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Abstract
As on-device large language model (LLM) applications like
mobile agents become increasingly popular, long-context
inference has become a key challenge. The key-value (KV)
cache is the foundation of efficient autoregressive decoding,
but its memory footprint grows rapidly with context length,
often exceeding the memory limits of mobile devices. Exist-
ing KV cache management methods, such as compression
and storage offloading, often lead to performance degrada-
tion or unpredictable stall latency. We find that in the preva-
lent CPU/GPU-decoding mobile pipelines, the NPU remains
largely idle during decoding and can recompute missing KV
cache more efficiently than storage offloading. We therefore
propose NPUGen, whose KV recomputation engine gener-
ates missing KV cache on the idle NPU via a prefill-like
forward pass, avoiding unstable storage I/O, CPU interven-
tion, and unnecessary data movement. NPUGen further in-
troduces a hidden-state anchor mechanism that eliminates
redundant prefix recomputation, and turns KV recompu-
tation into a schedulable background service to cope with
resource contention and guarantee foreground QoS. Experi-
ments on smartphones with Qualcomm SoCs across multiple
long-context tasks show that NPUGen significantly reduces
decoding latency and fluctuations, providing fast and sta-
ble long-context inference on resource-constrained mobile
devices.

CCS Concepts
• Human-centered computing → Mobile computing; •
Computing methodologies→Machine learning.
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1 Introduction
Mobile devices are rapidly becoming the main platform for
intelligent applications, ranging from on-device DNN infer-
ence [48] and on-device training [49, 50] to intelligent sens-
ing and interaction [13, 14], and more recently, on-device
LLM applications [40, 54, 59]. Smartphones can now run lo-
cal assistants to summarize long conversations and retrieve
evidence from local notes, while also calling tools like cal-
endars and browsers, without sending every request to the
cloud [32]. This trend of shifting to on-device computing
is very attractive in terms of privacy protection, response
delay, and usability [27]. However, this also brings a com-
pletely new system level challenge, which is that long context
inference must maintain fast response speeds under strict
mobile resource limits. In actual agents workloads, prompts
are no longer short and single. A single request usually com-
bines multiple rounds of historical conversations, retrieved
paragraphs, and tool outputs [43]. Therefore, the quality per-
ceived by the user depends not only on the accuracy of the
model inference, but also onwhether early contexts can be re-
covered quickly and predictably during the decoding process.
The core system bottleneck here is the key value cache

(KV cache) [36, 57]. KV cache is very important for efficient
autoregressive decoding, because it avoids recomputing the
complete prefix in each generation step [21, 42]. However,
the size of the KV cache grows linearly with the increase of
context length. As conversation and retrieval contexts keep
accumulating, the KV cache will eventually exceed the fast
physical memory capacity on mobile devices [17, 40, 47]. At
this point, the runtime systemmust decide how to handle the
large KV caches. Existing systems usually take one of two
paths. The first path is to unrecoverably reduce the KV cache,
such as using cache compression [37, 38, 51] or aggressive
page eviction [12, 33, 52, 55]. The second path maintains
recoverable offloading the KV cache to slower storage and
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recovering it when needed [25, 26, 41, 44]. Many produc-
tion systems prefer the second path, because it preserves
extremely important semantic fidelity.
However, selecting recoverable offloading methods on

mobile devices usually leads to noticeable latency and gen-
eration stalls. We find that the root cause of this problem
lies in the demand characteristics of certain long text scenar-
ios. For example, agents usually need to read discrete and
fragmented segments, which easily causes a serious read
amplification phenomenon. Read amplification means that
when the attention mechanism only needs to get a tiny part
of the KV data that in slow-tier storage, the underlying stor-
age system is forced to read complete large data blocks, as
shown in Figure 3. This extremely wasted data movement
leads to obvious latency spike during token generation, and
these latency spike make the user experience drop sharply. In
addition, the frequently data swapping also causes a thermal
throttling effect (e.g., DVFS [24, 29]), which further leads to
performance degradation.
These observations motivate us to look at the problem

from a different perspective, which is that LLM inference
service mechanisms on mobile devices should absolutely not
simply reuse server solutions. The idea of offloading comes
from servers using cheap massive storage to save extremely
expensive computing resources. The hardware and software
ecosystem of mobile devices is completely the opposite. In
LLM inference services, the memory budget of mobile de-
vices is extremely tight, but they have idle computing re-
sources that are not fully used. For example, in the prevalent
CPU/GPU-decoding pipelines targeted by this work [22, 53],
the CPU or GPU is fully loaded during decoding while the
NPU is almost completely idle. This is because the decoding
phase is not a computation-bounded task, and the NPU ar-
chitecture design is not suitable for handling the work of this
phase. Notably, several mainstream efforts also exploit the
NPU during decoding, e.g., full-NPU decoding pipelines [8] or
(self-)speculative decoding; NPUGen considers the problem
from the same perspective, i.e., harvesting the underutilized
NPU compute during decoding, but explores a different de-
sign direction. We find that the idle NPU can be effectively
used to recompute KV, because recovering the missing KV
cache is essentially a recompuation of known tokens, elevat-
ing recomputation from an occasional server-side fallback
(e.g., upon preemption [25]) to the primary KV recovery path.
This recompuation workload is structurally exactly the same
as the prefill phase, and is naturally suitable for efficient
execution on the NPU.

Based on these insights, we propose NPUGen, leveraging
the NPU to recompute missing KVs during decoding. Turn-
ing this idea into practice, however, is by no means easy.
The first challenge is that naive prefill-style recomputation
drags the CPU back into the critical path: it produces many

intermediate tensors irrelevant to KV recovery and requires
frequent CPU intervention to splice and convert data for-
mats, offsetting the benefits of NPU computing. We therefore
design a dedicated KV recomputation engine that keeps only
pure KV generation operations and, through zero-copy di-
rect memory materialization, lets the NPU write generated
KV states directly into the final cache blocks, eliminating the
CPU data-movement bottleneck.
The second challenge is redundant computation. Due

to the autoregressive nature of LLMs, the KV state at posi-
tion 𝑡 depends on all preceding tokens, so recomputing a
cold segment forces replaying the entire prefix even if only
a few tokens are ultimately needed. We break this prefix de-
pendency with a hidden-state anchor mechanism: since KV
vectors are purely linear functions of the pre-attention hid-
den states, NPUGen proactively captures these hidden states
into a bounded anchor buffer during the initial forward pass,
and upon a cold miss regenerates the target segment via just
two matrix multiplications and RoPE in a single parallel NPU
pass, with no Attention, FFN, or prefix KV required.

The third challenge is resource contention. To hide miss
latency, recomputation must run proactively in the back-
ground, yet uncoordinated background jobs compete with
the foreground decoder for shared memory bandwidth and
for a fixed memory budget partitioned among the hot KV
window, the anchor buffer, and the recomputation output.
We therefore build a QoS-aware scheduler: urgent jobs on
the critical decoding path preempt proactive jobs at safe
scheduling points, and the scheduler continuously monitors
foreground pressure, throttling recomputation and retaining
more resident KV when pressure rises, while evicting and re-
computing more aggressively when resources are abundant.
We implement the prototype system of NPUGen on An-

droid smartphones with Qualcomm SoCs, and conduct a
comprehensive evaluation. NPUGen outperforms baselines
by 1.86× – 2.57× in terms of throughput. It reduces P99
per-token latency over 4× than baselines, and saving power
consumption by 23% – 41% compared to baselines, while
keeping accuracy and device temperature are stable through-
out continuous long-context tasks. In summary, the main
contributions of this paper are as follows.

