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WHERE ARE YOU NOW?

Where are you now?



THREE THINGS TO CHECK TODAY

Identity

Complete Name / Mail
in the GitHub Sheet

Your group

Check “Find
your A1 group”

Exactly three students

Compute access

Check the MesoNET
follow-up Sheet
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https://docs.google.com/spreadsheets/d/1tDz1oa-iBju7ccSkfW8pxctvMANBRGcVoQ25mkPLu3Y/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1tDz1oa-iBju7ccSkfW8pxctvMANBRGcVoQ25mkPLu3Y/edit?usp=sharing
https://www.lamsade.dauphine.fr/~averine/Datalab/groups.html
https://www.lamsade.dauphine.fr/~averine/Datalab/groups.html
https://docs.google.com/spreadsheets/d/1By1OsGJXKsNMqVrAM2A0hicK8C4kfyil8_xKOY-TiaM/edit?gid=0
https://docs.google.com/spreadsheets/d/1By1OsGJXKsNMqVrAM2A0hicK8C4kfyil8_xKOY-TiaM/edit?gid=0


MESONET: AN ACCOUNT IS ONLY THE FIRST STEP

eduGAIN
account

Complete
your profile Email Alexandre Join IASD project

alexandre.verine@dauphine.psl.eu

Live: I will show you the teacher’s portal and why an incomplete profile prevents me from adding you.
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https://iam.mesonet.fr/
https://iam.mesonet.fr/
https://acces.mesonet.fr/gramc-meso/profil
https://acces.mesonet.fr/gramc-meso/profil
mailto:alexandre.verine@dauphine.psl.eu


WHERE ARE YOUR COMPUTE HOURS?

Resource portal

Liste des projets
Project membership, machine account,
SSH key and compute allocation.

Live walkthrough of the IASD project.
Students use their own accounts.

Public MesoNET documentation, captured 7 October 2026.
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ONE PROJECT, FROM IMAGES TO A CLUSTER

Explore
images

Train with
a script

Submit with
Slurm

Analyse in
a notebook

Two hours. One small image classifier. The same experiment at every step.
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BUILD EXPERIMENTS YOU CAN EXPLAIN

Build experiments you can explain



OUR EXAMPLE: CLASSIFY CIFAR-10 IMAGES

Small CNN vs ResNet-18 adapted to 32 × 32 images.

CIFAR-10: Alex Krizhevsky, Vinod Nair and Geoffrey Hinton. Images from the training split.
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TWO ARCHITECTURES, THE SAME EXPERIMENTAL QUESTION

Image
3 × 32 × 32

CNN features
or ResNet blocks

Global average
pooling

10 class
scores

Small CNN
3 convolutional layers. Fast baseline. Easy to inspect.

ResNet-18
Residual blocks; CIFAR-sized input stem; 10 outputs.
Train from scratch.
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“IT WORKED IN MY NOTEBOOK...”

In [8]: learning_rate = 0.01
In [2]: model = make_model()
In [15]: train(model)
In [4]: plot(history)

Hidden state

Which model? Which configuration?
Can a fresh kernel reproduce this?

Illustrative notebook excerpt. A simple notebook is accepted in A1; code itself is not graded.
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A NOTEBOOK KERNEL KEEPS MORE THAN YOU THINK

Memory persists
Old models, tensors and outputs can
remain referenced across cells.
Rerunning a cell does not reset the
process. Restart the kernel for a clean
state.

Execution order matters
A saved notebook may depend on
hidden state. Restart + Run All, fixed
inputs, configs and environment are
needed to reproduce it.

Laptop-dependent training
If training runs on your laptop, sleep
or shutdown interrupts it. A remote
kernel may continue; a Slurm job is
independent of your browser.

Long-lived kernel Accumulated
state

Harder diagnosis Fresh pro-
cess per run

Notebook risks concern state and lifecycle, not an inherent slowdown of the same PyTorch operations.
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KEEP THE NOTEBOOK. GIVE EXPERIMENTS A SCRIPT.

