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Abstract

Online LLM serving is increasingly constrained by GPU
memory capacity during decode. In length-skewed work-
loads, a small fraction of long requests keeps large key-value
(KV) caches resident across many decode steps, exhausting
GPU high-bandwidth memory (HBM), throttling admission,
and reducing goodput for the short-request majority. At
the same time, GPU servers provision substantial CPU and
DRAM resources, and recent Intel CPUs add Advanced Ma-
trix Extensions (AMX) for matrix-heavy kernels. The chal-
lenge is to use these host resources without placing CPU
work on the per-token GPU critical path.

We present CHORUS, a GPU-CPU cooperative serving
system that uses AMX-equipped CPUs as a second decode
lane for long requests with persistent KV state. CHORUS
keeps prefill and short-request decode on GPUs, offloads
selected long-request decode once to distributed AMX CPU
groups, and releases the corresponding GPU KV pages so the
GPU lane can admit more short requests. To satisfy online
service level objectives (SLOs), CHORUS combines pressure-
aware offload admission, tensor-parallel AMX decode that
aggregates CPU compute and memory bandwidth, and AMX
kernels specialized for small, mixed-length decode batches.
Across popular LLMs and production-derived workloads,
CHORUs achieves the highest SLO-attaining goodput among
baselines, improving peak goodput over SGLang by up to
1.26x%. At the same offered load, CHORUS delivers 1.3-11.4X
SGLang’s goodput when GPU-only serving enters time-to-
first-token (TTFT) collapse, and improves over CPU-offload
baselines by up to 4.3%.
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1 Introduction

LLM inference consists of two phases. Prefill processes the
input prompt in parallel: it is dominated by large general ma-
trix multiplications (GEMMs) and largely determines time-to-
first-token (TTFT) [4, 29, 60]. Decode then generates output
one token at a time: each step streams the model weights
and rereads the accumulated key-value (KV) cache, so time-
per-output-token (TPOT) is bound by memory bandwidth
and by how long KV state stays resident in GPU mem-
ory [3, 4, 32, 56]. In this regime, GPU High-Bandwidth Mem-
ory (HBM) capacity, not compute or bandwidth, becomes the
binding constraint. Model weights already consume much
of HBM, and live KV caches grow with both context length
and batch size (e.g., a 16K context for Qwen3-32B in BF16
occupies 4 GB). When HBM fills before streaming multi-
processors (SMs) or HBM bandwidth saturate, the serving
system must admit fewer requests and shrink decode batches,
losing goodput under interactive TTFT and TPOT SLOs.

How severely a deployment hits this capacity wall de-
pends on its workload, and production workloads are heavily
length-skewed: their traces consistently contain many short
requests alongside a small tail of long requests with lengthy
inputs or long generations [29, 38, 44, 47]. In our Serve-
Gen [47] replay, the 95th/99th percentiles of total length
reach roughly 5K/10K tokens for its Model-Large and 14K/29K
tokens for DeepSeek-R1; Azure conversation and code traces
show similar tails (Figure 1).

This skew translates directly into HBM pressure because
long and short requests occupy memory for very different
durations. A long request keeps a large KV cache resident
across many decode steps, so a few long requests can pin
HBM far longer than many short ones, throttling admission
and batching for the short-request majority. Replaying a
mixed ServeGen [47] workload on a decode GPU, we find
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that long-request windows drive KV-cache usage near the de-
ployment’s configured 90% high watermark while GPU HBM
bandwidth stays at 38%—a clear indication that the GPU
is capacity-starved, not bandwidth-saturated. In compari-
son, short-request windows, whose per-request residency is
4x smaller, sustain a 3.25X larger decode batch and 3.12x
higher throughput on the same hardware (Figure 2). These
results motivate isolating long and short requests in sepa-
rate resource pools. Prior work already applies coarse-grained
placement within GPU clusters: length-aware systems main-
tain separate GPU pools for long and short requests [25, 55].
PPD [23] provides another example: it routes append-prefill
in later conversation turns between GPU prefill and decode
workers based on KV locality, resource conditions, and SLOs.
However, keeping long-request decode on GPUs remains
costly: its long-lived KV state consumes scarce HBM capac-
ity, constraining throughput and utilization.

In this paper, we explore offloading long-request decode
to the CPUs that already sit idle in production LLM serv-
ing clusters. Such host resources are abundant yet largely
unused: in our fleet snapshot, online 8-GPU servers keep
CPU utilization in the 6-10% range, while a single server pro-
vides 8x the memory capacity of one H20 GPU (Figure 3a).
Beyond being mostly idle, recent Intel Xeon CPUs add a
new hardware feature called Advanced Matrix Extensions
(AMX), on-core matrix engines that accelerate the GEMM-
heavy kernels of decode [19, 20]. Together, the observed CPU
headroom and AMX capability make these hosts a potential
decode resource rather than a passive memory tier.

Putting these CPUs on the decode path, however, is harder
than it appears, and two natural designs both fall short.
The first keeps each request on the GPU and offloads se-
lected operators or layers, such as attention or experts, to
the CPU [7, 11, 17, 18, 37, 52]. For example, LIA partitions
decoder sublayers between a single GPU and its host AMX
CPU. This mixed placement exploits AMX compute but in-
troduces CPU-GPU dependencies into every decode step.
Our characterization shows why this per-step coupling is
fragile online: on a single AMX node, attention is 11.0-12.8%
slower than on an H20 and a B200, and non-kernel run-
time overhead is 12-21x slower (§3.2). Thus, per-token CPU
work and CPU-GPU transfers repeatedly stall the GPU loop.
In our expert-offload measurement, the pyy GPU wait-for-
CPU time reaches 196.3-215.9% of GPU expert execution
time (Figure 3b), matching the SLO collapse we measure
for an operator-offload baseline (§6.2). The second design
avoids per-step coupling by moving whole requests to a sin-
gle CPU, but then misses TPOT: extrapolating our measured
DeepSeek-R1 layer breakdown gives ~132 ms/token on one
AMX node, outside the acceptable range for interactive on-
line serving [35, 42, 60].

We resolve both shortcomings in CHORus, a GPU-CPU
cooperative serving system for length-skewed workloads. Its
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focus is distributed AMX offload to relieve GPU memory pres-
sure from long-request decode within online SLOs. CHORUS
builds on two ideas that make CPU decode useful without
putting CPUs on the GPU critical path. First, CHORUS uses a
cooperative division of labor: GPUs keep all prefill and short-
request decode, where TTFT and short-request TPOT are
most sensitive; AMX CPUs take only selected long-request
decode; and each offload releases the request’s GPUKYV pages
so the GPU lane can admit more short requests. Because
CHoRus offloads a long request once and lets the CPU group
decode it independently, it avoids per-token CPU-GPU syn-
chronization. Second, the CPU lane must be scaled to meet
TPOT. CHoRUSs uses distributed AMX decode, sharding each
layer’s attention heads, projections, and experts across AMX-
equipped CPU nodes with tensor parallelism (TP). Wider
TP aggregates CPU memory bandwidth and compute but
adds communication and replicated work, while data par-
allelism (DP) replicates TP groups for throughput. CHORUS
profiles TP/DP layouts and selects the highest-throughput
TPOT-feasible one (§6.5); this distributed layout brings long-
request TPOT of the CPU lane into the interactive TPOT
range used by online serving systems [35, 42, 60].

