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Abstract

Hybrid LLM inference systems exploit both GPU and CPU
for computation and memory but are bottlenecked by the
CPU’s lower computational capabilities. Recent approaches
leverage activation sparsity by offline partitioning FFN neu-
rons into “hot” (frequently activated) and “cold” (rarely ac-
tivated) sets. This approach retains critical computations on
the GPU, yet static partitioning struggles to adapt to runtime
activation changes, leading to suboptimal throughput.

We present KAIROX, an adaptive GPU-CPU hybrid infer-
ence system that addresses these limitations through online
neuron balancing, a mechanism that dynamically redistributes
neurons between the GPU and CPU based on activation pat-
terns. To realize this, KAIROX introduces a Live Pipeline
designed to prefetch neurons by predicting next-layer acti-
vation patterns. Furthermore, leveraging activation locality,
we develop a Temporal Activation Momentum cache policy
to prioritize neurons with sustained utility while minimiz-
ing transient, wasteful transfers. Finally, an Adaptive Neuron
Balancer modulates the balancing intensity according to run-
time resource conditions, maintaining an optimal equilibrium
between competing system bottlenecks. For standard comple-
tion on consumer-grade PCs, KAIROX improves end-to-end
throughput by up to 7.57x, 3.70x, 6.35x%, and 3.76x over
llama.cpp, PowerInfer, Neuralink, and Q-Infer, respectively.
Across all evaluated settings, it achieves geomean speedups
of 3.15x and 3.93x over llama.cpp on two representative
PCs and around 2.1 x over the three sparse baselines.

1 Introduction

Large Language Models (LLMs) have achieved remarkable
success across diverse domains [10, 48, 59]; however, their
substantial memory and computational requirements limit
deployment primarily to cloud infrastructures [30]. While
cloud-based inference remains dominant, deploying LLMs on
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Figure 1: Two strategies for leveraging activation sparsity to com-
pute only activated neurons (i.e., subsets of FFN weights stored
in GPU or CPU memory). Left: static placement without runtime
adjustment. Right: online neuron balancing with dynamic neuron
transfers between the CPU and GPU.

edge devices such as personal computers is becoming increas-
ingly important [6,34,57]. Local deployment offers significant
advantages, including stronger data privacy protections [55]
and reduced operational costs in practice [45].

However, the scale of modern LLLMs continues to exceed
the memory budgets of typical consumer hardware, making
efficient on-device inference a fundamental challenge. For ex-
ample, running a 13-billion-parameter model in standard FP16
precision requires more than 26 GB of VRAM—surpassing
the 24 GB available even on high-end consumer GPUs such
as the NVIDIA RTX 4090 [32].

To address this memory bottleneck, parameter offloading
has become a widely adopted solution, wherein a portion
of model weights is stored in host memory [2, 38]. In such
architectures, the CPU typically performs computations on
the offloaded weights, and the results are then merged with
GPU-produced outputs. Frameworks such as llama.cpp [14]
generally implement this using layer-wise offloading. How-
ever, because CPU computational capability is substantially
weaker than that of the GPU, the CPU frequently becomes
the system bottleneck, leading to increased inference latency.

Recent research provides a promising direction for alle-



viating this bottleneck through activation sparsity [28, 39,
43,60]. For a given input, only a small subset of neurons—
corresponding to specific rows or columns of the weight
matrix—contributes to the output. These sparse activation
patterns can be reliably predicted using lightweight predic-
tors analogous to Mixture-of-Experts (MoE) gating [61]. By
computing only the activated neurons, systems can substan-
tially reduce both computation workload and memory foot-
print, thereby expanding the design space for hybrid inference.
State-of-the-art activation-sparse inference frameworks, such
as Powerlnfer [41], leverage this property by statically placing
frequently activated neurons on the GPU and rarely activated
ones on the CPU based on offline profiling. As shown in Fig-
ure I(left), the system computes only the neurons predicted
to be active at runtime during inference.

However, static placement derived from offline profiling
becomes inadequate when activation patterns shift or expand—
such as during semantic drift or batch inference. These shifts
cause many “cold” neurons (those residing on the CPU) to
become active, turning the CPU into the dominant bottleneck.
In practice, this limitation leads to early throughput saturation
(e.g., at batch sizes of 4 or 8) and high variance in TPOT
(ranging from 50 to 200 ms even at batch size 1), underscoring
the inefficiencies of static placement in practice.

A natural solution is to shift from static placement to online
neuron balancing, where neuron workloads are continuously
redistributed across the GPU and CPU according to the acti-
vation patterns (see Figure 1(right)). While this approach can
alleviate the CPU bottleneck, it introduces three tightly cou-
pled system challenges: how to achieve efficient balancing
with computation overlap, given that redistributing neurons
across devices incurs substantial transfer latency and layer-
wise dependencies provide limited opportunities to hide these
transfers behind computation; how to prioritize sustained
neurons and avoid transient, wasteful balancing, since acti-
vation patterns may fluctuate rapidly and simply redistributing
each newly activated neuron risks repeatedly moving short-
lived neurons, wasting scarce bandwidth and evicting more
valuable ones; and how to adaptively control balancing in-
tensity under runtime resource constraints, as aggressive
balancing reduces CPU pressure but risks saturating the I/0
path, whereas conservative balancing preserves bandwidth but
leaves the CPU overloaded. These challenges make effective
online neuron balancing fundamentally difficult.

To address these challenges, we propose KAIROX, an adap-
tive GPU-CPU hybrid LLM inference system for consumer-
grade hardware. KAIROX enables efficient and adaptive online
neuron balancing through three key designs:

Live Pipeline. The primary obstacle for dynamic redistri-
bution is I/O latency: moving activated neurons from host
memory to the GPU introduces delays, and strict layer-wise
dependencies constrain opportunities for overlapping these
transfers with computation. KATROX mitigates this by pre-
dicting the activation pattern of layer i+1 immediately after

the Attention block of layer i, allowing balancing actions to
begin earlier and overlap data movement with ongoing com-
putation. Neurons are further grouped and reordered based on
co-activation patterns to improve PCle utilization.

Locality-Aware Neuron Balancing. Even with prefetch-

ing, balancing bandwidth must be used judiciously. Acti-
vation patterns often contain short-lived spikes that trigger
wasteful transfers and evict useful GPU-resident neurons. To
avoid such thrashing, KATROX leverages activation locality
and introduces Temporal Activation Momentum (TAM), a
lightweight policy that captures the temporal persistence of
activations. TAM enables KAIROX to identify neurons with
sustained utility, prioritizing their movement toward the GPU
while suppressing transient ones that provide little benefit.

Adaptive Neuron Balancer. Effective online neuron bal-

ancing must reconcile CPU workload with balancing-induced
I/O overhead—two competing bottlenecks during inference.
KAIROX addresses this challenge through a runtime feed-
back mechanism that adjusts balancing intensity based on
real-time resource availability. When the system becomes
CPU-bound, unused I/O capacity emerges, creating an oppor-
tunity for KAIROX to migrate more computation to the GPU.
Conversely, when the system becomes I/O-bound, excessive
balancing saturates the transfer path; KATROX then reduces
balancing intensity to alleviate I/O pressure. This adaptive
control strategy enables the system to sustain an efficient
operating point under diverse runtime conditions.

Our contributions are summarized as follows:

* We design a hybrid inference pipeline that uses an adja-
cent predictor to relax sequential dependencies and over-
lap computation with data transfer, reducing exposed I/O
latency during online neuron balancing.

* We propose Locality-Aware Neuron Balancing based on
Temporal Activation Momentum, prioritizing sustained
neurons while avoiding I/O waste on transient ones.

* We introduce an Adaptive Neuron Balancer that adjusts
balancing intensity to real-time CPU and I/O availability,
effectively managing the competing bottlenecks.

* We implement KAIROX on top of llama.cpp [14]. On di-
verse consumer-grade PCs, KATROX improves standard-
completion throughput by up to 7.57x, 3.70x, 6.35x,
and 3.76x over llama.cpp [14], PowerInfer [41], Neu-
ralink [50], and Q-Infer [29], respectively.

