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A word about me

>

Researcher at Inria = MIND
https://tommoral.github.io
thomas.moreau@inria.fr

Research topics: Time-series, Physiological signals, Inverse Problems,
Bilevel Optimization, Unrolling, Pattern Learning, Point Processes.

OSS maintainer/contributor
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The Era of Benchmarks:
Al as an empirical science
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The ImageNet competition

» Annual competition since 2010

» Evaluate image classification
methods with 14M labeled
images among 1k categories
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The ImageNet competition

» Annual competition since 2010

» Evaluate image classification
methods with 14M labeled
images among 1k categories

» Boosted Al and Deep
Learning research when Alex
Krizhevsky won in 2012.

= Demonstrates the importance of benchmarks to drive research in Al
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Many benchmarks in Al

:\r/:]:;ngyéll\)lzzchmarks followed .'I G L U E

» Natural Language Processing:
GLUE, SuperGLUE

& Gymnasium
» Reinforcement Learning: Atari,
MuJoCo, OpenAl Gym

» Others: fastMRI, DAWNBench,
MLPerf, etc.
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Many benchmarks in Al

:\r/rllzngﬁ:lgzchmarks followed .'I G L U E

» Natural Language Processing:
GLUE, SuperGLUE

& Gymnasium
» Reinforcement Learning: Atari,
MuJoCo, OpenAl Gym

» Others: fastMRI, DAWNBench,
MLPerf, etc.

= Benchmarks are now ubiquitous in Al research.
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Too many benchmarks in Al?

In the recent years, many benchmarks have been proposed:

NeurlPS: Main vs Datasets & Benchmarks submissions

—8— Main track submissions
—— Datasets & benchmarks submissions

4.0

99

3.0 1

2.54

2.0 4

Increase in # of submissions

159

1.0

2021 2022 2023 2024 2025
Year

= Most of them don't have long-term maintainance plan, and are

ol I;(‘III\I al\:\nr‘lr\nnr"
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Benchmark goals in Al

Short-term progress

Long-term evaluation

Task-specific Challenge/Competition
— push limits quickly

SOTA tracking
— measure progress

Generalizable Research question
— empirical study

Benchmark framework
— stable & extensible
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Benchmark goals in Al

Short-term progress Long-term evaluation

Task-specific Challenge/Competition ~ SOTA tracking

— push limits quickly —» measure progress
Generalizable Research question Benchmark framework
— empirical study — stable & extensible

Takeaway

Most attention goes to the top-left quadrant for fast progress, but solid
science requires the bottom-right.

6/35



The three components of a benchmark

A benchmark is defined by three components:

» Objective: what is being measured?
» Dataset: on what evidence?

» Solvers/Methods: What are we comparing?
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The three components of a benchmark

A benchmark is defined by three components:

» Objective: what is being measured?
» Dataset: on what evidence?

» Solvers/Methods: What are we comparing?

Different benchmark goals emphasize different components.

» Challenge benchmarks: Fixed dataset + single metric — stresses
solver comparison. Focus on performance

» SOTA tracking benchmarks: Multiple metrics and datasets, compare
solvers to measure progress over time.
Risk: test-set overfitting / cherry-picked metrics.

» Research benchmarks: Fixed set of methods evaluated, with broad
range of metrics. Risk: incomplete / quickly outdated
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Challenges in Al benchmarking

[Varoquaux and Cheplygina 2022]

-0.75 0.0 +0.75

» Futile benchmarks

Lung cancer classification

Test size: max 1K . X S
Smaller improvements than noise Diminishing returns
0.2 0.0 +0.2
Schizophrenia classification

Test size: 120 Lo
Diminishing returns

005 00 +0.05

Lung tumor segmentation
Test size: max 6k

jo
Poorer score on private set Overfit

0.04 0.0 petween public 004

\{vinner gap d private sets
q mprovement ok
Nerve segmentation of top model-
. 10% best
Test size 5.5K =
Evaluation noise Acmal
improvement
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Challenges in Al benchmarking

Do we really need Foundation Models for
multi-step-ahead Epidemic Forecasting?

