-
solves foreground–LLM bandwidth contention via a sub-
millisecond Sense-Decide-Act loop that dynamically regulates
the LLM’s NPU bandwidth usage.

Design goals. SERENO pursues two objectives to resolve
asymmetric foreground performance degradation. ❶ Fore-
ground Protection: SERENO should restore foreground
smoothness to near-native levels by strictly limiting mem-
ory bandwidth during interactive bursts; ❷ Efficient Yielding:
SERENO should maximize background LLM throughput by
avoiding zero-progress yields (e.g., long sleeping) that waste
resources.

Design constraints. Despite the challenges we introduce
in §4.1, SERENO is designed to be deployable on commod-
ity smartphones, imposing strict boundaries: ❶ Immutable
Hardware: We cannot modify SoC interconnect priorities,
requiring software-only solutions; ❷ User-Space Constraint:
To ensure compatibility, we avoid relying on vendor-specific
kernel or driver modifications; ❸ Black-Box NPU: We must
accommodate the opaque nature of commercial NPUs, where
computation graphs are static and their execution is atomic.
Meanwhile, the batch size of each graph must be fixed at

export time, which is required by current NPU runtime [70].

System workflow. The control loop, illustrated in Figure 4,
begins with the Contention Sensor (§5.2), which derives a
real-time Contention Score from the execution latency of draft
subgraphs. This score feeds into the Controller (§5.3), which
computes the necessary yielding intensity. These decisions
drive the Elastic Speculative Decoding engine (§5.1): during
the draft phase, the controller may trigger an instant Draft
Preemption to halt the memory bandwidth usage, employing
N-gram Filling to compensate for incomplete speculative to-
kens. Then, Selective Batching chooses the execution graph
with the appropriate batch size from the pre-exported graphs.
Finally, the workflow transitions to the verification phase,
where micro-sleeps might be injected to regulate the remain-
ing bandwidth demand before the next cycle begins.

5.1 Elastic Speculative Decoding
To address the lack of fine-grained control knobs, SERENO
introduces Elastic Speculative Decoding. We transform the
monolithic inference process into a sequence of interruptible,
fine-grained units, enabling the system to take actions at sub-
millisecond timescales without sacrificing model correctness.

Preemptible draft execution. We leverage the inherent
discardability of the speculative draft phase to create high-
frequency intervention points. Unlike conventional designs
that execute the draft model as a single atomic phase, we
refactor it into a chain of fine-grained units.

Using the vendor SDK (e.g., QNN [72]), we compile the
draft model at the granularity of individual Transformer layers.
We use subgraph to denote one statically compiled NPU
executable containing a contiguous set of operators, such as
one draft Transformer layer or one verification-layer group.
For the draft model, this creates execution subgraphs with sub-
millisecond latency. At any subgraph boundary, SERENO can
trigger an instant preemption: discarding the remaining draft
steps and immediately transitioning to the verification phase.
This converts the NPU from a run-to-completion black box
into a preemptible task that can release memory bandwidth
almost instantly upon foreground contention.

Crucially, we retain the static graph: unlike approaches that
fall back to inefficient dynamic operators for flexibility [34],
our method maintains near-native NPU execution efficiency.

N-gram candidate filling. Draft preemptions inevitably re-
duce the number of speculated tokens, potentially harming
decoding throughput. To mitigate this penalty, SERENO em-
ploys a low-cost N-gram Filling mechanism to replenish the
empty slots in the verification batch. When the neural draft
produces fewer candidates than the selected verification batch
can hold, SERENO looks up the latest committed token se-
quence in a local n-gram cache and appends the most likely
continuation tokens as additional tentative candidates. These
tokens are verified by the target model in the same way as
neural draft tokens, so incorrect n-gram candidates are re-
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Figure 4: Design overview of SERENO. A Sense-Decide-Act loop to dynamically regulate LLM inference’s NPU bandwidth usage.

jected without changing output semantics. We introduce three
optimizations to standard N-gram speculation to maximize ac-
ceptance rates using only local context: ❶ Multi-source Con-
struction: We build the N-gram cache by integrating tokens
from three weighted sources: verify outputs (high confidence),
prompts (medium), and crucially, rejected draft sequences
(low). This recycles valuable local context that is originally
discarded. ❷ Self-Purifying Cache: We filter candidates via
hit-frequency tracking, automatically evicting low-quality se-
quences to suppress noise. ❸ Adaptive Length Weighting:
We employ mixed x-gram lengths (e.g., 2-gram, 3-gram, . . . ),
assigning higher weights to longer matches (capturing seman-
tics) and lower weights to short collocations. This prevents
noise from short-context matches. These enhancements let
SERENO recover speculation candidates even when the neural
draft phase is preempted early.

Selective batching. While the draft phase provides pre-
emptible knobs, the verification phase offers various band-
width control mechanisms. We pre-compile multiple verifica-
tion graphs with varying batch sizes (e.g., B = 8,16,32) that
share weights but differ in parallelism, resulting in varying
bandwidth usage during verification.