2 Background

2.1 LLM Inference & Activation Sparsity

The inference of LLMs consists of two stages: prefill and
decoding. In prefill, the model processes the input sequence
in parallel to generate the first output token. In decoding,
the model operates auto-regressively, generating one token
at a time until a termination token is produced or a maxi-
mum length is reached. LLMs adopt a stack of Transformer
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Figure 2: Illustration of activation sparsity in the up- and down-
projection layers of a ReLU FFN. Activated neurons are shown in
blue for visual clarity in the example below.

layers [48], each composed of an attention block and a Feed-
Forward Network (FFN) [3]. While attention captures con-
textual dependencies, the FFN—implemented via an up-
projection, an optional gated projection [36], a non-linear
activation, and a down-projection—performs non-linear fea-
ture transformations. FFN blocks account for approximately
70% of parameters (e.g., 66.6% in OPT-6.7B [59] and 72.4%
in LLaMA-3 8B [17], excluding embeddings), and contribute
roughly 60% of prefill computation and 80% of decoding
computation. Consequently, FFNs constitute the primary com-
putational and memory bottleneck in LLM inference.

Activation Sparsity. Extensive prior work [26,39,40,51]
shows that LLMs exhibit substantial activation sparsity, most
prominently in FFN blocks and primarily induced by the non-
linear activation function (e.g., ReLU [1] or SiLU [11]). A
large portion of neurons—corresponding to rows or columns
of the weight matrices—produce negative or near-zero val-
ues after the first projection and are subsequently suppressed
by the activation function. Figure 2 illustrates this sparsity
pattern within an FFN block; for clarity, a standard projec-
tion (up- and down-projection) is shown, though the same
behavior extends to gated variants. Recent studies reveal three
key properties of activation sparsity: context specificity [28],
where the set of activated neurons varies with the input and
cannot be determined before inference; power-law distribu-
tion [41], where only a small subset of neurons is strongly
activated while the majority remain inactive; and neuron co-
activation [2], where neurons exhibit highly correlated acti-
vation patterns across architectures and datasets. Moreover,
these works [2,28,41] show that FFN sparsity can be accu-
rately predicted using lightweight predictors—analogous to
MOoE gating—enabling substantial reductions in computation
and memory costs during LLM inference.

2.2 Resource-Constrained Inference

Deploying LLMs on edge devices (such as personal comput-
ers) has attracted increasing attention [6,34,57]. Compared
with cloud-based solutions, local deployment offers advan-
tages in data privacy [55], inference cost [45], and latency [20].
However, the large memory footprint of modern LLMs re-
mains a fundamental bottleneck. For instance, a 13B model in
FP16 requires at least 26 GB of memory for weights alone, ex-

ceeding the capacity of high-end consumer GPUs such as the
NVIDIA RTX 4090 (24 GB) [32]. To address this constraint,
recent work has explored model compression, especially quan-
tization [22,27], as well as system-level techniques such as
offloading [18]. We categorize existing edge-inference sys-
tems by their execution strategies.

GPU-Only Inference. GPU-only frameworks primarily
rely on the GPU for computation while alleviating memory
pressure by offloading a portion of model weights to CPU
memory or secondary storage and transferring them to the
GPU on demand. Early systems such as FlexGen [38] adopt
coarse-grained offloading strategies, using linear program-
ming to schedule block-level weight swaps. While effective
for high-throughput batch processing, these methods incur
substantial latency for single-batch inference. In contrast, re-
cent approaches including Deja Vu [28] and Neuralink [50]
exploit activation sparsity and neuron co-activation to enable
fine-grained parameter loading. By transferring only contex-
tually relevant parameters, they significantly reduce I/O over-
head and accelerate inference on memory-constrained GPUs.

Hybrid Inference. Heterogeneous frameworks leverage
both GPUs and CPUs for inference. Modern CPUs sup-
port high-performance instruction sets (e.g., AVX-512, ARM
NEON) that accelerate matrix operations, providing a compu-
tational resource for LLM workloads. Widely used systems
such as llama.cpp [14] adopt coarse-grained layer partition-
ing, statically assigning selected layers to the CPU for storage
and computation. This layer-wise split placement introduces
synchronization barriers and often leads to GPU “bubbles”—
idle periods caused by the slower execution of the CPU and
the strict sequential dependencies inherent in LLMs. Empiri-
cal results from llama.cpp show that CPU computation can
still account for more than 90% of total inference latency.
In contrast, emerging frameworks such as PowerInfer [41]
adopt fine-grained, sparsity-aware offloading based on the
power-law distribution of activations. By assigning frequently
activated neurons to the GPU while placing infrequently acti-
vated neurons on the CPU, these systems align computational
tasks with device strengths and achieve substantial improve-
ments in inference efficiency.

3 Motivation

While state-of-the-art activation-sparse inference meth-
ods [41] have significantly improved efficiency over tradi-
tional coarse-grained approaches, they remain constrained by
inherent hardware bottlenecks. This motivates the need for a
more adaptive execution model under resource constraints.

3.1 Bottlenecks in Resource-Constrained Inference

We analyze representative fine-grained approaches and iden-
tify two dominant bottlenecks: I/O latency in GPU-only sys-
tems and excessive CPU overhead in heterogeneous systems.
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Figure 3: Illustration of the CPU bottleneck under static placement
in heterogeneous systems. Left: throughput and CPU computation
time under increasing batch size. Right: TPOT and CPU computation
time across a 256-token decoding sequence at batch size 1. Both
experiments were conducted on an NVIDIA RTX 3080 Ti.
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Figure 4: Examples of hot- and cold-neuron activation counts
across output tokens under semantic drift, shown for OPT-6.7B and
Prosparse-LLaMA2-7B at multiple layers.

Massive I/0 Latency in GPU-Only Systems. In GPU-
only systems with on-demand weight fetching (e.g., offload-
ing FFN blocks to system memory), I/O latency becomes
the primary bottleneck. Because computation must wait for
weight transfers to complete, substantial computational bub-
bles form. Prior work shows that I/O can account for over 75%
of generation time in sparsity-based systems such as LLM-
Flash [2]. Although Neuralink improves access locality, the
latency remains fundamentally constrained by physical band-
width. As a result, prolonged I/O stalls severely underutilize
the GPU, while modern CPUs remain largely idle, making
this approach inefficient under resource constraints.

CPU Bottleneck of Static Weight Partitioning Systems.
To improve hardware utilization, modern heterogeneous sys-
tems (e.g., PowerInfer [41]) statically assign neurons to either
the CPU or GPU. The GPU executes frequently activated hot
neurons, while the CPU handles rarely activated cold neurons.
Although this eliminates runtime weight loading and reduces
I/O overhead, it assumes that the hot—cold neuron split re-
mains stable during inference. In practice, activation patterns
drift, causing the workload to shift toward the slower CPU
and resulting in significant performance degradation.

1) Workload Expansion in Batch Inference: In batch sce-
narios, concurrent prompts scale the workload linearly, over-
whelming the CPU’s limited parallelism. Crucially, while the
CPU saturates, the GPU retains ample parallel headroom that
could absorb this excess load, yet static placement fails to
utilize it. When batch size grows from 1 to 20, throughput
rises only modestly, while CPU latency increases sharply
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Figure 5: CPU workload and PCle loads under static placement
and an LRU neuron-balancing policy, shown for two sparse models
under GPU cache capacities of 2,000 and 3,000 neurons. Solid lines
denote static placement, and dashed lines denote the LRU policy.

from 102.8 ms to 551.7 ms. This static allocation turns the
CPU into a dominant bottleneck, diminishing sparsity benefits
and severely impacting tasks like speculative decoding that
demand fast batch verification.

2) Activation Fluctuation in Generation: Activation sparsity
also fluctuates substantially during token-by-token genera-
tion. Small shifts in semantic context can increase activations
among cold neurons on the CPU, forcing the CPU to handle
a larger portion of the computation. We quantify the semantic
drift of two representative single-prompt decoding runs from
two models in Figure 4. Under static placement, cold neuron
activations fluctuate substantially per token (e.g., cold activa-
tions shift between adjacent tokens from nearly zero to over
3,000 in Layer O of OPT-6.7B). Across these representative
runs, cold-neuron activations repeatedly form bursty intervals
rather than isolated spikes, confirming that semantic drift is a
persistent runtime phenomenon even at batch size 1. Although
fluctuations also occur on the GPU side, its superior paral-
lelism absorbs them with negligible overhead. In contrast, the
same fluctuations saturate CPU workload due to its limited
parallel compute capacity. As shown in Figure 3(right), TPOT
varies from roughly 50 ms to nearly 200 ms within a sin-
gle 256-token sequence, and CPU compute time ranges from
around 30 ms to nearly 150 ms. These fluctuations persist
throughout the sequence, revealing static placement’s inability
to follow dynamic activation patterns and resulting in unstable
latency and degraded user experience.