Turning these two ideas into a running system raises
three challenges, each solved by one mechanism (§4). (1)
When to offload requests to AMX is not a fixed de-
code length cutoff. A static threshold may over-offload
and violate AMX TPOT, or under-offload and waste CPU
capacity; CHORUS instead schedules offloads under pressure,
moving a long request only when GPU HBM is contended
and some AMX group has TPOT-safe headroom. (2) A single
CPU node cannot meet TPOT. Distributed AMX decode
must aggregate CPU memory bandwidth and compute for
each offloaded request, but wider groups add communication
and reduce the number of parallel decode groups. CHORUS
therefore avoids over-wide groups where communication
dominates. (3) Offloaded decode requires a specialized
AMX execution path. The offloaded workload creates three
small-batch bottlenecks: long-prefix attention is imbalanced
across AMX cores, MoE routing scatters few tokens across
experts, creating underfilled GEMMs, and TP places hidden-
state AllReduce on every layer’s critical path. CHORUS ad-
dresses them with three AMX-path optimizations: adaptive
space-division multiplexing partitions attention by cached-
prefix blocks and merges partial results with online soft-
max; guarded routed/shared expert fusion remaps experts into
a compact local space and fuses small-batch GEMMs; and
AVX-accelerated Chunk-pipelined AllReduce overlaps chunk
transfer with vectorized reduction for TP communication.

We evaluate CHORUS on Qwen3-32B, DeepSeek-R1, and
GLM-4.5 using production-derived ServeGen and AzureLLM
traces [29, 38, 47], comparing with SGLang GPU-only serv-
ing [59], NEO [17], and KTransformers [7]. Across all six
model/workload pairs, CHORUs achieves the highest SLO-
attaining goodput among baselines: up to 1.26x over SGLang
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Figure 1. Request-length distributions in real-world LLM
production traces. Both ServeGen and Azure LLM contain
a short-request majority and a long tail, motivating long-
request decode as a distinct serving class.

at peak goodput, 1.3-11.4x SGLang’s goodput when GPU-
only serving enters TTFT collapse at the same offered load,
and up to 4.3x over CPU-offload baselines. These results
show that AMX-equipped hosts provide a practical second
decode lane for length-skewed workloads without moving
latency-sensitive work off GPUs.

2 Background and Motivation

Length-skewed LLM serving. Production LLM serving
workloads are length-skewed: most requests are short, while
a small tail carries long contexts or long generations. Notably,
in ServeGen [47], total-length p95/p99 are roughly 5K/10K
tokens for Model-Large and 14K/29K tokens for DeepSeek-R1
(Figure 1a); Azure LLM conversation and code traces [29, 38]
show a similar pattern, with total-length p95/p99 values of
roughly 5K/7K and 8K/8K tokens, respectively (Figure 1b).

Long-request decode is a residency problem. This skew
stresses GPU memory through residency time, not just re-
quest count. For a decode batch, the KV footprint is:

Mgy =2 X L X niy X dp X Sgog X BX b, (1)

where L is the number of layers, ny, the number of KV heads,
dy, the head dimension, S, the average sequence length, B
the batch size, and b bytes per element. Because the footprint
grows with sequence length, long requests consume more
HBM while also keeping their KV state live across many
decode steps. A few such requests can occupy HBM longer
than many short ones and exhaust the batching headroom
left for the short-request majority, limiting throughput to
a low level. Therefore, the dominant cost of long-request
decode is persistent KV-cache residency, not per-step compute.

To quantify the impact of this residency cost, we replay
a mixed ServeGen workload on the decode GPU using the
Qwen3-32B setup in §6. Figure 2 compares long- and short-
request-dominant windows from the same run; all values are
window averages. In the long-request-dominant window, KV-
cache usage approaches the deployment’s configured 90%
high watermark, leaving little headroom for admitting new
decode requests, while HBM bandwidth remains at 38%. The
GPU is hence capacity-starved, not bandwidth-bound: long
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Figure 2. GPU decode in long- and short-request-dominant
windows from the same ServeGen run. Long-request KV
residency limits admission and throughput before GPU HBM
bandwidth saturates.
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Figure 3. Host-side opportunity and coupling cost. (a) CPU
utilization on online 8-GPU Al servers remains mostly in the
6%—-10% range across one week. (b) GPU wait-for-CPU time
normalized by GPU expert execution time during decode.
Expert offload creates frequent and long-tail GPU stalls.

requests pin KV state for tens of seconds, hold the decode
batch at 16, and limit throughput to 293 tokens/s. When the
workload transitions to the short-request-dominant window,
per-request residency is 4x smaller, the batch size grows to
52, and throughput reaches 917 tokens/s under comparable
SM and bandwidth utilization.

To prevent long-request decode from stalling the short-
request majority, prior systems [25, 55] propose to serve
long and short requests in separate GPU pools. While this
design provides desirable isolation between the two request
classes, it requires additional GPU provisioning, and those
GPUs assigned to long-request serving still carry the HBM
capacity pressure, leading to limited throughput and utiliza-
tion. Relieving this pressure requires moving long-request
decode—and thus its persistent KV state—off the GPU with-
out slowing prefill or short-request decode. The key question
is what resource should it be offloaded to.

CPUs as a second decode lane. We explore using the CPUs
that already sit beside the GPU serving path as a second de-
code lane for long requests, based on two observations. First,
the measured GPU inference clusters provide substantial,
already-provisioned CPU and DRAM headroom. Figure 3a
shows that on standard 8-GPU servers, CPU utilization stays
mostly in the 6-10% range in a one-week trace collected from
four LLM serving clusters of a real-world hyperscaler. Across
the measured deployments, 5,800 GPU servers leave roughly
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Table 1. CPU-assisted serving designs for online LLM de-
code. A design “passes” a column when it avoids steady-state
CPU-GPU synchronization, scales CPU-side compute and
memory bandwidth, or preserves online SLOs for the short-
request majority.

Design Avoids Scale Online
Step Sync Comp/BW | SLO
Memory-tier offload [37, 52] Partial No Partial
Operator offload
[6,7, 13, 17, 18] No Yes No
Cuorus (Ours) Yes Yes Yes

Chen et al.

Table 2. Hardware specifications: NVIDIA H20 and B200
GPUs vs. an Intel Xeon GNR (Granite Rapids) server with
96 inference cores. CPU compute is theoretical AMX peak;
sustained throughput is substantially lower (§3.2).

Type Metric H20 GPU  B200 GPU Xeon GNR
BF16 148 TFLOPS 2,250 TFLOPS 314.6 TFLOPS'
Compute
INT8 296 TOPS 4,500 TOPS 629.1 TOPS'
Type HBM3 HBM3e DDR5
Memory Capacity 96 GB 180 GB 768 GB
Peak bandwidth 4.0 TB/s 8.0 TB/s 825GB/s

4.75M logical cores and a correspondingly large DRAM pool
underutilized. Similar CPU idleness is also reported in other
production serving clusters [43, 50]. Second, CPU hosts are
no longer compute-poor for LLM decode: modern Intel server
CPUs add Advanced Matrix Extensions (AMX), on-core ma-
trix engines, which accelerate the GEMM-heavy kernels of
decode, and prior work shows AMX can drive CPU-side to-
ken generation [1, 19]. Abundant idle capacity plus AMX
capability make these hosts a potential active decode lane
rather than a passive memory tier.

