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MODEL SIZE (PARAMETERS) PRETRAINED FINE-TUNED FOR CHAT USE CASES
7B
Model Data collection for
architecture: helpfulness and safety:
13B Pretraining Tokens: Supervised fine-tuning:
2 Trillion Over 100,000
Context Length: Human Preferences:
4096 Over 1,000,000
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Auto-Regressive LLMs are doomed.
They cannot be made factual, non-toxic, etc.
They are not controllable Tree’ol “comect

answers .
Probability e that any produced token takes Treeioralipassile
token sequences

us outside of the set of correct answers

Probability that answer of length n is
correct:

» P(correct) = (l-e)n

» This diverges exponentially.
» It's not fixable (without a major redesign).
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» See also [Daziri...Choi, ArXiv:2305.18654]
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Al And The Limits Of Language

An artificial intelligence system trained on words and sentences alone will never
approximate human understanding.
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Barlow Twins [Zbontar et al. ArXiv:2103.03230], VICReg [Bardes, Ponce, LeCun arXiv:2105.04906, ICLR 2022], CYﬁf:—g

VICRegL [Bardes et al. NeurlPS 2022], MCR2 [Yu et al. NeurlPS 2020][Ma, Tsao, Shum, 2022]
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\VICReg: SEIAEISEALER RO

Linear Semi-supervised

Method Top-1  Top-5 Top-1 Top-5

1% 10% 1% 10%
Supervised 716.5 - 254 564 484 804
MoCo He et al. (2020) 60.6 - - - - -
PIRL Misra & Maaten (2020) 63.6 - - - 57.2 83.8
CPC v2 Hénaff et al. (2019) 63.8 - - - - -
CMC Tian et al. (2019) 66.2 - - - - -
SimCLR Chen et al. (2020a) 69.3 89.0 483 656 755 87.8
MoCo v2 Chen et al. (2020c¢) 71.1 - - E - -
SimSiam Chen & He (2020) 113 - - - - -
SwAV Caron et al. (2020) 71.8 E - - - -
InfoMin Aug Tian et al. (2020) 73.0 91.1 - - - -
OBoW Gidaris et al. (2021) 13.8 - - - 82.9 90.7
BYOL Grill et al. (2020) 74.3 91.6 532 68.8 784 89.0
SwAV (w/ multi-crop) Caron et al. (2020) 793 539 70.2 785 899

Barlow Twins Zbontar et al. (2021) 132
VICReg (ours) 732

79.2 89.3
548 695 794 89.5IF
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\ Y. LeCun
VICReg: {&HI{EFHIER. id

Linear Classification Object Detection
Method Places205 VOCO07 iNatl8  VOCO07+12 COCO det COCO seg
Supervised )3.2 87.5  46.7 81.3 39.0 35.4
MoCo He et al. (2020) 46.9 198 315 - - -

PIRL Misra & Maaten (2020) 49.8 81.1  34.1 - - :
SimCLR Chen et al. (2020a) 525 8).) 3.2 - . 2
MoCo v2 Chen et al. (2020c) 51.8 86.4  38.6 82.5 39.8 36.1

SimSiam Chen & He (2020) - - - 82.4 - -
BYOL Grill et al. (2020) 540  86.6 476 - 40471 37.0
SWAV (m-c) Caron et al. 2020) 56.7 889 48.6 82.6 41.6 37.8
OBoW Gidaris et al. (2021) 56.8 89.3 - 82.9 - -
Barlow Twins Grill et al. (2020) 54.1 862 465 82.6 40.07 36.71

VICReg (ours) 543 866 470 82.4 39.4 36.4




Y. LeCun

VICRegL: TS EIRB

-

DOk

RIS

L

> EHETEMI:
>§?ﬁa|w/\ SRR EBFIE R E 2 [BIRYECXY
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VICRegL: FIFHEIBERIEGEEEE

Linear Cls. (%) Linear Seg. (mloU)