3.2 A Strawman for Online Neuron Balancing

Both failures stem from the same root cause: static neuron
placement. Once runtime activation patterns diverge from the
offline profile, many computations are incorrectly routed to
the CPU in most cases, creating unnecessary workload im-
balance. A natural remedy is to migrate these computations
back to the GPU. Our preliminary results (shown in Figure 5)
show that even a simple LRU-style reload policy—loading
activated neurons from the CPU to the GPU and evicting the
least recently used ones—substantially reduces CPU work-
load with only modest PCle overhead. For example, provi-
sioning a small GPU cache of just 2,000-3,000 neurons yields



a notable decrease in CPU computation while keeping data
transfers manageable. These observations demonstrate that
limited, targeted neuron reloading can effectively trade I/O
for reduced CPU computation, motivating a dynamic hybrid
inference that we term online neuron balancing.

To make this idea concrete, we present a strawman system—
a minimal yet illustrative design that operationalizes on-
line neuron balancing. The strawman integrates frequency-
aware static placement with simple runtime I/O control. Dur-
ing initialization, offline profiling identifies frequently acti-
vated neurons to pre-place on the GPU. During inference, an
on-demand balancing policy detects activated cold neurons
and migrates as many as the GPU cache can store, using a
lightweight eviction policy (e.g., LRU). As shown in Fig-
ure 5, dynamically balancing even fewer than 1,000 neurons—
despite each layer containing 11,008 neurons in Prosparse-
LLaMAZ2-7B or 16,384 in OPT-6.7B—can substantially re-
duce CPU workload and stabilize execution efficiency. This
strawman serves as a conceptual baseline that illustrates both
the feasibility and the benefits of dynamic neuron placement.

Although this strawman theoretically overcomes the limi-
tations of static placement by adapting to activation changes,
it also reveals how the three high-level challenges of online
neuron balancing manifest concretely in practice:

Challenge 1: How to achieve efficient balancing with
computation overlap. Simply redistributing neurons at run-
time introduces substantial transfer latency, but the strict se-
quential dependencies in LLM inference leave limited oppor-
tunity to hide this latency. In particular, the sparsity predictor
depends on the output of the attention block to determine
the activation pattern for the subsequent FFN block. As a
result, the system must wait for transfers to complete after pre-
diction, placing non-overlapped I/O directly on the pipeline.
Meanwhile, integrating this dynamic balancing into a het-
erogeneous system—where CPU and GPU already execute
concurrently—further increases pipeline complexity.

Challenge 2: How to prioritize sustained neurons and
avoid transient, wasteful balancing. As shown in our anal-
ysis of activation fluctuation, activation patterns can shift
rapidly within short context windows. A simple balancing
policy risks repeatedly transferring cold neurons that are ac-
tivated only momentarily (“one-hit wonders”), resulting in
wasted I/O: scarce bandwidth is spent on neurons with mini-
mal long-term utility, potentially evicting more valuable neu-
rons already resident in the GPU cache.

Challenge 3: How to adaptively control balancing in-
tensity under runtime resource constraints. I/O latency
and CPU computation present fundamentally opposing bottle-
necks: reducing CPU workload by balancing more neurons to
the GPU increases I/O cost, while minimizing I/O leaves more
computation to the slower CPU. Further, due to continuous
fluctuations in resource availability and the dynamic I/O de-
mand induced by the balancing policy, the optimal operating
point shifts under different runtime conditions.
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Figure 6: System overview of KAIROX.

Table 1: Summary of key notations and hyperparameters.

Symbol Description
Notations
n Neuron index
g Neuron group index
N Total number of neurons per layer
M Total number of neuron groups
GS Group size (number of neurons per group)
Wij Co-activation weight between neurons i and j
G=(V,E) Neuron co-activation graph
t Generation step (token index)
Af”) , Afé) Activation state of neuron n and normalized activation
intensity of group g at step ¢
st , Sr(g) TAM momentum score of neuron n and group g at step ¢
Hyperparameters
A TAM decay factor controlling balancing inertia
Amins Amax Lower and upper bounds of the decay factor
o Adjustment rate for A per decoding step
€ Discrimination margin for loading threshold
Tioad Neuron group loading threshold, (1 —X) +¢€
K GPU cache budget (top-K groups retained)

4 System Overview

To address the aforementioned challenges, we propose
KAIROX, an adaptive GPU-CPU hybrid inference system.
As illustrated in Figure 6, the system workflow operates in
two stages. In the Offline Stage, the Graph Partitioner profiles
co-activation patterns to group and reorder neurons into opti-
mized clusters ((I)); we detail this process in subsection 5.2.
These neuron groups are then initially distributed between
VRAM and DRAM (@) to establish an efficient memory
layout for runtime access.

The Online Stage is triggered by a user request (3)). Upon
initialization, the Pipeline Designer constructs a heteroge-
neous pipeline (@), as described in section 5. As inference
proceeds, the engine executes an iterative optimization cy-
cle: the Neuron Balancer continuously analyzes sparsity pat-
terns and pipeline stall feedback () to synthesize real-time
balancing plans (©) using the policies in section 6 and sec-
tion 7. Acting on these directives, the IO Executor inserts
asynchronous I/O tasks ((7)), driving a continuous loop that
adapts resource allocation and overlaps data transfer with
computation for each subsequent token. Table | lists the nota-
tion and hyperparameters.
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S Live Pipeline

We begin by constructing a basic heterogeneous pipeline sim-
ilar to static neuron placement, where the CPU and GPU
perform sparse computation concurrently. During online in-
ference, the hybrid inference engine interprets computation
tasks as a dependency graph and partitions them into backend-
specific subgraphs. These dependencies, registered by the
pipeline designer, form a Directed Acyclic Graph (DAG) that
enables potential overlap across backends. A representative
example is split-FFN execution: once the sparsity pattern
is determined, the engine launches sparse kernels on both
CPU and GPU to process their respective activated neurons,
after which CPU outputs are merged back into the GPU, as
illustrated in Figure 7(a).

In the strawman system, balancing-related I/O occurs
strictly between sparsity prediction and FFN computation,
as shown in Figure 7(b). This sequential dependency creates
a substantial pipeline bubble, stalling computation on both
CPU and GPU. To reduce this exposed I/O latency, we op-
timize balancing along two complementary dimensions: (1)
hiding transfer latency via adjacent prediction and prefetch-
ing, and (2) improving bandwidth utilization through neuron
co-activation grouping and reordering for transfer efficiency.

5.1 Adjacent Prediction

To hide I/O latency, KAIROX introduces adjacent prediction.
This design is motivated by the empirical observation that
intermediate hidden states in consecutive layers exhibit high
cosine similarity, a stability that arises from the residual con-
nections in Transformer blocks. Experiments show that the
cosine similarity between adjacent layers reaches approxi-
mately 98%, indicating that the previous layer’s hidden state
can reliably predict the next layer’s activation pattern with
minimal accuracy loss. As illustrated in Figure 7(c), the pre-
dictor for layer i+1 uses the output of the attention block at

Table 2: PCle bandwidth (GB/s) under different hidden dimensions
and neuron group sizes. The PCle 3.0 and PCle 4.0 results corre-
spond to models with hidden sizes of 4096 (typical for 7B model)
and 5120 (typical for 13B model), respectively.

Gs | 1 4 8 16 24 32 Theo.

PCle 3.0 33 6.8 8.7 10.2 10.8 11.1 16
PClIe 4.0 5.8 13.7 17.8 20.9 22.3 22.8 32

layer i to forecast the activation sparsity pattern of the FFN
block at layer i+1. This adjacent prediction creates a time
window—spanning FFN layer i and the attention block of
layer i+1—during which the I/O transfer for layer i+1 can
be initiated without introducing stalls. We adopt a one-layer
lookahead rather than a multi-layer lookahead because the
computation and transfer durations for an individual layer are
comparable. A multi-layer lookahead would yield redundant
overlapping windows and significant accuracy degradation as
similarity drops over larger layer gaps (e.g., 85% across two
layers and 65% across four), while also introducing unneces-
sary complexity in boundary case management, as mentioned
in the next paragraph. Therefore, single-layer adjacent predic-
tion optimally balances overlapping efficiency with predictor
accuracy, significantly reducing exposed I/O latency.

