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Abstract
Learned schedulers, admission policies, and placement mod-
els are following training and serving workloads onto the
GPUs people already own: volunteer swarms, marketplace
!eets, and single-box agents built fromRTX-class parts.What
blocks trusting them there is not model quality but a hard-
ware assumption gap. The best documented production run
sets the !oor. Llama 3 training on 16,384 ECC-protected
H100s still took an unexpected interruption roughly every
three hours and caught six silent corruptions. Consumer
!eets sit below that !oor on every clause: throttling that
moves feature distributions, non-ECC memory, deep hetero-
geneity, and nobody on call. Four stated-model experiments
price the consequences, including an interaction the commu-
nity has not priced: int4 quantization multiplies the damage
of a single bit !ip 4.4→ over fp16, precisely on the !eets that
can least a"ord it. We propose F!""#C$%#&’(#, a three-
clause admission contract: a measured capability report, a
per-feature stability envelope with refusal, and a mandatory
strati#ed canary. Simulators and reference contract checks:
h!ps://github.com/hanabhp/fleet-contrast.

CCS Concepts: • Computer systems organization↑ Re-
liability.

Keywords: consumer GPUs, learned systems, reliability, de-
ployment, silent data corruption, ML for systems
ACM Reference Format:
Hannah B. Pasandi, Mohammad Hosseini, and Sina Darabi. 2026.
Learning on theGPUs theWorldOwns: A Fleet Contract for Learned
Systems on Commodity Hardware. In Practical Adoption Chal-
lenges of ML for Systems (PACMI ’26), September 29–October 2,
2026, Prague, Czech Republic. ACM, New York, NY, USA, 6 pages.
h!ps://doi.org/10.1145/3843967.3844681

This work is licensed under a Creative Commons Attribution 4.0 Interna-
tional License.
PACMI ’26, Prague, Czech Republic
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2998-0/26/09
h!ps://doi.org/10.1145/3843967.3844681

learned controller (features ↑ model ↑ actions)

stable clocks ECC memory uniform devices sta"ed rollout
assumed

assumption boundary

thermal throttling non-ECC heterogeneous push and hope
provided

Figure 1. Four assumptions the datacenter quietly provided;
the consumer !eet breaks all four, and the controller cannot
notice.

1 Introduction
Meta’s Llama 3 report is the cleanest ledger we have of
what large-scale training costs in reliability: 54 days on
16,384 H100s, 466 job interruptions, 419 of them unexpected,
roughly one every three hours, 78% traced to hardware,
and six silent corruptions caught only because every part
had ECC [17]. That is the pampered regime; now move the
workload where it is heading. Petals serves a large model
across donated GeForce cards on home cooling and home
power [3], and Han’s AgenticOS keynote framed the direc-
tion plainly: run training and inference on the GPUs people
already own [8]. Schedulers, placement models, and admis-
sion policies [14, 18, 20], built for the #rst regime, now aim
at the second. Nobody has written down what they lose in
the move.
What breaks is not the model. It is the platform contract

underneath it. A learned controller trained on datacenter
telemetry inherits four assumptions it never states: feature
distributions hold because cooling holds clocks, computation
is correct because ECC scrubs it, devices are interchange-
able because procurement binned them, and rollout is safe
because someone sta"ed canaries and dashboards. Figure 1
names the four. A consumer !eet voids every one,1 and be-
cause the assumptions were never written down, the con-
troller cannot notice when they go.

Why is this not already solved by monitoring, robust train-
ing, or an ops playbook? Monitoring observes a controller
after admission; every failure in this paper happens silently
inside an admitted controller, so the watch starts one step
1Workstation RTX parts (A and Ada series) can switch on ECC; the GeForce
cards that #ll volunteer pools and GPU marketplaces cannot.
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too late. Robust training hardens a model against noise it
has seen; it cannot decide whether one speci#c 3060 with
one speci#c thermal history should run the model at all. And
the rollout discipline that decided adoption in prior deploy-
ments [9, 11] assumes an operations team these !eets have
none of. The two literatures that could meet here do not: de-
mocratization optimizes throughput and cost on commodity
parts, reliability work documents the datacenter, and neither
writes the contract a learned controller needs on the #rst,
built from the lessons of the second.
Our position #ts in one sentence: a learned controller on

a commodity !eet must earn admission per device against a
measured contract, and must refuse loudly when the measure-
ment fails. The lever that makes this cheap already exists:
every clause the datacenter provided implicitly is checkable
explicitly, with a short benchmark, an interval test, and a
sampling rule, each a few lines of runtime logic below the
controller.