• First, we deeply reveal that KV cache management
based on storage swapping on mobile devices will
cause serious read amplification effects, and point out
that using heterogeneous computing resources for re-
compuation is an effective way to break this bottle-
neck.

• Second, we propose the NPUGen system, including a
zero-copy KV recomputation engine, a hidden-state
anchor mechanism that eliminates prefix dependency,
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Figure 1: Token generation speed in modern long-
context LLM applications with offloading method. Red
dot line means the average token generation speed.

and a QoS-aware dynamic scheduler, achieving a para-
digm shift from storage-driven to computation-driven
KV recovery.

• Third, we verify on real mobile hardware that the sys-
tem can provide a stable long context inference expe-
rience under strict resource limits.

2 Background & Motivation
2.1 Primer of LLM Inference and KV Cache
LLM Inference. Currently, LLM inference follows an au-
toregressive process, sequentially generating one token at
a time. The inference process can be divided into two dis-
tinct phases, prefilling and decoding. In the prefilling phase,
the model takes all input tokens, computes their represen-
tation, and predicts the first output token. In the decoding
phase, the model takes the previously generated tokens as
input to predict the next token. Both phases incur heavy
computational costs and involve significant memory bur-
den, especially in the memory-constrained environment of
mobile devices [17, 40, 47].
KV Cache. During decoding phase, since each new token
generation rely on attention with all preceding tokens, which
requires all KV vectors of preceding tokens. Current open-
source LLMs models [5, 9] and commercial LLM company [1,
3, 4] usually caching preceding KVs as KV cache to avoid re-
computation of KVs during decoding steps. However, as the
context length increases, the storage required for KV cache
also grows linearly, eventually consuming large amount of
memory, even larger than the model size. Given the limited
memory on mobile devices, optimizing KV cache manage-
ment is critical for enabling long-context applications.

2.2 Existing KV Cache Optimizations
Current KV cache optimizations on mobile devices primary
fall into two categories:

• Unrecoverable KVCacheReduction. This type of meth-
ods including KV compression [37, 38, 51], aggressive KV

Figure 2: Power consumption breakdown on smart-
phone SoCs under in-memory decoding and swapping-
based decoding.

eviction [12, 33, 52, 55], or alternative attention mecha-
nisms [39, 45, 56]. These methods can save memory but
may introduce irrecoverable quality loss, which is risky
for tool-augmented and evidence-driven applications.

• Recoverable KVCacheOffloading. This type of method
evicts unimportant KVs to a slower-tier storage and fetches
it back when needed, preserving model performance. This
type of approaches [25] retain frequently accessed KV as
Hot KV in memory and evict the rest as Cold KV into
slower-tier storage. Recent methods [26, 41, 44] further
optimize this by using intelligent prefetching techniques
to reduce the offloading overhead.
Inmobile environments, to ensure the the accuracy of long-

context tasks (i.e., Mobile Agents), the recoverable solution
is usually preferred.

2.3 Inefficiencies of Offloading in Modern
Long-Context Applications

Power Consumption. KV cache offloading to flash incurs
substantial additional power consumption compared to keep-
ing all KVs in memory. We conduct the measurements on
real mobile device (Redmi K70 Pro with Snapdragon 8Gen3).
The results show that the swapping path introduces visible
extra power on Flash I/O and CPU data movement, while
in-memory decoding is dominated by SoC decoding compute.
Specifically, swapping increases total decoding power from
3.5W (Qwen-2.5-7B) and 3.9W (Llama-3.1-8B) to 7.7–8.5W
(around 2.2 × higher), as shown in Figure 2. This high power
consumption can quickly push the SoC toward thermal throt-
tling (i.e., DVFS [24, 29]), further slowing token generation
speed onmobile devices, as shown inmid part of the Figure 1 .
Token Generation Speed. Besides large power consump-
tion and thus triggered DVFS, we also discover huge and
unstable latency overhead when using offloading methods
in modern long context applications, as shown in beginning
part of Figure 1. Specifically, this is caused by frequently
triggering the read amplification. As shown in Figure 3, read
amplification means a standard KV block (i.e., the per-head
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Figure 3: Detailed workflow of modern long-context
LLM applications with offloading method.

K/V of one token, 2 × 128 FP16 values; head granularity
is the retrieval and layout unit under head-wise selective
policies [26]) may only take up 512 bytes, but the minimum
page size managed by the flash controller is 16 KB. There-
fore, when cache miss occurs and cold KV block needs to be
read back from flash storage, the controller must read the
entire large physical page including a massive amount of
irrelevant data blocks. This problem is especially obvious
in long context applications (e.g., agents) because they have
highly scattered history KV Cache requirements. These re-
quirements include highly discrete fragments like system
prompts, chat history of different rounds, and retrieved in-
formation. This highly discrete KV block access requirement
frequently triggers read amplification and leads to huge and
unstable latency overhead.
We also measured read amplification factor in different

context length. As shown in Table 1, as total context grows,
required KV blocks become more scattered in flash storage,
which rapidly increases amplification factor and reduces
useful read operation ratio.

This read amplification is also insensitive to the write-time
layout: the fragments needed by future rounds are unknown
when KV is written, so even write-side optimizations such as
buffered flushes (aggregating KV in RAM and flushing large
sequential writes) cannot make the discrete reads contiguous,
though they remain useful when a storage fallback is kept.

Overall, these results highlight that simply utilizing server-
side offloading solutions to mobile is fundamentally ineffi-
cient. These inefficiencies motivate us to find a different
approach in mobile long-context inference.

2.4 Utilizing NPU for Stable Long-Context
Decoding on Mobile Devices

Architecture Difference.Unlike cloud servers, whichmain-
tain massive KV Cache in GPU memory (i.e., HBM) and
can offload to high speed CPU memory, mobile devices rely

Context Setting Amplification Factor Useful Ratio

Ideal Case 1× 100%
4K context 4× 25.0%
8K context 12× 8.3%
16K context 22× 4.5%

Table 1: Read amplification of swapping-based method
on smartphones under fixed KV demand.

on a resource-constrained unified memory architecture (i.e.,
processors share same memory). They can only offload KV
Cache to slower flash storage, and suffer from significantly
lower bandwidth.
However, as we illustrated before, applying flash-based

offloading methods on mobile will introduce thermal throt-
tling and read amplification thus cause unstable and huge
I/O latency in long-context applications, fatally degrading
the user experience. This necessitates a stable approach that
replaces unpredictable storage I/O in mobile devices.
Observations. We observe a unique opportunity arising
from mobile-side specific hardware characteristics: the idle
NPU during decoding phase. In typical mobile LLM inference
workflow, the NPU is commonly used for prefilling phase,
but the decoding phase is often delegated to the GPU or
CPU. This is because decoding is an I/O-bounded and serial
process that cannot effectively saturate the high throughput
design of NPUs.
Consequently, during long decoding phase, the mobile