A special case arises at the first layer (Layer 0), which lacks
a preceding layer for adjacent prediction. To avoid a pipeline
stall at the beginning of each decoding step, we preload the
required neurons during the CPU-side token sampling phase.
This design leverages Activation Locality (section 6), which
indicates that activation patterns remain stable across adjacent
tokens. While processing the final layer for token 7, we use the
predicted activation pattern of Layer O for token 7 to identify
and prefetch the neurons needed for Layer O of token #+4-1. By
overlapping this prefetching with the final FFN computation
and sampling of the current token, we eliminate the otherwise
unavoidable stall at the start of the next decoding step.

A further advantage of adjacent prediction is its ability
to overlap the prediction stage with CPU computation. In
Figure 7(a), sparsity prediction is strictly serialized before
sparse FFN execution and accounts for roughly 10% of total
GPU computation time. In Figure 7(c), however, this overhead
is hidden behind concurrent CPU workloads, rendering its
contribution to end-to-end latency negligible.

5.2 Co-activation Grouping & Reordering

In LLM architectures, a single neuron occupies only a small
memory footprint (e.g., =~ 8§ KB for a hidden size of 4096).
Prior studies show that transferring weights at such fine gran-
ularity leads to severe underutilization of PCle bandwidth due
to small, fragmented reads and a large number of I/O opera-
tions. As shown in Table 2, single-neuron transfers achieve
only 21% and 18% of theoretical peak bandwidth on PCle 3.0
and PCle 4.0, respectively. To overcome this limitation, we
adopt a graph-partitioning strategy that clusters neurons with



high co-activation probability.

Problem Formulation. We formally model the neuron-
grouping task as a weighted graph partitioning problem with
a capacity constraint. Let G = (V, E) be a dense undirected
graph where V denotes a set of N neurons. Each edge (i, j)
is associated with a weight w;; > 0, representing the co-
activation frequency (or correlation strength) between neurons
i and j. Given a fixed group size GS (with GS dividing N), the
objective is to partition the neurons into M = N/GS disjoint
groups of size GS. The goal is to maximize the total intra-
group edge weight, ensuring that neurons frequently activated
together are collocated and thus transferred as a unit. For de-
scriptive purposes, we express this objective as the following
binary linear programming for the grouping problem:

1, if neuron i is assigned to group g,
0, otherwise,
M
max Y, Y wiig¥g )
e=1i<)
M
s.t. Z Xg=1, Vi€V, 3)
g=1
N
Y xi;=GS, vge{l,... .M} (4)

i=1

This formulation corresponds to a variant of the graph
partitioning problem, which is known to be NP-hard. Conse-
quently, in the offline phase, we collect activation statistics to
construct the weight matrix W and employ the METIS graph-
partitioning tool [16] to efficiently approximate the optimal
grouping strategy. In practice, this end-to-end grouping and
reordering requires less than 10 minutes for a single layer.

Granularity Trade-offs. The group size GS serves as a
critical hyperparameter. Larger groups improve bandwidth
saturation by enabling more sequential PCle transfers, but
they introduce over-fetching because an entire group must be
loaded even when only a subset of its neurons is activated.
Conversely, smaller groups provide higher data efficiency
but reduce PCle utilization. We analyze the choice of GS
in section 8. Furthermore, the mismatch between neuron-level
sparsity prediction and coarse-grained group-level transfers
necessitates a group-granularity scoring policy (section 6) to
determine which groups to load. This optimized grouping
strategy effectively reduces I/O latency (see Figure 7(d)) and
mitigates pipeline stalls.

6 Locality-Aware Neuron Balancing

The efficacy of dynamic neuron balancing depends on a pol-
icy that minimizes thrashing while navigating the trade-off
between I/O latency and CPU computation.

To design an effective balancing policy, we first conduct an
empirical analysis of neuron activation traces. Although our
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Figure 8: Heatmap of conditional reactivation probability for neuron
and group granularity: (a) neuron granularity and (b) group granu-
larity. The x-axis denotes the decoding-step offset & (1 to 8 steps).
The y-axis shows neuron or group indices sorted by activation fre-
quency (hot to cold). The color intensity visualizes the conditional
reactivation probability.

system ultimately operates at the group level (as described
in subsection 5.2), we present the analysis at the neuron gran-
ularity for clarity. We collected more than 400,000 activation
sequences from multiple models across diverse datasets, with
each sequence comprising 256 generation steps.

(n)

We formally define the event A, as the activation of neu-
ron n at generation step 7. To characterize the temporal recur-
rence of activations, we compute the conditional probability

P(At(i)8 |A§") ), which measures the likelihood that neuron

n is reactivated at a temporal offset of d steps after activa-
tion at step t. Figure 8 presents a heatmap visualizing this
probability distribution of four representative sparse models.
The horizontal axis denotes the time lag 8 from 1 to 8, while
the vertical axis lists neuron indices sorted by their global
activation frequency in descending order.

Our analysis reveals an empirical observation of activation
dynamics: a currently active neuron exhibits a high probability
of being reactivated within the next few steps. This indicates
that activations form continuous temporal clusters rather than
isolated random events. These findings demonstrate the prin-
ciple of Activation Locality: once a neuron is activated, it
is highly likely to remain active for a subsequent sequence
of tokens before becoming inactive again. We refer to this
duration as the Activation Window. The window length varies
substantially; although reactivation probability generally de-
creases with increasing 8, the decay rate is inversely correlated
with global activation frequency. In particular, “cold” neurons
(the bottom 70%) exhibit rapid decay, with their reactivation
probability falling below 0.2 when & > 2.

Standard cache-inspired policies fail to adapt to these Acti-
vation Locality patterns. Least Recently Used (LRU) is overly
sensitive to transient noise. As shown in our analysis, “cold”
neurons often manifest as “one-hit wonders” with extremely
short activation windows. Under LRU, a single incidental ac-
tivation can promote a cold neuron to the most recently used
position, potentially evicting a hot neuron that is only briefly



silent, leading to pollution and thrashing. Conversely, Least
Frequently Used (LFU) suffers from history lag: it aggregates
counts across the entire generation history, making it slow to
respond to semantic transitions. When the context shifts, LFU
tends to retain neurons associated with the previous context,
failing to track the emergence of newly important neurons.

To reconcile long-term activation frequency with short-
term recency effects, we introduce Temporal Activation Mo-
mentum (TAM), a lightweight metric that quantifies the instan-
taneous “temperature” of a neuron. Inspired by the Hawkes
process [23] in temporal point process modeling, TAM treats
neuron importance not as a static count but as a time-decaying
intensity function. Formally, the momentum score St(”) of neu-
ron n at step ¢ is updated recursively as follows:

S =5 (1-2) A,

ok Ae(0,1), (5

TAM captures the Activation Window pattern observed
in our analysis: when a neuron activates persistently, S ()
increases rapidly, raising its balancing priority and promoting
its retention on the GPU. When the semantic context shifts
and the neuron becomes inactive, S decays exponentially,
allowing the system to phase out outdated neurons smoothly.

However, directly relying on TAM may inadvertently pro-
mote “one-hit wonders”—cold neurons that activate once in
isolation without forming a sustained Activation Window. To
avoid unnecessary 1/0, we impose a threshold constraint and,
at the neuron level, treat only those neurons whose momentum
scores exceed Tjoad = (1 — A) + € as balancing candidates. The
term 1 — A corresponds to the theoretical momentum acquired

by a cold neuron (S,(”) ~ 0) after a single isolated activation;
thus, scores near this value typically indicate one-hit wonders.
The hyperparameter € provides an additional discrimination
margin. By setting Tjoaq slightly above this baseline, isolated
spikes are prevented from triggering balancing actions. The
same thresholding principle is later applied to group-level
scores in lines 10-15 of Algorithm 1.

Figure 8(b) shows that the principle of Activation Locality
extends naturally to the co-activation level. To align with our
grouping strategy (subsection 5.2), we generalize TAM from
individual neurons to neuron groups by replacing the binary

activation state At(n)

intensity Afg ) The corresponding group score provides a
unified scoring function for memory management. In practice,
the system retains the top-K scoring groups in the GPU, where

K is determined by the available GPU memory budget.

with a normalized intra-group activation
Sl(g)

7 Adaptive Neuron Balancer

To address Challenge 3—the coupled bottleneck arising
from the inverse relationship between I/O latency and CPU
workload—we observe that static balancing policies are fun-
damentally insufficient. An aggressive policy reduces CPU
workload but risks saturating PCIe bandwidth (I/O-bound),

Algorithm 1 Adaptive online neuron balancing.

