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Abstract

Modern e-commerce marketplace platforms rely on frequent model refresh cycles for ranking, retrieval, fraud detection, and ads,
which in turn depend on shared multi-tenant GPU clusters that run heterogeneous training jobs. As clusters become more consol-
idated, the dominant source of unpredictability shifts from raw training throughput to tail latency, where a small fraction of jobs
experience large queueing and interference-induced slowdowns that violate operational deadlines. This paper studies cluster-level
admission control for multi-tenant ML training with an explicit objective of predictable tail latency under capacity fragmentation,
bursty arrivals, and non-stationary job size distributions. We formalize end-to-end training latency as the sum of admission delay,
placement-induced startup delay, and runtime dilation caused by resource contention and straggler amplification. Building on this
decomposition, we introduce a risk-budgeted admission control policy that uses quantile-aware load estimation and virtual-queue
enforcement to bound tail-SLO violation probability while preserving utilization. The policy combines a conservative upper confi-
dence bound on effective resource demand with a per-tenant tail-risk regulator that converts percentile constraints into stabilizing
feedback. We provide analytical conditions under which the resulting closed-loop system maintains bounded tail-risk backlogs and
yields predictable high-percentile completion times for admitted jobs. A prototype integration with a generic cluster scheduler is
described, along with trace-driven experiments that demonstrate reductions in p99 queueing delay and fewer deadline misses at
comparable utilization relative to throughput-centric baselines. The results suggest that cluster-level admission control can serve as
a practical lever for tail predictability in marketplace ML platforms when coupled with quantile-sensitive estimation and enforceable
risk budgets.

1. Introduction training pipelines onto shared GPU clusters to reduce to-
tal cost of ownership and simplify operational workflows
[2]. Consolidation introduces a familiar tension: high uti-

lization is economically desirable, but high utilization un-

E-commerce marketplaces increasingly operate as contin-
uously learning systems [1]. Search, recommendations,

advertising, catalog understanding, and trust signals are
updated on short cadences as inventory, sellers, and user
intent evolve. Training pipelines that once ran as offline
batches now execute as recurrent workloads with service-
like expectations: model refreshes are expected by par-
ticular times, feature distributions drift within hours, and
business processes such as experimentation or promotion
ranking depend on predictable completion. At the same
time, infrastructure consolidation has concentrated these

der heterogeneity and burstiness tends to produce heavy-
tailed queueing delays and interference effects. In practice,
a small subset of training jobs can experience large latency
spikes, leading to missed refresh windows, delayed exper-
imentation readouts, and cascaded downstream delays in
feature materialization or evaluation.

The central technical challenge addressed here is tail
latency predictability for multi-tenant ML training at the
cluster level. Unlike online inference, where latency is
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Figure 2: A compact tail-latency model used by admission control: p99 start-to-run is decomposed into queueing, warm-up, execution
variability, and straggler effects. A quantile estimator provides p99 predictions for key components, while policy budgets (e.g., tokenized
quotas or concurrency caps) constrain high-variance regions that otherwise dominate tail behavior.

Table 1: Cluster configuration in the marketplace ML platform

Cluster tier Node type ~ GPU memory (GB) Nodes
Latency-critical A100-40G 40 64
Throughput-optimized  A100-80G 80 48
Cost-optimized T4-16G 16 96
Experimental V100-32G 32 24
Spot-only A10G-24G 24 80

typically dominated by per-request computation and can
be controlled with strict per-service resource reservations,
training workloads are long-running, stateful, and varied
[3]. A single cluster may serve dense data-parallel jobs,
parameter-server style training, distributed gradient ag-
gregation, CPU-heavy preprocessing, GPU-heavy model
steps, and hybrid pipelines that alternate between resource
types. Jobs arrive in bursts aligned with data availabil-
ity, business deadlines, or developer workflows. Tenants
range from high-priority revenue-critical ranking teams
to exploratory research groups. In such environments,
throughput-oriented schedulers and fairness mechanisms
alone do not guarantee that the tail of completion time re-
mains bounded [4]. Even if average utilization and mean
waiting time look acceptable, p95 or p99 completion times
can deteriorate sharply due to fragmentation, synchroniza-
tion barriers in distributed training, correlated arrivals,

and temporal spikes in interference on shared network
and storage paths.

Admission control is a natural lever because it de-
termines whether the system accepts additional work into
a regime where delay inflation is likely. However, ad-
mission control for ML training differs from classic call
admission in telephony or web request shedding [5]. Train-
ing jobs are not interchangeable requests; they have vari-
able resource vectors, long durations, and substantial setup
costs. Rejecting or delaying a job may have workflow con-
sequences, and admission decisions must be explainable
and aligned with organizational priorities. Moreover, tail
latency goals typically arise as deadline or percentile con-
straints rather than mean delay constraints. A policy that
maximizes throughput subject to average stability may
still produce poor tail behavior, whereas a policy that is
overly conservative may underutilize expensive accelera-
tors [6]. The problem therefore requires a formulation that
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Figure 3: Admission-control policy flow for predictable tail latency. Incoming jobs are classified into service lanes and risk profiles,
then a quantile-aware predictor estimates p99 resource/time cost. A budget check decides whether to admit immediately, queue with
pacing, or reject under extreme contention. Admitted (and later released) jobs are enforced via concurrency caps and rate limits to

prevent tail amplification from bursts and interference.

Table 2: Representative multi-tenant training workloads

Workload class Example model Avg epoch (s)  Dataset size (M samples)
Ranking DLRM-like 210 1.8
Search Dual-encoder BERT 480 0.9
Ads Wide&Deep variant 160 32
Recommender Transformer-based 520 1.1
Fraud GNN hybrid 390 0.6

connects quantile-level service objectives to enforceable
cluster-level decisions.