NPU often falls into an idle state. Existing works, such as [53],
have demonstrated that mobile NPUs can achieve prefill
throughputs exceeding 1000 tokens/s, showcasing NPU po-
tential for rapidly processing large token chunks, which pro-
vides a crucial opportunity.We can leverage this immense but
wasted computational resource to quickly recompute a KV
segment in the background, rather than suffering from slow
and unpredictable I/O access to flash. This opportunity has
also been recognized by prior efforts, which mainly utilize
the NPU to accelerate token generation, e.g., speculative de-
coding or full-NPU decoding pipelines [8]. NPUGen instead
exploits the idle NPU for KV cache management, exploring
a different design direction over the same available resource:
the two target different bottlenecks and are preferable in
different operating regimes (see results in § 4.2.5).
Key Idea. Based on these observations, we propose the con-
cept of NPU as KV Generator (NPUGen), transforming
the role of the mobile NPU from a one-time prefiller to an op-
portunistic KV generator during the long decoding phase. KV
recomputation is a playback of known history tokens, which
is inherently parallel and batchable, similar to prefill. This
parallel characteristic makes KV recomputation perfectly
suited for mobile NPUs. By leveraging effective NPUs, we
can replace unpredictable and bandwidth-limited storage I/O
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with high-throughput compute, thereby stabilizing the KV
recovery during long-context decoding on mobile devices.
Overall, our idea can be summarized as follows: Server-

side prioritizes using cheap storage to trade for expensive
compute. Conversely, the severely constrained memory and
unstable flash access on mobile devices motivate that we
should instead leverage the idle compute resource (i.e., NPU)
to trade for constrained storage. In the following sections,
we will detail the design of our idea.

3 System Design
3.1 System Overview
This section presents the design of NPUGen. Figure 4 illus-
trates the system overview. NPUGen is designed for long
context inference tasks on mobile devices equipped with
NPUs, including complex applications such as multi-round
conversations and Agents. Our primary goal is to provide
stable LLM inference on mobile devices.

As shown in the upper part of the Figure 4, in actual long
context applications, the complete prompt word is built by
combining various structured fragments, like system instruc-
tions, conversation rounds, and retrieved evidence. This con-
catenated long prompt word inevitably involves frequent re-
computation of old KV states. Just like the common practice
adopted by previous work [25, 30], NPUGen also maintain
an active hot KV window in physical memory, to ensure
smooth decoding of the frequently accessed context. Cold
KVs outside the window are considered released, and do not
exist in physical memory. Attention at each step covers the
hot window plus the cold segments selected by importance
policies reused from prior offloading work [35]. When the
decoder needs to access these old contexts again, NPUGen
will not read the disk, but provide the missing KV data on
demand through recomputation tasks on the NPU.

As shown in the lower part of the Figure 4, the actual de-
sign of NPUGen consists of three interlocking components:

• KV Recomputation Engine (§ 3.2). The recomputa-
tion engine is responsible for efficient on-demand KV
generation for cold misses, replacing the traditional
storage read path.

• Hidden StateAnchor (§ 3.3).The hidden state anchor
mechanism is responsible for limiting recomputation
range and reducing redundant recomputation.

• QoS-aware Recomputation Scheduler (§ 3.4). The
scheduler is responsible for prioritizing urgent recom-
putation, adjusting proactive background recomputa-
tion, and preserving stable foreground latency under
shared resource constraints.

These three components work closely together to intercept
all access miss events for cold KVs at the bottom layer, and

TokenToken
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Figure 4: System Overview of NPUGen.

stably bridge the recomputation results back to main mem-
ory. Through this deep system level encapsulation design,
NPUGen gives the upper inference engine an impercepti-
ble illusion, that the engine will mistakenly believe that all
KV states always fully reside in physical memory. In the
following content, we will explain the detailed design.

3.2 KV Recomputation Engine
This section builds the KV recomputation engine in NPUGen.
When the decoder needs cold KV, the engine regenerates it
on the NPU instead of fetching from storage, focusing on
reducing CPU overhead and data movement during recom-
putation.

3.2.1 Why Naive Prefill-style Recomputation Is Inefficient.
A KV recomputation job takes a segment of known tokens
with their positions and runs a prefill-like forward pass to
regenerate the corresponding KV vectors. A naive imple-
mentation of this path is inefficient for two reasons. First, it
pulls the CPU back into the critical path: for every job, the
CPU, which is simultaneously running the inference runtime
and decoder [53], must launch and synchronize NPU graphs,
prepare inputs (token IDs, positions, masks, and padding),
and post-process outputs. Second, there is a fundamental
memory-layout mismatch: standard prefill emits dense, con-
tiguous outputs (including logits and other tensors irrelevant
to KV recovery), while long-history KV caches are managed
as discrete blocks, so the CPU must splice temporary tensors
into KV blocks layer by layer, becoming a data mover that
competes with the decoder for shared memory bandwidth
and causes latency spikes.
Therefore, the design principles in this section can be

concluded as: (1) Compute only what KV restoration needs,
(2) keep CPU off the data movement path, and (3) keep NPU
execution stable through fixed-shape graph reuse.
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Figure 5: KV recomputation engine: a pure KV graph
with zero-copy output rebinding materializes KV di-
rectly into target cache blocks.

3.2.2 KV-only Recomputation with Direct KVMaterialization.
Following the principles above, NPUGen promotes the KV
cache as the priority output target of recomputation, which
specifically includes the following three core mechanisms,
as shown in Figure 5.

• Pure KV computation graph. This graph runs only the
embedding and Transformer layers and terminates right
after generating KV vectors, bypassing the output head and
logits processing together with their tensor management
overhead.

• Zero copy direct memory materialization. The run-
time reserves the target KV blocks in advance, computes
the precise pointer positions inside them, and binds these
pointers as the output buffers of the pure KV graph, so
the NPU writes generated KV directly into the final blocks
without any intermediate buffer or CPU-side copy.

• Block table and ready state bit. The system uses a light-
weight block table to map logical spans to physical blocks,
and each block is equipped with a ready state bit. When
the NPU task is completed, the runtime marks the written
blocks as ready, and the decoder subsequently utilizes only
these ready blocks.

To keep NPU execution stable, arbitrary spans are further
split into fixed-shape segments ({128, 256, 512} tokens) and
served by a small number of precompiled graphs, which also
simplifies runtime scheduling and resource management.

On theQNN runtime, NPUGenmaintains two pre-compiled
graph families: the token-to-KV fallback graph executes the
Transformer stack while omitting the LM head (obtained by
truncating the model graph right after the per-layer K/V pro-
jections), whereas the anchor-to-KV graph (§ 3.3) consumes
saved per-layer hidden states and executes only K/V pro-
jections and RoPE. Both are compiled once at initialization
and reused across jobs. KV blocks are allocated as shared-
memory QNN handles (over ION/DMA-BUF) accessible to
both CPU and NPU; dispatching a job merely rebinds the
graph’s output tensors to offsets inside the reserved blocks, a
0.7ms pointer update without recompilation. The ready flag
is an atomic bit set in the completion callback and checked by
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Figure 6: Hidden-state anchors. (a) Anchors confine
recomputation to the target segment instead of the
full prefix. (b) KV regeneration needs only a single
projection pass, skipping Attention and FFN.

the decoder (0.3 𝜇s per token); accessing a non-ready block
escalates its job to the urgent queue (§ 3.4).

