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Outline C\\i’v

Motivating examples
MLOps definition
MLOPps pipeline

T
w:

Best practice examples

Conclusions
Disclaimer: just sharing my experience!
Curious to know what other people are doing
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The reproducibility crisis

%G Most ML projects:
@ * Fail before deployment

 Deteriorate silently in production

Lack of robust engineering pipelines to track, compare,
replicate experiments

RY)

"M]HI] Mounting technical debt, no reproducibility, lose trust

ISGC e, - 5k i~ \
18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026 ! 6..:_ ;'\-ﬂ&?‘
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% Untitled 7.ipynb -

e We’ve all been there...
at least once!

* Poorly named files
* Hard-coded parameters
* Messy code
* Non-linear execution b LT RYN R
: Tracceback ree )
9SGl N dpa s o et call jast
'n> Ldata_df.head() = 0 :
ValueErrop data_(gf not foung
18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026 o AN
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The problem of generalization

Model Loss Model Accuracy
1.6 1.0
—— training —— ftraining A eI NA,
144 validation — valldatmnw
0.9 1
1.2 4
1.0 1 0.8 1
0.8 1
0.7 1
0.6 -
0.4 - 0.6 -
0.2 1
0.5 -
D-n T T L T Ll T T T L T L T
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch
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1.4

1.2 |

1.0 1
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ChatGPT

Model Loss Model Accuracy
—— training e - training
validation valldatlonw
0.9 4
HDW E w_a -
08 many “r’s are in strawberrjes?
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0.6
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0.9 4
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0.6
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What can we do about it?
Machine Learning Operations (MLOps)
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MLOps: one definition

ML lifecycle management
+

Software Engineering best practice (DevOps)
| %ﬁ. da

) | [E
. | Computing \
ta processing ecoures
Serving
—e management

infrastructure

MLOps

configuration data .
i | — Analysis tools
\ collection | /
/
. NS \ N
E / quality ooy o F\T Process
l / )] A S\management ]
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MLOps pipeline

MLOps is a multi-stage,
iterative process:

* Data processing
Modelling
* Deployment

Monitoring

ml4devs.com/mlops-lifecycle (3
scgupta.me &

twitter.com/scgupta ¥
linkedin.com/in/scgupta @ E

18/03/2026
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Data processing

Data processing is key to ML success

Quality control: garbage in, garbage out 1) = f I

Exploratory Data Analysis (EDA)
* Understanding data content and challenges

° preprOCQSSing Paradigm shift: model-centric to data-centric Al [2]
 Validation, cleaning, feature engineering _ |
Fixed component Dataset Model Architecture
° Vel'SiOﬂing Variable-conjponent Mod.el Architecture | Dataset |
) i Objective High accuracy Fairness, low bias
* Lineage: where data come from? (relationship) Explainability Limited Possible

* Provenance: how were data created? (history)

ISE0 "% o
MLOps for Scientific Research -- Luca Clissa, ISGC 2026 : 6.‘_‘:; Ae— 9SS
International Symposium on Grids & Clouds

18/03/2026




([
M 0 d e l l l n g Consider a binary classification problem with a dataset composed of 200 entries.

There are 160 negative examples (no failure) and 40 positive ones (failure).

Training Validation Test
1441 . Expected: 75% 15% 10%
* Data splitting: (120 + 30) 2av) | 16
* make sure no leakage
* Representative of target data Training Validation |~ Test
. Random: 75% 15% 10%
« Balanced sampling can help! (131 + 19) (19+11) | (10+10)

* EDA is key to understand training requirements & challenges
* E.g. class imbalance, rare events, metrics !

« Experiment tracking
» Track and document all design choices for reproducibility!
* ...and of course the outputs!