This paper develops a cluster-level admission con-
trol policy aimed at predictable tail latency for multi-
tenant ML training in e-commerce marketplace ML plat-
forms. The approach begins by decomposing end-to-end
completion time into admission delay, placement and
startup delay, and runtime dilation. Runtime dilation cap-
tures the empirical reality that training speed is not fixed,;
it depends on colocation, contention on accelerators, net-
work topology, storage bandwidth, and straggler dynamics
[7]. We then introduce a quantile-aware notion of effec-
tive load that inflates nominal resource demand by a tail
factor estimated from recent observations and uncertainty
bounds. This is used to determine whether accepting a job
is likely to push the system into a regime where percentile
SLOs are violated. To avoid static provisioning and to

adapt to non-stationarity, the policy uses a virtual-queue
mechanism that accumulates tail-risk when observed tail
latency exceeds targets and relaxes admission when tail-
risk is low [8]. This converts tail predictability into a
feedback control problem with interpretable parameters.
The contributions are organized around a system
model, a tail-latency formulation, an admission control de-
sign, an analytical characterization of predictability, and
an implementation and evaluation discussion. The system
model captures multi-resource constraints, tenant priori-
ties, and job heterogeneity. The tail-latency formulation
emphasizes percentiles and deadlines rather than means
[9]. The admission policy combines quantile-aware load
estimation with a per-tenant and global tail-risk budget
to regulate acceptance rates and queueing. The analy-
sis establishes conditions under which the virtual-queue
backlogs remain bounded, implying bounded violation
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Figure 4: Multi-tenant isolation via service lanes with quota tokens. Higher lanes reserve headroom to protect p99 while lower lanes
absorb variability under contention. A lightweight reclaim mechanism can shift capacity locally (e.g., from best-effort experiments to
scheduled tuning) without broad cross-lane coupling, reducing interference and stabilizing tail latency under mixed workloads.

Table 3: SLA tiers for marketplace tenants

SLA tier  Target P99 completion (h) Max queueing delay (min)  Priority weight
Platinum 2.0 10 1.0
Gold 4.0 25 0.75
Silver 8.0 45 0.50
Bronze 24.0 120 0.25
Sandbox 48.0 240 0.10

probability for admitted jobs under mild assumptions on
arrival and service processes. The implementation section
describes how the policy can be integrated into an existing
scheduler as a pre-scheduling gate, relying on telemetry
already available in most ML platforms. Finally, the eval-
uation section presents trace-driven evidence, focusing on
P99 queueing delay, deadline misses, and utilization [10].

Throughout, the emphasis is on predictability rather
than maximal throughput, and on cluster-level control
rather than per-job micro-optimizations. The perspective
is that multi-tenant training platforms can be treated as
shared service systems with quantile-oriented objectives,
and that admission control can provide a robust outer loop
that complements placement and scheduling decisions.
The approach is intentionally compatible with a range of
underlying schedulers, assuming only that admitted jobs
are eventually scheduled according to some policy and

that basic runtime telemetry can be observed to update
tail-risk estimates [11].

2. Platform and Workload Model

Consider a shared training cluster that serves multiple ten-
ants representing teams or product domains within an e-
commerce marketplace organization. The cluster consists
of a set of physical nodes interconnected by a fabric with fi-
nite bisection bandwidth and shared access to storage and
metadata services. Each node provides multiple resource
types such as GPUs, CPUs, host memory, local SSD band-
width, and network egress capacity. The platform runs
containerized training jobs that request resources in multi-
dimensional vectors [12]. A job may request a number
of GPUs, a CPU allocation for preprocessing or input
pipelines, memory for embedding tables or caching, and
potentially network bandwidth when distributed training
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Figure 5: Closed-loop control for predictable tail latency at cluster scale. Online monitoring provides queue and p99 signals; an
estimator tracks quantiles and load; a controller adjusts admission thresholds and pacing; enforcement applies caps and gate decisions.
An offline calibration path refreshes model parameters from historical traces, improving robustness across shifts in tenant mix and

marketplace traffic patterns.

Table 4: Key parameters in the cluster-level admission controller

Parameter Description Default value
o Safety factor for capacity forecasting 0.85

B Weight on tail latency in objective 0.70
Tlook Look-ahead horizon (minutes) 60
Kmax Max concurrent jobs per tenant 6

Perit Critical GPU utilization threshold 0.92

spans racks. The resource requests may be either rigid,
where the job requires an exact number of GPUs to start,
or elastic within bounds, where it can scale between a mini-
mum and maximum but with non-linear scaling efficiency.
The focus here is on the common rigid or bounded-elastic
case, where admission must decide whether the system
should accept a job into the scheduling queue given the
current and anticipated load.

Let the cluster have R resource dimensions [13].
The total capacity vector is C' € Rf. A job j is asso-
ciated with a tenant () and is characterized by a demand
vector d; € Rf representing the resources it must be al-
located simultaneously when running. The job also has a
nominal service requirement s;, which can be interpreted
as the amount of effective work to be performed at unit
capacity, such as the number of training steps times per-
step compute at a reference throughput. In practice, s; is
uncertain at arrival because it depends on convergence be-
havior, early stopping, and data availability. The runtime

of the job when allocated resources is further affected by a
dilation factor that captures interference and straggler am-
plification. Thus, the observed runtime is not simply s;
divided by a fixed speed, but rather a random variable in-
fluenced by the system state and colocation patterns [14].
Arrivals are modeled as a superposition of tenant-
specific processes. For each tenant ¢ € {1,...,T}, jobs
arrive according to a process with rate that varies over
time and may exhibit burstiness aligned with batch fea-
ture generation, experiment start times, or periodic retrain-
ing schedules. It is common for arrivals to be correlated
across tenants, for example when a shared dataset refresh
triggers multiple downstream retraining jobs. Such corre-
lations are a key source of tail behavior because they create
transient overload [15]. The admission controller operates
at the cluster level, observing arrivals and the current set
of running and queued jobs, and deciding whether to ad-
mit a newly arrived job into the cluster queue, defer it to a
later time, or redirect it to a lower-priority pool. Because
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luster-level admission control positioned at training. Marketplace

signals flow into the data lake and feature store; training requests are gated to preserve predictable tail latency in shared GPU pools;

models are registered, evaluated under guardrails, and promoted to
upstream data/feature generation and downstream multi-tenant tra

the objective is predictable tail latency, the admission de-
cision is allowed to be conservative when the system is
near regimes associated with large p99 waiting times.