3.3 Hidden-State Anchors for Efficient
Recomputation

While the recomputation engine efficiently regenerates cold
KV, long-context applications like mobile agents often access
many discrete cold segments (e.g., chat history from different
rounds), motivating the second component that minimizes
redundant recomputation.

3.3.1 Redundant Recomputation. Cold KV accesses are sparse
and discontinuous: a single request may need fragments
from the conversation beginning and fact paragraphs in the
middle, separated by thousands of unrelated tokens. The fun-
damental difficulty is strict prefix dependency: computing
the KV state at position 𝑡 requires all preceding tokens, so
recomputing a cold segment forces replaying the entire pre-
fix even if only a few dozen tokens are needed (Figure 6(a)),
multiplying restoration latency and stalling the decoder.

3.3.2 Prefix-Free KV Regeneration via Hidden States. To ad-
dress the strict prefix dependency problem, NPUGen intro-
duces a hidden-state anchor mechanism, as shown in Fig-
ure 6. The key insight is that KV vectors are linear projection
followed by a position-dependent rotation. In a standard
Transformer decoder layer 𝐿:

𝐾𝐿
𝑖 = RoPE(𝑊 𝐿

𝑘
· 𝐻𝐿

𝑖 ), 𝑉 𝐿
𝑖 =𝑊 𝐿

𝑣 · 𝐻𝐿
𝑖 ,

where 𝐻𝐿
𝑖 is the residual stream after LayerNorm, immedi-

ately before the QKV projection. Because𝐻𝐿
𝑖 already encodes
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the full prefix context through all preceding layers, this pro-
jection is independent of any earlier KV cache. Given 𝐻𝐿

𝑖 ,
we can regenerate 𝐾𝐿

𝑖 and 𝑉 𝐿
𝑖 with two matrix multiplica-

tions and RoPE, with no Attention or FFN and no prefix KV
required, as shown in Figure 6(b). NPUGen therefore stores
𝐻𝐿
𝑖 as a compact anchor and uses it as a direct springboard

for KV recomputation via three mechanisms.
• 4-bit quantized hidden-state storage. NPUGen applies
per-token group-wise 4-bit quantization to 𝐻𝐿

𝑖 before per-
sisting it, reducing the anchor footprint to substantially
smaller than storing full KV. The restoration path intro-
duces no additional quantization stages or autoregressive
error accumulation; the restored KV subsequently par-
ticipates in attention, and its end-to-end impact is mea-
sured empirically and stays negligible, consistent with
prior work [19] on per-token group-wise INT4 quantiza-
tion. On Qualcomm NPUs, dequantization is fused directly
into the GEMM kernel via QNN’s native INT4×FP16 mat-
mul, adding negligible latency.

• Proactive capture during forward pass. Hidden states
are transient: they exist only during the forward pass
and are released immediately after KV projection, mak-
ing retroactive recovery at eviction time impossible. NPU-
Gen therefore inserts lightweight snapshot hooks, imple-
mented as zero-copy tensor views in the QNN graph, that
capture and immediately quantize 𝐻𝐿

𝑖 for every layer and
token during the initial prefill or decoding pass. The quan-
tized anchors are written into a dedicated anchor buffer of
size B𝑎𝑛𝑐 (defined in Section 3.4).

• Parallel NPU execution. The hidden-to-KV projection is
independent across all tokens, heads, and layers, yielding
a pure batch-GEMM workload that saturates the NPU in
a single pass with no autoregressive loop and no CPU
involvement.
By storing 4-bit hidden-state anchors instead of full KV

blocks, NPUGen confines recomputation strictly to the target
segment and substantially reduces prefix-dependent recom-
putation. Under grouped-query attention (GQA), an INT4
anchor takes 0.5 × 𝑑𝑚𝑜𝑑𝑒𝑙 bytes per token per layer versus
4 × 𝑛𝑘𝑣 × 𝑑ℎ𝑒𝑎𝑑 bytes for the FP16 KV: it stays smaller when-
ever 𝑑𝑚𝑜𝑑𝑒𝑙 < 8 ·𝑛𝑘𝑣 ·𝑑ℎ𝑒𝑎𝑑 (0.52× for Llama-3.1-8B and 0.90×
for Qwen-2.5-7B), and the ratio inverts only under extreme
MQA configurations. In any case, the anchor is designed for
prefix-freedom rather than compression, and its footprint is
bounded by the fixed-budget pool B𝑎𝑛𝑐 : a larger hidden di-
mension only reduces how much history the budget covers,
never the memory cost.

3.3.3 Anchor Buffer Management. The anchor buffer has
a fixed memory budget. The system prompt and initial to-
kens (i.e., attention sinks [52]) are pinned in the hot KV
window and never evicted, so the eviction policy governs
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Figure 7: QoS-aware scheduler. (a) Urgent jobs preempt
proactive jobs in a two-level queue. (b) 𝑅𝑝𝑟𝑜 , Bℎ𝑜𝑡 , and
B𝑟𝑒𝑐 are adapted from monitored 𝐿𝑡𝑜𝑘𝑒𝑛 and𝑈𝑏𝑤 .

only the anchors of non-pinned history. When the buffer
reaches capacity, NPUGen evicts anchors in order of increas-
ing sequence position (earliest first), a cost-driven policy: an
evicted shallow-position anchor only falls back to a cheap
short-prefix recomputation, while deep-position anchors,
whose fallback would be prohibitively expensive, are nat-
urally the last to be evicted, so eviction always sacrifices
the cheapest fallbacks first and the worst-case fallback is
determined by the position of the earliest retained anchor.
We choose this position-based policy over frequency-based
(LFU) or attention-score-based alternatives: the latter track
reuse frequency better, but require per-access bookkeeping
on the critical path and may evict deep-position anchors,
re-introducing expensive deep-prefix recomputation stalls.

3.4 QoS-aware Recomputation Scheduler
With the KV recomputation engine and anchor mechanisms
in place, NPUGen can recover missing KV efficiently. How-
ever, if recomputation starts only after a cache miss, visible
stalls still remain. To hide this latency, NPUGen uses proac-
tive recomputation in the background (e.g., like prefetch).
This creates a new systems problem: proactive recomputa-
tion competes with the foreground path for shared resources.
The third component therefore turns KV recomputation into
a QoS-aware proactive recomputation service.

3.4.1 Recomputation Pressure and Bandwidth Contention.
NPUGen prepares likely-needed fragments before misses oc-
cur via proactive recomputation. The prediction itself reuses
established prefetch strategies from prior offloading meth-
ods [35]; the difference is that predicted fragments are pre-
pared through NPU recomputation rather than storage I/O.
The resulting bottleneck is contention on shared resources,
especially memory bandwidth: unthrottled proactive jobs
make foreground token generation jitter, so the scheduler
must control their timing and rate.

