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https://aima.cs.berkeley.edu/
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Machine Learning
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Input Fearture Extraction Classification Output
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https://proceedings.neurips.cc/paper_files/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
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e Loss scales as a power-law with model size, dataset size, and the amount of
compute used for training

[3, 4]


https://arxiv.org/abs/2202.05924
https://arxiv.org/abs/2010.14701

Footprint/Cost

Llama 3.1 -405b
e 16 thousand H100 = a cumulative of 30.84M GPU hours of computation

e 8930 tons of CO2e (renewable energy) - an average French person = 9 tons/year
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https://arxiv.org/abs/2407.21783
https://research.ark-invest.com/hubfs/1_Download_Files_ARK-Invest/Big_Ideas/ARK%20Invest_013123_Presentation_Big%20Ideas%202023_Final.pdf

IPCC guidelines

Des indicateurs issus d'une méthode normalisée d’'analyse
de cycle de vie qui comporte des définitions précises

Evolution de 4 indicateurs de l'impact environnemental du numérique dans le
scénario tendanciel, en valeurs absolues.

Empreinte carbone Ressources utilisées

(en millions de tonnes de CO, éq.) (en millions de tonnes)

2020 (D) 17.2 2020 [ ) 637
Consommation d’énergie Conso. de métaux et minéraux
(en TWh) (en tonnes Sb éq.)

1081

1508

Empreinte carbone : émissions de gaz a effets de serre exprimées en équivalent CO,.

Ressources utilisées : indicateur MIPS qui considére cing types de ressources, comprenant
les ressources abiotiques (matériaux, énergie fossile...), la biomasse, les déplacements de
terre mécaniques ou par érosion, I'eau, et 'air. Il donne une idée de l'effort effectué pour
produire nos biens et services.

Consommation d’énergie finale : désigne I'énergie directement utilisée par I'utilisateur
final, sous forme d'électricité ou de carburant.

Consommation de métaux et minéraux : cet indicateur évalue la quantité de ressources
minérales et métalliques extraites de la nature en équivalent antimoine (un élément
chimique dont on retrouve le symbole Sb dans le tableau périodique des éléments). C'est un
standard des analyses de cycle de vie qui permet de mesurer 'épuisement des ressources
naturelles.


https://www.arcep.fr/la-regulation/grands-dossiers-thematiques-transverses/lempreinte-environnementale-du-numerique/etude-ademe-arcep-empreinte-environnemental-numerique-2020-2030-2050.html
https://arxiv.org/abs/2204.05149

Green/Red Al

Green/Red Al: Making efficiency an evaluation criterion + reporting the financial cost
of developing, training, and running models

BLOOMz-7B BLOOM:z-3B BLOOMz-1B BLOOMz-560M

Training energy (kWh) 51,686 25,634 17,052 10,505
Finetuning energy (kWh) 7,571 3,242 1,081 543
Inference energy (kWh) 1.0 x 107% 7.3 x 1077 6.2 x 1077 5.4 % 1077
Cost parity (# inferences) 592,570,000 395,602,740 292,467,741 204,592,592
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Model size (number of parameters)

100 km with an electric car = 17 kWh; 1 h of video streaming = 70 g of CO2
(2,10, 11]


https://arxiv.org/abs/1907.10597
https://arxiv.org/abs/2311.16863
https://impactco2.fr/

Challenges
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Pipeline
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https://arxiv.org/abs/2204.00827

Overview

1. Data

o Data overload
o Unlabeled data
o Limited data

o Data management

2. Model

o Energy consumption

o Memory efficiency

o Training overhead
3. Miscellaneous

o Tools

o Resources

o Hardware

o Advances
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Data

e Data overload: selection, dimensionality reduction, sampling, distillation

e Unlabeled data: crowdsourcing, generative models, active learning, semi-
supervision, weak supervision, self-supervision

e Limited data: augmentation, synthetic generation, transfer learning, external
data, regularization, physics-informed, few-shot learning

e Data management: imputation, cleaning, feature engineering, preprocessing,
ensembling, cross-validation, incremental learning, memory augmented network

12



Data

Data overload: selection, dimensionality reduction, sampling, distillation

13



Data Overload

Garbage In, Garbage Out
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Data Overload

Selection, dimensionality reduction, sampling
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https://scikit-learn.org/stable/data_transforms.html

Data Overload

Distillation
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https://arxiv.org/abs/2403.12040

Data

Unlabeled data: crowdsourcing, generative models, active learning, semi-
supervision, weak supervision, self-supervision

17



Unlabeled Data

Crowdsourcing, generative models

Pro bono projects with PeopleForAl

Object Localization

Zero-shot Segmentation

Segment: striped cat

Zero-shot Visual QA

What is the breed of
these cats?