Prior work falls short. Existing CPU-assisted LLM serv-
ing designs, however, do not fit this role. Table 1 categorizes
these studies into two design approaches and compares them
on whether they meet the key requirements of efficient long-
request decode. The first design, memory-tier offload, places
KV cache or weights in host DRAM to expand effective ca-
pacity [37, 52]; it relieves HBM but adds no decode compute
path, and repeated movement of large states can instead
make PCle the bottleneck [49]. The second design, opera-
tor offload, selectively offloads attention, KV-heavy steps, or
MOoE experts to CPUs while keeping the remaining heavy-
lift request compute on the GPU decode loop [6, 7, 13, 17].
LIA [18] is the closest example: for each input length and
batch size, it partitions decoder sublayers between a single
GPU and its host AMX CPU. This mixed placement exploits
AMX compute but requires CPU-GPU synchronization at
every decode step, leading to frequent GPU stalls. Figure 3b
quantifies this synchronization overhead by measuring the
time GPU spends on waiting for CPU over the time it spends
on expert execution for each decode step; a value of 100%
means the GPU waits for CPU-side work for as long as it
spends executing the corresponding expert work. The no-
offload baseline has only 2.4% pqy stall, but with 8, 16, and
24 CPU-offloaded experts, pqg stall reaches 215.9%, 197.8%,
and 196.3%. In addition to these problems, both design ap-
proaches leave the same gap: neither isolates long-request
tails from the short-request majority nor preserves online
SLOs for short requests.

The discussions above narrow down the design space to
request-level, decode-only separation: offload a long request
decode to the CPU side once, release its GPU KV pages, and

TAMX peak = cores X ops/cycle X freq: 96 x 1024 x 3.2 GHz (BF16),
96 2048 x 3.2 GHz (INT8).

let it finish generating there without per-token synchroniza-
tion. Whether this is achievable hinges on one open question:
can AMX-equipped CPUs meet a long-request TPOT target
at request granularity? We answer this question in §3 and
derive the challenges and requirements that shape the design
of CHORUS’s in §4.

3 CPU Characterization and Design
Requirements

We next characterize whether AMX-equipped CPUs can sup-
port the request-level, decode-only separation motivated
in §2. We profile DeepSeek-R1 decode on a modern Intel
Xeon Granite Rapids (GNR) CPU using the SGLang-based
AMX backend in CHORUS (§3.1). By comparing operator-level
latency across the CPU and NVIDIA H20 and B200 GPUs
(Table 3), we attribute the performance gaps to hardware
and runtime constraints (§3.2). These constraints expose
three challenges for a practical AMX decode lane, which we
translate into design requirements for CHORUS (§3.3).

3.1 Platform and Experimental Setup

Table 2 summarizes the hardware specs of our platform. The
CPU testbed is a single-socket Intel Xeon GNR server with
120 physical cores, 96 of which are dedicated to inference.
Each core has an AMX tile unit for low-precision matrix
multiplication and AVX-512 vector pipelines for softmax,
normalization, activation, and gating. The 768 GB DDR5 ca-
pacity can hold the weights and KV state of the models we
study, but peak DDR5 bandwidth is only about 20% of H20
HBM3 and 10% of B200 HBM3e.

We profile a 6-layer DeepSeek-R1 proxy: three dense, non-
mixture-of-experts (Non-MoE) layers and three mixture-of-
experts (MoE) layers. The proxy preserves the two layer
types of the full 61-layer model, which has 3 Non-MoE layers
and 58 MoE layers. All traces use sequence length L=16,384
and batch size 1. CPU measurements use our SGLang-based
AMX path with optimized long-prefix attention and fused
decoder-layer kernels; GPU measurements use CUDA Graph
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Table 3. Per-layer decode breakdown: Xeon GNR (96 cores)
with our optimized AMX kernels vs. H20 and B200 GPUs
for DeepSeek-R1 (L =16,384, batch size BS = 1). Kernel rows
report compute-kernel time only. The Overhead row ag-
gregates all non-kernel costs including Python wrappers,
dispatch, activation, and framework plumbing.

MoE layer (us) Non-MoE layer (ps)

Component
CPU H20 B200 CPU H20 B200

Attention 637 58 50 642 58 50
Linear (GEMM) 443 167 109 1,223 470 247
MoE Experts 720 219 186 - - -
MoE Routing 17 19 19 - - -

LayerNorm 37 10 11 38 10 11
Kernel 1,854 474 374 1,903 538 307
Overhead 316 16 15 194 16 16
Total 2,170 490 390 2,097 554 324

replay to reduce framework dispatch overhead in the mea-
sured GPU path. The results below are single-node measure-
ments; multi-node aggregation is considered only in §3.3.

3.2 Performance Gaps and Root Causes

Table 3 shows two patterns. First, the CPU-GPU gap varies
by components on two GPU baselines. For weight-streaming
linear GEMMs, the CPU is 2.6-2.7X slower than H20 and
4.1-5.0% slower than B200, consistent with the DDR5-HBM
bandwidth gap. MoE experts and LayerNorm show sim-
ilar CPU-GPU gaps of 3.3-3.9%. In contrast, attention is
~11x slower than H20 and 12.8X slower than B200, while
accounting for roughly one-third of CPU kernel time. MoE
routing is the only component on par with both GPUs (17
vs. 19 ps), because its serial top-k logic benefits little from
GPU-wide parallelism. Second, non-kernel overhead adds a
12-21x gap. CUDA Graph replay captures a fixed GPU exe-
cution sequence, reducing framework and dispatch overhead
to a graph launch.The CPU incurs analogous costs per layer
because it lacks a comparable graph-capture path. We next
trace these gaps to hardware and runtime constraints.

Memory bandwidth. The first gap comes from weight
streaming. At batch size BS = 1, every projection is a matrix—
vector product with arithmetic intensity ~1 OP/byte, so per-
formance is limited primarily by memory bandwidth. DDR5
sustains ~700-800 GB/s out of an 825 GB/s peak, whereas
H20 sustains ~2 TB/s out of a 4.0 TB/s peak. This 2.5-2.9x
realized-bandwidth ratio matches the observed 2.6-2.7x
GEMM gap, despite AMX’s 2.1X theoretical peak-BF16 ad-
vantage over H20. B200 provides up to twice H20’s peak
memory bandwidth and reduces the same GEMMs further,
yielding a 4.1-5.0% gap relative to the CPU. Memory band-
width remains the primary bottleneck at other small batch
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Figure 4. Attention core loop during decode. (a) CPU exe-
cutes Pack-KV (AVX-512), K" (AMX), Softmax (AVX-512),
and score XV (AMX) in strict serial order; AMX tiles sit
idle during the AVX-512 phases. (b) GPU asynchronously
pipelines KV streaming with matmul and softmax, keeping
Tensor Cores continuously occupied.

sizes as well: prior profiling [33] shows that CPU compu-
tation spends substantial time stalled on L1 and L2 cache
misses while waiting for data from main memory. Beyond
weight projection, the ~11x and 12.8X attention gaps rela-
tive to H20 and B200 exceed the peak-bandwidth ratios of
~5% and ~10X, respectively; the remaining gap reflects how
the CPU executes attention within and across cores.