» Futile benchmarks

» Lack of proper baselines hinders

Position: Quo Vadis, Unsupervised Time Series Anomaly Detection?

scientific progress. e v ot e et
PNAS

Implicit data crimes: Machine learning bias arising from
misuse of public data

Efr

",

9, Ke Wang?, and Michael Lustig®

Descending through a Crowded Valley —
Benchmarking Deep Learning Optimizers

Robin M. Schmidt "' Frank Schneider ' Philipp Hennig ' *

Unclear improvement!
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Challenges in Al benchmarking

[Moreau et al. 2022]

E Vanilla SGD Best Adam —#&— Best SGD
» Futile benchmarks CIFAR-10
» Lack of proper baselines hinders AQO
scientific progress. S\i 5
» Reproducing benchmarks is hard. <;3
; 10
P
5_ T T T T
0 1000 2000 3000
Time (s)
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Challenges in Al benchmarking

» Futile benchmarks
[Christodoulou et al. 2024]
» Lack of proper baselines hinders

sC | ent | fl C p rog ress. Commonly encountered results tables

Methods osc Hoss Scenario 1 (narrow C1; desired)

» Reproducing benchmarks is hard. == = o b B ®

%070 6735
.

» Statistical validity is often ° __:’]
missing. L] T

Fig. 1: Common practice in medical imaging algorithm performance reporting
leaves many open questions.
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Challenges in Al benchmarking

[Varoquaux et al. 2025]

» Futile benchmarks e Language ©Multimodal Gemini Ultra
Vlsr:on grawwr\]g AIphaGo U
5 o e Other ® Speec
» Lack of proper baselines hinders  10?* {unknown §  Zero,
L[]

° Games xe O '
. o ) \i=
scientific progress. 0 Y

» Reproducing benchmarks is hard. 1q1s |

.. e . . AR
> Statistical validity is often .. .o,of'*:} "‘n.:
missing. 1012 4 2. 5ete 5°

» Benchmarking cost is duplicated Training FLOP

across groups. 20|OO 20I10 20l20
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Challenges in Al benchmarking

=
::a-::
D
ataset q
» Futile benchmarks Paper A
Preproc./ Method A
» Lack of proper baselines hinders Metrics A etho
scientific progress.
» Reproducing benchmarks is hard. Preproc./
. Method B
.. o Mo o Metrics B
» Statistical validity is often
» Benchmarking cost is duplicated Preproc./ -
8 P Metrics C Method C

across groups.

Each paper independently rebuilds preprocessing,

baselines, and evaluation — duplicated cost.
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Reproducible method comparison with Benchopt

References

» TM, Massias, M., Gramfort, A., Ablin, P., Bannier, P.-A., Charlier, B.,
Dagréou, M., la Tour, T. D., Durif, G., Dantas, C. F., Klopfenstein, Q.,
Larsson, J., Lai, E., Lefort, T., Malézieux, B., Moufad, B., Nguyen, B. T,
Rakotomamonjy, A., Ramzi, Z., Salmon, J., and Vaiter, S. (2022). Benchopt:
Reproducible, efficient and collaborative optimization benchmarks. In NeurlPS
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Making runnable benchmarks with benchopt

Examples of existing benchmarks:

» Image Classification (resnet) » Unsup. Domain Adaptation
» Logistic regression » Bilevel Optimization

» Lasso » Brain Computer Interface
» ICA > ...
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https://github.com/benchopt/benchmark_resnet_classif
https://github.com/benchopt/benchmark_logreg_l2
https://github.com/benchopt/benchmark_lasso
https://github.com/benchopt/benchmark_linear_ica
https://github.com/scikit-adaptation/skada-bench
https://github.com/benchopt/benchmark_bilevel
https://github.com/benchopt/benchmark_bci
https://github.com/benchopt/?q=benchmark_&type=all&language=&sort=name

Contributors from...