• We name the implicit platform contract of deployed
learned systems and show that a consumer !eet voids all
four clauses at once (§2).

•We quantify the gap with four stated-model experiments:
throttling drives a predictor from 2.4% to 21.7% error; encod-
ing separates a 9-point reward loss from a 58-point collapse
under identical bit !ips; a 1% canary admits up to 13.6%
!eet harm where a 5% strati#ed slice stays under 2.9%; int4’s
shared scales raise per-parameter corruption exposure 24%
over fp16 (§4).

•We specify F!""#C$%#&’(#, a measured capability re-
port, a per-feature stability envelope that refuses to a fallback
heuristic, and a mandatory strati#ed canary, and we argue
why these three clauses and not others (§5); we release the
simulators and reference checks, and state the on-!eet pre-
dictions that would falsify each experiment (§7).

Broader impact. The contract decides who gets protected
when democratized AI meets the hardware people can ac-
tually buy. Emerging-region services run int4 on the oldest
cards because that is where unit economics close [2], and
the energy and carbon of a silently wrong rollout land on
whichever !eet serves it, a bill test-time compute is already
in!ating [22]. Refusal semantics are consumer protection
here: a device owner learns their card was refused and why,
instead of serving degraded answers into someone else’s
product. The risk cuts the other way too: gatekeeping that ex-
cludes the hardware democratization meant to reach, which
is why envelope width is a policy knob, not a #xed number.
Scope and boundary conditions. Every number here

comes from a simulation with a stated model; we claimmech-
anisms and orderings, not !eet forecasts or deployment, and
§7 lists the on-hardware predictions that would falsify each
experiment. The contract targets the platform assumptions
of learned controllers, not an adversarial device owner, en-
ergy budgets, or weight hardening, and §5 says why those
stay out. Two boundary cases: on a workstation !eet with

Table 1. The implicit platform contract, and its status on a
consumer !eet.

Assumption Datacenter Consumer !eet

Feature distributions
stationary

Cooling holds clocks;
drift is slow [16]

Throttling moves fea-
tures within minutes

Computation is cor-
rect

ECC; SDC hunted at
scale [4, 10]

Non-ECC; !ips land in
weights and features

Devices interchange-
able

Homogeneous SKUs,
binned

VRAM, thermals, drivers
all vary

Rollout is sta"ed Canaries, dashboards, on-
call [11]

Push and hope

ECC enabled, clause 2 still pays because throttling and het-
erogeneity remain, and on a single box the canary clause
is vacuous while the report and envelope still apply, so the
contract degrades gracefully to 𝐿=1.

2 What Learned Systems Assume
The deployed ML-for-systems literature, read as a platform
speci#cation, yields Table 1; the assumptions are rarely writ-
ten down, they arrive with the training data. Each is individ-
ually reasonable in a datacenter and individually false on a
consumer !eet, and the failures compound: a drifted feature
on a corrupted model, rolled out with no canary, is exactly
the silent, unattributable degradation PACMI retrospectives
keep reporting [16, 19].

Is the regime real or extrapolated? Both, and it pays to say
which is which. Real today: Petals routes requests across a
public, heterogeneous swarm of donated cards [3]; training
across multi-cluster consumer GPUs is a SIGCOMM result,
not a forecast [15]; and the agentic stack is placing schedulers
and resource controllers on single consumer machines by
design [26, 27]. Extrapolated: !eets of tens of thousands of
such devices running learned admission end to end. Most
academic consumer-GPU setups today are a dozen cards in
a lab, a fair objection, and our answer is that the contract
prices per device, not per !eet: the report and envelope pay at
𝐿=12 exactly as at 𝐿=10,000, and the canary clause switches
on only when the !eet does.

3 The Floor Is Datacenter-Shaped
The strongest argument that the consumer !eet is a di"erent
regime is how hard the datacenter regime already is, on the
numbers already on the table from §1. Kokolis et al. general-
ize the picture across 150 million A100 GPU-hours: failure
rates thatmake time between failures a #rst-order design con-
straint, plus lemon nodes that fail far above the median [13].
MegaScale needed deep observability just to attribute strag-
glers at 10,000-GPU scale [12], and even then clouds validate
components proactively, because gray failures pass health
checks and surface as user-visible degradation [25]. Hold
the picture: ECC memory, one SKU, redundant cooling, a
sta"ed control room, still an interruption every three hours,
a validation layer in front of every job, every mitigation the
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consumer !eet lacks. The !oor is not a baseline the !eet
starts from; it is a ceiling the !eet cannot reach.

