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Abstract
The rapid scaling of generative AI (GenAI), alongside the
continued reliance on classical deep neural networks (DNNs),
has pushed production AI infrastructure toward massive, het-
erogeneous GPU fleets. We present a comprehensive charac-
terization of Alibaba Serverless Infrastructure (ASI), a hyper-
scale production cluster, based on a six-month trace covering
155,410 GPUs of multiple vendors and generations and jobs
from 81 departments, spanning ad-hoc development, train-
ing, and online and offline inference. Our central finding is
that high GPU demand does not yield high effective utiliza-
tion: idle GPUs frequently become unallocatable because free
capacity is stranded across nodes, lacks matching CPUs, or vi-
olates network-locality constraints, and because users reserve
ample headroom for production safety. Notably, fractional-
GPU fragmentation, a focus of prior work, is now negligible,
as GPU sharing is rarely used. We detail deployed solutions
that recover this capacity: a practical GPU defragmentation
algorithm that cuts the number of nodes with slack resources
by 20.2%, and SpotGPU, a preemption-cost-aware schedul-
ing framework that safely harvests idle resources and raises
the GPU allocation ratio from 68% to 93%. We further sur-
face open challenges in skewed multi-vendor GPU adoption,
bandwidth bottlenecks between heterogeneous GPUs, and
interference among colocated workloads. We release the ASI
trace, the most comprehensive to date in workload diversity
and cluster scale, to support future research.

1 Introduction

Production AI clusters are no longer built for a single class of
ML workload. Large generative AI models have driven rapid
growth in GPU demand, especially for LLMs and image/video
generation [1, 7, 12, 57, 58, 62]. At the same time, classical
DNNs and recommendation models remain central to latency-
critical business services [5,51,59,66]. These workloads differ
in model size, execution time, priority, resource shape, and
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sensitivity to communication and interference. As a result,
modern production clusters must manage large GPU fleets as
high-value shared infrastructure for heterogeneous workloads
that are first-class citizens in production.

This paper studies Alibaba Serverless Infrastructure (ASI),
a hyperscale shared production GPU cluster. We analyze a
six-month trace from ASI that covers 155,410 GPUs and jobs
submitted by 81 internal departments. The trace spans ad-hoc
development, training, online inference, and offline inference,
and includes LLMs [12, 57, 58], generative image/video mod-
els [1, 6, 7, 25, 41], DNNs [5, 51], and recommendation mod-
els [59,66]. Each job specifies the GPUs, CPUs, memory, and
replicas it needs, which the cluster uses for allocation and
billing. Unlike prior traces that mainly study homogeneous
GPU fleets [16] or dated hardware generations [15, 51], our
trace captures a recent heterogeneous fleet with multiple GPU
generations and vendors (Table 1).

The central lesson from ASI is that high demand does
not by itself imply high effective utilization. Our ASI cluster
represents a large financial investment, so even a 1% uti-
lization change has substantial operational impact. Yet idle
GPUs can remain unutilizable because free resources are
split across the wrong nodes, lack matching CPU capacity,
violate network-locality requirements, or are held as head-
room for time-varying production demand. Thus, the main
resource-management problem is not simply to fill idle GPUs,
but to match heterogeneous workload demands to heteroge-
neous hardware under topology, priority, and interference con-
straints. Our study follows this problem from measurement to
practice: we first characterize why resources become unusable
(fragmentation), then describe deployed mechanisms that re-
cover part of the lost capacity, and finally identify remaining
challenges that still require new system support.

Diagnosing GPU fragmentation. We first show that GPU
fragmentation is a primary reason that idle GPUs become
unallocatable in ASI [9, 43, 52]. Fragmentation arises from
several sources: fractional GPU allocations, stranded GPUs
left on multi-GPU nodes, insufficient CPU capacity on other-
wise available GPU nodes, and network topology constraints.
Although prior work has discussed the first three sources [52],



our trace shows that fractional GPU fragmentation is now
a minor contributor in ASI because GPU sharing is rarely
used. Instead, stranded GPUs, CPU bottlenecks, and topology
constraints dominate. The topology effect is especially impor-
tant for large GenAI training and serving jobs, which rely on
parallelism strategies [34] and therefore need high-bandwidth
placement across multiple GPU nodes.

To mitigate fragmentation, we developed IPC (iterative par-
titioned consolidation), a practical defragmentation algorithm
for hyperscale GPU clusters. IPC uses fast partitioned search
and ejection-chain scheduling to generate migration decisions
that respect affinity rules and locked tasks. We also introduce
an entropy-based metric for topology-aware allocation, which
prefers placements concentrated within fewer access switches
when possible (§4.1). In replay experiments, IPC makes mi-
gration decisions within minutes and reduces the number of
nodes with slack resources by 20.2%.

Mitigating resource underutilization. We next show that
production reservations create a second source of lost capacity.
Users reserve capacity for diurnal traffic, failover redundancy,
and peak-event headroom, leaving many GPUs idle during
off-peak periods. Our trace shows that the peak amount of idle
standby capacity can reach 10,000 GPU hours around mid-
night. This problem cannot be solved by ordinary best-effort
packing alone: production jobs must retain guaranteed avail-
ability, while flexible jobs should use the idle capacity only
when doing so does not endanger high-priority workloads.

ASI addresses this tension through two priority classes
and a deployed preemptive scheduling framework called
SpotGPU. High-Priority (HP) jobs receive guaranteed re-
sources and can reclaim them from Low-Priority (LP) spot
jobs, which run at a discounted rate on flexible capacity. Un-
like prior workload characterizations, our trace includes job
priority metadata, allowing us to study this policy directly.
SpotGPU combines a “Standby” mechanism, through which
HP users explicitly release temporarily idle resources, with a
preemption-cost-aware scheduler that places LP jobs while
minimizing wasted work when HP jobs reclaim capacity. To-
gether, these mechanisms harvest idle resources while pre-
serving HP resource availability (§4.2).

Understanding remaining heterogeneity challenges. Even
with deployed mechanisms for fragmentation and underuti-
lization, several problems remain open because they stem
from deeper heterogeneity in hardware, network topology,
and workload behavior.

First, ASI uses GPUs from multiple vendors to reduce
supply-chain risk, but users initially adopted XPU-A more
slowly than NVIDIA GPUs. Although XPU-A has stronger
theoretical specifications than NVIDIA H20, its out-of-the-
box GenAI performance was only 80% of H20 because key
kernels did not yet match the hardware’s execution patterns.
Our preliminary XPU-A optimizations for LLM serving im-
prove performance by up to 43% and increase HP demand for

XPU-A by 2.5×, but supporting diverse model architectures
across heterogeneous accelerators remains an open problem.

Second, hardware heterogeneity interacts poorly with net-
work locality. Systems can use heterogeneous GPUs to match
different phases of a workload to different hardware capa-
bilities [14, 18, 33, 39, 61, 65]. In ASI, however, heteroge-
neous GPUs are often located under different access switches
(ASW); in our benchmark, same-ASW placement improves
allreduce bandwidth by 27% relative to cross-ASW place-
ment. For communication-sensitive workloads such as Prefill-
Decode (PD) disaggregation [14, 39, 65], the scheduler must
balance hardware specialization against the cost of placing
communicating instances further apart.