One-shot Learning with Instructions

Striped cats are called tabby

cats. What is the breed of ——
the cats in the image?

Vision

>—— Language

Model

The cats in the image appear
to be domestic shorthair cats.

The cats in the image are tabby cats.

Tabby cats are a common domestic
\—— cat breed and are characterized by
their distinctive coat pattern, stripes
on the body, and a ringed tail.

18


https://www.peopleforai.com/fr/appel-projets-pro-bono-sociaux-environnementaux/

Unlabeled Data

Active learning, semi-supervision, weak supervision
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https://link.springer.com/content/pdf/10.1007/s10994-019-05855-6.pdf

Unlabeled Data

Self-supervision

dataset (no labels)

[16]

pretext
task
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https://ieeexplore.ieee.org/abstract/document/10559458

Data

Limited data: augmentation, synthetic generation, transfer learning, external
data, regularization, physics-informed, few-shot learning

21



Limited Data

Augmentation, synthetic generation
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https://www.nvidia.com/fr-fr/omniverse/

Limited Data

Transfer learning, external data, regularization, physics-
informed

Training from scratch

Pre-trained model
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https://link.springer.com/content/pdf/10.1007/s10915-022-01939-z.pdf

Limited Data

Few-shot learning
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https://arxiv.org/abs/1904.05046
https://arxiv.org/abs/2205.06743

Data

Data management: imputation, cleaning, feature engineering, preprocessing,
ensembling, cross-validation, incremental learning, memory augmented
network

25



Data Management

Imputation, cleaning, feature engineering, preprocessing

4

Applying
Data imputation

Original
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Data Management

Ensembling, cross-validation
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Data Management

Incremental learning, memory augmented network
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https://arxiv.org/abs/1909.08383
https://arxiv.org/abs/2302.00487
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Model

e Energy consumption: efficient algorithms-architectures, skip mechanism, gate
mechanism, early termination, compilation, specialized hardware

e Memory efficiency: batching, accumulation, weight sharing, tensor
decomposition, pruning, quantization, distillation, sparse representation

 Training overhead: early stopping, mixed precision, scheduling, distributed
learning, dynamic pruning, low-rank adaptation

30



Model

Energy consumption: efficient algorithms-architectures, skip mechanism,
gate mechanism, early termination, compilation, specialized hardware

31



Energy Consumption

Efficient algorithms-architectures

Depthwise Pointwise

Model | Multi-Layer Perceptron (MLP) |Kolmogorov-Arnold Network (KAN)
(a) fixed activation functions (b) learnable activation functions
/ on nodes ﬁ%}:f\ - on edges
Model : /
(Shallow) {\J v /7/ % - /l\ﬁ“"‘—"" sum operation on nodes
| learnable weights IR AT W [ 2
\\% — on edges W W

[22, 23, 24, 25]
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https://arxiv.org/abs/1704.04861
https://arxiv.org/abs/2404.19756
https://arxiv.org/abs/2005.05859
https://arxiv.org/abs/2407.00088v1

Energy Consumption

Skip mechanism, gate mechanism, early termination

gating

--------------------------

[26]



https://arxiv.org/abs/2401.04088

Energy Consumption

Compilation, specialized hardware

Eager Mode
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Torch-TensorRT
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https://dl.acm.org/doi/pdf/10.1145/3571155

Model

Memory efficiency: batching, accumulation, weight sharing, tensor
decomposition, pruning, quantization, distillation, sparse representation

35



Memory Efficiency

Batching, accumulation
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Memory Efficiency

Weight sharing, tensor decomposition

37


https://arxiv.org/abs/1702.04008
https://arxiv.org/abs/2107.03436

Memory Efficiency

Pruning, quantization, distillation, sparse representation

PRUNING QUANTIZATION ‘ Trammg Data
Remove Weights FP32 - INT8 Weights ‘ |

Teacher Model Student Model

~  (Pre-trained) (to be trained)