Notebook
exploration

Reusable
functions

train.py
experiments

Notebook
analysis

Twenty configurations should not require twenty copied notebooks.
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OUR NOTEBOOK STAYS FOCUSED ON ANALYSIS

Actual JupyterLab notebook: load saved metrics and predictions; training is launched by a separate script.
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A SMALL REPO WITH CLEAR BOUNDARIES

mini_project/
train.py
src/models.py
configs/
scripts/train.sbatch
notebooks/results.ipynb
requirements.txt
README.md

Version in Git
Code, configs,

launch scripts, docs

Keep outside Git
Data, environments,

logs, large checkpoints
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ONE COMMAND, ONE CONFIGURATION, ONE RUN

python train.py --model small_cnn --lr 0.001 \
--seed 42 --epochs 6 --run-dir runs/cnn-001

Arguments Saved config Training Saved results

Use a new run directory for a new experiment. Keep the seed and software versions.

The same seed is useful, but does not guarantee identical results on different hardware.
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THERE ARE MANY WAYS TO CONFIGURE A RUN

argparse: standard library

p = argparse.ArgumentParser()
p.add_argument("--lr", type=

float,
default=0.001)

args = p.parse_args()

Click: decorators

@click.command()
@click.option("--lr", type=float,

default=0.001)
def train(lr):

...

YAML / JSON: saved settings

model: resnet18
lr: 0.001
seed: 42
epochs: 12

Our example: argparse + JSON config. CLI values override the config. Save the final resolved settings with every run.
YAML needs a parser (e.g. PyYAML’s safe loader); Click is a separate dependency.
Hydra/OmegaConf and other tools can help with larger projects. Choose one convention and document it.
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ARGPARSE: TURN A SCRIPT INTO A REUSABLE EXPERIMENT

import argparse
p = argparse.ArgumentParser()
p.add_argument("--model", choices=["small_cnn", "resnet18"])
p.add_argument("--lr", type=float, default=0.001)
p.add_argument("--epochs", type=int, default=12)
p.add_argument("--run-dir", required=True)
p.add_argument("--tensorboard", action="store_true")
args = p.parse_args()
# Use args.lr, args.epochs, args.run_dir, ...

-help: document options.

type: convert and validate input.

choices: reject unknown models.

store_true: a Boolean flag.

python train.py --model resnet18 --lr 0.001 --epochs 12 \
--run-dir runs/resnet-001 --tensorboard

Simplified teaching excerpt. Save the resolved configuration, including defaults, with the results.
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YOUR ENVIRONMENT IS PART OF THE EXPERIMENT

Python
interpreter

Virtual
environment

Compatible
dependencies

Recorded
versions

python3 --version
python3 -m venv .venv
source .venv/bin/activate
python -m pip install -r requirements.txt
python -m pip freeze > environment.txt

A1 lesson: old Torch pins and a new Python can be incompatible; missing packages such as tqdm must be declared.
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CONDA: MANAGE PYTHON AND PACKAGES TOGETHER

conda create -n cifar-demo python=3.11 pip
conda activate cifar-demo
python -m pip install -r requirements.txt
conda env export > environment.yml
# Recreate the saved environment:
conda env create -f environment.yml

venv: isolates packages for an existing
Python interpreter.

conda: manages the interpreter and
packages, including native dependencies.

Install conda packages first, then pip
packages. Record versions and channels.

Choose one environment for a run. Verify which python and python -version after activation. A saved
environment may still need adaptation to another OS or GPU stack.
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HPC MODULES: SELECT THE SERVER’S SOFTWARE STACK

module avail
module show Python/EXAMPLE_VERSION
module load Python/EXAMPLE_VERSION
module list
python --version
python -m venv .venv
source .venv/bin/activate

Environment Modules / Lmod expose
software installed by the cluster team.

A module adjusts paths and libraries; it is not
your project’s isolated environment.

Load the same modules in the batch script,
then activate your venv or conda
environment.

Module names are cluster-specific: replace Python/EXAMPLE_VERSION. Follow the site’s documentation for Python,
CUDA and containers. Our Juliet demo uses a venv; module is not available in the tested session.
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EVERY RUN LEAVES EVIDENCE

runs/cnn-001/
config.json
environment.txt
train.log
metrics.jsonl
tensorboard/
last.pt
best.pt
predictions.npz
summary.json

Command + config + job ID

Curve + result

What changed, what was measured, and which model
produced the prediction?