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026
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Modelling: error analysis

* Error analysis is key for model development
* E.g. looking at wrong predictions help debugging g Moty @
UJ h e re tra i n i. n g fai IS When you sort your dataset descending by loss you are guaranteed to
find something unexpected, strange and helpful.
° performance: Q29 11268 Q 2078 [A 223 1

 Carefully consider which metric to optimize

* Looking at more metrics can give more thorough
assessment

156008, g i

\ i W E A i #*
MLOps for Scientific Research -- Luca Clissa, ISGC 2026 : 6.‘_‘:; Ae— 9SS
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Deployment & monitoring

* When model is mature, we can finally deploy it!
* Very specific to application and infrastructure
* Typically relies on model file + inference pipeline

* However, not the final step > MLOps is a cycle!

Cl/CD Monitoring

« production is only a checkpoint between » always keep an eye on performance, as data
development stages shift may impact your application

* may want to keep improving the model * model metrics

* new configs/architectures  infrastructure metrics

* re-train as new data comes in * errors, resource utilization, ...

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026
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How does it look in practice?

Use case: Point Cloud Deep Learning for particle flow in ATLAS
Tools: several frameworks exist
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How does it look in practice?

Use case: Point Cloud Deep Learning for particle flow in ATLAS

Tools: several frameworks exist

[
Demo use Weights & Biases m\f

O clissa/mlops-handson

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026
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Euerg ML experlment should be traceable, reproducible, and comparable

. " creates structured experiment runs
* Use " "to group runs S
 data_prep dataset creation, EDA, preproc |
* training model training fob.cyperaats
+ eval validation/metrics confie=(
* debug: diagnostics

notes "My first run with wandb”

-> choose your tags, just be meaningful!

« Automatically tracks experiment code and config
* You can also add additional notes’

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026 18 7
International svmnoslum on Grids & Glol



metrics = history.history

ep=1

for loss, val_loss, acc, val_acc in zip(
metrics['loss’], metrics['val loss'],

metrics['accuracy'], metrics['val accuracy']):

run.log({
Logging metrics, parameters and outputs p CHE

wandb. log({
“roc_curve”: wandb.plot.roc_curve(y true, y pred

. " tracks configs and results

’ You can log : validation_ESBI = wandb. IR (colunns=columns)
© Metrics T~
* Hyperparams/configs : = ~~ 4 o
* Plots/images/tables

epoch/val/loss epoch/val/f1_unweighted

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026 ~=._ e\ "
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Q search keys with regex

Experiment tracking (bonus) =

€ @ kind-morning-15 v Config parameters: [} 24 keys Artifact Qutputs

Charts Overview Logs Files Artifacts batch_size: 128 This run produced these artifacts as outputs. Total: . Learn more
buffer_size: 1,024 Q Ssearch
epochs: 100

Notes pointnet_segmentation using normalized_x, normalized_y, normalized_z, category, ni Type Hame

* By default, wandb also tracks: . oo e —

+
es_warmup: 50 .

Author . Iclissa model model_best_jbg2mqy3:v0
» feature_names: [] 6items

.
[ ] ‘ 0 n f l S State @ Finished model medel_final_jbg2mgy3:v0
init_filters: 32

Start time June 5th, 2025 9:50:00 PM fad . i .
initial_lr: 0,002 dataset training_history_jbg2mgy3:v0