Berkeley

UNIVERSITY OF CALIFORNIA

LJ
= nni.lu
’aris
57 i | ¢

LUNDS — UNIVERSITE DU
UNIVERSITET HO8 PARIS LUXEMBOURG

FN

b | PSL%
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Structure of a benchmark

3 components: Objective, Datasets, Solvers

benchmark/
objective.py
datasets/
kdatasetl.py
dataset2.py
solvers/
solverl.py

solver2.py

Modular & extendable

> New metric? modify
objective
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https://github.com/benchopt/template_benchmark
https://github.com/benchopt/template_benchmark_ml
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Structure of a benchmark

3 components: Objective, Datasets, Solvers

benchmark/

objective.py Modular & extendable

datasets/

tdatasetl.py » New metric? modify
dataset2.py objective

solvers/ » New dataset? add a file
BelyEr L By » New solver? add a file
solver2.py

Template to create a new benchmark:
https://github.com/benchopt/template_benchmark
https://github.com/benchopt/template_benchmark ml
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https://github.com/benchopt/template_benchmark
https://github.com/benchopt/template_benchmark_ml

A modular framework to create benchmarks

3 components: Objective, Dataset, Solver

Dependency relation between Dataset - Objective - Solver

—]
Dataset =

.get_data()

Customizable dictionary of
the collected data

©)

\

Objective &

.set_data()

Arguments from get_data
to specify the data
.get_objective()

Inputs for solvers to solve

the optimization problem

.evaluate_result ()

Compute the objective
from get_result output

®
®

4 N\
Solver

.set_objective()

Arguments from get_objective
to compute the objective function

.run()

Run the solver with its sampling
strategy and stopping criterion.

J

@

.get_result()

Returns the estimated solution
computed by the solver

G J
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A modular framework to create benchmarks

3 components: Objective, Dataset, Solver

Dependency relation between Dataset - Objective - Solver

{(((

Dataset

.get_data()

Customizable dictionary of
the collected data

©)

\

Objective &

.set_data()

Arguments from get_data
to specify the data
.get_objective()

Inputs for solvers to solve

the optimization problem

.evaluate_result ()

Compute the objective
from get_result output

®
®

4 N\

@
Solver 4
.set_objective()

Arguments from get_objective
to compute the objective function

.run()

Run the solver with its sampling
strategy and stopping criterion.

J

@

.get_result()

Returns the estimated solution
computed by the solver

G J

= Benchopt defines the interface between components.
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Explicit requirements and parameters

from benchopt import BaseSolver
from benchmark_utils import grad, init_func

class Solver (BaseSolver):
name = "GD"
requirements = ["numpy"]
sampling_strategy = "callback"
parameters = {"1lr": [1, 1.9], "init": [0, 0.1]}

def set_objective(self, X):
self . X = X

run (self, cb):
self.w = init_func(self.X, self.init)
while cb():
self.w -= self.lr * grad(self.X, self.w)

get_result (self):
return dict(w=self.w)




Eval multiple metrics at once

from benchopt import BaseObjective
from benchmark_utils import split, error

class Objective (BaseObjective):
name = "Least Squares'
url = "https://github.com/#0RG/#BENCHMARK_NAME"

def set_data(self, X):
self .X_train, self.X_test = split(X)

evaluate_result (self, w):

return dict(
train_error=error(w, self.X_train),
test_error=error(w, self.X_test),

get_objective (self):
return dict (X=self.X_train)




Explicit preprocessing

from benchopt import BaseDataset
from sklearn.datasets import load_digits

class Dataset (BaseDataset):
name = "Digits"

requirements = ["scikit-learn"]

def get_data(self):
X = load_digits(return_X_y=True) [0]
X /= X.std(Q)
return dict (X=X)
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Explicit preprocessing

from benchopt import BaseDataset
from sklearn.datasets import load_digits

class Dataset (BaseDataset):
name = "Digits"

requirements = ["scikit-learn"]

def get_data(self):
X = load_digits(return_X_y=True) [0]
X /= X.std(Q)
return dict (X=X)

= Reproducible benchmark by design!

Goal: if you use the same setup, you don't need to re-run the baseline

methods!
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Benchmark workflow

Steps: Install, Test, Run, Explore, Publish

4 N\ 4 A
Benchmark Objectives x Datasets x Solvers
Objectives: . Y ® % N\ %
> . 8 |
Datasets: § E E L) a A a
2 “EF | Ed
Solvers: @ ° s g \ E #
@ (R julia ] FARN I
- J & J

Static output for
camera ready paper

Results saved Dynamic output for
in log file - interactive exploration

benchopt publish +

Reproducible
results online
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Interactive results exploration