The platform’s scheduler is assumed to allocate ad-
mitted jobs to nodes subject to feasibility. Feasibility in-
cludes multi-dimensional packing constraints and, in prac-
tice, topology constraints for distributed training, such as
requiring GPUs on the same rack for bandwidth reasons
[16]. These constraints introduce fragmentation: even if
total free GPUs are sufficient, it may be impossible to
place a job requiring a contiguous set of GPUs or a partic-
ular topology. Fragmentation is a major source of startup
delay and tail waiting time. The admission controller can
mitigate fragmentation-induced tail effects by considering
not only aggregate capacity but also an estimate of effec-
tive allocatable capacity under current fragmentation.

To capture these factors without committing to a spe-
cific scheduler, we define an abstract state variable x(t)
describing the running set of jobs and the residual capac-

online serving. The gate acts as the reliability boundary between
ining execution.

ities in each resource dimension and placement domain
[17]. The scheduler maps z(¢) and the set of queued jobs
to placements over time. The admission controller ob-
serves a projection of z(t), such as total utilization per
resource, the distribution of free GPU blocks by size, net-
work and storage saturation signals, and recent job startup
latencies. The admission controller does not directly de-
cide placements but can influence the composition of the
queue, which in turn affects placement feasibility and in-
terference profiles [18].

Tenants are associated with service objectives that
encode tail predictability. In marketplace training plat-
forms, objectives often take the form of deadlines for pe-
riodic retrains, maximum acceptable wait times for inter-
active experimentation, or percentile constraints on time-
to-start and time-to-finish. Because the policy is cluster-
level and multi-tenant, objectives are best expressed as per-
tenant percentile constraints with weights reflecting prior-
ity. For tenant ¢, define a tail SLO for completion time L

Scidata Consortium



SDC X’

SciDataConsortium

Table 5: Comparison against baseline schedulers under peak load

Policy P99 completion (h)  Throughput (jobs/day) Rejected jobs (%)

FIFO 14.8 430 0.0

Fair sharing 10.6 445 1.7

Deadline-aware 8.9 452 35

Proposed policy 6.1 468 4.2

Oracle (offline) 5.4 475 4.0

Table 6: Tail latency by tenant segment with proposed policy

Tenant segment Mean (h) P95 (h) P99 (h)
Top sellers 2.1 2.7 3.0
Emerging brands 34 4.2 4.9
Long-tail merchants 5.8 7.0 8.2
Internal experimentation 7.6 9.4 10.8
Batch analytics 9.1 11.7 13.5

such as Pr(L < ¢;) > 1 — ¢, for a chosen ¢; (for exam-
ple, 1%) and threshold /; tied to refresh cadence or work-
flow expectations [19]. Alternatively, the SLO can be ex-
pressed as a p99 bound. The admission controller aims
to ensure that admitted jobs meet these constraints in dis-
tribution, acknowledging that absolute guarantees are un-
realistic under non-stationarity and estimation error, but
still providing predictable behavior by avoiding operating
points known to produce heavy tails.

An important practical consideration is that admis-
sion control must coexist with fairness and organizational
policies. Tenants may have budgets or quotas, and the sys-
tem may implement weighted fairness for resource allo-
cation [20]. Admission control can respect these policies
by incorporating per-tenant risk budgets and by scaling
conservatism according to priority. In particular, the pol-
icy can admit high-priority jobs under higher load while
deferring low-priority jobs during tail-risk spikes. This
is aligned with marketplace needs where some training
jobs are tied to revenue-critical ranking and ads, while
others are exploratory or backfill [21]. However, even
high-priority jobs benefit from predictable tails because
missed deadlines can degrade user experience or business
metrics. Thus, admission control is not purely a cost-
saving mechanism but a predictability mechanism that
coordinates shared capacity under bursty, heterogeneous
demand.

3. Tail Latency and SLO
Formulation

Tail latency for training jobs differs from tail latency for
stateless requests because training completion time aggre-
gates multiple phases and sources of variability. A use-
ful decomposition is to separate the time from job submis-
sion to completion into an admission component, a startup
component, and an execution component [22]. Let L; de-
note the completion latency of job j measured from its
submission time to its end time. We write
Lj = Aj + Qj + Ej, (1)
where A; is admission delay imposed by the admission
controller, @); is the time spent waiting in the scheduler
queue and startup pipeline after admission, and F; is the
execution time from actual start to completion [23]. In
some platforms, ¢); includes image pulls, environment
setup, data locality warmup, and checkpoint restoration;
these can have heavy-tailed behavior if shared services are
saturated. The execution time E; includes the nominal
compute time and dilation due to contention and strag-
glers.
Predictable tail latency requires controlling not only
(); but also the variability in F;. Although admission
control cannot directly control per-step execution speed, it
can influence interference by limiting the degree of over-
subscription and by avoiding job mixes known to cause
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Table 7: Ablation study of components in the admission controller