A log explains events. Structured metrics allow
comparison. A checkpoint allows recovery.
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A LOGGER RECORDS EVENTS; A METRIC RECORDS A MEASUREMENT

import logging
logging.basicConfig(

level=logging.INFO,
format="%(asctime)s %(levelname)s %(message)s",
handlers=[logging.StreamHandler(),

logging.FileHandler("train.log")])
log = logging.getLogger(__name__)
log.info("epoch=%d val_accuracy=%.3f", epoch, acc)

Logger: time +
level + message

Console / Slurm log + file

Measurements: JSONL
/ TensorBoard / W&B

Structured metrics for plots
Use DEBUG for diagnostics, INFO for progress, WARNING for unexpected conditions and ERROR for failures.
log.exception(...) records the traceback inside an exception handler.
Our console handler writes to stderr: progress is also visible in Slurm’s .err file; the application keeps train.log.
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WRITE OUTPUTS THAT ANOTHER PROGRAM CAN READ

from pathlib import Path
import json
root = Path(args.run_dir)
root.mkdir(parents=True, exist_ok=False)
(root / "config.json").write_text(

json.dumps(vars(args), indent=2))
# At the end of each epoch:
row = {"epoch": epoch, "val_accuracy": acc,

"val_loss": loss, "seconds": elapsed}
with (root / "metrics.jsonl").open("a") as f:

f.write(json.dumps(row) + "\n")

config.json: one complete configuration.

metrics.jsonl: one JSON record per epoch,
easy to append and parse.

train.log: events and diagnosis.

last.pt / best.pt: resume / evaluate.

Minimal standalone pattern, not the entire training script. The actual demo also records environment, source files and job ID.
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THE SAME METRICS CAN FEED DIFFERENT LOGGERS

from torch.utils.tensorboard import SummaryWriter
writer = SummaryWriter(root / "tensorboard")
writer.add_scalar("val/accuracy", acc, epoch)
writer.add_scalar("val/loss", loss, epoch)
writer.close() # after training

tensorboard --logdir runs

import wandb
run = wandb.init(project="cifar-demo",

mode="offline", config=vars(args),
dir=str(root))

run.log({"epoch": epoch,
"val_accuracy": acc})

run.finish() # after training

One measurement, several destinations. Log scalars each epoch; close the writer after the loop. Keep local JSONL
results even if a tracking service is unavailable.
Illustrative integration excerpts; TensorBoard and W&B require their own dependencies. No hosted W&B account is needed in offline mode.
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READ THE CURVES BEFORE CELEBRATING
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Illustrative curves, not measured results.
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TENSORBOARD: COMPARE EXPERIMENTS LOCALLY

Actual TensorBoard dashboard: validation accuracy for our two short CIFAR-10 runs.
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WEIGHTS & BIASES: SHARED EXPERIMENT TRACKING

Official W&B documentation; interface example, not our hosted results.

Configs + metrics + run comparisons.

Our example logs offline on the cluster.

wandb.init(mode="offline", ...)
run.log({"val_accuracy": acc})

Sync later only if you want a hosted
dashboard. No API key needed for our
offline demo.

ALEXANDRE VÉRINE DATALAB · ML ON A CLUSTER 26 / 74



OPTUNA CHOOSES TRIALS; YOU INTERPRET RESULTS

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Trial
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0.27

Va
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cy

lr=0.0005612

lr=0.007969

lr=0.002911Optuna: three measured trials 1. Suggest: learning rate sampled on a log scale,
from 10−4 to 10−2.

2. Evaluate: train the same CNN for two
epochs; return validation accuracy.

3. Adapt: TPE uses previous trials to propose
the next setting.

Our budget: three trials, fixed data split and run
seed. Save parameters, scores and the study; a
single winner is not evidence of a robust gain.

Tracking ̸= tuning. Tuning can change multiple settings; causal conclusions need controlled comparisons. Never tune
on the test set.
Measured small study. Pruning can stop unpromising trials; our minimal example does not implement it.

ALEXANDRE VÉRINE DATALAB · ML ON A CLUSTER 27 / 74



CHECKPOINTS: LAST IS NOT BEST

Epoch 1 Epoch 2
Best validation

Epoch 3 Epoch 4
Latest state

best.pt: evaluate last.pt: resume

Resume needs model, optimizer, epoch and relevant random states. Best is selected on validation.
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TERMINAL, SSH AND A COMFORTABLE WORKFLOW

Terminal, SSH and a comfortable workflow



A TERMINAL IS JUST ANOTHER WAY TO WORK WITH FILES

pwd # current directory
ls # its contents
cd mini_project # change directory
python train.py --help # available options

Terminal = application

Shell = command interpreter

Mac/Linux: Terminal. Windows: PowerShell for SSH; WSL/Linux shell for the Bash and rsync scripts.

