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Abstract

Due to the sparse nature of Mixture-of-Experts (MoE) mod-
els, they are particularly suitable for hybrid CPU/GPU in-
ference, especially in low-concurrency scenarios. This hy-
brid approach leverages both the large, cost-effective mem-
ory capacity of CPU/DRAM and the high bandwidth of
GPU/VRAM. However, existing hybrid solutions remain bot-
tlenecked by CPU computation limits and CPU-GPU syn-
chronization overheads, severely restricting their ability to
efficiently run state-of-the-art large MoE models, such as the
671B DeepSeek-V3/R1.

This paper presents KTRANSFORMERS, a high-performance
inference system designed specifically for efficient hetero-
geneous computing of diverse MoE models. KTRANSFORM-
ERs employs optimized, AMX-specialized kernels that fully
utilize the computational capabilities of modern CPUs and
incorporates an asynchronous CPU-GPU task scheduling
mechanism to minimize overhead—achieving 4.62-19.74x
prefilling speedups and 1.25-4.09x decoding speedups com-
pared to existing systems.

Furthermore, we propose a novel Expert Deferral mech-
anism that strategically enhances the potential for overlap-
ping CPU and GPU computations, increasing CPU utilization
from typically below 75% to almost 100%. This yields up to
1.45% additional throughput beyond the aforementioned op-
timizations, with an average model accuracy drop of no more
than 0.5% across a diverse set of benchmarks.

The resulting system, KTRANSFORMERS, substantially en-
hances the accessibility of large MoE models for local users
who prioritize security or intend to dig into the internals of
the models. As a result, it has already been widely adopted
within both the open-source community and industry.
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1 Introduction

Mixture-of-Experts (MoE) large language models (LLMs)
have demonstrated impressive performance across diverse
tasks [11, 23, 29, 36, 41]. By activating only a subset of experts
within each feed-forward layer, MoE architectures achieve
computational sparsity, significantly reducing compute de-
mands during both training and inference. Recent models,
such as DeepSeek-V3/R1 [7, 8], have leveraged this sparsity
to achieve state-of-the-art open-weight performance, spark-
ing widespread community interest in practical deployment
scenarios.

Due to their sparse activation patterns, MoE models are
particularly well-suited to two deployment extremes: (1)
Large-scale cloud deployments, characterized by massive
concurrency (e.g., tens of thousands of requests per batch),
where frequent expert activations improve hardware utiliza-
tion and maximize achievable MFU [7]; (2) Local deploy-
ments with low concurrency (e.g., single or few requests
per batch), where the sparse expert activation dramatically
reduces the memory access overhead.

Despite substantial engineering optimizations for large-
scale cloud environments, local deployment of MoE models
remains highly challenging, primarily due to GPU mem-
ory constraints that prevent hosting entire models within
limited VRAM capacities (Figure 1a). A promising solution
to this constraint is CPU/GPU hybrid inference, which of-
floads portions of model parameters to CPU and leverages
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Figure 1. Timeline of different execution modes.

the larger capacity and lower cost of DRAM. Previous work,
most notably Fiddler [24], demonstrates that partitioning
based on arithmetic intensity can substantially reduce GPU
memory requirements and enhance hardware utilization. To
be specific, attention layers with the highest arithmetic inten-
sity are prioritized on the GPU, followed by frequently-used
experts identified through offline profiling of expert popu-
larity. Our work adopts a similar partitioning strategy for
CPU/GPU hybrid inference. In particular, this paper focuses
on models with shared experts, which naturally emerge as
the most frequently-used experts and are therefore placed
on the GPU, while routed experts, designed to be activated
in a balanced manner, are offloaded to the CPU (Figure 1b).
This focus simplifies the setup without sacrificing generality,
since for models without shared experts, popular experts can
still be identified via offline profiling, as done in Fiddler.

However, applying the aforementioned Fiddler-style hy-
brid inference techniques to large MoE models (e.g., 671B
DeepSeek-V3/R1) in local deployment settings (such as one
NVIDIA A100 GPU combined with two Intel Xeon CPUs)
reveals significant bottlenecks. Specifically, we observed se-
verely limited system throughput (70.02 tokens per second
during prefill phase and 4.68 tokens per second during de-
code phase) and low GPU utilization (below 30%), clearly
indicating that CPU-bound operations are a primary perfor-
mance constraint.

To address these limitations and enable practical, efficient
MOoE inference on resource-constrained hardware, we per-
formed a comprehensive system-level analysis to identify
critical performance bottlenecks. Our investigation high-
lights two major inefficiencies:

e Underutilized CPU compute during the prefill
phase. The prefill phase in MoE models processes
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thousands of tokens simultaneously, imposing a sub-
stantial computational burden on CPUs. Current im-
plementations typically utilize generic SIMD instruc-
tion sets (e.g., AVX-512), failing to exploit advanced
CPU extensions such as Intel AMX or ARM SME effec-
tively. Despite PyTorch’s [32] integration of special-
ized kernels from hardware vendors (e.g., Intel’'s AMX
kernel via the oneDNN library [43]), the achieved per-
formance remains limited to only 7% of the theoretical
peak. We attribute this gap primarily to suboptimal
memory layouts, which degrade cache efficiency, re-
duce effective memory bandwidth, and introduce un-
necessary overhead.

e Inefficient CPU-GPU/CPU coordination during
the decode phase. Unlike the prefill phase, the decode
phase typically processes a small number of tokens
(often one) per inference step and activates only a
few experts at a time. The resulting short CPU and
GPU kernel execution times (usually a few millisec-
onds or less per layer) exacerbate synchronization
overheads between CPU and GPU. Traditional syn-
chronization approaches introduce excessive kernel
launch latency, limited CPU-GPU execution overlap,
and insufficient pipeline parallelism. Additionally, mis-
aligned CPU memory accesses and expensive cross-
NUMA data transfers (i.e., inefficient CPU-CPU coor-
dination) further degrade system throughput, substan-
tially widening the gap between theoretical hardware
capabilities and actual achieved performance.

To address these challenges and enable efficient deploy-
ment of large Mixture-of-Experts (MoE) LLMs on resource-
constrained local hardware, we present KTRANSFORMERS, a
high-performance inference system tailored specifically for
heterogeneous CPU/GPU environments.