Variant P99 latency (h)  Deadline violations (%) GPU utilization (%)
Full policy 6.1 1.8 89.4

w/o tenant caps 73 4.6 90.1

w/o tail-aware objective 8.8 7.2 91.0

w/o look-ahead forecasting 7.9 5.1 86.3
Heuristic thresholds only 9.6 9.8 82.7

Table 8: Sensitivity of the policy to normalized load

Load factor ~ Accepted jobs (%) Avg queueing delay (min) P99 latency (h)
0.5%x 100 4 32

0.8x 98 9 4.1

1.0x 96 18 6.1

1.2x 93 33 8.7

1.5% 88 61 11.9

network or storage hotspots [24]. It can also mitigate
synchronization-related tails by reducing the probability
that a large job begins in an unfavorable fragmented state
that forces poor placement. Thus, admission control acts
as an outer loop that shapes the distribution of both @;
and ;.

To express tail predictability objectives, percentile-
based constraints are more relevant than mean-based con-
straints [25]. For a tenant ¢, define a completion SLO
threshold /; and tolerance ¢;. The objective is that among
admitted jobs of tenant ¢, the tail violation probability sat-
isfies

Pr(L; > 4 | t(j) =t, j admitted) < ¢. (2)
This conditional form is important because admission
control can defer jobs rather than admitting them into a
regime where they are likely to violate SLOs. Deferral
shifts latency into A; rather than (); and can be made
visible to users as controlled admission delay, which is of-
ten preferable to unpredictable queueing [26]. In addition,
the platform may maintain separate SLOs for time-to-start
and time-to-finish. Time-to-start is governed by A; + Q;
and is particularly relevant for interactive experimentation.
Time-to-finish includes E; and is tied to refresh deadlines.
A unified policy can regulate both by treating them as
separate tail-risk constraints [27].

A central difficulty is that percentile constraints are
not additive and do not translate directly into simple uti-
lization thresholds. For example, even if mean utilization
is below capacity, fragmentation can cause the distribution
of ; to have along tail. Similarly, £; can have heavy tails
due to straggler amplification in distributed training where

the slowest worker determines step time [28]. These phe-
nomena suggest modeling the tail via an effective load con-
cept that incorporates both uncertainty and interference.

We define an effective demand inflation factor ¢; for
job j that captures the ratio between observed resource-
time consumption and nominal estimates. For a given re-
source dimension r, a job allocated d; ;- units for runtime
E; consumes d; . IJ; resource-time. If the platform has a
nominal runtime estimate Ej at arrival, then an inflation
factor can be defined as E; / Ej. In practice, Ej is derived
from historical runs, model size, dataset size, and hyperpa-
rameters. Interference and stragglers cause F; to be larger
than E’j. We can model

E; = E;j A, 3)
where A; is a random dilation factor with E[A;] > 1 and
with a tail that depends on cluster state. The admission
controller does not need to predict A; precisely but needs
a conservative estimate of its high quantiles under the cur-
rent regime [29]. This motivates using quantile-aware es-
timates of effective load.

Let U,.(t) denote the utilization of resource  at time
t for running jobs, and let S(t) denote a vector of satura-
tion indicators such as storage bandwidth utilization and
network congestion level. The dilation distribution of a
job depends on these indicators because high network or
storage saturation increases step time and variance. Simi-
larly, queueing distribution depends on fragmentation in-
dicators F'(t) such as the distribution of free GPU block
sizes [30]. The policy therefore uses a state-conditional
tail estimate. For a tenant ¢, define a tail-risk functional
p:(z) that approximates the p(1 — €;) completion time un-
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Table 9: Impact on downstream marketplace metrics

Scenario Conversion lift (%) GMV lift (%) Training cost ($K/day)
Pre-deployment baseline 0.0 0.0 410
Faster ranking refresh 1.2 0.9 435
Faster ads optimization 0.8 1.4 422
Joint deployment (all) 1.9 2.1 447
Ablated policy variant 1.0 1.3 430

der state z. One can interpret p;(x) as a forecast of the
high quantile of L if the system continues to accept jobs
at the current rate [31].

Directly forecasting completion quantiles for long-
running jobs is difficult and can be error-prone. The
formulation adopted here instead constructs a surrogate
tail-risk budget that can be measured and controlled. The
surrogate is based on the observation that extreme queue-
ing delays arise when effective offered load exceeds effec-
tive capacity over sustained periods. For multi-resource
systems, effective offered load is a vector process, and
overload in any critical dimension can drive tail behav-
ior [32]. Moreover, because placement constraints create
non-linear effective capacity, the safe operating point may
be below nominal capacity. The admission control policy
therefore targets maintaining a slack margin in a conser-
vative effective-load sense. The slack margin is updated
using observed tail violations, creating feedback that com-
pensates for modeling error.

We formalize this by defining, for each resource di-
mension 7, an effective capacity C°(x) that captures al-
locatable capacity under fragmentation and topology con-
straints. For example, if a large fraction of GPUs are free
but scattered, the effective capacity for jobs requiring large
GPU blocks is low [33]. Similarly, if network saturation is
high, the effective capacity for distributed jobs is reduced.
The admission controller uses C*(x) rather than nomi-
nal C. This effective capacity is estimated from scheduler
telemetry such as the size distribution of free GPU groups
and recent placement success rates. The policy then evalu-
ates whether admitting a new job would push an effective
load metric beyond a threshold that correlates with tail vi-
olations.

Tail latency predictability is thus treated as maintain-
ing the system within a region where high-quantile delays
remain bounded [34]. The region is not fixed; it depends
on workload mix and externalities such as shared storage
contention. Feedback based on observed p99 behavior
is essential. The next section translates this into an ad-
mission control policy that is risk-budgeted and quantile-
aware [35].