Third, online inference leaves substantial room for co-
location, but current isolation mechanisms do not yet make
this opportunity easy to exploit. Online inference has a me-
dian GPU SM utilization of only 6%. GenAI serving often
exhausts GPU memory while leaving compute resources idle,
whereas classical DNN serving tends to underutilize both
memory and compute. Although co-locating these workloads
could improve efficiency, existing GPU sharing techniques
such as static partitioning [36] and time-sharing [2,53,56,60]
either partition resources too rigidly or fail to provide the
latency isolation needed by online services. Similarly, ASI
co-locates CPU-only jobs with GPU jobs to harvest idle CPU
cycles, but this can reduce the P90 SM utilization of GPU
training workloads by 18%.

We believe the observations from ASI are useful beyond
our deployment because they expose resource-management
problems that arise when large-scale AI infrastructure com-
bines heterogeneous workloads, accelerators, priorities, and
topologies. By releasing the sanitized ASI trace1 and sharing
the mechanisms and open challenges from our production
experience, we hope to support follow-up research on more
efficient GPU cluster management.

2 Background

ASI cluster. ASI is a shared, multi-tenant GPU cluster that
provides infrastructure services to dozens of internal depart-
ments whose businesses span e-commerce, advertising, local
services, logistics, fintech, and content platforms. These de-
partments rent compute resources from ASI to develop and
deploy ML services without operating separate GPU clus-
ters. To ensure fairness in resource allocation, ASI allocates
resources on a quota basis: a tenant cannot request more re-
sources than its assigned quota. Since its inception in 2022,
ASI has supported critical business operations across these
departments.

Fig. 1 shows the cluster organization. ASI adopts a fat-
tree network [26, 40] in which 8-GPU nodes attach to access

1https://github.com/alibaba/clusterdata/tree/master/
cluster-trace-gpu-v2026

https://github.com/alibaba/clusterdata/tree/master/cluster-trace-gpu-v2026
https://github.com/alibaba/clusterdata/tree/master/cluster-trace-gpu-v2026
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Figure 1: Overview of ASI as a shared GPU infrastructure
service. ASW: access switch; AGG: aggregation switch.

switches (ASW) that are in turn interconnected through aggre-
gation switches (AGG). Each ASW aggregates 32–64 nodes,
so a single ASW domain spans roughly 256–512 GPUs, and
the GPUs under one ASW are homogeneous. Because the
network is not fully non-blocking, a job placed within one
ASW communicates at full bandwidth, whereas a job spread
across ASWs traverses additional switch layers and loses ef-
fective bandwidth. This topology directly shapes placement:
communication-sensitive jobs request ASW-local allocations,
which in turn constrains how freely the scheduler can pack
the cluster. We quantify this effect on fragmentation in §4.1.

Workload scope. ASI must serve two workload classes at
once: rapidly growing GenAI models and mature classical
DNNs. GenAI models such as LLMs and diffusion-based
image/video generation [1,12,48,57,58] can claim very large
allocations; the largest single GenAI job in our trace used over
2,000 high-end GPUs simultaneously and consumed more
than 800,000 GPU hours. Classical DNNs remain central to
high-throughput production services such as Click-Through
Rate (CTR) prediction, recommendation, and optical char-
acter recognition (OCR) [51, 59, 66]: they still account for
roughly 70% of online-inference GPU hours in our trace
(Fig. 3). Co-locating these classes forces ASI to manage
workloads with sharply different resource shapes, execution
times, priorities, and placement constraints. The trace covers
large-scale training and inference in this shared cluster, but
excludes the pre-training of hyperscale foundation models,
which typically runs on dedicated clusters with cutting-edge
hardware [47].

Trace. ASI records the metadata needed to study these pro-
duction resource-management problems, including job types,
priorities, model information, hardware types, utilization met-
rics, and network topology that prior public traces do not
expose together. As shown in Table 1, the ASI trace sur-
passes prior studies by up to two orders of magnitude in both
job volume and cluster size, while spanning a far more het-
erogeneous GPU fleet. These fields connect the workload
characterization in §3.1 to the later analyses of fragmentation

Trace ASI Acme [16] PAI [51] Helios [15]
Year 2025 2023 2020 2020
Duration 6 months 6 months 2 months 6 months
#Jobs 14M 1.09M 1.26M 3.36M
Job priorities High, Low - - -

Job types
Training, Dev.,
On-Infer., Off-Infer.

Training, Dev,
Evaluation - -

Model types LLM, DM, DNN, Rec LLM DNN DNN

GPU
Models2

H20, H800, A10, A30
A100, A800, L20
XPU-A, XPU-B
XPU-C, XPU-D, XPU-E

A100
T4, P100
V100

1080Ti,
V100

#GPUs 155410 4704 6742 6416
#GPU nodes 37707 588 1814 802

Table 1: Comparison between the ASI trace and public GPU
cluster traces in prior analysis works. Dev.: development; On-
Infer.: online inference; Off-Infer.: offline inference.

(§4.1), priority-based resource harvesting (§4.2), and hard-
ware/topology heterogeneity (§5).

3 Workload Characterization

This section characterizes the ASI workload. We first give
an overview of the trace—the units of work it records, along
with job types, priorities, models, and hardware—and then
analyze the temporal and spatial patterns of resource demand
and usage.

3.1 Trace Overview

Trace information. The ASI trace records a mix of training,
inference, and development jobs running diverse ML models
across mainstream frameworks [10,24,45,64]. For each job, it
details resource requests, execution durations, scheduling de-
lays, and utilization of GPUs, CPUs, GPU memory, and main
memory at job, task, and instance granularity. We further en-
rich the trace with user-provided application metadata, such as
job and model types, and with machine-level telemetry—GPU
specifications, node capacities, and time-varying utilization—
collected by daemon agents that periodically query the Linux
kernel and GPU drivers (e.g., NVML [35]).

Jobs, tasks, and instances. Similar to prior studies [16, 51],
users submit jobs as the primary unit of work. Each job con-
sists of one or more tasks that perform distinct computational
roles, and each task runs as one or more instances, each en-
capsulated in a Kubernetes pod (one or more co-scheduled
containers). We manage these pods with a customized Ku-
bernetes that lets users specify fine-grained resource requests
and limits [21, 22].

Job types. Jobs in ASI span the entire lifecycle of ML model
development and deployment, and fall into four broad types:

2We use XPU as a desensitized name for non-NVIDIA GPUs.
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• Dev jobs are typically interactive, ad-hoc sessions used for
model prototyping and debugging via coding interfaces.

• Training jobs execute iterative optimization algorithms to
update model parameters. The duration of these jobs varies
from thousands of hours when training from scratch to
much shorter periods for fine-tuning tasks.

• Offline-inference jobs perform batch model inference
tasks, such as model evaluation and data generation [50].
These jobs are generally not latency-sensitive.

• Online-inference jobs support user-facing or latency-
critical model serving applications.
Fig. 2-Left illustrates the distribution of these job types

within our cluster. Online-inference constitutes the largest
proportion, accounting for over 50% of the workload.

Job priorities. We allow users to specify job priorities, en-
abling the scheduler to differentiate between workloads. In
our trace, we coarsely classify jobs into high-priority (HP)
jobs and low-priority (LP) spot jobs for desensitization pur-
poses. HP resources command higher prices but provide guar-
anteed availability without preemption. Conversely, LP jobs
are cheaper but may be preempted by HP jobs.