Intra-core serialization. On the CPU, each core executes
the four attention phases in strict program order (Figure 4(a)).
AMX tile instructions and AVX-512 vector instructions is-
sue from the same instruction stream and cannot proceed
concurrently, and there is no asynchronous memory access
approach to decouple KV loading from compute. Compound-
ing this, AMX’s vector neural-network instruction (VNNI)
operand format forces a Pack-KV step on AVX-512 before any
QK can issue—work that has no GPU counterpart. The two
AVX-512 phases (Pack-KV and Softmax) therefore become
visible serial latency; together, they account for 55.4% of the
per-core wall-clock time during which AMX sits idle. A GPU
streaming multiprocessor (SM) hides these costs through
asynchronous KV streaming and FlashAttention-3’s Warp-
Group interleaving [9], keeping Tensor Cores occupied.

Cross-core reduction. Saturating DDR5 during decode
requires all 96 cores to participate in each attention call. The
KV dimension is therefore sharded across cores: each core
streams its shard once and emits a partial (max, sum, output)
triple. A serial cross-core combine then merges these triples,
costing 200 ps, or 29.5% of the end-to-end attention call.
This combine is unavoidable on the CPU: replicating the
full L=16,384 KV stream on each core would inflate DDR5
traffic by orders of magnitude. The GPU avoids this tradeoff
because FlashAttention-3 keeps the computation inside one
SM’s register file, with no cross-SM reduction on the critical
path. Together with intra-core serialization, this combine ex-
plains why the attention gap exceeds the bandwidth-justified
gap for both GPUs: from ~5X to 11X relative to H20 (a further
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~2.3X), and from ~10X to 12.7-12.8X relative to B200. These
asymmetries come from the CPU memory hierarchy, instruc-
tion set architecture (ISA), and core-coordination model, not
from a single implementation artifact.

3.3 Challenges and Design Requirements

Our characterization narrows the role of AMX CPUs. They
should not replace the GPU fast path: using the per-layer
totals in Table 3, a full DeepSeek-R1 decode step with 58 MoE
layers and 3 dense layers would take about ~132 ms/token on
one AMX node, exceeding the interactive TPOT range [35,
42, 60]. Instead, AMX CPUs should serve as a selective de-
code lane for long requests whose KV state constrains GPU
admission (§2). This role creates three design challenges and
corresponding requirements (R1-R3).

Challenge-1: Choosing when to use the AMX lane. The
decision cannot use a static request length cutoff. Offloading
too many requests can overload AMX and violate offloaded-
request TPOT, while offloading too few leaves long-lived KV
state on the GPU and limits short-request admission. The
offload decision must therefore depend on both sides of the
tradeoff: GPU HBM pressure, which determines the benefit
of releasing KV pages, and AMX headroom, which keeps
the offload TPOT-safe. Thus, (R1) CHORUS must offload only
when GPU memory is contended and an AMX group can accept
the request without exceeding its TPOT-safe capacity.

Challenge-2: Meeting TPOT after offload. Request-level
offload removes per-token GPU-CPU synchronization: once
arequest is offloaded to AMX, slow CPU execution no longer
stalls the GPU loop. The risk is instead that the offloaded re-
quest violates its TPOT SLO. Because one AMX node has 3.8-
4.4x and 5.6-6.5x% higher end-to-end per-layer latency than
an H20 and a B200, respectively, CHORUS must aggregate
CPU memory bandwidth and compute across nodes. Tensor
parallelism (TP) is the relevant form of resource aggregation
because it shards one layer and reduces per-token latency;
data parallelism and pipeline parallelism improve throughput
rather than single-token latency. ~91% of MoE-layer kernel
time can be parallelized via TP across attention heads, pro-
jections, MLP dimensions, and experts. However, the remain-
ing serial work—dispatch, replicated kernels, and AllReduce
communication—bounds useful TP width (§6.5). Thus, (R2:)
CHORUs must use distributed TP that is wide enough to meet
TPOT, but bounded to avoid communication- and serial-work
dominated groups.

Challenge-3: Specializing offloaded AMX decode. After
request offload, an AMX group serves small, mixed-length
decode batches over long cached prefixes, where attention
work follows prefix length rather than request count. Se-
lective MoE routing scatters few tokens across routed and
shared experts, producing small GEMMs that underfill AMX
tiles. TP also places hidden-state AllReduce on every layer’s
critical path. Generic CPU operators and communication
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Figure 5. Overview of CHORUS. The scheduler keeps prefill
and short-request decode on GPUs, routes eligible long re-
quests to AMX after prefill or offloads active GPU-decode
requests, and reclaims the released GPU KV pages.

are not optimized for these workloads. Thus, (R3) CHORUS
must specialize the AMX decode path for long-prefix attention,
small-batch expert execution, and TP communication.

4 CHORUS System Design

This section presents CHORUS’s design. CHORUS uses AMX
as a selective decode lane: prefill and short-request decode
stay on GPUs, while long-request decode is offloaded only
when doing so frees GPU HBM without violating offloaded-
request TPOT. CHORUs maps the three requirements from
§3.3 to three mechanisms. Adaptive decode offload moves long
requests only under GPU HBM pressure and TPOT-safe AMX
capacity (R1; §4.2). Distributed AMX decoding aggregates
CPU compute and memory bandwidth while bounding TP
degree (R2; §4.3). AMX decode-path optimizations accelerate
the small-batch, long-prefix kernels and latency-critical TP
communication created by offload (R3; §4.4).

4.1 System Overview

Architecture. Figure 5 shows CHORUS’s four components.
The Global Scheduler controls admission, decode placement,
and offload. Prefill GPU Groups process every request and
produce its initial KV cache. Decode GPU Groups are the de-
fault decode path and serve all short requests. Decode AMX
Groups are multi-server CPU groups that independently exe-
cute selected long-request decode after offload.

The Global Scheduler maintains the waiting queue and
tracks GPU KV-cache pressure, GPU queueing, AMX load,
and recent TPOT attainment. It admits prefill only when a
downstream decode group has capacity, then chooses the
decode destination after prefill. Each Decode AMX Group is
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Algorithm 1 Adaptive AMX Decode Offload

Require: Source Decode GPU Group G; selected Decode AMX
Group A
Require: Post-prefill candidates Qp¢ destined for G (step (@); ac-
tive requests Qgec on G (step (@)
1 Q pr U Qdec
: Estimate Bg,fe from A’s recent tail TPOT profile
: Beur ¢ requests currently decoded by A
: q <« max(0, Bssfe — Beur)
if ¢ =0 or |Q| = 0 or G is not HBM-constrained then
return no offload
end if
: k — min(q, Q)
: 7 < max(Ly,, KTHLARGESTKVLENGTH(Q, k))

10: for each r among the k largest KV-cache consumers in Q do
11:  if Ly (r) 2 r and g > 0 then

12: Complete offload of r to A; release its GPU KV pages
13: q—q-1

14:  endif

15: end for

an independent decode engine with a TPOT-safe admission
quota: the number of additional requests it can accept with-
out exceeding the offloaded-request TPOT target. The quota
is initialized from the group’s profiled TP/DP layout (§4.3)
and updated from recent tail-TPOT feedback.