Require: Group scores {S,(g>}, neuron activations {Al(")}, current
decay A, adjustment rate o, margin €, budget K, cache (;
Ensure: Updated (41, {St(fr)1 A
Phase 1: Adaptive Balancing-Intensity Control
: Feedback +— GETSYSTEMBOTTLENECK()
. if Feedback is T0_BOUND then
A+ min(A- (14 o), Amax)
: else if Feedback is CPU_BOUND then
A+ max(A- (1 —a), Amin)
: end if
Phase 2: Momentum Update & Group Filtering
. A®) < ACTIVATIONGROUPING({A"}) > Map & Normalize
8: Tioad < (1 —A)+¢€
9: Ceand < 0
10: for each neuron group g do

> Increase inertia

> Decrease inertia

=

1 S% s (1-0)-4% > TAM update
120 i S'%) > Tioqq then

13: Ceand < Geana U {8} > Filter “One-Hit Wonders”
14: end if

15: end for

16: G+1 < TOPK(Ceand, K) based on scores st

t+1
17: Gioad < G+1\ G > Groups selected for loading
18: gevict — G \ Ct+l

> Groups selected for eviction
19: ISSUEASYNCIO( Gevict; Gload)
20: return (41, {Sfi)l}J

while a conservative policy alleviates I/O pressure but leaves
substantial computation to the CPU (CPU-bound). Because
the optimal balance varies with hardware characteristics and
runtime I/O load, it cannot be predetermined.

To overcome this limitation, we extend TAM into a
feedback-driven balancing policy by incorporating a runtime
control loop. In this design, the decay factor A introduced
in section 6 is no longer a fixed hyperparameter, but a dy-
namic control variable that modulates the system’s balancing
intensity according to real-time resource conditions.

In our momentum formulation, A governs the inertia of
the score updates and, consequently, the turnover rate of the
GPU-resident neuron set. A high A introduces strong inertia
by emphasizing historical activations, making it difficult for
cold neurons to accumulate sufficient momentum to exceed
the loading threshold. This yields a conservative balancing
policy that suppresses reload intensity. In contrast, a low A re-
duces inertia, allowing momentum scores to respond quickly
to recent activations. This heightened sensitivity increases
the mismatch between currently high-scoring groups and the
GPU-resident set, triggering more aggressive balancing ac-
tions that reduce CPU workload at the cost of increased I/O
overhead. During inference, the hybrid inference engine mon-
itors pipeline stalls to identify the dominant bottleneck. We
incorporate a negative feedback loop (formalized in Phase 1
of Algorithm 1) to dynamically adjust the value of A:

* 1/O-Bound: If stalls are primarily caused by 1/O delays,



the system detects excessive data-transfer pressure. In
response, it increases A by a factor of (1 + ), strengthen-
ing momentum inertia and enforcing a more conservative
balancing policy to reduce overall I/O load.

* CPU-Bound: if stalls originate from CPU computation,
the system infers that the CPU is overloaded. It then
decreases A by a factor of (1 — o), assigning greater
weight to recent activations relative to historical momen-
tum. This increases balancing intensity, reducing CPU
workload by exploiting available I/O overlap.

We initialize A to a moderate value (e.g., 0.5). Within the
first few generation steps, the feedback-driven mechanism
quickly converges A toward—or maintains it near—an equi-
librium that balances the two coupled bottlenecks. Because a
static optimal configuration rarely exists under varying input
contexts, this dynamic tuning enables KAIROX to adapt con-
tinuously to runtime fluctuations, including semantic shifts
and changes in available hardware resources.

The complete balancing policy is formalized in Algo-
rithm 1. It integrates Feedback-Driven Tuning and Tempo-
ral Activation Momentum within each layer’s decode step
once activation sparsity is predicted, automatically reconcil-
ing hardware constraints with Activation Locality.

The resulting balancing decisions are efficient (O(1)) and
integrate seamlessly into the runtime system. We implement
the updates with customized CUDA kernels (section 8), keep-
ing end-to-end overhead negligible.

8 Implementation

We implemented KATROX on top of 11lama.cpp, adding ap-
proximately 5,700 lines of C++ and CUDA code. In the offline
stage, we collected over 400,000 activation patterns from the
C4 dataset [35]. These patterns were used to train the adja-
cent predictors and to construct an undirected weighted graph
for neuron grouping and reordering, which was subsequently
partitioned using the METIS [16] graph-partitioning tool.

Priority-Aware Stream Management. To coordinate
the heterogeneous pipeline, KAIROX employs three primary
CUDA streams: a computation stream within the inference
engine for kernel executions, and two I/O streams managed
by an internal I/O Executor—one critical I/O stream for es-
sential transfers (e.g., merging FFN results) and one reload
stream for neuron-loading tasks. An asynchronous thread in
the I/O Executor maintains a task queue for reload operations.
When a critical I/O task arrives, the executor preempts queued
reload tasks, allowing essential transfers to bypass the queue
and execute immediately, thereby preventing pipeline stalls
and ensuring stable end-to-end latency.

Customized Kernels. We developed optimized sparse
CUDA and AVX kernels for activation-sparse inference. The
feedback-driven TAM policy uses custom CUDA kernels
that fuse XOR and AND operations for efficient group-level ac-
tivation updates and set-difference computations. We also

integrate a CUDA argsort kernel to rank neuron groups by
momentum score. Because high-performance argsort is most
efficient on inputs below 1024 elements, we constrain the
neuron group count M to this threshold, keeping balancing la-
tency negligible while integrating seamlessly with the online
neuron balancing pipeline.

9 Evaluation

9.1 Experiment Setup

Hardware. We conduct all experiments on two representative
consumer-grade PC configurations.

* PC-Low: NVIDIA RTX 3080 Ti (12 GB, 136 TFLOPs),
Intel Xeon® E5-2680 v4 with execution capped at 12
threads, 64 GB host memory, and PCle 3.0 (16 GB/s).

* PC-High: NVIDIA RTX 4090 (24 GB, 330 TFLOPs),
AMD EPYC 7542 with execution capped at 16 threads,
128 GB host memory, and PCle 4.0 (32 GB/s).

Models and Workloads. We evaluate a range of sparse
LLMs, including OPT-6.7B/13B, OPT-30B-Q8/Q4, and OPT-
66B-Q4 (ReLU); Prosparse-LLaMA2-7B/13B (derived from
LLaMA-2; FatReLLU); Bamboo-7B (derived from Mistral;
dReLU); SparseQwen2-7B (derived from Qwen2; dReLU);
and ReL.UFalcon-40B-Q8 (derived from Falcon; ReLU) [39,
42,43,47,59]. The suffixes “Q8” and “Q4” denote INT8 and
INT4 quantization, respectively. All models are tested using
a fixed subset of real-world user prompts randomly sampled
from ShareGPT [46], ensuring consistent, diverse, and repro-
ducible workloads. Additionally, we reuse the dense GEMM
kernels from llama.cpp for the prefill stage, as the dense ker-
nels are better optimized for large-batch computation.

Baselines. We compare KAIROX with four representative
systems: llama.cpp [14], PowerInfer [41], Neuralink [50], and
Q-Infer [29]. Llama.cpp serves as a widely used local infer-
ence baseline. PowerInfer is a state-of-the-art sparsity-aware
framework; because it relies on an older version of llama.cpp,
we port it to the same updated backend used by KATROX
for a fair comparison. Neuralink is an on-device activation-
sparse system that eagerly loads all activated neurons onto
the accelerators for computation. Because it is designed for
smartphones and is not open source, we reimplement its core
mechanism on top of KAIROX for evaluation. Q-Infer is a
GPU-CPU hybrid inference system designed for high-end
GPUs and large-batch LLM serving. Since it also uses runtime
reloading, we evaluate it under the same setting as KAIROX
for a direct comparison under identical constraints.

9.2 End-to-End Performance

We first evaluate throughput using a generation batch size of 1,
reflecting a typical usage scenario for local LLM deployments.
For consistency, we cap the maximum output length at 512
tokens and the maximum context size at 1024 tokens.
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Figure 9: End-to-end performance of decoding. Top: standard decoding. Bottom: speculative decoding.