KTRANSFORMERS introduces an Arithmetic Intensity-
Aware Hybrid Inference Kernel, a mixed-instruction back-
end optimized explicitly for MoE workloads on CPUs. By
analyzing the arithmetic intensity (ARI) of different tasks,
KTRANSFORMERS selectively employs Intel AMX instructions
for high-ARI expert computations during the prefill phase
(e.g., long prompts activating multiple experts frequently)
and proposes a specialized memory layout co-designed with
AMX tiling. This design includes block-wise quantization, 64-
byte alignment, and tiling-aware submatrix access patterns,
significantly improving cache locality and reducing memory
bandwidth requirements. In contrast, for low-ARI tasks (such
as the decode phase with short prompts), KTRANSFORMERS
defaults to lighter AVX-512 kernels, achieving greater effi-
ciency. Additionally, KTRANSFORMERs develops a throughput-
preserving NUMA-aware tensor placement strategy, ensur-
ing scalability and high utilization in multi-socket CPU sys-
tems. By implementing a MoE-specific kernel explicitly op-
timized for AMX instructions, KTRANSFORMERS achieves
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1.69-4.30% speedups compared to existing methods across
various microbenchmarks.

Moreover, KTRANSFORMERS employs an Asynchronous
CPU-GPU Task Scheduling Mechanism based on ad-
vanced CUDA Graph utilization to effectively overlap CPU
and GPU computations. While CUDA Graphs are widely
adopted [14, 26, 31, 56] for minimizing kernel launch over-
head, existing solutions do not adequately support dynamic
tensor shapes and typically require separate CUDA Graph
instances per layer and per batch size, resulting in significant
VRAM overhead and inefficiency. In contrast, KTRANSFORM-
ERs encapsulates the entire decode phase into a single CUDA
Graph instance by leveraging CUDA-based spinning, sub-
stantially reducing kernel launch overheads and maximiz-
ing GPU throughput. This optimization yields up to 1.23x
speedup in the decode phase.

However, despite these enhancements, our analysis in-
dicates that decode throughput for extremely large MoE
models (such as DeepSeek-V3) remains limited to 5.87 to-
kens per second. To further optimize resource utilization and
performance, we introduce a novel execution strategy called
Expert Deferral.

Our profiling shows that, in hybrid setups, both CPU
and GPU utilization remain low especially under the sin-
gle batch scenario, primarily due to the sequential execution
of MoE and attention modules, which leads to idle hardware
resources. The Expert Deferral approach addresses this by
restructuring the execution pipeline: as depicted in Figure 1c,
within each MoE layer, only a subset of experts (immediate
experts) are processed immediately, while the remaining ex-
perts (deferred experts) are scheduled concurrently with the
computation of the subsequent layer (primarily the attention
module). By carefully determining the number of experts to
defer, Expert Deferral significantly enhances CPU and GPU
parallelism with only limited impact on model behavior.

In the DeepSeek-V3 showcase, Expert Deferral improves
CPU and GPU utilization from 74%/28% to 100%/37%, re-
spectively, yielding a 33% throughput increase in decode
throughput. Across all evaluation scenarios, throughput im-
provements of up to 45% are observed. Crucially, the average
model accuracy drop remains within 0.5% across a diverse
range of benchmarks, including HumanEval [3], MBPP [2],
GSMBK [4], StrategyQA [15], and LiveBench [46].

This paper makes the following contributions:

e We design and implement KTRANSFORMERS, a high-
performance expert-offloading MoE inference system
for resource-constrained local deployments. Our full-
accuracy implementation achieves 4.62-19.74X prefill-
ing speedups and 1.25-4.09x decoding speedups over
existing systems.

e We propose a novel Expert Deferral technique that
enables fine-grained CPU-GPU parallelism via model
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(a) Dense model.

(b) Sparse MoE model.

Figure 2. Comparison of different model architectures.

execution reordering. This technique boosts decod-
ing performance by up to 1.45X%, leading to overall
1.66-4.90x decoding speedups, with only limited im-
pact on model accuracy.

e We implement KTRANSFORMERS with 11,000 lines of
C++ extensions for performance-critical components,
along with 2,000 lines of Python scripts for integration,
providing a drop-in replacement for HuggingFace-
style transformer inference. KTRANSFORMERS can serve
trillion-parameter-scale MoE models on a single server
with only one consumer-grade GPU, offering a cost-
effective alternative to multi-GPU clusters in local de-
ployments.

e The source code of KTRANSFORMERS is available at
https://github.com/kvcache-ai/ktransformers. Because
it is well-suited for running huge MoE models in lo-
cal environments, KTRANSFORMERS has been widely
adopted by both open-source communities and indus-
try teams. It currently operates on hundreds of ma-
chines where local deployment is essential for security
or for examining model internals.

2 Background
2.1 Mixture-of-Experts Models

Mixture-of-Experts (MoE) introduces conditional computa-
tion into Transformer models by activating only a subset of
specialized sub-networks, known as experts, at each layer for
each token [36]. As illustrated in Figure 2, in a typical MoE
layer, the dense feed-forward module is replaced with a large
pool of expert networks, and a learned gating mechanism
dynamically selects the most relevant experts to process
each token, usually the top-k or its variants (e.g., grouped
top-k in DeepSeek-V3/R1). Recent architectures, including
DeepSeek [6-8] and the Qwen [42, 50] series, further intro-
duce shared experts activated across all tokens, ensuring
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Figure 3. Microbenchmark results comparing the through-
put of the MoE layers on DeepSeek-V3 using PyTorch’s AMX
and AVX-512 kernels, as well as KTRANSFORMERS’s AMX ker-
nel proposed in this work.

that every token benefits from a foundational level of under-
standing before more specialized processing occurs.

Despite the computational sparsity of MoE models, their
large total parameter count poses significant memory chal-
lenges. A common mitigation is weight offloading [17, 20, 37,
40], where expert weights are stored in CPU memory and
transferred to GPU on demand. But this approach quickly
hits a bottleneck due to PCle bandwidth limits (e.g., 32 GB/s
with PCle 4.0). To overcome this, computation offloading [24]
has emerged as a more efficient alternative. Instead of trans-
ferring weights to the GPU, expert weights are persistently
stored in CPU RAM, and computations are executed directly
on the CPU. This approach benefits from the significantly
higher memory bandwidth available on modern CPUs. For
example, a dual-socket Intel Xeon system with DDR5 mem-
ory can offer 440 GB/s of memory bandwidth. This makes
CPU execution particularly suitable for low-concurrency
scenarios. However, it shifts the performance bottleneck to
CPU-side memory access and compute throughput, intro-
ducing new challenges in system design.