During verification, SERENO dynamically selects the ap-
propriate graph based on the contention sensor’s output. We
characterize each verification graph by its absolute average
memory-bandwidth demand while it runs. This is a graph-
level bandwidth pressure metric, not a per-candidate cost:
normalizing the measured bandwidth of the B = 1 verifica-
tion graph to 1.00, the demand falls to 0.82/0.79/0.74 for
B = 8/16/32 and further to 0.61/0.38 for B = 64/128. Larger
verification batches expose more parallel candidate work
for roughly one target-model weight traversal, lowering the
graph’s average bandwidth demand, but they also form longer
atomic verification bursts. This does not imply universally
higher end-to-end throughput: larger verification batches re-
quire more candidate tokens, which may force additional draft
work or lower-confidence n-gram candidates before verifica-
tion can run. The resulting spread in bandwidth levels gives

SERENO scheduling room: under heavy memory contention,
SERENO switches to lower-bandwidth larger-batch verifica-
tion graphs and relies on micro-sleeps between verification
subgraphs to break up the burst. Under low contention, it
prefers smaller graphs to minimize draft waiting and preserve
decoding latency [91].

5.2 Endogenous Contention Sensing
Sensing rationale. To sense bandwidth contention, DRAM
latency is the primary indicator [44, 45]. As highlighted in
§4.1, conventional methods (e.g., pointer chasing) that mea-
sure DRAM latency incur prohibitive overhead. However,
we observe that the memory-intensive LLM decoding step
mimics these latency probes: it generates sequential DMA
transfers between NPU SRAM and DRAM that inherently
bypass host caches. Crucially, while synthetic probes require
multiple rounds to resolve noise, the sheer volume of data pro-
cessed in a single LLM step ensures high signal robustness
against transient system noise. Therefore, instead of intro-
ducing external monitors, we leverage the latency of LLM
workload itself as an endogenous, zero-cost contention sensor.

Based on this insight, SERENO repurposes the execution
latency of fine-grained draft phase subgraphs as a real-time
contention proxy. This signal is fully endogenous and nearly
zero-overhead: it utilizes timing data captured during the
decoding, eliminating the need for hardware counters or intru-
sive micro-benchmarks. When foreground applications con-
tend for the memory bus, the resulting memory stalls manifest
directly as latency spikes in subgraph execution.
Reactive sensing rather than prediction. SERENO uses
reactive sensing because foreground behavior is dominated
by user input, app-specific rendering paths, and OS composi-
tion timing. Predicting these bursts would require app-specific
models and would either miss rare interactions or over-throttle
inference conservatively. In contrast, the draft-subgraph sig-
nal is available at sub-millisecond granularity with no extra
memory traffic, so the controller can react within the same
timescale as rendering bursts while smoothing noise through
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hysteresis and PI control.

Calibration. Specifically, we observe that static graph fusion
strategies cause significant latency variance among Trans-
former blocks (e.g., up to 37% difference in Llama-3.2-1B).
This is likely due to non-uniform compiler optimizations, such
as different memory alignments and tensor tiling strategies
assigned to specific graph nodes. Crucially, despite this spatial
variance, the execution latency of any specific subgraph is
temporally stable across iterations due to the deterministic
nature of NPU static graphs. Therefore, SERENO performs a
one-time offline calibration to profile the baseline distribution
for each unique subgraph in a contention-free environment.

Runtime contention score. At runtime, we compute a nor-
malized Contention Score per executed draft subgraph: CS =
(Tactual −Tbaseline)/Tbaseline, where T represents subgraph exe-
cution latency. As demonstrated in §7.3, this software-defined
metric exhibits a strong correlation (R ≈ 0.86) with physi-
cal Memory Stall Cycles per LLC Miss. This confirms that
CS serves as a high-fidelity proxy for physical bandwidth
contention.

5.3 Bandwidth Controller
To orchestrate the sensing signals and elastic knobs, SERENO
implements a closed-loop control system comprising a hierar-
chical actuation mechanism and a feedback-driven controller.
This design minimizes throughput loss while responding to
sub-millisecond contention transients.

Actuation primitives. We define three actuation primitives,
ordered by their aggressiveness in yielding bandwidth. Level
❶: Draft Preemption (instant relief). Since the draft phase
executes with Batch=1 (high memory intensity), it saturates
bandwidth most aggressively. Preempting the draft phase im-
mediately releases the bus and stops occupying the bandwidth.
Level ❷: Selective Batching (coarse adjustment). Upon pre-
empting to the verification phase, the controller selects be-
tween precompiled graphs (e.g., Batch=16 vs. 32). It prefers
smaller batches for low-latency progress under light con-
tention, but switches to larger batches when moderate yield-
ing should lower the verification graph’s bandwidth demand.
Level ❸: Micro-Sleeps (fine-tuning). While batch selection of-
fers discrete control steps, micro-sleeps allow for continuous
modulation of the bandwidth duty cycle during the verifi-
cation phase. The controller injects precise sleep intervals
only between verification subgraphs, not inside a running
NPU graph. Because each target-model verification subgraph
lasts 5–8 ms, a 1–2 ms sleep between subgraphs reduces the
average verification bandwidth duty cycle by roughly 10–
25%. This primitive complements draft preemption: preemp-
tion handles immediate relief during the high-bandwidth
draft phase, while micro-sleeps fine-tune residual verification-
phase pressure.