As shown in Fig. 2-Right, Online-inference and Train-
ing jobs are predominantly HP: Online-inference requires
high availability for latency-critical services, while training
needs long, stable allocations to support iterative optimization.
Offline-inference jobs, by contrast, are typically LP, since they
are latency-insensitive and well-suited to lower-priority exe-
cution that maximizes economic efficiency. Notably, Dev jobs
are almost exclusively HP: developers need stable environ-
ments and must avoid sudden termination so that intermediate
state can be checkpointed.

Various models are deployed. Models executing in ASI
can be broadly classified into five categories: GenAI (gener-
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Figure 4: Left: Distribution of GPUs. Right: Job priority
distribution in terms of the GPU hours they run.

ative AI, including text, image, and video generation), Rec
(recommendation models, such as CTR prediction [66]), CV
(computer vision models, e.g., OCR), Embedding models, and
Dev (models under development). We observe several popu-
lar model families, including Qwen [57, 58], TBStars [1, 7],
WanX [48], DeepSeek [12], and BERT [5].

Fig. 3-Left shows the model type distribution within each
job type. GenAI workloads dominate both Training (71%)
and Offline-inference (98%), reflecting heavy demand for
large-scale training, model evaluation, and data generation.
Online-inference, by contrast, is primarily Rec models (63%),
matching the low-latency demands of user-facing services.

Fig. 3-Right breaks down workloads across GPU types.
Older or mid-tier GPUs such as the A10 and L20 mostly
run classical DNN models, including recommendation and
CV models, whereas newer high-end accelerators such as
the H800 are dedicated almost entirely to GenAI. This pro-
nounced specialization suggests that users deliberately match
hardware capability to workload requirements to control cost.

Various GPU types to choose from. We offer a heteroge-
neous set of GPUs (Table 1) and let users request a specific
GPU type for their tasks. Strikingly, over 99% of jobs explic-
itly pin a required GPU model, in sharp contrast to the 6%
reported by an earlier study [51].

Fig. 4-Left shows the distribution of GPU types in our
inventory, which spans hardware from NVIDIA and other
vendors. Fig. 4-Right then shows how HP and LP jobs adopt
these types, revealing that job priority correlates with an ac-
celerator’s compute capability. Earlier-generation or mid-tier
accelerators such as the A10 (83% HP) and L20 (85% HP)
are dominated by HP production-critical workloads, partly
because they mainly serve mature traditional DNN models
that have anchored our businesses for years (see Fig. 3-Right).

Conversely, LP jobs favor newer, more powerful hardware
such as the H800, since most of them run GenAI models
(Fig. 3-Left), and offline-inference, being latency-insensitive,
is cost-effective to run at low priority. Finally, the vast major-
ity of jobs request homogeneous GPUs; fewer than 1% use
heterogeneous GPUs.

3.2 Temporal Pattern
Diurnal request and utilization patterns. GPU demand
in ASI follows strong diurnal cycles. Fig. 5-Top shows the
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volume of GPUs requested over a representative week: both
Training and Online-inference jobs request substantially more
GPUs during the day than late at night.

GPU SM utilization, however, tells a more nuanced story
(Fig. 5-Bottom). Online-inference utilization stays diurnal
because it tracks immediate user demand, whereas Training
utilization does not, since long-running iterations keep GPUs
busy around the clock. Offline-inference instead exhibits a
weekly cycle, with SM utilization dropping sharply over the
weekend.

GPU adoption. GPU adoption in ASI has shifted as we
diversified our hardware supply. NVIDIA GPUs have been
deployed for years and see relatively stable demand. To ease
supply-chain constraints and build a more sustainable infras-
tructure, we recently began sourcing GPUs from other ven-
dors; these non-NVIDIA devices, which we call XPUs, now
make up a significant portion of our fleet (see Fig. 4-Left).
Users were initially reluctant to adopt XPU-A because its
out-of-the-box performance fell short of their expectations.
Starting around Day 120, however, XPU-A adoption rises
sharply (Fig. 6), following our release of a dedicated opti-
mization suite that markedly improves model performance on
XPU-A (§5.1).

Task instance run-time. Fig. 7 shows the CDF of task exe-
cution time, grouped by job type and by model type. Dev tasks
run the longest, since developers keep long-lived interactive
coding sessions open. Excluding Dev, Online-inference and
Training tasks have comparable execution times, both longer
than Offline-inference tasks. By model type, Rec and CV
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Figure 8: Jobs’ #GPU and #CPU requested in different traces.

models accordingly run the longest, as they are dominated by
Online-inference workloads, whereas GenAI models, which
dominate Offline-inference, run shorter than CV and Rec
models.

Overall, the median job execution time in ASI is 5 hours—
far longer than the 23 minutes in PAI [51] and the 2 minutes
in Acme [16]. We attribute this to ASI’s mix of long-running
online serving and large-scale training: PAI covers only DNN
jobs, while Acme is dominated by short-running evaluation
jobs (93%). Scheduling latency, in contrast, is low: the median
is just 1 second, and even the P90 for HP tasks is 101 seconds—
negligible against their P90 execution time of 24 hours.

3.3 Spatial Pattern
We now turn to spatial patterns—how tasks request and use
resources across the cluster. ASI samples telemetry for every
running task at 20-second intervals.

GPU and CPU request. Jobs in ASI request markedly
more GPUs per job than in older traces. Fig. 8 compares the
distribution of requested GPUs and CPUs against PAI [51]
and Acme [16] using boxplots; for ASI, we report both the
full dataset (ASI) and the GenAI-only subset (ASI(GenAI)).
The median and mean GPU request grow from 1 and 2.6 in
PAI to 2 and 11.0 in ASI, and to 4 and 11.0 in ASI(GenAI),
driven in part by GenAI models that PAI predates. Acme,
which targets LLM training, has a median and mean of 1 and
5.0; its low values arise because short-running evaluation jobs
dominate its job count yet consume few resources [16], which
also explains the outliers in the CPU plot. CPU requests show
a similar PAI-to-ASI trend.

GPU allocation. We measure the GPU allocation ratio—
the fraction of total GPU capacity claimed by jobs—which
reflects how effectively resources are claimed and directly
affects revenue. We further differentiate the allocation ratio
attributed to HP jobs from that of combined HP and LP jobs
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(HP+LP) to illustrate the effectiveness of LP workloads in
boosting utilization. As Fig. 9 shows, LP jobs raise the allo-
cation ratio for all GPU types, and especially for high-end
GPUs: the cluster average rises from 68% with HP jobs alone
to 93% with HP and LP combined. We detail how we enable
LP spot jobs in §4.2.

Rare GPU sharing. GPU sharing lets multiple jobs that
request fractional GPUs (< 1.0) multiplex a single device,
and prior systems treat it as a key efficiency lever [51–53]. In
ASI, however, GPU sharing is now rarely used, for reasons
we discuss in §4.2. Fig. 10-Left reports both the share of tasks
that claim fractional GPUs and the share of total GPUs they
request; compared with PAI, both are negligible in ASI.

CPU/GPU ratio. Although ML workloads train and run
inference on GPUs, much of their data processing—fetching
and sampling, for example—runs on CPUs, which can be-
come a bottleneck [51]. Fig. 10-Right shows the ratio of
requested CPUs to requested GPUs per task, the CPU/GPU
ratio. Most tasks have moderate ratios, but some are extreme,
because ASI’s GPU servers span a wide range of CPU/GPU
configurations: an 8-GPU H20 server may have 192 CPU
cores, whereas a 1-GPU A10 server may have 128. To keep
requests feasible, we cap each request’s CPU/GPU ratio ac-
cording to its target server type.