Mobile Phone /
Embedded
Device

Knowledge Distillation
Predictions »| Predictions

syarse DENSE

Ground Truth

[30, 31] N 38


https://arxiv.org/abs/2106.14681
https://arxiv.org/abs/2102.04010

Model

Training overhead: early stopping, mixed precision, scheduling, distributed
learning, dynamic pruning, low-rank adaptation

39



Training Overhead

Early stopping, scheduling, mixed precision
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Training Overhead

Distributed learning

Model Parallelism Data Parallelism

Server coordinating
the training of a
global Al model

I ! :
! 1
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s | e e S s —
——————————————— | N |
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i N i @ {@ @ @ Devices with
I | l local Al models
I Machi | Machine 4 |
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https://link.springer.com/content/pdf/10.1007/s13042-022-01647-y.pdf

Training Overhead

Dynamic pruning, low-rank adaptation
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https://arxiv.org/abs/2303.04947
https://arxiv.org/abs/2106.09685




Miscellaneous

e Tools: data management, annotation, metadata tracker, base stack
e Resources: datasets, models, infrastructures
e Hardware: SBC, sensors, neuromorphic, deployment

e Advances: Al and robotics

44



Miscellaneous

Tools: data management, annotation, metadata tracker,
base stack

45



Data Management O it DC

DVC: Connect to versioned data sources and code with pipelines, track experiments,
register models — all based on GitOps principles

dvc init
dvc remote add -d myremote /tmp/dvcstore

dvc add data/data. json
dvc push

git add data/data.json.dvc data/.gitignore
git commit -m
git push

git pull
dvc pull



https://dvc.org/

Data Annotation

Label Studio: open source data labeling tool that supports multiple projects, users,
and data types

I:I Label Studio = Projects / Video Example-25 / Labeling Settings DE
#55 ot nv |o e x Q= Update
Outliner <

= Manual Grouping ) Ordered by Time 1
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https://labelstud.io/

Metadata Tracker

Aimstack: Tracking and visualizing experiments

METRICS EXPLORER Live Update O  Bookmark [ —
best_loss X blue X | logs X | x @ — go
- . g ] ao
o # 0 Color  Stroke  Chart

mefric_name="best metric_names= "bleu 3 metric_name="loss" Lo

3
X
X,
x
=
B “
Runs a
- [y = | {8 Manage Columns W Hide Rows % Sort 1= Row Height 2, Export
Grouping Metrics Value Matrics
# hparams.max_k Tl @ Experiment Aun £ Metric  § Context : Area Min Mean Area Max i Step Epoch @ Time
A2 10 GMA-syntok 5 viluos bleu 2 virhues 27.9099998474... | 29.73699989.. 31.3799991607.. 21 0
None GMA-syntok bleu val 28.5499992370680547 2 0 11:50 ®
MNone GMA-syntok bleu 31.34000015258788 21 0 1:50 =
Mane GMA-syntok bleu subset-val 28.829999023706055 21 0 11:50 =
MNone GMA=syntok bley subsettest 30,9099998474121 21 0 11:80 @
Mone GMA-syntok bleu 28.520000457763672 21 v] 11:50 =
None GMA-syntok bleu 31.3799991607666 21 aQ 11:50 =
MNone GMA-syntok bleu val 28.450000762939453 21 0 11:50 <&



https://aimstack.io/

Tooling

Base stack: pytorch, lightning, hydra (template)

Additional packages: torchmetrics, optuna, captum,
grafana, prometheus, albumentations, onnx

Configuration Execution Summary
(us) reentage (%)
1575
106,
221
28
333333
Step Time Breakdown ®
200,000

100,000

50,000

Step Time (microsecond

0

4 5 6 7 8 9

step
N Kernel M Memcpy [ Memset B Runtme Ml DataLoader Ml CPU Exec [ Other

Performance Recommendation

« This run has high time cost on input data loading. 21.2% of the step time is in DataLoader. You could try to set num_workers on DataLoader's construction and enable multi-processes on
and Multi-process Data Loading

data loading. Reference: 51 /c- ar

mapie, nni

Al Lifecycle, Troubleshooting Al

49


https://pytorch.org/
https://lightning.ai/pytorch-lightning
https://hydra.cc/
https://github.com/ashleve/lightning-hydra-template
https://lightning.ai/torchmetrics
https://optuna.org/
https://captum.ai/
https://mapie.readthedocs.io/
https://nni.readthedocs.io/
https://grafana.com/
https://prometheus.io/
https://albumentations.ai/
https://onnx.ai/
https://ml-ops.org/content/crisp-ml
http://josh-tobin.com/troubleshooting-deep-neural-networks.html