End-to-end workflow. When a request arrives, it enters the
waiting queue and is scheduled on a Prefill GPU Group (step
(D). After prefill, the Global Scheduler chooses between GPU
decode and AMX decode. CHORUS routes decode directly to
AMX after prefill only when three conditions hold: Decode
GPU HBM usage is high, the request currently holds a large
KV cache, and a Decode AMX Group has nonzero TPOT-safe
admission quota (step (2)). Otherwise, the request enters the
Decode GPU Group (step (3)).

CHoORUS may also offload an active GPU-decode request
when its KV cache grows, the Decode GPU becomes HBM-
constrained, and an AMX group has nonzero TPOT-safe
admission quota (step (2)). CHORUS transfers the request’s
KV cache and sampling state, releases its GPU KV pages,
and generates all subsequent tokens on AMX. Each request
crosses the GPU-CPU boundary at most once, avoiding re-
current synchronization and offload thrashing. This rule
forgoes moving a request back to GPU when pressure later
falls; instead, TPOT-aware admission controls AMX load to
keep the offloaded request within its TPOT target.

4.2 Adaptive Long-Request Decode Offload

Offload eligibility. Crorus offloads requests only when
doing so relieves an HBM-constrained Decode GPU with-
out overloading the AMX lane. A Decode GPU is HBM-
constrained when its KV-cache usage reaches the configured
high watermark. A request is eligible when (1) its current KV-
cache length exceeds a dynamic threshold 7, (2) the Decode
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GPU is HBM-constrained, and (3) the target AMX group ex-
poses a nonzero TPOT-safe admission quota. A configurable
minimum Ly, excludes short requests. If any condition fails,
decode remains on the GPU. Algorithm 1 summarizes the
scheduler decisions at steps (2) and (4.

Pressure-aware adaptation. CHORUSs runs the policy for
each HBM-constrained Decode GPU Group G after prefill
or when GPU-decode state changes. It estimates each AMX
group’s offload quota and chooses the group with nonzero
quota and the lowest recent tail TPOT as target A. The can-
didate set Q contains post-prefill requests destined for G and
active requests already decoded there; By, is the number of
requests currently decoded by A.

Over a sliding time- or request-based window, the sched-
uler tracks recent tail TPOT by AMX batch size and context-
length range. It sets Bsafe to the largest observed batch size
whose tail TPOT remains within the target for the candidate
context range, yielding offload quota ¢ = max(0, Bgafe — Beur)-

Within this quota, CHORUS prioritizes immediate HBM
reclamation. Let Ly, (r) denote request r’s current KV-token
count. For an active-decode candidate, this state resides on
G and is released by offload; for a post-prefill candidate, it re-
sides on the Prefill GPU Group and represents the allocation
avoided on G. CHORUS ranks Q by Ly, (7); for k = min(q, |Q]),
let L(x) be the k-th largest value. The dynamic threshold
7 = max(Lmin, L)) selects at most the k largest eligible
KV-cache consumers. Thus, TPOT feedback sizes the offload
quota, while KV-cache ranking spends it on requests that
release or avoid the most Decode GPU HBM.

4.3 Distributed AMX Decoding

Distributed execution. CHORUS forms Decode AMX Groups
that jointly execute each offloaded batch with tensor par-
allelism (TP), aggregating enough compute and memory

bandwidth to meet the TPOT target. Each group shards at-
tention heads, head-coupled projections, dense MLP dimen-
sions, and MoE experts across servers; LayerNorm, routing,
and pre-sharding projections remain replicated. Group mem-
bers execute the same offloaded batch in lockstep, with two

AllReduce operations per layer to combine the attention

and MLP/expert outputs. Each member receives only its KV

heads during offload. This reduces per-server weight and

KV traffic. The Global Scheduler treats each group as one

decode engine, and each group retains the offloaded request

until the auto-regressive decoding completes.

SLO-aware TP/DP layout. For P AMX servers and TP
degree N, CHORUS forms | P/N| data-parallel groups. Wider
TP lowers TPOT but reduces concurrency and adds com-
munication overhead; narrower TP creates more groups but
may not meet the TPOT target. CHORUS therefore uses an
offline layout-selection procedure for the target model and
AMX pool: profile feasible TP degrees over expected con-
text lengths and batch sizes, discard layouts that exceed
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Figure 6. Attention partitioning across four CPU workers
for 8K and 24K requests. Static space-division multiplexing
(SDM) creates stragglers; time-division multiplexing (TDM)
balances each request but serializes the batch; adaptive SDM
balances token work across workers.
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Figure 7. AllReduce designs. AVX-accelerated Chunk-
pipelined AllReduce (ACAR) overlaps chunk transfer with
AVX reduction; Reduce-Scatter AllGather (SRA) reduces dis-
tributed chunks before gathering them; AllGather Reduce
(AR) gathers all chunks before local reduction.

TPOT, and select the TP/DP layout with the highest aggre-
gate SLO-feasible throughput. At deployment, CHORUS loads
the selected model shards and exposes each group as an in-
dependent offload destination. These profiled limits provide
the initial TPOT-safe admission quota used by §4.2; runtime
TPOT feedback refines the quota as workload mix and batch
composition change during serving.

4.4 AMX Optimizations for Offloaded Decode

Offload produces small, mixed-length decode batches with
long cached prefixes, while distributed execution involves
per-layer AllReduce. Generic CPU execution exposes three
bottlenecks: equal attention partitioning creates stragglers,
separate MoE expert kernels amplify small-batch overhead,
and general-purpose collectives add synchronization latency.
CHorus addresses them with adaptive space-division mul-
tiplexing (SDM), guarded routed/shared expert fusion, and
AVX-accelerated chunk-pipelined AllReduce (ACAR).

Adaptive SDM for mixed-length attention. AMX atten-
tion must expose parallel work without duplicating KV-cache
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traffic. Splitting grouped-query attention (GQA) or Multi-
head Latent Attention (MLA) across additional workers can
replicate reads of KV state shared by multiple query heads.
CHoRus therefore parallelizes over cached-prefix blocks and
merges partial attention outputs.

Assigning every request the same number of prefix splits
balances request count, but not token work. Figure 6 il-
lustrates this problem using four CPU workers and a two-
request batch with 8K and 24K prefixes. Static SDM divides
each request into two chunks, producing two 4K chunks and
two 12K chunks; workers assigned the 12K chunks finish
later and become stragglers. TDM avoids this imbalance by
assigning all workers to one request at a time, but serializes
the requests within the batch.

Adaptive SDM instead allocates a configured global split
budget in proportion to each request’s prefix cache length.
For request i, this block count is s; = [L;/N,], where L; is
its cached-prefix length and Nj, is the decode block size. The
allocation respects thread and temporary-buffer limits. In
the figure, this produces four balanced 8K chunks across the
8K and 24K requests. Each split emits a partial value vector
and log-sum-exp statistic, which an online-softmax merge
combines without materializing the full attention matrix.