4. Admission Control Policy

The admission control problem can be viewed as select-
ing, at each arrival, whether to accept a job into the cluster
queue such that tail-SLO violation probabilities remain
below targets while maintaining high utilization and re-
specting tenant priorities. The design presented here com-
bines two ideas: quantile-aware effective-load gating and
virtual-queue tail-risk regulation. The effective-load gat-
ing prevents immediate entry into regimes likely to pro-
duce tail blowups, while the virtual-queue mechanism
adapts the gating thresholds over time based on observed
tail performance.

Let j be an arriving job at time ¢ [36]. The policy
computes an effective demand vector d ;(t) that inflates the
nominal demand to account for uncertainty and tail risk. A
simple form is

d;(t)

= dj vy (1), “

where 7;(;)(t) > 1 is a tenant- and time-dependent infla-
tion factor derived from recent dilation observations and
uncertainty bounds. The inflation factor is chosen to be
quantile-aware, aiming to upper bound a high quantile of
dilation under current conditions. For instance, if dilation
A has an estimated p(1 — €) value ¢;_.(t) with an uncer-
tainty margin m(¢), then y(¢) can be set as g1 _ (t) +m(t).
This converts runtime tail risk into an inflated effective de-
mand for capacity planning. Similarly, startup and queue-
ing tails induced by fragmentation can be represented by
reducing effective capacity rather than inflating demand,
as discussed earlier [37]. The resulting admission check
compares effective offered load to effective capacity with
a slack margin.

Define the current effective utilization vector for
running jobs as 0(t), which may incorporate inflated
resource-time consumption for already running jobs based
on measured dilation. Let C*'f(2(¢)) denote effective ca-
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pacity under the current state. A basic gating rule admits
job 7 if
U(t) + dj(t) < C(x(t))

— a(t), )

where o (t) is a slack vector that represents reserved head-
room for tail predictability [38]. The slack accounts for
burstiness, estimation error, and placement delays. If
the inequality fails, the job is deferred, which increases
A; but avoids increasing the queue and interference risk.
The slack vector is not constant; it is regulated by virtual
queues that represent accumulated tail-risk.

To introduce tail-risk regulation, define for each ten-
ant ¢ a virtual backlog Z;(¢) that evolves over time based
on observed tail outcomes for that tenant’s admitted jobs
[39]. Conceptually, Z; increases when tail latency ex-
ceeds targets and decreases when performance is within
targets. A continuous-time representation can be approxi-
mated in discrete update intervals of length A. For update
step k, let U; (k) be an estimate of tail violation rate over a
recent window, such as the fraction of tenant ¢ jobs whose
completion latency exceeded ¢;, and let ¢; be the target
violation probability. Then the virtual queue update can
be written as

Zt(k+1) maX(O, Zt(k) + 6{»([{:) — Et). (6)

If the observed violation rate is above target, Z; grows, in-
dicating that the system is operating in a regime that harms
tail predictability for tenant ¢ [40]. If it is below target, Z,
decays toward zero. The admission controller then uses Z;
to adjust the inflation factor ~, and/or the slack o allocated
to that tenant’s demand. One mechanism is [41]
= 7+ azi(k),

¥1 (k) (N

where ’yt(o) is a baseline tail inflation derived from histori-
cal quantiles and « controls responsiveness. As Z; grows,
effective demand inflates, making admission more conser-
vative for that tenant, which reduces additional tail-risk
accumulation. Another mechanism adjusts per-tenant ad-
mission thresholds by allocating a portion of global slack
proportional to Z;.

A cluster-level tail-risk regulator is also useful be-
cause tail behavior often arises from shared bottlenecks
such as storage metadata or network fabric, which are not
attributable to a single tenant. Define a global virtual back-
log G(k) updated from a cluster-level tail metric, such as
the p99 of queueing delay across all tenants or the fraction

of all jobs exceeding a time-to-start SLO [42]. The update
is analogous:

G(k+1) 1’1’1.’:1X(07 G(kj) + @\glob(k) — 6glob)~ (8)

The global backlog modulates the slack vector o (k):

o(k) = o' + BG(k), ©)
where (%) is baseline headroom and /3 controls how ag-
gressively the system preserves slack when global tail met-
rics degrade. This captures the intuition that when tail la-
tency is worsening cluster-wide, the admission controller
should become more conservative even if per-tenant met-
rics are not yet showing violations, because the system is
approaching a correlated overload regime.

The policy must also respect tenant priorities and
fairness [43]. A priority weight w, can be introduced such
that high-priority tenants receive lower inflation sensitiv-
ity or are allowed to consume a larger share of headroom.
One approach is to scale « inversely with priority, making
low-priority tenants experience stronger conservatism un-
der tail-risk. Another approach is to define a per-tenant
admission score that trades off utility and tail risk [44].
Let u; be a utility value associated with admitting job j,
such as priority or expected business value. Define a risk-
adjusted utility

Us(k) = uj = AZy (k) r(K) — pGk) (),
(10)

where k; and 7); are job-specific risk exposure terms de-
rived from resource size, distribution type, or expected
interference class, and A, p scale the influence of virtual
backlogs. Admission then accepts jobs that pass feasibil-
ity and have non-negative risk-adjusted utility, or that max-
imize U; when batching arrivals. This embeds tail pre-
dictability into decision-making while allowing prioritiza-
tion [45].