Resource utilization. Fig. 11 shows task-level resource uti-
lization by job type. Dev tasks have the lowest utilization
across all metrics, reflecting their ad-hoc nature, while Train-
ing tasks have the highest, reflecting their compute inten-
sity. Online-inference and Offline-inference use host mem-
ory similarly but differ sharply in CPU and GPU SM uti-
lization, because Online-inference is driven by interactive
user requests whereas offline-inference runs as batch jobs.
Online-inference also uses less GPU memory than offline-
inference, as it mainly runs standard DNN models while
offline-inference predominantly runs GenAI models.
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We next examine node-level network utilization (receive
and transmit bandwidth). Because tasks of different job types
can share a node, we group nodes by the mix of tasks they
host and show the six most common mixes. As Fig. 12 shows,
nodes running only training tasks have the highest network
utilization, since most ASI training uses GenAI models that
rely on parallelism and thus heavy inter-node communication.

3.4 Case Study
We close the characterization with three case studies of online
LLM serving in ASI.

PD-disaggregated LLM serving. Adoption of prefill-
decode (PD) disaggregation [14, 39, 65] for LLM serving has
surged in ASI: the daily average GPU count for these work-
loads grew 3.7× over the trace period, from 1,041 to 3,841.
Yet, contrary to strategies that pair heterogeneous GPUs with
the distinct compute profiles of prefill and decode [65], our
users request homogeneous GPUs, citing deployment com-
plexity and network degradation when spanning heteroge-
neous GPU types (see §5.2).

Smaller LLMs are favored. Among one month of online-
inference tasks running Qwen-family LLMs [57, 58], smaller
models dominate usage. Grouped by parameter count, the
0–30B, 30–100B, and 100B+ tiers consume 60.9%, 35.0%,
and 4.1% of GPU hours, respectively. Users favor smaller
models because they cost less and, after fine-tuning, perform
well enough in their target domains.

Comparison between representative LLMs and DNNs.
We compare the three most popular models in online-



inference tasks: BERT [5], Qwen [57, 58], and CTR predic-
tion [66]. CTR, BERT, and Qwen request a median of 24, 8,
and 4 CPU cores, respectively—consistent with prior reports
that recommendation models are more CPU-heavy [51, 59].
As for GPU compute, Qwen’s median GPU SM utilization of
26% is 2.7× that of CTR and 9.6× that of BERT.

4 Improving Resource Utilization

In this section, we describe two resource-management chal-
lenges observed in the ASI cluster, GPU fragmentation and
resource underutilization, and present the production mecha-
nisms we deploy to address them.

4.1 Tackling GPU Fragmentation

GPU fragmentation breaks idle GPU resources into pieces
that cannot be allocated as a whole to satisfy a resource re-
quest [43, 52], shrinking the effective capacity of the cluster.
We first diagnose the causes of fragmentation in ASI and then
present two mechanisms that address its dominant causes: IPC
defragmentation, which consolidates jobs to recover stranded
GPUs and relieve CPU bottlenecks, and topology-aware allo-
cation, which mitigates the fragmentation induced by network-
topology requirements.

Causes of GPU fragmentation. Prior work [52] identifies
three common causes of GPU fragmentation:

1) Fractional GPU fragmentation. ML models in produc-
tion can be small. For example, a ResNet-152 model only has
60 million parameters, which cannot occupy a whole GPU.
Therefore, we allow users to request a fractional GPU, e.g.,
0.25 GPU, such that multiple small ML models can collo-
cate in a single GPU for resource-efficient GPU sharing [51].
Despite the benefits, fractional GPU can cause intra-GPU
fragmentation, as fractional allocations can leave unusable
residual capacity on individual GPUs, especially preventing
the placement of jobs that require whole GPU cards.

2) Stranded GPU fragmentation. For multi-GPU nodes,
GPU fragmentation can appear when a job does not request all
GPUs in the node, making the remaining GPU cards stranded.
For example, assigning a 2-GPU task to an 8-GPU node re-
sults in intra-node fragmentation, leaving the remaining six
GPUs as stranded resources that cannot satisfy a subsequent
request for a full-node (8-GPU) allocation.

3) Insufficient CPUs. While GenAI models heavily use
GPUs, we observe CPUs can be the bottleneck for GPU alloca-
tion. This happens when a node can satisfy the GPU requests
but fails to meet associated CPU requests, typically due to ex-
treme CPU/GPU ratios (see Fig. 10-Right). Exhausting CPUs
in a node can cause GPU fragmentation.

In ASI, fragmentation is rarely caused by fractional GPUs
but is instead driven by two bottlenecks: stranded GPUs and
insufficient CPUs. Fig. 13 diagnoses this by measuring frag-
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Figure 13: GPU fragmentation with varying resource requests.
8G128C: request 8 GPUs and 128 CPUs.

mentation, in unallocatable idle GPUs, under varying resource
request configurations. That fractional GPUs barely contribute
echoes Fig. 10-Left, where GPU sharing is rare. For requests
with high CPU/GPU ratios (e.g., 1G8C and 8G128C), the
dominant bottleneck is “Insufficient CPU”: GPUs cannot be
allocated because CPUs are exhausted. For mid-sized con-
figurations (e.g., 4G32C through 8G64C), “Stranded GPUs”
(orange bars) dominate: aggregate GPU capacity exists but is
fragmented across nodes, preventing the scheduling of jobs
that require contiguous multi-GPU allocations.

Beyond these three known causes, we observe a new cause
of GPU fragmentation when users submit a multi-GPU re-
quest with network-topology requirements.

4) Network topology. Very large ML models, such as LLMs,
often demand aggregate GPU memory exceeding that of a
single GPU server, so the standard practice is to partition the
model into chunks distributed across multiple GPU nodes [34].
Both training and inference of such models entail intensive
cross-node communication. To reduce this communication
bottleneck, users often request topology-aware placement;
for example, requiring all allocated GPUs to reside under the
same ASW. As described in §2, the ASI fat-tree network
is not fully non-blocking, so a job placed across multiple
ASWs traverses additional switch layers and loses effective
bandwidth; our benchmark shows that colocating all GPUs
under a single ASW improves allreduce bandwidth by 27%
relative to cross-ASW placement.

However, strictly enforcing such topology requirements in-
troduces a new form of fragmentation: GPUs scattered across
different switches become ineligible for a single job, substan-
tially shrinking the effective pool of available resources. To
illustrate its severity within ASI, we constructed two large-
scale configurations—jobs requesting 128 and 256 GPUs,
respectively, each GPU requiring 12 CPUs—and measured
how many such requests ASI could fulfill. Fig. 14 reports the
impact of these ASW constraints on allocation.

The comparison between the baseline (across ASW) and
the ASW-enforced configuration (within ASW) shows that
enforcing ASW constraints significantly reduces the number
of fulfillable jobs. This reduction is particularly severe when
requesting large sets of homogeneous NVIDIA GPUs, where
capacity drops to near zero, indicating that strict topological
requirements disproportionately impact these high-demand
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resources. Conversely, for less popular XPU-A, the impact
is less pronounced. Furthermore, when heterogeneous GPU
allocations are permitted, the cluster retains higher capacity
for large-scale requests. Therefore, promoting the use of less
popular GPUs alongside heterogeneous GPUs can effectively
alleviate the bottlenecks caused by topology requirements.