Benchopt Home  Website  Github

Result on resnet classif benchmark

Dataset: R nload data
CIFAR[frameworkspytorch] v CPU:20  RAMIGB):187  CUDA: Build cuda 1 2.ri1.2lcompiler. 930 | @ Showmore
m
Objective: ConvNet classification fitting[model_size=18,model_type=resnef]
ConvNet classification fitting[1 v Data: CIFAR[framework=pytorch]
10841
Objec olumn @

objective_train_loss 1040

Chart type 10e-1
abjective_curve v
1002
scle
T
ntiles 1004
1005
1086
1067 k qanad
1068
Iy - 2
< ~ N b o o 7 W
Time [sec]
Solvers tohideit
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https://benchopt.github.io/results/

Benchopt makes your life easy

> Integrate broadly: use implementations from Python, R, Julia, or
binaries.

» Scale experiments: run in parallel locally or on HPC clusters.

» Save time: cache results to avoid recomputing unchanged runs.

» Trust comparisons: control randomness with seeds and stable
protocols.

» Share outcomes: merge and publish results from multiple runs, easy
visualization.

Ali Rahimi @alirahimiO - Oct 22

Replying to @mathu 1582

first, thank you for taking the time to massage the code into a benchopt
module. second arying n_iter then timing
glad benchopt

does it. i'll poke around and report in a few days.
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Typical case: deep learning optimization

A. List of optimizers and schedules considered

Table 2: List of optimizers considered for our benchmark. This is only a subset of all existing methods for deep learning.

m Frank Schneider

0 #ICML 2021 Paper =t

Overwhelmed by the flood of optimizers for deep
learning? We felt the same and performed an extensive
benchmark. Joint work with @rof It &
@PhilippHe 5

Paper: a

Results: gi

Video: tu.b

‘% Frank Schneider

Our results? There is no winner consistently
outperforming the competition. Instead, Adam remains
a strong contender for many problems.

In some cases, just trying out a few optimizers with
their default hyperparameters can work as well as
tuning one specific method.

= Many novel methods but unclear improvements.

= But this benchmark cannot be easily reproduced!
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Example: Optimization for ResNet on image classification

vV v. vy

Test error (%)

Image classification with resnet18
Various optimization strategies

Compare pytorch and tensorflow

Publish reproducible SOTA for baselines

Best Adam Vanilla SGD —#&— Best SGD
SGD + data aug. + momentum SGD + data aug. + momentum + cosine LR sched. <%= Best SGD (TF/Keras)
Lookahead SGD + data aug.
CIFAR-10 SVHN 5 MNIST
6 2
- ] ~g oks= o
0 1000 2000 3000 0 2000 4000 0 1000 2000
Time (s) Time (s) Time (s)

https://github.com/benchopt/benchmark_resnet_classif/
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https://github.com/benchopt/benchmark_resnet_classif/

Example: Large scale-optimization for Deep learning

Deep Learning Optimization with NanoGPT
Data: Fine-web{debug=False,n_chunks=4]

» Use modern large-scale datasets ™~
and models
Classical optimization tricks

Distributed training and mixed ==
precision

30840

Solvers

—e— Scion[batch._size=64,cooldown_frac=0.45,hidden_radius=50.0, learning_rate=0.00036,Im_head_radius=3000.0,r

~#- Scion[batch_size=64,cooldown_frac=0.45 hidden_radius=50.0, learning_rate=0.00036,im_head_radius=3000.0,r
~#— Adam[batch_size=64,learning_rate=0.001,num_steps=6200,slurm_nodes=1,weight_decay=0.0001]

—+ Adam[batch_size=64, earning_rate=0.001,num_steps=6200,slurm_nodes=2,weight_decay=0.0001]

https://github.com/tommoral/benchmark_nanogpt/
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An overlooked aspect: longer term maintenance

Many research results are not maintained
after publication:

» Every PhD creates a package;
» Every post-doc abandons one;

» The ecosystem grows horizontally, not
vertically
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An overlooked aspect: longer term maintenance

Many research results are not maintained
after publication:

il

PACKAGE

L

dl‘zl"'"Wl‘l:
ADDING NEW'METH. -
» Every post-doc abandons one; DOCUMENTATION
» The ecosystem grows horizontally, not ADDING BASELINES

vertically
TESTS

= Limited incentives in Al to maintain a
FIXING METRIC BUG

codebase

» Every PhD creates a package;

#

imgfip.con F Ill"ﬁ chPM
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The benchopt roadmap

Grow the benchmark collection

» Domain adaptation (SKADA)
skada-bench  rusic

» Brain-computer interfaces
(MOABB)

¢ benchmark_bci  Puic

generated from

» ...and more community
contributions

= Open question: how to

benchmark foundation models?

