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Abstract
Offline scheduling of virtual machines (VMs) in large-scale

cloud clusters faces three core challenges: uniformly mod-

eling heterogeneous business objectives, efficiently solving

NP-hard problems at industrial scale, and producing fea-

sible migration paths rather than merely computing tar-

get placements. This paper presents PAMOS (Path-Aware

Multi-objective Offline Scheduling), an offline scheduling

system built around a unified modeling framework that ab-

stracts diverse constraints and objectives into a single addi-

tive cost minimization problem through several composable

cost forms. A domain-specific language (DSL) enables non-

expert users to define rules in fewer than ten lines of code.

At the solving level, a heuristic algorithm combining active

and passive migration mechanisms directly produces feasi-

ble migration-path sequences. SVD-accelerated Tag-based

Cost computation and a level-cache mechanism meet the

minute-scale planning-time service-level objective (SLO).

Evaluation on 631 production problems shows that, after

path construction, three placement-based baselines realize

only 14.7–20.3% of PAMOS’s optimization effectiveness and

retain only 10.3–13.6% of their proposed migrations. At the

scale where exact comparison is feasible, PAMOS achieves

97.0% of the path-aware mixed-integer programming (MIP)

solver’s optimum with four orders of magnitude speedup.

PAMOS has run stably at Alibaba Cloud for over eight years,
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processing thousands of tasks daily, achieving substantial

cost reductions and stability improvements.
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1 Introduction
Cloud providers manage hyperscale heterogeneous comput-

ing clusters and sell virtualized slices of physical machine

(PM) resources as virtual machines (VMs). VM scheduling—

the process of placing VMs onto suitable PMs—is one of the

central problems in cloud resource management. The sched-

uling process must optimize multiple business objectives

such as defragmentation, load balancing, and user disper-

sion while satisfying hard constraints including resource

capacity limits and stability isolation requirements.

Online scheduling systems prioritize response speed over

global optimality [17, 25, 41], and over time the resulting sub-

optimal placements accumulate into what we term placement
debt—fragmented resources, load hotspots, and dispersion

violations (detailed in Section 2). Offline scheduling uses live

migration to adjust VM positions in bulk, serving as the pri-

mary mechanism for repairing placement debt and enabling

cloud providers to reduce failure risk, improve utilization,
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and achieve significant cost savings. These benefits com-

pound at cloud scale: for example, in a domain of thousands

of PMs, a one-percentage-point gain in packing density can

free dozens of PMs and yield millions of dollars in annual

savings.

However, building a production-grade offline scheduling

system presents three core challenges.

The first challenge is unified multi-objective modeling.

Offline scheduling must serve dozens of heterogeneous busi-

ness requirements spanning PM-level attributes, VM-level

attributes, VM–PM relationships, and VM–VM relationships,

while also accommodating the topological complexity in-

troduced by non-uniform memory access (NUMA) architec-

tures [27]. These requirements are often proposed indepen-

dently by different teams and may conflict with or duplicate

one another. The system must therefore provide a unified

modeling mechanism that incorporates all requirements into

a single optimization frameworkwhile remaining sufficiently

easy to use.

The second challenge is efficient solving at industrial scale.

As a variant of the multi-dimensional bin packing problem,

the scheduling problem is NP-hard. In the production envi-

ronment of Alibaba Cloud, a scheduling task may involve

tens of thousands of PMs and hundreds of thousands of VMs.

As online VM placement changes continuously, an exces-

sively long planning horizon renders the result stale, and

hence the system operates under a minute-scale planning-

time service-level objective (SLO), meaning that solving

should complete on the order of minutes. This constraint

rules out the direct use of mixed-integer programming (MIP)

solvers.

The third challenge is feasible migration-path planning.

Live migration carries stability risks, thus VMs must be

migrated individually obeying stability constraints. Conse-

quently, the final output of offline scheduling is not merely

a target VM placement but a feasible migration sequence

with a well-defined temporal-topological ordering. This di-

mension is largely overlooked by existing work, most of

which solves only for a final placement without considering

whether a feasible path to that placement exists. Section 2.3

gives concrete examples of how legal target placements can

be unreachable.

Existing work addresses the above challenges to varying

degrees. Exact-solver approaches [38] offer strong model-

ing expressiveness but face scalability challenges and ignore

migration-path feasibility. Heuristic solvers [36, 44] offer

efficiency advantages but are typically designed for single

objectives. Rebalancer [26] provides the most comprehen-

sive framework at Meta’s scale but relies on Box-centric

local search that does not consider the migration-related

constraints. A detailed comparison is provided in Section 8.

This paper proposes PAMOS, a large-scale offline schedul-

ing system whose central thesis is that end-to-end migration-
path generation—directly producing feasible migration se-

quences rather than computing target placements and con-

structing paths post hoc—is better suited to offline scheduling

under production migration constraints. On 631 production

problems, the three two-stage baselines realize only 14.7–

20.3% of PAMOS’s optimization effectiveness after path con-

struction (Section 6.3), while PAMOS achieves 97.0% of the

path-aware MIP solver’s optimum at the scale where exact

comparison is feasible, with four orders of magnitude faster

solving time. The main contributions are:

1. A unified multi-objective modeling framework that

abstracts heterogeneous business objectives into five

composable cost forms with full NUMA support. A

domain-specific language (DSL) allows non-expert

users to define rules in fewer than ten lines of code. A

rule management platform provides unified lifecycle

management of modeling rules and scheduling tasks

in a multi-team production environment.

2. A migration-path-oriented heuristic solver combin-

ing active/passive migration mechanisms to directly

produce feasible migration paths. Several acceleration

mechanisms enable industrial-scale solving within a

minute-scale SLO.

3. Extensive production validation over eight years on

Alibaba Cloud’s hyperscale clusters, and extensive ex-

perimental results on both simulation and production

environments demonstrating substantial cost reduc-

tions and stability improvements.

2 Background and Motivation
2.1 The Offline Scheduling Problem
Cloud providers place VMs onto suitable PMs through VM

scheduling. VM scheduling must conform to a set of busi-

ness rules: rules that must be strictly satisfied are called con-
straints (e.g., resource capacity limits), while rules that are

desired but not mandatory are called objectives (e.g., reducing
fragmented resources). Scheduling is therefore a combinato-

rial optimization problem that optimizes multiple objectives

subject to a set of constraints.

VM scheduling proceeds in two phases. The first phase

is online scheduling: when a VM is initially created, the

mainstream industry approach adopts a Filter–Scorer archi-

tecture that excludes non-compliant PMs via filtering rules

and then assigns a composite score to candidate PMs via

heuristic scorers [17, 25, 41], trading optimality for decision

speed. The second phase is offline scheduling (also known as

rescheduling): over time, the accumulated sub-optimality of

online decisions, the staggered release of VMs with different

lifecycles, and PM (de)commissioning operations collectively

degrade the cluster status, producing fragmented resources,

load imbalances, and dispersion violations—referred to as
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Figure 1. Illustration of three representative scenarios.

placement debt. Offline scheduling leverages live migration

to adjust VM positions across PMs in bulk without disrupting

VM operation, pursuing a globally optimal cluster state.

Unlike online scheduling, offline scheduling has a global

cluster view and no millisecond-level deadline, so it can use

more sophisticated algorithms over a broader action space—

but it faces a more complex mix of constraints and objec-

tives (e.g., consolidation, dispersion, (anti-)affinity) while still

producing a feasible live-migration sequence that satisfies

stability requirements.

2.2 Representative Business Scenarios
To illustrate the relational complexity and objective diver-

sity inherent in offline scheduling, Figure 1 presents three

representative business scenarios.

Dispersion. To limit the blast radius of failures, cloud

providers require that the number of VMs belonging to the

same user on a single PM does not exceed a dispersion thresh-
old. Due to sub-optimal online placements or temporal con-

figuration changes, some PMs may violate this threshold and

require repair through offline scheduling.

Affinity and anti-affinity. Several scenarios need affin-

ity or anti-affinity: co-locating same-lifecycle VMs to reduce

future fragmentation [3, 29, 43], dispersing high-load VMs to

avoid hotspots, and co-locating VMs and PMs with matching

resource ratios to reduce flavor mismatch. These VM–VM

and VM–PM relationships are hard to express through a

single optimization objective. We use lifecycle affinity as the

representative affinity scenario hereafter.