Controller. To dynamically orchestrate the actuation primi-
tives, SERENO employs a standard Proportional-Integral (PI)

controller [36], a classic feedback mechanism that modu-
lates control inputs to minimize the error between a measured
state and a desired setpoint. The controller computes the er-
ror term e(t) =CSmeasured −CStarget , where CSmeasured is the
real-time contention score and CStarget is the maximum allow-
able contention. Formally, the control output u(t) is derived
as u(t) = Kpe(t)+Ki

∫ t
0 e(τ)dτ. The proportional term (Kp)

drives immediate reaction to the current error magnitude,
while the integral term (Ki) accumulates historical errors to
eliminate steady-state offset [13, 40, 41].

We specifically exclude the derivative term due to the
stochastic nature of mobile system signals: the execution
latency of LLM subgraphs contains minor noise from schedul-
ing jitters and transient DRAM contention, which a derivative
term would amplify into erratic control outputs and oscilla-
tion.

The controller’s output u(t) represents the aggregated yield-
ing intensity. We employ a phase-aware mapping strategy to
translate this continuous signal into discrete primitives: In the
draft phase, we disable micro-sleeps to maximize speculative
efficiency when the bus is free. Given the high bandwidth
intensity of drafting, we enforce an aggressive preemption
threshold: even a low magnitude u(t) triggers immediate draft
preemption. This ensures the system yields bandwidth instan-
taneously at the first sign of contention rather than stalling on
speculative work. In the verification phase, u(t) drives graded
regulation to maintain progress. The signal is first mapped
to selective batching (choosing larger batches for high u(t)),
and then linearly mapped to micro-sleep durations inserted
between subgraphs for fine-grained throttling.

To prevent oscillation from transient noise, we further apply
a hysteresis filter to the draft preemption decision, requiring
consecutive violation samples before triggering.

Minimum throughput guardrail. To prevent starvation,
SERENO incorporates a Token Bucket mechanism that over-
rides the PI controller. The bucket fills at the instant generation
rate and drains at a configurable baseline rate. This creates a
three-stage gradation: ❶ Nominal Enforcement: As long as
the bucket contains tokens over the lower bound (e.g., 10% of
the maximum capacity), the system runs as normal. ❷ Adap-
tive Relaxation: Upon depletion below the lower bound, the
system automatically relaxes the CStarget (raising the con-
tention threshold), reducing yielding frequency to help the
background task recover throughput. ❸ Fail-Safe: Under per-
sistent deficit (i.e., if the bucket remains empty for a sustained
duration), SERENO temporarily disables QoS interventions,
falling back to standard speculative decoding to accelerate.

While these relaxations theoretically reintroduce some in-
terference, it is a necessary compromise to ensure service
continuity. Crucially, our evaluation (§7.2) demonstrates that
even with this mechanism active in resource-constrained sce-
narios like Heavy Gaming, SERENO still delivers substantial
QoS optimization compared to the uncontrolled baseline.
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6 Implementation
Environment & framework. We implemented SERENO on
Snapdragon chipsets using the Qualcomm QNN SDK (ver.
2.39) [74], atop the open-source PowerServe [66].
Core modules. SERENO adds ~6.4k lines of C++ code. ❶
Elastic Speculative Decoding (~2.8k LoC) manages the inter-
ruptible substrate. It carefully manages in-flight states and KV
caches during preemptions without polluting committed state,
guaranteeing consistency. ❷ Bandwidth Controller (~2.7k
LoC) refactors the decoding loop for control and contains a PI
controller to dynamically orchestrate the actuation primitives.
❸ Contention Sensor (~0.9k LoC) injects timer hooks directly
into operator paths to derive the real-time contention score.
Automated tuning. For portability, we provide a Ziegler-
Nichols [108] calibration script that sweeps the proportional
gain under synthetic loads to find the ultimate gain (Ku)—the
point where the contention signal sustains oscillation [14, 15,
33]—then derives stable coefficients (Kp, Ki) tailored to the
SoC from Ku and the oscillation period.
Policy instantiation. We instantiate two policies to address
distinct QoS requirements: ❶ Policy A: Balanced Mode is our
default policy targeting daily multitasking. It sets a moderate
contention threshold (CStarget = 0.15, permitting 15% latency
hike) and enables the throughput guardrail (12 tokens/s for
filling the bucket) to prevent starvation, balancing the smooth-
ness and throughput. ❷ Policy B: UI-First Mode is a strict
policy targeting competitive gaming; it enforces a tight thresh-
old (CStarget = 0.07) and disables the throughput guardrail,
prioritizing zero foreground stalls over LLM inference speed.

7 Evaluation
We evaluate SERENO by addressing four questions: ❶ End-to-
End Effectiveness: How does SERENO perform in terms of
foreground QoS and background LLM inference throughput
compared to industry SOTA solutions and naive strategies?
❷ Mechanism Analysis: Does SERENO mitigate hardware
bottlenecks? Do its software-aware signals and scheduling
decisions function as intended? ❸ Ablation Study: What
are the contributions of individual components? ❹ System
Analysis: What are SERENO’s overheads and robustness?