ImageNet Pascal VOC Cityscapes

Method Epochs  Frozen Frozen  Fine-Tuned Frozen
Global features
MoCo v2 [Chen et al., 2020b] 200 67.5 35.6 64.8 14.3
SimCLR [Chen et al., 2020a] 400 68.2 45.9 65.4 17.9
BYOL [Grill et al., 2020] 300 72.3 47.1 65.7 22.6
VICReg [Bardes et al., 2022 300 T3 47.8 65.5 4
Local features
PixPro [Xie et al., 2021] 400 60.6 52.8 67.5 22.6
DenseCL [Wang et al., 2021] 200 65.0 45.3 66.8 1152
DetCon [Hénaff et al., 2021] 1000 66.3 53.6 674 16.2
InsLoc [Yang et al., 2022 400 45.0 24.1 64.4 7.0
CP? [Wang et al., 2022 820 53.1 21.7 65.2 8.4
ReSim [Xiao et al., 2021] 400 59.5 519 67.3 12.3
Ours
VICRegL o = 0.9 300 71.2 54.0 66.6 25.1

VICRegL a = 0.75 300 70.4 55.9 67.6 25.2
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DINOV2: E{EERkaEE

> BiSEhEAEGRISE
P Demo: https://dinov2.metademolab.com/

» Paper: [Oquab et al. ArXiv:2304.07193] e T T . -
> ﬁj\%lé flops flops

» 86.5% on IN1k with frozen features and
linear head.

Finegrained Classification Instance Retrieval

URRIEE S 2 ;
M |
R E o

SLAIREER
’E%*D*%Eﬁ %’TJ-_EPEEB he DINOv2 family of models drastically

ilﬂpl’OVES ove » previous state of the art In

vvyyYyyvyy

self-supervised learning (SSL), and reaches

performance comparable with weakly-

¢ 1 p &~ . M\AIC ]
supervised features (WSL).


https://dinov2.metademolab.com/

DINOv2: El&Emm=E

» Demo: https://dinov2.metademolab.com/

P Paper: [Oquab et al. ArXiv:2304.07193]
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DINOV2: H;ééﬁ“x)\aﬂjf@

kNN linear
STF S it Loy VAL ==
> ’Eﬁ’:&’cﬁ 1ISSL Method Arch. Data Text sup. val val Real V2
Weakly supervised
cross-ent CLIP ViT-L/14 WIT-400M v 79.8 843 881 1753
CLIP ViT-L /14336 WIT-400M v 80.5 85.3 888 75.8
SWAG ViT-H/14 1G3.68B v 82.6 so. | 88 ST
OpenCLIP ViT-H/14 LAION v 81.7 84.4 884 T75.5
OpenCLIP  ViT-G/14 LAION v 83.2 86.2 894 T7.2
: : EVA-CLIP ViT-g/14 custom™ v 83.5 8.4 893 774
classify quantize
Self-supervised

S MAE ViT-H/14 INet-1k X 49.4 76.6 83.3 64.8
Y  piNo ViT-S/8 INet-1k X 78.6 79.2 855 68.2

SEERv2 RG10B 1G2B X 79.8
MSN ViT-L/7 INet-1k X 79.2 80.7 86.0 69.7
EsViT Swin-B/W=14 INet-1k X 79.4 81.3 87.0 704
Mugs ViT-L/16 INet-1k X 80.2 82.1 869 70.8
iBOT ViT-L/16 INet-22k X 72.9 823 875 T24
ViT-S/14 LVD-142M X 79.0 81.1 86.6 70.9
DINOV2 ViT-B/14 LVD-142M X 82.1 84.5 883 T75.1
ViT-L/14 LVD-142M X 83.5 86.3 89.5 78.0
ViT-g/14 LVD-142M X 83.5 86.5 89.6 78.4
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Figure 1: Canopy Height Map (CHM) for California, with inset showing zoomed-in region with input
RGB imagery and LIDAR ground truth
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\(

» JEP Aﬂt -:F_*.. EEK‘%% J:Hgggm Targets Arch. Epochs Top-1
Target-Encoder Output  ViT-L/16 500 66.9
Pixels VIiT-L/16 800 40.7

> (EREEIS RN iEga N EIE

Method Arch. Epochs Top-1

Methods without view data augmentations

: data2vec [ 7] ViT-L/16 1600 33D
>IN BT i VIT-B/16 1600 68.0
*b1 on| MAE [34 ViT-L/16 1600 76.0

> =T [34]
FoEISR I ViT-H/14 1600  77.2
ViT-B/16 600 72.9
I-JEPA VIiT-L/16 600 77.5
. VIiT-H/14 300 79.3
> iR ALk VIT-H/16445 300 81.1