3.4.2 Urgent and Proactive Recomputation Jobs. To resolve
this contention, we build a two-level preemptive scheduling
framework in NPUGen, as shown in Figure 7(a). The runtime
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divides all recomputation tasks into two categories: urgent
recomputation jobs and proactive recomputation jobs.
Proactive recomputation is speculative and best-effort: a

fragment may still become urgent if it was not predicted, ad-
mitted, or finished before the access reaches the foreground
decoding path.

• Urgent Jobs.Urgent jobs correspond to cold KVmisses
that already lie on the current decoding critical path.
They are inserted into the highest-priority queue and
executed immediately.

• Proactive Jobs. Proactive jobs are opportunistic jobs
triggered by proactive recomputation. They warm up
fragments that are predicted to be needed soon, so
that future accesses can be served without stalling the
foreground path.

Crucially, NPUGen treats KV recomputation as a schedu-
lable service rather than a monolithic black-box execution.
Urgent jobs are always scheduled ahead of proactive jobs
and may preempt or pause proactive execution at safe sched-
uling points (e.g., segment boundaries). This design bounds
the interference of background recomputation on the fore-
ground decoding path. In our implementation, preemption
is realized at segment granularity rather than arbitrary in-
struction boundaries. This is sufficient in practice because
recomputation spans are already partitioned into fixed-shape
segments for graph reuse. Since commercial NPU schedulers
are proprietary black boxes, NPUGen never preempts an
in-flight graph; it simply stops enqueuing the next proactive
segment and inserts the urgent job at the queue head, bound-
ing the urgent-job wait by one in-flight segment (§ 4.5). This
priority order extends naturally to deployments where the
NPU also serves foreground decoding (e.g., (self-)speculative
decoding): such foreground consumers hold the highest pri-
ority, and recomputation jobs are admitted only behind them
as a background service. In addition, the runtime enforces
admission control on the proactive queue and limits its sub-
mission rate, so the memory traffic generated by proactive
recomputation always stays within a safe range.

3.4.3 Rate Adaptation under Fixed Budgets. To keep latency
hiding from degrading the foreground Quality of Service
(QoS), NPUGen adapts its scheduling to real-time system
pressure, quantified by two continuously monitored met-
rics: the average token generation latency (𝐿𝑡𝑜𝑘𝑒𝑛) and the
memory bandwidth utilization (𝑈𝑏𝑤 , read from the SoC DDR
bandwidth counters exposed via Snapdragon Profiler inter-
faces). This feedback is agnostic to the contention source:
pressure from UI rendering or co-running services manifests
in the same two signals and triggers the same throttling
response (§ 4.4.6).
This scheduling operates under a strict unified memory

budget: reusing thememorymanagement of existingworks [25],

the total KV memory B𝑡𝑜𝑡𝑎𝑙 is partitioned into the resident
hot KV budget (Bℎ𝑜𝑡 ), the anchor budget (B𝑎𝑛𝑐 ), and a re-
computation buffer (B𝑟𝑒𝑐 ) for newly generated KV, with
B𝑡𝑜𝑡𝑎𝑙 = Bℎ𝑜𝑡 + B𝑎𝑛𝑐 + B𝑟𝑒𝑐 .
Since B𝑡𝑜𝑡𝑎𝑙 is fixed, the trade-off is zero-sum: the sched-

uler jointly adjusts the proactive recomputation rate𝑅𝑝𝑟𝑜 (via
admission control on the background queue) and the eviction
threshold of Bℎ𝑜𝑡 . When foreground pressure is high (e.g.,
𝐿𝑡𝑜𝑘𝑒𝑛 exceeds the QoS target, 𝑈𝑏𝑤 saturates, or the device
heats up), it throttles 𝑅𝑝𝑟𝑜 and keeps more historical KV resi-
dent (expandingBℎ𝑜𝑡 , shrinkingB𝑟𝑒𝑐 ), yielding bandwidth to
the foreground and minimizing new recomputation triggers;
when resources are abundant, it relaxes admission control
and evicts Bℎ𝑜𝑡 more aggressively, providing the space (B𝑟𝑒𝑐 )
for the NPU to materialize predicted future KV.

4 Evaluation
We implement a prototype of NPUGen with a CPU decod-
ing pipeline and an NPU backend for KV recomputation,
using Qualcomm’s QNN runtime to execute the recomputa-
tion path; the design itself is backend-agnostic. It requires
only the ability to run a prefill-like forward pass and mate-
rialize per-layer K/V states into pre-allocated buffers under
CPU-shared memory; mainstream mobile NPU stacks such
as MediaTek NeuroPilot provide the same capabilities, and
backends without native low-bit GEMM can dequantize an-
chors in a separate lightweight pass.

4.1 Experimental Setup
4.1.1 Testbed. We run experiments on RedMi K70 Pro and
Xiaomi 15, equipped with Qualcomm NPUs including Snap-
dragon 8Gen3 and Snapdragon 8Gen4 (also called Snap-
dragon 8 Elite). QNN is used as the NPU backend. Unless
otherwise noted, we keep the screen on, fix the performance
mode, and report average results over multiple trials to cap-
ture variability. Background apps are killed. All experiments
use a batch size of one with no concurrent requests, reflect-
ing single-user mobile serving. Power is sampled from the
battery fuel gauge (Android power_supply sysfs) during ac-
tive decoding, with the screen-on idle baseline subtracted
and averaged over 5 runs; per-component breakdowns come
from Snapdragon Profiler power rails.

4.1.2 Tasks andModels. Weevaluate NPUGen on long-context
tasks including the LongBench-V2 [11] and RULER suite [20].
We use decoder-only LLMs representative of on device de-
ployments including Llama-3.1-8B [5] and Qwen-2.5-7B [46]
with context lengths from 4K to 32K tokens.

4.1.3 Baselines. We compare NPUGen against the follow-
ing baselines. All methods run the same W4A16-quantized
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model weights with identical tokenizer and greedy decoding
parameters; only the KV cache handling differs.

• In memory KV. This baseline represents the upper
bound which keeps all KV resident when memory is
enough without swapping or recomputation.

• vLLM [25]. This baseline is a standard recoverable
eviction to flash with on demand restore utilizing block
based swap similar to vLLM paging adapted for mobile
devices.

• InfiniGen [26].This baselinemanages KV states across
GPU and CPU memory with a fine grained importance
policy. It estimates which KV entries are important at
the level of attention heads and token positions, and
retains or restores them accordingly.

• FlexGen [41]. This baseline is designed around ag-
gressive KV offloading, where the cache can be placed
on secondary storage. During decoding, it streams the
KV states of each layer back into memory before exe-
cuting the full attention computation.

• ShadowKV [44]. This baseline uses an asymmetric
KV design that keeps a compact low rank representa-
tion of K on the GPU while placing V in CPU memory.
At generation time, it fetches only the V segments pre-
dicted to be important and reconstructs the K states
on the fly.

• NPU-only (GENIE [8]). The vendor-optimized full-
NPU pipeline for Snapdragon, running prefill and de-
coding entirely on the NPU, with and without (self-
)speculative decoding (SSD).

These baselines were originally designed for servers. We
modified their source code to make them compatible with
the unified memory architecture on mobile devices and of-
floading KV to the flash storage for a fair comparison.