GPU defragmentation. To recover stranded GPUs and re-
lieve CPU bottlenecks, ASI runs GPU defragmentation as
a routine maintenance task that consolidates jobs occupying
only a fraction of a server, freeing whole-machine GPU capac-
ity for incoming workloads that demand both multiple GPUs
and substantial CPUs.

Challenges. Such consolidation is achieved by migrating
running jobs to pack them onto fewer servers, yet performing
these migrations in a live production cluster raises three chal-
lenges. First, new jobs can be submitted to the cluster at any
time, which dynamically alters resource availability and allo-
cation. As a result, the decision-making of GPU job migration
must be fast, ensuring that migration and scheduling decisions
can be completed within a few minutes, which poses a chal-
lenge given the large scale of our cluster. Second, migrating
workloads across nodes must satisfy practical cluster-level
constraints [28], including adhering to existing affinity and
anti-affinity rules [20], which define if tasks can run on a
certain node or if a set of tasks can be colocated. Besides,
40% of tasks in ASI are labeled as “locked”, indicating that
they are business critical and cannot be moved. Third, GPU
job migration and defragmentation must remain transparent
to users. This means we cannot impose constraints on the
underlying machine learning frameworks used by the jobs,
nor can these operations introduce any service downtime [29].

IPC Algorithm. We design and deploy IPC (iterative parti-
tioned consolidation), a practical defragmentation algorithm
that takes a snapshot of the current node and task states and
generates a set of task migration decisions whose objective
is to vacate as many nodes as possible. Each of the three
challenges above maps to a design choice in IPC: divide-and-
conquer keeps decision-making fast at cluster scale, ejection-
chain scheduling respects affinity, anti-affinity, and locked-
task constraints during migration, and an iterative process
drives the number of vacated nodes higher across rounds.
To keep migration transparent to users, IPC adopts a make-
before-break approach: it brings up a new instance on the
target node before terminating the old one, eliminating ser-
vice downtime.

1) Divide-and-conquer. To generate migration decisions

Job-1
Node 0

Job-2

Job-3

Node 1 Node 2
Job-6

Node 3

Node 0 Node 1 Node 2 Node 3

Before
defrag.

After
defrag. Vacated

Job-4 Job-5
Job-7

Job-6

Job-7
Job-5

Job-3
Job-4

Job-2

Job-1

Figure 15: Illustration of the ejection chain in IPC. To evacu-
ate Node 0, Job-1 must first be migrated off the node. Before
defragmentation, none of Nodes 1–3 individually has suffi-
cient GPU slots to host Job-1, even though they collectively
provide three idle GPU slots. With an ejection chain: Job-3 is
moved from Node 1 to Node 2, which first requires shifting
Job-7 to Node 3; Job-1 is then moved from Node 0 to Node
1, vacating Node 0 after defragmentation. CPUs are omitted
for clarity.

quickly, IPC randomly partitions the cluster’s nodes into dis-
joint groups, each an independent subproblem within which
IPC tries to vacate as many nodes as possible. These subprob-
lems run embarrassingly in parallel, accelerating decision-
making at cluster scale.

2) Ejection chain scheduling. Within each group, IPC
scores every node by priority and heuristics, e.g., the num-
ber of pods it hosts, and selects higher-priority (fewer-pod)
nodes first as they are easier to vacate; Algorithm 1 gives
the pseudocode for a partition. As illustrated in Fig. 15, IPC
builds an ejection chain recursively (Eject(·) at line 6): if a
destination node cannot accommodate a task, it recursively
moves tasks off that destination node until all pods are placed
or the recursion-depth limit K (line 6) is reached. In practice,
we set K to 3.

Algorithm 1: Ejection Chain Scheduling
Input: Node partition N , Max depth K
Output: Set of migration actions M

1 M ← /0; L ← Sort(N ) // sort nodes in the partition
2

3 foreach n ∈ L do
4 Mn← /0; feasible← true
5 foreach τ ∈ n.tasks do

// Eject() recursively searches a feasible
ejection chain C that satisfies the
practical constraints and resource
requests and is shorter than K

6 C← Eject(τ,K)
7 if C ̸= /0 then
8 Mn←Mn ∪C
9 else

10 feasible← false; break

11 if feasible then
12 M ←M ∪Mn
13 else
14 Mark n as non-migratable

15 return M



3) Iteration. To vacate as many nodes as possible, the IPC
algorithm iteratively runs the process of divide-and-conquer
and ejection chain scheduling for several rounds, attempting
to vacate nodes in each round. We empirically observe that
the marginal benefit becomes small after the third round, so
we cap the maximum number of rounds at five.

Effectiveness of IPC. IPC has run stably in our scheduler
for years, making a migration decision in under 2 minutes; on
a two-month trace replay, it reduces the number of not-fully-
occupied nodes by 20.2%. It replaced our earlier reliance on
Kubernetes [21] eviction, which redistributes evicted jobs ran-
domly across the cluster. We use a heuristic rather than an
optimal plan because optimal defragmentation is impractical
online: the optimization is expensive to solve, and an optimal
plan may demand large-scale pod migrations that production
cannot absorb. Formulating defragmentation as an integer
linear program (ILP), a 25-node cluster yields 4,000 binary
variables and 800 constraints that Gurobi [13] solves to op-
timality in roughly 5 minutes on a 16-CPU node, whereas a
100-node cluster takes two days—yet in practice each IPC
partition holds 500 nodes.

Topology-aware GPU allocation. To address the topology-
induced fragmentation of Fig. 14, ASI deploys an allocation
policy that consolidates the GPUs of a large-scale request
into as few ASWs as possible. We describe the deployed
single-job policy here; its optimal multi-job generalization
remains an open challenge (§5), so we report no aggregate
benefit number for it. We introduce entropy to quantify the
distribution of the allocated GPUs of a job. Suppose that the
GPUs requested by a job are distributed across n ASWs. Let
g1,g2, . . . ,gn denote the number of GPUs in each ASW, and
let G denote the total number of GPUs (G = ∑

n
i=1 gi). The

GPU entropy of the job is defined as

H =−
n

∑
i=1

pi log pi, where pi =
gi

G
, (1)

where higher entropy indicates a more uniform distribution,
whereas lower entropy indicates concentration within a small
number of ASWs. Our allocation policy seeks to consolidate
the GPUs assigned to the job within as few ASWs as possible;
accordingly, lower entropy is preferred.

The process of generating a GPU allocation plan for a
large-scale job is shown in Algorithm 2. For each iteration,
we decide which ASW to use by iterating over all ASWs, and
for each ASW, we calculate the GPU-topology distribution if
we allocate as many of its GPUs to the job as possible. Then
we select one that yields the minimum entropy, allocate that
ASW’s idle GPUs to the job, and proceed to the next iteration.