Miscellaneous

Resources: datasets, models, infrastructures

50



Hugging Face

@ Hugging Face Q. Search models, datasets, users... # Models ~ Datasets [ Spaces @ Posts ' Docs & Solutions  Pricing ~= Login m

LeRobot community
& https://github.com/huggingface/lerobot

A2 Request to join this org

< Al &ML interests @ Community @ Aboutorg cards
Organization Card

State-of-the-art Machine Learning for real-world robotics

. Team members 11

g‘@ﬁﬁ@.@.@

Also: Papers with Code

51


https://paperswithcode.com/

HPC/AIl Resources

Hybrid Cluster (local)

e Access: Email
e Documentation

Grid’5000 (national)

e Access: Form
e Documentation

Jean Zay (national)

e Access: Form (academic and industry)
e Documentation

Usage
e Jupyter notebooks via a web interface or traditional command-line tools
e Submit jobs using SLURM, specifying required resources

52


file:///home/rbelmonte/doc/hpc@univ-lille.fr
https://hpc-doc.univ-lille.fr/docs/category/cluster-hybride
https://www.grid5000.fr/w/Grid5000:Get_an_account
https://www.grid5000.fr/w/Getting_Started
https://www.edari.fr/
http://www.idris.fr/jean-zay/

Slurm

Manages a queue and launches jobs submitted on dedicated compute servers when
the requested resources are available.

#SBATCH --nodes=1
#SBATCH --ntasks-per-node=1
#SBATCH --time=66:05:00

#SBATCH --job-name=GPU
#SBATCH --mem=1G
#SBATCH --gres=gpu:1

./program

> sbatch job.slurm

53



Miscellaneous

Hardware: SBC, sensors, neuromorphic, deployment

54



Embedded Al

e SBC: Nvidia Jetson, Raspberry Pi
e SoC: Qualcomm Snapdragon 8cx Gen 3, Google Tensor, Apple M-series
e MPU: Intel Core i7/i9/Xeon (AVX-512, DL Boost), AMD Ryzen 9 (Threadripper)

o ASIC/NPU/LPU: ARM Cortex Ethos, Apple Neural Engine, Samsung Exynos, Huawei Ascend,
Intel Gaudi, Groq, cerebras

e MCU: STMicroelectronics STM32 Al, Arduino
e FPGA: AMD/Xilinx Kria, Versal Al

e Sensor: Luxonis OAK, event-based cameras

e Neuromorphic: Intel Loihi

e Co-inference

Libraries: Edgelmpulse, NanoEdgeAlStudio

55


https://docs.edgeimpulse.com/
https://www.st.com/en/development-tools/nanoedgeaistudio.html

Deployment

Ws

python

e Python overhead can seriously hurt performance
e The GIL is a notorious source of headaches
e Make serverless inference possible with lightweight binaries

e Remove Python from production workloads

Why Rust: safety and speed, borrow checker, scoped resource management, error
handling, wasm, tooling, ...

Libraries: Candle, Luminal

56


https://www.rerun.io/blog/why-rust
https://github.com/huggingface/candle
https://luminalai.com/

Deployment

torch
torchvision

model = torchvision.models.resnet18()
traced_script_module = torch.jit.trace(model, torch.rand( , -,
traced_script_module.save( )

torch::jit::script::Module ;
= torch::jit::load(argv|[ ]);

std::vector<torch::jit::IValue> inputs;
inputs.push_back(torch::ones({ , , ) }));

at::Tensor output = .forward(inputs).toTensor();
std::cout << output.slice(/*dim=*/1, /*start=*/0, /*end=%*/5) <<

CPP export, Pytorch Edge



https://pytorch.org/tutorials/advanced/cpp_export.html
https://pytorch.org/edge

Deployment

Gradio: easily create interactive web-based user interfaces for ML models

inp ". 3 Ld . o B output
N 2 g api_name: | [predict
e lion

from gradio_client import Client copy

lion 100%
client = Client("https://gradio-pytorch-image-classifier.hf.space/")
cougar 0% result = client.predict(

"https://raw.githubusercontent.com/gradio-app/gradio/main/test/test_files/bus.png"|,
Lynx 0% - Thn T Too SR

api_name="/predict"
)

print(result)