As shown in Figure 9, KAIROX consistently outperforms
all baselines across models and hardware configurations. For
standard completion, the speedup over llama.cpp reaches
up to 7.53x on PC-Low and 7.57x on PC-High, with ge-
omean gains of 4.45x and 5.00x across models, respectively.
Relative to the sparse baselines, the geomean gains range
from 2.08 X to 3.06x on PC-Low and from 2.36x to 2.58
on PC-High, while the corresponding best-case gains reach
3.70x%, 6.35x, and 3.76x on PC-Low and 3.46x, 2.91x,
and 3.48 x on PC-High over PowerInfer, Neuralink, and Q-
Infer, respectively. The gains are largest on OPT models,
whose stronger sparsity and shorter cold-neuron activation
windows—reflected in the darker regions of Figure 8—allow
TAM to filter transient one-hit-wonder activations more ef-
fectively. As a result, the GPU cache is reserved for neurons
with genuinely long activation windows. Neuralink’s relative
performance ranges from near parity to multiple-fold gains
because it is sensitive to cache hit rate, per-step activation vol-
ume, and GPU cache size. When the cache is large, it reloads
a larger portion of activated neurons to make full use of the
cache, introducing substantial I/O stalls (e.g., Bamboo-7B on
PC-Low and Prosparse-LLaMA2-13B on PC-High). Q-Infer,
despite using rebalancing, does not outperform PowerInfer
in our setting. Because it is designed for large-batch serving,
it focuses on current-round activations and may load short-
lived cold neurons while missing persistently activated ones,
leaving the system CPU-bound with extra scheduling over-
head. By contrast, KAIROX leverages the activation locality
property described in section 6 to ensure that high-value neu-
ron groups consistently dominate the GPU cache, effectively
reducing CPU workload and wasteful transfers.

To evaluate throughput scalability at higher batch sizes, we
test Speculative Decoding—a widely used edge-acceleration
technique in which a draft model proposes candidate tokens

that are verified in parallel. All evaluations use 5 draft tokens,
and ReLUFalcon-40B-Q8 is excluded because no compati-
ble draft model is available. While we faithfully report cases
where low acceptance rates reduce absolute gains, our anal-
ysis focuses on relative batch-processing efficiency against
baseline systems. Under this setting, KAIROX continues to
outperform all baselines, achieving geomean speedups of
2.23x and 2.91 x over llama.cpp on PC-Low and PC-High,
respectively. Relative to the sparse baselines, the geomean
gains range from 1.53 x to 2.11 x on PC-Low and from 1.53x
to 1.88x on PC-High. In this setting, llama.cpp occasion-
ally outperforms PowerInfer and Neuralink because dense
batched GEMMs can surpass sparse kernels when irregular
memory access and index overhead outweigh sparsity bene-
fits. Larger batch sizes also increase CPU workload, exposing
bottlenecks in static systems. Neuralink can outperform other
reloading-based baselines in some cases because its aggres-
sive reloading absorbs part of this additional CPU workload.
By contrast, Q-Infer still underperforms PowerInfer in most
cases, as speculative-decoding batch sizes remain too small
for its policy to reliably identify and retain high-value neurons.
Nevertheless, KAIROX remains consistently superior; for ex-
ample, on PC-Low with OPT-30B-Q4, it achieves speedups of
5.40x,2.44x, 1.34x, and 2.97 x over llama.cpp, Powerlnfer,
Neuralink, and Q-Infer, respectively.

9.3 Performance Analysis

We further examine the factors contributing to KAIROX’s
performance advantages over baseline systems.
Effectiveness of Adaptive Neuron Balancer. First, we
compare CPU computation burden (measured by CPU la-
tency), I/O pressure (measured by reload latency), and overall
throughput under three balancing policies: a simple Top-K
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head are normalized.
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Figure 11: Evolution of the decay factor A and the corresponding
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strategy that reloads the most activated neuron groups, a TAM
scoring policy with a fixed A, and TAM-T, i.e., TAM with
feedback-driven tuning, as shown in Figure 10.

Under the Top-K policy, large numbers of cold neuron
groups—isolated “one-hit wonders”—are indiscriminately
transferred to the GPU. Although this approach nominally
reduces CPU computation, the excessive reload latency in-
duces severe stalls that negate any potential gains. Introduc-
ing a static TAM policy significantly filters out such one-hit
wonders, reducing reload latency—the primary bottleneck—
by approximately 1.8x to 2.2x and substantially improv-
ing throughput. Finally, the TAM-T policy dynamically nav-
igates the inverse trade-off between I/O latency and CPU
computation. In I/O-bound scenarios (e.g., Bamboo-7B on
the PC-Low), the policy detects I/O-induced stalls and en-
forces a more conservative reloading intensity. Conversely,
in CPU-bound scenarios (e.g., Prosparse-LLaMA2-13B on
the PC-Low), it increases reloading intensity to alleviate CPU
workload, thereby optimizing overall throughput.

Second, Figure 11 shows how the evolution of the decay
factor A regulates reloading intensity via the decoding pro-
cess. Immediately after initialization, the balancer identifies
the dominant bottleneck and converges toward a stable equi-
librium. For example, during steps 1-7 at layer 31, A increases
monotonically, indicating an I/O-bound state that necessitates
a conservative balancing. This adjustment rapidly reduces I/O
volume and restores system harmony. Throughout generation,
A continues to adapt dynamically to real-time workload fluc-
tuations. Distinct micro-oscillations emerge around specific
thresholds—most notably during steps 65-85 at layer 0 and
steps 130-150 at layer 16 & 31—signaling that the system has
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Figure 12: GPU utilization across baselines and KAIROX for repre-
sentative models on PC-Low and PC-High.
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Figure 13: Throughput under varying GPU memory budgets. Left:
PC-Low with Bamboo-7B. Right: PC-High with OPT-13B.

located a temporary optimal point where neuron transfers and
CPU computation are effectively balanced. At layers 16 & 31,
A stabilizes around 0.85, reflecting a conservative balancing
strategy. As shown in Figure 11(right), this corresponds to
consistently low I/O intensity, remaining below 75 reloads per
step. In contrast, the lower A value observed at layer 0 triggers
a more aggressive reloading policy, resulting in substantially
higher I/O volume per decoding step.

GPU Utilization. We use NVIDIA Nsight Systems [31]
to measure GPU utilization, a key indicator of pipeline effi-
ciency and hardware stalls. As shown in Figure 12, KAIROX
consistently outperforms all baselines, achieving up to 5.35x
and 2.98 x higher utilization on PC-Low and PC-High, respec-
tively. This improvement reflects a more efficient execution
pipeline in which the GPU remains active rather than idling.
In contrast, llama.cpp exhibits pronounced utilization fluctua-
tions determined by the degree of layer offloading. When most
layers are offloaded to the GPU (e.g., Prosparse-LLaMA2-
13B on PC-High), consistent kernel execution raises utiliza-
tion to 68%; when memory constraints limit offloading (e.g.,
OPT-13B on PC-Low), utilization falls below 20%. Although
activation-sparse inference frameworks generally outperform
dense baselines in such settings, KAIROX still surpasses Pow-
erInfer. This advantage stems from adaptive neuron balanc-
ing and a highly optimized pipeline that dynamically rebal-
ances computation while overlapping CPU execution and I/O
with GPU kernels to reduce stalls. GPU utilization is ulti-
mately limited by residual non-overlappable 1/O, cross-device
synchronization, and system-level overheads such as CPU
scheduling and token processing. In resource-constrained
edge environments, these factors cap practical utilization at
around 70% in our settings, which is already near saturation.

Performance under Various GPU Memory Budgets. Fig-
ure 13 shows that KATROX consistently outperforms all base-
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Figure 14: Per-token TPOT latency across models and systems. Left:
SparseQwen2-7B on PC-Low. Right: OPT-30B-Q8 on PC-High.

lines across configurations, demonstrating strong resilience
under constrained GPU memory budgets. As available GPU
memory shrinks, static strategies leave more workload to the
CPU, creating severe performance bottlenecks. Under these
tighter budgets, KAIROX maintains a throughput of around
25 tokens/s on PC-Low with only 7 GB of VRAM when run-
ning Bamboo-7B (total memory footprint of approximately
14 GB). On PC-High, KAIROX under a 14 GB budget even
surpasses all baselines operating at their full 24 GB budget,
highlighting the effectiveness of its adaptive balancing under
tight memory constraints. Q-Infer outperforms PowerInfer on
Bamboo-7B but yields only marginal gains on OPT-13B, as
its reloading policy struggles to identify high-value neurons
in models such as OPT that exhibit a higher proportion of
one-hit-wonder activations, as shown in Figure 8.