Methods using extra view data augmentations

: SimCLR v2 [20] RNI152(2x) 800 79.1

» 5SimCLRFB(L DINO [17] ViT-B/8 300 80.1
iBOT [74] ViT-L/16 250 81.0



-JEPA 7E ImageNet AR, 57 1% 93144
» JEPATE(GRE ERFHERTNEEHE, _Method Arch. Epochs Top-1

Methods without view data augmentations

> (SR ISIRAY G Eg5 IV ETE data2vec [7] VIiT-L/16 1600 T
VIT-L/16 1600 67.1

Top 1 (%)

» (R & MAE [34] ViT-H/14 1600 715
. —_— ViT-L/16 600 69.4
>R IBK I-JEPA VITH/14 300 73.3
74 v.‘T“:‘l){.);) o \ ViT-H/16448 300 77.3
:(2) | ';.-"' | 2l ety Methods using extra view data augmentations
. F iBOT [74] ViT-B/16 250 69.7
i i gD S DINO [17] ViT-B/8 300 70.0
Lo f _ A st SimCLR v2 [33] RNI151(2x) 800 70.2
Booeps . A VTR O datisrie BYOL [33] RN200 (2x) 800 71.2
T T T MSN [}] ViT-B/4 300 75.7

Pretraining GPU Hours
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» [Garrido et al. Arxiv: 2206.02574 , ICLR2023] (fiFFiEX, F=32)
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VICReg VICReg-exp VICReg-ctr SimCLR-Orig.

SimCLR-Tuned
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Embedding dimension Embedding dimension Embedding dimension Embedding dimension Embedding dimension

Figure 1: VICReg, VICReg-exp and VICReg-ctr perform similarly in 100 epochs training, vali-
dating empirically our theoretical result. While the original implementation of SImCLR performs
significantly worse — which is unexpected per our theory — we are able to improve its performance to
VICReg’s level. This further validates our findings. While different projector architectures impact
performance, behaviours are similar across methods. Confer supplementary section|H|for numerical

values and hyperparameters.




Video-JEPA

HZ= V-JEPA

“Revisiting Feature Prediction for Learning Visual Rerepresentations from
Video” Adrien Bardes, Quentin Garrido, Jean Ponce, Xinlei Chen,
Michael Rabbat,

R, SR =1, ik Eakh



https://github.com/facebookresearch/jepa
https://github.com/facebookresearch/jepa
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Frozen Evaluation
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V-JEPAZH ARG R

> Rows 1-3: BEEMERIGTENSRE
»Row 4: V-JEPA

B ELSMEKFNERE,

Frozen Evaluation

K400 SSv2

(16x8x3) (16x2x3)

Method i 10% 10%
MVD ViT-L/16 626+0.2 68.3+0.2 77.2+0.3 429+0.8 495+ 0.6 61.0+0.2
VideoMAE ViT-H/16 62.3+0.3 68.5+0.2 78.2 + 01 41.4+0.8 481+ 0.2 60.5+04
VideoMAEv2 ViT-g/14 370+ 0.3 488 + 0.4 67.8 +01 28.0+1.0 37.3+0.3 54.0+0.3

V-JEPA ViT-H/1634, 68.2+0.2 728+0.2 80.6+0.2 54.0+0.2 59.3+0.5 679+0.2

II'N
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!V JEPA: 5|2
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> RFTh
> MIRFOSIERNEIRBI T HNRE
»V-JEPA:ZfSRIREIAR, ImageNet1 KB RIEWNR

Video Tasks Image Tasks
K400 SSv2 AVA IN1K Places205 iNat21

Method Arch. Params. Data  (16x8x3)  (16x2x3)
Methods pretrained on Images
I-JEPA ViT-H/16512 630M IN22K 79.7 50.0 19.8 844 66.5 85.7
OpenCLIP ViT-G/14 1800M LAION 81.8 348 23.2 85.3 70.2 83.6
DINOv2 ViT-g/14 1100M LVD-142M 83.4 50.6 243 86.2 68.4 88.8
Methods pretrained on Videos
MVD VIiT-L/16 200M INITK+K400 794 66.5 19.7 733 594 65.7
OmniMAE ViT-H/16 630M INIK+SSv2 714 654 16.0 76.3 60.6 724
VideoMAE ViT-H/16 630M K400 79.8 66.2 20.7 723 59.1 65.5
VideoMAEvV2  ViT-g/14 1100M Un.Hybrid 112 61.2 129 714 60.6 68.3
Hiera Hiera-H 670M K400 77.0 64.7 17.5 714 59.5 61.7