4 The Gap, Measured
Four stated-model experiments quantify what the broken
clauses do. Each simulation is transparent so the mechanism
is inspectable; none claims !eet realism, §7 lists what would
falsify each on real hardware, and the scripts behind every
plotted point ship with the paper.2

E1: throttling breaks the feature contract. Throughput
and latency predictors are the input every deployed learned
scheduler shares, from device placement [20] to cluster sched-
uling [18], so we stress that input #rst: we train a predictor
on features collected at nominal clocks, then evaluate as
thermal throttling deepens, under a linear feature-to-clock
model with measured GDDR6 sensitivities.3 Figure 2a shows
error growing from 2.4% at nominal to 21.7% at 40% depth;
the controller never fails loudly, it just becomes con#dently
wrong. A ±8% per-feature stability envelope, clause 2 be-
low, admits the device only to about 15% depth, where error
still sits at 7.0%. What breaks is the input distribution; the
envelope converts that into refusal instead of silent error.
E2: what corruption breaks depends on the feature

encoding, not the !ip rate.We inject uniform bit !ips at
rate 𝑀 into the state of two controllers that share a policy and
di"er only in what they read: a bandit scheduler on normal-
ized, bounded features, and the same policy on thresholded
raw counters. Figure 2b sweeps 𝑀 from 10↓5 to 10↓2 per
parameter-step. The bounded variant slides from 97.4% to
88.5% reward because clipping absorbs outliers; the thresh-
olded variant collapses to 38.9%, since one !ipped register
crosses a threshold and latches a wrong branch. Fragility
lives in the encoding, checkable before deployment. Uniform
!ips are the simplest member of the fault family; real corrup-
tion clusters by row and bank and tracks the workload [4, 10].
The claim survives because it is comparative: a correlated
burst still latches one wrong branch in the thresholded reg-
ister, while bounded features average it away, so clustering
should widen the gap (a §7 prediction).

E3: canaries do not miniaturize. With device-type fail-
ure probability𝑁 , a canary catches a failure only if it contains
the failing type. We model a 10,000-device !eet with realistic
type skew and measure !eet harm, the tra$c share a bad
model serves before detection; shipping to everyone scales
harm linearly with 𝑁 . We #rst sized the slice at 1% because
that is what we would have shipped ourselves; watching
it miss the failing family in 93 of 100 draws at moderate 𝑁
is what pushed us to a strati#ed !oor. Figure 2c shows the
2h!ps://github.com/hanabhp/fleet-contrast, MIT license; the experiments
run on stock Python with no dependencies.
3Throttle depth is the fraction of nominal sustained clock lost under load:
at 40% depth, a card rated for 2.5 GHz holds 1.5 GHz.

result: the 1% slice admits harm up to 13.6%, while a 5% strat-
i#ed slice, sized so every device type appears, bounds harm
under 2.9% everywhere we sweep. The datacenter never met
this failure; its canaries sampled a homogeneous population.
E4: model choice and device choice interact. The ex-

periments above hold the model #xed; the !eet does not get
that luxury. Small VRAM forces a choice between quantizing
and o%oading past device memory [7, 24], and here is the
surprising bit: each looks benign alone, and together they
are not, in two measurable ways.

Fit decides admission. Let 𝑂 be model footprint over device
VRAM. Our timing model keeps per-token latency stable
while themodel is resident (𝑂 ↔ 0.85) and adds a host-transfer
term, ampli#ed by thermal jitter, once it spills. Figure 3a
sweeps admitted fraction against 𝑂 at three throttle depths.
The moment the model spills, admission collapses, because
o%oading routes every token through the host path where
thermal variance is largest; at 30% depth nothing is admitted
at any 𝑂 , consistent with E1. On this !eet, a model that #ts
is an admission decision, not a performance preference.

Format decides blast radius.Quantization shrinks the target
a !ip can hit, but block formats share scale factors, so one !ip
in a scale corrupts every weight in its block. Under a uniform-
!ip model, the expected weights corrupted per !ip are 1.0
for fp16, 3.0 for int8 at group size 128, and 4.4 for int4 at
group size 32 (Figure 3b). Fewer resident bits do mean fewer
!ips: int4 holds 28% of fp16’s bits per parameter. Multiply
through and per-parameter exposure still rises 24% moving
from fp16 to int4. Each factor is modest; the product is the
point. The !eets that most need aggressive quantization, the
ones without ECC, are exactly where its blast radius costs
most, and no per-format guardrail exists today.