7.1 Experimental Setup
Hardware & Environment. Our primary testbed is the One-
Plus 13 (Snapdragon 8 Elite), alongside a OnePlus 12 (8
Gen 3) for generality. Both feature a heterogeneous architec-
ture where the CPU, GPU, and Hexagon NPU share 24 GB
LPDDR5X unified memory. We measure full-system power
with a power meter [17] and ensure no uncontrolled DVFS
downclocking during experiments.
Workloads. We deploy Llama-3.1-8B-Instruct (W4A16).
We use 15 diverse prompts from the GSM8K dataset [21]
to cover varying prefill/decode complexities. In §7.5, we fur-
ther discuss the generalization to other models.

Based on 25 popular applications in §3.1, we add 5 heavy
games into the list and categorize these 30 applications
by resource intensity from light to heavy: ❶ Tools (e.g.,
Chrome): bursty CPU loads; ❷ Social (e.g., WeChat): rich
media list scrolling, with mixed CPU/GPU loads; ❸ Media
(e.g., YouTube): multimedia decoding, with steady CPU/GPU
loads; ❹ Gaming (e.g., Genshin Impact): sustained CPU/GPU
loads and memory pressure.

Automation scripts replay fixed operation sequences: non-
game apps simulate scrolls or clicks at ~1 Hz; game loads
run complex control loops (e.g., camera rotation, jumps) at
~2 Hz. Each experiment runs one foreground application at a
time with the background LLM; the 30 applications form a
benchmark suite rather than a concurrent workload.

Protocol. We report the mean of 15 runs (~45 s each, one
per prompt), excluding the two largest and smallest values.
Continuous decoding serves as the default stress test to ex-
pose worst-case overlap with foreground rendering; we fur-
ther evaluate a sporadic invocation pattern in §7.2 to capture
assistant-style usage where bursts are short but still coincide
with rendering deadlines.

Baselines. We compare SERENO against three categories
of baselines. ❶ Native: Foreground only (i.e., the upper
bound). ❷ SOTA Frameworks: PowerServe [66] (QNN-
based), llama.cpp [27] (CPU/GPU(opencl)/NPU backends),
and MNN [55]. ❸ Strategies: Implemented within Pow-
erServe to represent standard approaches, including Freq-
Limit (static NPU frequency capping to ~50% frequency),
Chunk-Sleep (fixed 50% duty cycle sleep), and Specula-
tive (throughput-oriented speculative decoding schemes like
EAGLE-2 [48]). For SERENO and Speculative, we use Llama-
3.2-1B-Instruct (W4A16) as the draft model.

Metrics. For foreground QoS, we extract jank rate and slow
rendering rate from Perfetto FrameTimeline [87]. To evaluate
system peak performance, we use Geekbench 6 and 3DMark
scores [68, 88]. For background performance, we measure
throughput (tokens/s) and latency in prefill and decode phases.
Micro-architectural metrics are collected via Snapdragon Pro-
filer [76] and simpleperf [9].

7.2 End-to-End Effectiveness
This section evaluates SERENO in multitasking scenarios, as-
sessing whether it preserves foreground QoS and peak system
performance while maintaining competitive background LLM
throughput. Unless otherwise stated, we utilize the default
Balanced Policy (§6).

Comparison with SOTA frameworks. We first compare
SERENO against SOTA frameworks (Figure 5 top row). Un-
controlled NPU inference (PowerServe) causes substantial
foreground QoS degradation: taking Social workloads as
an example, the jank rate increases to 22.12% (vs. Native
6.18%, top left panel) while the slow rendering rate also in-
creases to 3.7× the Native baseline (1.08% vs. 0.29%, top
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Figure 5: End-to-end effectiveness. SERENO restores foreground QoS to near-native levels while maintaining competitive throughput against
SOTA frameworks (a,b) and naive strategies (c,d). Each foreground application is evaluated individually with the background LLM. L.cpp
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right panel). Other frameworks also fail to resolve this con-
tention: llama.cpp-GPU suffers high interference (16.92%
jank rate) due to shared memory bottlenecks. MNN’s jank rate
is 13.55%, and its throughput is severely reduced to 3.78 to-
kens/s. SERENO substantially mitigates this interference, sup-
pressing the Social jank rate to 8.14% (approaching Native’s
6.18%)—eliminating most induced stutter—while sustaining
16.00 tokens/s. SERENO delivers up to 92.6% reduction in
jank rate and 67.9% increase in throughput in comparison
with PowerServe. On average across all categories, SERENO
achieves a jank rate of 6.21% (Native is 4.91%) and a slow
rendering rate of 0.44% (Native is 0.35%), effectively restor-
ing near-native fluidity. Compared to PowerServe, SERENO
reduces the jank rate by 58.5% and improves throughput by
26.4%. Compared to llama.cpp-NPU, SERENO reduces the
jank rate by 37.1% and improves throughput by 82.2%.