2.2 Advanced CPU Instructions

Modern CPUs, particularly in high-performance computing
(HPC) environments, continue to adopt increasingly sophis-
ticated instruction set architectures. Emerging instruction
sets such as Intel’s Advanced Matrix Extensions (AMX) and
ARM'’s Scalable Matrix Extension (SME) are specifically de-
signed to accelerate computations in matrix-intensive tasks,
with Transformer model inference being a representative
example. However, our experimental evaluations reveal that
current software implementations do not adequately utilize
these accelerators.

For instance, we conduct a microbenchmark of the MoE
layers in DeepSeek-V3 on an Intel Xeon 8452Y processor
with 36 cores, using a PyTorch implementation that inter-
nally leverages Intel’s oneDNN library to utilize the AMX
and AVX-512 instruction sets. We evaluate scenarios with
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Figure 4. GPU kernel launch and execution time analysis of
DeepSeek-V3 inference using Fiddler and Llama.cpp.

different arithmetic intensities (ARI) by varying the number
of tokens assigned to each expert. As shown in Figure 3,
AMX outperforms AVX-512 especially in high-ARI scenarios,
achieving a peak throughput of up to 5.4 TFLOPS, compared
to 1.8 TFLOPS with AVX-512. Nevertheless, this reaches
only around 7% of AMX’s theoretical peak capability (73.7
TFLOPS), with performance gaps attributed to factors such as
memory bandwidth constraints and thread synchronization
overhead.

2.3 CPU-GPU/CPU Coordination

CPU-GPU coordination. Traditional GPU kernel launches,
initiated by CPUs, are inefficient for token-by-token de-
coding due to the high overhead from frequent synchro-
nization and kernel invocations [54]. Using NVIDIA NSight
Systems [30], we profiled the decode phase of DeepSeek-
V3, implemented in Fiddler [24] and Llama.cpp [14], where
routed experts are computed on the CPU while the rest of
the model is executed on an NVIDIA A100 GPU. As shown in
Figure 4, Fiddler triggers over 7,000 CUDA kernel launches
per decoded token, each with an average latency of 16ys,
consuming 73% of GPU execution time due solely to ker-
nel launch overhead. In contrast, Llama.cpp reduces kernel
launches to approximately 3,000 per token through aggres-
sive operator fusion and lower-level optimizations. Its C++
implementation also avoids the overhead of the Python in-
terpreter, lowering the average kernel launch latency to 5ps.
Despite these optimizations, kernel launch overhead still
represents 21% of total GPU execution time.

To address this overhead, modern LLM inference frame-
works support CUDA Graph [31] optimizations, which en-
able the fusion of multiple GPU kernel invocations into
a single executable graph, thereby significantly reducing
launch overhead. However, its effectiveness is limited in our
CPU/GPU hybrid execution scenario because CPU-based op-
erations introduce synchronization and data transfer points,
which disrupt CUDA Graph continuity. Optimization mech-
anisms like PyTorch’s torch. compile attempt to automati-
cally manage these points, yet they frequently fragment the
graph at layer boundaries, negating potential performance
benefits. Similarly, Llama.cpp disables CUDA Graph opti-
mizations to avoid repeated capture overhead.
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Furthermore, simultaneous execution of GPU-based shared

experts and CPU-based routed experts introduces additional
challenges not addressed by conventional CUDA Graph de-
ployment, requiring specialized strategies to overlap CPU
and GPU computations effectively.
CPU-CPU coordination. Besides CPU-GPU synchroniza-
tion, modern systems often incorporate multiple NUMA
nodes, introducing heterogeneity in memory access latency
and bandwidth, and high CPU-CPU synchronization costs [5].
Local memory accesses are significantly faster than remote
(cross-socket) accesses, highlighting the need for NUMA-
aware optimizations. However, existing inference frame-
works like Fiddler and Llama.cpp currently overlook this
distinction, assuming uniform memory accessibility.

We profile the decoding pass of a single MoE layer in
DeepSeek-V3 using Fiddler: running on a single socket takes
6.9 ms, while utilizing both sockets only reduces the latency
to 5.8 ms—a modest 16% improvement. The limited speedup
is primarily due to inefficient memory access across NUMA
nodes, particularly when traversing socket boundaries, high-
lighting the mismatch between framework-level abstractions
and underlying hardware topology.

3 KTRANSFORMERS System
3.1 Overview of KTRANSFORMERS

We present KTRANSFORMERS, a high-performance system
that enables efficient heterogeneous computation for various
Mixture-of-Experts (MoE) models. As illustrated in Figure 5,
KTRANSFORMERs extends a standard HuggingFace Trans-
formers [47] implementation, allowing a flexible injection
of optimized implementations tailored for specific hardware
to replace default PyTorch modules (more details will be
provided in §5). Importantly, KTRANSFORMERs retains full
compatibility with the widely-used HuggingFace interface,
requiring no end-user changes, thus balancing ease of use
and performance effectively.

To specifically address expert offloading, the primary fo-
cus of our work, KTRANSFORMERs introduces targeted opti-
mizations on both CPU and GPU. On the CPU, we replace
PyTorch’s default MoE module with a custom fused-MoE
module, significantly reducing runtime overhead. Addition-
ally, standard PyTorch GEMM kernels are substituted with
highly optimized AMX/AVX-512 kernels, leveraging special-
ized CPU instructions for enhanced computational efficiency.
On the GPU, KTRANSFORMERS injects an efficient FlashInfer-
based [51] attention module and optionally supports efficient
weight quantization like the Marlin kernels [13], enabling
scalable heterogeneous execution.

Moreover, KTRANSFORMERS employs asynchronous task
scheduling to coordinate cross-device computations. This
allows the entire dynamic-shaped CPU/GPU hybrid forward
computation to be captured within a single CUDA graph,
effectively eliminating CUDA kernel launch overhead and
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Figure 5. System overview of KTRANSFORMERS.

ensuring seamless integration across heterogeneous plat-
forms.

3.2 Unleashing the Full Potential of the CPU

We describe a series of optimizations designed to enhance
CPU efficiency for large-scale MoE inference. First, we in-
troduce an AMX tiling-aware memory layout and cache-
optimized AMX kernel to overcome memory bottlenecks.
Then, recognizing the inefficiency of AMX for low arithmetic
intensity tasks, we implement a lightweight AVX-512 ker-
nel that dynamically replaces AMX instructions as needed.
Finally, we employ operator-level fusion and dynamic task
scheduling to reduce synchronization overhead and work-
load imbalance typical in MoE execution.