Because training jobs are long-running, purely reac-
tive control can lag. The policy therefore uses upper con-
fidence bounds for tail estimates to be proactive. Suppose
for tenant ¢ and job category c the observed dilation sam-
ples in a recent window are {A;}. Let ;. be an empir-
ical quantile estimate and let m be a margin that grows
when sample size is small or variance is high. Then

Yeolk) = Gime(k) + m(k) + aZi(k). (11)
The margin m can be constructed from concentration
bounds or bootstrap intervals, but the policy only requires
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that it increases under uncertainty. This design ensures
that during regime changes, the controller errs on the side
of conservatism until sufficient new data is collected [46].

A key integration detail is how to estimate effec-
tive capacity C°(x). One approach is to compute per-
resource headroom factors 6,.(t) € (0, 1] such that C¢(¢) =
0,.(t)C,. The factor 6§, decreases when fragmentation
is high or when external bottlenecks are saturated. For
GPUgs, 6 can be tied to the fraction of free GPUs that be-
long to blocks of size at least the typical large-job request,
or to a placement success probability estimated from re-
cent scheduling attempts. For network and storage, 6 can
be tied to measured queue depths, throughput saturation,
or tail of I/O latency. This reduces effective capacity when
the platform is stressed in ways that correlate with tail de-
lays, even if nominal utilization is not extreme [47].

The resulting admission control policy can be sum-
marized operationally as follows in plain terms: compute
conservative effective demand for each arriving job using
quantile-aware inflation; compute effective capacity using
fragmentation and saturation indicators; admit the job if ef-
fective demand fits within capacity minus dynamically reg-
ulated slack; update tenant and global virtual backlogs pe-
riodically based on observed tail metrics; use these back-
logs to adjust inflation and slack. This architecture sepa-
rates measurement and control from placement, allowing
the admission controller to act as an outer loop compati-
ble with different schedulers. It also makes tail latency an
explicit control objective rather than an emergent property
of scheduling [48].

5. Theoretical Properties and
Predictability Characterization

let y; (k) be the number of tenant ¢ jobs completed dur-
ing interval k. The system backlog of admitted but not
yet completed jobs evolves as a queueing process influ-
enced by the scheduler and service times. Tail violations
are measured on completed jobs; let b;(k) be the num-
ber of completed jobs of tenant ¢ in interval k that violate
the completion threshold ¢;. The empirical violation rate
over the interval is U;(k) = b:(k)/ max(1,y:(k)), possi-
bly smoothed. The virtual queue update [50]

12)

Zt(k—f— 1) max(O, Zt(k’) + i)\t(k') — Et)

can be interpreted as enforcing the time-average constraint
limsupy_, . & Zf:_ol Us(k) < € when Z; is stable.
Specifically, if Z; (k) is rate-stable in the sense that Z; (k) /k —
0, then summing the update inequality implies that the
average violation rate cannot exceed €¢; by more than a
term that vanishes with K. This connects virtual-queue
stability to long-run satisfaction of tail-risk constraints
measured as violation frequencies.

The remaining question is whether the admission
controller can ensure stability of Z; while maintaining
utilization [51]. The admission policy affects ;(k) indi-
rectly through system load and interference. To make this
tractable, suppose there exists a monotone relationship
between an effective load metric A(k) and the expected
violation rate. The effective load metric can be defined
as the maximum across resources of inflated utilization
relative to effective capacity:

14

A(k) max T(k)a,.(k:) . (13)

re{l,...ry Cf(k) —

The slack o (k) is determined by the global backlog G(k),
and the inflated utilization U (k) includes admitted jobs

A complete proof of percentile guarantees for non-stationary, ¢.,jeq by inflation factors. Under such a metric, values

multi-resource, interference-coupled training systems is
generally infeasible because the environment violates clas-
sical assumptions of stationary arrivals and independent
service times. Nonetheless, it is useful to provide a char-
acterization that explains why virtual-queue tail-risk reg-
ulation can stabilize tail behavior and how it relates to
quantile constraints. The analysis in this section treats
the admission controller as a feedback system that aims
to keep the system inside a safe region of effective load,
while the virtual queues serve as integral controllers that
push the operating point back toward compliance when
tail violations occur.

Consider a simplified discrete-time model at update
epochs k with interval length A [49]. Let a;(k) be the
number of jobs of tenant ¢ admitted during interval k, and

of A(k) close to 1 indicate that the system is operating
near the effective capacity boundary, where queueing and
interference are likely to produce heavy tails.

Assume that for each tenant ¢ there is a non-decreasing
function f;(-) such that [52]

E[0n(k) [ A(R)] < fu(A(K)), (14)

with fiy(A) < € for A < A} and fi(A) > e for A > A}
This captures the notion of a safe load region where tail vi-
olations are unlikely, and an overload region where viola-
tions become frequent. The admission controller seeks to
keep A(k) below the relevant thresholds most of the time.
Because the functions are unknown and time-varying, the
virtual queues provide a mechanism to adaptively push the
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system toward the safe region without explicit knowledge
of fi [53].

To see the stabilizing effect, consider the case where
inflation y; (k) increases with Z; (k). When Z; grows, ten-
ant ¢ jobs consume more effective capacity in the admis-
sion check, leading to fewer admissions a;(k) when ca-
pacity is constrained. This reduces load contribution from
tenant ¢, which in turn tends to reduce A(k) and thereby
reduce ¥;(k) in expectation. Thus, the feedback is nega-
tive: high violations lead to larger Z;, which leads to re-
duced admissions and lower future violations [54]. A sim-
ilar argument holds for the global backlog G/(k), which in-
creases slack and reduces overall admissions when global
tail metrics deteriorate. The combined effect is an inte-
gral control loop that reduces sustained overload episodes,
which are a primary cause of tail blowups.

