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. A short tour of (object-centric) process mining
. Turning live SLURM state into object-centric event data
One week of CLAIX, through different lenses

Predicting job outcomes (and where it breaks down)
Where this is going
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Process mining 101: from log to traces

Event log (source)

Case Activity Time
A Submit 09:00

A Check 0915
A Approve 09:30
A Pay 09:35
B Submit 09110
B Check 09:25
B Reject 09:40
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Process mining 101: from log to traces

Event log (source)

Case Activity Time

A Submit  09:00 Per-case traces

. -
2 gggf:ve (5)99;(5) Case A [SubmitH Check H Approve H Pay |
' rou -
A Pay 09:35 9P case B (SubmitHCheckHReject)
B Submit 09110 Dy case —
B Check  09:25 Case C [SubmitH Check H Approve H Pay |
B Reject 09:40
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Process mining 101: from traces to a model

Case A (SubmitH Check H Approve HPay |
Case B [SubmitH{Check}HReject]
Case C (SubmitH Check H Approve H Pay |

Under the Hood of HPC - Aaron Kusters NHRZ &vioe  EVEE ‘R‘NTH



Process mining 101: from traces to a model

Case A (SubmitH Check H Approve HPay |
Case B [SubmitH{Check}HReject]
Case C (SubmitH Check H Approve H Pay |

J discover |

Approve |+ Pay
(» > Submit }~{ Check
Reject

Under the Hood of HPC - Aaron Kusters NHRZ &vioe  EVEE ‘R‘NTH




Process mining 101: predicting from a partial trace

Case D, so far: [Submit}[CheCk}(:';?:j:
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Process mining 101: predicting from a partial trace

Case D, so far: [Submit}[Check}:\f’_}:j:

{ predict |
from trace prefix, time, case attributes, history aggregates
o 8
Outcome Next activity Remaining time
Approve or Reject? What is the next step? How long until done?
1 this talk 1 this talk
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One event, many objects

Real events rarely belong to a single
case. A Pay Order event involves an
order, several items, and a customer.

(Order O7) (Customer C1)
Flatten on order and you lose the 7 "
(Pay Order|
customer. —
Flatten on customer and you lose the (Item /1) \Utem 2)
items.
OCPM keeps all object types at once.
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Object-centric event logs (OCEL)

(Place Order — Order O1)

[Pick ltem )=

oy o) <

[Pack Items] (Customer C1)

Events on the left, objects on the right. Each event links to any number of
objects of any types. Object types here: Order, Item, Customer.
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A SLURM job, as a process

PP sbatch scheduled finishes
{Initial Pending ) Running ) —(Completed
S g { J scancel >< J fails ( P )
scancel
Cancelled)

SLURM defines the process. Our job is to capture each transition and
enrich it with the context around it: host load, account, partition, ...
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Turning a live cluster into an
event log



Turning a live cluster into an event log

The gap

C ???
& > G
HPC Cluster OCEL

e SLURM doesn't ship an event log. It exposes shapshots of the current
state.

e Two paths in: query the internal database, assuming it contains
historical data, or repeatedly poll the current state every few seconds.

 We chose polling. It is portable, reproducible, and works without admin
rights.
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Turning a live cluster into an event log
Slurry: poll, diff, emit events

slurry is a small Rust crate that wraps the polling loop:
o fetch the current cluster state every ~5 s

e parse it into typed structs

« diff against the previous shapshot

o emit one OCEL event per state change

Same crate also handles job submission and SSH port
forwarding.

crates.io/crates/slurry - docs.rs/slurry

Credits to Uy Sa Huynh for the original implementation (bachelor thesis).
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Turning a live cluster into an event log

Extraction Loop
Idea: Periodically extract data from SLURM and look for changes

Get State O 5s
Parse
yes  Store info O Entry

_— \

ID new? no Update
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Turning a live cluster into an event log
Extraction Approach

Example: Job state changes
o Get the current job state, command, time left, etc. from SLURM
e Periodically read this state and parse it

Under the Hood of HPC - Aaron Kusters NHRZ &l EVED ‘R‘NTH
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Turning a live cluster into an event log
Extraction Approach

Example: Job state changes
o Get the current job state, command, time left, etc. from SLURM
e Periodically read this state and parse it