4.1.4 Evaluation Metrics. Due to the compared baselines
only change KV cachemanagement rather thanmodel weights
or decoding rules, we therefore focus our quantitative evalu-
ation on metrics that reflect user QoS.

• Throughput. It measures the average number of to-
kens generated per second during the decoding phase.

• Inference Stability. It is measured by the P99 per
token latency to capture sudden latency spikes and
user visible stall events during text generation.

• Power Consumption. It measures the average de-
vice power draw during active decoding to evaluate
the energy efficiency of NPUGen on battery powered
smartphones.

• Accuracy. It measures the model’s ability to maintain
performance across different tasks and datasets.

4.2 Overall Performance
This section presents the end-to-end results of NPUGen
on the representative edge workloads. We focus on four
core metrics: Throughput (tokens/second), Inference Stabil-
ity (P99 per-token latency), Power Consumption (W), and
Accuracy Drop (%). The results are evaluated on the Snap-
dragon 8Gen3 with Llama-3.1-8B.

4.2.1 Throughput. The superiority of NPUGen is highly pro-
nounced in generation speed. As shown in Figure 8(a), NPU-
Gen maintains a high throughput of 10.8 tok/s, which is
157% higher than vLLM and 86% higher than InfiniGen. The
traditional offloading methods suffer from severe read am-
plification: when the attention mechanism accesses discrete
historical fragments, the flash controller is forced to read
16 KB pages for only 512-byte KV blocks, congesting the
storage channel. In contrast, NPUGen replaces unpredictable
random Flash I/O with highly parallel NPU recomputation,
ensuring a fast and steady token decoding stream.

4.2.2 Inference Stability. We evaluate P99 per-token latency
to capture user-visible stall events. As shown in Figure 8(b),
swapping-based methods exhibit massive latency spikes, fre-
quently freezing generation for over 982 ms. This is because
heavy CPU involvement in block lookup and memory copy-
ing directly competes with the foreground decoder. In con-
trast, NPUGen keeps P99 latency securely within 216 ms,
only 154% higher than the ideal in-memory case. By utilizing
the KV recomputation engine and hidden state anchors, NPU-
Gen completely removes the CPU from the data-movement
path and skip the unnecessary work. The generation process
remains extremely smooth even when the model processes
highly discontinuous context jumps.

4.2.3 Power Consumption. Low power consumption is crit-
ical for battery-operated devices. As shown in Figure 8(c),
NPUGen only consumes an average of 6.2 W during active
decoding, and the additional power is consumed by the NPU.
Compared with swapping baselines that incur large Flash I/O
and CPU data-movement overheads (8.1–10.4 W), NPUGen
maintains clearly lower power draw by replacing random
storage access with stable NPU computation. These results
confirm that NPUGen improves overall performance without
sacrificing energy efficiency on smartphones.

4.2.4 Accuracy. As shown in Figure 8(d), InMem, vLLM, and
FlexGen perform no KV compression and remain fully loss-
less. InfiniGen and ShadowKV store a compressed K cache
(similar in ideas to our hidden-state anchors) to accelerate
cold recovery, but their methods are more aggressive, incurs
−13% and −6% accuracy drops respectively. NPUGen ap-
plies 4-bit group-wise quantization only to hidden states, not
KV itself, will dequantized during KV recomputation which
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Figure 8: Overall performance on Llama-3.1-8B (8Gen3, 32K): (a) throughput, (b) P99 per-token latency, (c) power
breakdown, (d) accuracy drop.

Figure 9: Ablation study: (a) throughput, (b) P99 latency, (c) latency jitter (std dev), (d) accuracy drop.

introduces a negligible −0.32% accuracy drop on LongBench-
V2 while greatly accelerating recomputation by eliminating
prefix dependency. Across eight LongBench-V2 and RULER
task categories (retrieval, aggregation, multi-hop, dialogue),
unquantized FP16 anchors are nearly lossless (−0.03% on
average), confirming the restoration path itself is accuracy-
neutral, while INT4 quantization adds only −0.33% on av-
erage (−0.52% worst case on multi-hop tracing), since the
restoration path introduces no additional quantization stages
or autoregressive error accumulation, and the end-to-end im-
pact of the restored KV on subsequent attention is measured
empirically; FP16 anchors are also ∼3.7× larger, covering less
history under the same budget.

4.2.5 Comparison with NPU-only Inference Pipelines. We
compare NPUGen against Qualcomm GENIE (Llama-3.1-8B
W4A16, Snapdragon 8Gen3, LongBench-V2) with and with-
out SSD, as shown in Table 2. At 4K context, where the KV
cache fits in memory, the NPU-only pipeline is the fastest
and most efficient option (14.6 tok/s at 4.3W; 22.4 tok/s with
SSD), since no KV management is needed at all. At 32K,
however, it faces a dilemma: Evict stays fast (13.8 tok/s) but
loses−19.4% accuracy as discarded evidence is unrecoverable,
while Offload preserves accuracy but collapses to 4.8 tok/s
with 976ms P99 stalls under the same read amplification as
other offloading baselines. NPUGen is the only configura-
tion sustaining high throughput (10.8 tok/s), stable latency
(216ms P99), moderate power (6.2W), and semantic fidelity
(−0.32%) simultaneously. SSD accelerates the in-memory con-
figurations by 1.53× but only 1.10× on the offloading path,
where the bottleneck shifts from generation to KV recovery,
the exact problem NPUGen solves. These results delineate

Method 4K (in-mem.) 32K (beyond budget)
Thpt. P99 Thpt. P99 Power Acc. drop

GENIE (Evict) 14.6 71 13.8 78 4.5 −19.4%
GENIE (Offload) 14.6 71 4.8 976 8.9 0%
GENIE+SSD (Evict) 22.4 83 20.1 94 5.2 −19.4%
GENIE+SSD (Offload) 22.4 83 5.3 991 9.2 0%

NPUGen 12.9 86 10.8 216 6.2 −0.32%

Table 2: Comparison with NPU-only pipelines (tok/s,
ms, W).

the two regimes: NPU-only pipelines suffice for short con-
texts, while NPUGen pays off once the context outgrows the
memory budget.

4.3 Ablation Study
To isolate and verify the contribution of each core design
in NPUGen, we conduct a thorough ablation study on the
following three system variants.

• NPUGen w/o Recomputation Engine. In this vari-
ant, the system falls back to a naive prefill-style recom-
putation that requires full CPU data movement and
temporary tensor generation.

• NPUGen w/o Hidden State Anchor. In this variant,
the system disables the hidden-state anchor mecha-
nism. It recomputes any cold segment with a full prefix
computation.

• NPUGen w/o QoS Scheduler. In this variant, the
system greedily executes all background regeneration
jobs without any thermal control or admission limits.

Figure 9 presents the ablation results across throughput,
P99 latency, per-token latency jitter and accuracy drop.
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Figure 10: Impact ofmodels: through-
put (bars) and P99 latency (lines).

Figure 11: Impact of SoC generation:
throughput (bars) and P99 latency
(lines).

Figure 12: Impact of anchor budget:
throughput (bars) and P99 latency
(line).