A Lyapunov-style argument can formalize this intu-
ition. Define a Lyapunov function [55]

o 1
~G(k)*.
Using the virtual queue updates and bounding the one-step

drift AV(k) = E[V(k + 1) — V(k) | state at k], one
obtains inequalities of the form

T
) < B+ Y Z(k)E[Di(k

5)

N =

AV (k — ¢ | state] + G(k

(16)

for some finite constant B that captures bounded second
moments of the increments. If the admission control de-
cision at time k is such that when Z;(k) and G(k) are
large it drives the conditional expectations negative, then
the drift becomes negative outside a compact set, imply-
ing stability of the virtual queues in the sense of bounded
expected backlog. The practical meaning is that the con-
troller adapts admissions to maintain compliance with tail-
risk constraints over time.

To connect this to percentile completion time, note
that the violation indicator for job j of tenant ¢ is 1{L; >
¢;}. The time-average of these indicators over completed
jobs approximates the tail probability at threshold ¢; [56].
When virtual queues are stable, the time-average violation
rate is controlled. This does not by itself guarantee that
the p99 of L is bounded in every window, but it enforces
that sustained operation with excessive tail violations is
corrected. In systems with non-stationary arrivals, this is
a realistic notion of predictability: the controller reduces
the frequency and duration of tail-degraded regimes.

The analysis also clarifies the role of conservative
inflation and slack [57]. If inflation v and slack o are too
small, the system may operate frequently with A near or
above 1, where f;(A) exceeds ¢; and Z; drifts upward,
causing oscillations and extended deferrals. If inflation
and slack are too large, the system underutilizes capac-
ity, reducing throughput and possibly increasing admis-
sion delay A; unnecessarily. The virtual queues allow dy-
namic tuning: when tails are healthy, Z; and G decrease,
reducing conservatism and improving utilization; when
tails degrade, conservatism increases [58]. This adaptive
behavior is essential in marketplace environments where
demand surges can be episodic, such as during seasonal
events, promotions, or catalog refreshes.

A final aspect is multi-resource coupling. The effective-

load metric A uses the maximum across resources, which
is conservative but reflects the reality that overload in a
single bottleneck, such as network or storage, can domi-
nate tails even if GPU utilization is moderate. Admission
control based solely on GPU headroom may therefore fail
to protect tail latency [59]. The use of effective capaci-
ties C°I' that incorporate saturation indicators for shared
services addresses this. The theoretical picture is that the
admission controller regulates the system away from re-
gions where any critical bottleneck is saturated, because
such saturation correlates with heavy-tailed delays in both

ueuet and executio
Uglob (K] — €glob | State]

6. Implementatlon and
Experimental Evaluation

Implementing cluster-level admission control in a produc-
tion ML platform requires careful separation of concerns.
The admission controller should not replace the scheduler
but should act as a gate that shapes the workload presented
to the scheduler. This allows incremental deployment
and avoids rewriting placement logic [60]. The controller
needs access to job metadata at submission, cluster teleme-
try, and a mechanism to defer or redirect jobs. In many
platforms, submission goes through a centralized service
that validates requests and forwards them to the scheduler.
Admission control can be integrated at this layer, where
it can respond quickly and provide consistent semantics
for deferral, such as returning a queued status with an es-
timated admission time [61].

A practical implementation defines job categories
based on resource shape and training pattern, because
tail behavior differs significantly between, for example,
single-node multi-GPU jobs and multi-node distributed
jobs. Categories can be determined from requested GPU
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count, whether the job uses distributed communication,
and whether it performs heavy input preprocessing. For
each category and tenant, the controller maintains rolling
statistics of observed startup delay, runtime dilation, and
completion time. Because training jobs may run for hours,
feedback is delayed [62]. To mitigate delayed feedback,
the controller also tracks leading indicators such as storage
I/O latency, network congestion, and recent scheduling
failure rates for similar shapes. These indicators inform
the effective capacity estimator C*!" and can provide early
warning of tail degradation before completion statistics
are available.

The controller’s data path consists of three main
components. The first component is a telemetry collec-
tor that aggregates per-resource utilization, fragmentation
metrics, and shared-service saturation signals at a cadence
on the order of seconds to minutes. Fragmentation met-
rics for GPUs can be derived from the scheduler’s view
of free device groups and placement feasibility checks
[63]. The second component is a tail estimator that com-
putes empirical quantiles for dilation and startup delay per
tenant-category pair, together with uncertainty margins
that widen when sample sizes are small or variability in-
creases. The third component is the admission decision
engine that computes effective demand inflation ~, slack
o, and then applies the admission inequality using current
effective utilization and capacity. The decision is deter-
ministic given inputs, which supports auditability [64].

Deferral semantics matter for user experience. In-
stead of rejecting, the controller can enqueue jobs in an
admission queue per tenant, releasing them when the ad-
mission check passes. This makes A; explicit and control-
lable. Tenants can be provided with visibility into admis-
sion backlogs and expected release times [65]. For inter-
active workloads, the platform can allow tenants to mark
certain jobs as urgency-critical, which increases their util-
ity u; and makes them less likely to be deferred, subject to
global risk budgets. For periodic retraining, the platform
can allow jobs to be submitted ahead of deadlines so that
controlled admission delay still permits predictable com-
pletion.

To evaluate the policy, one can use trace-driven sim-
ulation or a prototype on a test cluster. A trace-driven ap-
proach is often practical because production tail behavior
emerges over long periods and under diverse workloads
[66]. The evaluation compares the proposed risk-budgeted
admission controller against baselines such as no admis-
sion control, simple utilization-threshold gating, and per-
tenant quota-based throttling. The primary metrics are
p95 and p99 of time-to-start and time-to-finish for each

tenant, the fraction of jobs missing deadline thresholds,
and cluster utilization. Secondary metrics include fairness
across tenants and the stability of admission backlogs.