Consolidation. Fragmented resources reduce cluster uti-

lization and can be reclaimed by consolidating VMs onto

fewer PMs, freeing PMs for large-flavor VMs or maintenance

operations. The core of this scenario is resource recombi-

nation from a global perspective. Because a PM yields its

benefit only after every VM on it has successfully moved

off, consolidation is particularly sensitive to migration-path

feasibility (Section 2.3).

These scenarios demonstrate that offline scheduling in-

volves multiple heterogeneous relationships among VMs and
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Figure 2.Three examples of infeasiblemigration paths under

a legal target placement.

PMs, and that the optimization objectives of different sce-

narios are diverse. A unified modeling framework is there-

fore needed to incorporate all requirements into a single

optimization system for integrated planning. We report pro-

duction results for these scenarios (Section 6.5), each sum-

marized by one higher-is-better business metric: consoli-
dation by packing density 𝜌 =

∑
𝑖∈I CPU𝑖/

∑
𝑏∈B𝑜𝑐𝑐 CPU𝑏

over the occupied PMs B𝑜𝑐𝑐 ; dispersion by the compliance

rate 𝛾 = |{𝑖 ∈ I : compliant(𝑖)}|/|I|, the fraction of VMs

whose per-PM co-tenant count meets the dispersion thresh-

old; and lifecycle affinity by lifecycle clustering density 𝜌𝑙𝑐 =∑
𝑖∈I𝑙𝑜𝑛𝑔 CPU𝑖/

∑
𝑏∈B𝑙𝑜𝑛𝑔 CPU𝑏 over long-lived VMsI𝑙𝑜𝑛𝑔 and

their hosts B𝑙𝑜𝑛𝑔.

2.3 Why Migration-Path Feasibility Matters
Offline scheduling must respect three kinds of rules while it

moves VMs. First, live migration copies a VM’s state to the

destination before releasing the source [7], so the destination

must have room for the VM while the VM still occupies its

source. Second, production stability rules allow each VM

to migrate at most once per scheduling task, cap the total

number of migrations, and mark some VMs as immovable.

Third, placement constraints (e.g., resource capacity, mutual

exclusion) must hold in every intermediate state. Section 4.2

defines these rules formally.

The prevailing approach to rescheduling first computes

a target placement and then realizes it by migrating VMs

one at a time, a step called path construction; this separation
implicitly assumes that a legal target is reachable. However,

Figure 2 shows three ways this assumption fails. Each row

pairs an initial placement (left) with a legal target placement

(right); arrows are the migrations that path construction

would need, numbered in their intended order.

Migration deadlock. In the first row, VMs A and B must

swap PMs. Both placements are legal, but each migration (①
and ②) needs its destination free before releasing its source,

thus neither can start. Such deadlocks grow more frequent

as packing tightens, which is exactly consolidation’s goal.

Relaying is forbidden. In the second row, a spare PM

seems to break the deadlock by moving A to it (①), releasing
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the space temporarily for B. But the relay moves A twice (①
and ③), which the one-move-per-VM stability rule forbids,

as consecutive migrations cause jitter.

Failures snowball. In the third row, the target requires

three VMs to move. If B fails to move (①), it retains the capac-

ity needed by C (③), so C also fails. Such dependencies allow

one blocked migration to propagate through the remaining

path.

Implications for solver design. Accounting for feasi-

ble paths is difficult in both exact and heuristic methods. A

static placement model decides only where each VM ends

up, requiring𝑂 ( |I| |B|) assignment variables. A path-aware

formulation additionally represents migration order and

source–destination pairs, expanding a time-indexed formula-

tion to 𝑂 ( |I|2 |B|2); this exact formulation quickly becomes

intractable (Section 6.2). Conversely, post-hoc path construc-

tion must preserve a target chosen without regard to reach-

ability and can only discard infeasible moves; Section 6.3

shows that most planned migrations are then lost. Path fea-

sibility therefore cannot be deferred to post-processing: mi-

grations and their order must be generated jointly. Section 5

presents the resulting PAMOS design.

3 System Overview
PAMOS adopts a three-stage pipeline (Figure 3): modeling,

solving, and evaluation.

Modeling. Users write rules in a concise DSL and manage

them on a versioned rule-management platform. When a

task is initiated, the system selects the required rule com-

bination and compiles it into an abstract syntax tree (AST).

A data engine then loads scheduling metadata from various

online sources and combines it with the AST to produce a

standardized problem file (Section 4).

Solving. A task scheduler runs multiple solvers in par-

allel. The default is the heuristic migration-path solver of

this paper (Section 5), optionally in several configurations

tuned to different problem structures specified by the user; a

standardized I/O interface also lets users with special needs

develop and plug in custom solvers, whose migration paths

are evaluated uniformly.

Evaluation. All candidate solutions are collected and un-

dergo unified evaluation: (1) feasibility verification: a con-

straint check to verify the path satisfies all constraints; non-

compliant solutions are immediately discarded; (2) effective-

ness evaluation: the system computes the total objective

decrease along the path to judge solution quality and pick

the best; and (3) metric computation: a simulated migration

is performed to report business-metric changes (e.g., packing

density, compliance rate), enabling users to intuitively assess

scheduling effectiveness, since the abstract objective change

alone cannot accurately reflect real impact. Once the results

meet expectations, the chosen plan is then dispatched for

execution.

4 Modeling Framework
This section describes the modeling framework of PAMOS.

4.1 Object Abstraction
PAMOS abstracts the offline scheduling problem as a multi-

dimensional bin packing problem with topological struc-

ture. PMs are abstracted as Boxes with multi-dimensional

resource capacities, and VMs are abstracted as Items with

multi-dimensional resource demands.

Modern cloud servers widely adopt NUMA architec-

tures [27], where a PM has multiple NUMA nodes and

different resources are shared at different levels. PAMOS

captures this with a two-level resource model: each Box has

overall resources shared at the whole-PM level (e.g., network

bandwidth, storage I/O) and node resources managed per

NUMA node (e.g., CPU, memory). Formally, a Box is a tu-

ple ⟨𝑖𝑑, 𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙 , 𝑅𝑛𝑜𝑑𝑒 ,N⟩, where 𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙 and 𝑅𝑛𝑜𝑑𝑒 are the
two-level resource vectors and N its NUMA node sequence.

Correspondingly, each Item has both overall and node

resource consumption attributes. In addition, each Item car-

ries the number of NUMA nodes it requires 𝑛𝑛𝑜𝑑𝑒 , a Boolean

𝑚𝑖𝑔𝑟𝑎𝑡𝑎𝑏𝑙𝑒 indicating whether live migration is permitted,

and its current placement information; formally, an Item is a

tuple ⟨𝑖𝑑, 𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙 , 𝑅𝑛𝑜𝑑𝑒 , 𝑛𝑛𝑜𝑑𝑒 ,migratable, box𝑐𝑢𝑟 , nodes𝑐𝑢𝑟 ⟩.

4.2 Constraint System
PAMOS defines four classes of hard constraints. The solver

never introduces new violations and preserves every con-

straint already satisfied in the initial state; legacy violations

already present in that state (e.g., historically erroneous

placements) are penalized and repaired when possible.

Resource-dimension constraints. ensure that resource
usage at every level does not exceed its capacity. These con-

straints operate for each Box and each node:

∀𝑏 ∈ B :

∑︁
𝑖∈𝐼𝑏

𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙𝑖 ≤ 𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙
𝑏

∀𝑏 ∈ B,∀𝑛 ∈ N𝑏 :

∑︁
𝑖∈𝐼𝑏,𝑛

𝑅𝑛𝑜𝑑𝑒𝑖 ≤ 𝑅𝑛𝑜𝑑𝑒
𝑏

Mutual-exclusion constraints. Item–Box mutual exclu-

sion prohibits certain Items from being placed on Boxes with

which they have an exclusion relationship. Item–Itemmutual

exclusion prohibits two Items with an exclusion relationship

from coexisting on the same Box.

Migration-control constraints. impose strict limits on

live migration for stability: each Item migrates at most once

per task (avoiding jitter from consecutive migrations), the

total migration count must not exceed a preset bound 𝐾
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Figure 3. System architecture of PAMOS, consisting of modeling, solving, and evaluation stages.

to prevent system instability from large-scale concurrent

migrations, and non-migratable Items never move.

Legal-placement constraints. require that every Item be

placed on exactly one Box and exactly 𝑛𝑛𝑜𝑑𝑒 NUMA nodes

satisfying its topology requirement.