This greedy algorithm is optimal for a single job, but not
across multiple jobs, where the scheduling order matters and
the problem becomes combinatorial. In practice, we sort jobs
by size in descending order and schedule the largest first;
cross-ASW migration reuses IPC, with network topology
added as a practical constraint. We leave large-scale topology-

Algorithm 2: Topology-aware GPU allocation
Input: Number of requested GPUs G; available ASWs N
Output: Allocation Plan P

1 P ← /0; Grem← G
2 while Grem > 0 and N ̸= /0 do

// Find ASW s that minimizes entropy if added
3 s∗←

argmins∈N Entropy(P ∪{min(Cap(s),Grem) GPUs of s})
4 n←min(Cap(s∗),Grem)
5 P ← P ∪{(s∗,n)}; Grem← Grem−n
6 N ←N \{s∗}
7 end
8 return P

aware allocation as an open challenge in §5.

4.2 Addressing Resource Underutilization
Our characterization reveals substantial temporal and spatial
resource underutilization in the cluster (Fig. 5 and Fig. 11).
Discussions with our users trace this primarily to a common
practice: users over-provision GPU capacity to absorb diur-
nal traffic peaks, maintain failover redundancy, and reserve
headroom for peak events. Such defensive reservation leaves
a sizable fraction of resources idle for long periods, degrading
cluster-wide efficiency.

GPU sharing as a strawman solution. A natural way to
reclaim underutilized resources is GPU sharing: co-locating
multiple jobs on one GPU so they time-multiplex it and
fill idle cycles [51, 52, 55]. Although ASI supports GPU
sharing, adoption remains low (Fig. 10-Left), for two rea-
sons. First, GPUs offer weaker isolation than CPUs, so co-
located jobs interfere; even virtualization mechanisms such as
MPS (Multi-Process Service) [37] and MIG (Multi-Instance
GPU) [36] provide only coarse-grained, inflexible partition-
ing. Second, emerging GenAI models consume large amounts
of GPU memory for parameters and intermediate state (e.g.,
KV-Cache) [24], making it infeasible to share a single GPU
across jobs. Consequently, in ASI fractional GPU requests
come almost exclusively from classical CV and recommenda-
tion models, which reserve GPUs with MPS enabled to serve
small models. GPU sharing therefore reclaims idle capacity
only within a single device; to reclaim the much larger pool
of reserved-but-idle capacity across jobs, we instead operate
at job granularity through SpotGPU.

SpotGPU. SpotGPU is designed to achieve two objectives.
First, it reclaims reserved-but-idle GPU capacity and returns
it to productive use, raising cluster-level utilization. Second,
it offers this reclaimed capacity, together with other idle re-
sources, to users with flexible workloads at a discounted spot
rate. Concretely, SpotGPU safely oversubscribes the reserved
capacity of HP jobs and allocates the resulting idle capacity
to LP spot jobs. Because resources granted to LP jobs are not
guaranteed, they are priced lower; when HP jobs reclaim their
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Figure 16: Temporal pattern of GPU hours of “Standby” tasks
and the over-subscription ratio of the “Standby” GPU hours.

reserved resources, SpotGPU preempts the running LP jobs
in near real-time.

“Standby” HP tasks. To reclaim reserved capacity from HP
jobs without disrupting them, SpotGPU offers a “Standby”
mechanism and incentivizes participation with financial re-
bates. Through an API, a user labels an HP task as “Standby”
for a chosen window, e.g., by updating the labels of its Kuber-
netes pods [23], signaling willingness to temporarily release
the task’s allocated resources to LP spot jobs. Fig. 16 shows
that “Standby” GPU hours follow a pronounced diurnal pat-
tern, surging at midnight to as much as 10,000 hours.

A Standby task must reactivate quickly, so SpotGPU does
not tear down its container. Instead, it detaches the task’s
request traffic and replaces the container’s main service pro-
cess with a sleep command, releasing the CPUs and GPUs
while keeping the container warm; reactivation then skips the
costly steps of rescheduling and image pulls. When an HP
task must resume, SpotGPU first triggers a graceful eviction
of the co-located spot job and then signals the HP task to
resume, preserving HP SLOs. The eviction proceeds as fol-
lows: (i) the node agent observes the HP pod arriving on its
node, (ii) it sends SIGTERM to the co-located spot pod, (iii) the
in-container graceful shutdown runs, executing user-defined
logic, bounded by a 60-second termination period, and (iv)
the container exits and the GPU is reclaimed. Steps (i), (ii),
and (iv) are platform-side and complete quickly and determin-
istically, so eviction latency is dominated by the user-defined
step (iii). In our deployment, the average eviction time is
13 seconds (P95 of 48 seconds), well within the 60-second
window; containers that do not exit within this window are
forcibly terminated via SIGKILL, affecting fewer than 5% of
evictions. To resume the HP task, SpotGPU restores its origi-
nal command in place of the sleep. As shown in Fig. 16, on
average, 90% of “Standby” GPU hours are harvested.

Preemptive task scheduling. For newly submitted jobs,
ASI uses a preemptive scheduling policy that prefers non-
preemptive allocation for stability but, when it must reclaim
resources from LP spot jobs, accounts for the resulting pre-
emption cost. Since GPU tasks commonly checkpoint during
execution [31, 46], a preempted task can resume from its last
checkpoint rather than restart. ASI lets users specify a check-
point interval, and we define the preemption cost of a task as
its wasted computation, i.e., the work performed since its last

successful checkpoint.
We formulate the preemptive scheduling decision as a

mixed-integer linear program (MILP), detailed in Appendix A.
Because the MILP is intractable for online scheduling, we
instead use an efficient heuristic. The algorithm first attempts
non-preemptive allocation for an HP task on available GPUs.
If this fails, it switches to preemptive mode and evicts se-
lected LP spot tasks to reclaim their resources for the HP
task. New spot tasks, in contrast, are scheduled strictly non-
preemptively.

1) Non-preemptive scheduling. For an HP or spot task,
the scheduler first filters nodes that meet the task’s GPU re-
quirements to form a candidate set. It then ranks the node
candidates by three criteria applied in order, each breaking
ties left by the previous one:

• Task packing: prioritize nodes with the least idle GPU
capacity, packing tasks onto fewer nodes to limit frag-
mentation.

• Homogeneous co-location: place HP tasks on nodes
hosting other HP tasks, and assign spot tasks to spot-
dedicated nodes. This strategy insulates and prioritizes
HP tasks, allowing for efficient future scheduling via
preempting spot tasks when necessary.

• Eviction history: assign a new spot task to the node with
the lowest historical eviction count so it is less likely to
be preempted, and a new HP task to the node with the
highest eviction count. This strategy concentrates future
preemptions on already-volatile nodes and leaves stable
nodes for long-running spot tasks, reducing repeated
evictions of the same spot tasks.

2) Preemptive scheduling. When a new HP task cannot be
placed non-preemptively, the scheduler preempts spot tasks.
Because preemption disrupts a spot task’s progress, the sched-
uler chooses victims so as to minimize wasted computation:
it identifies the nodes that could host the HP task if their spot
tasks were removed, scores each by its preemption cost, and
selects the node with the lowest cost.

Concretely, consider an HP task arriving at time τnow
that requires Ghp GPUs. For a running spot task t using
Gt GPUs with its last checkpoint at τck, we define its pre-
emption cost as the lost work weighted by resource usage,
Ct = Gt · (τnow− τck). To score a node, the scheduler sorts its
spot tasks by ascending preemption cost and takes the small-
est prefix {t1, . . . , tk} such that their combined resources meet
the HP task’s demand, i.e., ∑

k
j=1 Gt j ≥ Ghp. The node’s total

preemption cost is hence given by ∑
k
j=1 Ct j . Having all nodes

scored, the scheduler then places the HP task on the one with
the minimum preemption cost and evicts the selected spot
tasks there. For heterogeneous GPUs, Ghp and Gt become
resource vectors whose elements give the required quantity
of each GPU type.