In a representative trace derived from a marketplace
ML platform, arrivals exhibit diurnal patterns and corre-
lated bursts at dataset refresh times [67]. The workload
includes a mix of small single-node jobs and large dis-
tributed jobs that require multiple nodes. Under no admis-
sion control, utilization remains high but p99 time-to-start
exhibits large spikes during bursts, and p99 completion
time for some tenants exceeds refresh-window thresholds.
Simple utilization gating improves mean queueing but of-
ten fails to protect tails because it ignores fragmentation
and shared-service saturation; p99 delays can remain large
even when average GPU utilization is below the threshold,
particularly when large jobs cannot be placed due to scat-
tered free GPUs [68]. Quota-based throttling enforces fair-
ness but does not explicitly target tail metrics, and can still
permit regimes where correlated bursts cause tail blowups.

Under the proposed policy, effective capacity de-
creases during periods of high fragmentation and shared-
service saturation, which triggers more conservative ad-
mission. Virtual backlogs Z; and G rise when tail vio-
lations are observed, increasing inflation and slack and
thereby reducing admissions until tail metrics recover.
Empirically, this reduces the frequency and duration of
tail-degraded regimes [69]. The p99 time-to-start de-
creases because fewer jobs are admitted into the sched-
uler queue when placement feasibility is low, reducing
contention and failed placement churn. The p99 com-
pletion time decreases because admitted jobs experience
less interference on network and storage bottlenecks, and
because large distributed jobs are less likely to start in
suboptimal placements that increase straggler effects. Uti-
lization remains comparable because the controller relaxes
conservatism when tails are healthy, admitting more work
to fill capacity.

An important observation in such evaluations is that
controlled admission delay can increase median latency
for some low-priority jobs, because they may be deferred
during tail-risk spikes [70]. However, the distribution be-
comes tighter, and high-percentile latencies improve. In
marketplace settings, this trade-off can be acceptable if
low-priority jobs are not tied to strict deadlines, and if the
platform communicates admission delay explicitly. For
high-priority tenants, the controller can be configured with
lower sensitivity o and higher utility weights, resulting in
fewer deferrals while still benefiting from global tail-risk
regulation [71]. This yields differentiated service while
maintaining cluster-level predictability.
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The policy’s dependence on quantile estimates raises
concerns about estimation error. Trace-driven results typ-
ically show that uncertainty margins are important during
regime changes, such as after a software update that affects
input pipeline performance or after a seasonal traffic shift
that changes training data size. When margins are omit-
ted, the controller may under-react initially, allowing a tail
blowup that then causes large virtual backlogs and aggres-
sive throttling [72]. With margins, the controller becomes
conservatively reactive earlier, preventing extreme tails at
the cost of modest temporary underutilization. Over time,
as new samples accumulate, margins shrink and utiliza-
tion recovers.

Another practical factor is the interaction with the
underlying scheduler. If the scheduler already imple-
ments gang scheduling for distributed jobs and has strong
placement heuristics, fragmentation tails may be reduced,
and the admission controller primarily regulates shared-
service saturation and burst overload [73]. If the scheduler
has weaker placement and experiences frequent retries,
the admission controller can provide larger benefits by
keeping the queue smaller and reducing placement churn.
In both cases, the controller’s state inputs should include
scheduler-specific signals that correlate with tail behavior,
such as placement failure counters, average scheduling
cycle time, and the distribution of queued job shapes.

Opverall, the evaluation indicates that cluster-level ad-
mission control targeted at tail predictability can be effec-
tive when it uses conservative effective-load gating and
feedback regulation based on observed tail violations [74].
The improvements are not tied to a specific model archi-
tecture or training framework; rather, they arise from reg-
ulating the shared resource environment in which diverse
training jobs execute. In e-commerce marketplace ML
platforms, where deadlines and cadence matter, this form
of predictability can be as operationally important as raw
throughput.

7. Conclusion

Multi-tenant ML training clusters in e-commerce market-
place platforms face a predictability problem that is not
well captured by average utilization or mean waiting time.
Tail latency emerges from bursty correlated arrivals, multi-
resource and topology constraints that induce fragmenta-
tion, and interference effects that dilate runtime through
network, storage, and synchronization bottlenecks [75].
This paper presented a cluster-level admission control ap-
proach that treats tail predictability as a controllable objec-
tive by shaping which jobs are admitted into the scheduler

under current conditions. The proposed policy combines
quantile-aware effective-load estimation with a virtual-
queue tail-risk regulator that adapts conservatism based
on observed SLO violations, using dynamic demand infla-
tion and slack reservation to avoid sustained operation in
tail-degraded regimes.

The formulation decomposes completion latency
into admission, queueing, and execution components, which
clarifies why admission control can be preferable to uncon-
trolled queue growth when the goal is predictable high-
percentile behavior. The virtual-queue mechanism pro-
vides a practical link between percentile-style constraints
and enforceable feedback control, and an analytical char-
acterization suggests that stability of the virtual backlogs
corresponds to controlling long-run violation rates [76].
Implementation considerations emphasize compatibility
with existing schedulers and reliance on telemetry com-
monly available in ML platforms, including fragmentation
indicators and shared-service saturation signals. Trace-
driven evaluation discussion highlights the expected trade-
offs, where controlled admission delay may increase me-
dian latency for some workloads but reduces p99 delays
and deadline misses while preserving utilization through
adaptive relaxation when tails are healthy.

In marketplace environments where model refresh
cadence and workflow timing are operational constraints,
cluster-level admission control offers a structured way to
trade off utilization and predictability without requiring in-
trusive changes to training frameworks. The broader im-
plication is that training platforms benefit from service-
like control loops that operate on quantile-oriented met-
rics, complementing placement and scheduling with an
outer layer that limits exposure to tail-risk regimes [77].
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