Tab completes names. Up recalls commands. Ctrl+C interrupts a command.
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LOCAL: INSPECT THE PROJECT AND ITS CONFIGURATION

Actual local shell in a live xterm.js terminal: pwd, project files and JSON configuration. The shell is the same kind of shell used in Terminal.
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REMOTE: CHECK THE MACHINE, ENVIRONMENT AND SCRIPT OPTIONS

Actual SSH command on Juliet: hostname, Python version and train.py –help. These checks tell you where you are and what you can launch.
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AN SSH KEY PAIR: PROVE WHO YOU ARE WITHOUT SHARING THE SECRET

Private key
On your laptop

id_ed25519_mesonet
Signs the authen-
tication message

Public key
Registered on MesoNET

id_ed25519_mesonet.pub
Verifies the signature

Signature

▶ The server verifies that you own the matching private key; the private key is never sent.
▶ Share or upload only the .pub file. A passphrase protects the private key on your laptop.
▶ Registering a key does not grant project access: Alexandre must also add your account to the IASD project.
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SSH: KEEP THE PRIVATE KEY; REGISTER THE PUBLIC KEY

Check existing
~/.ssh/

Generate
key pair

Upload
.pub

Associate with
Juliet account

ls ~/.ssh
# Use a new name; do not overwrite an existing key.
ssh-keygen -t ed25519 -f ~/.ssh/id_ed25519_mesonet
cat ~/.ssh/id_ed25519_mesonet.pub

Use a passphrase. Never share the private file. Alexandre must first have added your account to the IASD project. Add
the public key to the portal, then associate it with the project’s Juliet account and accept the machine’s terms.
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THE INSTRUCTIONS ARE PUBLIC AND ILLUSTRATED

Official MesoNET documentation screenshot.

MesoNET SSH-key guide

1. User menu → SSH keys.

2. Add the public key.

3. Project list → associate key with the
machine account.

4. Wait for deployment.
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CONNECT WITH AN ALIAS

Before connecting: Alexandre must have added you to the IASD MesoNET project; your public key must be associated
with your Juliet account.

In your laptop’s ~/.ssh/config:

Host juliet
HostName juliet.mesonet.fr
User YOUR_MESONET_ID
IdentityFile ~/.ssh/id_ed25519_mesonet
IdentitiesOnly yes

ssh juliet
hostname
pwd
exit

Permission denied? Check username, selected key,
project membership and key deployment.

Do not disable host-key checks. Verify a new host
fingerprint through an official channel.
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EDIT REMOTELY WHEN NECESSARY; KEEP YOUR MAIN EDITOR LOCALLY

nano
nano job.sbatch

Ctrl+O, Enter: save
Ctrl+X: exit

vim
vim job.sbatch

i: insert
Esc, :wq: save/exit
Esc, :q!: discard

VS Code Remote SSH
Open a remote folder and edit there.

Check the host in the status bar.
Terminal commands run remotely.

My recommended workflow: local editor + selective rsync. Running in a remote editor still does not allocate a GPU:
submit through Slurm.
VS Code Remote SSH documentation; Juliet also documents VS Code server, a distinct option.
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RSYNC: SEND CODE, BRING BACK EVIDENCE

Laptop
Code + notebook

Juliet
Training +

checkpoints

.py, configs, scripts

logs, metrics, small predictions

bash scripts/push.sh juliet --dry-run
bash scripts/push.sh juliet
bash scripts/pull.sh juliet --dry-run
bash scripts/pull.sh juliet

.pt / .pth / .ckpt stay remote. No -delete. Dry-run first. Keep valuable checkpoints on durable storage
separately.
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HPC: ASK FOR RESOURCES, THEN RUN

HPC: ask for resources, then run



WHY DO WE NEED A SCHEDULER?

Student A

Student B

Student C

Slurm
Queue + al-

location

Compute node
CPU + GPU

+ RAM

Shared resources, fair scheduling, bounded jobs. Request what you need, release it when done.
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BACKFILL: USE GAPS WITHOUT DELAYING HIGHER-PRIORITY JOBS

Savio cluster scheduling illustration, reused from the former Slurm deck; original asset author not
identified.