Improve benchmarking
methodology

» Statistical validity: how many
samples / CV splits to trust a
ranking?

— this talk, Section 4

» Foundation model evaluation:
few-shot, prompted, fine-tuned —
incomparable by standard
metrics.

» Frugality: benchmark under
compute constraints, not just
final accuracy.
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Crossing the validation crisis in Al benchmarking:
the challenge of statistical validity

References

» Eve, C., Varoquaux, G., and TM (2026). Crossing the Validation crisis:
Cross-validation reduces benchmarking variance surprisingly well. Preprint
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Reproducible research

Three levels of reproducibility:

> Repeatability: reproduce the exact same results.
Bitwise reproducibility — control seeds, hardware, versions.

» Reusability: provide tools others can apply to their use case.
Clean code, documentation, proper packaging.

» Replicability: extend results with new methods or datasets.
The hard one in Al — stochasticity makes rankings unstable.

24/35



Reproducible research

Three levels of reproducibility:

> Repeatability: reproduce the exact same results.
Bitwise reproducibility — control seeds, hardware, versions.

» Reusability: provide tools others can apply to their use case.
Clean code, documentation, proper packaging.

» Replicability: extend results with new methods or datasets.
The hard one in Al — stochasticity makes rankings unstable.

= Replicability requires statistically valid evaluation protocols.
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Evaluating decision functions & learning algorithms

In Al, we produce decision function g, that can be evaluated with:
1
Rp(g) = D[ > Ue(x),y)

(x,y)~D

The oracle score is:

R7(8) = Ex.v)~px v [E(&(X), Y]
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Evaluating decision functions & learning algorithms

In Al, we produce decision function g, that can be evaluated with:
1
Rp(g) = D] Z U(g(x),y)

(x,y)~D

The oracle score is:

R7(8) = Ex.v)~px v [E(&(X), Y]

For learning algorithms Fy producing g = F\(D",¢), the oracle score
becomes:

Ri () =EperEe[R™(FA(D™, €))]
=Epie EptEe[Rpie (FA (D', €))]
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Benchmarking goal: compare and rank methods

Given two learning algorithms, we want to compare them according to their
oracle score:

?
R (FX) < Ry, (Fy)
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Benchmarking goal: compare and rank methods

Given two learning algorithms, we want to compare them according to their
oracle score:

?
R (FA) < R, (Fx)

In practice, we only have access to empirical estimates of the oracle score!

Rpte(F/\(Dtr,f)) ; RDte(FX(Dtragl))

= How to ensure that our benchmark results reflect the true oracle
ranking?
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DE L' Importance
D E ’
la validation croisée .

Ou pu RaPPORT QUE LES Lorx DoIveNT 4voir avic ra Cons-
TITUTION DE CHAQUE GOUVERNEMENT, LES MOEURS,
L5 Crimar, L4 RELIGION, LE CoMMERCE, &c.

& quoi P Auteur & ajouté
Des recherches nouvelles fur les Loix Romaines touchant les
Succeflions, fur les Loix Frangoifes, & fur les Loix Féodales.

TOME PREMIER

" A Grenoble,
Chez BARRILLOT & FivLs

7
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Experimental setup: study, outer and benchmarking sets

Whole dataset
[ Study set J- Benchmarking set

Train | Test
set | set
»> Study set: simulates realistic conditions (100-10k samples); split into
train/test via Cross-Validation (CV).

» Outer set: independent test evaluations with growing size o - .

» Benchmarking set: very large — acts as quasi-oracle ﬁ*(g).
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How CV reduces variance — theory

For K i.i.d. splits (ShuffleSplit / MCCV):

1 K-1
Var[Rk] = aHo + K

T

» o} variance of a single hold-out evaluation.

» 7 = Cov[Ey, E2] > 0: covariance between two splits (shared samples).
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How CV reduces variance — theory

For K i.i.d. splits (ShuffleSplit / MCCV):

1 K-1
Var[Rk] = aHo + K

T

» o} variance of a single hold-out evaluation.