AMX Tiling-aware Memory Layout. Intel’s Advanced
Matrix Extensions (AMX) significantly accelerate dense ma-
trix multiplications. Each AMX-enabled core provides eight
tile registers, each storing a 16-row by 64-byte submatrix.
AMX instructions efficiently multiply these tiles, transfer-
ring entire tiles to and from memory in a single instruction.
However, given AMX’s high throughput, memory access
efficiency is crucial and easily becomes a bottleneck if not
carefully optimized.

To fully utilize AMX capabilities, we proactively align
memory layout with AMX tile registers. Expert weight ma-
trices are preprocessed during model loading into AMX-
compatible submatrices, eliminating costly transpositions
or reshaping at inference. Tiles are memory-aligned to 64-
byte cache lines, optimizing cache efficiency and prefetching
performance.

We employ symmetric group-wise linear quantization for
Int8 and Int4 formats, storing shared scale factors separately
to maintain alignment. Int4 tiles are packed into Int8-sized
blocks and unpacked using SIMD intrinsics, ensuring mini-
mal overhead.
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Cache-Friendly AMX Kernels. Based on the optimized
memory layout, our AMX kernels fully exploit CPU cache
hierarchies. The execution steps for a batch matrix multipli-
cation are as follows (Figure 6): (1) Expert weight matrices
are vertically partitioned into tasks dynamically scheduled
across threads, while input activations reside typically in
the shared L3 cache. (2) Each task partitions expert weights
horizontally into blocks precisely fitting the L2 cache. 3) (9
Each block comprises AMX tile-sized submatrices. Inputs
and weights are loaded once from L3 and DRAM respec-
tively into L2 cache. (5) Tile-level computations use AMX
instructions to produce and accumulate results directly in
tile registers, buffering intermediate outputs in L1 cache if
necessary.

Our design ensures minimal DRAM traffic by caching in-
puts, weights, and intermediate results optimally. Dynamic
task scheduling prioritizes co-scheduling tasks targeting the
same expert, further maximizing cache utilization. As il-
lustrated in Figure 3, our AMX kernel achieves up to 21.3
TFLOPS on a single-socket CPU, delivering a 3.98x speedup
over the vendor optimized oneDNN-based PyTorch baseline.
Adaptive AVX-512 Kernel for Low ARI Scenarios. Al-
though AMX excels in dense computations, it is inefficient
in low arithmetic intensity (ARI) scenarios such as decode-
phase vector-matrix multiplications, where AMX incurs ex-
cessive overhead by processing full tiles.

To address this, we develop a lightweight AVX-512 kernel
fully compatible with the AMX memory layout. This kernel
executes similarly to the AMX kernel, but replaces AMX
instructions with finer-grained AVX-512 instructions during
low-ARI computations. Microbenchmark evaluations, vary-
ing ARI via token counts per expert (Figure 7), show AVX-512
consistently outperforming AMX when ARI is four or fewer
tokens per expert. Thus, our hybrid approach dynamically
switches between AVX-512 and AMX kernels based on ARI,
achieving up to 1.20x speedup in decode phases compared
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Figure 7. Microbenchmark results comparing the latency of
the MoE layers across different models using KTRANSFORM-
ERs s AMX kernel and AVX-512 kernel.

to pure AMX, and up to 10.81x speedup in prefill phases
compared to pure AVX-512.

Fused MoE Operator. Based on the above kernel, we fur-
ther optimize by applying operator-level fusion. MoE layers
involve multiple small matrix multiplications (Gate, Up, and
Down projections), causing frequent synchronization over-
head. We mitigate this by merging Gate projections across
experts into one larger task, similarly fusing Up and Down
projections independently, and combining Gate and Up pro-
jections where no data dependency exists. Consequently,
MOoE execution reduces to two fused batches, significantly
lowering threading overhead.

Additionally, we introduce dynamic task scheduling to
tackle workload imbalance, especially during the prefill phase
with uneven expert activations. Unlike static scheduling,
dynamic scheduling partitions large tasks into smaller se-
quential subtasks in a lightweight task queue. CPU threads
dynamically retrieve tasks, significantly reducing imbalance
and maximizing resource utilization. Experimental results
indicate up to a 1.83% performance improvement in prefill
phases due to dynamic scheduling.

3.3 CPU-GPU/CPU Coordination

Low-latency MoE decoding on hybrid hardware depends on
smooth interaction between the CPU and GPU and on bal-
anced use of the NUMA fabric. KTRANSFORMERS introduces
two techniques that address these needs: an asynchronous
CPU-GPU scheduler and NUMA-aware tensor parallelism.
Asynchronous CPU-GPU Task Scheduling Mechanism.
KTRANSFORMERS places shared experts on the GPU and
routed experts on the CPU. After the GPU’s gating network
finishes, it knows the routed experts for every token. A CPU
control thread then (i) pushes routed-expert tasks into a
lock-free queue and (ii) launches GPU kernels for the shared
experts. Background worker threads execute the queued
tasks in parallel. When the GPU kernels complete, the con-
trol thread waits for the remaining CPU work, merges the
two sets of activations, and proceeds to the next layer.
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A naive design must synchronize twice per MoE layer,

once when the GPU sends activations to the CPU (submit)
and again when the CPU returns its results (sync). These
barriers break CUDA Graphs and add kernel-launch over-
head. To hide the barriers, KTRANSFORMERS encapsulates
both submit and sync in cudaLaunchHostFunc, which lets
CUDA invoke the callbacks inside the current stream. The
entire decode path for one token now fits in a single CUDA
Graph, eliminating host interruptions and improving decod-
ing speed by up to 1.23x.
NUMA-aware Tensor Parallelism. Non-Uniform Memory
Access (NUMA) architectures pose performance challenges
for MoE inference due to high penalties from remote memory
accesses. Large-scale cloud deployments typically adopt Ex-
pert Parallelism (EP), assigning entire expert subnetworks to
individual computational nodes (Figure 8a). But, this strategy
often leaves some sockets idle and others saturated.

KTRANSFORMERS instead partitions every expert’s weight
matrix across sockets (column/row-wise for linear layers). As
demonstrated in Figure 8b, each socket stores only its slice
and performs local compute and a lightweight reduce-scatter
is used to combine partial outputs. This approach balances
work, avoids almost all remote memory traffic, and scales
with the number of sockets. On a dual-socket server, it im-
proves decoding throughput by up to 1.63x compared with
a NUMA-oblivious baseline that treats the machine as a uni-
form node.