4.3 Cost-Based Multi-Objective Modeling
PAMOS unifies heterogeneous business objectives into a sin-

gle additive cost minimization. The key principle is compos-

ability: each requirement is expressed as one of five standard-

ized cost forms, and the system optimizes their sum. To make

the cost semantics intuitive, values use a force analogy—

positive cost encourages separation (repulsion) while nega-

tive cost encourages co-location (attraction)—so non-experts

define rules by reasoning about “forces” rather than abstract

objective formulas. The decomposable structure also enables

incremental evaluation during path search: when an Item

migrates, only the local costs involving it and the affected

Boxes are recomputed (Section 5.5). PAMOS defines five cost

forms, uniformly called Cost.

Use Box Cost. assigns a usage cost to each Box. This Cost

is added whenever a Box contains any Item, enabling objec-

tives such as minimizing the number of active PMs.

Item Box Cost. assigns a placement cost to every Item–

Box pair. This Cost is added when a particular Item is placed

on a particular Box, modeling VM–PM relationships.

Item Item Cost. assigns a coexistence cost to every pair

of Items. This Cost is added when two particular Items co-

locate on the same Box, modeling VM–VM relationships.

Migration Cost. assigns a migration cost to each Item,

representing the stability risk of live migration, thus restrict-

ing the number of migrations.

Constraint Violation Cost. assigns costs to legacy viola-

tions already present in the initial state, turning their repair

into an objective without permitting new violations. Differ-

ent types of constraint violations are assigned different Cost

values based on their severity.

Based on the above definitions, the offline scheduling ob-

jective is uniformly formulated as:

min

𝜋

∑︁
𝑏∈B

𝐶𝑢𝑠𝑒 (𝑏) · 1[𝐼𝑏 ≠ ∅] +
∑︁
𝑖∈I

∑︁
𝑏∈B

𝐶𝑖𝑏 (𝑖, 𝑏) · 1[𝑖 ∈ 𝐼𝑏]

+
∑︁
𝑏∈B

∑︁
𝑖, 𝑗∈𝐼𝑏

𝐶𝑚𝑖𝑥 (𝑖, 𝑗) +
∑︁
𝑖∈M

𝐶𝑚𝑖𝑔 (𝑖) +𝐶𝑣𝑖𝑜 (𝜋)

where 𝜋 is a feasible migration path and M is the set of

migrated Items. Let E(S𝜋
𝑇
) denote the non-migration terms

above, including residual violation Cost; the total path ob-

jective is therefore E(S𝜋
𝑇
) +∑𝑖∈M 𝐶𝑚𝑖𝑔 (𝑖).

4.4 Modeling Language
To lower the modeling barrier, PAMOS provides a user-

friendly domain-specific language (DSL) with a primarily

declarative style: users specify a rule’s object type, condition,

and content, and most rules take fewer than ten lines. The

basic structure is:

to <target_type>
<action> when <condition> [named <name>]

end to

Here target_type is the object to which the rule applies

(item, box, or item&box pair), action is the specific opera-
tion (adding an attribute, defining a Cost, defining mutual

exclusion, declaring non-migratability, etc.), condition is

the trigger condition, and name is the rule name. Three ex-

amples illustrate the language.

Figure 4a shows the attribute definition. The code adds a

resource dimension named dispersion to both Items and

Boxes, meaning each PM hosts at most three VMs of that

user, enforcing the dispersion requirement.

Figure 4b shows the cost function definition. The first

case assigns an item_box_cost of −100 to VM–PM pairs

with matching resource ratios, drawing them together by an

attractive force to reduce fragmentation. The second case

assigns a positive item_item_cost proportional to CPU to

pairs of high-load VMs, pushing them apart by a repulsive

force to separate high-load VMs and achieve load balancing.

Figure 4c shows the mutual-exclusion definition. The first

case applies mutual exclusion between exclusive VMs and all
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(a) Attribute definition (b) Cost function (c)Mutual exclusion

Figure 4. Code snippet examples of the modeling DSL.

Table 1. Examples of frequently used rules.

Rule name Action type LOC Description

single_user_dispersion Add Attribute 10 Limit co-tenant VMs per PM

lifecycle_affinity Item–Item Cost 5 Co-locate same-lifecycle VMs

high_load_vm_dispersion Item–Item Cost 5 Separate high-load VMs

empty_particular_box Item–Box Excl. 5 Empty target PMs

resource_ratio_affinity Item–Box Cost 5 Match VM/PM resource ratios

flavor_machine_binding Item–Box Excl. 8 Restrict VM flavors per PM type

not_migrate_critical_vm Mig. Control 3 Prohibit migrating critical VMs

not_use_reserved_box Item–Box Excl. 4 Exclude reserved PMs

basic_use_box_cost Use Box Cost 3 Box usage cost (CPU+Mem)

basic_migrate_item_cost Mig. Cost 3 Migration cost (CPU+Mem)

other VMs, enforcing exclusive occupancy. The second case

aims to empty a specific PM by applying mutual exclusion

between that PM and all VMs.

For advanced scenarios, the language also supports condi-

tional branches (if/else), loops (for), function declarations,
and basic string and set operations, covering the modeling

needs of the vast majority of requirements. Table 1 shows fre-

quently used production rules, most of which require fewer

than ten lines of DSL code.

4.5 Rule Management and Compilation
In a multi-team production environment, unrestricted rule

definition easily causes logical conflicts or redundancies.

PAMOS therefore provides an online rule-management plat-

form for unified lifecycle management; it currentlymaintains

over 200 active rules from 10 independent teams.

Rule registration and management. Users submit DSL

rules to the platform for unified review and registration. The

platform maintains version history and supports canary re-

lease and rollback. When initiating a scheduling task, users

select rules from the repository by reusing existing ones or

creating new. A base rule set encapsulates the system’s fun-

damental constraints (region restrictions, VM migratability,

etc.) for easy reuse.

Rule compilation. Submitted rules are assembled into

one script and compiled: (1) syntax validation; (2) lexical

analysis; (3) recursive-descent parsing into an AST with

semantic checks; and (4) the artifact is cached as an inter-

mediate model in a model repository for reuse, achieving a

compile-once-run-anywhere paradigm.

Problem generation. A unified data engine then aggre-

gates scheduling metadata scattered across various data

sources, held in an in-memory database with continuous

incremental appending and periodic full copying to ensure

both freshness and accuracy, loading hundreds of millions of

records within seconds. The data is bound to problem objects

via object-relational mapping (ORM) and serialized into a

JSON-format problem file for downstream solvers.

4.6 Tag-Based Compressed Representation
Storing Cost values for every Item–Box and Item–Item pair

would require 𝑂 ( |I| × |B| + |I|2) space, which is prohib-

itive at scale. Because Cost values are assigned uniformly

to batches of objects satisfying the same rule conditions,

PAMOS instead annotates each object with Tags derived from

rule conditions and stores only a Tag-to-Tag relationship ma-

trix. The Cost between any two objects is computed as the

sum over their Tag pairs: 𝐶𝑜𝑠𝑡 (𝑥,𝑦) =∑
𝑖∈T (𝑥 )

∑
𝑗∈T (𝑦) 𝑀𝑖 𝑗 ,

where T (·) is the Tag set. Let 𝑡𝐼 and 𝑡𝐵 denote Item and

Box Tag counts. Storage reduces to 𝑂 (𝑡𝐼 × 𝑡𝐵 + 𝑡2𝐼 ) +𝑂 ( |I| ·
𝑡𝐼 + |B| · 𝑡𝐵). Because 𝑡𝐼 , 𝑡𝐵 ≪ |I|, |B|, this yields orders-of-
magnitude storage savings.

5 Solving Algorithm
This section describes the core solving algorithm of PAMOS,

starting with the intuition behind it. Unlike existing work,

the algorithm avoids committing to a target placement and

builds a path incrementally.Active migration appends a move

legal in the current state; when a destination is blocked,

Passive migration recursively evicts bystander VMs from

that destination rather than relay the blocked VM twice,

rolling back if any eviction fails. Every raw move is locally

legal, whereas Path Repair enforces the global one-move and

migration-budget constraints. The resulting feasible path is

𝜋 = ⟨𝑚1, . . . ,𝑚𝑇 ⟩, where𝑚𝑡 = (𝑖, 𝑏𝑠 , 𝑏𝑑 )migrates Item 𝑖 from

𝑏𝑠 to 𝑏𝑑 , which can be directly executed as live migrations

in production.