Time
Job 1 Job 1 Job 1 Job 1
State: Pending State: Running State: Running State: Timeout
Cmd: x.sh Cmd: x.sh Cmd: x.sh Cmd: x.sh
Time left: 5h Time left: 5h Time left: 2h Time left: Oh
Job Submitted ------------ > Job Started - > Job Timeout
Under the Hood of HPC - Aaron Kisters NHRZ- &miers  EVEE} ‘ RWTH 12



Turning a live cluster into an event log
Extraction Approach

Example: Host state changes
o Get the current host state, CPU and memory usage, etc. from SLURM
e Periodically read this state and parse it

Under the Hood of HPC - Aaron Kusters NHRZ &l EVED ‘R‘NTH
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Turning a live cluster into an event log
Extraction Approach

Example: Host state changes
o Get the current host state, CPU and memory usage, etc. from SLURM
e Periodically read this state and parse it

Time
Host n23m0042 Host n23m0042 Host n23m0042 Host n23m0042
State: mix State: mix State: drain State: down
CPU Load: 2412 CPU Load: 71.87 CPU Load: 0.6 CPU Load: 0.03
Mem. free: 16GB Mem. free: 0GB Mem. free: 52GB Mem. free: 96GB
Host Mixed ---------- > Host Low RAM = --------- > Host Draining  ----------- > Host Down
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One week of CLAIX, as data
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One week of CLAIX, as data
The shape of the dataset

One week of CLAIX, as an Object-Centric Event Log

Objects by type

Submit Job

Job Started

Job Completed

Host idle

Host planned

Host mixed

Host allocated

Job Ending

Host completing

Job Failed

Job Cancelled

Job Timeout

Job Out Of Memory
Host drainin

Job 802,185

Group

Host

Account
Host draine
Job Node Fail

Host down
Host maint
Host reserved

Partition

103 105

Events by type (magenta = job, petrol = host)

802,185
799,490
656,998
198,125
178,196
119,052
117,142
65,528
60,847
60,180
53,542
13,449
5,114
1,838
979
392
290
283
37
T T T T T
10? 103 104 10° 106

3.13M events across 19 activity types
802k jobs, 905 groups, 683 hosts, 662 accounts, 35 partitions.
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One week of CLAIX, as data
Most jobs follow the same trace

Variant

Submit Job

Submit Job

Submit Job

Submit Job

Submit Job

Submit Job

Submit Job

Job Started

Job Started

Job Started

Job Started

Job Started

Job Started

Job Started

Job Compl...

Job Failed

Job Ending

Job Cance...

Job Ending

Job Ending

Job Compl...

Job Cance...

Job Timeout

Count Percentage
99,438 M%
13,248 39.20%

4,197 ‘3.23%

3,616 .2'?3%

2,378 .1'83%

2,188 Il.ﬁﬂ%

1,615 .1'24%

Variant analysis on the job perspective.

The dominant trace is just Submit - Start - Complete.
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One week of CLAIX, as data
Same data, different lens

Cases = accounts Cases = hosts

Jan 13 Jan 14 Jan 15 Jan 16 Jan17 Jan 18 Jan19 “Jan20

A dotted chart: one row per case, time on x-axis, one dot per event. Same week, two
stories.
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One week of CLAIX, as data
What people call their scripts

Top script names on CLAIX, and how often they fail

job.sh 546 - 38% fail

run.sh 203 - 31% fail

jobScripts.zsh 183 - 32% fail

submit.sh 165 - 36% fail

133 - 0% fail

batch _array.sh
batch script.sh 121 - 40% fail

120 - 2% fail

sbatch _job gpu work.sh

batch.sh 109 - 60% fail

colour = failure rate (cluster avg 32%)

jobscript.sh 105 - 61% fail

< 32% fail
train.sh 104 - 41% fail 32-45% fail
B > 45% fail
0 100 200 300 400 500 600 700
Submissions this week
Under the Hood of HPC - Aaron Kusters NHRZ. Sroeiona UL RWTH 18
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One week of CLAIX, as data
When users actually cancel

Wait before cancel (among the 109 pending-only)

Where in the lifecycle the cancel happens

100% A

Share of cancellations

20% A

0% -

80% A

60% -

40%

5%
(109)
[ ]