5 The Fleet Contract
The experiments share a shape: each failure was invisible
to the controller and cheap to detect one layer below it.
F!""#C$%#&’(# is that layer, three clauses evaluated per
device (Figure 4).

Clause 1: ameasured capability report. Before a device
runs a learned controller, it runs a short benchmark: sus-
tained clocks under load, memory error screening, transfer
bandwidth, latency spread, SuperBench’s proactive-validation
lesson [25] carried to hardware that never sees a cloud health
checker. The report, not the spec sheet, is the device’s iden-
tity.

Clause 2: a stability envelope with refusal. Every fea-
ture declares a validity interval around its training distri-
bution; a device outside it is refused and falls back to the
non-learned heuristic, turning the drift PACMI has docu-
mented in production [1, 16] into an explicit, loggable event,
as E1 and E4a show.
Clause 3: a canary slice that cannot be skipped. No

model version reaches the !eet without a strati#ed slice, sized

https://github.com/hanabhp/fleet-contrast
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device joins report envelope canary serve
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Figure 4. F!""#C$%#&’(#: admission is earned per device
(1, 2) and per version (3); refusal falls back to the existing
heuristic.

so every device type is represented; E3 puts the !oor near 5%
for realistic skew, importing the rollout discipline from prior
PACMI deployments [11] into !eets with no rollout sta", a
property of the update path, not a team.
Why these three clauses and not others. Each clause

answers one broken row of Table 1: the report answers het-
erogeneity and screens correctness, the envelope answers
stationarity, the canary answers rollout, heterogeneity cov-
ered twice on purpose. The contract converts the four silent
failures of §4 into loggable refusals; it does not defend against
an adversarial device owner, budget energy or thermals, or
harden the model itself, complements that belong to other
layers, not substitutes for this one [27]. Clauses we cut: a dri-
ver pin (inside the report), an accuracy SLO (policy above the
contract), continuous retraining (treats drift as data, never
safe by default).
The contract is deliberately boring, three checks, a few

lines of runtime logic, each producing an auditable record;
what changes is the default. Today a learned controller as-
sumes admission and fails silently. Under F!""#C$%#&’(#
it earns admission and refuses loudly.

6 Who Bears the Mismatch
Position papers should say who is exposed, because the bear-
ers are rarely the people who publish papers; Table 2 does.
The pattern is uncomfortable: !eets with the least slack are

Table 2.Who bears the mismatch.
Deployment Forced choice Dominant exposure Cl.

Volunteer
pool [3]

int4 + o%oad on
mixed cards

blast radius (E4b), hot-
node drift (E1)

1+2

Garage train-
ing pod [15]

no ECC, consumer
parts

silent corruption (E2) 1

Emerging-
region ser-
vice [2]

oldest cards, int4,
thin margins

admission collapse (E4a),
no rollout sta"

2+3

On-prem agent
box [26]

resident SLM,
tight latency

drift breaks latency
model (E1)

2

pushed hardest toward the exposed con#gurations, aggres-
sive quantization, o%oading, aged devices, and are least able
to detect or absorb the failure. The contract does not make
their hardware better; it makes the exposure visible before
users do, with a de#ned refusal path instead of a silent one.

7 Discussion
Doesn’t refusal cost coverage? Yes, and that is the policy
knob: the key tension is coverage against admitted error, and
E1 makes the trade explicit rather than leaving it implicit at
width in#nity.

What would falsify this. On real !eets: predictor error
should show a knee at documented throttle depths (E1);
incident rates in non-ECC deployments should track weight
format at #xed model quality (E4b); clustered faults should
separate encodings at least as widely as uniform !ips do (E2);
and !eets canarying below the strati#cation !oor should hear
about failures from users, not telemetry (E3). Any of these
failing to appear would weaken the position.

8 Related Work
Democratization [3, 5, 7, 15, 23, 24] and datacenter relia-
bility [4, 10, 12, 13, 17, 25] are the two stacks §3 bridges.
PACMI [1, 6, 9, 11, 16, 19] and learned systems [14, 18, 20–
22, 26, 27] complete the picture.

9 Conclusion
We introduced F!""#C$%#&’(#, a three-clause admission
contract, a measured capability report, a stability envelope
with refusal, and a strati#ed canary, that lets a learned con-
troller earn admission on a commodity !eet rather than
assume it. We showed that throttling, non-ECC memory,
heterogeneity, and unsta"ed rollout each silently break de-
ployed controllers, and that quantization and device choice
interact in ways the #eld has not priced. The contract turns
those silent failures into loggable refusals.
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