#GPUs
per node

Memory
per card

HBM
BW (TBps)

Inter–GPU
BW (GBps)

FP16 Tensor Core
Compute Spec.

H20 8 96 4.0 900 148 TFLOPS
XPU-A 8 192 5.2 896 203 TFLOPS

Table 2: Hardware specifications of H20 and XPU-A.

Benefits of SpotGPU. SpotGPU raises the average GPU
allocation ratio from 68% to 93% (Fig. 9), meaning a substan-
tially larger fraction of resources is put to productive use, and
Fig. 16 shows that users actively release reserved capacity
through “Standby”, shortening idle periods. To isolate the
preemptive scheduler’s contribution, we compare it against a
baseline that disables co-location and eviction awareness in
non-preemptive scheduling and replaces preemptive schedul-
ing with random victim selection. Our scheduler reduces LP
task completion time by 24% without affecting HP task per-
formance, a gain that stems from accounting for preemption
cost to avoid discarding spot tasks’ near-complete work.

5 Open Challenges

The mechanisms in §4 address resource-management prob-
lems that we have largely brought under control in production.
We now turn to problems that remain open. We first examine
the imbalanced adoption of heterogeneous GPUs, an increas-
ingly pressing issue as we diversify beyond a single vendor,
together with our preliminary efforts to close the resulting
performance gap (§5.1). We then discuss three further chal-
lenges in allocation and colocation that we have yet to fully
resolve (§5.2).

5.1 Imbalanced Adoption of Heterogeneous
GPUs

The adoption gap. Meeting the growing demand for high-
end GPUs while avoiding the risks of single-vendor depen-
dency has led us to diversify our hardware. We recently
integrated XPU-A from another vendor as a primary alter-
native, attracted by its large memory capacity and compet-
itive compute. Adoption, however, is heavily skewed: we
observe an imbalanced adoption of heterogeneous GPUs, in
which HP jobs request NVIDIA GPUs and other XPUs far
more than XPU-A (Fig. 9). Closing this gap would do more
than load balancing. Because most XPU-As can satisfy strict
network-topology requirements that NVIDIA GPUs often
cannot (Fig. 14), broader XPU-A adoption would also relieve
the topology-induced fragmentation of §4.1.

This imbalance stems from performance, not capacity. On
paper, XPU-A surpasses the NVIDIA H20, its closest coun-
terpart in FP16 compute, offering larger memory and higher
bandwidth (Table 2). In practice, however, it underdelivers
on GenAI models: Fig. 17-Left shows XPU-A trailing H20
when serving DeepSeek-R1. Profiling and discussions with
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Figure 17: Left: Throughput of Deepseek-R1 [12]. Right:
Optimized prefill. CE: Compute Engine. CU: Compute Unit.

the XPU team trace this to a single root cause—standard ker-
nel implementations are mismatched to XPU-A’s hardware-
specific features—which motivates the optimizations below.

Optimizing XPU-A for LLMs. Guided by this diag-
nosis, we have benchmarked and optimized XPU-A for
Qwen-family LLMs on vLLM [24] and RTP-LLM [10], a
production-grade inference engine developed by Alibaba. For
brevity, we describe two representative optimizations, one for
the prefill phase and one for decoding.

Prefill. In the prefill phase, the Flash Attention kernel in
XPU-A’s official library distributes work poorly under the
causal mask, the mechanism that lets each token attend only to
preceding tokens. The mask imposes a triangular computation
in which per-token load grows linearly with a token’s position
in the sequence (Fig. 17-Right). The existing kernel maps
thread blocks to the logical grid along the sequence-length
dimension and dispatches them to Compute Engines (CEs)
of XPU-A in rigid round-robin order, causing severe load
imbalance: the CE handling the tail of the sequence becomes
a bottleneck while the others finish early and idle. We instead
parallelize CE assignment along the attention-head dimension,
which evens out the load across CEs. Simple as it is, this
change yields a 1.58× speedup in prefill computation for a
4k-token sequence with 64 heads.

Decoding. During decoding, most serving engines use
Paged Attention (PA) kernels [24], which are memory-bound
because decoding each token requires reading the entire KV-
cache history from GPU memory. To saturate Compute Units
(CUs) of an XPU, PA adopts a SplitKV strategy that parti-
tions the KV-cache into chunks processed in parallel across
CUs. When we port PA to XPU-A with Triton [38], however,
the compiler inverts the thread-block layout, so every thread
subgroup redundantly recomputes the full matrix instead of
dividing the work, wasting most of the compute. We fix this
by injecting custom compiler passes into Triton that enforce
the correct parallelism, and have contributed the fix back to
the Triton ecosystem.

Effectiveness. We have integrated these and further opti-
mizations into RTP-LLM [10], with two effects. First, user
demand for XPU-A has risen sharply: HP jobs request 2.5×
more XPU-A GPUs after the optimizations (Fig. 6). Second,
the optimizations close the performance gap: on Qwen LLMs
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1 # Original FlashAttention import
2 import flash_attn
3

4 # Replace it with our drop -in optimized implementation
5 import asi.api.flash_attn as flash_attn

Figure 19: An example of integrating our optimizations.

of varying sizes [57,58], optimized XPU-A matches H20 and
far outperforms the unoptimized baseline (Fig. 18). Bench-
marking the same suite on vLLM [24, 44], optimized XPU-A
improves request latency by 33% and 43% at one and two
requests per second (RPS) over unoptimized XPU-A, surpass-
ing H20 by 2% and 21%; the larger margin at RPS=2 comes
from XPU-A’s larger memory, which holds a bigger KV-cache
and reduces queuing delay.

Programming interface. To make these optimizations easy
to adopt, we expose them through drop-in APIs. In PyTorch,
a user enables an optimization by changing a single import
(Fig. 19); the frontend API preserves compatibility with exist-
ing code, and the API layer handles all remaining adaptation
transparently.

Beyond LLMs. Our broader goal is to deliver high-
performance services across heterogeneous GPUs, so that
balanced GPU usage improves resource management and
widens the range of viable hardware choices. The optimiza-
tions above target LLMs; substantial challenges remain for
multimodal models, e.g., Qwen Next [42], and generative im-
age/video models, whose distinct architectures and attention
mechanisms demand separate hardware-specific tuning [30].

5.2 Additional Resource-Management Chal-
lenges

Topology-aware allocation under heterogeneity. In §4.1,
we showed how network-topology constraints limit GPU al-
location; these constraints also collide with hardware het-
erogeneity. In ASI, GPUs under the same ASW are homo-
geneous, so enforcing ASW-level locality precludes mixing
heterogeneous GPUs within a single job—precisely when
heterogeneity is becoming a key GenAI optimization [39].
The PD-disaggregation paradigm, for instance, is now widely
used in LLM serving and accounts for up to 12,000 GPUs

per day in ASI: prefill is compute-bound and favors high-
performance GPUs, whereas decoding is memory-bound and
needs high bandwidth [65]. Such heterogeneous matching
is more cost-effective, but it places the KV-cache transfer
between disaggregated nodes on the critical path—decoding
cannot begin until the KV cache arrives—making network
performance the bottleneck. Cost-efficiency therefore hinges
on balancing hardware specialization against topology con-
straints, a tension that extends beyond LLM serving to any
system built on heterogeneous GPUs [8, 18, 33, 49, 61].