4 CPU-GPU Overlap
4.1 Expert Deferral

While the sparse structure of MoE models naturally facili-
tates CPU/GPU hybrid inference, the traditional Transformer
architecture [44] imposes a rigid computational sequence,
significantly restricting parallelism. Specifically, the alternat-
ing execution of attention and MoE blocks frequently results
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in CPU stalls, as the CPU must wait for the operations on
the GPU side to complete. Although GPU-executed shared
experts can partially overlap with CPU-routed experts, their
contribution to GPU workloads remains minor. For instance,
in DeepSeek-V3, shared experts account for only 18% of the
GPU execution time (detailed analysis in §4.2), yielding lim-
ited performance benefits from overlapping execution and
causing frequent idle periods.

To overcome these inefficiencies stemming from strict de-
pendencies between routed experts and attention layers, we
propose a novel architectural optimization, Expert Deferral.
The key insight underpinning Expert Deferral is the inher-
ent robustness of modern Transformer models to delayed
intermediate computations, primarily due to residual connec-
tions [16]. Unlike conventional MoE layers, where outputs
of routed experts at layer k directly feed into the attention
module of layer k + 1, Expert Deferral strategically delays
some routed experts’ outputs to layer k + 2. This approach
breaks rigid dependencies between expert computations and
adjacent attention layers, enabling greater CPU-GPU overlap
and improved hardware utilization.

We classify routed experts into two categories based on
when their outputs are utilized:

e Immediate Experts: Outputs consumed immediately
by the subsequent attention layer, following the stan-
dard Transformer workflow.

e Deferred Experts: Outputs delayed and consumed
by the attention modules of later layers, facilitating
concurrent CPU-GPU execution.

Figure 9a demonstrates the workflow in a traditional MoE
model, where all selected routed experts (e.g., a, b, ¢, d) di-
rectly feed into the next layer’s attention module. In contrast,
Figure 9b illustrates the Expert Deferral strategy: only the
top-2 experts with the highest routing score (e.g., a,b) at
layer k are immediate experts, feeding outputs directly into
layer k + 1. The remaining two experts (c, d) become deferred
experts, with their outputs delayed to layer k +2 (highlighted
with bold red arrows). Notably, Expert Deferral is not applied
at the final layer to preserve critical information.

Formally, in a standard MoE model, the output of the MoE
module at layer k is:

O = I + Sk (L) + R (1)
Notation.
o L: the total number of MoE layers in the model.
e [;.: input to the MoE module at layer k.
o Oy: output of the MoE module at layer k.
® Si(-): computation of shared experts at layer k.
. R}cmm(‘): computation of immediate experts at layer k.
. Rgef(-): computation of deferred experts at layer k.

. RZH(-): computation of all routed experts at layer k (with-
out deferral).
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Layer k+1 MoE

(a) Workflows of standard MoE  (b) Workflows of Expert Defer-
model. ral optimized MoE model.

Figure 9. Workflow comparison between standard MoE
model and Expert Deferral optimized MoE model.

And in a model that employs the Expert Deferral mecha-
nism, output of the MoE module at layer k is defined as:

I + Si(Ix) + R}cmm(lk), k=1
Ok =4 I+ Si(I) + R (L—y) + R™™(L), 1<k<L

I + Se(I) + R (Loy) + R2(L), k=L

This adjustment allows GPU-side operations (e.g., atten-
tion computations, gating, activation transfers) to overlap
effectively with CPU execution of deferred experts, signifi-
cantly reducing CPU idle time. Furthermore, due to residual
connections inherent in Transformer architectures, delayed
outputs from deferred experts still contribute effectively to
subsequent layers, maintaining model expressiveness and
performance. Consequently, deferring certain expert com-
putations enhances scheduling flexibility at the cost of only
slight changes in model behavior.

Our empirical results (detailed in §6.3) confirm that Ex-
pert Deferral notably increases inference throughput while
largely preserving accuracy. However, Expert Deferral is ap-
plied exclusively during the decode phase, not during the
prefill phase. Our observations indicate that during prefill,
tokens in a batch typically select a diverse set of experts, caus-
ing almost complete coverage of experts across immediate
and deferred categories. This nearly doubles memory access
footprints, becoming a new bottleneck and counteracting the
intended overlap benefits. In contrast, decoding processes
tokens sequentially, making Expert Deferral more effective
at eliminating dependencies without significant overhead.
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Figure 10. CPU and GPU execution timelines under different
Expert Deferral configurations in the MoE layer.

4.2 Determining the Number of Deferred Experts

To optimally configure Expert Deferral, we conducted a com-
prehensive performance analysis of a single DeepSeek-V3
layer using BF16 precision under conditions described in §6.1.
Figure 10 presents the execution timeline analysis. Initially,
without Expert Deferral, CPU utilization was 74%, while
GPU utilization was merely 28%, with CPU-GPU overlap
accounting for only 5% of total execution time. Addition-
ally, synchronization and activation transfers accounted for
another 3% idle time, emphasizing significant hardware un-
derutilization.

We experimented with deferring 2, 3, and 4 routed experts
to evaluate throughput and hardware utilization impacts.
With 2 deferred experts, GPU attention computation began
immediately after the CPU completed 6 immediate experts,
enabling CPU-GPU overlap and reducing execution time by
19%. However, deferred experts completed execution pre-
maturely, causing CPU idle cycles. Increasing to 3 deferred
experts allowed their computations to complete concurrently
with the start of immediate expert processing for the subse-
quent layer, fully saturating the CPU. This optimal configu-
ration eliminated idle cycles, reduced single-layer execution
time by 26%, and increased end-to-end decoding throughput
by 33%. Conversely, deferring 4 experts provided no further
throughput benefits due to CPU saturation.

Based on these insights, we established a balanced Expert
Deferral configuration: 5 immediate experts and 3 deferred
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experts per layer. A general heuristic derived from our anal-
ysis for other MoE models suggests deferring the minimum
number of experts required to achieve full CPU utilization
while ensuring at least 2 immediate experts per layer to
maintain model stability and accuracy.

