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Training com pute grow s up to 5× a year

B igger m odels need m ore data 

=> bigger bills 

=> few er labs at the frontier  

G ood data is slow  and expensive 

=> need for higher data efficiency

Jaim e S evilla, E du R oldán 

Training C om pute of Frontier A I M odels G row s by 4–5x per Y ear, E poch A I 2024 

E poch A I, D ata on N otable A I M odels, 2026 2



Talk O utline

1 W hich transform er is really the m ost efficient?

2 C an w e get m ore out of our im ages and labels?

3 C an generated im ages replace real im ages?
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1 W hich transform er is really the m ost efficient?

=> use V iT variants on Im ageN et as standard benchm ark

Tobias N auen, S ebastian P alacio, Federico R aue, A ndreas D engel 

W hich Transform er to Favor: A  C om parative A nalysis of E fficiency in V ision Transform ers, W A C V  2025 4



B enchm ark 45+ ‘efficient’ m odels

← the plain V iT

sam e data 

sam e G P U s 

sam e training recipe 

=> fair speed and m em ory com parison

Tobias N auen, S ebastian P alacio, Federico R aue, A ndreas D engel 

W hich Transform er to Favor: A  C om parative A nalysis of E fficiency in V ision Transform ers, W A C V  2025 5



The plain V iT is still P areto-optim al

1 U se sim ple m odels that scale

Tobias N auen, S ebastian P alacio, Federico R aue, A ndreas D engel 

W hich Transform er to Favor: A  C om parative A nalysis of E fficiency in V ision Transform ers, W A C V  2025 6



2 C an w e get m ore out of our im ages and labels?

parrot? goose or cat?

Tobias N auen, B rian M oser, Federico R aue, S tanislav Frolov, A ndreas D engel 

ForA ug: M itigating B iases in Im age C lassification via C ontrolled Im age C om positions, U nder R eview 

Tobias N auen, S tanislav Frolov, Federico R aue, B rian M oser, A ndreas D engel 

O A ‑C utM ix: C orrecting the Label B ias of C utM ix, IC A N N  2026 7



A  parrot, or a sleeping bag?

original im age

sleeping bag inpainted, parrot pasted in

V iT-B , trained on Im ageN et

sleeping bag 
69%

Tobias N auen, B rian M oser, Federico R aue, S tanislav Frolov, A ndreas D engel 

ForA ug: M itigating B iases in Im age C lassification via C ontrolled Im age C om positions, U nder R eview 8



Im ageN et’s fish im ages com e w ith a fisherm an

D ataset biases such as

objects in the center

at a typical size

in their usual surroundings

Jia D eng, W ei D ong, R ichard S ocher, Li-Jia Li, K ai Li, Li Fei-Fei 

Im ageN et: A  Large-S cale H ierarchical Im age D atabase, C V P R  2009 9



S egm ent, cut out, clean up, recom bine

+ clean backgrounds 

+ control of place, scale and scene

Tobias N auen, B rian M oser, Federico R aue, S tanislav Frolov, A ndreas D engel 

ForA ug: M itigating B iases in Im age C lassification via C ontrolled Im age C om positions, U nder R eview 10



Im provem ents scale w ith the m odel size

Tobias N auen, B rian M oser, Federico R aue, S tanislav Frolov, A ndreas D engel 

ForA ug: M itigating B iases in Im age C lassification via C ontrolled Im age C om positions, U nder R eview 11



The sam e parrot, after ForA ug

V iT-B , trained on Im ageN et

sleeping bag 69%

V iT-B , trained w ith ForA ug

parrot 81%

Tobias N auen, B rian M oser, Federico R aue, S tanislav Frolov, A ndreas D engel 

ForA ug: M itigating B iases in Im age C lassification via C ontrolled Im age C om positions, U nder R eview 12



D ata augm entation: m ore from  the sam e im ages

C utM ix: sim ple, w orks, 

used alm ost everyw here

H ongyi Zhang, M oustapha C isse, Y ann N . D auphin, D avid Lopez-P az 

M ixup: B eyond E m pirical R isk M inim ization, IC LR  2018 

S angdoo Y un, D ongyoon H an, S eong Joon O h, S anghyuk C hun, Junsuk C hoe, Y oungjoon Y oo 

C utM ix: R egularization S trategy to Train S trong C lassifiers w ith Localizable Features, IC C V  2019
13



C utM ix: paste a patch, m ix the labels by size

C utM ix label

48%  cat 
52%  goose

visible: m ostly cat

S angdoo Y un, D ongyoon H an, S eong Joon O h, S anghyuk C hun, Junsuk C hoe, Y oungjoon Y oo 

C utM ix: R egularization S trategy to Train S trong C lassifiers w ith Localizable Features, IC C V  2019 14



C utM ix im ages produce ghost labels

17%
of C utM ix augm ented im ages 

nam e an object that isn’t 

really visible

Tobias N auen, S tanislav Frolov, Federico R aue, B rian M oser, A ndreas D engel 