Horizontal axis: time.

Vertical axis: nodes.

Empty rectangles are opportunities
for jobs that fit.

A smaller job can start if it does not
delay a higher-priority job.

Your request determines where the job fits: realistic CPU/GPU count, RAM and wall time.
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REQUEST ENOUGH TO FINISH, NOT EVERYTHING AVAILABLE

Running jobs Reserved next job

Free window

Fits

Time

Overestimate
An unnecessarily long time limit or large allocation may
prevent the job from fitting in a free window.

Underestimate
The time limit can kill the job; insufficient memory can
cause failure. Measure a pilot, keep margin, save
checkpoints.

Conceptual diagram. Actual start time depends on cluster policies, priority and available resources; this is not a guarantee.
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THE LOGIN NODE IS NOT A TRAINING GPU

Laptop Login node Slurm
allocation

Compute node

Shared storage: code, data, logs and results

Login: edit, prepare files, submit, monitor. Compute: train inside an allocation.
On this account: home is /home/alverine; project directory /projects/m25146 exists. Check your actual paths; the documentation’s generic spelling differs.
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A JOB = RESOURCES + A COMMAND

Account
Who pays?

Partition
Which queue?

CPU + GPU
How many?

RAM + time
How much?

Our example: 1 GPU, 4 CPU cores, 8 GB host RAM, 15 minutes maximum.

Host RAM is not GPU memory. Reserving a GPU does not move your model onto it.
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THE BATCH SCRIPT: SMALL, EXPLICIT, READABLE

#!/bin/bash
#SBATCH --partition=mesonet
#SBATCH --ntasks=1
#SBATCH --cpus-per-task=4
#SBATCH --gres=gpu:1
#SBATCH --mem=8G
#SBATCH --time=00:15:00
#SBATCH --output=logs/%x-%j.out
#SBATCH --error=logs/%x-%j.err
set -euo pipefail
source .venv/bin/activate
srun python -u train.py ...

#SBATCH: allocation request.

Shell commands: executed when the job
starts.

-u: flush Python output for live logs.

Create logs/ before submission.

Shortened teaching example; the stdout/stderr paths and monitoring commands are explained in the following slides.
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SUBMIT, WAIT, RUN, FINISH

PENDING RUNNING COMPLETED or FAILED

export DATALAB_ACCOUNT=YOUR_PROJECT_ACCOUNT
bash scripts/submit.sh --model small_cnn \
--run-dir runs/cnn-001 --epochs 6 --tensorboard

squeue -u "$USER"

Keep the job ID. Pending can mean resources are occupied or other jobs have priority. An invalid account or partition
is a different problem.
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SINFO: WHAT RESOURCES AND PARTITIONS EXIST?

sinfo
sinfo -p mesonet
sinfo -p mesonet -o "%P %a %l %D %t %G"

Partition: a queue / set of nodes.

Time limit: maximum allowed duration.

GRES: generic resources, e.g. GPUs.

idle: available node.

mix: some resources allocated.

alloc: allocated. down/drain: unavailable for new
jobs.

sinfo describes the cluster. It does not tell you that your job will start immediately.

ALEXANDRE VÉRINE DATALAB · ML ON A CLUSTER 47 / 74



THE REAL PARTITION AND ITS GPU RESOURCES

Actual sinfo and squeue on Juliet, 7 October 2026. A node can be partly allocated; read the state and resources together.
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SQUEUE: WHERE IS MY JOB?

squeue -u "$USER"
squeue -j JOBID
squeue -u "$USER" \
-o "%.12i %.9P %.18j %.10T %.10M %R"

PENDING / PD
Read the reason: Resources, Priority, BeginTime, etc.
The job has not started training yet.

RUNNING / R
Resources have been allocated. Inspect your Slurm logs
and the application’s metrics.
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SCANCEL STOPS A JOB; SACCT TELLS YOU HOW IT ENDED

scancel JOBID
sacct -j JOBID --format=JobID,State,ExitCode,Elapsed

Cancel deliberately
Check the job ID first. Cancel your own unused
pending jobs or a wrong experiment. Closing your SSH
terminal does not cancel a batch job.