Problem restatement. Given the current cluster state

S0 = (I,B, 𝜙0), the goal is to find a feasible migration path

𝜋∗ = argmin𝜋∈Π E(S𝜋
𝑇
) +∑𝑇

𝑡=1𝐶𝑚𝑖𝑔 (𝑖𝑡 ) that minimizes the
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Algorithm 1 PAMOS Main Loop

Require: Cluster stateS0, migration budget𝐾 , search depth

𝑙 , early-stop ratio 𝛼

Ensure: Feasible migration path 𝜋

1: I𝑘𝑒𝑦 ← MultiWayRecall(S0) ⊲ Section 5.1

2: Sort I𝑘𝑒𝑦 by Φ(𝑖) descending ⊲ Section 5.1.2

3: 𝜋 ← ⟨⟩; 𝑓 𝑎𝑖𝑙𝑠 ← 0

4: for each 𝑖 ∈ I𝑘𝑒𝑦 do
5: if Migrate(𝑖,S, 𝜋, 𝑙) then 𝑓 𝑎𝑖𝑙𝑠 ← 0

6: else 𝑓 𝑎𝑖𝑙𝑠 ← 𝑓 𝑎𝑖𝑙𝑠 + 1
7: end if
8: if 𝑓 𝑎𝑖𝑙𝑠 ≥ ⌈𝛼 · |I𝑘𝑒𝑦 |⌉ then break
9: end if
10: end for
11: 𝜋 ← PathRepair(𝜋, 𝐾) ⊲ Section 5.4

12: return 𝜋

total Cost at the terminal state, where Π is the set of feasible

paths satisfying all hard constraints, E(S) is the total system
Cost at state S, and𝑇 = |𝜋 | is the number of migration steps.

Feasibility requires that no intermediate state introduces a

new hard-constraint violation or breaks a constraint satisfied

in S0, that 𝑇 ≤ 𝐾 , and that each Item migrates at most once.

This problem is NP-hard, and the feasible-path constraint

further increases the solving difficulty. This paper adopts

a heuristic approach with a three-phase pipeline of critical

Item identification, active/passive migration, and path re-

pair, supplemented by acceleration mechanisms for efficient

solving at industrial scale. Algorithm 1 shows the main loop.

5.1 Critical Item Identification and Priority Ordering
To efficiently identify the Items that contribute most to the

total Cost, the algorithm performs independent recall on six

dimensions—three constraint-violation dimensions and three

placement-dependent Cost dimensions—and thenmerges the

results to form a unified candidate set I𝑘𝑒𝑦 .

5.1.1 Multi-Way Recall Strategy. The critical Item iden-

tification for each dimension follows a unified principle: on

each Box, identify the Items that contribute the most to that

dimension of Cost. The recall channels are:

• Resource-constraint dim.: all Items on Boxes with re-

source violations, i.e.,I𝑟𝑒𝑠 =
⋃

𝑏∈B𝑣𝑖𝑜 {𝑖 ∈ 𝐼𝑏 | ∃𝑟 : 𝑅𝑟𝑖 >

0}.
• Item–Box mutual-exclusion dim.: Items placed on

Boxes with which they have a mutual-exclusion rela-

tionship.

• Item–Item mutual-exclusion dim.: Items on the same

Box that violate pairwise mutual-exclusion relation-

ships.

• Box usage cost dim.: all Items on Boxes with𝐶𝑢𝑠𝑒 (𝑏) >
0, supporting consolidation.

• Item–Box cost dim.: Items whose current 𝐶𝑖𝑏 is signif-

icantly higher than the minimum feasible 𝐶𝑖𝑏 .

• Item–Item cost dim.: Items whose accumulated 𝐶𝑚𝑖𝑥

on their current Box significantly exceeds the mini-

mum feasible level.

The final critical Item set is I𝑘𝑒𝑦 = I𝑟𝑒𝑠 ∪I𝑖𝑏 ∪I𝑖𝑖 ∪I𝑢𝑠𝑒 ∪
I𝑖𝑏-𝑐𝑜𝑠𝑡 ∪ I𝑚𝑖𝑥 .

5.1.2 Potential Score and Priority Ordering. After ob-
taining I𝑘𝑒𝑦 , a potential score Φ(𝑖) is computed for each

Item as a composite priority metric measuring the expected

per-unit-resource benefit of migration:

Φ(𝑖) = 1

𝑆𝑟𝑒𝑠 (𝑖)
(
Δ𝐶𝑖𝑏 (𝑖) + Δ𝐶𝑚𝑖𝑥 (𝑖)

+ Δ𝐶𝑟𝑒𝑠 (𝑖) + Δ𝐶𝑢𝑠𝑒 (𝑖) −𝐶𝑚𝑖𝑔 (𝑖)
)

(1)

where 𝑆𝑟𝑒𝑠 (𝑖) =
∑

𝑟 ∈R𝑡𝑖𝑔ℎ𝑡 𝑅
𝑟
𝑖 /
∑

𝑗∈I 𝑅
𝑟
𝑗 is the composite re-

source score over tight resource dimensions, 𝐶𝑚𝑖𝑔 (𝑖) the
migration cost, and each Δ𝐶 represents the marginal Cost

improvement from moving 𝑖 to its best feasible Box. Divid-

ing by 𝑆𝑟𝑒𝑠 (𝑖) follows a benefit-density principle—migrating

small, high-benefit Items first raises the success rate and

Cost reduction. All Items are sorted by descending Φ(𝑖).

5.2 Active Migration
For each Item 𝑖 in the priority sequence, the algorithm first

attempts active migration, which seeks to move 𝑖 directly

to a target Box with sufficient resources. The target Box is

selected through a Filter–Scorer strategy.

5.2.1 Filtering Stage. The candidate Box set B𝑐𝑎𝑛𝑑 (𝑖) is
constructed by applying three conditions: (1) no mutual ex-

clusion relationship exists (both Item–Box and Item–Item);

(2) Box-level resource capacity is sufficient; (3) at least one

NUMA node combination satisfying the topology and re-

source capacity requirement of the Item exists.

5.2.2 Scoring Stage. For each candidate Box 𝑏 ∈ B𝑐𝑎𝑛𝑑 (𝑖),
the algorithm computes a composite matching score:

𝑆𝑎𝑐𝑡𝑖𝑣𝑒 (𝑖, 𝑏) = 𝑆𝑐𝑜𝑠 (𝑖, 𝑏) + 𝑆𝑔𝑎𝑝 (𝑖, 𝑏) + 𝑆𝑐𝑜𝑠𝑡 (𝑖, 𝑏) (2)

where 𝑆 (𝑖, 𝑏) = (𝑆 (𝑖, 𝑏) − 𝜇𝑆 )/𝜎𝑆 is the z-score normalization

of sub-score 𝑆 over B𝑐𝑎𝑛𝑑 (𝑖) (𝜇𝑆 , 𝜎𝑆 being the mean and stan-

dard deviation), standardizing the sub-scores to a common

scale and removing tunable weight hyperparameters.

The three sub-scores capture complementary aspects of

placement quality. Resource-ratio matching 𝑆𝑐𝑜𝑠 measures

the cosine similarity of the Item and Box resource vectors,

reducing fragmentation. Resource gap 𝑆𝑔𝑎𝑝 = −∥a𝑏 − R𝑖 ∥2
measures tightness of fit. Cost decrease 𝑆𝑐𝑜𝑠𝑡 = E𝑖 (S) −
E𝑖 (S|𝜙 (𝑖 )→𝑏) estimates the Cost reduction.

For Boxes with NUMA architecture, the algorithm addi-

tionally computes a node-level score for each legal node

combination and selects the optimal one. The final score

combines the Box-level and NUMA-level scores. Item 𝑖 is
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Algorithm 2Migrate(𝑖,S, 𝜋, 𝑙)
Require: Item 𝑖 , current state S, migration path 𝜋 , remain-

ing depth 𝑙

Ensure: Whether migration succeeded (Boolean)

1: B𝑐𝑎𝑛𝑑 ← Filter(𝑖,S)
2: if B𝑐𝑎𝑛𝑑 ≠ ∅ then
3: 𝑏∗ ← argmax𝑏∈B𝑐𝑎𝑛𝑑 𝑆𝑎𝑐𝑡𝑖𝑣𝑒 (𝑖, 𝑏)
4: Execute migration (𝑖, 𝜙 (𝑖), 𝑏∗); update S; append to

𝜋

5: return true
6: end if
7: if 𝑙 > 0 then
8: return PassiveMigrate(𝑖,S, 𝜋, 𝑙)
9: end if
10: return false

migrated to the Box with the highest score. If no feasible

Box exists, the algorithm proceeds to passive migration. Al-

gorithm 2 summarizes this active-first control flow.