TPOT Latency Variability. We further evaluate per-token
latency variability on a representative decoding sequence, as
shown in Figure 14. Neuralink exhibits the most severe fluctu-
ations: its TPOT trace closely follows the cold activation drift
in Figure 4 because its aggressive reloading policy transfers
all activated neurons without filtering, causing I/O latency
to rise directly with cold activation volume. PowerInfer, as
a static placement system, avoids these I/O-induced spikes
but still suffers from CPU-side latency fluctuations as cold-
neuron workload shifts across tokens. Q-Infer halts reloading
once computation is required, avoiding the I/O-induced spikes
seen in Neuralink. However, because it does not prioritize
persistently activated neurons, high-value neurons may not
be loaded before the I/O window closes, leaving the system
CPU-bound with TPOT variability comparable to PowerInfer.
KATIROX achieves the lowest and most stable TPOT across
the sequence, demonstrating its robustness under dynamic
activation patterns and different hardware configurations.

9.4 Ablation Study

We conduct an ablation study to quantify the contribution
of each optimization component. Using llama.cpp as the pri-
mary baseline, we first observe that PowerInfer—which in-
corporates activation-sparse inference—achieves speedups of
1.43x and 1.61 x under our evaluation settings. Building on
this baseline, we incrementally integrate our dynamic opti-
mizations in three stages and measure the resulting throughput
improvements, as illustrated in Figure 15.

PC-Low (OPT-13B)

I [lama.cpp

[ PowerlInfer
&= +LP

B +NB

[ +ANB (Kairox)

PC-High (ReLUFalcon-40B-Q8)

B llama.cpp
[ PowerlInfer
= +LP

[ +NB 2.88x
3 +ANB (Kairox)

3.23x

Throughput (tokens/s)

0

Figure 15: Contribution of each component in KAIROX, shown as
throughput across incremental system variants.

Table 3: End-to-end generation throughput (tokens/s) on non-
ReLU architectures, comparing PowerInfer, Neuralink, Q-Infer and
KAIROX. The suffixes “-Low” and “-High” indicate the hardware
configurations used in each evaluation.

Qwen2-7B LLaMA2-13B Falcon-40B
(SiLU)-Low (SiLU)-Low (GeLU)-High
Powerlnfer 16.46 3.97 9.86
Neuralink 12.95 3.02 7.83
Q-Infer 15.28 3.98 8.84
KAIROX 21.96 5.07 10.53

First, we apply the Live Pipeline (+LP) to maximize the
overlap between 1/O operations and heterogeneous execu-
tion. Second, we introduce online Neuron Balancing (+NB),
initially employing a fixed decay factor (A = 0.5). Finally,
we implement feedback-driven Adaptive Neuron Balanc-
ing (+ANB) to dynamically adjust A in response to system
constraints. The inclusion of LP yields throughput gains of
1.91x and 1.39x by effectively overlapping computation and
communication. Notably, +NB contributes the largest perfor-
mance gain, boosting throughput to 3.32x and 2.88 x; this
substantial leap underscores the critical importance of runtime
dynamic neuron balancing in alleviating CPU bottlenecks.
Ultimately, the constraint-aware tuning provided by ANB
achieves peak speedups of 3.70x and 3.46 x. These results
demonstrate that while pipeline overlapping provides a solid
foundation, dynamic neuron reloading acts as the primary
driver of performance improvement, effectively unlocking the
potential of hybrid inference.

9.5 Non-ReLU Models Performance

While activation-sparse inference methods typically achieve
substantial acceleration on models with high activation spar-
sity, they often struggle with non-ReL.U architectures (e.g.,
GeLU-based models). In non-ReLLU models, a larger fraction
of neurons are activated at each step due to reduced sparsity.
Under static split strategies such as PowerlInfer, this signifi-
cantly increases the CPU workload. For Neuralink, the higher
activation density triggers excessive indiscriminate reloads,
rendering the system I/O-bound. Unlike competing systems,
KAIROX retains its performance advantage even under high
activation density. As shown in Table 3, KAIROX consis-
tently outperforms all baseline systems across mainstream
non-ReL.U architectures. These results demonstrate the ro-
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Figure 16: Predictor recall and precision across representative sparse
models. Left: recall and precision across layers. Right: the corre-
sponding precision—recall scatter plot for each predictor.

Table 4: Comparison of popular downstream task accuracy between
the original models and their variants augmented with adjacent pre-
dictors (denoted as “model-P”).

PIQA Wino ARC MMLU GSMSK Avg.

OPT-13B 7622  66.69 32776  24.58 1.67 4038
OPT-13B-P 76.39 6796 3259 2457 1.52  40.61
OPT-30B 77.69 69.61 3422 25.67 1.82  41.80
OPT-30B-P 7742 69.77 33.62 25.64 1.82  41.28

Prosparse-7B-P 7524 6646 2654 4126 1228 4436

76.06 6993 3447 50.10 31.01 5231
7595 6946 3396 5022 29.61 51.84

7720 75.14 4787 68.89 75.13  68.85
7753 7451 4872 6530 7372 67.96

Prosparse-13B
Prosparse-13B-P

SparseQwen2

Prosparse-7B ‘75.90 67.96 2739 4247 1440 45.62
SparseQwen2-P ‘

bustness of KAIROX and highlight potential opportunities for
future research into inference optimization for less sparse or
non-sparse model architectures on edge devices.

9.6 Sparse Inference Analysis

KAIROX employs lightweight predictors to skip computa-
tion for inactive neurons. Since only predicted neurons are
computed, predictor accuracy directly affects downstream per-
formance. In this section, we analyze predictor accuracy, its
impact on the sparse inference system, and the underlying
mechanisms behind this behavior.

Predictor Accuracy. Figure 16 illustrates predictor met-
rics across different layers. The recall ratio, defined as the
fraction of ground-truth activated neurons that are correctly
predicted, remains consistently high at 90%-99%. The pre-
cision ratio, defined as the fraction of predicted neurons that
are confirmed as active in dense computation, is relatively
lower. Specifically, the predictors are recall-prioritized: we
deliberately sacrifice precision to maximize recall, reducing
false negatives at the cost of additional false positives. This
ensures that the vast majority of truly activated neurons are
captured, preserving model performance.

Predictor Overhead. In our experiments, predictor exe-
cution accounts for approximately 5—-10% of per-layer infer-
ence time when measured in isolation with NVIDIA Nsight
Systems. However, the effective overhead introduced by the
predictors is only 1-2% of end-to-end system latency, thanks

to the dedicated Live Pipeline design described in section 5.
Since the predictors execute on the GPU, the execution time
of the predictor for layer i41 is completely hidden behind
the concurrent CPU-side MLP computation of layer i. The
only unavoidable overhead occurs at the first layer, where the
predictor and MLP computations must be serialized. As a
result, predictor latency scales sub-linearly with the number
of model layers, and its relative contribution diminishes in
larger models. This overlap opportunity also allows us to use
larger predictors for better accuracy than would be practical
in systems where predictor latency is a critical bottleneck.

Model Downstream Performance. To evaluate the feasi-
bility of KAIROX’s sparse inference, we compare it against
standard dense inference across several mainstream bench-
marks, as shown in Table 4. The results indicate that KAIROX
preserves model accuracy, with an average degradation of
less than 0.5% across downstream tasks. This deviation falls
within the expected statistical variance of the underlying mod-
els. Notably, our analysis shows that false negatives—neurons
incorrectly classified as inactive—typically produce output
magnitudes near zero. Consequently, omitting them has negli-
gible impact on the layer’s feature representation, maintaining
the correctness of sparse inference.