Read the final state
COMPLETED + ExitCode 0: successful process exit.
FAILED, TIMEOUT, OUT_OF_MEMORY,
CANCELLED: inspect logs. Scientific validity still needs
checking.

Slurm command roles: sinfo = resources; squeue = current jobs; scancel = cancel; sacct = job accounting.
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SUBMITTED DOES NOT MEAN RUNNING

Actual submission and squeue. For this capture we requested a future start with –begin: the reason is BeginTime, not congestion. This tiny job is cancelled next.
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CANCEL THE UNUSED JOB AND CHECK ITS STATE

Actual scancel and sacct for our demonstration job. Only our own deliberately delayed job is cancelled.
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THE ACTUAL TRAINING JOB RECEIVES A GPU

Actual ResNet submission and squeue: job 123017 running on Juliet. Same one-GPU batch script; the job continues independently of this SSH terminal.
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FOLLOW THE JOB; INVESTIGATE ITS END

squeue -u "$USER"
tail -f logs/datalab-cifar-JOBID.err
# Ctrl+C stops tail, not the job.
sacct -j JOBID \
--format=JobID,State,ExitCode,Elapsed

scancel JOBID

No longer in squeue

Check sacct + stdout/stderr

Disappeared ̸= succeeded. Cancel only your own unneeded jobs; check the recorded exit code.
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WHERE DOES EACH OUTPUT GO?

#SBATCH --output=logs/%x-%j.out
#SBATCH --error=logs/%x-%j.err
# Shell commands in the batch script:
hostname
nvidia-smi
srun python -u train.py ...

tail -f logs/datalab-cifar-JOBID.err
tail -f runs/resnet-001/train.log

.out: stdout (e.g. hostname, GPU details).

.err: stderr, including our logger’s INFO
messages. A nonempty file does not necessarily
mean failure.

train.log: application log inside the run folder.

%x / %j: job name / job ID.
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REAL SLURM LOGS: HARDWARE, PROGRESS AND EXIT STATUS

Actual stdout, stderr and sacct from our completed ResNet run. INFO progress goes to stderr because logging.StreamHandler() uses it by default.
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DIAGNOSE BEFORE REQUESTING MORE RESOURCES

Import error
Wrong interpreter?
Environment activated?
Dependency declared?

CUDA out of memory
Lower batch size.
Inspect GPU memory.
Host -mem will not increase GPU
memory.

Time limit
Inspect progress.
Save checkpoints.
Resume; request a realistic duration.
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LIVE: CLUSTER TO NOTEBOOK

Live: cluster to notebook



WATCH ONE EXPERIMENT TRAVEL TO JULIET

Push code Submit job Read logs Pull results

We will follow one job ID from submission to metrics.

If the queue is busy, we inspect a prepared run from the same code and cancel an unused pending job.
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A RUN FOLDER CONTAINS THE EVIDENCE

Actual Juliet run folders: logs, metrics, checkpoints, predictions and summary. The summary reports validation performance and measured time.
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PULL RESULTS WITHOUT DOWNLOADING THE CHECKPOINTS

Actual rsync dry-run: preview the transfer of metrics, logs and small predictions. Large model checkpoints stay on the cluster.
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A NOTEBOOK FOR ANALYSIS, NOT HIDDEN TRAINING STATE

Actual JupyterLab notebook, executed locally with real Juliet results. Change the metric and selected runs; zoom both axes. Checkpoints stay on Juliet.
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LOOK AT THE MISTAKES, THEN PROPOSE THE NEXT EXPERIMENT

Real validation predictions from the teaching run. Short runs illustrate a workflow, not state-of-the-art performance.
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DOWNLOAD THE COMPLETE TEACHING EXAMPLE

Download the mini-project (ZIP)

▶ Python training code, CNN / ResNet models, configurations and Slurm / rsync scripts.
▶ Interactive analysis notebook, real metrics, logs and validation predictions.
▶ The two trained best.pt models; no raw CIFAR-10 archive or local environment.

Start with README.md. Open the analysis notebook without retraining; download CIFAR-10 separately if you want to
train. The larger last.pt resume checkpoints are not included.
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https://www.lamsade.dauphine.fr/~averine/Datalab/resources/datalab-slurm-mini-project.zip


CAN YOU DO THIS ON YOUR OWN?