Guarded routed/shared expert fusion. Existing CPU
implementations execute routed and shared experts through
separate AMX kernels. In the small batches produced by
selective offload, each kernel performs little work, making
the two launch paths and their intermediate-memory traffic a
significant fraction of latency. CHORUS instead remaps routed
and shared experts into one compact local expert space and
pads their token assignments into AMX-friendly BLOCK_M
groups. A unified path executes the expert projections with
batch-reduce GEMM and fuses SiLU gating, routing-weight
application, and cross-expert accumulation.

The unified path helps only while batches remain small.
At larger batches, separate kernels amortize their overhead
through larger expert GEMMs and can expose more paral-
lelism. CHORUS therefore profiles the crossover batch size
offline and selects the fused or separate path at runtime. We
evaluate this crossover in §6.6.

AVX-accelerated Chunk-pipelined AllReduce. AllRe-
duce lies on every TP layer’s critical path for hidden-state
synchronization. Existing UCC algorithms expose a latency-
bandwidth trade-off: AllGather Reduce [40] (AR) uses one
communication round but pays high transfer and reduction
cost, while Reduce-Scatter AllGather [31] (SRA) lowers those
costs at the expense of a second communication phase.
Figure 7 shows CHORUS’s AVX-accelerated Chunk-pipelined

AllReduce (ACAR), tailored to hidden-state synchronization.
ACAR places AllGather chunks with one-sided RDMA writes
and applies vectorized AVX reduction as each chunk arrives,
overlapping communication with reduction while avoiding
SRA’s extra communication phase.
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5 Implementation

CHoRrus adds approximately 16K lines of code to SGLang [59],
Mooncake [30], PyTorch Distributed, UCC [41], and UCX.!
The SGLang router implements §4.2 using GPU KV-cache
pressure, AMX load, and recent TPOT. Mooncake transfers
each offloaded request’s KV cache and sampling state among
prefill GPU, decode GPU, and AMX engines over RDMA;
after transfer, the source GPU releases the KV pages and the
AMX group continues decode.

Decode AMX Groups run tensor-parallel inference through
PyTorch Distributed over UCC/UCX. We add ACAR to UCC
and integrate adaptive SDM attention, guarded routed/shared
expert fusion, and fused dense/MoE decoder layers into the
AMX backend (§4.4). Cgroups reserve CPU and memory for
GPU serving and assign only spare capacity to AMX serving.

6 Evaluation
6.1 Methodology

Our evaluation asks five questions: (Q1) How much does
request-level AMX offload improve SLO-attaining goodput
over SGLang and applicable operator-offload baselines? (Q2)
Can TPOT-aware admission use AMX headroom without
violating the TPOT target? (Q3) Can distributed AMX groups
meet the long-request TPOT requirement? (Q4) How should
a fixed CPU pool balance tensor parallelism (TP) and data
parallelism (DP)? (Q5) How much do AMX kernel and com-
munication optimizations reduce decode-path latency?

Testbed. Our testbed has two 8-GPU servers for GPU serv-
ing and eight 8-GPU servers used only as AMX hosts. Each
GPU-serving server has eight NVIDIA H20 GPUs (96 GB
HBM each), two 48-core Intel Xeon 8469 CPUs, and 1 TB
DDR4; its GPUs share 900 GB/s bidirectional NVLink. Each
AMX server has one 120-core Intel Xeon 6979P and 768 GB
of 12-channel DDR5. We do not use the GPUs on these hosts
or count them as serving capacity. Considering coexistence
with host workloads, we reserve 20% of each AMX host’s
cores and use the remaining 96 cores for AMX decode. GPU-
serving servers and AMX servers have respectively four
and one 200 Gbps BlueField-3 DPUs, and communicate over
RoCE v2.

Models and deployment. We evaluate one dense Qwen3-
32B [53] and two MoE models: GLM-4.5 [39] (355B total, 32B
activated parameters) and DeepSeek-R1 [10, 12] (671B total,
37B activated parameters). Qwen3-32B uses two TP GPUs
for prefill and one GPU for decode. Each MoE model uses
eight TP GPUs for prefill and eight for decode. All CHORUS
deployments use the eight AMX servers as one CPU pool.
GPUs run BF16; the AMX path uses the fastest SGLang CPU
serving format for each model: FP8 for Qwen3-32B and INT8
for GLM-4.5 and DeepSeek-R1 [34]. These precisions remain

1Unless otherwise stated, we use SGLang commit 57cdcc0210483727bd2,
Mooncake v0.3.6, UCC v1.6.0, and UCX v1.20.0-rc1.
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fixed across experiments and follow common low-precision
CPU-serving practice [5, 7, 36, 48].

Workloads. We replay two production-derived traces with
bursty arrivals and length skew. ServeGen captures time-
varying input and output lengths, including long reasoning
requests [47]. AzureLLM contains invocation times and in-
put/output token counts from Azure inference services [29,
38]. Because AzureLLM predates recent long-generation rea-
soning workloads, we double its output lengths while pre-
serving input lengths and arrival times [47]. Both traces
retain a short-request majority and a long tail (Figure 1). Un-
less stated otherwise, each run replays 500 sampled requests
for at least 10 minutes; we sweep arrival rates to identify the
highest SLO-attaining operating point.

Baselines. We compare against SGLang and two operator-
offload systems. SGLang (GPU-only) [59] uses the same
SGLang-based runtime and GPU prefill/decode deployment
as CHORUS, but disables AMX offload and keeps decode state
and computation on GPUs. NEO [17] pipelines attention
and KV-cache work on the local host CPU; its available im-
plementation does not support the recent MoE models, so
we evaluate it only on Qwen3-32B. KTransformers [7] of-
floads selected MoE experts to AMX CPUs while retaining
the remaining model path on GPUs. We use its INT4 hybrid
configuration on GLM-4.5 and DeepSeek-R1 and offload at
most eight routed experts to avoid overloading its CPU path.

Metrics. Our primary metric is SLO-attaining goodput: output-
token throughput from requests satisfying both TTFT and
TPOT targets. For input length L, the TTFT target is cal-
culated as min(max(0.5, L/512), 10) seconds, and the TPOT
target is 75 ms. The TPOT target is stricter than those in
prior large-model serving studies [2, 50, 60] and close to
public interactive-serving guidance [35, 42]. We report max-
imum SLO-attaining goodput over each arrival-rate sweep,
together with mean TTFT and TPOTpgs. AMX-path stud-
ies report TPOT, per-operator latency, or communication
latency, depending on the mechanism being isolated.

6.2 End-to-End SLO-Aware Serving

This experiment answers Q1 by comparing CHORUS with
SGLang and CPU-offload baselines under the same TTFT
and TPOT targets. It tests whether selective long-request
offload improves SLO-attaining goodput. Figures 8 and 9
provide complementary views of end-to-end performance:
the former illustrates each system’s TTFT and TPOT results,
while the latter reports the consequent SLO-attaining good-
put. Because a request contributes to goodput only when it
meets both targets, the objective is not to minimize TTFT
or TPOT independently, but to sustain both over the widest
range of offered loads.