Comparison with scheduling strategies. The scheduling-
strategy comparison (Figure 5 bottom row), against aggres-
sive (Speculative) and conservative (Chunk-Sleep, Freq-Limit)
baselines, highlights the necessity of SERENO’s elastic design.
While speculative decoding (speculative in the figure) maxi-
mizes throughput (19.84 tokens/s), its unregulated bandwidth
usage keeps the Social jank rate high at 15.38% (far above
the Native’s 6.18%). SERENO trades a moderate throughput

(16.00 tokens/s) to bring the jank rate down to 8.14%, sig-
nificantly approaching the Native baseline. Under Reader
application, SERENO achieves a 72.1% jank rate reduction
with only a 6.2% throughput degradation. Regarding con-
servative strategies, Freq-Limit proves to be ineffective: by
capping NPU frequency to ~50%, it suffers from both low
throughput (6.74 tokens/s) and high interference (18.55% jank
rate), as it lacks the responsiveness to handle micro-bursts.
Chunk-Sleep behaves similarly, and the trend holds across
categories. Overall, SERENO achieves 2.5× the throughput of
these naive strategies while maintaining lower average slow
rendering (0.44%), showing that SERENO’s sub-millisecond
elasticity improves the QoS-throughput balance.

System peak performance. Figure 6 evaluates the recovery
of system peak performance using both SERENO policies (the
-A and -B suffixes denote the two policies in §6). In Gam-
ing scenarios, uncontrolled inference degrades scores to 51%
of Native levels. For SERENO, balanced policy recovers this
to 73% while maintaining high throughput (10.56 tokens/s),
offering a middle ground better than uncontrolled execution.
For maximum foreground protection, strict policy further pri-
oritizes other tasks, restoring scores to 84% and GPU scores
to 92% (vs. PowerServe’s 59%). A critical comparison arises
with MNN: while MNN achieves a high benchmark score
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(88%), it does so by throttling inference to a negligible 2.25
tokens/s. In contrast, SERENO (strict policy) maintains 5.25
tokens/s in the same scenario, indicating true resource elastic-
ity rather than simple pausing.
Latency. Finally, Figure 7 analyzes the request turnaround
time (512 prefilling tokens + 128 decoding tokens), aver-
aged over the 30-application benchmark suite with one fore-
ground app running at a time. SERENO’s end-to-end latency
(10.21 s) is 9% lower than the uncontrolled PowerServe base-
line (11.25 s). This result stems from the underlying specula-
tive acceleration: although the prefill phase is slower (2.09 s
vs. 0.99 s) due to the smaller batch sizes required for pre-
emptibility, the accelerated decode phase compensates for
this delay. Among all systems, SERENO exhibits only slightly
higher latency than Speculative, as the latter ignores other
tasks to solely focus on inference acceleration.
Sporadic workload evaluation. We model SERENO under
a sporadic invocation pattern using OnePlus 13. To simulate
realistic intermittent usage scenarios, we sweep four invo-
cation schedules, covering short intermittent requests such
as notification summarization, smart reply, and short transla-
tion [11, 28, 77]. Each schedule holds the invocation period
fixed at 50 s and varies only the decode-burst fraction, giving
10/40 s, 20/30 s, 30/20 s, and 40/10 s (burst/idle) schedules,
i.e., duty cycles of 20%, 40%, 60%, and 80%. The lightest 10 s-
burst/40 s-idle point reflects a single short assistant turn (e.g.,
a notification summary) per user think-time interval; sweep-
ing toward the 40 s-burst/10 s-idle point progressively stresses
the system with denser back-to-back invocations. For the
foreground, we deliberately use lightweight, latency-sensitive
applications from the categories that realistically co-occur
with sporadic assistant turns—Tools, Social, and Media (5
applications in total)—rather than heavy workloads such as
gaming. This matches the common case for short background
invocations and is also a conservative setting: because such
apps already render near the smoothness ceiling, the fore-
ground has little slack to absorb interference, so any residual
stutter is directly attributable to the background LLM rather
than to foreground load itself. We construct 5 min traces cov-
ering six bursts for each system–application pair. Effective
throughput is reported as the total committed tokens divided
by wall-clock time, including idle intervals; therefore, it cap-
tures both useful decoding progress and the idle gaps imposed

by sporadic invocation.
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Figure 10: Sporadic workload sensitivity. We vary the decode-
burst/idle schedule while keeping the trace length fixed. Effective
decoding TPS includes idle intervals in the denominator.