VIT-L/16 200M 80.8 69.5 25.6 74.8 60.3 67.8
V-JEPA ViT-H/16 630M  VideoMix2M 82.0 714 25.8 759 61.7 67.9

ViT-H/16354 630M 81.9 72.2 250 77.4 62.8 72.6
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SSL for PDEs

ArXiv:2307.05432 NeurlPS 2023

(RIS FREIESTRE WSS Grégoire Mialon, Quentin Garrido, Hannah
Lawrence, Danyal Rehman, Yann LeCun, Bobak T. Kiani
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An example: the Kuramoto-Sivashinsky (KS) equation is a model of chaotic flow given by

Ut + Ulx + Usx + Uox = 0,

where u(x, t) is the dependent variable.

® Often shows up in reaction-diffusion systems or
flame propagation problems.

/e

4

® Solution can be seen as an image...

Time, ¢t

® Admit Lie point symmetries: smooth
transformations of a solution producing another
solution to the same PDE.

® Can be used to learn
models [Brandstetter et al., 2022].

A 1D solution to KS (x-axis is space).



' 4 Y. LeCun

SSL for PDE: Data “adgmentation”

)

t,x,u

Temporal Shift, g, - ( Spatial Shift, g, - (t, z, u) | Galilean Boost, g3 - (t, x, u)

Space, =

One parameter Lie point symmetries for the Kuramoto-Sivashinsky (KS) PDE. Left to right: un-modified solution (u),
temporal shifts (g1), spatial shifts (g2), and Galilean boosts (g3) with corresponding infinitesimal transformations in the Lie
algebra placed inside the figure. The shaded red square denotes the original (x, t), while the dotted line represents the
same points after the augmentation is applied.

Temporal Shift:  gi(€) :(x, t,u) — (x,t +¢€,u)

Spatial Shift:  go(e€) :(x, t,u) — (x + €, t,u)
Galilean Boost:  g3(€) :(x, t,u) — (x + €t, t,u+€)
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The incompressible Navier-Stokes equation is given by

ut=—u-Vu—%Vp+uV2u+f, V=20

Downstream tasks for Navier-Stokes

Time-stepping

Buoyancy Regression
o oyancy Regressio i

® 26k 2D trajectories, 56 frames (128x128) Pty
each [Gupta and Brandstetter, 2023]. i

® Task 1: regressing buoyancy f. _ ik

® Task 2: Time-stepping, predict next frames 0.00075 -
given past frames. 004-

® SSL features are effective and easy to use. e

%002 0.00065 -

0.000 - 0.00060 -

o o
(=3 o
(=] =
(=] «©

Mean Squared Error
o
b3




ssmTmumemseoEn |

Comparing SSL features resulting from different augmentations

* Navier-Stokes: 8 Lie symmetrie groups, I A v + ransttn
with varying strength. _" Mesiing

* Intuition is not sufficient to select __L{{Ma:dnmcal_mg
augmentations. M e

* Optimal mix is different from
supervised [Brandstetter et al., 2022].

* Masking is necessary but not really
sufficient.

Masking + quadratic boost

Masking + x-translation

; Masking + effective symmetries (final)

0002 0003 0004  0.005
Buoyancy regression MSE

0.000  0.001



SSL pre-training give’e,frbetter results than pur

SSL vs. supervised: open question in vision [Sariyildiz et al., 2023, Oquab et al., 2023]. Here, big discrepancy.

le-2 Viscosity regression le-3 Buoyancy regression
1'20 —— N N N N B B N B B N N BN N B B §N |
-—----—-------lSupewised
1.154 . ‘ wf= SSL w/ LPS SEE
T B 704
0 1.10+ m 70
t T 6.5 ? ? - -
0405 g ==+ Average supervised
g g 6.0 == + Best supervised
S 1.00+- o wfe= SSL w/ LPS
% ms_s.—- i N B B B B B 8 B B B B B B |
& 0.95 =
§ 5.0 1 | :
0.90 - S
45 =g
0.85 Ll Ll T T T T Ll 1] T T v Ll Ll T T T T
1000 2000 3000 4000 5000 6000 7000 8000 9000 2000 4000 6000 8000 10000 12000 14000 16000 18000
Unlabeled dataset size Unlabeled dataset size

Influence of dataset size on regression tasks. (Left) Kinematic regression on Burger's equation. (Right) Buoyancy

regression on Navier-Stokes' equation.
C I b
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