5 Flexible Module Injection Framework

The previous sections presented the optimizations applied
by KTRANSFORMERS to speed up MoE model inference. These
optimizations range from highly tuned compute kernels to
careful layer placement and overlap strategies. In practice, in-
tegrating such techniques into an existing inference stack is
difficult and time-consuming, slowing further system evolu-
tion. To address this barrier, KTRANSFORMERS builds directly
on HuggingFace Transformers. We add a lightweight in-
jection framework that replaces standard PyTorch modules
with hardware-specific, high-performance implementations.
A single YAML file drives the process, so researchers can
combine new kernels and placement policies with only a few
lines of configuration.

Specifically, KTRANSFORMERS exposes compute kernels

written in C++ and exported to Python through pybind11 [34].

These kernels are packaged as ordinary PyTorch modules, so
they can stand in for any existing ones. A single YAML file or-
chestrates the substitution. The file contains multiple match
clauses that identify target modules by regular-expression
name matching, class matching, or both, and replace clauses
that specify the new class, its execution device, and any key-
word arguments required by the kernel. During initialization
the framework walks the model tree; whenever a module
satisfies a match clause it is replaced by the module named
in the corresponding replace clause, and traversal continues
recursively through the new submodules. The procedure is
lightweight, adds no runtime overhead beyond construction,
and leaves the public HuggingFace interface unchanged.
To illustrate, Listing 1 presents a concise YAML config-
uration used to adapt the DeepSeek-V3 model with Int4
quantization. Specifically, the framework performs the fol-
lowing replacements: (lines 1-9) through class matching,
all instances of DeepseekV3MoE are replaced with our opti-
mized custom FusedMoE module, which encapsulates asyn-
chronous communications with a CPU backend; the replace-
ment is configured via keyword arguments to specify a
hybrid_AMX_AVX512 compute kernel, apply Int4 quantiza-
tion to expert weights, and enable the Expert Deferral strat-
egy with 6 deferred experts. Then, (lines 11-15) self-attention
modules are replaced by FlashInferMLA modules via name
matching, in order to leverage FlashInfer’s high-performance
CUDA kernel with support for matrix absorption optimiza-
tion to efficiently compute DeepSeek’s Multi-head Latent
Attention (MLA). Finally, (lines 17-24) all linear projections
implemented by torch.nn.Linear, excluding the output
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Listing 1. Example configuration for adapting DeepSeek-V3.

1 |- match:

2 class: modeling_deepseek_v3.DeepseekV3MoE
3 replace:

4 class: operators.experts.FusedMoE

5 device: "cpu"

6 kwargs:

7 backend: "hybrid_AMX_AVX512"

8 data_type: "Int4"

9 n_deferred_experts: 6

10

11 | - match:

12 name: "*model\\.layers\\..x\\.self_attn$"
13 replace:

14 class: operators.attention.FlashInferMLA
15 device: "cuda:0"

16

17 | - match:

18 name: "*(?!1m_head$).*"

19 class: torch.nn.Linear

20 replace:

21 class: operators.linear.MarlinLinear

22 device: "cuda:0"

23 kwargs:

24 data_type: "Int4"

projection 1m_head, are replaced with MarlinLinear mod-
ules via combined class and name matching; these modules
are executed on CUDA device with Int4 quantization.

The aforementioned injection framework significantly re-
duces repetitive work when adapting different models. For
related models such as DeepSeek-V2, seamless integration
can be achieved by simply updating the model class name
(line 2 of Listing 1). Beyond this specific showcase, the injec-
tion framework also offers substantial flexibility, enabling
fine-grained control over model behavior through simple
YAML edits. This includes support for multi-GPU pipelining,
mixed-precision inference, and techniques such as KV-cache
offloading, and it further lays the groundwork for integrating
a larger set of advanced optimization strategies in the future.

By separating optimization logic from model code, KTRANS-
FORMERS converts what was once bespoke engineering into
simple configuration. Researchers can prototype new kernels
or placement policies, compose them with existing ones, and
measure end-to-end performance without touching frame-
work internals. This capability both preserves ease of use for
end users and lowers the barrier to future system advances,
which we view as essential for the rapid iteration cycles
expected in modern LLM research.

6 Evaluation
6.1 Experimental Setup

Hardware. All experiments were conducted on a dual-socket
machine, each socket equipped with an Intel(R) Xeon(R) Plat-
inum 8452Y processor. Each processor provides 36 physical
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cores and is paired with 1 TB of DDR5 memory. Accord-
ing to measurements using Intel MLC [22], the intra-socket
memory bandwidth is 220 GB/s, while cross-socket mem-
ory bandwidth is 125 GB/s. The machine is configured with
two types of GPU: a server-grade NVIDIA A100 with 40 GB
memory and a consumer-grade NVIDIA RTX 4080 with 16
GB memory. Both GPUs are connected to the CPU through
PCle 4.0 with a theoretical peak bandwidth of 32 GB/s.
Models. We evaluate our system on three state-of-the-art,
publicly available mixture-of-experts (MoE) models. Specifi-
cally, we include DeepSeek-V3-0324 [7] (DS-3), DeepSeek-
V2.5-1210 [6] (DS-2), and Qwen2-57B-A14B [50] (QW-2).
These models vary in architecture and scale, covering a
diverse range of MoE configurations. Table 1 summarizes
the key characteristics. For each model, we deploy the full-
precision (BF16/FP16) versions on the A100, and deploy the
highest-accuracy quantized version that can be accommo-
dated by GPU memory on the RTX 4080. Specifically, DS-3
is quantized into Int4, while DS-2 and QW-2 are quantized
into Int8.

Workloads. To evaluate performance, we employ the Wiki-
text corpus [28] as input prompts. All experiments use a
batch size of 1, representing the most typical local deploy-
ment scenario. To assess prefill performance, we vary the
prompt length from 32 to 8192 tokens. For decode perfor-
mance, we use a fixed prompt length of 32 tokens and con-
strain the generated output to a maximum of 512 tokens.
For performance evaluation, we report throughput in terms
of tokens per second (tokens/s) for both prefill and decode
stages.