Figure 10 reports the resulting sensitivity sweep. As the
scheduled duty cycle increases, effective decoding through-
put rises almost linearly for all systems because the LLM is
active for a larger fraction of wall-clock time. At the same
time, foreground interference remains visible: PowerServe’s
jank rate rises from 1.64% to 2.51%, and throughput-oriented
speculative decoding stays between 1.59% and 1.90% jank
across the sweep. SERENO consistently provides the lowest
jank rate, ranging from 0.72% to 1.16%, roughly halving Pow-
erServe’s jank at each duty cycle. Absolute jank rates here are
well below the continuous stress test (Figure 5), as expected
from the lighter foreground load and reduced duty cycle; the
meaningful signal is thus the consistent relative gap between
systems, not the absolute floor. The throughput tradeoff is also
bounded. SERENO achieves 3.38 and 6.78 effective tokens/s
at 20% and 40% duty cycles, respectively, and remains ahead
of PowerServe at the heavier 60% and 80% settings (8.48 and
11.32 effective tokens/s). Thus, increasing the burst frequency
stresses all systems, but the relative conclusion is unchanged:
intermittent LLM invocations still perturb foreground render-
ing when they overlap with user interaction, and SERENO’s
fine-grained yielding preserves a better QoS–throughput bal-
ance under both light and heavy sporadic load.

7.3 Mechanism Analysis
We dissect SERENO’s internal mechanisms to validate three
design principles: reducing memory contention, ensuring sig-
nal fidelity, and achieving dynamic elasticity.
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Physical bottleneck mitigation. Figure 8 validates that
SERENO addresses the root cause: shared memory contention.
We quantify this using Stall Cycles Per LLC Miss (CPLM)—
derived as the ratio of memory stall cycles to LLC misses
(calculated as PMU counter CYCLE_BACKEND_MEM_STALL /
LLC_MISS). CPLM serves as a high-fidelity proxy for the
effective DRAM latency perceived by the CPU.

Under uncontrolled NPU inference (PowerServe), the av-
erage CPLM surges to 7.15 cycles, 2.6× the Native baseline
(2.76 cycles), confirming that NPU DMA activity saturates
the interconnect. SERENO effectively regulates this traffic,
pulling the average CPLM down to 4.17 cycles—a 42% reduc-
tion compared to the uncontrolled baseline. Even in the most
bandwidth-starved Gaming scenario, SERENO outperforms
throttling strategies like Chunk-Sleep (6.41 cycles), reduc-
ing CPLM by a further 14%. This indicates that SERENO’s
high-frequency knobs and fine-grained yielding are signifi-
cantly more effective at clearing memory bus congestion than
coarse-grained sleep or unoptimized execution.
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Figure 11: Signal correlation. CI stands for confidence interval.

Signal accuracy. The efficacy of our control loop hinges
on the accuracy of SERENO’s Contention Score. Figure 11
correlates our zero-overhead signal (draft subgraph latency)
against CPLM. Across 125,060 samples ranging from light
social scrolling to heavy gaming, we observe a strong linear
correlation when CPLM ≤ 22 (Pearson R ≈ 0.86). This corre-
lation allows SERENO to sense congestion at sub-millisecond
granularity without software overhead or hardware perfor-
mance counters.

Controller actuation behavior. Figure 9 shows the dynamic
distribution of execution modes. Under the default balanced
policy, the distribution remains stable across standard work-
loads, with Draft occupying about 35–40% of the total time.
In Gaming scenarios, the reduction in Draft (to 36.3%) is
moderated by the Minimum Throughput Guarantee, which
limits yielding to preserve baseline inference performance.
To validate the mechanism’s full adaptive range, we analyze
the strict policy (Gaming-B) where this throughput constraint
is disabled. Under this configuration, the system exhibits a
substantial mode shift: the Draft time share drops to 20.1%,
while the low-bandwidth, larger-batch verification mode rises
to 41.7% (vs. 6.6% in default). This confirms that the con-
troller effectively reconfigures the inference pipeline to reduce

memory bus occupancy when policy constraints permit.

Controller effectiveness. Taken together—a stable input
signal (R = 0.86), the 42% CPLM reduction, and a policy-
driven Gaming mode shift that also raises micro-sleep time
from 1.0% to 6.9%—these results show that the PI controller
is not merely enabling static throttling: it maps measured
contention into graded, phase-specific actions, all without a
separate hardware mechanism.

Speculative acceptance and rejection. We also inspect the
speculative statistics recorded by SERENO’s runtime. Across
SERENO runs in the continuous stress test with instrumenta-
tion, the tentative-token acceptance ratio is 18.9% on average,
corresponding to an 81.1% rejection ratio. This token-level
ratio is lower than throughput-oriented speculative decoding
(30.4% acceptance in the instrumented baseline runs), and
we emphasize that this gap is a deliberate design choice of
SERENO rather than an unintended side effect. To minimize
memory bandwidth occupancy under contention, SERENO
intentionally (i) verifies in larger batches that amortize target-
model weight traffic over more candidates, and (ii) adopts
a more aggressive draft-abort policy that preempts the draft
model whenever foreground bandwidth pressure rises. Both
decisions trade per-token acceptance for bandwidth head-
room; the resulting throughput loss is then compensated by
N-gram Filling, which recycles high-confidence candidates
to keep useful work flowing through the larger verification
window. Correctness is unaffected because every candidate,
whether produced by the draft model or the n-gram cache, is
verified by the target model before commitment. Importantly,
the higher rejection rate does not blow up the energy bud-
get: as reported in Figure 13, SERENO reaches 3.52 tokens/J
versus 3.78 tokens/J for throughput-oriented speculative de-
coding, a modest ∼7% efficiency gap. The marginal energy of
a rejected candidate is small—the draft model is lightweight
and verification is batched, so the extra candidates ride along
amortized target-model weight traffic rather than adding pro-
portional compute—and SERENO’s race-to-sleep behavior
recovers static-power leakage by completing useful work at
high-performance operating points before yielding. We there-
fore attribute the bulk of the efficiency gap to control-plane
overhead and forced yielding rather than to wasted draft work.
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Figure 12: Ablation with dual axes: QoS and throughput.
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7.4 Ablation Study

Component ablation. We quantify each component’s contri-
bution by enabling them one at a time on four representative
apps (Chrome, WeChat, YouTube, and Genshin) covering all
categories, as shown in Figure 12.