10 Related Work

GPU-CPU Hybrid Inference. GPU-CPU hybrid inference
has become a common strategy for running LLMs whose
weights exceed GPU memory budgets. Representative sys-
tems such as llama.cpp [14] and PowerInfer [41] rely on
static partitioning across the GPU and CPU, whereas more re-
cent work explores runtime-adaptive reloading. Q-Infer [29],
for example, is positioned toward server or high-end-GPU
settings, where the goal is to maximize throughput under
richer resources and larger-batch workloads. Accordingly, it
focuses on current-round activations when deciding which
CPU-resident weights to reload. This short-horizon policy can
migrate transient “one-hit-wonder” cold neurons and incur ex-
tra transfers, but such overhead can often be amortized by the
substantial computation available in large-batch serving. In
contrast, KATROX targets resource-constrained consumer PCs,
where exposed transfer latency and CPU bottlenecks domi-
nate once runtime activation drift invalidates static hot/cold
placement. KAIROX therefore emphasizes not only which
activated CPU-resident neurons should migrate back to the
GPU, but also when such migration is worthwhile and how
aggressively rebalancing should proceed under shifting CPU-
bound and I/O-bound conditions.

Quantization. Quantization [8, 15] mitigates memory con-
straints by reducing model-weight precision to INT8 [9, 52],
INT4 [13,56], or even lower bit-widths [5,49, 54] while main-
taining acceptable accuracy. This technique is orthogonal to
KAIROX, as we integrate INT8 and INT4 quantization sup-
port into KAIROX (section 9), enabling larger models to run



on limited hardware. Although quantization substantially re-
duces I/0O volume by decreasing data-transfer size, it leaves
the computational workload largely unchanged. Consequently,
quantization often shifts the dominant system bottleneck from
being I/O-bound to being computation-bound.

Mixture of Experts (MoE). MoE models introduce spar-
sity at the expert-selection level by routing each token to a
small subset of FFN experts [4,61]. This differs from KAIROX,
which targets fine-grained neuron-level sparsity inside FFN
computation under GPU-CPU memory constraints. KAIROX
does not directly replace MoE serving systems, and our im-
plementation does not optimize expert routing or expert-level
placement. However, the two forms of sparsity are comple-
mentary: once an expert is selected, its internal FFN com-
putation can still exhibit activation sparsity, and KAIROX’s
neuron-level balancing could be applied within selected ex-
perts to reduce CPU-side work under limited GPU memory,
presenting further opportunities for acceleration on edge de-
vices [62]. Supporting full MoE inference would require in-
tegrating expert routing, expert-level placement, and neuron-
level balancing, which we leave to future work.

Mobile Inference Systems. Deploying LLMs on mobile
devices, such as smartphones, represents another important
direction in edge computing. Unlike the consumer PC archi-
tecture targeted by KAIROX, mobile devices typically em-
ploy Systems-on-Chip (SoC) with Unified Memory (UM).
UM enables the CPU and accelerators (e.g., NPUs, TPUs)
to access a shared physical memory space, effectively elimi-
nating explicit data-transfer overhead. Recent works such as
IIm.npu [53] and Smallthinker [44] exploit this property to
optimize on-device inference.

LLM Serving Systems. LLM serving systems are typ-
ically deployed in cloud data centers and are designed to
maximize throughput under high concurrency using abun-
dant computational resources [30]. Research in this domain
primarily focuses on efficient Key—Value (KV) cache manage-
ment (e.g., VLLM [21], Mooncake [33], LMCache [7]) and
distributed parallelism strategies [12, 19, 58]. LoRA-based
serving systems such as CaraServe [24], S-LoRA [37], and
TOPPINGS [25] represent another direction, focusing on effi-
cient multi-adapter serving. However, these systems assume
the base model fits entirely within GPU memory, with CPU
involvement limited to lightweight adapter management. This
makes them not directly applicable to the setting targeted
by KAIROX, where the base model itself must be partitioned
across the GPU and CPU under constrained GPU memory.

11 Conclusion

We presented KAIROX, an adaptive hybrid LLM inference
system for consumer-grade PCs. KAIROX builds on activation
sparsity to enable efficient online neuron balancing through
a live pipeline, locality-aware neuron balancing, and feedback-
driven tuning. Together, these designs navigate CPU and I/O

bottlenecks, providing a foundation for low-latency hybrid
LLM inference on resource-constrained hardware.
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A Artifact Appendix

Abstract. The artifact for KAIROX includes the modi-
fied 1lama.cpp source tree, the KAIROX implementation,
comparison-system runners, and scripts for building, bench-
marking, and summarizing results. It is designed to let artifact
evaluators validate the released implementation and check
selected end-to-end throughput trends from the paper under
representative consumer-PC configurations.

Scope. The required artifact-evaluation path focuses on
availability and selected performance validation. Specifically,
the artifact checks that KAIROX builds and executes correctly;
that the short simple_validation path runs 1llama_cpp,
kairox, and neuralink on one validation model for the se-
lected hardware profile; and that the full e2e_performance
path reproduces selected Figure 9 trends by comparing
KAIROX against the included baselines under matching mod-
els, hardware profiles, and generation modes. The paper also
compares against PowerInfer and Q-Infer, but those external
repositories are outside the required artifact-evaluation path.

Contents. The artifact repository contains the mod-
ified llama.cpp tree with KAIROX, the top-level
driver bench_models.sh, the  per-backend runner
test_kairox.sh, the build helper compile_kairox.sh,
the fixed prompt set prompts.txt, the log parser
parse_bench_logs.py, and the detailed  guide
ARTIFACTS_EVALUATION.md. Model weights are not
stored in the repository; evaluators download the required
GGUF model files separately from the SPIF model release.

Hosting. The artifact repository is hosted publicly at
https://github.com/Anhelor/kairox.cpp. The reposi-
tory is intended to remain readable throughout artifact evalua-
tion and contains the software path needed for the required
runs, except for external model weights and standard container
or dependency downloads described in the guide.

Requirements. The paper evaluates two consumer-grade
profiles: PC-Low, using an RTX 3080 Ti with 12 GB VRAM,
12 benchmark CPU threads, and PClIe 3.0 x16; and PC-High,
using an RTX 4090 with 24 GB VRAM, 16 benchmark
CPU threads, and PCle 4.0 x16. The closest reproduction
uses matching GPUs, Docker, NVIDIA Container Toolkit,
an NVIDIA driver compatible with CUDA 12.8, and suffi-
cient disk space for source, build outputs, logs, summaries,
and selected GGUF model files. Different CPUs, memory
bandwidth, PCle generations, drivers, or model subsets may
change absolute throughput, so the artifact emphasizes match-
ing comparisons within the same profile.

A.1 Installation

Evaluators clone the artifact repository, prepare a model
directory, and enter a CUDA 12.8 development container
with GPU access. Inside the container, they install the stan-
dard build dependencies, verify that the GPU is visible, and

download either the full SPIF GGUF model set or a smaller
validation-only subset for the selected profile. The exact
host and container commands, including optional smaller
downloads for PC-Low and PC-High validation, are pro-
vided in ARTIFACTS_EVALUATION.md. No separate upstream
1lama.cpp checkout is required because the artifact reposi-
tory already contains the modified tree.

A.2 Experiment Workflow

The artifact provides two workflows. The short
simple_validation workflow is a smoke test that
builds the release binaries and runs completion and specu-
lative decoding for 11ama_cpp, kairox, and neuralink on
the profile’s validation model: Prosparse-LLaMA2-7B for
PC-Low and Prosparse-LLaMA2-13B for PC-High. It is
invoked as bash bench_models.sh low simple or bash
bench_models.sh high simple.

The full e2e_performance workflow runs the validation
path followed by the selected throughput experiments. It
uses a maximum context size of 1024 tokens and a max-
imum output length of 512 tokens, matching the paper’s
Figure 9 setup. It is invoked as bash bench_models.sh
low full or bash bench_models.sh high full. Logs
are written to low_logs/ or high_logs/; evaluators can
inspect each log’s final benchmark summary block or run
parse_bench_logs.py to generate Markdown and CSV
summaries.

A.3 Expected Results

The simple_validation run passes if the build succeeds, all
backends finish without runtime errors, logs are written, and
each log ends with a benchmark summary block. The full
e2e_performance run passes if the parser can summarize
the logs and KAIROX reports a higher decode mean than the
included comparison systems for matching profile, model, and
generation mode. Because speculative decoding is sensitive
to acceptance rate and hardware differences, exact throughput
can vary; the expected result is the same relative trend under
matched conditions rather than bit-for-bit reproduction of
every number in the paper.


https://github.com/Anhelor/kairox.cpp
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