Contribution of Recomputation Engine. The variant w/o
Recomputation Engine shows a notable drop in inference sta-
bility. Its P99 per-token latency jumps from 216 ms to 308 ms
(43% increase) because the per-recompute CPU bandwidth
consumption rises to 12 GB/s, causing 35% extra contention
with the foreground decoder. Without the pure-KV graph
and zero-copy direct materialization, standard prefill oper-
ations create a fundamental memory-layout mismatch with
the discrete KV cache blocks. This reveals that our dedicated
KV-only engine and direct memory binding are strictly nec-
essary for latency stability.
Contribution of Hidden State Anchor. The variant w/o
Hidden State Anchor experiences the most dramatic per-
formance collapse. Without stored hidden-state snapshots,
the system must recompute from the sequence start for ev-
ery cold miss, regardless of how far the target segment is
from the hot window boundary. When handling 20 discrete
segments, the average recompute distance explodes to 5200
tokens, increasing stall frequency to 1240ms and dropping
throughput by 78% (from 10.8 to 2.4 tok/s). This powerfully
validates that storing hidden state anchors successfully elim-
inates prefix dependency and bounds recomputation strictly
to the target segment. This variant also eliminates the−0.32%
accuracy drop of the full system, since no quantized hidden-
state anchors are used.
Contribution of QoS Scheduler. The variant w/o QoS
Scheduler exhibits a dramatic increase in per-token latency
jitter, rising from 8 ms to 74 ms (9.3×), even though its me-
dian throughput (7.2 tok/s) and P99 latency (337 ms) appear
only moderately degraded. This reveals the core problem:
without admission control on the proactive recomputation
queue, background jobs compete unpredictably with the
foreground decoder for shared memory bandwidth (𝑈𝑏𝑤).
The resulting bandwidth contention is bursty and irregular.
In contrast, NPUGen’s rate adaptation mechanism contin-
uously monitors 𝐿𝑡𝑜𝑘𝑒𝑛 and 𝑈𝑏𝑤 , throttling 𝑅𝑝𝑟𝑜 whenever
foreground pressure rises. This confirms that the scheduler’s
contribution is orthogonal to recomputation efficiency, it is
responsible for isolating the foreground decoding path from
background interference.

4.4 Micro benchmarks
4.4.1 Impact of Different Models. To evaluate generalizabil-
ity, we replace Llama-3.1-8B with Qwen-2.5-7B and re-run
the baseline comparison on Snapdragon 8Gen3 under a 32K
context. As shown in Figure 10, NPUGen achieves 10.2 tok/s,
outperforming vLLM by 155% and InfiniGen by 85%, with P99
per-token latency at 185 ms, well below the swapping base-
lines (840–1085 ms). FlexGen and ShadowKV show lower P99
than on Llama-3.1-8B, since their bottleneck is KV transfer
volume, which shrinks with Qwen’s smaller KV footprint.
In contrast, vLLM and InfiniGen show similar P99 across
both models, as their worst-case stalls stem from random
flash I/O seek latency, not transfer size. NPUGen and In-
Mem also benefit from fewer layers and attention heads,
reducing per-recompute and per-decode cost. Despite Qwen-
2.5-7B’s different attention configuration, the NPU recompu-
tation path adapts transparently, as NPUGen operates at the
architecture-independent KV-block level. These results con-
firm that NPUGen’s performance advantage transfers across
on-device LLMs. The power and accuracy advantages also
transfer: 5.8W and−0.29% on Qwen-2.5-7B, versus 7.7–9.8W
and up to −12.87% for the baselines.

4.4.2 Impact of Different SoCs. We evaluate NPUGen on
Llama-3.1-8B across two SoC generations: Snapdragon 8Gen3
and the newer Snapdragon 8Gen4, which delivers approxi-
mately 40% higher CPU andNPU peak throughput. As shown
in Figure 11, upgrading to 8Gen4 lifts NPUGen’s throughput
from 10.8 to 13.7 tok/s (a 27% gain), and reduces its P99 la-
tency from 216ms to 197ms. In contrast, the baselines benefit
only marginally (10–13%), since their bottleneck lies in stor-
age I/O rather than compute. This asymmetric scaling further
widens NPUGen’s lead on newer hardware, demonstrating
that NPUGen is well-positioned to exploit the rapidly im-
proving NPU capabilities of future mobile SoCs. On 8Gen4,
NPUGen draws 6.0W (vs. 6.2W on 8Gen3) while running
27% faster, improving energy per token by 24% (0.57→0.44 J);
baseline power stays essentially unchanged, and accuracy
is unaffected by SoC generation.

4.4.3 Impact of Anchor Buffer Budget. The anchor buffer
B𝑎𝑛𝑐 controls how many hidden-state snapshots are retained
in DRAM, directly bounding the worst-case recomputation
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Context length 2K 4K 8K 16K 32K

InMem (tok/s) 13.4 13.1 12.9 12.7 12.5
Best offloading (tok/s) — — — 8.1 5.8
NPUGen (tok/s) 13.2 12.9 12.6 11.8 10.8

vs. InMem −1.5% −1.5% −2.3% — —
vs. best offloading — — — +46% +86%

Table 3: Throughput across context lengths.

distance on a cold miss. As shown in Figure 12, increasing
the budget from 2% to 18% of total memory yields substantial
gains (6.8→11.0 tok/s, P99 638→201 ms). Beyond 10% the im-
provement saturates, with throughput and P99 changing by
only 2% and 7% even when the budget nearly doubles. NPU-
Gen therefore adopts 10% as its default allocation (10.8 tok/s,
216 ms), matching the numbers reported in the overall eval-
uation, and leaving the remaining memory headroom for co-
running applications. Power and accuracy saturate similarly:
below 10%, power rises (7.4W at 2%) as evicted anchors force
longer full-prefix recomputation, while accuracy improves
only marginally (−0.19% at 2%); beyond 10% both saturate.

4.4.4 Break-even Context Length. We further measure NPU-
Gen from 2K to 32K under the default memory budget, as
shown in Table 3. The hot KV window is exhausted at ∼9K
tokens, the break-even point. Below it, no recomputation is
triggered andNPUGen behaves as in-memory decoding, with
residual overhead within 2.3% end-to-end (§ 4.5). Beyond it,
NPUGen’s advantage over the best offloading baseline grows
from +46% (16K) to +86% (32K).

4.4.5 Effectiveness of Proactive Recomputation. We quantify
the prefetch policy under three access patterns of increas-
ing fragmentation (Llama-3.1-8B, 8Gen3, 32K context), as
shown in Table 4. The hit rate stays between 85.6% and 72.8%:
context reuse, although discrete in position, concentrates on
semantic boundaries (system prompts, whole rounds, re-
trieved chunks), the same granularity the predictor operates
at. As fragmentation grows, the urgent-vs-proactive ratio
shifts from 1:6.4 to 1:3.3, and the share of mispredicted proac-
tive jobs (regenerated but never accessed) rises from ∼7%
to ∼19%; these wasted jobs are admission-controlled and
consume only otherwise-idle NPU cycles. Meanwhile, the
preemptive queue keeps P99 within 204–241ms: unlike stor-
age offloading, where a prefetch miss falls back to slow flash
I/O, a miss here falls back to the anchor-bounded urgent
recomputation path, so P99 stays far below the ∼1000ms of
offloading baselines even at the lowest hit rate.