Pending
(never started)

95%
(2,183)

Running
(already executing)

Pending cancellations

40 A

w
o
I

N
o
I

[a
o
I

<1min 1-10 min 10-60 min 1-24h > 1 day

Of 2,292 cancelled jobs, 95% were cancelled after the job had already started running.
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NHR
CES

NHR for E-I '
Computational o ;

Zzige':: :::: 9 i “ I'q Chair of Process
he © and Data Science

RWNTH 19




One week of CLAIX, as data

Hosts have a process too
Free memory (MB) CPU load

Attribute Values Over Time for host_n23m0042 Attribute Values Over Time for host_n23m0042

ssssssssss

eeeeeeee
uuuuuuuuuuuuuu

150
©
E
s
100,
50
CL
06:00 12:00
Jul 28, 2025

Same host (n23m0042), 24h. Left: free memory drops in steps as jobs land. Right: CPU load
climbs to capacity. Every change is an OCEL event on the host object.
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One week of CLAIX, as data
Emergency shutdown

Activity Job Cancelled Job Completed Job Ending I Job Failed [ Job Node Fail [l Job Out Of Memory Job Startec Job Timeout Submit Job
6000
5000
4000
2
=
o
>
w
S
$ 3000
Qo
£
=1
Z
2000
1000 II III I I II I I I I III II
o
Jul 19 Jul 22 Jul 25 Jul 28 Jul 31 Aug 12
2025
Time
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Predicting what jobs will do
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Predicting what jobs will do
From event log to predictive model

The task: given everything the cluster has seen so far, predict what this job
will do.

10,455 jobs from accounts with < 100 jobs. Two targets: outcome (6-class) and runtime.
Submit-time features only.

Account history

e prior jobs / failures / failure rate
e avg. prior runtime

e distinct cmds & dirs so far

e mem / cpu Vs user's running avg
e is-first-job flag (no prior jobs)

Under the Hood of HPC - Aaron Kusters NHRZ &hoors  EVEER ‘R\I\m-l 3



Predicting what jobs will do
From event log to predictive model

The task: given everything the cluster has seen so far, predict what this job

will do.

10,455 jobs from accounts with < 100 jobs. Two targets: outcome (6-class) and runtime.

Submit-time features only.

Account history Submission timing
e prior jobs / failures / failure rate o At since last submission
e avg. prior runtime e At since last failure

e distinct cmds & dirs so far
e mem / cpu Vs user's running avg
e is-first-job flag (no prior jobs)

Under the Hood of HPC - Aaron Kisters NHRZ tioee  BVER | Wi
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Predicting what jobs will do
From event log to predictive model

The task: given everything the cluster has seen so far, predict what this job
will do.

10,455 jobs from accounts with < 100 jobs. Two targets: outcome (6-class) and runtime.
Submit-time features only.

Account history Submission timing Job static
prior jobs / failures / failure rate ¢ At since last submission e cpus, min memory
avg. prior runtime e At since last failure e mem-per-CPU, partition
distinct cmds & dirs so far e hour, weekday
mem / cpu Vs user’s running e script ext, work-dir info
avg

Under the Hood of HPC - Aaron Kisters NHRZ tioee  BVER | Wi
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Predicting what jobs will do
Filtering accounts

Filtering small accounts re-balances the outcome distribution

Full dataset (n = 789,675 jobs) Accounts = 100 jobs (n = 10,455 jobs)
83%

90%
80%
70% 1
0 60% -
o
& 50% 1
o
£ 40%
=
0 30% 1
20%
10%

0% - T T T - " T
, X 0 ‘ X i
Comp‘eted Faled ncele T“%e\ftuof memO™ ode 7' com‘)‘e‘ed Faled ncete 1‘\‘%6\;;“0% mem©™ ode 7'

46%

8% 7%

2% 1% 0% 2% 0%

The full dataset is 83% Completed, some accounts have thousands of jobs.
To filter out organizational noise, automated scripts, and outliers, we focus on the 466
accounts with < 100 jobs (amounting to 10,455 jobs).