5.3 Passive Migration
When active migration fails and the remaining depth 𝑙 > 0,

the algorithm triggers passive migration, evicting Items from

a target Box to free space for the incoming Item—the multi-

step cascading mechanism that distinguishes it from simple

greedy strategies and lets it escape local optima.

5.3.1 Target Box Selection. The candidate set uses re-

laxed feasibility conditions: the Box’s maximum potential

resources (total Box resources minus the consumption of

non-migratable Items) must fit the incoming Item. Candi-

dates are scored with the same z-score normalization as

active migration:

𝑆𝑝𝑎𝑠𝑠𝑖𝑣𝑒 (𝑖, 𝑏) = 𝑆 ′𝑔𝑎𝑝 (𝑖, 𝑏) + 𝑆𝑐𝑜𝑠𝑡 (𝑖, 𝑏) + 𝑆𝑦𝑖𝑒𝑙𝑑 (𝑏) (3)

where each 𝑆 is z-score-normalized over B𝑝𝑎𝑠𝑠𝑖𝑣𝑒 (𝑖): 𝑆 ′𝑔𝑎𝑝 is

the resource gap (a smaller gap means fewer evictions are

needed), 𝑆𝑐𝑜𝑠𝑡 is the Cost-decrease benefit, and 𝑆𝑦𝑖𝑒𝑙𝑑 (𝑏) =
1

|𝐼𝑚𝑜𝑣
𝑏
|
∑

𝑗∈𝐼𝑚𝑜𝑣
𝑏

Φ( 𝑗) is the mean potential score of movable

Items on 𝑏, reflecting the expected incidental benefit of

eviction—Boxes whose movable Items themselves have high

migration value are preferred, as their eviction produces

beneficial side effects.

5.3.2 Yield Item Selection and Recursive Migration.
Once a target Box𝑏 is determined, a minimal yield set of yield

Items I𝑦𝑖𝑒𝑙𝑑 ⊆ 𝐼𝑚𝑜𝑣
𝑏

is then chosen by an expand–contract

strategy: In the expand phase, Items are added in order of

(𝑆𝑟𝑒𝑠 ( 𝑗),−Φ( 𝑗)) until space suffices. In the contract phase,

redundant ones are removed while maintaining sufficiency,

giving a locally minimal set.

Each yield Item is migrated recursively by a Migrate call

at depth 𝑙−1; if all succeed the original Item moves into the

freed space, otherwise the algorithm rolls back all evictions

Algorithm 3 PassiveMigrate(𝑖,S, 𝜋, 𝑙)
Require: Item 𝑖 , current state S, migration path 𝜋 , remain-

ing depth 𝑙

Ensure: Whether migration succeeded (Boolean)

1: B𝑝𝑎𝑠𝑠𝑖𝑣𝑒 ← FilterPassive(𝑖,S)
2: Sort B𝑝𝑎𝑠𝑠𝑖𝑣𝑒 by 𝑆𝑝𝑎𝑠𝑠𝑖𝑣𝑒 (𝑖, 𝑏) descending
3: for each 𝑏 ∈ B𝑝𝑎𝑠𝑠𝑖𝑣𝑒 do
4: I𝑦𝑖𝑒𝑙𝑑 ← ExpandContract(𝑖, 𝑏,S)
5: S𝑠𝑛𝑎𝑝 ← Snapshot(S), 𝜋𝑠𝑛𝑎𝑝 ← |𝜋 |
6: 𝑠𝑢𝑐𝑐𝑒𝑠𝑠 ← true
7: for each 𝑗 ∈ I𝑦𝑖𝑒𝑙𝑑 do
8: if ¬Migrate( 𝑗,S, 𝜋, 𝑙 − 1) then
9: 𝑠𝑢𝑐𝑐𝑒𝑠𝑠 ← false; break
10: end if
11: end for
12: if 𝑠𝑢𝑐𝑐𝑒𝑠𝑠 then
13: Execute (𝑖, 𝜙 (𝑖), 𝑏); update S; append to 𝜋

14: return true
15: else
16: Rollback(S,S𝑠𝑛𝑎𝑝 ); truncate 𝜋 to 𝜋𝑠𝑛𝑎𝑝
17: end if
18: end for
19: return false

and tries the next candidate Box, guaranteeing consistency.

Algorithm 3 formalizes the recursive eviction and rollback

procedure.

5.4 Path Repair
Although every raw move is legal in the state where it is gen-

erated, recursive passive migration may make 𝜋𝑟𝑎𝑤 violate

task-level constraints by moving an Item multiple times or

exceeding 𝐾 . Path Repair converts it into a globally feasible

final path 𝜋 .

Path merging. For each Item appearing multiple times,

its chain 𝑏0 → 𝑏1 → · · · → 𝑏𝑘 is merged into a single direct

migration 𝑏0 → 𝑏𝑘 . Cyclic dependencies (rare in practice,

<1% of cases) are detected via topological sorting and broken

by redirecting the lowest-cost Item in the cycle to a third-

party Box as its final destination, so that every Item still

migrates at most once.

Benefit verification and budget control. Merged migra-

tions are grouped by originating Cost dimension and sorted

by expected Cost decrease. Each group undergoes benefit

verification: groups with ΔE𝑔 ≤ 0 are reverted. The algo-

rithm maintains a running migration count and stops once

the upper bound 𝐾 is reached.

5.5 Algorithm Acceleration
To meet the minute-scale SLO, three complementary acceler-

ation mechanisms are proposed, operating at different levels:

early stopping reduces search width, vectorized computation
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Figure 5. Illustration of vectorized Cost computation: offline,

the Item–Tag matrix𝑀 is factorized by truncated SVD into 𝑑-

dimensional Tag embeddings (𝑄𝑇𝑎𝑔/𝐾𝑇𝑎𝑔 , schematic names);

online, the Tag embeddings are aggregated into Item and Box

embeddings, and each query reduces to two inner products

between the Item and Box embeddings.

accelerates Cost evaluations, and caching reduces redundant

search depth.

5.5.1 Early Stopping. Because critical Items are sorted by

decreasing Φ(𝑖), expected benefit diminishes toward the tail.

A counter tracks consecutive migration failures, resetting on

each success; when the count reaches ⌈𝛼 · |I𝑘𝑒𝑦 |⌉ (𝛼 ∈ (0, 1]
tunable), the search stops early. This approximate mecha-

nism trades a small amount of optimization effectiveness for

lower solving time, as quantified in Section 6.4.

5.5.2 SVD-Based Vectorized Cost Computation. Re-
peated Cost computation during Item placement can be

time-consuming. PAMOS reformulates Tag-based Cost as

matrix operations and applies truncated SVD to obtain 𝑑-

dimensional Item and Box embeddings. Each query then

becomes two 𝑑-dimensional inner products, and a migration

updates the placement-dependent embedding through two

𝑂 (𝑑) vector additions. As Table 2 shows, this reduces per-
query complexity from 𝑂 (𝑡𝐼 𝑡𝐵 + 𝑡2𝐼 ) to 𝑂 (𝑑) while avoiding
the quadratic storage of full precomputation. We use 𝑑=50;

more than 99% of production tasks have Tag matrices smaller

than this dimension, making the decomposition exact for

them. The complete derivation is as follows.

Let 𝑀 ∈ R𝑡𝐼 ×𝑡𝐼
be the Item-Tag relationship matrix, 𝑁 ∈

R𝑡𝐼 ×𝑡𝐵
the Item-Tag to Box-Tag matrix, 𝐵 ∈ {0, 1} | I |×𝑡𝐼 the

Item-to-Tag membership matrix,𝐷 ∈ {0, 1} | B |×𝑡𝐵 the Box-to-

Tag membership matrix, and𝐻 ∈ {0, 1} | B |× |I | the placement

Table 2. Comparison of the Per-query and Space complexity

of three Cost computation approaches.