o Runtime 9h 16m 95 . :
[ ( O mp l I t ln g reS 0 rc e S 5 . loss_alpha: 0.25 plots training_plots_jbg2mqy3:v0
u Tracked hours 9h 16m Ts
. . _— loss_fn: "focal” wandb-history run-jbg2maqy3-history:v0
.. Run path Iclissa/pointnet-baseline/jbg2mqy3 D)
i v System {5 ) ’ loss_gamma: 2
Hostname jupyter-clissa
0s Linux-5.15.0-134-generic-x86_64-with-glibc2.35 loss_name: "weighted_masked_focal_loss
GPU Streaming Multiprocessor (SM) Clock Speed (MHz) GPU Power Usage (W) Python version CPython 3.11.9 Ir_patience: 7
Showing first 10 runs Showing first 10 runs . . X Ir_reduction_factor: 0.5
= dainty-bush-16 = kind-morning-15 = crimson-night-10 = lig — dainty-bush-16 = kind-morning-15 = crimson-night-10 = light-donkey-9 Python executable /home/private/envs/pointnet/bin/python - - T
= resilient-b = radiant-blaze-3 = revived-galaxy-2 == chocol = resilient-bee-4 = radiant-blaze-3 = revived-galaxy-2 == chocolate-deluge-36 Git repositon git clone ssh://gitlab.cern.ch:7999/atlas- jetetmiss/pflow/commontools/ jetpointnet . git Ir_scheduler_name: “cosine_annealing"
-= silver-leaf-25 = wild-pine-24 - silver-leaf-25 = wild-pine-24 P ¥ : seern.eh: d - - -
! Gitstate git checkout -b "kind-morning-15" b7dd168ec3604e958e8cdIceecd22e374F995ale Ir_warmup: 10
- 259.50701: 1920 dainty-bush-1 = 259.50701: 118.224 dainty-bus d el
2% 00 s <python with no main file> i ta: 0.01
1500 259.67365: 1530 resilient-bee« | — 259.5921: 84.308 radiant-bla Commean prthen min-de
259.50921: 1125 radiant-blaze | = 259.67345: 52.996 light-donke System Hardware CPU count 16 min_Ir: 0.000001
1000 259.17543: 585 kind-morning-! == 259.67365: 43.6 resilient-bee-4 Logical CPU count16 n_points: 800
259.51188: 585 crimson-night- == 259.50848: 39.745 silver-leaf-2 GPU count 1
- 259.67345: 585 light-donkey-9 = 259.17543: 30.813 kind-mornit GPU type Tesla T4 n_steps: 1,000
= 259.17533: 585 revived-galaxy- ) == 259.51188: 30.519 crimson-nig W&EB CLI Version 0.19.2
100 200 == 259.67351: 585 chocolate-delu 100 200 == 259.67351: 30.502 chocolate-d .
Job Type training
GPU Temperature (°C) GPU Utilization (%) Network Trai == 259.51188:17.69043 crimson-nigh
Showing first 10 runs Showing first 10 runs — dainty-bush-16 Networ] == 259.67345: 17.69043 light-donkey
= dainty-bush-16 = kind-morning-15 = crimson-night-10 - 9 = dainty-bush-16 = kind-moming-15 = crimson-night-10 = light-donkey-9 == dainty-bush-16 NetW! e 259.67365: 17.69043 resilient-bee-
— resilient-bee-4 = radiant-blaze-3 = revived-galaxy-2 == chocol ge-36 — resilient-bee-4 = radiant-blaze-3 = revived-galaxy-2 == chocolate-deluge-36 -morning-15 Netwol < "
== silver-leaf-25 = wild-pine-24 == silver-le = wild-pine-24 == kind-moming-15Netw = 259.50921: 17.69043 radiant-blaze
= 259.17543:17.01335 kind-morning
g - 259.67365: 66 resilient-bee-4 - 259.50701: 50 dainty-bush-16 - 259.50701: 15.02342 dainty-bush-]
b — 259.50921: 65 radiant-blaze-3 —  259.67365: 45 resilient-bee-4 = 259.17533: 6.12793 revived-galaxy
- 259.67345: 63 light-donkey-9 == 259.50921: 45 radiant-blaze-3 == 259.67351: 6.12793 chocolate-delu
50 = 259.17543: 54 kind-morning-15 = 259.67345: 19 light-donkey-9 == 259.50848: 6.12793 silver-leal-25
- 259.51188: 52 crimson-night-10 == 259.67351: 17 chocolate-deluge - 259.5092: 5.45085 wild-pine-24
40 = 259.50701: 51 dainty-bush-16 == 259 50848: 14 silver-leaf-25 CTRL+C to copy tooltip contents
= 259.17533: 51 revived-galaxy-2 = 259.17533: 12 revived-galaxy-2 CTRL*click to view run in new tab
100 200 == 259.67351: 51 chocolate-deluge = 259.5092: 7 wild-pine-24