Under the Hood of HPC - Aaron Kisters NHRZ- & ﬂl@é RWTH 04
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Predicting what jobs will do
Evaluating: train on the past, test on the future

Train - 7,318 jobs Test - 3,137
Jun 18, 2025 Aug 14, 2025

Sort by submit time, train on the earliest 70% (up to Aug 5), test on the latest 30%.
No shuffle: a random split would let the model peek at a user’s future.

Under the Hood of HPC - Aaron Kisters NHRZ & EVER} ‘R\NTH oL



Predicting what jobs will do
Outcome share in train vs test

Outcome share in train vs test (chronological 70/30)

Train (earliest 70%, n = 7,318) Test (latest 30%, n = 3,137)

Most common class L
Predicting Completed

in train .
50%-1 a7% i for all test jobs = 44.9%
%" a5%
40% A B
%)
Qo
=3
—
© 30% 1
g
©
<
n
20% A

10% A

0% -

co mp\etedc a“Ce\\ed failed Timeodt ooM ode rall

failed T\me"“‘ oo \wode rall co mp\ete(\c ance“ed

Completed dominates train, so it is the natural majority-vote baseline.

Always predicting Completed yields an accuracy of 44.9% for the test window.

Under the Hood of HPC - Aaron Kusters NHRé1 St l?g@é | ‘R\NTH
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Predicting what jobs will do
Predicting the outcome at submit time

Predicting job outcome (chronological hold-out) e Baseline 44.9%: the share of Completed
0.7 65.0% jobs in the test window (Always guess
Completed).

o
o
1

52.7%

o
&)

o
w

Multi-class accuracy
o
D

o
N

©
=

©
o

Majority Submit-time + host load
baseline features during run
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Predicting what jobs will do
Predicting the outcome at submit time

Predicting job outcome (chronological hold-out) e Baseline 44.9%: the share of Completed
0.71 65.0% jobs in the test window (Always guess
Completed).
o Submit-time features: ~+8 pp. What the
scheduler sees at sbatch time.

o
o
1

52.7%

o
&)

Multi-class accuracy
o
D

0.3
0.2
0.1
0.0 .
Majority Submit-time + host load
baseline features during run
Under the Hood of HPC - Aaron Kisters NHRZ. Snoirs  EVER RWTH
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Predicting what jobs will do
Predicting the outcome at submit time

Predicting job outcome (chronological hold-out) e Baseline 44.9%: the share of Completed

0.7 65.0% jobs in the test window (Always guess
7] 59 7% Completed).
3 051 e Submit-time features: ~+8 pp. What the
% 04 scheduler sees at sbatch time.
g 03 « + hostload during run: avg/peak CPU
=02 load and avg/min free memory sampled
. on the node. Another ~+12 pp. Post-hoc.
00 Majority Submit-time + host load
baseline features during run
Under the Hood of HPC - Aaron Kusters NHRZ: oo ﬂﬂ" ‘R\I\m-l 27
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Predicting what jobs will do

Predicting the outcome at submit time

Predicting job outcome (chronological hold-out)

©
~

65.0%

(@)
1

52.7%

o ©
(9]
1

o
w

Multi-class accuracy
o
D

o
N

©
=

©
o

Majority Submit-time + host load
baseline features during run

Under the Hood of HPC - Aaron Kusters

Baseline 44.9%: the share of Completed
jobs in the test window (Always guess
Completed).

Submit-time features: ~+8 pp. What the
scheduler sees at sbatch time.

+ host load during run: avg/peak CPU
load and avg/min free memory sampled
on the node. Another ~+12 pp. Post-hoc.
Binary "will it fail at all": 70%.
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Predicting what jobs will do
What the model leans on

What predicts a job's outcome at submit time?

prior_failure_rate_user
prior_completed_user
dt_since_last_submit_s

0.69
0.69
dt_since_last failure_s 0.67
prior_avg_runtime_user_s 0.67
req_mem_per_cpu_mb
prior_jobs_user
prior_seen_cmd_count
cmd_name_len
submit_hour
cpus_ratio_to_user_avg
mem_ratio_to_user_avg
req_min_memory_mb
work_dir_depth

magenta = prior account history
petrol = cadence / resource-anomaly
violet = command / work_dir derived

Importance (LightGBM gain)

Top predictors are based on this user's prior jobs (e.g., previous failure rate).
Requested resources rank lower.