Clear Submit

Examples * Return Type(s)

predict(

gr.Interface(fn=predict, inputs=gr.Image(type= ), outputs=gr.Label(num_top_classes="),
examples=| , 1) .1launch()

Also: FastAPI, TorchServe



https://www.gradio.app/
https://fastapi.tiangolo.com/
https://pytorch.org/serve/

Miscellaneous

Advances: Al and robotics
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GRUtopia

Dream General Robots in a City at Scale

[35]

K+ Scenes 89 Scene Categorles ) Generated Tasks

Reantean |

A@h i

')
#"1-‘-!. II‘P‘ .n. |-

7 {ﬁ ! 'A'lll!

P “School- Man ulation NN .
Interactive and Flnely Annotated Socual Interaction WIth NPC
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https://arxiv.org/abs/2407.10943

Octo

An Open-Source Generalist Robot Policy

: W
£ 800k Robot Trajectories }

o

Flexible Task Definitions " ;

Flexible Action Spaces

-+ -ol' —»
\ C ( )
Goal Image Language *
g g Instruction - - I
nd-Effector Control
Octo C .

Flexible Observations

- . e
- . Generalist Robot Policy o &
‘.
1 u
® o
| A
Wrist & 3rd Person ) ;
L e Proprio Joint Control
Out-of-the-box Multi-Robot Control Efficient Finetuning with new observation + action spaces

& ot

[ 3 6 ] WidowX Rearrange URS5 Table Top RT-1 Robot



https://arxiv.org/pdf/2405.12213

ROS-LLM

A ROS framework for embodied Al with task feedback and
structured reasoning

4 ™

Atomic action libra Deployment
Y Expert Prompt oy
Palicy Textual s LT . LLLY
representation description . Sensors
. T CoT/Few-shot
. .
: -
#  Action library description
| ‘ Environment observation

- Task description
- Human-feedback
Imitation learning Non-expert \_ S
o | e [

[37]


https://arxiv.org/abs/2406.19741

Make An Agent

Generalizable Policy Network Generator with Behavior-
Prompted Diffusion

Making agile turns to avoid stepping on a Navigating to circumvent the goal and
bouquet while moving across a mat ball while swiftly moving backward.

[38]
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https://arxiv.org/pdf/2407.10973

Robot Utility Models

General Policies for Zero-Shot Deployment in New
Environments

Object reorientation

Robot Utility Models

train once, deploy zero-shot

10] ZT ain multi-maodal
hdt et.

neration D
RUM
policy
£ e iro
I

ew environments, zero shot, with mLLM feedbac|
',El_"
A ——

3. Deploy in

!

Eg your
home

Drawer opening \_ Door opening




Flow Matching Policy

Affordance-based Robot Manipulation with Flow Matching

ga.&

| “ Tuned | Frozen

[40]

Prompting1

feed the humanﬂl Flow Matching Policy

%

|

| e
Random Goal .
Waypoints Trajectory |

Frozen Pretrained
Vision Model

Prompting2 AJJ
‘comb the hair'
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https://arxiv.org/abs/2409.01083

Learning to Fly in Seconds

Deployment

After training for 18s

[41]
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https://arxiv.org/abs/2311.13081

Gaussian Splatting SLAM

[42]
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https://arxiv.org/abs/2312.06741

The Al Scientist

Towards Fully Automated Open-Ended Scientific Discovery

@ Idea Generation E @33 Experiment Iteration @ Paper Write-Up
e, ) r .
. LLM Idea/Plan Experiment Experlments : I Manuscript
. Innovation Template . Template
: —h» ‘ p L
: ) Text A via
Novelty Check Code Avia ; . LLM & aider )
[ Sem. Scholar ] [ LLM & aiderJ [ Update Plan ] '
. l l ----- l o | Manuscript |
. |dea scoring /
. archiving

4 N
Experiment Numerical LLM Paper
Exec Script Data/Plots Reviewing
S

[43]


https://arxiv.org/abs/2408.06292

Conclusion

e Open source Al with HuggingFace

Physics-informed Al and Multimodal Foundation Model
e Catastrophic forgetting, benchmarking
e TinyML Foundation

Responsible and Sustainable Al
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https://ojs.aaai.org/index.php/AAAI/article/download/11651/11510
https://mlcommons.org/
https://www.tinyml.org/
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https://fidle.cnrs.fr/

Any questions?
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