CHORUS achieves the highest SLO-attaining goodput.
Across all six model/workload pairs, CHORUs reaches the best
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Figure 8. End-to-end mean TTFT and TPOTpgs across models and workloads. NEO is evaluated on Qwen3-32B; KTransformers

is evaluated on the MoE models.
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Figure 9. End-to-end SLO-attaining goodput across models
and workloads. NEO is evaluated only on dense Qwen3-32B;
KTransformers is evaluated only on MoE models.

SLO-attaining goodput among the systems applicable to each
model, improving peak goodput over SGLang by 1.07-1.26x
(1.17x on average). On AzureLLM, for example, CHORUS
raises DeepSeek-R1 peak goodput from 397.3 to 470.4 tok/s.
At the same offered load, the gap widens: at CHORUS’s best-
goodput request rate, CHORUS delivers 1.3-11.4X SGLang’s
goodput because SGLang has already entered TTFT col-
lapse in several settings. The smallest peak gain occurs for
DeepSeek-R1 on ServeGen, where sparse MoE activation
keeps the GPU path efficient at moderate load; even there,
CHoRUs shifts the best-goodput point to a 1.5X higher re-
quest rate (0.4 to 0.6 RPS) and reaches 422.1 tok/s.

CHoRus also outperforms CPU-offload baselines. When
serving Qwen3-32B, it improves peak goodput over NEO by
23.6% on ServeGen and 67.5% on AzureLLM; for MoE models,
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CHorus improves over KTransformers’ best measured good-
put by 89.7-428.5%. These comparisons show that relieving
GPU memory pressure alone is insufficient if recurring CPU
work pushes TPOT beyond its target.

SGLang loses goodput through TTFT, not TPOT. SGLang
keeps decode on GPUs, so its TPOTpgs remains below 59 ms
in all settings. Its bottleneck is admission: as offered load
increases, long-request KV residency fills decode-GPU HBM,
stalls new requests, and drives mean TTFT above 116 s for
GLM-4.5 and DeepSeek-R1 and above 230 s for Qwen3-32B.
CHoRus mitigates this bottleneck by offloading selected long
decodes to AMX, reclaiming GPU KV pages, and leaving
prefill and short decode on the GPU fast path. It therefore
keeps TPOT within the 75 ms target while delaying the TTFT
collapse that limits SGLang goodput.

CPU-offload baselines lose goodput through TPOT.
The CPU-offload baselines become TPOT-limited for the op-
posite reason: NEO and KTransformers relieve GPU memory
pressure, but keep CPU work on each request’s per-token
execution path. For Qwen3-32B, NEO pipelines attention
and CPU-resident KV-cache access with GPU computation,
improving admission and lowering TTFT. However, only its
lowest-load points satisfy the 75 ms TPOT target; TPOTpos
rises to 5.65 s on ServeGen and 1.88 s on AzureLLM at high
load. KTransformers exhibits the same joint-SLO failure pat-
tern through expert offload: only one measured point per
workload is TPOT-feasible for GLM-4.5, and none is feasible
for DeepSeek-R1, whose minimum TPOTpy;s is already 89.4-
120.8 ms. Thus, in these evaluated baselines, freeing GPU
capacity does not improve SLO-attaining goodput when re-
curring CPU work causes TPOT violations. CHORUS instead
moves selected long-request decode to an independent AMX
lane, keeping CPU work off the GPU token loop. Together,
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these failure modes explain CHORUS’s goodput advantage: it
preserves a wider operating range in which both SLOs hold.

6.3 TPOT-Aware AMX Admission

This experiment answers Q2 by isolating CHORUS’s TPOT-
aware inflight control. All policies use the same GLM-4.5
workload (RPS = 0.6), minimum offload length (Lpmin = 4K),
and KV-cache ranking from §4.2; they differ only in how they
set the offload quota. Over a 500-second window, Figure 11
compares A, which adapts its inflight limit from recent tail
TPOT, with an aggressive fixed limit of 12 (B) and a conser-
vative fixed limit of 3 (C).

CHorus effectively uses available AMX headroom with-
out crossing the TPOT boundary. Policy B reaches the
highest mean AMX throughput (90.2 tok/s) and batch size
(8.7), but raises TPOTpg5 to 98.2 ms, causing 6.6% of requests
to violate the 75 ms TPOT target. Policy C avoids violations
but underuses AMX, reaching only 45.1 tok/s at a mean
batch size of 2.5. CHORUS sustains 74.7 tok/s at a mean batch
size of 5.0—1.7x Policy C’s throughput—while all offloaded
requests meet the TPOT target (TPOTpgy = 68.7 ms). Thus,
TPOT-aware control captures available AMX headroom with-
out the violations caused by aggressive fixed admission.

6.4 AMX Performance Microbenchmark

This experiment answers Q3 by testing whether distributed
AMX decode can serve offloaded long-context requests within
the TPOT target. Figure 10 reports average TPOT for three
tested models as input length increases from 4K to 24K and
batch size grows. Complementing §3, it measures whether
CHorus’s distributed AMX lane has enough latency head-
room after a single CPU node proves too slow.

Long-context TPOT remains bounded. Across all three
models, TPOT grows gradually with input length rather than
collapsing at long context. At BS=1, increasing input length
from 4K to 24K raises TPOT by only 8-25%: Qwen3-32B
grows from 30.3 to 32.8 ms, GLM-4.5 from 35.7 to 39.0 ms,
and DeepSeek-R1 from 32.1 to 40.1 ms. Distributed AMX
serving keeps single-request TPOT well below the 75 ms
target for the long-context requests that CHorus offloads.

Batch envelopes depend on model structure. Batching
improves AMX throughput, but usable batch size depends
on model structure. At 24K context, Qwen3-32B scales from
BS=1 to BS=10 while remaining below the target, with TPOT
rising from 32.8 to 72.3 ms. MoE models have tighter en-
velopes: GLM-4.5 reaches 79.1 ms at BS=6, and DeepSeek-
R1 reaches 87.6 ms. DeepSeek-R1 is fast at BS=1 because
sparse activation reduces single-token compute, but its TPOT
grows faster with batch because larger batches activate more
experts, increasing scattered expert dispatch and irregular
expert-weight traffic.
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The measured TPOT envelope defines safe admission.
This microbenchmark explains the TPOT-safe envelope used
by the admission policy evaluated above and defined in
§4.2. For each model and context range, CHORUs uses the
largest below-target AMX batch. At 24K context, BS=4 is safe
for all three models: Qwen3-32B reaches 45.1 ms, GLM-4.5
reaches 68.1 ms, and DeepSeek-R1 reaches 73.2 ms. Larger
safe batches are model- and context-dependent; at 24K, GLM-
4.5 exceeds 75 ms at BS=6, while DeepSeek-R1 exceeds it at
BS=5. CHORUS uses this profiled batch-size—context-length
envelope as the initial quota, refines it with tail-TPOT feed-
back, and assigns the available slots to the largest KV-cache
consumers to maximize GPU HBM released or avoided.