Under the Hood of HPC - Aaron Kisters NHRZ: & ﬁ% ‘ RWTH
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Predicting what jobs will do
Past failures predict future failures

Past failures predict future failures

74%
n=942

©
o

©
i

o
N

Observed failure rate of this job

o
o
X

0% 0-10% 10-25% 25-50% 50-75%  75-100%
This user's prior failure rate (at submit time)

Each bar groups jobs by the user’s running failure rate at submit time.
The >75% bucket fails 74% of the time vs 4.5% for the cleanest users, a 16 x lift.

Under the Hood of HPC - Aaron Kisters NHRZ: & ﬁ% ‘ RWTH
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Predicting what jobs will do

Familiarity buys reliability

Familiarity buys reliability

0.40 1 36%

34% 34%
n=1,651 n=2,726

e
©
W
v

failure rat

0 1-2 3-9 10-49 50+
(new)
How many times this user already ran the same script (at submit time)

Bucketed by how often this user previously submitted a script with the same filename.
First-time scripts fail 36 %, scripts seen >50 times fail 24%. About 1.5x improvement.

Under the Hood of HPC - Aaron Kisters NHRZ. e EUEE ‘ RWTH 30
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Predicting what jobs will do

Cold start: the first job is the riskiest

Cold-start jobs fail more

0.5 1
41.1%
n=450 . . .
0.41 11500 e A user’s first job in this dataset fails 41%
g n=10,005 of the time, vs 32% for later jobs.
v o Operationally actionable: new accounts
£ 0.2 deserve extra attention.

o Same effect for first time on a partition
and first time with a new script.

o
=

0.0 -
First job Has prior jobs
for this user
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Predicting what jobs will do
Where the model gets confused

Submit-time features only + host load during run

Confusion: submit-time features only Confusion: + host load during run
1.0 1.0
20% 17% 0% 0% 9% 30% 13% 0% 0% 6%
Cancelled{ (147) (122) © ) (66) Cancelled (89) () ©) (42)
0.8 0.8
8% 7% 0% 0% 2% 0% 0% 1%
Completed{ (112) (96) (0) (0) @7 Completed A (1) (0) 21
. 14% 33% 0% 0% 6% . 0% 0% 2%
_ Failed 1 (100) (225) ) @ (40) 06 _ _ Failed 1 &) © (16) 06 _
S T E] T
o ) =1 [}
Q [9) 9} Q
< . 0% 0% 0% 0% 0% « < . 0% 0% 0% 0% =
Node Fail{ (g © ©) ) ©) 0.4 Node Fail (0 (0 (0 [0) 0.4
12% 30% 0% 0% 0% 30% 0% 0% 3%
Out Of Memory { “(g)’ 19 © ) ©) 02 Out Of Memory 1 (19) © © @ 0.2
. 20% 11% 0% 0% 18% . 8% 0% 0% 20%
Timeout | {s3) 30) © ©) (a8) Timeout 1 @2) i} © =3)
0.0 0.0
N S ® A o & S 3 ® A N &
\\e X2 \\e <o (o) ) \\6 X< \\6 <o (o) )
e N2 o 3 .\ 2 e N2 o 3 N 2
A P RIS A <« & ® AR W <«
o® o*
Predicted Predicted

Cancelled vs Completed is the persistent confusion. OOM and Node Fail are too rare to
learn well.

C‘
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Predicting what jobs will do

Time of day

Hypothesis: users submitting late at night make more mistakes. Their jobs fail more often.

Under the Hood of HPC - Aaron Kisters NHRZ & EVEE, | W
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Predicting what jobs will do

Time of day

Hypothesis: users submitting late at night make more mistakes. Their jobs fail more often.

Test: bucket every submission by its local hour (CEST). Plot volume and failure rate.

Under the Hood of HPC - Aaron Kdisters NHRZ: &roirs  EIVER] ‘ RWTH
CES ="  \WVH
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Predicting what jobs will do

Time of day

Hypothesis: users submitting late at night make more mistakes. Their jobs fail more often.

Test: bucket every submission by its local hour (CEST). Plot volume and failure rate.