To assess the impact of Expert Deferral on model qual-
ity, we evaluate on HumanEval [3] (0-shot) and MBPP [2]
(3-shot) for code generation, GSM8K [4] (8-shot) and Strat-
egyQA [15] (4-shot) for mathematical and commonsense
reasoning. For DS-3, we additionally evaluate on the more
challenging LiveBench dataset [46], using its latest public
release (2024-11-25), which includes coding, data analysis,
instruction following, language, math, and reasoning sub-
categories. As HumanEval and all LiveBench subcategories
contain no more than 200 problems, we set temperature
t = 0.3 and perform 10 sampling runs to obtain a more
robust estimate. For other benchmarks, we use greedy de-
coding. Following standard evaluation practices, we report
pass@1 for HumanEval and MBPP, exact match (EM) for
GSMSBK and StrategyQA, and avg@10 for LiveBench.
Baselines. We evaluate KTRANSFORMERS against two state-
of-the-art baselines: Fiddler [24], a PyTorch-based CPU/GPU
hybrid serving system, and Llama.cpp [14], a C++-based
high-performance framework with heterogeneous execution
support. For full-precision inference, we run BF16 models
on both KTransrorMERs and Fiddler. Since Llama.cpp lacks
BF16 CUDA kernels, we run FP16 models as a substitute. We
further compare the performance of KTRANSFORMERS and
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Table 1. Configuration of evaluated MoE models.

Model DS-3 DS-2 QW-2
Total Parameters 671B  236B 57B
GPU Parameters 17B 13B 8B
CPU Parameters 654B  223B 49B
MokE Layers 58 59 28

Routed Experts per Layer 256 160 64
Routing Strategy Top-8 Top-6 Top-8

Llama.cpp on quantized models, using the built-in quantiza-
tion capabilities of Llama.cpp.

Both baselines implement a Fiddler-style offloading ap-
proach, executing routed experts on the CPU while process-
ing other computations on the GPU. Since Llama.cpp origi-
nally only supports layer-wise offloading and lacks expert-
level offloading capability, to ensure fair comparisons, we
extended Llama.cpp with custom code to enable expert-level
offloading analogous to Fiddler.

6.2 End-to-end Performance

Figures 11 and 12 illustrate the throughput performance of
KTRANSFORMERS compared to both baselines across multiple
workloads during the prefill and decode phases, respectively.

As shown, in the prefill phase, Llama.cpp outperforms
Fiddler in short-prompt scenarios due to superior opera-
tor fusion strategies, whereas Fiddler surpasses Llama.cpp
for longer prompts due to better utilization of AMX instruc-
tions in its oneDNN backend. Nevertheless, KTRANSFORMERS
consistently outperforms both baselines across all prompt
lengths during the prefill phases. This performance advan-
tage primarily results from KTRANSFORMERS s optimized
kernels utilizing advanced CPU instructions and improved
coordination between CPU and GPU resources. Specifically,
as depicted in Figure 3, KTRANSFORMERS 's CPU MoE kernel
achieves 21.3 TFLOPS for DS-3, outperforming the PyTorch
implementation by 3.98%. These improvements result from
the comprehensive optimizations detailed in §3.2 and an
in-depth breakdown will be provided later in §6.4.

In the decode phase for full-precision models, KTRANS-
FORMERS (without Expert Deferral) achieves speedups rang-
ing from 2.42X to 4.09% over Fiddler and 1.25X to 1.76X over
Llama.cpp. This enhanced performance is driven not only
by optimized kernels but also by our advanced utilization of
CUDA Graph, significantly reducing GPU invocation over-
head from over 20% (Figure 4) to almost zero. With quan-
tized models, KTRANSFORMERS exhibits even greater per-
formance advantages over Llama.cpp, achieving speedups
ranging from 1.77x to 1.93X. We attribute this difference
primarily to significantly lower kernel execution time on
both CPU and GPU, which amplifies the effectiveness of our
synchronization strategy.
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6.3 Expert Deferral

We next evaluate the impact of the Expert Deferral mecha-
nism. For all models, we follow the parameter selection strat-
egy described in §4.2, which aims to saturate CPU utilization
by deferring as few experts as necessary, while ensuring
at least two immediate experts are active in all models to
maintain behavioral stability. Specifically, for DS-3, we defer
3 experts in the BF16 model and 6 in the quantized model.
For DS-2, we defer 4 experts in both the BF16 and quantized
configurations. For QW-2, we defer 2 experts in the BF16
model and 4 in the quantized version.

As demonstrated in Figure 12, by further employing our
Expert Deferral optimization, an additional improvement
of up to 45% is achieved, resulting in overall speedups of
1.66X to 2.56x over Llama.cpp. This is mainly from the better
overlapping of CPU and GPU computations.

Table 2. Accuracy of different models on various bench-
marks with and without Expert Deferral. Each configuration
is denoted as (I+D), where I is the number of immediate ex-
perts and D is the number of deferred experts. For example,
(8+0) indicates that no Expert Deferral is applied, while (2+6)
represents a setting with 2 immediate and 6 deferred experts.

Model HumanEval MBPP GSMS8K StrategyQA
DS-3 (8+0) 83.0 71.2 94.8 83.0
DS-3 (2+6) 83.0 70.2 95.2 82.9
DS-2 (6+0) 80.5 67.6 93.3 79.7
DS-2 (2+4) 82.5 66.8 92.8 80.4
QW-2 (8+0) 65.7 524 847 83.6
QW-2 (4+4) 67.4 534 83.4 82.5

However, as our Expert Deferral mechanism introduces
structural adjustments to the MoE model by selectively de-
ferring certain experts during decoding, we intend to justify
this strategy by evaluating the potential impact on model
accuracy.

To clearly assess the influence of this mechanism, we re-
port downstream task scores of quantized models, as they
defer more experts and thus exhibit more pronounced be-
havioral changes. First, we evaluate all three models on Hu-
manEval, MBPP, GSM8K, and StrategyQA, as shown in Ta-
ble 2. Expert Deferral causes only minimal variations, with
scores either slightly improving or declining within a narrow
range (no more than 2 points).
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Figure 13. DS-3 accuracy on LiveBench under (a) Expert
Skipping, which discards the lowest-scoring experts, and (b)
Expert Deferral, which delays their computation. The first
column shows the baseline scores (no experts affected); other
columns report relative accuracy changes (%) with varying
numbers of affected experts.

We then evaluate DS-3 on LiveBench and compare Expert
Deferral with a straightforward Expert Skipping strategy,
which simply discards the experts with the lowest routing
scores instead of merging their computation in later layers.
As shown in Figure 13, under the same number of affected
experts, Expert Deferral outperforms Expert Skipping in
most cases. In particular, in our default configuration with
6 affected experts, the average accuracy drop is only 0.5%
compared to 13.3% for Expert Skipping. Importantly, when
deferred expert computation fully overlaps with GPU execu-
tion, its overhead is minimal, thus yielding a speedup similar
to Expert Skipping. These results demonstrate that our Ex-
pert Deferral mechanism offers an effective way to trade a
slight accuracy drop for a significant decoding speedup.