Approach Per-query Space

Naive (per-Tag-pair) 𝑂 (𝑡𝐼 𝑡𝐵 + 𝑡2𝐼 ) 𝑂 (𝑡𝐼 𝑡𝐵 + 𝑡2𝐼 )
Full precomputation 𝑂 (1) 𝑂 ( |I| |B| + |I|2)
Proposed (SVD) 𝑂 (𝑑) 𝑂 (( |I|+|B|)𝑑)

matrix, where 𝑡𝐼 and 𝑡𝐵 are the numbers of Item and Box Tags

(Section 4). Materializing all Cost values yields the Item–Item

matrix 𝑃 ∈ R | I |× |I | and the Item–Box matrix 𝐶 ∈ R | I |× |B | ,
whose (𝑥,𝑦) entry is the total Cost of placing Item 𝑥 on Box

𝑦:

𝑃 = 𝐵𝑀𝐵𝑇 (4)

𝐶 = 𝐵𝑁𝐷𝑇 + 𝐵𝑀𝐵𝑇𝐻𝑇
(5)

Applying truncated SVD (𝑀 ≈ 𝑈𝑀Σ𝑀𝑉
𝑇
𝑀
, retaining the

top 𝑑 singular values), embedding matrices analogous to

Query–Key attention are defined:

𝑄𝐼 𝐼 = 𝐵𝑈𝑀Σ𝑀 , 𝐾𝐼 𝐼 = 𝐵𝑉𝑀 (6)

𝑄𝐼𝐵 = 𝐵𝑈𝑁 Σ𝑁 , 𝐾𝐼𝐵 = 𝐷𝑉𝑁 (7)

𝐾𝐼 𝐼𝐵 = 𝐻𝐾𝐼 𝐼 (8)

The Cost between Item 𝑥 and Box 𝑦 reduces to two 𝑑-

dimensional inner products:

𝐶𝑥𝑦 = ⟨𝑄 (𝑥 )
𝐼𝐵
, 𝐾
(𝑦)
𝐼𝐵
⟩ + ⟨𝑄 (𝑥 )

𝐼 𝐼
, 𝐾
(𝑦)
𝐼 𝐼𝐵
⟩ (9)

Static matrices are precomputed once in 𝑂 ( |I| 𝑡𝐼 𝑑 +
|B| 𝑡𝐵 𝑑) time. When Item 𝑥 migrates from Box 𝑦𝑠 to 𝑦𝑑 , only

𝐾𝐼 𝐼𝐵 requires updating: subtracting 𝐾
(𝑥 )
𝐼 𝐼

from 𝐾
(𝑦𝑠 )
𝐼 𝐼𝐵

and

adding it to 𝐾
(𝑦𝑑 )
𝐼 𝐼𝐵

, two𝑂 (𝑑) vector additions independent of
problem scale. Figure 5 illustrates the calculation procedure.

5.5.3 Level Cache Mechanism. The recursive search in

passive migration causes computation to grow exponen-

tially with depth: unrolling the recurrence yields 𝑇 (𝑙) =

𝑂 ( |I|𝑙 · |B| log |I |), which becomes unacceptable at 𝑙 ≥ 2

for industrial-scale problems.

The level cache records the minimum successful migration

depth 𝑙𝑚𝑖𝑛 (𝑖) for each Item.When a search at depth 𝑙 fails, the

cache is updated as 𝑙𝑚𝑖𝑛 (𝑖) ← 𝑙 + 1. In subsequent searches,

if the remaining depth 𝑙 ′ < 𝑙𝑚𝑖𝑛 (𝑖), Item 𝑖 is skipped without

executing an actual search.

Proposition 5.1 (Amortized complexity). With the level
cache, each Item is searched at most once at each depth level,
reducing the amortized complexity from 𝑂 ( |I|𝑙 · |B| log |I |)
to 𝑂 (𝑙 · |I | · |B| log |I |).

The cache assumes that a failure at one state remains infor-

mative after the state evolves. Although this need not always

hold, fewer than 5% of Items typically move in one run, ho-

mogeneous Items can substitute for an incorrectly skipped
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peer, and the small production depth (𝑙 ≤ 2) limits the af-

fected search branches. Experiments show that the cache

trades only 2.5% of Cost decrease for about 20× speedup

(Section 6.4).

6 Evaluation
This section validates the effectiveness of the solving algo-

rithm of PAMOS through multi-dimensional experiments.

The evaluation spans four levels: gap analysis relative to

MIP optimal solutions, comparison with heuristic baselines,

ablation and sensitivity analysis of key components, and

production deployment results.

6.1 Experimental Setup
Dataset. The benchmark consists of 631 real scheduling

problems from Alibaba Cloud’s public-cloud production en-

vironment, covering most scheduling domains and dozens

of rule combinations. Problem sizes range from 20 to 9,000

PMs and from 50 to 80,000 VMs (Figure 6). The workload

comprises third-party tenant VMs with heavily skewed life-

times (minutes to years, median about 1 hour) and flavors

spanning 1 to hundreds of vCPUs (median about 4) and 1 GB

to several TB of memory (median about 16 GB). Solving time

grows with problem scale: most problems finish within 100

seconds and all within 500 seconds, within the minute-scale

SLO.

Evaluationmetrics. Threemetrics are evaluated: (1) solv-

ing time (s), measuring algorithm efficiency; (2) Cost de-

crease, measuring optimization effectiveness; (3) migration

count, measuring stability risk and cost-decreasing efficiency.

Unless noted, Cost decrease and migration count are relative

to PAMOS (=100%); Table 3 instead uses Standard MIP’s

final-state Cost decrease as 100%. For two-stage methods

we report both the final-state Cost decrease and the path-
aware Cost decrease after path construction; for end-to-end

methods the two coincide.

Experimental environment. All experiments are exe-

cuted on servers equipped with Intel Xeon processors and

64 GB of memory. PAMOS uses its default configuration:

search depth 𝑙 = 1, early-stopping parameter 𝛼 = 3%, with

caching and vectorized acceleration enabled.

6.2 Comparison with MIP Optimal Solutions
This experiment quantifies the gap between the algorithm of

PAMOS and the theoretical optimum by comparing against

MIP models solved with MindOpt solver [31].

Two MIP baselines are established [42]. Standard MIP

solves for the final placement. It decides only where each VM

ends up, which yields the optimal final allocation without

considering migration-path feasibility. Path-aware MIP addi-

tionally represents migration order and source–destination

pairs, yielding a path-aware optimal solution. The variable

Figure 6. Dataset problem statistics. Each bubble represents

one problem, with axes showing PM and VM counts (log

scale) and bubble size encoding solving time.

Table 3. Comparison with MIP solutions. Cost decrease val-

ues are relative to the Standard MIP final-state cost decrease.

Timeout indicates the solver times out after 6 hrs.

Scale (PM×VM) Algorithm Solve time Final-State Cost decr. Path-Aware Cost decr.

10×70
Standard MIP ∼30 min 100% 25.3%

Path-aware MIP ∼3 h 80.6% 80.6%

PAMOS 0.31 s 78.2% 78.2%

30×400
Standard MIP ∼2 h 100% 21.4%

Path-aware MIP Timeout N/A N/A

PAMOS 0.52 s 73.1% 73.1%

50×600
Standard MIP Timeout N/A N/A

Path-aware MIP Timeout N/A N/A

PAMOS 0.77 s N/A N/A

count grows from 𝑂 ( |I| · |B|) to 𝑂 ( |I|2 · |B|2), making it

feasible only at very small scales.

In order to fill the gap between final placement and feasi-

ble migration paths, a path construction procedure is applied

to the standard MIP placement solutions to convert the tar-

get placement into an executable migration sequence while

enforcing migration-path feasibility.

Path construction algorithm. The path construction

procedure iteratively attempts direct migrations 𝑖 → 𝜙∗ (𝑖)
for each Item whose target differs from its initial place-

ment, repeating until convergence (no further feasible migra-

tions exist). Under the single-migration constraint this is the

strongest possible target-preserving construction: the only

target-preserving move is the direct one, and any non-target

intermediate move irreversibly consumes an Item’s single

migration opportunity and deviates the final state from the

first-stage optimum. Any effectiveness loss after path con-

struction is therefore attributable to the two-stage paradigm

rather than to a weak path builder.

Due to the limited scalability of the MIP baselines, we

evaluate PAMOS against the MIP models only on small-scale

problems, using two metrics: cost decrease after final place-

ment solving (final-state cost decrease) and cost decrease

after path construction.

Table 3 reveals two findings. First, Standard MIP’s theo-

retical optimum is largely unreachable: enforcing migration-

path feasibility via path construction collapses its realized
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effectiveness to only 25.3% and 21.4% at the two scales (con-

sistent with Section 6.3). Second, the path-aware MIP is the

appropriate reference point but is tractable only at 10×70,
where PAMOS reaches 97.0% of its Cost decrease (78.2% vs.