Submission volume vs failure rate by hour-of-day (CEST)
1000 1

800 -0.6
ke
£ 05
2 600 2
g 0.4 g
2 3
9 400 -037
2

200

0 2 4 6 8 10 12 14 16 18 20 22
Submit hour (CEST, local time)

Result: hypothesis not supported. Late night (22-04 CEST, shaded): 33.5% fail. Daytime (08-20
CEST): 31.6% fail. Difference 1.9 pp, within sampling noise.
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Predicting what jobs will do
Predicting runtime is much harder

Submit-time only: R? ~ 0. Runtimes

6Runtime prediction (full features incl. host load)

Completed

Cancelled Ll
Failed A
Lot |
1054 = Timeout
0 Out Of Memor y R IL ¢
A
o ode Fail . :f,;;.s r,“:f("x.-
--- perfec O Yy .
— 4 ° % g 5078, sehd% R s S
2 10¢; g
) ooy BT
£ °  ® a° oim U St P
= .o RN Vo
3 ° Y 8 D)
310 IR Y Tt
o
Q
Pt
L
S 2
S 10
—
o
101 4
v
L
1004 7
T T T T T T T
100 10! 10?2 103 104 10° 106

Actual runtime (s)

Under the Hood of HPC

— Aaron Kusters

span up to 5 orders of magnitude

per user (median: 4).
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Predicting what jobs will do
Predicting runtime is much harder

106Ffuntime prediction (full features incl. host load) Smeit-time Only: R2 ~ 0. RuntlmeS

span up to 5 orders of magnitude

FiRE per user (median: 4). + host load:

R? ~ 0.84 on the log scale. Once we
observe the node, we can
extrapolate.

Completed
Cancelled
Failed
1 5 ] Timeout
0 Out Of Memor y
e ode Fail .. ®o0m
perfect Y
- Ry Anll Ty
9 1044 e T A Ly
(X . -
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Actual runtime (s)
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Predicting what jobs will do
Predicting runtime is much harder

 Runtime prediction (full features incl. host load) Submit-time only: R? ~ 0. Runtimes
: span up to 5 orders of magnitude

R e per user (median: 4). + host load:
EW- 43-3 R? ~ 0.84 on the log scale. Once we
s T observe the node, we can
fuo u&g’\;@:f ; ext.rapo.late. So: a-priori runtime

] R estimation does not work, but

100] online estimation does.

Rt IRNETRmaer

Actual runtime (s)
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Predicting what jobs will do
Users are not average

Distribution of failure rates across accounts (n = 346 accounts = 5 jobs)

==+ median = 33%
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o
L

o
I

0.0 0.2 0.4 0.6 0.8 1.0
Per-account failure rate

Per-account failure rates are bimodal: many users rarely fail, many fail constantly. A global
average sits between the modes and describes neither, so personalised features pay off.

Under the Hood of HPC - Aaron Kisters NHRZ. e EUEE ‘ RWTH 35

ZZIgeI:: :::: ? ; f’é Chair of Process
- > e and Data Science




Predicting what jobs will do
Jobs share hosts: ask about the neighbours

A job's neighbours on host h: other jobs that recently ran on h or are still running when this
one starts.

e 657 hosts. 1t0 14 jobs run concurrently per
host.

e 57% of hosts saw >2 concurrent jobs at
peak. Top host: 56 users.

* 19% of jobs have an immediate-overlap
neighbour on the same host.

e So we can build features over a job's
neighbours, not just its user.
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Predicting what jobs will do
Jobs share hosts: ask about the neighbours

A job's neighbours on host h: other jobs that recently ran on h or are still running when this
one starts.

. New per-job features (submit time, once host is
e 657 hosts. 1t0 14 jobs run concurrently per assigned):

host. e host jobs 24h before = neighbours that ended on
e 57% of hosts saw >2 concurrent jobs at host in last 24h
peak. Top host: 56 users. e host failure rate 24h - fraction of those
* 19% of jobs have an immediate-overlap neighbours that failed
neighbour on the same host. e host concurrent at submit = neighbours still
e So we can build features over a job's running now
neighbours, not just its user. e host dt since last fail s - seconds since the last

burn on host
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Predicting what jobs will do
Recent host failures predict the next failure