4.4.6 Adaptation under Dynamic Memory Fluctuations. We
further evaluate NPUGen under dynamic memory fluctu-
ations, as shown in Figure 13: a 10-minute decoding task

Access pattern Hit rate Urg. : Pro. Thpt. P99

Multi-round conv. (8–12 rounds) 85.6% 1 : 6.4 11.2 204
Multi-doc QA / RAG (12–16 seg.) 79.3% 1 : 4.4 10.7 219
Agent traces (20+ seg.) 72.8% 1 : 3.3 10.3 241

Table 4: Prefetch hit rate and urgent-vs-proactive job
ratio.

Figure 13: Adaptation under dynamic memory pres-
sure.

Figure 14: Device temperature traces. Triangles mark
DVFS throttling onset.

(32K context) starts with all KV resident, so NPUGen effec-
tively operates atop InMem (12.3 vs. 12.5 tok/s, a ∼2% gap
from anchor capture and bookkeeping, consistent with the
break-even overhead in Table 3); at 𝑡=180 s, co-running back-
ground workloads plus a controlled ballast shrink the avail-
able memory by 40% (shaded window), released at 𝑡=390 s.
Under pressure, the scheduler rebalances Bℎ𝑜𝑡 /B𝑎𝑛𝑐 /B𝑟𝑒𝑐

within ∼1.6 s, stabilizing at 10.1 tok/s with P99 rising only
from 90 to 255ms, and returns to the fully resident mode
within ∼2 s after release. In contrast, InMem collapses to
3.1 tok/s under OS paging (P99 ≈ 4.8 s, ∼90 s recovery) and
vLLM degrades to 2.8 tok/s (P99 1.8 s).

4.5 System Overhead
This section analyzes the thermal stability and the intrinsic
overhead of our design. Thermal stability is paramount for
mobile deployment. We trace the device temperature over a
continuous 30 minutes agent task. While traditional offload-
ing methods and greedy recomputation baselines quickly
trigger DVFS throttling due to massive IO and CPU bursts,
the thermal trace of NPUGen remains perfectly stable be-
low 47 degrees Celsius. As shown in Figure 14, all swapping
baselines cross the 50 ◦C DVFS threshold (battery-adjacent
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skin sensor; 50 ◦C is the vendor’s skin-temperature throt-
tle trigger) between ∼7min (FlexGen) and ∼13min (Shad-
owKV), suffering −12% to −23% post-throttle throughput
loss as the big cores are capped, driven by sustained flash
I/O and CPU data movement; NPUGen plateaus at 46.5 ◦C
(InMem: 43.8 ◦C) without ever throttling. This demonstrates
that utilizing the idle NPU cycles for KV generation success-
fully respects the strict thermal envelope of mobile platforms
without causing overheating.

NPUGen’s own overhead is small: anchor capture adds
+1.1% prefill latency (zero-copy hooks with fused INT4 quan-
tization), block-table lookup costs 0.3 𝜇s per token, the largest
512-token segment executes in a measured ∼25ms, which
together with the measured 0.7ms dispatch cost bounds
the worst-case urgent-job wait (∼26ms), and the scheduler
thread takes 0.9% of one core. Memory-wise, the anchor
buffer occupies 800MB (10% of the budget, Figure 12), meta-
data 6.4MB, and pre-compiled graph contexts 54MB, with
model weights shared rather than duplicated.

5 Related Work
On-device LLM Inference. Recent years have witnessed
rapid progress in deploying LLMs directly on mobile and
edge devices. Frameworks such as MLC-LLM [6] and Ex-
ecuTorch [2] have enabled cross-platform LLM inference by
compiling models for heterogeneous hardware backends in-
cluding CPU, GPU, and NPU. Systems like mllm [7] leverage
on-device NPU to accelerate the prefill phase, achieving sub-
stantial improvements in latency and energy efficiency on
Qualcomm Snapdragon platforms. Other efforts [15, 32, 54]
focus on model quantization, kernel fusion, and compact
architectures to fit models within tight mobile memory and
power budgets. These works primarily target efficient single-
phase inference under the assumption that the entire KV
cache fits comfortably in fast memory.
NPUGen builds directly on this heterogeneous acceler-

ation foundation but addresses a complementary system-
level challenge, i.e., providing stable long-context KV cache
management. It can be seamlessly integrated into existing
on-device inference engines [22, 53] without modifying their
core model execution, thereby extending their capabilities
to real-world long-context workloads.
KV Cache Management. The 𝑂 (𝐿2) attention complex-
ity and 𝑂 (𝐿) KV memory growth are primary bottlenecks
for long-context inference, motivating a substantial body of
work [10, 19, 28, 31, 34, 52, 58]. Eviction methods keep only
recent or important tokens: StreamingLLM [52] maintains a
fixed-size sliding window anchored on attention sinks, while
SnapKV [28] and H2O [58] selectively retain heavy-hitter
entries via data-driven policies. Quantization, exemplified

by KIVI [34], compresses the cache to lower bit-widths (e.g.,
2-bit) with minimal performance loss.

Another line of research preservesmodel accuracy through
offloading. InfiniGen [26] and ShadowKV [44] move KV en-
tries between GPU and CPU with intelligent prefetching
and low-rank compression; SpeCache [23] combines low-bit
compression with speculative prefetching, and page-based
managers [16] recall evicted tokens on demand. These meth-
ods assume high-bandwidth, low-latency connections such
as PCIe, whereas mobile devices rely on much slower storage
hierarchies (UFS, eMMC, or flash) that suffer severe band-
width limitations and read amplification. Recomputation has
likewise served only as an occasional server-side fallback
(e.g., vLLM’s recompute-on-preemption [25]); HCache [18]
restores KV from intermediate activations, but targets multi-
request serving, restoring whole contexts by overlapping
storage I/O with restoration compute. The inverse resource
profile of mobile devices leads NPUGen to instead make
recomputation the primary recovery path: prefix-free and
segment-level via DRAM-resident INT4 anchors, free of stor-
age I/O, and scheduled as a preemptible, rate-controlled ser-
vice interleaved with foreground decoding.

Unlike these prior approaches, NPUGen avoids irrecov-
erable aggressive eviction (risky for evidence-driven RAG
and agent tasks) and model retraining, and replaces unpre-
dictable, power-hungry storage I/O with idle NPU compu-
tation for lower power and more predictable latency. It also
remains orthogonal to existing KV management strategies,
which can be combined as controlled fallbacks (e.g., com-
pression or page-based offloading) on resource-constrained
devices. Indeed, NPUGen reuses their importance-selection
and prefetch policies [26, 35], replacing only the storage-
backed recovery path, and complements self-speculative de-
coding [8].

6 Conclusion
We present NPUGen, an NPU-driven KV cache management
system for stable long-context LLM inference on mobile
devices. Instead of unstable storage offloading, NPUGen re-
computes missing KV states using the idle NPU. Evaluations
on Qualcomm SoCs show it significantly reduces latency
fluctuations. This shifts KV cache management from storage-
centric to computation-centric, enabling practical on-device
LLM applications.
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