The baseline, i.e., standard speculative decoding, achieves
the highest throughput (19.7 tokens/s) but suffers from a high
jank rate of 8.5% (Native is 3.0%) due to unregulated memory
bursts. Introducing Draft Preemption is the largest single inter-
vention because it targets the bandwidth-dominant draft phase:
it reduces the jank rate by 47% (to 4.5%). This confirms that
sub-millisecond preemptibility is the primary prerequisite for
responsiveness. The remaining components address different
phases rather than competing with draft preemption. Selective
Batching regulates verification by selecting lower-bandwidth
verification graphs at a throughput cost, reducing jank from
4.5% to 4.2% while throughput changes from 13.9 to 13.3
tokens/s. Micro-Sleeps further handle residual verification
bursts, lowering jank to 3.6%. However, this rigorous protec-
tion comes at a cost, reducing decoding throughput to 12.9
tokens/s. Crucially, N-gram Filling is not a contention-control
primitive; it compensates for the throughput loss caused by
preemption, recovering throughput to 15.6 tokens/s (+20.9%
over the preemption+batch+sleep configuration) without com-
promising QoS.

This ablation demonstrates that SERENO’s components
are non-redundant and complementary: the control plane
(Draft Preemption/Selective Batching/Micro-Sleeps, §5.3) es-
tablishes the safety boundary for foreground tasks, while the
algorithmic plane (N-gram Filling, §5.1) maximizes the uti-
lization of the remaining bandwidth budget.

N-gram filling ablation. To isolate the impact of our N-
gram Filling enhancements, we follow the setup in §7.4
but operate in a contention-free environment. We restrict
the neural draft model to 12 tokens and use N-gram Filling
to pad the verification batch up to 32 tokens. This forces
prediction on distal tokens, where model confidence is typ-
ically lower. Under this constraint, a naive baseline yields
an acceptance rate of 0.64% and a throughput of 14.42 to-
kens/s. Integrating Multi-source Construction provides the
first major improvement—increasing throughput to 16.40 to-
kens/s (+13.7%)—which confirms the value of recycled drafts.
Subsequently, applying Self-Purifying and Adaptive Length
Weighting further improves the acceptance rate to 2.59% and
lifts the final throughput to 18.06 tokens/s. Collectively, these
optimizations recover 25.2% of the decoding speed lost due
to preemptions.

7.5 System Analysis

We evaluate the practical deployability of SERENO by analyz-
ing its energy efficiency, hardware generality, task robustness,
and resource overhead.
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Figure 13: Energy efficiency. Abbreviations follow Figure 7.

Energy efficiency. Mobile inference is strictly energy-
constrained. Figure 13 compares system-wide energy effi-
ciency (tokens/J). SERENO achieves 3.52 tokens/J, signifi-
cantly outperforming CPU-based solutions (1.81 tokens/J)
and naive strategies like Chunk-Sleep (2.07 tokens/J). Al-
though SERENO’s efficiency is slightly lower than Specula-
tive (3.78 tokens/J) due to the control overhead and forced
yielding, it offers a better trade-off than heuristic throttling.
This efficiency gain over Chunk-Sleep stems from a race-to-
sleep strategy: SERENO utilizes the NPU’s high-performance
operating points to complete valid work quickly before yield-
ing, while naive throttling prolongs execution time, incurring
higher accumulated static power leakage.
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Figure 14: Robustness compared across generations. Jank rate
reduction is compared with PowerServe.

Hardware generality. To verify hardware robustness, we
replicate experiments on a Snapdragon 8 Gen 3 device (Fig-
ure 14). For CPU-dominant workloads like Tools and Social,
SERENO maintains consistent effectiveness on the Gen 3 de-
vice, achieving jank rate reductions of 58.79% and 62.34%
respectively, similar to the Snapdragon 8 Elite’s 56.82% and
59.23% reductions. However, in Gaming scenarios, the re-
duction drops from 52.03% (Elite) to 29.70% (Gen 3). This
is because the weaker Gen 3 GPU/CPU makes jank frames
often stem from compute saturation rather than bandwidth
contention, and SERENO’s bandwidth regulation is naturally
bounded once the bottleneck shifts to compute—though it
remains effective in bandwidth-bound scenarios.
Task and model robustness. LLM speculation acceptance
rates vary by task complexity. We use three applications
(Chrome, WeChat, YouTube) to evaluate SERENO across three
distinct datasets: ShareGPT, GSM8K, and HumanEval, ran-
domly selecting 150 prompts from each. Despite semantic
differences, SERENO maintains a stable throughput (15.89–
17.16 tokens/s) and consistent jank rate (7.45–8.12%), con-
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firming that our endogenous signal detects physical memory
pressure regardless of token distribution. We did not evaluate
output accuracy, as SERENO is lossless by design.