Recent failures on the host predict the next job's outcome

50% A

IS
S
S

30% n=4610 n=2,114

20% 1

Failure rate of this job

10% A

0%

no recent jobs 0% 0-25% 25-50% 50-75% 75-100%
Failure rate among the host's jobs in the previous 24 h

Host's last 24h >75% failure: next job fails 45%. Clean last 24h: 29%. Pure concurrency
does not move the rate, recent outcomes do.
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Predicting what jobs will do

Adding host neighbours lifts accuracy by 8 points

Adding host-neighbour features lifts accuracy by 8 percentage points

~
3
X

65.8%
61.1% +4.7pp e User history alone: 52.7%.

e Add host's recent neighbours:
61.1% (+8.4 pp).

e Add host load during the run:
65.8%.

e Neighbour features need only
the host assignment.

o)
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Test accuracy (6 outcome classes)
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X

Majority User + host + start-time
baseline history neighbours host load
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Predicting what jobs will do
Top features, after adding host neighbours

Top features in the submit-time model with host neighbours

prior failure rate user 21,210

host_jobs_24h_before 20,191

prior completed user

prior _avg runtime user s 12,992

dt_since last_failure_s 11,729

dt_since_last_submit_s 11,187

host_dt_since_last_end_s 10,600

host_dt_since last_fail_s 8,988

req_mem_per_cpu_mb 7,474

Il host neighbour features

7,085 .
Il user/ job features

cmd_name_len

7500 10000 12500 15000 17500 20000
LightGBM gain (sum)

0 2500 5000
host jobs 24h before ranks 2 by gain, just behind prior failure rate user. Three of the top
eight features are host-neighbour signals.
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Predicting what jobs will do
Many jobs wait longer than they run

Queue wait vs run time, by job outcome

Completed (n = 6,650) ' Failed / Cancelled / Timeout / OOM (n = 3,203) Of 9,853 jobs with both queue +
6| median wait: 3 | median wait: 31 run:
wait = run: 32% // wait = run: 36% /’ .
. | oy » 33% waited > as long as they ran
L i » 16% waited 10x longer
g4 .
s | f » 8% waited 100x longer
2 3 p
Q
I
= f
S 27 i
& )
0 T . T T T T T T T T T T T
0 1 2 3 4 5 6 0 1 2 3 4 5 6
Queue wait (log;p seconds) Queue wait (log;p seconds)
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Predicting what jobs will do

Many jobs wait longer than they run

Queue wait vs run time, by job outcome

Completed (n = 6,650) Failed / Cancelled / Timeout / 00M (n = 3,203) Of 9,853 jobs with both queue +

. ’ | » 33% waited > as long as they ran
“4 ) < « 16% waited 10x longer
N f » 8% waited 100x longer
231 p
52 A, Across the wait-heavy jobs:
i N _ ‘ | 3,650 days in queue,

s o 128 days of compute.

1 R S T A 28 x ratio of queue to work.
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Where this is going
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Where this is going
Two audiences, two payoffs

For operators &

e Spot users / hosts drifting toward
failure before they cost capacity

e Predicted outcome as a scheduling
signal

o Anomaly detection: shutdowns,
drained nodes, runaway loads

e Abuse detection: crypto miners, DoS,

o Combination with support tickets and
user feedback
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Where this is going
Two audiences, two payoffs

For operators & For users 2

e Spot users / hosts drifting toward e Personalised “is this job likely to fail?"
failure before they cost capacity hint at submission

e Predicted outcome as a scheduling e Runtime estimates that sharpen as
signal the job runs

o Anomaly detection: shutdowns,  Anomaly nudges in their own session
drained nodes, runaway loads (“this is the kind of script that fails”)

e Abuse detection: crypto miners, DoS,

o Combination with support tickets and
user feedback
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Where this is going
Open questions

« SLURM-perceived outcome # user-perceived outcome
— Return code of a job might be zero, but the user’s script might not have
done what they wanted.
— Users let their jobs run out of time and then pick up from a checkpoint.
SLURM sees a timeout, users see a success.
e More signal for free. Extract --time, --nodes, GPU flags, dependency
chains.
e Online prediction. Stream state deltas through the model in real time.
e Object-centric features. Connections between jobs, hosts, accounts,
and users.
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Thanks!

Questions, ideas, or HPC datasets to look at next?
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