Relaunch
one command

Locate
config + metrics

Diagnose
one failure

Interpret
one curve

MesoNET docs · Slurm Quick Start

In your own project: change one setting, use a new run directory, compare validation curves, and explain the result.
Keep the test set for the final evaluation.
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https://www.mesonet.fr/documentation/user-documentation/code_form/juliet/
https://slurm.schedmd.com/quickstart.html


REFERENCE AND OPTIONAL TOOLS

Reference and optional tools



INSPECT TENSORBOARD LOCALLY AFTER PULLING THE LOGS

bash scripts/pull.sh juliet
python -m pip install tensorboard
tensorboard --logdir runs --host 127.0.0.1 --port 6006

Open http://127.0.0.1:6006 on your laptop. This avoids running a web service on the login node and does not
require a tunnel.

Remote visualization is possible with an appropriate allocation and SSH tunnel; follow the cluster’s policy and topology.
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RESUME A TRUSTED CHECKPOINT

bash scripts/submit.sh --model small_cnn \
--run-dir runs/cnn-001 --epochs 12 \
--resume --tensorboard

-epochs is the total target, including completed epochs. Preserve architecture, data split, batch size, learning rate and
seed.

Only load your own trusted checkpoints. Changing the experiment means starting a new run.
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OPTUNA: A SMALL, EXPLICIT BUDGET

python -m pip install -r requirements-tracking.txt
# Run this inside an appropriate Slurm allocation.
python tune.py --trials 3 --epochs 2

Each trial calls the same train.py; the objective is validation accuracy. The SQLite study can be reopened. Three short
trials demonstrate the workflow, not reliable hyperparameter conclusions.

Pruning requires intermediate measurements and explicit stop/report logic; it is not implemented in this minimal
example.
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TWO EVERYDAY COMMANDS; PROJECT-SPECIFIC FILTERS

bash scripts/push.sh juliet --dry-run
bash scripts/pull.sh juliet --dry-run
# Other SSH aliases: lam (Lamsade), jz (Jean Zay).
# For jz, configure YOUR work directory first.

Push: inputs
Python, scripts, configs and requirements. Keep .json
configs and requirements.txt.

Pull: evidence
Logs, metrics, TensorBoard events and small predictions.
Our notebook needs predictions.npz.

Checkpoints stay remote. First matching filter wins. Dry-run previews transfers; same-name files may be overwritten.
No automatic conflict resolution.
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EXAMPLE SOURCE: DECLARE THE EXPERIMENT’S ARGUMENTS

Actual train.py opened in JupyterLab. The slide with the minimal argparse pattern explains how to reuse these ideas in your own project.
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EXAMPLE SOURCE: CREATE THE RUN AND CONFIGURE LOGGING

Actual source: a fresh run directory, console + file logging, random seeds and device selection.
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EXAMPLE SOURCE: SAVE METRICS AND CHECKPOINTS

Actual training loop: record measurements, track progress, write last / best checkpoints, and save predictions for later analysis.
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OFFICIAL REFERENCES AND CREDITS

▶ MesoNET account and profile; SSH keys and project association; Juliet documentation.

▶ Slurm Quick Start; sinfo; squeue; scancel; sacct; backfill.

▶ Torchvision ResNet; CIFAR-10 dataset.

▶ PyTorch TensorBoard; W&B tracking; Optuna; VS Code Remote SSH.

▶ Theme: Lars Spreng, CC BY 4.0. Earlier pedagogical material: DL3IISO project-organization slides and Constant Bourdrez’s
Slurm support. Asset sources recorded in SOURCES_VISUELS.md.
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https://www.mesonet.fr/documentation/user-documentation/acces/portail/
https://www.mesonet.fr/documentation/user-documentation/acces/ssh/
https://www.mesonet.fr/documentation/user-documentation/code_form/juliet/
https://slurm.schedmd.com/quickstart.html
https://slurm.schedmd.com/sinfo.html
https://slurm.schedmd.com/squeue.html
https://slurm.schedmd.com/scancel.html
https://slurm.schedmd.com/sacct.html
https://slurm.schedmd.com/sched_config.html
https://docs.pytorch.org/vision/stable/models/resnet.html
https://www.cs.toronto.edu/~kriz/cifar.html
https://docs.pytorch.org/docs/stable/tensorboard.html
https://docs.wandb.ai/models/track
https://optuna.readthedocs.io/en/stable/
https://code.visualstudio.com/docs/remote/ssh
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