We standardize on the Llama family as representative of
Transformer workloads with invariant memory access pat-
terns. Our 1B-parameter draft model is relatively large for
on-device use, establishing a conservative lower bound on
control granularity: smaller drafts (e.g., <500M) incur lower
per-layer latency, offering finer preemption points and further
enhancing SERENO’s responsiveness.

System overhead. Compared to the PowerServe baseline,
SERENO introduces a marginal CPU utilization increase of
~4.7% (on a single core) due to the bandwidth controller
and N-gram Filling. Regarding memory footprint, the system
incurs an additional 0.86 GB usage (+19%). This increase
is dominated by draft-model weights—an inherent cost of
speculative decoding—not SERENO’s control logic; the pre-
compiled static graphs specific to SERENO add a negligible
<70 MB. Given modern 12 GB+ RAM, this is a justifiable
trade-off for the interactivity gains.

8 Related Work & Discussion
Efficient On-Device LLM Inference. Optimization tech-
niques such as quantization [51, 85] and sparsity [6, 80] re-
duce overheads, while inference frameworks [19, 27, 29, 55,
60,61,66,73,86,98,100] use heterogeneous compute to maxi-
mize throughput. These works implicitly assume exclusive re-
source access and overlook contention in mobile multitasking.
SERENO’s control plane is orthogonal to these optimizations
and can be integrated atop many of these engines.

Speculative Decoding Techniques. Speculative decod-
ing [18, 46] and variants like EAGLE-X [48–50], and oth-
ers [16, 25, 35, 37, 47, 59, 62, 81, 84, 101, 102] have become
standard for on-device inference acceleration. Prior studies
treat speculation purely as acceleration; SERENO instead re-
purposes its algorithmic elasticity into a mechanism for fine-
grained, interruptible resource scheduling, turning an acceler-
ation technique into a QoS control primitive. This principle
also applies to other methods, such as early exit [22, 52], by
steering shallow/deep paths under memory pressure.

Memory Bandwidth Management. Many works notice the
importance of memory bandwidth management in system-
level QoS [20, 42]. Server-grade systems like LIBRA [107],
MT2 [103], and others [2, 83, 105] rely on hardware enforce-
ment (e.g., RDT [38]/MPAM), while BWLOCK-style sys-
tems [2, 3, 104, 105] throttle controllable CPU cores. Mobile
NPUs expose neither portable flow control nor scheduler-
visible bandwidth accounting, so these mechanisms do not
apply. SERENO instead restructures inference via elastic spec-
ulative decoding, providing a software-only solution compati-
ble with existing hardware.

Platform scope. Our experimental claims are limited to
commercial Snapdragon devices, where we can run fore-

ground/LLM co-execution; source analysis extends the ar-
chitectural evidence to Dimensity and Exynos SoCs, which
expose vendor-specific accelerator traffic or thermal hooks
but no portable per-application NPU bandwidth quota. Ap-
ple SoCs and unified-memory laptops likely face similar
UMA-plus-accelerator contention, though closed toolchains
limit mechanism-level claims; discrete-GPU laptops differ
because inference and rendering may reside in separate mem-
ory. SERENO is thus most relevant to unified-memory smart-
phones, tablets, AI PCs, AR/VR headsets, and robots.

Model architecture scope. SERENO is evaluated on dense
Transformer LLMs, but its requirement is broader: autoregres-
sive inference must expose fine-grained points where tentative
work can be stopped without corrupting committed state. The
principle applies to MoE models [24, 39] as long as decoding
stays bandwidth-bound and speculative work is preemptible,
and to SSM-style or hybrid models [32], though Mamba/SSM
speculation requires architecture-aware state rollback and ver-
ification [92, 96]. What carries over is the control principle,
not the exact Transformer-layer actuator.

Overhead optimization. The current prototype uses a 1B
draft model, making the reported memory overhead conser-
vative for smaller on-device assistants. Smaller or quantized
draft models [51, 85], adaptive speculation depth, and shared
KV-cache or shared-prefix representations could further in-
crease the frequency of yielding.

Future hardware trends. We expect contention to remain
relevant as mobile NPUs scale: compute throughput and ac-
celerator count grow far faster than package-level DRAM
bandwidth and energy, so on UMA devices the gap between
how fast accelerators request data and how much shared traf-
fic foreground tasks tolerate keeps widening. Unless future
SoCs expose portable per-client NPU bandwidth controls,
software-level cooperative yielding remains necessary even
as absolute bandwidth improves.

9 Conclusion
We presented SERENO, a software-only framework that re-
solves the asymmetric interference from on-device LLMs by
repurposing speculative decoding into a fine-grained control
primitive. SERENO restores foreground smoothness to near-
native levels while sustaining competitive LLM throughput.
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