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026

International Symposium on Grids & Clouds



Artifacts enable versioned datasets and models (not only!)

with wandb.init(project="mlops-ISGC2026", name="data-creation",
job_type="data_prep"”, config={'DATA_PATH': DATA_PATH, '‘seed’': SEED},

® ) natiue Object notes="Playing with Artifacts ...") as run:

raw_data_artifact = wandb.Artifact(name="raw_data", type="dataset”,

. . description="MC simulation of rho -> pions decays (full data)"
« Automatically manage data/model objects

raw_data_artifact.add_file(local_path = str(DATA_PATH), name="rho_small.npz")

° Customizable metadata traCking wandb.log_artifact(raw_data_artifact)

» Versioning
° N s artifact = wandb.Artifact(
Lo, vui, ..., latest A
* use custom aliases for readable stages = e

4, aliases=["baseline",  "v@.1"]

)

artifact.add_file("model.pkl™)

® ArtifaCt tU pes: wandb.log artifact(artifact)

 dataset vo, v, ..., latest
* model baseline, candidate, staging, production
18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026 m
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L i n e a g e a n d p ro U e na n C e Lineage: where data come from? (relationship)

Provenance: how were data created? (history)

artifact = run.use_artifact(

e We can declare what Artifacts are used:

datadir = artifact.download()
run_spq96rqf_model  version1s -
Version Metadata Usage Files Lineage
® ThiS enableS wandb tO automaticallg Direct lineage view v () Expanded graph () Include generated artifacts

build dependency graphs

@ Loading without clusters can lead to slow loading times

- Lineage and provenance

T o
° dataset-splitting train_data:v1
tracked automatically!
~ Run - R
" datsset-logging = dataset-s plitting
- Run model Base artifact
= callbacks-training © run_spqa6rgf_modelv18
~ FRun -~ Run
= dataset-logging = dataset-s plitting
d
O pectau
. n . n d
- 3:1.;;.314”59;.‘5 - :jlas&l—sp\itting < vala‘:::‘vu
- FRun ~  Run
** dataset-logging * dataset-splitting
- Run
= dataset-splitting
18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026 22
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WEB supports automated hyperparameter search

< YAML

» configurable as dict / YAML e e

N N R sweep_configuration = { EEs
. enables 3 search strategies "method”: "bayes”, goal: mininize
"metric": {"goal": "minimize", "name": "epoch/val loss"}, name: epoch/val_loss
¢ gr‘ld' r‘andom' bayes parf?iziiir‘-':-L%:'min': le-4, 'max‘: le-2, parameters:
N . . . "distribution’: "log uniform®' }, init_1r:
. defines target metric "batch_size’: {*values": [16, 3211,
init _size": {"values": [8, 16]}, max: le-2
N N o distribution: log_uniform
. defines search space -
atch_size:
» Specify values or distributions values: [16, 321
° ° init_size:
* Run from script or terminal values: [3, 16)

sweep_id = wandb.sweep(sweep=sweep_ configuration, project="mlops-ISGC20826", entity="<user/team>")

wandb.agent(sweep_id, function=train_wrapper, count=60)

<> Bash @)

SWEEP_ID=$(wandb sweep sweep.yaml | tee /dev/stderr | grep "Create sweep with ID
wandb agent atlas-ml/mlops-ISGC2026/$SWEEP_ID

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026 —
International Symposium on G



Sweeps visualizations ¥

sweeps

Parameter importance with respect to = val_accuracy .