» 7 = Cov[Ey, E2] > 0: covariance between two splits (shared samples).

Key insight
As K — oo, variance floors at 7 — irreducible due to finite data.
But in practice, the gains for moderate K are much larger than expected.

= How to quantify these gains in interpretable units?
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Sample gain: quantifying CV efficiency

Variance-Equivalent Test
Sample Gain Gj&:

Number of times larger a single
test set would need to be to

match the variance of K-split CV:

equiv
G;<e5t — NK
Nie

A value of 5 means:
K splits ~ 5x more test data.

o .
= 10-2 4 — 1 split
g= -@- CV (5 splits)
2 -@- CV (10 splits)
S ©- CV (20 splits)
o @-----------Sgo---------—--
C
B Lam e R
g 1073 1o
2 AN
Lu T M T

100 Ggest Gll%srlol

Test Multiplier a

Variance of estimation error vs. test-set multiplier «
(1 split) compared to multi-split CV. G;&** is read off

on the x-axis.
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Sample gains on synthetic data

Ey
o
L

w
o
L

—— ExtraTrees, =200

Test Sample Gain
N
o

10 +—-; .
—— Ridgeg-gs4
i< Figure 4 (top) 95% Cl
0 . T T T !
0 50 100 150 200

Number of Splits (K)
Variance-Equivalent Test Sample Gain G&** on simulated data (n, = 1000).

= Gains of 30-40x with K = 200 — diminishing returns set in later
than expected.
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Sample gains on real datasets (PCam & Yelp)

Test Sample Gain

104

PatchCamelyon (N = 250)

0.
PCam, N=250 P Ne-os,
e
-’.'./ 4
(28 -0 0
| / ey
6 /. pro= JoCe=g-0"°
& 20z® \ o’
e 008 s
41 .\./ /./'
/ -/2/ —e— DenseNet121
24 /'/--::' —eo— MobileNetV2
sce”® —e— WideResNet101_2
1 5 10 15 20

Number of Splits (s)

Yelp Review Full (N = 1000)

12 A

=
o
!

©
!

Test Sample Gain
=y [=)]

N
!

Yelp, N=1000

~J/ .\ st !::/.-} :::/:\:
/ o :/. \./

(N X

Do
c\.

AN

/ —e— BERT
—eo— ROBERTa

1

5 10 15 20
Number of Splits (K)

Consistent gains across medical imaging and NLP. BERT at N = 1000: G5 =~ 10
(20 splits = 10x more test data).

32/35



The RoBERTa case: ranking of means # mean of rankings

54% s
o s
E 479 @ == —mm—mmmm—mmm e E -t :1@3
w =
[7a) 30% —o= 1 split 4 r
x B e ~@- CV(5 splits) - 103) BN BERT
'E 329% ~@- CV (10 splits) 5 « RoBERTa's outliers [ RoBERTa
w ° -@- CV (20 splits) o
@ n Mean Bench Score
2 25% /""'\k._. . ‘g = (1 split)
M T0nome” “o=®%~o-0-0-0-0- = . . . .
17% L T T T T
1 5 10 15 20 ! N Sb fs |:.Lt0 K 20
Effective Test Multiplier (Total / Original Test) umber of Splits (K)
Proportion of runs where RoBERTa < BERT Score distributions at N = 3750: RoBERTa has
(oracle ranking) is retrieved, vs. number of splits. ~ S€V€'® oy ewifizie diei erly mulisslls G
Single splits favour RoBERTa 70-80% of the time. ERTIEES i

= CV exposes pathological behaviours that single splits mask.
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Conclusion

Reproducible research needs more than just releasing code:

» Reusable — Clean and Documented.
» Extendable — Proper packaging and maintenance.

» Statistically valid — Proper evaluation protocols.
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Conclusion

Reproducible research needs more than just releasing code:

» Reusable — Clean and Documented.
» Extendable — Proper packaging and maintenance.

» Statistically valid — Proper evaluation protocols.

Takeaway on statistical validity
» Stochasticity is intrinsic to Al — single splits can be misleading.

» CV substantially reduces benchmarking variance (sample gain up to
10x on real datasets).

» When resources allow, maximize CV splits.
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Thank you for your attention!

Don't hesitate to star the benchopt repo!
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