80.6%) with four orders of magnitude faster solving, showing

that PAMOS operates close to the path-aware optimum, at

least at the scales where exact verification is possible. This

indicates that most of PAMOS’s gap to Standard MIP comes

from enforcing migration-path feasibility rather than solely

from heuristic suboptimality. The path-aware MIP runtime

(about 3 hours at 10×70, timeout at 30×400) matches the

model-size growth of Section 2.3 and cannotmeet theminute-

scale SLO, whereas PAMOS achieves sub-second solving

time.

6.3 Comparison with Heuristic Baselines
As discussed in Section 8, no existing system simultaneously

handles the multi-objective, multi-relationship problem def-

inition and migration-path planning addressed in this pa-

per. We therefore construct four representative baselines

following established practice [28], each embodying a dis-

tinct algorithmic paradigm. The first three follow a common

two-stage framework: final-state solving computes a target

VM placement, then path construction attempts to convert

the target placement into an executable migration sequence.

This framework reflects the predominant approach in ex-

isting work, which computes a target allocation without

considering migration-path feasibility.

BFD + Path Construction. All migratable Items are re-

moved from their Boxes and repacked using the Best Fit

Decreasing (BFD) algorithm—Items are sorted by resource

consumption in descending order and each is placed on the

feasible Box with the lowest accumulated Cost. This baseline

represents the classical bin packing approach.

Partitioned MIP + Path Construction. The problem is

partitioned into subproblems of manageable size [34], and

each subproblem is solved independently using MIP to ob-

tain the final placement. This baseline directly instantiates

the exact-optimization rescheduling paradigm employed by

DCM [38], with partitioning applied to achieve tractable

solving times at production scale.

Box-centric Greedy + Path Construction. Inspired by
the Box-centric optimization paradigm [36], this baseline

iterates over Boxes and greedily packs each Box with the

Items that minimize the accumulated Cost. This baseline

represents the box-centric greedy packing approach.

In addition to the three two-stage baselines, an end-to-end

migration-based heuristic is included for comparison:

Greedy Migration. All migratable Items are sorted in

descending order of their Cost contribution, and each Item

is greedily migrated to the feasible Box with the lowest Cost.

This baseline shares the migration-action-based approach of
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Figure 7. Comparison with heuristic baselines across 631

problems. Cost decrease (final-state and path-aware) and

migration count are relative to PAMOS (=100%); the planning-

time path success rate is an absolute percentage; solve time

is in seconds (right axis).

PAMOS but lacks potential-score-guided priority ordering

and the deep-search capability of passive migration.

Figure 7 reveals several important findings.

Path construction causes substantial loss. The three
two-stage baselines all achieve competitive or even superior

final-state Cost decrease (up to 110.4% of PAMOS), yet their

path-aware Cost decrease after path construction collapses to

merely 14.7–20.3%. The root cause is that these methods com-

pute target placements without considering migration-path

feasibility, so most planned migrations cannot be realized

and must be abandoned. This dramatic gap directly validates

the design decision in this paper to treat migration-path

feasibility as a first-class constraint throughout the solving

process.

Why two-stage plans lose so much. To quantify this

gap, we define the planning-time path success rate as the

fraction of planned migrations retained in the executable

path after path construction. Figure 7 reports 10.3% for BFD,

13.6% for Partitioned MIP, and 11.0% for Box-centric Greedy;

GreedyMigration and PAMOS are 100% by construction. The

mechanism is structural: a two-stage method optimizes the

target placement without considering its reachability from

the initial placement, effectively repacking the cluster from

scratch and producing many mutually dependent migrations.

The resulting dense migration dependencies amplify the in-

feasibility mechanisms in Section 2.3, leaving only a small

fraction of the planned migrations executable and sharply

reducing the realized Cost decrease. However, path success

rate and realized Cost decrease are not linearly related: mi-

grations provide unequal Cost reductions, and some benefits

require coordinated groups of moves, so the Cost loss de-

pends on which migrations fail. We therefore report both

metrics separately.

Partitioned MIP performs worst despite exact solv-
ing. Partitioned MIP achieves only 94.1% final-state Cost

decrease because the fine-grained partitioning severs the

global relationship among VM–VM and VM–PM, severely
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(a) Search depth. (b) Early-stopping parameter.

Figure 8. Sensitivity of PAMOS to (a) the passive-migration

search depth 𝑙 (𝑙 = 0 performs only active migration) and

(b) the early-stopping parameter 𝛼 . Cost decrease and mi-

gration count (left axis) are relative to 𝑙 = 1 in (a) and to

𝛼 = 100% in (b); solve time (right axis) is in seconds. The

dotted line marks the default (𝑙 = 1, 𝛼 = 3%), which trades a

small fraction of Cost decrease for a large reduction in solve

time.

compromising global optimization quality. After path con-

struction, its path-aware result drops to the lowest among all

baselines, while consuming the longest solving time and the

most migrations. This result demonstrates that partitioned

exact solving is poorly suited to our problems.

Greedy Migration validates the migration-based par-
adigm. The Greedy Migration baseline shares PAMOS’s

end-to-end approach and avoids the catastrophic path-

construction loss, reaching 79.2% of PAMOS’s effectiveness.

Even this simple end-to-end method significantly outper-

forms every evaluated two-stage baseline on the path-aware

result, providing direct evidence that end-to-end generation

is better suited to our setting.

6.4 Ablation and Sensitivity Experiments
This section performs ablation and sensitivity analysis on

key components and configuration parameters to validate

the contribution of each design decision.

Search depth. The search depth 𝑙 controls the recursion

depth of passivemigration. 𝑙 = 0means only activemigration

is performed.

Cost decrease improves with depth but with diminish-

ing marginal returns (Figure 8a): from 𝑙=0 to 1 it gains

16.7%, from 1 to 2 only 4%, while solving time and migration

count grow sharply. Deeper search covers more opportuni-

ties through longer cascades but adds stability risk, so 𝑙 = 1

is the default.

Early-stopping parameter. The early-stopping parame-

ter 𝛼 controls how far the search proceeds down the candi-

date sequence before stopping early (Section 5.5.1).

As shown in Figure 8b, at 𝛼 = 3%, the algorithm achieves

94.5% of the optimization effectiveness with only 40% of the

solving time, representing the Pareto-optimal point in the

Table 4. Ablation of acceleration mechanisms and scoring

strategies. Each row disables one component of full PAMOS

(last row). Solve time is in seconds; Cost decrease and migra-

tion count are relative to full PAMOS (=100%).

Configuration Solve time Cost decr. Mig. count

w/o Level Cache 814 s 102.5% 103.4%

w/o Vectorized Cost Comp. 120 s 99.8% 99.9%

w/o Item potential scoring 164 s 78.5% 170.0%

w/o Active-mig. Box scoring 63 s 52.5% 104.8%

w/o Passive-mig. Box scoring 57 s 88.9% 129.8%

PAMOS (full) 40 s 100% 100%

efficiency–effectiveness trade-off. This is the default setting

in production.

Acceleration mechanisms and scoring strategies. Ta-
ble 4 shows the impact of disabling the acceleration mech-

anisms and replacing each scoring strategy with random

shuffle to validate their contribution.

The cache gives about 20× speedup for only a 2.5%

Cost-decrease difference. Vectorization provides about 3×
speedup; since it only changes how Cost is computed with-

out affecting the solving strategy, its tiny effectiveness

fluctuation comes from randomness in sorting.

All three scoring strategies contribute significantly. Item

potential scoring primarily affects search efficiency: without

it, the algorithm requires 4× the time and 70% more migra-

tions to achieve comparable effectiveness. Active-migration

Box scoring has the greatest impact on optimization effective-

ness because it directly determines the migration destination

of each Item. The primary contribution of passive-migration

Box scoring lies in identifying paths that achieve objectives

through shorter migration chains; without it, the migration

count increases significantly.

6.5 Production Deployment Results
PAMOS has run within Alibaba Cloud for over eight years,

processing thousands of tasks daily across hundreds of

scheduling domains. We report production metrics for the

three scenarios of Section 2, drawn from all daily tasks

over the most recent month (per-task change, before vs.

after each run). The stakes differ by scenario: a one-point

packing-density gain frees dozens of PMs; each dispersion

non-compliant instance is a blast-radius risk, so even a

0.1-point gain removes hundreds of at-risk instances across

a large cluster; and co-locating long-lived VMs curbs future

fragmentation as short-lived VMs are released [3, 29, 43].