6.5 Choosing TP/DP Layouts for AMX Decode

This controlled experiment answers Q4 by validating CHo-
RUs’s TP/DP layout rule (§4.3): choose the highest-throughput
layout among those that satisfy TPOT, not the fastest stan-
dalone replica. We use Qwen3-8B-FP8 as a scaling probe,
not to select layouts for the larger models in the end-to-end
study. We impose a stricter 50 ms TPOTpgg target for the
small model and keep only configurations that satisfy it.
Figure 12 shows the tradeoff. The left panel breaks single-
replica throughput into compute and communication time
shares. Wider TP adds compute and memory bandwidth,
giving TP=8 the highest per-replica throughput from 4K to
16K inputs (537.8 and 219.2 tok/s), but also a larger commu-
nication share: 32.8-44.9% versus 10.1-12.4% for TP=2. At
eight-node scale, TP=8 has no DP replicas, while TP=2, DP=4
has too little per-batch capacity. TP=4, DP=2 balances latency
and concurrency, achieving the highest aggregate through-
put at every input length: 643.7 tok/s at 4K and 275.2 tok/s at
16K. Offline profiling should maximize aggregate offloaded-
decode throughput within the TPOT-feasible region.

6.6 AMX Decode-Path Optimizations

This experiment answers Q5 by isolating the three optimiza-
tions from §4.4: adaptive SDM attention, guarded MoE expert
fusion, and ACAR. Each reduces latency on the offloaded
AMX decode path.

Adaptive SDM attention. Figure 13 evaluates the adaptive
SDM attention kernel on DeepSeek-R1 mixed-length batches
containing one 16K-32K request and either one or three 8K
requests. By partitioning cached prefixes in proportion to
token work, adaptive SDM avoids static-SDM stragglers and
TDM serialization. Across all settings, it reduces SGLang’s
CPU MLA latency from 509.8-940.0 s to 221.6-329.2 us, a
1.9-3.2X speedup, and outperforms static SDM and TDM
by up to 1.5X. For the most imbalanced batch (32K/BS=4), it
reduces static-SDM latency from 495.4 to 329.2 ps.

Guarded MoE expert fusion. Figure 14 evaluates the INT8
MoE execution of DeepSeek-R1 with separate and fused
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Figure 10. AMX TPOT microbenchmark across input length and batch size. Long-context TPOT remains bounded, but MoE
models reach the TPOT limit at smaller batches than dense Qwen3-32B.
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Figure 11. AMX admission over 500 seconds of the same
GLM-4.5 workload (RPS=0.6). TPOT-aware control im-
proves over a conservative fixed cap without the violations
caused by aggressive admission.
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Figure 12. TP/DP tradeoff for Qwen3-8B-FP8 under

TPOTpgy < 50 ms. The left panel stacks per-replica through-
put by compute and communication share; the right panel
shows eight-node aggregate throughput.

routed/shared expert kernels. At TP=4 and TP=8, fusion re-
duces BS=1-2 latency by 6.0-17.5%, where separate kernel
launches and intermediate-memory traffic are difficult to
amortize. The gain narrows at BS=3 and reverses at BS=4,
where fusion is 3.6-5.1% slower. This crossover supports
CHoRuUs’s guarded policy: fuse small batches and use sepa-
rate expert kernels once larger GEMMs amortize the unfused

path.

AVX-accelerated chunk-pipelined AllReduce. Figure 15
compares ACAR with UCC’s AllReduce (AR) and reduce-
scatter/allgather (SRA) over eight AMX servers. We set each
UCC algorithm’s radix to the eight-rank world size, avoiding
additional recursive rounds. The faster UCC baseline is AR at
5KB and SRA for larger messages. Across 5-100 KB, ACAR
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Figure 15. AllReduce latency. ACAR outperforms UCC’s
SRA and AR for AMX decode’s small hidden-state messages.

reduces latency from the best UCC latency of 26.5-74.9 s
to 11.6-67.3 s, achieving a 1.1-2.3X speedup. These gains
cover the small hidden-state messages issued by TP on the
AMX decode path, showing that ACAR reduces latency for
the decode collectives on CHORuUS’s CPU lane.

7 Related Work

Length-aware and memory-centric LLM serving. GPU
serving systems improve utilization through iteration-level
scheduling, paged KV-cache allocation, and prefill-decode
coordination [2, 21, 54]. Other systems disaggregate prefill
from decode or manage KV state across a distributed memory
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hierarchy [29, 30, 60]. PPD [23] uses SLO-aware placement
to choose whether append-prefill in later conversation turns
runs on GPU prefill or decode workers. More directly related,
length-aware systems show the value of isolating long and
short requests, typically through separate GPU pools [25, 55].
CHorus adopts the same isolation principle, but makes a dif-
ferent resource choice for the long-request lane: it removes
long-request KV residency from GPU HBM rather than re-
serving additional GPU HBM for it. Memory-pressure tech-
niques spill, reorganize, or compress KV state [8, 45, 49].
These approaches improve GPU scheduling or residency, but
long-request decode still consumes accelerator memory or
repeatedly accesses an external memory tier. CHORUS instead
moves both the state and computation of selected long re-
quests to an independent CPU decode lane, preserving GPU
HBM and compute for prefill and short-request decode.

CPU-assisted and heterogeneous inference. Host-assist-
ed systems use CPU memory as a capacity tier for model
weights and KV state [37, 52], or assign selected opera-
tors to CPUs, including attention and other KV-intensive
work [6, 11, 13, 17] and MoE experts [7]. These designs es-
tablish the value of host resources, but adopt a different
offload boundary. Memory-tier designs retain repeated state
movement, whereas cooperative operator offload keeps CPU
work in the GPU inference pipeline. LIA [18] partitions de-
coder sublayers between one GPU and its host AMX CPU,
whereas CHORUS performs a one-time, request-level offload
to a distributed AMX group that completes the remaining
decode independently of the GPU token loop.

CPU, AMX, and near-memory inference. Prior CPU
inference systems improve quantized kernels, NUMA place-
ment, and runtime scheduling for standalone or hybrid exe-
cution [22, 26, 46, 51, 57, 58]. Recent work further improves
AMX efficiency through compressed execution, sparse ker-
nels, cache-aware tiling, and accelerator sharing [1, 19, 20,
43]. Besides, near-memory accelerators offer another path
to bandwidth-efficient long-context inference [14-16, 24, 27,
28]. CHORUS is complementary to these execution substrates:
it integrates long-prefix AMX kernels, cross-node CPU ten-
sor parallelism, and pressure-aware request offload into an
online GPU serving system. Future CPU or near-memory en-
gines could replace the underlying decode backend without
changing this request-level separation principle.

8 Conclusion

Length-skewed LLM workloads let a small tail of long re-
quests pin KV state and constrain GPU admission for the
short-request majority. CHORUSs relieves this pressure by
keeping prefill and short-request decode on GPUs while of-
floading selected long-request decode to distributed AMX
CPU groups. Pressure-aware offload, TP-scaled AMX decode,
and long-prefix kernels keep CPU decode off the per-token

13

SIGOPS ATC 2026, November 15-18, 2026, Hong Kong, China

GPU path while meeting TPOT targets. Across popular mod-
els and production-derived workloads, CHORUS improves
SLO-attaining goodput by up to 1.26x over GPU-only serv-
ing and 4.3x over CPU offload, showing that host resources
can serve as a second decode lane for length-skewed serving.
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