6.4 Performance Breakdown

To further understand the benefits of the optimization pro-
posed in KTRANSFORMERS, we provide a detailed breakdown
of the performance improvements achieved through various
optimizations in our system. We evaluated BF16 versions of
all three models, including the prefill phase with a prompt
length of 8192 and the decode phase. Starting from the Py-
Torch based Fiddler baseline, we gradually merged each sys-
tem optimization proposed in this work, and the normalized
speedup ratio is shown in Figure 14.
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Figure 14. Normalized speed compared to Fiddler baseline,
and the optimizations include the following abbreviations: v -
MoE kernel with the AVX-512 instruction set, m - MoE kernel
with the AMX instruction set, d - dynamic work scheduling,
n - NUMA-aware tensor parallelism, ¢ - CUDA Graph.

The first optimization involved replacing the baseline MoE
module in PyTorch with two fused MoE kernels based on
the AVX-512/AMX instruction sets. In the prefill phase, the
AVX-512 kernel performs worse than the baseline, whereas
the AMX kernel demonstrates a significant speedup, achiev-
ing up to 3.14X faster performance. This disparity arises
because AVX-512 instructions are less efficient than AMX
instructions in computation-heavy workloads. Conversely,
in the decode phase, both kernels outperform the baseline,
but the AVX-512 kernel is more efficient than the AMX ker-
nel, achieving up to 2.22x speedup over baseline. This is due
to the low latency of AVX-512 instructions in lightweight
vector-matrix multiplications.

With AMX instructions used in the prefill phase and AVX-
512 instructions used in the decode phase, we further intro-
duced optimizations aimed at reducing overhead. Notably,
the dynamic work scheduling optimization is more benefi-
cial in the prefill phase, offering a speedup of up to 1.83X,
while its impact in the decode phase is minimal. This dif-
ference can be attributed to the highly imbalanced expert
selection in the prefill phase, where some threads are as-
signed particularly heavy tasks. Dynamic work scheduling
effectively balances the load, while the decode phase is more
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balanced, as each task is assigned with a similar amount
of work. In contrast, the NUMA-aware tensor parallelism
optimization shows a substantial impact in the decode phase,
providing up to 1.63X speedup, while the speedup in the
prefill phase is up to 1.22X. This is because the decode phase
is more memory bandwidth-bound, and this optimization
helps avoid inefficient cross-NUMA memory accesses.

Finally, we incorporated the CUDA Graph optimization.
This optimization has slight impact on the prefill phase, as
the overhead from CUDA launch is amortized into a large
number of tokens. However, in the decode phase, the CUDA
Graph optimization results in significant improvements, pro-
viding a speedup of up to 1.23x.

7 Related Work

MoE model inference under constrained resources. The
growing demand for LLM serving has spurred the develop-
ment of numerous optimized inference frameworks [1, 19,
26, 33, 35, 56, 58]. While these frameworks are primarily de-
signed for high-throughput datacenter environments, their
dependence on multiple high-end GPU servers renders them
impractical for resource-constrained private and edge com-
puting scenarios. Several solutions, such as Llama.cpp [14],
Powerlnfer [38, 49] and Specexec [39], attempt to address
this limitation by enabling LLM deployment on consumer-
grade GPUs through weight offloading techniques. How-
ever, they mostly focus on dense models and fail to account
for MoE-specific characteristics, resulting in a degraded
performance to serve large MoE models. Recent systems
like [10, 17, 20, 37, 40, 48, 52] are explicitly optimized for
MOoE model inference by selectively reloading the activated
experts as needed. Fiddler [24] advances this design by also
offloading computation, effectively eliminating the PCle bot-
tleneck associated with expert reloading. Nevertheless, these
solutions still fall short of KTRANSFORMERS'’s performance
due to their lack of crucial optimizations such as advanced
CPU instruction utilization and NUMA-aware architecture
design.

Quantizing MoE models. Model quantization [9, 12, 13,
45, 55] compresses models to lower precision (e.g., BF16 to
Int8/Int4), reducing memory capacity demands while accel-
erating inference. Frameworks like Llama.cpp [14] provide
more versatile out-of-the-box quantization schemes (e.g.,
Int2, Int3, Int5). Quantization techniques are widely used
when deploying MoE models. Notably, MoQE [25] observed
that expert weights are less sensitive to quantization than
other parts of the model, allowing aggressive quantization
of expert parameters down to Int2. Several works explore
more fine-grained precision selection. For example, Edge-
MoE [52] statically selects precision per expert by profiling
their relative importance and quantization sensitivity of-
fline. Meanwhile, other methods such as MPTQS [21] and
HOBBIT [40] store multiple versions of experts at different
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precisions and dynamically choose which precision to use at
runtime based on context-specific signals. All these methods
are orthogonal to KTRANSFORMERS and can be incorporated
into its framework.

Adaptive gating. Another line of work reduces inference
cost by selectively activating fewer experts per token through
adaptive gating. Instead of using a fixed top-k gating strat-
egy, these methods dynamically determine the number of
experts to activate for each token and each layer. For instance,
NAEE [27] and AdapMoE [57] design heuristic rules based
on the distribution of gating scores, while MC-MoE [18]
incorporates attention scores into the decision-making pro-
cess. Motivated by the insight that different tokens vary
in inference difficulty, Ada-K [53] trains a reinforcement-
learning-based classifier to predict the optimal number of
experts to activate per token. While these methods speed
up inference, the loss of expert knowledge can harm model
performance, requiring careful trade-offs between efficiency
and accuracy. In contrast, KTRANSFORMERs ’s Expert De-
ferral mechanism leverages the properties of residual net-
works to accelerate heterogeneous inference while incurring
a substantially smaller accuracy drop compared to these
approaches.

8 Conclusion

In this paper, we presented KTRANSFORMERS, a system that
enables efficient local inference for large MoE models on
hybrid CPU/GPU platforms. By combining AMX-optimized
kernels, asynchronous scheduling, and the Expert Defer-
ral strategy, KTRANSFORMERS maximizes hardware utiliza-
tion and significantly improves throughput by 1.66-19.74x.
These optimizations largely mitigate the longstanding bot-
tlenecks in CPU-based operations, kernel launch overhead,
and cross-NUMA memory transfers. With KTRANSFORMERS,
resource-limited local devices can now host huge MoE mod-
els, paving the way for secure, transparent, and cost-effective
LLM deployment.
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