As shown in Figure 9, tuning improves all three metrics

by mean values of 1.41, 0.12, and 0.97 percentage points (pp).

These gains are sustained daily: online scheduling contin-

uously introduces new placement debt, so each daily run

encounters fresh optimization opportunities and produces
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Figure 9. Production deployment results: per-task metric

improvements over one month of daily tasks. Boxes span the

interquartile range (IQR), the white line marks the median,

the diamond the mean; whiskers follow the Tukey conven-

tion (1.5×IQR) and circles mark tasks beyond them. The

y-axis reports per-task changes in percentage points (pp).

Figure 10. Longitudinal simulation over one year of replayed

production traces: change in packing density since day 0

(pp), with and without daily PAMOS tuning; the shaded

area is PAMOS’s gain over online-only scheduling (average

+1.10 pp). Only relative changes are shown.

consistent gains. Notably, the optimization objectives of dis-

persion and the other two scenarios are inherently opposing—

it spreads VMs apart while consolidation and affinity clus-

ter them—yet all three competing metrics improve at once,

showing that the unified cost framework balances conflicting

objectives in sustained production operation.

Longitudinal simulation analysis. To quantify the sus-
tained value of offline scheduling over a longer time hori-

zon, we replay nearly one year of real request traces from

a production cluster through a high-fidelity simulator that

faithfully models the online scheduling events. Two con-

figurations are compared: (1) PAMOS + online scheduling,

where PAMOS performs daily tuning in addition to the online

scheduler, and (2) online scheduling only, where no offline

scheduling is performed.

Figure 10 plots the change in packing density since day 0.

The PAMOS-augmented curve stays above the online-only

curve on every day of the year, with an average gap of

+1.10 pp. This demonstrates that placement debt is not a one-

time phenomenon but accumulates continuously through

sub-optimal online placements and VM lifecycle events, and

that daily offline scheduling provides a persistent corrective

effect rather than a diminishing one-time improvement. The

other two scenarios show similar trends and are omitted for

brevity.

7 Operational Experience
This section distills three lessons from eight years of produc-

tion operation, reviews the alternative solving approaches

we explored, and discusses limitations.

7.1 Lessons from Deployment
Lesson 1: path feasibility is learned the hard way.

PAMOS initially followed exactly the two-stage paradigm

of Section 6.3: a partitioned MIP computed the target place-

ment, and path construction turned it into migrations. Those

“optimal” placements routinely lost most of their benefit, be-

cause many planned migrations proved infeasible and were

abandoned. Consolidation suffered most: a PM pays off only

when every VM leaves it, so one stranded VM voids the

migrations spent on its neighbors—many VMs moved, no

PM freed, stability cost for zero gain. This drove the rebuild

around end-to-end path generation; the evaluation mirrors it,

with Partitioned MIP realizing only 14.7% of PAMOS’s Cost

decrease at 14× the solving time (578 s versus 40 s, Figure 7).

Lesson 2: plans must be fast to stay valid. While a plan

is computed and executed, online scheduling keeps changing

the cluster, so it drifts from the snapshot the plan was built on

and migrations start failing. We therefore bound planning by

the minute-scale SLO (Section 1) and tag the PMs in an active

plan so the online scheduler lowers their priority while it

executes; the production execution success rate then exceeds

90%.

Lesson 3: weight governance takes real work. The addi-
tive Cost model makes rules easy to write but shifts effort

to governing their weights, since rules from different teams

interact through one objective. We tier objectives by prior-

ity and separate adjacent tiers by orders of magnitude so

lower tiers cannot override higher ones; when a task pro-

duces unexpected migrations, we trace the executed path to

attribute them to the responsible rules; and common weights

are tuned by black-box optimization on simulated tasks, with

new rules gated by canary release and rollback (Section 4.5).

This governance is the price of the DSL’s ease of use and

remains a continuing investment.

7.2 Alternative Approaches
Other than the current design, we explored several alterna-

tive solving paradigms; none of them became the production

solver.

Simulated annealing. Simulated annealing (SA) is a nat-

ural candidate for escaping local optima, but it proved im-

practical under migration constraints for two reasons. First,

SA randomly accepts moves that worsen the objective; in

our setting, each such “bad” move irreversibly consumes

one migration from the budget 𝐾 , leaving fewer moves for

genuinely beneficial migrations. Second, uniform random

exploration of the vast 𝑂 ( |I| × |B|) search space fails to
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prioritize high-value migrations, so convergence far exceeds

the minute-scale SLO at production scale. This is consis-

tent with Rebalancer’s findings [26], where SA also failed

to outperform structured local search in both quality and

runtime.

Reinforcement learning. Reinforcement learning (RL)

has been applied to VM rescheduling [11], but three factors

made it impractical for us: (1) the state space involves vari-

able resource dimensions, NUMA topologies, and dynamic

relationships that resist fixed-dimension encoding; (2) dif-

ferent tasks define different Cost types and ranges, making

reward design non-transferable; and (3) clusters vary enor-

mously in scale, precluding a single model across thousands

of scheduling domains.

7.3 Limitations
PAMOS has three limitations. First, its DSL cannot express

time-varying state within one run; we retain this restriction

as operators predominantly use time-invariant rules with a

small grammar. Second, PAMOS is heuristic: the 97.0% result

holds only at the 10×70 scale where exact comparison is

tractable, and we make no optimality claim at production

scale. Finally, concurrent cluster changes may invalidate

otherwise feasible moves; the priority-tagging mechanism

(Lesson 2) mitigates but cannot eliminate this risk.

8 Related Work
VM placement. The VM placement problem is a variant

of the vector bin packing problem, and classical algorithms

such as First Fit and Best Fit have been widely applied. In

industrial practice, the Borg system [41] and the Twine sys-

tem [39] demonstrate large-scale cluster scheduling imple-

mentations but primarily focus on the online scheduling

phase rather than offline global re-optimization. Recent ML-

based work [3, 29] targets single-placement decisions during

online scheduling and differs fundamentally from the offline

batch rescheduling problem addressed here.

Cluster management. The most closely related work

falls within the cluster management domain [2, 5, 6, 8–10,

12, 13, 15–17, 20, 21, 23, 24, 32, 33, 35, 37–41]. DCM [38] mod-

els rescheduling as an optimization problem and solves it

with an MIP solver, offering strong expressiveness but facing

scalability challenges and ignoring migration-path feasibil-

ity. Wrasse [36] leverages GPU parallelism to accelerate VM

allocation; however, its optimization objective is limited and

it does not consider migration paths. Rebalancer [26] pro-

vides the most comprehensive modeling and solving frame-

work for generalized bin packing, supporting a variety of

Box-centric constraints and objectives. It takes migrations

into account, but its MinimizeMovementSpec only bounds

total moves rather than per-VM migration counts, and its

Box-centric paradigm and expression-graph construction

cannot handle the fully connected Item–Item relationships

and NUMA topology adaptation required by our problem

definition.

Migration planning and reconfiguration. Entropy and
BtrPlace compute target reconfigurations under placement

constraints [18, 19], whereas CQNCR optimizes migration

order for a given initial/target configuration and migration

set [4]. PAMOS instead jointly chooses migration actions and

their order while optimizing a multi-objective Cost model

under one-move-per-VM and intermediate-state constraints.

Heuristic methods. The 2012 ROADEF/EURO Chal-

lenge [1] addressed a machine reassignment problem involv-

ing heuristic algorithms for rescheduling processes across

machines. The multi-objective problem definition shares

some similarities with the present work, and some contes-

tants employed heuristic solving algorithms [14, 22, 30].

However, the competition involved smaller problem scales,

and the optimization objectives differ substantially from

those defined in this system, making those algorithms

difficult to apply to the problems defined herein.

9 Conclusion
This paper presents PAMOS, an offline VM scheduling sys-

tem that directly generatesmigration paths under production

stability constraints. Across 631 production problems, after

path construction the three two-stage baselines retain only

10.3–13.6% of their proposed migrations and realize only

14.7–20.3% of PAMOS’s Cost decrease. PAMOS avoids this

loss through a unified cost-based modeling framework and

an Item-centric heuristic with active and passive migration.

At the scale where exact comparison is tractable, PAMOS

achieves 97.0% of the path-aware MIP solver’s Cost decrease

with four orders of magnitude speedup. Eight years of de-

ployment at Alibaba Cloud, processing thousands of daily

tasks, demonstrates its practical effectiveness.
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