W&EB sweeps provide great default vizs to compare configs Q Search @ Parameters R 13- of3

Config parameter Importance @ ¥ Correlation
init_Ir g |
« Parameter importance batchisize — e
* Evaluate impact of params on target metric initsize q 0
 Parallel coordinates plot )
« Great to compare configs based on target metric

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026
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- Experimental setting

| The analysed dataset is ttbar (mitree_large.root):

« 9input features: X, Y, Z, min_distance_to_track, Energy, point type

e X, Y, Z, min_distance_to_track are chunk normalized

* Energy (GeV for hits, MeV for cells)

* point typeis "1-hot" encoded. Note that associated hits have increasing index,
though (instead of 1-hot vector)

°
Wa n d b a lS 0 S l l 0 r’tS r’e 0 rt l n Notice that in total we have ~19M input points, of which ~2.5M are actual hits ({]
remaining are padding points). However, only ~2M actually contribute to the lof

since we are just masking out non-cell hits,
runs, summary["Total ¢ runs, summary[ "Sample

Stats/n_samples"] Stats/n_hits_per_event/ e
distribution_table"]

 Easily integrate run results
with formatted comments

® test o "
® wal 200 Y [} split
® tin @ test

Also, notice that the target label is obtained as Fraction_Label > 0.5, which happens
between 75 and 90 % of the times. Hence, if we approximate to roughly 80/20 class

Jom0 | eoboo | 100000 imbalance, then it seems the model simply converged to a dummy classifier predicting
always 0 (this might be checked actually!!.)

n_tracks

[ ]
* Interactive 1
The training does not seem to go well. One indication of suspect behavior come when runs.summary["Sample Stats/
o - —_— . . . . . . i i 3
L4 U S e fl l l to ° comparing training and validation losses. In fact, validation loss simply juggles distributions/targets/ o
. o 5 split_targets_distributions"]
randomly around 0, while training loss keeps decreasing.
0.0 split
* Document ul e T
va
train/loss val/loss 025 L]
— zany-brook-43 — restful-tree-42 — zany-brook-43 — restful-tree-42 L o5 L
— solar-cosmos-39 = dazzling-haze-38 — solar-cosmos-39 = dazzling-haze-38 £ o ™
® e ug — vibrant-moon-14 — feasible-rain-13 — vibrant-moon-14 — feasible-rain-13 R P
).000028 0.00015 e ¢ -
).000026 mean ®
0.0001
* Share o .
0.00005 T T T T T T 1
).000022 0.0 0.2 04 0.6 08 10 12
0.00002 " N Fraction_Label
1.000018 0.00005
2.000016 0.0001
0 20 40 60 80 100 0 20 40 60 80 100 d e O r e D O rt
T
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https://api.wandb.ai/links/lclissa/a9vqxv9p
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* Reproducibility and stability are key for trustworthy scientific research

* Development and production have different needs
Objective High-accuracy model  Efficiency of the overall system

Dataset Fixed Evolving
Code quality Secondary importance Critical

* MLOps can help:
* mitigate developm:nt chslierges
* speed up experimentation

Model training  Optimal tuning Fast turn-arounds
Reproducibility Secondary importance Critical

Traceability Secondary importance Critical

—>it seems overdoing at first ChatpT

2024 : @

How many "r"s are in strawberries?

= The word * i
word strawberries™ contains 3 "r“g

how many “r's are jn "strawbeny"?

=)
© m -
e word strawberry” contains 2 .

™ B g o~
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Conclusions

* Reproducibility and stability are key for trustworthy scientific research

* Development and production have different needs
Objective High-accuracy model  Efficiency of the overall system

Dataset Fixed Evolving
Code quality Secondary importance Critical

* MLOps can help:

* miti
mitigate deuelo.pment (.:ha“enges Reproducibility Secondary importance Critical
‘ speed up experlmentatlon Traceability Secondary importance

—it seems overdoing at first e \Q\
...butit paysin the long term 1 2026

How many "r's are in

Model training  Optimal tuning Fast turn-arounds

Critical

strawberries?

There are 3 “r"s in strawberries,

Obd Qg ..

* Many tools, no universal best...

how many "r's are in “strawberry"?

- Pick one and get proficient Toveme s
...but leave a door open to exploration when you get stuck g

18/03/2026 MLOps for Scientific Research -- Luca Clissa, ISGC 2026 g
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Q,‘ Questions?

Contacts: luca.clissa2@unibo.it
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