Underutilization of online-inference jobs. Online-
inference jobs dominate ASI yet run highly inefficiently:
aggregated across all such jobs, median SM utilization is
only 6% and median GPU-memory utilization only 30%.
This low overall utilization masks two distinct workload
patterns. GenAI inference is memory-bound, consuming 94%
of GPU memory but only 5% of SM, so it exhausts memory
while leaving compute idle. Conventional DNN inference, in
contrast, is light on both resources, using just 20% of memory
and 6% of SM. The two patterns are complementary: a DNN
job needs little memory and could run on the compute that a
memory-bound GenAI job leaves idle, raising SM utilization
without contending for memory. Realizing this colocation
in practice, however, is difficult. GPU sharing falls short
under latency-sensitive online inference and lacks large-scale
support [56]; hardware partitioning such as MIG [36] is too
static for dynamic workloads; and GPU time-sharing violates
strict latency SLOs because of weak isolation [51, 53].

Interference between colocated CPU and GPU jobs. Like
Acme [16], ASI nodes show low CPU utilization (me-
dian 31%). We mitigate this by colocating pure-CPU jobs
with GPU workloads, which makes 80% of nodes CPU-job-
dominant, i.e., their CPU-job core usage exceeds that of GPU
jobs. This colocation, however, interferes with GPU train-
ing: median and P90 SM utilization fall by 10% and 18%
on CPU-job-dominant nodes relative to GPU-job-dominant
ones, showing that our naive colocation is suboptimal. Prior
approaches that exploit idle CPUs on GPU nodes [4,27] target
specific model architectures (e.g., LoRA adapters) and require
high-end CPUs, limiting their applications. Closing this gap
calls for a multi-resource scheduler that jointly accounts for
GPUs and associated resources such as CPUs, together with
new isolation techniques to contain interference.

6 Limitations and Related Work

We close by clarifying the scope of the ASI trace and situ-
ating it among prior workload-characterization studies. Our
goal is not to cover every AI cluster workload, but to expose
the resource-management issues that arise in a large shared
production cluster with heterogeneous workloads, priorities,
accelerators, and topology constraints.

Limitations. The ASI trace does not cover large-scale



foundation-model pretraining, which typically runs on dedi-
cated clusters with the most advanced GPUs. It also does not
distinguish fine-grained subcategories within each job type;
for example, training jobs may include both supervised fine-
tuning and LoRA fine-tuning, but the trace does not separate
them. Finally, although we collect utilization data across CPU,
memory, network, and GPU resources, space constraints lead
us to focus mainly on GPU workloads and leave CPU-only
jobs to future analysis.

Related work. Workload characterization has long informed
cluster management, but existing public traces capture only
part of the setting faced by modern production AI clusters.
Table 1 compares ASI with the closest public GPU-cluster
traces, Acme [16] and PAI [51]. Other recent studies focus on
narrower slices of the AI infrastructure stack: ServeGen [54]
provides granular request-level data for LLM serving, while
ByteRobust and Megascale [19, 47] study stability issues in
foundation-model training on tens of thousands of NVIDIA
GPUs. In contrast, ASI exposes a shared production infras-
tructure that combines heterogeneous workloads, priorities,
GPU types, and topology constraints in one cluster. Earlier
DNN workload studies [3,11,15,17,32,55,63] remain useful
references, but their reliance on older GPU generations makes
them less representative of today’s GPU cluster management
problems.

7 Conclusion

We have characterized six months of production workloads in
ASI, a shared AI cluster with 155,410 GPUs and 81 internal
departments. The trace showed that modern AI clusters must
manage heterogeneity in both workloads and hardware: classi-
cal DNN services, GenAI training, and GenAI serving coexist
on GPU fleets spanning multiple generations and vendors.
Our key lesson was that high GPU demand did not imply
high effective utilization. Idle GPUs often remained unusable
because capacity was stranded across nodes, blocked by CPU
shortages, constrained by network locality, or reserved as pro-
duction headroom. We also showed how these observations
shaped production mechanisms. The remaining challenges
point beyond simple packing: heterogeneous accelerators re-
quired software optimization before users adopted them, on-
line inference left substantial compute idle, and CPU/GPU
colocation recovered CPU cycles but interfered with GPU
training. By releasing the sanitized ASI trace, we hope to sup-
port future work on GPU cluster management under coupled
workload, hardware, topology, and priority heterogeneity.
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A MILP Formulation

Here, we present the MILP formulation of the preemptive
scheduling problem described in §4.2.

Consider a set of tasks T = {τ1,τ2, · · · ,τ|T |} submitted
to a cluster of M nodes G = {n1,n2, · · · ,nM}, where each
node n j possesses S j GPUs. Each task is defined as a tuple
τi = ⟨wi,gi,ζi,ψi, ιi⟩, requesting wi pods with gi GPUs each.
The task type is denoted by ζi ∈ {0,1} (representing LP/spot
and HP, respectively), and the task includes D checkpoint
milestones ψi = {ci,1, · · · ,ci,D}.

Additionally, let ιi = {⟨ts
i,1, t

e
i,1, fi,1⟩, · · · ,⟨ts

i,Ei
, te

i,Ei
, fi,Ei⟩}

represent the set of Ei runtime logs for task τi. Each log cor-
responds to the k-th execution run, starting at ts

i,k, ending at
te
i,k, and achieving the fi,k-th checkpoint. The scheduler aims
to optimize the following dual objectives, formulated as a
mixed-integer linear programming problem over a discrete
time horizon t ∈ {1, . . . ,T}:

min
∑
|T |
i=1 ∑

M
j=1 ∑

T
t=1 xi, j,t(Ei−1)

∑
|T |
i=1 ∑

M
j=1 ∑

T
t=1 xi, j,tEi

(2a)

−α ·
∑
|T |
i=1 ∑

M
j=1 ∑

T
t=1 xi, j,twigici, fi,Ei

∑
M
j=1 S jT

s.t.
|T |

∑
i=1

xi, j,tgi ≤ S j, ∀ j, t (2b)

M

∑
j=1

xi, j,t = wi, ∀i,k,∀t ∈ [ts
i,k, t

e
i,k) (2c)

(Ei−1)ζi = 0, ∀i (2d)
M

∑
j=1

xi, j,te
i,k
= 0, ∀i,k (2e)

ci, fi,k − ci, fi,k−1 ≤ te
i,k− ts

i,k < ci, fi,k+1− ci, fi,k−1 , ∀i,k
(2f)

xi, j,t ∈ Z≥0, ∀i, j, t (2g)
where xi, j,t is a decision variable representing the number

of pods assigned to task τi on node n j at time t, and α is
a weighting factor. Constraint (2b) enforces physical GPU
limits per node. Constraint (2c) ensures gang-scheduling re-
quirements during each active run. Constraints (2d) and (2e)
enforce strict priority, restricting evictions and interruptions
to spot tasks only. Constraint (2f) correlates task duration
with completed checkpoints; by convention we set fi,0 ≜ 0
and ci,0 ≜ 0 so that the constraint is well-defined for k = 1.
Finally, Constraint (2g) restricts the decision variables to non-
negative integers.
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