O A ‑C utM ix: C orrecting the Label B ias of C utM ix, IC A N N  2026 15



O bject-A w are (O A )-C utM ix

1 find each object (done offline) 2 m ix as usual 3 label w hat is visible

82%  cat · 18%  goose

+ fixed label 

+ sam e training speed

Tobias N auen, S tanislav Frolov, Federico R aue, B rian M oser, A ndreas D engel 

O A ‑C utM ix: C orrecting the Label B ias of C utM ix, IC A N N  2026 16



B est accuracy, at C utM ix speed

10+ m ixing m ethods over 3 datasets and 2 m odels

V iT (D eiT) R esN et m ixing tim e

C utM ix 74.0 75.3 0.6 m s

P uzzle M ix 72.9 76.2 301 m s

O A -C utM ix 75.9 76.3 1.0 m s

2 Look deeply into your data and labels

Tobias N auen, S tanislav Frolov, Federico R aue, B rian M oser, A ndreas D engel 

O A ‑C utM ix: C orrecting the Label B ias of C utM ix, IC A N N  2026
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3 C an generated im ages replace real im ages?

text prom pt

“koala”
text-to-im age 

m odel

generated im ages

K rzysztof A dam kiew icz, B rian M oser, S tanislav Frolov, Tobias N auen, Federico R aue, A ndreas D engel 

W hen P retty Isn’t U seful: Investigating W hy M odern Text-to-Im age M odels Fail as R eliable Training D ata G enerators, C V P R  2026 18



The prom ise: unlim ited training data

“koala”
text-to-im age 

m odel ∞
on dem and

already labeled

no privacy issues

19



Im age generators got m uch better, 2022 → 2025

S D  1.5 S D  2.1 S D  3 M edium FLU X .1-dev Q w en-Im age

2022 · G enE val 0.43 2022 · G enE val 0.50 2024 · G enE val 0.62 2024 · G enE val 0.66 2025 · G enE val 0.87

sharper, m ore realistic, better at follow ing the prom pt
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S etup: train on generated, test on real im ages

class nam e

“koala”
text-to-im age 

m odel

generated im ages

train 

classifier

test on 

real im ages

B enchm ark +10 im age generation m odels

K rzysztof A dam kiew icz, B rian M oser, S tanislav Frolov, Tobias N auen, Federico R aue, A ndreas D engel 

W hen P retty Isn’t U seful: Investigating W hy M odern Text-to-Im age M odels Fail as R eliable Training D ata G enerators, C V P R  2026 22



N ew er generators, w orse training data

K rzysztof A dam kiew icz, B rian M oser, S tanislav Frolov, Tobias N auen, Federico R aue, A ndreas D engel 

W hen P retty Isn’t U seful: Investigating W hy M odern Text-to-Im age M odels Fail as R eliable Training D ata G enerators, C V P R  2026 23



W hy? D ecom pose for further analysis

im age structure texture low  frequency high frequency

real

generated

K rzysztof A dam kiew icz, B rian M oser, S tanislav Frolov, Tobias N auen, Federico R aue, A ndreas D engel 

W hen P retty Isn’t U seful: Investigating W hy M odern Text-to-Im age M odels Fail as R eliable Training D ata G enerators, C V P R  2026 24



W hat is m issing: texture and high frequencies

+ structure and low  frequencies 

- texture and high frequencies

K rzysztof A dam kiew icz, B rian M oser, S tanislav Frolov, Tobias N auen, Federico R aue, A ndreas D engel 

W hen P retty Isn’t U seful: Investigating W hy M odern Text-to-Im age M odels Fail as R eliable Training D ata G enerators, C V P R  2026 25



P rettier, but less diverse

N ew est generators produce 

dense but narrow  im ages

D etailed prom pts 

add coverage

N ew er m odels rely on good 

prom pting

K rzysztof A dam kiew icz, B rian M oser, S tanislav Frolov, Tobias N auen, Federico R aue, A ndreas D engel 

W hen P retty Isn’t U seful: Investigating W hy M odern Text-to-Im age M odels Fail as R eliable Training D ata G enerators, C V P R  2026 26



G enerated im ages alone are far from  real data

73%
trained on real im ages

46%
best of 13 generators

63%
real im age prom pts

B uild generators for usefulness, not only for aesthetics

3 D on’t rely on synthetic data alone

K rzysztof A dam kiew icz, B rian M oser, S tanislav Frolov, Tobias N auen, Federico R aue, A ndreas D engel 

W hen P retty Isn’t U seful: Investigating W hy M odern Text-to-Im age M odels Fail as R eliable Training D ata G enerators, C V P R  2026 27



Takeaw ays

1 U se sim ple m odels that scale

2 Look deeply into your data and labels

3 D on’t rely on synthetic data alone

Thank you!
D r. S tanislav Frolov · stanislav.frolov@ dfki.de
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M ore Inform ation
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